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Abstract

In this article, we introduce an exploratory framework fbe tdetection of patterns of conditional
co-expression in gene expression data. The main idea b#tengroposed approach is that of modeling
gene expression levels as random variables whose staltisigpendence appears only conditionally
on the values assumed by a separate set of indicator vawiable method is non-parametric and
it is based on the concept of statisticad-information which, unlike conventional correlation based
techniques, is not restricted in scope to linear conditiatependency patterns. A moment based
approximation of the co-information measure is derived #ifficiently gets around the problem of
estimating high-dimensional multi-variate probabilitersity functions from the data, a task usually
not viable due to the intrinsic sample size limitations tbharacterize expression data measurements.
By applying the proposed exploratory method, we analyzechalavgenome microarray assay of the
eukaryoteSaccharomices cerevisiamd were able to detect statistically significant pattefrtooditional
co-expression. A selection of such interactions that carmnpeaningful biological interpretation are

discussed.

. INTRODUCTION

DNA Microarray technology has revolutionized the field délscience with the introduction
of an experimental technique allowing the simultaneous itbong of the expression levels

of all genes in a particular organism. Although DNA micr@grritechnology has resulted in
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the breakthrough capability of obtaining high-throughgeine expression measurements, the
statistical analysis of such expression data presentsadesiellenges. The noise component in
the data can be significantly large: a substantial varigbrithe experimental data can result from
assaying cell cultures grown at different times, from usidifferent types of microarray chips
and optical readers, or simply from different laboratorysp@nel performing the experiments.
Only a few of these sources of variability can be tightly coléd. Moreover, the sampling
characteristics of a time-course experiment are genepaly and characterized by frequent
missing values.

The ultimate goal of any statistical analysis tool for gerpression data is to detect patterns
of interactions (also known a®-expressiorjsbetween genes as well as to assess their statistical
significance. Several attempts aiming at adapting wellaknetatistical learning frameworks to
gene expression data, such as Bayesian Networks [5], Supggodr Machines (SVM) [6], K-
means clustering or Self-Organizing Maps (SOM) [9], have fe results that are generally
difficult to interpret from a biological standpoint. For shreason, members of the biology
community tend to resort to simple analysis tools, whichvaidely accepted mainly because of
their straightforward biological interpretation: an exaeis given by correlation analysis and
its extension to gene clustering by hierarchical agglotreard3].

The motivation behind our work stems from the following dolesations:

« One of the primary goals of any exploratory method suitedtii@r analysis of biological
signals should be that of estimating the information contenhe data. In other terms, the
scope of the learning framework should be tailored to th&acamount of information
that the data can provide, when experimental parametefs auqoise level or sampling
characteristics are taken into consideration.

« The analysis should retain a certain degree of biologigalitance, if not being directly
biologically inspired. Although the derivation of causallationships purely from data
analysis results is not generally feasible, one shoultl miiisue the discovery of patterns
of interaction that can be associated to or explained by knbielogical mechanisms.

« The existence of patterns of co-dependency in gene expredsita that can be systemati-
cally extracted by an unsupervised exploratory technicage ot been clearly established.
A recently proposed approach [10], suggests that patteirimenr pairwise correlation

between functionally related genes often appear only tiomdilly on the value of a third



scouting gene. The extension of this and similar approatbeson-linear dependency
structures is still an open problem.

« The computational tractability of the analysis is constedi by two key factors: the first is
related to the sampling characteristics of the data. Sstkeimtrinsically limits, for example,
the ability of estimating reliably high-dimensional prdalldy density functions of the
variables in the model. Secondly, because of the combiaatwature of any unsupervised
exploratory approach that aims at unveiling patterns oflt@nal dependency, constraints
on the model size are necessary in order to limit the comiputcost associated with the

procedure.

The proposed gene expression analysis framework is bas#teaoncept oto-information

a measure of statistical conditional dependence thabisparametricand it is not restricted
to linear models. In section II, the conditional co-expr@ssmodel is introduced and certain
properties of the proposed cost function are elucidategahticular, we demonstrate that for the
special case involving networks of three nodes (where eade nepresents a random variable),
the co-information measure is equivalent to the residuauaiunformation, computed as the
difference in mutual information between any two nodes vaitil without conditioning on the
third node. The application of the resulting exploratorytimoel to gene expression data is detailed
in Section Ill, where certain issues related to the practioplementation of the algorithm are
also addressed. A moment based approximation of the coaatton measure is derived that
efficiently solves the problem of estimating high-dimengsibmulti-variate probability density
functions from the data. In Section IV, the results we oladifmy analyzing a whole genome

microarray assay obaccharomyces cerevisigd] are presented.

