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ABSTRACT

Crop models are useful tools for simulating agricultural systems that require continued
model development and testing to increase their robustness and improve how they describe our
current understanding of processes. Coordinated and “blind” evaluations of multiple models using
same protocols and experimental datasets provides unique opportunities to further improve models
and enhance their reliability. For soybean [Glycine max (L.) Merr.], there has been limited
coordinated multi-model evaluations for the simulation of in-season plant growth dynamics. We
evaluated ten dynamic soybean crop models for their simulation of in-season plant growth using
data from five experiments conducted in Argentina, Brazil, France, and USA. We evaluated
models after a Blind (using only phenology data) and a Full calibration (with in-season and end-
of-season variables). Calibration reduced model uncertainty by reducing standard bias for the
simulation of in season variables (biomass, leaf, pod, and stem weights, and leaf area index, LAI).
However, we found that most models had difficulty in reproducing leaf growth dynamics, with
normalized root mean squared error (nRMSE) of 56% for leaf weight and 43% for LAI (across
locations and models after Full calibration). Models with different levels of complexity and
experience were capable of simulating final seed yield at maturity with reasonable accuracy
(nRMSE of 8 to 31% after Full calibration). However, the nRMSE for pod weight (of 17 to 64%
after Full calibration) was two-fold larger than that of seed yield. Moreover, the models differed
in how they simulated timing from sowing to beginning seed growth (47 to 93 days) and effective
seed filling period (18 to 54 days), owing to model structural differences in defining the
reproductive developmental stages. Overall, we identified the following processes that can benefit
from further model improvement: leaf expansion and senescence, reproductive phenology, and

partitioning to reproductive growth. Simulation of pod wall tissue and individual seed cohorts is
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another aspect that many models currently lack. Model improvement can benefit from high-
temporal resolution experimental datasets that concurrently account for phenology, plant growth,
and partitioning. Further, we recommend collecting reproductive phenology in the field consistent
with actual dry matter allocation to organs in the models and collecting multiple observations of

seed and pod weight to aid model improvement for simulation of seed growth and yield formation.

Keywords. Agricultural Model Intercomparison and Improvement Project (AgMIP),

multi-model evaluation, pod growth, leaf area index, reproductive partitioning

Abbreviations. R1, Beginning flowering stage; R3, Beginning pod stage; RS, Beginning
seed stage; R7, Physiological maturity stage; RMSE, Root mean squared error; nRMSE,
Normalized root mean squared error; MSE, Mean squared error; LC, Lack of correlation; SB,

standard bias; NU, Non-unity of slope

1. INTRODUCTION

With an annual production of 301 million tons worldwide (FAO, 2020), soybean is the
most widely grown legume and a major component of the global food supply. Ensuring high yield
stability and the sustainability of soybean production under current and future climate conditions
is essential to meet the growing food, feed, and nutrition demand. Process-based crop eco-
physiological models are powerful tools to simulate crop growth under climate change and to study
potential management and genotype adaptations (Rosenzweig et al., 2014; White et al., 2011).
However, models require calibration and evaluation with experimental data prior to their
application. While the research focusing on crop model applications has increased in the past
decades, the efforts for model evaluation and improvement with detailed field experimental data

are lagging (Silva and Giller, 2021). Therefore, new studies that evaluate model simulations with
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experimental data that include in-season crop growth are paramount to reduce model uncertainty

before their application.

An essential component of model improvement is the calibration and evaluation of models
with detailed experimental data that include in-season crop samplings. Model calibration with only
end-of-season measured data may result in model parameters that give unrealistic simulation of
in-season growth variables (Martre et al., 2015). Uncertainty in simulating in-season growth
dynamics could cause incorrect simulated response to climatic factors occurring during critical
growth phases. A recent soybean multi-model evaluation revealed high uncertainty across models
in their response to temperature and atmospheric CO; concentration, as well as unexpected effect
of model calibration on the temperature response of yield depending on the model and location
(Kothari et al., 2022). A literature review of the ten models participating in the study by Kothari
et al. (2022) showed that most of those models were relatively “new” or inexperienced in
simulating soybean growth (Supplementary Fig. S1). Seven out of ten models had less than five
publications that mentioned biomass and leaf area, and only one of the models had published
articles that mentioned in-season variables such as pod weight and seed weight (Supplementary
Fig. S1). Therefore, modeling efforts focused on model calibration and evaluation for simulation
of in-season growth data are still limited for most models capable of simulating soybean growth.
A comprehensive evaluation of soybean models with detailed measurements of in-season growth
is therefore essential for assessing the current state of soybean models and for identifying

opportunities of model improvement.

Multi-model comparison studies can be important contributors to crop model
improvement. A unique advantage of coordinated multi-model studies is that all models are

evaluated against the same set of independent experimental data. Another advantage is that model
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calibration and model evaluation against experimental data is performed by independent teams,
allowing to quantify model uncertainty under real “blind” conditions. Coordinated multi-model
comparisons under the umbrella of the Agricultural Model Intercomparison and Improvement
Project (AgMIP) (Rosenzweig et al., 2013), have been useful in the past to find avenues for model
improvement. In a multi-model study of 30 wheat crop models across seven contrasting
environments, Asseng et al. (2015) found that simulated yield tended to deviate more from
measurements at relatively warmer temperatures, and identified an opportunity to improve wheat
model simulations under climate change with improved heat stress responses for plant growth and
yield formation (Wang et al., 2017). Hasegawa et al. (2017) evaluated 16 rice models using data
from free-air CO2 enrichment experiments and controlled chambers, and found that yield
simulations under elevated CO> could be improved by driving leaf area development in models by
rice morphology rather than directly by photosynthesis. Lastly, a recent multi-model study for
simulation of wheat phenology revealed that better prediction accuracy not only results from better
model structure but also depends on the choice of parameters to estimate and the calibration
approach (Wallach et al., 2021). This approach of coordinated multi-faceted studies across

different sites and multiple models is still limited for the analysis of in-season growth dynamics.

For soybean, there have been few prior multi-model evaluations with experimental data
(Battisti et al., 2017b; Kothari et al., 2022). Battisti et al. (2017b) evaluated five soybean models
for simulation of yield against field data from southern Brazil, with limited focus on the analysis
of model performance for simulation of in-season biomass and leaf area index (LAI). The multi-
model study by Kothari et al. (2022) included ten models of variable structure, complexity, and
prior experience simulating soybean growth. The study by Kothari et al. (2022) revealed similar

performance across most models for simulation of yield after calibration with measured data, but
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high uncertainty under blind conditions, or when simulated for hypothetical yield responses to
changes in temperature and [COz]. A comprehensive evaluation of soybean models for simulation
of growth against detailed time-series data from multiple sites can provide new opportunities for
improving the simulation of in-season growth dynamics and reproductive partitioning, and reduce

model uncertainty for climate-change applications.

The goal of this study was to conduct a multi-model evaluation of soybean crop models
with respect to their simulation of in-season growth. For that we used detailed experimental data
from five sites (Azul, Argentina; Auzeville, France; Brasilia, Brazil; Fayetteville, Arkansas, and
Ames, lowa, USA). We utilized ten soybean models that had been previously evaluated for the
simulation of final grain yield across the same sites (Kothari et al., 2022). The specific objectives
were to 1) quantify model performance and uncertainty for simulation of in-season growth and
partitioning under two levels of calibration; and 2) identify approaches and mechanisms that can

lead to improvement of model performance for simulation of in-season growth.

