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1. Introduction

Through their transcript products genes regulate
the rates at which an immense variety of transcripts and
subsequent  proteins ocaur. Understanding the
medhanisms that determine which genes are expressed,
and when they are expressd, is one of the keys to
genetic manipulation for many purposes, including the
development of new treaments for disease.

Viewing eath gene in a genome & a distinct
variable that is either on (expresss) or off (does not
express, or more redisticdly as a mntinuous variable
(the rate of expresdon), the values of some of these
variables influence the values of others through the
regulatory proteins they express including, of course,
the posshility that the rate of expresson of a gene &
one time may, in various circumstances, influence the
rate of expresson of that same gene & a later time. If
we imagine an arrow drawn from ead gene expresson
variable & a given time to a gene variable whose
expresgon it influences a short while éter, the result is
a network, technicdly a direded acyclic graph (DAG).
For example, the DAG in Figure 1 is a representation of
a system in which the expresson level of gene G; at
time 1 (denoted as G;(1)) causes the expresgon level of
G,(2), which in turn causes the expresson level of
G3(3). The arows in Figure 1 which do not have a
variable & their tails are “error terms’ which represent
al of the caises of a variable other than the ones
explicitly represented in the DAG. The DAG describes
more than asociations—it describes causal connections
among ene expresson rates. A shock to a cdl—by
mutation, heaing, chemicd treadment, etc. may alter
the DAG describing the relations among gene
expresgons, for example by adivating a gene that was
otherwise not expressd, producing a cacade of new
expresson effeds.

Although “knockout” experiments (which lower a
gene's expresson level) can reved some of the
underlying causal network of gene expresson levels,
unless guided by information from other sources, such
experiments are limited in how much of the network
structure they can reved, due to the shea number of
possble combinations of experimental manipulations of
genes necessry to reved the complete caisal network.

Recent developments have made it possble to
compare quantitatively the expresson of tens of

thousands of genes in cdls from different sources in a
single experiment, and to trace gene expresson over
time in thousands of genes smultaneously. cDNA
microarrays are drealy producing extensive data, much
of it available on the web. Thus there ae cdls for
analytic software that can be gplied to microarray and
other data to help infer regulatory networks (Weinzierl,
1999. In this paper we will review current techniques
that are available for searching for the caisal relations
between variables, describe dgorithmic and data
gathering obstades to applying these techniques to gene
expresson levels, and describe the prospeds for
overcoming these obstades.

2. Bayesian Networks

A number of different models have been suggested
for gene expresson networks. These include linea
models (D'haesclea et al 1999, nonlinea models
(Weaver et a. 1999, and Bodean retworks (Kauff man
1993 Somogyi and Sniegoski, 1996. In all of these
models all variables are asaumed to be observed and the
relationships among them are deterministic. Liang, et
a, (1998 describe aseach, the REVEAL program, for
Boolean dependencies in systems free of noise and of
unmeasured common causes using mutual information
measures. However, the system as described, is not
robust over aggregation, omitted common causes,
measurement  error, non-synchronized cdls, or
feadbadk.

Murphy and Mian (1998 and Friedman et al.
(1999 have suggested using Bayesian network models
of gene expresson networks. Among the alvantages of
Bayesian retworks models are that 1) they explicitly
relate the direded acyclic graph model of the caisal
relations among the gene epresson levels to a
statistica hypothesis; 2) they include dl of the
aforementioned models, and Hidden Markov Models,
as eda cases, 3) there ae dready well developed
algorithms for searching for Bayesian networks from
observational data (see reviews in Spirtes et al. 200Q
and Cooper 1999; 4) they allow for the introduction of
a stochastic dement and hidden variables; 4) they alow
explicit modeling of the process by which the data ae
gathered.

A Bayesian network consists of two dstinct parts:
a direded acgyclic graph (DAG or belief-network



structure) and a set of parameters for the DAG. The
DAG in a Bayesian network can be used to represent
causal relationships among a set of random variables
(such as gene expresdgon levels). A DAG represents the
causal relations in a given population with a set of
vertices V when there is an edge from A to B if and
only if A isadired cause of B relative to V. (We alopt
the convention that sets of variables are boldfacel.)

