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Abstract 

 

 

Here we present the genome-wide association study of body weight at 8 weeks of age based on 

the advanced intercross pedigree of two chicken lines gone through bi-directional selection. 

With improved marker density (~3M SNPs) and larger sample size (2667 individuals from F2-

F15), 34 loci with suggestive significance are detected, of which 18 loci are novel, and the rest 

17 loci are consistent with the results of previous quantitative trait locus mapping studies on 

this trait with smaller number of genetic markers and fewer individuals. The component traits, 

referring to traits related to body weight and possibly contributing to the body weight as well, 

are also measured and analysed. The combined result showed that one locus with significant 

marginal effect on BW8 is associated with early growth, breast muscle development and shank 

development, while another locus with late development and bursa development. 

  



 

 

  



 

 

Genome-wide association studies on body weight and 

component traits in an intercross of two divergently 

selected chicken lines 

Popular Science Summary 

Yiwen Chen 

Have you ever wondered why the taller the parents, the taller the kids? Seems like height is 

controlled by one’s genes on DNA passed down from their parents. Yet, there are cases where 

this rule is wrong, since height is also influenced by the environment a person grows up in. For 

example, a generation that went through a famine during their adolescence is shorter in height. 

One could then draw a rational conclusion that height is controlled by the combined effort of 

genetics and environment elements. There are also traits that are not affected by the 

environment at all. Take blood type as an example, one born as an O-type will remain an O-

type the rest of their life no matter how much nutrition is provided and no matter how cold their 

habitat is. These are so-called simple Mendelian traits controlled by one or countable genes, 

just as the pea plant’s seed shape and color that Mendel’s experiments focused on.  

On the contrary, traits like height, which are controlled by many genes, are so-called complex 

traits. They are the most challenging puzzles for geneticists to solve. Since they are controlled 

by many genes, each gene’s contribution to the trait is actually not that important, which leaves 

space for environmental factors to act. Our study tries to explain the genetics of chicken’s body 

weight, which is a much more complicated trait even than height, as body weight can be 

composed of many component traits that are complex traits themselves, e.g., fat weight, bone 

weight, blood weight. It seems quite straightforward that we only have to control the 

environment to be the same so that we can have the variation of the trait to be explained by 

genes only. To control the environmental factor’s effect, the chickens we used are from an 

experimental developed population where the environment is strictly controlled. By finding the 

association between the variation of genes and the variation of traits, we can detect the genetic 

factors affecting on the trait of interest. Compared to previous genetic association studies on 

chicken’s body weight, our method is special in a way that we also study the genetics of the 

component contributing traits besides the body weight. With the combined information, we are 

able to see that some genetic factors enhance body weight by affecting early-stage growth, some 

late development, some plasma concentration of cholesterol.  
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1 Introduction 

Body weight is a composite trait to which many features, e.g., the weight of muscles, fat, blood 

and bone, contribute. Yet it could also be affected by the size and weight of internal organs. 

Here we introduce a concept of viewing body weight as a composite trait, while its comprising 

traits as component traits. By studying the genetics of the composite trait, together with its 

component traits, we are expecting to uncover how the component traits contribute to BW8 in 

what possible pathway. 

1.1 Quantitative traits 

Quantitative traits, also known as complex traits, refer to traits that do not show a strict 

Mendelian inheritance pattern. Discrete traits, also known as Mendelian traits, show clear 

Mendelian inheritance patterns on the contrary. The ultimate cause of their difference in 

inheritance pattern is the number of causative genes. In the Infinitesimal model proposed by 

R.A.Fischer (1918), polygenic traits are orchestrated by numerous discrete genes’ segregation, 

each of which is inherited following Mendelian's law and has a very small effect. As one result, 

quantitative traits, such as body weight, height, and blood pressure, typically show a continuous 

variation because of the cumulative effect of these numerous inherited genetic variants. Another 

outcome is that polygenic traits are more fragile to environmental factors. For instance, having 

poor nutrition during growth will result in a lower height (Huang et al. 2010, Portrait et al. 

2017) while the blood type as a discrete trait won’t be affected.   

