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Abstract

Soybean (Glycine max) is a major crop for food, feed, and bioenergy, yet its productivity and
nutritional quality are threatened by climate change factors such as elevated CO, (eCO,), high
temperature, and drought. Here, we integrate experimental data with predictive modeling to
evaluate the individual and combined impacts of these stressors —the “Triple Effect” —on soybean
yield and seed composition. Generalized linear models (GLMs) were used to estimate grain
production and quality traits from biomass at 60 days, while machine learning models (XGBoost,
CatBoost) predicted responses under multifactorial stress. Model accuracy was assessed using root
mean square error (RMSE). eCO; increased grain production by 142%, whereas high temperature
reduced yield by 91%. In combination, eCO, and high temperature enhanced yield by 143%, but
drought mitigated these benefits, leading to a 60% reduction. Triple Effect predictions revealed
increases in grain production (50%), soluble sugars (35%), and amino acids (175%), accompanied by
decreases in starch (20%) and protein (6%). These shifts indicate a metabolic reallocation that boosts
productivity at the expense of nutritional quality. Our findings highlight the need for breeding
climate-resilient soybean cultivars that balance yield and quality under multifactorial stress.

Keywords: abiotic stress; biomass; carbohydrate; crop; food quality; lipids; prediction; protein

1. Introduction

Soybean (Glycine max) plays a key role in global food systems, contributing significantly to
nutrition, bioenergy, and biotechnological innovations (Palacios et al., 2019; X. Wu et al., 2018). It is
the world's leading seed crop, supplying about 29% of global vegetable oil and serving as a major
protein source (SoyStats, 2023). Brazil is the largest producer (157 Mt - million tons) that is responsible
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 kg. ha-1) surpassed
the global average (2.8 kg. ha-1), consolidating its position as the largest exporter with 86 million tons
(ANEC, 2022; CONAB, 2021; USDA, 2024). However, soybean production is increasingly threatened
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by climate change scenarios, especially by elevated COz, high temperature, and drought, which can
disrupt both production and quality. Thereby impacting global food security and economic stability
(Beck, 2013).

Climate change manifests through interconnected stressors affecting soybean growth and
development. Elevated CO, (eCOz) is projected to increase crop biomass and yield by enhancing
photosynthesis, though its effect on soybean quality remains unclear (D. Li et al., 2013; A. Wang et
al., 2018). Studies show that soybeans under eCO:z increased in net photosynthesis which led to an
increase in biomass and pod production (15%) (Zheng et al, 2020). However, eCO2 can
simultaneously reduce grain size, weight, seed per pod, and nutritional content (Digrado et al., 2024;
Poudel et al., 2023; Zheng et al., 2020; Zipper et al., 2016).

Temperature and water availability are critical climate-related stressors affecting soybean
production. Optimal growth occurs between 20-25°C, while prolonged exposure to temperatures
above 29°C reduces pod number and seed weight, and temperatures exceeding 35°C severely disrupt
flowering and pod set (Cai et al., 2020; Mourtzinis et al., 2015; Onat et al., 2017; Streck, 2005). Each
1°C increase has been linked to a 17% yield reduction (Yang et al., 2023). Water availability also plays
a direct role in productivity (Manavalan et al, 2009; Rezaei et al., 2015); drought impairs
photosynthesis and seed development, causing yield losses of up to 40% (Gray et al., 2016; Poudel et
al., 2023; Zipper et al., 2016). Soybean yield is highly sensitive to climate variability and soil moisture
during the growing season (Sentelhas et al, 2015). However, since 1961, global agricultural
productivity has declined by 21%, particularly in tropical regions like Latin America, due to climate-
induced stressors (Ortiz-Bobea et al., 2021).

Studies evaluating plant physiological responses to ambient stress often focus on isolated factors
such as temperature, drought, and eCO: (Ainsworth & Lemonnier, 2018; Ainsworth & Long, 2021;
Fortirer et al., 2023; Fu et al., 2015). Therefore, experiments need to address these combined effects.
In particular, variables like biomass offer projections for soybean production in Brazil, helping to
address the challenges posed by climate change (Bui et al., 2024; Monteiro et al., 2022). Spatialized
crop models are increasingly applied at multiple scales in modern agriculture, raising new questions
about their performance evaluation and application in precision agriculture (Pasquel et al., 2022).
Climate projections show a heightened frequency of drought periods (Assad et al., 2016; Beniston et
al., 2007; FAO, 2023; Gourdji et al., 2013; Marengo et al., 2017; Zhao et al., 2017), which reduce soybean
production due to sensitivity to water deficit (Gray et al., 2016).

The complex interaction of climate variables on soybean production necessitates the use of
modeling approaches. Traditional statistical models often fail to capture the nonlinear relationships
and interactions between multiple environmental factors (Nelder & Wedderburn, 1972). Generalized
Linear Models (GLM) extend traditional linear regression by allowing for response variables with
non-normal distributions (Nelder & Wedderburn, 1972). GLM has been used to determine the
physiological quality of seeds, enabling the estimation of both germination time and uniformity
through this methodology (Jardim Amorim et al., 2021). GLM models have demonstrated superior
performance in production prediction tasks, as evidenced by lower root mean square error (RMSE)
compared to other models. These results highlight the GLM'’s greater robustness in modeling
complex agricultural data, reinforcing its suitability for predicting crop yields under varying
environmental conditions (Shastry et al., 2017).

Predictive models that incorporate stressors such as eCOz, high temperature, and drought can
guide decision-making and inform timely interventions (Jin et al., 2017). However, most existing
models assess these factors in isolation, often overlooking their complex interactions (Jin et al., 2017;
Zandalinas & Mittler, 2022). Machine learning approaches are capable of capturing nonlinear
relationships between environmental variables and crop responses. Among these, two ensemble
methods have stood out due to their robustness and predictive performance: Extreme Gradient
Boosting (XGBoost), which is widely adopted for its ability to model structured data and capture
complex, multivariate interactions (Chen & Guestrin, 2016; Y. Li et al., 2023); and CatBoost, a gradient
boosting algorithm specifically designed to improve generalization through ordered boosting and
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efficient handling of categorical features (Hancock & Khoshgoftaar, 2020; Prokhorenkova et al., 2018).
Its minimal preprocessing requirements and symmetric tree structures further enhance predictive
robustness and efficiency. Building on these strengths, this study aimed to: I) Evaluate the predictive
performance of generalized linear models (GLMs) using physiological and morphological variables
measured at 60 DAE to forecast soybean grain production and quality at 125 DAE under different
environmental conditions; and II) Model the combined effects of elevated CO,, temperature, and
drought (Triple Effect) on soybean grain production by leveraging experimental datasets with
double-factor treatments (e.g., elevated CO, + temperature or elevated CO, + drought), and assess the
predictive performance of advanced machine learning algorithms, including XGBoost and CatBoost.

