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Abstract Clustering algorithms (e.g., CAST, MST, HCS, CLICK,

etc.) have been quite successful in the molecular profiling
DNA Microarray provides a powerful basis for analysis of human cancers, however they are insufficient to identify

of gene expression. Data mining methods such as clusteringnolecular networks (i.e., the structure of the transcriptional
have been widely applied to microarray data to link genes regulation process). In clustering, each gene is assigned to
that show similar expression patterns. However, this ap- only one cluster. However, a gene can usually be charac-
proach usually fails to unveil gene-gene interactions in the terized in more than one way (e.g., the p53 protein belongs
same cluster. In this project, we propose to combine graphi- to more than one physiological pathway). Furthermore, itis
cal model based interaction analysis with other data mining impossible to determine the interactions that exist between
techniques (e.g, association rule, hierarchical clustering) different genes within each cluster, especially in situations
for this purpose. For interaction analysis, we propose the where a gene patrticipates in multiple biological pathways.
use ofGraphical Gaussian Model to discover pairwise gene We have been building a prototype system which allows
interactions and loglinear model to discover multi-gene in- user to explore and analyze gene interactions effectively and
teractions. We have constructed a prototype system thatefficiently. The core of the system is gene interaction anal-
permits rapid interactive exploration of gene relationships; ysis using Graphical Gaussian Modeling (GGM) and log-
results can be validated by experts or known information, or linear modeling. We subject the input data of GGM and
suggest new experiments. We have tested our methodologipglinear model to the output of other data mining tech-
using the yeast microarray data. Our results reveal some niques (e.g., clusters from hierarchical clustering, frequent
previously unknown interactions that have solid biological item sets from association rule mining), prior to analyzing
explanations. gene interactions. Our system also enables domain users to

interactively explore gene interactions by adding or remov-

ing genes based on domain knowledge.

1. Motivation
2. System Overview

With the description of complete genome sequences,
DNA microarray technology has become a powerful means  Our goal is to explore inter-relationships between a sub-
for genome-wide expression profiling and analysis. It al- setof genes. To make this process intuitive and efficient, we
lows the simultaneous examination of thousands of genes inpropose to combine interactive techniques and information
a single experiment. The raw microarray images are trans-visualization with data modeling. Figure 1 shows the frame-
formed into gene expression matrices where the rows usuwork of our proposed prototype system for interactive gene
ally denote genes and the columns denote various samplespteraction analysis. Specifically, it involves the following
conditions, or time points. The uniqueness of microarray steps:
data is that genes in rows are of very high dimensional-
ity (e.g., 10® - 10* genes) while samples in columns are
of relatively low dimensionality (e.g10! - 102 samples).
The challenge is to rapidly and efficiently extract useful
information and discover knowledge from the data, such e Subsets of genes (clusters or frequent itemsets) are
as gene functions, gene interactions, regulatory pathways, then analyzed for pairwise gene interaction using
metabolic pathways, and effects of environmental factors. GGMs.

e We subject the input data to hierarchical clustering or
association rule mining, prior to analyzing gene inter-
actions.



multinomial distribution and requires a discretization of the
data [4].

It is very likely that the number of cells in contingency
table (which is determined by the number of genes and the
number of categories for each gene) still significantly ex-
ceeds the number of samples, it may be inaccurate to apply
for loglinear modeling directly. In our system, we decom-
pose independence graph into components and each com-
ponent is analyzed by loglinear models.

Given the inaccuracies and limitations of clustering and
association rule mining, one cannot assume that the identi-
fied subsets of genes are completely independent of the re-
maining genes of the whole genome. Thus, we propose the
use ofinteractive techniques, whereby a user can interac-
tively analyze gene interactions by adding or removing any

\ number of genes to/from one subset. To make this inter-
T ] l active exploration intuitive and efficient, we applied infor-
Hy ! mation visualization techniques, whereby visual representa-
3 tions present the interface to interactive exploration. In this
work, we use automatic graph drawing algorithms [1] to
display and edit gene subsets and their 2-way relationships
and use parallel coordinate technique to display multi-gene
interactions from loglinear models. We are also working on
Figure 1. The framework of prototype system interactive visual representations for cluster hierarchies as
of gene interaction analysis well as association rule mine sets, so as to rapidly focus,

view and interactively edit gene subsets of interest. A log
of a user’s analysis session can be easily kept track of for

« The independence graph from graphical gaussian mod-"eView, or continuation from a previous session.
els is then decomposed to get components. The genes
included in each component are then analyzed to get3. Interaction Analysis Techniques
high-factor effects by using loglinear models.

