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Abstract

Microarray data provides a powerful basis
for analysis of gene expression. Data mining
methods such as clustering have been widely
applied to microarray data to link genes that
show similar expression patterns. However,
this approach usually fails to unveil multi-
ple interactions by the same gene. Associa-
tion rule mining has been used for this pur-
pose, but the inherent limitations of associ-
ation rules limit the applicability of the re-
sults. In this paper we use a combination of
association rule mining and loglinear mod-
eling to discover k-gene interactions. Using
this technique we can discover interactions
among k-genes that cannot be explained by
the combined effects of any of the subsets of
those genes. We test our technique experi-
mentally, using yeast microarray data. Our
results reveal some previously unknown as-
sociations that have solid biological explana-
tions.

1. Introduction

With the description of complete genome sequences,
DNA microarray technology has become a powerful
means for genome-wide expression profiling and anal-
ysis. It allows the simultaneous examination of thou-
sands of genes in a single experiment. The raw mi-
croarray images are transformed into gene expression

matrices where the rows usually denote genes and the
columns denote various samples, conditions, or time
points. The uniqueness of microarray data is that
genes in rows are of very high dimensionality (e.g.,
103 - 104 genes) while samples in columns are of rel-
atively low dimensionality (e.g., 101 - 102 samples).
Hence such data sets are very sparse in high dimen-
sional genes space. Furthermore, some of the genes
collected may not necessarily be of interest or relevant.
The challenge now is to rapidly and efficiently extract
useful information and discover knowledge from such
huge data sets such as gene functions, gene interac-
tions, regulatory pathways, metabolic pathways, and
effects of environmental factors.

Clustering algorithms (e.g., CAST (Ben-Dor et al.,
1999), MST (Xu et al., 2002), HCS (Hartuv & Shamir,
2000), CLICK (Shamir & Shamir, 2000)) have been
quite successful in the molecular profiling of hu-
man cancers, however they are insufficient to iden-
tify molecular networks. The goal of most clustering
methods is to define each gene as being part of a self-
contained cluster. Hence, each gene is assigned to only
one cluster (in clustering, a gene cannot belong to two
unrelated clusters in the hierarchy of clusters). How-
ever, a gene can usually be characterized in more than
one way (the p53 protein belongs more than one phys-
iological pathways). Furthermore, It is impossible to
determine the interactions that can exist between dif-
ferent genes from one cluster, especially when a gene
can participate in more than one gene network.

The authors, in (Creighton & Hanash, 2003), apply



association rules (Agrawal et al., 1993) to investigate
how the expression of one gene may be associated with
the expression of a set of genes. One might infer that
genes involved participate in some type of gene net-
work based on association rules or frequent item sets.
Association rules are defined by the support of the set
of over-expressed or under-expressed genes that are in-
volved in the rule (number of samples in the data set
that contain the gene), and their confidence (number
of times that the right hand side appears in records
where the left hand side gene set appears). The kind
of rule can be discovered is, for example, “when gene
a and gene b are over expressed within a sample, then
often gene c is over expressed too”. Theoretically, the
association rule method is able to resolve the draw-
backs of existing clustering approaches. Any gene can
be assigned to any number of rules as long as its ex-
pression fulfills the assigned criteria. In another words,
a gene involved in many co-expression groups will ap-
pear in each of those groups. This method fits in the
real-life biological processes in which one gene may be
involved in many biological processes and pathways.

However, the association rule method can only capture
gene co-expression, but not interactions. For example,
it can not discover the rule such as “a gene is over
(or under) expressed only if several genes are jointly
over (under) expressed, but not if at least one of them
is not over (under) expressed”. In other words, the
association rule is unable to discover the interactions
between different genes.

In this paper, we apply loglinear modeling, a method-
ology for approximating discrete multidimensional
probability distributions, to discover the k-gene inter-
actions. The remainder of the paper is structured as
follows. In Section 2, we discuss existing work on asso-
ciation rules and loglinear modeling. In Section 3, we
formally introduce how to screen k-gene interactions
by using all k-way interaction loglinear models. In Sec-
tion 4, we present experimental results over yeast data
and give interpretation. We present the conclusion in
Section 5.