This study aimed to: I) Evaluate the predictive performance of generalized linear models (GLMs)
using physiological and morphological variables measured at 60 DAE to forecast soybean grain
production and quality at 125 DAE under different environmental conditions; and II) Model the
combined effects of elevated CO,, temperature, and drought (Triple Effect) on soybean grain
production by leveraging experimental datasets with double-factor treatments (e.g., elevated CO, +
temperature or elevated CO; + drought), and assess the predictive performance of advanced machine
learning algorithms, including XGBoost and CatBoost.

2. Materials and Methods
2.1. Plant Materials and Experimental Design

Soybean were grown in open-top chambers (OTCs) in Sdo Paulo, Brazil (23°34'1"S, 46°43'49"W)
from September 2018 to February 2019 using seeds from the variety ‘MG/BR-46 Conquista’ (Embrapa,
Brasilia, DF - Brazil). Seeds were germinated at 25 °C with a 12/12 h photoperiod under natural light
conditions in vermiculite. Five days after emergence (DAE), soybean seedlings were selected and
transplanted into 5-liter plastic pots filled with the substrate. After, plants were transferred to open-
top chambers (OTC) in two independent experiments (temperature and drought) coupled to ambient
or elevated CO2 concentrations. DAE represents the period that initiated the COz injections in juvenile
plants, starting 15 DAE. The models of OTCs are described in Arenque et al., (2014) and Palacios et
al., (2019). Furthermore, microclimatic measurements (inside the OTCs) were monitored by
temperature, gas, and humidity sensors and stored in Remote Integrated Control System software
(RICS), during the experiment period.

Two independent experiments were conducted: The first experiment combined elevated CO:
and elevated temperature in four treatments: i) ambient CO2 (aCOz2 (400 ppm - parts per million)) and
ambient temperature; ii) Temp (400 ppm and increased temperature +5°C); iii) elevated CO: (eCO:
(800 ppm and ambient temperature)); and iv) eCO2+Temp (800 ppm and increased temperature
+5°C). The second experiment was conducted with drought and elevated CO:2 concentration
including: i) aCO:2 (400 ppm) and ambient temperature; ii) Drought (400 ppm and watering
reduction); iii) eCOz2 (800 ppm and well watering); and iv) eCOz+Drought (800 ppm and watering
reduction) (Figure S1). Drought treatments (water restriction) received only 100 mL of water every
three days, after the beginning of flowering (45 DAE) until the end of the experiment (125 DAE),
simulating drought conditions during the flowering and grain development phases.

In addition, 100 mL of Hoagland's nutrient solution was added to all plants once a week
(Hoagland et al., 1993). After 60 DAE and 125 DAE, ten individuals from each treatment were
randomly selected for harvest. Leaves, stems, roots and pods were collected separately. All organs
were collected at 60 and 125 DAE, except for pods, which were only collected at 125 DAE. Leaves,
stems, and roots were dried at 70 °C until they reached constant mass, and the pods were frozen in
liquid nitrogen and lyophilized. After drying, the pods were separated into grains, including both
developed and undeveloped pods. Grains were analyzed for quality and chemical composition,
including soluble sugars, starch, amino acids, lipids, carbon, and nitrogen. All the organs were ball-
milled into a fine powder and then isolated for biochemical analysis.
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2.2. Non-Structural Carbohydrates in Grain

To analyze the soluble sugars, 10 mg of powdered grains were submitted to four extractions
with 80% ethanol (v/v) at 80 °C (Arenque et al., 2014). The supernatant was collected by centrifugation
at 14,000 rcf at 4°C and vacuum-dried (Thermo Scientific, Savant SC 250 EXP, Asheville, NC, USA).
The soluble sugars were resuspended in water and the pigments were separated by chloroform
(Pagliuso et al., 2022). The aqueous portion containing the soluble sugars was analyzed using high-
performance anion-exchange chromatography with pulsed amperometric detection (HPAEC-PAD-
ICS 3000 system, Dionex-Thermo-Fisher Scientific, Sunnyvale, CA, USA) with a CarboPac PAl
column in a 27-minute isocratic run, eluted with 150 uM sodium hydroxide.

For starch removal and quantification, the dried pellet from alcohol extraction was incubated
with 120 U/mL of a-amylase (Megazyme) diluted in 10 mM MOPS pH 6.5 at 75 °C for 1h and followed
by 30 U.mL-1 of amyloglucosidase diluted in 100 sodium acetate mM pH 4.5 at 50 °C for 1 h. To
aliquots of the digestion was added a mixture containing glucose oxidase (1,100U.mL-1), peroxidase
(700 U.mL-1), 4-aminoantipirin (290 umol.L-1), and 50mM of phenol at pH 7.5. The reaction was
heated at 30 °C for 15 min and read at 490 nm using a glucose (Sigma) standard curve (Amaral et al.,
2007; Arenque et al., 2014).

2.3. Lipids and Fatty Acids in Grain

The total lipids were extracted from 50 mg of dry mass by three successive extractions with 1
mL of hexane at 50 °C for 30 min with continuous stirring. The hexane extract was dried by
evaporation, and the gravimetric mass was measured to determine the total lipids. The total oil was
resuspended in Milli-Q water, and the recovered fatty acids were subjected to a transesterification
process to identify the methyl esters of the fatty acids (Christie & Hutton, 1993). Fatty acids were
treated with 5% methanolic H2504 solution and toluene for 1 h at 80 °C and then homogenized with
0.5 M NaCl and 100% dichloromethane. The aqueous phase was discarded, and the organic phase
(lower phase) was collected, washed with dichloromethane, purified with 0.05 M NaCl, and then
treated with Na2504.

The fatty acid methyl esters after the dichloromethane reduction were resuspended in hexane
for quantification in a gas chromatograph with flame ionization detector (GC-FID-model 6850) using
HP-Innowax fused silica capillary column (Cross-Linked PEG, 30 m x 320 pum x 0.50 um). The
temperature ramp was 150 °C for 1 min, 15 °C/min until 225 °C, 5 °*C/min until 260 °C, 270 °C for 7
min. Fatty acid methyl esters were identified by comparing their retention times and concentrations
with those of specific methyl ester standards.

