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Introduction

The escalating degradation of water and soil resources, coupled with global warming, population growth, and climate
change, necessitates a reevaluation of food production systems. Corn (Zea mays L.), as the third most strategic crop
worldwide, faces increasing demand due to rising food needs. Optimizing seed yield under varying environmental
conditions is critical, with arbuscular mycorrhizal fungi (AMF) and plant growth-promoting rhizobacteria (PGPR)
playing pivotal roles by enhancing nutrient uptake (e.g., phosphorus and nitrogen) and improving plant resilience to
stresses and pathogens. However, the complex eco-physiological interactions influencing seed yield remain poorly
understood, underscoring the need for advanced modeling tools. Traditional regression models often fail to capture
non-linear and interactive relationships among factors such as photosynthesis rates, nutrient levels, and plant
anatomical traits. Consequently, machine learning models like Deep Neural Networks (DNN) and Transformers have
emerged as powerful alternatives for precision agriculture. This study aims to identify key features affecting corn seed
yield using stepwise regression and compare eight machine learning algorithms—Enhanced DNN, Transformer,
XGBoost, SVM, ANN, ANFIS, LightGBM, and SVR—to determine the most accurate model for predicting yield and
unveiling hidden eco-physiological relationships.

Materials and Methods

The experiments were conducted over two consecutive years at the research farm of Ferdowsi University of Mashhad,
Iran (latitude 36°15'N, longitude 59°28'E, altitude 985 m), located in the Kashafroud River basin. The region features
a semi-arid climate with an average annual rainfall of 252 mm and a mean temperature of 15°C, with loamy soil of
moderate organic carbon content. The dataset comprised 96 samples and 73 features, collected over two growing
seasons, including plant traits (e.g., leaf chlorophyll content via SPAD index, nitrogen concentration) and soil
characteristics. Of these, 32 were primary features (e.g., photosynthesis rate, leaf area index, canopy temperature),
and 41 were engineered interaction features (e.g., PmaxMean_LeafArealndex, Canopy Templ RootColonization),
designed based on domain knowledge of agro-ecophysiology, soil ecology, AMF, and PGPR. Data were randomly
split (random_state=42) into 70% training (67 samples), 15% validation (14 samples), and 15% test (15 samples) sets,
with standardization applied using StandardScaler. Feature selection employed stepwise backward regression,
reducing 73 features to 13 key variables (e.g., Canopy Temp_3, % P plant) based on adjusted R2, multicollinearity,
and variance inflation factor (VIF). Amongst 15 machine learning algorythms, the eight machine learning models
were configured with specific architectures: ANFIS with TensorFlow-based layers, Transformer with 2 attention
heads, ANN with 3 hidden layers, SVR with RBF kernel, etc., and evaluated using R?2, RMSE, MAE, and Willmott’s
d, with Shapiro-Wilk test for residual normality.

Results and Discussion

Stepwise regression yielded a model with an adjusted R? of 58.53% and a predictive R? of 51.06%, identifying 13
features (e.g., Canopy Temp_3 with coefficient 0.2451, p=0.002). Machine learning results showed ANFIS
(R2=0.555), Transformer (R2=0.545), and ANN (R2=0.518) as top performers, while SVM (R?=0.325) lagged. The
Nemeyi diagram ranked ANN first (mean rank 1.50, Willmott’s d=0.848), followed by Transformer, with critical
distance (1.11) indicating significant differences (a=0.05) between top and bottom models. Taylor diagrams
highlighted Transformer’s superiority (RMSE=2.834, R?=0.545), with ANFIS and ANN close behind. SHAP plots
revealed that interactions like Leaf Area Index_Dry Matter Yield were critical, with SVR sharing 9 features with the
regression model. Correlation analysis clustered features into physiological (e.g., SPAD_Mean) and yield-related
(e.g., Dry Matter Yield) groups, with strong positive correlations (e.g., SPAD_2 and cob diameter, r=0.82) and
negative ones (e.g., Canopy Temp_Mean and Root Colonization, r=-0.82). Skewed distributions in KDE plots
underscored the need for non-linear models. Force plots (e.g., LightGBM sample) showed features like Leaf Area



Index_Dry Matter Yield (+280.047) driving predictions, while loss curves for Enhanced DNN indicated effective
convergence. The study suggests that neural network-based models excel in capturing complex eco-physiological
interactions, with canopy temperature and root-nitrogen interactions as key predictors, offering insights for sustainable
corn production despite data size limitations.

