


Evaluation of Genotype x Environment interaction for yield attributes in maize across multiple environments
ABSTRACT
Accurate prediction of hybrid performance under variable environments requires models that capture both genetic and climatic drivers. In this study, linear mixed models (LMMs) were applied to grain weight, kernel rows, and kernels per row across multiple environments to evaluate the contribution of environmental covariates in improving model performance. Baseline models considered genotype, environment, and their interaction as fixed or random effects, while extended models incorporated cumulative growing degree days (CGDD) at anthesis and silking. Model evaluation using Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) showed that models including environmental covariates consistently achieved better fit for grain weight and kernels per row, highlighting the role of thermal time in explaining phenotypic variation. In contrast, kernel rows were largely unaffected by temperature-related covariates, indicating that this trait is primarily determined by G×E interactions. These findings provide actionable insights for maize breeders, demonstrating that incorporating environmental covariates can improve hybrid selection and yield prediction under diverse environmental conditions.
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1. INTRODUCTION
Maize (Zea mays L.) is one of the most important cereal crops in the world’s agricultural economy. It is used for both human and animal consumption and is grown for feed, fodder and raw material for large number of industrial products. It has very high yield potential. There is no cereal on the earth which has so immense potentiality and that is why it is called Queen of Cereals. Maize is extremely adaptable being grown from Northern Europe and Northern Asia to Southern parts of South America at all latitudes and at many altitudes.  
Maize is grown in almost all the states of India. In terms of area and production maize is the third most important cereal crop in India, next to rice and wheat. According to FAO STAT, 2024, the global production of maize reached to 1.16 billion tonnes in 2022 and in 2023 it was cultivated over 203 million hectares and production reached to 1.22 billion tonnes. In India, maize was cultivated over 11.24 million hectares and the production was 37.66 million tonnes highlighting its increasing demand and significance in the agricultural sector in the year 2023-24 (Mandalapu et al., 2025).
One of the most significant challenge societies facing is the meeting the food demands of the world growing population. The major challenge in maintaining a consistent supply is due to unpredictable weather patterns. Development of high yielding and climate resilient maize hybrids is the main objective of the plant breeder due to limited arable land, climate changes and increasing population growth (Ansarifar et al., 2020). To improve the food production and security several strategies have been proposed, including optimizing planting schedules, adopting sustainable farming practices, traits introgression and modeling of plant physiology and ecology.
Selection of superior parents for hybridization is one of the most critical and challenging tasks in plant breeding. In hybrid breeding programs, elite parental lines are crossed to develop hybrids with enhanced yield potential, and their performance is evaluated in multi-environment trials (METs) across diverse agro-climatic conditions. However, hybrid performance is not solely determined by genetic potential, as it is strongly influenced by genotype x environment (G×E) interactions that affect phenotypic expression and complicate selection decisions (Kempton and Fox, 1997; Atlin et al., 2000).
In plant breeding, multi-environment trials for assessing genotype × environment interactions (G × E) play an important role in selecting phenotypes with high performance and stability across environments (Acosta-Pech et al., 2017). G×E interaction is particularly important in breeding programs because it reduces the efficiency of selection and complicates cultivar recommendation (Kang and Gorman, 1989; Cooper and Hammer, 1996). It can lead to inconsistent hybrid rankings across environments due to varying environmental factors such as temperature, rainfall, radiation, and disease pressure (Bustos-Korts, 2016; Yan, 2016). When environments are highly correlated, crossover interactions are minimal, but in less correlated environments, substantial crossover interactions occur, leading to re-ranking of genotypes. This makes the identification of stable and adaptable hybrids across environments one of the central challenges in plant breeding (Elias et al., 2016).
Mixed models, which allow simultaneous consideration of random environmental effects and fixed genotypic effects, have been proposed to improve inference and prediction in unbalanced data scenarios (Henderson, 1975; Burgueño et al., 2012; Crossa et al., 2022). Furthermore, mixed model frameworks have been extended to predict the performance of untested genotypes in new environments (Lopez-Cruz et al., 2015). Traditional statistical approaches for analyzing G×E interaction, including fixed linear models, often provide limited biological insight into how environmental factors drive differential genotypic responses (Lin et al., 1986; Becker and Leon, 1988).
Despite significant advances in modeling G×E interaction, many approaches have historically ignored explicit environmental information, thereby limiting their ability to explain the underlying causes of G×E (Maalosetti, et al., 2016). The inclusion of environmental covariates (ECs) in predictive models has been shown to improve prediction accuracy, as these covariates capture key drivers of phenotypic variation across environments (Jarquin et al., 2014). Weather-related variables such as temperature, rainfall, and radiation, obtainable from databases like NASA POWER, are increasingly used for this purpose. Incorporating ECs not only enhances prediction but also strengthens biological interpretation, enabling a clearer understanding of how specific environmental factors shape genotype performance (Van Eeuwijk et al., 2016).
To bridge this gap, the present study evaluates the impact of incorporating cumulative growing degree days at anthesis and silking, along with genotype, environment, and their interaction, on yield attributes of maize.  
2. MATERIAL AND METHODS
Keeping the objectives set for the study in view, the following tools and methods have been employed.
2.1 Study Area and data description
The phenotypic performance of grain weight of 479 maize genotypes was collected from the All India Coordinated Research Project (AICRP) trials conducted during the Kharif 2023 evaluated in 2 replications across 3 environments (locations) namely New Delhi, Begusarai and Ludhiana. The weather data, including maximum temperature (T-max) and minimum temperatures (T-min) for these locations during the crop season were obtained from the website https://power.larc.nasa.gov/data-access-viewer/. The study area is depicted in Fig. 1. 
[image: ]
                                                Fig. 1 Map of the study area
2.2 Methods
2.2.1 Growing Degree Days