Due to the polygenic inheritance of quantitative traits, more advanced statistical methods are 

used to analyze their genetics, the most common methods so far are Quantitative Trait Locus 

(QTL) mapping and Genome-Wide Association Study (GWAS). QTL mappings are typically 

done using natural or experimental pedigrees, where alleles at different loci within a certain 

distance on the genome tend to be inherited together, resulting in strong Linkage Disequilibrium 

(LD). Hundreds of genetic markers are sufficient to detect the hidden true causative QTLs 

within the long-range LD. GWAS works similarly to QTL mapping. One fundamental 

difference is that a typical GWAS study is performed in non-related individuals, where the LD 

is shorter compared to pedigree-based QTL mapping, as a result, more markers are needed to 

tag all segregating variations each of which is possibly in LD with a causative allele. Benefiting 

from the development of sequencing technology, millions of genotyped SNPs can be utilized 

in GWAS as markers and directly as genetic variations. In this study, a hybrid design of QTL 

mapping and GWAS is applied, where pedigree-based population and whole genome 

sequencing data are used to conduct association studies.  
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1.2 Virginia Chicken lines 

The bidirectional body-weight-selected Virginia chicken lines were established in 1957 (Siegel 

1962). The founders of this selection experiment were crosses of seven partially inbred lines of 

White Plymouth Rocks. Chickens with greater body weight at week 8 (BW8) in the founders 

were chosen as the parents of the High Weight Selected (HWS) line, while those with lighter 

BW8 were chosen as the parents of the Low Weight Selected (LWS) line. This selection regime 

keeps on being applied to every generation of the Virginia chicken lines. During the adaptation 

process to this bi-directional artificial selection, the chickens from HWS and LWS are showing 

gradual but drastic differences in BW8. After 40 generations, the two lines showed a nine-fold 

difference in BW8 (Jacobsson et al. 2005) and the genomes of the two lines at this time point 

are also showing extensive differentiation (Johansson et al. 2010).  

By crossing HWS and LWS lines, we expect their rich divergence in phenotype and genotype 

will lead to an intercross possessing genetic variances of conflicting effect on BW8 based on 

their source from HWS or LWS. After 40 generations of selection (generation S41), the HWS 

and LWS were reciprocally crossed and generated F0 as the founder population of this 

Advanced Intercross Line (AIL). The detailed husbandry and breeding scheme can be found in 

the reference (Siegel 1962, Liu et al. 1994, Dunnington & Siegel 1996). Subsequent 

intercrossing within the AIL constructed the F2-F15 generation, whose phenotypic and 

genotypic data are used in this study. The LD was proceedingly broken down by recombination 

events during the intercrossing process. Association studies are thereby suitable for dissecting 

the genetics behind the phenotypic variation.  

Although the selected trait was body-weight at 8 weeks of age, the chickens’ body-weight at 

other time points were also collected in some generations. Apart from body weight, body 

composition, weight of internal organs, and metabolic traits were also collected (Park et al. 

2006). 

1.3  Previous works 

With an incomplete linkage map and a sparse set of 145 microsatellite markers, Jacobsson et 

al. (2005) were the first to conduct QTL mapping analyses on F2 of the AIL pedigree and found 

13 suggestive loci affecting the growth of body weight, which were then named as Growth1 ~ 

Growth13. Later in 2009, the resolution of QTL mapping on the same trait and in the same 

population was improved by using a more complete linkage map and by merging the previously 

used microsatellite markers with 351 newly genotyped Single Nucleotide Polymorphism (SNP) 

markers (Wahlberg et al. 2009). Seven Growth QTLs of the thirteen discoveries by Jacobsson 

et al. 2005 were identified. And nine of the Growth QTLs were identified forming a network of 

interaction.  

By subsequent intercrossing, genotyping and phenotyping of first generations F2-F8 of the 

intercross (Besnier et al. 2011, Brandt et al. 2017), and later generation F15 (Sheng et al. 2015, 
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Zan et al. 2017) the QTL locations have been refined with denser molecular markers. New 

regions have been revealed by fine-mapping (Sheng et al. 2015, Zan et al. 2017), and also by 

exploring highly divergent regions between the HWS and LWS lines in the F15  generation 

(Johansson et al. 2010, Pettersson et al. 2011) .  

