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ARTICLE INFO ABSTRACT

Keywords:: Soybean (Glycine max L. Merr.) is an important global crop that supplies protein and oil for the food and feed
C?r‘bOhydrates industries. However, its yield and nutritional quality are increasingly affected by climate change. This study
Lipids combines experimental data with predictive modeling to assess how elevated CO; (eCO3), high temperature, and

Nutritional Quality

rought (either alone or combin influen bean grain pr ion an mposition. Plan re grown
Predictive Modeling drought (either alone or co: ed) uence soybean grain production and compositio ants were grow

under controlled conditions simulating future climate scenarios, and biochemical traits, including carbohydrates,

Ef::,:ltzz co2 proteins, lipids, and amino acids, were analyzed. Generalized linear models (GLMs) and machine learning al-
Temperature gorithms (XGBoost, CatBoost) were used to predict yield and quality responses based on early—stage biomass
Soybean data. Elevated CO; increased grain production up to 142%, while high temperature and drought reduced yield by
Drought 91% and 60%, respectively. The combined “Triple Effect” (CO2 + high temperature + drought) was evaluated
Climate change through predictive modeling from experimentally validated dual-stress datasets (eCO; + temperature and eCO5

+ drought), as this specific three-factor combination was not validated experimentally. Model projections a
potential 50% increase in grain production, 35% soluble sugars, and a 175% rise in amino acid content,
accompanied by reductions in starch (—20%) and protein (—6%). Elevated CO2 may partially offset stress, while
inducing metabolic shifts that could increase productivity, but alter grain nutritional quality. The integrated
experimental with modeling framework highlights the importance of early physiological indicators and pre-
dictive tools to anticipating yield—quality trade-offs and support development of soybean cultivars resilient to
multifactorial climate stress under future environmental conditions.

Abbreviations: aCO4, Ambient carbon dioxide; ANOVA, Analysis of variance; C/N, Carbon to nitrogen ratio; CatBoost, Categorical Boosting; CO,, Carbon dioxide;
DAE, Days after emergence; Drought, Water deficit treatment; eCO,, Elevated carbon dioxide; eCO,+Drought, Elevated CO, combined with drought; eCO,+Temp,
Elevated CO, combined with high temperature; FACE, Free-Air CO, Enrichment; FAME, Fatty acid methyl ester; FAO, Food and Agriculture Organization; GC-FID,
Gas chromatography with flame ionization detector; GLMs, Generalized Linear Models; HPAEC-PAD, High-performance anion-exchange chromatography with pulsed
amperometric detection; OTC, Open-top chamber; WUE, Water-use efficiency; RICS, Remote Integrated Control System; RMSE, Root mean square error; SPAR, Soil-
Plant-Atmosphere Research; Temp, High temperature treatment; Triple Effect, Combined elevated CO,, high temperature, and drought; USDA, United States
Department of Agriculture; XGBoost, Extreme Gradient Boosting..
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1. Introduction

Soybeans (Glycine max L. Merr.) are important to global food sys-
tems, significantly contributing to nutrition, bioenergy, and biotechno-
logical innovations (Palacios et al., 2019; Wu et al., 2018). It is the
world's leading grain crop, providing about 29% of the world's vegetable
oil and serving as a major source of protein (SoyStats, 2023). Brazil is the
largest producer (157 Mt — million tons), accounting for 39% of global
production, followed by the United States (113 Mt — 28%), Argentina
(50 Mt — 13%), and China (20 Mt - 5%) (USDA, 2024). In 2021, Brazil’s
soybean productivity (3.5 ton/ha) exceeded the global average (2.8 ton/
ha), its position as the top exporter with 86 million tons (ANEC, 2022;
CONAB, 2021; USDA, 2024). However, soybean production faces
increasing threats under climate change scenarios, particularly elevated
CO; (eCOy), high temperatures, and drought, all of which can disrupt
both production and quality. This, in turn, threatens global food security
and economic stability (Beck, 2013).

Climate change introduces multiple interconnected stressors that
impact soybean growth, productivity, and grain composition. Elevated
atmospheric CO» generally boosts photosynthesis and biomass accu-
mulation by improving carbon fixation and water-use efficiency
(Digrado et al., 2024; Keenan et al., 2023; Thenveettil et al., 2024).
Several studies have demonstrated that soybeans grown under eCO,
increased net photosynthesis, resulting in higher vegetative biomass and
pod production (Gong et al., 2025; Zheng et al., 2020). However, these
physiological improvements are often paired with reductions in grain
size, seed weight, and nutritional quality. Lower levels of protein,
minerals, and starch have been observed under eCO,, due to carbon-
-nitrogen dilution effects and changes in source-sink dynamics (Ekele
et al., 2025; Machado et al., 2025; Poudel et al., 2023; Zipper et al.,
2016). Such shifts in composition, balancing productivity with grain
quality, raise concerns about the nutritional sufficiency of soy-based
foods in a high-CO3, future.

Temperature and water availability are major climate-related
stressors affecting soybean yield and seed quality (Palacios et al., 2019).
Soybeans grow best between 20 °C and 25 °C, but prolonged exposure to
temperatures above 29 °C decreases pod numbers and seed weight.
Temperatures over 35 °C severely disrupt flowering, pod set, and grain
filling (Cai et al., 2020; Mourtzinis et al., 2015; Onat et al., 2017). Recent
studies show that each 1 °Crise in average temperature can reduce yield
by about 17%, depending on cultivar and growth stage (Thenveettil
etal., 2024; Yang et al., 2023). High-temperature stress also changes the
seed’s biochemical makeup by increasing lipid saturation and
decreasing protein and starch levels, which harms both technological
and nutritional quality (Gong et al., 2025; Machado et al., 2025).

Water deficit is another major factor limiting soybean productivity
and composition. Drought stress decreases photosynthetic efficiency,
nitrogen fixation, and assimilate transport, resulting in smaller grains
and yield losses of up to 40% (Gray et al., 2016; Poudel et al., 2023).
Severe drought during reproductive stages disrupts carbohydrate and
amino acid metabolism, reducing seed protein and oil levels (Ekele et al.,
2025). Therefore, soybean yield and quality are highly vulnerable to
changes in rainfall and soil moisture throughout the growing season
(Sentelhas et al., 2015). Globally, climate-induced stressors have caused
an estimated 21% decline in agricultural productivity since 1961, with
tropical regions like Latin America being disproportionately impacted
(Ortiz-Bobea et al., 2021).

Most studies assessing plant responses to environmental stressors
have traditionally focused on individual factors or dual interactions,
such as CO5 x temperature or eCO; x drought (Ainsworth & Lemonnier,
2018; Ainsworth & Long, 2021; Fortirer et al., 2023; Fu et al., 2015;
Pascual et al., 2022; Yoldi-Achalandabaso et al., 2025). Experimental
evidence indicates that combined heat and drought stress can cause
substantially greater damage to crops than individual stressors, due to
compounded limitations on photosynthesis, metabolism, and repro-
ductive development (Jiang et al., 2025; Pascual et al., 2022; Peldez-
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Vico et al., 2024; Zandalinas et al., 2024). Although elevated CO5 may
partially offset stress effects, its mitigation potential depends on species
and environmental context (Shanker et al., 2022; Wang & Liu, 2021).
Combining controlled experiments with predictive modeling has been
recognized as a strategy for improving climate impact assessments, as
empirical data provides mechanistic understanding while models enable
extrapolation to future climate scenarios (Wang et al., 2017; Ewert et al.,
2007). However, relatively few studies have investigated the simulta-
neous interaction of elevated CO,, increased temperature, and drought
within a unified experimental modeling framework, particularly in
soybean (Yoldi-Achalandabaso et al., 2025).

Biomass accumulation serves as an early indicator of yield potential
and changes in grain composition, offering valuable insights for pre-
dicting soybean performance under future climate scenarios in regions
as Brazil (Bui et al., 2024; Monteiro et al., 2022). Recent progress in
spatialized and process-based crop modeling has allowed researchers to
expand these plant physiological responses from experiments to regional
and national scales, supporting precision agriculture and sustainable
food production (Pasquel et al., 2022). Climate projections forecast in-
creases in both temperature extremes and drought frequency across
major soybean-producing regions (Assad & Assad, 2024; FAO, 2023;
Marengo et al., 2017). These conditions intensify soybean sensitivity to
water deficits, leading not only to lower yields but also to changes in
grain composition, especially in protein, lipid, and carbohydrate frac-
tions (Ekele et al., 2025; Gray et al., 2016). Combining experimental
data with predictive models that account for these combined stress re-
sponses is therefore essential for guiding breeding programs and main-
taining nutritional quality in global food systems.

