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Abstract

Living cells are constantly responding to internal and external signals. From

the simplest yeast that adapts to changes in temperature, to a stem cell in the

human body that decides to which type of cell to differentiate. A major part of the

cellular response to signals is production of proteins according to the cell’s needs.

The first step in protein production is transcription of genes to intermediate

mRNA molecules, from which the proteins are translated. In the past decade,

technological developments enabled measuring of mRNA expression levels of all

the genes in the cell, providing a profile of cellular expression at a given time

point. Comparison of such profiles under different conditions (e.g., before and

after a drug treatment) provides a useful insight into which proteins play a role

in these conditions (e.g., in response to the drug).

Gene transcription is tightly regulated by a complex multilayer mechanism.

An important part of this mechanism are transcription factors proteins that bind

the DNA and activate or repress transcription. The binding of transcription

factors is specific — each factor regulates a set of genes which are often recognized

by specific DNA sequences near the gene or in distant enhancer regions.

A fascinating question which I explore here, is which transcription factors

play a role in different human conditions and diseases, and what are their target

genes. Identifying the key transcription factors and their targets is crucial for

understanding the molecular background of diseases and paves the road for their

therapeutics.

Tremendous efforts have been invested in developing computational models

that map transcription factors to their targets. These models, typically repre-

sented as a network of interactions between genes or proteins, highly differ in their

underling mathematical assumptions. One such model, called Module Networks,

is a probabilistic entity based on Bayesian Networks, which uses expression lev-

els to identify modules of genes that share a similar expression profile and other

genes that regulate them.
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In this dissertation I investigate two mammalian systems using Module Net-

works model, and develop a new model that integrates Module Networks with

physical interactions.

In this first work, we investigated expression profiles of asthmatic mouse mod-

els following treatments with various asthma triggers. Using Module Networks,

we identified four distinct responses to treatment: Acute response to ovalbumin

allergen, general induction and general repression following all treatments, and

IL13 dependent response. We also identified genes with a specific response to

asthma, which were not known previously. By imposing expression profiles on

physical interactions we detected a major role for TGFβ1 protein and its down-

stream factor JUNB in an IL13 dependent response.

The last finding could not be obtained from expression data alone. Luckily,

today it became possible to harness the abundance of biological data such as

DNA sequence, in order to improve the model’s predictions.

In the main study presented here, we used such integrative approach to inves-

tigate transcriptional regulation of human blood differentiation (hematopoiesis).

This important process happens constantly in our body, and causes various blood

disorders and malignancies when done improperly.

In this study, the clinical team collected human blood cells, sorted them ac-

cording to their phase in differentiation, and measured their expression, creating

211 profiles from 38 distinct phases. We aimed to systematically map transcrip-

tional regulation of hematopoiesis, and compare our findings to the dominant

theory which identified so far 26 factors that act in a lineage-specific manner.

For this purpose we used two models: one, Module Networks, is based on expres-

sion levels, and the other is based on motifs in the DNA sequence.

Using Module Networks we identified 80 modules of tightly co-expressed genes,

most of which are expressed at variable levels across multiple lineages. We identi-

fied dozens of transcription factors that probably control differentiation, and act

in densely interconnected circuits that gradually become active (or inactive) with

differentiation. Finally, we experimentally validated the function of 17 factors, of

which 4 did not have a known role in hematopoiesis prior to our study.

These two studies emphasize the strength but also the limitations of models

that are based solely on expression levels, since the expression of the regulator

itself often does not change and therefore does not correlate with its targets,

as was the case with the regulators that were found by the sequence model in

hematopoiesis. Thus, integrating biological information from other sources into
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the model, such as DNA sequence and physical interactions, may significantly

improve its predictions.

This idea motivated the third study included in this dissertation, which presents

the Physical Module Network model. This is an integrative model that describes

both regulators and their target modules along with the physical interactions

that underlie their regulation. We show that when compared to a simple Module

Network, the model improves the choice of regulators since they are supported

by both expression data and physical interactions data. We present a proof of

concept with synthetic data, as well as in two different yeast systems, and finally

we reconstruct possible mechanism that underlies the effect of influenza viral

proteins on human host genes.

As technology progresses and other types of data become available, more accu-

rate models can be generated. These computational models, which started with

simple organisms such as yeast, provide invaluable insights into the molecular

mechanisms of diseases, and have improved enough to become today an essential

part of medical and biological research of human cells.
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Chapter 1

Introduction

1.1 Cellular Transcription in Eukaryotes

The eukaryotic cell is an amazing machine. From unicellular yeast to the most

complex mammals, cells are able to respond to external and internal signals

with an astonishing efficiency, enabling the organism to respond quickly to the

environment — from changes in temperature to a threatening predator.

The cell responds to signals in many ways - proteins change activity and

location, amino-acids are synthesized and nutrients levels are adjusted. One

response, on which we focus here, is the change in transcription. Transcription

is the first step in the process of protein synthesis: A gene is transcribed to an

intermediate messenger RNA molecule (mRNA), which in turn is translated to

the protein product (Fig. 1.1). While the DNA contains two copies of each gene,

the number of mRNA transcript copies (and as a result their protein product)

changes according to the needs of the cell, and is called the transcriptional level

of the gene.

Gene transcription is regulated by multiple mechanisms, providing checks and

balances (Fig. 1.1): signalling proteins deliver signals by a cascade of modifi-

cations; transcription factors (TFs) enter the nucleus and bind the DNA; chro-

matin opens and nucleosomes, composed of histone proteins on which the DNA is

wrapped, drop or move. Only then the transcription machinery - the RNA poly-

merase, is recruited to the DNA and/or released to transcribe. In some cases,

additional activation factors are required for the actual transcription to begin

[Carey and Smale, 2001]. While the same RNA polymerase complex transcribes

all the protein-coding genes, the TFs are gene-specific - each TF recognizes and

binds a set of genes which it regulates, and does not bind (or binds with non-
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Figure 1.1: Transcriptional Response to Signal. In this cartoon example a
signalling molecule binds a receptor (i) and initiates a cascade of signal transduction
events via protein interactions that include biochemical modifications and change of
localization (ii). When the signal reaches a TF, it enters the nucleus and binds the DNA
near its target genes (iii). The binding alters nucleosome positioning (iv) and enables
the binding of the transcription machinery. The gene is transcribed by RNA polymerase
II, synthesizing multiple mRNA molecules, according to the cell’s needs (v). The
mRNA molecules are then exported from the nucleus and translated to their protein
product by the ribosome (vi). Large-scale data from various levels are available today
(circles): Protein-protein and protein-DNA interactions, DNA sequence, nucleosome
positioning and gene expression.

2



functional low affinity) other genes. The way a TF recognizes its target genes is

a major question in molecular biology. So far it is known that TFs recognize and

bind motifs in the DNA sequence, many of them are in proximity to the target

gene, in an area called the promoter, and others are distant, in enhancer regions.

In addition, DNA chromatin structure and chemical modifications it has guide

the TFs to the appropriate site. For instance, the factor can bind its sequence

motif only if it is accessible and not wrapped around a nucleosome.

1.2 The Role of Transcription Regulation in Hu-

man Disease Research

Mapping transcriptional regulation has many applications - first and foremost, it

enables the understanding of what goes wrong in diseases, and therefore paves

the road for therapeutics. In cancer, for instance, what often causes permanent

cellular proliferation, is a fault in the signalling pathway that leads — among

other things — to imbalanced transcription. Indeed, numerous works that exam-

ined whole-genome transcriptional profiles (also called gene expression) in cancer,

identified sets of genes that have changed their normal transcriptional levels (e.g.,

Golub et al. [1999], vant Veer et al. [2002], Segal et al. [2004]).

Transcriptional levels may be informative even in diseases wherein molecular

underpinnings are barely known, like mental disorders. This was shown in a

study in which I participated and is not presented in this dissertation. In this

study [Segman et al., 2005], we measured gene expression in peripheral blood cells

isolated from people who were exposed to trauma, such as a traffic accident. We

detected gene expression differences between people who would eventually develop

Post Traumatic Stress Disorder (PTSD) and those who would not (Fig. 1.2).

These differences in expression were sufficient to predict, as early as two hours

after the trauma, which patient will develop the disorder four months later, with

an 82% success rate, better than any known clinical test.

In a different study in which I participated and is not presented here [Eisen-

berg et al., 2008], we used similar methods to detect the differences between

muscles of patients with HIBM muscle disorder and muscles from healthy sub-

jects. Among the patients we detected a strikingly high activity of genes im-

plicated in various mitochondrial processes, suggesting mitochondrial dysregu-

lation. Indeed, morphological analysis by microscopy showed a high degree of
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Figure 1.2: Genes Differentially Expressed Between Patients with Different

Post Traumatic Stress Disorder Outcome. Signatures of genes that are differen-
tially expressed between post-traumatic patients and controls, measured in emergency
room, 2 hours after the trauma(left panel) and 4 months later(right panel). Yellow
- over expression, Purple - under expression. Samples were classified with an unsuper-
vised assay, this way predicting the correct outcome in 9 out of 11 samples taken from
patients at emergency room, and 8 out of 9 samples taken after 4 months [Segman
et al., 2005].

mitochondrial branching in HIBM patients, providing a novel insight into the

disease mechanism.

A great deal can be learned from changes in gene expression. However, gene

expression is the outcome of a cellular response to signals. A crucial question for

understanding disease mechanisms is how the transcriptional changes are being

regulated, since a single faulty TF can have wide transcriptional effects. Mea-

suring the binding of TFs under the relevant conditions can give us invaluable

information about the cellular mechanisms that govern oncogenesis [Fang et al.,

2011] or allow cellular differentiation [Teo et al., 2011].

Therefore, our goal is to understand which TF controls which genes, and

under what conditions. We would like to do it in an unbiased way, to avoid

searching ”under the lamppost”, and we would like to do it comprehensively, i.e.,

to include all the genes and proteins in the cell.

1.3 The Challenge of Large-Scale Data

In the last decade technological developments enabled us to measure various

aspects of transcription regulation at a genome-wide scale (Fig. 1.1): transcrip-
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Figure 1.3: Toy Clustering Example. (a) Template of 3 clusters of genes (b)
Illustration of possible gene expression data input. Color scale represents expression
levels from low (green) to high (red). (c) An illustration of target function landscape.
In this example there is a single best configuration to the model, which maximizes the
target function. (d) Possible output of three clusters.

tional levels are measured using DNA microarrays [Brown and Botstein, 1999];

TF, Polymerase and nucleosome biding to the DNA are measured and mapped

using Chromatin Immunoprecipitation [Ren et al., 2000, Johnson et al., 2007];

and DNA is being sequenced in a highly accelerating rate [Lander, 2011]. Addi-

tional aspects of cellular activity are also being measured in a large-scale assays,

such as levels of metabolites [Wishart et al., 2007] and mapping of physical inter-

actions between proteins [Rual et al., 2005]. Lastly, protein functions are being

assessed in high throughput gene-perturbation assays, where a gene activity is

being shut-off (knock-out), or reduced (knock-down), and the resulted phenotype

is measured [Hughes et al., 2000, Paddison et al., 2004].

The availability of such large-scale data sets presents a unique opportunity for

the research community to investigate cellular mechanisms using an integrative

holistic approach rather than specific reductive approach, an idea that stands at

the basis of the Systems Biology field. Such holistic investigations that deal with

massive amount of data, require the use of computational models.

A computational model is a mathematical entity that can be described as a

template description of reality. Given data, we find the model configuration that

best describes the biological picture that could give rise to the data. For instance,

consider clustering of gene expression: the clustering model is a template that

assumes the genes in the cell act in distinct and co-expressed groups, like the

clusters in the toy example in Fig. 1.3a. Given expression data (Fig. 1.3b),

we can find the best clustering configuration, i.e., the assignment of genes to

clusters. This configuration is what we believe to be the best description of the
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Figure 1.4: Gene Regulation Models. Taken from Kim et al. [2009](a) General
scheme of two input types: cis and trans.(b) Principles of different types of network
models: Thermodynamic, Linear, Bayesian and Logical.

real clusters. To find the best configuration of the model we optimize a target

function that scores each configuration (Fig. 1.3c). In the toy example such

target function can be the mean distance between the elements of each cluster,

meaning that the best configuration will be the one that minimizes this mean

distance (Fig. 1.3d).

1.4 Transcriptional Regulation Models

Transcription regulation models describe, for each gene, what are the proteins

that regulate its transcription, where a regulator may be a TF, or another

molecule that is active upstream to or along with the TF. Given data such as
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gene expression, sequence, etc., the model infers what are the regulatory relations

and/or what are their kinetics. While in a small scale such models can be fairly

accurate [Kim et al., 2009], a major challenge is to model large-scale data, and

explain at once the regulation of all the genes in the cell.

In the past decade a tremendous effort has been invested in developing tran-

scription regulation models, both in prokaryote and eukaryote systems. The tran-

scription regulation models range from focused, small-scale and detailed models,

to large scale and typically highly simplifying models [Kim et al., 2009]. Small-

scale models typically describe the kinetics of a small circuit whose components

and wiring are already known. Large-scale models, on the other hand, attempt

to solve a different problem, since at the genomic level the wiring and even the

components of the model are often unknown. Thus it is convenient to view the

model as a network, where the nodes represent genes or proteins, and the edges

represent regulatory relations between them. The goal is to find the correct com-

ponents and wiring of the network. This will allow to detect key regulatory genes,

and predict the cellular transcriptional behaviour under certain conditions, such

as a treatment with a drug.

Large-scale models can be divided into two groups that differ in their type

of input (Fig. 1.4a). Cis-models consider the cis-promoter sequence as input,

while trans-models consider phenotypic input such as gene expression, TF-binding

or nucleosome positioning [Kim et al., 2009]. A related taxonomy presented

elsewhere [Gardner and Faith, 2005] divides the models to ”physical” models,

which seek to identify physical interactions between TFs and their targets, and

”influential” models, which describe indirect influence between RNA transcripts.

While the basic structure of all models is a network, the types of networks and

the assumptions on the nature of transcription underlying them, differ greatly

(Fig. 1.4b). Linear models assume that the transcriptional level is a linear

combination of the motif strength in the cis-models [Das et al., 2006, Gardner

et al., 2003] or transcriptional level of the regulators in trans-models [D’haeseleer

et al., 1999, Gao et al., 2004, Rice et al., 2005]. Logical (Boolean) circuits present

the transcriptional level as the result of applying boolean gates on the input

transcriptional levels [Huang, 1999]. Relevance Networks use Mutual Information

between the variables, as an alternative to simple correlation [Basso et al., 2005,

Margolin et al., 2006, Faith et al., 2007]. Physical models simply describe the

physical network connecting TFs to their targets [Harbison et al., 2004, Zhu et al.,

2009]. Other physical models combine gene expression from KO experiments with
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X3X1 X2 X2 P(X2|X1)

P(X1,X2,X3) = P(X1) P(X2|X1) P(X3|X2)

a b

c

Figure 1.5: A Simple Bayesian Network. (a) A directed acyclic graph over
3 random variables: {X1, X2, X3} (b) An illustration of a Conditional Probability
Distribution (CPD) of variable X2: Its value distribution depends on the values of its
parent X1.(c) The joint probability of all variables is decomposable to the probability
of each one given its parents in the graph, due to Markov’s local property.

physical interactions in order to reconstruct or annotate interaction pathways

[Yeang et al., 2004, Ourfali et al., 2007, Peleg et al., 2010, Yeger-Lotem et al.,

2009], and a few models are based on machine learning classification techniques

[Ernst et al., 2008, Kundaje et al., 2008].

Probabilistic Bayesian networks take into account the noise in the data, and

model the transcriptional level in cis-models as a function of cis-promoter motifs,

their distance and orientation [Beer and Tavazoie, 2004, Segal et al., 2002, 2003b].

Bayesian trans-models present the transcriptional levels of a gene as a probabilis-

tic function of the transcriptional levels of its regulators, as will be discussed in

details in the following sections.

1.5 Bayesian Network Models

The Bayesian network [Pearl, 1988] is a graphical entity G in which the nodes

correspond to random variables {X1, X2..., Xn} and the edges represent depen-

dencies between them. Fig. 1.5a illustrates a simple network, in which node X2

represents whether a certain gene is active. The edge from its parent X1 means

that the activity of X2 is dependent upon the activity of X1 gene. For instance,

if X1 is a repressor of X2 and is currently active, we expect the probability that

X2 is active, to be low. Formally, each node Xi is associated with a function that

describes the distribution over its possible values given the value of its parents

Pai in the graph G: P (Xi|PaG(Xi)). This function is called ”the conditional

probability distribution” (CPD) (Fig. 1.5b). The graph G encodes the Local

Markov property [Koller and Friedman, 2009]: each variable Xi is independent
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of its non-descendants, given its parents in G. In our illustration (Fig. 1.5), X3

is independent of X1 once we know the value of its direct parent X2. Another

property of the graph G is that it is acyclic, i.e. it does not contain directed

cycles. Under these assumptions, the joint distribution of the variables in the

graph can be decomposed into the product form (Fig. 1.5c):

P (X1, ..., Xn) =
�

i

P (Xi|PaG(Xi))

This decomposability allows us to present the joint distribution in a compact

way, and to employ efficient learning heuristics to detect the best configuration

of the network. A clear and elaborated explanation of Bayesian Network theory

can be found in Pe’er [2005] and Koller and Friedman [2009].

In the case of transcriptional models, the variables represent transcriptional

levels of genes and other parameters such as sample classification, and the edges

represent their dependencies [Friedman et al., 2000]. Given gene expression data,

we want to find the configuration of the network that most likely generated the

data. Assuming the variables are known, we need to search for the network struc-

ture, i.e., edges, and CPDs’ parameters. A target function which is commonly

used is the Bayesian score [Cooper and Herskovits, 1992, Heckerman et al., 1995],

which is derived from the posterior probability of the model:

Score(G|D) = logP (G|D) = logP (D|G) + logP (G) + C

where C is a constant independent of G, and P (D|G) is the marginal likelihood

over all possible parameters. Several characteristics of the score, which are not

elaborated here, allow an efficient search which moves between possible config-

urations by using local changes to the structure and CPD parameters, such as

adding or removing one edge. An example of such a procedure is a greedy hill-

climbing algorithm [Koller and Friedman, 2009] that at each step performs the

local change that results in the maximal score gain, until it reaches a local max-

imum. Although this procedure does not necessarily find a global maximum, it

does perform well in practice, when combined with multiple random restarts.

Using the methodology described above one can model the regulatory system

from gene expression data by representing each gene as a node in the graph,

and each experiment as an assignment over the genes. Friedman et al. [2000]

learned a network that describes the expression of 800 cell cycle genes [Spellman

et al., 1998], and shortly after Hartemink et al. [2001] learned a network over 32
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pheromone response genes, while apriori annotating the edges with the direction

of the influence. Other models used Dynamic Bayesian Networks to describe

the dynamics of the system [Friedman et al., 1998, Murphy and Mian, 1999, Yu

et al., 2004], or combined gene expression with DNA sequence [Segal et al., 2002,

Tamada et al., 2003].

Bayesian network models suffer from two main drawbacks. First, although

they explain causal relationships, in some cases, it is not possible to mathe-

matically distinguish between two identical configurations that differ only in the

direction of one edge (two such networks are called equivalent). In this case, it is

impossible to detect the causality of the relevant variables.

Second, the typical number of free parameters that needs to be learned is very

high, relative to the number of observations. Thus it results in a solution space

which is super-exponential in the number of variables.

Several studies addressed the second problem by limiting the solution space

dimension. Pe’er et al. [2001] and Friedman et al. [2000] focused on the significant

features in the network - edges and other features that are chosen in many net-

works inferred from the same dataset. Hartemink et al. [2002] used independent

biological knowledge to concentrate on the most probable structures by defin-

ing prior probabilities over the edges. Other studies focused on small networks

[Sachs et al., 2005], or learned networks between groups of genes, and in this way

reduced the effective size of the learned network [Segal et al., 2003a]. In the next

section I will elaborate on this model, called Module Networks.

1.6 Module Networks Model

The modules concept, presented in Segal et al. [2003a, 2005] suggests that the

genes in the cell are organized in modules with a common function or response.

The genes in the same module are co-regulated by the same inputs, resulting in

coordinated activity (Fig. 1.6). Therefore, Module Networks can be viewed as

a Bayesian network with shared CPD - the genes in the same module share their

parents and their expression pattern.

Formally, a Module Network model MN consists of three components. The

first is the partition of all genes G in the domain into a set of modules C =

{M1, . . . ,Mn}. The second is a structure S that assigns for each moduleMj a set

of parents PaMj ⊂ G, which we term regulators of the genes in Mj. This struc-

ture induces a graph GM with C as vertices and edges {Mj → Mk : Mj∩PaMk
�=
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Figure 1.6: Regulation Program of a Gene Module. Taken from Segal et al.
[2003a] Three contexts of regulation: (a) Module genes are not actively regulated and
are expressed at basal level. (b) Genes are regulated by an activator, and therefore are
induced. (c) Gene are regulated by both activator and repressor, and are repressed.
(d) Regulation program and its target module. The regulation program in this case
has a structure of regression tree. See Segal et al. [2003a] for more details.
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∅} (Fig. 1.7a). A legal Module Network has induced an acyclic graph GM. The

third component is a set of template conditional probabilities P (Mj | PaMj),

each of which specifies a distribution over the values of a gene for each value

assignment Val(PaMj) to the parent set. Together these components provide a

concise description of the joint distribution over all genes in G, such that each

gene depends on the parents of the module it belongs to.

This description is the template model. Given gene expression data, the goal

is to find the best configuration, and for this we need to define a score. Like in a

regular Bayesian network, the score of a Module Network is the Bayesian Score.

Specifically, for a given structure S, assignment A and observation data D, the

posterior probability of the model is

Score(S,A|D) = logP (S,A) + logP (D|S,A)

When the prior P (S,A) satisfies certain conditions, the Bayesian score de-

composes to modules and also to the assignment function (A) and the structure

function (S), allowing an efficient learning. Under these conditions, the best

model is learned by searching over the assignments and the network structure

spaces iteratively (Fig. 1.7b): in one step the structure is being optimized rel-

atively to the current assignment function, and in the other, the assignment

function is being optimized relatively to the current structure. Since Module

Network is a specific type of a Bayesian Network, the structure search is done

in the same manner, by local changes to the edges and parameters, while using

greedy hill-climbing heuristic. The assignment search is done by a sequential

update algorithm that iterates over all of the genes one at a time in a ”round-

robin” fashion, and considers changing their module assignment. The output of

the algorithm is a set of modules, each one associated with a different regulation

program consisting of the module regulators.

1.7 Applying Module Networks to Human Dis-

ease Data

Module Networks was successfully employed to yeast perturbation data [Segal

et al., 2003a], identifying a few dozens of informative clusters and their coherent

regulators. However, an unanswered question was whether the model can describe

well data from mammals, which are far more complex. Here I show two systems,

12
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Figure 1.7: Module Network Structure and Learning. (a) General structure
of a network over modules. Genes that are members of a module share the same
CPD. Parents in the network are called regulators, and the modules they regulate are
the target modules. (b) An iterative procedure that iterates between learning of the
network structure (edges and CPDs), and learning the assignment of genes to modules.

one in mice and the other in human, to which we employed Module Networks. In

both systems we were able to detect coherent modules and regulators, although

insightful information was also obtained when combining the modules with other

types of information such as protein interactions and DNA sequence.

The first study [Novershtern et al., 2008] deals with the response of asthma

mouse-model, to treatment with asthma triggers (such as ragweed and ovalbu-

min allergens). Although many previous studies investigated the response to

asthma triggers, the majority of their insights were obtained within a specific

experimental setup. We aimed to map the components of the asthmatic response

that are common to all triggers, and those that are specific, and to characterize

their regulation. We compiled a gene expression compendium from five publicly

available mouse microarray datasets and a gene knowledge base of 4305 gene

annotation sets. First, we created a high-level map of functional themes that

characterize the asthmatic response, and identified functions common to all trig-

gers and all individuals, and other functions which vary between experiments and

individuals. Using Module Networks, we detected 61 modules that reflect four

distinct responses to treatment: Acute response to ovalbumin, general induction

and general repression following all treatments, and IL13 dependent response.

One module with a persistent induction in response to treatment was mainly

composed of genes with suggested roles in asthma, suggesting a similar role for

other module members. An important insight was obtained when genes from the

IL13-dependent response modules were imposed on a protein interaction network.
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Many of the response genes were found to interact with TGFβ1 and its down-

stream TF JUNB, suggesting a key role of these proteins in the IL13-dependent

response. TGFβ1 was not chosen as a regulator by Module Networks because

its transcriptional levels did not change significantly, reflecting the weakness of

models that are based solely on transcriptional levels.

In the second study [Novershtern et al., 2011b], we used a different integrative

approach to combine an expression-based model with a sequence-based model.

Here, we investigated human blood cell differentiation (hematopoiesis), a process

that imposes a dramatic change in transcription and cellular phenotype. Its faults

lead to improper differentiation, and are responsible for blood malignancies and

other hematologic disorders. Being one of the few differentiation systems that

can be investigated ex-vivo in human, hematopoiesis is a highly interesting and

important system to decipher. We sought to understand the general organiza-

tion of regulatory circuitry in hematopoiesis and examine the dominant theory

that identified so far only 26 TFs with a critical role in hematopoiesis. For this

purpose, we profiled gene expression in 211 samples from 38 distinct purified

populations of human hematopoietic cells starting at stem cells and ending with

fully differentiated red and white blood cells. Using Module Networks we iden-

tified 80 modules of tightly co-expressed genes, some of which are restricted to

a single lineage but most of which are expressed at variable levels across multi-

ple lineages. We detected 220 regulators in the module network, many of them

with a known role in blood cell differentiation (e.g., TAL1, LMO2, HELIOS) or

in other differentiation systems (e.g., EGR1, PAX2, MEF2A). To support our

network with additional data, we looked for TF binding events that characterize

the modules. Specifically, we searched for de-novo binding motifs, known binding

motifs, and measured binding events, that are over-represented in the modules.

We associated the majority of them with TFs, suggesting a sequence-based model

of transcription regulation. Combining both models, we found densely intercon-

nected cis-regulatory circuits that include dozens of TFs. These findings suggest

a more complex regulatory system for hematopoiesis than previously assumed.

Finally, we experimentally validated 17 regulators, of which four are novel and

were not known to have a role in blood differentiation prior to our work.
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1.8 Stepping towards Integrative Transcription

Regulation Models

Both human disease studies point out the importance of integrating transcrip-

tional levels with other types of information to generate better models. This

conclusion, which has been demonstrated by others as well (reviewed in Kim

et al. [2009]), motivated the third work included in this dissertation [Novershtern

et al., 2011a]. This study presents a new model for transcription regulation, called

Physical Module Networks, which integrates expression and physical interaction

data. The model has two components - one is a Module Network, and the other is

a graph of protein-protein and protein-DNA interactions. Each regulator in the

Module Network component is required to have a pathway of interactions from

its representing protein, to its target genes in the physical interaction graph. The

unified model has a Bayesian score, and its best configuration is detected by an

iterative procedure that acts in parallel in both model components. We showed

that the addition of physical interactions improves the performance of the Mod-

ule Network on synthetic data. As a proof of principle, we inferred two networks

in yeast in well-studied systems of gene perturbation and the cell cycle. In the

last part of the paper, we reconstructed pathways from influenza virus proteins

to the genes they control in their human host cell.

