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Abstract. Inferring transcriptional regulatory networks from gene-expression data
remains a challenging problem, in part because of the noisy nature of the data
and the lack of strong network models. Time-series expression data have shown
promise and recent work by Babu on the evolution of regulatory networks in
E. coli and S. cerevisiae opened another avenue of investigation. In this paper
we take the evolutionary approach one step further, by developing ML-based refinement algorithms that take advantage of established phylogenetic relationships
among a group of related organisms and of a simple evolutionary model for regulatory networks to improve the inference of these networks for these organisms
from expression data gathered under similar conditions.
We use simulations with different methods for generating gene-expression data,
different phylogenies, and different evolutionary rates, and use different network
inference algorithms, to study the performance of our algorithmic boosters. The
results of simulations (including various tests to exclude confounding factors)
demonstrate clear and significant improvements (in both specificity and sensitivity) on the performance of current inference algorithms. Thus gene-expression
studies across a range of related organisms could yield significantly more accurate regulatory networks than single-organism studies.
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INTRODUCTION

The widespread use in the life sciences of high-throughput gene-expression experiments
has created a strong demand for suitable computational tools to analyze such data [19].
One of the most common analyses is the reconstruction of transcriptional (or gene)
regulatory networks, models of the cellular regulatory system that governs transcription.
In such networks, nodes are associated with genes or transcription factors, while arcs
denote regulation. These networks can be inferred from gene-expression studies using
various machine-learning or statistical inference methods. (Friedman [9] gave a survey
of inference methods for probabilistic graphical models.) Other models have also been
proposed, such as systems of differential equations [7].
Methods to reconstruct transcriptional regulatory networks from gene-expression
data include Boolean networks and their generalizations [1, 15], Bayesian networks [10]
and dynamic Bayesian networks (DBNs) [14], differential equations [7, 21], and many
others. Results from these approaches, however, remain mixed: the high noise level in
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the data, along with the lack of well defined, realistic models for the regulatory networks, combine with other factors (such as the typically large number of genes tested
vs. the small number of test samples—the so-called “tall dataset” problem) to make
inference difficult. Researchers recognized early that additional information about gene
expression could be used to good effect. Methods were developed to use time-series expression data [5, 14, 22, 24]. Babu and his colleagues recently pioneered an evolutionary
approach to the study of regulatory networks in E. coli and in S. cerevisiae [2–4, 20].
They posit a simple evolutionary model for regulatory networks, which adds or removes
edges to the network, and proceed to investigate how well such a model accounts for
the dynamic evolution of the two most studied regulatory networks. Using a similar
evolutionary model, Bourque and Sankoff [6] developed an algorithm to improve the
inference of cross-species gene networks based on their phylogenetic relationships.
We use a phylogenetic approach to develop algorithms that boost the performance
of any chosen network inference method by using phylogenetic information and a simple model of network evolution. We consider a scenario where orthologous regulatory
networks have been (separately) inferred for a number of related organisms whose phylogenetic relationships are known. Our algorithms refine these networks by considering
all of them at once, within the known phylogeny of the organisms, to produce networks
with much higher specificity and sensitivity. Whereas Bourque and Sankoff used a parsimony approach and tightly integrated inference and refinement, our algorithms are
formulated within a maximum likelihood (ML) framework and focus solely on refinement, thereby allowing one to use one’s preferred network inference method. We test
our algorithms on various types of simulated data with different standard network inference approaches, and for various specificity and sensitivity settings, and compare the
results with a standard approach. The receiver-operator characteristic (ROC) curves
for our algorithms consistently dominate those of the standard approaches; under comparable conditions, they also dominate the results from Bourque and Sankoff. We also
investigate the source of these improvements to eliminate various confounding factors.
This paper is organized as follows: we provide some background in Sec. 2, present
our algorithms in Secs. 3 and 4, describe our experimental design in Sec. 5, and discuss
our results in Sec. 6.
2