2. Related Work

Both association rule and loglinear modeling are based
on correlation measure instead of causality measure.
Bayesian network , which is based on directed acyclic
graph (DAG) and can provide models of causal influ-
ence, has recently been investigated for gene regula-
tory networks (Friedman et al., 2000; Murphy & Mian,
1999; Segal et al., 2003). The advantage of bayesian
network is that it generates a directed graph that sug-
gests causal influence. However, bayesian network can-

not discover multi-way effects as it assumes only linear
interactions. Another difficulty with this technique is
that learning the bayesian network structure is an NP-
hard problem, as the number of DAGs is superexpo-
nential in the number of genes, and exhaustive search
is intractable.

In (Creighton & Hanash, 2003), association rules
(Agrawal et al., 1993; Agrawal & Srikant, 1994) are ap-
plied to investigate how the expression of one gene may
be associated with the expression of a set of genes. The
kind of rule can be discovered is, for example, “when
gene A and gene B are over expressed within a sample,
then often gene C is also over expressed”. Theoreti-
cally, the association rule method is able to resolve
the drawbacks of existing clustering approaches by as-
signing a gene to many subsets, however, the associa-
tion rule method can only capture gene co-expression,
and not interactions because it is exclusively based on
support measure. Some measures, such as lift (Silver-
stein et al., 1998), pairwise associations (DuMouchel
& Pregibon, 2001) have been investigated to over-
come the limitations of support-based association al-
gorithms. For example, the authors (DuMouchel &
Pregibon, 2001) selected the multi-item associations
that cannot be explained by the pairwise associations
in the item set by using the standard statistical the-
ory of log-linear models. In this paper, we extend and
generalize the previous work by the all k-way inter-
action model. k-way relationships have the potential
to reveal complex (and often hidden) gene interac-
tions, which cannot be discovered by other techniques
(e.g., association rule (Agrawal et al., 1993), bayesian
network (Heckerman, 1997), graphical gaussian model
(Lauritzen, 1996)). Besides, our model can also inter-
pret the interestingness of associations by examining
loglinear parameters. We believe k-way gene inter-
action effects can significantly contribute towards the
biological annotations of genes including GENMAPP
(Dahlquist et al., 2002), Gene Ontology (Ashburner
et al., 2000), etc.

3. Our Method

In this section we describe in detail how we screen gene
interactions by means of building all k-way interaction
models and examining their parameters and residuals
using microarray data.

Our method involves first finding large gene sets by
using Apriori algorithm, building all k-way interaction
model iteratively, and screening large gene sets based
on the estimates from k-way interaction model. The
method can be sketched as follows:



• Step 1. Transforming gene expression raw data to
build a boolean matrix.

• Step 2. Apply Apriori method to find all large
gene sets S(0).

• Step 3. For k=1 to K

– For each large gene set s ∈ S(k−1)

– fit k-way interaction model
– if its standardized residual e(k) > τ

– include s into S(k)

The key to finding interactions worthy of examining
(those that will join the lists S(k)), is to compute its
standardized residual e(k). Equation 1 shows the stan-
dardized residual form used in our framework, where
y is the actual support of s and ŷ(k) is the estimated
value given by the k-way interaction model.

e(k) =
y − ŷ(k)√

ŷ(k)
(1)

When the model holds, e(k) is asymptotically normal
with mean 0. In comparing standardized residuals to
standard normal percentage points, we obtain conser-
vative indications of cells having lack of fit. When the
residual is large, it means that the support of s cannot
be explained by the k-way interactions, thus higher
order interactions (larger that k) are at play.

3.1. Loglinear Model Revisited

Loglinear modeling (Andersen, 1994) is a methodology
for approximating discrete multidimensional probabil-
ity distributions. The multi-way table of joint prob-
abilities is approximated by a product of lower-order
tables.