2. MATERIALS AND METHODS

2.1. Field Experiments and Model Inputs

The experimental data for the simulation exercise were obtained from five locations:
Brasilia, Brazil (BRZL; 15°35'33"S, 47°44'12"W); Azul, Argentina (ARGN; 36°27'S, 59°30'W);
Auzeville, France (FRNC; 43°31'38" N, 1°30"22" E); and Fayetteville, AR (AKNS; 36°05'52.8"N,
94°10'44.4"W) and Ames, A (IOWA; 42°0120.37"N, 93°46'36.05"W) in the United States.
These sites were selected to include major soybean growing areas and to provide variability in

environmental conditions to evaluate models. Across the five sites, BRZL, IOWA, and ARGN
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were the wettest, with a mean precipitation of 640, 576, and 517 mm, respectively, during the crop
growing season (from sowing to harvest). FRNC and AKNS were the driest (253 and 265 mm,
respectively), although AKNS was irrigated. The five sites in our study also provided a wide range
of average growing season air temperatures: ARGN (19.9 °C), FRNC (21.2 °C), IOWA (21.6 °C),

BRZL (22.7 °C), and AKNS (25.0 °C).

A complete description of the experimental data from each site is provided in Kothari et
al. (2022). In brief, field experiments were conducted in a randomized block design with three to
four replications and were carried out over several years, under different planting dates or irrigation
management, depending on the location. Experiments in ARGN and FRNC included irrigated and
rainfed treatments. Other sites had all treatments managed either under irrigation (AKNS) or under
rainfed conditions (BRZL and IOWA). The same soybean cultivar was used across years and
treatments within each location. Across locations, the maturity groups (MG) ranged from MG 1
(FRNC) to MG 6 (BRZL). Plot size ranged from 10 to 778 m? depending on the site. Sowing
density ranged from 29 to 50 seeds m™. Plots consisted of four to six rows planted in 30- to 76-cm

row spacing.

Dates of onset of developmental stages were monitored at all sites according to Fehr and
Caviness (1977). Stages recorded included the dates for emergence (VE), beginning flower (R1),
beginning pod (R3), beginning seed (RS5), beginning (physiological) maturity (R7), and harvest
maturity (R8). Destructive in-season samplings were collected 3 to 25 times during the growing
season depending on the location and year, by sampling 0.5 to 1 m? of crop land area to quantify
aboveground biomass. A subsample of 3 to 6 plants was separated into leaves, stems, and pods;
then the leaves were used to measure leaf area. The in-season data available for calibration in this

study consisted of total aboveground biomass, LAI, and weights of individual plant components
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eaf, stem, and pod). Soybean yield was quantified by harvesting 3.7 to m~ by plot combine
(leaf. d pod). Soyb ield ified by h ing 3.7 to 250 m? by pl bi

and is expressed here on a dry weight basis.

Volumetric soil water content data were obtained from individual soil samplings or
continuous readings from soil sensors depending on the location, and used to initialize model
simulations and calibrate soil parameters to match observed soil moisture. The soil at the IOWA
site has a shallow water table that fluctuates from 0.3 to 2.0 m below the soil surface, which can
bring as much as 100250 mm of water into the soil profile per year (Ebrahimi-Mollabashi et al.,
2019; Ordofiez et al., 2018). This particular field had no subsurface tile drainage. The soils located
in the other sites included in our study do not commonly have a shallow water table. Additional
details about experimental sites, information related to management, soil, and weather data are

provided in Kothari et al. (2022).

2.2. Participating soybean models

We used ten process-based eco-physiological crop models that have the capability to
simulate soybean growth and development (Table 1). The models selected for this study were the
result of the expressed interest of each modeling team along with their expertise with a particular
model framework. The models differed in their prior experience simulating soybean growth before
this study (Supplementary Fig. S1). The DSSAT-CROPGRO-Soybean model (Boote et al., 1998,
Jones et al., 2003; Hoogenboom et al., 2019) originated in the 1980s and has been evaluated against
over 50 sets of time-series of soybean growth and yield data. In addition to the classic DSSAT-
CROPGRO model (hereafter DSSAT), a new energy balance version (DSSAT-CROPGRO-EBL,
hereafter DSSAT-EBL) has been developed for the CROPGRO-Soybean model (Cuadra et al.,
2020). In both versions, CROPGRO-Soybean is the basic module for the simulation of crop growth

and development. However, the DSSAT-EBL model simulates an hourly energy balance and
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stomatal conductance, and controls transpiration and photosynthesis response to leaf-to-air vapor
pressure difference. In addition, the DSSAT-EBL model simulates canopy temperature (Cuadra et
al., 2020), which drives soybean plant processes such as leaf photosynthesis and rate of
development. The soybean model within APSIM (Robertson and Carberry, 1998) is later in its
origin and has been widely evaluated against Midwestern USA soybean data. The SSM model was
designed to represent soybean plant-soil processes in a simplified manner (Sinclair, 1986) and was
previously evaluated for simulation of plant C and N dynamics for a limited number of sites in the
USA. Recently, the SSM model has been used to simulate soybean in Iran (Nehbandani et al.,
2021; Nehbandani et al., 2020). The STICS model was developed around 1996 (Brisson et al.,
2003), but the STICS soybean model has limited prior evaluation, mainly with data from France.
The LINTUL (Wolf, 2012) and MONICA (Nendel et al., 2011) models were not designed
specifically for soybean, but to represent generic crop growth processes. In recent years, the
MONICA model has been evaluated with soybean experimental data from Brazil that included in-
season and end-of-season data (Battisti et al., 2017a; Battisti et al., 2017b; Battisti et al., 2018) and
in Europe with end-of-season data (Nendel et al., 2022). The DNDC model was initially developed
to simulate N>O emissions from agricultural soils (Li et al., 1992), with plant growth processes
integrated later into the model (Zhang and Niu, 2016). The plant growth routines in DNDC are
focused mainly on simulating yield, biomass and crop N uptake rather than accurately modelling
plant fractions (leaf, stem, and pod weight) or LAI. As a result, the DNDC-vCAN model used in
this study is still relatively inexperienced for simulating soybean in-season growth. The
AQUACROP (Steduto et al., 2009) and SWB (Annandale et al., 2000) models were designed to
mimic generic crop growth, with a main emphasis on the simulation of crop evapotranspiration for

irrigation scheduling.
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Models varied in the level of complexity with respect to simulating the soybean developmental
stages (Table 1, Fig. 1), types of vegetative and reproductive tissues and approaches for
reproductive partitioning (Table 2), and in environmental factors influencing leaf development,
growth, and reproductive partitioning (Supplementary Table 1). A detailed description of
modeling approaches for development, photosynthesis, leaf area development, and vegetative and
reproductive tissues is provided in Supplementary Information SI 1. In brief, a major difference
across models was in their complexity to simulate reproductive development, and the number of
developmental stages they simulated (Fig. 1, Table 1). Timing of beginning seed and physiological
maturity were simulated by all models, while for some models (e.g., DSSAT, APSIM, MONICA)
the start of anthesis, and the onset of pod growth were also simulated. Model structure varied
among the ten models. For instance, LINTUL and MONICA originated as cereal models where
grain growth commences at anthesis. As a result of differences in simulated reproductive stages,
the models also varied in the types of reproductive tissues they simulated (Table 1). Most models
simulate reproductive growth as a single component (seeds), or as a single component with a seed-
to-shell ratio as in the MONICA model. Only two models (APSIM, DSSAT) simulate growth of
pod shells (Table 1). Models differed in the level of parameterization required to define cultivar-
specific coefficients for different genotypes (vs. species-defined), which varied from as low as
seven (for AQUACROP) to as high as 34 (LINTUL) coefficients depending on the model (Table
1). Another major difference across models was in their approach for partitioning to reproductive
tissues and yield determination (Table 2). Reproductive partitioning in most models is based on an
age-driven harvest index (HI) approach, with the exception of the DSSAT-CROPGRO models,
where yield is simulated by adding individual pod and seed cohorts over time, so reproductive