Keywords: Artificial Neural Network, Arbuscular mycorrhizal fungi, Plant growth-promoting rhizobacteria, Eco-
physiological interactions, Feature engineering, Input efficiency
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Equation 1: ) dalzo

Seed Yield = 0.0000 + 0.2451 Canopy Temp_3 - 0.488 % P plant + 0.395 %N soil
+ 0.3387 PlantHeight_CobNumber + 0.298 Nplant_SpecificRootLength
+ 0.479 Leaf Area Index_SPAD_Mean - 0.911 Leaf Area Index_Dry Matter Yield
+ 0.669 Root Colonization_Dry Matter Yield + 0.642 Stem Diameter_Dry Matter Yield
+ 0.742 (Specific Root Length) ~2 + 0.453 (Canopy Temp_Mean)"2*Leaf Area Index
- 0.643 (Root Colonization)*2*SpecificRootLength- 0.531 (Specific Root Length)"2*Dry Matter
Yield

e Comd oyl 9 Sy 2 byl pygi Jale jlade 5 gy (o wculps 3kl ol olyen 4 n (Shy culps Y Joso

Table 2. Feature coefficients with standard errors, p-values, and variance inflation factors for each feature and the
model’s coefficient of determination

Term Coef SE Coef T-Value P-Value VIF

Constant 0.0000 0.0657 0.00 1.000

Canopy Temp_3 0.2451 0.0757 3.24 0.002 1.31

% P plant -0.488 0.159 -3.07 0.003 5.77

%N soil 0.395 0.167 2.36 0.021 6.40
! Shapiro-Wilk

2 Alpha to remove

3 R-squared adjusted

4 R-squared predicted

5 Variance Inflation Factor (VIF)



PlantHeight_CobNumber 0.3387 0.0824 411 0.000  1.56

Nplant_SpecificRootLength 0.298 0.132 2.27 0.026 3.97
Leaf Area Index_SPAD_Mean 0.479 0.130 3.69 0.000 3.86
Leaf Area Index_Dry Matter Yield -0.911 0.349 -2.61 0.011 27.88
Root Colonization_Dry Matter Yield 0.669 0.263 2.54 0.013 15.86
Stem Diameter_Dry Matter Yield 0.642 0.252 2.55 0.013 14,53
(Specific Root Length) "2 0.742 0.320 2.32 0.023 23.40
(Canopy Temp_Mean)~2*Leaf Arealndex 0.453 0.193 2.35 0.021 8.50
(Root Colonization)*2*SpecificRootLength -0.643 0.248 -2.59 0.011 14.09
(Specific Root Length)*2*Dry Matter Yield -0.531 0.250 -2.12 0.037 14.35

@3l oSles (i Gl 3 o5 @ P8 (For)S) Jhe i Gl 5 038 o e e Y Jgoe

Table 3. Adjusted and predicted coefficients of determination for the stepwise regression model in predicting corn
grain yield
S R-sg R-sq(adj) R-sg(pred)
0.643993 64.20%  58.53% 51.06%
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Figure 1. Matrix of correlation coefficients, kernel density estimation plots, and dendrogram among thirteen
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Violin Plots of 13 Features Identified by Stepwise Backward Elimination Regression
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Figure 2. SHAP violin plot shows relative importance of 13 features identified via Stepwise Elimination Regression
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Table 4. Coefficient of determination, root mean square error, mean absolute error, and Willmott’s d index for eight
machine learning models to predict corn grain yield

