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Introduction 

Electronic feeders provide continuous records of individual feeding events (Valente et al. 

2024). As only one animal can access the feeder at a time, the feeders also can capture 

competitive dynamics as animals sequentially replace one another (Huzzey et al. 2006). 

These replacement events can be analyzed using Social Network Analysis (SNA). SNA is a 

methodological approach used to study social structures through network and graph theory, 

mapping and measuring the relationships (edges) and flows between animals. SNA enables 

the computation of metrics such as betweenness centrality (BC), closeness centrality (CC), 

clustering coefficient (Clust), and degree centrality (DC) (Freeman, 1978), which can be 

treated as individual-level traits and incorporated into animal breeding analyses.  

SNA traits may reveal additive genetic variation for social competitiveness and adaptability 

during feeding, with potential implications for performance and welfare. Thus, this study 

aimed to: (i) estimate heritability for SNA-related traits in Nellore cattle; and (ii) perform a 

single-step weighted genome-wide association study (ssWGWAS) to identify genomic 

regions and annotate candidate genes associated with genetic variability in social behavior. 

 

Materials & Methods 

The animal procedures followed São Paulo State Law No. 11.977 and ARRIVE guidelines 

and were approved by the Ethics Committee on Animal Use of the Institute of Animal 

Science (Nova Odessa, SP, Brazil; protocols 278-2019 and 347-2022). 

 

Data. We analyzed 1362 young Nellore bulls from three selection herds tested in feed 

efficiency trials at the Institute of Animal Science (Sertãozinho, SP, Brazil) from 2013 to 

2024. Trials included 32 pens and lasted 82 ± 11 days. At the start, animals averaged 287.4 ± 

46.4 days of age and 261.9 ± 56.5 kg. Feeding events were recorded with Vytelle SENSE 

electronic feeders (one animal per access). Pens had 23–73 animals (42.8 ± 14.8) and 7.3 ± 

1.9 animals per feeder. After quality control, 7,743,062 feeder visits remained (89% of the 

original data). 

 

Traits definition. A replacement event occurred when an animal entered (follower) the same 

feeder within a time window t (seconds) after the previous animal (followed) exited. For each 

pen we built a directed, weighted network where edge weight was the number of 

replacements for each follower–followed pair. The t values varying from 5 to 300 s was 

tested and the optimal t per pen was selected based on stabilization of network topology 

(number of communities, total interactions, and median degree centrality). The mean optimal 

t across pens was 26.9 s (range: 10–65 s). Animal pairs with replacement frequencies below 

the first quartile were removed before calculating the metrics. 
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Network traits. For each animal, we calculated BC, CC, Clust, and DC in Python using 

NetworkX (Hagberg et al., 2008). BC measures how often an animal lies on shortest paths 

between others; CC is the inverse of the average shortest-path distance to the animal; Clust 

measures how connected an animal’s neighbors are; and DC is the proportion of direct 

connections (Freeman, 1978). 

 

Genomic information. A total of 3860 Nellore cattle (780 HD and 3080 50k) were 

genotyped and imputed to high density using FImpute v3 (Sargolzaei et al., 2014) with a 

Nellore reference population (n = 6,862), achieving an imputation accuracy of r² = 0.97. 

After imputation, SNPs were excluded if MAF < 0.05, HWE p < 1×10⁻⁶, or call rate < 0.95. 

No samples had call rate < 0.95. The final dataset included 3860 animals and 383,343 SNPs 

for downstream analyses. 

 

Statistical Model. The heritability for SNA-related traits was estimated using a single-trait 

animal model via single-step genomic best linear unbiased prediction (ssGBLUP) in the 

blupf90+ (Misztal et al., 2018), following the model: 

y = Xb + Za + e                                                                                                                       (1) 

where y is the vector of the observed traits; b is the vector of fixed effects [contemporary 

group (birth year × pen) and herd] and covariates (age at beginning of the trial and mid-trail 

body weight); a is the vector of direct additive genetic effects; e is the vector of residual 

effects, and X and Z are incidence matrices that relate to the respective effects.  

 

GWAS. The ssWGWAS for SNA-related traits was performed considering the single-trait 

animal model previously defined. The SNP effects were obtained by back-solving from 

GEBVs using postGSf90 (Misztal et al., 2018) with two iterations of SNP re-weighting. 

SNPs explaining > 1% of the additive genetic variance were deemed significant and grouped 

into windows with gaps ≤150 kb. Candidate genes were annotated using the ARS-UCD1.3 

bovine reference genome. Functional enrichment was assessed with clusterProfiler R package 

(Yu et al. 2012), for GO Biological Process terms and KEGG pathways, using the bovine 

database as background (Carlson, 2020). Terms with FDR-adjusted q-value < 0.10 were 

considered significant. 

 

Results 

Heritability estimates were low for BC (h2 = 0.13 ± 0.04) and CC (h2 = 0.06 ± 0.03) and 

moderate for Clust (h2 = 0.31 ± 0.05); and DC (h2 = 0.31 ± 0.05). Genetic correlations 

between BC and CC were high (0.90 ± 0.10), both were negatively correlated with Clust and 

DC (-0.78 to -0.62), and clustering coefficient and degree centrality were positively 

correlated (0.69 ± 0.09). 