BACKGROUND

Our approach relies on placing inferred networks (obtained by one’s favorite method) at
the leaves of the known phylogenetic tree, reconstructing ancestral regulatory networks
within this tree according to a model of network evolution, and propagating ancestral
information back down to the leaves to improve the inferred networks. We use inference algorithms based on DBN and on differential equations. For the former, we use
Murphy’s Bayesian Network Toolbox [17]; for the latter, we use TRNinfer [21]. For
ancestral sequence estimation, we use FastML [18].
2.1 DBNs for Network Inference
When DBNs are used to model regulatory networks, an associated structure learning
algorithm is used to infer the networks from gene-expression data [8, 11, 14, 15]. The
implementation of this algorithm in the Bayesian Network Toolbox provides two optimization functions: an ML score and a Bayesian information criterion (BIC) score.
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Let D denote the dataset used in learning and G the (structure of the) network; the algorithm using ML scoring aims to return the structure G
G Pr DjG .
However, transcriptional regulatory networks are typically sparse graphs, so that ML
inferences often produce many false positive edges. The BIC score introduces a penalty
on the complexity of G,

= argmax log (

^

log Pr(DjG; ^G ) 0:5#G log N

)

(1)

where G is the ML estimate of parameters for G, N is the number of samples in D,
and G is the number of free parameters of G. This penalty makes inference more
conservative, reducing the number of false positives in the networks inferred by maximizing the BIC score. In practice, heuristic search methods are used, as well as mild
restrictions on the structure of the model, the latter aimed at reducing the number of
possible network structures—such as a small bound on the maximum indegree of the
nodes, a restriction that appears well supported by the data [1, 15].

#

2.2 Differential Equations for Network Inference
Differential equations can describe causal relationships among components in a quantitative manner and are thus well suited to model transcriptional regulatory networks
Kx t ,
[7, 21]. A regulatory system is represented by the equation dx=dt f x t
where x t
x1 t ;    ; xn t denotes the expression levels of the n genes and K (a
matrix) denotes the degradation rates of the genes. The regulatory relationships among
genes are then characterized by f  . [21] produced a tool, TRNinfer, that solves the
differential equations by formulating them into linear programming problems.
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2.3 ML-Based Reconstruction of Ancestral Nodes
Reconstructing ancestral information in phylogenetic work is typically in the nature
of an anchoring step in the computation, particularly in parsimony-based approaches.
When we have high confidence in the tree and the edge lengths are modest, however,
an ML approach to ancestral inference can yield accurate results; FastML [18], using
a user-specified character substitution matrix, infers labels for the internal nodes (on a
site-by-site basis) that maximize the overall likelihood of the tree. The algorithm was
initially designed for protein sequences, but can be used for any type of sequences with
a suitable substitution matrix.
Fix a site, i.e., a character position in the sequence. Let i denote a node in the tree,
li the length of the edge between node i and its parent, and a the value of a character at
some node, chosen from a given set S of possible character values. For each character
a at each node i, we maintain two variables:

()

Li a : the likelihood of the best reconstruction of the subtree with root i given that
the parent of i is assigned character a.
– Ci a : the optimal character assigned to i given that its parent is assigned as a.

–

()

()

Finally, let a denote the initial distribution of character a and pab l the probability of
substitution of a with b along an edge of length l. For simplicity, assume that the given
tree is binary; then our adaptation of the FastML algorithm carries out these steps:
1. If leaf i has character b, then, for each a 2 S , set Ci

(a) = b and Li(a) = pab(li ).

4

Xiuwei Zhang, Bernard M.E. Moret

2. If i is an internal node and not the root, its children are j and k , and it has not yet
been processed, then, for each a 2 S , set
– Li a
 Lk
2S pa li  Lj
– Ci a
p
l

L
2S a i
j  Lk
3. If there remain unvisited nonroot nodes, return to Step .
4. If i is the root node, with children j and k , assign it the value a 2 S that maximizes
a  Lj a  Lk a .
5. Traverse the tree from the root, assigning to each node its character by Ci a .