partitioning is an indirect result of simulation of addition and individual growth of reproductive
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2.3. Model Calibration
For model parameterization, the modelers were given inputs of daily weather data, crop
management, soybean cultivar and maturity group, measured soil properties, and initial soil
moisture and inorganic N at planting. The field experimental data were prepared by a central team
of researchers who coordinated the processing and analysis of model inputs and outputs. Thus,
modelers did not have prior access to the data, until they were provided with measured data for
calibration. This provided the opportunity to evaluate models under true “blind” conditions, a
principle designed by AgMIP protocols. One exception to this was the IOWA dataset for the
APSIM model, since that modeling team provided the experimental data from this location. For
model calibration, the measured data were provided to modelers in two steps: 1) Blind calibration
with phenology data only, and 2) Full calibration with detailed in-season crop growth and final
yield data, as well as soil moisture. The step-wise calibration methodology is consistent with the
prior multi-model intercomparison studies for other crops (Asseng et al., 2015; Bassu et al., 2014).
During Blind calibration, modelers optimized phenology coefficients (per cultivar) to best
simulate measured dates of developmental stages across all years and treatment levels within a
location. In the protocols, modelers were asked to prioritize the accuracy for the simulation of date
of R1 and R7 stages, given that reproductive developmental stages of R3 and R5 defined by Fehr
and Caviness (1977) refer to the four uppermost nodes in the main stem and may not be equivalent
to the timing of start of reproductive partitioning to pods or seeds, respectively. For non-phenology
related coefficients, crop modelers accepted and used common or previously calibrated cultivar
coefficients for soybean in their model (sometimes referred as “default” coefficients) to the best

of their knowledge during Blind calibration.
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During the Full calibration, the calibration protocols recommended the following step-wise
approach. First, calibration of soil parameters to match the measured soil moisture data. Second,
calibration of cultivar coefficients associated with leaf area development, and crop growth and
vegetative partitioning to minimize error in simulation of in-season crop aboveground biomass,
LAI leaf and stem weight. Third, cultivar coefficients associated with partitioning to reproductive
organs to minimize error in simulation of in-season total pod weight, final grain yield, and HI.
Finally, calibration of cultivar coefficients associated with simulation of unit seed weight and seed
yield where applicable, depending on the model. Modelers were recommended to repeat this step-
wise approach iteratively if needed. Crop modelers were allowed to modify previously defined
phenology-related crop coefficients to better match the measured onset of pod and seed mass
growth if needed during Full calibration. All models were calibrated manually to optimize
simulations within a location, which involved adjusting cultivar and species coefficients depending
on the model to match sequential crop growth observations. The complete list of crop coefficients

modified during calibration and their parameterization is provided in Supplementary Table 2.

2.4. Analysis of in-season growth and development data

For the analysis of data related to timing of developmental stages, we found that timing of
reproductive developmental stages simulated by models and the onset of simulated start of pod
and seed growth differed depending on the model (see schematic Fig. 1). Thus, in addition to
timing of developmental stages reported by models, simulated from different photothermal time
approaches (Table 1, Photothermal), the beginning of pod and seed growth were calculated based
on the first day when accumulation of pod and seed growth occurred in simulated daily growth

outputs (Growth). Using developmental stages based on growth time-series outputs rather than the
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phenology dates directly generated by the models, provided a better interpretation for the analysis

of in-season reproductive growth in our study.

To evaluate and summarize model performance for simulation of reproductive in season-
growth, we quantified pod growth rate (kg ha™! d') and the rate of increase in seed HI (g g d!)
Van Roekel et al., 2015) from both simulated and measured in season growth data. The pod growth
rate was computed by fitting a linear model to the pod weight time-series data between >10% and
<90% of the maximum pod weight. We also computed the duration of pod growth (d), seed growth
(d),), the days from flowering to beginning of pod growth (d), days from flowering to the beginning
of seed growth (d), and the effective seed filling period (d). For the DSSAT, DSSAT-EBL, and
STICS models, the only models in the study simulating seed number, we also computed the
simulated individual seed growth rate (ISGR, mg seed! d!) by dividing simulated total seed
growth rate by seed number at maturity. For measured data, given that only in-season pod weight
was available, we computed the rate of increase in pod HI for measured data (instead of the rate
of increase in seed HI), which we referred to as the rate of increase in reproductive partitioning.
The complete list of variables used for model evaluation and details on how these physiological
indices were computed from direct model outputs and measured data is described in

Supplementary materials (Supplementary Table 3, SI 3).

2.5. Model evaluation

We evaluated model uncertainty in simulation of developmental stages, in-season growth,
and physiological growth indices with different statistical performance indicators computed by
model and site (eqns. 1-4). We also employed an error decomposition analysis to understand

sources of model error (eqns. 5-8) (Gauch et al., 2003).
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where RMSE, s, NRMSEns, dm;s, and MSEn s are the root mean square error, normalized RMSE,

index of agreement (d), and mean square error (MSE) for the model m at site s. The MSE is further

divided into standard bias (SB), lack of correlation (LC), and non-unity of slope (NU). The Yj; is

the i™ measured value at site s, and Y is the corresponding simulated value by model m; Yy is

the average of measured values at site s; and Ns is the number of measured values at site 5. The
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Ym is the average of simulated values by model m. The d ranges between 0 to 1 with 1

representing a perfect agreement between the two series.

3. RESULTS

3.1. Soybean developmental stages

Measured phenology data were provided to modelers during the Blind calibration for
calibrating phenology coefficients. However, in some models there was a need to re-adjust
phenology coefficients during Full calibration (Table 3) to improve the simulation of in-season
pod growth and final yield. As a result, the RMSE and bias for simulation of phenology worsened
in some models after Full calibration (Table 3), that prioritized improving simulation of in season
growth and yield. We compared the accuracy in simulating phenology between the two calibration
steps. Most models had minor changes in simulation of phenological stages from Blind to Full
calibration (< 3 days difference in the nRMSE for simulation of reproductive stages between Blind
and Full calibration, Table 3). Of interest, we found that the timing of beginning pod and seed
growth reported by models (Photothermal) differed some from the timing for these stages

computed based on the first day when simulated pod and seed growth occurred (Growth, Table 3).

