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Abstract 
Newcastle disease virus (NDV) is one of the highly contagious avian pathogens that threatens 

poultry producers in endemic zones due to its epidemic potential. Selection for antibody (Ab) response 
can effectively improve disease resistance in chickens. However, the molecular basis of the variation 
in Ab response to NDV is unclear. This study aimed to detect genomic markers and genes modulating 
Ab response to NDV in chickens reared under tropical, outdoor conditions. A genome-wide association 
study (GWAS) was conducted on Sasso T451A chickens that were naturally exposed to infectious 
diseases from 56 to 112 days of age to identify regions associated with Ab response to NDV. Phenotypic 
immune data from 935 chickens, monitored in two batches, and genotyping data of these chickens 
based low-pass sequencing (2,676,181 single nucleotide polymorphisms, SNPs) were used. BioMart 
data mining and variant effect predictor tools were used to annotate SNPs and candidate genes, 
respectively. A total of five SNPs (rs316795557 (FOXP2), chr 1; rs313761644 (CEP170B), chr 5; 
rs733628728, chr 13; and two unnamed SNPs, chr 30 and chr 33) were associated with the chicken 
antibody response to NDV at the suggestive significance level. These SNPs are located on 
chromosomes 1, 5, and 13 and are in genomic regions that contain several genes with roles in the 
regulation of the immune response. The results of this study pave the path for more investigation into 
the host immune response of chickens to NDV. 
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Introduction 

The poultry industry is a very important factor in the world economy in terms of food safety and 
nutrition, and is the fastest-growing agricultural sub-sector, especially in developing countries. In low-
income/developing countries, chickens play a vital role in daily life (Malatji et al., 2016). Poultry eggs 
and meat deliver high-quality sources of protein and micro- and macronutrients. Consumption of poultry 
meat and eggs and animal-source foods has increased rapidly over decades (FAO, 2020).  
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As in many developing countries, chickens are widely kept in Ethiopia (Hassen et al., 2006) 

where chicken meat contributes to approximately 5% of the total national meat production (EMDIDI, 
2017). Relative to other livestock animals, cattle, sheep, and goats, chicken meat production remains 
relatively small. Poultry rearing provides a major income-generating activity for households in which 
women and children are the major beneficiaries, which is often not the case with larger livestock (Guèye, 
2000). Chickens serve as a living savings bank and require very little investment, thereby offering rare 
opportunities for investment and security against risk. Chickens largely dominate flock composition and 
make up ~98% of the total poultry (chickens, ducks, and turkeys) population kept in Africa (Hassen et 
al., 2006).  

Although the global production of chickens has experienced massive changes and growth over 
the past 50 years, the poultry industry is still threatened by various diseases (Jie & Liu, 2011), especially 
Newcastle disease virus (NDV). Poultry disease is believed to be the main constraint that frustrates 
investment in this scavenging and semi-scavenging system by rural households. Thus, the potential of 
free-range chicken production has not fully been exploited. If any success is to be achieved in the 
improvement of free-ranging chicken production in Africa, it will inevitably depend on the successful 
control of major poultry diseases, in general, and Newcastle disease (ND), in particular (Mekonnen et 
al., 2013).  

The immune response associated with a specific disease may be a useful indicator of general 
disease resistance. The immune response and resistance to infectious diseases are difficult traits to 
measure and, thereby, to improve. Immunological characteristics such as antibody titres are heritable 
in poultry (Lamont et al., 2003), indicating the possibility of discovering loci or genes related to immune 
or disease-resistance traits. A common method to detect genetic markers (e.g., single nucleotide 
polymorphisms, SNPs) associated with phenotypic traits is the use of the DNA Beadchip technology, 
allowing simultaneous genotyping of thousands of genetic markers. This approach is commonly used 
for human disease and economically important animal trait research. In chickens, many genome-wide 
association studies (GWAS) have been conducted using the Illumina 60K SNP Beadchip or the 600K 
SNP Affymetrix array. Using this method, major loci associated with diseases (Raeesi et al., 2017), 
growth (Guo et al., 2017; Pertille et al., 2017), egg production (Wolc et al., 2012), carcass (Huang et 
al., 2018) and meat quantitative traits (Moreira et al., 2018), resistance to Marek’s disease (Li et al., 
2013), and immune responses to NDV (Luo et al., 2013) have been identified. Previous work has 
demonstrated the utility of this approach for the genomic study of health and immune traits in African 
chickens (Psifidi et al., 2016; Banos et al., 2020).  

The aim of the present study was to identify candidate genes and genomic regions controlling 
antibody response to NDV of Sasso T451A chickens raised in Ethiopia.  