2.1. TheCausal Markov Assumption

We say that a set of variables V is causally
sufficient when no two members of V are caised by a
third variable not in V. According to the Causal Markov
Asaumption, ead vertex is independent of its non-
descendants in the graph conditional on its parents in
the graph. For example, in Figure 1, the Causal Markov
Asaumption entail s that G3(3) is independent of Gy(1)
(which is neither a parent nor a descendant of Gz(3)),
conditional on G,(2) (which is a parent of Gs(3)). The
Causal Markov Asaumption entail s, for example, that if
there is no edge between two variable X and Y in a
DAG G, then X and Y are independent conditional on
some subset of the other variables

Gy(1)

r'd

G2(2)

Gy
Figurel: Example 1

2.2. TheCausal Faithfulness Assumption

In order to draw any conclusions about the
structure of the DAG from an observed sample, one
must make some kind of simplicity asaumption. One
such asaumption is the Causal Faithfulness Assumption,
which states that any conditional independence
relations in the population are entailed by the Causal
Markov Assumption. For a number of different
parametric families, the set of parameters that lead to
violations of the Causal Faithfulness Asuumption are
L ebesgue measure 0.

Under the Causal Faithfulness Asaumption,
conditional independence relations give dired (but
partial) information about the structure of the graph.
For example, in Example 1 of Figure 1 we can conclude
that there is no dired edge between G,(1) and G3(3) if a
statisticd test indicates that G;(1) is independent of
G3(3) conditional on G,(2).

A number of methods of asdgning scores to
Bayesian networks based on observed data do not
explicitly make the Causal Faithfulness Asaumption,
but do so implicitly. SeeHedkerman et al., (1999.

3. Search

3.1. Assuming Causal Sufficiency

We first consider seach algorithms when it is
asaumed that the measured set of variables V is causally
sufficient, or equivaently, there ae no hidden common
causes of members of V.

The problem of finding the best DAGs from a
given sample is difficult because the number of DAGs
is aper-exponential in the number of observed
variables. While badkground information, such as the
time order in which events occur grealy reduces the
complexity of the problem, it till remains a large
seach space

There ae two main approacies to seaching for
Bayesian network models. The first approach (as
exemplified in the PC agorithm, Spirtes, et al., 2000
performs a series of tests of conditional independence
on the sample, and uses the results to construct the set
of DAGs that most closely implies the results of the
tests If the time order of the variables is known (as
would be the cae in a time series of measurement of
gene expresson levels) is known, the output is a single
DAG. For example, in Figure 1, if a statisticd test
indicaes that the Gs(3) is independent of Gy(1)
conditional on G,(2), the PC algorithm concludes that
there is no dred edge from G;(1) to Gs(3). For either
discrete or normally distributed variables, under the
Causal Markov and Faithfulness Assumptions the
algorithm pointwise (but not uniformly) converges to
the corred answer in the large sample limit, and, as
long as the maximum number of parents of any given
variable is held fixed, the dgorithm's complexity is
polynomial in the number of measured variables.

The seacond approach to seaching for Bayesian
networks asdgns a score to ead DAG based on the
sample data, and seaches for the DAG with the highest
score. The scores that have been assgned to DAGs for
variables that are discrete or distributed normally
include posterior  probabilities, the Minimum
Description Length, and the Bayesian Information
Criterion. A variety of methods of seach for DAGs
with the highest score have been propased, including
hill -climbing, genetic dgorithms, and simulated
anneding. (Hedkerman et a., 1999 Spirtes, et al.,
2000. If the time order of the variables is known, then
there isin general a single DAG with the highest score.
The scores have been shown to be aymptoticdly
corred in the sense that in the large sample limit no
DAG recaves a higher score than the true DAG.
Generally, however, scoring seacches are heuristic.

3.2. Not Assuming Causal Sufficiency

When causal sufficiency is not assumed, search for
DAGs bewmmes much more difficult. The FCI
algorithm is an extension of the PC agorithm to DAGs



with latent variables and (pointwise, but not uniformly)
converges to the crred output under the Causa
Markov and Faithfulness Assumptions for normal or
discrete variables. However, even if the time order of
the measured variables is known, the output of the
algorithm is not a uniqgue DAG. The informativeness of
the output depends whether the set of DAGs output
have awy interesting feaures in common. This in turn
depends heavily upon the true number or hidden
common causes, and their predse caisal relationship to
the measured variables. (Spirtes, et al., 2000 In the
worst caseg, if there is a hidden common cause of every
pair of measured variables, thereis esentialy no useful
information about the true DAG.

