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ABSTRACT

Motivation: The use of gene microchips has enabled a rapid accu-
mulation of gene-expression data. One of the major challenges of
analyzing this data is the diversity, in both size and signal strength, of
the various modules in the gene regulatory networks of organisms.
Results: Based on the iterative signature algorithm [Bergmann,S.,
Ihmels,J. and Barkai,N. (2002) Phys. Rev. E 67, 031902], we present
an algorithm—the progressive iterative signature algorithm (PISA)—
that, by sequentially eliminating modules, allows unsupervised identi-
fication of both large and small regulatory modules. We applied PISA
to a large set of yeast gene-expression data, and, using the Gene
Ontology database as a reference, found that the algorithm is much
better able to identify regulatory modules than methods based on high-
throughput transcription-factor binding experiments or on comparative
genomics.

Contact: tang@nec-labs.com

1 INTRODUCTION

Theintroduction of DNA microarray technology hasmadeit possible
to acquire vast amounts of gene-expression data, raising the issue of
how best to extract information from thisdata. While basic clustering
a gorithms have been successful at finding genesthat are coregulated
for asmall, specific set of experimental conditions(Alonetal., 1999;
Eisen et al., 1998; Tamayo et al., 1999), these algorithms are less
effective when applied to large data sets due to two well-recognized
limitations. First, standard clustering algorithms assign each geneto
a single cluster, while many genes in fact belong to multiple tran-
scriptional regulons (Bittner et al., 1999; Cheng and Church, 2000;
Gasch and Eisen, 2002; Ihmels et al., 2002). Second, each tran-
scriptional regulon may only be active in afew experiments, and the
remaining experiments will only contribute to the noise (Getz et al.,
2000; Cheng and Church, 2000; Thmels et al., 2002).

A number of approaches have been proposed to overcome one
or both of these problems (Califano et al., 2000; Cheng and Church,
2000; Getz et al., 2000; Gasch and Eisen, 2002; L azzeroni and Owen,
2002; Owenet al., 2003). A particularly promising approach, thesig-
nature algorithm (SA) wasintroduced in Ihmels et al. (2002). Based
on input sets of related genes, SA identifies ‘ transcription modules

*To whom correspondence should be addressed.

(TMs), i.e. setsof coregul ated genesal ong with the sets of conditions
for which the genes are strongly coregulated. SA is well grounded
in the biology of gene regulation. Typically, a single transcription
factor regulates multiple genes; a TM naturally corresponds to a set
of such genes and the conditions under which the transcription factor
is active. The authors tested the algorithm on alarge data set for the
yeast Saccharomyces cerevisiae. By applying SA to various sets of
genes that were known or believed to be related, they identified a
large number of TMs.

Soon after, Bergmann et al. (2003) introduced the iterative sig-
nature algorithm (ISA), which uses the output of SA as the input
for additional runs of SA until afixed point is reached. By applying
| SA to random input setsand varying the threshold coefficient ¢ (see
below), the authorsfound almost all the TM sthat had been identified
using SA, aswell asanumber of new modules. Many of these mod-
ules proved to be in excellent agreement with existing knowledge of
yeast gene regulation.

While ISA can identify many transcriptional regulons from gene-
expression data, the algorithm has significant limitations. The
recovered modules depend strongly on the value of athreshold co-
efficient ¢ used in the algorithm. To find all the relevant modules,
thisthreshold must be varied by more than afactor of 2, and for high
thresholds many of the modules appear to be due to noise. Whilethe
largest, strongest modules are easily identified, among the smaller,
weaker modulesit isamajor chalengeto identify the real transcrip-
tional regulons. Weak modules can even be completely ‘ absorbed’
by stronger modules.

One clear conceptua limitation of 1SA is that it only considers
onetranscription module at atime; the algorithm does not use know-
ledge of aready identified modules to help it find new modules.
ISA may find a strong module hundreds of times before it finds a
given weak module, or it may be unable to find a weak module
a all. A simple way to ensure that the same module is not found
repeatedly isto directly subtract the modul e from the expression data
(thisapproach is used in Lazzeroni and Owen, 2002). A more robust
approach is to require the condition vector, i.e. the weighted condi-
tion set, of each new transcription module to be orthogonal to the
condition vectors of al previously found modules. In essence, this
procedure corresponds to successively removing transcription mod-
ulesto reveal smaller and weaker modules. The successive removal
of condition vectors is the central new feature in our approach.
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We call the modified algorithm the progressive iterative signature
algorithm (PISA).