Inspired by the QTL mapping on multiple traits (Park et al. 2006), we are interested in finding 

co-associated genetic factors not only for BW8 or growth rate, but also body composition and 

metabolic traits. For F2, F8 and F15, a great amount of phenotype data is available, which include 

traits with clear relatedness to BW8, e.g., shank length and others with cryptic relatedness, e.g., 

insulin level in blood. The genotype data (~3M SNPs) of F2-F15 individuals were obtained by 

low-coverage sequencing and imputation.  

In this study, we explore the overlap among regions associated with the separate traits, with the 

idea that the set of affected traits will provide clues to the function of the loci. 

 

 

2 Material and Methods 

2.1 Animals and genotyping 

The Virginia Chicken lines were established at Virginia Polytechnic Institute in 1957 with the 

base population generated by intercrossing 7 partially inbred lines of White Plymouth Rock 

chickens (Siegel 1962). Later, the Virginia Chicken lines were divergently selected for high 

body weight and low body weight at the age of 8 weeks and eggs of new generations are laid 

in March every year.  

The Advanced Intercross Line (AIL) was founded by reciprocally crossing HWS and LWS 

founder birds at generation S41(Dunnington & Siegel 1996), and the intercrossing was kept 

within the AIL to develop the 14 generations F2–F15 used in this study. The number of 

individuals being genotyped and phenotyped in each generation is attached in Appendix Table 

1.  

Genotype data of this study was derived from previous study’s low-coverage sequencing and 

subsequent imputation (Yang et al. 2020). Each AIL individual was low-coverage sequenced 

using an Illumina HiSeq 4000 at ~0.4X coverage and the genotypes are imputed at previously 

called markers using STITCH (Davies et al. 2016).  
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2.2 Phenotyping and normalization of phenotypes 

The list consists of traits being recorded and their sample sizes are attached in Appendix Table 

2. The traits are grouped into three categories:  

• Body weight at 2/4/6/8/10 weeks of age and growth rate, referring to the weight gain 

between two adjacent time points, e.g., GR24 stands for weight gain between week 2 

and week 4. 

• Body composition traits: Abdominal fat weight, Breast muscle weight, Lung weight, 

Shank length, Bursa weight, Pancreas weight. 

• Metabolic traits: plasma concentrations of cholesterol, triglycerides, insulin, glucagon, 

and insulin-like growth factor 1 (IGF-1). 

The body composition traits were measured at 10 weeks of age. The metabolic traits were 

measured using blood samples collected at 9 weeks of age. Plasma was separated from whole 

blood and immediately frozen to be stored. The concentrations of cholesterol & triglycerides, 

glucagon, insulin and IGF-1 were recorded using the Beckman Synchron CX system, ICN 

Pharmaceuticals glucagon radioimmunoassay kit, ImmuChem Coated Tube Insulin 125I 

Radioimmunoassay kit and ALPCO Diagnostics radioimmunoassay, respectively. 

For quantitative traits, it is commonly assumed that the trait values are under normal distribution. 

While the real data distribution can be far from this assumption and lead to power loss and type 1 

error (Goh & Yap 2009). Additional reason for normalizing our phenotypic data is that the F8 

generation was hatched when the F7 dams were younger than other generations’ dams. This results 

in a significantly lower BW8 in F8 generation as shown in Figure 1. The z-score calculated for each 

individual’s trait i within generation j is: 

, 

Where x stands for the trait value the individual possesses,  and  stands for the mean and 

standard deviation of the trait i among individuals belonging to generation j. 

2.3 Association testing 

TASSEL, developed by Bradbury et al. (2007) was used to test the association between the 

genotype and phenotypes. The additive General Linear Model (GLM) was applied to calculate 

the association between the genotype and the phenotype. Sex was the only fixed factor included 

as environmental factor, due to its large effect on growth (Siegel 1962). The phenotypic data 

was previously normalized by generation; thus, the generation is not taken as a factor in our 

model.  

https://www.codecogs.com/eqnedit.php?latex=z%20%3D%20(x-%5Cmu_%7Bij%7D)%2Fsd_%7Bij%7D#0
https://www.codecogs.com/eqnedit.php?latex=%5Cmu_%7Bij%7D#0
https://www.codecogs.com/eqnedit.php?latex=sd_%7Bij%7D#0
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GLM considers only fixed effects. Random effects can also be included by using Mixed Linear 

Models (MLM) in the software. In general populations, including a kinship matrix in the 

analyses is commonly used to account for cryptic or familial relatedness between individuals. 