The complex interactions among climate variables, such as CO;
levels, temperature, and water availability, call for robust modeling to
forecast their combined effects on crop productivity and grain compo-
sition. Generalized Linear Models (GLMs) extend traditional regression
by handling non-normal response distributions and complex in-
teractions among predictors (Nelder & Wedderburn, 1972). They have
been effectively used in agricultural and food research to estimate
physiological traits, such as seed vigor, germination time, and unifor-
mity, which are directly connected to seed quality and post-harvest
performance (Jardim Amorim et al., 2021). Their flexibility and strong
statistical foundation make them well-suited for modeling biological
data that varies and depends on multiple factors. Recent research shows
that GLMs can outperform simpler empirical models in predicting yield
and quality outcomes, achieving lower root mean square error (RMSE)
values and greater stability in predictions under different environmental
conditions (Shastry et al., 2017).

Predictive models that incorporate key environmental stressors, such
as eCOo, high temperature, and drought, are important tools for pre-
dicting climate-driven effects on crop productivity and grain composi-
tion. These models can assist decision-making in agriculture and food
security by identifying thresholds where yield and quality decline (Jin
et al., 2017). However, most current approaches assess stressors sepa-
rately, ignoring their complex, nonlinear interactions (Jin et al., 2017;
Zandalinas & Mittler, 2022). Machine learning methods provide new
opportunities to address these limitations by capturing complex re-
lationships between environmental variables and plant physiological
responses. Among the most reliable ensemble techniques, Extreme
Gradient Boosting (XGBoost) and Categorical Boosting (CatBoost) have
demonstrated superior predictive accuracy in modeling structured,
multivariate datasets. XGBoost is well-known for efficiently modeling
nonlinear dependencies and interactions (Chen & Guestrin, 2016; Li
et al., 2023), while CatBoost enhances model generalization through
ordered boosting and optimized handling of categorical features
(Hancock & Khoshgoftaar, 2020; Prokhorenkova et al., 2018).

This study aimed to: (i) assess the predictive accuracy GLMs using
early-stage physiological and morphological traits measured at 60 days
after emergence (DAE) to forecast soybean grain yield and nutritional
quality at harvest (125 DAE) under different environmental conditions;



J.S. Fortirer et al.

and (ii) model the combined effects of eCO,, high temperature, and
drought—referred to as the “Triple Effect”—on soybean grain produc-
tion and composition by integrating experimental datasets from dual—-
stress treatments (e.g., eCO5 + temperature or eCO5 + drought). To our
knowledge, this is the first report to present an integrated approach that
connects experimental plant physiology with predictive analytics (via
GLM and machine learning), providing a new framework for under-
standing how multifactorial climate stresses (Triple Effect) influence
both productivity and grain nutritional quality in soybeans.

2. Materials and methods
2.1. Plant material and experimental design

Soybean (Glycine max L. Merr.) plants of the cultivar ‘MG/BR-46
Conquista’ (Embrapa, Brasilia, Brazil) were grown under controlled
conditions using open-top chambers (OTCs) in Sao Paulo, Brazil
(23°34'1”'S, 46°43'49"W) from September 2018 to February 2019. Seeds
were germinated at 25 °C under a 12 h photoperiod and transferred to 5L
pots containing a standardized substrate. Fifteen days after germination,
seedlings were transferred to OTCs and exposed to ambient or elevated
CO5 concentrations, marking the start of the experiment (time zero,
0 DAE - days after emergence). Elevated CO;, levels were set at 800 ppm
(parts per million), which is twice the measured ambient concentration.

Two independent experiments were conducted in the same period.
The first evaluated the combined effects of elevated CO, and increased
temperature across four treatments: ambient CO, (aCO2, 400 ppm),
elevated CO5 (eCO3, 800 ppm), elevated temperature (Temp) (+5 °C
above ambient), and their combination (eCO2+Temp). The temperature
increase (+5 °C) was applied relative to the ambient temperature con-
ditions and was maintained continuously throughout the 24-h cycle.
The eCO2 concentration of 800 ppm and magnitude of +5 °C was
selected to simulate projected warming scenarios under high—emission
pathways (e.g., SSP5-8.5), which predict regional temperature increase
of approximately 3-6 °C by the end of the 21 century in major growing
regions (Ainsworth & Long, 2021; Zhao et al., 2017; IPCC, 2021; Ruiz-
Vera et al., 2013). Such temperature increases are consistent with pro-
jections for subtropical and tropical agricultural regions, where warm-
ing is expected to impact crop physiology and productivity (IPCC, 2021).
The second experiment evaluated the effects of water deficit and
elevated CO, using four treatments: ambient CO5 (aCO3, 400 ppm),
elevated CO; (eCO,, 800 ppm), drought (Drought), and their combina-
tion (eCO2+Drought). Drought treatment was imposed on plants after
flowering (45 DAE) under both aCO, and eCO;, conditions by suspending
irrigation, followed by restricted watering (100 mL every 3 days) until
physiological maturity (125 DAE), simulating progressive soil water
conditions commonly observed under climate change scenarios (IPCC,
2021; Lesk et al., 2016)

All plants received 100 mL of Hoagland nutrient solution weekly
(Hoagland et al., 1993). Microclimatic variables such as temperature,
humidity, and CO2 concentration were continuously monitored using
automated sensors and recorded in the Remote Integrated Control Sys-
tem (RICS) software.

Ten plants per treatment were randomly harvested destructively at
two different times: 60 and 125 days after emergence (DAE). Leaves,
stems, roots, and pods were collected separately, freeze-dried, and
grains were ground for biochemical analysis. The dried material from
each plant organ was used to calculate biomass and grain production.
The grains underwent biochemical evaluation for quality traits,
including soluble sugars, starch, amino acids, lipids, carbon, and nitro-
gen content.

2.2. Non-structural carbohydrates in grain

Soluble sugars were measured from 10 mg of pulverized soybean
grains using four sequential extractions with 80% (v/v) ethanol at 80 °C,
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as described by Arenque et al. (2014). All supernatants were centrifuged
at 14,000 rpm at 4 °C and vacuum-dried (Savant SC 250 EXP, Thermo
Scientific, Asheville, NC, USA). The residues were resuspended in ul-
trapure water, and pigments were removed using chloroform. All ana-
lyses involved 10 individuals per treatment. The aqueous fraction
containing soluble sugars was analyzed by high-performance
anion-exchange chromatography with pulsed amperometric detection
(HPAEC-PAD; ICS 3000 system, Dionex-Thermo Fisher Scientific, Sun-
nyvale, CA, USA) equipped with a CarboPac PA1 column. Elution was
performed isocratically for 27 min with 150 pM sodium hydroxide, and
sugars (glucose, fructose, sucrose, and raffinose) were identified and
quantified using external standards.

For starch determination, the dried pellet from ethanol extraction
was sequentially digested with a—amylase (120 U/mL, Megazyme) in 10
mM MOPS buffer (pH 6.5) at 75 °C for 1 h, followed by amyloglucosi-
dase (30 U/mL) in 100 mM sodium acetate buffer (pH 4.5) at 50 °C for 1
h. Glucose released from starch hydrolysis was measured using a
coupled enzymatic assay containing glucose oxidase (1,100 U/mL),
peroxidase (700 U/mL), 4-aminoantipyrine (290 pmol/L), and phenol
(50 mM, pH 7.5). Absorbance was read at 490 nm after incubation at 30
°C for 15 min, and starch content was calculated from a glucose standard
curve (Sigma) following Amaral et al. (2007) and Arenque et al. (2014).

2.3. Lipid extraction and fatty acid composition

Total lipids were extracted from 50 mg of dry soybean grain through
three consecutive extractions with 1 mL of hexane at 50 °C for 30 min
under constant agitation. The combined hexane extracts were evapo-
rated to dryness, and lipid content was measured gravimetrically. The
recovered oil was resuspended in Milli-Q water and transesterified to
produce fatty acid methyl esters (FAMEs) following the method of
Christie and Hutton (1993).

For transesterification, fatty acids were treated with 5% methanolic
H2SO0. and toluene at 80 °C for 1 h. The reaction mixture was then ho-
mogenized with 0.5 M NaCl and dichloromethane, and the organic
(lower) phase was separated, washed sequentially with dichloro-
methane and 0.05 M NaCl, and dried over anhydrous NazSOa4. The pu-
rified FAMEs were resuspended in hexane for chromatographic analysis.

Fatty acid profiles were analyzed using gas chromatography with a
flame ionization detector (GC-FID; model 6850, Agilent Technologies).
The method employed an HP-Innowax fused silica capillary column
(cross-linked polyethylene glycol, 30 m x 320 pm x 0.50 pm film
thickness). The oven temperature program was: start at 150 °C for 1 min,
then increase at 15 °C min™* to 225 °C, followed by a 5 °C min™! to 260
°C, and hold at 270 °C for 7 min. Fatty acids were identified and
quantified by comparing retention times and peak areas with those of
analytical FAME standards (Sigma-Aldrich), using 10 individuals per
treatment.