( ) = max
( ) () ()
( ) = arg max
( ) () ()
()

3

()

2

()

APPROACH

The input is a set of gene-expression data matrices, for several related organisms, along
with a known phylogeny (with edge lengths) for this group of organisms. (Such phylogenies are typically well established though the edge lengths remain to be explored.)
The first step is simply to run one’s preferred algorithm for regulatory network inference, independently on each of the data matrices; in this study, we use two types of
inference algorithms, respectively based on DBN and differential equations. The resulting networks are used to label the corresponding leaves of the phylogeny. We encode
a network by the concatenation of the rows of its adjacency matrix—every code thus
represents a valid network. Note that the initial networks themselves are the real inputs
to our algorithm; we use the gene-expression data stage in our tests solely in order to
enhance the verisimilitude of our simulations.
We then use our adaptation of the FastML algorithm to infer ancestral networks,
which in turn are used to refine the sequences at the leaves. We present below two algorithms to carry out this refinement, both based on the intuition (verified in simulations)
that ancestral sequences are more accurate than those at the leaves, but only up to some
height in the tree—as distant ancestral sequences suffer from the inference errors of
FastML. The two middle steps can be iterated: starting from the newly refined networks,
we can once again infer ancestral networks and use the results to refine the leaves.
We realize that edge lengths obtained from an analysis of the sequences of (typically) a few genes need not reflect the amount of evolution in the regulatory networks—
while both evolved on the same tree, their respective rates of evolution could differ considerably. As we still lack the knowledge required to formulate a more precise model
of network evolution, using the same edge lengths is just the neutral choice.
4

METHODS

4.1 Inferring the Initial Networks
In our study, we want to examine the ROC curves and so need to be able to trade off
specificity and sensitivity. To this end, we modify the inference method based on DBN
by generalizing Eq. 1 with a penalty coefficient kp to adjust the penalty:

log Pr(DjG; ^G ) kp #G log N
(2)
where kp varies from 0 to 0.5. With kp = 0, we have the ML score; with kp = 0:5, Eq. 2

reduces to Eq. 1. For the TRNinfer algorithm, the parameter that it provides to adjust the
sparseness of the networks does not afford sufficient control to generate sparse enough
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networks. We thus supplement it by applying different thresholds to the output connection matrix to choose final edges. We shall refer to these modified inference methods as
DBI for that based on the DBN model and as DEI for that based on TRNinfer.
4.2 Inferring the Ancestral Sequences
In this study our adjacency matrices are binary, with a in the i; j entry denoting an
edge from node i to node j . We use binary matrices for simplicity’s sake: generalization
to weighted matrices is immediate and, indeed, the additional information present in a
weighted matrix should further improve the results. The data used by FastML are thus:

0 1
– the proportions of s and s in the networks, 
– the topology of the phylogenetic tree;
– the edge length le of each edge e, i.e., the number of changes along this edge;
– for each edge length le , its corresponding substitution matrix, Ps le , which represents the mutation probability between and .
The substitution matrices depend on edge length: the longer the edge, the higher the
mutation probabilities. We choose a Ps
for edge length and calculate Ps le for
le  using an exponential distribution, Ps le Psle .

1

0

1

=

0
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4.3 Refining the Leaves
The underlying principle is simple: phylogenetically close organisms are likely to have
similar regulatory networks; thus independent network inference errors at the leaves
get corrected in the ancestral reconstruction process. Obviously, however, if too much
evolution occurred, the ancestral reconstruction process itself generates errors. Thus
a crucial aspect of our algorithm is how to use ancestral networks at various heights
above the leaves to refine the leaves. We ran large series of experiments under various
conditions (not shown); all showed an expected increase in accuracy when moving to
the parents of the leaves, eventually replaced by a decrease when moving too far above
the leaves. On the basis of our results, we chose to use only the immediate parents of
the leaves for refinement—but note that these parents are themselves the product of a
global ML inference and thus reflect the structure of the entire phylogeny.
4.4 A Fast Oblivious Refinement Algorithm
Our first algorithm, RefineFast, is designed to run quickly; it reposes complete trust in
the networks associated with the parents of the leaves, using them to replace, rather than
refine, the leaf networks.
1. From the current leaves, infer ancestral nodes using FastML.
2. For each leaf, pick its parent and evolve it (according to the length of the edge to
the leaf and its substitution matrix) to generate a new child.
3. Use these new children to replace the old leaves.
4. Repeat Steps 1–3 until the total size of the leaf networks stabilizes.
We can use the same substitution matrices Ps le in both Step and Step , but choosing
different substitution matrices can accelerate convergence.
The algorithm is deliberately oblivious: it uses the original networks only in the ancestral reconstruction, after which it replaces them with a sample network drawn from
the distribution of possible children of the parent. When the original networks are noisy
(a common occurrence), this simplistic procedure does quite well.