This to reduce the risk of false positive signals in a GWAS analyses. However, due to the 

intercross design, the genetic factors contributing to growth will be balanced across the family 

structure, meaning there is no need to include the kinship matrix. So instead of applying the 

most commonly used MLM in the analysis here, the GLM described above is used. 

2.4 FDR correction and threshold 

Q-value was calculated with p-value corrected by Benjamin-Hochberg (BH) method 

(Benjamini & Hochberg 1995). It is aimed to control the false discovery rate rather than 

controlling the probability of finding at least one type I error as the Bonferroni correction 

(Bonferroni 1936) does, which made the BH method a more powerful correction method in 

GWA studies with large amounts of testing. The q-value for a SNP with p-value ranked in k th 

from smallest is calculated as: 

, 

Where m is the, in other words, the number of SNPs being tested with p-values; k is the rank 

of the p-value of this particular SNP.  

The total number of tests varies among traits, due to different set of individuals forming the 

forming the sample of respective trait. As a consequence, the FDR based threshold can vary 

between the traits. Due to exponential distribution of our p-values, the 1% FDR controlled 

threshold for the analysis on BW8 falls at 3.2 x 10-6, which is not far from the conventional 

Bonferroni corrected threshold—genome-wide significant threshold at 5 x 10-8 and suggestive 

significant threshold at 5 x 10-6. So, the conventional Bonferroni-corrected threshold is applied. 

2.5 Lead SNP detection 

The lead SNPs were detected by in-house developed function in R (R Core Team 2021) with 

the summary statistics outgiven by association studies. First, we chose SNPs with a q-value 

smaller than 5e-6 as significant SNPs. Then a window of 500kb size slides 200kb every time 

on the chromosome to find the local optimum (the smallest q-value), if no new local optimum 

is found within 1mb’s distance, the significant SNP with the local optimum q-value is chosen 

as the lead SNP.  

https://www.codecogs.com/eqnedit.php?latex=Q%20%3D%5Cfrac%7Bm%7D%7Bk%7D*P#0
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3 Results 

3.1 Normalized Phenotypes 

The trait values were normalized into z-scores, setting the mean value within generation at zero, 

and variance at 1. The deviation in BW8 by the F8, as shown in Figure 1, is caused by the eggs 

laid by much younger dams compared to other generations. Younger dams with smaller body 

size generate smaller eggs, leading to lighter offspring. The sensitivity of following association 

study will be negatively affected by this confounding factor, considering our population size is 

not large enough to ignore this. The skewed distribution of BW8 was fixed as shown in Figure 

1. In order to reduce the generation as one possible confounding factor of our association test, 

all the traits are further normalized in the same way as BW8 for the sake of uniformity.  

 

Figure 1. Box plot showing distribution of BW8 among generations before and after normalization.  

3.2 GWAS result on BW8  

Our GWAS on BW8 takes advantage of larger sample size and denser genetic markers 

compared to previous studies on the preliminary generations and identifies 34 lead SNPs with 

a q-value smaller than 5 x 10-6 as our relaxed threshold. All 13 previously identified Growth 

QTLs (Growth1 – Growth13) that associate with body weight and growth rate (Jacobsson et al. 

2005) are replicated and finer located in this study, using the suggestive significant threshold, 

as shown in Table 1. With a more stringent threshold as q-value < 5 x 10-8, we detected peaks 

in the region of Growth 1, 2, 4, 7, 9, 12, and 13, respectively. This overlaps with Walhberg et 

al. ’s work (2009), which confirmed Growth 1, 4, 6, 7, 9, 12 as QTLs with significant additive 

effects on body-weight or growth traits, using a more complete linkage mapping compared to 

the Jacobsson et al. ’s work. We also observed the partition of multiple previously monolithic 

QTL regions, facilitating the increased marker density and recombination events. Growth 5, 

Growth 7, and Growth 9 are finer located into two closely located loci.   

https://www.zotero.org/google-docs/?nJX7c1
https://www.zotero.org/google-docs/?nJX7c1
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Table 1. List of lead SNPs with information of each SNP’s chromosome, position, F-statistics, Q-value (FDR corrected P-

value), number of individuals carrying the minor allele, and the matched Growth QTL if any. Note that * denote the Growth 

QTL is more precisely located onto more than one lead SNPs identified in our result, and “\” means that the SNP is novel in a 

way that it was not detected in the previous QTL mapping studies. 