2.4. Carbon, nitrogen, C/N ratio, and total protein in grain

Elemental carbon and nitrogen contents were measured from 1.5 mg
of finely ground soybean grain in 10 samples per treatment. Samples
were placed in tin capsules and analyzed by combustion using an
elemental analyzer (Carlo Erba 1110, Rodano, Italy) connected to an
isotope ratio mass spectrometer (Finnigan Delta Plus, Thermo Fisher
Scientific). The resulting CO, and N2 gases were quantified to determine
the total carbon and nitrogen levels, expressed as percentages of dry
weight. Stable isotope ratios (613C and 615N) were calculated relative to
international standards using the following equation:

R sample — R standard)
R standard

Where R denotes the isotopic ratio of 13¢/12¢ or >N/'N for the
sample and the reference standard. The C/N ratio was obtained directly
from carbon and nitrogen concentrations. Total protein content was

13Cor 15N = ( x 1000 1)
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estimated from total nitrogen using a conversion factor of 6.25, as rec-
ommended for soybean (Mariotti et al., 2008).

2.5. Experimental data analysis

Data from the two independent experiments, temperature x CO, and
drought x COj, were analyzed separately, considering 10 individuals
per treatment and harvesting period (60 and 125 DAE). The data were
examined for linearity, normality, and homoscedasticity to verify the
model assumptions. Treatments conducted during the same sampling
period were compared using one-way analysis of variance (ANOVA),
followed by Tukey’s post hoc test for mean separation (P<0.05), to
evaluate the growth parameters and biochemical variables related to
plant and grain production and quality. This approach allowed the
assessment of main effects and their interactions under different envi-
ronmental conditions. The analyses were performed using R software
version 4.4.3 (R Core Team, 2024).

2.6. Experimental data used in models and data pre-processing

The total dry biomass measured 60 days after the start of the
experiment (DAE) (Table S1) was used as the primary input variable for
model development. The responses observed at 125 DAE, including
grain yield, non-structural carbohydrates, lipids, proteins, and carbon/
nitrogen ratios, were used for model validation. Experimental scenarios
were designed to assess the isolated and combined effects of aCO5, eCO»,
Temp, and Drought.

Categorical variables were converted using one-hot encoding,
generating binary dummy variables for each treatment (aCO2, eCOq,
Temp, eCO2+Temp, Drought, and eCO2+Drought). To maintain data
balance and comparability among treatments, random subsampling was
applied to the aCO2 and eCO, groups, bringing all treatment groups to n
= 10 replicates. Before modeling, the data were checked for linearity,
normality, and homoscedasticity to ensure they met model assumptions.
Spearman’s rank correlation was used to assess relationships among
predictors and response variables (De Winter et al., 2016).

For training machine learning models, all datasets were curated,
cleaned, and standardized. Continuous features were normalized using
the min-max scaling technique to transform each variable into the [0, 1]
range according to Equation (2):

Vy =V — Vnin /Vmax — Vmin (2)

Where v represents the original feature value, V' the normalized
value, and Vi, and Ve, the minimum and maximum observed values,
respectively. This normalization ensured comparable feature scales and
improved model convergence.

Categorical variables were encoded with one-hot encoding, and the
entire dataset was randomly split into training (80%) and testing (20%)
subsets, keeping a stratified representation of all treatments to prevent
sampling bias.

2.7. Generalized linear models (GLMs)

GLMs were used to analyze the relationships between environmental
treatments and the observed responses in soybean grain production and
quality. Unlike traditional parametric models that assume normally
distributed errors, GLMs allow response variables to follow different
probability distributions, such as the Gamma distribution, offering
greater flexibility for modeling complex biological data (Nelder &
Wedderburn, 1972). The GLM was formulated as shown in Equation (3).

8(E(y)) = Bo + Py (€CO2) + B, (Temp) + B; (Drought)

3
+ B, (eCO; + Temp) + P5 (eCO, + Drought) 3

Where y represents the expected value of the dependent variable, gis
the link function that relates the mean response to the linear predictors,
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o is the intercept, and p+—fs are the coefficients associated with each
treatment effect.

Model predictions were used to estimate the relative percentage
change in production and quality parameters under each treatment
compared to the aCO; baseline. Model performance was assessed by
comparing predicted and observed values using the root mean square
error (RMSE), as described by Loague and Green (1991) (Equation 4):

n S 2
RMSE = Z M (4)
i=1 n

where n is the number of treatments, y; represents the predicted
value, and y; the observed value.

To further investigate the direct and indirect effects of the variables
eCOq, temperature, and drought on grain yield and nutritional quality, a
path analysis framework based on GLMs was used, following Streiner
(2005). All continuous variables were standardized using z-score
normalization to allow comparability across different measurement
scales (Di Paola et al., 2023), as shown in Equation (5).

Z = (x)/o ®)

where x is the original value, u is the mean, and ¢ is the standard de-
viation. Data processing and modeling were conducted in R version
4.4.3 (R Core Team, 2024) using the dplyr package (Wickham et al.,
2014).

2.8. Machine Learning modeling with XGBoost and CatBoost

Machine learning algorithms were used to develop predictive models
for soybean grain yield and nutritional quality under various environ-
mental stress conditions. Two ensemble gradient-boosting techniques
were employed: XGBoost (Chen & Guestrin, 2016; Li et al., 2023) and
CatBoost (Nishat et al., 2025; Prokhorenkova et al., 2018). These algo-
rithms were chosen for their ability to manage nonlinear relationships
and complex feature interactions while reducing overfitting through
regularization. CatBoost uses an objective function similar to that of
XGBoost (Equation 6):

7 =3 10150 +2) ©®

where 1(y, y) denotes the loss function measuring the difference
between observed (y) and predicted (y) values at 125 DAE, and Q(f) is a
regularization term that controls the model's complexity.

Model optimization was carried out through systematic hyper-
parameter tuning. For XGBoost, the main parameters adjusted included
learning rate, maximum tree depth, number of estimators, and minimum
child weight. For CatBoost, the parameters optimized were number of
iterations, tree depth, learning rate, and L2 _leaf reg (Table S2). Ran-
domized grid search and five—fold cross-validation were used to ensure
robustness during training, and early stopping criteria were applied to
prevent overfitting (Kohavi, 1995; Prechelt, 1998).

Model performance was assessed using the RMSE (Loague & Green,
1991) between predicted and experimental values. The trained models
were then employed to estimate soybean grain yield and compositional
quality under isolated and combined climate scenarios (eCO», temper-
ature, and drought). This predictive framework offers an integrative
approach to forecast yield—quality trade-offs and aids decision-making
for sustainable food production in future climate conditions.

3. Results
3.1. Microclimatic data

Throughout the experimental period, environmental conditions in
the OTCs remained stable and within expected ranges for each
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treatment. In the aCO, and eCO treatments, the average air tempera-
ture ranged from 25 to 26 °C, and the relative humidity ranged from
68% to 71% (Fig. S1). The high-temperature treatment maintained an
average of 29 °C, a +5 °C increase over ambient conditions, with an
average relative humidity of 57% (Fig. S1). In the drought experiment,
mean air temperature was around 24 °C, with relative humidity ranging
from 59% to 78% (Fig. S1). These controlled microclimatic conditions
ensured reliable differentiation among treatments and consistent simu-
lation of the intended environmental stressors.

3.2. Soybean grain production and quality under isolated and combined
effects of elevated COy, temperature, and drought

Grain production consistently increased under eCO, compared to
aCO, in both independent experiments (drought and temperature).
Grain biomass reached 13.9 and 19.0 g per plant under eCOs, exceeding
the corresponding aCO5 values (10.6 and 4.8 g) (Fig. 1a-b). Variations
among ambient replicates were mainly due to differences in sunlight
exposure, as plants in Drought conditions received higher irradiance
than those in the temperature—controlled OTCs. Despite this, the trend of
yield increase under eCO5 remained consistent across both experiments.

High temperature significantly reduced grain formation, leading to a
91% decline in grain biomass (0.63 g) compared to aCO,. Conversely,
the combined eCO,+Temp treatment alleviated temperature stress,
resulting in a 59% increase in yield (16.9 g) relative to aCO (Fig. 1a).
High temperature markedly increased soluble sugar accumulation, with
glucose and fructose concentrations rising about fourfold compared to
aCO, (Figure 2a-b). Raffinose content also increased notably under
eCO,, from 1.74 pg.mg’ in aCO, to 7.57 pg.mg™’ (+335%) (Fig. 2c),
while sucrose levels remained stable (Fig. 2d). Elevated CO5 and
eCO2+Temp promoted greater carbohydrate synthesis and allocation to
developing grains (Fig. 2).