2 METHODS AND ALGORITHMS
2.1 Motivation

To afirst approximation, the expression level of ageneis determined by the
activity of the various transcription factors in the cell.! If we assume that
different transcription factors act multiplicatively on the expression level,
i.e. additively on its logarithm (Bussemaker et al., 2001), then the relative
expression levels of all the genes under a set of experimental ‘ conditions’ are
given by

E=) g¢c +n, @
t

where E,. isthe logarithmic expression ratio of gene g under condition c,
relative to areference condition. The ‘genevector’ g, specifiesto what extent
each geneisregulated by transcription factor 7, and the ‘ condition vector’ ¢,
specifies the activity of transcription factor ¢ in each condition (specifically,
each element of ¢; isthelog ratio of ¢ activity in aparticular condition relative
toitsreference condition); » indicates noise. Together, wecall corresponding
gene vector g, and condition vector c; aTM.

The assumption of multiplicative activities may be approximately true for
single-celled organisms?, but certainly does not capture the highly combinat-
orial regulation presentin multicellular organisms. Nevertheless, Equation (1)
isauseful model for the role of transcription modulesin gene expression.

Ideally, for a given gene-expression data set we would like to extract the
full set of gene vectors and condition vectors. The gene vectors describe the
sets of genesthat are coregulated at the most basic level, while the condition
vectors describe how the cell responds to the different experimental condi-
tions. Unfortunately, the decomposition of thematrix E given by Equation (1)
isnot unique, even in the absence of noise.

There arewaysto find unique decompositions of E by requiring additional
properties of the gene vectors and condition vectors. One such approach
is singular value decomposition (SVD; see e.g. Alter et al., 2000), which
leads to gene vectors (eigenarrays) that are al orthogonal to each other, as
are the condition vectors (eigengenes). However, these orthogonal proper-
ties do not match our biological expectations—different transcription factors
may control substantially overlapping sets of genes, and may also be active
under many of the same experimental conditions. In addition, as shown by
Bergmann et al. (2003), SVD is sensitive to noise.

In order to find abiologically relevant decomposition, one should use the
properties we expect the ‘real’ solution to have. In particular, each transcrip-
tion factor typically controls only a small subset of the genesin acell. Thus,
we expect the gene vectors to be sparse. A reasonable godl is to find the
simplest (i.e. small number of TMs) decomposition for which the gene vec-
tors are sufficiently sparse. A natural way to enforce sparse gene vectorsisto
introduce a threshold, such that no element of a vector can be close to—but
different from—zero.

Whileitispossibleto search directly for afull decomposition of E with the
desired properties, such an approach is very computationally challenging. A
more practical approach isto search for transcription modules one at atime,
although correlations between different TMs make this also a challenging
problem. Ideally, in order to find the genes associated with agiven transcrip-
tion factor ¢ in Equation (1), we would look for a condition vector that has
alarge component along ¢,, but is orthogonal to the condition vectors of all
other transcription modules, thus avoiding interfering signals. In practice,

1Post-transcriptional regulation by specific degradation of mRNA may also
be considered to be a ‘transcription factor’ effect in this context.

2Moreover, even for single-celled organisms, the ascription of one transcrip-
tion module to each transcription factor is only approximate. For instance, a
transcription factor may regul ate some genes on the basis of its concentration
only, while it may regulate others depending on its phosphorylation state.

however, we can only ask that condition vectors be orthogonal to TMs we
aready know about.

2.2 Thealgorithms SA/ISA

We briefly review the algorithms SA and ISA. A transcription module M
can be specified by a condition vector (experiment signature) m® and agene
vector (gene signature) m&, where non-zero entries in the vectors indicate
conditions/genes that belong to the TM.

Given an appropriately normalized® matrix E of log-ratio gene-expression
data and an input set G| of genes, SA scores al the conditions in the data
set according to how much each condition upregulates the genesin the input
set (downregulation gives a negative score). The result is a condition-score
vector s

E™mS
=—20, @)
|min|
where ET isthe transpose of E and
1 geG
O o
g 0 g¢Gy

is the gene vector corresponding to the input set. The entries of sC that are
above/below athreshold +7c constitute the condition vector m€:

(). =€) o (@] e

where®(x) = 1forx > 0and ®(x) = 0forx < 0.
Similarly, the gene-score vector s° measures how much each gene is
upregulated by the conditionsin m®, using the entries of mC as weights:

G:Emc
¢ = e

®)

The entries of the gene-score vector sC that are more than ¢ standard devi-
aions o < above the mean gene score in the vector sC constitute the gene

vector mC:

(), =(8), 0 ((#),-((8),), o) ©

ISA startsfrom arandom set of genes and repeatedly applies SA, usingm®
astheinput mS for the next iteration, until afixed point is reached. For atrue
fixed point, the output m® would beidentical to theinput mi‘;’]; inpracticel SA
stops when the same set of genesis selected in two consecutive iterations.

