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Introduction 

Climate change results in more frequent and prolonged periods of high temperatures across the 

globe, including in temperate climates (IPCC, 2023). Laying hens may be particularly sensitive 

to high temperatures because they rely solely on evaporative heat loss for temperature 

regulation. In addition, the crossbred offspring of a specific purebred line are often used across 

the globe, and are therefore exposed to a wide variety of climates. This global distribution 

requires the development of genotypes that maintain high productivity across diverse thermal 

ranges. 

Variation in thermal sensitivity between different families indicates the presence of genotype-

by-temperature (G×T) interactions. The extent of GxT interactions can be assessed using 

random regression models fitted with polynomial basis functions, which describe genetic 

(co)variances as continuous functions of temperature, and enable estimation of correlations 

between any pair of temperature values. However, when data are sparse at temperature 

extremes, these models may yield unreliable estimates due to extrapolation of regression trends 

(Schaeffer, 2016). Alternatively, the data can be separated into predefined temperature bins, 

after which genetic correlations between all pairs of bins are estimated using a multi-trait 

model. Such a model might, however, require the estimation of a large number of parameters 

in a single model fit, which may converge slowly or not at all. Factor analytic (FA) models 

circumvent these issues by representing the genetic (co)variance structure across temperatures 

through a small number of latent factors, capturing GxT patterns more directly and robustly 

with fewer parameters (Meyer, 2009).  

Although G×T interactions are well-documented in cattle, empirical evidence for G×T 

interactions in laying hens remains limited (Fodor et al., 2023). The objective of this study was 

therefore to assess G×T interactions in laying hens by estimating genetic correlations of laying 

performance across different temperatures using FA models. 

 

Materials & Methods 

Data. The dataset included daily cage-level laying rate (LR; number of eggs divided by number 

of hens in the cage) of brown laying hens from three recurrent test farms in the Netherlands 

and one in Belgium, each contributing two or three successive production batches. Each cage 

consisted of 1-15 offspring from the same sire. The sires came from several purebred lines, and 

about 90% of sires were only used on a single farm batch. Although data were collected during 

the full production cycle, we used only the period where production levels are relatively stable 

(day 99 to 286 from start of lay). We obtained weather data from the nearest stations to 

calculate the average temperature-humidity index (THI), calculated following Thom (1959), 

during the 7 days prior to the day of recording, which ranged from 25.1 to 73.6. We then 

converted the THI values into 8 different equally spaced classes. The total number of records 

(𝑁) used for analysis was 3,585,019, collected from 4,762 cages with offspring from 3,590 
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sires. 

 

Statistical analysis. The genetic parameters were estimated with an FA model, using latent 

factors to describe the genetic (co)variance structure. To improve model convergence and 

stability, we used a sequential modelling approach where latent factors were added one at a 

time, with estimates from a model with 𝑟 − 1 latent factors serving as starting values for a 

model with 𝑟 latent factors. We determined the optimal number of latent factors by comparing 

Akaike Information Criterion (AIC) between consecutive models. If the difference in AIC 

between the current and previous model was smaller than five, we stopped adding additional 

latent factors. This approach resulted in a final model with five latent factors. The first linear 

mixed model served to estimate starting values for residual variance components for each of 

the eight THI classes, and can be written as 

 𝐲 = 𝐗𝐛 + 𝐙𝐬 +𝐖𝐩𝐞 + 𝐞, (1) 

where 𝐲 is the vector of phenotypes (LR), 𝐗 is the design matrix linking records to the vector 

of fixed effects 𝐛, 𝐙 is the design matrix linking records to the vector of random sire effects 𝐬, 

𝐖 is the design matrix linking records to the vector of random permanent environmental effects 

𝐩𝐞, and 𝐞 is a vector of random residuals. The fixed effects included an overall mean, dam line 

(43 levels), THI group, days since start of lay as a covariable, and an interaction between farm 

and batch. The distributions of random variables were 𝐬~𝑁(0, 𝐀𝜎𝑠
2), 𝐩𝐞~𝑁(0, 𝐈𝜎𝑝𝑒

2 ), and 

𝐞~𝑁(0, 𝐑), where 𝐀 is the pedigree relationship matrix of sires, 𝜎𝑠
2 is the genetic sire variance, 

𝐈 is an identity matrix, and 𝐑 is an 𝑁 ×𝑁 matrix with THI class-specific residual variances on 

the diagonal. Because the phenotype we analysed is a cage-average, we modelled the residual 

variances as inversely proportional to the number of hens in the cage on the day of recording 

(𝑛𝑐), using a weighted analysis. 

