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Abstract
A complex disease is usually characterized by a few relevant disease phenotypes which are dictated
by complex genetical factors through different biological pathways. These pathways are very likely
to overlap and interact with one another leading to a more intricate network. Identification of genes
that are associated with these phenotypes will help understand the mechanism of the disease
development in a comprehensive manner. However, no analytical model has been reported to deal
with multiple phenotypes simultaneously in gene-phenotype association study. Typically, a
phenotype is inquired at one time. The conclusion is then made simply by fusing the results from
individual analysis based on single phenotype. We believe that the certain information among
phenotypes may be lost by not analyzing the phenotypes jointly. In current study, we proposed to
investigate the associations between expressed genes and multiple phenotypes with a single statistics
model. The relationship between gene expression level and phenotypes is described by a multiple
linear regression equation. Each regression coefficient, representing gene-phenotype(s) association
strength, is assumed to be sampled from a mixture of two normal distributions. The two normal
components are used to model the behaviors of phenotype(s)-relevant genes and phenotype(s)-
irrelevant genes, respectively. The conclusive classification of coefficients determines the association
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status between genes and phenotypes. The new method is demonstrated by simulated study as well
as a real data analysis.
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1 Introduction
Intensive efforts have been tried to identify genes that are associated with disease phenotype
of interest [1,2]. Sorting out the phenotype associated genes will help understand the
mechanism of the disease and develop efficient treatment to the disease. However, a complex
disease is usually characterized by more than one phenotypes reflecting different facets of the
disease. For example, Mini-Mental State Examination (MMSE) and Neurofibrillary Tangle
count (NFT) are often used for quantifying the severity of the Alzheimer’s Disease. Another
example is that obesity is commonly defined as a body mass index (BMI, weight divided by
height squared) of 30kg/m2 or higher. However, other indices, such as waist circumference,
waist hip ratio and body fat percent, can also be applied as obesity indicators. Some of the
disease phenotypes may be well correlated to one another but are not necessarily controlled by
the same biological pathway. The gene networks involved in the development of the
phenotypes may overlap and interact via the common genes shared by those networks. It is
very useful to uncover genes representing the involved pathways as well as the cross-talk
between those pathways.

The typical approach is to find the genes that are associated with individual phenotype first,
and then combine the findings based on separate analysis. Genes shared by different phenotypes
can be regarded as the ‘nodes’ between the participating pathways. Several methods can be
used for the single-trait association analysis. The most simple way is to calculate the Pearson’s
correlation for each gene and the phenotype [1,3]. Genes are then sorted on the basis of the
magnitude of the correlation coefficients. The genes on the top of the list are claimed to be
associated with the phenotype. [4] developed a simple linear regression model to detect genes
that are related to the phenotype. Subsequently, [5] and [6] enhanced the prototype to take into
account the non-linear association between the gene expression levels and the phenotypic
values. In those model-based methods, the gene expression level is described as a linear
function of phenotypic value. The significance level of the regression coefficient is suggestive
of the strength of the association between gene and phenotype. Classification approach is then
utilized to cluster genes based on the magnitude of the regression coefficients. With the linear-
model-based method, the association study has been turned into a classification problem. To
our best knowledge, no analytical model has been reported to deal with multiple phenotypes
simultaneously in such association study. We consider that, to some extent, information among
phenotypes may be Phenotype Association Study of Genomic Data 3 lost in single-trait method
since phenotypes are analyzed separately, and such missing information is important for
inferring the interaction between relevant phenotypes.

In current study, we developed an advanced model which analyzes the association between
genes and multiple phenotypes jointly. The expression level of a gene is described as a linear
regression function of the phenotypes and their interactions. The gene specific regression
coefficient, either main effect or interaction, is assumed to be sampled from a mixture of two
normal distributions. One normal component has mean zero and a very tiny variance; while
the other normal component also has mean zero but a much larger variance. If the coefficient
is from the first normal component, then its size is close to zero and there is no indication of
association; otherwise, if the coefficient is from the second normal component, the size of the
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coefficient is nontrivial suggesting the association between the gene and the phenotype(s).
Such mixture model setting originated from the spike and slab distribution proposed by [7].
We compared the new method with other single-trait approaches by synthesized data as well
as real data generated from microarray experiment. The new method appeared to be more
desirable for gene-phenotype association study.