Applying such integrative models to human data is still in its infancy, but as

data are accumulated with increasing rate, I believe that these models are the

next step in the road for elucidating transcription regulation in human cells.
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The prevalence and morbidity of asthma, a chronic inflammatory
airway disease, is increasing. Animal models provide a meaningful
but limited viewof themechanismsof asthma in humans. A systems-
level view of asthma that integratesmultiple levels ofmolecular and
functional information is needed. For this, we compiled a gene ex-
pression compendium fromfivepublicly availablemousemicroarray
datasets and a gene knowledge base of 4,305 gene annotation sets.
Using this collectionwegeneratedahigh-levelmapof the functional
themes that characterize animal models of asthma, dominated by
innate and adaptive immune response. We used Module Networks
analysis to identify co-regulated gene modules. The resulting mod-
ules reflect four distinct responses to treatment, including early
response, general induction, repression, and IL-13–dependent re-
sponse.Onemodulewith apersistent induction in response to treat-
ment is mainly composed of genes with suggested roles in asthma,
suggesting a similar role for other module members. Analysis of
IL-13–dependent response using protein interaction networks high-
lights a role for TGF-b1 as a key regulator of asthma. Our analysis
demonstrates the discovery potential of systems-level approaches
and provides a framework for applying such approaches to asthma.

Keywords: house dust mite; IL-13; ovalbumin; systems biology; TGF-b

Asthma is a chronic lung disease characterized by airway in-
flammation, hyperresponsiveness, remodeling, and obstruction
(1). The lung phenotype in asthma is believed to be determined
by the interaction of the environment with the patient’s genetic
background (2). This interaction leads to a dramatic change in
the airway microenvironment that includes activation of inflam-
matory pathways, recruitment of immune cells that are not usu-
ally present in the airway, and a dramatic change in the phenotype
of airway resident cells.While individual changes inmanyof these
factors may generate components of the asthmatic phenotype, it
is the converging effects of these pathways on recruited and
altered cells that determine the patient’s disease.

The advent of high-throughput technologies for gene and
protein profiling has greatly improved our ability to characterize
the behavior of genes and proteins in health and disease. Using
animal models of allergic airway disease, investigators applied
DNA microarrays to identify potential regulators of asthmatic
airway inflammation such as C5 (3), ARG1 (4), ADAM8 (5),
SPRR2 (6) as well as to explore the pathways activated by IL13

and STAT6 during the development of allergen-induced lung
inflammation (7–9). Transcriptional analysis of the response to
IL-13, allergen challenge, syncytial virus infection, and cortico-
steroids in epithelial cells identified multiple and rarely over-
lapping genes (10–14). While many of these studies used elegant
experimental approaches to dissect pathways and to identify
and validate potential novel key regulatory molecules, the ma-
jority of their insights were obtained using statistical methods
that select individual genes based on their relevance to a specific
experimental setup, such as a certain knockout or allergen. These
approaches, although successful, tend to reduce the complexity
of the data and do not provide a global, systems-level view of
the process studied. Furthermore, the dependence on gene-level
analysis magnifies the impact of the noise generated by the ex-
perimental models and the different technical aspects of micro-
array sample preparation, hybridization, and scanning. Lastly,
such methods are not capable of integrating multiple levels of
information. Recently, there has been an increased interest in
methods that allow a systems view of the studied process, a view
that observes not only the components of a system but also their
emergent properties. This includes methods that uncover the
functional themes that characterize gene expression profiles
(15, 16) as well as methods that use advanced computational
algorithms for the integration of multiple levels of information
(17–19) and identification of regulatory modules in complex
tissue and in disease (20).

In this study we create a global map of asthma using publicly
available gene expression datasets from multiple sources and
tools that allow integration ofmultiple levels of information, such
as functional annotations and protein interactions (Figure 1). In
addition to providing a comprehensive description of this map,
we present examples of novel observations. These observations
include individual gene expression heterogeneity of genetically
identical animals, a transcriptionally distinct module of known
and potentially novel asthma genes, and support for a central role
of TGF-b in IL-13–dependent allergic lung inflammation. The
map, as well as all datasets, analyses, and additional examples,
are available on the interactive AsthmaMap website (http://
compbio.cs.huji.ac.il/AsthmaMap).

MATERIALS AND METHODS

Datasets

We searched NCBI Gene Expression Omnibus (GEO) for all in vivo
asthma murine models gene expression datasets, publicly available by

CLINICAL RELEVANCE

In this article, we provide a framework for a systems-level
analysis of microarray data and create a global map of
asthma. Our insights, the analytic framework, and the
accompanying website should be of use to basic and clinical
asthma researchers.
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June 2006. Five datasets that passed our inclusion criteria (see online
supplement) were combined to generate the expression compendium,
and an additional dataset published in 2007 was used for independent
validation (Table 1). IL-13 (GEO series GSE1301, Wills-Karp and
coworkers): 12 lung samples from IL-13 knockout (IL-13–KO) and
BALB/cJ wild-type (WT) mice that were treated with house dust mite
(HDM) or with PBS as control. RAG (GEO series GSE483, Wills-Karp
and colleagues): 7 lung samples from BALB/cJ mice that were treated
with ragweed pollen protein plus Alum or with PBS as control. MAH
(Murine Airway Hyperresponsiveness, GEO series GSE3184, Wills-
Karp and associates): 20 lung samples taken from asthma-sensitive A/J
mice and 2 lung samples taken from resistantC3H/MeJmice. Lungswere
harvested at 6 and 24 hours after challenging the mice with HDM/
ovalbumin or with PBS as control. DEA (Dissection of Experimental
Asthma [4]): 11 lung samples fromBALB/cJmice that were treated with
ovalbumin or aspergillus fumigatus (ASP) allergens, or with saline as
control. FTM (Focused Transgenic Modeling [8]): 50 lung and tracheal

perfusate (TP) samples from four mice strains, which were treated with
ovalbumin orwith PBS. The four strains are: (1) IL-131, Stat61/2; (2) IL-
131, Stat62/2; (3) IL-13–Epi (IL-13 overexpresses, STAT6 expressed
only in epithelial cells); and (4) BALB/cJ WT. The datasets have been
previously described (3–5, 8) and recently reviewed by Rolph and
coworkers (21). TEST (GEO series GSE6858 [22]): 16 lung samples
taken from BALB/cJ recombinase-activating gene–deficient (RD) mice
and from WT mice. Lungs were collected 1 day after challenging with
ovalbumin or PBS as control. This dataset was used to as an independent
validation set. See Table 1 for description of all datasets.

Compendium Generation

Transcript levels of four datasets (IL13, RAG, MAH, DEA), generated
with Affymetrix GeneChip arrays, were determined from their data
image files using RMAExpress (23, 24). Transcript levels of FTM were
taken from the original article (8), as this is a two-channel array that

Figure 1. Analysis flow. (A)
The data were combined, nor-
malized, and filtered, resulting
in a unified compendium of
102 experiments and 7,238
genes. (B) A total of 4,305 gene
sets were generated from three
types of data: experimental,
functional, and sequence. Ex-
perimental sets are differen-
tially expressed genes from
other expression studies in hu-
man and mice lungs, and func-
tional and sequence gene sets
are derived from multiple data-
bases. (C) Enrichment analysis
was performed on experiments
and signatures using hypergeo-
metricdistribution.Unsupervised
reconstruction of transcriptional
modules was performed using
the Module Networks algo-
rithm (D), and was validated
using an independent valida-
tion dataset (E). (F) The mod-
ules were utilized to generate
Protein regulatory network.
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cannot be processed using RMAExpress. Each dataset was normalized
such that the mean expression of every gene is zero. Two compendiums
were created. The first (Table E1 in the online supplement), which was
used for the supervised analysis, includes the five datasets and consists of
102 samples and 7,238 genes that have at most two absent calls across all
samples (6,963 of the 7,238 genes had no absent calls).

For the Module Network analysis, a second compendium was gen-
erated from the first four datasets only (Table E2) by choosing all genes
that had at most seven absent calls across all samples This unified com-
pendium consists of 8,086 genes and 52 samples (8,084 of the 8,086 genes
had no absent calls). FTM dataset was not included in this analysis
because its inclusion introduced a bias (seemethods portion of the online
supplement).

Gene Set Knowledgebase Generation

Three groups of gene sets were used for our analyses.

Functional sets: genes annotated according to their cellular function.
These included Gene Ontology, pathway data (KEGG and Super-
array), literature-based annotations (Biocarta), and the Genetic
Associations Database (25).

Expression datasets: genes that were significantly overexpressed or under-
expressed in various microarray studies. Including mouse and human
lung resident cells, airways cells, and peripheral blood cells, that were
treated with cytokines, growth factors, and stimuli (11, 26, 27).

Sequence sets: genes annotated with their predicted regulatory binding
sites taken from TRANSFAC (28) and a comparative study (29), or
with their protein domains, taken from InterPro (30). Annotations
that originally describe human genes were mapped into mouse genes
using Homologous groups as defined in NCBI HomoloGene data-
base (www.ncbi.nlm.nih.gov/entrez/query.fcgi?DB5homologene).
See Table 2 for a detailed description of all gene set sources. All
gene sets are available at the AsthmaMap website.

Data Visualization and Enrichment Analyses

Visualization, heatmap generation, and gene set enrichments were per-
formed using Genomica software (http://genomica.weizmann.ac.il/).
Differentially expressedgene signatureswere calculatedwith parametric
Student’s t test that rejects the null hypothesis if themeans are not equal.
The t test score was controlled for False Discovery Rate (FDR) (31),
using ScoreGenes software (http://compbio.cs.huji.ac.il/scoregenes/).
Protein interaction regulatory networks were generated using Ingenuity
Pathways Analysis (Ingenuity Systems, Redwood City, CA).

Expression Profile of Gene Sets in Individual Animals

The functional expression profile was generated by calculating for each
gene set and each sample the enrichment of genes that are substantially
increased (. 2-fold change), compared with all the genes in that
sample. For example, if in a certain sample there are X genes, of which

x are significantly overexpressed, and there areK genes in a gene set, of
which k are significantly overexpressed, the P value is calculated with
the hypergeometric distribution over [X,x,K,k] (also known as Fisher’s
exact test). The same is done for underexpressed genes. We controlled
FDR at 5% for all analyses. This strict correction ensures the enrich-
ment is statistically significant. We obtained 258 gene sets enriched
with a significant number of substantially changed genes. To address
redundancy between gene sets we manually curated them and merged
the overlapping ones. The resulting 62 GO and Superarray gene sets
are presented in Figure 2.

Gene Set Enrichment in Experimental Signatures

Signatures of differentially expressed genes were identified for each
dataset independently. The threshold for including a differentially
expressed gene in a signature is relatively liberal (t test P value , 0.05).
This choice facilitates identificationof significant enrichments evenwhen
the gene level changes are relativelymild. The enrichment of gene sets in
each signature was calculated with the hypergeometric model (FDR ,
5%), relative to the enrichment in the complete dataset. We found 281
gene sets enriched in the signatures, of which 161 are presented in Figure
3 after manual curation that merged redundant gene sets.

Module Networks Analysis

The modules and their regulation programs were automatically detected
using Module Networks procedure (32). This method, based on probabi-
listic graphical models, detects modules of co-expressed genes and their
shared regulationprograms. The regulationprogram is a small set of genes,
which determines the expression level of themodule genes using a decision
tree structure (regression tree). Given the expression values and a pool of
potential regulator genes, a set of modules and their associated regulation
programs are automatically inferred by an iterative procedure. This
procedure searches for the best gene partition into modules and for the
regulationprogramofeachmodule,whileoptimizinga target function.The
target function is theBayesian score, derived from theposterior probability
of the model (seeRef. 33 for a detailed description of the algorithm).

We employed the Module Networks on the second compendium,
which consists of 52 samples and 8,086 genes. From them, a pool of
1,764 potential regulators was created by choosing all the genes that
carry a regulatory role, according to Gene Ontology annotations. The
number of modules was determined as the number that achieved the
best Bayesian score during the learning (Figure E1). Of the set of
potential regulators, 217 regulators were found to regulate at least one
module in the inferred network.

Generation of Module Cluster Map

The global view of the modules (Figure 4A) was generated by cal-
culating the average expression over all the genes in each module. In
the presented matrix, each column represents the average expression of
a single module, and the rows represent experiments. The resulting
values were clustered using hierarchical clustering (using Genomica).
Four clusters of modules were selected according to their profiles. The

TABLE 1. GENE EXPRESSION COMPENDIUM DATASET SOURCES AND SIGNATURE NAMES

Name Source Strains Treatment Platform
Signatures dataset_strain/
tissue/time_treatment

IL-13 GEO GSE1301 BALB/cJ Wild type;
IL-13 knockout

House Dust Mite Affymetrix GeneChip Mouse
Expression Array 430A and
Mouse Genome 430A 2.0 Array

IL13_WT_HDM;
IL13_KO_HDM

Rag GEO GSE483 BALB/cJ Ragweed Pollen 1 Alum Affymetrix GeneChip Murine
Genome U74A/B/C Version 1

RAG_RWP

MAH GEO GSE184 A/J; C3H/MeJ (C3H) Ovalbumin at 6 h and 24 h Affymetrix GeneChip Mouse
Expression Array 430A and
Mouse Genome 430A 2.0 Array

MAH_OVA; MAH_6_OVA;
MAH_24_OVA

DEA (4) BALB/cJ Ovalbumin; Aspergillus
Fumigatus

Affymetrix GeneChip Murine
Genome U74A Version 2

DEA_OVA; DES_ASP

FTM (8) IL-131, Stat1/2(Stat6p);
IL-131, Stat62/2 (Stat6n);
hStat61 (IL13-Epi); BALB/cJ

Ovabumin; Samples taken
from Whole Lung and
Tracheal Prefusate

UCSF 10Mm Mouse v.2 Oligo
Array; UCSF Gladstone 18K
Mouse v.2 Oligo Array

FTM_WT_OVA;
FTM_Stat6_OVA

TEST (22) BALB/cJ Wild type; Recombinase
activating gene deficient mice

Ovalbumin Affymetrix GeneChip Mouse
Expression Array 430A and
Mouse Genome 430A 2.0 Array

TEST_WT_OVA;
TEST_RD_OVA
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gene set enrichment of the modules was calculated with the hyper-
geometric distribution, and 94 gene sets found to be significant (FDR,
5%); of these, 68 are presented after manual curation that merged re-
dundant sets.

Module Network Validation

We used TEST dataset to independently validate our analysis. This re-
cently published dataset was generated on Affymetrix GeneChip Mouse
Genome 430 2.0 Arrays. Cell files were downloaded and normalized using
RMAExpress. Tomeasure howwell themodules predict the expression of
their genes in the newdataset, wemeasured the correlation of themodules
between the new dataset and the old compendium. Pearson correlation
was measured for 1,025 genes that participate in the four clusters. Their
averageexpression in theWTtreatedmice in theTESTdatawas compared
with the average expression in three sample groups from the compendium:
the average of OVA-DEA samples, the average of OVA 24-hour BALB-
MAH samples, and the average of all treated WT samples.

Ingenuity Protein Network Analysis

Interactionnetworksweregeneratedbyanalyzinggenes indistinctmodule
clusters using Ingenuity Networks analysis. Examples of significant net-

works and canonic pathways for every cluster are presented on the
AsthmaMap webiste. In the case of IL-13–dependent cluster presented
below, eight significant networks (P value , 0.01) were algorithmically
generated based on their connectivity.The twohighest scored networks (P
value, 1e-43) were merged to generate the network presented in Figure
5B. Here, genes are represented as nodes, and the biological relationship
between two nodes (e.g., protein–protein interaction) is represented as an
edge.All edges are supported by at least one reference from the literature,
from a textbook, or from canonical information stored in the Ingenuity
Pathways Knowledge Base. Edges which are supported only by co-
expression evidence are not presented. Human, mouse, and rat orthologs
of a gene are represented as a single node in the network.

AsthmaMap Website

The complete map, containing all the pre-processed data (expression
compendium, 4,305 gene sets, and new gene lists reported here), is
available on the interactive AsthmaMap website (http://compbio.cs.
huji.ac.il/AsthmaMap). The website allows visualizing the sets along
with the expression patterns of their genes. The sets can be downloaded
in a format applicable for Genomica software. In addition, user-defined
gene lists can be uploaded and analyzed for enrichment in respect to
any of the sets available in this study.

TABLE 2. SOURCES OF GENE SETS

Name Type Source Description Date

Kegg Functional
Pathway

http://www.genome.jp/kegg KEGG pathways January 2005

SA Functional
Pathway

http://www.superarray.com Superarray pathway annotation January 2005

Biocarta Functional http://www.biocarta.com BioCarta annotations January 2005
GO Functional http://www.geneontology.org Gene Ontology. 688 terms up to level 7

In the tree
January 2005

Genetic
Association

Functional http://geneticassociationdb.nih.gov/ Association of genes with human
diseases

January 2005

CSPC Experimental (11, 27) Human Primary cell lines of NHBE, NHLF
and BSMC, exposed to cytokines or
PBS. Differentially expressed genes
(t test P value , 0.05)

2000

FMC Experimental (26) Lung Fibroblast, exposed to IFN and
TGF. Differentially expressed genes
(t test PDR 5 5%)

2002

DMM Experimental http://www.ncbi.nlm.nih.gov/
geo/query/acc.cgi?acc5GSE4231

Different Asthma Mouse Models: Genes
that were upregulated or downregulated
(t test P value , 0.01) in mouse whole
lung after treatments of OVA and Bleo

December 2006

HAH Experimental http://www.ncbi.nlm.nih.gov/
geo/query/acc.cgi?acc5GSE3183

Human Airway Hyperresponsiveness:
Genes that were upregulated or
downregulated (t test P value , 0.01)
in response to IL-13 treatment in
airway cells

August 2005

HCL Experimental http://www.ncbi.nlm.nih.gov/
geo/query/acc.cgi?acc5GSE473

Human CD41 Lymphocytes: Genes that
were differentially expressed (t test
P value , 0.01) between cells from
patients with asthma and healthy
patients with and without atopy.

July 2003

HBE Experimental http://www.ncbi.nlm.nih.gov/
geo/query/acc.cgi?acc5GSE470

Human Asthma Exacerbatory Factors:
Genes that were up-regulated or
down-regulated (t test P value , 0.01)
in Human airway epithelial cells, after
different treatments

July 2003

HAE Experimental http://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc5GSE3004

Human Airway Epithelial: Genes that
were upregulated or downregulated
(paired t test P value , 0.01) in
bronchial epithelium of human
subjects before and after an allergen
challenge.

August 2005

Promoter Sequence http://www.broad.mit.edu/
seq/HumanMotifs/

Discovered promoter motifs, Xie et al. February 2005

TRANSFAC Sequence http://www.gene-regulation.
com/pub/databases.html

Binding motif prediction from
TRANSFAC version 8.3, P value
, 0.01, 1,000 bp upstream

December 2004

InterPro Sequence http://www.ebi.ac.uk/interpro/ InterPro domains December 2004
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RESULTS

Expression Compendium and Gene Knowledgebase

We combined five different studies of pulmonary gene expres-
sion from mouse models of asthma. After normalization and
filtering (see MATERIALS AND METHODS), we had a unified
compendium describing the expression of 7,238 genes in 102

samples (Table E1). The sample set includes treatments of
various mouse strains and cell types with different inducers of
asthma (Table 1). We analyzed the compendium with a gene
knowledgebase that includes 4,305 gene sets from three types of
information sources (Table 2): functional annotations derived
from different annotation databases such as Gene Ontology,
pathway analyses, and disease association; sequence annota-

Figure 2. Functional profile of individual animals. Gene sets fromGeneOntology (GO) and Superarray (SA) databases that are enrichedwith substantially
expressed genes. Rows correspond to gene sets, columns correspond to experiments, and color indicates the average expression of the genes in each
significant gene set. The label of each experiment is presentedabove theheatmap, while red indicates treatment.Rectanglesdenote function enrichment of
general immune response (A, B) and lymphocytes regulation pathways (C). Gene sets were manually curated to eliminate redundancy.
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Figure 3. Enrichment of gene sets within signatures of differentially expressed genes. The enrichment is determined for each gene set and each
signature, compared with the prevalence of that gene set in the complete dataset. One hundred sixty-one gene sets that are significantly enriched
(FDR , 5%) within one signature or more are presented. Colored pixels are significantly enriched; color indicates gene set data source. (A, B) Gene
sets induced by most treatments. (C, D) Repressed gene sets. (E) Genes induced by IL-13 in human airway cells. (F) IL-13–dependent gene set
induction in IL-13–KO and WT mice. (G) Genes induced by TGF-b1 in human airway cells. (H) Genetic association gene sets induced by treatment.
Gene sets were manually curated to eliminate redundancy.
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Figure 4. Module global map. Global view of the 61 modules (columns) that were generated with Module Networks algorithms. (A) For each
module, the average expression of its genes in each sample is presented in a heat map. The sample attributes treatment type, strain, and time point
appear to the right of the heat map. Clusters of modules with a characteristic profile include: I, induction following a treatment; II, acute response to
ovalbumin; III, repression following a treatment; and IV, IL-13–dependent induction. (B) Gene sets enrichment in the modules. Colors indicate gene
set source. (C) Module validation (expression patterns of the 61 modules in external TEST data). Note the impressive similarity in module gene
expression patterns.
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Figure 5. Protein interaction regulatory networks within module clusters. (A) Module 494, globally induced following treatment, along with its
regulation program. The rows are genes, and the tree represents the regulation program. The left panel shows the expression of the genes and
regulators in the independent validation dataset TEST. (B) Protein interaction network within IL-13–dependent cluster of modules. Nodes represent
proteins, edges indicate all direct or indirect interactions besides co-expression. Red color indicates IL-13–dependent expression (i.e., genes that are
induced by treatment only at the presence of IL-13).
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tions (genes sharing the same predicted cis-regulatory motif in
their promoters or genes encoding the same protein domain);
and experimental annotations (genes that were differentially
expressed between two conditions in other DNA microarray
studies). We then identified modules of co-regulated genes
using Module Networks analysis (32), and validated them with
a new independent validation gene expression dataset. Finally,
we proposed potential regulatory networks within these modules,
by projecting the discovered modules to protein interaction
networks. The complete map, containing all the pre-processed
data (expression compendium, 4,305 gene sets, and new gene lists
reported here), is available on the interactive AsthmaMap
website (http://compbio.cs.huji.ac.il/AsthmaMap).

Gene Set Expression Profiles Reveal Diverse Response in
Individual Animals

To examine the functional profile of individual animals based
on their gene set expression, we inspected the expression
profiles of gene sets across all samples. Specifically, we looked
for gene sets that were enriched (FDR , 5%) for genes sub-
stantially changed (. 2-fold) in one sample or more. Out of
4,305 gene sets, only 258 were found to be significant, of which
62 GO and Superarray gene sets are presented in Figure 2.

We can see from the expression profiles that most treatments
cause an impressive homogenous increase in multiple gene sets,
including general immune response, cytokines, chemotaxis, and
G protein–coupled receptor signaling (Figures 2A and 2B). This
increase can be seen across all animals with an intact IL13-
STAT6 pathway. On the other hand, increase in regulation of
T cell and B cell activation, or antigen processing and pre-
sentation gene sets, seemed to vary among individual animals
(Figure 2C). Interestingly, in some treated animals none of the
gene sets are increased. Assuming that the experimental anno-
tations are correct and that these are genetically similar to their
experimental peers, we can only speculate that this lack of re-
sponse may suggest a technical cause or an overlooked bi-
ological cause, of which experimentalists should be aware.

Emergent Gene Set Enrichment in Experimental Signatures

Toobtain abetter global viewof the themes in thedata,we looked
at the gene set enrichment in differentially expressed gene
signatures that distinguish between each treatment and its control
experiments (Figure 3). Unlike the previous analysis, this global
view shows themes with moderate response to treatment and it
masks individual variance.

The most immediate conclusion from this view is that the
functional profile of genes induced by treatments is drastically
different from those repressed. As expected, Gene Ontology gene
sets related to antigen processing, hemopoiesis, cytokines, and
response to stimulus are induced by all treatments (Figure 3A).
Similarly, pathway gene sets like inflammation, cytokines, chemo-
kines, and receptors dominate induced genes across all treatments
(Figure 3B). Among the genes decreased, growth factors and
development-related genes are dominant (Figures 3C and 3D).

Reassuringly, IL-13–regulated gene sets identified in human
hyperresponsive airway cells (HAH) stimulated by IL-13 were
enriched in most models, but not in IL-13–KO mice (Figure
3E). Protease inhibitor activity and eicosanoid metabolism
(arachdionic acid pathway) characterize HDM-induced signa-
ture in WT but not IL-13–KO mice (Figure 3F).

Recently, there has been an increased interest in the role of
TGF-b, a master regulator of fibrosis that suppresses inflam-
matory response, in asthma (34, 35). Although several TGF-b
pathway genes were repressed after treatment and TGF-b1
itself was unchanged, we found that experimental gene sets of
genes induced by TGF-b in lung fibroblasts, were enriched in

most treated animals with an intact IL-13 pathway (Figure 3G),
supporting the notion that indeed TGF-b may regulate gene
expression patterns associated with acute inflammatory re-
sponse.

To assess whether the genes induced in every model were
enriched with genes known to be associated with human disease
we generated gene sets based on ‘‘Genetic Association’’ data-
base (http://geneticassociationdb.nih.gov/). Indeed, sets of genes
known to be associated with rheumatoid arthritis, inflammation,
and asthma were all enriched in signatures increased by treat-
ment (Figure 3H; see AsthmaMap website for detailed lists).

Unsupervised Analysis Detects Four Distinct Responses

Analyzing the differentially expressed gene signatures reveals the
active functional gene sets, but is of course limited to pre-defined
sets. To obtain a refined view of the asthmatic response and to
create new gene sets, we employed the Module Networks algo-
rithm (32). This probabilistic method detects modules of co-
expressed and co-regulated genes using a Bayesian graphical
model,where for eachmodule it reconstructs a regulationprogram:
a set of regulators and combinatorial rules, structured as a re-
gression tree, whichdetermine the expressionof the target genes in
the module. The regulation programs are the main advantage of
ModuleNetworkoverother clusteringmethods thatdetect clusters
of genes, but not their potential regulators in the cell.

In this analysis we used only four datasets, as the fifth was
hybridized on a different platform, and its inclusion introduced
a strong bias (see online supplement). This second compendium
describes the expression levels of 8,086 genes in 52 samples (Table
E2). Among these genes, we defined 1,764 genes that carry
a regulatory role according to Gene Ontology as potential reg-
ulators (Table E3). We achieved the best Bayesian score when
learning with 61 modules (Figure E1). Examining the average
expression of these modules (Figure 4A), we obtained four
clusters of modules that could be characterized by their overall
response.