We compared models for the bias in simulating phenological stages. A group of models
(AQUACROP, LINTUL, and MONICA) had a higher bias compared to other models in simulating
onset of pod and seed growth (Growth, Table 3). These three models simulated the start of seed
growth more than 30 days earlier on average compared to the observed (Growth, Table 3), and this
is because their model structure is designed to start allocation of assimilates to seed growth at the
time of flowering. This led to an artificially long duration of the time from beginning seed growth

to physiological maturity for these models that was inconsistent with the observed data (Fig. 2).
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stages based on the Photothermal approach (Table 3). These results indicate that the MONICA
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Figure 2. Measured and simulated duration from flowering to beginning pod (a), from flowering
to beginning seed (b), and from beginning seed to physiological maturity (c), by model and
calibration phase. Boxplots show variability across 19 treatments and all locations. The whiskers
show 10" and 90™ percentiles, while the bounds are 25" and 75™ percentiles, with median shown
as the line within the box. For the measured data, durations were calculated using measured
stages based on Fehr and Caviness (1977). For the simulated data, durations were calculated
using the first day when accumulation of pod and seed growth occurred from simulated daily
growth outputs.

Two models simulated pod growth and the lag between flowering, start of pod growth, and
the start of seed growth (APSIM and DSSAT models, see Fig. 1). For DSSAT and DSSAT-EBL,
the bias in beginning seed increased from Blind to Full calibration (Table 3) to improve calibration
to pod growth. Overall, the timing and duration of reproductive growth phases in the DSSAT and
DSSAT-EBL models showed good agreement with observed data (Fig. 2). In the APSIM model,
the model performance for most crop growth stages improved after Full calibration (Table 3), but
there was still a consistent bias in the simulated timing and duration of reproductive growth
compared to the measured data (Fig. 2). Another group of models simulated a lag phase in the
start of seed growth after flowering, but without simulation of pod tissue (DNDC, SSM, and
STICS), and these models showed a very consistent simulation of phenology from Blind to Full
calibration (Fig. 2). In addition, two of these models (DNDC, SSM) also simulated the beginning
pod developmental stage (Photothermal, Table 3). The SWB model did not simulate beginning of
flowering, but only the start of seed growth (Fig. 1). In SWB model, the bias in simulating

physiological maturity increased between the calibration steps (from 0.4 to 5.9 days).
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3.2. Model evaluation for simulation of leaf area development and crop growth

An example of time-series data for simulated and measured aboveground biomass, leaf,
stem, pod, and seed weights for two of the nineteen treatments in this study is shown in Fig. 3. All
ten models simulated biomass, nine models simulated LAI, eight models simulated leaf and stem
weights, and only four models simulated pod weight (Fig. 3). The limited availability of in-season
measured seed weight data for soybean is noteworthy, given that separating seeds from developing
pods is a very time-consuming process. Thus, modelers relied on measured in season pod weight

data and final seed yield for calibration of reproductive growth.

3.2.1. Vegetative growth and partitioning
After Blind calibration, the nRMSE for simulation of in-season aboveground biomass ranged
from 22% to 109% depending on the model, with the nRMSE below 30% for a group of models
(APSIM, DSSAT, DSSAT-EBL, LINTUL, and SSM) (Fig. 4a). After Full calibration, the nRMSE
for simulation of in-season biomass ranged from 16% to 48% and six models simulated
aboveground biomass with nRMSE < 30% (Fig. 4a). Overall, the nRMSE for simulation of in-
season leaf and stem weight in the Blind calibration was higher (67% and 64% averaged across

models, respectively), compared to the nRMSE for simulation of aboveground biomass (45%).
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19  Figure 3. Measured (symbols) and simulated (lines) biomass, leaf area index, leaf, stem, pod,
20  and seed weight for 10 crop models, after Blind and after Full calibration. Data from irrigated
21  and rainfed treatments in 2000 at the ARGN site. All models simulated biomass and seed weight,



22 nine models simulated LAI, eight models simulated stem and leaf weights, while only four
23 models simulated pod weight.
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Figure 4. Normalized root mean square error (hnRMSE) and mean square error (MSE) for the
simulation of in-season biomass (a and d), leaf weight (b and e), and stem weight (c and f) by
model after Blind and Full calibration. Statistics calculated across all treatments and locations.
The MSE is decomposed into lack of correlation (LC), non-unity of slope (NU), and standard

bias (SB).

The MSE decomposition for simulation of in-season total biomass and vegetative growth
showed that model performance improved after Full calibration mainly due to a reduction in
standard bias (SB), compared to Blind calibration (Fig. 4d, e, and f). In the Blind calibration, SB
was the largest contributor to the total error, accounting for 53%, 40%, and 62% of the MSE for
simulation of in-season biomass, leaf weight, and stem weight, respectively (Fig. 4d, e, and f).
After Full calibration, lack of correlation (LC) was the largest contributor to MSE, accounting for
50%, 55%, and 49% of the total MSE for simulation of in-season biomass, leaf weight, and stem
weight, respectively. While calibration was effective in reducing SB, substantial error due to LC
and NU remained for simulation of in-season leaf weight (Fig. 4e). The larger source of error due
to LC (in better performing models) and due to NU and LC (in models with poorer leaf growth

performance) indicates that improvement is needed in simulating leaf growth dynamics.

We explored how models differ in partitioning biomass into leaves by plotting the simulated
and measured leaf to vegetative weight (leaf plus stem) ratio over time (Fig. 5). The observed data
showed a linear decrease in the leaf weight ratio over time, whereas the simulations show a
different shape in several models. The leaf weight ratio was close to 0.68—0.72 at the earliest
sampling in the measured data (15 to 25 days after planting) and declined linearly over time (Fig.

5). In two of the models (DNDC and STICS), the leaf weight ratio started at values of 0.5,
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indicating equal partitioning between leaves and stems in these two models during early vegetative
growth. Towards the end of the season, near harvest maturity, the leaf weight ratio was reduced to
almost zero in most models including DSSAT, DSSAT-EBL, APSIM, LINTUL, and STICS,
which is expected and was also seen from the measured data. However, in some models the leaf
weight ratio at the time of harvest was still high after Ful// calibration, with values of 0.50 and 0.39
on average in the DNDC and MONICA models, respectively (Fig. 5). A noteworthy finding from
this analysis was that for most models, calibration had a minor effect on the shape of the leaf

weight ratio curves over time.
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Figure 5. Leaf to vegetative weight (leaf + stem) ratio simulated by eight models and measured
in field. Individual lines represent the nineteen treatments and the different colors distinguish the
five locations.

In summary, calibration reduced the overall error for most models in the simulation of total
aboveground biomass, stem, and leaf weight with a few exceptions (Fig. 4). However, calibration

did not modify greatly the general shape of the simulated leaf to vegetative weight ratio over time
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(Fig. 5), which is an indirect effect of mechanisms hard-coded in models. Across all models,
APSIM, DSSAT, and DSSAT-EBL had the lowest nRMSE and MSE for simulation of in-season
biomass, leaf and stem weight (Fig. 4), and also followed most closely the observed shape of the

leaf to vegetative weight ratio over time (Fig. 5).