( )

1

2
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4.5 A Nonoblivious Refinement Algorithm
To use the information still present in the original leaf networks in the refinement step,
we developed an ML-based refinement algorithm, RefineML. To use the existing leaf
sequences, we assign each site of each leaf a belief (confidence) coefficient, kb , which
varies between 0.5 and 1. In the DBN framework, these coefficients can be calculated
from the conditional probability table (CPT) parameters of the predicted networks. For
each leaf i, we calculate the variables Li a and Ci a , as defined in Sec. 2.3, where a
is the character value of the parent of leaf i inferred by FastML. Fix a site; then, using
the notation introduced in Sec. 2.3, the RefineML algorithm can be described as follows:

()

()

1. Learn the CPT parameters for the leaf networks reconstructed by the base inference
algorithm and calculate the belief coefficient kb for every site.
2. From the current leaves, infer ancestral sequences using FastML.
kb if b , kb otherwise; then set
3. For each leaf i with value b, let Qi
– Li a
2S pa li  Qi
– Ci a
2S pa li  Qi
4. For each leaf i, assign its most likely character from the variable Ci a .

( )=
( ) = max
( ) ()
( ) = arg max
( ) ()

5

= 1

()

EXPERIMENTAL DESIGN

In order to evaluate the accuracy gains provided by our boosting algorithms, we need
simulated data, as they allow us to control the parameters and, more importantly, to get
an absolute assessment of accuracy. Ideally, such simulation should be complemented
by applications to real data, but such data currently exist only for tiny examples—
indeed, we hope that our positive results will incite researchers to collect such data on
a larger scale. Simulations may lack realism and may also introduce a systematic bias
in the results. We cannot assess the severity of the first problem, but we take specific
precautions against systematic bias, in both the simulations and the analysis.
We generate test data from three pieces of information: the phylogenetic tree, the
network at the root, and the substitution matrix (which is in turn influenced by the
evolutionary rate). We use a wide variety of phylogenetic trees from the literature (of
modest sizes: between 20 and 60 taxa) and several choices of root networks, the latter
variations on part of the yeast network from the KEGG database [13], as also used by
Kim et al. [14]; we also explore a wide range of evolutionary rates. Our networks are of
modest size, with 16 genes each—this selection makes the gene-expression tables less
“tall” and thus, at least in principle, less prone to generate errors in reconstruction, thus
presenting a more challenging case for a boosting algorithm.
We need quantitative relationships in the networks in order to generate gene-expression
data from each network. Therefore, in the data generation process, we use adjacency
matrices with signed weights. Weight values are assigned to the root network, yielding
aij . We can obtain the adjacency matrix for its
a weighted adjacency matrix A
a0ij , by mutating A according to the substitution matrix and repeating
child, A0
as we traverse down the tree to obtain weighted adjacency matrices at the leaves. In
other words, we evolve the weighted networks down the tree according to the model
parameters—standard practice in the study of phylogenetic reconstruction [12, 16].
To generate gene-expression data from the weighted networks, we use both Yu’s
GeneSim [23] and DBNSim, our own design based on the DBN model.