No. Chr Pos F-statistics Q-value N. observation of minor allele Growth QTL matched 

1 1 49354350 23.57969 5.872E-08 974 \ 

2 1 55094022 19.69417 1.046E-06 1144 \ 

3 1 93726257 19.7577 9.979E-07 675 \ 

4 1 106054740 41.0656 1.288E-07 242 \ 

5 1 168148826 36.09156 3.960E-11 1055 Growth 1 

6 2 4953070 27.00185 3.067E-09 1084 \ 

7 2 40300852 19.00088 1.769E-06 1195 Growth 2 

8 2 90145811 19.26362 1.447E-06 1062 \ 

9 2 115327850 18.30475 2.984E-06 835 Growth 3 

10 3 9921751 20.69534 5.218E-07 704 \ 

11 3 13820748 21.56479 2.936E-07 752 \ 

12 3 17981522 25.6867 9.202E-09 1188 Growth 4 

13 3 76447617 19.48102 1.231E-06 752 Growth 5* 

14 3 105068198 22.44472 1.541E-07 666 Growth 5* 

15 4 24876564 18.57187 2.441E-06 750 Growth 6 

16 4 36644848 23.73966 5.104E-08 923 \ 

17 4 45802642 20.41413 6.210E-07 1277 Growth 7* 

18 4 56695734 21.93479 2.239E-07 441 Growth 7* 

19 4 88979857 27.29001 2.328E-09 1156 \ 

20 5 34188653 23.4698 6.457E-08 1194 Growth 8 

21 5 50419804 19.79586 9.748E-07 1231 \ 

22 6 7195951 18.42763 2.721E-06 1169 \ 

23 7 12881938 29.38987 4.691E-10 1035 Growth 9* 

24 7 25482534 29.86437 3.497E-10 1207 Growth 9* 

25 10 9716506 20.67837 5.242E-07 742 Growth 10 

26 11 5963344 25.64693 9.519E-09 1283 \ 

27 13 12171442 19.23201 1.482E-06 803 \ 

28 14 14779410 19.98502 8.558E-07 813 \ 

29 20 3298773 24.49801 2.689E-08 1122 Growth 11 

30 20 8136187 26.67747 3.939E-09 639 Growth 12 

31 23 5173795 27.33912 2.225E-09 988 \ 

32 27 2692976 18.95418 1.874E-06 1012 \ 

33 27 6833055 20.4381 6.114E-07 1131 \ 

34 28 962857 37.54863 3.277E-11 930 Growth 13 
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The deviation of the observed P-value from theoretical χ2-distribution is illustrated in the Q-Q 

plot below (Figure 2). The upward-inflated p-values, particularly the excessive p-values on the 

left side (0-3 quantile on the x-axis), are likely due to the extensive LD in the intercross 

population and the intermediate allele frequencies in our pedigree-based study. The standing 

genetic variations of this AIL pedigree were inherited from the founder population, S41 of the 

HWS and LWS, where the genetic contributors to BW8 were inherited together due to non-

random segregation caused by selection and formed polygenic architectures that are still 

observed in the AIL pedigree. 

(a) 

 
(b) 

 
Figure 2. Manhattan plot and Q-Q plot of the GWAS result on BW8. (a) In the Manhattan plot, each dot represents a SNP 

marker, with its position on the genome as x-value and -log10(q-value) as y-value. The higher the dot, the smaller its q-value, 

the stronger association with the phenotype. Yellow color highlights the selected region around the lead SNPs. The red and 

blue dashed horizontal line represent the genome-wide significant threshold and suggestive significant threshold respectively. 

Black and grey color are used to visually separate adjacent chromosomes visually. (b) In the Quantile-Quantile plot (Q-Q plot), 

the x-axis is the theoretical χ2-distribution of p-values, while the y-axis is the observed p-values. Each dot represents one 

quantile of the y-axis distribution against the same quantile of x coordinate distribution.   
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3.3 GWAS results on body weight of other time points and growth rates  

The body weights at other time points, especially BW4, and growth rates share the most 

significant loci with BW8. In BW4, 15 suggestive loci and 4 genome-wide significant loci are 

detected. The reason for BW4 having the most significant result is likely that the number of 

individuals with BW4 measured is the largest, thus providing enough power for SNPs to show 

genome-wide significance, which is an expected phenomenon after adding sample size to a 

GWAS.  

