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Introduction 

Behavioral and personality traits in dairy cattle are increasingly recognized as relevant 

components of animal welfare and management. In particular, personality-related traits such 

as fearfulness, exploration, sociability, and responses to humans are associated with handling 

ease, robustness, and stress resilience. While several behavioral traits can be recorded 

continuously and at large scale using sensor-based systems, the assessment of personality traits 

typically relies on standardized behavioral tests and repeated observations. Consequently, 

phenotyping of personality traits remains labor-intensive and only weakly standardized across 

studies, resulting in limited data availability for genetic analyses. Genomic studies of 

personality traits are therefore typically conducted with small sample sizes, resulting in limited 

statistical power and a p ≫ n scenario in which the number of markers exceeds the number of 

phenotyped individuals. Although dense SNP panels are generally assumed to be required to 

capture additive genetic variance, high marker redundancy may not necessarily improve 

estimation accuracy under such conditions. Instead, reducing redundant markers may improve 

numerical stability of the genomic relationship matrix and yield more robust estimates of 

genomic parameters. Systematic evaluation of marker reduction strategies may therefore 

contribute to more reliable inference on the genetic architecture and predictive performance of 

personality traits. While reduced SNP panels have been shown to maintain predictive 

performance for production traits, their suitability for new traits such as personality remains 

largely unexplored. The objective of this study was therefore to assess the sensitivity of 

genomic-based heritability estimation and genomic predictive ability to different SNP-panel 

reduction and LD-based marker condensation strategies for dairy cattle personality traits under 

small-sample conditions. 

 

Materials & Methods 

The study population comprised 306 Holstein cows from a single dairy herd housed at the 

Karkendamm research farm of Kiel University in northern Germany. Animals ranged from 

first to sixth lactation and represented young to middle-aged cows typical for dairy production 

herds. Personality traits were assessed using a novel-object test and a forced-human-approach 

test following standardized protocols described by Hasenpusch et al. (2024). Behavioral 

variables from each test were pre-adjusted for environmental effects, including season × time-

of-day testing conditions and parity class, and subsequently summarized separately by 

principal component analysis. The retained principal components were used to represent major 

behavioral dimensions within each test (Hasenpusch et al., 2024), and the resulting component 

scores were interpreted as explorative, bold, sociable, and trusting traits and served as 

quantitative phenotypes for the genomic analyses. 

Imputed 50k SNP genotypes were available for all 306 Holstein Friesian cows. Standard 

genotypic quality control was applied. Markers with a genotype missing rate greater than 5%, 

zero variance, significant deviation from Hardy–Weinberg equilibrium (p < 1 × 10⁻⁶), or a 
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minor allele frequency below 0.05 were excluded. After quality control, 40,165 SNPs remained 

and were used as the full reference panel for subsequent genomic analyses. 

SNP-Panel Reduction Strategies. Based on the quality-controlled marker set, four SNP 

panels were constructed to evaluate the sensitivity of genomic parameter estimation to different 

marker reduction approaches. The full panel comprised all 40,165 SNPs that passed quality 

control and served as a reference panel. An LD-pruned panel was generated using the 

SNPRelate package (Zheng et al., 2012) with a sliding-window procedure (maximum window 

size 3 Mb and 50 SNPs) and an LD threshold corresponding to r² = 0.2, resulting in 8,324 

markers. This threshold was chosen to remove strongly redundant markers while retaining 

largely independent genomic information. For LD-based marker condensation, SNPs were 

processed in non-overlapping windows of 300 consecutive markers. Within each window, 

pairwise linkage disequilibrium was quantified as r², hierarchical clustering with average 

linkage was performed on distances defined as 1 − r², and clusters were cut at r² ≥ 0.5. One 

representative tag SNP per cluster, defined as the marker with the highest minor allele 

frequency, was retained, yielding 9,346 markers. To provide an LD-independent baseline, a 

randomly thinned panel of 9,000 SNPs was generated by uniform random sampling without 

replacement from the full marker set. Together, these panels enabled the evaluation of the 

robustness of genomic-based heritability estimation and genomic predictive ability across 

strategies differing in marker redundancy while maintaining comparable marker densities. 

 

Genomic Analyses. Genomic relationship matrices were constructed separately for each SNP 

panel following the method of VanRaden (2008) using the function A.mat from the R package 

rrBLUP (Endelman, 2011). Genotypes were centered prior to GRM calculation. Genomic-

based heritability (h²) was estimated using single-trait genomic restricted maximum likelihood 

(GREML) models implemented in the R package sommer (Covarrubias-Pazaran, 2016). The 

linear mixed model was defined as 

y = Xb + Zu + e         (1) 

where 𝐲 is the vector of phenotypic observations, 𝐛 the vector of fixed effects, 𝐮 the vector of 

additive genomic breeding values, 𝐞 the vector of residuals, 𝐗 and 𝐙 are design matrices, and 

𝐆 is the genomic relationship matrix. Fixed effects included lactation number class, days-in-

milk class, and test batch. Random effects were assumed as 𝐮 ~ N(0, 𝐆σ²g) and 𝐞 ~ N(0, 𝐈σ²e). 

Genomic heritability was calculated as h² = σ²g/(σ²g + σ²e). Genomic prediction was performed 

using genomic best linear unbiased prediction implemented in rrBLUP. Predictive ability was 

defined as the Pearson correlation between genomic estimated breeding values (GEBV) and 

observed phenotypes and was assessed using repeated random five-fold cross-validation with 

ten repetitions, with animals randomly assigned to folds without stratification. 