Both SA and ISA apply thresholds to both gene scores and condition
scores. According to our discussion in Section 2.1, thresholding corresponds
to requiring that both gene vectors and condition vectors be sparse. However,
the two thresholds are very different: the gene threshold is specified in terms
of standard deviations of the observed gene-score distributions, and thus sets
an absol ute (7 -dependent) limit on the fraction of genesthat can beincluded
in amodule. The condition threshold, on the contrary, compares each score
to the expected distribution (if the data was uncorrelated noise), thus there
is no limit on the number of conditions that can be included. Indeed, few
transcription modules found by ISA contain <10% of the conditions, and
some contain >80%.

Asmentioned in Section 2.1, different TMs are often correlated. This can
contribute to the hierarchical clustering by 1SA: for a low gene-threshold
coefficient rg, correlated modules may appear to be a single, large module,
while at higher thresholds the individual modules are resolved (Bergmann
et al., 2003; Ihmelset al., 2004). However, it may be impossible for SA/ISA
to resolve correlated modules regardless of the value of ¢s. Thisisillustrated
in Figure 1 for asynthetic dataset with only two TMs: E = g1¢] +0z¢J +1,
where the elements of 1 areindependently drawn from anormal distribution.

3SA actually uses two matrices with different normalizations (Ihmels et al.,
2002).
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Fig. 1. A toy model with only two transcription modules (synthetic data).
(a) Module 1 is upregulated under condition A, while module 2—a larger,
stronger module—is upregulated under conditions A and B. The remaining
(background) genes only show Gaussian noise. (b) Normalized histograms
of the gene scores given by the signature algorithm (SA) for the background
(solidfill), module 1 (solidline) and module 2 (dotted fill), when using thetrue
condition vector for either module 1 (condition A) or module 2 (conditions
A + B). Even starting with the true condition vectors, SA does not resolvethe
two modules. Nor can theiterative signature algorithm (1SA) resolve module
1, even if it receives the module itself as input gene set, as the genes from
module 2 have higher scoresalso for condition A (thereisonly onefixed point
of ISA). Due to the noisy data, it is also impossible to separate the modules
by varying the ISA gene threshold coefficient 7.
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Fig. 2. Once the progressive iterative signature algorithm (PISA) has elim-
inated the combined module 1+ 2 from Figure 1 (dashed line), the remaining
signal makes it easy to separate the genes of module 1 from the genes of
module 2. (a) Remaining signal for each module. (b) Actual gene scores for
the new fixed point found by PISA. Genes of module 1 (solid line) have been
separated from genes of module 2 (dotted fill) and the background (solid fill).

2.3 Thealgorithm PISA

2.3.1 Orthogonalization Within PISA, each condition-score vector s
is required to be orthogonal to the condition-score vectors of all previously
found TMs, as illustrated schematically in Figure 2. Therefore, whenever
PISA finds a TM and its associated condition-score vector s©, the compon-
ent along s of each gene is removed from the gene expression matrix (see
Section 2.3.3). For example, inthetoy model in Figures 1 and 2, onefindsthat
PISA can easily identify both TMs: it first finds the strong module, removes
its condition vector, and then the only signal left is that of the weak module.

Progressively eliminating TMs a la PISA can also improve the prospects
for finding unrelated modules. The gene regulation from one module will
contributeto the background noisefor all unrelated modules. Therefore, elim-
inating large, strong modules can significantly improve the signal to noise
ratio of the remaining modules. Thisisin contrast to the situation for SVD:
the initial modules found with SVD will typically be a mixture of many real
transcription modules, and removing them will not significantly improve the
signal for weak modules. In PISA, the gene-score threshold ensuresthat only
afew, typicaly highly correlated, TMswill be combined.