One region on Chromosome 4 around 30.7Mb is shared between BW2, GR24, BW6, and BW10 

but not detected in BW8 or BW4. It’s worthwhile mentioning that only individuals in generation 

2 and generation 8 were recorded for body weight at these time points. 

The peak around 168Mb near No.5 locus in Chromosome 1 shows a strong signal in both BW8 

and BW10, and results in an extra strong signal in GR810, suggesting this region is correlated 

with later development of the chicken growth. No.6 locus is significant in BW2, BW4, GR02, 

probably due to a role in early development. 
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Figure 3. Manhattan plots of GWAS results on BW2, BW4, BW6, BW10, GR02, GR24, GR46, GR68, GR810. GR24 denotes 

the weight gained between week 2 and week 4, in other words the difference between BW2 and BW4. The same denotation 

rule applies to GR02, GR46, GR68, and GR810. Yellow color highlights loci having significant additive effects and being 

present in BW8’s result. 

 

 

3.4 GWAS results on body composition traits 

No genome-wide signals are detected in any of the body composition traits. This is likely due 

to the sample size of these traits is considerably smaller than of the other phenotypes, limiting 

the statistical power to detect genome-wide significant association signals.  

Besides its role in early-stage development shown in section 3.3, the No.6 locus is also found 

significant in breast weight and shank length. Breast muscle weight, shank length and pancreas 

share a similar pattern in Manhattan plot. For these three traits, No.6, No.31, No.32 loci are 

showing suggestive significance. These loci may affect the chicken’s body weight by promoting 

its shank, pancreas, and chest muscle growth at a young age.  

The No.5 locus has reached a suggestive significance on bursa weight, combined with the result 

in above section, it is likely that No.5 locus act on bursa development and thus affect the later 

stage growth.  

Although 7 loci showed suggestive significance on lung weight, none of them overlaps with the 

BW8’s selected regions, possibly due to the fact that lung weight only accounts for 5% of 

overall body weight. 



 

22 

 

 

 

 

Figure 4. Manhattan plots of GWAS results on body composition traits, including abdominal fat weight, breast muscle weight, 

lung weight, shank length, bursa weight. Yellow color highlights loci having significant additive effects and being present in 

BW8’s result. 
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3.5 GWAS results on metabolic traits 

Cholesterol is hosting one genome-wide significant association (Chr4: ~89Mb), which is also 

present in BW8 (No.19 locus). Despite that many loci reach suggestive q-value threshold (q-

value < 5 x 10-6), only the No.19 locus is reported to be co-associated in BW8. It is likely that 

these alleles associated with the concentration of these molecules are acting as regulators or 

compensators of the body weight gaining, resulting in few co-associated components found. 

 

Figure 5. Manhattan plots of GWAS results on metabolic traits, measured as plasma concentration of cholesterol, glucagon, 

IGF-1, insulin and triglycerides. Yellow color highlights loci having significant additive effects and being present in BW8’s 

result. 
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4 Discussion 

Using this hybrid study design, we accomplished to replicate the results from the previous study 

in this AIL. The 13 Growth QTLs from the study on F2 population are replicated (Jacobsson et 

al. 2005) and the overlap between time points are also detected (Wahlberg et al. 2009). Our 

results are also consistent with previous fine-mapping analyses on the AIL (Sheng et al. 2015, 

Brandt et al. 2017, Zan et al. 2017). Beyond that, we are able to finer locate the position of the 

QTL loci taking the advantage of more individuals and increased number of imputed markers. 

In some cases, our results divide the previously identified QTL into two or more closely located 

loci. This overlaps with the previous findings on the same population that more individuals and 

increased marker density facilitate partition of previously monolithic Growth QTLs 

(Rönneburg et al. 2021). BW4 and BW8 are the most sampled traits, and consequently the top 

two traits with most genome-wide significant signals. 

