Genes and Bayesian networks: a strategic approach to poultry and stress.
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1 EXTENDED ABSTRACT

There are only a few studies implementing Bayesian net-
work (BN) approaches in poultry science. These studies
have been focused either on an individual animal level or
on an industrial level. Individually, researchers applied BNs
approaches to discover key performance variables of egg
production in female quail, to identify hallmark single nu-
cleotide polymorphisms of mortality in broiler breeders,
and to understand the genetic interactions between genes
involved in the metabolism of fatty acids in chickens [Fe{
lipe et al.l 2014} [Li et al.l 2010, Long et al., 2009]. As a
bridge between these two types of studies, BNs were imple-
mented, among other machine learning techniques, to build
an expert system to inspect the freshness of eggs at different
storage periods, as a cheap, simple, rapid, non-destructive,
and non-harmful method (Soltani Omid, 2015). In terms
of the industrial applications, BNs have been implemented
to understand i) antimicrobial resistance phenotypes and
their interactions with genes, ii) the nutrition and food chain
processes of chicken meat, iii) management and welfare-
related variables in different housing systems, and finally,
iv) poultry green wastes and the quality of the compost
[[Alvarenga et al., 2021} |(Comin et al., 2019, |[Faverial et al.|
2016, |[Hartnack et al.,[2019, |Hidano et al.l 2015} [Lupo et al.,
2013].

In our study, we implemented a BN approach to poultry
genetics and stress, with the aim of identifying genes in-
volved in the stress response or stress resilience in a poultry
animal model, the chicken (Gallus gallus), using publicly
available genetic databases. We initially identified a set of
25 differentially expressed genes (DEG) in the brains of 6
chickens raised under either non-stress (n = 3) or stress (n =
3) conditions. The number of observations was enough to
perform bioinformatic analysis, but not ideal to implement
BN algorithms. Even though the number of studies carried
out in chicken measuring gene expression levels is relatively
small, the previously identified DEGs were searched in 4
other studies sharing the same animal model, the same tissue

(brain), and the same high-throughput technology (microar-
ray). This allowed us to augment the number of observations
while increasing the robustness of our findings.

Each dataset was discretised into three-state variables (high-
medium-low expression) to reduce the noise potentially as-
sociated with the different experimental designs [Balov.}
2013]]. The software Banjo was used to learn the struc-
ture of the BN, using a simulated annealing algorithm and
the BDe score, exploring 250 million networks. Explor-
ing the search space several times showed BNs with slight
differences in the sets of links the algorithm found. Con-
sequently, 50 BNs built with the top 100 highest scoring
networks were combined into a weighted network by se-
lecting those links present in at least 50 percent of the BNs
(threshold = 25 out of 50 networks). The links between
the DEGs found in at least 25 of the networks had the fol-
lowing strength values: DNAJA4 — BAG3: 49 out of 50
networks; DNAJA4 — HSPA4L: 48; RNPC3 — HSPA4L: 50;
HSPH1 — HSPA4L: 49; HSPH1 — CRELD2: 50; XPO1
— HSP90B1: 37; C200rf96 — TNNT3: 34. Even though
some links were found in both directions (e.g., C200rf96
— TNNT3 and TNNT3 - C200rf96), the direction of the
arrows does not represent causation, but instead a statistical
relationships. The biology behind the data was explored with
the Database for Annotation, Visualisation, and Integrated
Discovery (DAVID).

The consensus network included only 10 out of 25 DEGs,
suggesting that even though these DEGs showed differential
expression patterns, some genes might not display informa-
tive interactions. Among these 10 DEGs, 4 were Heat Shock
Proteins (HSP; HSPH1, HSPA4L, DNAJA4, and HSP90B1)
and they interacted with themselves as well as with the other
4 DEGs. HSPs play an important role as chaperones, pro-
tecting the correct functioning of other proteins, which can
be crucial when the birds are dealing with exposure to stress
[Goel et al., 2021}, [Perini et al., 2021]. Among the DEGs,
there was an open reading frame whose function is yet un-
known, and it interacted with another DEG, TNNT3. This
DEQG is involved in regulating some nervous process in the
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brain of Drosophila [Li and Gao., 2003], highlighting the
power of BN approaches in knowledge discovery.

Our approach, identifying genes with differential expression
patterns, reusing and combining publicly available genetic
dataset, and building a BN, brought further informative in-
sights into the stress phenomenon, complementary to those
provided by the individual studies. Our results highlight spe-
cific genes which could be investigated in future studies to
better understand the genetics of stress and its implications
for the physiology of poultry species.
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