Global induction following a treatment (Figure 4A, Cluster I)
is characterized by a strong induction by any type of treatment.
It is enriched for general components of the immune response:
innate and adaptive responses, complement system; chemokines
and cytokines, and their receptors (Figure 4B and Table 3). In
addition, the cluster of modules is enriched for genes with
potentially direct correlation with asthma, such as IL-17 signaling
pathway and eicosanoid metabolism.

The other three responses are as follows. Acute response to
ovalbumin (Figure 4A, Cluster II) enriched for chemokines,
cytokines and their receptors, inflammatory and DNA damage
signaling pathways (nitric oxide, JAK-STAT, NF-kB, Ca-NFAT,
ATM) (Figure 4B and Table 3); repression following a treatment
(Figure 4A, Cluster III) enriched for angiogenesis, cell develop-
ment, and regulation of metabolism (Figure 4B and Table 3); and
IL-13–dependent response, characterized by induction only in
WT and not in IL-13–KO mice (Figure 4A, Cluster IV). A more
detailed analysis of this cluster is described below.

Module Network Validation

To evaluate the module network we used a new dataset (TEST)
that was published after the analysis was done (22). The dataset
includes lung gene expression measurements, collected fromWT
andRDmice treatedwithovalbumin.Wewanted to estimate how
well the modules predict the expression of their genes in the new
dataset. For this purpose we measured for the four clusters (I–
IV), the correlation between the average of treated WT mice
samples in TEST data and the average of treatedWTmice in the
old compendium. Pearson correlation between these two groups
is positive: 0.61. When calculating correlation between treated
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WTmice in TEST data, and ovalbumin-treatedWTmice inDEA
dataset, the correlation is even higher (Pearson correlation 0.74),
and the same is true for ovalbumin-treatedWTmice inMAHdata
(Pearson correlation 0.81). Figures 4C and 5A provide visual
demonstration of the impressive similarity of gene expression
patterns in modules between gene expression compendium and
TEST dataset.

Potential Genes with Novel Role in Asthma Induction

An interestingmember of in the global induction cluster is module
494 (Figure 5A). This module, regulated by CCL2, IL1RN, and
ADAM8, contains 14 genes that exhibit the most persistent
activation after treatment of all modules. Among the regulators,
ADAM8 and CCL2 were previously associated with allergic lung
inflammation based on microarray data (5, 36). The human gene
for IL1RN, an anti-inflammatory cytokine located within interleu-
kin-1 cluster on human chromosome 2q12–2q14, was found to be
associated with asthma in several populations (37, 38). Recently,
Ramadas and coworkers (39) found differences in IL1RN expres-
sion between asthma-susceptible and -resistant mouse strains (A/J
and C3H/HeJ, respectively) but not sequence differences.

The genes in the module include several chemokines such as
CCL11 (Eotaxin, a known asthma regulator [40]); immunoglob-
ulin-related molecules (IGHA1, IGJ); molecules suggested to be
involved in allergic lung inflammation based on array data
(ITLNA, CALCA3 [8], ARG1 [4], SPRR2A [6]); and chitinase
family members CHIA and CHI3L3. Recently Homer and
colleagues (41) demonstrated that both CHIA and CHI3L3 were
induced in models of allergic lung inflammation. However, they
differed in their distribution—CHIA was expressed in distal
airway epithelial cells in which mucus was not expressed, while
CHI3L3 expression was limited to central or proximal mid-
airways but not distal. While they observed that both were
induced by ovalbumin or IL-13 induction, in this module CHIA

induction is dependent on an intact IL-13 pathway andCHI3L3 is
not. The enrichment of this module with asthma-proven relevant
genes should encourage further study of the role of other
molecules in this module, such as SERPINA2G (a proteinase
inhibitor that regulates cathepsin B activity) and SAA3 (a
member of the serum amyloid protein family).

Potential Role of TGF-b1 in IL-13–Induced Allergic
Lung Inflammation

One of the limitations of module network analysis is that it is
based solely on gene expression of the regulators and target
genes. To address regulatory events that are beyond transcrip-
tional regulation we need to add more complete biological
information, such as protein–protein interactions. We therefore
explored the nature of the interactions of genes between and
within modules using Ingenuity Pathways Analysis (Ingenuity
Systems). As an example, we subjected the IL-13–dependent
cluster of modules to network analysis using Ingenuity. We
generated eight potential networks, and merged the two highest
scoring networks (P value , 1e-43). The combined network,
which contains 40 genes, 31 of which significantly changed, is
presented in Figure 5B. This analysis uncovers potential key
regulatory effect of genes that do not change significantly in this
dataset on genes in this cluster of modules. Surprisingly, although
IL-13 is amember of the network, the network’s major regulators
are TGF-b1 and its downstream transcription factor JUNB
(Figure 5B). TGF-b1 regulates eight of the induced network
members and is activated or induced by four members, including
THBS1, MMP14, and IL-13, suggesting a positive feedback loop.
A close look at the network also suggests that at least some of the
effects of IL-13 on gene expression in mouse allergic lung
inflammation are mediated through TGF-b1.

Additional examples of ingenuity networks found in clusters
I, II, and III are available on the AsthmaMap website.

TABLE 3. ACTIVE MODULES

Module
Number

Number
of Genes Response Functional Themes Root Regulator Selected Genes

443 45 Global induction following
treatment

Receptors for interleukins and
cytokines; eicosanoid
metabolism

CHI3L3: Chitinase 3-like3-3 PTGS1, PTGES, PTGER4

488 38 Global induction following
treatment

Adaptive immunity: Leukocytes;
IL-17 signaling pathway;
T-cell co-stimulatory pathways

EMR1: EGF-like hormone
receptor with macrophage-
restricted expression

CD3D, CD3G, CD2, PTPRC, LCK

494 14 Global induction following
treatment

Chemokines and their receptors CCL2: chemokine (C-C motif)
ligand 2

CHIA, CHI3L3, ARG1, MMP12

678 21 Global induction following
treatment

complement system FCGR2B: Fc fragment of IgG,
low affinity IIb, receptor
(CD32)

C3, C3AR1, C1GA, C1GB, C1GC

697 15 Global induction following
treatment and IL-13–
dependent induction

Innate immunity response CXCL5: chemokine (C-X-C
motif) ligand 5

CCR1, CCL2, CCL7

585 54 Acute response to ovalbumin JAK/STAT pathway ID3: inhibitor of DNA binding 3 JAK2, JUNB, IL4, IL10 IL1RA,
IL4RA, IL17R, SOCS2

605 35 Acute response to ovalbumin Nitric oxide; Extracellular matrix
molecules

RGS16: regulator of G protein
signaling 16

SERPINE, FAS, NFKBI

649 6 Acute response to ovalbumin Chemokines with NF-kB binding
site in their promoters.

CMKOR1: chemokine orphan
receptor 1

CXCL1, CXCL2, CXCL5

666 39 Acute response to ovalbumin Nitric oxide; NF-kB signaling;
interleukins and their receptors

FZD2: frizzled homolog 2
(Drosophila)

IL1A, IL1B, IL1R2, CSF3, CCL3,
CCL4, FOS, EGR1, MMP8

548 43 Repression following treatment Transcription factor activity and
regulation of metabolism.

NUMB: numb gene homolog
(Drosophila)

SOX17, SOX18, HOCB5, TOB,
SMAD7

654 47 Repression following treatment Angiogenesis IL1RL1: interleukin 1 receptor–
like 1

VEGFA, KDR, ANGPT1, FIGF,
FIGF1

622 16 IL-13–dependent induction Genes repressed by IL-13 in
human airway cells

MAFF: v-maf musculoaponeurotic
fibrosarcoma oncogene family,
protein F (avian)

PTGS2
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DISCUSSION

The aim of this article is to provide a framework for systems-
level analysis of disease-relevant data from multiple sources.
Despite inherent difficulties (differences in model parameters,
nonideal experimental design, and limited number of animals in
experimental subsets), we observe highly meaningful and re-
producible patterns and themes that characterize allergic lung
inflammation, and are robust to a specific model setup.

One principle applied in this study is gene sets analysis rather
than individual gene analysis; here the main benefit is the
robustness to noise. Such robustnesswas critical whenuncovering
heterogeneity between individual animals, which is not depen-
dent on changes in the levels of single genes (Figure 2). One
concern in applying gene expression studies in human clinical
research is diversity in genetic background that dictates individ-
ual variability. By being less affected by changes in the levels of
single genes, gene set profiles allow us to observe changes in
global trends and themes in response to a stimulus or an
intervention. Such analyses may be highly useful in applying
gene expression approaches to guiding human clinical research
and potentially, in the future, disease diagnosis andmanagement.

When the gene sets analysis principle is applied to gene ex-
pression signatures, a global view of the nature of the genes that are
changed during allergic lung inflammation in the mouse lung
emerges (Figure 3). This view provides system-level support to
previous hypotheses as well as generation of new ones. As an
example in this analysis, we found that protease inhibitor activity
and eicosanoidmetabolism characterizeHDM-induced signature in
WT but not IL-13–KO mice (Figure 3F). Considering the differ-
ence in response to allergen in IL-13–KO and WT mice, the
difference in eicosanoidmetabolism is predictable: this pathway is
often implicated in asthma in humans. More specifically, recently
Shim and coworkers (42) demonstrated that ALOX5, a key
enzyme in arachidonic acid metabolism, mediates IL-13–induced
pulmonary inflammation; Trudeau and colleagues (43) also
demonstrated that PTGS2, another key enzyme in this pathway,
is regulated by IL-13 in airway epithelial cells. Our findings, which
are based on microarray data created years before these articles
and on analysis performed independently, provide a systems-level
support for the observations by Shim and coworkers and Trudeau
and colleagues. In parallel, their results validate and support our
analyses. The differences in protease inhibitors activity, however,
were not reported so far. These differences suggest that IL-13
effects on airway inflammation and remodeling may also be
mediated by modulation of anti-protease activity, a finding that
may have important therapeutic implications.

An additional principle used in this study is an unbiased
integration of multiple levels of biological information. This
principle aims to enhance what the biologists often do, which is
to prioritize hypotheses and insights based on their knowledge by
using tools that integrate such knowledge.A good example of this
approach is the potential regulatory role for TGF-b1 in allergic
lung inflammation that we propose. This observation became
obvious when we combined gene expression analysis, gene set
analysis, and protein–protein interactions information. In fact,
the role ofTGF-b1 in allergic lung inflammation is not completely
understood. Increased levels of TGF-b1 and evidence for TGF-
b1 activation have been found in airways, bronchoalveolar
lavage, and cells from of patients with asthma (44–46). Poly-
morphisms in the TGF-b1 promoter have been identified in
patients with asthma (47–49) as well as increased levels of TGF-
b2 in patients with severe asthma (50). Recently, Leung and
coworkers demonstrated that inhibition of TGF-b1 receptor
kinase reversed bronchial hyperreactivity in a murine model of
allergic lung inflammation (51). Similar results were obtained by

Hirano and colleagues with pirfenidone, an antifibrotic agent
(52), and by Nakao and coworkers using transgenic mice that
overexpress SMAD7, an inhibitor of TGF-b1 signaling (53). Lee
and colleagues (54) demonstrated that IL-13–mediated pulmo-
nary fibrosis was mediated through TGF-b1, as did Fichtner-
Feigl and coworkers (55). Zhou and colleagues demonstrated
synergism between IL-13 and TGF-b1 in TIMP1 induction (56).

In our analysis, lungs of mice after antigen challenge are
almost universally enriched with genes induced by TGF-b in
airway resident cells (Figure 3G). In addition, protein network
analysis demonstrates that IL-13–dependent gene cluster of
modules is significantly regulated by TGF-b1 (Figure 5B). Our
results indicate that TGF-b1 is induced early in allergic asthmatic
response andmay play a significant role in all of its stages and not
necessarily only in the remodeling phase. Together with the
murine TGF-b1 inhibition experiments, these findings suggest
that modulating TGF-b1 signaling in the airway may be a poten-
tial target for therapeutic intervention in asthma.

One of the interesting questions arising from gene expression
data is whether there are a few key molecules that regulate the
expressionof the restof thegenes.TheModuleNetworks algorithm
attempts to address this questionbydetectingmodules of genes that
have a similar transcription under some context (context-specific
clustering), anda setof regulators and rules that togetherpredict the
transcription levels of the target genes under the different contexts.

We presented in details an example of a module (494, Figure
5A) which shows a persistent activation after all types of
treatments and consists of many known asthma-related genes,
both as module members and as regulators. However, this
module also illustrates the limitations of the Module Network
approach in gene expression data. It is tempting to hypothesize
that the regulators CCL2, IL1RN, and ADAM8 indeed regulate
the behavior of the genes in the module. But we cannot rule out
that what we obtain is a conditional co-expression that may be
driven by regulators outside the data set. Such regulation may
occur at the protein level, or by miRNA, or even by simpler
mechanisms such as changes in cellular admixtures. Neverthe-
less, in many cases the transcriptional level reflects a true reg-
ulation relationship (32), and the chosen regulators are valid. To
address regulatory events that are beyond transcriptional regu-
lation, we need to add more complete biological information,
such as physical interactions that support the regulation relation-
ship. The analysis of cluster IV, in which we found that TGF-b
may be a regulator of IL-13–dependent genes although its tran-
scriptional levels are not informative, illustrates this point.

In conclusion, althoughmanyof theobservations thatwepresent
were found in single datasets or traditional experiments, our global
analysis supports the generalizability and reproducibility of these
results beyond the specific experimental settings inwhich theywere
found. More importantly, by integrating multiple levels of infor-
mation and complementary analytic approaches, we infer effects of
novel regulators that are not necessarily obvious when single
datasets are analyzed. Our results demonstrate that the discovery
potential in these publicly available datasets is not fully realized.
This article and the accompanying AsthmaMap website are a sig-
nificant step toward realizing this potential.

Conflict of Interest Statement: N.F. serves as a consultant to Agilent Technologies.
None of the other authors has a financial relationship with a commercial entity
that has an interest in the subject of this manuscript.

Acknowledgments: The authors thank A. Regev, S. Wenzel, D. Sheppard, M.
Selman, A. Choi, and D. A. Thompson for their helpful discussions and productive
critiques.

References

1. Busse WW, Lemanske RF Jr. Asthma. N Engl J Med 2001;344:350–362.

334 AMERICAN JOURNAL OF RESPIRATORY CELL AND MOLECULAR BIOLOGY VOL 38 2008



2. Castro-Giner F, Kauffmann F, de Cid R, Kogevinas M. Gene-environment
interactions in asthma. Occup Environ Med 2006;63:768–786.

3. Karp CL, Grupe A, Schadt E, Ewart SL, Keane-Moore M, Cuomo PJ,
Kohl J, Wahl L, Kuperman D, Germer S, et al. Identification of
complement factor 5 as a susceptibility locus for experimental allergic
asthma. Nat Immunol 2000;1:221–226.

4. Zimmermann N, King NE, Laporte J, Yang M, Mishra A, Pope SM,
Muntel EE, Witte DP, Pegg AA, Foster PS, et al. Dissection of
experimental asthma with DNA microarray analysis identifies argi-
nase in asthma pathogenesis. J Clin Invest 2003;111:1863–1874.

5. King NE, Zimmermann N, Pope SM, Fulkerson PC, Nikolaidis NM,
Mishra A, Witte DP, Rothenberg ME. Expression and regulation of
a disintegrin and metalloproteinase (ADAM) 8 in experimental
asthma. Am J Respir Cell Mol Biol 2004;31:257–265.

6. Zimmermann N, Doepker MP, Witte DP, Stringer KF, Fulkerson PC,
Pope SM, Brandt EB, Mishra A, King NE, Nikolaidis NM, et al.
Expression and regulation of small proline-rich protein 2 in allergic
inflammation. Am J Respir Cell Mol Biol 2005;32:428–435.

7. Follettie MT, Ellis DK, Donaldson DD, Hill AA, Diesl V, DeClercq C,
Sypek JP, Dorner AJ, Wills-Karp M. Gene expression analysis in
a murine model of allergic asthma reveals overlapping disease and
therapy dependent pathways in the lung. Pharmacogenomics J 2006;
6:141–152.

8. Kuperman DA, Lewis CC, Woodruff PG, Rodriguez MW, Yang YH,
Dolganov GM, Fahy JV, Erle DJ. Dissecting asthma using focused
transgenic modeling and functional genomics. J Allergy Clin Immunol
2005;116:305–311.

9. ZimmermannN,MishraA,KingNE,FulkersonPC,DoepkerMP,Nikolaidis
NM, Kindinger LE, Moulton EA, Aronow BJ, Rothenberg ME. Tran-
script signatures in experimental asthma: identification of STAT6-de-
pendent and -independent pathways. J Immunol 2004;172:1815–1824.

10. Lilly CM, Tateno H, Oguma T, Israel E, Sonna LA. Effects of allergen
challenge on airway epithelial cell gene expression. Am J Respir Crit
Care Med 2005;171:579–586.

11. Lee JH, Kaminski N, Dolganov G, Grunig G, Koth L, Solomon C, Erle
DJ, Sheppard D. Interleukin-13 induces dramatically different tran-
scriptional programs in three human airway cell types. Am J Respir
Cell Mol Biol 2001;25:474–485.

12. Temple R, Allen E, Fordham J, Phipps S, Schneider HC, Lindauer K,
Hayes I, Lockey J, Pollock K, Jupp R. Microarray analysis of
eosinophils reveals a number of candidate survival and apoptosis
genes. Am J Respir Cell Mol Biol 2001;25:425–433.

13. Kong X, San Juan H, Kumar M, Behera AK, Mohapatra A, Hellermann
GR, Mane S, Lockey RF, Mohapatra SS. Respiratory syncytial virus
infection activates STAT signaling in human epithelial cells. Biochem
Biophys Res Commun 2003;306:616–622.

14. Laprise C, Sladek R, Ponton A, Bernier MC, Hudson TJ, Laviolette M.
Functional classes of bronchial mucosa genes that are differentially
expressed in asthma. BMC Genomics 2004;5:21.

15. Mao X, Cai T, Olyarchuk JG, Wei L. Automated genome annotation
and pathway identification using the KEGG Orthology (KO) as a
controlled vocabulary. Bioinformatics 2005;21:3787–3793.

16. Zeeberg BR, Qin H, Narasimhan S, Sunshine M, Cao H, Kane DW,
Reimers M, Stephens RM, Bryant D, Burt SK, et al. High-Through-
put GoMiner, an ‘industrial-strength’ integrative gene ontology tool
for interpretation of multiple-microarray experiments, with applica-
tion to studies of Common Variable Immune Deficiency (CVID).
BMC Bioinformatics 2005;6:168.

17. Segal E, Friedman N, Koller D, Regev A. A module map showing
conditional activity of expression modules in cancer. Nat Genet 2004;
36:1090–1098.

18. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL,
Gillette MA, Paulovich A, Pomeroy SL, Golub TR, Lander ES,
et al. Gene set enrichment analysis: a knowledge-based approach for
interpreting genome-wide expression profiles. Proc Natl Acad Sci USA
2005;102:15545–15550.

19. Liu CC, Lin CC, Chen WS, Chen HY, Chang PC, Chen JJ, Yang PC.
CRSD: a comprehensive web server for composite regulatory signa-
ture discovery. Nucleic Acids Res 2006;34:W571–W577.

20. Segal E, Friedman N, Kaminski N, Regev A, Koller D. From signatures to
models: understanding cancer using microarrays. Nat Genet 2005;37:
S38–S45.

21. RolphMS, SisavanhM, Liu SM,Mackay CR. Clues to asthma pathogenesis
from microarray expression studies. Pharmacol Ther 2006;109:284–294.

22. Lu X, Jain VV, Finn PW, Perkins DL. Hubs in biological interaction
networks exhibit low changes in expression in experimental asthma.
Mol Syst Biol 2007;3:98.

23. Barash Y, Dehan E, Krupsky M, Franklin W, Geraci M, Friedman N,
Kaminski N. Comparative analysis of algorithms for signal quantitation
from oligonucleotide microarrays. Bioinformatics 2004;20:839–846.

24. Irizarry RA, Hobbs B, Collin F, Beazer-Barclay YD, Antonellis KJ, Scherf
U, Speed TP. Exploration, normalization, and summaries of high density
oligonucleotide array probe level data. Biostatistics 2003;4:249–264.

25. Becker KG, Barnes KC, Bright TJ, Wang SA. The genetic association
database. Nat Genet 2004;36:431–432.

26. Gal N, Pardo A, Yakhini Z, Becerril C, Ben-Dor A, Friedman N, Ben-
Dov I, Kaminski N. Gene expression analysis of lung fibroblasts
derived from idiopathic pulmonary fibrosis patients [abstract]. Am J
Respir Crit Care Med 2002;165:A171.

27. Kaminski N, Lee JH, Allard J, Heller RA, Sheppard D. TGF induces
distinct transcriptional programs in airway epithelial and airway
smooth muscle cells. Am J Respir Crit Care Med 2000;161:A667.

28. Wingender E, Chen X, Hehl R, Karas H, Liebich I, Matys V, Meinhardt
T, Pruss M, Reuter I, Schacherer F. TRANSFAC: an integrated system
for gene expression regulation. Nucleic Acids Res 2000;28:316–319.

29. Xie X, Lu J, Kulbokas EJ, Golub TR, Mootha V, Lindblad-Toh K,
Lander ES, Kellis M. Systematic discovery of regulatory motifs in
human promoters and 39 UTRs by comparison of several mammals.
Nature 2005;434:338–345.

30. Apweiler R, Attwood TK, Bairoch A, Bateman A, Birney E, Biswas M,
Bucher P, Cerutti L, Corpet F, Croning MD, et al. The InterPro
database, an integrated documentation resource for protein families,
domains and functional sites. Nucleic Acids Res 2001;29:37–40.

31. Benjamini Y, Hochberg Y. Controlling the false discovery rate: a prac-
tical and powerful approach to multiple testing. J Roy Statist Soc Ser
B Methodological 1995;57:289–300.

32. Segal E, Shapira M, Regev A, Pe’er D, Botstein D, Koller D, Friedman N.
Module networks: identifying regulatory modules and their condition-
specific regulators from gene expression data.Nat Genet 2003;34:166–176.

33. Segal E, Pe’er D, Regev A, Koller D, Friedman N. Learning module
networks. J Mach Learn Res 2005;6:557–588.

34. Chung KF, Torrego A, Hew M, Sukkar M, Oates T. Expression and
activation of TGF-fbetag isoforms in acute allergen-induced remod-
elling in asthma. Thorax 2007;62:307–313.

35. Makinde T, Murphy RF, Agrawal DK. The regulatory role of TGF-beta
in airway remodeling in asthma. Immunol Cell Biol 2007;85:348–356.

36. Fulkerson PC, Zimmermann N, Hassman LM, Finkelman FD, Rothenberg
ME. Pulmonary chemokine expression is coordinately regulated by
STAT1, STAT6, and IFN-gamma. J Immunol 2004;173:7565–7574.

37. Gohlke H, Illig T, Bahnweg M, Klopp N, Andre E, Altmuller J, Herbon
N, Werner M, Knapp M, Pescollderungg L, et al. Association of the
interleukin-1 receptor antagonist gene with asthma. Am J Respir Crit
Care Med 2004;169:1217–1223.

38. Pattaro C, Heinrich J, Werner M, de Marco R, Wjst M. Association
between interleukin-1 receptor antagonist gene and asthma-related
traits in a German adult population. Allergy 2006;61:239–244.

39. Ramadas RA, Li X, Shubitowski DM, Samineni S, Wills-Karp M,
Ewart SL. IL-1 Receptor antagonist as a positional candidate gene
in a murine model of allergic asthma. Immunogenetics 2006;58:851–
855.

40. Romagnani S. Cytokines and chemoattractants in allergic inflammation.
Mol Immunol 2002;38:881–885.

41. Homer RJ, Zhu Z, Cohn L, Lee CG, White WI, Chen S, Elias JA.
Differential expression of chitinases identify subsets of murine airway
epithelial cells in allergic inflammation. Am J Physiol Lung Cell Mol
Physiol 2006;291:L502–L511.

42. Shim YM, Zhu Z, Zheng T, Lee CG, Homer RJ, Ma B, Elias JA. Role of
5-lipoxygenase in IL-13-induced pulmonary inflammation and remod-
eling. J Immunol 2006;177:1918–1924.

43. Trudeau J, Hu H, Chibana K, Chu HW, Westcott JY, Wenzel SE.
Selective downregulation of prostaglandin E2-related pathways
by theTh2 cytokine IL-13. JAllergyClin Immunol 2006;117:1446–1454.

44. Chakir J, Shannon J, Molet S, Fukakusa M, Elias J, Laviolette M, Boulet
LP, Hamid Q. Airway remodeling-associated mediators in moderate
to severe asthma: effect of steroids on TGF-beta, IL-11, IL-17, and
type I and type III collagen expression. J Allergy Clin Immunol 2003;
111:1293–1298.

45. Silverman EK, Speizer FE, Weiss ST, Chapman HA Jr, Schuette A,
Campbell EJ, Reilly JJ Jr, Ginns LC, Drazen JM. Familial aggrega-
tion of severe, early-onset COPD: candidate gene approaches. Chest
2000;117:273S–274S.

46. Sagara H, Okada T, Okumura K, Ogawa H, Ra C, Fukuda T, Nakao A.
Activation of TGF-beta/Smad2 signaling is associated with airway
remodeling in asthma. J Allergy Clin Immunol 2002;110:249–254.

Novershtern, Itzhaki, Manor, et al.: Systems Biology of Asthma—The AsthmaMap 335



47. Mak JC,LeungHC,HoSP,LawBK,HoAS,LamWK, IpMS,Chan-Yeung
MM. Analysis of TGF-beta(1) gene polymorphisms in Hong Kong
Chinese patients with asthma. J Allergy Clin Immunol 2006;117:92–96.

48. Nagpal K, Sharma S, B-Rao C, Nahid S, Niphadkar PV, Sharma SK,
Ghosh B. TGFbeta1 haplotypes and asthma in Indian populations.
J Allergy Clin Immunol 2005;115:527–533.

49. Silverman ES, Palmer LJ, Subramaniam V, Hallock A, Mathew S,
Vallone J, Faffe DS, Shikanai T, Raby BA, Weiss ST, et al. Trans-
forming growth factor-beta1 promoter polymorphism C-509T is
associated with asthma. Am J Respir Crit Care Med 2004;169:214–219.

50. Balzar S, Chu HW, Silkoff P, Cundall M, Trudeau JB, Strand M, Wenzel
S. Increased TGF-beta2 in severe asthma with eosinophilia. J Allergy
Clin Immunol 2005;115:110–117.