[I. CONDITIONAL CO-EXPRESSIONMODEL

The idea behind the proposed approach consists of idemifgroups of genes that are co-
expresseanly conditionally on the expression level of other genes

Figure 1 shows the time-courses of three genes whose ekprdsgels were generated from
synthetic data in order to exemplify a case of conditionakgpression. The scatter plots of
the three genes (shown in Figure 2) does not present anyfisagi pattern of dependency.

When the points in the scatter plot of geneersus gengare labeled according to the value of



gene, -

|
w N Bk o e
é

ene
9 y

Lo

N B O kN

§
L

gene,

o

N P O kN
%
L L

Fig. 1. The plot shows the expression time-courses of three hypothgtinas, generated from synthetic data.

genel, however, a clear dependency structure appears. ThisvensimoFigure 3: when geneds
significantly up-regulated, the expression level of theamimg two genes appear to positively
correlated. Clearly, geneand geng follow a specific pattern of co-expression when geise
down-regulated or near the reference level, but such pattieanges significantly when gene
is up-regulated. Although genemight not be directly controlling the mechanism resporesibl
for the change in behavior, it plays the role of indicator loé underlying biological process
determining the observed co-expression pattern. The @moloan be thus posed as follows: how
can one choose a measure of statistical dependency thgtableaof detecting conditional co-
expressed genes, and how can one identify a set of genes wkisession levels are indicator

functions of a significant change in the transcriptionalutagon mechanisms within the cell.

A. Conditional Mutual Information as a Measure of Conditiol&b-expression

In order to detect patterns of conditional co-expressioiméndata, one must choose a measure
of statistical dependence. Although conditional correfats probably the simplest such measure,
it is only suitable for detecting patterns of linear deparmayg10]. A natural measure of statistical
dependence that does not make any assumptions on the tynefithe model is given by the
mutual information [2]. Let us start by considering the déifom of mutual information between

two random variables; andz, conditioned on a third random variable

In this case the expression levels of geree quantized according to three discrete levels.
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Scatter plots of the synthetically generated expression levels fohnrée genes.
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Fig. 3. The co-expression pattern between gemed geng appears when conditioning on gene
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where D is the Kullback-Leibler distance or relative entropy, defiras:

Diallr) 2 £, |rog 4] @

It can be shown [2] that the relative entropy is always nogatige and is zero if and only if

g = r almost everywhere.

In the case of continuous random variables (1) can be exuess

I(z1, %2]Yy) = Epor22) {1 & (p(:clly)p(wz\y) v

=/ p(z1, 72,y) log (M) dxydxady.
—o0 p(x1|y)p(z2]y)

This definition can be extended to the mutual informationofandom variableg = [z4,. .., zx]"

conditioned on a separate setbfvariablesy = [y, ...,yz]T as follows:
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This expression provides us with a measure of the expectédaiinformation ofx conditionally

on the value ofy. Evidently, whenx andy are statistically independent, we have trivially that:

o0

I(xly) = I(x) / p(y)dy = I(x). 6)

Recalling that we are after certain structure in the data dipgiears only under conditioning,

this result prompts us with the idea of adopting the follayvoost function:

L(x[y) £ I(x[y) - I(x) (7)

Clearly, we have thaf (x|y) = 0 whenx andy are independent. In this case, even if a cluster of
genes possesses a high information contemt/(x) is large, such structure appears regardless
of the set of conditioning variables. On the other hafitk|y) is a large positive number when
the information content is significantly increased underdittoning. This is the case of interest
in our framework. Notice that the quantity in (7) might assumegative values and it is not

lower-bounded in general.