Algorythm R? RMSE  MAE Willmotte’d

ANFIS (Adaptive Neuro-Fuzzy Inference System) 0.555 2.804 2.368 0.826

! Model Evaluation
2 Model Validation
3 Model Accuracy
4 Model Capacity

5 goodness-of-fit

6 Substantial



Transformer 0.545 2.834 2.331 0.837

Artificial Neural Network (ANN) 0.518 2.917 2.254 0.848
Support Vector Regression (SVR) 0.452 3.111 2.381 0.758
LightGBM 0.385 3.296 2.617 0.727
XGBoost 0.339 3.417 2.780 0.689
Support Vector Machine (SVM) 0.325 2.96 2.37 0.796
Enhanced Deep Neural Network (Enhanced DNN) 0.321 3.462 3.313 0.674
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Figure 3. Nemeni plot comparing eight machine learning algorithms in predicting corn grain yield
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Figure 4. Taylor diagram comparing eight machine learning algorithms in predicting corn grain yield
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ANFIS: 0.550 , ANN: 0.544 , Transformer: 0.555 , SVR: 0.621 , LightGBM: 0.667 , XGBoost: 0.701 ,
EnhancedDNN: 0.758 , SVM: 0.648
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Figure 5. Scatter plot and regression line of predicted versus observed corn grain yield values (A ANFIS, B
Transformer, C ANN, D SVR, E LightGBM, F XGBoost, G SVM, H DNN)
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Figure 6. SHAP violin plots of the relative importance of the top 20 features identified by the four best algorithms
(A ANFIS, B Transformer, C ANN, D SVR)
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Table 5. Common features among the four top machine learning algorithms and the stepwise regression model (by

algorithm)
ANFIS Transformer ANN SVR
1 Canopy_Temp4 Canopy_Temp4 PlantHeight_CobNumber Canopy_Temp4
2 Nplant_SpecificRootLen  Canopy_Temp3 Canopy_Temp4 PlantHeight CobNumber
gth
3 (Specific Root Length) PlantHeight_ CobNumb  Nplant_SpecificRootLen  Leaf Area
A2*Dry Matter Yield er gth Index_SPAD_Mean
4 Leaf Area (Root Colonization) (Specific Root Length) Leaf Area Index_Dry
Index_SPAD_Mean A2*SpecificRootLenght  ~2*Dry Matter Yield Matter Yield
5 Canopy_Temp2 Root Leaf Area (Canopy Temp_Mean)
Colonization_PplantEn  Index_SPAD_Mean A2*Leaf Area
dSeason
6 Canopy_Temp2 Root Colonization_Dry
Matter Yield
7 Canopy_Temp3
8 Nplant_SpecificRootLeng
th
9 Canopy_Temp2
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Figure 7. SHAP Decision Plots for test samples by the four best algorithms (A ANFIS, B Transformer, C ANN, D

SVR)
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Figure 8. Partial dependence plots: A) Interaction of plant nitrogen percentage and specific root length, B)
Interaction of root colonization percentage and plant phosphorus content at the end of the growing season, C)

Interaction of mean maximum photosynthesis rate and leaf area index, D) Interaction of mean canopy temperature
and cob number from the SVR algorithm

&l o 0galy gy a1y ol 45 Iy as (S d Jgmame 3,Shes wiw sl CNN-RNN 0,63l oS el oass jo)l55
9 3 e Jlse (o o Sty L slyy CNN-RNN 5531 (1) 05 oy S 3,Shos (i sy 5500 il
slalae 435Sl (g meesd (2Uly5 Jio (V) 09 035 (2l gy Cledbl 4y Lo feaa gloj Jobo > Layds (S5
Lly b a8 amd L Cuslyy o ¢y aiaSog S gy b olyen (¥) 0l s i <85 do 95 BB ialS g |y oa i yiole)]

(Khaki sius &Y gase 3,Slas )3 Olyusd sy 40,06 do do b o pite sla gy g «SB Loyl domg] (o i €85 ¢ olgmg]
. etal., 2020)

Jae cpl) el 0ab 039 b lages 95 ol Yl Giules B L ciges lgieds pl o (2 oY Jho (sly Sy (w98 yl3g05 %
(b Hlade) (gylade dx 5l Jae a8  amd o L 3 yake diged S5 (gly 4505 ol (A JSS) (5,1 R?=0.385 L Laxs [ 5,8es
Bl yee (A JS) cloa s (295 il L Gl el g Al SIS Sl s (295 59y sk (S 2 g 035 g9,