51. Leung SY, Niimi A, Noble A, Oates T, Williams AS, Medicherla S, Protter
AA,ChungKF.Effectof transforminggrowth factor-beta receptor Ikinase
inhibitor 2,4-disubstituted pteridine (SD-208) in chronic allergic airway
inflammation and remodeling. J Pharmacol Exp Ther 2006;319:586–594.

52. Hirano A, Kanehiro A, Ono K, Ito W, Yoshida A, Okada C, Nakashima
H, Tanimoto Y, Kataoka M, Gelfand EW, et al. Pirfenidone

modulates airway responsiveness, inflammation, and remodeling after
repeated challenge. Am J Respir Cell Mol Biol 2006;35:366–377.

53. Nakao A, Sagara H, Setoguchi Y, Okada T, Okumura K, Ogawa H,
Fukuda T. Expression of Smad7 in bronchial epithelial cells is
inversely correlated to basement membrane thickness and airway
hyperresponsiveness in patients with asthma. J Allergy Clin Immunol
2002;110:873–878.

54. Lee CG, Homer RJ, Zhu Z, Lanone S, Wang X, Koteliansky V, Shipley
JM, Gotwals P, Noble P, Chen Q, et al. Interleukin-13 induces tissue
fibrosis by selectively stimulating and activating transforming growth
factor beta(1). J Exp Med 2001;194:809–821.

55. Fichtner-Feigl S, Strober W, Kawakami K, Puri RK, Kitani A. IL-13
signaling through the IL-13alpha2 receptor is involved in induction of
TGF-beta1 production and fibrosis. Nat Med 2006;12:99–106.

56. Zhou X, Trudeau JB, Schoonover KJ, Lundin JI, Barnes SM, Cundall
MJ, Wenzel SE. Interleukin-13 augments transforming growth factor-
beta1-induced tissue inhibitor of metalloproteinase-1 expression in
primary human airway fibroblasts. Am J Physiol Cell Physiol 2005;
288:C435–C442.

336 AMERICAN JOURNAL OF RESPIRATORY CELL AND MOLECULAR BIOLOGY VOL 38 2008



Chapter 3

Paper: Densely Interconnected

Transcriptional Circuits Control

Cell States in Human

Hematopoiesis.

Novershtern N∗, Subramanian A∗, Lawton LN, Mak RH, Haining WN, McConkey

ME, Habib N, Yosef N, Chang CY, Shay T, Frampton GM, Drake AC, Leskov I,

Nilsson B, Preffer F, Dombkowski D, Evans JW, Liefeld T, Smutko JS, Chen J,

Friedman N, Young RA, Golub TR, Regev A, Ebert BL.

Cell, 2011.

∗These authors contributed equally.

30



Resource

Densely Interconnected Transcriptional
Circuits Control Cell States
in Human Hematopoiesis
Noa Novershtern,1,2,3,11 Aravind Subramanian,1,11 Lee N. Lawton,4 Raymond H. Mak,1 W. Nicholas Haining,5

Marie E.McConkey,6 Naomi Habib,3 Nir Yosef,1 Cindy Y. Chang,1,6 Tal Shay,1 Garrett M. Frampton,2,4 AdamC.B. Drake,2,7

Ilya Leskov,2,7 Bjorn Nilsson,1,6 Fred Preffer,8 David Dombkowski,8 John W. Evans,5 Ted Liefeld,1 John S. Smutko,9

Jianzhu Chen,2,7 Nir Friedman,3 Richard A. Young,2,4 Todd R. Golub,1,5,10 Aviv Regev,1,2,10,12,*
and Benjamin L. Ebert1,5,6,12,*
1Broad Institute, 7 Cambridge Center, Cambridge MA, 02142, USA
2Department of Biology, Massachusetts Institute of Technology, Cambridge MA, 02140, USA
3School of Computer Science, Hebrew University, Jerusalem 91904, Israel
4Whitehead Institute for Biomedical Research, 9 Cambridge Center, Cambridge, MA 02142, USA
5Dana-Farber Cancer Institute, Boston, MA 02115, USA
6Brigham and Women’s Hospital, Boston, MA 02115, USA
7Koch Institute for Integrative Cancer Research, Massachusetts Institute of Technology, Cambridge, MA 02139
8Massachusetts General Hospital, Boston, MA 02114, USA
9Nugen Technologies, San Carlos, CA 94070, USA
10Howard Hughes Medical Institute, Chevy Chase, MD 20815-6789, USA
11These authors contributed equally to this work
12These authors contributed equally to this work
*Correspondence: aregev@broad.mit.edu (A.R.), bebert@partners.org (B.L.E.)
DOI 10.1016/j.cell.2011.01.004

SUMMARY

Though many individual transcription factors are
known to regulatehematopoieticdifferentiation,major
aspects of the global architecture of hematopoiesis
remain unknown. Here, we profiled gene expression
in 38 distinct purified populations of human hemato-
poietic cells and used probabilistic models of gene
expression and analysis of cis-elements in gene
promoters todecipher thegeneral organizationof their
regulatory circuitry. We identified modules of highly
coexpressed genes, some of which are restricted to
a single lineage but most of which are expressed at
variable levels across multiple lineages. We found
densely interconnected cis-regulatory circuits and
a large number of transcription factors that are differ-
entiallyexpressedacrosshematopoieticstates.These
findings suggest a more complex regulatory system
for hematopoiesis than previously assumed.

INTRODUCTION

Hematopoiesis is an ideal model for the study of multilineage
differentiation in humans. More than 2 3 1011 hematopoietic
cells from at least 11 lineages are produced daily in humans
from a small pool of self-renewing adult stem cells (Quesenberry
and Colvin, 2005). Production of each cell type is highly regu-
lated and responsive to environmental stimuli. Mutations or

aberrant expression of regulatory proteins cause both benign
and malignant hematologic disorders.
The hematopoietic system is also well suited for an analysis of

the global architecture of the molecular circuits controlling
human cellular differentiation. Hematopoietic stemcells, progen-
itor cells, and terminally differentiated cells can be isolated using
flowcytometry.Moreover,many aspects of hematopoietic differ-
entiation can be recapitulated in vitro. Finally, high-speed
multiparameter flow cytometry and cDNA amplification proce-
dures allow us to purify and profile gene expression from rare
subpopulations (Ebert and Golub, 2004).
Adominantmodelof hematopoiesisposits that it iscontrolledby

a hierarchy of a relatively small number of critical transcription
factors (TFs) that are sequentially expressed, are largely restricted
to a specific lineage, and can interact directly tomediate and rein-
forcecell fatedecisions (Iwasaki andAkashi, 2007).Genetically en-
gineered mice have been used to map the maturation stage at
which key TFs are essential (Orkin and Zon, 2008).
Recent genome-wide studies suggest a more complex archi-

tecture in regulatory circuits involving larger numbers of TFs
that control different combinations of modules of coexpressed
genes (Amit et al., 2009; Suzuki et al., 2009). Complex circuits
with a larger number of TFs than previously assumed, each
with a major regulatory effect, are emerging from studies in
immune cell types (Amit et al., 2009; Suzuki et al., 2009), stem
cell populations (Müller et al., 2008), and cell differentiation in
invertebrates (Davidson, 2001).
These two views leave open several key questions in under-

standing the regulatory architecture of human hematopoiesis.
(1) Are distinct hematopoietic cell states characterized mostly
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by induction of lineage-specific genes or by a unique combina-
tion of modules, wherein the distinct capacities of each cell
type are largely determined through the reuse of modules? (2)
Is hematopoiesis determined solely by a few master regulators,
or does it involve a more complex network with a larger number
of factors? (3) What are the regulatory mechanisms that maintain
cell state in the hematopoietic system, and how do they change
as cells differentiate?
Here, we measured mRNA profiles in 38 prospectively purified

cell populations, from hematopoietic stem cells, throughmultiple
progenitor and intermediate maturation states, to 12 terminally
differentiated cell types (Figure 1). We found distinct, tightly
integrated, regulatory circuits in hematopoietic stem cells and

differentiated cells, implicated dozens of new regulators in
hematopoiesis, and demonstrated a substantial reuse of gene
modules and their regulatory programs in distinct lineages. We
validated our findings by experimentally determining the binding
sites of four TFs in hematopoietic stem cells, by examining the
expression of a set of 33 TFs in erythroid and myelomonocytic
differentiation in vitro, and by investigating the function of 17 of
these TFs using RNA interference. Our data provide strong
evidence for the role of complex interconnected circuits in hema-
topoiesis and for ‘‘anticipatory binding’’ to the promoters of their
target genes in hematopoietic stem cells. Our data set and
analyses will serve as a comprehensive resource for the study
of gene regulation in hematopoiesis and differentiation.
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Figure 1. Hematopoietic Differentiation
The 38 hematopoietic cell populations purified by flow sorting and analyzed by gene expression profiling are illustrated in their respective positions in hema-

topoiesis. (Gray) Hematopoietic stem cell (HSC1,2), common myeloid progenitor (CMP), megakaryocyte/erythroid progenitor (MEP). (Orange) Erythroid cells

(ERY1–5). (Red) CFU-MK (MEGA1) and megakaryocyte (MEGA2). (Purple) Granulocyte/monocyte progenitor (GMP), CFU-G (GRAN1), neutrophilic meta-

myelocyte (GRAN2), neutrophil (GRAN3), CFU-M (MONO1), monocytes (MONO2), eosinophil (EOS), and basophil (BASO). (Blue) Myeloid dendritic cell (DENDa2)

and plasmacytoid dendritic cell (DENDa1). (Light green) Early B cell (Pre-BCELL2), pro-B cell (Pre-BCELL3), naive B cell (BCELLa1), mature B cell, class able to

switch (BCELLa2), mature B cell (BCELLa3), and mature B cell, class switched (BCELLa4). (Dark green) Mature NK cell (NK1–4). (Turquoise) Naive CD8+ T cell

(TCELL2), CD8+ effector memory RA (TCELL1), CD8+ effector memory (TCELL3), CD8+ central memory (TCELL4), naive CD4+ T cell (TCELL6), CD4+ effector

memory (TCELL7), and CD4+ central memory (TCELL8). See Table S1 for markers information.
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RESULTS

An Expression Map of Hematopoiesis Reveals Cell
State-Specific Profiles
We defined 38 distinct cell states based on cell surface marker
expression, representing hematopoietic stem and progenitor
cells, terminally differentiated cells, and intermediate states (Fig-
ure 1 and Table S1 available online). For each state, we purified
samples separately from four to seven independent donors by
multiparameter flow cytometry (Experimental Procedures),
yielding 211 samples. Cells from all stem and progenitor popula-
tions were purified from umbilical cord blood. Terminally differ-
entiated lymphocyte populations were purified from peripheral
blood, as terminal differentiation is completed in these cells
upon exposure to antigens after birth (Table S1). In all cases,
cells were harvested fresh and were processed and sorted
immediately. We isolated mRNA from each cell type and
measured expression profiles using Affymetrix microarrays
(Experimental Procedures).
The global transcriptional profiles are consistent with the estab-

lished topology of hematopoietic differentiation. Replicate
samples from a single state but different donors and samples
from multiple states within a lineage are highly correlated with
each other, and profiles from related lineages are also similar
(Figure 2A). Of note, hematopoietic stem cell (HSC) samples do
not form a separate cluster but are highly similar to early progeni-
tors in themegakaryocyte/erythrocytes lineage (MEGA/ERY), sug-
gesting that their transcriptional state is largelymaintained in some
of the early progenitors. These findings are also apparent in
a systematic unsupervised analysis using nonnegative matrix
factorization (NMF) (Brunet et al., 2004) (Figure S1A) and hierar-
chical clustering (Figure S1B). We further validated our data set
by confirming that previously published lineage-specific gene
signatures are significantly enriched in the expected lineage
compared toother lineages (FDR<0.25; FigureS1CandExtended
Experimental Procedures).

Unique and Complex Gene Signatures Characterize
Distinct Hematopoietic Lineages
In a supervised analysis, we found that each of the five dominant
states in our data set—HSPCs, differentiated erythroid cells,
granulocytes/monocytes B cells, and T cells—is distinguished
by a set of significantly differentially expressed genes specific
to each lineage as compared to the others (Figure 2B and
Table S2). Some of these genes are expressed more than
100-fold higher in one cell type (e.g., granzyme genes in certain
T cell and NK cell populations, PROM1 [CD133 antigen], and
HOXA9 in stem and progenitor cells).
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Figure 2. A Transcriptional Map of Hematopoietic Differentiation
Identifies Lineage-Specific Transcription
(A) Similarity in global expression profiles between proximate differentiation

states. The heat map shows the pairwise Pearson correlation coefficients

between all 211 samples ordered according to the differentiation tree (right

and top). A positive correlation is portrayed in yellow and a negative correlation

in purple.

(B) Signature genes characterizing the five main lineages. Expression levels

are shown for the top 50 marker genes (rows) for each of four major lineages

plus hematopoietic stem and progenitor cells. High relative expression is

shown in red and low relative expression in blue; the expression of each gene is

normalized to a mean expression of zero across all the samples; labels as in

Figure 1. Genes were selected by high expression in one lineage compared to

the others (t test).

(C) The number of genes that are differentially expressed, according to an

outlier statistic, was calculated for all hematopoietic cell states profiled (red);

a compendium of 79 tissues in the GNF atlas (Su et al., 2004) (blue); and data

sets of lymphomas (Monti et al., 2005) (turquoise), lung cancers (Bhattacharjee

et al., 2001) (purple), and breast cancers (Chin et al., 2006) (green).

See also Figure S1.
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The signature genes are enriched for molecular functions and
biological processes consistent with the functional differences
between lineages (Figure S1D and Table S2). Of note, a set of
16 genes comprised of the 50 partners of known translocations
in leukemias (Mitelman et al., 2010) is enriched in the HSPC pop-
ulation (p < 0.013). This suggests that the 50 partners of leukemia-
causing translocations, containing the promoters of the fusion
genes, tend to be selectively expressed in stem and progenitor
cell populations.
The diversity of gene expression across hematopoietic line-

ages is comparable to the diversity in gene expression observed
across a host of human tissue types. The number of genes that
are differentially expressed throughout our hematopoiesis data
set (outlier analysis) (Tibshirani and Hastie, 2007) (Extended

Experimental Procedures) is comparable to that determined for
an atlas of 79 different human tissues (Su et al., 2004) and far
higher than in lymphomas (Monti et al., 2005), lung cancers
(Bhattacharjee et al., 2001), or breast cancers (Chin et al.,
2006) (Figure 2C).

Coherent Functional Modules of Coexpressed Genes
Are Reused across Lineages
To dissect the architecture of the gene expression program, we
used the Module Networks (Segal et al., 2003) algorithm (Exper-
imental Procedures) to find modules of strongly coexpressed
genes and associate them with candidate regulatory programs
that (computationally) predict their expression pattern. We iden-
tified 80 gene modules (Figure 3A; modules are numbered
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See also Figure S2 and Figure S7.
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arbitrarily by the algorithm) covering the 8968 genes that are ex-
pressed in the majority of the samples of at least one cell popu-
lation. The genes in each of the modules are tightly coexpressed
(Figure S2), and the 80 modules have largely distinct expression
patterns (Figure 3A and Figure S2) and are enriched for genes
with distinct biological functions (Figure 3B and Table S3).

A small number of modules are expressed in very specific cell
states and reflect the unique functional capacities of a single
lineage. For example, module 889 is expressed in terminal
erythroid differentiation and is enriched for genes encoding
blood group antigens and organic cation transporters; module
691 is expressed in B lymphocytes and is enriched for genes
encoding immunoglobulins and BCR-signaling pathway compo-
nents; and module 721 is expressed in granulocytes and mono-
cytes and includes genes encoding enzymes and cytokine
receptors that are essential for inflammatory responses.

Conversely, most modules are expressed at varying levels
across multiple lineages, suggesting reuse of their genes in
multiple hematopoietic contexts. These include modules ex-
pressed in both HSC and progenitor populations (e.g., numbers
865, 679, and 805), in both B and T cells (e.g., 673 and 703), in
both granulocyte/monocyte populations and lymphocytes
(e.g., 817, 799, and 649), and across all myeloid (e.g., 583) or
all lymphoid cells (e.g., 931).

Reuse of modules reflects the differential functional require-
ments for specific biochemical programs in the various cell
states. For example, mitochondrial and oxidative phosphoryla-
tion modules (e.g., 847, 583, and 883) are induced in erythroid
progenitors that produce high levels of heme and are affected
most by mitochondrial mutations (Chen et al., 2009; Fontenay
et al., 2006), as well as in granulocytes and monocytes, which
are capable of a respiratory burst following phagocytosis.

Module States Persist through Multiple Differentiation
Steps
To delineate the relation between gene expression and differen-
tiation, we projected each module’s expression pattern onto the
known topology of the differentiation tree (Figure 4 and Fig-
ure S4). For example, consider module 865 (Figure 4A and
Figure S3), which is strongly induced in hematopoietic stem
and progenitor cells and contains genes encoding key HSPC
cell surfacemarkers (CD34 and CD117) and transcriptional regu-
lators (GATA2, HOXA9, HOXA10, MEIS1, and N-MYC). By pro-
jecting the module on the differentiation tree, we observe that
its induced state in HSCs persists through several consecutive
differentiation steps and is repressed at three main points (Fig-
ure 4A, arrowheads): (1) after the granulocyte/monocyte progen-
itor, (2) after erythroid progenitors, and (3) in the differentiation of
HSCs toward the lymphocyte lineage.

We identified a host of such differentiation-associated
patterns in gene regulation. One major pattern (31 modules) is
HSC-persistent states: such modules are active in the HSC state
and persist in an active state in several progenitor populations on
the erythroid/myeloid branch (Figures 4A and 4E), the lymphoid
branch (Figure S4A), or both (Figures S4B and S4H). The HSC
state changes gradually at different points in different modules.
Indeed, only module 631 (Figure S4C) is primarily HSC specific
and includes the known stem cell-specific TFs NANOG and

SMAD1 (Xu et al., 2008). In other patterns, modules have low
or inactive expression in HSCs but are activated in a single
lineage (10 modules) on either the erythroid/myeloid branch
(Figures 4B and 4C and Figure S4D) or the lymphoid branch (Fig-
ure 4D). In most cases (39 modules), modules are inactive in
HSPCs but are activated in multiple independent lineages (Fig-
ure 4F and Figure S4F).

A Sequence-Based Model of the Regulatory Code
The high degree of coexpression of genes within modules
suggests that they may be coregulated by common transcrip-
tional circuits. We therefore examined each module for enrich-
ment of known and candidate cis-regulatory elements in their
promoters (Extended Experimental Procedures). We used six
motif-finding methods and a motif-clustering pipeline to identify
a nonredundant library of enriched elements. We scored each
module for the enrichment of each of the candidate sites or of
known elements or binding events (Sandelin et al., 2004;
Subramanian et al., 2005) (Extended Experimental Procedures).
We identified 156 sequence motifs and 28 binding profiles of 12
TFs (measured by ChIP) that were enriched in the promoters of at
least one module (data available on http://www.broadinstitute.
org/dmap/). Of these, 66 are previously unannotated motifs,
and 118 are associated with 72 TFs (Table S4).
Of these 72 TFs, 11 are known hematopoietic factors

(Table S4), and their sites are often enriched in modules consis-
tent with their known functions. For example, the site for the
erythroid TF GATA1 (Pevny et al., 1991) is enriched in the late
erythroid module 889, and sites for the lymphocyte regulators
Helios and NFATC (Aramburu et al., 1995; Hahm et al., 1998)
are enriched in the T and NK module 559. We also found signifi-
cant enrichments for TFs with roles in other differentiation
processes, which were not previously implicated in hematopoi-
esis, such as HNF4 a (in the HSPCModule 865) and HNF6 (in the
lymphoid modules 859 and 961).

Tightly Integrated cis-Regulatory Circuits Govern
Differentiation States
To explore how these cis-regulatory associations can give rise to
stable cell states, we assembled the regulatory circuits connect-
ing the 276 TFs whose binding sites were enriched in any gene
set with each other (Figure 5). We connected an edge from
each factor with a known motif to all of the factors that harbor
thismotif in their gene promoters (Extended Experimental Proce-
dures) and focused only on those factors that were expressed in
a given cell state. For example, the circuit of HSC-expressed TFs
with known binding sites (Figure 5A) includes many major known
regulators of the HSC state (Orkin and Zon, 2008), which are
densely interconnected through autoregulatory (12 of 23 active
factors), feedback (15 and 39 loops of size 2 and 3), and feed-
forward (206 loops of size 3) loops. Abnormal expression of
many of the circuit’s TFs is known to cause hematologic malig-
nancies (Look, 1997). This integrated circuitry can give rise to
a robust transcriptional network in terminally differentiated cells
and HSCs. Of note, because the sequence of the binding site for
most TFs is unknown, including 66 of the putative enriched
binding sites, the density of regulation is likely even greater
than we observed.
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During the course of differentiation, the HSC circuit gradually
disappears along multiple lineages due to loss of expression of
the relevant TFs (Figure 5A and data available on http://www.

broadinstitute.org/dmap/). Conversely, in terminally differenti-
ated cells, other dense circuits emerge through the induction
of other TFs. For example, the 14 factors in the erythroid circuit

A HSC and progenitor module (#865)

GATA2, HOXA9, HOXA10, MEIS1, MYCN, DNMT3B, ZNF323, HMGA2

PBX1, SOX4

PBX1

PBX1
SOX4

SOX4

FOXO3A, GATA1, NFIX1, MYT1

NFE2*

NFE2*

NFE2

B Late erythroid module (#727)

C Granulocytes and monocytes module (#721) D B-cell module (#589)

E HSC and erythroid module (#655) F Granulocyte, B- and T-cell “re-use” module (#817)

CEBPA, VDR, SPI1, ATF3, CREB5, PPARGC1A, VENTX, MYCL1 KLF8, E2F5, GABPA, BHLHB3, GCM1

NCOA4, Timeless, CSDA TRIM22, ISGF3G, TRIM38, SP110, IRF1, JUNB, ARNTL, STAT1, 

NCOA3, NCOA1
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MNDA, CEBPD
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Figure 4. Propagation and Transitions in Modules’ Expression along Hematopoiesis
Shown are the mean expression levels of the module’s genes in each cell state (colored squares) and selected changes in the predicted regulators, as highlighted

in the text (upward arrowhead, regulator induced; downward arrowhead, regulator repressed). Member genes (rather than regulators) in each module encoding

TFs are noted below each module, as these may reflect alternative regulators at the same differentiation points. TFs that were validated as regulators of erythroid

or granulocyte/monocyte differentiation in a functional assay (Figure 7) are highlighted in bold. The color bar at the bottom of each tree denotes the key lineages,

as in Figure 1.

(A) HSC and progenitor expression in module 865.

(B) Lineage-specific induction in late erythrocytes in module 727.

(C) Lineage-specific induction in granulocytes and monocytes in module 721.

(D) Lineage-specific induction in B cells in module 589.

(E) One-sided propagation of induced state from HSC to the erythroid lineage in module 655.

(F) Reuse of module 817, which is inactive in HSCs and independently induced in both lymphoid cells and granulocytes.

See also Figure S3 and Figure S4.
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includemany of the knownmajor regulators of erythroid differen-
tiation (Cantor and Orkin, 2002), including GATA1, LMO2,
FOXO4, NFE2, and RXRA (Figure 5B). We find similarly distinct
networks in the granulocyte lineage, T cells, and B cells.

Hundreds of Transcription Factors Are Differentially
Expressed across Lineages in Coherent Modules
The dense regulatory circuits between TFs in our sequence-
based model suggest that the expression of TF genes is likely
to be highly regulated in hematopoiesis. Indeed, supervised
analysis finds that many TF genes are strongly differentially ex-
pressed in each primary lineage (Figure 6A and Figure S5A)
and that the diversity of TF gene expression is comparable
between hematopoiesis and the tissue compendium (Su et al.,
2004) (Figure S5B).

Some TFs are expressed predominantly in a single lineage,
includingwell-studiedTFs that are known to beessential for differ-
entiation in HSCs or a particular lineage (Figure S6). However, the
expression of those factors often increases gradually along differ-
entiation (Figures S6D, S6H, and S6I), similar to the gradations
observed in gene modules (Figure 4 and Figure S4).

Many other TFs are ‘‘reused’’ across lineages either through
persistent expression from a single progenitor population or by
independent activation in multiple lineages (Figure 4 and
Figure S4). For example, module 793 (Figure S4F), which is

induced in both B cells and late erythroid cells, includes several
TFs and chromatin regulators. Among these, KLF3 has a re-
ported role in erythroid cells (Funnell et al., 2007), whereas
NFAT5 has a demonstrated function in B cells (Kino et al., 2009).
Many TFs—not previously associated with these lineages—are

expressed similarly to known factors and belong to the same
modules, suggesting that the transcriptional circuit consists of
a greater number of TFs than previously assumed. For example,
the late erythroid module 727 (Figure 4B) contains four TFs: two
are known erythroid TFs (GATA1 and FOXO3A) (Bakker et al.,
2007), whereas the others (NFIX1, MYT1) were not previously
linked to erythropoiesis. Similarly, the granulocytes/monocytes
module 721 (Figure 4C) contains eight TFs, only two with known
roles in the lineage (CEBPA and PU.1/SPI1).

