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ARTICLE INFO ABSTRACT

Handling Editor - Xiaomin Mao Waterlogging is an increasingly important stress in wheat growing regions, yet its representation in process based
crop models (CMs) remains limited. We used a standardized AgMIP experiment to diagnose how 15 wheat CMs
differ in their response to waterlogging timing, duration, and rainfall driven soil saturation. Before fitting
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waterlogging specific crop response coefficients to the eight waterlogged Lleida treatments in the current ex-
ercise, the ensemble median reproduced these treatments with an rRMSE of 17.0%. We interpret this as a pre fit
extrapolative benchmark rather than strict independent validation because CMs retained their existing formu-
lations and parameterizations and one CM reported prior calibration of soil water variables. Fitting waterlogging
specific parameters to the same dataset reduced rRMSE to 6.3%, which is calibration goodness of fit rather than
an independent test. Large differences among CMs remained when the calibrated parameters were transferred
across phenological stages. Stem elongation was the single most frequently identified stage of maximum yield
sensitivity, occurring in 4 of 15 CMs, although maxima occurred across all seven stages. Mean inter model
variability in relative grain yield, expressed as the coefficient of variation across CMs, increased from 26.7%
under 4 day waterlogging to 41.4% under 24 day waterlogging. A family balanced ensemble that first averaged
related MONICA and SIMPLACE versions produced nearly identical mean responses (r = 0.998; maximum dif-
ference 2.8 %age points), indicating that related model versions did not drive the ensemble pattern. Most CMs
showed weak yield responses to synthetic rainfall perturbations, including very large events, but these scenarios
lack matched observations and therefore diagnose sensitivity rather than model bias. An exploratory structure
response analysis found no single directly affected crop process that separated the severe stress response ty-
pologies. The strongest result is the large structural disagreement among current wheat CMs under standardized
waterlogging perturbations, pointing to the combined importance of hydrological stress generation, crop process
representation, parameterization, and development dependent damage and recovery for future model

improvement.

1. Introduction

Soil waterlogging, periods of excessive soil moisture leading to full
saturation of the root zone, is an increasingly widespread threat to
global agricultural production (Liu et al., 2023). In 2023-2024, excess
water was the leading cause among reported weather-related crop fail-
ures, linked to 40 of 130 reported events (Orla Dwyer, 2025). As the
hydrological cycle intensifies under climate change, extreme rainfall is
expected to become more frequent and severe in many regions (Fowler
et al., 2021; Seneviratne et al., 2021), increasing waterlogging risks
across cropping systems. Many reported cases refer to large-scale
waterlogging, but small and localized events, often driven by land-
scape features, can also have substantial cumulative impacts on crop
yields (Noia-Junior et al., 2025b).

Wheat, a staple crop that supplies about 20% of global calories
(Shiferaw et al., 2013), is particularly vulnerable to soil waterlogging
(Herzog et al., 2016; Pan et al., 2021). Excessive rainfall and poor
drainage can deplete oxygen in the root zone, impair root respiration
and nutrient uptake, alter hormone balance, and restrict growth (Daniel
and Hartman, 2024; Manghwar et al., 2024). Severe stress can reduce
root survival and canopy development while increasing susceptibility to
disease and lodging (Nguyen et al., 2016; Pan et al., 2021; Shaw et al.,
2013). Yield responses depend strongly on stress timing and duration.
Stem elongation and the reproductive period have frequently been
identified as sensitive phases in wheat (Marti et al., 2015; de San Cele-
donio et al., 2014). A recent global meta analysis of 217 studies further
showed that flooding effects depend on crop type, growth stage, dura-
tion, water depth, and genotype, and highlighted substantial post flood
compensatory recovery in wheat (Qiu et al., 2025). Temperature, soil
properties, and genotype further modulate these responses (Liu et al.,
2021, 2020a, 2020b; Yan et al., 2022).

Recent wheat crop failures, including flooding-induced losses in
Brazil (Noia-Junior et al., 2025) and China (Jiang Mengnan, 2023) in
2023, and repeated yield declines across north-western Europe in 2016
(Ben-Ari et al., 2018; Néia-Janior et al., 2023) and 2024 (NIEMEYER
Stefan and VANDENBERG Maurits, 2024), demonstrate that superflu-
ous water can limit yields as much as drought or heat (Li et al., 2019;
Noia-Junior et al., 2025b). In Europe, spring waterlogging during
anthesis and grain filling has become one of the most critical threats to
wheat productivity (Noia-Jtnior et al., 2023; Noia-Junior et al., 2025b;
Zampieri et al., 2017). Wheat production stability is increasingly
threatened by yield losses, planting delays, and limited field workability
caused by waterlogged soils across major agricultural zones. Depending
on terrain and soil properties, rainfall can cause both large-scale
flooding and small-scale, patchy waterlogging lasting from days to

months (Fu et al., 2023; Kulkarni et al., 2021; Liu et al., 2023; Noia
Junior et al., 2021; Rotter et al., 2018a; Zampieri et al., 2017). Despite
its global relevance, waterlogging remains underrepresented in crop—
climate impact assessments using CMs (Kim et al., 2024; Noia Janior
etal., 2023; Noia-Junior et al., 2025a). The vast majority of studies focus
on a subset of climatic impact-drivers including drought, heat, or
gradual warming, leaving excess water largely unexplored (Kim et al.,
2025). While some agronomic studies have quantified waterlogging
impacts and mitigation strategies (Chen et al., 2024; Daniel and Hart-
man, 2024; de San Celedonio et al., 2018; Marti et al., 2015; Zhou et al.,
2018), most crop models still do not represent waterlogging adequately
(Garcia-Vila et al., 2025). Contemporary waterlogging routines are still
in their infancy (Garcia-Vila et al., 2025; Noia Junior et al., 2023), with
critical deficiencies in simulating capillary rise, crop tolerance and re-
covery, and impacts on phenology, nitrogen cycling, and yield compo-
nents (Garcia-Vila et al., 2025). Consequently, uncertainties remain high
in simulating crop responses under waterlogged conditions (Noia-Jinior
et al., 2025a).

Crop modeling studies have traditionally emphasized water limited
systems (Asseng et al., 2013; Asseng et al., 2015; Jagermeyr et al., 2021;
Martre et al., 2015; Pequeno et al., 2021; Webber et al., 2017; Webber
et al., 2025). Processes associated with water excess, including oxygen
limitation, nitrogen loss under anaerobic conditions, impaired root
growth, and post stress recovery, are therefore often simplified or ab-
sent. Garcia-Vila et al. (2025) provided a multi model inventory of these
processes and identified recurring gaps in capillary rise, crop recovery,
waterlogging resistance, soil nitrogen, phenology, and yield compo-
nents. That work established which processes are represented across
CMs. It did not quantify how the same CMs diverge when exposed to
identical waterlogging timing, duration, and severity, nor did it test
whether waterlogging parameterizations calibrated mainly during stem
elongation transfer to other phenological stages. This quantitative
diagnosis is the specific gap addressed here.