2.4. Carbon, Nitrogen, C/N Ratio, and Total Proteins in Grain

A 1.5 mg powdered sample was weighed and placed in a plater capsule for combustion and
volatilization to determine carbon and nitrogen. Compounds were analyzed using a mass
spectrometer (Finnigan Delta Plus) for elemental carbon and nitrogen (Carlo Erba 1110). The carbon
and nitrogen concentrations were expressed in percentage, and 913C or 014N was represented by the
thousandths of the standard. The isotopic calculation was performed according to Equation 1, in
which R represents the isotopic ratio 13C/12C or 15N/14N of the sample and the standard.

(R sample — R standard)

13C or 15N = x 1000 (1)

R standard

Protein content was determined based on the total nitrogen content, using a factor of 6.25 for
soybean total protein (Mariotti et al., 2008).

2.5. Experimental Data Analysis

Data were analyzed separately for the two experiments with combinations of temperature and
drought with eCOz. Treatments conducted on the same collection date were compared using one-
way ANOVA, followed by Tukey’s test (p-value < 0.05). Tukey’s multiple comparison test was used
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to compare differences between the means for the main factors. The analysis was performed using R
version 4.4.3 (Team, 2024). The analysis with R and Python script are given with in Supplementary
materials 2.

2.6. Experimental Data Used in Models and Data Pre-Processing

The total dry biomass at 60 DAE (Table S1), was used as input for model evaluation,
encompassing soybean grain production, non-structural carbohydrates, lipids, proteins, and
carbon/nitrogen responses to different treatments at 125 DAE were used to validate the modeling.
Scenarios were formulated to analyze the effects of individual factors and combined effects among
aCOz, eCO2, Temp, and Drought. Categorical variable preprocessing involved encoding attributes
such as aCO2, eCOz, Temp, eCO2+Temp, Drought, and eCO2+Drought. This process involved creating
binary dummy variables, where each data entry was assigned a value of one for the corresponding
dummy variable, while all other variables were set to zero. Furthermore, to ensure data balance and
maintain a consistent sample number across all treatments, random sampling of aCO2 and eCO2 data
was conducted, resulting in all samples containing n = 10 for each treatment.

Modeling grain production and quality data was verified according to linearity, normality, and
homoscedasticity of variance of the measured parameters and predictor response variables. To
estimate soybean production and quality under isolated and combined eCO:, temperature, and
drought conditions. A Spearman correlation analysis was also performed to identify relationships
among variables modeled (De Winter et al., 2016).

In a machine model approach with training data, all data were curated and standardized.
Continuous variables were conducted using the min-max normalization technique to transform all
input features into the [0, 1] range. This transformation was applied according to the following
equation (2):

V= U — Umin
Umax — Vmin (2)
where v represents the original value of the feature, V' is the normalized value, and vmin and vmax
denote the minimum and maximum values of the feature, respectively.

This method ensures that the smallest and largest values of each feature are mapped to 0 and 1,
respectively. Categorical treatment variables were encoded using one-hot encoding. The dataset was
randomly partitioned into training (80%) and testing (20%) subsets, ensuring stratification across
treatments.

2.7. Generalized Linear Model (GLM)

Generalized linear models provide a flexible approach to modeling relationships between
predictors and various types of dependent variables. While conventional linear regression assumes
normally distributed response variables, GLMs accommodate variables following various
distributions, including gamma distributions, as shown in Equation 3 (Nelder & Wedderburn, 1972).

Q(E(Y)) = fo + B1(eC0,) + B, (Temp) + f3(Drought) +

B4(eCO, + Temp) + B5(eCO, + Drought) 3)

where y represents the transformation of the expectation of the dependent variable. The g is the link
function, which connects the mean of the response variable to a linear combination of the predictors.
[0 is the model intercept, and (31 through 35 are the coefficients associated with the interaction term
between total biomass per treatment.

Production and quality responses in grain related to the influence of eCO», temperature, and
drought were evaluated using model predictions, which involved calculating the percentage change
relative to the baseline aCOz. The model performance was evaluated by comparing the simulated and
experimental data using the root mean square error (RMSE) (Loague & Green, 1991) with Equation
4:
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where n is the number of treatments, yi represents the estimate of the ith treatment, and yi represents
the ith observed value.

To investigate the relationships between eCO:, Temp, and Drought, it was employed a path
analysis-based approach, with modifications, as described by (Streiner, 2005). A model using
generalized linear regression (GLM) was employed to account for potential deviations from
normality in the data. The independent variables were eCO2, Temp, and Drought treatment, while
the dependent variables were soybean production and quality. To ensure comparability between
variables with different scales and units of measurement, the data were standardized using the z-
score (Altman, 1983). Z-score standardization was applied to each variable individually, according
to the following, with Equation 5:

z==—" (5)

where x represents the original value of the variable, p is the mean, and o is the standard deviation.

This procedure transforms the data so that each variable has a mean of zero and a standard deviation
of one. The standardization was performed using the R programming language (Team, 2024) through
the “scale” function from the “dplyr” package (Wickham, 2025).

2.8. Machine Learning Modeling with XGBoost and CatBoost

To develop the soybean production and quality grain prediction model, it was selected the
Extreme Gradient Boosting algorithm (XGBoost) (Chen & Guestrin, 2016; Y. Li et al., 2023) and
CatBoost (a gradient-boosting algorithm, similar to the XGBoost Regressor with key distinctions that
enhance its performance and generalization ability) (Nishat et al.,, 2025). The function used by
CatBoost, shown in Equation 6, follows a similar formulation to those adopted in XGBoost (Nishat et

al., 2025).
T

L= Z yi ) + QUf)
i=1 (6)

where lis a loss function measuring the discrepancy between the predicted (y) and observed values
at 125 DAE (y), and Q(f) is a regularization term that penalizes model complexity. To optimize the
performance of XGBoost, a systematic hyperparameter was conducted, including learning rate,
maximum tree depth, number of estimators, and minimum child weight for XGBoost. For CatBoost,
the following parameters were used: iterations, depth, learning rate, and 12_leaf_reg (Table S2) (Chen
& Guestrin, 2016; Prokhorenkova et al., 2018). A randomized search strategy was employed over
predefined parameter grids. Five-fold cross-validation ensured robust evaluation during
hyperparameter tuning, while early stopping was applied to prevent overfitting (Kohavi & others,
1995; Prechelt, 2002). Model performance was assessed using evaluation metrics appropriate to the
task, such as RMSE (Loague & Green, 1991).

