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Introduction 

The development of straightforward tools for processing and integrating results obtained from 

-OMICs studies is a critical demand across all research fields. Despite the intensive use of -

OMICs technologies in the livestock sector to investigate numerous production traits, a lack of 

user-friendly tools for analyzing high-throughput data remains, compared to other species such 

as humans and model organisms (Fortes and Pegolo, 2023). The Genomic Annotation in 

Livestock for positional candidate LOci (GALLO) is an R package designed to provide an 

automated and straightforward environment for gene and quantitative trait loci (QTL) 

annotation in candidate regions obtained from -OMICs studies in livestock species (Fonseca et 

al., 2020). The GALLO was first published on CRAN in September 2020 and currently 

(January 2026) accounts for more than 49,000 downloads and 220 citations (Google Scholar). 

In recent years, GALLO has been used in different studies that investigated the genetic basis 

of economically relevant traits, such as fertility-, production-, health-, and resilience-related 

traits in dairy cattle, beef cattle, goats, sheep, pigs, and poultry. During this period, the users’ 

demand and feedback, as well as the analysis of the approaches commonly applied in livestock 

genetics, instigated the development of new functionalities for GALLO. Examples of those 

demands were linked to the investigation for the biological basis of the genetic correlation 

among traits, the necessity to implement more efficient multiple testing adjustments, or gene 

prioritization approaches. Thus, our aim here is to report the new functionalities employed in 

the largest update available for GALLO since its first release. 

 

Materials & Methods 

The tests to estimate the performance of GALLO's new functions were performed in the R 

environment (version 4.2.0), using a desktop with an Intel® Core™ i5-10400 2.9 GHz 

processor with 16 GB of RAM. 

 

Estimation of marker-based pleiotropic effect through multi-trait meta-analysis chi-

squared statistic. A new function in the updated GALLO v2.0 estimates marker-based 

pleiotropic effects using results from genome-wide association studies (GWAS). This is 

implemented in the PleioChiTest() function, which requires a data frame as input: the first 

column must contain marker (SNP) names, and the remaining columns must contain the signed 

t-values from single-trait association analyses. PleioChiTest() returns a data frame with a multi-

trait chi-squared statistic and the corresponding p-value for each SNP. The test evaluates the 

evidence that a SNP is associated with multiple traits, contrasting this against the null 

hypothesis the marker has no effect on any of the traits. The method follows Bolormaa et al. 

(2014) and the test statistic is approximately chi-squared (χ²) distributed with n degrees of 

freedom, where n is the number of traits in the input. 

 

Number of effective markers and independent segments within chromosomes. The 

updated GALLO v2.0 also includes functions to estimate the number of effective markers 
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(Nmarkers_SimpleM()) and the number of segments per chromosome (Nseg_chr()), based on 

linkage disequilibrium (LD) among markers and effective population size (Ne), respectively. 

Nmarkers_SimpleM() takes as input a three-column data frame in which the first two columns 

contain the IDs of each marker pair and the third column contains the corresponding LD 

estimate. The function implements an adaptation of the simpleM method (Gao et al., 2008). 

Briefly, it computes eigenvalues from the pairwise linkage disequilibrium (LD) matrix (via 

eigen()) and defines the effective number of markers (x) as the minimum number of 

eigenvalues needed to exceed a user-defined variance threshold (C): 
∑ 𝜆𝑖

𝑥
𝑖=1

∑ 𝜆𝑖
𝑀
𝑖=1

> 𝐶,  

where; λi is the eigenvalue for the ith marker, C is the user-defined percentage cutoff, x is the 

required number of markers to pass the user-defined percentage cutoff, and M is the total 

number of markers included in the pairwise LD matrix. The function Nseg_chr() receives as 

input the chromosome number and the chromosome length (Li, in Morgans) and the Ne. The 

estimated number of independent segments (Me) is obtained as proposed by (Goddard, 2009; 

Hayes et al., 2009) as following: 𝑀𝑒 =  
2(𝑁𝑒∗𝐿𝑖)

𝑙𝑜𝑔10(𝑁𝑒∗𝐿𝑖)
. 

 

Computation of gene-level p-values. Computing gene-level p-values in GWAS is important 

because it improves biological interpretation by aggregating SNP-level signals. In GALLO, 

gene-level p-values can be estimated using three approaches, which requires three inputs: (1) 

a data frame with per-marker association results, (2) a data frame with gene coordinates (e.g., 

obtained by importing a GTF file with import_gff_gtf()), and (3) a data frame with pairwise 

LD estimates. First, gene_pval() annotates markers located within a user-defined upstream and 

downstream window around each gene on the target chromosome and links each marker to its 

corresponding LD and p-value information. The first approach computes a weighted Z-score 

(Zw), which is then converted to a gene-level p-value using the standard normal distribution. 

This is an adaptation of the weighted Z-test commonly used to combine probabilities in meta-

analysis (Zaykin, 2011): 𝑍𝑤 =  
∑ (𝑤𝑖∗𝑍𝑖)𝑛

𝑖=1

√∑ 𝑤𝑖
2𝑛

𝑖=1

,  

where; n is the number of markers mapped within the user-defined upstream/downstream 

window for a gene; Zi is the Z-score corresponding to the ith marker p-value (computed with 

qnorm()); and wi is the mean LD between marker i and the other markers in the gene interval 

(with 𝑤𝑖
2 its squared value). The second approach estimates gene-level p-values using a meta-

analysis weighted by LD correlation coefficients (Zcomb). This method adapts the standard 

meta-analysis of correlation coefficients (Field, 2001) and combines marker p-values as 

follows: 𝑍𝑐𝑜𝑚𝑏 =  
∑ (𝑤𝑖∗𝑝𝑖)𝑚

𝑗=𝑖

∑ 𝑤𝑖
𝑚
𝑗=𝑖

,  

where; m is the number of markers in the gene interval, wi is the mean LD for marker i with 

the other markers in the interval, and pi is the association-test p-value for marker i. The third 

approach is based on the Liu et al. (2009) method, where the squared cumulative normal 

distribution of the p-values mapped within a gene and the eigenvalue obtained from the LD 

matrix for the respective SNPs are integrated. 