 

Results 

Principal component analysis of genomic data was performed to assess population structure. 

The first two principal components explained 1.8% (PC1) and 1.6% (PC2) of the total genetic 

variance, respectively. Animals clustered predominantly around the center of the PCA plot, 

with no evidence of distinct subpopulations or parity-related genetic structure in the small 

dataset. Genomic-based heritability estimates for the four personality traits across SNP panels 

are summarized in Table 1.  

Using the full SNP panel, heritability estimates ranged from 0.07 for explorative behavior to 

0.41 for trusting behavior. Comparable estimates were obtained using both the LD-pruned and 

random-thinned panels, with ranges of 0.066–0.475 and 0.073–0.407, respectively. The LD-

clustered panel produced heritability estimates similar to those obtained with the full panel for 

bold, sociable, and trusting traits (e.g., trusting = 0.446). In contrast, the heritability estimate 

for the explorative trait was markedly reduced when using the LD-clustered panel (0.038). 
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Overall, heritability estimates were largely robust to SNP-panel reduction for three of the four 

personality traits, whereas the explorative trait showed increased sensitivity to the marker 

condensation strategy. Genomic predictive abilities across SNP panels and traits are presented 

in Table 2.  

 

Table 1. Genomic-based heritability (h²) estimates for personality traits across SNP panels. 

  Trait 

Reduction 

strategy 

No.  

marker 

Explorative Bold Sociable Trusting 

Full panel 40165 0.073 0.224 0.160 0.407 

LD-pruned 8324 0.066 0.212 0.153 0.475 

LD-clustered 9346 0.038 0.205 0.160 0.446 

Random-thinned 9000 0.073 0.227 0.142 0.404 
Heritability estimates obtained using single-trait GREML models 

 

Table 2. Genomic predictive ability across SNP panels and personality traits. 

  Trait 

Reduction 

strategy 

No.  

marker 

Explorative Bold Sociable Trusting 

Full panel 40165 0.034 0.150 0.159 0.202 

LD-pruned 8324 0.020 0.144 0.143 0.237 

LD-clustered 9346 -0.007 0.136 0.146 0.220 

Random-thinned 9000 0.039 0.160 0.140 0.206 
Predictive ability expressed as the mean correlation between GEBV and observed phenotypes across 10×5-fold 

random cross-validation. 

 

Using the full SNP panel, predictive abilities ranged from 0.03 to 0.20, with the highest values 

observed for the trusting trait. The LD-pruned and random-thinned panels resulted in predictive 

abilities comparable to those obtained with the full panel, with only minimal reductions across 

traits. In contrast, the LD-clustered panel maintained predictive abilities for bold, sociable, and 

trusting traits but resulted in a correlation close to zero for the explorative trait. Across panels, 

predictive abilities generally reflected the corresponding heritability estimates, with traits 

showing higher heritability also exhibiting higher predictive abilities. 

 

Discussion 

This study evaluated the sensitivity of genomic-based heritability estimation and genomic 

predictive abilities for dairy cattle personality traits to alternative SNP-panel reduction 

strategies under small-sample conditions. Across traits, substantial marker reduction was 

possible without measurable loss of genomic parameter estimates or predictive performance, 

indicating that dense genome-wide coverage is not necessarily required to capture the relevant 

additive genetic signal under the conditions of this study. 

Both LD-pruned and randomly thinned panels produced results comparable to the full marker 

set, suggesting that a large proportion of markers contribute redundant information due to local 

linkage disequilibrium. Reducing such redundancy likely support the numerical stability of the 

genomic relationship matrix, which is particularly relevant in p ≫ n settings typical for 

behavioral datasets. However, this robustness may also partly reflect the genetic structure of 

the study population, which was limited to a single herd. In contrast, the LD-clustered panel 

showed trait-specific sensitivity, most notably for the explorative trait. This suggests that 

stronger LD-based condensation may remove informative marker–QTL associations for traits 
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with more heterogeneous or dispersed genetic architectures, highlighting that reduction 

strategies should be matched to trait characteristics rather than applied uniformly. 

Overall, the close agreement between heritability estimates and predictive abilities across 

panels emphasizes that stable variance component estimation is critical for reliable genomic 

prediction when sample sizes are limited. From a breeding perspective, these findings indicate 

that moderate marker reduction may facilitate more robust genomic analyses of difficult-to-

phenotype traits such as personality. However, as conclusions are based on a single population 

and a limited number of traits, further studies across larger datasets and additional behavioral 

phenotypes are needed to confirm the generality of these observations. 

 

Conclusions 

Substantial SNP-panel reduction to approximately 9k markers maintained genomic-based 

heritability estimates and predictive abilities for most of the personality traits investigated in 

this study. LD-pruning and random thinning yielded estimates comparable to the full panel and 

showed stable performance under small-sample conditions, whereas LD-based clustering 

showed trait-specific sensitivity. These results demonstrate that reducing marker redundancy 

can improve the stability of genomic parameter estimation without compromising predictive 

performance. However, given the limited sample size and single-herd design, this robustness 

may partly reflect population structure and an increased contribution of realized relationships 

to predictive ability. Consequently, the transferability of these results to more genetically 

diverse populations remain to be evaluated. Overall, appropriately designed marker reduction 

strategies can support reliable genomic inference and improved characterization of the genetic 

architecture of complex behavioral traits. Further studies across larger and more diverse 

populations, additional behavioral phenotypes, and alternative genomic models are needed to 

confirm the generality of these findings and to better understand how trait-specific genetic 

architectures influence the robustness of marker reduction strategies. 
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