3.2.2. Leaf area development

When evaluating performance of individual models for the simulation of LAI, we found that
DSSAT, DSSAT-EBL, and APSIM had the lowest nRMSE (< 31%) in Blind calibration (Fig. 4d).
After Full calibration, MONICA, SWB, and SSM performed relatively better for simulation of in-
season LAl (nRMSE = 39-45%) than DNDC, STICS, and LINTUL (52-69%) (Fig. 4d). The
analysis of the MSE decomposition indicated that models with the lowest MSE for the simulation
of in-season LAI under Blind conditions (APSIM and DSSAT models) had negligible SB (<12%
of total MSE), and most of the error (>76%) came from LC (Fig. 4h). The remaining models had
a larger contribution of MSE from SB (45-73%) for simulation of in-season LAI in the Blind
condition. After Full calibration, models with high MSE for simulation of LAI reduced MSE
associated to SB (DNDC, MONICA, STICS, SWB), but the error associated to LC remained
similar, and the one associated to NU increased for some models (DNDC, SSM, SWB). The
LINTUL model showed no improvement in the simulation of LAI after Full calibration, but a
change in the source of error, with a decrease in SB, and an increase in NU compared to Blind

conditions.

Overall, calibration reduced MSE for simulation of LAI for most models, mainly due to a
reduction in bias. Error due to bias can be typically adjusted by changing cultivar parameters
affecting dry matter accumulation, duration of leaf area development, and simulation of soil water

balance and drought stress that might limit leaf area development. However, the lack of correlation
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and non-unity of the slope for the simulation of LAI (Fig. 4h) suggest the absence of robust leaf

senescence mechanisms in many of the models.

3.2.3. Reproductive growth and partitioning to seed
For a group of four models (APSIM, DSSAT, DSSAT-EBL, and STICS), reproductive

growth started with growth of pods. For other models, it started with the growth of seeds. Thus,
models that did not simulate pod growth could only rely on measured data for final seed yield and
HI for model evaluation (Fig. 6). Final seed HI varied from 0.15 to 0.67 in the models and from
0.37 to 0.64 in the measured data, with a general trend of under-prediction by many models
(AQUACROP, DSSAT, DSSAT-EBL, DNDC, LINTUL, MONICA, SSM, STICS, and SWB)
under Blind condition (Fig. 6¢). Likewise, most of the models under-predicted final seed yield
under Blind condition. When comparing the range of seed yield for measured and simulated data
under Blind and Full calibration, it is clear that differences among models and the deviation of

models from measured values reduced substantially following Full calibration (Fig. 6).

When evaluating the performance of individual models, results showed that pod weight was
simulated with the lowest nRMSE by the DSSAT and DSSAT-EBL (nRSME <31%), followed by
the APSIM model (37%) under Blind conditions (Fig. 7a). After Full calibration, the nRMSE for
simulation of pod weight decreased in APSIM (nRMSE<27%) due to a reduction in the nRMSE
of pod growth rate (Fig. 7b). For DSSAT and DSSAT-EBL, the nRMSE for simulation of pod
weight decreased during Full calibration (Fig. 7a), mostly due to advancing the onset of pod and
seed growth (Fig. 2a-b), and less associated to a reduction in the nRMSE for the simulation of rate
of pod growth, or rate of increase in pod harvest index (Fig. 7b-c¢). In the MONICA model, the
simulation of in-season pod weight showed a high nRMSE under the Blind calibration, mainly due

to an over-prediction of pod growth rate (Fig. 7b) and total aboveground biomass. After Full
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calibration, the nRMSE for pod weight in the MONICA model was reduced but remained high
because pod and seed growth began immediately after anthesis due to the model structure for

initiating reproductive growth (Fig. 2a-b).



114

200

e

(kg ha' d-")

100+

Pod growth rate

0.016 :

b) |
0.014 - '
0.012
0.010

0.008 -

Rate of increase

harvest index (HI) in pod HI (g g™ d")

0.6-c)

Zﬁﬁgﬁi%%

Final seed

0.3

1
- l ' ' :
2 __ 6000+ ! : : : :
PR I = I = P =l
® < 4000- é ' é LES
bg ' T =
o~ = ’ ! i . :
S 2000 . ; ! : . ; i :
LL 1 ] ] 1 1 1 H H 1
A o)
S § & & @ 5 F 5 & & §
o & 8 g & £ £ & £ &5 5
< O § & K 5 & 2 &
X e ~ X @
) 2 S
Ie; %)
< Q

Calibration £ Biind E5 Ful

115
116  Figure 6. Measured and simulated rate of pod growth (a), rate of increase in pod harvest index

117  (b), final seed harvest index (c), and final seed yield (d) by model and calibration. Boxplot show
118  variability across 19 treatments and all locations. The whiskers show 10" and 90™ percentiles,
119  while the bounds are 25" and 75™ percentiles, with median shown as the line within the box.
120
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Figure 7. Normalized root mean square error (nRMSE) and mean square error (MSE) for the
simulation of in-season pod weight (a and f), pod growth rate (b and g), rate of increase in pod
harvest index (¢ and h), final seed harvest index (d and 1), and final seed yield (e and j) by model
after Blind and Full calibration. Statistics calculated across all treatments and locations. The
MSE is further decomposed into lack of correlation (LC), non-unity of slope (NU), and standard
bias (SB).
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For the simulation of final seed yield, the nRMSE ranged from 20% (DSSAT-EBL) to 51%
(SWB) after Blind calibration, and from 8% (DSSAT) to 31% (AQUACROP) after Full calibration
(Fig. 7e). DSSAT and DSSAT-EBL followed by APSIM generally had the lowest nRMSE (<24%)
in the Blind calibration for simulation of final seed yield and HI (Fig. 7d-e). Similar to the other
variables analyzed, the analysis of the MSE decomposition revealed that high nRMSE for

simulation of yield and HI was largely associated to a large bias (SB) (Fig. 7i-j).

We further analyzed the reproductive growth over time using the time-series of simulated
seed HI (Fig. 8). We did not have observed seed growth data to compute seed HI, but the pod HI
is shown in Fig. 8 as reference, with the premise that the rate of pod HI increase is likely similar
in pattern to the rate of seed HI. The shapes of seed HI curves were different across models, and
treatments (Fig. 8). Models differed in the onset of growth allocation to seed, and in turn, the rate
of increase in HI also varied to match the final measured yield. Calibration also modified the shape
of the simulated seed HI over time for some models, due to adjustments of parameters to improve
simulation of the final seed yield without regards to the in-season seed growth dynamics. The
range of the rate of increase in seed HI among models was 0.003—0.030 HI d™! after Blind and
0.002—0.064 HI d™! after Full calibration (Fig. 9a). In contrast, the rate of increase in pod HI from
the measured data in our study ranged from 0.008 to 0.0192 pod HI d™! across treatments. Based
on our literature review, the rate of increase in seed HI from other experimental sites ranged from
0.0100 to 0.0210 HI d"! (Fig. 9b). The rate of increase in seed HI was higher for the STICS model
(median of 0.0329 HI d'!) compared to the other models and the reported values in the literature
(Fig. 9a-b). In contrast, the AQUACROP MONICA, and SWB models had relatively lower rates
of increase in seed HI after Full calibration compared to values reported in the literature (Fig. 9a-

b).
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154  Figure 8. Seed harvest index over time simulated by models and pod harvest index over time

155  measured in the field. Individual lines represent the nineteen treatments and the different colors
156  distinguish the five locations.
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Figure 9. Rate of increase in seed harvest index (a and b), effective seed filling period (¢ and d),

and individual seed growth rate (e and f), calculated from the simulated data by model and
compared to independent data from other sites published in the literature. Boxplot show
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variability across 19 treatments and all locations. The whiskers show 10™ and 90 percentiles,
while the bounds are 25" and 75" percentiles, with median shown as the line within the box.
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We computed the duration of the simulated seed growth as the effective filling period and
compared it with literature-reported values (Fig. 9¢c-d). In the literature, the effective seed-filling
period ranged by as much as 13—57 days (Fig. 9¢-d). The effective seed-filling period simulated
by most models remained within the range of values typically reported in the literature (Fig. 9d).
However, we found that models that began accumulating seed weight on the day of anthesis
(AQUACROP, MONICA, LINTUL, and SWB) had longer effective seed filling period (median
38-52 days after Full calibration) compared to other models (Fig. 9¢), and in the high range
compared to those in the literature (Fig. 9d). In contrast, the STICS model had a shorter seed-fill

period (16 days) compared to other models (Fig. 9¢) and literature-reported values (Fig. 9d).