=( )

=( )
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5.1 Gene-Expression Data Generated by DBNSim

1

7

0

For DBNSim, we follow [15], using binary gene-expression levels, where and indicate that the gene is, respectively, on and off. Denote the expression level of gene gi by
xi , xi 2 f ; g; if mi nodes have arcs directed to gi in the network, let the expression
levels of these nodes be denoted by the vector y
y1 y2    ymi and the weights of
their arcs by the vector w w1 w2    wmi . From y and w, we can get the conditional
probability Pr xi jy . Once we have the full parameters of the leaf networks, we generate simulated time-series gene-expression data. At the initial time point, the expression
level of gene gi is generated by the initial distribution Pr xi ; at time t, its expression
level is generated based on y at time t
and the conditional probability Pr xi jy .
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5.2 Gene-Expression Data Generated by GeneSim
GeneSim [23] can produce simulated gene-expression values for a given weighted
network as well as generate arbitrary network structures. In contrast to our DBNSim
method, GeneSim gives continuous gene-expression levels. Denoting the gene-expression
are calculated
levels of the genes at time t by the vector x t , the values at time t
x t x t z C ", where C is the weighted adjacency
according to x t
matrix of the network, the vector z represents constitutive expression values for each
gene, and " models noise in the data. The values of x
and xi t for those genes without parents are chosen uniformly at random from the range ;
, while the values
of z are all set to . The term x t
z C represents the effect of the regulators on
the genes; this term needs to be amplified for the use of DBI, because of the required
discretization. We use a factor ke with the regulation term (set to in our experiments),
yielding the new equation x t
x t k e x t z C ".

()
) +

( + 1) = ( ) + ( ( )

+1

(0)
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5.3 Testing under Various Methods
With two data generation methods, DBNSim and GeneSim, and two network inference
algorithms as our base algorithms, DBI and DEI, we can conduct experiments with different combinations of data generation methods and inference algorithms to verify that
our boosting algorithms work under all circumstances. First, we use different data generation methods with the same inference algorithm. Since the binary gene-expression
data generated by DBNSim does not fit DEI, we use DBNSim and GeneSim to generate
data for DBI. We generate
time points for each gene-expression matrix, running the
generation process
times to obtain mean and standard deviation. Second, we apply
DBI and DEI to datasets generated by GeneSim to infer the networks. Since DEI does
not accept large datasets (with many time points), here we used smaller datasets than
the previous group of experiments with time points, yielding expression level matrix
 . We run the generation process times for each choice of tree strucof size
ture and parameters and calculate mean and standard deviation. Finally, we conduct
experiments with various evolutionary rates.
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5.4 Comparing with the Bourque and Sankoff Approach
Bourque and Sankoff’s algorithm [6], thereafter the B&S algorithm, also uses phylogenetic information to improve the inference of gene networks. We therefore conduct
experiments, using continuous data, to compare our approach to theirs.
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5.5 Where is the Important Information?
Although we use only the direct parents to refine the leaves at each iteration, the leaves
receive information from the whole tree, since the FastML algorithm assigns states to
every internal node based on global information. We claim that the use of this global information is necessary. To verify this claim, we build a variation of our algorithms, that
we call RefineLocal, where the ancestral reconstruction stops once the parents of leaves
are reached. The resulting ancestral reconstruction, in other words, is now limited to
exactly the parts of the tree used in the leaf refinement. RefineLocal works with both RefineFast and with RefineML, since it does not alter the refinement phase of the algorithm.
Part of the improvement is due to noise averaging, taking advantage of the independence in errors among the leaf networks. We claim that noise averaging not based on
the correct phylogeny cannot produce the type of improvement we see. To verify this
claim, we build a procedure that we call RefineRandomTree, which runs our full refinement procedures (either one), but does it on a tree where the initial inferred networks
were randomly assigned to leaves. Since the tree topology is unchanged, the averaging effect over the data remains globally similar, but the phylogenetic relationships are
such randomized tests and report the mean behavior.
destroyed. We run