Given a value yi1i2···in at position ir of the rth dimen-
sion dr (1 ≤ r ≤ n), we define the log of anticipated
value ŷi1i2···in as a linear additive function of contri-
butions from various higher level group-bys as

l̂i1i2···in = log ŷi1i2···in =
∑

G⊆{d1,d2,···,dn}
γG
(ir |dr∈G) (2)

where the γ terms are the coefficients of the model.
The coefficients corresponding to any group-by G are
obtained by subtracting from the average l value at
group-by G all the coefficients from higher level group-
by-s.

For instance, in a 4-dimensional table with dimensions
A, B,C, D, we use (i, j, k, l, yijkl) to denote the cell in a
4-D cube space, where i = 0, · · · , I−1, j = 0, · · · , J−1,
k = 0, · · · , K − 1,l = 0, · · · , L − 1. Equation 3 shows
the saturated loglinear model which contains all the
possible k-factor effects, all the possible k − 1-factor
effects, and so on up to the 1-factor effects and the
mean γ.

log ŷijkl = γ + γA
i + γB

j + γC
k + γD

l

+ γAB
ij + γAC

ik + γAD
il + γBC

jk + γBD
jl + γCD

kl

+ γABC
ijk + γABD

ijl + γACD
ikl + γBCD

jkl

+ γABCD
ijkl (3)

For example, γA
i is one-factor effect, γAB

ij is two-factor
effect which shows the dependency within the distri-
butions of the associated attributes A and B, γABC

ijk is
three-factor effect which shows the dependency within
the distributions of all the associated attributes A, B,
and C. It is important to note the multiple-factor
effects can capture the complex interactions such as
catalysis and cooperativity in biology. For example,
if all two-factor effects of A,B,C (γAB

ij , γAC
ik , γBC

jk ) are
insignificant (close to 0) and the three-factor effect
(γABC

ijk ) may well discover the rule such as “ a gene
is over (or under) expressed only if several genes are
jointly over (or under) expressed”.

The loglinear theory requires the loglinear parame-
ters sum to 0 over all indices. For example, γAB

i. =∑J−1
j=0 γAB

ij ), where a dot “.” means that the parame-
ter has been summed over the index. Equation 4 shows
how to compute the coefficients in a 4-dimensional ta-
ble.

γ = l....

γA
i = li... − γ

· · ·
γAB

ij = lij.. − γA
i − γB

j − γ

· · ·
(4)

In (Sarawagi et al., 1998) a fast computation technique
called the UpDown method that makes this approach
feasible for large sets is described. In this paper we
apply UpDown approach to compute the parameters
of all k-way interaction models.



Table 1. Example matrix of gene-expression data. The
rows denote samples or conditions while the columns dente
genes. G(β, B) denotes the quantitative expression of gene
B in the sample β

A B C

α 0.23 0.1 -0.24
β 0.6 0.1 0.5
γ 0.3 0.13 0.28
δ 0.15 0.30 -0.25
ε 0.8 0.08 0.30
λ -0.2 0.5 0.25

3.2. Preprocessing Raw Data

The data in the standard association rule mining are
in the form of a large boolean matrix. In the case of
gene expression data, we need to discretize gene ex-
pression values to categories. For example, the values
may be discretized into two categories, underexpressed
or overexpressed, according to their expression levels
under an experimental situation comparing with the
control situation (Becquet et al., 2002) 1.

In (Creighton & Hanash, 2003), the expression values
are discretized into three categories, underexpressed,
normal, or overexpressed. The “normal” state of gene
expression which means as being neither up nor down
can effectively decrease the effect of noises. In our ex-
periment, we apply the same discretization strategy
as (Creighton & Hanash, 2003) for comparison. As
each gene has three states, we map each gene as two
items (one means gene overexpressed and the other
means underexpressed) in the standard association
rule framework. Table 1 and 2 shows one example of
raw data and transformed binary matrix respectively.

It is important to note application of loglinear mod-
eling is constrained by the size of samples as loglin-
ear modeling requires the size of samples should be
significantly larger than the number of cells in the
contingency tables. For example, if the gene expres-
sion values are discretized to 2 categories, e.g., under-
expressed and over-expressed the contingency table
built by 7 genes has 128 (27) cells which require more
than 128 samples.

1The control expression level of a gene can be either
determined experimentally, or it can be set as the average
expression level of the gene across experiments.