3. Results

3.1. Microclimatic Data

The average temperature inside the OTCs in the aCO, and eCO: treatments was between 25-
26°C, with relative humidity ranging from 68-71%. In the high temperature treatment, the average
temperature was 29°C with a relative humidity of 57%. In the drought experiment, the average
temperature was 24°C, and relative humidity ranged from 59% to 78% (Figure S52).
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3.2. Soybean Grain Production and Quality in Isolated and Combined Factors: Elevated CO2, Temperature,
and Drought

Grain production was consistently higher under eCO2 conditions compared to aCO,. Grain
biomass in eCO2 treatments reached approximately 13.9 and 19.02 g, exceeding the values observed
in aCO, treatments (10.6 and 4.79 g, respectively) (Figure 1a, 1b). Variations in soybean production
under ambient conditions were attributed to differences in sunlight exposure. Drought treatments
experienced greater light incidence compared to temperature experiments (inside the greenhouse).
Despite these differences, the overall trend of enhanced grain production under eCO: was consistent
across both experimental conditions. High temperatures were associated with grain abortion and
91% reduction of grain biomass (0.63 g), whereas the combination of eCOz+Temp led to a 59% increase
(16.9 g) compared to aCO: (Figure 1a).

22 22
5@ o ®) 2
R T
18 18- L
16 16 1
—_ a —
= 14 + = 144
=) [a)
o 12 b o 12 A
0 + n
c 10 c 101
‘© ©
o 81 5 8
6 6
] b
4 4 b
21 c 2 ’—x—‘
0 T r I T 1 0 - . .
aCo; eCO; Temp eCO;+Temp aco; eCO; Drought eCO,+Drought

Figure 1. Soybean grains (g) grams through 125 days after the experiment under ambient, elevated COz,
temperature, and drought conditions. Treatments applied include [aCO2 (400 ppm CO2+ ambient temperature);
eCOz2 (800 ppm CO2 + ambient temperature); Temp (400 ppm COz2 + 5 °C); eCO2+Temp (800 ppm CO2 + 5 °C);
aCO2 (400 ppm CO2 + ambient temperature); eCO2 (800 ppm CO:2 + ambient temperature); Drought (400 ppm
CO2 + watering reduction); and eCO2+Drought (800 ppm + watering reduction)]. Data are represented by means
+ standard errors (n = 10). Different letters indicate significant differences among treatments, according to
Tukey’s test (p < 0.05).

High temperature significantly increased the concentration of soluble sugars, with glucose and
fructose levels rising by 4 folds, respectively, compared to aCO, (Figures 2a, 2b). Under eCO,
raffinose concentrations increased by 335%, reaching 7.57 pg-mg" compared to aCO, treatments (1.74
ug-mg™) (Figure 2c). In contrast, sucrose levels did not show changes compared with ambient (Figure
2d). Consequently, eCO2 and eCOz+Temp treatments result in greater grain biomass (Figure 1a),
potentially producing higher sugar concentrations than aCO, or Temp treatments alone (Figure 2).

Drought conditions increased 52% glucose (2.76 ug.mg-1) and 76%, fructose (1.20 ug.mg-1)
compared with aCO:z (Figure 2f,g). The lowest raffinose value in eCOz (2.14 pg.mg-1) compared with
other treatments, Drought (8.14 pug.mg-1), and eCO2+Drought (10.5 pg.mg-1), and aCOz2 (7.86 pug.mg-
1) (Figure 2h). Raffinose is a trisaccharide composed of galactose, glucose, and fructose, common in
the Leguminosae family, and is important to carbohydrates in these grains. The sucrose increased by
39% only in eCO2+Drought (39.34 ug.mg-1) (Figure 2i), while starch concentrations were higher
under eCO:z (24.24 pg-mg™) compared to ambient treatments (16.47 pug-mg™) (Figure 2j).
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Figure 2. Non-structural carbohydrates in soybean grains (ug.mg.DW-1) growth through 125 days under
ambient, elevated CO2, temperature, and drought conditions. Panels on the left (a—e) represent temperature
treatments, while the panels on the right (f—j) correspond to the drought treatments. Glucose (a, g), fructose (b,
h), raffinose (c, i), sucrose (d, j), and starch (f, k) in mature grains harvested from soybean. Treatments applied
include [aCO:z (400 ppm CO2 + ambient temperature); eCO:z (800 ppm CO: + ambient temperature); Temp (400
ppm COz2 +5 °C); eCO2+Temp (800 ppm CO2 +5 °C); aCO:z2 (400 ppm CO:z + ambient temperature); eCO2 (800 ppm
CO2 + ambient temperature); Drought (400 ppm CO: + watering reduction); and eCO2+Drought (800 ppm +
watering reduction)]. Data are represented by means + standard errors (n = 10). Different letters have significant