The five subsequent FA models can be written as 

 

 𝐲 = 𝐗𝐛𝐹𝐴 + 𝐙𝐬𝐹𝐴 +𝐖𝐩𝐞𝐹𝑎 + 𝐞𝐹𝐴, (2) 

 

where 𝐬𝐹𝐴 is distributed as ~𝑁(0, 𝐀⨂𝐆𝑆) and 𝐩𝐞𝐹𝐴 is distributed as ~𝑁(0, 𝐈⨂𝐆𝑝𝑒), where 

𝐆𝑠 = 𝚲s𝚲s
T +𝚿𝑠 is the genetic covariance matrix and 𝐆𝑝𝑒 = 𝚲pe𝚲pe

T +𝚿𝑝𝑒 is the permanent 

environmental (pe) covariance matrix. The matrices 𝚲 (8 × 𝑟) contain factor loadings that link 

𝑟 latent factors to the 8 THI classes (environments), and diagonal matrices 𝚿 (8 × 8) contain 

THI class specific variances. All other parameters were the same as in Eq.1. 

For THI class 𝑗, the heritability was calculated as 4𝜎𝑠𝑗
2 / (𝜎𝑠𝑗

2 + 𝜎𝑝𝑒𝑗
2 + 𝜎𝑒𝑗

2 ). Genetic 

correlations between THI classes 𝑗 and 𝑘 were calculated as 𝜎𝑠𝑗,𝑘/ (𝜎𝑠𝑗𝜎𝑠𝑘), where 𝜎𝑠𝑗  and 𝜎𝑠𝑘  

are the sire genetic standard deviations for classes 𝑗 and 𝑘, and 𝜎𝑠𝑗,𝑘  is the corresponding sire 

covariance. The proportion of variance explained by permanent environmental (pe) effects was 

calculated as 𝜎𝑝𝑒𝑗
2 / (𝜎𝑠𝑗

2 + 𝜎𝑝𝑒𝑗
2 + 𝜎𝑒𝑗

2 ), and pe correlations between THI classes 𝑗 and 𝑘 as 

𝜎𝑝𝑒𝑗,𝑘/ (𝜎𝑝𝑒𝑗𝜎𝑝𝑒𝑘), where 𝜎𝑝𝑒𝑗,𝑘 is the pe covariance between classes 𝑗 and 𝑘.  

 

Results 

Results are presented for the FA model with five latent factors. The first two latent factors by far 

captured most variation (97% of genetic and 89% of pe variation), and all five latent factors together 

captured 100% of the genetic variation, and 98% of the pe variation (Table 1). The estimated 

heritabilities were similar across THI classes, ranging between 0.04 (THI class 3 and 6) and 0.06 

(THI class 2 and 3; Table 2). As expected, estimated genetic correlations were highest between 

adjacent THI classes (0.91 to 0.98), and decreased progressively as THI classes became more 
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dissimilar. It is striking that THI class 8 (lowest THI values) showed remarkably low genetic 

correlations (0.53 – 0.54) with THI classes 1 to 3 (moderate to high THI values). Standard errors of 

estimated genetic correlations were all lower than 0.05.  

The estimated proportions of variance explained by pe effects were similar for THI classes 1 to 7, 

ranging between 0.05 (THI classes 4, 5, and 6) and 0.11 (THI class 8; Table 3). Similar to the pattern 

observed for estimated genetic correlations, pe correlations were highest between adjacent THI 

classes (0.69 to 0.94), and decreased progressively as THI classes became more dissimilar, with the 

lowest correlation (-0.19) between THI classes 1 and 8. Standard errors of estimated pe correlations 

were all equal to or lower than 0.05. 

 

Table 1. Proportions of genetic and permanent environmental variation captured by each 

latent factor in the final FA model with five latent factors. 