An Expression-Based Model of the Regulatory Code
of Hematopoiesis Identifies Putative Regulators
Controlling Changes in Differentiation
To identify the potential regulatory role of differentially expressed
TFs, we examined the combinations of TFs (regulatory program),
which theModule Networks algorithm (Segal et al., 2003) used in
order to ‘‘explain’’ the expression of each of the 80 modules
(Experimental Procedures). For example, the algorithm associ-
ated module 865 (Figure S3, bottom) with five regulators, most
prominently PBX1 (‘‘top regulator’’) and SOX4 (‘‘2nd level

A

B

HSC network

Late erythrocyte network

HSC MEP Early ERY Late ERY

TF

Active in phase

Correlated
Uncorrelated
Inactive

Figure 5. Dynamic Organization of Tightly Integrated cis-Regulatory Circuits in HSCs and Erythroid Cells
(A and B) Shown are cis-regulatory networks between TFs (nodes) that are enriched in at least one gene set and are expressed (fold change > 1.5) in (A) HSCs or

(B) late erythroid cells. Nodes represent TFs that are expressed (purple) or not (gray) in each of the four phases of the erythroid lineage (HSC, MEP, early ERY, and

late ERY). An edge from node a to node b indicates that the promoter of the gene in node b has a binding site for the TF encoded by the gene in node a. Edge colors

indicate the Pearson correlation between the expression profiles of the TFs in the connected nodes: red, positive correlation (coefficient > 0.4); black, no

correlation (absolute Pearson% 0.4); gray, nonactive edge (at least one of the two connected nodes was not expressed in that phase). See Table S4 for enriched

motif information.
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regulator’’) (Figure S3, top). It predicts that, when both PBX1 and
SOX4 are induced (in HSCs, CMPs, MEPs, GMPs, early ERY,
and early MEGA cells), the module’s genes are induced too.
PBX1 is an established regulator of HSPCs, and SOX4 has
recently been shown to be a direct target of HOXB4, a known
HSC regulator (Lee et al., 2010), supporting the algorithm’s
result. The regulators were chosen by their expression alone,
and though the model chooses one combination of ‘‘representa-
tive’’ regulators, there may be several highly similar TFs that
could fulfill the role.
We next interpreted these regulatory connections within the

context of the lineage tree. We associated each regulator with
the tree positions (Figure 4 and Figure S4, arrowheads), in which
a change in the regulator’s expression is associated with
a change in the module’s expression. For example, there are
four such positions for PBX1 and SOX4 inmodule 865 (Figure 4A,
arrowheads), such as the association between the repression
of PBX1 and the repression of the module in differentiation
toward lymphoid lineages (Figure 4A, downward arrows, labeled
PBX1). In this way, we predict the roles of distinct TFs at distinct

differentiation points, such as MNDA at the granulocyte/mono-
cytes progenitor (Figure 4C and Figure S4G) or NCOA4 and
KLF1 at late erythrocytes (Figure S4D).
Overall, the algorithm associated 220 TFs (Table S3) with at

least one regulatory program and 63 TFs as top regulators (e.g.,
FigureS3, top) of at least onemodule. These include15TFsprevi-
ously associatedwith hematopoiesis (e.g., TAL1, KLF1, BCL11b,
LMO2, and MYB) and 7 associated with differentiation in other
systems (e.g., CREG1, MEF2A, and NHLH2). For example, we
correctly found HOXA9 associated with HSPCs and early
erythroid induction (module 679); NFE2, RXRA, KLF1, and
FOXO3 associated with late erythroid induction (modules 727,
895, 889, and 739) (Figure 4B and Figure S5D); HIVEP2 and
BCL11b associated with T cell induction (modules 859, 949,
and 667); and HOXC4 and POU2AF1 associated with B cell
induction (module 589) (Figure 4D). In addition, the algorithm pre-
dicted a regulatory role for proteins thatwere not previously asso-
ciated with regulating hematopoietic differentiation (e.g., MNDA
and NCOA4). The selected regulators are enriched for TFs that
are known to participate as 30 partners in fusions in hematologic

Figure 6. Lineage-Specific Regulation of TF Expression
Signature TF genes with lineage-specific expression in the five main lineages. Shown are the expression levels of the top 50 marker TF genes (rows) selected for

each of four major lineages plus hematopoietic stem and progenitor cells (labels as in Figure 1). Genes were selected by high expression in one lineage compared

to the others (t test). High expression is shown in red and low expression in blue; the expression of each gene is normalized to amean expression of zero across all

the samples. See also Figure S5 and Figure S6.
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Figure 7. Experimental Validation of 33 TFs
(A) The expression of 33 TFs was detected in primary human bone marrow CD34+ progenitor cells undergoing differentiation in vitro, harvested at 12 time points

between days 3 to 10 of differentiation, and detected by amultiplexed assay using LMA followed by fluorescent bead-based detection (left heat map). In the heat

map in the right panel, the expression of the same TFs in the original Affymetrix data set is illustrated. The labels at the far left indicate whether the TF was chosen

as a regulator in the expression-based model or in the sequence-based model.

(B) Differentiation following TF silencing with shRNA. Human bone marrow CD34+ cells expressing shRNAs targeting TFs were induced to differentiate in vitro for

10 days, and the ratio of erythroid (glycophorin A-positive) and myelomonocytic (CD11b-positive) cells was measured by flow cytometry. Each black dot

represents an individual shRNA (mean of three replicates), and bars indicate their average. The effect of a control shRNA targeting the luciferase gene, which is not
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cancers (Mitelman et al., 2010) (25 of the regulators; p < 0.028),
consistent with a regulatory role in hematopoiesis.
Finally, we compared the predictions of the expression- and

sequence-based models. The two models were different due
to two reasons. First, 85% of the TFs chosen as regulators in
the expression model (187 of 220) do not have a characterized
binding motif in current databases and cannot be identified in
the sequence model. Second, 29 of 41 TFs (70%) whose known
sites are incorporated in the sequence model and appear in the
expression model show little or no correlation in expression
(absolute Pearson < 0.4) to the module with which they are asso-
ciated in the sequence model (data available on http://www.
broadinstitute.org/dmap/). Thus, the two models are likely
complementary, each capturing a substantial but distinct
number of known regulators in the relevant states. To gain confi-
dence in their predictions, we next pursued experimental
approaches.

Direct Targets of MEIS1, TAL1, IKAROS, and PU.1 in
HSPCs Reveal Dense Circuits and Anticipatory Binding
To validate and further investigate the gene modules and cis-
circuits, we examined the direct binding of TFs across the
genome using chromatin immunoprecipitation followed by
sequencing (ChIP-Seq) in HSPCs. We analyzed the binding of
MEIS1, TAL1, PU.1/SPI1, and IKAROS/IKZF1, four key regula-
tors of the specification, maintenance, or differentiation of
HSCs (Argiropoulos et al., 2007; Lécuyer and Hoang, 2004; Ng
et al., 2007; Singh et al., 1999), in two replicates, often in inde-
pendently expanded populations of primary human HSPCs
(Extended Experimental Procedures). We scored each experi-
ment for statistically significant binding (Extended Experimental
Procedures and Table S5) and tested each of our expression
modules for enrichment in binding events (Table S5).
In modules whose genes are highly induced in terminal differ-

entiation, we found enrichment of binding by corresponding
lineage specific factors in HSPCs, suggesting anticipatory regu-
lation. For example, module 727 (Figure 4B), expressed in termi-
nally differentiated erythroid cells, was enriched with target
genes bound in HSPCs by TAL1, an erythroid transcription factor
(Table S5). Similarly, genes in the granulocyte/monocyte module
763 were enriched for targets bound by PU.1 in HSPCs (Table
S5), and genes in the lymphoid module 949 were enriched for
target genes bound by IKAROS in HSPCs (Table S5). In many
(but not all) cases, expression of the target module is already
moderate in HSCs and increases with differentiation. This
strongly supports an anticipatory regulation in which relevant
differentiation TFs are bound at target promoters in HSPCs, re-
sulting in mild expression of targets that persists and further
increases upon differentiation.
Some of our expression-basedmodel’s predictions for HSPCs

are supported by the ChIP-Seq data. For example, the two

modules that are induced in HSPCs and are associated in our
model with either MEIS1 (module 961) or its known binding
partner PBX1 (module 865, Figure 4A) are enriched in target
genes bound by MEIS1. MEIS1 and HOXA9 are members of
module 865, consistent with MEIS1’s autoregulatory binding
(Table S5). The ChIP-Seq data also support module reuse. For
example, several of the modules enriched with PU.1 are reused
in granulocytes and B lymphoid cells (e.g., modules 853, 649,
979, 769, and 817), consistent with an established role for
PU.1 in both lineages. In other cases, module reuse may be
mediated by combinatorial binding of two factors (e.g., by both
PU.1 and IKAROS in module 607, which is expressed in granulo-
cytes, monocytes, and some lymphoid cells).
The individual binding events in our profiles also support the

overall organization observed in the cis-circuits in the sequence
model. First, three of the factors bind their own promoter
(IKAROS and MEIS1) or enhancer (PU.1), forming autoregula-
tory loops, as observed for many known master regulators
(Boyer et al., 2005) and in our sequence model. Second,
PU.1, IKAROS, and MEIS1 are integrated in a feed-forward
loop. Third, there is a significant overlap between the targets
of any pair of factors (Table S5). Finally, in aggregate, the
factors bind 13 of the 23 other TFs in our HSC circuit, further
increasing its density.

Differential Expression of Candidate Transcription
Factors during In Vitro Differentiation
We confirmed the lineage-specific expression of 33 TFs in
primary human hematopoietic progenitor cells induced to
differentiate in vitro. We focused on the erythroid andmyelomo-
nocytic lineages, as differentiation of primary human hemato-
poietic progenitor cells can be faithfully recapitulated and
genetically manipulated along these lineages in vitro. We
selected a set of 33 TFs identified in either the sequence or
gene expression-based models as candidate regulators of
these two lineages.
We developed a quantitative, multiplexed assay to detect the

expression of the signature genes in a single well using ligation-
mediated amplification (LMA) followed by amplicon detection on
fluorescent beads (Peck et al., 2006). We cultured primary
human CD34+ cells from adult bone marrow in vitro in cytokine
conditions promoting either erythroid or myelomonocytic differ-
entiation. We harvested cells at 12 time points between days 3
and 10 of erythroid and myelomonocytic differentiation and
determined TF gene expression using the multiplexed bead-
based assay. We confirmed that the 33 TFs are differentially
expressed between the two lineages, providing a robust expres-
sion signature that can distinguish between the two states inde-
pendent of profiling platform in cells derived from adult bone
marrow or umbilical cord blood and in cells that differentiated
in vivo or in vitro (Figure 7A).

expressed in human cells, is indicated with a dashed line. Below the shRNA labels, * or ** indicates p < 0.05 for one or both shRNAs, respectively. (Bottom)

Classification of the TFs according to their roles in the expression-based and sequence-based models and to their induction pattern in the LMA profiling.

(C) The effects of additional shRNAs targeting candidate TFs expressed in CD34+ cells derived from both umbilical cord blood and adult bone marrow and

assayed as in (B) (*p < 0.01).

(D) Representative flow cytometry scatter plots from shRNAs expressed in umbilical cord blood.

See additional information in Table S5, Table S6, and Table S7.

Cell 144, 296–309, January 21, 2011 ª2011 Elsevier Inc. 305



Changes in Expression Levels in Transcription Factor
Circuits Functionally Modulate Differentiation In Vitro
We next tested whether acute loss of expression of each TF
using RNA interference can functionally affect erythroid and
myelomonocytic differentiation. We used our multiplexed
bead-based assay to identify short hairpin RNAs (shRNAs) that
effectively knock down each TF and found 17 genes with at least
two different effective shRNAs. Next, we infected primary human
adult bone marrow CD34+ cells with the validated lentiviral
shRNAs, cultured the cells in cytokine conditions supporting
both erythroid and myelomonocytic differentiation, and as-
sessed the number of erythroid (glycophorin A-positive) cells
relative to myelomonocytic (CD11b-positive) cells by flow
cytometry (Figure 7B). In most cases, the shRNA perturbation
dramatically altered differentiation, with the ratio of erythroid to
myeloid cells ranging from less than 1:10 to more than 10:1
with different shRNAs.

The perturbations associated with the lowest fraction of
erythroid cells in culture corresponded to the samples express-
ing shRNAs targeting nine TFs expressed at higher levels in the
erythroid lineage (Table S6). Consistent with our models, six
were regulators in either the expression or the sequence model,
and the other three were members of erythrocyte-induced
modules (Figure 7B, bottom). These include GATA-1 and KLF1,
TFs with well-established roles in erythroid differentiation
(Funnell et al., 2007; Pevny et al., 1991), and TAL1 and FOXO3A,
which have been implicated in erythroid differentiation (Aplan
et al., 1992; Bakker et al., 2007). The TF YY1 was identified in
our sequence-based models, has higher expression in erythroid
cells, and was functionally validated by our shRNA screen.
A physical association between YY1 and GATA-1 was reported
in the chicken a-globin enhancer (Rincón-Arano et al., 2005).
Finally, we validated a new role for HIF3A and AFF1 (AF4) in
erythroid differentiation based on module membership and
perturbation. Of note, AFF1 is a common translocation partner
with the MLL gene in leukemia (Li et al., 1998).

Conversely, eight perturbations resulted in the lowest fraction of
myelomonocytic cells and corresponded to samples expressing
shRNAs targeting seven TFs induced in granulocyte/monocyte
cells and one (E2F1) with higher expression in erythroid cells.
Four TFs were predicted by the expression model to regulate
modules induced in granulocytes/monocytes, and five were pre-
dicted in the sequencenetwork (Figure 7B, bottom). These include
the well-established granulocyte/monocyte TFs, PU.1/SPI1 and
C/EBP family members (Hirai et al., 2006; Scott et al., 1994), and
VDR, a gene that has been implicated in myeloid differentiation
(Liu et al., 1996).

We further validated three TFs that had not previously been
associated with erythroid differentiation (AFF1, HIF3A, and YY1)
alongside a known erythroid regulator (FOXO3A) and a known
granulocyte regulator (PU.1/SPI1) (Figures 7Cand7D).We tested
additional shRNAs for each gene by quantitative PCR and identi-
fied two shRNAs per gene that decrease expression of their
target genes by 63% to 95% in human CD34+ cells derived
from both adult bone marrow and umbilical cord blood. Using
flow cytometry for lineage-specific markers following 10 days
of differentiation, we validated our initial findings that AFF1,
HIF3A, and YY1 decrease the relative production of erythroid

lineage cells. These results are further supported by profiling
mRNA levels following knockdown of these five TFs at 4 days
following lentiviral infection. Compared to a control shRNA,
gene expression in cells expressing AFF1, HIF3A, and FOXO3A
were anticorrelated with erythroid profiles and positively
correlated with granulocytes (Figure S5C), and knockdown of
PU.1/SPI1 had the inverse pattern, as expected. Knockdown of
YY1 caused a transcriptional profile more similar to HSCs, indi-
cating a more substantial block in terminal differentiation. Taken
together, our findings indicate that modulating the expression of
TF genes can powerfully alter hematopoietic differentiation.

Web-Based Portal as a Research Resource
To facilitate interrogation of our hematopoietic gene expression
database by the broader scientific community, we have created
a Web-based portal (http://www.broadinstitute.org/dmap) to
provide access to the primary data, sample information, pro-
cessed results from both models, and a suite of analytic tools.

DISCUSSION

General Principles of Transcriptional Circuits
in Differentiation
The changes in gene expression over the course of hematopoi-
etic differentiation are profound. The number of differentially ex-
pressed genes is similar within hematopoiesis and across human
tissues, suggesting comparable complexity. Our findings reveal
several major principles about the organization of this transcrip-
tional program.
Gene expression in hematopoiesis can be decomposed into

modules of tightly coexpressed genes, some of which are
restricted to specific lineages, whereas most are reused in
multiple lineages. Furthermore, a module’s transcriptional state
persists through multiple differentiation steps. For example, the
transcriptional state of HSCs is not switched off immediately
but instead persists with gradually decreasing expression in
progenitor cells.
Many of the TFs with known binding sites can be assembled

into densely interconnected circuits. These can provide a mech-
anism for robust gene regulation in both terminally differentiated
cells and HSCs. Because the binding sites for many factors
remain unknown, we therefore expect that the circuit’s density
and complexity is even higher.
A large number of TFs are differentially expressed across

hematopoiesis, often in tightly coregulated modules, and at
comparable complexity to that of the other (nonregulatory)
genes. Leveraging this correspondence, we associated TFs to
the modules and differentiation states that they may regulate.
We automatically rediscovered (without prior knowledge) many
of the key known TFs and predict regulatory functions for
numerous additional TFs.
By monitoring the binding of four major TFs in HSPCs, we

found that anticipatory regulation may be a major feature of
these circuits. In such cases, TFs that direct lineage-specific
differentiation bind a significant portion of their target genes in
HSPCs. These target genes are often moderately expressed in
the stem and progenitor cells, with substantial further induction
as differentiation progresses in the relevant lineage. This is
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consistent with the concept of ‘‘lineage priming’’ in HSCs (Aka-
shi, 2005), providing flexibility in cell fate commitments.

Discovering and Validating Transcriptional Regulators
in Hematopoiesis
Our examination of the global architecture of hematopoietic differ-
entiation offers a complementary strategy to studies of individual
genes in murine models. In this approach, gene expression and
sequence-based analyses nominate a host of candidate regula-
torsandpoint togroupsof factors thatmayact togetherandhence
introduce redundancies. The two computational approaches
complement each other: the expression model may identify
factorswhosebinding specificity is unknown, the sequencemodel
may help detect those factors whose mRNA levels do not change
or do not correspond to changes in targets (Lu et al., 2009).
We used a perturbation-based approach to validate TFs

derived from the sequence and expression models in an in vitro
differentiation system. Modulating expression of candidate TFs
with RNA interference altered differentiation of hematopoietic
progenitor cells in vitro in the direction predicted by our models.
We reconfirmed the role of several known factors and identified
several new ones (e.g., YY1, AFF1, and HIF3A). In vitro manipula-
tion can be more sensitive than genetic ablation experiments
in vivo, wherein perturbations may be corrected by homeostatic
mechanisms, such as cytokine or transcriptional feedback loops.

A Transcriptional Roadmap for Hematologic
Malignancies
Balanced translocations involving TFs play a major role in the
pathogenesis of human leukemias. Of 200 known translocations
in AML (Mitelman et al., 2010), there are 53 in which at least one
translocation partner is a TF, 16 as a 50 partner, and 43 as a 30

partner (6 in both). Twenty-five of these 43 known 30 partners
are among the 220 regulators in the expression model (p <
0.028), and 5 of the known 30 partners are among the 72 known
TFs in the sequence model. Furthermore, 50 partners are en-
riched in genes expressed in HSPCs. These results support
the role of chosen regulators in differentiation and are consistent
with a broader paradigm in which lineage-specific promoters
can dysregulate key TFs to disrupt differentiation (Rosenbauer
and Tenen, 2007; Tomlins et al., 2005).
Impaired or blocked hematopoietic differentiation is a defining

characteristic of leukemia, and the gene expression profiles of
leukemias cluster strongly into subgroups that correspond to
specific molecular subgroups (Bullinger et al., 2004; Tamayo
et al., 2007; Valk et al., 2004). Gene signatures induced in various
leukemias significantly overlap those induced in normal hemato-
poiesis (Figures S7A and S7B). In most cases, there is a coherent
overlap between the leukemia subtype and the cell type from
which it is known to arise. However, human leukemias often
express more complex combinations of modules that are not
observed in normal samples, including HSPC modules, as has
been reported inmurinemodels of leukemia (Krivtsov et al., 2006).

Toward a Programming ‘‘Code’’ of Hematopoietic
Differentiation
A more complete understanding of hematopoietic differentiation
will likely require an integration of gene expression data with

other genomic data, including epigenetic analyses, genome-
wide ChIP-Seq studies, proteomics, and systematic functional
studies. Given the ability to produce high-quality measurements
from small numbers of cells, gene expression data provides
a first draft of the transcriptional program controlling hematopoi-
esis, opening the way to manipulate and reprogram these
circuits, through perturbation and manipulation of each regula-
tory factor. These can highlight avenues for therapeutic interven-
tion, including ‘‘reprogramming’’ of cells to more desired states.
Though deriving mechanistic models from mammalian gene
expression profiling data has been challenging, hematopoiesis
provides a paradigm for the testing of more advanced algorithms
(Kim et al., 2009). Our data set and analyses provide a resource
for further inquiries into normal and pathologic hematopoietic
differentiation in humans.

EXPERIMENTAL PROCEDURES

Further details for data analysis, chromatin immunoprecipitation, and func-

tional validation experiments are described in the Extended Experimental

Procedures.

Subjects and Samples
Human umbilical cord blood was harvested from postpartum placentas at

Brigham and Women’s Hospital under an Institution Review Board (IRB)-

approved protocol. Peripheral blood samples were obtained from healthy

volunteers at the Dana-Farber Cancer Institute with informed consent under

an IRB-approved protocol.

The majority of cells were purified from umbilical cord blood, an enriched

source of undifferentiated populations. However, terminally differentiated

lymphocyte populations, including T cells (TCELL1-8), B cells (BCELL1-4),

natural killer cells (NKa1, NKa2, NKa3, and NKT), and dendritic cells (DENDa1

and DENDa2), were purified from adult peripheral blood because terminal

differentiation in these populations requires exposure to antigens after birth.

For each cell population, we purified samples from four to seven distinct

donors. All blood samples were harvested fresh and immediately processed

for flow sorting.

Cell Sorting Strategy and Flow Cytometry
First, mononuclear cells were isolated by Ficoll-Hypaque sedimentation. For

relatively rare populations, including hematopoietic stem cell populations

(HSC1andHSC2), progenitor populations such ascommonmyeloid progenitor

(CMP), megakaryocyte/erythroid progenitor (MEP), granulocyte-monocyte

progenitor (GMP), and the erythroid lineage populations (ERY1–5), lineage

depletion was performed using antibodies against CD2, CD3, CD4, CD5,

CD8, CD11b, CD14C, CD19, and CD56 with a magnetic column (Miltenyi Bio-

tec, Auburn, CA). Positive selection was then performed using flow cytometry

for labeled antibodies to the markers described in Table S1. For the more

common or terminally differentiated populations, including neutrophil popula-

tions (GRAN1-3), basophils (BASO1), monocytes (MONO1–2), eosinophils

(EOS2), megakaryocytes (MEGA1–2), B-lymphoid progenitor (PRE_BCELL1),

pro and early B lymphocytes (PRE_BCELL2 and PRE_BCELL3), dendritic cells

(DENDa1andDENDa2),mature Tcells (TCELL1–8),matureBcells (BCELL1–4),

and natural killer cells (NKa1–3, NKT), cells were positively selected using flow

scatter properties and antibodies based on the immunophenotypes described

in Table S7. The gene expression profiles for a subset of the lymphoid popula-

tions has been analyzed previously (Haining et al., 2008).

Sorting was performed with Vantage SE. Diva or FACSAria flow cytometers

(Becton Dickinson, San Jose, CA). Cell populations of interest were collected

into tubes containing PBS in a collection unit at 4!C. The > 95% purity of pop-

ulations was confirmed by performing FACS analysis of the sorted cells.

Sorted cells were spun down, immediately resuspended in TriZol (Invitrogen,

San Diego, CA), and stored at "70!C.
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Microarray Data Acquisition
Total RNA was isolated from TriZol. The concentration of RNA was quantified

using the RiboGreen RNA Quantitation Kit (Invitrogen, San Diego, CA). Ten

nanograms of total RNA were amplified using the Ovation Biotin RNA Amplifi-

cation and Labeling System (NuGEN, San Carlos, CA). The cDNA was frag-

mented, labeled, and hybridized to Affymetrix HG_U133AAofAv2 microarrays

(Affymetrix, Santa Clara, CA), which contain 22,944 probes.

Expression-Based Module Networks Model
The modules and their regulation programs were automatically learned using

the Module Networks algorithm (Segal et al., 2003). This method detects

modules of coexpressed genes and their shared regulation programs. The

regulation program is a small set of genes whose expression is predictive of

the expression level of the module genes using a decision (regression) tree

structure. Given the expression values and a pool of candidate regulator

genes, a set of modules and their associated regulation programs are auto-

matically inferred by an iterative procedure. This procedure searches for the

best gene partition into modules and for the regulation program of each

module while optimizing a target function. The target function is the Bayesian

score derived from the posterior probability of themodel (see Segal et al., 2005

for a detailed description of the algorithm).
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and von Lindern, M. (2007). Differential regulation of Foxo3a target genes in

erythropoiesis. Mol. Cell. Biol. 27, 3839–3854.

Bhattacharjee, A., Richards, W.G., Staunton, J., Li, C., Monti, S., Vasa, P.,

Ladd, C., Beheshti, J., Bueno, R., Gillette, M., et al. (2001). Classification of

human lung carcinomas by mRNA expression profiling reveals distinct adeno-

carcinoma subclasses. Proc. Natl. Acad. Sci. USA 98, 13790–13795.

Boyer, L.A., Lee, T.I., Cole, M.F., Johnstone, S.E., Levine, S.S., Zucker, J.P.,

Guenther, M.G., Kumar, R.M., Murray, H.L., Jenner, R.G., et al. (2005). Core

transcriptional regulatory circuitry in human embryonic stem cells. Cell 122,

947–956.

Brunet, J.-P., Tamayo, P., Golub, T.R., and Mesirov, J.P. (2004). Metagenes

and molecular pattern discovery using matrix factorization. Proc. Natl. Acad.

Sci. USA 101, 4164–4169.
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ABSTRACT
Motivation: Deciphering the complex mechanisms by which
regulatory networks control gene expression remains a major
challenge. While some studies infer regulation from dependencies
between the expression levels of putative regulators and their targets,
others focus on measured physical interactions.
Results: Here, we present Physical Module Networks, a unified
framework that combines a Bayesian model describing modules
of co-expressed genes and their shared regulation programs,
and a physical interaction graph, describing the protein–protein
interactions and protein-DNA binding events that coherently underlie
this regulation. Using synthetic data, we demonstrate that a Physical
Module Network model has similar recall and improved precision
compared to a simple Module Network, as it omits many false
positive regulators. Finally, we show the power of Physical Module
Networks to reconstruct meaningful regulatory pathways in the
genetically perturbed yeast and during the yeast cell cycle, as well
as during the response of primary epithelial human cells to infection
with H1N1 influenza.
Availability: The PMN software is available, free for academic use
at http://www.compbio.cs.huji.ac.il/PMN/.
Contact: aregev@broad.mit.edu; nirf@cs.huji.ac.il

1 INTRODUCTION
Transcription regulation plays a major role in controlling gene
expression and cell function. Despite intensive research, the
topology and function of most regulatory circuits remain largely
unknown. The increasing availability of large-scale datasets, such
as genomics sequence, gene expression profiles and protein–DNA
or protein–protein interaction data, provides an opportunity to
automatically infer regulatory circuits on a genome-wide scale.

Three main types of approaches have been used to infer regulatory
models from genomic data (Kim et al., 2009), each suffering from
substantial limitations. Observational models, including Bayesian
networks (Friedman, 2004) and their extensions (e.g. Hartemink
et al., 2002; Segal et al., 2003; Zou et al., 2005), rely on
dependencies between the expression profiles of regulators to those
of their target genes. These can handle abundant expression data, but
often fail to distinguish true regulation from co-expression (Amit
et al., 2009; Kim et al., 2009; Segal et al., 2003). Perturbational
models associate targets to factors based on the effect of the factors’
genetic manipulation on gene expression (Amit et al., 2009; Capaldi

!To whom correspondence should be addressed.
†The authors wish it to be known that, in their opinion, the last two authors
should be regarded as joint Second authors.

et al., 2008; Hu et al., 2007). These identify functional effects, but
may fail to correctly distinguish direct from indirect targets (Wagner
et al., 2001). Finally, physical models associate regulatory factors
with the targets whose promoters they bind (Breitkreutz et al., 2010;
Harbison et al., 2004; Lee et al., 2002), or where a cis-regulatory
site is present (e.g. Suzuki et al., 2009). These identify molecular
targets, but some of those may be functionally silent (Capaldi et al.,
2008).

Thus, a major challenge is to build a realistic, molecular and
functional model of gene regulation that combines changes in
gene expression with the underlying physical interactions. Previous
attempts toward this goal have mostly introduced new hypotheses
only at one level, while using the other level to support them.
These include works that detect functional modules by integrating
phenotypic and physical data (Ideker et al., 2002; Nariai et al.,
2004; Peleg et al., 2010) or that reconstruct or annotate signaling
pathways or binding events (Gao et al., 2004; Ourfali et al., 2007;
Yeang et al., 2004; Yeger-Lotem et al., 2009). A notable exception
(Kundaje et al., 2008) integrated binding, sequence and expression
information in a Bayesian framework to identify both clusters of
genes and their transcriptional regulators. However, this work did
not consider upstream signaling pathways.