Under drought conditions, glucose and fructose concentrations
increased by 52% (2.76 pg.mg™') and 76% (1.20 pg.mg™), respectively,
compared with aCO, (Fig. 2f, g). However, raffinose peaked under
drought (8.14 pg.mg™!) and eCO,+Drought (10.5 pg.mg™), while eCO,
alone showed the lowest level (2.14 pg.mg"l) (Fig. 2h). Sucrose content
increased significantly (+39%) only under eCO2+Drought (39.3 pg.mg’
h (Fig. 2i), whereas starch concentration was higher under eCO, (24.2
pg.mg'l) compared to aCO» (16.5 pg.mg"l) (Fig. 2j).

The total lipid content decreased by 8% at Temp compared to the
aCO5 and eCO; treatments (Fig. 3a). However, in the Drought, oil con-
tent did not decline in comparison with aCO, with an increase of 13% in
eCO;, (Fig. 3b), possibly due to acceleration in grain store development.
The fatty acid composition varied significantly, reflecting this
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developmental mismatch.

Elevated temperature treatments promote an increase in saturated
(palmitic and stearic) and monounsaturated (oleic) fatty acids, and the
eCO2+Temp condition maintained this increase (Fig. 3c). In particular,
levels of palmitic, stearic, and oleic acids rose by 14%, 7%, and 28%,
respectively, under high-temperature conditions, reflecting shifts in
lipid metabolism during grain development. The Temp and eCO5+Temp
treatments decreased the levels of polyunsaturated fatty acids (linoleic
and linolenic).

On the other hand, Drought treatment reduced the relative abun-
dance of saturated (palmitic) and polyunsaturated (linoleic and lino-
lenic) fatty acids. Still, oleic acid (monounsaturated) increased with
Drought and eCO; (Fig. 3d). Higher proportions of unsaturated fatty
acids were observed under aCO; and eCO;. In contrast, Temp and
Drought increased the relative abundance of saturated chains (Fig. 3c,
d). In any case, both eCO2+Temp and eCO2+Drought reduced linoleic
acid, the major fatty acid in soybean oil, indicating a preference for the
accumulation of the monounsaturated fatty acid, oleic acid.

Temperature and drought, both alone and combined with eCO,,
increased amino acid accumulation (Fig. 4a, b). The eCOy+Temp
treatments produced the highest amino acid levels, five times greater
than aCO,, followed by Temp (four times), Drought (three times), and
eCO»+Drought (two times). Despite these differences, total nitrogen and
crude protein levels showed no significant variation among treatments
(Figs. 4C-D, 5A).

Carbon concentration reached its maximum under eCO,, averaging
48-50% (Figs. 5B, 5E). In contrast, high-temperature treatments
showed a decline in both total carbon and the C/N ratio relative to their
ambient counterparts (Fig. 5c). Elevated CO5 enhances carbon assimi-
lation and carbohydrate storage. At the same time, Tempand Drought
treatments induce metabolic adjustments that modify sugar and amino
acid profiles, with potential implications for grain nutritional quality.

3.3. Modeling soybean grain production and quality using early—stage
biomass predictors (60 DAE) under climate stress conditions

To forecast soybean grain production and nutritional quality at 125
DAE and total plant biomass weights collected at 60 DAE were used as
predictors for each experimental treatment. GLMs were fitted to eval-
uate how physiological traits under early growth conditions explain
grain biochemical responses, such as production, soluble sugars, starch,
lipids, proteins, and amino acids, across different climate change
scenarios.

GLMs showed strong agreement between observed and predicted
values, with RMSE, indicating high predictive reliability. Grain
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Fig. 1. Soybean grains dry weight (g) at 125 days after emergence under ambient, elevated CO,, temperature, and drought conditions. Panel (a) shows treatments
applied include aCO; (400 ppm CO, + ambient temperature); eCO» (800 ppm CO; + ambient temperature); Temp (400 ppm CO; + 5 °C); eCO+Temp (800 ppm CO»
+ 5 °C). Panel (b) including aCO, (400 ppm CO, + ambient temperature); eCO5 (800 ppm CO, + ambient temperature); Drought (400 ppm CO, + watering
reduction); and eCO»+Drought (800 ppm CO, + watering reduction). Data are presented as means + standard errors (n = 10). Different letters indicate significant

differences among treatments according to Tukey’s test (p < 0.05).
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Fig. 2. Non-structural carbohydrates in soybean grains (ug.mg DW™) at 125 days under ambient, elevated CO,, temperature, and drought conditions. The panels on
the left (a—e) show temperature treatments, while those on the right (f-j) display drought treatments. Glucose (a, f), fructose (b, g), raffinose (c, h), sucrose (d, i), and
starch (e, j) in mature grains harvested from soybeans. Treatments include [aCO, (400 ppm CO, + ambient temperature); eCO, (800 ppm CO, + ambient tem-
perature); Temp (400 ppm CO; + 5 °C); eCOx+Temp (800 ppm CO, + 5 °C); aCO, (400 ppm CO, + ambient temperature); eCO, (800 ppm CO, + ambient tem-
perature); Drought (400 ppm CO, + watering reduction); and eCO»+Drought (800 ppm + watering reduction)]. Data are shown as means + standard errors (n=10).

Different letters indicate significant differences among treatments, according to Tukey’s test (p < 0.05).
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Fig. 3. Total lipids and fatty acids content (%) in soybean grains at 125 days after the experiment under ambient, elevated CO,, temperature, and drought conditions.
Panels on the left (a and c) show temperature treatments, while the panels on the right (b and d) show drought treatments. Fatty acids include palmitic acid, stearic
acid, oleic acid, linoleic acid, and linolenic acid in mature grains harvested from soybeans. Treatments used include [aCO5 (400 ppm CO, + ambient temperature);
eCO,, (800 ppm CO; + ambient temperature); Temp (400 ppm CO; + 5 °C); eCO2+Temp (800 ppm CO; + 5 °C); aCO, (400 ppm CO, + ambient temperature); eCO,
(800 ppm CO, + ambient temperature); Drought (400 ppm CO, + watering reduction); and eCO,+Drought (800 ppm CO, + watering reduction)]. Data are pre-

sented as means + standard errors (n = 10). Different letters indicate significant differences among treatments based on Tukey’s test (p < 0.05).

production had the best fit under eCO2 conditions, with observed and
predicted values of 16.9 +1.01 g and 16.6 + 0.79 g, respectively (RMSE
= 3.85) (Table 1). Conversely, Drought caused significant reductions
across all measured traits, confirming its strong negative impact on yield
and grain biochemical composition (Table 1). Soluble sugars were
significantly higher under eCO,+Temp conditions (49.2 + 3.8 pg-mg™),
with model predictions closely matching experimental values (48.1 +
2.7 ug-mg’l; RMSE = 13.3). Amino acids showed the greatest sensitivity
to environmental stressors, tripling under eCO2+Temp (observed 290.4
+ 23.2 pmol-mg’’; predicted 278.1 + 15.5 pmol-mg™!; RMSE = 85.6). In
contrast, amino acid concentrations sharply decreased under Drought
and eCOy+Drought conditions (Table 1).

Path analysis diagrams (Fig. 6) were used to quantify and visualize
the direct and indirect effects of environmental treatments on grain
production and quality traits (Hallgren et al., 2019). Each arrow in-
dicates a directional relationship, with standardized beta coefficients (p)
showing the magnitude and direction of effects. Positive p-values
represent stimulatory relationships, while negative coefficients imply
inhibitory or antagonistic effects. Line thickness reflects statistical sig-
nificance (p < 0.05), as detailed in Table 2.

The path analysis showed that total biomass at 60 DAE significantly
predicted grain production at 125 DAE across all environmental

conditions. Elevated CO2 and eCO2+Temp treatments had strong posi-
tive effects on grain production, while Temp, Drought, and eCOy+-
Drought had negative effects (Fig. 6; Table 2). Total soluble sugars had a
moderate negative relationship under Drought (p = —0.14), indicating a
trade—off between sugar accumulation and productivity during water
stress. Lipid content was positively associated only under eCOy (f =
0.08), suggesting increased carbon allocation toward lipid synthesis in
high-CO, environments. Amino acid responses varied among treat-
ments, with positive associations under eCO2+Temp (p = 0.05) and
negative relationships under eCO2+Drought (p = —0.07) and eCO5 (f =
—0.06).