The requirement of orthogonality in PISA conflicts with the condition-
score threshold as used in ISA. If we make the condition-score vector
orthogonal first and then apply the threshold, the vector will no longer be
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Fig. 3. Gene-score thresholds as used in ISA and in PISA agorithms (see
text); for a synthetic gene-score distribution for 6206 genes, 300 of which
belong to amodule; calculated using al the genes (top, solid bars) or only the
non-modulegenes (bottom, dashed bars). In1SA, thevaluerg ~ 2.5that gives
the desired (for PISA) threshold 4.0 in the presence of the module (solid
bar) givesamuch too low threshold if thereis no strong module (dashed bar).
In contrast, the threshold definition used in PISA is only weakly module-
dependent. The non-module (background) genes' scores follow a normal
distribution; (x)?9 =0, P9 = 1.

orthogonal, whereas if we apply the threshold first, orthogonalization will
give non-zero weight to al conditions, eliminating the noise-filtering benefit
of thresholding. We have chosen to eliminate the condition-score threshold
completely. Inany event, conditionsthat in | SA would fall below thethreshold
will have low weight and will give only asmall contribution to the noise.

Thisorthogonalization procedure givesgood estimatesfor the gene vectors
in Equation (1), but the resulting condition vectors are of course all ortho-
gonal. A condition vector calculated from the final gene vector using the
initial value of the gene-expression data matrix, as given in Section 2.3.6,
gives amuch better description of the ‘rea’ TM.

2.3.2 The gene-score threshold In ISA, the gene-score threshold is
tcose, Where the standard deviation o is computed using the full distribu-
tion of gene scores and includes contributions both from the background and
from the module of interest (Fig. 3). For large, strong modules, the module
contribution may belarger than the background contribution. Asaresult, oss
ismodule dependent, and rc must be adjusted to prevent fal se positives from
the background: at low thresholds, asmall module would be lost among false
positives; while at high thresholds, it is mathematically impossible to find a
large module. One can run I SA with many different threshold coefficients rg
in order to find more modul es than available at any single threshold, however
thisresultsin alarge number of false positives.

Within PISA, we eliminate the need to use multiple gene-score thresholds
by specifying the threshold relative to the background alone, which we estim-
ate using the mean, (x)7%, and the standard deviation, o 7%, of the gene
scores within the shortest interval that contains at least 70% of all the gene
scores. By excluding extreme gene scoresin thisway, we minimize theinflu-
ence of the module of interest itself on the means and standard deviations of
gene scores (Fig. 3). Asatest, we used o "% in place of o in ISA and found
both very large and very small modules with asingle value of 7¢.*

We need to be conservative when selecting the gene-score threshold
because, if PISA misidentifies a module, elimination of its condition vector
can lead to errorsin other modules. Therefore, the number of genesincluded
in modules due to noise should be very low. We have used a threshold of
7.00 %%, which for a Gaussian distribution corresponds to about 3.90. The

4However, it isstill necessary to usealarge range of thresholdsto find all the
ISA modules; thisis not just an artifact of the threshold definition.
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chance of including agene due to noiseis about 10~ per gene, e.g. with the
6206 genes in the yeast data set, the average number of genes included by
mistake in each module would be about 0.62. Using a high threshold means
that we may miss genes that should belong to a module, however this is
lessrisky than including genes by mistake. As PISA proceeds by eliminating
condition-scorevectors, it does not matter whether weidentify all thegenesin
amodule, aslong as the condition-score vector is accurate. Potentially, once
PISA hasfinished, one could easily see which geneswould beincluded when
using various gene-score threshol ds for the same condition-score vector.

ISA only considers sets of genes that have high gene scores, i.e. positive
signs. Asdiscussed in Ihmels et al. (2002), this can lead to two modules that
areregulated by the same conditions but with opposite sign. In contrast, PISA
includes al genes with sufficiently extreme scores in a single module, and
the relative signs of gene scores specify whether the genes are coregulated or
counter-regul ated.

2.3.3 Implementation of PISA  To begin, PISA requires amatrix E of
log-ratio gene expression data, with zero average for each condition. Two
matrices are obtained from E: Thefirst Eg is normalized for each gene

((Ea)ge)e = 0,((E)i)e =1 VgeG.

Normalization of Eg is essential so that the gene-score threshold can be
applied to all genes on an equal footing. The second matrix Ec is obtained
from Eg by normalizing for each condition, ((Ec,o)ﬁc) ¢ = 1, where Ecp
denotes the initial Ec. (Note that thisis essentially the opposite of the nota-
tion used in Bergmann et al., 2003.) PISA consists of a large number of
steps (typically 10000). In each step, we apply a modified version of ISA
(PISAstep, see below), and if amodule is found during the step, we remove
from Ec the components along the module's condition-score vector sC:

€ (9)"
C .
s
As PISA progresses, new modules are found less and less frequently. For
example, onerun of 10000 stepsfound 779 preliminary (see below) modules,
and 442 of them were found in the first 1000 steps. As the later modules are

also generally smaller and lessreliable, the exact number of stepsisnot very
important.