1 pase value



S slp ol Syl OIF dgas 4l e (g0 (sles! 53 VYA Togas boxisl 13) cal Jio (slos (i sy Mo o3 i
ol jdy (295 GRIB! ) (Shy of prew bl eaiS ol (g dapm g Wledd it e Sl cel & cl ol
(s gyl (ite 1 (e )3) Jlaged o Cao A JSUS 3 il (o e JPae (S el o Cl (oln (Shg sl jo B )
Leaf Area ) s)ls Jao 295 (59, 1) cute j3l 1p 5855 «Sid o3lo 0,Sloe g Sy e sl d (iiSod A S8
(Jdo (29y3) il 0,Slee jKai> iljdl el (Shg ol YU lade K5 ojle 4 (Index_Dry Matter Yield = 280.047
Job il o Jse (sl o)) el oaims L5 a5 (PmaxMean = 4.5) 5l (68 iulél 5l diin jruwgd & pSobe sl o
SN slaws 5 olS elas)) iiSamys 4 basyo 6V 2ae ( Cob Length = 12.8) cwloa s Jio (29,5 Coods el ol M
Sl 38 SPAD 4 Ske x Sy o (23 L (iuiSen ys (PlantHeight_CobNumber = 11603.3) coilb abs 5 )Shee p (il38l
&l iy dls e > LS i (YL sled ( Leaf Area Index_SPAD_Mean = 108.45) cuwl ailiS Juo (595 p Sute
Canopy ) (s i (Sison Jto a3l asbgol sito oul 1 (ool 18 Jio ol o 5 el Jpanals (o8 () 35 st
Jio) S sl it oo 3l L g 038 g, aily 3,Slos S 3 05 OIF ly ke ) Jas oSS ke (Temp_4 = 40.8
38das US> (5 WA sga> olad jlade @ 1) (293 (4 jiiwwgid Gud 5 S Jobo o5 aw (jad L «Sitd o3le 3 )Sles
Slodgy 16 g Sl (o BlL sla S g Cawl osily &l
o slo 295 ol (gl S o589 SHAP (ola lages 51wy I 1,8 a5 uid,S slasiws Sirvastava et al., (2022)
cDULLs T ol &l (loj canes o s puiio o) 5 ,Shas o i 205 guaser )3 o0lS gla i 48 oas odliul CNN (ooloiti
0l (%)l 35 Bl il e paS 0, Sl o yiw 0 B Sha o ieke Oloisds ) pian dian (D (Il Hlade g cepd dtin 0 0L ey
S 2 Jhe (295 2 S 2o SRy et lgie PH g (N) (g2 ( Sk dod « (K)ol ¢ (P) i gl o ol
.(Abekoon et al., 2025) wloas glolis w513 15l dieden (55,liS 13 Jgamo duoys

5 6 7

020 I (N S O G A et

Canopy Temp_4 = 40.%eaf Area Index_SPAD_Mean =|10Bl4B8%eight_CobNumber = 1183t8Length = 12 BPmaxMean = 4.5 Leaf Area Index_Dry Matter Yield = 280.047

10 1 12 12 14 15

plis o oY Jao bawgi sl (Jg5 &y oy08 Joge3 A JSO
Figure 9. Force plot generated by the LightGBM model

Sql 2 ;3 ol ylaged -2
oxid L5 TSl a5 b bges el puile (xS0 aulB 5 Jae g igel (claodls plas 513, 5l JelS 0)90 SO 'Syl
odimd i 45 B e LS b ke Ygems dncSsgl shasd Ll b ol Spl b aygd 15 (8l 2l g 3 Jia sllad e
Maged cpl (a3 &y osle i b M”i l>)ﬁa_.o1) d9ub Aiamly b jgal (clnodly 4 dsl i e 4l 1Ko wnl Jao 3,Ses dgu0
DL e JSC8 53 4l 5 s rns 45,5 o Sl 58 53 0l g 33 o3l (e (53 3T ol 5 b3l S
12 ST 48 35l o minyliiel 5 ol 5l Ken ) S der o Ve Sl Sl ot g0 g3 Ke3p slemr Shbail .l 05 03l

a2y g8) lawgs 350 (S0

! Epoch
2 Loss per Epoch



Enhanced DNN Loss Over Epochs

160 —— Training Loss

Validation Loss
140

120

100

80

Loss

60
40
20

0 50 100 150 200
Epoch

4l £l)] aes as S Jho Sl yo 0 b lages o S0
Figure 10. Loss per epoch plot for the enhanced deep neural network model