2 Methods
2.1 Linear Regression Setting and Bayesian Modelling

Let Zjs be the standardized phenotypic value for trait j and subject s, where j = 1, …, p and s
= 1, …, n. Here all the phenotypes are normalized under the same scale, i.e., [−1, 1]. For
example, suppose Ψj = [Ψj1, …, Ψjn] is the original measurements for trait j, and if Ψjs is a
continuous variable, then

If Ψjs is a categorical phenotype, we use Zjs = {−1, 1} for binary variable or Zjs = {−1, 0, 1}
for trinary variable. In current study, only binary or trinary variable are considered for
simplicity. Let Yi = [Yi1, …, Yin] be the expression levels of gene i, where i = 1, …,m. We may
use following linear model to describe the relationship between the gene expression and
phenotypes,

(1)

where bi0 is the intercept, bij is the regression coefficient for Zj, and ei = [ei1, …, ein] is random
error with multivariate normal distribution N(0, Iσ2). Note that the number of genes is usually
much greater than that of phenotypes. So, it is plausible to regress gene expression on
phenotypes to reduce the dimension of parameters. If the interactions between the phenotypes
are also considered, model 1 can be rewritten as

(2)

For simplicity, we only consider the 2-way interaction in current study. If we treat the
interaction terms as ordinary regression terms, there will be a total of (p2 + p)/2 regression
terms in the linear model. We can further rewrite model 2 as

(3)

where β’s represent b series, and X’s represent Z series. Note that β0 is irrelevant to the
association study. It can be simply removed from model via a linear contrasting scheme, i.e.,
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(4)

where . After linear contrasting transformation, the n pieces of
information for each gene are no longer independent to one another because the constraint of
“sum-to-zero” has been imposed to yi and xl. Therefore, the last element of vector yi should be
removed and yi becomes an N × 1 vector for N = n − 1. Accordingly, xl becomes an N × 1
vector, and εi is now N(0,Rσ2) distributed with a known N × N positive definite matrix R (see
[5] for more details).

To simplify the presentation, we use the following notation to express different probability
densities throughout the current study:

We assume that each regression coefficient βij in model 4 is sampled from the following two-
normal-components-mixture distribution:

(5)

where the two normal distributions are both centered at zero but have different levels of spread.
Such mixture setting was originally suggested by [8]. We use the first normal distribution to
model trivial effects by enforcing a fixed tiny variance δ = 10−2; while, for the second normal
component, a larger variance  is utilized to govern nonzero effects. The unobserved variable
ηil = {0, 1} is used for indicating whether βil is sampled from N(0, δ) or . Our goal is
to infer the posterior distribution of ηil and estimate the likelihood of association. We further
describe ηil by a Bernoulii distribution with probability ρl, denoted by

(6)

The parameter ρl and its counterpart 1 − ρl, which can be viewed as mixing proportion of the
two-component mixture model, regulate the number of genes that are connected with the lth
regression term. This parameter ρl is per se governed by a Dirichlet distribution, denoted by
Dirichlet(ρl; 1, 1). The variance components of the hierarchical model are assigned with scaled
inverse chi-square distributions, denoted by . We chose d0 = 5 and ω0 = 50
for  , and chose d0 = 0 and ω0 = 0 for σ2. The hyper-parameters were selected based on our
previous experience of similar analyses.

2.2 Markov Chain Monte Carlo
The inference of the parameters of interest is accomplished by using MCMC sampling, which
is a algorithm for sampling from probability distributions based on constructing a Markov
chain that has the desired distribution as its equilibrium distribution. We initialize all the
parameters at very first step. Then the probability distribution of any parameter given the other
parameters is derived. The value of the parameter is then replaced by a sample drawn from the
obtained distribution. Such process is repeated sequentially until all the parameters have been
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updated. We call it a sweep if we finish updating all the parameters for one time. A Markov
chain is constructed by sweeping for many thousands of times. The state of the chain after a
large number of sweeps is then used as a sample from the desired distribution. The detailed
sampling scheme for each variable is described as follows.

1. Variable ηil is drawn from Bernoulli(ηil ; πil), where

(7)

2. Variable βil is drawn from  , where

(8)

(9)

and

(10)

3. Sample  from

4. Sample σ2 from

5. Sample ρl from

Usually it is not hard to construct a Markov Chain with the desired properties. The more difficult
problem is to determine how many sweeps are needed to converge to the stationary distribution
within an acceptable error. Diagnostic tool, such as the R package “coda” [9], can be used to
estimate the required length of the chain for convergency. Once the chain has converged, the
burn-in iterations from the beginning of the chain are discard; while for the remaining portion
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of the chain, one sample in every 10 sweeps is saved to form a posterior sample for statistical
inference.