Growing degree days measures the amount of heat a crop receives during its growing season. Each day’s GDD is a “heat unit” for plant development.
                            GDD =                                                           … (1)
= daily max temperature, capped at crop-specific upper limit (30 °C for maize).
= daily min temperature, floored at the base temperature.
​ = the minimum temperature at which the plant starts growing (10 °C for maize).
2.2.2 CGDD (Cumulative Growing Degree Days)
Growing degrees are accumulated daily, following a specified start date, by adding each day's total to all previous day’s totals. CGDD is the sum of daily GDDs, starting from a defined date (like planting or anthesis) and continuing through the chosen period.
                                                                                        … (2)
The CGDD was calculated for the trait’s days to anthesis and days to silking. The environment covariates CGDD anthesis and CGDD silking were calculated.

2.2.3 Linear Mixed Model
Linear mixed model analysis was employed to study the variation in phenotypic traits Kernel Rows, Kernels per Row and Grain Weight among 479 genotypes across 2 replications and three environments (locations) and 2 environmental covariates (CGDD anthesis and CGDD silking). The 12 models were selected as they cover the different approaches to fit G x E models with all three effects (G, E and G x E) as fixed or random environment or all random with or without the environmental covariates. The R language code formulas in lmer () function (Bates et al., 2025) from lme4 package for 12 models were presented in the table 1.
Table 1. Different combinations of fixed and random effects of 12 different models
	Model
	Model *
	R-Formula

	1
	Usual G x E fixed effects model; Both G, E and G x E interaction effects are fixed.
	Trait ~ Genotype: Environment +             
            (1 | Replication)

	2
	Genotype fixed; Environment and G x E interaction effect are Random.
	Trait ~ Genotype + (1 | Environment) + (1 | Genotype: Environment) + (1 | Replication)

	3
	All effects, G, E and G x E are random
	Trait ~ (1 | Genotype) + (1 | Environment) + (1 | Genotype: Environment) + (1 | Replication)

	4
	Model 1 with CGDD anthesis as covariate
	Trait ~ Genotype: Environment + CGDD anthesis + (1 | Replication)

	5
	Model 2 with CGDD anthesis as covariate
	Trait ~ Genotype + CGDD anthesis + (1 | Environment) + (1 | Genotype:  
 Environment) + (Replication)