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

Another important component of soybean grains is lipid, which showed no differences between
treatments (Figure 3a,b). However, fatty acid composition varied, with a higher proportion of
unsaturated fatty acid chains observed under aCO, and eCO:z compared to stress conditions such as
elevated temperature and drought (Figure 3c,d). The fatty acid composition serves as a critical
indicator of oil quality and reflects the seed's developmental stage. During grain development under
high-temperature conditions, the proportions of palmitic, stearic, and oleic acid increased by 14%,
7% and 28%, respectively (Figure 3c).
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Figure 3. Total lipids and fatty acids contents (%) in soybean grain growth through 125 days after the experiment
under ambient, elevated CO2, temperature, and drought conditions. Panels on the left (a) represent temperature
treatments, while the panels on the right (b) correspond to the drought treatments. Fatty acids are represented
by palmitic acid, stearic acid, oleic acid, linoleic acid, and linolenic acid in mature grains harvested from
soybeans. Treatments applied include [aCO2 (400 ppm CO: + ambient temperature); eCO2 (800 ppm CO: +
ambient temperature); Temp (400 ppm CO:z + 5 °C); eCOz+Temp (800 ppm CO2+ 5 °C); aCO2 (400 ppm CO2 +
ambient temperature); eCO2 (800 ppm CO:2 + ambient temperature); Drought (400 ppm CO: + watering
reduction); and eCOz+Drought (800 ppm + watering reduction)]. Data are represented by means + standard
errors (n=10). Different letters indicate significant differences among treatments compared, according to Tukey’s
test (p <0.05).
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Temperature and drought, isolated or combined with eCOz, increased total amino acid content
(Figure 4a, b). The highest value (5 folds more than aCO2) was observed in the eCO2z+Temp, followed
by Temp (4 folds) (Figure 4a), Drought (3 folds more), and eCO2+Drought (2 folds more) (Figure 4b).
However, there were no differences in nitrogen (Figure 5a) and consequently in total protein content
between the treatments (Figure 4c,d). Regarding carbon percentage, the highest values were found
in the eCO:z treatment, reaching 48-50% (Figure 5b,e). Furthermore, Temp treatments showed a
reduction in carbon and C/N compared with the respective aCO: (Figure 5c).
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Figure 4. Proteins and amino acids in soybean grain production growth through 125 days after the experiment
under ambient, elevated COz, temperature, and drought conditions. Total amino acids (a, b) and proteins (c, d)
in mature grains harvested from soybean. Treatments applied include [aCO:2 (400 ppm CO: + ambient
temperature); eCOz (800 ppm CO2 + ambient temperature); Temp (400 ppm CO2+ 5 °C); eCOz+Temp (800 ppm
CO2 +5 °C); aCO2 (400 ppm CO2 + ambient temperature); eCO2 (800 ppm CO2 + ambient temperature); Drought
(400 ppm CO:2 + watering reduction); and eCOz+Drought (800 ppm + watering reduction)]. Data are represented
by means + standard errors (n = 10). Different letters indicate statistical differences among treatments compared,

according to Tukey’s test (p < 0.05).
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Figure 5. Carbon and nitrogen content (%) in soybean grain growth through 125 days after the experiment under
ambient, elevated CO2, temperature, and drought conditions. Panels on the left (a-c) represent temperature
treatments, while the panels on the right (d-f) correspond to the drought treatments. Carbon and nitrogen
content from soybean grains are represented by nitrogen (a, d), carbon (b, ), and carbon/nitrogen (c, f) in mature
grains harvested from soybeans. Treatments applied include [aCOz2 (400 ppm CO:z+ ambient temperature); eCO:
(800 ppm CO:z+ ambient temperature); Temp (400 ppm COz + 5 °C); eCO2+Temp (800 ppm CO2 + 5 °C); aCO2
(400 ppm CO2 + ambient temperature); eCO2 (800 ppm CO:2+ ambient temperature); Drought (400 ppm CO2 +
watering reduction); and eCO2+Drought (800 ppm + watering reduction)]. Data are represented by means +
standard errors (n = 10). Different letters indicate statistical differences among treatments compared, according
to Tukey’s test (p <0.05).
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3.3. Modeling Using Experimental Data at 60 Days to Predict Grain Production and Quality at 125 Days

To predict soybean grain production and quality 125 DAE, total biomass data was obtained at
60 DAE, considering each experimental treatment condition. Generalized linear models (GLMs) were
used to predict grain biochemical traits under different climate change scenarios. Across all variables
analyzed — production, soluble sugars, starch, lipids, proteins, and amino acids — the models
showed a good fit between observed and predicted values, with relatively low root mean square
errors (RMSE). For grain production, the highest observed increase occurred under eCOy, reaching
16.9 g + 1.01, which was closely predicted by the model (16.56 g + 0.79; RMSE = 3.85) (Table 1). In
contrast, drought led to substantial production and quality grain reductions across all traits (Table
1). Soluble sugar content was particularly increased under combined eCO: and temperature stress
(49.23 ug'mg + 3.77), though predictions slightly underestimated observations (48.05 ug-mg™" +2.68;
RMSE = 13.32) (Table 1). Amino acid concentrations showed the most pronounced response to
environmental drivers, with levels tripling under eCO2+Temp (290.42 pmol.mg™ + 23.23), yet the
model slightly underestimated values (278.09 umol.mg™ + 15.54; RMSE = 85.59) (Table 1). Prediction
led to marked declines in amino acid drought and eCO2+Drought (Table 1).

Table 1. Observed and predicted values of grain and quality (soluble sugars, starch, lipids, proteins, and amino
acids) traits under different climate change treatments as estimated by generalized linear models (GLMs).
Treatments include ambient CO, (aCO), elevated CO, (eCO2), increased temperature (Temp), drought, and their
combinations. For each trait, the table shows the mean * standard error of observed and predicted values, the
root means square error (RMSE), and the fitted model equation in the form y = a + x + ¢, where a is the intercept
and {3 the slope coefficient. Trait-specific intercepts () are provided above each group (production, soluble

sugars, starch, lipids, proteins, and amino acids).

Grain Observed Predicted RMSE Model (y = a+ Bx + €)
Production (g DW) a=1.67

aCO2 6.97 +0.78 6.62 +0.33 3.04  y=0.638x+0.172
eCO2 16.9+1.01 16.56 + 0.79 3.85  y=0.809x +0.142
Temp 0.63+0.15 0.65 + 0.02 047  y=-0.116x+0.118
Drought 2.78 +0.24 2.76 +0.09 0.74  y=-0.138x+0.141
eCOx+Temp 16.93 +1.48 16.24 + 0.90 592  y=0.879x+0.154
eCOx+Drought 4.04+0.41 3.90+0.39 1.39  y=0.208x +0.107
]S;‘)i;_l:le sugars (ug.mg. o 4028

aCOz 33.73+1.78 32.32 +1.61 991  y=-0.838x+0.569
eCO2 34.26 + 1.33 33.66 + 1.61 576 y=-0.300x +0.260
Temp 42,66 +2.23 42.32+1.23 773 y=0.268x+0.599
Drought 28.59 +1.35 28.29 +0.98 501  y=-1.434x+0.617
eCOx+Temp 49.23 +3.77 48.05+2.68 13.32  y=0.495x +0.297
eCOx+Drought 42.00+1.26 38.73+0.21 1141  y=0.175x +0.426
Starch (ug.mg. DW+) a=18.96