Lastly, a group of models (STICS, DSSAT, and DSSAT-EBL) simulated seed number.
Given that seed number is a plastic yield component that will change across environments, we
calculated the individual seed growth rate to compare with values in the literature (Fig. 9e-f). The
individual seed growth rate simulated by DSSAT and DSSAT-EBL was within the range of

literature reported values, while the rate from STICS model was higher than the reported values.

4. DISCUSSION

4.1. Vegetative growth and partitioning: In-season biomass, leaf, and stem weights

We found that models that performed best under Blind calibration for the simulation of
vegetative in-season growth (DSSAT, DSSAT-EBL and APSIM) had benefitted from prior
evaluations with soybean experimental datasets compared to the other models that had conducted
fewer to no evaluations (Supplementary Fig. S1). The AQUACROP model ranked third in prior

experience (Supplementary Fig. S1), but it is a model driven by crop transpiration (Steduto et al.,
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2009) with relatively simple crop growth mechanisms that does not differentiate between stem and
leaf tissues (Tables 1-2). The list of model parameters adjusted to improve the simulation of dry
matter production from Blind to Full calibration (Supplementary Table 2) shows that this study
provided the opportunity to parameterize some of the less experienced models (MONICA, SWB,
and DNDC) to help improve the simulations of in-season vegetative growth during Full calibration
(Fig. 4). In addition, some models (STICS and SWB) modified parameters related to leaf
senescence and translocation of assimilates from vegetative to reproductive tissues during Full
calibration (Supplementary Table 2). The measured leaf to vegetative weight ratio showed a
linear decline over time, which was mimicked most closely by the DSSAT and DSSAT-EBL
models followed by APSIM and LINTUL, even after Blind calibration (Fig. 5). However, model
calibration did not greatly affect the pattern of the leaf to vegetative weight ratio curves over time
in most instances, indicating that models continued to partition new vegetative growth similarly
after calibration (Fig. 5). These results indicate that detailed in-season data for model calibration
can partially reduce uncertainty in simulation of in-season growth associated with bias, but to
achieve additional model improvement, the refinement of growth and partitioning mechanisms in

these soybean models is required.

We identified some opportunities for improving simulation of soybean in-season leaf and
stem growth. In the DNDC and STICS, the initial leaf to vegetative weight ratio was too small
(value of 0.5) and could be increased to better match measured data (Fig. 5). The stem to leaf
weight ratio in the DNDC remained constant throughout the growing season and could benefit
from adopting a dynamic partitioning approach. In most models, the decline in the leaf to
vegetative growth ratio was simulated by partitioning coefficients that are phenology-based, and

also indirectly due to leaf senescence. In the DSSAT and DSSAT-EBL, the decline in the leaf to
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vegetative mass ratio is mostly driven by new stem growth along with leaf and petiole (stem)
senescence as a function of N remobilization (Boote et al., 1998; Jones et al., 2003), but it is also
affected by stored carbohydrate and protein accumulation in stems and leaves during early
reproductive growth and then subsequent mobilization of carbohydrate and protein to seed. This
approach in the DSSAT and DSSAT-EBL models is consistent with experimental data showing
that assimilate source for seed growth in soybean is a combination of new photoassimilates, and
to a minor extent carbohydrate and protein remobilization from stems and pod shells (Seddigh and
Jolliff, 1986). It is possible that under some stress conditions or high yielding environments,
models may benefit from accurate simulation of assimilate partitioning into stem and leaf tissue,

and accounting for assimilate remobilization from these tissues to final seed yield.

We also observed that the MONICA, SWB, and DNDC models had a high leaf to vegetative
weight ratio at harvest since these models did not simulate total abscission of senesced leaf mass.
This was partially due to these models originating from cereal crops, where most of the senesced
leaf mass remains attached to the stem and is accounted for with total aboveground biomass at
harvest. This has implications for using observed total aboveground biomass at harvest or HI data
to evaluate these models, and for accurate simulation of organic C and N inputs to the soil and
turnover. There is a clear opportunity to improve some models for simulation of end-of-season
growth, as well as C and N dynamics by programming senesced leaf mass to become part of the

surface soil residue.

Overall, we found that the analysis of the ratios of different tissues in this study was useful
to elucidate model differences and identify opportunities to improve models for simulation of in-
season growth. The partitioning of growth into different plant components is a topic that has

received little attention in prior crop model evaluations, which typically focus on evaluating
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models for simulation of total biomass over time or just final yield. Interestingly, our observed
data across five contrasting locations showed consistent trends across treatments in the dynamics
of ratios for different tissues over time. These results suggest there is an opportunity to develop
protocols that simplify sampling operations in experimental trials that collect detailed data for

model calibration.

4.2. Leaf area development

The models evaluated in our study also differed in the approaches to simulate LAIL the
factors that affect leaf area development, such as temperature, nitrogen, and drought stress (Table
2), and the cardinal temperatures governing leaf appearance rate and expansion (Supplementary
Table 1). Consequently, models differed in their LAI curves (Fig. 3). Battisti et al. (2017b) found
differences in the shape of LAI curves among three soybean models and found a strong effect of
irrigation on the curves, with faster decline in LAI for rainfed compared to irrigated treatments.
This was consistent with results from our study, where under Blind calibration, differences in
simulated LAI were partially due to uncertainty in simulating water balance and crop water stress.
During Full calibration, in addition to adjusting soil and crop parameters associated with soil water
balance and crop water uptake, modelers adjusted specific leaf area (DSSAT, DSSAT-EBL,
LINTUL, MONICA, and SWB), phyllochron (SSM), leaf fraction in biomass (DNDC, LINTUL,
and SWB), and relative rate of increase in LAI (LINTUL and STICS) (Supplementary Table 2).
To improve the simulation of LAI during the leaf senescence phase, the modelers adjusted
parameters related to the start of leaf senescence (LINTUL and SWB), relative death rate of leaves

(LINTUL, MONICA), and lifespan of an adult leaf (STICS).

Models most experienced with prior soybean datasets (APSIM, DSSAT, and DSSAT-EBL)

ranked first for simulation of in-season LAI under both Blind and Full calibration (Fig. 4d).
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Interestingly, these models use contrasting approaches for simulation of LAI (Table 2). In the
DSSAT and DSSAT-EBL models, leaf area development uses a carbon and temperature hybrid
approach, with carbon-based assimilate production and an allocation to leaf that varies as a
function of vegetative stage or thermal time (Boote et al., 1998; Hoogenboom et al., 1992). In the
APSIM model, leaf area development is strictly temperature-based using thermal time for
node/leaf appearance rate with no influence of assimilation (https://www.apsim.info/). Even
though the different approaches for simulation of LAI did not affect model performance for
experienced models, our previous study found that simulation of LAI across models and in turn
final yield differed across the same models when evaluating model responses to varying
temperature and atmospheric CO> concentration (Kothari et al. 2022). Thus, one could hypothesize
that the specific approaches for simulation of LAI have limited impact on the performance of
experienced models under baseline conditions, but may be a source of uncertainty for climate-

change model applications.