	6
	Model 3 with CGDD anthesis as covariate
	Trait ~ CGDD anthesis + (1 | Genotype) + (1 | Environment) + (1| Genotype: Environment) + (1 | Replication)

	7
	Model 1 with CGDD silking as covariate
	Trait ~ Genotype: Environment + CGDD silking + (1 |Replication) 

	8
	Model 2 with CGDD silking as covariate
	Trait ~ Genotype + CGDD silking + (1 | Environment) + (1| Genotype:  
      Environment) + (1 | Replication)

	9
	Model 3 with CGDD silking as covariate 
	Trait ~ CGDD silking + (1 | Geno) + (1 | Environment) + (1 | Genotype:  
      Environment) + (1 | Replication)

	10
	Model 1 with CGDD anthesis and CGDD silking as covariates
	Trait ~ Genotype: Environment + CGDD anthesis + CGDD silking + (1 | Replication)

	    11
	Model 2 with CGDD anthesis and CGDD silking as covariates
	Trait ~ Genotype + CGDD anthesis + CGDD silking + (1 |Environment) + (1| Genotype: Environment) + (1 | Replication)

	12
	Model 3 with CGDD anthesis and CGDD silking as covariates
	Trait ~ CGDD anthesis + CGDD silking + (1 | Genotype) + (1 | Environment) + (1 | Genotype: Environment) + (1 | Replication)


* Replication effects were considered as random in all the 12 models.
2.2.4 Akaike information criterion (AIC)
The Akaike information criterion (AIC) is an estimator of prediction error and thereby relative quality of statistical models for a given set of data. Let k be the number of estimated parameters in the model. Let  be the maximized value of the likelihood function for the model. Then AIC value of the model was the following
                             AIC = 2k -2ln (L)                                                                   … (3) 
2.2.5 BIC (Bayesian Information Criterion)
	The Bayesian Information Criterion (BIC), also known as the Schwarz information criterion, is a statistical measure used for model selection among a finite set of candidate models, where the model with the lowest BIC value is preferred. BIC balances model fit (performance) with model complexity by using the following formula 
                                   BIC = -2ln(L) + ln(n)k                                                                 … (4)      
where L is the likelihood of the model, k is the number of parameters, and n is the number of data points. It penalizes models with more parameters, helping to prevent overfitting and identify the most parsimonious model that best explains the data. 


3. RESULTS AND DISCUSSION

The descriptive statistics of the Kernel Rows, Kernels per Row, Grain Weight and environment covariates of CGDD anthesis and CGDD silking across three environments New Delhi, Begusarai and Ludhiana of 479 entries were presented in the table 2, 3 and 4 respectively.  
Table 2. Descriptive statistics for phenotypic traits and environment covariates of New Delhi
	Trait
	Kernel 
Rows
	Kernels 
per Row
	Grain 
Weight
	CGDD 
Anthesis
	CGDD 
Silking

	Entries
	479
	479
	479
	479
	479

	Mean
	14.33
	34.37
	1.29
	904.49
	950.58

	Standard Deviation
	0.88
	2.78
	0.34
	28.20
	29.41

	Minimum
	12.33
	25.08
	0.26
	750.26
	803.89

	Maximum
	17.67
	41.67
	2.23
	1002.29
	1056.35

	Skewness
	0.34
	-0.20
	-0.15
	-1.00
	-0.58

	Kurtosis
	0.06
	0.16
	-0.15
	4.33
	2.07

	Coefficient of Variation (%)
	6.11
	8.09
	26.13
	3.12
	3.09


Table 3. Descriptive statistics for phenotypic traits and environment covariates of Begusarai
	Trait
	Kernel 
rows
	Kernels 
per row
	Grain 
weight
	CGDD 
Anthesis
	CGDD 
Silking