aCoO: 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 2022 +1.78 19.92 + 0.58 6.16  y=0.126x+0.399
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Drought 17.77 +0.73 17.46  0.60 355  y=-0.164x+0.425
eCOz+Temp 16.94+1.86 16.87 + 0.94 506  y=-0.83x+0.185
eCOz+Drought 16.51 +0.40 14.97 +1.56 525  y=-0.195x +0.265
Lipids (%) a=23.77
aCO:z 25.51+0.48 25.85 + 1.24 463  y=0.186x+0.144
eCO2 26.87 +0.35 26.33+1.26 386  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+0.86 322 y=0.186x+0.158
eCOz+Temp 25.88 + 0.48 25.19 + 1.40 441  y=0.115x +0.069
eCOx+Drought 25.26 +0.68 23.34+2.44 6.58  y=0.145x +0.103
Proteins (%) a=34.31
aCOz 38.01+0.61 3719+ 1.85 579  y=0421x+0.171
eCO» 37.00 + 0.60 36.25 + 1.74 550  y=0.138x+0.077
Temp 37.02 +0.39 36.70 + 1.07 380  y=0.304x+0.170
Drought 36.91+0.71 36.59 + 1.26 3.63  y=0331x+0.186
eCOz+Temp 37.67 +0.51 36.56 + 2.04 6.88  y=0.179x +0.082
eCOx+Drought 33.95+ 0.57 3110+ 3.25 9.63  y=-0.010x+0.118
Amino acids (%) a=115.85
aCO2 48.51 + 8.56 44.35+2.21 1837  y=-8.17x+2.403
eCO» 44.84 + 6.30 42.76 +2.05 1717 y=-3.63x + 1.078
femp 20084 20404+595 7929  y=10.356x+3.970
25.82
Prought 190.72 % 128.07 + 4.44 63.23  y=1713x+3.444
20.97
eCOTemp 29042 278.09 +15.54 8559  y=9.826x +2.462
23.23
eCOz+Drought 79.97 +10.69 72.41+7.58 33.56  y=-2.655x +1.802

Path diagrams are powerful tools for visualizing and quantifying direct and indirect
relationships between variables (Hallgren et al., 2019). In this context, we used to show how different
environmental treatments (e.g., eCOz, Temp, Drought, eCO2+Temp, and eCOz+tDrought) influence
the production and quality parameters of soybean grains. The lines connecting variables represent
the direct effects. The numbers associated with these lines are beta coefficients (3), which quantify
the strength and direction of the relationship. A positive (3 indicates a positive correlation (as one
variable increases, the other also tends to increase), while a negative {3 indicates a negative correlation
(as one variable increases, the other tends to decrease). The bolding of lines and numbers within the
diagram indicates statistically significant results. This significance is determined by p-values, which
are presented in Table 2. Solid lines generally represent positive effects, while dashed lines represent
negative effects. Our analysis reveals that total biomass at 60 days significantly predicts grain
production at 125 days across all tested environmental conditions (eCOz, Temp, Drought, eCOz+Temp,
eCO2+Drought). The results showed that treatments were influenced by grain production, where the
eCO2 and eCOz+Temp had positive effects, while Temp, Drought, and eCO2+Drought showed a
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negative relation to grain production (Figure 6; Table 2). Total soluble sugars showed significant
positive direct effects under the treatment with Drought (8 = -0.14) (Figure 6; Table 2). Lipid content
was positively related exclusively by the eCO: (3 = 0.08), suggesting an increase in lipid (Figure 6; Table
2). Amino acids showed a significant response that is positive in eCOz+Temp (3 = 0.05), and negative in
eCOz+Drought (8 =-0.07) and eCO2 (3 =-0.06) (Figure 6; Table 2).

Prediction of grain production and quality at 125 days based on total biomass at 60 days
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Figure 6. Path diagram using Generalized Linear Model (GLM) results illustrates relationships between total
biomass at 60 days under elevated CO,, temperature, and drought (isolated or combined), and their impacts on
soybean production, and quality compared with ambient conditions at 125 days. According to treatments
applied include [aCO: (400 ppm CO2 + ambient temperature); eCO2 (800 ppm CO:z + ambient temperature); Temp
(400 ppm COz2 + 5 °C); eCO2+Temp (800 ppm COz +5 °C); aCO2 (400 ppm CO:z + ambient temperature); eCO2 (800
ppm CO:2 + ambient temperature); Drought (400 ppm CO: + watering reduction); and eCO2+Drought (800 ppm
+ watering reduction)]. Solid lines represent positive and dashed lines are negative values in soybean grain and

quality. Bold labels with an asterisk (*) and thick lines denote statistically significant effects (P < 0.05).

3.4. Machine Learning to Predict Grain Production in Climate Change Triple Effect

Table 3 presents a comparative analysis of the performance of two modeling approaches,
XGBoost and CatBoost, in predicting soybean grain production and quality under the Triple Effect.
The results indicate that the XGBoost model presented the best overall performance, both in
estimating soybean grain production and quality (Table 3), considering 125 DAE data. XGBoost
achieved the lowest root mean square error (RMSE = 0.04) for grain production, followed by CatBoost
(RMSE = 1.50) (Table 3). To grain quality estimation under the same combined treatment, XGBoost
consistently demonstrated a greater capacity to capture these complex interactions, reflecting its
robustness and adaptability in simulating plant responses under Triple Effect conditions with lower
RMSE (see Table 3). Compared with ambient observed results, Triple Effect soybean grain production
increased by 50%, accompanied by a 35% rise in soluble sugars and a 175% increase in amino acid
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content. In contrast, starch and protein contents declined by 20% and 6%, respectively, while lipid
levels remained unchanged (Figure 7).

Modeling soybean grain production and quality
Inner and outer circle are observed and predicted data, respectively.
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Figure 7. Path diagram using Generalized Linear Model (GLM) results illustrates relationships between total
biomass at 60 days under elevated CO,, temperature, and drought (isolated or combined), and their impacts on
soybean production, and quality compared with ambient conditions at 125 days. According to treatments
applied include [aCO: (400 ppm CO: + ambient temperature); eCO2 (800 ppm CO: + ambient temperature); Temp
(400 ppm COz2 + 5 °C); eCO2+Temp (800 ppm CO2 +5 °C); aCOz (400 ppm CO2 + ambient temperature); eCO2 (800
ppm CO:2 + ambient temperature); Drought (400 ppm CO: + watering reduction); and eCO2+Drought (800 ppm
+ watering reduction)]. Solid lines represent positive and dashed lines are negative values in soybean grain and
quality. Bold labels with an asterisk (*) and thick lines denote statistically significant effects (P < 0.05).