LetS = {s1,82, -, s} be the set of samples or con-
ditions andG = {g¢1,92,- -, gn} be the set of genes. The
microarray data can be representedlas= {z;;|i =

The reason we subject the input data to hierarchical clus-1,---,n,j = 1,---,m}(n > m), wherex;; corresponds
tering or association rule mining prior to analyzing gene in- to the expression value of the sampleon geney;. There
teractions has two folds. First, due to the large data size, itare two models which can be used for interaction analysis:
is infeasible to apply the GGMs directly to the original data; graphical gaussian models and loglinear models.

Second, the correlation matrix is inevitably degenerate, as

the matrix rank is bounded by the sample size. In our sys-3.1. Graphical Gaussian Modeling

tem, we use the output of other data mining techniques. The

number of genes contained in each cluster or frequentitem- In this project we investigate gene interactions using
setis usually less than the size of samples, which avoids theGraphical Gaussian Models (GGMs) which assume a fam-
matrix rank problem. ily of normal distributions for underlying data constrained

The graphical gaussian model method is statistically to satisfy the pairwise conditional independence restrictions
sound and computationally tractable for analyzing microar- inherent in the independence graph. It is clear that this
ray data and inferring biological interactions from them. method does not suffer from the information loss caused by
However, it can only detect dependencies that are close tadiscretization [5]. The microarray expression data, which
linear. In particular, it is not likely to discover combina- are log transformed from the raw microarray images, sat-
torial effects (e.g., a gene is over expressed only if severalisfy near multivariate normal distribution due to the nature
genes are jointly over expressed, but not if at least one ofof experimental errors.
them is not overexpressed). To discover combinatorial ef-  Graphical gaussian model, also known as covariance se-
fects, we need to apply loglinear modeling which assumeslection model, assumes multivariate normal distribution for

e The user may explore the output of both GGMs and
loglinear models interactively.



underlying data and satisfies the pairwise conditional inde- (SVD) to compute the inverse of matrix in our prototype
pendence restrictions which are shown in the independencesystem.
graph of a jointly normal set of random variables. The inde-
pendence graph is defined by a set of pairwise conditional3.2. Loglinear Modeling
independence relationships that determine the edge set of
the graph. A crucial concept of applying GGM is that of | oglinear modeling is a methodology for approximat-
partial correlation. That is, measuring the correlation be- jng discrete multidimensional probability distributions. The
tween two variables after the common effects of all other myti-way table of joint probabilities is approximated by a
variables in the genome are removed. product of lower-order tables.
For a valuey;;o...;,, at positioni,. of the rth dimension
Pray.z = d. (1 < r < n), we define the log of anticipated value
\/(1 —r2)(1—r2,) Gi1i2.in @S a linear additive function of contributions from

various higher level group-bys as:

Ta;y - Tzzryz (1)

Equation 1 shows the form for partial correlation of two
genesy, andg, while controlling for a third gene variable
9., wherer,,, denotes Pearson’s correlation coefficient. The
partial correlationgr,, .) of genesy, andg, with respect
to geneg. may be considered to be the correlatiop,{ of
9= andg, after the effect of. is removed. If there is no dif- We will refer to they terms as the coefficients of the
ference betweepr., . andr,,, we can infer that the con-  model. The coefficients corresponding to any group-by
trol variableg. has no effect. If the partial correlation ap- & are obtained by subtracting from the averagalue at
proaches zero, the inference is that the original correlation isgroup-by G all the coefficients from higher level group-by-
spurious (i.e., there is no direct causal link between the twog_
original gene variables because the control gene variable is  For instance, in a 4-dimensional table with dimensions
either common anteceding cause, or intervening variables).4 B C, D, we use(s, j, k, 1, yi;1) to denote the cell in a 4-
Partial correlations that remain significantly different from p cybe space, whete=0,---,7—1,j =0, -+, J— 1,k =
zero may be taken as indicators of a possible causal link. o ... g —17=0,..., L — 1. Equation 3 shows the sat-