	Entries
	479
	479
	479
	479
	479

	Mean
	13
	30
	1
	1081
	1118

	Standard Deviation
	1
	3
	0
	43
	50

	Minimum
	10
	18
	0
	1002
	822

	Maximum
	16
	40
	2
	1374
	1321

	Skewness
	0.26
	-0.11
	-0.17
	0.98
	-1.57

	Kurtosis
	0.50
	0.35
	-0.33
	4.77
	8.69

	Coefficient of Variation (%)
	6.31
	10.28
	31.80
	3.94
	4.47


Table 4. Descriptive statistics for phenotypic traits and environment covariates of Ludhiana
	Trait
	Kernel 
rows
	Kernels 
per row
	Grain 
weight
	CGDD 
Anthesis
	CGDD 
Silking

	Entries
	479
	479
	479
	479
	479

	Mean
	14.08
	34.52
	1.63
	981.03
	1021.43

	Standard Deviation
	1.61
	3.41
	0.44
	17.53
	20.14

	Minimum
	11.67
	23.84
	0.39
	939.39
	975.3

	Maximum
	37.17
	43.84
	2.83
	1065.33
	1110.43

	Skewness
	9.09
	-0.24
	-0.12
	0.67
	0.61

	Kurtosis
	119.59
	-0.08
	-0.25
	1.41
	0.7

	Coefficient of Variation (%)
	11.46
	9.88
	27.28
	1.79
	1.97



3.1 Linear mixed model analysis for phenotypic traits
3.1.1 Grain Weight
The summary of the different models fitted for grain weight were presented in the table 5. 
Table 5. Summary of different models fitted for grain weight
	Information
	Model 1
	Model 4
	Model 7
	Model 10