Here, we present Physical Module Networks (PMN), a novel
probabilistic graphical method that learns transcriptional networks
by combining gene expression profiles, protein–protein and protein-
DNA binding data. The PMN model, based on Module Networks
(Segal et al., 2003), discovers modules of co-expressed genes,
sets of regulators that control their activity, and a path of
physical interactions that connects the regulators to their target
module (Fig. 1). The modules, regulators and paths are inferred
simultaneously, resulting in the most probable physical model of
gene regulation that underlies the observed data.

Using synthetic data, we show that the addition of physical
interactions to the simple Module Network (MN) model improves
the model’s precision, without compromising recall. We evaluate
the biological power of the model in two yeast systems (gene
perturbations and cell cycle), and a human dataset (response of
epithelial cells to flu infection). In each case, the learned modules
and pathways are biologically sound, and lead to novel insights,
emphasizing the power of integrated probabilistic models.

2 THE PMN MODEL
A PMN (Fig. 1) consists of two components: an MN representing
the relation in expression between a regulator and its targets and a
Physical Interaction Graph providing a path of physical interactions
between them.

© The Author(s) 2011. Published by Oxford University Press.
This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/licenses/
by-nc/2.5), which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.
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Fig. 1. PMNs physical module. (a) Expression pattern of the Mob1 regulator
(top) and its 37 target genes (bottom), during 2 cell cycles (two replicates
are shown). (b) A physical pathway connecting Mob1 via Cdc28 to the
transcription factor FKH2 that binds 15 of the module genes. (c) Learning
procedure. Input: gene expression, a set of potential regulators and physical
protein–protein and protein–DNA interactions. PMN Learner: an iterative
optimization procedure that finds modules, their regulators and the physical
pathways that explain the regulation. Output: the best configuration found
by the learner.

2.1 Module Networks
An MN model (Segal et al., 2003) represents regulatory
dependencies in expression profiles between genes. It relies on two
major assumptions. First, it assumes that the expression level of a
target gene can be predicted from the expression level of one or
more regulators. Second, it assumes that genes are organized into
modules, where all members of a module are regulated by the same
factors and in the same way. For example (Fig. 1a), the expression
values of all the genes in a G2/M module can be predicted by the
level of the same regulator (Mob1), in the same way. In some cases,
multiple regulators act combinatorially. This may be modeled in
different ways, including a decision tree (Segal et al., 2003, 2005),
linear regression (Lee et al., 2006), etc.

Formally, a Module Network is a Bayesian network which is
defined over gene groups (modules) rather than over individual
genes (Fig. 2a, Segal et al., 2005). Briefly, an MN model M
consists of three components. The first is the partition of all genes
G in the domain into a set of modules C={M1,...,Mn}. The
second is a structure S that assigns for each module Mj a set of
parents PaMj "G, which we term regulators of the genes in Mj .
This structure induces a graph GM with C as vertices and edges
{Mj #Mk :Mj $PaMk %=&}. A legal MN has induced an acyclic
graph GM. The third component is a set of template conditional
probabilities P(Mj |PaMj ), each of which specifies a distribution

(a) (b)

Fig. 2. Consistency toy example. (a) MN over 4 modules. Gene 1 is the
regulator of Module 2, Gene 4 is the regulator of Module 4. (b) Physical
pathways connecting the regulators to the target genes. The pathways start
from the regulator proteins (circles) and connect them via transcription
factors to their target genes (rectangles).

over the values of a gene for each value assignment Val(PaMj ) to the
parent set. Together these components provide a concise description
of the joint distribution over all genes in G, such that each gene
depends on the parents of the module it belongs to; see (Segal et al.,
2005).

2.2 Physical Interaction Graph
A Physical Interaction Graph (Figs 1b and 2b) describes possible
interactions between proteins and genes. Formally, an interaction
graph I is a graph over a set of genes and proteins with three types of
edges: protein–protein interactions (an undirected edge between two
proteins), protein–DNA interactions (directed edge from a protein to
a gene), and transcription interactions (directed edge from a gene to
its protein product). Thus, each gene in the domain is represented by
two nodes, one for the gene and one for its protein product. Protein
nodes corresponding to transcription factors are marked according
to prior biological knowledge. The interaction graph may contain
genes whose expression was not measured (and thus do not appear
in the MN).

2.3 Regulatory Paths
An MN M and a Physical Interaction Graph I are consistent, if we
can explain how the state of the regulators in the MN reaches the
target genes through physical interactions. More precisely, for each
pair of regulator Xi and target module Mj in M, there should be
a consistent physical Regulation Path from Xi to Mj . A Regulation
Path (Fig. 2b) is a sequence of nodes 'v1,...,vn( in I, where v1 is
a protein node of the protein product of Xi and vn is a transcription
factor (TF) that binds all the genes in Mj . If the protein v1 is a
transcription factor, the path can be the trivial one, of length zero.
The regulation path is partially directed, such that the edge between
v! and v!+1 is either undirected or directed from v! to v!+1.

A PMN P= 'M,I( model has a consistent configuration if each
regulator in the Module Network has a regulation path from its
protein to the genes in its target module (Fig. 2).

3 LEARNING A PMN
Given input data, our goal is to find the configuration of
the model—modules, regulators and regulation paths—that best
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describes the data. The input consists of (1) gene expression
measurements, DX , (2) a pool of potential (‘candidate’) regulators
R)G from which the algorithm can choose, and (3) protein–protein
and protein–DNA interaction measurements (DI ), associated with
P-values that represent their confidence. Following the literature
on graphical models (Koller and Friedman, 2009), we pose the
learning problem as a discrete optimization problem. We define a
score function that captures how well a model decribes the observed
data, and then search for the model that maximizes the score.

3.1 Model score
Formally, let P= 'M,I( be a PMN model which consists of an
MN M and a Physical Interaction Graph I. We score how well
a given model describes the data D= 'DX ,DI ( using a Bayesian
Score, which is derived from the posterior probability of the model.
According to Bayes rule, we know that

P(P|D)*P(P)P(D|P)

where P(P) is the prior of the model, P(D|P) is the likelihood of
the model given the data. Thus, we can define a score

Score(P :D)= logP(P)P(D|P).

Note that we are ignoring the normalization constant, since it
depends only on the data and thus does not change the relative score
of different models.

The score must fulfill two major requirements. First, it must
be decomposable into the two model components, allowing us to
calculate the score of one component while the other is fixed, an
important attribute for efficient learning. Second, we must ensure
model consistency, by a high penalty on inconsistent configurations,
such that they will not be chosen during the learning.

Under the following two constructions, the Bayesian score
satisfies both decomposability and consistency. First, the prior has
the following structure:

P(P)*P(M)P(I)C(M,I)

where C(M,I)=1 if M and I describe a consistent configuration,
and 0 otherwise. Although this requirement limits the class of priors
we can use, it ensures our model is both consistent and enables
efficient learning. Second, we require that the likelihood of each
component be independent from the other, given the model. That is,

P(D|P)=P(DX |M)P(DI |I).

This is a reasonable assumption since the gene expression and
physical interaction observations are derived from independent
sources.

If these assumptions are satisfied, the Bayesian score can be
further developed for consistent pairs 'M,I(:

Score(P :D) = logP(M)P(DX |M)+logP(I)P(DI |I)

= Score(M :DX )+Score(I :DI )

For inconsistent pairs the score is +,.
The MN score Score(M :DX ) is described by (Segal et al., 2005).

Briefly, under several assumptions, it is decomposed to the score of
the gene assignment and the score of the network structure, allowing
efficient learning of each aspect, while the other is fixed.

The new contribution of our work is the Physical Interaction
Graph score, Score(I :DI ). This score is constructed from local

scores of the individual edges in the graph. We make the simplifying
assumption that the observations about edges of the interaction graph
are independent of each other, given the underlying interaction
network. This assumption is reasonable since the experimental
measurement of each pair of edges is independent of the other pairs.
Thus, each edge, and the evidence supporting it, contribute to the
score independently of other edges in the graph.

Formally, we define E to be the set of edges that can appear in I:
all undirected edges between two protein nodes, and directed edges
from a protein (TF) node to a gene node. (The transcription edge
from a gene to its protein is assumed as given.) Let e be a (potential)
edge in E, we define Ie to be the indicator random variable with
value 1 if e is in I and 0 otherwise. The set of variables {Ie :e-E}
defines uniquely the graphI. We represent the evidence from various
interaction screens about an edge e inDI as another indicator random
variable de, such that de =1 if e was observed in DI and 0 otherwise.

The independence assumption implies that

Score(I :DI )= log
!

e-E

P(de|Ie)P(Ie),

where P(Ie) is a prior belief in the edge e, and it can be set to be
uniform, or to reflect other external biological knowledge, such as
the quality of the experimental assay. and P(de|Ie) is the probability
to observe e given Ie.

This definition of the score seems to involve all edges in E, which
can be a very large number. This would be in contrast to the typical
assumption that real interaction graphs are sparse. To avoid this
problem, we rewrite the score as

Score(I :DI ) = [logP(I|DI )+logP(I&|DI )]+logP(I&|DI )

=
"

e-I
We +Score(I& :DI )

where Score(I& :DI ) is the score of the empty graph and

We = log
P(de|Ie =1)P(Ie =1)
P(de|Ie =0)P(Ie =0)

is the likelihood cost of adding e to the graph. Since Score(I& :
DI ) is constant, we can ignore it when evaluating different I. The
remaining terms involve only the weights of the edges present in
I. We note that we choose a uniform prior P(Ie)=0.001 so as to
ensure that We <0 for all edges. It means that adding an edge always
has a cost, and thus penalizing long pathways.

Finally, we choose the probability of the observation function.
There is no clear mechanistic argument for a specific function,
and for mathematical convenience we choose to use the following
function

P(de =1|Ie)=
#

"e+"pe If Ie =1
pe If Ie =0

,

where "=0.9 is a constant estimated from the data and pe is the
P-value of e. That is, if the edge is not in the graph we assume
that the probability to observe it in the data is its P-value. If the
edge is in the graph, the probability to observe it has an exponential
distribution which is dependent on its P-value. Note that under these
assumptions, an edge which is not observed in the data may still be
included in the graph, associated with a low prior probability.
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3.2 Model optimization
The MN learning procedure (Segal et al., 2005) performs a
coordinate-wise greedy optimization (Koller and Friedman, 2009),
iterating between two optimization procedures. The first procedure
keeps the partition of genes into modules fixed, and improves the
score by modifyng the regulatory programs. This involves steps of
adding and removing regulators to modules. The second procedure
keeps the regulatory program fixed, and improves the score by
moving genes from one module to another. Given the properties of
the Bayesian score, each procedure can be implemented as a greedy
hill-climbing search with local operations that can be evaluated
relatively easily.

In learning PMNs, we maintain the same overall architecture,
with an important distinction: at the same time that a change in M
is evaluated, we also need to change I to maintain consistency, and
determine what is the score of these changes. Thus, each local step in
the MN learning procedure is accompanied by a step on the Physical
Interaction Graph, and the impact of the proposed step on the score
is the sum of these two components.

Specifically, when adding an edge from a regulator R to a module
M in M, we must ensure that there is a consistent regulatory path. If
there is none, then we consider the addition of protein–DNA edges
that will introduce at least one such path. If after such inclusion there
is still no path, the step will not be taken. Recall that a regulatory
path is a single path from the regulator to a transcription factor,
and then branches into edges from the transcription factor to each
of the genes in the module. Considering each transcription factor
T seperately, the procedure searches for the heaviest path (using
the weights We defined above) from R to T using the Bellman–
Ford algorithm (Bellman, 1958). (Since all the weights are negative,
finding the heaviest path is equivalent to finding the shortest path by
Bellman–Ford.) It then evaluates the cost of edges from the TF to
the genes in M. The total score for T is the sum of these two terms.
The transcription factor T that maximizes the score is chosen, and
the associated edges are added to I.

When removing an edge from R to M, we may remove some edges
in I. The algorithm examines edges on the path from R to M, and
then considers which ones can be removed, while still maintaining
consistency of all other regulatory paths. This is done with all edges
until no more edges can be removed.

When reassigning a gene from one module to another, a set of TF
to gene edges has to be removed and others added. These depend
on the regulatory paths choosen for each module.

Thus, the resulting procedure is essentially isomorphic to the MN
procedure except for the additional book-keeping for maintaining
changes to I that accompany each change inM. The initialization of
the procedure is with an initial clustering of genes, and the procedure
stops upon convergence.

4 EVALUATION WITH SYNTHETIC DATA
We first compared the performance of PMN on synthetic data to
that of a standard MNs model, examining its robustness to noise
and comparing its precision and recall in recovering regulatory
interactions. We reasoned that in this comparison we can most
directly evaluate the specific impact of the additional information
(physical data) and constraints (e.g. consistency) in a PMN.

We generated a synthetic network over 312 genes, partitioned to
7 modules that are regulated by 10 genes (out of the 312 genes).
The conditional probability distributions (CPDs) are taken from a
Bayesian network test case (Beinlich et al., 1989). We sampled
physical interaction observations from a set of real interactions
(Batada et al., 2006; Herrgard et al., 2006; MacIsaac et al., 2006),
covering 43% of the original network. The distributions of node
degrees and of edge weights were similar to that of the original
network. We built the synthetic Physical Interaction Graph by
choosing 7 TF proteins as the ‘true’ TFs, and finding pathways
that connect them to the regulators. (Data available online at
http://www.compbio.cs.huji.ac.il/PMN/.)

We evaluated the models by three criteria: (i) the likelihood
of a previously unseen set of gene expression samples (test set);
(ii) the ability to choose the correct regulators for each gene
(reconstruction); and (iii) the PMN’s ability to reconstruct the
correct regulation pathway by counting all the interactions that were
selected for the model (this criteria is not applicable for MN). The
latter two criteria were measured by recall (True Positive/(True
Positive + False Negative)) and precision (True Positive/(True
Positive + False Positive)).

We learned the MN model from 200 gene expression samples and
used 10-fold cross validation to estimate its train and test scores.
We learned the PMN model from the same train and test sample
sets, in addition to a set of physical interaction observations. To
simulate noise which is abundant in expression data, we generated
data from different levels of smoothed distribution. We smoothed
the distribution to degree #, by transforming each CPD, replacing
each term P(X =xi|Pax) by a smoothed version

P.(X =xi|Pax)*P(X =xi|Pax)#

where we normalize the entries to sum to 1.
We find that the likelihood of a test set given the learned

PMN is almost identical to the likelihood given the MN (Fig. 3a),
indicating that both models have similar predictive power. Thus, the
additional constraints in a PMN (by consistency requirements) do
not compromise its predictive power.

While both models have good recall, the PMN has substantially
higher precision. Recall ranges between 80% and 100%, when
learning with a sufficient number of modules. The PMN, however,
chooses fewer false regulatory relations than the MN, resulting
in a higher precision (Fig. 3b). This is likely due to the
additional constraints on the choice of regulators in a PMN, which
must be supported by both expression and physical interactions.
Notably, when smoothness is introduced to the expression data,
the performance of MN and PMN is similar in terms of test
set likelihood, recall and precision (data not shown). With strong
smoothing the observation values are nearly uniformly distributed,
and the MN recall is higher compared to the PMN (data not shown).
In this case, the train score is so low, that the addition of the physical
interaction score prevents the algorithm from adding regulators,
even if they are correct. Conversely, when the smoothing is lower,
the PMN outperforms the MN in precision (Fig. 3c).

We next examined the contribution of protein–protein interactions
and protein–DNA interactions to the correctness of the reconstructed
pathways. First, introducing noise to the protein–protein interaction
observations (by adding random edges, weighted by the average
weight of edges in the interaction set), had little, if any, effect on the
PMN’s ability to correctly reconstruct regulator–target relationships
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(a) (b)

(d)(c)

Fig. 3. Performance on synthetic data. (a) Log likelihood of test samples,
achieved by PMN (solid line) and MN (dashed line) as a function of module
number. Plots show average over 10-fold cross validation experiments; error
bars show 2 STD. (b) Precision rate of reconstructing regulator-target pairs,
achieved by PMN and MN, as a function of number of modules. Plots as
in (a). (c) Precision rate of reconstructing regulator-target pairs, achieved by
PMN and MN, as a function of smoothness of the expression data. Plots as
in (a). (d) Reconstructed pathways as a function of noise in the protein–DNA
data. Plots show average precision and recall over 10-fold cross validation;
error bars indicate 2 STD.

and pathways. Second, increasing the number of protein–DNA
interactions from the true TFs to their true modules, had a
negligible effect on the accuracy of regulator–target relationships,
but dramatically improved the accuracy of the reconstructed
pathways (Fig. 3d), emphasizing the importance of the TF choice in
the model.

5 A MAP OF THE YEAST RESPONSE TO GENE
PERTURBATIONS

We next assessed the biological accuracy and insights in real
data, addressing two capabilities of the PMN approach. First,
we considered the reconstruction of correct regulation pathways,
between known modules and their known regulators, as determined
by gene perturbation in yeast (Hughes et al., 2000; Mnaimneh et al.,
2004). Second, we assessed the biological performance of a full
learning of PMN from yeast cell cycle expression data (Pramila
et al., 2006), a relatively well characterized system which enables
us to estimate the biological relevance of the inferred model.

In both cases, we collected observations for protein–protein
and protein–DNA interactions from multiple sources (Batada
et al., 2006; Herrgard et al., 2006; MacIsaac et al., 2006),
generating a dataset of 18.1K protein–protein and 90.6K protein–
DNA interactions over 5640 proteins. To avoid spurious over-
representation of highly connected (‘hub’) proteins in reconstructed
pathways (as they connect most protein pairs in the network in the
most efficient way), we determined the confidence in each edge
(P-value) according to the degree of the adjacent nodes in the
observed network, such that edges that involve highly connected
proteins are penalized. In addition, the P-value prefers edges that

are supported by more than a single line of evidence. Formally, the
P-value of an edge e with degree x of its heaviest adjacent node,
was set to be:

pe = 1
2+e+0.2x+5 +0.2C

where C =0 when the edge is supported by two or more lines of
evidence, or C =1 otherwise. Unobserved edges were associated
with a constant P-value which is higher than any observed edge. (See
http://www.compbio.cs.huji.ac.il/PMN/ for additional information.)

To evaluate the ability of PMN to reconstruct regulation pathways,
we used a test case in which the regulators and the modules are
known. We used a set of expression profiles measured following
single-gene knockouts (Hughes et al., 2000) and knockdowns
(Mnaimneh et al., 2004). We defined each perturbed gene as a
regulator, the genes that were significantly repressed as one target
module, and those that were significantly induced as another target
module. The threshold for significance was defined as more than
a 2-fold increase or decrease, and one set (Hughes et al., 2000)
was further filtered using a significance threshold presented in the
original paper (P<0.01). We removed small target modules (less
than 5 genes), resulting in a set of 827 regulator-module pairs, for
446 distinct regulators. We used the interaction data as described
above.

For each of the 827 regulator-module pairs we reconstructed the
most probable (primary) regulation pathway that starts with the
regulator and ends with a TF that binds some of the target genes.
For example, consider the simple pathway that was reconstructed
from NDD1 (Fig. 4a), a component of the MCM1/NDD1/FKH
transcription factor complex that activates G2/M transition genes
(Koranda et al., 2000). The pathway correctly reconstructs the
connection of NDD1 to FKH2, which in turn has evidence for
binding 28% of the 60 target genes. We successfully reconstructed
660 primary pathways with an average length of 2.6 edges, including
48 pathways of size zero (directly from a perturbed TF to its targets).
On average, the selected TFs had evidence for binding 20% of
genes per target module. We failed to reconstruct pathways for the
remaining 167 pairs, where the observed physical interactions did
not have paths from the regulator proteins to a TF.

Long-term gene perturbation can cause drastic changes in the
cell, and may thus affect the target genes in more than one way. To
search for secondary effects, we removed the edges in the primary
pathway, and repeated the pathway reconstruction procedure. For
example, after removing the (trivial) primary pathway from SWI4
(Fig. 4b) to its targets genes (39% of the genes that were repressed
after its perturbation are bound by SWI4), we detected a secondary
pathway from SWI4 to FKH2 gene, which in turn binds 12% of the
altered genes.

To statistically assess the reconstructed pathways we estimated
their score’s P-value empirically, by randomization of the input
interactions. We used an edge-swapping algorithm (Maslov and
Sneppen, 2002) to generate 50 randomized observation networks
that maintain the node degrees of the original network, and
then learned pathways for the same 827 regulator-module pairs
using each of the 50 networks. We then assessed the significance
of each pathway learned with the real network, based on the
frequency of observing a path with that score or higher in the
randomized networks. We found that 99 primary pathways and 6
secondary pathways were significant [above 2 STD (P<0.021)].
(Data available online at http://www.compbio.cs.huji.ac.il/PMN/).
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(a)

(e)

(c)

(i)

(h)

(g)

(j)

(f)

(b)

Fig. 4. Yeast pathway map. Unification of sixty two selected pathways, reconstructed by PMN from gene perturbation data. The pathways are also available
online at www.compbio.cs.huji.ac.il/PMN/. Proteins (circles) and genes (squares) are connected by protein–protein interactions (lines) and protein–DNA
interactions (arrows). Triangles represent repressed (green) and induced (red) target modules. Numbers indicate the percentage of target genes bound by
the TF in pathways which are mentioned in the text. Proteins were manually annotated with the following categories: Metal-ion transport (grey), cell-cycle
(green), protein biosynthesis (light blue), amino-acid metabolism (purple), stress (pink), sugar metabolism (orange), mating (yellow) or other (white). (a–j)
Pathways that are discussed in the text.

These significant reconstructed pathways span a spectrum of
cellular processes, including cell-cycle, mating, stress response,
protein biosynthesis, amino-acid metabolism and metal ion transport
(Fig. 4). To biologically interpret them, we annotated each pathway
member according to the process in which it participates, and each
target module with its enriched GO process terms (Fisher’s exact
test, corrected with FDR 5%). We then inspected the functional
relevance of each pathway and its terminal TF to the module and
regulator with which it was associated.

There are 6 coherent mating pathways, each consists of known
members of the pheromone response, and ends with STE12, the
pheromone response TF (Fig. 4c). Three start with STE18, STE5
and STE7, and end with repressed modules enriched for pheromone
response genes, a fourth starts with DIG1, a STE12 repressor (Olson
et al., 2000), and indeed ends with an induced module enriched for
pheromone response genes. These provide a proof of concept.

We detected 10 coherent cell-cycle pathways, of which 5 are
meiosis pathways that end with UME6, a TF that regulates both
induction and repression of early meiotic genes (Steber and Esposito,
1995). Two of the pathways (Fig. 4d) start with an ISW2 knockout,
a member of the ISWI chromatin remodeling complex, which is
known to be recruited by UME6 (Goldmark et al., 2000). Another
pathway starts from a GPA2 knockout (Fig. 4e), a G-protein that
is coupled with the carbon sensor GPR1, through the early meiosis
activators IME2 and IME1, to UME6, which binds a target module
enriched for sporulation genes. This is consistent with induction of
sporulation during carbon (and nitrogen) starvation.

Some of the reconstructed meiosis pathways lead to novel
hypotheses. Most notably, the secondary pathway from SIN3

(Fig. 4f), a histone deacetylase component involved in meiosis
regulation, which is connected to its target module through STB4.
STB4 is a zinc-finger with an unknown function that interacts with
SIN3 in a 2-hybrid assay (Kasten and Stillman, 1997), and binds 6%
of the genes in the target module. We hypothesize that STB4 plays
a role in induction of early meiosis genes.

Several pathways reflect the cellular response to stress following
gene perturbations, and the coupling between reduction of cell
growth (through repression of ribosomal functions) and changes to
carbon metabolism during stress. Twelve pathways lead to ribosomal
protein (RP) gene modules (Fig. 4g), ending with the known RP
activators FHL1 or RAP1. Interesting exceptions are two pathways
that start with the knockout of GCR1, a transcriptional activator
of glycolysis genes (Fig. 4h): in the primary pathway GCR1 binds
RAP1 leading to repression of both carbohydrate catabolism genes
[known to be regulated by RAP1 and GCR1 (Mizuno et al., 2004)]
and RP genes. In the secondary pathway GCR1 binds GCR2, a
known co-activator, which binds 19 of the repressed genes, including
3 glycolysis genes. Coupling between RP gene regulation and sugar
metabolism is also observed following perturbation of the splicing
factor PRP39 (Fig. 4i), proposing a new molecular pathway.

Finally, 14 pathways reflect protein biosynthesis and amino acid
metabolism, ending with GCN4, a major TF activator of amino acid
metabolism genes. The pathways control 10 modules, both repressed
and induced, that are enriched for amino acid metabolism genes.
While statistically significant, these pathways likely reflect mostly
indirect effects on amino acid metabolism by many of the genetic
perturbations in the study, a fact noted in the original study (Hughes
et al., 2000). In such cases, the reconstructed pathways may not
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Fig. 5. Yeast cell cycle map. Pathways reconstructed by PMN from the yeast cell cycle data. Left - An example module (# 36), indcued in G1 & S, is enriched
for DNA replication and telomerase maintenance genes, and is regulated by ACM1 and SWI4. Right - all other pathways reconstructed. Modules (rectangles)
are colored according to their peak activity phase, and proteins are colored according to the phase in which they are known to play a role.

reflect a ’real’ transduction of a regulatory signal, although their
intiation (perturbed gene) and endpoint (the TF GCN4) are correct.
Indeed, when GCN4 is removed, other, more relevant pathways may
be revealed, for example in the case of RTG1 (Fig. 4j). Despite these
limitations, we concluded that PMN can recover known coherent
pathways in the correct context, as well as reveal novel potential
mechanisms.

6 RECONSTRUCTING A YEAST CELL CYCLE
NETWORK

We assessed the reconstruction of a full PMN—modules, regulators
and pathways—using the yeast cell cycle, a well-studied system
that facilitates careful evaluation. We used expression profiles
measured at 50 time points during 2 cell cycles from yeast
cultures synchronized with #-factor (Pramila et al., 2006). We
focused on the 594 top cyclic genes as defined in the original
publication (PNM5 posterior > 0.999), 68 of which have a known
regulatory role in cell cycle (by GO), and were designated as
candidate regulators for the model to choose from. We augmented
the physical interactions described above with protein–DNA
interactions measured specifically during the yeast cell cycle (Horak
et al., 2002).