The shared No.6 locus between early growth, shank length and breast weight is giving a hint 

on its role in enhancing body size and muscle weight, and indirectly affect the body weight and 

growth at the early stage. On the other side of the table, late growth and bursa weight share a 

signal on the No.5 locus. Bursa (short for bursa of Fabricius) is a unique structure of birds, 

which functions as a lymph gland. Bursa of Fabricius’s endocrine functions are related to 

growth and sexual development (Riddle 1928). It was previously studied that bursa 

development peaked at 8-10 weeks of age in birds (Oláh et al. 2014). It’s likely that No.5 locus 

affect BW8 by modulating the development of bursa, which in turn stimulate the growth. An 

alternative is that this locus is pleiotropic in modulating both traits in two respective ways. 

Detecting multiple co-associated genetic factors between BW8 and component traits remains a 

difficult endeavour, particularly due to the fact that the sample sizes are not consistent among 

the traits. Especially for body composition and metabolic traits, which are mostly composed of 

~400 F8 individuals or ~800 F2 individuals. Compared to 2982 individuals measured for 

genotype and phenotype in total for BW8, these traits are not equipped with adequate statistical 

power to detect as many signals. But on the other hand, the signals detected in these traits, after 

sufficient multiple testing, are considered to be true signals. The setting up of the Virginia 

Chicken Lines experiment is both huge in time scale and funding scale. Even if we would like 

to solve the problem of inadequate phenotypic data, it would be hard to implement in reality. 

Besides improving the sample size, more signals can also be detected by using a more 

comprehensive threshold than BH methods. Since the standing genetic variations of the founder 

population are from two lines previously undergone bi-directional selection on the target trait, 

the causal genetic factors formed a polygenic structure and tend to inherit together, thus the 

markers are not ideally independent. Whereas in false-discovery rate correction, it is assumed 

that each marker is independent and thus the theoretical number of testings is much larger than 

the actual one. Further studies would benefit from implementing a method that takes the true 

testing number into account when correcting for false discovery rate.  
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For general GWAS, the inflated Q-Q plot and  indicate a strong population 

stratification. The application of MLM including kinship coefficients would fix the population 

structure problem, however it would also flatten the overall signal strength in our pedigree-

based study. Individuals from the AIL pedigree are related in families, thus subjects are 

naturally related and family structure is inevitable. It is exactly the polygenic structure being 

selected in HWS or LWS that caused the variation in BW8 of the AIL. In addition, the 

recombination events in this intercross are not sufficient to break down LD as small as we see 

in natural populations, so each small effect locus could lift up a local region. Therefore, it’s 

expected to see such a deviation of observed p-value from the theoretical distribution. At the 

same time, it is the exact strength of pedigree-based studies in detecting rare variants that are 

easily ignored in natural-population-based studies. 

It would be of interest to conduct further down-stream analysis to see what pathway or gene 

ontology these loci are mainly acting on, and how the traits are connected on a molecular 

biology scale. Further studies would benefit from using the loci detected in this study as prior 

when analysing the network between BW8 and component traits. 
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Appendix 

Appendix table 1. Number of individuals being genotyped in Virginia line AIL 

Generation N. of individuals genotyped 

F2  665 

F3  383 

F4  110 

F5  115 

F6 88 

F7  46 

F8  254 

F9  50 

F10  60 

F11  59 

F13  67 

F14  88 

F15  682 

 

  



 

29 

 

Appendix table 2. The traits measured and the number of individuals in a certain generation phenotyped 

Trait Generation N. of individuals 

BW2 2 874 

 4 122 

 8 408 

BW4 2 871 

 3 436 

 7 107 

 8 405 

 9 173 

 10 240 

 11 189 

 13 120 

 14 232 

 15 1120 

BW6 2 809 

 8 393 

BW8 2 886 

 3 436 

 4 122 

 5 122 

 6 100 

 7 107 

 8 384 

 9 172 

 10 236 

 11 184 

 13 119 

 14 224 

 15 1065 

BW10 2 789 

 8 378 

GR02 2 874 

GR24 2 871 

GR46 2 809 

GR68 2 794 

GR810 2 788 
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Abdominal fat 2 402 

Breast muscle weight 8 378 

Lung weight 2 405 

Shank length 8 378 

Bursa weight 2 405 

Pancreas weight 8 378 

Cholesterol 2 785 

Glucagon 2 764 

IGF-1 2 614 

Insulin 8 374 

Triglycerides 2 783 
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