3.4. Machine learning prediction of soybean grain production and quality
under the climate change “Triple Effect”

A comparative analysis of two ensemble learning algorithms,
XGBoost and CatBoost, was conducted to predict soybean grain pro-
duction and nutritional quality under combined elevated CO2, high
temperature, and drought conditions (Triple Effect). The predicted re-
sults were not experimentally validated. Model performance metrics are
summarized in Table 3. XGBoost demonstrated superior predictive ac-
curacy across all evaluated traits, with the lowest root mean square error
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Fig. 4. Proteins and amino acids in soybean grains at 125 days after the experiment under ambient, elevated CO., temperature, and drought conditions. Total amino
acids (a, b) and proteins (c, d) in mature grains harvested from soybeans. Treatments applied include [aCO5 (400 ppm CO, + ambient temperature); eCO2 (800 ppm
CO, + ambient temperature); Temp (400 ppm CO5 + 5 °C); eCO2+Temp (800 ppm CO- + 5 °C); aCO, (400 ppm CO-, + ambient temperature); eCO, (800 ppm CO, +
ambient temperature); Drought (400 ppm CO, + watering reduction); and eCO,+Drought (800 ppm CO, + watering reduction)]. Data are shown as means +
standard errors (n = 10). Different letters indicate significant differences among treatments based on Tukey’s test (p < 0.05).

(RMSE = 0.04) for grain yield prediction, followed by CatBoost (RMSE =
1.50). For grain quality parameters, XGBoost also outperformed Cat-
Boost, showing a greater ability to capture nonlinear and multivariate
interactions among environmental stressors (Table 3).

Model-based projections showed that, compared to ambient condi-
tions, the combined Triple Effect scenario resulted in a 50% increase in
grain production, a 35% rise in soluble sugar concentration, and a
remarkable 175% increase in total amino acid content. In contrast,
starch and protein levels dropped by about 20% and 6%, respectively,
while lipid concentrations stayed stable across treatments (Figure 7).

4. Discussion

Understanding the interactive effects of elevated CO», high temper-
ature, and drought remains one of the most important challenges in
predicting crop performance under future climate scenarios (Jin et al.,
2017). By combining experimental data with predictive modeling, this
study separated the effects of abiotic factors (whether isolated or com-
bined) on soybean biomass, physiological traits, and grain biochemical
composition. The mix of empirical measurements and modeling offers a
strong framework for understanding complex plant responses and vali-
dating predictive approaches (Qiao et al., 2019; Wu et al., 2018).

Although many crop models simulate growth based on weather, soil,
and management variables, they often lack physiological and
biochemical constraints such as nutrient availability, carbon/nitrogen
partitioning, and stress signaling pathways (Nendel et al., 2023). Our
results show that eCO, enhances carbohydrate synthesis and carbon
allocation, leading to increased biomass and yield. The observed in-
crease in soluble sugars and amino acids indicates metabolic reprog-
ramming under stress, aligning with previous reports that connect eCOy
to osmotic regulation, reactive oxygen scavenging, and stress adaptation
(Palacios et al., 2019; Zinta et al., 2018).

By comparing individual (eCO3, Temp, Drought), dual (eCOy +
Temp , or eCO =+ Drought), and the combined predicted Triple Effect
(eCO, with Temp, and Drought) treatments, our models showed that
responses depend on the type and strength of environmental in-
teractions. The GLMs approach effectively captured the linear and ad-
ditive aspects of temperature and water stress, while the XGBoost model
more accurately described nonlinear and hierarchical interactions
among all three factors. This improved predictive ability supports a
more comprehensive understanding of climate-driven impacts on grain
production and nutritional quality (Figure 7). Because this study was
conducted in OTCs, with a specific cultivar, the results may not fully
represent plant responses under natural field environments. Therefore,
further validation under field conditions is necessary to provide a more
comprehensive understanding of plant performance under exper-
imentaland agronomic conditions.

4.1. Anticipating grain production and quality under climate change

Modeling grain production and quality from early-stage experi-
mental data offers a powerful way to predict how crops will respond to
climate change. Several studies highlight the predictive value of early
vegetative traits for final yield components, enhancing forecast accuracy
while reducing the need for long-term field measurements (Van Eeuwijk
et al., 2019). Our approach has proven effective, showing that early
vegetative responses are strong indicators of final grain outcomes,
especially under multifactorial climate stress, using GLMs modeling.
Models show that early physiological performance reliably predicts final
yield and compositional quality under complex climate stress factors.
Elevated CO, partially lessens the negative impacts of temperature and
drought on grain yield; however, it can also change biochemical parti-
tioning, emphasizing the need to balance productivity and nutritional
outcomes in future climate conditions.
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Fig. 5. Carbon and nitrogen content (%) in soybean grains at 125 days after the experiment under ambient, elevated CO,, temperature, and drought conditions.
Panels on the left (a-c) show temperature treatments, while panels on the right (d-f) display drought treatments. Carbon and nitrogen contents from soybean grains
are represented by nitrogen (a, d), carbon (b, e), and carbon/nitrogen ratio (c, f) in mature grains harvested from soybeans. Treatments included: [aCO5 (400 ppm
CO, + ambient temperature); eCO5 (800 ppm CO; + ambient temperature); Temp (400 ppm CO5 + 5 °C); eCOx+Temp (800 ppm CO; + 5 °C); Drought (400 ppm
CO, + reduced watering); eCO5+Drought (800 ppm CO; + reduced watering)]. Data are shown as means + standard errors (n = 10). Different letters indicate

significant differences among treatments according to Tukey’s test (p < 0.05).

Across all evaluated traits, including grain yield, soluble sugars,
starch, lipids, proteins, and amino acids, the models showed strong
agreement between observed and predicted values with RMSE (Table 1).
Our findings align with previous research, which suggests that statistical
models based on early physiological indicators can provide biologically
meaningful estimates of crop productivity and nutritional quality under
abiotic stress (Chenu et al., 2017). For example, under eCO5 conditions,
grain production reached 16.9 + 1.01 g, while the GLMs predicted 16.6
+ 0.79 g (RMSE = 3.85), confirming the predictive ability of early
biomass indicators, especially in carbon-enriched environments.

Amino acid concentrations increased nearly five—fold in eCO2-+Temp
compared to aCO5 conditions (Table 1). The model successfully repro-
duced this trend, capturing the metabolic adjustments linked to com-
bined stress exposure. This finding aligns with results by Zinta et al.
(2018), who reported that concurrent climate stressors influence amino
acid metabolism as part of adaptive mechanisms to maintain osmotic
balance and metabolic flexibility. We demonstrated the predictive
ability of early-stage physiological and morphological data for esti-
mating final grain yield and quality. This framework supports devel-
oping climate-resilient cultivars and enhances the capacity to predict
potential yield losses (Banga & Kang, 2014; Khan et al, 2022).
Furthermore, it highlights the usefulness of GLMs in integrating multiple
environmental and physiological factors, thereby informing adaptive
breeding and agronomic strategies under projected climate scenarios.

4.2. Validation of the model using out-of-data experiments

Model-based projections from GLMs revealed distinct impacts of
eCO,, Temp, Drought, and their interactions on soybean production and
quality (Table 1). The model accurately reproduced the trend of yield
increase under eCOy, with predicted grain production (16.52 + 0.96 g)
closely matching the observed value (14.67 + 0.39 g) (Table S3). Starch
estimates were also consistent under aCOy (11.27 + 0.87 pg mg™! pre-
dicted vs. 11.54 + 0.93 pg mg™! observed) and eCO, (16.52 =+ 0.96 g
mg! predicted vs. 14.67 + 0.39 pg mg™* observed). However, the model
tended to overestimate production under combined eCO,+Temp (20.58
+ 1.76 ng mg™! predicted vs. 10.04 + 1.26 pg mg™* observed) and failed
to capture the sharp decline in soluble sugars (15.68 + 0.30 pg mg’
predicted vs. 2.95 + 0.54 pg mg' observed) (Table S3). These in-
consistencies, especially the overestimation of protein content and the
unexpected increase in starch biosynthesis under dual stress, suggest
partial model overfitting and limitations related to simplified assump-
tions of source-sink balance and C/N partitioning. These issues likely
arise from the limited dataset size, which restricts the representation of
genotypic variability, developmental stages, and environmental
heterogeneity.

Expanding the calibration dataset across different sites, seasons, and
genetic backgrounds would improve the model's realism and broad
applicability. Integrating data through meta—analysis of multiple sites
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Observed and predicted values of grain production and quality traits (soluble sugars, starch, lipids, proteins, and amino acids) under different treatments as estimated
by generalized linear models (GLMs). Treatments include ambient CO2 (aCO2), elevated CO: (eCO,), increased temperature (Temp), drought, and their combinations.
Data is represent mean + standard error of observed and predicted values, the root mean square error (RMSE), and the fitted model equation in the form y = « + px,
where o is the intercept and p the slope coefficient. Trait-specific intercepts (a) are provided above each variable (production, soluble sugars, starch, lipids, proteins,

and amino acids).