B. Certain Theoretical Properties of the Cost Function

In this section, we derive certain properties of the costfiom (7). In particular, we show that
the proposed cost function is equivalent to the measum-onhformation[1] when restricted to
networks involving three nodes. Consider a simple networtk \ai single parent node, and
two children nodes:; and xz,. The conditional information content of this network, aating

to (7), given by:

E(I1,$2|ZEO) = ](131,1‘2|ZE0) - ](Il,ZL’Q). (8)

Let us consider the first term on the right hand side of (8):
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= —H(x,x1,22) — H(xo) + H(x0, 1) + H(20, 22), (10)
where:
H(z) = - / p(z) log p(z)d, (1)

is the differential entropy of the random variableTherefore, recalling that(z,, z2) = H(z1)+

H(zy) — H(x1,x2), we have that (8) is equal to:

L(x1,x2|x0) = —H(x0) — H(2x1) — H(x2) + H(x0, 1)

+H($0,LE2) —|——|—H({L‘17I2> - H($07I17I2)- (12)

From this expression we conclude that when considering plsimetwork with one conditioning
node and two children nodes, the cost function (7) is indegghleto the negativeo-information
between the three random variables. The general definittocoanformation of N random

variables is given in [1]:
Cx)= Y qH(xg) (13)

where E; is the power set of andg; is the Mdbius inversion function, defined as:

| 1 if |E;| is odd
g =—(=1)!"" = . . ’ (14)
—1 if |Ej;| is even

and|E;| is the cardinality ofF;. The co-information provides a measure of the total infdioma

content shared by all the random variables, unlike the cutrv@al mutual information which



includes all the information shared by the variables twohatttime. Therefore, maximizing (7)
is equivalent to seeking clusters whose representativeglisineously share the least amount of

information between each other. Equivalently:

max L(z1,xs|z9) = min C(zo,x1,T2). (15)
Z0,T1,L2 Z0,T1,2L2

Notice that expression (12) is not altered if we exchangevth@blesz,, x1, or x,. Hence, it
holds that:

L(x1, z2|20) = L(20, T2|21) = L(T0, 71|T2) (16)

Thus, the information content of the sub-network does nainge if we exchange one of the

children nodes with the parent node.

I11. METHOD

When designing a practical implementation of the algoritteaking clusters that maximize

the cost function (7), certain issues must be taken intowadco

. A direct evaluation of the cost function (7) requires anreate of the multi-variate prob-
ability density function of all theV variables included in the cluster. Although for small
dimensional problems methods for estimating directly thetjprobability density function
(pdf) have been developed [11], for higher dimensional lenois the direct estimation of
the pdf is usually not feasible.

« The noise level in the data might significantly limit the nuentof parameters that can be
learned with a certain degree of accuracy.

« Current microarray based experimental procedures aretedfdny inherent limits in the
number of expression samples that can be measured in a gieaal of time. Hence, the
sampling characteristics of any microarray assay are géy@oor in the time-domain. This
iIssue imposes a further limitation on the capability of resting joint probability density
functions.

. For a sub-network of a given size, the optimization of thet daaction (7) requires a

search through all possible combinations of nodes chosem@ithe set of genes included
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Fig. 4. Cluster of genes composed bfconditioning genes and/ children nodes. This cluster represents the generic sub-

network explored to identify conditional structure.

in the experiment. We will show that such number of comboreti can be quite large
if the parameters of the search algorithm are not chosenedsomuickly yielding to an

intractable computational cost.

A. Combinatorial Optimization Approach

The goal is to identify a list of sub-networks that yield largalues of the cost function (7).
Such goal can be achieved by exhaustively selecting swheniet (see Figure 4) consisting of
all possible combinations af genes as conditioning variables (which we will refer to asepta
nodes), and all possible combinations /af genes among the remaining ones as conditioned
variables (also known as children nodes), and by evaludtiagorresponding value of the cost
function (7). Clearly, the cost of this combinatorial apprieancreases quite rapidly with the
total number of genes assayed in the experiment, as a nearlfunction of A/ and L. When
a total number ofV gene expression profiles are measured in the experimentptddenumber
of possible sub-networks with parent nodes and/ children nodes is given by the following

expression:

N N-L
K(N,M,L) = (17)
L M
N!

~ MIL(N—L- M) (18)

For example, when dealing witN = 2,000 genes, a choice af = 3 and M = 5 will result in

3.5 -10%* possible combinations! In general, for small valuesidéfand L, we have that:
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(N, M, L) ~ O(NM+L), (19)

Hence, unless a technique is devised that allows for eftigeming of non-informative clusters,
the problem will result computationally tractable only feery small values of\/ and L. In
addition, as it will be discussed more in details in the nedtien, for large values o#/ and

L we will unavoidably incur in the problem of having to estimdtigh-dimensional multivariate
statistics of the data, thus requiring a significantly largenber of samples in order to get a
robust estimate.