100

5.6 Measurements
We want to examine the predicted networks at different levels of sensitivity and specificity. For DBI, on each dataset, we apply different penalty coefficients to predict regdiscrete
ulatory networks, from to : , with an interval of : , which results in
penalty coefficients. For each penalty coefficient, we apply RefineFast, RefineML, RefineLocal, and RefineRandomTree on the predicted networks. For DEI, we also choose
thresholds for each predicted weighted connection matrix to get networks on various
sparseness levels. For each threshold, we apply RefineFast, RefineLocal, and RefineRandomTree on the predicted networks. We measure specificity and sensitivity to evaluate
the performance of the algorithms and plot the values, as measured on the results for
various penalty coefficients (for DBI) and thresholds (for DEI) to yield ROC curves.
Recall that in such plots, the larger the area under the curve, the better the results.
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11
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6 RESULTS AND ANALYSIS
Space constraints prevent us from showing more than a sample of our results. We show
results on two representative trees: tree T1 has
nodes on levels and is better balnodes on levels. Both trees were generated with an
anced than tree T2, which has
expected evolutionary rate of : events (gain or loss of a regulatory arc in the network)
per edge and resulting leaf networks have from to edges.
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6.1 On Boosting under Different Experimental Settings
Different gene-expression data generation methods, same inference algorithm:
Fig. 1 shows the average performance of RefineFast, RefineML, and DBI on noiseless
datasets generated by DBNSim on trees T1 (left) and T2 (right). Throughout the range of
parameters, our two algorithms clearly dominate DBI, with RefineML also dominating
the simpler RefineFast: for every penalty coefficient, both sensitivity and specificity are
improved from DBI to RefineFast and further improved from RefineFast to RefineML,
as easily seen on the right. Sample standard deviations of sensitivity and specificity
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(a)

9
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Results on T1, with standard deviations of sensitivity

and specificity

(b)

Results on T2, with dotted lines indicating matched

penalty coefficients

Fig. 1. ROC curves for DBI and boosting algorithms on the datasets generated by DBNSim

for these three methods on the noiseless datasets on T1 are shown as ellipses, the loci
of one standard deviation around each point. The separation between the curves is almost always larger than the standard deviations, so that our assertions of dominance
of one method over another hold, not only on average, but also in the vast majority of
cases. Also, as this figure demonstrates, the boosting effect remains similar on different
phylogenies—and so we present results only on T1 hereafter.
All three algorithms behave on the noisy datasets much as on the noiseless ones.
Our refinement algorithms yield more improvement on the noisy datasets, which are
closer to the real data and thus cause more difficulties for DBI methods, yielding a
larger margin for improvement. We thus show results for noiseless datasets only, as
the level of improvement caused by our algorithms can only increase as the noise level
in the data increases. Fig. 2 shows the results of the three algorithms on the noiseless
datasets generated by GeneSim on T1. The boosting effects are much the same as seen
in Fig. 1, but it is clear that the DBI base algorithm does worse on the datasets generated
by GeneSim than on those generated by DBNSim, as might be expected.
Different inference algorithms, same gene-expression data generation method:
The datasets used in this experiment are generated by GeneSim. Fig. 3 shows the
ROC curves of DBI and DEI, along with RefineFast boosting, on the same datasets; the
refinement algorithm clearly dominates the base algorithms.
Different evolutionary rates: The expected evolutionary rate (average edge length)
was fixed in all experiments presented above. High rates of evolution cause various
difficulties in phylogenetic reconstruction; we thus expect our method to become less
effective as evolutionary rates increase. To study this problem, we conducted experinodes and
edges, using different evoments on tree T1 with a root network of
lutionary rates to generate the leaf networks. Fig. 4 shows ROC curves for RefineML
and DBI with evolutionary rates of : , : and : on noiseless datasets. The loss
in performance as the rate of evolution increases is clear for both methods; since DBI
itself suffers (perhaps because some networks produced in the simulation violate implicit assumptions), the loss in performance of RefineML is a combination of worsened
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Fig. 2. ROC curves for DBI and boosting algorithms on the datasets generated by GeneSim

Fig. 3. Results for DBI and DEI with RefineFast boosting on GeneSim generated datasets

leaf networks returned by DBI and worsened ancestral reconstruction by FastML. Yet
boosting is evident in all cases and performance remains excellent at the very high
evolutionary rate of : : most paths from the root to a leaf in the tree have edges
and so, at that rate, have an expected length of : , so that the expected number of
changes from the root network almost equals the number of edges of that network—a
very challenging problem and one that is remarkably well solved here.
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Fig. 5. Performance for B&S and RefineFast
based on DBI and DEI