The inferred network consists of 36 modules of average size 17.5
genes (±19.7 genes), 11 with a single regulator and 4 with two
regulators, with regulation paths of average length of 2.5. Nine
modules peak at G1 or G1/S (Fig. 5 right, pink or pink-yellow), of
which one is enriched for cytokinesis genes (module #43), two for
mitosis genes (#5, #44), and four for DNA replication genes (#36,
#39, #44, #48). For example, module 36 (Fig. 5 left) is regulated
by SWI4, via SWI6 and MBP1, which binds 59% of the module
genes, consistent with the known role of the SBF (SWI4-SWI6)
and MBF (SWI6-MBP1) complexes in regulating late G1 genes.
Module 36 is also regulated by ACM1, an inhibitor of mitosis that is
induced during G1/S, via a pathway consisting of (in order) CLN1,
SIC1 (both G1/S transition regulators), and CDC14, a phosphatase
required for mitotic exit. Although CDC14 does not seem to be
directly connected to G1/S regulation, it is known to interact with
SWI6-MBP1 complex that binds the module genes (Geymonat et al.,
2004).

Six modules peak at S and four at G2/M (Fig. 5, blue). For
example, Module 33, enriched for mitosis genes, is active throughout
S and G2/M, and is regulated by FKH1, a key TF of G2/M genes,
which binds directly to 46% of the module genes. In another
example, Module 45 (Figs 1a and b, 5 right) is regulated by MOB1,
an essential component of the mitotic exit network, through a
pathway that consist of (in order) CDC28, the catalytic subunit of
the main cell cycle CDK, and FKH2, a major G2/M TF, which binds
43% of the module genes. The module genes are also enriched for
binding of NDD1, an FKH2 transcriptional co-activator (Fig. 1b).

In some notable exceptions, biologically ‘incoherent’ regulators
are chosen by the PMN. For instance, Module 13 (Fig. 5 right) peaks
in S phase, is highly enriched for histones, and is regulated by ESP1
and HSL1, mitosis and budding regulators. This may reflect the
fact that in some cases, induction of a regulator’s mRNA precedes
the time of its protein’s activity (Amit et al., 2009; Ramsey et al.,
2008). While the choice of regulator in the MN is based solely of
the expression pattern, the physical interactions in the PMN may be
able to reduce the number of such false cases.

Conversely, the selected TF is coherent with the target module
in all cases where the TF binds more than one gene per module:
MBP1 is chosen as the TF of 4 G1 and S modules; FKH1 for two S
and G2/M modules; FKH2 for two G2/M modules; MCM1, a major
cell cycle transcription and DNA replication regulator, for a G1
module; and HCM1, a transcription regulator of S phase genes, for
two G1 and S modules. Besides FKH1, the TFs are not chosen as the
regulators themselves (at the beginning of a pathway), because their
own mRNA expression profiles do not correlate with their protein
activity: some are induced in a different phase, and others do not
show a cyclic pattern at all. Yet, the PMN correctly associated them
with their target modules.

7 PATHWAY RECONSTRUCTION OF
HUMAN–FLU INTERACTIONS

Infection of human cells with the H1N1 influenza virus results in
substantial changes in the cells’ transcription profile. A recent study
(Shapira et al., 2009) measured these changes in human primary
bronchial epithelial cells at 10 time point along 18 h following
infection with wild type virus, attenuated virus, viral RNA or
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(a) (b)

Fig. 6. Viral infection in human host. Pathways reconstructed from H1N1
influenza virus proteins to responsive gene clusters. (a) Pathway connecting
NP and PB2 viral proteins to cluster 2. (b) Pathway connecting NA viral
protein to clusters 4 and 5 and HA viral protein to clusters 4 and 7. Color
indicates protein categories (see legend).

treatment with interferon. It also identified (with yeast two hybrid
assays), potential interactions between each of the 10 viral proteins
and 87 human proteins.

We used PMN to identify the potential mechanisms that lead from
the viral proteins to changes in expression. This presents a special
challenge, since the human physical network is much larger than
in yeast, and is still poorly covered (Hart et al., 2006). We used
12 gene modules that were pre-defined (Shapira et al., 2009), and
reconstructed the pathways from 10 viral genes to each cluster. We
used human protein–protein and protein–DNA interactions collected
from multiple published sources (Badis et al., 2009; Berger et al.,
2008; Chang et al., 2008; Suzuki et al., 2009; Yosef et al., 2009),
and human-viral protein interactions from the original paper. To
reduce noise, we included only 32 TFs whose targets were enriched
(Fisher’s Exact Test, FDR 5%) in at least one cluster.

We ran the pathway reconstruction procedure six times, removing
in each round the TF that was selected in the previous round, to
reconstruct multiple secondary pathways. The first three rounds,
selected only general TFs (TAF1, CREB1, NRF1 and SP1) for
each of the 12 modules. Specific pathways emerged only after we
removed these general factors.

One intriguing example is the pathway that connects the viral
polymerase subunits NP and PB2 to the human TF Interferon
Regulatory Factor 2 (IRF2) (Fig. 6a), a known regulator of
interferon-dependent gene expression, which binds 16 out of 57
genes in cluster #2, which is induced by interferon. The initial
study identified a novel role for the viral polymerase in perturbing
host signaling (Shapira et al., 2009), but its relation to the
transcriptional program and mode of action remained unknown.
Our PMN analysis suggests that the polymerase subunits act
through a pathway that includes apoptotic proteins TRAF1, API1
and p53, and impact interferon-dependent gene expression, thus
raising testable mechanistic hypotheses. Other interesting pathways
(Fig. 6b) connect the NA and HA viral proteins to three clusters.
All three pathways consist of (in order) CREBP, VCAF, MLL and
CREBBP, but end in three different TFs: NFKB1 that binds cluster
#7 (5 out of 60 genes, induced only in presence of whole virus),

E2F1 that binds cluster #5 (5 out of 55 genes, induced by virus
or viral RNA) and the interferon-dependent factor IRF1 that binds
cluster #4 (23 out of 139 genes, induced by interferon alone), all
major regulators in host response pathways. This suggests a novel
role and mechanism for additional viral proteins in modulating the
host transcriptional response.

8 DISCUSSION
Here, we presented PMNs, a probabilistic graphical method that
learns transcriptional networks by combining phenotypic effects
(changes in gene expression) with their underlying physical
mechanism (protein–protein and protein–DNA interactions). We
evaluated the model by comparing to a simple MN on synthetic
data, and by reconstructing coherent pathways and regulation in
yeast and human data.

A PMN builds and subtantially extends on MNs, a special
case of a Bayesian network that is defined over a set of gene
modules rather than single genes (Segal et al., 2003). The main
drawback of a simple MN is that each regulator is chosen solely
based on its expression pattern, limiting its ability to distinguish
between true regulators and false positives. The PMN addresses
this limitation by presenting additional constraints on the choice
of regulators, requiring a physical pathway that connects it to
some of the target genes. Indeed, as we have shown on synthetic
data, the added physical interactions increase the model’s precision
without compromising recall. Furthermore, the PMN presents a
new hypothesis for the regulation mechanism. We showed that it
can determine coherent pathways and regulatory mechanisms that
connect genetic perturbations to target genes (in yeast and human
data), as well as coherent modules, regulators and pathways in the
yeast cell-cycle system.

Notably, adding physical interactions also carries disadvantages,
especially when interaction data are very partial and noisy. PMN
may miss a true regulator if a full regulation path is missing (hurting
recall), the reconstructed pathways are sensitive to noise in the
interaction measurements, and certain types of interactions (protein
modifications, chromatin occupancy, cellular localization), as well
as alternative splicing, are not modeled in the simple interaction
graph. Nevertheless, PMN’s success in several realistic cases, in
yeast and human, suggest that it provides an important advance
toward reconstructing models of regulatory circuits in eukaryotic
cells.
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Chapter 5

Discussion

Transcriptional regulation plays an important role in the cell’s ability to respond

to environmental changes. A major question in biology is which protein controls

the transcription of which target genes, under certain conditions, and in what

way. While this question may be answered in small systems using experimental

research, mapping transcriptional regulation on a genomic scale is still a major

challenge, and requires the use of computational models. In this dissertation, I

have briefly discussed transcription regulation models, and specifically the Mod-

ule Networks algorithm. Two of the papers included in this dissertation are

systematic analyses of human diseases using Module Networks, one focuses on

asthma models in mice, and the other on human hematopoiesis. Each led into

important novel insights into human physiology and diseases. The third paper

presented in this dissertation deals with a new integrative model which combines

Module Networks with pathways of physical interactions.

5.1 Insights into Transcription Regulatory Mech-

anisms in Hematopoiesis

Blood cells differentiation is an ongoing process in our body, creating daily 2×1011

new blood cells. About 12 different types of cells are created in this process and

are differ greatly both in form and function. A major question is how the cell

decides on its fate, and what are the factors supporting the differentiation. The

dominant theory, which was gradually generated by KO experiments [Orkin and

Zon, 2008] , identifies 26 TFs that control differentiation and act in an hierarchical

manner (Fig. 5.1), where half of the factors are specific to a single lineage. In

55



Figure 5.1: Known Transcription Factors in Hematopoiesis. Taken from
Orkin and Zon [2008]. Graphical summary of TFs with a known role in
hematopoiesis, as was inferred from KO in mice. Each TF is located at the
point in which its KO altered proper differentiation.

the study presented here, we took a different approach and sought to characterize

transcription patterns and regulation at genome scale, and in a systematic and

unbiased way. Our findings, in addition to identifying and validating several novel

regulators, shed light on the differentiation mechanism and extend the current

theory.

First, we found that the majority of the modules are induced in more than a

single lineage, pointing to an extensive re-use of functions across lineages. This

suggests that the cellular phenotype is an outcome of a combination of several

functional modules, rather than of a single lineage-specific module. This was

found to be the case with TFs as well — most of them are induced in more than

a single lineage — unlike what the dominant theory hypothesized. The mere

fact that such a large number of TFs change their transcriptional levels across

lineages, is alone surprising, as one might expect that the variation is a result
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of protein activity alone. The second major finding that has emerged from the

combination of sequence- and expression-based models, is that the TFs control

each other in dense interconnected circuits that become gradually activated (or

repressed) as differentiation progresses. This mechanism possibly supports the

robustness of differentiation decisions, since a disruption in a single factor will be

buffered by the extensive feedback loops of other factors in the network. The third

interesting finding is that TFs which are critical for an advanced differentiation

stage, are bound to their targets already in the very early stem cell stage, pointing

to an anticipatory binding of the TF that is becoming functional only later in

differentiation.

5.2 Why Do Transcription Regulation Models

Work? And When They Do Not?

All transcription regulation models based on gene expression, assume that the

expression patterns of the regulators hold information about the expression pat-

terns of the target genes. This is a reasonable assumption when the regulator

is either controlled by another upstream TF, or controls its own gene in an au-

toregulatory feedback loop (Fig. 5.2), as it is often the case in biological systems

[Milo et al., 2002]. In our hematopoiesis analysis, there are multiple lines of ev-

idence for the existence of such feedback loops. First, the expression pattern of

the TFs themselves is highly variable across lineages, suggesting that their own

transcription is being regulated. Second, the sequence motifs and binding events

indicate an autoregulatory topology.

However, there are also multiple cases in which transcription regulation mod-

els can fail. When the level of the transcript encoding the protein does not change,

it is impossible to detect the connection between its protein and its target genes

based on expression levels alone. That will result in false negative selections (i.e.,

true regulators that are not detected), as was the case with many of the regulators

found by the sequence-based model in the hematopoiesis study. These regulators

could have never been selected by Module Networks, because their expression

had poor correlation with the expression of their target modules (Fig. 5.3), and

some of them were not even included in the dataset. In the Physical Module

Network study another such case was apparent, when the transcription of some

of the cell-cycle regulators had a phase-shift, compared to their targets. This is
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Figure 5.2: Regulatory structures allowing inference of regulation from

expression data. Taken from Segal et al. [2003a]. Four structures in which
regulator expression pattern (red) may be indicative on the targets’ expression
pattern (blue). (a) Regulatory chain (b) Protein (top) and mRNA (bottom)
expression dynamics in regulatory chain structure (c) Positive feedback loop (d)
Protein (top) and mRNA (bottom) expression dynamics in positive feedback loop
(e) Negative feedback loop (f) Autoregulatory loop.
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often the case in dynamic systems, and indeed, many dynamic transcription reg-

ulation models take phase shift into consideration [Yu et al., 2004, Bansal et al.,

2006, Bonneau et al., 2006, Ramsey et al., 2008].

Another type of fault in transcription regulation models is false-positive selec-

tion of a regulator. In Module Networks, a regulator is also a member of another

module, along with other genes with a similar expression pattern. If another gene

from the pool of potential regulators is a member of that module, the two genes

are interchangeable, and in practice, a false regulator may be chosen. Rsg16,

for instance, is a regulator of module 605 in the Asthma Module Network. It is

a regulator of G-protein signaling, and is a member of module 543. In module

543 there are 36 other genes that could be regulators of module 605 (e.g., Bcl10,

Daxx, Ifng, Tnf), but Rsg16 was chosen, since its selection gave the highest gain

to the Bayesian score, even if this gain was only slightly better than the other

choices.

Such faults may be overcome in models that select multiple equivalent regu-

lations, or with the integration of additional biological information that supports

the model choices. Lee et al. [2009] developed a method which is similar to Mod-

ule Networks, but it infers regulation from expression and genotype of genetically

diverse individuals (eQTL data). They overcame this problem by automatically

scoring all potential regulators, based on their sequence features. Another possi-

bility is to use sequence binding motifs. An enrichment of module members with

a certain motif in their promoter, may indicate that the TF that binds this motif,

is a regulator of their module. Sequence motifs alone, however, are usually insuf-

ficient because they only mark the binding potential, and not the actual binding

and activity of the factor.

A final main drawback of expression-based transcription regulation models

is their over simplified description of regulation mechanism. In reality, the TF

probably ”senses” additional information, such as nucleosome positioning, histone

markers, and the activity of co-factors. Taking into consideration, for instance,

physical interactions between regulators of the same module, may result in a

more accurate description of transcription regulation, in which the regulators act

in complexes.

59



Suppl. Figure 11

CD8

CD4

CMP
MEP

Early
ERY

MEGA

GMP

GRAN

MONO

EOS
BASO
DEND2
DEND1

PBCELL

BCELL

NK

TCELL

Late ERY

HSC1

HSC2

Log 2 scale
–1 +1

Module 655

Module 805

Module 817

Module 763

a

b c

Module net regulators

Sequence regulators

14

12

10

8

6

4

2

0
–1 –0.8 –0.6 –0.4 –0.2 0 0.2 0.4 0.6 0.8 1.0

Pearson correlation

P
e

rc
e

n
ta

g
e

 o
f 

p
a

ir
s
 (

%
)

–0.22 TAL1

+0.63 NRF1

–0.68 ETS1

–0.43 JARID1A

+0.22 SPIB

+0.71 PIAS1

+0.88 ELF4

+0.44 VENTX

d
Figure 5.3: Sequence-model vs. Module Network correlation. Measured
with hematopoiesis data [Novershtern et al., 2011b]. A) Histogram of Pearson
correlation between Module Network regulators and their target modules (solid
line), compared to the same histogram for sequence regulators (dashed line).
B-C) Scatter plots showing four examples of correlation between a sequence reg-
ulator and its target module (red), and a module-network regulator and its target
module (grey). Each point in the scatter plot marks the average expression level
of the target module (x-axis), or of the regulator (y-axis), in a single experiment.
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5.3 Integrative Models

Gene expression alone is insufficient to explain the complexity of transcription

regulation. Therefore, it is essential to build models that integrate biological

information from different levels, specifically genotypic and phenotypic informa-

tion. Generally, in integrative models, a regulator choice should be supported by

both types of information, hence less false-positive regulators should be selected.

However, this depends on the structure and assumption of each concrete model.

It is harder to speculate how integrated information will effect the false negative

rate. It is possible that if the model allows a selection of a regulator even if the

expression data do not fully support it, the false negative rate will be lower. The

false negative rate of PMN, however, was similar to the rate achieved by Module

Networks. Another advantage of integrative models is the presentation of a more

realistic description of the biological mechanism, even if it is still far from being

accurate.

Many studies present integrative models that differ in the type of data they

integrate and in their structure. Some integrate gene expression from KO exper-

iments and in this way reconstruct [Yeger-Lotem et al., 2009] or annotate [Yeang

et al., 2004, Ourfali et al., 2007, Peleg et al., 2010] physical pathways, and also

predict KO effects. Other studies integrate DNA sequence with gene expression

to find true TF-target interactions [Ernst et al., 2008, Gao et al., 2004] and to

infer binding site motif and structure [Beer and Tavazoie, 2004, Kundaje et al.,

2008, Segal et al., 2002]. Lastly, recent models [Chen et al., 2008, Ye et al., 2009]

integrate expression and genotype information (SNPs) to identify regulation.

5.4 Lessons from Physical Module Networks

The Physical Module Network (PMN) model presented here is also an integrative

model that combines gene expression with protein-protein and protein-DNA in-

teractions. It can therefore be viewed as a combination of pathway-reconstruction

models (e.g., Yeger-Lotem et al. [2009]) and the Module Network model.

As such, PMN reduces the false positive rate, since each selection of a regulator

is supported by both expression and physical data. In addition, it presents new

hypotheses in its two components: both regulatory relationships (modules and

their regulators), and physical pathways. For instance, in the cell cycle network,

the PMN model hypothesized that SWI4 controls a module of DNA-replication
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and telomerase maintenance genes by interacting with SWI6, its known complex

partner [Igual et al., 1996]. SWI6 interacts with its other complex member MBP1

that actually binds the genes.

PMN is therefore a ”fully probabilistic” model, unlike most other integrative

models that present new hypotheses only in one aspect of their model (e.g. in

regulation relationship), and use the other type of data to impose constraints

on it. The works by Segal et al. [2003b] and by Kundaje et al. [2008] are two

exceptions, in which both regulatory relationship and binding motifs are simul-

taneously inferred from data.

PMN suffers from several drawbacks. Like all other Bayesian models, it re-

quires a-cyclicity in the graph, i.e., a regulator cannot regulate itself directly or

indirectly, what is definitely not true in real life. This constraint leads, in prac-

tice, to the construction of a ”regulators’ module”, that includes genes that are

regulators in the network, although they do not share their expression pattern.

Such is module # 399 in the hematopoiesis analysis, and module # 283 in the

asthma analysis.

Another drawback of PMN is that the consistency requirement (each regulator

has to have a pathway of interactions to its target genes) may be too limiting. In

cases where physical data is absent, a true regulator may not be chosen imputable

to poor coverage. This is particularly apparent in human interaction data which

is still sparse - about 10% of possible interactions were measured so far [Rual

et al., 2005].

Missing data is not the only problem in physical information - technical de-

tails of the experimental assay, inspection bias in coverage towards well-studied

proteins, and ”sticky” proteins with high affinity to any interaction, result in

noisy data. Such noise may push the reconstructed pathway towards the in-

clusion of edges with high confidence (like sticky proteins) but poor connection

to the true regulation mechanism. Luckily, cautious analysis which takes these

problems into consideration, along with the improvement of data, should improve

the model predictions.
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5.5 The Future of Transcription Regulation Mod-

els

In this dissertation I have shown that transcription regulation models can give

us invaluable information even in a complex system like human cells. Looking

at the (near) future, all signs indicate that transcription regulation models will

continue to play an important role in data analysis.

Data collection is accelerating in an amazing pace [Lander, 2011] - the NCBI

Gene Expression Omnibus, for instance, already has more than half a million sub-

mitted gene expression samples. Sequencing technology has become so efficient

and inexpensive, that it is replacing DNA chips as the technology to measure

RNA levels [Nagalakshmi et al., 2008]. In addition to being cheaper and faster,

technology is also becoming more accurate. Being able to measure even a sin-

gle molecule [Ozsolak and Milos, 2011], new technologies generate data that are

less noisy and with higher resolution. Protein-binding ChIP technology is also

improving, and today high throughput assays can generate dozens of arrays simul-

taneously (Amit et. al., unpublished data). This will allow us to measure binding

in the same system under different conditions such as time points, before and af-

ter treatment and so on. This abundance of data requires models that integrate

more types of data, and are dynamic. Furthermore, the field of transcription reg-

ulation models is going through a standardization process: bench-mark networks

have been presented in the DREAM project [Stolovitzky et al., 2007, Marbach

et al., 2010], enabling unbiased evaluation and comparison of the different models.

To conclude, analyses using transcription regulation models, which started

with simple organisms such as yeast and E. coli, have improved enough to move

forward and analyze complex human systems. Transcription regulation models

and their applications are in constant improving. I hope this dissertation has

proved that transcription regulation models can mine insightful information from

massive biological data, and truly contribute to the understanding of human

diseases and to their cure.
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Supplementary Information  

 

Compendium Data Selection 

We started to build the compendium having DEA dataset (1). We searched NCBI Gene 

Expression Omnibus (GEO) for other in-vivo asthma murine models. Four datasets (as 

true for time of analysis - August 2005) passed our inclusion criterion and were added to 

the compendium. The inclusion criterion requires a dataset to have at least two biological 

replicates for each treatment and at least 85% present calls. The list of all murine asthma-

related models which can be found in GEO, along with the criteria for inclusion and 

exclusion, is available in Supplementary Table E4.      

 

Gene Set Experimental Data Selection 

To build the experimental gene sets we looked for human gene expression that was 

measured in various lung cell types. The initial set included data that was generated by 

Kaminski et. al. (2-4). We then searched GEO for all human asthma models. Four 

datasets that were available at the time of analysis were chosen to generate the gene sets 

HAH, HCL, HBE and HAE. See supplementary table E5 for the dataset details.  

 

Module Network Evaluation 

To evaluate the quality of the module network we examined the nature of the 

splits in the regulation program. A good split distinguishes between two coherent groups 

of experiments, such as treatment vs. control, or between sub-populations of such groups. 

We therefore measured for each split, how well it distinguishes between each possible 

classification of the experiments, using the mutual information score (5). Briefly, the 

mutual information between a given pair of random variables X and Y measures how 

knowing one of variable reduces the uncertainty about the other. Formally, the mutual 

information is defined as the following: 

 



If X and Y are independent, then knowing X does not give any information about Y and 

vice versa, and the mutual information is zero. At the other extreme, if X and Y are 

identical then knowing X determines the value of Y (and vice versa), and the mutual 

information is one. 

 

We calculated the mutual information for each split and classification by representing 

them as two binary random variables. The first denotes the classification of experiments 

according to the split, and the second according to their attributes (e.g. treatment or 

control). If the split carries information about the classification samples, its mutual 

information will be high (Figure E1).  

 

Figure E2 shows the percentage of splits that separate (mutual information > 0.5) 

between different classes of experiments. The network inferred from the data excluding 

FTM dataset, contains 318 splits, of which 44% are informative about treatment vs. 

control. However, when the network inferred from data including the FTM dataset, only 

17% of the 473 splits distinguish between treatment and control, and 24% distinguish 

between the FTM tissue subgroups (Whole Lung and TP), or between the whole FTM 

dataset and the rest of the datasets. The FTM dataset therefore largely determines the 

structure of the network, and introduce a bias which is not relevant to the rest of the data. 

The strong bias can be explained by the substantial difference between TP and WL, 

which masks the other signals in the data, and also by the fact that FTM data were 

generated on two-channel UCSF platform, whereas the rest of the data are affymetrix 

single-channel hybridizations.   

As a conclusion, we have decided to exclude the FTM dataset from the module network 

analysis, as presented in the paper.   

 

Legends for supplementary figures 

Figure E1: The average Bayesian Score per gene, as a function of module number, 

inferred with Module Network algorithm. The model with the highest Bayesian score has 

61 modules.  



Figure E2: The mutual information score indicates how informative one random variable 

(e.g. the split) on another variable (e.g. the sample classification). In one extreme (Figure 

2E-A) the split does not carry any information about the classification - the “treatment” 

samples are evenly distributed between the two split sides and the mutual information is 

zero. At the other extreme (Figure 2E-B) the split fully corresponds to the classification, 

and the mutual information is one. If there is some correspondence between the split and 

the classification, the mutual information will be between 0 and 1 (Figure 2E-C). 

Percentage of splits with substantial mutual information (> 0.5) is shown in 2E-D for 

various sample classifications. Split that separates coherent groups of samples has high 

mutual information. Separation between treatments or strain types is biologically 

meaningful, whereas separation between datasets indicates a technical artifact. The 

informative split percentage is shown for two compendiums – one that includes FTM 

dataset (grey), and one that excludes FTM dataset (black).       
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Supplemental Information

EXTENDED EXPERIMENTAL PROCEDURES

Data Normalization and Filtering
Transcript levels were processed from data image files using the RMAmethod (Irizarry et al., 2003), which corrects for non-biological
sample variation using quantile normalization, implemented by the Bioconductor R package (Gentleman et al., 2004). To reduce
batch effects, transcript levels were further corrected with the ComBat method (Johnson et al., 2007), which applies an empirical
Bayes framework for adjusting data for batch effects. RMA and ComBat were applied on the complete dataset, including the control
HeLa cell samples. For the rest of the analysis HeLa samples were taken out. The normalized dataset was further filtered to include
only probes that were present, according to Affymetrix MAS5 software default parameters, in the majority of the samples of at least
one cell type (e.g., in 3 out of 5 replicates of cell type DENDa1). This resulted in 14613 active probes, which were mapped to 8968
genes. Lastly, the dataset was log2-transformed and normalized such that the mean of each gene is zero. Data available on http://
www.broadinstitute.org/dmap/.

Nonnegative Matrix Factorization
We performed clustering using nonnegative matrix factorization (NMF) as described previously (Brunet et al., 2004), implemented in
GenePattern (Reich et al., 2006). The stability of discovered clusters was evaluated by consensus clustering (Monti, 2003). Pertur-
bations of the original data were simulated by iterative resampling. In each iteration, 10% of the samples were left out, and the re-
maining samples in the dataset were clustered using NMF. Following 125 iterations, we assessed consensus between clusters
across iterations using a consensus matrix (N 3 N, where N is the total number of samples in the data set) that scores, for each
pair of samples, the proportion of clustering runs in which two items are clustered together.

Differentially Expressed Gene Signatures
Signatures of the following lineages were calculated: HSC, ERY, GMP/GRAN/MONO/EOS/BASO, NK, T cell, B cell, as well as HSC/
early ERY and late ERY. The signatures were calculated using a parametric two-tailed Student’s t test, comparing for each gene its
mean expression in the lineage (e.g., HSCs), with its mean expression across all other samples. The test rejects the null hypothesis if
the means are not equal. The t test score was controlled for multiple hypothesis using a Bonferroni correction (Bonferroni, 1936) (cor-
rected p < 0.05). For further analysis, signatures were divided to induced and repressed signatures (Table S2).

Outlier Analysis
We calculated an outlier score (z score) for gene x in sample s across all samples S, where the z score = (value in sample s – mean
expression of that gene across all S samples) / median absolute deviation. The number of genes scoring at a series of z score values
was calculated for our gene expression profiling data set, the GNF compendium (Su et al., 2004) and gene expression profiling data-
sets from lymphomas (Monti et al., 2005), breast cancer (Chin et al., 2006) and lung cancer (Bhattacharjee et al., 2001).