S5 (S 5 domi

93y > Adam L aigo 5l edliiwl Cpioran g (yoy9i w5 ,d) AUENLION 5 (] ,3) TENSOIFIOW (oS 5 o555 (515,150
Gy &l 3 Slas Gl 3 oeBle 633k Gl wiygSl (5 Olgisds 9 3535 il de (a3 4 ) edamy Sl ool
9 Sy paw (adls ddy) g Job g 0lS )59 (slaore il ud p als g 10 o9ilS (gled sla (S .(RZ =+[0VA) 2> lis
Al 2 )Slos oximd b (gla pusiio oy jians lois a4y (2D JSI dls g 13 oilS glod ool 31 g I Dlasd g g £la)] ol Dae
Ay el jglsS o Jolad Cuanl oaiad lis 0dd 03 asuis sla Shg bles .Ad 03l (ol pp el el e lws ()
oo o ooy 50 oyl (slaeSl (6 50b b asm ol i by p 61 cpl )b Slgsead (8 Slalllas b &S 34 (6598 miwnw g
il Sanly T 5 555 i i 5 00,5 oy € 4 3Slae (65 S5 > s (Kool bl a3l

o] Clids (5 a5 313 dgng old ddlate S (ggy 35 ped g Laodld dcgasme &,sw ojll o (olacydgioe (L Codgasw
«® aalllas k.)" CJLJ g wl.c) Lb bles! Cols s)».o.{ Lngon L u.sLm L)“'JL")] Lg‘)’ CJL\J ol 43 le> u:l L D g d)Jo)J ..\)‘9: )
M5 53 (ol Gl g G35 Ll 8 b )5l g W odles (2l Gl Can ) S50 (o)) Cope sl )Y sl i Slg5
Dyol wlyd 1y (ol ails &)

.\3|93' ® P u)lS.o b Lg]).g dlo)l}mlﬁ ol ral.éal 9 d)')sl...i‘.f PPNy L;:L.u....u L;LAW d‘)’. RF )'l ooliiul [ 4.3..093
Aad ol b Jae o8 g cds

References



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Abekoon, T., Sajindra, H., Rathnayake, N., Ekanayake, I., Jayakody, A. (2025). A novel application with
explainable machine learning (SHAP and LIME) to predict soil N, P, and K nutrient content in cabbage cultivation.
Smart Agricultural Technology, 11: 100879. https://doi.org/10.1016/j.atech.2025.100879

Bao, X., Zou, J., Zhang, B., Wu, L., Yang, T., Huang, Q. (2022). Arbuscular Mycorrhizal Fungi and Microbes
Interaction in Rice Mycorrhizosphere. Agronomy, 12(6): 1277. https://doi.org/10.3390/agronomy12061277
Bhupenchandra, I., Chongtham, S.K., Devi, A.G. et al. (2024). Unlocking the Potential of Arbuscular Mycorrhizal
Fungi: Exploring Role in Plant Growth Promotion, Nutrient Uptake Mechanisms, Biotic Stress Alleviation, and
Sustaining Agricultural Production Systems. J Plant Growth Regul. https://doi.org/10.1007/s00344-024-11467-9
Bracho-Mujica, G., Rétter, R. P., Haakana, M., Palosuo, T., Fronzek, S., et al. (2024). Effects of changes in climatic
means, variability, and agro-technologies on future wheat and maize yields at 10 sites across the globe. Agricultural
and Forest Meteorology, 346: 109887. https://doi.org/10.1016/j.agrformet.2024.109887

Brar, B., Bala, K., Saharan, B.S. et al. (2024). Bio-boosting agriculture: Harnessing the potential of fungi-bacteria-
plant synergies for crop improvement. Discov. Plants, 1: 21 https://doi.org/10.1007/s44372-024-00023-0

Cohen, J. (1988). Statistical Power Analysis for the Behavioral Sciences, 2nd Ed. New York: Routledge.
Fashoto, S., Mbunge, E., Opeyemi, O.G., Van Den Burg, J., (2021). Implementation of machine learning for
predicting maize crop yields using multiple linear regression and backward elimination. Malays. J. Comp. 6: 679-
697.

Godfray, H.C.J., Poore, J., Ritchie, H. (2024). Opportunities to produce food from substantially less land. BMC
Biology, 22:138. https://doi.org/10.1186/s12915-024-01936-8

Khaki, S., Wang, A., Archontoulis, A.V. (2020). A CNN-RNN Framework for Crop Yield Prediction. Front. Plant
Sci. Sec. Computational Genomics, https://doi.org/10.3389/fpls.2019.01750

Khoso, M.A., Wagan, S., Alam, I, Hussain, A., Ali, Q., Saha, S., Poudel, T.R., Manghwar, H., Liu, F. (2024).
Impact of plant growth-promoting rhizobacteria (PGPR) on plant nutrition and root characteristics: Current
perspective. Plant Stress, 11: 100341. https://doi.org/10.1016/j.stress.2023.100341.