 

Visualization of groups interaction by dynamic networks and estimation of centrality 

metrics. The GALLO v2.0 allows users to visualize relationships between any two feature 

groups using NetVis(). For example, the output from find_genes_qtls_around_markers() can 

be used as input to display relationships such as marker–gene, marker–QTL, and QTL–gene, 

among others. NetVis() builds an interactive network using the igraph and visNetwork R 

packages. In addition, NetCen() computes node centrality metrics for the resulting network, 

including degree (number of incident edges), betweenness (fraction of shortest paths passing 
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through the node), closeness (inverse of the sum of shortest-path distances to all other nodes), 

and eigenvector centrality (based on the leading eigenvector of the adjacency matrix). 

 

Integrating -OMICs and functional data via representation learning to prioritize 

candidate genes.  

The GALLO v2.0 includes a pipeline to estimate posterior probabilities of association (PPA) 

for positional candidate genes by integrating gene-level p-values with functional networks 

(e.g., co-expression, gene-QTL, gene-GO, and gene-pathway networks) using representative 

learning. The theoretical background is described in de SouzaFonseca et al. (2025). The 

pipeline is implemented through two main functions: Net_embedding() and Gene_PPA(). 

Net_embedding() uses the Python node2vec library (Grover & Leskovec, 2016) to generate 

low-dimensional representations of network nodes. It first performs biased random walks, with 

user-defined parameters including the number of walks, return parameter (1/p), in–out 

parameter (1/q), walk length, and number of epochs (iterations). The resulting walks are then 

used to learn node embeddings with a Word2Vec approach (Church, 2017), using a Skip-Gram 

model, where the user specifies the embedding dimensionality. Gene_PPA() implements an 

adaptation of the REGENT method (Wu et al., 2017). Because embeddings remain high-

dimensional, a representative learning step reduces each network embedding to a one-

dimensional representation per gene. First, a null model is used to obtain initial PPAs (soft 

labels). Then, linear discriminant analysis is applied to estimate within- and between-class 

variance components and derive an eigenvector used to project the original embeddings into a 

single dimension. Finally, the hierarchical model is fit using an Expectation–Maximization 

algorithm to estimate model parameters, including the PPA (values range from 0 to 1). 

 

Results & Discussion 

To evaluate PleioChiTest(), signed t-values from single-trait association tests were used for 

49,720 markers across 14 traits related to milk technological traits in a Spanish Assaf sheep 

population (Marina et al., 2021). PleioChiTest() ran in 0.53 s user time and 0.03 s system time. 

To benchmark Nmarkers_SimpleM(), all pairwise LD values were estimated using markers 

mapped to chromosome 1, the largest chromosome, within the same Assaf population (Marina 

et al., 2021). The dataset included 5,457 markers, yielding >14.5 million pairwise LD values. 

With a 95% variance cutoff, Nmarkers_SimpleM() estimated 4,946 effective markers in 

1555.55 s user time and 193.33 s system time. Smaller cutoff values (𝐶) yield fewer effective 

markers, whereas larger 𝐶 values yield more; therefore, C should be selected carefully to avoid 

overly conservative or liberal thresholds (Gao et al., 2008). To assess Nseg_chr(), autosomal 

chromosome lengths from the bovine reference genome ARS-UCD1.2 and Ne values ranging 

from 50 to 300 were used. In general, the estimated number of segments (𝑀𝑒) increases with 

both chromosome length and Ne. Nseg_chr() ran in 0.01 seconds of user time with negligible 

system time (<0.01 seconds). To evaluate gene_pval(), we used the PleioChiTest() output as 

input, together with gene coordinates from the ARS Rambouillet v2 sheep reference genome. 

Markers were annotated using a ±100 kb window around each gene. Running gene_pval() on 

chromosome 1 took 1488.89 s user time and 471.88 s system time. 

An effective application of the gene-prioritization pipeline implemented in GALLO is 

presented in Fonseca et al. (2025). In that study, the GALLO v2.0 functions gene_pval(), 

Net_embedding(), and Gene_PPA() were used to develop network-based machine learning 

models to prioritize candidate genes with pleiotropic effects on milk, cheese, and health-related 

traits in dairy sheep. Additional GALLO functions, find_genes_qtls_around_markers(), 

qtl_enrich(), NetVis(), and NetCen(), were used for data retrieval and visualization within the 

same workflow. The results supported the effectiveness of network-based approaches for 

prioritizing candidate genes with pleiotropic effects across milk production and mastitis 



 

 

4 

 

resistance traits in dairy sheep. The same pipeline can be readily applied to other livestock 

species and phenotype sets with minor modifications. 

 

Conclusions 

The GALLO v2.0 introduces new tools for pleiotropic effect detection, estimation of effective 

marker numbers and independent chromosomal segments, gene-level p-value calculation, and 

network-based visualization and gene prioritization. This is the most substantial update since 

GALLO’s initial release. These additions expand users’ ability to integrate high-throughput 

data, uncover hidden patterns across datasets, mine previously reported associations, and more 

efficiently investigate the genetic architecture of complex traits in livestock. 
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