Two linked sources of uncertainty limit the use of CMs for water-
logging assessment. The first is the representation of crop response to
oxygen limited soil conditions. The second is the representation of the
hydrological conditions that generate and terminate waterlogging. Most
CMs omit landscape position and lateral water flow, which restricts their
ability to represent spatially heterogeneous ponding and perched water
tables (Garcia-Vila et al., 2025). Recent work has proposed both
empirical and mechanistic waterlogging routines (Garcia-Vila et al.,
2025; Githui et al., 2022; Kim et al., 2024; Liu et al., 2020b; Rotter et al.,
2018a), but their consequences have not been quantified under a com-
mon, coordinated perturbation framework. A standardized intercom-
parison can separate disagreement caused by model formulation from
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disagreement caused by differing weather, soil, or management inputs.

We therefore coordinated a global intercomparison within the
Agricultural Model Intercomparison and Improvement Project (AgMIP)
and the AgMIP Wheat team (Rosenzweig et al., 2013; Asseng et al.,
2015, 2013; Garcia-Vila et al., 2025; Martre et al., 2024, 2015). Fifteen
wheat CMs were subjected to standardized waterlogging treatments that
varied in phenological timing, duration, and rainfall driven soil satu-
ration. Existing evidence for stage dependent sensitivity and root
mediated damage comes primarily from experiments rather than coor-
dinated CM intercomparisons. We therefore used these empirical pat-
terns as biological expectations against which CM behavior could be
tested, rather than as established properties of model ensembles. We
tested three hypotheses. First, based on experimental evidence that
waterlogging sensitivity varies with developmental timing, we hypoth-
esized that simulated yield responses would be stage dependent rather
than invariant across phenology, with stem elongation and reproductive
development representing empirically motivated candidate periods of
high sensitivity. Second, within the tested range of 4-24 days, we hy-
pothesized that disagreement among CMs would increase with water-
logging duration. Third, translating the prominence of root hypoxia and
root damage in the experimental literature into a testable model struc-
ture hypothesis, we expected CMs that link waterlogging directly to root
growth or root length density to simulate larger severe stress yield losses
than CMs without such a linkage. The objective was to diagnose the
conditions and model structures associated with divergence, rather than
to rank CMs for universal predictive accuracy.

2. Material and methods

This study was conducted within AGMIP Wheat Phase 4 to diagnose
how CM structure, stress timing, stress duration, and hydrological setup
influence simulated wheat responses to waterlogging. All teams received
common weather, soil, crop, and management inputs and a standardized
treatment protocol. Participation was open to wheat modeling groups
responding through the AgMIP network and meetings. The design
intentionally combines a controlled experimental benchmark with syn-
thetic perturbations so that differences among simulations can be
interpreted primarily as differences in CM behavior under the prescribed
conditions.

2.1. Simulation protocol

The full protocol distributed to all participating teams is provided in
the Supplementary Material. It comprised three sequential steps: (i)
calibration of cultivar parameters under non waterlogged conditions
followed by calibration of waterlogging specific parameters against the
controlled Lleida dataset, (ii) a synthetic sensitivity test in which heavy
rainfall generated excess soil water in contrasting soils, and (iii) a
transferability test in which the waterlogging parameterization from
Step 1 was applied without further crop parameter adjustment across
seven phenological stages and six stress durations.

i. In Step 1, CMs were parameterized for the winter wheat cultivar
Soissons using four field experiments from Arvalis in France
(Noia-Janior et al., 2023) and the outdoor controlled experiment
of Marti et al. (2015) in Lleida, Spain. Step la calibrated
phenology, growth, and yield using the Arvalis trials and the non
waterlogged Lleida control, without fitting waterlogging specific
crop response coefficients to the eight waterlogged Lleida treat-
ments in the current exercise. The resulting parameterization was
then used to simulate those eight treatments. We therefore use
Step la as a pre fit extrapolative benchmark of waterlogging
response, rather than strict independent validation, because CMs
retained existing formulations and parameterizations and DSSAT
Nwheat reported that soil water related variables had been cali-
brated previously for an earlier waterlogging study. Step 1b
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additionally fitted waterlogging specific parameters using the full
Lleida dataset, which comprised the control and eight water-
logged treatments. These Step 1b comparisons are therefore
calibration goodness of fit and are not an independent validation.
Nitrogen limitations were avoided, either through fertilization or
by disabling nitrogen stress, to isolate the direct crop response to
excess soil water.

ii. Step 2 assessed CM sensitivity to rainfall driven soil saturation.
Twelve scenarios combined two soils (sandy and clayey) with six
rainfall perturbations around anthesis: baseline rainfall, 50 mm
added over 3 days, 150 mm over 6 days, 300 mm over 9 days,
500 mm over 12 days, and 1000 mm over 12 days. Added rainfall
was distributed uniformly over each period. These scenarios were
designed as a non probabilistic stress test, not as estimates of
event frequency. The upper perturbations are deliberately far
outside the local climatological range. For context, the
1983-2010 normal annual precipitation at the AEMET Lleida
station is about 342 mm, so 500 and 1000 mm correspond to
approximately 1.5 and 2.9 times mean annual precipitation,
respectively (AEMET, 2026). Over a 12 day treatment, these
additions are far larger than plausible crop transpiration and
must be partitioned among changes in soil storage, evapotrans-
piration, drainage, and runoff. Harmonized water fate outputs
were not available across the ensemble, so we do not quantify
that partitioning. The upper treatments are therefore interpreted
as joint tests of CM hydrological boundary behavior and crop
sensitivity under progressively stronger forcing.

iii. Step 3 tested transferability of the calibrated waterlogging
response across crop development. Forty two treatments com-
bined six durations (4, 8, 12, 16, 20, and 24 days) with seven
starting stages: seedling emergence, two leaf, three leaf, onset of
tillering, onset of stem elongation, anthesis, and onset of grain
filling. Crop parameters and waterlogging specific coefficients
fitted in Step 1b were held fixed. Soil, weather, and management
followed the Lleida setup. The common protocol specified
strongly restricted bottom layer drainage and irrigation designed
to maintain the prescribed waterlogged condition, while teams
could make model specific hydrological adjustments where
required to achieve saturation. Because the waterlogging co-
efficients were fitted mainly to stem elongation treatments, Step 3
is an extrapolation and transferability test across stages rather
than independent validation.