These constraints clearly suggest that a simple framewoxkhich a sub-network involving
only three genes (one parent node and two children nodesijdsbe the subject of an initial
investigation and validation of the proposed approachmAtee symmetric expression of the cost
function given in (12), it is possible to show that the congpianal complexity associated with
evaluating the co-information content of each possiblergetfiwvork, when. = 1 and M = 2

simplifies as:

K(N,2,1) = N(N—-1)(N—-2)+N(N—-1)+N
= N3 _—2N?4+ N (20)
= O(N?), (21)

for a total number ofV genes assayed. As an example, whér- 2, 000, approximatelys - 10°

possible combinations need to be considered, and the pomdsg cost function evaluated.
This kind of task can be completed in a reasonable amountna kiy any modern off-the-shelf
single-processor machine. It is also clear that the algoricould be easily parallelized to run
on clusters of processors, since the evaluation of the costibn for a given sub-network is an

independent task.

B. A Moment Based Approximation of the Mutual Information

The expression of the cost function given in (12) suggesis sbme kind of estimate of the

multivariate joint probability density function of the #& variables in the cluster is required
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in order to evaluate the corresponding entropies. Howearsidering that the typical experi-
mental setting in DNA microarray assays results in a limiedber of samples per gene, such
poor sampling properties generally discourage the useanidstrd probability density function
estimators such as parametric models or kernel methodsefbine, in the design of a practical
implementation of the principle (15), we opted for the use@homent based approximation of
the information theoretical quantities involved in theatddtion of the cost function.

Let us first examine equation (12), which is used as a stapfoigt to define our working

approximation:

ﬁ(l’o,l’l,mz) = 1(951,332\330) - [($1>$2)
= H(SL’1|$0) +H(SL’2|J}0) —H<I1,SL’2|Z‘O)
—H((I}l) —H(ZEQ) +H(ZL'1,ZE2) (22)

This expression suggests that a method to compute unwaaiad bivariate entropies must be
devised. A moment based approximation of the univariateopytis obtained by approximating
the marginal probability density function of each variabi¢h its Gram-Charlier expansion [12].
Recalling that the entropy is shift invariant, we can assuna &ll the sample data has been
centered. Moreover, since it holds thltax) = H(x) + log(|a|), wherea is a deterministic
constant parameter, we can re-scale each variable to beari@nhce and compute the entropy

estimate as follows:

whereos? is the variance ofr;, and; 2 x;/0; is unit-variance. A Gram-Charlier approximation

of pz, (u), including moments up to the fourth order is given by thedwihg expression:

Pz (u) = g(u) (1 + rigi Hs(u) /6 + ki Ha(u)/24) (24)

where H3(u) and Hy(u) are the 3d and 4h order Chebyshev-Hermite polynomial [8], respec-
tively, g(u) is the zero-mean, unit-variance, normal probability dgrfsinction, andx;,; andx, ;
are the third and fourth order cumulantsgf For a zero mean, unit-variance random variable,

these can be computed as follows:
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K3 = B[T]] (25)

By substituting the approximation ¢f;, (u) considered in (24) in the definition of entropy, we

can compute the following approximation:

H(i) ~ %log(Qﬂe) — (K2, + K2,/4)/12. 27)

which is consistent with the fact that the entropy of a rand@mable with a given variance is
maximized when the variable is normally distributed. Theximaum of (27) is indeed attained
when ks = k4 = 0 and is equal to the entropy of a unit variance gaussian randgmable.
A similar approximation can be obtained for the bivariatérgpy. The derivation is simplified
if the data is pre-whitened by principal component analysisthat the resulting variables are
uncorrelated. We denote the whitening matrix3as/?, wheresS is the sample covariance matrix

of z; andz,, and.S—'/2 is an inverse square root factor 6f Hence, if we define:

A

S e (28)
i’g i)
we have that:
o 1
H(xy,z9) = H(Z1,22) + 5 log | det(S)], (29)

whereS' is always full rank unlesg; andz, are linearly dependent. A detailed derivation of an
approximation ofH (z1, z,) can be found for example in [7], and is based on a bivariatenGra
Schmidt expansion of the corresponding probability dgniihction. The resulting expression

for the approximated entropy is given by:

1
H(#1,29) =~ log(2me) — —

5 (K30 + 3K3,+ (30)

1
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where the bivariate cross-cumulants can be computed asviolirom the sample data:

Kso = E[23] (31)
Koz = E[23] (32)
ko1 = E[2335)] (33)
Kig = E[i143] (34)
Ky = E[#]] — 3 (35)
Koy = E[i3] — 3 (36)
kg = E[31,) (37)
ki3 = E[#143) (38)
Koy = E[2243] — 1 (39)

By combining (23) and (29), the following approximationidfr,, =) is obtained, which involves

only cross cumulants up to the fourth order:

I(x1,29) = H(xy)+ H(xs) — H(xq,22) (40)

= H(Z) +log(o1) + H(Z2) + log(o2)

L 1
—H (%, %9) — 5 log | det(.5)] (41)

1 1
-~ 12 {_ {’1:2’,,1 + “%,2 + Z(/@zu + “ia)} +

1
+ {mgo + 3K, + +3K3, + Koz + Z(”ZO +

+ 4rgy + Oy + 4ky + m&)] } +
1
+log(oy) + log(os) — 3 log | det(S)]. (42)

An analogous expression involvirgpnditional cross-cumulants of the variables can be used to

estimate the conditional mutual informatidi,, z5|zo).
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IV. RESULTS AND DISCUSSION

For a given microarray experiment, according to the framewautlined in the previous
section, all possible uniqgue combinations of three genesansidered and the co-information is
evaluated to assign a score to each such combination. Thedtigcoring clusters are recorded in
order to be further evaluated. The actual software impleatiem includes a set of tools devoted
to pre-processing the expression data, performing a sefri@sks which include pruning the set
of genes according to a user defined criteriery(their sample variance), correcting for outliers
or accounting for missing values.

DNA microarray data is conventionally expressed as therltiga (usually in base 10) of the
ratio between the estimated expression level and a referemoe. Therefore, a log-ratio value
of zero indicates that the gene is expressed at levels abogeetreference. A reading 6f3 or
above is equivalent to a 2-fold increase in the transcmplavel. We will conventionally refer
to gene levels that show at least a 2-fold increasamsegulatedor over-expresseccompared
to the reference level. Equivalently, when the log-ratieeleis —0.3 or less, the gene shows
at least a 2-fold decrease in the expression level and willeberred to aslown-regulatedor
under-expressed

Due to the small sample size available, the estimation ofs#teof conditional entropies is
most efficiently accomplished by discretizing the expr@ssevels of the parent node into three
levels, according to whether the gene is down-regulatexecto the reference level (baseline),
or up-regulated. The choice of the discretization levelartsitrary and will, in general, affect
the outcome of the exploratory analysis. Throughout ouryars the default thresholds of
—0.3 for down-regulation and).3 for up-regulation were adopted. Such choice is dictated by
considerations that are both biological and statisticéle Goal is clearly to select a level at
which the up- or down-regulation can be robustly estabtisi2ue to the large measurement
error affecting the data, it is widely accepted that at lea&tfold increase or decrease in the

measured expression level is necessary in order to estadajaificant up or down regulations.

A. Analysis of Saccharomyces cerevisiae Expression Data

In order to evaluate the effectiveness of the proposed apprim unveiling hidden dependen-

cies between gene transcription levels, we consideredaselatomposed of several experiments
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Sample  Condition Number of
index samples
1-15 Heat shock from 2& to 37C 15
16-20  Temperature shift from 3C to 25°C 5
21-25 Heat shock from various temp. to°87 5
26-35 Mild heat shock at variable osmolarity 10
36-45 Hydrogen peroxide treatment 10
46-54 Menadione exposure 9
55-69 DTT exposure 15
70-77 Diamide treatment 8
78-84 Hyper-osmotic shock 7
85-90 Hypo-osmotic shock 6
91-95  Amino-acid starvation 5
96-105  Nitrogen source depletion 10

106-112 Glucose depletion (diauxic shift) 7

113-134 Stationary phase growth 22

135-139 Response of mutant cells to heat shock 5

140-144  Mutant cells exposed ta:6; 5

145-147  Over-expression studies 3

148-160 Steady-state growth on alternate carbon source 13

161-173 Steady-state growth at constant temperatures 13

TABLE |

EXPERIMENTAL CONDITIONS AND CORRESPONDING NUMBER OF MEASURMENTS FOR THES.CereviSia®ATASET USED IN

THE SIMULATIONS.

involving whole-genome assays of the gene expressions®fehe yeass.cerevisiaeThe data
consists of a total of 6,152 genes with 173 sample points @ee grable | provides a basic listing
of the experimental conditions. A detailed descriptionhsf aictual experimental conditions can
be found in [4].