El —Ec—E @

234 PISAstep Asinput, astep of PISA requires the two matrices Ec
and Eg. We start each application of PISAstep by generating arandom set of
genes G and a corresponding gene vector mg:

1 geGo
0 g¢Go.

Each iteration i within PISAstep consists of multiplying the transpose of Ec
by the gene vector m? to produce the condition-score vector sf::

s = ELmE,
and then multiplying Eg by the normalized condition-score vector to produce
the gene-score vector s°:
E(;Slc
o
|s7

From s, one cal cul ates the gene vector m& ; for the next iteration:

i+l

M, =(s°) of|(s® 7<sf3 > — 1o %) .
.= (#), 0(|(#), - ((#),) | -2
We iterate until one of three conditions is met: (1) (m®), and (Mg ),
have the same sign (0, + or —) for dl g, (2) the iteration number isi = 20,
or (3) fewer than two genes have non-zero weight. Criterion (1) indicates
convergence to afixed point,® (2) handles limit cycles (see Section S.2), and

G _
S =

70%

7

4

SWefind that if the gene set does not change, the distanceto atrue fixed point
isvery small; further iteration generally only gives minimal changes.

(3) indicates failure to find a module. If fewer than five genes have non-
zero weight, the result is discarded, otherwise we have found a module with
condition-score vector s° = s°, gene-score vector s® = s, and gene vector
m¢ = m}il. The module is then stored as a ‘preliminary module’ (see
below), and Ec is updated according to Equation (7).

We chose a threshold coefficient 7 = 7.0 so that the expected number
of genes included in each module due to background noise would be less
than 1. However, with this high threshold, starting from a random set of
genes there was only avery low chance that two or more genes would score
above the threshold in the first iteration.® To increase the chance of finding a
module, we used a different formulafor m$, i.e. for the first iteration only.
Instead of selecting just those genes with scores above the threshold, we kept
arandom number 2 < n < 51 of the genes with the most extreme scores.”
This procedure was generally adequate to produce a correlated set of genes
for the next iteration.

PISAstep is very similar to an application of SVD to find an eigenar-
ray/eigengene pair. The key difference is the gene threshold in PISA which
requires the gene vector (eigenarray) to be sparse.

2.35 Consistent modules 1SA typicaly finds many different fixed
points corresponding to the same module, each differing by a few genes.
PISA only finds each module once during arun, but the precise genesin the
module depend on the random input set of genes and also on which mod-
uleswere aready found and eliminated. Furthermore, PISA sometimesfinds
a module by itself, while other times it may find the module joined with
another module, or PISA may find only part of a module, or not find the
module at all. To get areliable set of modules, it was necessary to perform a
number of runs of PISA and identify the modules that were consistent from
run to run.

To identify consistent modules, we first tabulated preliminary modules—
transcription modules found by individua runs of PISA. A preliminary
module P contributes to a consistent module C if P contains more than half
the genes in C, regardless of gene-score sign, and these genes constitute at
least 20% of the genesin P. (PN C| > 05|C| A |[PNC| > 0.2|P|) A
geneisincluded in the consistent moduleif the gene occursin more than 50%
of the contributing preliminary modules, always with the same gene-score
sign.8 We found the consistent modules by iteratively applying these criteria
until wereached afixed point, starting fromall pairsof preliminary modules.®

2.3.6 Correlationsbetween condition-scorevectors  Onceweiden-
tified a consistent module, m€, we calcul ated the raw condition-score vector
r = ELym®, using the nitial value of the gene-expression data matrix Ec.
From the r s we evaluated the condition correlationsr - r//(|r| |r’|) between
different modules.

Additional details of the algorithm PISA are discussed in the supporting
material.

24 p-Values

Given aset containing m genes out of thetotal of Ng, the p-value for having
at least n genesin common with a Gene Ontology (GO) category containing
¢ of the Ng genesis
min{c,m} Ng—
Q0

i=n (}\r/nG) ’

®)

6Thisisnot anissuein ISA, where the condition threshold helps to pick out
the signal—which is possibly very small—from the noise.

72 isthe smallest number of genesthat isinteresting; 51 isan arbitrary (large
enough) upper limit.