Itis important to note that partial correlation is different rated loglinear model which contains all the possible
from standard correlation, and provides better evidence fortactor effects, all the possible— 1-factor effects, and so on
regulatory genetic links than standard correlation. Our re- yp to the 1-factor effects and the meanFor exampley#
sult shows the partial correlation agrees with biological in- ig gne-factor eﬁect%f}B is two-factor effect which shows
terpretation []. With a set of gengs the partial correlation  the dependency within the distributions of the associated at-

li1i2.in = 108 Yi1i2.vin = Z W(Cfr\drec:) 2
GC{dy,d2,,dn}

can be computed byrzy., = *% wheres,,, is the tributes A, B. The singly-subscripted terms are analogous
zy-th element of the inverse of variance matis£ V). to main effects, and the doubly-subscripted terms are anal-

It is known that conditional independence constraints are ogous to two-factor interactions. The value of eaeterm
equivalent to specifying zeros in the inverse variance [2]. may imply the significance of interaction. By comparing
The method can be sketched as follows: different~-terms, we can discover the patterns of combina-

) ] o torial effects among a subset of genes [3, 4].
e Compute the variance matri¥ where v;;, i,j =

1,---,n, corresponds to covariance between gene
andg;. log e = 7+ +77 +7 +0
e Compute its invers& = V1. R e A e R e A e S T
. . . ABC ABD ACD BCD
e ScaleS to have a unit diagonal and compute partial tVigk TV T Vil T VK
correlationgpry, ;- + %Ajl_kBlCD 3)

* Draw the independence graph according to the rule Equation 4 shows the linear constraints among coeffi-

th?t nofedgt(_a IIS mcltjdt.ed In tr}_? graf_h Ilf th(;:habsolute cients, where a dot “.” means that the parameter has been
value of partial correlation coefficientis less than some ¢ | 4 Juer the index (For exampighB = ZJfl AB)

=0 7Vij
threshold. In short, the constraints specify that the loglinear parame-

e Fitting GGMs by maximum likelihood estimation. ters sum to O over all indices.

The core of the method is to compute the inverse of co-
variance matrix. We apply singular value decomposition A =48 =7% =P =0



AB AB AC AC cD
YD =5 = =k == =0
ABCD ABCD ABCD ABCD
Yijk. = Yij.l = Yi.kl = Y.kl =0 4)

Equation 5 shows how to compute the coefficients in a
4-dimensional table.

y=1..
YA=1 -~
o R e

®)

To apply loglinear modeling we need to discretize the
gene expression values into expression categories, e.g.,
under-expressed and over-expressed, depending on whether
the expression level is significantly lower than, or higher
than control. It is clear that by discretizing the measured
expression levels we lose information.

4. Demonstration

The program has features that allow its users to choose

association rule or hierarchical clustering to get subsets of[4] X. Wu, D. Barbaa, L. Zhang, and Y. Ye.

genes. For each subset, the independence graph is gen-
erated by using GGMs. The users may interactively add
or remove some genes from the independence graph and
the new independence graph will be generated interactively.
In our demonstration, we will also show the combinato-
rial effects from loglinear modeling using parallel coordi-
nate techniques. Figure 2 shows a snapshot of the pro-
gram. More information on the project can be found via
http://www.cs.uncc.edu/ xwu/bio/GenExplore.html
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1The control expression level of a gene can be either determined exper-
imentally, or it can be set as the average expression level of the gene across
experiments.
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Figure 2. The snapshot of prototype system
of gene interaction analysis
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