Grain Observed Predicted RMSE Model (y = o+ px)
Production (gDW) a=1.67

aCOy 6.97 £0.78 6.62 £ 0.33 3.04 y =0.638x + 0.172
eCO, 16.9 +1.01 16.56 + 0.79 3.85 y = 0.809x + 0.142
Temp 0.63 £+ 0.15 0.65 £ 0.02 0.47 y =-0.116x + 0.118
Drought 2.78 £0.24 2.76 £ 0.09 0.74 y =-0.138x + 0.141
eCOz+Temp 16.93 +1.48 16.24 4+ 0.90 5.92 y = 0.879x + 0.154
eCO,+Drought 4.04 £+ 0.41 3.90 £+ 0.39 1.39 y = 0.208x + 0.107
Soluble sugars (ug.mgDW™) a=40.28

aCO, 33.73 +£1.78 32.32 £ 1.61 9.91 y = -0.838x + 0.569
eCO, 34.26 +£1.33 33.66 + 1.61 5.76 y =-0.300x + 0.260
Temp 42.66 + 2.23 42.32 +£1.23 7.73 y = 0.268x + 0.599
Drought 28.59 £ 1.35 28.29 + 0.98 5.01 y =-1.434x + 0.617
eCOy+Temp 49.23 + 3.77 48.05 + 2.68 13.32 y = 0.495x + 0.297
eCO,+Drought 42.00 + 1.26 38.73 +£0.21 11.41 y = 0.175x + 0.426
Starch (pg.mgDW™) a=18.96

aCOy 20.95 £ 1.52 20.25 £ 1.01 6.36 y = 0.201x + 0.400
eCO2 22.18 + 1.57 21.48 +1.03 6.59 y = 0.155x + 0.184
Temp 20.22 +£1.78 19.92 4+ 0.58 6.16 y = 0.126x + 0.399
Drought 17.77 £ 0.73 17.46 £+ 0.60 3.55 y = -0.164x + 0.425
eCOz+Temp 16.94 + 1.86 16.87 + 0.94 5.06 y = -0.83x + 0.185
eCO,+Drought 16.51 &+ 0.40 14.97 + 1.56 5.25 y = -0.195x + 0.265
Lipids (%) a=2377

aCOy 25.51 £+ 0.48 25.85 + 1.24 4.63 y = 0.186x + 0.144
eCO, 26.87 £+ 0.35 26.33 £ 1.26 3.86 y = 0.159x + 0.066
Temp 23.34 £ 0.25 23.18 + 0.67 1.87 y = -0.046x + 0.142
Drought 25.29 + 0.58 25.01 + 0.86 3.22 y = 0.186x + 0.158
eCOx+Temp 25.88 + 0.48 25.19 + 1.40 4.41 y = 0.115x + 0.069
eCO,+Drought 25.26 + 0.68 23.34 + 2.44 6.58 y = 0.145x + 0.103
Proteins (%) a = 34.31

aCO, 38.01 £ 0.61 37.19 £ 1.85 5.79 y = 0.421x + 0.171
eCO, 37.00 + 0.60 36.25 + 1.74 5.50 y = 0.138x + 0.077
Temp 37.02 + 0.39 36.70 + 1.07 3.80 y = 0.304x + 0.170
Drought 36.91 £ 0.71 36.59 +1.26 3.63 y = 0.331x + 0.186
eCOy+Temp 37.67 + 0.51 36.56 + 2.04 6.88 y = 0.179x + 0.082
eCO,+Drought 33.95 + 0.57 31.10 + 3.25 9.63 y =-0.010x + 0.118
Amino acids (%) a= 11585

aCO, 48.51 + 8.56 44.35 + 2.21 18.37 y = -8.17x + 2.403
eCO, 44.84 + 6.30 42.76 + 2.05 17.17 y =-3.63x + 1.078
Temp 206.84 + 25.82 204.04 + 5.95 79.29 y = 10.356x + 3.970
Drought 130.72 £+ 20.97 128.07 + 4.44 63.23 y =1.713x + 3.444
eCOy+Temp 290.42 + 23.23 278.09 + 15.54 85.59 y = 9.826x + 2.462
eCO,+Drought 79.97 +10.69 72.41 +7.58 33.56 y = -2.655x + 1.802

could refine the parameterization of key physiological processes. Addi-
tionally, combining the GLMs framework with transcriptomic or
metabolomic datasets would help tighten predictions, reduce over-
fitting, and better capture metabolic feedback under combined stressors
(Wang et al., 2024). Merging empirical measurements with modeling
thus creates a strong platform for data validation and mechanistic un-
derstanding, as highlighted by Qiao et al. (2019), and Wu et al. (2019).
Predictive modeling remains a useful tool for evaluating environmental
effects on grain yield and quality, aiding the development of adaptive
management strategies in response to projected climate change (Wang
et al., 2018; Wang & Liu, 2021). The complex interactions among
elevated CO», high temperature, and drought highlight the difficulty of
accurately predicting crop responses under future conditions (Jin et al.,
2017).

Future modeling efforts should explicitly include physiological and
biochemical variables, such as nutrient availability, tissue susceptibility,
and compositional quality, alongside traditional weather and manage-
ment parameters (Nendel et al., 2023). Combining experimental evi-
dence with predictive modeling not only improves accuracy but also
clarifies how elevated CO; enhances carbon assimilation and nitrogen
uptake, as well as how these benefits are limited under temperature and
drought stress. The buildup of soluble sugars and amino acids indicates

10

activation of stress-signaling and osmoprotective pathways that main-
tain metabolic flexibility under combined stresses (Heinemann & Hil-
debrandt, 2021; Palacios et al., 2019; Zinta et al., 2018).

4.3. Elevated CO promotes grain yield gains but alters compositional and
nutritional quality

Elevated concentration of atmospheric CO2 enhances photosynthetic
carbon assimilation, improves water-use efficiency (WUE), stimulates
biomass accumulation, and grain yield in soybean (DaMatta et al., 2010;
Digrado et al., 2024; Shanker et al., 2022). These physiological re-
sponses increase the availability of photoassimilates during seed
development, promoting the accumulation of carbon storage com-
pounds, such as lipids and carbohydrates (Leakey et al., 2009; Taub
et al., 2008; Li et al., 2023). eCO- increased oil concentration, soluble
sugars, and starch content (Fig. 3-7).

While carbon compounds increase under elevated COs, responses of
protein and nitrogen metabolism are more variable. Legumes such as
soybeans may partially offset nitrogen dilution effects through symbiotic
nitrogen fixation, helping maintain nitrogen balance under elevated CO2
(Myers et al., 2014). Reports show modest protein increases (1.5%)
under elevated COy (Digrado et al., 2024), while others observe no
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Prediction of grain production and quality at 125 days based on total biomass at 60 days
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Fig. 6. Path diagram based on Generalized Linear Models (GLM) results shows the relationships between total biomass at 60 DAE under elevated CO2, temperature,
and drought (and combined treatments), along with their effects on soybean production and quality compared to ambient conditions at 125 DAE. The treatments
include [aCO4 (400 ppm CO, + ambient temperature); eCO5 (800 ppm CO, + ambient temperature); Temp (400 ppm CO2 + 5 °C); eCO2+Temp (800 ppm CO, + 5
°C); aCO5 (400 ppm CO, + ambient temperature); eCO, (800 ppm CO, + ambient temperature); Drought (400 ppm CO, + watering reduction); and eCO»+Drought
(800 ppm CO,, + watering reduction)]. Solid lines represent positive values, and dashed lines indicate negative values for soybean grain and quality. Bold labels with

an asterisk (*) and thick lines highlight statistically significant effects (P < 0.05).

Table 2

Generalized Linear Models (GLM) using total biomass at 60 DAE to predict
production and quality soybean grain at 125 DAE, according to treatments
applied include [aCO, (400 ppm CO, + ambient temperature); eCO5 (800 ppm
CO, + ambient temperature); Temp (400 ppm CO; + 5 °C); eCOo+Temp (800
ppm CO; + 5 °C); aCO- (400 ppm CO; + ambient temperature); eCO, (800 ppm
CO, + ambient temperature); Drought (400 ppm CO, + watering reduction);
and eCO,+Drought (800 ppm + watering reduction)]. Model outputs were used
to quantify effects in the path analysis (Fig. 6). Significant effects P-values <
0.05 are in bold.

Treatments eCO, Temp Drought  eCO;+Temp  eCO,+Drought
Grain 0.002 < 0.001 0.011 0.003 0.046
Soluble sugars  0.322  0.615 0.046 0.089 0.631
Starch 0.687  0.933 0.471 0.424 0.304
Lipids 0.017  0.764 0.234 0.097 0.143
Proteins 0.125 0.129 0.128 0.059 0.783
Amino acids 0.007  0.563 0.322 0.029 0.048

Table 3

Predictive machine learning models (XGBoost and CatBoost) comparison pre-
diction for soybean grain production and quality under Triple Effect using
experimental data with elevated CO, + Temperature and elevated CO, +
Drought. The performance of the models was evaluated by the root mean square
error (RMSE).

