
Clustering defines groups of genes with similar phenotypic
profiles, but may miss the hierarchy in the observed perturba-
tion effects, as is exemplified in Figure 1. Perturbing some genes
may have an influence on a global process, while perturbing
others affects subprocesses of it. Imagine, e.g. a signaling
pathway activating several transcription factors (TFs). Blocking
the entire pathway will affect all targets of the TFs, while
perturbing a single downstream TF will only affect its direct
targets, which are a subset of the phenotype obtained by
blocking the complete pathway. Boutros et al. (2002) show that
by this reasoning non-transcriptional features of signaling
pathways can be recovered from gene-expression profiles.
However, no previous computational method is applicable to
infer models from biological subset relations on data sets
screening whole pathways.
Nested effects models. We will call a model encoding the

(noisy) subset relations between the effects observed after
perturbing the target genes a Nested Effects Model (NEM).
It can be seen as a generalization of similarity-based clustering,
which orders (clusters of) genes according to subset relation-
ships between the sets of phenotypes. In this article, we develop
a Bayesian method to infer NEM from large-scale data sets.
Our method builds on preliminary work by Markowetz et al.,

(2005), which is specifically designed for inference from indirect
information and also takes the imbalance between spurious
and missed effects into account. Previously, this method was
limited to small-scale scenarios of up to six genes, where model
search can be done by exhaustive enumeration. Scaling upmodel
search to larger numbers of perturbed genes is a non-trivial

problem due to the constraints imposed on the model by
having only indirect information of the underlying genetic
network. Here, we approach the problem of inferring a hierarchy
on the set of all perturbed genes by constructing it from smaller
sub-models containing only pairs or triples of genes. Such ‘divide-
and-conquer’-like approaches are regularly used in high-
dimensional statistical inference, e.g. for estimating large
phylogenetic trees (Strimmer and von Haeseler, 1996) or
learning Gaussian graphical models for regulatory networks
(Wille et al., 2004). Our resulting method is the first one to make
inference of NEMs feasible on a pathway-wide scale.
The next section introduces our novel methodology in detail.

In Section 3, we demonstrate the applicability of our methods
in a controlled simulation study, and in Section 4 we describe
results for two experimental data sets. We show that the subset
relations retrieved actually reflect the regulatory functions of
the genes involved.

2 ALGORITHM

Data. We assume that data is given in the form of a binary
matrix D with columns corresponding to perturbation experi-
ments on one of n genes (replicates are possible) and rows to
one of m possible effects E1, . . . ,Em. A phenotypic profile Px of
gene x consists of a binary vector of length m with a PxðEiÞ ¼ 1
denoting that effect Ei occurred after perturbing gene x, and
PxðEiÞ ¼ 0 denoting that it did not.
Subset relations between phenotypic profiles. Instead of

similarity, we will consider subset relations between phenotypic
profiles. We say that gene x is upstream of gene y
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Fig. 1. An introduction to Nested Effects Models. Plot (a) shows a toy dataset consisting of phenotypic profiles for eight perturbed genes (A, . . . ,H).
Each profile is binary with black coding for an observed effect and white for an effect not observed. The eight profiles are hierarchically clustered,
showing that they fall into four pairs of genes with almost identical phenotypic profiles: (A,B), (C,D), (E,F) and (G,H), as shown in plot (b). An
important feature of the data missed by clustering is the subset structure visible between the profiles in the data set: the effects observed when
perturbing genes A or B are a superset to the effects observed for all other genes. The effects of perturbing G or H are a subset to all other genes’
effects. The pairs (C,D) and (E,F) have different but overlapping effect sets. The directed acyclic graph (DAG) shown in plot (c) represents these
subset relations, which are shown in plot (d). Compared to the clustering result in plot (b) the NEM additionally elucidates relationships between the
clusters and thus describes the dominant features of the data set better.
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