6.2 On Performance with respect to the B&S Algorithm
Since B&S requires continuous time-series gene-expression data, we use the same
datasets, generated by GeneSim, as in Fig. 3. Fig. 5 presents the performance of B&S
and RefineFast based on both DBI and DEI. The results of B&S are shown as a cloud
of points, obtained under different parameter settings. B&S does better than plain DEI,
but is clearly dominated by our RefineFast based on DEI, meaning that our refinement
algorithm gains more improvement than B&S does.
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6.3 On Applying ML Globally
We described earlier RefineLocal, a variant of our algorithms that infers ancestral networks only for the part of the tree that is used in the refinement phase. We use this
algorithm to show that the improvement wrought in the leaves by our algorithms uses
the phylogenetic information of the whole tree, not just the information present in the
subforest induced by direct parents of leaves. Fig. 6(a) compares the performance of
RefineFast with that of its localized version on noiseless datasets generated by DBNSim (the same datasets as in Sec. 6.1), while Fig. 6(b) does the same for RefineML
on the same datasets. The plots are very similar: RefineLocal is clearly worse than the
original algorithms, especially in terms of sensitivity. In fact, RefineLocal based on RefineFast does worse than DBI—due to the fact that the ancestral inference procedure
introduces significant additional errors when limited to small subtrees. On the other
hand, RefineLocal based on RefineML outperforms DBI—indicating that there is significant information present in the leaves, independent of the ancestral reconstruction.
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Fig. 6. ROC curves for DBI and RefineLocal, showing RefineFast (left) and RefineML (right)

6.4 On Phylogenetic Information
In Sec. 5.5 we introduced RefineRandomTree, which carries out our full algorithms,
but on a tree where the leaves have been reshuffled randomly. Its purpose is to demonstrate that the improvements we observe are not due entirely to noise averaging among
the leaf networks. Fig. 7 compares the performance of RefineFast (left) and RefineML
(right) run on the correct phylogenetic tree with the average performance (over
runs) of the same algorithm run after randomly reshuffling leaf labels. Both RefineFast
and RefineML show clearly worse performance on the reshuffled trees than on the correct one. The results on the shuffled trees are still better than the base algorithm DBI,
which shows the error averaging effect of the trees. However, this improvement depends on the performance of the base algorithm: in other experiments (not shown) with
larger gene-expression datasets, where DBI does better, RefineFast on the shuffled trees
does not outperform DBI, while RefineML with shuffled trees does. Overall, the results
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Fig. 7. ROC curves for DBI and RefineRandomTree, with RefineFast (left) and RefineML (right)

demonstrate the value of correct phylogenetic data, the value of the information present
in the original leaf networks, and the averaging effect of the trees.
7

CONCLUSIONS AND FUTURE WORK

We described algorithms for boosting the accuracy of regulatory network inference on
related organisms using a phylogenetic approach and gave experimental results demonstrating the effectiveness of these algorithms. Our algorithms yield significant gains
in both sensitivity and specificity under all conditions and can, in principle, be used
with any favorite network inference tool and any favorite phylogenetic reconstruction
algorithm. Further assessments of the sensitivity of our methods to the accuracy of the
branch length estimates and of their ability to correct for systematic errors in gene expression levels are planned.
Our approach requires comparable gene-expression data for orthologous regulatory
networks, or the networks themselves, for a fair number of organisms; while cost and
technical feasibility are no longer major obstacles to the accumulation of such data, ensuring comparability remains challenging, although we hope that our promising results
will encourage researchers to consider collecting such data.
Many improvements to our approach are clearly possible, from refined models of
network evolution to more precise handling of ancestral networks. Our approach to the
use of phylogenetic information in network inference is not limited to transcriptional
regulatory networks: it can be used, with suitable adaptations, for other types of signalling and metabolic networks.
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