8The values 50, 20 and 50% used are subjective criteria for how consistent
modules should be. However, theresultsare not very sensitiveto thesevalues.
SWhile this approach may not be fully exhaustive, any consistent module
missed by this approach islikely to be avariant of another consistent module
or amarginal case.
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We ignore any genes that are not present in our expression data when
counting c.

3 RESULTS

We applied PISA to theyeast data set used in Bergmann et al. (2003),
which consists of log-ratio gene-expression data for Ng = 6206
genes and Nc = 987 experimental conditions (see Sections S.4
and S.5 for details). Normalization gives the matrices Eg and Ec
(see Sections 2.3.3 and S.1 for details).

As a preliminary test, we repeatedly applied PISA to one fully
scrambled version of the matrix Eg (and the corresponding Ec).
From runto run, thealgorithm identified many large modulesderived
amost entirely from a single condition, as expected in light of the
broad distribution of the raw gene-expression data (Fig. S1). PISA
aso found many small modules, but these differed from one run to
the next. We were able to eliminate both of these classes of false
positives using filters for consistency, recurrence, and number of
contributing conditions (Fig. S2; see Section S.3 for details).

We performed 30 runs of PISA on the yeast data set and identi-
fied the modules that appeared consistently, using the filters derived
above. At the start of each run, only afew preliminary modulescould
be found with our single choice of gene threshold 7. Nevertheless,
PISA did consistently find new preliminary modules after elimin-
ating others, demonstrating that removing the condition vectors of
found modules improves the signal to noise for the remaining ones.
A total of 166 consistent modules passed thefilters (PISA modules).
Out of the 6206 genes included in the expression data, 2512 genes
appeared in at least one PISA module, and more than 500 genes
appeared in more than one PISA module.’® No genes appeared in
more than four different PISA modules.

For most of the PISA modules, the geneswere coregulated, i.e. all
the gene scores had the same sign. (In contrast, the consistent mod-
ulesthat wereeliminated by thefilters often had about equal numbers
of genesof either sign.) Therewere, however, asignificant number of
PISA moduleswith afew gene scores differing in sign from therest,
e.g. the arginine biosynthesis modul e described below. Furthermore,
many of the PISA modules agreed closely with modules identified
by ISA at various thresholds, while other PISA modules were sub-
sets of ISA modules. Some PISA modules, for example, the de novo
purine synthesis module (Fig. 4), were significantly more complete
than the ones found by I1SA (at any threshold).

PISA found several small modulesthat agreevery well with known
gene regulation in yeast. For example, the arginine-biosynthesis
module consists of ARG1, ARG3, ARG5,6, ARG8, CPAL,
YOR302W, MEP3, CAR1 and CAR2; out of these CAR1 and CAR2
have negative gene scores, i.e. they are counter-regul ated relative to
the others. The first five genes are precisely the arginine-synthesis
genes known to be repressed by arginine, while CAR1 and CAR2
are catabolic genes known to be induced by arginine (Messenguy
and Dubois, 2000).

PISA also found a zinc (zapl-regulated) module even though the
set of 987 conditions did not include zinc starvation. The set of
genes in the module (ZRT1, ZRT2, ZRT3, ZAP1, YOL154, INO1,
ADH4 and YNL254C) agree well with the highest-scoring genesin
a separate microarray experiment comparing expression, under zinc

1OWe have adjusted for the fact that some modules occur in several similar
versions.

De novo purine biosynthesis pathway
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Fig. 4. The purine synthesis module found by PISA (genes shown in bold)
containsall thecentral genesinvolvedindenovo purinebiosynthesi sand asso-
ciated one-carbon metabolism in yeast, aswell as some of the genesinvolved
in the closely connected histidine biosynthesis pathway. Purine synthesisis
known to be regulated by the basl transcription factor (Daignan-Fornier and
Fink, 1992; Deniset al., 1998); genesthat are underlined have p-valuesbelow
0.001 for basl binding in database A. Only selected metabolites are shown.
The inclusion of related processes, e.g. serine synthesis, in the module may
be due to the ‘ Borges effect’ (Mateos et al., 2002).

starvation, of a ZAP1 mutant versus wild type (Lyons et al., 2000).
For thismodule, the highest-scoring of the 987 conditions camefrom
the Rosetta compendium (Hughes et al., 2000) of deletion mutants
(see Fig. S9). Our identification of the unknown gene YNL254C as
part of the zinc module, aswell asthe starvation experimentsin Lyons
et al. (2000) and direct transcription-factor-binding experiments (see
below), all indicatethat Y NL254C isregulated by zap1, and probably
functions in zinc starvation/uptake.