It has proved espedally difficult to extend score-
based seaches to hidden variable models. (One
heuristic goproach is described in Friedman, 1998)
When there is no baund on the number of hidden
variables, the seach space for scoring algorithms is
infinite. Perhaps more important, there ae difficult
unsolved computational and conceptual problems in
cdculating scores for hidden variable models (e.g. it is
not known whether such scores are aymptoticdly
corred). Moreover, extending scores beyond the
discrete axd norma cases faces wrious difficulties
becaise many other families of distributions are not
closed under marginali zation.

4. Applying Search to Microarrays

41.  Sample Sizelssues

Simulation experiments on inferring DAG structure
from sample data indicate that even for relatively sparse
graphs sample sizes of several hundred are required for
high acaragy. A typicd singe microarray chip
produces a sample of one for eat gene. Thus in order
to gather sample sizes of several hurdred, data will
need to be gathered from hundreds of microarray chips.
For example, the sample size in the well known cdl
cycle experiments of Spellman, et al 1998 is 76. If
current trends in deaeases in the price of microarray
chips continue, then it is may be possble to gather the
sample sizes required for high acaracy in the nea
future.

The price of a microarray chip is related to how
many genes it measures. Only a fradion of genes
appea to vary in their expresson in response to
endogenous or exogenous changes (Kauffman, 1993.
Seleding a subset of genes that are causally interading
with ead other or are reading to an external stimulus
would deaease the st of gathering a large number of
samples. In addition, since the uncertainties of
estimation depend on, among other things, the ratio of
the number of variables to the number of independent
measurements of those variables, the aility to restrict
attention to a fradion of the genome is crucial.
Spellman, et a. (1998 describes one method o

seleding a subset of genes whose expresson varied asa
function of the cdl cycle phase.

Another posshle method for seleding a subset of
genes is to use dustering algorithms on a relatively
small sample, and then seled a subset of genes that
occur inasinge duster for further analysis. There ae a
number of clustering techniques that have been
propcsed for gene expresson data, including Eisen et
a. (1999, Hagtie @ al. (2000, and Lazzeoni and
Owen (1999. Tibshirani et al. (1999 provides an
overview of clustering techniques for gene expresson
data. However, it is an open question whether any of
the dusters creaed by these different agorithms
contain genes that are strongly causally interading with
ead other.

4.2. Measurement Error

If G1(1) influences the expresson of G3(3) only
indirealy through the influence of G,(2), the fad that
G,(2) is an intermediate can be recmvered if the joint
probabiliti es are known, becaise the expresson level of
G3(3) will be independent of the expresson level of
G1(1) conditional on Gx(2). But if the gene expressons
are measured with error, the arresponding conditional
independence anong the measured variables will not
hold. Suppacse, for example, in Figure 2, Gy; measures
the true expresgon level G; but the value of Gy, isalso
affeded by noise (represented by the aror term into
Gmy), and similarly for Gy, and Gys. It will not in
general be the cae that Gy, is independent of Gys
conditional on Gy;,. (This may not be obvious, but like
al of our claims about conditiona independence
relations in particular examples, they can be proved by
applying Peal’s d-separation relation to the graph in
question. See Peal (1988). However, the
independence of Gy; and Gy conditiona on Gy, will
hold approximately if the measured values are strongy
correlated with the true values (i.e. the noise is small),
in which case it may be posdble to recmver useful
information about the underlying causal relations
between Gy(1) through G;(3). Information about the
size of random measurement error could be gathered by
putting multiple cpies of the same gene on a single
microarray chip, and estimating the variance
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Figure 2: Measurement Error

4.3. Averaging
While the dm isto describe the regulatory network
at the cdlular level, typicd microarray experiments do



not measure the cncentration of transcripts in a single
cdl (although with film and laser technology, that is
incressingly feasible—see Weinzierl, 1999 but instead
of a large wmlledion of cdls. That means that the
recording from ead spot on a microarray is not a
measurement of the transcripts from any one cdl, but is
instead a measurement of the sum or average of the
transcripts (or their concentrations) from a lledion of
cdls.

Ga1(1) —» Gsi(1) €—Gg,(2)
4

—»-Gn3(3) —» Gss(3) € G,(3)
Figure 3: Averaging

Figure 3, shows a hypotheticd causal structure for
gene expresson levels in two cdls, A and B. Gay(1)
represents the gene expresdon level of G; in cdl A at
time 1, Ggy(1) represents the gene expresson level of
G;incdl B at time 1, and Gg (1) represents the average
of GAl(l) and GBl(l) Although GAl(l) and GA3(3) are
independent conditional on Gax(2), and Ggy(1) and
Gg3(3) are independent conditiona on Ggy(2), in
genera Gg(l) and Gg(3) are not independent
conditional on Gg(2). However, if the variance of the
gene expresson levels acoss different cdls is gnall,
Gs1(1) and Gg(3) will be gproximately independent
conditi onal on Ggy(2).