	p-Value of Fixed Effects

	Genotype
	<0.0001
	<0.0001
	<0.0001
	<0.0001

	Environment
	<0.0001
	<0.0001
	<0.0001
	<0.0001

	G X E
	<0.0001
	<0.0001
	<0.0001
	<0.0001

	CGDD anthesis
	-
	<0.0001
	-
	<0.0001

	CGDD silking
	-
	-
	<0.0001
	0.02

	Variance of Random Effects

	Rep
	<0.0001
	0
	0
	<0.0001

	Genotype
	-
	-
	-
	-

	Environment
	-
	-
	-
	-

	G x E
	-
	-
	-
	-

	AIC
	4313.2
	4093.4
	4184.4
	4090.2

	BIC
	12894.7
	12680.8
	12771.8
	12683.5

	Residual df
	1435
	1434
	1434
	1433



	Information
	Model 2
	Model 5
	Model 8
	Model 11

	p-Value of Fixed Effects

	Genotype
	<0.0001
	<0.0001
	<0.0001
	<0.0001

	Environment
	-
	-
	-
	-

	G X E
	-
	-
	-
	-

	CGDD anthesis
	-
	<0.0001
	-
	<0.0001

	CGDD silking
	-
	-
	<0.0001
	0.003

	Variance of Random Effects

	Rep
	0.0002
	0
	0
	0

	Genotype
	-
	-
	-
	-

	Environment
	0.052
	0.057
	0.043
	0.24

	G x E
	0
	0
	0
	0

	AIC
	4013.9
	3785.5
	3859.4
	3778.7

	BIC
	6894.2
	6671.8
	6745.8
	6671

	Residual df
	2391
	2390
	2390
	2389



	Information
	Model 3
	Model 6
	Model 9
	Model 12

	p-Value of Fixed Effects

	Genotype
	-
	-
	-
	-

	Environment
	-
	-
	-
	-

	G X E
	-
	-
	-
	-

	CGDD anthesis
	-
	<0.0001
	-
	<0.0001

	CGDD silking
	-
	-
	<0.0001
	0.004 

	Variance of Random Effects

	Rep
	0.0001
	0
	0
	0

	Genotype
	0.04
	0.03
	0.03
	0.03

	Environment
	0.08
	0.08
	0.06
	0.08

	G x E
	0.01
	0.01
	0.01
	0.01

	AIC
	3935.6
	3729.6
	3790.7
	3723.3

	BIC
	3971.4
	3771.4
	3832.5
	3771

	Residual df
	2868
	2867
	2867
	2866



The comparison of 12 different models for grain weight revealed considerable differences in performance based on the choice of fixed and random effects as well as the inclusion of environmental covariates. Among the fixed-effect models, models 1, 4, 7 and 10, all fixed factors genotype, environment, G×E interaction and environment covariates were highly significant (p < 0.001). Model 10, which included the interaction term and environmental covariates, recorded the lowest AIC (4090.2) and BIC (12683.5), indicating the best fit among the fixed-effect structures. All these models showed negligible random replication variance. 
For the models treating genotype as fixed effect and environment covariates where ever included as fixed effect were highly significant (p <0.0001). The random effects such as variance due to replication and genotype by environment interaction were almost zero. Model 11 which included genotype and environment covariates as fixed effects had lowest AIC (3778.7) and BIC (6671) values indicating the best fit. 
Among the fully random-effect models (Models 3, 6, 9, and 12), genotype, environment, and G×E were all treated as random effects, and environmental covariates were included in selected models as fixed effects. The environment covariates were significant (p <0.0001). The variance due to replication was negligible. The variance due to genotype, environment and G×E interaction was (0.03 – 0.04), (0.06-0.08) and 0.01 respectively. Model 12 had lowest AIC (3723.3) and BIC (3771) values indicating the best fit. 
Among all the 12 models, the random effect model, model 12 outperformed all the other models which were included with environment covariates.

3.1.2 Kernel Rows
The summary of the different models fitted for kernel rows were presented in the table 6. 
Table 6. Summary of different models fitted for kernel rows
	Information
	Model 1
	Model 4
	Model 7
	Model 10