For Steps 2 and 3, all simulations used Soissons with the Step 1b
waterlogging parameterization. Teams received standardized weather,
soil, management, and treatment files and initialized simulations six
months before sowing with soil at field capacity. Additional abiotic
stresses were minimized, except for the observed field conditions
retained in the Arvalis trials. Teams documented model configuration
and any hydrological adjustments in standardized ModelSetup tem-
plates. These records show that adjustments differed among CMs, for
example through bottom layer hydraulic conductivity, impermeable
lower boundaries, aeration thresholds, or model specific drainage set-
tings. We use these differences as part of the diagnostic interpretation,
but they cannot be separated completely from crop stress routines
because common intermediate hydrological outputs were not available
for all CMs and scenarios.

2.2. Experimental data for calibration and benchmarking

The principal waterlogging dataset was the outdoor controlled
experiment of Marti et al. (2015) at the University of Lleida, Spain
(41°37'47" N, 0°35'47" E). Winter wheat cv. Soissons was sown on 13
December 2011 and grown outdoors in vertical soil columns 84 mm in
diameter and 1.25 m deep. The columns were filled with a loamy sand
soil containing 80.8% sand, 15.3% silt, 3.9% clay, 0.25% organic
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matter, and a pH of approximately 8.0. The experiment included nine
treatments arranged in a randomized complete block design with three
replicates and 54 single plant columns per treatment. The main treat-
ments comprised a well drained control and waterlogging durations of 4,
8, 12, 16, 20, and 24 days, imposed at staggered starting dates so that
they ended together approximately three days after anthesis. Two
complementary treatments imposed 8 or 16 days of waterlogging
beginning 10 days after terminal spikelet initiation to test timing within
stem elongation. The long durations were deliberately included in the
original experiment to quantify the response gradient during stem
elongation. The controlled column design isolates waterlogging from
drought, nutrient limitation, pest, and disease effects, which makes it
useful for process benchmarking, but its single cultivar, single envi-
ronment, and coarse textured soil restrict inference to field conditions.
We therefore use these observations for calibration and benchmarking,
not as an independent field validation of the 15 CMs.

Four additional Arvalis field experiments were used in Step la to
support calibration of Soissons phenology, growth, and yield under non
waterlogged or naturally managed field conditions. These trials spanned
different years and locations and followed standard agronomic prac-
tices. They broaden the cultivar calibration environment, but they do
not provide an independent waterlogging validation because water-
logging specific parameters were fitted to the Lleida experiment. All
available input and observed data are provided in the Supplementary
Material and project archive.

2.3. Process-based crop models and waterlogging response groups

Fifteen CMs participated in the intercomparison (Table 1). They
differ in soil water representation, the variable used to diagnose aeration
stress, the crop processes modified under excess water, and the persis-
tence of stress after drainage. Table 1 summarizes versions, repositories,
direct crop processes affected by waterlogging, and response groups. To
make the process basis more explicit, the model specific functional
representations and hydrological adjustments reported by participating
teams are described below.

Because grain yield output at seedling emergence was unavailable
for one CM, the primary clustering used the six phenological stages with
complete output from all 15 CMs, from the two leaf stage through onset
of grain filling. CMs were grouped using k means clustering of simulated
relative grain yield under the 24 day waterlogging treatment, which was
treated as a severe stress diagnostic rather than a typical field duration.
Cluster number was evaluated for k = 2-6 using within cluster sum of
squares and mean silhouette width. Robustness of the selected four
cluster solution was independently assessed with Ward hierarchical
clustering and the adjusted Rand index. Cluster stability was further
evaluated by repeating the four cluster analysis at 4, 8, 12, 16, and 20
days and comparing each classification with the 24 day solution. A
sensitivity analysis using all seven phenological stages was also con-
ducted for the 14 CMs with complete seven stage grain yield output. We
interpret the resulting groups as severe stress response typologies rather
than universal CM classes.

2.4. Model specific waterlogging formulations

The participating CMs do not share a single waterlogging production
function. We therefore distinguish between the state variable used to
diagnose excess water or aeration stress, the functional form or named
stress factor, the crop process modified, and the study specific hydro-
logical setup. Supplementary Table S1 summarizes these elements for all
15 CMs and separates model documentation from parameter choices
used in this intercomparison. For APSIM Classic, published documen-
tation defines aeration stress from soil water relative to drained upper
limit and saturation and applies crop and stage dependent modifiers to
root and growth processes (Githui et al., 2022). AquaCrop calibrated an
aeration stress parameter acting through transpiration and dry matter
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Table 1

Process-based crop models used in the intercomparison study. Table includes
CM versions, code repository access links, processes directly affected by
waterlogging, and cluster groups based on k-means classification described in

the methods.

Process-based Version  Repository / Processes Group

crop simulation Website directly affected

models by waterlogging

APSIM v7.9 https://www. Root growth, 2

apsim.info/down  radiation use
load-a efficiency,
psim/downloa biomass
ds/3-may-2017-a  production,
psim-7-9-relea nitrogen
se-notes/ accumulation in
organs, grain
weight, dry matter
partitioning,
phenology and
grain yield
AquaCrop v7.1 https://www. Transpiration and 4
fao.org/aqu dry matter
acrop/en/ partitioning

Daisy 6.45 https://daisy.ku. Root growth 1

dk/download/
windows/

DSSAT-CERES- v4.8.2 https://dssat. Root growth and 1
Wheat net/DSSAT- root length density

CERES-Wheat/v.
4.8.2
DSSAT-Nwheat v4.7 https://github. Root growth, 4
com/DSSAT biomass
production and
potential grain
size
EPIC v.0810 https:// Biomass 4
epicapex.tamu. production and
edu/ leaf area index

WOFOST v8.1 https://www. Transpiration and 3

wur.nl/en/Rese photosynthesis

arch-Results/Re

search-Institute

s/Environment

al-Research/Faci

lities-Tools/So

ftware-mode

Is-and-database

s/WOFOST.htm

LandscapeDNDC 1.36 https://ldndc. Root growth, root 4

imk-ifu.kit.edu length density and
photosynthesis

MONICA v1 3.6.22 https://github. Transpiration, dry 4

com/zalf-r matter
pm/monica partitioning

MONICA v2 3.6.22 https://github. Transpiration, dry 2

com/zalf-r matter
pm/monica partitioning and
photosynthesis

SIMPLACE v1 v5.0 https://www. Transpiration 3
(<LINTULS, simplace.net
Hillflow1D>)

SIMPLACE v2 v5.0 https://www. Transpiration, 2
(<LINTULS, simplace.net root growth and
SlimWL>) root length density

SSM-Wheat iCrop http://ssm-cro Leaf area index, 2

p-models.net/ss radiation use
m-icrop/ efficiency and
nitrogen
accumulation in
organs
STICS v10 https://stics. Transpiration, 2

inrae.fr/

root growth and
root length
density, leaf area
index and
radiation use
efficiency