Inorder to evaluatethe overall performance of PISA, we compared
our PISA modulesto the categoriesin the GO curated database (The
Gene Ontology Consortium, 2001).11 For the set of genesin each of
our modules we calculated the p-value for the overlap with the set
of genes in every GO category (see Section 2). The p-value is the

1t is not clear to what extent the GO category definitions (molecular
functions, cellular components and biological processes) correspond to the
transcription modules we are searching for, which are characterized by core-
gulation. Thus, failure to find a good overlap with a GO category does not
necessarily indicate that a module is not biologicaly relevant, but a very
significant overlap does show biological relevance. Using GO p-values as a
score should therefore be a reasonable way to compare the modules found
using different approaches.
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Fig. 5. Best p-vaues onto every GO category with 500 or fewer genes. In
each panel, weinclude only GO categories for which at least one p-valueis
below 10719, (a) 166 modules found by PISA versus 778 modules found by
ISA. ISA here does a dlightly better job overall, but using far more modules
to compare to each GO category. (b) 166 PISA modules versus the 215 most
recurrent | SA modulesfrom (a). PISA now doessignificantly better than I SA.
Furthermore, whenever ISA had a significantly lower p-value than PISA in
(a), thisisstill the casein (b); thus the modulesfor which | SA does better are
the highly recurrent large, strong modules, while PISA does a much better
job at finding small, wesak, but still biologically relevant, modules.

probability that an observed overlap occurred by chance. The lowest
p-valuewe found was 5.7 x 10~1%L, for the GO category ‘ cytosolic
ribosome’, and we found p-values below 102 for more than 130
other GO categories. (The modules that were removed by our filters
mostly did not have significant p-values.) Figure 5 shows a compar-
ison between GO-category p-values for PISA and for ISA.12 While
ISA does a somewhat better job at identifying large, strong mod-
ules, PISA does significantly better at finding small, weak modules.
PISA also does better at producing accurate modules (we compared
p-vaues in cases where at least 50% of the module genes belong
to the GO category; data not shown). As shown in Figure S3, both
algorithms perform much better than SVD.

We also used the p-values between our PISA modules and the
GO categories to compare PISA to other means of identifying
transcription modules. Specifically, we compared PISA to two
different databases of genes predicted to be regulated by single tran-
scription factors. Database ‘A’ contains genes that were enriched
through immunoprecipitation with tagged transcriptional regulators
(Lee et al., 2002), while database ‘B’ has genes sharing regulatory
sequences derived by comparative genomics (Kellis et al., 2003).
Figure 6 showsthe p-values between GO and PISA compared to the
p-values between GO and each of these two databases.!® The lower
p-valuesfor PISA indicate a consistently better agreement between
GO and PISA than between GO and the other databases. While PISA
may have a dight advantage in that it looks for overall coregulated
genes as opposed to genes that share a single transcription factor,
and this may be somewhat closer to the definitions of GO categor-
ies (biological processes, etc.), it isremarkable that there are no GO
categoriesfor which database A or B significantly outperformsPISA.

12\We used the | SA modulesincluded in the Matlab implementation available
at http://barkai-serv.weizmann.ac.il/GroupPage/software.htm. This includes
modules for threshold coefficients from 1.8 to 4.0.

1BWeused aninternal p-valuethreshold of 0.001 for database A, as suggested
inLeeetal. (2002).

(a) PISA vs. database A (b) PISA vs. database B
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Fig. 6. Best p-values onto every GO category with 500 or fewer genes. In
each panel, we include only GO categories for which at least one p-valueis
below 10~10, (a) PISA versus database A. (b) PISA versus database B. ()
inset: database A versus database B—there are very few GO categories onto
which both A and B have low p-values.

Compared to microarray data, database A and database B share
one clear disadvantage: their binding sites are assigned to intergenic
regions, and if thetwo genesbordering anintergenicregion arediver-
gently transcribed, then the databases do not identify which of the
genesis regulated. In many cases, we found that by comparing sets
of genesin database A to PISA modules, we could decide which of
divergently transcribed genes were actually regulated. For example,
database A lists six intergenic regions as binding site for zapl at an
internal p-value threshold of 10>, and four of these lie between
divergently transcribed genes. However, five of the six intergenic
regions border the genes ZRT1, ZRT2, ZRT3, ZAP1 and YNL254C
which PISA identifies as part of the zinc module.