	p-Value of Fixed Effects

	Genotype
	<0.0001
	<0.0001
	<0.0001
	<0.0001

	Environment
	<0.0001
	<0.0001
	<0.0001
	<0.0001

	G X E
	<0.0001
	<0.0001
	<0.0001
	<0.0001

	CGDD anthesis
	-
	0.28
	
	0.85

	CGDD silking
	-
	-
	0.60
	0.35

	Variance of Random Effects

	Rep
	0.0002
	0.02
	0.0002
	0.0003

	Genotype
	-
	-
	-
	-

	Environment
	-
	-
	-
	-

	G x E
	-
	-
	-
	-

	AIC
	8367.4
	8368.3
	8369.2
	8370.3

	BIC
	16948.9
	16955.7
	16956.5
	16963.6

	Residual df
	1435
	1434
	1434
	1433



	Information
	Model 2
	Model 5
	Model 8
	Model 11

	p-Value of Fixed Effects

	Genotype
	<0.0001
	<0.0001
	<0.0001
	<0.0001

	Environment
	-
	-
	-
	

	G X E
	-
	-
	-
	

	CGDD anthesis
	-
	0.462
	-
	0.52

	CGDD silking
	-
	-
	0.708
	0.87

	Variance of Random Effects

	Rep
	0
	0
	0
	0

	Genotype
	-
	-
	-
	-

	Environment
	0.53
	0.56
	0.54
	0.56

	G x E
	0
	0
	0
	0

	AIC
	8123.3
	8124.8
	8125.1
	8126.7

	BIC
	11003.6
	11011.1
	11011.5
	11019

	Residual df
	2391
	2390
	2390
	2389



	Information
	Model 3
	Model 6
	Model 9
	Model 12

	p-Value of Fixed Effects

	Genotype
	-
	-
	-
	

	Environment
	-
	-
	-
	

	G X E
	-
	-
	-
	

	CGDD anthesis
	-
	0.50
	-
	0.56

	CGDD silking
	-
	-
	0.72
	0.89

	Variance of Random Effects

	Rep
	0.0004
	0.0003
	0
	0

	Genotype
	0.273
	0.273
	0.273
	0.273

	Environment
	0.80
	0.85
	0.82
	0.84

	G x E
	0.06
	0.06
	0.06
	0.06

	AIC
	8216.9
	8218.5
	8218.8
	8220.5

	BIC
	8252.7
	8260.2
	8260.5
	8268.2

	Residual df
	2868
	2867
	2867
	2866


 
Among the four fixed effect models, all fixed factors genotype, environment and G×E interaction were highly significant (p <0.0001) and environment covariates as non-significant (p > 0.05). Model 1 without environment covariates had lowest AIC (8367.4) and BIC (16948.9) values. 
For the models (2, 5, 8, 11) treating genotype as fixed effect were highly significant (p <0.0001) and environment covariates where ever included as fixed effect were non-significant (p > 0.05). The random effects such as variance due to replication and genotype by environment interaction were zero. The variance due to environment was (0.53 – 0.56). Model 2 which included genotype as fixed effects and without environment covariates had lowest AIC (8123.3) and BIC (11003.6) values indicating the best fit. 
Among the fully random-effect models (Models 3, 6, 9, and 12), genotype, environment, and G×E were all treated as random effects, and environmental covariates were included in selected models as fixed effects. The environment covariates were non-significant (p>0.05). The variance due to replication was negligible. The variance due to genotype, environment and G×E interaction was (0.273), (0.80-0.85) and 0.06 respectively. Model 3 had lowest AIC (8216.9) and BIC (8252.7) values indicating the best fit.
3.1.3 Kernels per Row
This section explained the results for the trait, namely number of Kernels per Row. The summary of the different models fitted for Kernels per Row were presented in the table 7.
Table 7. Summary of different models fitted for Kernels per Rows