 Genetic Permanent environment 

Latent factor explained cumulative explained cumulative 

1 0.83 0.83 0.61 0.61 

2 0.14 0.97 0.29 0.89 

3 0.02 0.99 0.03 0.93 

4 0.00 0.99 0.04 0.97 

5 0.00 1.00 0.01 0.98 

 

Table 2. Estimated heritabilities (diagonal) and genetic correlations (lower off-diagonal) 

across the different THI classes.  

THI class THI Range 1 2 3 4 5 6 7 8 

1 [67.5-73.6] 0.03        

2 [61.4-67.5] 0.99 0.06       

3 [55.4-61.4] 0.96 0.97 0.06      

4 [49.3-55.4] 0.87 0.90 0.95 0.04     

5 [43.3-49.3] 0.76 0.76 0.81 0.91 0.05    

6 [37.3-43.3] 0.71 0.69 0.74 0.85 0.98 0.04   

7 [31.2-37.3] 0.67 0.64 0.68 0.77 0.95 0.98 0.05  

8 [25.1-31.2] 0.55 0.53 0.54 0.66 0.90 0.94 0.95 0.05 

 

Table 3. Estimated proportions of variance explained by permanent environmental effects 

(diagonal) and permanent environmental correlations (lower off-diagonal) across the 

different THI classes.  

THI class THI Range 1 2 3 4 5 6 7 8 

1 [67.5-73.6] 0.08        

2 [61.4-67.5] 0.69 0.06       

3 [55.4-61.4] 0.60 0.87 0.06      

4 [49.3-55.4] 0.56 0.75 0.84 0.05     

5 [43.3-49.3] 0.51 0.66 0.73 0.88 0.05    

6 [37.3-43.3] 0.32 0.62 0.66 0.81 0.94 0.05   

7 [31.2-37.3] 0.17 0.58 0.61 0.75 0.85 0.90 0.06  

8 [25.1-31.2] -0.19 0.16 0.46 0.59 0.67 0.71 0.72 0.11 

 

Discussion 
The aim of this study was to estimate genotype-by-THI interactions in laying hens using factor 

analytic (FA) models and egg production data. We used data collected from multiple batches 

at four farms in the Netherlands and Belgium, and we estimated genetic and permanent 

environmental correlations between THI classes using a sequential modelling approach where 
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latent factors were added to an FA model one at a time. This approach greatly improved 

convergence of the model and allowed us to accurately estimate all parameters with a sparser 

covariance structure. 

Overall, we found high genetic correlations between adjacent THI classes, and moderate to 

low genetic correlations between more distant classes. The lowest estimated genetic correlation 

(0.53) was between THI class 2 and 8, suggesting strong genotype by THI interaction for laying 

rate between relatively cold (mean ambient temperature ~ -4 ˚C in THI class 8) and moderate 

temperatures (mean ambient temperature ~18.9 ˚C in THI class 2). To our knowledge, there 

are no published studies that report genetic correlations of egg production traits in laying hens 

across different temperatures or THI values, although Li et al. (2024) identified THI as the 

most important environmental factor affecting production, and Mathur and Horst (1994) found 

a genetic correlation of 0.31 for egg number between normal- and high-temperature controlled 

housing. 

The moderately low genetic correlations were somewhat unexpected, given that 1) these are 

genetic correlations for the same trait expressed in similar locations and farming systems, 2) 

the hens were housed indoors with some form of climate control, and that differences in outside 

temperatures were not extreme. However, THI may also capture other differences that change 

with season and management (e.g. ventilation, feeding, or microclimate), which could 

strengthen genotype-by-environment interaction even in indoor systems. The estimated 

correlations are within the range reported for other environmental contrasts in layers. For 

example, genetic correlations for egg number between purebred hens in nucleus environments 

and crossbreds in commercial environments range between 0.10 and 0.83 (Cavero et al., 2010; 

Bedere et al., 2022). 

 

Conclusions 

In conclusion, we found evidence for meaningful genotype-by-THI interaction for laying rate 

in laying hens kept in commercial indoor systems in temperate regions. These results suggest 

that breeding companies may benefit from using data from multiple locations and across the 

production period when selecting for increased robustness in egg laying performance. 
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