(continued on next page)
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https://ldndc.imk-ifu.kit.edu
https://ldndc.imk-ifu.kit.edu
https://github.com/zalf-rpm/monica
https://github.com/zalf-rpm/monica
https://github.com/zalf-rpm/monica
https://github.com/zalf-rpm/monica
https://github.com/zalf-rpm/monica
https://github.com/zalf-rpm/monica
https://www.simplace.net
https://www.simplace.net
https://www.simplace.net
https://www.simplace.net
http://ssm-crop-models.net/ssm-icrop/
http://ssm-crop-models.net/ssm-icrop/
http://ssm-crop-models.net/ssm-icrop/
https://stics.inrae.fr/
https://stics.inrae.fr/
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Table 1 (continued)

Process-based Version  Repository / Processes Group
crop simulation Website directly affected
models by waterlogging
WheatSM v5.1 https://pan.ba Transpiration, 4
idu.com/s/10zi3 biomass
U9QU- production and
LOUrkZov63 photosynthesis

WQw?pwd=nzlj

partitioning. Daisy calibrated PenWaterFac, a water dependent factor
multiplying PenParl as a function of relative water content (Theta/-
Theta sat). In DSSAT CERES, saturated hydraulic conductivity con-
strains layer drainage and excess water affects root length density and
root water uptake; SLLL, SDUL, SSAT, SRGF, and SSKS were evaluated
during waterlogging calibration. DSSAT Nwheat used lower saturated
hydraulic conductivity in the bottom soil layer to generate waterlogging
and directly links stress to root growth, biomass production, and po-
tential grain size.

EPIC used a critical aeration factor of 0.85 within its limiting stress
framework for biomass production and leaf area, together with a low
conductivity bottom layer that permits water accumulation when
downward routing is constrained. WOFOST uses a standard oxygen
stress formulation in which soil moisture above a critical aeration
threshold and the number of consecutive oxygen stress days reduce
transpiration; maximum duration effects are reached after four succes-
sive stress days. LandscapeDNDC scaled saturated hydraulic conduc-
tivity in the bottom layer, while its reported crop pathways include root
growth, root length density, and photosynthesis. MONICA v1 calibrated
reduced StomataConductance and dry matter partitioning among organs
in response to waterlogging, whereas MONICA v2 calibrated Crit-
icalOxygenContent and TimeUnderAnoxiaThreshold. Both MONICA
versions used a hydraulic conductivity of 0.003 in the last two soil layers
for the prescribed waterlogging treatments.

SIMPLACE v1 couples LINTUL5 with HillFlow1D. HillFlow1D uses a
Feddes type pressure head response in which excessively wet soil re-
duces root water uptake and transpiration between the wetness
thresholds HLIM1 and HLIM2; the resulting actual to potential transpi-
ration ratio is propagated to LINTUL growth through the TRANREF stress
factor. SIMPLACE v2 calibrated HLIM1 in its SlimWL implementation
and used an impermeable bottom layer during waterlogging treatments.
SSM Wheat calibrated its transpiration efficiency coefficient and
maximum flooding duration, and STICS calibrated sensanox for anoxia
sensitivity. WheatSM calculates actual root water uptake as potential
crop transpiration multiplied by a water stress factor and directly links
waterlogging effects to transpiration, biomass production, and photo-
synthesis. These formulations and their documentary sources are re-
ported in Supplementary Table S1.

Across the participating CMs, documented stress drivers and setup
choices span soil water relative to saturation, air filled porosity, oxygen
or anoxia thresholds, pressure head, hydraulic conductivity, and water
dependent stress functions, while affected crop processes include root
growth, transpiration, photosynthesis, biomass production, radiation
use efficiency, partitioning, leaf area index, nitrogen accumulation,
phenology, and yield components (Table 1; Supplementary Table S1).
Consequently, divergence can arise from the hydrological conditions
that generate stress, from the crop process modified after stress is trig-
gered, or from parameter calibration. Harmonized intermediate vari-
ables such as soil oxygen status, water table depth, drainage, and runoff
were not available across all CMs. The archived daily outputs contained
actual evapotranspiration, runoff, and deep percolation for MONICA v2
and actual evapotranspiration for SIMPLACE v2, but not a common
water fate diagnostic for the full ensemble. We therefore do not attempt
a formal attribution of Step 2 differences to individual hydrological
pathways.
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2.5. Data analysis

All analyses were conducted in R version 4.3.2 within RStudio
(Team, 2020), with additional diagnostic checks reproduced from the
archived simulation outputs. In Step 1, relative root mean squared error
(rRMSE), mean absolute error (MAE), and mean bias were calculated
between the multi model ensemble median and observed grain yield.
Because Step 1b observations were used for fitting waterlogging pa-
rameters, these statistics quantify calibration goodness of fit rather than
independent predictive performance. Inter model spread was treated as
structural ensemble variability rather than sampling uncertainty. Fig. 1
therefore displays individual CM simulations together with the
ensemble median and interquartile range (IQR). For the subsequent
sensitivity analyses, ensemble means and coefficients of variation were
retained to characterize average response and structural disagreement
across CMs. For a structural dependence sensitivity test, MONICA v1 and
v2 were first averaged within a MONICA family and SIMPLACE v1 and
v2 within a SIMPLACE family, after which all 13 model families received
equal weight.

Maximum sensitivity was defined for each output as the phenological
stage containing the lowest simulated value relative to the control across
all stage and duration combinations. The denominator was the number
of CMs that reported the relevant variable: 15 for grain yield and above
ground biomass, 14 for LAI, and 12 for root biomass. A CM that reported
a variable but simulated no reduction relative to the control was
retained in the denominator but was not assigned a maximum sensitivity
stage; exact tied minima across stages were retained. To explore asso-
ciations between CM structure and severe stress response, we coded only
processes explicitly identified in Table 1 as directly affected by water-
logging. For each CM, severe stress response was defined as the mean
grain yield loss under 24 day waterlogging across the six phenological
stages with complete grain yield output for all 15 CMs. CMs with and
without direct effects on root growth or root length density, transpira-
tion, photosynthesis, biomass production or radiation use efficiency, dry
matter partitioning, leaf area index, nitrogen accumulation, phenology,
and yield components were compared descriptively using medians and
interquartile ranges. The number of CMs contributing to each contrast is
reported alongside the medians, because several categories contain
fewer than five CMs and a median drawn from so few models carries
little weight on its own. These contrasts were not interpreted causally
because the process categories overlap, some contain few CMs, and
MONICA and SIMPLACE include related versions. Root mortality and
recovery were not coded as structural attributes because Table 1 does
not identify them explicitly for the participating CMs.