Database A appearsto have an additional source of false positives.
Intergenic regions that are close to intergenic regions with very low
p-values often have low p-values themselves, even when there is
no apparent connection between the genes and no evidence of a
binding site in the DNA sequence. For example, for the de novo
purine-biosynthesismodule, whichisprimarily regul ated by thebasl
transcription factor, the intergenic region controlling GCV2 has the
lowest p-valuewithindatabaseA, 1.1x 1016, and all thefour closest
intergenic regions have p-values below 10~5. Comparison to PISA
modules can help eliminate these potential false positives: out of the
29 genes assigned a p-val ue below 10~ for basl binding in database
A, 13 belong to a single PISA module, four others are divergently
transcribed adjacent genes, and six others are genestranscribed from
nearby intergenic regions.

4 DISCUSSION

PISA embodies anew approach to analysis of large gene-expression
datasets. Thecentral new featurein PISA istherobust elimination of
transcription modules asthey arefound, by removing their condition-
score vectors. Also new to PISA, compared to its precursors SA
(Ihmelsetal., 2002) and I SA (Bergmannetal., 2003), istheinclusion
of both coregulated and counter-regulated genes in a single module,
and the use of a single gene-score threshold.

Altogether, these new features result in an agorithm that can
reliably identify both large and small regulatory modules, without
supervision. We confirmed the performance of PISA by comparison
to the GO database—PISA performed considerably better against
GO than either high-throughput binding experiments or comparative
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Fig. 7. Correlations between modules identified by PISA (see text). The
modules are ordered to form clusters; the full list is shown in Table S1
(same for both axes). This plot recaptures many of the relationships shownin
Ihmels et al. (2004), Figure 4: the three large, highly correlated areas shown
above correspond to the three different trees of hierarchical clustering in that
figure (lower |eft corner isamino acid synthesis, upper right corner isprotein
synthesis and mid-lower left is stress).

genomics. PISA therefore provides apractical meansto identify new
regulatory modules and to add new genes to known modules.

While PISA ismore successful at finding small transcription mod-
ules, ISA isoveral better at finding large, strong modules. Thisis
not surprising: such modules are typically the first to be identified
by PISA, and then PISA does not have any advantage over |ISA—no
other modules have yet been eliminated. ISA, on the contrary, has
the advantages of eliminating ‘useless’ conditionswith the condition
threshold and using multiple gene-threshold values to find the best
modules. One possible line of future work isahybrid algorithm that
combines the strength of 1SA at finding large, strong modules with
the ability of PISA to reliably identify weak modules.

Can PISA shed any light on the organization of gene expression
beyond the level of individual transcription modules? In Bergmann
et al. (2003), the authors argued that they could trace the relationship
between modules from the effects of changing the threshold ¢, as
done in greater detail in Ihmels et al. (2004). For instance, a large
module might split into two smaller ones as 1 was increased. With
PISA, wewereableto useamoredirect approach. Onceweidentified
the modules, we computed the ‘raw’ (i.e. pre-transcription-module-
elimination) condition-score vector r for each module, and from
these raw condition-score vectors, we eval uated the condition correl -
ationsbetween modul es (see Section 2). Figure 7 showsthe condition
correlations between 40 of the modules that we can put anameto. A
large, positive correlation between two modules can either indicate
that the modules have many genes in common, e.g. the genes of the
arginine-biosynthesis module are essentially a subset of the genes
of the amino-acid-biosynthesis module, or, as in the toy model in
Figures 1 and 2, the modules have few/no genes in common, but the

two sets of genes are similarly regulated under many conditions. In
the toy model, the raw condition-score vectorsrq and r, correspond
to the vectors in Figure 1a and their correlation, ry - ro/(|r1| [r2]),
is simply the cosine of the angle between them. A real example of
this second type of correlation is provided by the ribosomal-protein
module (107 genes) and the rRNA-processing module (80 genes).
They have no genesin common, but the correlation between themis
very high, 0.71.

To filter out false modules, we found it necessary to ignore al
modules that depended only on a few conditions. As aresult, true
modul esthat were strongly regulated only in afew experimentscould
be missed. This suggests that experiments that affect many modules
at once, in different patterns, are more useful than experiments that
probe the effects of relatively simple perturbations. While the latter
are easier to analyze one by one, there ismore actual information in
the former, and algorithms such as PISA can efficiently combine the
results from many ‘complex’ experiments to revea the individual
modules.
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