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1. Introduction 
Release of artificially produced animals is one of the most popular tools in conservation and 

population management (Laikre et al. 2010). In fishery management, stock enhancement of fishery 
resources and aquaculture are common practices for both commercial and conservation purposes. 
However, evidence for lower genetic diversity, survival and reproductive fitness of artificially 
bred fish relative to wild fish has accumulated in recent years, especially in salmonids (see Araki 
and Schmid 2010 for a review). Genetic impacts of escaped farm fish are one of the major 
concerns, especially for Atlantic salmon (Salmo salar) (Hindar et al. 1991). Skaala et al. (2004) 
genotyped microsatellite markers of wild and domesticated Atlantic salmon, and found that 
domesticated salmon have 40% lower allele richness than wild. Fleming et al. (2000) showed that 
5th generation farmed Atlantic salmon were competitively and reproductively inferior, achieving 
less than one-third the breeding success of the native fishes. McGinnity et al. (2003) released 
microtagged smolt of wild, domesticated and hybrid Atlantic salmon, and reported that lifetime 
survival rates severely reduced in domesticated and hybrid than wild. By molecular parentage 
analysis, Araki et al. (2007) discovered that lifetime reproductive success of hatchery-reared 
steelhead trout (Oncorhynchus mykiss) was lower than that of wild counterparts when they bred in 
the wild. There has been extensive discussion of the mechanisms of decline in the reproductive 
fitness of hatchery fish (Lynch and O’Hely 2001, Ford 2002, Araki et al. 2008). Thériault et al. 
(2011) implied the absence of sexual selection in the hatchery as a contributing mechanism for 
fitness declines of hatchery fish in the wild using coho salmon (Oncorhynchus kisutch). However, 
molecular mechanisms underlying the fitness decline in hatchery fish are still unknown (e. g., 
Araki et al. 2008). Estimates of the relative reproductive success (RRS) are not precise enough for 
a general conclusion and uncertainty remains despite the high quality data of parentage 
assignments (Kitada et al. 2011). We may need different approaches to elucidate the underlying 
molecular mechanisms, and to develop sustainable aquaculture and stock enhancement 
technologies. 
Björnsson et al. (2011) provided us an important suggestion. “For field studies, molecular 

approaches can provide practical advantages in terms of the relative simplicity of collecting tissue 
samples, and a way to gain insights into the molecular activity of endocrine tissues. However, it is 
important not to lose sight of the fact that in endocrinology, it’s the circulating hormones which 
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stimulate target tissues, and gene expression or even hormonal content of endocrine tissues have 
to be interpreted with caution in terms of endocrine system activation”. The change in 
reproductive behavior may be caused by the change in endocrine system and gene expressions. 
Roberge et al. (2008) observed over 6% of the cDNA clones exhibited highly significantly 
different transcription levels between farmed and wild Atlantic salmon. By directly comparing 
gene expression in wild-type, domestic, and growth hormone (GH) transgenic strains of coho 
salmon, Devlin et al. (2009) found that domestication and GH transgenesis are modifying similar 
genetic pathways. Moreau et al. (2011) reported that wild anadromous males outperformed 
captively reared transgenic counterparts in terms of nest fidelity, quivering frequency and spawn 
participation. Similarly, despite displaying less aggression, captively reared non-transgenic mature 
parr were superior competitors to their transgenic counterparts in terms of nest fidelity and spawn 
participation. Moreover, non-transgenic parr had higher overall fertilization success than 
transgenic parr, and their offspring were represented in more spawning trials. Despite the recent 
progress of studies on gene expressions between wild and artificially produced fish, the systematic 
molecular mechanisms are however still unclear. 
To address this issue, we propose a likelihood-based directed graphical modeling (GM) of gene 

expression profile and phenotypic traits to get the system-biological ground view of molecular 
mechanism. The geometry of the graph is described by structural equation modeling (Pearl 2000) 
and effect among transcriptome and phenotypes are estimated as regression coefficients of 
covariance structure analysis. Most of preceding studies on GM of gene expression network (e.g., 
Franke 2006, Chu 2009) estimate non-directed graphs that express associations among genes. To 
predict the impact of changes in expression of some genes on other genes and phenotypes, we 
estimate directed graph by setting constraints on the directions of the edges based on the 
biological information and temporal ordering of change in expressions. A candidate of the graph 
structure is evaluated based on information criteria (Akaike 1974, Schwarz 1978, Chen and Chen 
2008), and we implemented a genetic algorithm (GA) to search the optimum graph structure to 
explain the gene network. 
 
2. Materials 
We analyzed a public data of sockeye salmon (Oncorhynchus nerka) (Miller et al. 2009) and 

estimate the gene expression network. A total of 80 individuals of sockeye salmon were captured 
at several places following their spawning migration stages, that is, (1) outer sea, (2) inland sea, 
(3) river mouth (salt water), (4) river mouth (fresh water), (5) midpoint to spawning place, (6) 
spawning place at upriver. Expressions of 16006 genes were measured using white muscle tissues. 
Therefore, totally 80 x 16006 expression data with sampling point information is available. 
 