	Information
	Model 1
	Model 4
	Model 7
	Model 10

	p-Value of Fixed Effects

	Genotype
	<0.0001
	<0.0001
	<0.0001
	<0.0001

	Environment
	<0.0001
	<0.0001
	<0.0001
	<0.0001

	G X E
	<0.0001
	<0.0001
	<0.0001
	<0.0001

	CGDD anthesis
	-
	<0.0001
	
	<0.0001 

	CGDD silking
	-
	-
	<0.0001
	0.60

	Variance of Random Effects

	Rep
	0.10
	0.05
	0.07
	0.05

	Genotype
	-
	-
	-
	-

	Environment
	-
	-
	-
	-

	G x E
	-
	-
	-
	-

	AIC
	16315.6
	16248.7
	16283.8
	16250.4

	BIC
	24897.0
	24836.1
	24871.2
	24843.8

	Residual df
	1435
	1434
	1434
	1433



	Information
	Model 2
	Model 5
	Model 8
	Model 11

	p-Value of Fixed Effects

	Genotype
	<0.0001
	<0.0001
	<0.0001
	<0.0001

	Environment
	-
	-
	-
	

	G X E
	-
	-
	-
	

	CGDD anthesis
	-
	<0.0001
	-
	<0.0001

	CGDD silking
	-
	-
	<0.0001 
	0.33

	Variance of Random Effects

	Rep
	0.18
	0.10
	0.13
	0.32

	Genotype
	-
	-
	-
	-

	Environment
	3.64
	1.38
	2.00
	1.16

	G x E
	0
	0
	0
	0

	AIC
	15936.8
	15885.7
	15906.5
	15886.7

	BIC
	18817.2
	18772
	18792.8
	18779

	Residual df
	2391
	2390
	2390
	2389



	Information
	Model 3
	Model 6
	Model 9
	Model 12

	p-Value of Fixed Effects

	Genotype
	-
	-
	-
	

	Environment
	-
	-
	-
	

	G X E
	-
	-
	-
	

	CGDD anthesis
	-
	<0.0001
	-
	0.004 

	CGDD silking
	-
	-
	<0.0001
	0.29

	Variance of Random Effects

	Rep
	0.19
	0.13
	0.16
	0.13

	Genotype
	3.16
	3.36
	3.27
	3.36

	Environment
	5.34
	2.73
	3.39
	2.66

	G x E
	0.28
	0.33
	0.28
	0.33

	AIC
	15945.7
	15922.2
	15929.5
	15923

	BIC
	15981.4
	15963.9
	15971.2
	15970.7

	Residual df
	2868
	2868
	2867
	2866



Among the four fixed effect models (1, 4, 7 and 10), all fixed factors genotype, environment and G×E interaction were highly significant (p <0.0001) and in model 10 environment covariates CGDD silking was non-significant (p = 0.6). Model 4 with one environment covariate CGDD anthesis had lowest AIC (16248.7) and BIC (24836.1) values. 
For the models (2, 5, 8, 11) treating genotype as fixed effect were highly significant (p < 0.001) and environment covariates where ever included as fixed effect were significant (p < 0.001) except model 11, where CGDD anthesis was non-significant. The random effects such as variance due genotype by environment interaction were zero. The variance due to replication and environment was (0.10 – 0.32) and (1.16-3.64) respectively. Model 5 which included genotype as fixed effects and with one environment covariate CGDD anthesis had lowest AIC (15885.7) and BIC (18772) values indicating the best fit. 
Among the fully random-effect models (Models 3, 6, 9, and 12), genotype, environment, and G×E were all treated as random effects, and environmental covariates were included in selected models as fixed effects. The environment covariate CGDD silking in model 12 was non-significant (p = 0.29). The variance due to replication was (0.13-0.19). The variance due to genotype, environment and G×E interaction was (3.16-3.36), (2.66-5.34) and (0.28-0.33) respectively. Model 6 had lowest AIC (15922.2) and BIC (15963.9) values indicating the best fit. 
Treating the environment and genotype × environment (G×E) interaction as random effects was a common modelling approach in quantitative genetics and plant breeding (Abakemal et al., 2016). The idea was that tested locations were representative samples of possible locations. Similar findings were found in the study of Trevisan et al., (2025) where both genomic and environmental covariance were integrated in a random effect structure using the Kronecker product where G x E was treated as a random effect. Similarly, Rebollo et al., (2023) modelled random regression models where both genotypic effects and genotype x environment interaction were treated as random, captured how genetic responses vary across environmental gradients. When comparing models with and without environmental covariates for the traits grain weight, kernel rows and kernels per row, it was evident that the addition of CGDD variables significantly reduced residual variance and improved model fit metrics (AIC, BIC) for grain weight and kernels per row. This demonstrates that phenological development was highly responsive to accumulated thermal units was supported by Neto et al., (2025) in their impact of environment covariates on genotype by environment interactions.  For the trait kernel rows, the inclusion of environment covariate did not improve the model performance. This suggested that certain hybrids responded differently across environments and these differences were not fully captured by environment covariates and indicating critical role of G×E in explaining trait variability.

4. CONCLUSION
Several Linear Mixed Models (LMMs) were applied to evaluate the performance of yield attributes in terms of grain weight, kernel rows and kernels per row of maize genotypes across multiple environments and to detect the influence of key weather variables. The models ranged from: Baseline models incorporating genotype, environment, and their interaction as fixed effects and random effects and to extended models including weather covariates such as CGDD Anthesis and CGDD Silking as fixed effects and interaction models capturing genotype x environment and weather covariate terms. The model comparison using AIC, BIC statistics allowed for identification of models that best captured the variation in traits due to environmental and genotypic effects. For the trait grain weight, comparing all the 12 models, the random effect model, model 12 outperformed all the other models which were included with environment covariates CGDD anthesis and CGDD silking. For the phenotypic trait kernel rows, among all the 12 models, random effect model, model 3 without environment covariates outperformed all the other models. For the kernels per row, comparing all the 12 models, model 5 with genotype as fixed effect and inclusion of environment covariate CGDD anthesis was outperformed all the other models. The results confirmed that adding environmental covariates enhances the precision of genotype effect estimation under both fixed and random effect structures.
 The comparison of alternative model structures demonstrated both in fixed effect and random effect analysis of G x E models, adding environment covariates improved the model fitting and genotypic performance was not consistent across environments, and that part of the interaction could be explained by temperature-related phenological variation. However, limited studies have explicitly assessed the contribution of environmental covariates in improving model performance for maize yield-related traits. Specifically, the inclusion of CGDD at anthesis and silking improved the capacity of the models to capture differential hybrid responses to environmental stress. Thus, for the key yield trait in maize, the proposed approach can be useful in explaining the G x E interactions.
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