For many models, there was high uncertainty for simulation of in-season LAI during Blind
calibration that was mostly due to large standard bias (Fig. 4h). In models that derive leaf
expansion based on carbon allocation entirely (MONICA, LINTUL, SWB, and DNDC), the bias
in simulation of in-season LAI could be associated to the error simulating in-season aboveground
biomass and leaf weight under Blind calibration (Fig. 4a-b). After Full calibration, a lack of
correlation between measured and simulated LAI remained the largest source of error (Fig. 4h).
The leaf area development can be more challenging to mimic than the total aboveground biomass
curves because while the biomass increases over time, the LAI curves have both increasing and
receding components. The variation among models for LAI was greater in the receding side of the

curve in part because of different model approaches for leaf senescence (see example from two
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treatments in Fig. 3). Our results are consistent with Jégo et al. (2010), who used the STICS model
to simulate LAI in Canada and attributed poor model performance for LAI to the inadequate
simulation of leaf senescence. Similar results were observed by Sampaio et al. (2021) using
DSSAT for different plant densities under a humid low-latitude environment for two different
maturity groups. Under no water limitation and high LAI, modest leaf senescence can occur in
soybean as a result of decreased PAR intensity in the lower canopy (Pons & Pearcy, 1994). The
effect of PAR intensity on leaf senescence is accounted for in DSSAT and DSSAT-EBL (Table
2). Other factors such as leaf age or temperature, water, and N limitation further influence leaf
senescence, and were accounted for in most models (Table 2). After the start of rapid seed growth,
nitrogen and carbohydrates from senesced tissues are mobilized to the seed. The seed demand for
nitrogen in the SSM model is proposed to trigger an “auto-destruction” of stem and leaf tissues
that drives leaf senescence in this model, based on the mechanism hypothesized by Sinclair and
de Wit (1976). There are contrasting theories on whether seed N demand drives senescence of
vegetative tissues in soybean. Other studies demonstrated that leaf senescence does not occur due
to seed N demand, but may be regulated by life-cycle processes in the leaf (Hayati et al., 1995;
Seddigh and Jolliff, 1986). Overall, leaf senescence remains a major source of uncertainty for

simulation of daily LAI in soybean models.

4.3. Reproductive development

Partitioning of assimilates to reproductive growth in crop models is tightly linked to the
simulated timing of different reproductive stages, which indicate the start of assimilate allocation
to reproductive tissues. For this reason, observed timing of reproductive developmental stages can
be a relatively easy non-destructive measurement with high impact to reduce uncertainty for

simulation of crop yield. Previous multi-model studies for cereal crops showed the value of
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observed phenology data to provide relatively good model simulations with limited observed crop
growth data for calibration (Bassu et al., 2014). However, our inter-comparison of soybean models
revealed profound differences among models in their structure for simulation of different
reproductive stages (Fig. 1, Table 1) that have important consequences that limit model calibration
with observed data on developmental stages. Overall, models showed large differences in the
simulated time of the start of seed growth after beginning flowering (Fig. 2). For example, in 2000
Irrigated’ treatment in ARGN after Full calibration, seed filling started as early as 54 days after
planting in LINTUL and as late as 112 days in SSM model (Fig. 2). These large variations in the
onset of start of reproductive growth were caused by two main reasons: (i) several models
originated from cereal crops, and in some of these models the timing of beginning seed growth is
still programmed to occur close to anthesis (Fig. 1), and (i7) modelers modified the time to start
seed growth and its duration to match measured pod growth and final yield during Ful// calibration,
with less regard to the timing of measured reproductive stages. As we will discuss below, the first
source of uncertainty for simulation of the onset of reproductive growth in soybean is derived from
differences in model structure, whereas the second reason is derived from current uncertainty in

experimental data for soybean developmental stages.

We found that reducing uncertainty in soybean models with observed phenology data is
currently limited by model structure for simulation of reproductive stages. In some models initially
developed for cereal crops (AQUACROP, LINTUL, MONICA, and SWB) the onset of seed
growth is programmed to coincide with the onset of anthesis (Battisti et al., 2017a; Nendel et al.,
2011). This is true for cereal models that already have the rachis and glume structures supporting
the kernel at the moment of anthesis. But this approach does not apply well for grain legumes,

where after flowering, pods and seed tissues need time to develop, and rapid seed growth can begin



329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

6 to 20 days after beginning of flowering for any individual flower (Ali et al., 2022). In addition,
soybean plants keep adding new flowers as well as new nodes over a several-week period. This
means that at a given moment in time, soybean plants can have flowers, early developing pods,
and seeds undergoing rapid seed growth co-occurring (Fig. 1). Of interest, a few models (DNDC,
MONICA, SSM) closely simulated the timing of the Beginning pod stage based on different
photothermal approaches (Table 1 and 3), but these models either did not simulate pod growth
tissue yet (DNDC, SSM), or it was still programmed to coincide with the onset of anthesis

(MONICA).

On average, the simulated date of beginning seed growth in some models (AQUACROP,
LINTUL, MONICA) occurred 35 days earlier compared to the observed data (Table 3), and
increased the simulated duration of seed fill. Alternatively, the SWB model had a delayed start of
seed growth that matched the measured beginning seed stage (Fig. 2). To compensate for an early
start of seed growth, some models with co-occurring date of flowering and beginning seed growth
had a reduced rate of increase in seed HI (AQUACROP, MONICA, and LINTUL) or they ended
physiological maturity relatively sooner compared to observed data in some instances
(AQUACROP) (Fig. 9, Table 3). The lag between flowering and the beginning of seed growth in
soybean is, in fact, not negligible. In our study, the period from the observed beginning flowering
and beginning seed (Fehr and Caviness, 1977) ranged from 24 (AKNS) to 52 (ARGN) days and
averaged 41 days among the 19 treatments. In addition, it is important that the soybean models
account for the interactive effect of temperature and photoperiod on the rate of development from
flowering to beginning pod and seed growth (Table 1). For example, in a regional study conducted
in the Mid-South USA (30.6 to 38.9 °N), the time from beginning flowering to beginning seed

ranged from 20 to 61 days across locations and planting dates for MG 4 cultivars (Salmerén and
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Purcell, 2016). In soybean, long photoperiods are known to prolong the window from flowering
to beginning seed growth, and the duration of the window of pod addition (Nico et al., 2016;
Summerfield et al., 1998). Including the effect of photoperiod on the rate of development towards
reproductive stages should be a priority for soybean models that currently do not account for this

effect (Table 1).