Kuhn, M., Johnson, K. (2013). Applied Predictive Modeling. pringer Science & Business Media, 600 pages. ISBN:
978-1-4614-6848-6. https://doi.org/10.1007/978-1-4614-6849-3

Mitra, D., Panneerselvam, P., Senapati, A., Chidambaranathan, P., Nayak, A.K., Mohapatra, P.K.D. (2023).
Arbuscular Mycorrhizal Fungi Response on Soil Phosphorus Utilization and Enzymes Activities in Aerobic Rice
under Phosphorus-Deficient Conditions. Life (Basel). 30,3(5):1118. https://doi.org/10.3390/1ife13051118. PMID:
37240763; PMCID: PMC10221761.

Moore, D. S., Notz, W. |, & Flinger, M. A. (2013). The basic practice of statistics (6th ed.). New York, NY: W.
H. Freeman and Company. Page (138).

Nayak, H.S., Silva, J.V., Parihar, C.M., Krupnik, T.J., Sena, D.R., Kakraliya, S.K., Jat, H.S., Sidhu, H.S., Sharma,
P.C., Jat, M.L., et al. (2022). Interpretable machine learning methods to explain on-farm yield variability of high
productivity wheat in Northwest India. Field Crop. Res. 287: 108640. https://doi.org/10.1016/j.fcr.2022.108640
Pento$, K., Mbah, J. T., Pieczarka, K., Niedbata, G., & Wojciechowski, T. (2022). Evaluation of Multiple Linear
Regression and Machine Learning Approaches to Predict Soil Compaction and Shear Stress Based on Electrical
Parameters. Applied Sciences, 12(17): 8791. https://doi.org/10.3390/app12178791

Roell, Y. E., Beucher, A., Mgller, P. G., Greve, M. B., Greve, M. H. (2020). Comparing a Random Forest based
prediction of winter wheat yield to  historical vyield potential. Agronomy, 10(3), 3.
https://doi.org/10.3390/agronomy10030395

Salvador, G.L.O., Araju, F.F., Pereira, A.P.A., Bonofacio, A., Araujo, A.S.F. (2022). Rhizobacteria and arbuscular
myecorrhizal fungus presented distinct and specific effects on soybean growth when inoculated with organic
compost. Rhizosphere, 22: 100513. https://doi.org/10.1016/j.rhisph.2022.100513

Srivastava, A. K., Safaei, N., Khaki, S., Lopez, G., Zeng, W., Ewert, F. et al. (2022). Winter wheat yield prediction
using convolutional neural networks from environmental and phenological data. Scientific Reports, 12(1).
https://doi.org/10.1038/s41598-022-06249-w

Taiz, L., E. Zeiger, I. M. Moller, et al. (2018). Fundamentals of plant physiology. New York, USA: Oxford
University. Press. ISBN 978160535790

Wang, Y., Zhang, Q., Yu, F., Zhang, N., Zhang, X., Li, Y., Wang, M., Zhang, J. (2024). Progress in Research on
Deep Learning-Based Crop Yield Prediction. Agronomy, 14(10): 2264.
https://doi.org/10.3390/agronomy14102264

Xie, X., Wu, T., Zhu, M., Jiang, G., Xu, Y., Wang, X., Pu, L. (2021). Comparison of random forest and multiple
linear regression models for estimation of soil extracellular enzyme activities in agricultural reclaimed coastal
saline land. Ecological Indicators, 120: 106925. https://doi.org/10.1016/j.ecolind.2020.106925


https://doi.org/10.1016/j.atech.2025.100879
https://doi.org/10.3390/agronomy12061277
https://doi.org/10.1007/s00344-024-11467-9
https://doi.org/10.1016/j.agrformet.2024.109887
https://doi.org/10.1007/s44372-024-00023-0
https://doi.org/10.3389/fpls.2019.01750
https://doi.org/10.1016/j.stress.2023.100341
https://doi.org/10.3390/app12178791
https://doi.org/10.1016/j.rhisph.2022.100513
https://doi.org/10.3390/agronomy14102264