Table 2. Transformed boolean matrix where the thresholds
are 0.2 and -0.2 respectively

A ↑ A ↓ B ↑ B ↓ C ↑ C ↓

α 1 1
β 1 1
γ 1 1
δ 1 1
ε 1 1
λ 1 1 1

3.3. All k-way Interaction Loglinear Model
Fitting

The Apriori method is applied here to extract all gene
sets whose frequencies exceed support threshold. For
each large gene set, we build one contingency table
which will be analyzed by all k-way loglinear models.
Table 3 shows one contingency table built from yeast
data based on large item sets with four genes (e.g.,
YHR071W, YMR094W, YMR096W, YMR095C). It
is important to notice that gene expression values can
be discretized into any number of categories and our
k-way interaction loglinear model can be built directly
over the transformed contingency table.

log ŷ
(1)
ijkl = γ + γA

i + γB
j + γC

k + γD
l (5)

log ŷ
(2)
ijkl = γ + γA

i + γB
j + γC

k + γD
l + γAB

ij

+ γAC
ik + γAD

il + γBC
jk + γBD

jl + γCD
kl (6)

log ŷ
(3)
ijkl = γ + γA

i + γB
j + γC

k + γD
l + γAB

ij

+ γAC
ik + γAD

il + γBC
jk + γBD

jl + γCD
kl

+ γABC
ijk + γABD

ijl + γACD
ikl + γBCD

jkl (7)

Equation 5 and 6 shows all 1-way and all 2-way in-
teraction model respectively. Equation 5 assumes the
independence model and includes all-one-factor (main)
effects and grand mean. Equation 6 includes all-
two-factor effects apart from all-one-factor effects and
grand mean. The comparison between the observed
value y with either ŷ(1) or ŷ(2) is used to screen in-
teresting item sets in (Silverstein et al., 1998) or (Du-
Mouchel & Pregibon, 2001) respectively. However, the
assumed independence model or pairwise model may
be insufficient to fit some gene interactions. In (Du-
Mouchel & Pregibon, 2001), they only distinguish be-
tween multi-item associations that can be explained by
all pairwise associations, and item sets that are signif-
icantly more frequent than their pairwise associations
would suggest. In our framework, we extend to all
k-way interaction models (e.g., as shown in Equation



Table 3. One contingency table built from yeast data with four genes where A,B,C,D denotes YHR071W, YMR094W,
YMR096W, YMR095C respectively. The cell (A ↑, B ↑, C ↑, D ↑) with value 54 is large item set discovered by association
rule method.

B ↓ B B ↑
A ↓ A A ↑ A ↓ A A ↑ A ↓ A A ↑

D ↓ C ↓ 5 5 0 4 9 0 0 0 0
C 0 0 0 0 7 0 0 0 0

C ↑ 0 0 0 0 0 0 0 0 0
D C ↓ 1 0 0 3 7 0 0 0 0

C 0 0 0 4 130 7 0 1 0
C ↑ 0 0 1 0 7 2 0 1 2

D ↑ C ↓ 0 0 0 0 0 0 0 0 0
C 0 0 0 1 11 0 0 0 1

C ↑ 0 0 0 0 15 3 0 19 54

7). Furthermore, we may interpret associations by ex-
amining the γ-terms of fitted loglinear models instead
of by only examining the differences between observed
frequencies of item sets and expected frequencies com-
puted from assumed models.

3.4. Interpreting Interactions by Examining
Parameters

If the gene expression values are discretized to 2 cat-
egories, over-expressed and under-expressed, our pre-
vious results (Wu et al., 2003a) have two important
conclusions:

• Each of the γ-term has only one absolute value
due to linear constraints of coefficients and the
positive (negative) value implies positive (nega-
tive) associations.

• We can compare the interactions according to
their magnitude of γ-terms derived from loglin-
ear models.