The second factor causing variation in the simulated onset of reproductive growth was the
uncertainty in experimental data for soybean developmental stages. The standardized monitoring
of soybean pod and seed developmental stages is typically based on the four upper-most nodes of
the main stem (Fehr and Caviness, 1977). However, field-observed phenology dates for beginning
pod and seed based on Fehr and Caviness (1977) occur later than the “real” start of allocation of
growth to pods and seeds. Thus the Fehr and Caviness (1977) stages can be indicative but cannot
be directly compared to simulated onset of pod and seed addition in crop models. As a result, even
for the experienced models in our study such as APSIM and the DSSAT models, the simulated
time of beginning seed, was modified during Full calibration to better fit observed pod growth
data, compared to simulations after Blind calibration based on observed phenology dates by Fehr
and Caviness (1977) (Table 3). Other studies had previously raised this issue of the discrepancy
between typically observed R3 and R5 dates versus modeled start of pod and seed growth (Battisti
et al., 2017b; Salmeron and Purcell, 2016). Based on a regional study in the Mid-South US, the
lag time between the RS beginning seed stage by Fehr and Caviness (1977) and the time when
seeds of the same developmental stage occur anywhere on the plant averaged 7 days, but varied as
much as 0 to 25 days across latitudes, planting dates, and cultivar MGs (Salmeron and Purcell,

2016).
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In summary, we identified a clear opportunity for some of the soybean models to include a
lag between anthesis and the start of seed growth for a more realistic simulation of soybean
reproductive growth. Simulating this lag-phase and the effect of photoperiod on its duration, will
be particularly critical for those models attempting to simulate the number of seeds (Nico et al.,
2016). We also suggest recording the occurrence of first developing pods and seeds in the plant in
field trials, instead or in addition to, the stages based on Fehr and Caviness (1977), to reduce the
current uncertainty in simulation of start of reproductive growth in models when only phenology

data is available for calibration.

4.4. Reproductive growth and yield formation

Models also differed in their approaches to allocate new growth to reproductive tissues, and
in simulating growth of pod shells (or not) and seed (Tables 1 and 2). The approaches for yield
determination in the models in this study included setting the rate of harvest index increase or
setting the final seed harvest index (APSIM, AQUACROP, DNDC, and SSM), partitioning
fractions to reproductive organs (MONICA, LINTUL, SWB, and STICS), and simulation of
individual pod and seed cohorts (DSSAT and DSSAT-EBL) (Table 1). The nRMSE among models
in simulating final seed yield was below 20% in seven out of nine models (Fig. 7e). This suggests
that if the goal of model application is to estimate final seed yield, and if measured crop data for
calibration is available, then models with different complexity and experience can perform
similarly. The reasonable accuracy for seed yield despite the lack of pod growth simulation in
many models could be attributed to the prior calibration and model development efforts that
heavily focused on the final seed yield. However, this may not be true where models are used

blindly with no local data for calibration. Furthermore, large differences remain in model-
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simulated yield in response to CO and temperature for climate change applications, outside of the

range of conditions that were used for model calibration (Kothari et al., 2022).

While calibration improved the simulation of final seed yield, this was not always associated
with improved simulation of in-season pod growth dynamics. After Full calibration, the analysis
of the rate of increase in seed HI (Fig. 8), revealed large differences across models. Reducing
uncertainty for simulation of seed growth dynamics in soybean models will require a better match
between model structure and common data available for calibration from experimental trials. On
one hand, observed time-series pod growth data is usually recorded from frequent destructive crop
samplings in soybean trials, whereas seed growth data is seldom available (the seed-separating
process is very time-consuming for developing seeds). On the other hand, few models are currently
capable of simulating pod tissue growth (APSIM, DSSAT, MONICA), limiting the ability to
calibrate these models with the most commonly available in-season reproductive growth data. We
complemented our model evaluation for seed growth traits with data from the literature (Fig. 9),
which showed that reproductive growth dynamics varied across models and deviated from the
literature for variables such as duration of the seed-filling phase, single seed growth rate, and rate
of increase in HI (Fig. 9). Further model development to simulate pod tissue growth as well as

collecting experimental in-season growth data for evaluating soybean models is essential.

During Full calibration, the modelers typically adjusted the seed harvest index or
partitioning fraction to improve the simulation of in-season reproductive growth and final yield
(Supplementary Table 2). In addition, in a group of models (DNDC, SWB, and APSIM),
parameters affecting crop evapotranspiration and water demand were adjusted to improve
simulation in drought-stressed treatments. In MONICA and LINTUL, partitioning fractions are

modifiable by developmental stage, allowing more flexibility to the model user. In DSSAT and
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DSSAT-EBL, parameters related to maximum weight per seed, pod and seed fill duration, and
threshing percent were adjusted during Full calibration. The weight per seed was used to adjust
seed number and weight per seed in the DSSAT model but had limited effect on simulation of final
yield. In the STICS model, the slope of relationship between seed number and growth rate were
modified to simulate seed number, and the rate of increase in harvest index was modified to
simulate pod growth and final yield. Unexpectedly, the changes made in STICS for improving
final seed yield led to large deviation in the individual seed growth rate, and the rate of increase in

seed harvest index when compared with other models and literature-reported values (Fig. 9).

Out of the ten models evaluated in this study, only DSSAT and STICS models simulated
seed number. Detailed data on seed number over the growing season, and on the duration of the
window of flower and pod addition would be helpful to evaluate and better parameterize these
models. However, there are currently no standardized approaches to quantify the duration of the
window of flowering and pod addition in field trials. Simulation of seed number may be relevant
because for soybean and other grain crops, seed number is a yield component of high plasticity
that helps adapt the size of the reproductive sink to the resources in a given environment (Borras
et al., 2004; Sadras, 2007). Thus, differences in soybean yield across environments are best
associated with differences in seed number, relative to the other major yield component, weight
per seed (Egli et al., 1998). Yield components in soybean are determined in a sequential and
partially overlapping way, with seed number determined before seed weight (see window of pod
addition in Fig. 1). Seed size in soybean can also have considerable variation in response to
changes in assimilate supply during the seed filling phase (Borrés et al., 2004; Chiluwal et al.,
2022). After Full calibration, most models with a partitioning or HI approach simulated final yield

with similar error compared to models that have a sequential simulation of yield components and
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growth of individual sinks (DSSAT, DSSAT-EBL and STICS) (Fig. 7e). However, considering
the sequential determination of yield components in more mechanistic crop models may increase
their capacity to accurately account for environmental stressors and simulate soybean yield outside
of calibration environments. The logical assumption is that HI and allocation approaches may
“fail” by overpredicting yield in extreme stress conditions, unless empirical equations that account
for stress factors differently during developmental stages are implemented in the code. For
instance, the effect of high temperatures around anthesis is implemented in the DNDC model
(Supplementary Table 1). Simulation of different yield components and sequential addition of
pod cohorts, may provide opportunities for expanding the model applications and improving model
performance under high stress conditions and extreme events, for the models that do not currently

include this complexity.

5. CONCLUSIONS

We conducted a multi-model evaluation of ten crop models with detailed multi-site soybean
growth data to investigate the current state of eco-physiological models for simulating in-season
growth dynamics. In addition to evaluating models for in-season dry matter accumulation, which
is typically explored in modeling studies, we analyzed the ratios of dry matter partitioning to
vegetative and reproductive tissues, which has received little attention in the past studies. We
found that our assessment of current crop model performance for simulation of soybean in-season
growth dynamics was helpful to identify opportunities for model improvement, in particular for
models with limited prior evaluation with experimental data. In addition, our study highlights
bottlenecks in experimental data used for model evaluation, and recommends collection of key

crop developmental and growth data in future studies.
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