 

Materials and Methods  
All animal protocols were conducted as per the revised Animals (Scientific Procedures) Act 

1986 procedures and approved by the Institutional Animal Care and Use Committee of the International 
Livestock Research Institute (Approval no: ILRI-IACUC2020-10).  

A total of 1,022 day-old Sasso T451A dual-purpose chickens were acquired from EthioChicken 
in Ethiopia. The chickens were maintained at the International Livestock Research Institute (ILRI) 
poultry research facility in two batches [autumn (September to November) or winter (December to 
February)] and consisted of 507 (194 males and 313 females) and 515 (209 males, and 306 females) 
chickens, respectively. The chickens were maintained in a deep litter house during the brooder phase 
for 56 days from hatching. The chickens had intact beaks and received routine vaccinations. The 
chickens were immunized with the commercial NDV live vaccine of the Hichner B1/LaSota strain 
(National Veterinary Institute (NVI), Ethiopia), using the standard dose given in the instructions of the 
vaccine, by ocular eye drop at 7 and 21 days of age (NVI, 2016). In Ethiopia, Sasso chickens are 
distributed to farmers at days 56 (after they have been fully vaccinated). Wing tags facilitated the 
identification of individuals, which were sampled for genotyping and enzyme-linked immunosorbent 
assays (ELISAs) before being released into the paddock. The chickens were subsequently raised in 
outdoor, semi-scavenging conditions (fed mainly from scavenging with some supplementation of 
commercial feed) from 56 days of age until they reached an average market weight of approximately 
1,500 g, when chickens were ~112 days old. Chickens were naturally exposed to infectious diseases 
agents while monitored outdoors.  

Blood was retrieved from the wing vein at 56 and 112 days of age for 1022 and 795 chickens, 
respectively. The blood was allowed to coagulate overnight at room temperature before the removal of 
the serum. Serum samples were stored at -20 °C until use. Serum NDV-specific antibodies (Ab) were 
measured in serum collected at 56 and 112 days of age using the IDEXX NDV ELISA kit (IDEXX 
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Laboratories, Westbrook, ME, USA, Cat#99-09263). All samples were tested at a 1:100 serum dilution 
in duplicate with a positive and a negative control being added to each plate.  

Genomic DNA was extracted from blood preserved on QIAcard FTA Elute Micro cards 
(QIAGEN, Cat. No. WB120410) from all chickens before exposure to the natural environment and 
shipped to GeneSeek, Neogen Genomics (Lincoln, NE, United States). The DNA from a total of 963 
chickens was genotyped using low-pass sequencing and imputed using the Gencove platform. GATK 
software was used for SNP calling with the default parameters and Indels were sequenced and/or 
imputed, but they were not considered in the study (Mckenna et al., 2010). Finally, 14,123,057 SNPs 
remained for further edits.  

Before statistical analysis, evaluation of the data quality and pre-processing of the data was 
performed to avoid the introduction of bias into the analysis (Anderson et al., 2010). Raw SNP data 
were first subjected to quality control and loci with unknown chromosomal locations were removed. The 
SNP data quality control was carried out using PLINK v1.9 (Purcell et al., 2007), and samples with a 
high genotyping missing rate (>90%) were excluded. SNPs were removed if they failed to pass the 
following criteria: call rate >90%; minor allele frequency (MAF) >0.01 and P-value for Hardy–Weinberg 
equilibrium test >1×10–6. After a series of quality checks, 935 samples and 11,272,670 SNPs remained 
for the ensuing data analysis. Considering that clusters of SNPs in high linkage disequilibrium (LD) may 
bias the principal component analysis (PCA) results (Wang et al., 2009), all autosomal SNPs were 
pruned for LD using pair-wise genotype correction (r2 >0.8) in 100 SNP sliding widows with a step of 10 
SNPs across the genome; 2,676,181 SNPs remained for analysis. 

Population structure and relatedness are major sources of confounding effects in genetic 
association studies (Astle & Balding, 2009). To assess the population structure, PCA was performed 
and implemented using PLINK v1.9. PCA was performed using an identity-by-state matrix based on 
SNP genotypes to estimate the genetic relatedness between individuals and investigate the presence 
of population stratification between batches, using the EIGENSOFT v6.1.4 software before the GWAS 
(Price et al., 2006).  