4. Discussion

The interaction between elevated CO,, high temperature, and drought are a challenge for
understanding plant responses under future climate scenarios (Jin et al., 2017). By combining
experimental data with predictive modeling, our study disentangles the interactive, additive, or
antagonistic effects of these stressors on biomass, physiological traits, and grain quality. This
integrative approach strengthens data interpretation and model validation (Qiao et al., 2019; X. Wu
et al., 2018).

While models simulate crop growth based on weather, site, and management conditions, many
still lack key factors, such as nutrient availability (Nendel et al., 2023). The findings here indicate that
eCOz enhances carbohydrate production. Increases in soluble sugars and amino acids reflect
metabolic adjustments and stress signaling (Palacios et al., 2019; Zinta et al., 2018).

We modeled the individual and combined effects of eCO2, Temp, and Drought, including
Double Effect (eCOztTemp, eCOztDrought) and Triple Effect (eCO2+Temp+Drought), to reveal
distinct physiological and biochemical responses. GLM was applied to individual and dual
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treatments, while XGBoost effectively captured complex interactions in the Triple Effect, offering an
integrated view of potential climate impacts on production and grain quality (Figure 7).

4.1. Anticipating Crop Responses Under Climate Change

Modeling grain production and quality using early-stage experimental data provides a powerful
approach to anticipate crop responses to climate change. Several studies highlight the importance of
correlating early vegetative traits to final yield components to improve forecasting accuracy and
reduce the need for long-term measurements (Van Eeuwijk et al., 2019). GLMs were applied using
total biomass data collected at 60 DAE to predict grain production and biochemical traits at 125 DAE.
This approach was effective, demonstrating that early stages vegetative responses can be strong
predictors of later grain outcomes, particularly under multifactorial climate stress. Across all
evaluated traits — grain production, soluble sugars, starch, lipids, proteins, and amino acids — the
models showed good fit between observed and predicted values, with relatively low RMSE (Table
1). These results align with previous studies, which have shown that statistical models based on early
biomass or physiological indicators that can provide biologically meaningful estimations for
predicting crop productivity and nutritional quality under abiotic stress (Chenu et al., 2017). Grain
production under eCO: showed observed value (16.9 g + 1.01), which the model predicted (16.56 g +
0.79; RMSE = 3.85) (Table 1), indicating the predictive of early biomass indicators, especially under
carbon-enriched conditions.

Amino acid levels were 6-folds more under eCO2+Temp than ambient (Table 1). Nevertheless,
the model captured the trend of increasing amino acid concentrations under eCOz+Temp (Table 1).
This finding is consistent with those of Zinta et al. (2018), who reported that combined climate
stressors modulate amino acid metabolism as part of an adaptive mechanism to maintain osmotic
balance and metabolic flexibility. Overall, this modeling strategy supports the use of early
physiological data to predict production and quality grain. Facilitating the development of climate-
resilient crops and prediction of possible crop loss (Banga & Kang, 2014; Khan et al., 2022). It also
underscores the utility of GLMs in integrating multiple variables and stress treatments to inform
adaptive breeding and agronomic strategies under projected climate scenarios.

4.2. Validation Model with Out-of-Data Experiment

Model-based projections from GLM reveal differential impacts of eCO2, temperature, drought,
and their interactions on soybean (Table 1). The model captured a trend of increased production
under eCO, with predicted values (16.52 g + 0.96) aligning with observations (14.67 g + 0.39) (Table
S3). Starch predictions were also consistent with aCO:z (11.27 ug.mg.-1 + 0.87 predicted vs 11.54
pg.mg.-1 + 0.93 observed) and eCO:2 (16.52 pug.mg.-1 + 0.96 predicted vs 14.67 ug.mg.-1 = 0.39
observed). However, under combined eCO2+Temp, the model overestimated production (20.58
pg.mg.-1 +1.76 predicted vs. 10.04 ug.mg.-1 + 1.26 observed) and failed to predict the drop in soluble
sugars (15.68 ug.mg.-1 + 0.30 predicted vs. 2.95 ug.mg.-1 + 0.54 observed) (Table S3). The observed
inconsistencies, particularly the overestimation of protein content and the unexpected positive
feedback in starch biosynthesis under dual stress, suggest possible overfitting and limitations in
model assumptions related to source-sink dynamics and the complex C/N partitioning. These issues
may stem from the restricted size and scope of the dataset, which may not capture the full variability
of genotypes, developmental stages, and environmental conditions. Expanding the dataset to include
a broader and more representative range of observations could enhance model realism and
generalizability. Meta-analytical approaches that aggregate data across sites, years, and experimental
setups may also improve the parameterization of key physiological processes. Moreover, integrating
mechanistic insights from transcriptomic or metabolomic data could help constrain the model, reduce
overfitting, and better reflect the complexity of plant responses under combined stressors (Y. Wang
et al., 2024). This integrated approach, which combines experimental measurements with modeling,
provides a robust framework for data integration, model validation, and enhanced analysis, as
highlighted by previous research (Qiao et al., 2019; X. Wu et al., 2018; Y. Wu et al., 2019). Modeling is
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an invaluable tool for assessing environmental shifts and variations in grain production, aiding in
the development of adaptive strategies for future climate scenarios (N. Wang et al., 2018). The
intricate interactions among eCO2 increased temperature, and drought present a significant challenge
for accurately predicting crop responses under future climate conditions (Jin et al., 2017).

Model simulations need additional factors, such as physiological and biochemical characteristics
- nutrient availability, plant susceptibility, and quality parameters - beyond the weather and
management practices (Nendel et al., 2023). The integration of experimental data and predictive
modeling provides valuable insights into the mechanisms underlying abiotic interactions. For
instance, this model suggests that eCO2 enhances carbohydrate production and nitrogen content,
although these effects are restricted by high temperature and drought. Furthermore, the
accumulation of soluble sugars and amino acids highlights the role of stress signaling pathways and
metabolic flexibility in mediating plant responses to combined stressors (Heinemann & Hildebrandt,
2021; Palacios et al., 2019; Zinta et al., 2018).

4.3. Elevated CO: Promotes the Benefits of Grain Production and Changes Grain Quality

Elevated CO, enhances photosynthetic rates, improves water-use efficiency (WUE), and drives
increased growth and yield in crops, like soybean (DaMatta et al., 2010; Digrado et al., 2024; Shanker
et al., 2022). Soybean production, in particular, benefit from these physiological shifts, with evidence
showing an increase in grain oil concentration under eCO: (Figure 7). However, eCO: effects on
soluble sugars, protein content, and nitrogen metabolism revealed complex trade-offs in seed
composition and growth (Figures 3, 4, and 5).