3 Experimental Analysis
3.1 Simulated Study

In simulated study, we generated three phenotypes (I, II and III) for 100 individuals. Of the
three phenotypes, the first two are correlated while the third is relatively irrelevant to the other
two. The correlations between these pseudo-phenotypes are given in Figure 1(a). Such setting
was meant to mimic the situation we met with in real data analysis (see next subsection). We
also generated 1000 genes for each individual based on the phenotypic values we simulated.
Of the 1000 genes, 20 are associated with phenotype I, 20 are associated with phenotype II,
and 20 are associated with phenotype III. Note that the genes associated with different
phenotypes are not mutually exclusive. The relationship between the genes associated with the
three phenotypes are shown in Figure 1(a). For simplicity, all main effects and interaction
effects are set to 1, and the residual variance is set to 0.01.

We first used the new method (denoted by method 1) to analyze the simulated data. All of the
44 true associated genes were identified and placed in the right positions of Venn Diagram
(Figure 1(b)). We then used single-trait methods of [4] (denoted by method 2) and [6] (denoted
by method 3) to analyze the same data set. The results are shown in Figure 1(c) and Figure 1
(d), respectively. Only 41 true associated genes were identified by single-trait methods 2 and
3. Besides, many spurious associations have been claimed by methods 2 and 3. For example,
no simulated genes are associated with all three phenotypes; however, methods 2 and 3 declared
more than 10 genes shared by the three phenotypes. We define a linkage as a true gene-
phenotype association, and a non-linkage if gene is not related to phenotype. Therefore, a total
of 60 linkages and 2940 (1000 × 3 − 60) non-linkages have been generated for the simulated
study. Numerically, the empirical Type I error is defined as

and empirical Type II error is defined as

The type I and type II error rates for three methods are listed in Table 1. The new method,
which considers multiple traits jointly, appeared superior to the single-trait methods 2 and 3.
For single-trait analysis, we have one more time proved that the model based on non-linear
association outperforms the model of simple linear association. (The comparison between
methods 2 and 3 was originally presented in [6]). We additionally noted that, for single-trait
methods 2 and 3, many genes are in common for phenotypes I and II because these two
phenotypes are highly correlated (cor = 0.35 and p value = 0.00038). Genes that are
authentically linked to a phenotype are likely to be claimed being associated with another
correlated phenotype in single-trait analysis. This reasoning can also be supported by the
phenomena that the number of genes shared by phenotypes II and III tended to be larger than
the number shared by phenotypes I and III and the correlation between phenotypes II and III
(cor = −0.14) is slightly larger than that between phenotypes I and III (cor = −0.11).
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We simulated 19 more data sets with the same setting and repeated the analysis by 19 times.
The results are almost identical to the presented one (data not shown). We then varied the
residual variance from 0.01 to 0.81, and used the new method to analyze the additional
simulated data sets. The analytical results are given in Table 2. It seems that the type II error
(β) inflates faster than type I error (α) as residual variance increases.

3.2 Analysis of Mice Data
To demonstrate the new method, we used a mice data generated for obesity study [2]. In this
study, Affymetrix GeneChip Mouse Expression Array was used to survey the expression levels
of more than 40,000 transcript for 60 ob/ob mice. A total of 25 obesity related phenotypes were
collected for the experimental units. The data is publicly available at gene expression omnibus
(GEO) with accession no. GSE3330. We first removed invariant genes to lessen the
computational burden. About 5000 transcripts with variance greater than 0.05 were saved for
further analysis. Similar pre-screening scheme has been used for array data analyses [10,11].
For the sake of convenience, we only considered three phenotypes that have been often
examined in related researches. These three phenotypes were plasma glucose level (mg/dl),
plasma insulin level (ng/ml) and body weight. The phenotypic data were collected at eight
weeks of age. In this subsection, we only compared the new multiple-traits method (method
1) to single-trait method 3, since method 3 has been repeatedly verified being more efficient
than other single-trait approaches, such as method 2. We used methods 1 and 3 to analyze this
mice data and the results are shown in Figure 1(e) and Figure 1(f), respectively. Note that
glucose level (Glu) is correlated with insulin level (Ins); while there is no obvious correlation
between body weight (Wt) and these two traits. The three phenotypes for simulated study (see
previous subsection) were generated in concordance to this observation. Comparing Figure 1
(e) with Figure 1(f), we found that a lot more genes were declared to be associated with both
Glu and Ins by method 3, which is no wonder since these two phenotypes are well correlated.
Similar false linkages due to correlation between phenotypes have already been noticed in
simulated study. We compared the gene identity of genes identified by both methods (Table
3). The results from two analyses are essentially consistent.