The GWAS identified genomic regions associated with social network traits during 

competitive feeding (Fig. 1). For BC, 16 SNP windows on BTA 1, 3, 4, 6, 9, 10, 11, 12, 16, 

25, 26, and 29 exceeded the 1% threshold, with candidate genes including ANKRD6, 

GABRR1, RBFOX1, LHPP, CTBP2, FIBCD1, and LAMC3. CC showed 19 significant 

windows on BTA 1, 4, 6, 7, 9, 10, 11, 13, 16, 26, and 29, containing genes such as MET, 

SETX, CAST, PAM, and SIGIRR. The Clust had 19 windows on BTA 3, 5, 7, 8, 12, 13, 14, 

17, 20, 22, and 26 with genes including STK38L, BICD2, NINJ1, PARD3, LHFPL4, SETD5, 

SRGAP3, and BRPF1. DC revealed 14 windows on BTA 5, 7, 8, 12, 17, 18, 22, and 27 

harboring SMARCA5, DGCR2, COMT, CHRNB3, CHRNA6, and SEPTIN5. Overlapping 

regions included ADCY5, FOXP2, BRSK2, and BUB3 among traits. Functional enrichment 

analyses (Table 1) highlighted Wnt signaling (BC), GABAergic synapses (BC), 
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transcriptional regulation (BC and CC), axon guidance (Clust), and autophagy pathways 

(Clust), emphasizing synaptic remodeling and circuit maintenance mechanisms. 

 

 
Figure 1. Manhattan plot of the percentage of genetic variance explained by SNPs for 

betweenness centrality (a), closeness centrality (b), clustering coefficient (c), and degree 

centrality (d) traits in young Nellore cattle from feed efficiency trials. The dashed horizontal 

line indicates the empirical threshold for SNPs explaining > 1.0% of the genetic variance, 

was adopted to prioritize SNPs with comparatively large contributions to the additive genetic 

variance for candidate-gene annotation. Labels indicate the major mapped genes within the 

corresponding genomic windows. 

 

Table 1. Significant gene ontology (GO) terms for biological process and Kyoto 

Encyclopedia of Genes and Genomes (KEGG) pathway analyses for betweenness centrality 

(BC), closeness centrality (CC), and clustering coefficient (Clust) traits for replacement 

events at the electronic feeder in young Nellore cattle tested in feed efficiency trials 

Trait ID Description p-value q-value 

 GO terms    

BC, CC GO:0006360 transcription by RNA polymerase I <0.001 0.076 

BC GO:0006383 transcription by RNA polymerase III 0.001 0.076 

BC GO:0030111 regulation of Wnt signaling pathway 0.001 0.076 

BC GO:0030177 positive regulation of Wnt signaling pathway 0.002 0.084 

BC GO:0016055 Wnt signaling pathway 0.004 0.124 

BC GO:0060828 regulation of canonical Wnt signaling pathway 0.01 0.142 

 KEGG pathway   

BC bta04727 GABAergic synapse 0.007 0.114 

BC, CC bta04918 Thyroid hormone synthesis 0.005 0.159 

Clust bta04140 Autophagy - animal 0.004 0.185 

Clust bta04360 Axon guidance 0.005 0.185 

 

Discussion 

BC and CC describe an animal’s capacity to mediate and rapidly access others through 

indirect paths in the network (Freeman, 1978), but showed low heritability, suggesting 

stronger environmental influence for these traits. In contrast, Clust and DC showed moderate 

heritability, supporting additive genetic control over direct replacement interactions. 

Signals for BC and CC concentrate on mechanisms affecting neurodevelopment (Fell et al., 

2022), neuromodulation, and stress coping (Lin et al., 2023), which are essential for 



4 

 

determining how animals mediate social positions and efficiently integrate information 

during competitive interactions. These regions also included immune-related regulation 

consistent with gut–brain communication (Riva et al., 2012), suggesting a contribution of 

metabolic and neuroimmune pathways to individual differences in social network 

positioning. For Clust and DC, candidate genes highlighted processes of synaptic remodeling 

and circuit maintenance (Meijers et al., 2024), which underpin the formation and stability of 

social subgroups around the feeder. Additionally, mechanisms involved in neurotransmission 

regulation, catecholaminergic and cholinergic modulation of motivated behavior (Gutleb et 

al., 2017), and neuropeptide turnover emerged as key contributors, reflecting genetic 

variation in neural plasticity, motivational drive, and the propensity to initiate and sustain 

social interactions. Together, these findings indicate that social network traits are influenced 

by genes involved in neural plasticity, reward-related pathways, behavioral regulation, and 

the balance between excitatory and inhibitory signaling in the central nervous system. 

From an applied perspective, these traits can be derived from routinely collected feeder data 

and may support breeding strategies targeting social robustness and reduced competition. 

Nevertheless, interpretation is context-dependent because networks reflect restricted-resource 

encounters. Future work should evaluate robustness of these phenotypes across management 

conditions (feeder availability, stocking density) and quantify associations with performance 

and welfare outcomes to define desirable breeding objectives. 

 

Conclusions 

This study shows that SNA-related traits derived from feeder replacement events in group-

housed beef cattle are heritable. The ssWGWAS revealed multiple genomic regions and 

candidate genes linked to these traits, providing evidence for a biological basis of 

replacement behavior at feeder. Overall, SNA-related traits offer novel phenotypes for 

understanding and selecting behavioral adaptability in intensive beef cattle production 

systems. 
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