The dataset comprises a variety of experimental conditionduding temperature induced
shock, exposure to various chemicals, aminoacid starvatibrogen depletion and so on. The

resulting large oscillations in the expression levels ofesal genes ensure that the dataset

2All datasets were downloaded from the publicly available Stanford Micagar Database (http://genome-

www5.stanford.edu/MicroArray/SMD).



17

[ ) ° [ ) °
2r o ® o . e o © 1
w o & . °
1r ° : ° © ° il
© ) ‘ .... '\ ° °
S o "o'..."?:i @ o |
© sX¥L s . gpx2
-1F N o o e gpx2 — 1
* e gpx21

Fig. 5. Co-expression pattern between the geraed Oandadhg when gengypx2is the conditioning node. The plot shows that
whengpx2is up-regulatedadh6andaadl10are in general positively correlated and above the reference leveheOsther hand,
whengpx2is down-regulated, a negative pattern of correlation appears betaedand aad1Q Such conditional expression
program could be explained by considering tlgatx2 was found to be considerably under-expressed in those experiments
involving a depletion in sources of nitrogen. Therefore, in such condittbe enzyme translated froedh6 lacks its primary

activation mechanism, and its enzymatic role appears to be replacaddiy

provides enough variability to allow the consistent detecof specific patterns, in a statistically
meaningful way. A preliminary analysis of the dataset, ®sgd the removal of the sample points
113-134 ¢fr. Table 1), which were collected over a considerably largenspf time (few days
vs. few hours for the other experiments). We observed thauoh experiments several genes
were characterized by a specific expression pattern, mkedly lassociated with the fact that
the yeast cells had reached a steady state and stoppedatieglicT herefore, such points were
treated as outliers and were not included in our explorapoogedure.

Among all the possible triplets of genes whose score wasiated, 3,124 resulted in a value
of the co-information measure that was above a pre-seleigmificance threshold. A selection
of the conditional interaction patterns that were iderdifley the algorithm are described in
detail below. For each cluster of genes whose conditionaxgwession pattern appeared to be
relevant, we evaluated separately the statistical sigmifie of the co-information score by using
the following procedure. For each conditioning node, wedoemly permuted its sample points

several times (at least 100 million permutations), andvadeated the score of the selected triplet
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of gene by using the permuted version of the conditioningatéde. A p-value expressing the

statistical significance of the interaction is obtained loyrting the number of times that the
score obtained with the scrambled values is larger thandbie ©btained when using the actual
data.

The cluster of genes resulting in the highest value of thenfmmation cost function included
aadl0andadhg which were found to be co-expressed conditionally on thgression levels of
the genesot2, alg7, andgpx2(Figures 6, 7, and 5pad10is a putative alcohol dehydrogenase,
i.e. an enzyme involved the alcohol metabolism. The producdif6is also an alcohol dehy-
drogenase, whose activity is NADPH dependent. Figure 5 sttbat whengpx2 (a glutathione
peroxidase induced during glucose starvation) is up-e¢gd|adh6 and aadl0Oare in general
positively correlated and above the reference level. Onather hand, whergpx2 is down-
regulated, a negative pattern of correlation appears lestadh6 andaadlQ Such conditional
expression program could be explained by consideringdgha® was found to be considerably
under-expressed in those experiments involving a depléticources of nitrogen. Therefore, in
such conditions the enzyme translated frah6 lacks its primary activation mechanism, and
its enzymatic role appears to be replacedaayl1Q Figures 6 and 7 show that the gemef2
(involved in normal cell wall synthesis) aradg7 (responsible for protein glycosylation) also act
as indicators of such alternative gene expression prognaiim,their expression being repressed
under the same conditions.

The conditional co-expression pattern involviggx2 aadl0 and adh6 was found to be
significant at a p-value of less thamm—5. A histogram of the scores obtained by scrambling
the values of the conditioning variable is shown in FigurevBere the score obtained by using
the actual sample points is also shown for comparison.

Figure 9, shows the conditional co-expression patternimmwg genessull, sam4 andcwpl
The genesull is one of two major mediatorssl2 is the other one) of the sulfate transport
pathway, being responsible for controlling the concermrabf endogenous activated sulfate
intermediates. Its activity is closely related to the onesam4 the latter being involved in
the metabolism of sulfur-containing aminoacids. The gempl, is mainly involved in cell
wall organization and biogenessam4and cwplappear to be in general negatively correlated,
possibly due to the fact that their activity peaks in comglietdifferent stages of the yeast

cell cycle. However, whersull is over-expressed (signaling an increase in the concemntrat
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of activated sulfate compounds), the two genes appear toobrively correlated as well as
generally under-expressed.