Figure 1 shows the parameter values from the sat-
urated model. Each of the γ-term in the saturated
loglinear model describes the interaction of item vari-
ables. For example, γAB represents the interaction
between gene A and B. For example, γAB = −0.044
in Figure 1 implies γAB

00 = −0.044, γAB
01 = 0.044,

γAB
10 = 0.044, and γAB

11 = −0.044. It can be inter-
preted that the overexpression (underexpression) of A
implies the overexpression (underexpression) of B with
interaction effect of 0.044. Furthermore, the compari-
son of γAC (0.681) and γCD (0.245) implies the inter-
action of AC is more significant than that of CD.

(
BCDABDABC

CDBDBCADACAB

ACD

DCBA

ABCD
(0.038)

−0.093)(−0.118)(−0.185)(0.233)

(0.245)(−0.296)(−0.765)(−0.006)(0.681)(−0.044)

(−0.144)(1.493)(1.407)(0.284)

(4.560)
ALL

Figure 1. Lattice for the data set with four dimensions de-
noted by A, B, C, D respectively. The value in () denotes
the value of γ-term of saturated loglinear model

Though two-category discretization is enough for most
cases (especially during exploratory phase), the users
may need to investigate the interactions at finer lev-
els (e.g., what is the effect of weak-overexpressed of
gene A on gene B) which requires multiple-category
discretization. It is important to point out that we
cannot compare the magnitude of γ-terms directly.
This is due to several reasons. Firstly, the degree of
freedom (d.f.) for each particular interaction varies
(however, in two-category case, the d.f. for each par-
ticular interaction is always 1). Secondly, the variance
for each interaction varies (in two-category case, the
variances for all γ-terms are the same). The values
γAC
00 = 0.681 and γCD

00 = 0.245 do not necessarily im-
ply that the interaction of AC is greater than that of
CD, since the variances of γAC

00 , γCD
00 can be different.



So in the general case, we have to compute the stan-
dardized parameter value (γ/σ(γ)) for each γ-term in
order to compare the significance of each interaction.
Thirdly, there can be more than one absolute value for
each γ-term and we have to combine the estimates in
some way to form an overall test statistic (Goodman,
1971).

3.5. Discussion of Future Work

All k-way interaction loglinear models are built from
transformed contingency table where we may lose some
information due to discretization when preprocessing
raw data. The graphical gaussian models, which as-
sume a jointly normal distribution, were applied for
gene expression analysis in (Kishino & Waddell, 2000;
Wu et al., 2003b). The independence graph generated
by graphical gaussian modeling indicates only pair-
wise gene interactions, and is insufficient for pathway
based analysis, which require understanding higher or-
der relationships. The all 2-way interaction loglinear
model is a direct parallel to the graphical gaussian
model. In both the all 2-way interaction loglinear
model and the graphical gaussian models, conditional
independence between any pair of genes is parame-
terised by a single scalar, the mixed derivative mea-
sure of partial interaction. We can see there is no in-
formation loss in graphical gaussian models as we do
not need to discretize the expression values. However,
the graphical gaussian models can not capture k-way
(k > 2) interactions.

The application of graphical gaussian modeling is con-
strained by the sample size as the correlation matrix is
inevitably degenerate. We are investigating a frame-
work consisting the following phases:

• Preprocessing: Microarray expression data is in-
put to hierarchical clustering or association rule
mining, resulting in a set of gene clusters.

• Subsets of genes (clusters or frequent itemsets)
are analyzed for pairwise gene interaction using
graphical gaussian models.

• The independence graph from graphical gaussian
models is decomposed to obtain components. The
genes included in each component are then ana-
lyzed to get higher order effects using loglinear
models.

• Interactive Visualization/Analysis: The user may
interactively analyze, modify and explore the out-
put of both graphical gaussian models and loglin-
ear models.

4. Experimental Results

In this section we show the results of experimenting
with one real data set and some synthetic data sets.
The experiments were conducted in a DELL Pow-
erEdge 4400, with one 1G processor, and 1G bytes
of RAM.

4.1. Data Sets

We used the compendium from (Hughes et al., 2000) of
expression profiles for 6316 transcripts corresponding
to 300 diverse mutations and chemical treatments in
yeast. In (Creighton & Hanash, 2003), this data set
is transformed by binning an expression value greater
than 0.2 for the log base 10 of the fold change as being
up; a value less than -0.2, as being down; and a value
between -0.2 and 0.2 as being neither up nor down.