The GWAS analyses were then performed separately for each immune trait (Ab response at 
age 56 and 112 days) for each batch using the following linear mixed model:  

 
y = Wα + xβ + u + ε      (1) 

 
where y is the vector of trait values (Ab at age 56 and 112 days) for all individuals; W is a matrix of 
covariates (fixed effects that contains the batch, age, season, sex, growth traits, and the top three PCs); 
α is a vector of the corresponding coefficients including the intercept; x is a vector of genotypes of a 
marker; β is the effect size of the marker; u is a vector of random effects with a covariance structure as 
u ∼ N(0, Gσ2 u), where G is the genetic relatedness matrix calculated from all SNP markers, and σ2 u 
is the polygenic additive variance; ε is a vector of residual errors with ε ∼ N(0, Iσ2 ε), where I is the 
identity matrix and σ2 ε is the residual variance.  
 

The significance threshold for the GWAS was adjusted for multiple testing using the Bonferroni 
correction method (Benjamini & Hochberg, 1995). We set the following two significance thresholds for 
our data: P <0.05/N for a 5% genome-wide significance and P <1/N for a suggestive significance level, 
where N is the number of SNPs remaining after pruning for LD. To visualize the result from the GWAS, 
Manhattan plots and quantile–quantile plots were created using the qqman package in R v4.1.0 for 
each trait. The genomic inflation factor (λ) was calculated using the qqman package in R with the median 
option (Turner, 2015).  

The Variable Effect Predictor (VEP) tool in the Ensembl database and the Galgal6 assembly 
were used to map all significant SNPs identified in the GWAS to the reference genome and to annotate 
them, respectively (http://www.ensembl.org/Tools/VEP). Additionally, using the Galgal6 assembly and 
the BioMart data mining tool, genes that were situated 100 kb upstream and downstream of the 
significant SNPs were annotated (http://www.ensembl.org/biomart/martview/). A list of all the genes that 
were close to the significantly associated SNPs for Ab response to NDV was then compiled. 

Genetic parameters were estimated for Ab response to NDV using the model (Equation 1). 
Estimates of the obtained variance components were determined using the restricted maximum 
likelihood analysis option in GCTA v1.24.7. Bivariate analyses were also conducted with the same 
model to estimate immune phenotypic and genetic correlations among the studied traits. All the above 
analyses were performed separately for each age using the GCTA tool (Yang et al., 2011). 
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Results and Discussion  

Genome-wide association study is a tool used for genetic analysis of traits of economical 
important in domestic animals. In this study, GWAS was employed to investigate the genetic variation 
in the immune response to NDV in Sasso T451A. Host immune reaction to viruses is a complex process 
(Fischer et al., 2013) and immune response to NDV can be observed as a quantitative trait under 
polygenic regulation (Luo et al., 2013; Saelao et al., 2019). 

The PCA analysis did not reveal any clear genetic separation between the two batches (Figure 
1). PCA results showed some structure in the genomic data that was not entirely attributed to batch. 
The first PCA component explained 10.0%, and the second principal component, 6.7%, of the total 
variance. Therefore, 2–3 principal components (PCs) were fitted in the model for statistical analysis in 
order to account for structure. GRM, that was fitted in the model, also accounted for structure. 

 
The PCA results (Figure 1) support that the two batches had the same genetic origins. 

Furthermore, PCA results were compatible with a three-way crossing origin for the chicken of the two 
batches. Compared to two-way crossbred chickens, three-way crossbred chickens have lower mortality 
and better production traits, such as age at sexual maturity, annual egg production, feed intake, and 
feed conversion (Khawaja et al., 2013). 

 

Figure 1 Principal component analysis of the genomic data. Dots of different colours (red and green) represent 

individual chickens of each batch (batch_1: green; batch_2: red) 

 
The univariate GWAS was performed to find genomic markers associated with the NDV 

antibody response of Sasso T451A at 56 and 112 days of age in each of the batches. GWAS results 
are presented as Manhattan and QQ plots (Figure 2). In the present study, genomic control inflation 
factors were very close to unity (λ = 1.02 and 1.00 for each analysis, respectively), which reflected low 
population stratification. 

 
A total of five SNPs were identified at the suggestive level threshold for antibody response to 

NDV at day 112, of which two of them were novel SNPs. These SNPs were located in the position at 
15792460 bp (rs733628728 chromosome 13, P = 3.62 x 10-7), 198020 bp (unnamed SNPs, 
chromosome 30, P = 3.93 x 10-7), and 258025 bp (unnamed SNPs, chromosome 33, P = 1.36 x 10-7) 
(batch one, day 112). For batch two at day 112 and two SNPs with the suggestive association, SNPs 
rs316795557 (P = 1.18 x 10-7) at position 26416538 bp on chromosome 1 and rs313761644 (P = 2.32 
x 10-7) at position 51943226 bp, on chromosome 5, were identified. No significant P-values were 
obtained for the SNP effect of antibody response to NDV at day 56 for both batches (Table 1; Figure 
2).  
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Table 1 Differentiated variants and potential candidate genes associated with antibody response to 
Newcastle disease virus 