3. Results

3.1. Waterlogging response before and after waterlogging specific
calibration

Observed grain yield declined approximately linearly as water-
logging duration increased. Before fitting waterlogging specific crop
response coefficients to the eight waterlogged Lleida treatments in the
current exercise, the ensemble reproduced the overall direction of the
response but showed substantial spread and systematic overestimation.
For these eight treatments, excluding the well drained control used
during Step 1a parameterization, the ensemble median had an rRMSE of
17.0%, MAE of 0.94 t ha—1, and mean bias of + 0.80 t ha—1. After
waterlogging specific calibration, the corresponding values were 6.3%,
0.34 t ha—1, and + 0.12 t ha—1. The largest remaining discrepancies
occurred in the longest pre anthesis treatments. Under 24 days of
waterlogging, observed grain yield was approximately 4.35t ha—1,
compared with ensemble medians of about 5.54t ha—1 before and
4.87 t ha—1 after waterlogging parameter calibration. The individual
CM simulations and IQR show that substantial structural spread
remained even after calibration, particularly in the longest treatments.


https://pan.baidu.com/s/1ozi3U9QU-L0UrkZov63WQw?pwd=nzlj
https://pan.baidu.com/s/1ozi3U9QU-L0UrkZov63WQw?pwd=nzlj
https://pan.baidu.com/s/1ozi3U9QU-L0UrkZov63WQw?pwd=nzlj
https://pan.baidu.com/s/1ozi3U9QU-L0UrkZov63WQw?pwd=nzlj
https://pan.baidu.com/s/1ozi3U9QU-L0UrkZov63WQw?pwd=nzlj
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Fig. 1. Simulated impacts of waterlogging on grain yield before and after calibration of waterlogging related parameters. Panels show simulations (a) before and (b)
after calibration. Gray points represent individual CM simulations, black circles represent the multi model ensemble median, vertical bars show the interquartile
range across CMs, and open triangles represent observed grain yield. rRMSE, MAE, and bias reported in the text were calculated on the eight waterlogged treatments
only; the well drained control is plotted for context but excluded because it contributed to Step 1a parameterization. Individual simulations were available from 15
CMs, except for the control treatment after calibration, for which 14 CMs provided output. Observed data are from the outdoor controlled experiment in which the six
main waterlogging treatments lasted 4-24 days and were staggered to end approximately three days after anthesis (Supplementary Fig. S1). The two treatments
beyond the vertical dashed line involved 8 and 16 days of waterlogging beginning 10 days after terminal spikelet initiation (Marti et al., 2015).

The Step 1la statistics provide a pre fit extrapolative benchmark with
respect to fitting the current Lleida waterlogging treatments, whereas
the Step 1b statistics quantify calibration goodness of fit. Supplementary
Table S2 reports the corresponding metrics using both ensemble mean
and median, with and without the control, to make the effect of these
choices transparent.

3.2. Sensitivity in simulating waterlogging impacts

After calibration with the Lleida waterlogging data, CMs showed
markedly different responses when the same parameterizations were
transferred across phenological stages and durations (Fig. 2). At 24 days,
k = 4 produced the highest mean silhouette width among the tested
solutions (0.423), compared with 0.405, 0.343, 0.405, and 0.340 for
k=2, 3, 5, and 6, respectively. These values lie close together, and a
mean silhouette width near 0.42 indicates moderate rather than strong
separation, so the internal criterion alone does not identify four groups
decisively. Agreement between k means and Ward clustering applied to
the same fifteen CMs is likewise a weaker form of corroboration than
resampling would provide, although with fifteen CMs a bootstrap would
itself be poorly determined. Ward hierarchical clustering reproduced the
robust four group solution exactly (adjusted Rand index, ARI = 1.0).
Relative to the original Fig. 2 grouping, 14 of 15 CMs retained the same
membership; AquaCrop was reassigned from Group 1 to Group 4, giving
an ARI of 0.819 between the original and robust partitions. Agreement
with the 24 day grouping increased with waterlogging duration, with
ARI values of 0.037, 0.318, 0.416, 0.433, and 0.612 for 4, 8, 12, 16, and
20 days, respectively. The sensitivity analysis using all seven stages for
the 14 CMs with complete data reproduced the primary grouping exactly
(ARI = 1.0; mean silhouette width = 0.423). At 4 days, however,
agreement with the 24 day partition was no better than chance, so the
four group structure is not recovered at the shorter durations most often
encountered in the field. The groups are therefore a typology of severe
stress behaviour and should not be read as a general classification of

these CMs (Supplementary Fig. S6).

The robust Group 1 contained Daisy and DSSAT CERES and showed
little mean yield response through stem elongation under the 24 day
treatment, followed by mean losses of about 21% at anthesis and 16% at
onset of grain filling. Group 2 (APSIM, MONICA v2, SIMPLACE v2, SSM
Wheat, STICS) showed strong early and mid season sensitivity, with
mean losses of about 49-78% from the two leaf stage through stem
elongation and smaller mean losses at anthesis and grain filling. Group 3
(WOFOST, SIMPLACE v1) had little mean response at emergence but
showed its strongest response around tillering and the reproductive
period, including mean losses of about 83% at onset of tillering and 74%
at anthesis. Group 4 (AquaCrop, DSSAT Nwheat, EPIC, LandscapeDNDC,
MONICA v1, WheatSM) showed a more moderate response profile, with
the largest mean loss at stem elongation (about 48%) and mean losses of
about 35-38% during tillering, anthesis, and grain filling. These profiles
summarize group behavior and do not imply that all CMs within a group
share the same internal mechanism.

MONICA v1 (Fig. 2i), although classified in Group 4, showed a
distinct response with relatively large early losses and limited additional
decline across later stages. Similar response diversity occurred for above
ground biomass (Supplementary Fig. S3). DSSAT CERES simulated
increased biomass under some waterlogging treatments while yield
declined, whereas SIMPLACE vl, LandscapeDNDC, and WheatSM
showed comparatively smaller biomass responses during yield forma-
tion despite substantial yield penalties. These contrasts indicate that
similar yield responses can arise from different internal pathways and
that cluster membership alone should not be interpreted as evidence of a
specific causal mechanism.