4 Discussion
Gene-phenotype association analysis is a pilot study for disclosing the biological process of
disease development. Typically, data on more than one trait are collected in disease-related
studies. More often than not, these disease phenotypes are correlated indicating commonality
of the pathways responsible for those phenotypes. However, the existing analytical tools solely
deal with a phenotype at one time; thus, potential information shared by multiple phenotypes
are bound to be lost. We consider that such missing information is important for inferring the
interaction between correlated phenotypes and it can be picked up only through a joint analysis
of multiple traits. For the first time, we proposed to analyze the associations between gene
expressions and multiple phenotypes in a single statistical model. In simulated study, the new
multiple-traits method appeared superior to the single-trait methods.

In real data analysis, more genes have been detected by method 3 [6] than the new method.
This is because method 3 considers the gene-phenotype association beyond linearity; while,
for simplicity in current study, only main effects (first order or linear association) and 2-way
interaction are taken into account for the new method. However, the new method can easily
extend to include higher order of main effects and interactions. The enhanced model should
be more powerful for discovering relevant genes. We contrasted our analytical findings (by
methods 1 and 3) with the obesity related genes obtained from NCBI. Only a small portion of
identified genes have been previously reported, leaving a large number of newly detected genes
worthy of a closer look in the future researches.
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Mapping quantitative trait loci (QTL) has been widely used for inferring genomic loci that
dictate phenotypes of interest [12,13,14,15,16,17,18,19]. However, QTL analysis are different
from gene-phenotype association analysis discussed in the current study. Data for QTL analysis
consist of phenotypic data and genotypic data (markers and their genotypes); while gene-
phenotype association analysis involve gene expression data and phenotypic data. For quite a
long time, QTL mapping also has been limited to single-trait scheme. Recently, the first
multiple-traits QTL method was developed by using multivariate linear regression models
[20]. Nevertheless, this multiple-traits QTL method can not be directly adopted by gene-
phenotype association analysis. Usually, the dimension of gene expression data is dramatically
larger than that of genotypic data. It seems impractical to regress phenotypes (at most of tens)
on expression of many thousands of genes. Such model, even if it worked for a simple
regression setting, would be very difficult to include higher order effects. It is natural to reverse
the roles of phenotypes and genes by regressing gene expression on phenotypes. With the
workable dimension of predictive variables, interactions between phenotypes or underlying
pathways can be easily appreciated by adding in cross-product terms. On the other hand,
clustering along gene coordinate allows effective information sharing between correlated
genes.

If only gene expression data and genotypic data have been collected from biological
experiment, one may carry out expression quantitative trait loci (eQTL) mapping to find likely
loci that account for the variations of expression traits or gene expression [21,22,23]. Single-
trait QTL approaches are typically utilized for eQTL analysis since the numbers of expression
traits is far beyond the capacity of current multiple-traits analysis. Obviously, potential gene-
gene correlations have been overlooked by analyzing each gene separately. To solve this
problem, [24] and [10] developed mixture models to restore the lost information by clustering
along gene coordinate. If phenotypic data, gene expression data and genotypic data are all
available, we may conduct genetical mapping for expression traits and regular phenotypes
jointly. Association between phenotype and expressed gene is determined if they are mapped
to the same locus on the genome. In addition, gene-gene relationship, either cis- or trans-, will
be clear at the same time.
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Fig. 1. Venn diagrams
(a) The numbers of genes related to the 3 simulated phenotypes and the pairwise correlations
of the 3 simulated phenotypes. (b) The numbers of genes declared to be relevant to the 3
simulated phenotypes by method 1. (c) The numbers of genes declared to be relevant to the 3
simulated phenotypes by method 2. (d) The numbers of genes declared to be relevant to the 3
simulated phenotypes by method 3. (e) The numbers of genes declared to be relevant to the 3
obesity phenotypes by method 1 and the pairwise correlations of the 3 obesity phenotypes. (f)
The numbers of genes declared to be relevant to the 3 obesity phenotypes by method 3.
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Table 1
Type I and type II error rates for three analytical methods in simulated studies

Method

1 2 3

α 0.000 0.300 0.100

β 0.000 0.016 0.014
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Table 3
The numbers of genes identified by method 1, method 3 and both

Method

1 3 1&3

Glu 74 126 60

Ins 69 50 19

Wt 96 54 33

All 114 155 79
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