Chr: chromosome number; MAF: minor allele frequency 
 
 

Previous studies have identified different genomic regions associated with antibody response 
to NDV (Yonash et al., 2001; Biscarini et al., 2010; Wang et al., 2015). According to Yonash et al. 
(2001), the quantitative trait loci QTLs for the Ab response to NDV in broiler chickens were found on 
chromosomes 2 and 18. Biscarini et al. (2010) found 13 QTLs located on chromosomes 3, 4, 5, 9, 13, 
16, and 22, and Z, associated with the Ab response to NDV. Wang et al. (2015) reported six QTLs 
modulating Ab response to NDV on chromosomes 2, 4, and Z. Jacob et al. (2000) found a QTL on 
chromosome 16 associated with the major histocompatibility complex (MHC) of NDV (Zhou & Lamont, 

Traits SNP ID Chr Position MAF Beta p-value Candidate gene 

Batch_1 
day 112 

 33 258025 0.014 0.2584082 1.36 x 10-7  

rs733628728 13 15792460 0.036 0.1622703 3.62 x 10-7  

 30 198020 0.032 0.1741291 3.93 x 10-7  

Batch_2 
day 112 

rs316795557 1 26416538 0.243 0.1380258 1.18 x 10-7 FOXP2 

rs313761644 5 51943226 0.013 -0.4900926 2.32 x 10-7 CEP170B  

 
 
 
 
 
 
 
 
 
 
 
 
A 
 

A 

B B 

Figure 2 Manhattan (left) and quantile–quantile (Q–Q) (right) plots of single nucleotide polymorphism (SNP)-based 
genome-wide association study for batch 1 day112 (A) and batch 2 day 112 (B). The Manhattan plots show −log10 

(observed P) for SNPs (y-axis) against their corresponding positions on each chromosome (x-axis), while the Q–Q plots 
show the observed and expected −log10(P). The horizontal dashed and solid lines in Manhattan plots represent the 
genome-wide suggestive (−log10(P) = 3.74) and significant (−log10(P) = 1.86) thresholds, respectively. 
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2003; Zhang et al., 2015). Several reasons might explain these different results, including different 
doses of ND vaccine, time post-vaccination, the genotyping method used, choice of statistical models, 
and the genetic composition of the experimental populations (McElroy et al., 2006; Ioannidis et al., 
2009; Saelao et al., 2019). Moreover, our study used the Bonferroni correction method for multiple 
testing and the significance thresholds used here might have been more stringent than the traditional 
cutoffs commonly used in studies aiming to identify candidate regions for functional associations 
between SNPs and immune phenotypes. Additionally, several studies (Yonash et al., 2001; Biscarini et 
al., 2010) have focused on broiler and layer populations, while in this study, we employed the Sasso 
T451A, a dual-purpose chicken.  

While the present study used GWAS and SNPs, most earlier investigations used microsatellite 
markers. Furthermore, different types of Ab detection methods may be associated with different QTLs 
(Saelao et al., 2019). Earlier research concentrated on the primary Ab response to NDV, but here we 
examined the secondary Ab response to NDV. In the primary Ab response, the main class of Ab 
produced is immunoglobulin M (IgM), whereas, in the secondary Ab response, it is IgY (Sarker et al., 
1999); thus, chicken's ranking on Ab response to the first immunization may differ from that to the 
second, resulting in the identification of separate QTLs (Biscarini et al., 2010). The current study 
revealed suggestive QTLs for Ab response to NDV at day 112 on chromosomes 13, 30, and 33 (batch 
one) and chromosomes 1 and 5 (batch two). However, apart from chromosomes 1, 5, and 13, which 
were reported earlier (Luo et al., 2013; Wang et al., 2015; Saelao et al., 2019), there were no other 
earlier studies that detected the presence of QTLs modulating NDV antibody response on 
chromosomes 30 and 33. 