The exploratory structure response analysis likewise did not identify
a single process representation that separated the severe stress response
typologies. CMs with a direct transpiration linkage (n = 8) had a median
severe stress yield loss of 49.5% (IQR 39.3-55.6%), compared with
28.2% (IQR 14.4-42.0%) among CMs without a direct transpiration
linkage (n = 7). In contrast, CMs with direct effects on root growth or
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Fig. 2. Sensitivity of CMs to waterlogging across phenological stages and waterlogging duration. Simulated relative yield deviation under varying waterlogging
durations (4, 16 and 24 days) applied at seven phenological stages, from seedling emergence to the onset of grain filling. Each line in each panel represents a
waterlogging duration across different phenological stages. Horizontal dotted line in each panel indicates the yield of the control treatment (with no waterlogging).
Details of CM versions and structural features are provided in Table 1. Group labels correspond to the robust k = 4 classification based on the 24 day relative yield
response across the six phenological stages with complete output from all 15 CMs; AquaCrop is assigned to Group 4 in the robust solution. The inset shows arithmetic
mean 24 day relative yield responses across all seven displayed stages for CMs within each robust group. At seedling emergence, the Group 2 mean is based on the

available CMs because MONICA v2 did not report grain yield for that treatment.

root length density (n=7) had a median loss of 30.0% (IQR
17.2-54.2%), compared with 42.7% (IQR 32.4-55.3%) among CMs
without a direct root linkage (n = 8). Photosynthesis showed almost no
median contrast: 40.3% (IQR 33.8-47.2%; n = 4) with a direct linkage
versus 40.6% (IQR 21.3-56.7%; n = 11) without. The direction of the
root contrast is opposite to the third hypothesis, and the broad overlap in
IQRs reinforces that these are exploratory associations rather than evi-
dence for a single causal mechanism. Paired versions also showed
modest differences in the CM level mean severe stress loss: MONICA v2
exceeded MONICA v1 by 4.4 %age points (44.9% versus 40.6%), while
SIMPLACE v2 exceeded SIMPLACE v1 by 0.5 %age points (59.4% versus
58.9%). Because categories overlap and model versions are not statis-
tically independent, these comparisons are diagnostic associations
rather than causal effects (Supplementary Fig. S7).

We identified, for each CM and variable, the phenological stage
causing the greatest simulated loss relative to the control across all stage
duration combinations. The denominator for each variable was the
number of CMs reporting that variable (15 for above ground biomass
and grain yield, 14 for LAI, and 12 for root biomass). A CM was assigned
a stage of maximum sensitivity only when it simulated an actual
reduction relative to the control; CMs that reported a variable but
simulated no reduction in any waterlogging treatment remained in the

denominator but were not assigned to a stage. When a CM had exactly
equal maxima at more than one stage, each tied stage was retained, so
percentages can exceed 100% when summed across stages. For above
ground biomass, maximum sensitivity occurred at onset of tillering,
stem elongation, and onset of grain filling in 20.0% of CMs each, with
smaller frequencies at emergence, the two leaf and three leaf stages, and
anthesis (Fig. 3a). For grain yield, stem elongation was the single most
frequent maximum sensitivity stage (4 of 15 CMs; 26.7%), followed by
the three leaf stage and onset of tillering (3 of 15 each; 20.0%), onset of
grain filling (2 of 15; 13.3%), and emergence, the two leaf stage, and
anthesis (1 of 15 each; 6.7%) (Fig. 3b). No stage represented the
maximum yield sensitivity for a majority of CMs.

For LAI, the highest frequency of maximum sensitivity occurred at
onset of tillering (7 of 14 CMs; 50.0%), followed by stem elongation (3 of
14; 21.4%). The two leaf, three leaf, and anthesis stages each accounted
for 2 of 14 CMs (14.3%), and onset of grain filling accounted for 1 of 14
(7.1%) (Fig. 3c). EPIC reported LAI but simulated no reduction relative
to the control across the waterlogging treatments and was therefore
retained in the denominator without being assigned a maximum sensi-
tivity stage. DSSAT CERES showed an exact tied minimum across five
stages, so these tied stages were retained. For root biomass, onset of
tillering was the most frequent maximum (3 of 12 CMs; 25.0%), while
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Fig. 3. Phenological stages associated with maximum simulated sensitivity to waterlogging across CMs. Bars show the percentage of CMs exhibiting their maximum
simulated reduction relative to the control at each phenological stage for (a) above ground biomass, (b) grain yield, (c) leaf area index, and (d) root biomass.
Percentages were calculated using the number of CMs providing each respective variable as the denominator, indicated in each panel. Models that provided a
variable but simulated no reduction relative to the control across any waterlogging treatment were retained in the denominator but were not assigned a stage of
maximum sensitivity. When a CM showed equal maximum sensitivity at more than one phenological stage, all tied stages were counted, and percentages may
therefore sum to more than 100%. Panels (e) and (f) show inter model variability in relative grain yield according to waterlogging duration and phenological stage,
respectively. The coefficient of variation was first calculated across CMs for each exact stage by duration treatment; points show the mean treatment level CV within
each duration or stage, and vertical lines indicate the minimum to maximum range.

the two leaf, three leaf, stem elongation, and onset of grain filling stages
each accounted for 2 of 12 CMs (16.7%) (Fig. 3d). As shown in Table 1,
not all CMs report root biomass or LAI, and these variables can also
respond indirectly through processes triggered by waterlogging stress.
Inter model divergence increased as stress duration increased. For
grain yield, the mean coefficient of variation across stage specific
treatments increased from 26.7% under 4 days of waterlogging to 41.4%
under 24 days (Fig. 3e). Across phenological stages, mean inter model
variability was greatest when waterlogging began at onset of tillering
(40.8%) and stem elongation (38.1%), followed by the three leaf stage
(35.3%) (Fig. 3f). This pattern supports the hypothesis that structural
disagreement becomes more pronounced as the perturbation becomes
more severe. The stage of maximum sensitivity itself was not concen-
trated in a majority of CMs, which further indicates that transfer of a

waterlogging parameterization across phenology remains a major
source of uncertainty.

3.3. Multi-model ensemble for simulating waterlogging impacts

The equal weighted multi model mean showed progressively larger
losses in LAI, above ground biomass, root biomass, and grain yield as
waterlogging duration increased (Fig. 4). The strongest mean reductions
generally occurred when stress began between tillering and stem elon-
gation, while yield remained sensitive into anthesis and grain filling.
The ensemble derived slope corresponded to approximately 1.8 %age
points of additional yield loss per waterlogged day when stress began at
tillering or stem elongation, compared with about 0.5 %age points per
day during seedling emergence to the two leaf stage (Supplementary
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Fig. 4. Sensitivity analysis of the impacts of waterlogging on crop growth simul
(a-f) leaf area index (LAI), (g-1) total above-ground biomass, (m-r) root biomass
waterlogging at different phenological stages, from seedling emergence to the onset o

ated by a multi-model mean ensemble. Impacts of simulated waterlogging on
and (s-x) grain yield. The sensitivity analysis was carried out by simulating
f grain filling, with six durations varying from 4 to 24 days. The panels indicate,

from left to right (e.g. panel a to f), increasing order of different durations of waterlogging. Dots represent ensemble means based on 15 wheat CMs, with light gray
bars indicating one standard deviation across CMs. This standard deviation describes structural spread among CMs and is not an inferential confidence interval; the
corresponding median and interquartile range ensemble is given in Supplementary Fig. S5. Sensitivity analysis of the impacts of waterlogging on growth simulated by

a multi-model median ensemble is shown in Supplementary Fig. S5.