3. Methods 
3.1 Graphical model of gene expression network 
Here, we show an example to describe gene expression network by covariance structure (Fig.1). 

Six genes (G1 ~ G6) and a trait (T) are correlating as a network, and the effect from node i to node 
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j is described as a regression coefficient αij. 
 

 
Fig.1 An example of gene expression network: six genes and a trait 

 
Then, structure equation for this network is described as follows. 
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This relation is generalized as the following matrix representation. 
 � 	 ��  � 

 
For simplicity, we assume that the normalized expression values follows multivariate normal 

distribution model and that the founder nodes are independent each other. Let the observed 
variance of G be S. The variance of G based on model is obtained from the variance of E, Ω�, as 
 � 	 �� � ��	� ∙ Ω� ∙ ��� � ��
�	�. 

 
Then, log likelihood of this model is described as follows. 
 log� 	 �

�
�logdet	��	�� � tr�" ∙ �	��� 

 
Regression coefficients are estimated as MLE.  
 
3.2 Constraints of the coefficient matrix 
  Directions of edges are determined using biological knowledge and temporal changes of gene 
expressions. Samples of sockeye salmon were captured at six sampling points reflecting the 
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migration stages towards spawning location. Therefore, the information of sampling points gives 
temporal order to the expression data. Change of expression level is calculated for each sampling 
point, and a node with earlier change is considered as the upper node. 
 
3.3 Search of network structure using genetic algorithm (GA) 
The GA is a numerical optimization procedure, based on an analogy to organic evolution. 
Candidates for the optimum solution are coded as virtual creatures, and each candidate has a 
probability of survival described by the fitness. In our case, fitness is the information criterion 
(Akaike 1973) of the graph candidate. 
 

AIC 	 �2 ∙ �max log��  2 ∙ �number of parameters) 
 

First, a population of graph candidates with random structures is generated. Then, selection by 
the fitness, mating and mutation are repeated to improve fitness. Finally, the graph candidate with 
highest fitness is adopted as the optimum graph model. 

Directed graph structure of gene expression is coded by incident matrix. Rows of the matrix are 
upper nodes, and columns are lower nodes. When there is an edge from node i to node j, (i, j) cell 
of the matrix is filled by 1, and non-edge cells are filled by 0. Here, we show an example of a 
graph consisted of six nodes and its incident matrix (Fig.2). 
 

 
Fig.2 An example of graph code 

 
As described in 3.1, parameters are estimated for this kind of graph candidates, information 
criteria are calculated as fitness. Graph candidates with high fitness are selected as parents, and 
graph candidates of next generation are generated by mating and mutation from parent graph 
candidates. 

Mating is a process to generate a new graph candidate by mixing a pair of parent candidates 
(Fig.3). Cells shared between two parent graphs are directly copied to the new graph. Non-shared 
cells are copied through random selection weighted by the fitness of the parent. 

Mutation is a process to change an edge of the new graph candidate randomly, in order to avoid 
local optima (Fig.4). Following real biological mutation, substitution, insertion and deletion are 
randomly applied. 

Mating searches the combination of edges existing in the current candidate population (local 
search nearby current candidates). Mutation searches the edge not existing in the current candidate 
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population (global search far from current candidates). 
 

 
Fig.3 An example of mating 

 

 
Fig.4 An example of mutation 

 
4. Result 

We applied our method to the public data of sockeye salmon migration. First, we selected genes 
which are highly associated with spawning migration. We treated the information of sampling 
points as a trait reflecting the migration behavior targeting towards the spawning location, and 
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encode it as a variable which takes six ordered categorical values. For simplicity, we assumed that 
it follows normal distribution. We performed ANOVA between the migration variable and 
expression level of each gene. By setting the threshold value of p=10-6, we selected 698 genes for 
further analysis. Finally, our GA constructed the network of 69 genes with migration variable. In 
Figure 5, red node is the migration variable. Blue nodes are receptors and coactivators of 
estrogens and progesterons, green nodes are glycolysis genes, and orange nodes are muscle-related 
genes. The figure shows that sexual hormones drive the spawning migration, and the 
environmental stress in the process of migration activates glycolysis and muscle growth. 
 

 
Fig.5 Gene expression network of sockeye salmon spawning migration 

 
5. A note 
Though our method is still in the prototype state (and may contain some errors), it shows high 

potential to help understanding the gene network mechanism behind complicated traits. Currently, 
number of transcriptome in this analysis is limited because of computation burden, however we 
are extending our method to construct huge networks of genome-wide transcriptome. 
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From the local structure around the phenotype-node, it is possible to estimate the direct effect. 
By tracing a series of the hubs from the phenotype-node towards the center of the graph, it is 
possible to estimate the hierarchical module structure controlling the phenotype. It gives not only 
the association among genes, but directions and effects of gene expression cascade. This enables 
us to predict the impact of artificial selection and transgenesis, and will give us useful tool to 
develop biomarkers to conserve natural populations. 
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