XGBoost CatBoost
Triple Effect Predicted RMSE Predicted RMSE
Production 10.46 + 1.65 0.04 10.51 +1.63 1.50
Soluble sugars 45.53 + 2.08 0.14 48.07 + 2.02 9.20
Starch 16.71 + 0.91 0.08 16.72 + 0.83 0.96
Lipids 25.54 + 0.40 0.05 25.56 + 0.31 1.69
Proteins 35.79 + 0.55 0.11 35.49 + 0.51 0.90
Amino acids 158.65 + 23.45 16.6 178.17 + 23.19 34.99
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significant change (Myers et al., 2014; Palacios et al., 2019). These
differences suggest that protein response to elevated CO; depends
heavily on context and may vary with environmental conditions, soil
nitrogen levels, cultivar type, and developmental stage during grain
filling (Taub et al., 2008). Elevated CO increased the concentration of
soluble sugars and starch, but did not significantly change total protein
levels (Figs. 3-5). This shift reflects a metabolic reallocation in which
enhanced carbon assimilation promotes carbohydrate and lipid accu-
mulation. Similar responses are seen in other Cs crops, where elevated
CO, reduces photorespiration and alters nitrogen assimilation
(Ainsworth & Long, 2021; Boote et al., 1997; Myers et al., 2014). These
compositional changes have important implications for soybean nutri-
tional value, food quality, and industrial processing (Myers et al., 2014).
Increased lipid content may enhance oil yield and improve industrial
extraction efficiency (Singh et al., 2016; Soares et al., 2019). However,
increased carbohydrate concentrations may influence functional and
technological properties, including water absorption capacity, emulsi-
fication, texture, and protein functionality, which are critical for soy-
bean derived food products such as tofu, soy milk, and protein isolates
(Guan et al., 2021; Myers et al., 2014).

Under climate change scenarios, interactions between elevated CO,
and temperature and drought may further influence grain composition
by altering carbon allocation, nitrogen assimilation, and metabolic
regulation during seed filling (Gray et al., 2016; Jin et al., 2017; Palacios
etal., 2019). For example, eCO, may partially mitigate drought-induced
reductions in yield through improving WUE (Li et al., 2024). While eCO2
may increase oil concentration in grain but main C/N (Palacios et al.,
2019). These shifts highlight an important trade-off between increased
productivity and potential changes in nutritional quality. Therefore,
understanding how climate change factors affect both yield and grain
composition is necessary for developing soybean cultivars and man-
agement strategies that maintain nutritional quality under environ-
mental conditions.



J.S. Fortirer et al.

Food Research International 233 (2026) 119004

Modeling soybean grain production and quality

Inner and outer circle are observed and predicted data, respectively.
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Fig. 7. Modelling soybean grain production under combined stresses. Percentage of response changes related to ambient treatment in observed values (inner circle)
and model-predicted values (outer circle) for each treatment: [eCO; (800 ppm CO, + ambient temperature); Temp (400 ppm CO2 + 5 °C); eCO2+Temp (800 ppm
CO, + 5 °C); Drought (400 ppm CO, + watering reduction); eCO5+Drought (800 ppm CO, + watering reduction); and predicted Triple Effect (eCO,+Temp *
eCO2+Drought)]. Values show relative changes compared to the ambient treatment for grain production and quality (soluble sugars, starch, lipids, proteins, and
amino acids). XGBoost was used for the Triple Effect predition, while Generalized Linear Models (GLMs) were used for simple and dual treatments.

4.4. Temperature and drought reduce grain production

Rising global temperatures and more frequent droughts pose signif-
icant threats to agricultural productivity worldwide, with soybeans
being especially vulnerable (Long, 2025). High temperatures speed up
developmental stages, shorten the grain-filling period, and decrease
pollen viability and grain formation, resulting in substantial yield losses
(Miiller & Rieu, 2016). In this study, high-temperature stress caused a
91% reduction in grain biomass (Fig. 7), highlighting the critical
sensitivity of soybean reproductive processes to heat stress.

Drought also caused significant reductions in grain production,
consistent with previous reports that water limitation reduces pod for-
mation and accelerates senescence (Ferris et al., 1999; Gray et al., 2016;
Jin et al., 2017, 2018; Singh et al., 2021). The observed 60% decline in
grain yield under Drought (Fig. 7) matches earlier studies showing sig-
nificant drops in seed biomass during water shortages (A. Wang, et al.,
2018). When combined with eCOs, the negative effects of drought were
partly lessened, leading to a 42% reduction in yield. This reduction re-
flects improved water-use efficiency due to decreased stomatal
conductance usually seen with elevated CO; (Singh et al., 2021), which
lowers transpiration and helps maintain productivity during soil-water
shortages. Although temperature and drought alone limit grain forma-
tion, elevated CO, is physiologically beneficial by increasing carbon
assimilation and hydraulic efficiency. However, these benefits are not
enough to fully counteract the yield losses caused by extreme heat or
extended drought. This underscores the urgent need for integrated
modeling, adaptive management, and breeding strategies to ensure
soybean productivity and grain quality amid increasing climate stresses.

4.5. Temperature coupled with elevated CO2 promotes grain biomass

The interaction between eCO» and Tempshowed compensatory ef-
fects on soybean grain biomass and quality (Fig. 7). The mitigating in-
fluence of eCO, under high temperature stress can be linked to enhanced
photosynthesis, improved water-use efficiency, and changes in
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carbohydrate partitioning (Habermann et al., 2019; Haworth et al.,
2021). Model projections indicated that eCO+Temp increased grain
production by about 143% compared to aCO,, closely matching the
observed 145% increase. Elevated CO, can partly counteract produc-
tivity losses caused by temperature increases, especially under moderate
warming scenarios (Ainsworth & Long, 2021; Gray et al., 2016; Jin
et al., 2017; Singh et al., 2021). However, this synergistic effect also
caused changes in grain biochemistry. The eCO2+Temp treatment
altered carbohydrate profiles, likely due to shifts in carbon allocation
and respiratory activity during seed development. These metabolic
changes may disturb the source-sink balance, leading to higher respi-
ratory demand and less starch accumulation (Yang et al., 2023).
Elevated CO3 may help buffer the negative effects of moderate tem-
perature increases on yield, but related shifts in carbon metabolism can
affect grain quality.