Fig. S4). These slopes are scenario specific sensitivities of this ensemble,
not general biological loss rates. The family balanced ensemble pro-
duced nearly the same yield response as the 15 CM mean across the 42
treatments (r = 0.998), with a mean absolute difference of 1.2 %age
points and a maximum difference of 2.8 %age points. Thus, the main
ensemble pattern was not driven by the duplicated MONICA and SIM-
PLACE model families. For grain yield, the median ensemble in
Supplementary Fig. S5 had a similar stage pattern but differed from the
mean by as much as 18.9 %age points in individual scenarios, illus-
trating the influence of extreme CM responses.

At the two stages highlighted most often in empirical work, indi-
vidual CM responses remained highly heterogeneous. For the 24 day
treatment, simulated yield change at stem elongation ranged from a
slight increase of 0.6% in Daisy to an 89.3% loss in SSM Wheat. At
anthesis, losses ranged from 13.2% in LandscapeDNDC to 76.8% in
WOFOST. These ranges should not be interpreted as model bias because
Step 3 has no stage specific observations; they quantify the trans-
ferability disagreement among CMs after the common calibration step.

3.4. Sensitivity analysis of CMs in simulating heavy rainfall impacts

We evaluated simulated yield sensitivity to synthetic rainfall per-
turbations from 50 to 1000 mm around anthesis under clayey and sandy
soils (Fig. 5). In clay soil, WheatSM and LandscapeDNDC showed the
strongest responses, with losses exceeding 30% above 300 mm in
LandscapeDNDC and reaching about 70% in WheatSM. The ensemble
mean loss was slightly above 10% from 150 mm onward. These values
quantify CM sensitivity to the imposed rainfall and soil setup; no ob-
servations correspond to these synthetic treatments, so they cannot be
used to estimate model bias.

Under sandy soil, ensemble mean losses were about 5% at 150 mm
and 10% at 1000 mm (Fig. 5b). Secondary effects of heavy rainfall,
including nitrogen leaching and resulting nutrient stress, were inten-
tionally excluded by disabling nitrogen stress or applying additional
nitrogen. Disease, lodging, and direct physical rainfall damage were also
outside the experimental design. The analysis therefore isolates the
modeled pathway from rainfall to soil saturation and direct crop
waterlogging stress.
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Fig. 5. Simulated yield deviation in response to waterlogging caused by
heavy rainfall events around anthesis. Sensitivity analysis was conducted
using a multi-model ensemble and individual CMs under varying extreme
rainfall events ranging from O to 1000 mm (see Supplementary Material for
details). Results are shown for clay and sandy soils. Insets display cumulative
proportion of CMs simulating a given yield change in response to rainfall events
of 150 mm (top inset) or 1000 mm (bottom inset), relative to the control
treatment (no additional rainfall).

Across soils, 90% of CMs simulated yield losses below 10% at
150 mm and 80% remained below this threshold even at 1000 mm
(insets in Fig. 5). The 500 and 1000 mm treatments are deliberately
unrealistic for the Lleida climatology and serve only as upper bound
sensitivity tests. The result is therefore that most calibrated CMs respond
weakly to rainfall driven saturation under the specified synthetic con-
ditions. Independent field observations with harmonized hydrological
measurements would be required to determine whether this weak
sensitivity constitutes systematic underestimation. Because the imposed
rainfall greatly exceeds plausible evapotranspiration over the 12 day
treatment, the added water must be partitioned among soil storage,
evapotranspiration, drainage, and runoff. The weak yield response
therefore indicates limited transmission of the imposed rainfall forcing
to crop stress under many model setups, but the absence of harmonized
water fate outputs prevents us from identifying which hydrological
pathway dominates across the ensemble. Step 2 should therefore be
interpreted as a joint sensitivity of hydrological boundary representa-
tion and crop stress formulation.

4. Discussion

The strongest finding of this intercomparison is the large structural
disagreement among wheat CMs exposed to identical waterlogging
perturbations. Differences occurred in both the magnitude and pheno-
logical timing of simulated yield loss, and disagreement increased with
stress duration. The controlled Lleida experiment provides a useful
calibration benchmark because waterlogging was isolated from other
stresses, but it does not establish that the ensemble or any individual CM
predicts waterlogging losses accurately across agroecosystems (Asseng
et al., 2019). We therefore interpret the analysis as a diagnosis of
model behavior and transferability under standardized conditions rather
than a ranking of universal predictive performance.

Stage dependence was evident, but no single stage represented the
maximum yield sensitivity for most CMs. Stem elongation was the most
frequently identified maximum, while other CMs peaked during early
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vegetative stages, tillering, anthesis, or grain filling. This broad distri-
bution partly reflects that waterlogging coefficients were fitted using
treatments concentrated around stem elongation and then transferred
unchanged across phenology. It also reflects genuine structural differ-
ences in how CMs connect soil saturation to root function, transpiration,
photosynthesis, biomass allocation, phenology, and yield components.
Empirical syntheses similarly show strong dependence on growth stage
and stress duration rather than a universal sensitivity window (Qiu
et al., 2025). The experimental literature is itself divided on which
stage is most sensitive, with reports variously favouring early estab-
lishment, stem elongation, booting and flowering, and grain filling (de
San Celedonio et al., 2014; Dickin and Wright, 2008; Marti et al., 2015;
Qiu et al., 2025). The dispersion we simulate is therefore not straight-
forwardly a model deficiency. It also reflects the absence of a consensus
empirical benchmark against which any simulated stage response could
be judged, which is itself an argument for the multi environment field
datasets we call for below.

Large structural uncertainty under severe stress is consistent with
multi model studies for other abiotic stresses, where divergence typi-
cally increases outside the environmental range used for calibration
(Asseng et al., 2015; Wang et al., 2017; Kothari et al., 2022). These
comparisons are relevant because they show a recurring modeling
problem: alternative formulations can perform similarly under moderate
conditions yet diverge strongly under severe perturbation. In the present
study, inter model CV increased over the tested range from 4 day to
24 days, while the response groups became progressively more similar
to the 24 day partition as duration increased. This supports the second
hypothesis only within the tested range. It does not imply that diver-
gence must increase indefinitely: under still more severe stress, a yield
floor could instead reduce disagreement as more CMs approach crop
failure.