Module Network Regulator Annotation
Weused a pre-compiled set of candidate human transcription factors as input to theModule networks algorithm. The list of transcrip-
tion factors was compiled from genes that are annotated with ‘‘transcription factor activity’’ in the Gene Ontology database (http://
www.geneontology.org). A careful manual curation to eliminate nonregulator genes resulted in 523 positive and putative transcription
factors or transcription coactivators that are expressed in our data set. Data available on http://www.broadinstitute.org/dmap/.

Finding the Optimal Number of Modules
The Module Network algorithm is given as an input the number of modules it will detect. To find the optimal number, a series of runs
was performed on a set of 191 training samples, with a changing number of modules, ranging from 5 to 250. Data available on http://
www.broadinstitute.org/dmap/. Each networkwas scored by the likelihood it gives to a new sample test set, consisting of 20 samples
chosen at random, which were not included in the training set. The number of modules that reached the highest score was high, with
average module size of 112 (±54 SD) genes. As a compromise between best score and a module size that will allow effective bio-
logical annotation, we chose the number of modules as the number that reached 70% of the highest score, where further improve-
ments are gradual. This process resulted in 80 modules in the network.

Functional Annotation of Modules
To functionally annotate modules and gene signatures, we tested for their enrichment in functional gene sets. Gene sets were taken
from the Gene Ontology (GO, http://www.geneontology.org), KEGG (http://www.kegg.com), Biocarta (http://www.biocarta.com)
and GSEA (http://www.broadinstitute.org/gsea/) databases. We also included a list of 30 and 50 partners from gene translocations
in leukemia from the Mitelman database (Mitelman et al., 2010). Enrichment p values were calculated using Fisher exact test (Fisher,
1954), and corrected for multiple hypotheses using false discovery rate (Benjamini, 1995) (FDR) threshold of 5%.
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Building a Sequence-Based Model: De Novo Motif Detection
Motifs were discovered de novo by searching the promoter sequences among 299 query gene sets, including 80 gene modules, 40
transcription factor modules (learned usingModule networks as described in the paper, but with only 523 transcription factor genes),
165 target sets that are unified sets of modules regulated by a single regulator, and 14 differentially expressed gene signatures. The
motifs were searched up to 1000 base-pairs upstream to transcription start sites. Sequences were taken from the UCSC genome
browser, version hg18 (www.genome.ucsc.edu). The motifs were discovered using 6 different algorithms: AlignAce (Hughes
et al., 2000), MEME (Bailey and Elkan, 1995) and MDScan (Liu et al., 2002) (managed with TAMO software (Gordon et al., 2005)),
FIRE (Elemento et al., 2007), Amadeus (Linhart et al., 2008) and SeedSearcher (Barash et al., 2002), resulting in 9489 motifs that
were enriched among the 299 query sets (p < 10!7 for all methods excluding FIRE in which default parameters were used). To identify
a non-redundant set of motifs, the motifs were clustered using a hierarchical agglomerative clustering algorithm based on the BLiC
(Habib et al., 2008) score to produce a set of 6165 de novo motifs. The clustering was done using previously reported parameters
(Habib et al., 2008), except for the tree-trimming threshold, where we used a more relaxed threshold of 0.5 allowing more motifs
to be united.

Motif Enrichment
All"20,000 human gene promoters were rescanned for the presence of motifs from the non-redundant set, as well as for the appear-
ance of 1034 known motifs taken from the literature (Matys et al., 2003). In the scanning procedure, each promoter was assigned
a score, which is the sum of scores over all possible positions in the promoter. The score per position of a motif is the log ratio of
the score by themotif model (the PWM) versus the background distributions, as previously described (Tanay et al., 2005). A promoter
is chosen as containing a binding site if it scored 90% of the optimal score (where the optimal is defined as the mean of the top 20
scoring promoters), and it is conserved in mouse. The mouse targets were chosen by the same score, but using a lower threshold (of
70% from the optimal). The parameters were optimized with a set of known motifs (Matys et al., 2003) and their experimentally
defined targets by ChIP-chip data (Boyer et al., 2005; Cam et al., 2004; Chen and Sadowski, 2005). As a result of this scanning proce-
dure, each genome gene is annotated for having or not having each of the motifs. For the last step of the analysis, previously pub-
lished annotations that associate 1436 motifs and DNA-binding proteins to their target genes were added (Chang et al., 2008; Sub-
ramanian et al., 2005; Suzuki et al., 2009; http://genomica.weizmann.ac.il/). The enrichment of the motifs in all gene sets was
calculated using the Fisher exact test (Fisher, 1954). 396 motifs were found to be over-represented in at least one gene set at an
FDR < 10%.

Associating Motifs to Transcription Factors
The 396 enriched motifs were compared to a library of previously published motifs of known transcription factors (Badis et al., 2009;
Berger et al., 2008; Chang et al., 2008; Matys et al., 2003; Sandelin et al., 2004). Motifs which received a similarity score (Habib et al.,
2008) higher than 1.5 were declared as similar to the known motif, and were annotated as associated with the relevant transcription
factor. 266 out of 396 were found to be similar to the known motifs of 276 transcription factors. Data available on http://www.
broadinstitute.org/dmap/. 31 are similar to knownmotifs ofmicroRNAs, bound by the polymerase complex or carrying amodification,
and 101 were not similar to any known transcription factor.

Sequence-Based Regulatory Networks
Networks of transcription factors were assembled from the set of 276 transcription factors that were enriched in at least one gene-
set. Each network (e.g., HSC) consists of those factors that were induced (>1.5 fold change) in the relevant cell type, compared to the
other cell types. An edge between factor A and factor B indicates that factor B has a binding site of factor A. Nodes are colored if they
are active (>1.5 fold change) in the specific cell type. An edge is colored according to the correlation between the expression patterns
of its nodes in the specific lineage: red for positive correlation (Pearson coefficient > 0.4), green for anti-correlation (coefficient <!0.4)
and black for no correlation (absolute coefficient % 0.4).

Growth Conditions for Human Hematopoietic Stem and Progenitor Cells for ChIP-Seq
Human CD133-positive Umbilical Cord Blood (UCB) cells were purchased from AllCells, Emeryville, CA. Cells were expanded for 10-
11 days using published conditions (Zhang et al., 2008) in StemSpan serum-free medium (StemCell Technologies, Vancouver, BC)
supplemented with 10 mg/ml heparin (Sigma-Aldrich, St Louis, MO), 10 ng/ml mouse SCF, 20 ng/ml mouse TPO, 100 ng/ml human
IGFBP2 (all from R&D Systems, Minneapolis, MN), and 10 ng/ml human FGF-1 (Invitrogen, Frederick, MD) and 500 ng/ul human
Angptl5 (Abnova, Taipei City, Taiwan). At the end of culture, cells were positively selected for CD133 using an immunomagnetic Mi-
croBead labeling system (StemCell Technologies). Cell purity was determined by FACS for CD34 and CD133 to be 75%–90%double
positive. For location analysis, cells were cross-linked with formaldehyde for 20 min.

Chromatin Immunoprecipitation
For ChIP-seq experiments the following antibodies were used: PU.1/SPI1 (Santa Cruz Bio, sc352), TAL1 (Santa Cruz Bio, sc12984),
IKAROS/IKZF1 (Santa Cruz Bio, sc9859), andMEIS1 (Abcam, ab19867). The protocol for Chromatin Immunoprecipitation (ChIP) was
performed as previously described (Lee et al., 2006). Cells were chemically crosslinked by the addition of one-tenth volume of fresh
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11% formaldehyde for 20 min at room temperature. Crosslinking was quenched with one-twentieth volume 2.5M glycine. Cells were
washed twice with 1X PBS and flash frozen in liquid nitrogen. Cells were stored at!80#C prior to use. Cells were resuspended, lysed
and sonicated to shear and solubilize crosslinked DNA. Sonication was performed on approximately 1x107 cells in 300 ul sonication
buffer (10mM Tris-HCl pH8, 100mM NaCl, 1mM EDTA, 0.5 mM EGTA, 0.1% Na-Deoxycholate and 0.5% N-lauroylsarcosine) using
a Bioruptor. Human HSPCs were sonicated on high for 103 30 s pulses (60 s pause between pulses). After sonication, 1% Triton-X
was added before samples were centrifuged at 20,000 g for 10 min and the 30-100 ml soluble whole cell extracts were incubated
overnight with 5-10 ml of Dynal Protein G magnetic beads that had been pre-incubated with 1-2 mg of the appropriate antibody.
Beads were washed 1X with 20mM Tris-HCl pH8, 150 mM NaCl, 2mM EDTA, 0.1% SDS, 1%Triton X-100, 1X with 20mM Tris-
HCl pH8, 500mM NaCl, 2mM EDTA, 0.1% SDS, 1%Triton X-100, 1X with 10mM Tris-HCl pH8, 250nM LiCl, 2mM EDTA, 1%
NP40 and 1X with TE containing 50 mM NaCl. Bound complexes were eluted from the beads (50 mM Tris-Hcl, pH 8.0, 10 mM
EDTA and 0.5%–1%SDS) by heating at 65#C for 30min with vortexing every 5min. Crosslinking was reversed by incubating samples
at 65#C for 6-8 hr.Whole cell extract DNA reserved from the sonication stepwas treated in the sameway to reverse crosslinking. After
reversal of crosslinking, samples were treated with RNase and proteinase K prior to preparation for sequencing.

ChIP-Seq Sample Preparation and Sequencing
All protocols for Illumina library preparation and sequencing are provided by Illumina (http://www.illumina.com/). In brief, purified
ChIP DNA was prepared for sequencing according to a modified version of the Illumina Genomic DNA protocol. Approximately
50–200 ng of IP DNA was ligated to a 1:500 dilution of the Illumina Adaptor Oligo Mix. After 18 cycles of PCR amplification library
fragments between 150–300 bp were purified on a 2% agarose gel. Between 4-6 pmoles of DNA library was applied to each lane
of the flow cell and sequenced on Illumina GAII sequencers according to standard Illumina protocols. The ChIP-Seq dataset is avail-
able at http://www.ncbi.nlm.nih.gov/geo/, accession GSE26014.

ChIP-Seq Data Analysis
Images acquired from the Illumina sequencer were processed through the bundled Illumina image extraction pipeline, which iden-
tified polony positions, performed base-calling and generatedQC statistics. Bowtie (version 0.12.2) (Langmead et al., 2009) was used
to align sequences to NCBI Build 37 (UCSC hg19) of the human genome. Non-unique sequences that aligned to more than two
different locations were discarded prior to subsequent analysis.
Two programswere used to infer enriched binding regions (peaks): QuEST (Valouev et al., 2008) andMACS (Zhang et al., 2008). As

negative control for defining the background binding we used a whole cell extract from a similar cell population (CD133+ UCB). In
a preprocessing step, before applying QuEST, we filtered duplicate reads, allowing up to 2 reads at the same location. MACS
includes a built-in feature to handle duplicate reads and was fed the unfiltered data.
The output of the two programs is a list of enriched binding regions (or peaks), together with an estimate of statistical significance.

For QuEST we retain all the peaks with p-value lower than 10!8; for MACS we used a p-value cutoff of 10!8 or estimated FDR below
5%.We then applied a post-processing step, consolidating all the peaks called by the different algorithms (QuEST andMACS) using
different replicate experiments. We call a peak only if it was found by either one method in at least two replicates, or that it was called
at least once by each method (possibly in the same replicate). We consider a given peak in a given configuration (i.e., a certain repli-
cate/ algorithm pair) to be supported by a second configuration (i.e., different replicate or difference detection algorithm), if the
second configuration reports a peak that is within a distance of 50bp.

Analysis of Enriched Regions Defined by ChIP-Seq
ChIP-Seq Enriched Region Maps
For each module, the corresponding genomic region is defined as the union of all intronic regions and promoter regions associated
with the member genes, from 5kb upstream to 1 kb downstream of the transcription start site for each gene. The modules were
scored for enrichment with bound targets using two approaches, at the gene and genome levels, as described in (McLean et al.,
2010). At the gene level, we used a hypergeometric p-value, with the background being all genes that came up in any of the modules.
At the genome level, we used a binomial p-value with the number of hits set to the number of peaks falling in the respective genomic
region and the background probability set to the length of the region divided by the length of the entire genome. The binomial p-values
were corrected for multiple hypothesis testing (Benjamini, 1995) using an FDR cutoff of 5%. An additional filtering was applied using
a cutoff of 5% on the hypergeometric scores. The values used to compute the scored are provided in Table S5.
Functional Analysis of Bound Genes
Functional enrichment analysis of bound genes in significant modules was done using annotations from the MSigDB database (Sub-
ramanian et al., 2005). Scores were computed using a standard hypergeometric p value with the background being all genes that
came up in any of the modules. We report all enrichments under a p value cutoff of 1%.
A summary of the bound genes and overlaps with the modules for each transcription factor is provided as supporting information

(Table S5). Out of the 8323 genes that contribute to the modules, we found 836 binding targets for IKAROS/IKZF1, 3080 for PU.1/
SPI1, 548 for MEIS1, and 68 for TAL1. To validate these results, we compared the target genes inferred for PU.1/SPI1 and MEIS1
with a recent ChIP-seq study in mouse HSP-7 cells (Wilson et al., 2010). We mapped the inferred mouse target genes to their human
orthologs using references from the MGI database (Bult et al., 2010; table HMD_Human5.rpt). We then evaluated the significance of
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the overlap with the mapped gene set using a hypergeometric p value. As background we used all human genes that came up in any
of the modules and have a recorded mouse ortholog (8080 genes altogether). For PU.1/SPI1 there are 527 such genes that were
inferred in this study, and 2650 such genes whosemouse ortholog was reported in (Wilson et al., 2010). The two sets share 264 genes
in common (p < 1e-15). ForMEIS1, the first set includes 2917 genes, the second set includes 5290 genes and the overlap between the
sets is of 2195 genes (p < 1e-15). Notably, while the hypergeometric p value indicates a highly significant agreement, the overlap is
still far from complete. One possible explanation is that we used strict criteria for associating peaks with genes (defined above) while
looser criteria (gene body plus up to 50 kb 50 and 30 intergenic flanking sequences) were employed in (Bult et al., 2010).
Determination of Co-Occupied Regions
We compared the overlap between sets of genes that are bound by the different TFs using a hypergeometric score. The score esti-
mates the chance for the overlap between the setswhere the background is all genes that participate in any of themodules. Summary
of the significance of overlap, the genes in the overlap, and their functional enrichments are provided in Table S5.

Comparison to Leukemia Data
Leukemia signatures (induced and repressed gene sets) were calculated from a compendium of expression profiles of 10 leukemia
subtypes (Tamayo et al., 2007). Signatures include genes that were induced (repressed) in a leukemia subtype compared to all other
subtypes, calculated using Student’s t test and corrected for a false discovery rate < 5%. Enrichment of leukemia signatures in gene
modules was calculated using Fisher’s exact test (Fisher, 1954), and corrected for a false discovery rate of 5%.

Profiling by Ligation-Mediated Amplification and Fluorescent Bead Detection
The expression of 33 genes was evaluated using ligation-mediated amplification (LMA) followed by detection on Luminex beads as
described previously (Peck et al., 2006). For each transcript, two LMA probes were designed. The upstream probe contained a T7
universal primer sequence, one of 33 different barcodes (Tm Bioscience, http://www.universalarray.com), and a 20 nucleotide gene
specific sequence (Table S6). The downstream probes were 50 phosphorylated and contained a 20 nucleotide sequence contiguous
with the gene-specific fragment of the upstream probe and a T3 universal primer site. Gene specific probe sequences were unique to
the target gene when compared to the Human RefSeq database, had similar base composition, and targeted the 30 end of the target
genes.

Cells were lysed in Lysis Buffer (RNAture), and lysates were applied to oligo-dT coated plates (GenePlateHT, RNAture) per manu-
facturer’s instructions. Bound, poly(A) RNA was reverse transcribed using Superscript II (Invitrogen). LMA probes were annealed to
their target cDNAs and ligated by TaqDNA ligase (New England Biolabs). Ligation products, all 104 nucleotides in length, were ampli-
fied by 34 cycles of PCR using T3 and 50-biotinylated T7 primers. Amplicons were detected using fluorescent microspheres of 33
different colors (xMAPMulti-Analyte COOHMicrospheres, Luminex). Microspheres of each color were covalently coupled to a unique
capture probe complementary to one of the 33 gene-specific barcodes. Following labeling of the biotinylated amplicons with strep-
tavidin-coated phycoerythrin, the labeled amplicons were annealed to capture probe-linked fluorescent microspheres. Micro-
spheres were detected by flow cytometry and captured labeled amplicons were quantified (Luminex).

Expression of each genewas determined bymedian fluorescence intensity for microspheres of the appropriate color. To normalize
the dataset, the expression of each gene was converted to a z score as described in the outlier analysis section above. To evaluate
the effects of shRNAs, genes were ranked by their z score, calculated as described above for the Outlier analysis. An individual
shRNA was considered effective if its target gene was among the 5 genes with the lowest z score in samples expressing the shRNA.

In Vitro Differentiation System
Cryopreserved human adult bone marrow CD34+ cells from normal, healthy donors were obtained from Cambrex (Poietics; Cam-
brex). Cells were cultured in Serum Free Expansion Medium (SFEM, Stem Cell Technologies) supplemented with 100 U/ml peni-
cillin/streptomycin, 2 mM glutamine, and 40 ug/ml lipids (Sigma). Erythroid differentiation was induced in vitro in two steps (Ebert
et al., 2005). For the first seven days, cells were cultured in the presence of 100 ng/ml stem cell factor (SCF), 10 ng/ml interleukin-
3 (IL-3), 1 mM dexamethasone, and 0.5 IU/ml erythropoietin. After 7 days, dexamethasone was withdrawn and cells were cultured
in the same medium supplemented with 3 IU/ml Epo. To support both erythroid and myeloid differentiation within the same liquid
culture, cells were cultured in presence of 25 ng/ml SCF, 10 ng/ml IL-3, 40 ng/ml flt-3 ligand, 15 ng/ml granulocyte colony stimulating
factor (G-CSF), and 0.5 IU/ml erythropoietin. The concentration of Epo was increased to 3 IU/ml on day 7.

shRNA Experiments
Oligonucleotides encoding shRNAs were cloned into pLKO.1 as described previously (Moffat et al., 2006). Sequences targeted by
each shRNA are listed in Table S6. Lentiviral backbone vector and packaging plasmids were transfected into 293T cells, and viral
supernatant was harvested as described previously (Moffat et al., 2006). Primary hematopoietic cells were infected with lentivirus
one day after thawing in the presence of 2 mg/ml polybrene (Sigma) and selected 24 hr later with 2 mg/ml puromycin (Sigma).

Cells were harvested for flow cytometry following 10 days of liquid culture. Approximately 5 3 105 cells were labeled with phyco-
erythrin or FITC-conjugated antibodies for 15 min on ice. Erythroid cells were identified by expression of the marker glycophorin A
(Gly-A, CD235a, Clone GA-R2; BD-PharMingen) and myeloid cells by the marker CD11b (Clone D12, BD-PharMingen).
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Figure S1. Clustering and Characterization of Transcriptional Profiles, Related to Figure 2
(A) Clustering using nonnegative matrix factorization (NMF) (Brunet et al., 2004) illustrates 5 major metagenes corresponding to HSPC, erythroid cells (ERY),

granulocytes/monocytes (GM), B cells and T cells. The figure includes samples from these primary lineages, and the stability of discovered clusters is illustrated
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by consensus clustering (Monti, 2003). Samples that always cluster together across NMF iterations are shown in red, and samples that never cluster together are

shown in blue.

(B) Hierarchical clustering of transcriptional profiles. Bottom – expression pattern of 211 clustered samples; Top – zoom into sample ordering. Colors and

abbreviations defined as in Figures 1 and 2B.

(C) Overlap between gene signatures and previous studies (Astier et al., 2003; Georgantas et al., 2004; Ivanova et al., 2002; Jeffrey et al., 2006; Lee et al., 2004;

Macaulay et al., 2007; Su et al., 2004; Tarte et al., 2003; Welch et al., 2004). Gene set enrichment analysis using three published gene sets for each lineage plus

hematopoietic stem and progenitor cells were tested (rows). In each case, the gene sets are significantly enriched in their respective lineage (columns) in our

dataset. Color shade represents significance, where strong shade is the most significant.

(D) Functional enrichment in lineage signatures. Shown are selected functional categories (rows) that are over represented in at least one of the signatures

(columns). Filled entry indicates significant enrichment (FDR < 5%).

See also Table S2.
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Figure S2. Expression Pattern of 80 Gene Modules, Related to Figure 3
Shown are the expression patterns of all the gene members in each of the 80 modules (rows) across all 211 samples (columns). The samples are organized

according to the differentiation tree topology (top); the modules’ numbers are indicated by the left bar. Colors and normalization as in Figure 2B; abbreviations as

in Figure 1.
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Figure S3. Module 865, an HSCs, MEPs, and Early Erythroid Cells-Induced Module, Related to Figure 4
(Bottom) Shown are expression levels of the 52module genes (rows) across the 211 samples (columns). (Top) Samples are sorted by the regulation program. The

regulation program, presented as a decision tree, shows the TFs whose combinatorial expression best explains the expression of the module’s genes. For

example, the regulation program states that when both the PBX1 and SOX4 TFs are induced (in HSCs, CMPs, MEPs, and early erythroid cells), the module’s

genes are induced (red, right). The induction is the highest when MNDA is repressed (rightmost), and lower when MNDA is not repressed (second from right).

Conversely, when both PBX1 and SOX4 are off, themodules genes are themost repressed (leftmost, blue). The regulation tree is automatically built by theModule

Network algorithm, and is different for each module. In this example the regulators of module 865 are PBX1 (top regulator), SOX4 (2nd regulator), BRCA1, FUBP1

and MNDA.
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Figure S4. Propagation and Transitions in Modules’ Expression along Hematopoiesis, Related to Figure 4
Shown are the mean expression levels of the module’s genes in each cell state (colored square node), and selected changes in the predicted regulators, as

highlighted in the text (upward arrowhead – regulator induced; downward arrowhead – regulator repressed). Member genes encoding TFs are noted below each
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module. Bold – TF validated as regulator of erythroid or granulocyte/monocyte differentiation in functional assay (Figure 7). Color bar at bottom of each tree

denotes the key lineages, as in Figure 1.

(A) HSC and B and T cell expression in Module 613.

(B) Two-sided propagation of the induced state from HSCs to both the erythroid/myeloid and the lymphoid lineages in Module 691.

(C) HSC specific induction in Module 631.

(D) Lineage specific induction in erythroid cells in Module 889.

(E) Lineage specific induction in erythroid cells in Module 583.

(F) Re-use of Module 793, which is inactive in HSCs and independently induced in both lymphoid cells and erythroid cells.

(G) Lineage specific induction in granulocytes and monocytes in Module 571.

(H) Two-sided propagation of the induced state from HSCs to both the erythroid/myeloid and the lymphoid progenitors in Module 805.
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Figure S5. Lineage-Specific Regulation of TF Expression across All Samples, Related to Figure 6
(A) Signature TF genes with lineage-specific expression in the five main lineages. Shown are the expression levels of the top 50 marker TF genes (rows) selected

for each of four major lineages plus hematopoietic stem and progenitor cells, across all samples (columns). Genes were selected by high expression in one

lineage compared to the others (t test). Abbreviations as in Figure 1, colors as in Figure 2B.

(B) Comparable diversity of TF expression in hematopoiesis and in a human tissue compendium. The number of genes that are differentially expressed (according

to an outlier statistic) was calculated for all hematopoietic cell states profiled (red), a compendium of 79 tissues in the GNF atlas (Su et al., 2004) (blue) and

datasets of lymphomas (Monti et al., 2005) (turquoise), lung cancers (Bhattacharjee et al., 2001) (purple), and breast cancers (Chin et al., 2006) (green).

(C) Correlation between expression pattern measured after Knock-down with shRNA (rows) and expression patterns measured in HSC and ERY/GRAN lineages

(columns). Purple, positive correlation; yellow, anti-correlation.
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Figure S6. Lineage-Specific Expression of Selected Known Regulators of Hematopoiesis, Related to Figure 6
Shown are the mean expression levels of individual TFs in each cell state (colored square). Color bar at bottom of each tree denotes the key lineages, as in

Figure 1.

(A–C) The stem cell TFs HOXA9, HOXA10 and RUNX1 are induced in HSCs and early erythroid/myeloid progenitors.

(D–F) The erythroid TFs GATA1, FOXO3, and NFE2 are induced in erythroid cells.

(G–I) The granulocyte/monocytes TFs CEBPA, CEBPB and PU.1/SPI1 are expressed in GRAN/MONO cells and progenitors.

(J–L) The B cell TFs Jun, Rel and POU2F2 are most highly expressed in B lymphocytes.

(M–O)The T cell TFs GATA3, LEF1 and IKAROS/IKZF1 are some of the most highly expressed in T lymphocytes.
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Figure S7. Distinct Module Combinations in Leukemias, Related to Figure 3
(A) Overlap between different Leukemia subclass signatures (induced and repressed genes, columns) and the 80 modules (rows). Orange indicates significant

overlap (FDR < 5%) with genes induced in the subclass, and green indicates significant overlap (FDR < 5%) with genes repressed in the subclass. Color shade

represents significance, where strong shade is the most significant. The modules’ ordering was determined by a clustering of their expression pattern (as in

Figure 3, Activity pattern column).

(B) Overlap between different Leukemia subclass induced signatures, and signature genes characterizing the five main lineages in our in-vivo data. Color shade

indicates significance (p-value < 10!5), as was measured with Fisher’s exact test.

Cell 144, 296–309, January 21, 2011 ª2011 Elsevier Inc. S15



          DNA  

   .
            

             12 - 
              

    
               

  211   38           
             

     26       

           Module Networks 

              DNA    

    80    
            

            17 

  4           
           

    -            
            

              
              

   
               
             

       Module Networks      
              

  DNA           
            

  
            

   

 



               
             

""             

         .   

       (mRNA)     
            

  mRNA-          

              
   
            

      DNA      

                 
               

             
             

        

Module Networks
           

        

Module Networks

Module Networks
         

      Module Networks     
             

          IL13 
          

          TGF 1 JUNB   

   IL13 -



 
, 

 
 
, 

  
, 

 
 

, 
 Broad 

 
, 

,  
 

 
 

  






	Abstract
	Introduction
	Cellular Transcription in Eukaryotes
	The Role of Transcription Regulation in Human Disease Research
	The Challenge of Large-Scale Data
	Transcriptional Regulation Models
	Bayesian Network Models
	Module Networks Model
	Applying Module Networks to Human Disease Data
	Stepping towards Integrative Transcription Regulation Models

	Paper: A Functional and Regulatory Map of Asthma
	Paper: Densely Interconnected Transcriptional Circuits Control Cell States in Human Hematopoiesis.
	Paper: Physical Module Networks: an Integrative Approach for Reconstructing Transcription Regulation
	Discussion
	Insights into Transcription Regulatory Mechanisms in Hematopoiesis
	Why Do Transcription Regulation Models Work? And When They Do Not?
	Integrative Models
	Lessons from Physical Module Networks
	The Future of Transcription Regulation Models

	Appendices