 
Candidate regions were defined as the genomic intervals 100 kb upstream and downstream of 

the significant SNPs detected in GWAS (Table 2) and annotated genes within those regions were 
identified. The list includes nine protein coding genes: protein phosphatase 1 regulatory subunit 3A 
(PPP1R3A), transient receptor potential cation channel subfamily C member 7 (TRPC7), dynamin-2-
like (DNM2), cell division cycle 37 (CDC37), tyrosine kinase 2 (TYK2), trafficking protein particle 
complex 5 (TRAPPC5), B-cell receptor-associated protein 31 (BCAP31), WD repeat domain 13 
(WDR13), and phospholipase D family member 4 (PLD4) (Table 2). The gene ontology annotation 
indicates that all these genes contribute to the regulation of cytokine activity, immune responses (innate 
and adaptive immunity), transcription, binding, transport, and development. Among these genes, six 
were found close to the significant SNPs (PPP1R3A, WDR13, FOXP2, BCAP31, TYK2, DNM2). These 
genes should be further interrogated to determine their relationship with Ab response to NDV in Sasso 
T451A populations in Ethiopia. Until now, none of these candidate genes for Ab response to NDV had 
been directly linked to the immunological response in chickens (Adhikari & Davie, 2018; Elbeltagy et al., 
2019). Nevertheless, the functions of some of these genes have been explored in other animals (Zhou 
et al., 2014; Fleming et al., 2016; Zhuang et al., 2020). 

 
Heritability (h2) estimates were calculated as the ratio of the additive genetic variance (Vg) to 

the phenotypic variance (Vp = Vg + Ve) (Table 3). NDV Ab titres at Day 56 and Day 112 had estimated 
heritabilities of 0.09 ± 0.14 and 0.13 ± 0.15, respectively.  

Results show that heritability estimates for NDV-specific Ab responses varied from 0.18 to 0.10 
and from 0.000001 to 0.12 for day 56 and day 112, respectively. Overall, the heritability estimates were 
lower (0.000001–0.18) than previous reports on the same phenotypic trait (Lwelamira et al., 2009; Luo 
et al., 2013). However, many of these studies estimated heritability under indoor, standardized 
environmental conditions. Environmental factors can impact heritability, where genes involved in 
specific traits may respond differently according to environmental factors (Charmantier & Garant, 2005). 
To our knowledge, heritability estimates for the Ab response to NDV in Sasso T451A chicken are being 
reported for the first time in this work. 
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Table 2 Gene ID and name, chromosome, and size of the candidate regions 100 kb upstream and 

downstream of the significant SNPs 

Gene stable ID Gene name Chromosome  Region  

ENSGALG00000009435 PPP1R3A 1 26.5–26.53 Mb 

ENSGALG00000006297 TRPC7 13 15.7–15.76 Mb 

ENSGALG00000051104 

 
13 15.796–15.799 Mb 

ENSGALG00000040741 DNM2 30 90–110 kb 

ENSGALG00000041323 

 
30 137.1–137.8 kb 

ENSGALG00000048930 CDC37 30 170–179 kb 

ENSGALG00000030599 TYK2 30 180–196 kb 

ENSGALG00000050608 

 
30 200–214 kb 

ENSGALG00000039088 TRAPPC5 30 242–247 kb 

ENSGALG00000035236 BCAP31 30 269–271 kb 

ENSGALG00000044536 WDR13 30 273.5–276.5 kb 

ENSGALG00000050708 

 
33 167.5–168.4 kb 

ENSGALG00000047992 

 
33 180–250 kb 

ENSGALG00000048833 

 
33 215.2–217.6 kb 

ENSGALG00000049509 

 
33 313.8–314.6 kb 

ENSGALG00000034369 

 
33 347.1–347.9 kb 

ENSGALG00000051385 

 
5 51.888–51.890 Mb 

ENSGALG00000041565 

 
5 51.928–51.942 Mb 

ENSGALG00000011639 

 
5 51.945–51.975 Mb 

ENSGALG00000011646 PLD4 5 51.985–51.996 Mb 

ENSGALG00000047641 

 
5 52.04–52.042 Mb 

 
 

 Table 3 Variance component estimates and heritability of antibody response to NDV 

Vp: Phenotypic variance; Vg: Additive genetic variance; SE: Standard error; Ve: Environmental variance; P values 
of the parameters in the same row statistically significant (P <0.05)  

 

Conclusions 

To our knowledge, this is the first study that has aimed to identify SNPs, genomic regions, and 
genes associated with Ab response to NDV in Sasso T451A chickens raised outdoor in semi-
scavenging conditions in the Ethiopian highlands. Upon proper validation, our results may ultimately 
lead to new avenues for genetic improvement of Ab response to NDV. Understanding the genetic basis 
of NDV vaccine response will also assist in optimising vaccination protocols. The enhancement of 
genetic resistance to NDV will furthermore help in protecting the Ethiopian poultry industry and improve 
global food security. Moreover, the genes and variants revealed in this study demand more investigation 
to comprehend the underlying molecular pathways implicated in immune response in chickens. 
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