The exploratory structure response analysis reinforces that water-
logging sensitivity cannot be attributed to a single model feature. Direct
transpiration effects were associated with a higher median severe stress
loss across CMs, whereas direct effects on root growth or root length
density were associated with a lower median loss, and photosynthesis
showed essentially no median contrast. The inverted direction of the
root contrast runs against our third hypothesis. One candidate expla-
nation is the deliberately resource sufficient design of the protocol. Ni-
trogen limitation was minimized, and the waterlogging treatments were
designed to impose excess soil water rather than drought. Under such
conditions, penalties routed primarily through root acquisition may
propagate less directly to grain yield than penalties applied directly to
transpiration or assimilation. This interpretation remains hypothesis
generating because root water uptake, nitrogen status, soil oxygen,
drainage, and runoff were not harmonized across CMs. It predicts that
root linked penalties should become more consequential when post
waterlogging water or nitrogen acquisition is limiting, a condition the
present protocol was not designed to test. The paired model versions
further illustrate the complexity: MONICA v2 had a CM level mean se-
vere stress loss only 4.4 %age points higher than MONICA v1, while
SIMPLACE v2 differed from SIMPLACE v1 by 0.5 %age points. These
comparisons are descriptive because process categories overlap and
versions can differ in parameterization and implementation. Response
magnitude therefore emerges from the combination of stress generation,
affected crop processes, parameter values, and hydrological setup rather
than from the presence of one routine.

The ensemble mean showed the largest average reductions around
tillering and stem elongation, broadly consistent with experiments
reporting strong wheat yield effects when waterlogging overlaps spike
development and the reproductive transition (de San Celedonio et al.,
2014; Ghobadi et al., 2017; Marti et al., 2015). Early stage responses
were smaller in the ensemble, but this should not be interpreted as ev-
idence of biological tolerance. Field observations can include estab-
lishment failure, seedling mortality, pathogen pressure, and later legacy
effects that are absent from many CMs. Qiu et al. (2025) further showed
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that wheat can express substantial compensatory growth after flooding,
indicating that both initial damage and recovery dynamics need to be
represented. A CM that omits early mortality but also omits compensa-
tory recovery can reach an apparently plausible final yield through
compensating errors.

Most CMs responded weakly to the synthetic rainfall driven satura-
tion experiment (Fig. 5). This is a sensitivity result, not direct evidence
of underestimation, because no observations match the 150-1000 mm
perturbations and the design intentionally excluded nitrogen stress,
disease, lodging, and direct rainfall damage. Real events in southern
Brazil in 2023 and France in 2016 combined several of these pathways
and therefore cannot serve as direct validation targets for Step 2. Their
relevance is conceptual: field yield loss during extremely wet seasons
emerges from both waterlogging and associated stresses, whereas the
current experiment isolated only the direct modeled waterlogging
pathway. Future evaluation should combine field observations of yield
with soil water, water table or oxygen status, drainage, nutrient loss,
lodging, and disease so that hydrological and crop response errors can be
separated.

The increase in CM divergence with stress severity supports a
broader need to evaluate model behavior under extremes rather than
only under average conditions. Compound stresses add an additional
challenge because their effects can be non additive (Ploschuk et al.,
2025; Webber et al., 2022). Qiu et al. (2026), for example, found that
combined salinity and waterlogging responses shifted from approxi-
mately multiplicative effects at moderate stress toward synergistic in-
hibition beyond stress thresholds, with root aeration, hypoxia
adaptation, and energy metabolism playing central roles. This evidence
supports interaction and threshold functions grounded in physiology
rather than independent stress multipliers when CMs are extended to
compound conditions.

Three priorities follow directly from the model defects diagnosed
here. First, the wide range of stage specific responses and the absence of
a simple relation between direct root routines and yield sensitivity show
that CMs need better defined links from soil aeration status to root
function, carbon assimilation, and yield formation, together with
harmonized hydrological boundary conditions. Second, the trans-
ferability test shows that coefficients fitted mainly during stem elonga-
tion do not generate a consistent response across other stages. Dynamic
damage and recovery functions are therefore needed so that stress his-
tory persists appropriately after drainage and can vary with develop-
ment. Third, the weak direct response to rainfall driven saturation in
most CMs, combined with the intentional exclusion of nitrogen loss,
disease, and lodging, shows that future evaluation must represent and
test interacting pathways that accompany wet extremes. These priorities
are supported by the present simulations and are also consistent with
physiological and modeling literature (Daniel and Hartman, 2024;
Githui et al., 2022; Qiu et al., 2025, 2026).

Several limitations constrain the scope of inference. The water-
logging specific calibration relies on one cultivar, Soissons, and one
outdoor soil column experiment in a loamy sand containing 81% sand.
The four Arvalis field trials broaden cultivar calibration but do not
provide independent waterlogging validation. The Step 2 rainfall
experiment uses one season at Lleida and deliberately synthetic forcing.
Modeling teams could adjust hydrological parameters or bottom
boundary conditions to achieve saturation, and common intermediate
outputs such as water table depth, soil oxygen status, drainage, runoff,
and complete water balance components were not harmonized across all
CMs, preventing a formal separation of hydrological error from crop
stress error. The clustering is based on yield responses alone and is
recovered most clearly under the severe 24 day treatment, agreement
with that partition falling to chance level at 4 days, so it should be
interpreted as a severe stress response typology rather than a general
model classification. Similarly, the observed increase in inter model
variability with duration is demonstrated only over 4-24 days and does
not exclude convergence under still more severe stress if yields approach
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a common floor. Nitrogen related effects, diseases, lodging, direct
rainfall damage, genotype differences, and several recovery processes
were excluded or incompletely represented. These constraints mean that
the study diagnoses structural disagreement under standardized per-
turbations; it does not validate waterlogging risk prediction across soils,
genotypes, or production regions. Multi environment field datasets with
complete weather, soil, hydrological, phenological, and yield observa-
tions are essential for the next evaluation step.

5. Conclusions

Standardized waterlogging perturbations reveal substantial
disagreement among current wheat CMs in both the timing and
magnitude of simulated yield loss. Before waterlogging specific crop
response coefficients were fitted to the eight waterlogged Lleida treat-
ments in the current exercise, the ensemble median reproduced these
treatments with an rRMSE of 17.0%, providing a pre fit extrapolative
benchmark rather than strict independent validation; calibration
reduced the same metric to 6.3%. Response profiles diverged when the
fitted waterlogging parameterizations were transferred across pheno-
logical stages, and inter model variability increased with duration over
the tested 4-24 day range. Related model families did not drive the
ensemble pattern, and the four severe stress response groups were
reproduced by hierarchical clustering but were not recovered at the
shortest duration. Most CMs also showed weak sensitivity to rainfall
driven saturation under the synthetic Step 2 scenarios, a result that re-
quires independent field observations and harmonized hydrological
outputs before it can be interpreted as bias. The study therefore provides
a quantitative diagnosis of where model uncertainty emerges and
identifies three priorities for improvement: explicit and testable links
between soil aeration and crop processes, development dependent
damage and recovery functions, and evaluation of interacting stresses
using field datasets that include hydrological as well as crop observa-
tions. These conclusions rest on one cultivar, one outdoor column
experiment in a coarse textured soil, and one synthetic rainfall season.
They describe how this set of CMs behaves under a common protocol;
they do not establish how accurately any of them predicts waterlogging
loss across production environments.
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