The last example involves the gengla3, vapl, andpph3 This case is of particular interest
since it demonstrates the method’s capability of deteatartpin types of regulatory interactions
that could not be directly derived from simple correlatiattprns.gin3 is a transcription factor
responsible for the regulation of nitrogen utilizations product is generally inactive unless
activated by the protein phosphatase translated fp@m3 Figure 10 shows a scatter plot of
gin3 vs. pph3 no pattern of co-expression appears when examining theegsipn profiles of
these two genes. On the other hand, as it is shown in Figurgh&de genes are conditionally
co-expressed. The plot shows thaipl (whose product is an amino-acid transport protein) and
pph3are positively correlated, whagin3 is under-expressed or near the reference level. An up-
regulation ofgln3 results in the opposite correlation pattern vaplandpph3 This mechanism
can be explained considering that most of the expressiaisleesponsible for such pattern are
relative to conditions of either nitrogen depletion or amacid starvation. In such conditions,
the expression level afin3 rapidly increases (concurrently with the level of its aator pph3,
in order to repress the transcription of nitrogen demandgre products. At the same timapl
is strongly down-regulated due to the fact the amino-a@ddport mechanisms are significantly
slowed down during this stage.

In general, not all significant patterns of conditional ratgion detected by the algorithm
carry a straightforward biological explanation. This is shdikely due to the fact that such
patterns of conditional co-expression are often mediatedeveral factors that are not directly
measurable. Moreover, it is often the case that conditipriaformative clusters include one
or more genes whose biological role is only partially knowncompletely unknown. Despite
such limitations, the proposed framework provides a vdeiadol to biologists, being capable
of highlighting patterns of interaction whose biologicajrsficance can be elucidated through

further experimental analysis.

V. CONCLUSIONS

We introduced a novel method capable of detecting linear &l a8 non-linear patterns of
conditional co-expression in gene expression measurairiguoe to the significant computational

cost associated with the proposed exploratory method, ¢hieation of an efficient technique
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for evaluating the co-information score played a key roleoider to make the method com-
putationally tractable. We applied the method to a wholeogen micro-array dataset of the
yeastS.cerevisiaeand were able to detect several statistically significattepas of conditional

interaction between genes. This result proves unque$tipriaat such patterns of conditional
co-expression appear indeed very frequently in the dathraises the very important question

of whether a general biological model capable of explairsagh interactions can be devised.
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Fig. 6. Co-expression pattern between the geastlOand adhg§ when geneaot2 is the conditioning node. The expression

levels ofaadl0andadh6 switch from a positive to a negative correlation pattern whe8 is under-expressed.
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Fig. 8. Statistical significance of the conditional co-expression pattéma plot shows a histogram of the co-information values
obtained by scoring the tripletad1Q adh§ and gpx2 when the samples odf the latter are randomly permuted. The score of

the actual sub-network is also shown for reference.
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Fig. 9. Co-expression pattern between the gesawmadand cwpl when genesullis the conditioning nodesam4and cwpl
appear to be in general negatively correlated, possibly due to the facthiir activity peaks in completely different stages
of the yeast cell cycle. However, whesull is over-expressed (signaling an increase in the concentration of tactigalfate

compounds), the two genes appear to be positively correlated as wggdhasally under-expressed.
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Fig. 10. Scatter plot of the expression levelpph3 Althoughpph3is involved in the activation of the transcriptional regulator

gIn3, no significant co-expression between the expression levels of thedmesgan be observed from the scatter plot.
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Fig. 11. Co-expression pattern between the gerge and pph3 when genegin3 is the conditioning node. The plot shows
thatvapl(whose product is an amino-acid transport protein) ppli3are positively correlated, wheagin3is under-expressed or
near the reference level. An up-regulationghi3 results in the opposite correlation pattern ¥@plandpph3 This mechanism
can be explained considering that most of the expression levels sbjgofor such pattern are relative to conditions of either
nitrogen depletion or amino-acid starvation. In such conditions, the ssiprelevel ofgin3 rapidly increases (concurrently with

the level of its activatopph3, in order to repress the transcription of nitrogen demanding genaigisod