Protein levels in soybean seeds exhibited inconsistent responses, with some studies reporting a
modest 1.5% increase (Digrado et al., 2024), while others observed no significant change (Palacios et
al., 2019). These findings suggest that the impact of eCO2 on protein content may be context-
dependent, potentially influenced by environmental conditions, nitrogen availability, cultivar
differences, or even ontogenetic deviation during grain filling. Furthermore, eCO: generally shifts
grain composition towards higher carbohydrate and reduced protein content (Figure 7), lowering the
metabolic costs of growth and reducing maintenance requirements (Boote et al., 1997), and increase
the production.

4.4. Temperature and Drought Reduce Grain Production

Rising global temperatures and drought, pose a significant threat to agricultural productivity,
particularly impacting soybean grain production (Long, 2025). High temperatures accelerate plant
development, reduce pollen viability, and decrease grain set, collectively resulting in significant
production losses in crops such as soybean (Miiller & Rieu, 2016), which was observed in the present
study, with a 91% reduction in grain biomass (Figure 7). Drought significantly reduces soybean
production, with its negative impacts being more pronounced under ambient CO, conditions
compared to eCO; (Ferris et al., 1999; Gray et al., 2016; Jin et al., 2017, 2018; Singh et al., 2021). The
observed 60% reduction in grain production under drought (Figure 7) aligns with prior studies
showing declines grain biomass under water stress (A. Wang et al., 2018). Under drought conditions
combined with eCO, the reduction was mitigated to 42% (Figure 7). This suggests that improved
water-use efficiency under eCO: may provide partial mitigation of drought-induced yield losses
(Singh et al., 2021).

4.5. Temperature Coupled to Elevated CO:, Promotes Grain Biomass

There are compensatory interactions between eCO2+Temp on soybean grain biomass and quality
(Figure 7). The beneficial effects of eCO: in high temperature stress are primarily attributed to
increased photosynthetic activity, enhanced water-use efficiency, and shifts in carbohydrate
partitioning (Habermann et al., 2019; Haworth et al.,, 2021). Our model predicts that eCO2+Temp
stress could improve grain production by a substantial increase of 143% relative to ambient
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conditions, closely matching the observed increase of 145% (Figure 7). This result highlights its
potential to partially offset high temperature losses, particularly under moderate temperature
increases (Ainsworth & Long, 2021; Gray et al., 2016; Jin et al., 2017; Singh et al., 2021). Our study also
revealed the significant impact of eCO2+Temp on the carbohydrate profiles of grains, reflecting
metabolic adjustments during development can disrupt carbon partitioning and increase respiration,
leading to reduced seed carbohydrate content and overall yield (Yang et al., 2023).

4.6. Triple Effect May Increase Grain Production, but Decrease Quality

Throughout, it is well-established that elevated CO, generally enhances production, and that
temperature or drought tends to inhibit it. However, the interaction between these variables during
key reproductive phases remains less understood, particularly regarding the quality of soybean
production (Thomey et al., 2019). Triple Effect induces nuanced changes in soybean production and
quality components, with agronomic implications. XGBoost demonstrated superior predictive
performance in simulating soybean grain production and quality under the Triple Effect compared
to CatBoost, with markedly lower RMSE (0.04 vs. 1.50) (Table 3). This aligns with global agricultural
research showing that XGBoost often outperforms or matches neural networks in complex agronomic
prediction (Bhat et al., 2024; Huber et al., 2022; M'hamdi et al., 2024; Taniushkina et al., 2024). The
50% increase in grain production under combined climate treatments is striking and suggests that
our models captured a strong compensatory effect from elevated CO, (Figure 7).

Quality changes in grain showed a 35% rise in soluble sugars and 175% increase in amino acids,
paired with a 20% decline in starch and 6% in protein, reflecting plant metabolic adjustment under
stress (Figure 7). High amino acid levels are typically used as osmotic regulators and indicators of
stress. While this may contribute to stress tolerance, it also reflects a metabolic shift that prioritizes
immediate stress mitigation over long-term storage or structural compounds, such as proteins and
starch (Song et al., 2025). The rapid and precise estimation of production and quality shifts under
projected climate extremes offers valuable guidance for breeding, agronomic management, and
policy adaptation. The metabolic insights reveal vulnerabilities in nutritional quality that could
impact feed and food systems, data critical for developing climate-resilient cultivars.

These findings have important implications for climate-resilient agriculture. The increase in
grain production under the Triple Effect demonstrates the potential for elevated CO, to mitigate some
of the negative impacts of temperature and drought. However, the concurrent reductions in starch
raise concerns about the nutritional quality of soybean grains under future climate scenarios. This
trade-off between production and quality underscores the need for breeding programs that prioritize
not only productivity but also the resilience of grain composition to environmental stressors.

5. Conclusions

This study addressed two objectives with implications for climate-resilient agriculture. First, we
demonstrated that GLMs leveraging early-stage physiological and morphological traits, specifically
total biomass at 60 DAE, can forecast soybean grain production and quality at 125 DAE across
environmental conditions. The low prediction errors and consistent directional trends between
observed and estimated values support the use of GLMs as reliable tools for anticipating crop
responses, especially under single and dual climate stressors. This reinforces the utility of early-stage
biomass as a predictive indicator for guiding agronomic interventions and breeding strategies.
Second, we modeled the combined effects of elevated CO,, high temperature, and drought (Triple
Effect) on soybean grain production and quality. By integrating experimental datasets from double-
factor treatments and applying machine learning techniques, we found that XGBoost outperformed
CatBoost in predictive accuracy, effectively capturing the complex nonlinear interactions among
stressors. Under the Triple Effect, model projections revealed a substantial increase in grain
production (+50%) and specific quality components such as soluble sugars (+35%) and amino acids
(+175%), alongside reductions in starch (~20%) and proteins (-6%). These findings highlight the dual
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nature of climate impacts: potential gains in yield mediated by elevated CO, may come at the cost of
nutritional quality.

Supplementary Materials: The following supporting information can be downloaded at: Preprints.org, Figure
S1: Experimental design of temperature and drought experiments in Open Top Chambers; Figure S2:
Meteorological conditions during the soybean experiment. Table S1: Soybean total biomass (g DW) within 60
days after the experiment across various treatment conditions. Table S2: Hyperparameter ranges used for tuning

the XGBoost and CatBoost models. Table S3: Comparison between observed data and predicted values.
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