4.6. The Triple Effect may increase grain production, but decrease food
quality

The machine learning projections of soybean production and quality
grain performance to Triple Effect using experimental data combined
high temperature under elevated CO, and drought under elevated CO,.
XGBoost showed superior predictive accuracy for both soybean grain
yield and biochemical composition under the Triple Effect (RMSE =
0.04) compared with CatBoost (RMSE = 1.50) (Table 3). XGBoost often
equals or outperforms neural-network approaches in capturing
nonlinear and multivariate stress interactions (Bhat et al., 2024; Huber
et al., 2022; M’hamdi et al., 2024; Taniushkina et al., 2024). Model
predictions and experimental data indicated an average 50% increase in
grain production under combined climate treatments, reflecting the
compensatory effect of eCO, on Temp and Drought-induced yield losses
(Fig. 7). The predicted increase in grain yield under the Triple Effect
aligns partially with evidence that elevated CO; can stimulate photo-
synthetic carbon assimilation and biomass accumulation in soybean,
often resulting in yield gains under moderate stress conditions
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(Ainsworth & Long, 2021). However, long-term field experiments have
demonstrated that severe high temperatures and drought can reduce or
eliminate the CO, fertilization effect (Gray et al., 2016). In the Triple
Effect prediction, grain quality showed a 35% rise in soluble sugars and
a 175% increase in amino acid content, along with declines of 20% in
starch and 6% in protein (Fig. 7). High amino acid accumulation is
typical of stress adaptation, serving as an osmoprotective and
redox-buffering mechanism (Song et al., 2025). While this response may
improve short-term tolerance, it also indicates a metabolic reprogram-
ming that emphasizes immediate stress mitigation over carbon storage
in proteins and polysaccharides. The projected reductions in starch and
protein content are consistent with reports that elevated CO; frequently
alters carbon-nitrogen balance, often leading to reduced protein con-
centration due to nitrogen dilution effects (Myers et al., 2014; Taub
et al., 2008). The stability of lipid concentration observed in our pro-
jections also agrees with previous findings indicating that oil content in
soybean tends to be less sensitive to CO5 enrichment compared to pro-
tein (Palacios et al., 2019; Taub et al., 2008). The predicted increase in
soluble sugars and total amino acids may reflect stress-induced meta-
bolic reprogramming, as combined heat and drought can promote
osmolyte accumulation and shifts in primary metabolism to support
cellular protection (Mahalingam, 2014; Pascual et al., 2022). Experi-
mental studies demonstrate that combined stressors can trigger emer-
gent physiological responses that are not predictable from individual
stress effects (Gray et al., 2016; Pascual et al., 2022). Consequently, the
performance of XGBoost suggests that ensemble learning approaches are
effective in capturing complex relationships (Chen & Guestrin, 2016).
In a recent meta-analysis on herbaceous species exposed to three
factor combinations, Yoldi-Achalandabaso et al. (2025) highlighted the
scarcity of factorial studies and identified soybean as being represented
by only one trifactorial experiment, conducted by Singh et al. (2021),
without quality analysis in grain. In that study, when compared to the
control conditions (ambient COj;, optimal temperature, and well-
watered), the combined stress treatment resulted in an overall 45%
reduction in seed production, reinforcing the dominant constraining role
of water limitation under multifactorial stress. Seed production tended
to be greater under high temperature compared to the optimum regime
when elevated CO, was supplied with water stress (Singh et al., 2021),
suggesting that moderate warming may enhance carbon assimilation
when water is not limited. However, the three interactions were not
consistently significant across all evaluated traits, indicating that the
outcome of the three factors depends strongly on stress intensity and
environmental context. Our XGBoost projections under the Triple Effect
scenario predicted a 50% increase in grain production relative to
ambient conditions, accompanied by quality grain prediction with a
35% rise in soluble sugars and a 175% increase in total amino acids,
reductions of approximately 20% in starch and 6% in protein. The
divergence in magnitude and direction of production responses between
our predictive model and the trifactorial experiment may reflect dif-
ferences in OTCs and SPAR (Soil Plant Atmosphere Research chambers) -
used by Singh et al. (2021) to stress treatments. Jin et al. (2017), for
example, demonstrated that drought remains the dominant limiting
factor for soybean production under future climate scenarios, even when
CO,, fertilization effects are considered, and that concurrent stresses can
amplify production losses through interactions. Nevertheless, consistent
with both the three-factor experiment and large-scale process-based
APSIM modeling studies (Jin et al., 2017), our results should be inter-
preted as scenario-based projections rather than direct empirical
equivalents, especially under severe or field-realistic stress combina-
tions where drought may overestimate COy benefits. The ability to
quantify these yield—quality trade-offs through rapid, high—precision
modeling offers valuable insights for breeding, crop management, and
climate policy. From a food system perspective, the observed reductions
in starch and protein levels are potential vulnerabilities in the nutri-
tional quality of soybean grains under future climate scenarios. There-
fore, while elevated CO, may sustain or even increase grain yield under
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combined stresses, its benefits are offset by changes in composition that
could weaken feed and food value.

4.7. Triple Effect compared with interactions under field conditions

A controlled environment cannot fully reproduce the spatial and
temporal heterogeneity of field conditions, where crops are simulta-
neously influenced by fluctuating radiation, soil variability, vapor
pressure deficit, pest pressure, nutrient dynamics, and extreme climate
events (Langstroff et al., 2022). Large-scale modeling and field-based
assessments indicate that elevated CO; often only partially offsets
heat, and drought impacts under realistic climate variability (Jin et al.,
2017; Yang et al., 2026). Moreover, climate change may amplify envi-
ronmental feedback, including soil degradation and nutrient losses,
further modifying crop responses beyond chamber-based observations
(Singh et al., 2021). Interactions observed under controlled systems may
overestimate compensatory CO; effects or underestimate the complexity
of field-scale responses, where cycle duration, canopy temperature, soil
water dynamics, and energy balance feedback interact (Battisti et al.,
2017). On the other hand, Kothari et al. (2022) demonstrate the ad-
vantages of employing an ensemble of grain legume models to improve
the robustness of climate change projections for food production. At the
same time, the results highlight the need for continued refinement of
soybean models, particularly through experimental data generated
under elevated CO, and temperature conditions.

Process-based models simulate physiological processes and allow
mechanistic partitioning of stress effects (Battisti et al., 2017; Jin et al.,
2017). For example, APSIM simulations indicate that elevated CO5 only
partially offsets drought-induced soybean yield losses, with diminishing
fertilization benefits under increasing drought frequency (Jin et al.,
2017). In contrast, ensemble machine learning models can flexibly learn
from multivariate data. Nonetheless, purely data-driven approaches
may suffer from limited extrapolation capacity and reduced interpret-
ability outside the training domain, particularly under novel climate
combinations (Yang et al., 2026). Our analysis was conducted using a
single soybean cultivar under controlled chamber conditions, which
constrains generalizability across genotypes and field environments.
Large-scale climate impact assessments show substantial variation in
stress sensitivity across regions, management systems, and cultivars (Jin
et al., 2017), and warming has been shown to differentially affect
cropping systems depending on local adaptation capacity (Jin et al.,
2017, 2018). Such hybrid approaches may ultimately bridge the
strengths of mechanistic crop models and advanced ensemble learning
(Yang et al., 2026), improving predictive confidence for multifactor
climate stress impacts on crop productivity and quality.

4.8. Limitation of triple effect predictions

Extrapolating soybean responses from dual-stress experiments (e.g.,
eCOy x Temp or eCO; x Drought) to Triple Effect scenarios introduces
uncertainty due to not experimental validation. Plants often involve
synergistic or antagonistic effects mediated by complex physiological
trade-offs among carbon assimilation, water relations, respiration, and
reproductive development (Mahalingam, 2014; Pascual et al., 2022).
For example, while elevated CO;, can enhance photosynthesis gain and
WUE under moderate drought, concurrent high temperatures may in-
crease photorespiration and respiratory carbon losses, potentially
negating the CO, fertilization effect under severe stress (Gray et al.,
2016; Webber et al., 2022). Moreover, stress intensity and develop-
mental stage can substantially alter the direction and magnitude of re-
sponses, making model extrapolation beyond experimentally tested
combinations inherently uncertain (Wang & Liu, 2021). Process-based
and statistical models calibrated under single or dual stress conditions
may fail to capture emergent thresholds or tipping points that arise
under three stress exposures, particularly when feedback mechanisms
and metabolic reprogramming are involved (Webber et al., 2022). The



J.S. Fortirer et al.

projections should be interpreted as scenario-based predictions that
require further validation under fully integrated Triple Effect experi-
mental conditions.

The limitation of the machine learning framework used in this study
is the risk of overfitting when modeling complex interactions among the
Triple Effect. However, a 5-fold cross-validation was performed to
minimize overfitting risk (Table S4). Ensemble algorithms such as
XGBoost are highly flexible and can capture intricate multivariate pat-
terns, but this flexibility may lead to overly optimistic performance if the
model fits noise rather than biologically meaningful signals, particularly
when training datasets are limited or derived from controlled conditions
(Chen & Guestrin, 2016). Although elevated CO; can enhance carbon
assimilation and modify carbohydrate partitioning in C3 crops, these
responses depend strongly on sink strength, nutrient availability, and
stress intensity (Ainsworth & Long, 2021). Models may amplify statis-
tical associations that do not generalize to broader field conditions.
Thus, despite applying cross-validation, the Triple Effect projections
should be interpreted as scenario-based inferences requiring validation
with independent multifactorial and field-scale datasets.

5. Conclusion

This study aimed to achieve two related objectives with direct im-
plications for climate-resilient soybean production. First, we showed
that generalized linear models (GLMs) based on early-stage physiolog-
ical and morphological traits—especially total biomass at 60 DAE—can
accurately predict grain yield and compositional quality at 125 DAE
across various environmental conditions. The low prediction errors and
the strong agreement between observed and predicted values highlight
the potential of GLMs as effective tools for forecasting crop performance.
The use of early-stage biomass as a predictive indicator adds value by
enabling better agronomic management and guiding breeding programs
toward improved stress tolerance. Second, by modeling the combined
effects of eCOg, high temperature, and drought (Triple Effect), we
revealed how soybean responses are influenced by concurrent climate
stressors. Combining experimental data from dual-factor treatments
with advanced machine learning methods, XGBoost consistently out-
performed CatBoost in prediction accuracy, effectively capturing
nonlinear and interactive relationships among stress variables. Under
the Triple Effect model, projections showed a 50% increase in grain
production, along with higher levels of soluble sugars (+35%) and
amino acids (+175%), but with significant declines in starch (—20%)
and protein (—6%). Elevated CO, may partially offset yield losses caused
by temperature and drought, but at the expense of nutritional quality.
This highlights the urgent need for integrated modeling frameworks and
breeding programs that jointly improve yield stability, nutritional value,
and stress resilience. Ultimately, combining empirical experiments with
predictive modeling offers a powerful approach to anticipate climate—-
driven changes in crop productivity and to develop adaptive strategies
for sustainable food systems.
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