We have dso shown that if there ae
experimentally redizable nditions in which the
underlying influences of the genes on one aiother are
approximately linea, or piecewvise linea, then the PC
and FCI agorithms, for sufficiently large samples and
under reasonable further asaumptions, recover feaures
of the network structure even from data that consists of
averages of gene expresson levels from many cdls,
rather than gene expresson levels from individual cells.
Lineaity is sufficient, we do not know that it is
necessry. For example, there ae parameterizations of
networks of binary variables, so-cdled noisy “or” gates,
that have many of the properties of linear systems
(Peal, 1988 Cheng, 1997, Glymour, in pres§ and we
have not investigated whether they have requisite
invariance properties, athoughwe plan to.

4.4, Families of Distributions

Another solution to the problem of averagingis to
measure gene expressons in a single cdl. Most
Bayesian network discovery algorithms have assumed
that the data is either normal, or discrete. Gene
expresson level data, even for single cdls, may satisfy
neither of these asamptions. One way of applying
existing Bayesian network discovery algorithms to non-
normal continuous data is to dscretize it. However, if

continuous variables are llapsed into dscrete
variables using cutoffs, for example dividing expresson
levels above and below a cetain vaue into “on” and
“off,” or twice dividing into “high,” “medium” and
“low, " the conditional independence relations among
the original continuous variables are not in general
retained. Hence, further reseach in this areais nealed.

45.  Other Hidden Common Causes

One or more varying ron-genetic fadors may
influence the expression of multiple genes within the
cdl. These fadors will not be recorded in microarray
data, so that the mrred graphicd architedure would
not only include the genes expressd, but also some
representation of associations among gene expresson
produced by unrecorded common causes. As long as
there ae not too many hidden common causes, seach
algorithms auch as FCI can in principle find useful
information about the true structure.

4.6. Feedback

If measurements are taken from synchronized
systems at intervals close enoughin time so that thereis
no, or little, feedbadk the issue does not arise, but if
data taken at different times are gggregated, or data ae
taken from a mixture of non-synchronized cdls, the
measured expresson levels may have been produced by
feedbadk. A finite graphicd representation of the
conditional independence and causal relations among
such variables will be a direded cyclic graph. An
algorithm for extrading such a graph from suitable data
is known for linealy related variables (Richardson,
1994, but no agorithms have been developed for cases
in which there ae fealbadk and unmeasured common
causes.

4.7. Lack of Synchronization

Even if cdls dart off in a synchronized state (see
Spellman et a. 1998 further complicaions in
analyzing data will occur if the time it takes for one
gene epresson levels to affed subsequent gene
expresson levels differs from sample to sample. Thisis
ill ustrated in Figure 4, where depending on the value of
r(1), G;(1) ether affeds Gy(2) diredly, or Gy(3)
diredly. This complicaes sach because it implies
that parents in a graph may occur not just at one time
step ealier (as assumed in the REVEAL algorithm for
example) but parents may occur at multiple time steps
ealier. It also implies that a pair of variables may be
independent conditional only on subsets containing
variables from multiple time segments, complicating
the seach for conditioning sets which make pairs of
variables independent. For example, in Figure 4, G;(1)
and G3(4) are independent conditional only on subsets
of measured variables containing both G,(2) and G,(3).



1) | G
%
\‘Gz<2)

¥ Ny X

Ga(3)  Gs(3)

P 4
R 33(4{

Figure4: Lack of Synchronization
4.8. Conclusion
Existing propasals for obtaining genetic regulatory
networks from microarray data have ignored many of
the difficulties of reliable data analysis. The prospeds
for success depend bah upon generaizing the arrent
algorithms (e.g. by extending them to larger classes of
distribution famili es) and upon being able to gather data
in a way that ssimplifies the task of the data analyst. It
would grealy improve the prospeds for succesdul
applicaion of current techniques if sample sizes of
several hurdred to several thousand could be gathered,
with low measurement error, with ead sample @éther
gathered from a single cdl or from a wlledion of cdls
with very low variance There do not seem to be ay
fundamental obstades to being able, within the next
few yeas, to gather data of the kind that would gredly
improve the performance of current Bayesian network
discovery agorithms
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