4.2. Results and Interpretation

Table 4 shows size of gene sets using association rule
and k-way interaction model with different support.
We can see many gene sets are screened by all k-way
interaction model when we increase k.

Table 5 shows the frequencies and estimates from all
k-way interaction model for Large 4-gene sets 2. .

We can see our results agree to some previously known
biological interactions or reveal some previously un-
known interactions that have solid biological explana-
tions.

• YMR096W (SNZ1) and YMR095C (SNO1) are
present in 8/8 groups in Table 5, while YMR096W
(SNZ1)/YMR095C (SNO1)/YMR094W (CTF13)
is present in 6/8 groups in Table 5. The DNA
sequences and relative positions of SNZ and SNO
genes have been phylogenetically conserved. SNZ-
SNO gene pairs are coregulated under various con-
ditions (Padilla et al., 1998).

• Our results show YER175C has interaction
with SNZ1/SNO1/CTF13. YER175C encodes
the trans-aconitate methyltransferase (Tmt1p) of
Saccharomyces cerevisiae, which is localized in the
cytosol and increases markedly as cells undergo
the metabolic transition at the diauxic shift (Cai
et al., 2001).

• CTF13, SNO1 and SNZ1, located adjacent to each
other, are situated proximal to the centromere on
the right arm of chromosome XIII. We project

2The information of each ORF (open reading frame) can
be retrieved from the Saccharomyces Genome Database
(http://genome-www.stanford.edu/Saccharomyces/).



Table 4. Size of gene sets obtained using association rule and k-way interaction model with different support. ‖S(0)‖
denotes the size of large item sets from Apriori method, S(k) (k = 1, 2, 3) denotes the size of item sets which can not be
interpreted by all k-way interaction models.

support(%) ‖S(0)‖ ‖S(1)‖ ‖S(2)‖ ‖S(3)‖
14 2735 2500 2253 1931
15 1134 1084 852 691
18 39 39 19 8
20 8 8 4 1

Table 5. The frequencies and estimates from all k-way interaction model for Large 4-gene sets. All of the genes listed in
each set represent the gene being up in the sample.

Gene Set Frequency 1-way 2-way 3-way
YHR029C, YMR094W, YMR096W, YMR095C 56 0 15 26
YJR109C, YGL117W, YMR096W, YMR095C 54 0 15 23
YJR109C, YMR094W, YMR096W, YMR095C 56 0 17 32
YGL117W, YER175C, YMR096W, YMR095C 54 0 24 28

YGL117W, YMR094W, YMR096W, YMR095C 56 0 21 27
YHR071W, YMR094W, YMR096W, YMR095C 54 0 22 33
YBR047W, YMR094W, YMR096W, YMR095C 59 0 14 18
YER175C, YMR094W, YMR096W, YMR095C 61 0 20 24

that the co-regulation of these three genes might
be caused by the conformational changes of chro-
mosomal structure during transcription activation
even though the possibility that they are involved
in the same biological process is not excluded.

• YJR109C (CPA2) encodes one of the two subunits
of carbamoylphosphate synthase in the arginine
synthesis pathway. The expression of CPA2 is in-
creased when arginine is limited (Kinney & Lusty,
1989). The overexpression of CPA2 indicated that
certain conditions in Hughes experiments may
somehow limited arginine which leads to increased
expression of CPA2. The co-regulation of CPA2
and SNO1/SNZ1 implies that they might be in-
volved in the same biological process.

5. Conclusions

In this paper we have applied a combination of as-
sociation rule mining and loglinear modeling to find
meaningful interactions among sets of genes in gene ex-
pression data collected by microarrays. The key to the
method is to find sets of genes whose support exceeds
by more than a threshold the value estimated by a k-
way interaction loglinear model. We have shown that
the application of the method to yeast microarray data
uncovers a set of interactions that can be explained us-

ing biological arguments, and thus are meaningful. As
such, we believe that this method complements the
typical clustering approaches used to analyze microar-
ray data.
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