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ABSTRACT 

  

Cellular phenotypes are determined by the differential activity of networks linking co-

regulated genes. Available methods for the reverse engineering of such networks from 

genome-wide expression profiles have been successful only in the analysis of lower 

eukaryotes with simple genomes.  Using a new method, ARACNe (Algorithm for the 

Reconstruction of Accurate Cellular Networks), we report the reconstruction of 

regulatory networks from expression profiles of human B cells. The results suggest a 

hierarchical, scale-free network, where a few highly interconnected genes (hubs) account 

for most of the interactions. Validation of the network against available data led to the 

identification of MYC as a major hub, which controls a network comprising known target 

genes as well as new ones which were biochemically validated. Interestingly, newly 

identified MYC targets include major hubs. The new approach can be generally useful for 

the analysis of normal and pathologic networks in mammalian cells.  
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INTRODUCTION 

 

Cell phenotypes are determined by the concerted activity of thousands of genes and their 

products.  This activity is coordinated by a complex network that regulates the expression 

of genes controlling common functions, such as the formation of a transcriptional 

complex or the availability of a signaling pathway.  Understanding this organization is 

crucial to elucidate normal cell physiology as well as to dissect complex pathologic 

phenotypes. Studies in lower organisms indicate that the structure of both protein-protein 

interaction and metabolic networks is of a hierarchical scale-free nature1,2, characterized 

by an inverse relationship between the number of nodes and their connectivity (scale-

free) and by a preferential interaction among highly connected genes, called hubs 

(hierarchical). Although it has been proposed that scale-free networks may represent the 

common blueprint for all cellular constituents, evidence for a scale-free topology in 

higher-order eukaryotic cells is currently limited to co-expression networks3,4, which tend 

to identify entire sub-pathways rather than individual interactions. Identifying the 

organizational network of eukaryotic cells represents a major goal to understand cell 

physiology and disease.  

Genome-wide clustering of gene expression profiles has provided an initial step 

toward the elucidation of cellular networks. However, the organization of gene 

expression profile data into functionally meaningful genetic information has proven 

difficult and so far has fallen short of revealing the intricate structure of cellular 

interactions. This challenge – called network reverse engineering or deconvolution – has 

led to an entirely new class of methods aimed at producing high-fidelity representations 
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of cellular networks as graphs, where nodes represent genes and edges between them 

represent interactions, either between the encoded proteins or between the encoded 

proteins and the genes (we will use the generic term genetic interaction to refer to both 

types of mechanisms). Available methods fall into four broad categories: optimization 

methods5-7, which maximize a scoring function over alternative network models; 

regression techniques8,9, fitting the data to a-priori models; integrative bioinformatics 

approaches10, combining data from a number of independent experimental clues; and 

statistical methods11,12, which rely on a variety of measures of pairwise gene correlation.  

All these methods suffer from several limitations, including exponential complexity in 

the local network connectivity, unrealistic assumptions about the network structure, lack 

of integrative genomic data for higher eukaryotes, over fitting, and under constrained 

regression analysis. Additionally, co-expression methods identify pairs of genes/proteins 

that are functionally related rather than involved in direct physical interactions, resulting 

in exceedingly large false positive rates.  As a result, these methods have been successful 

only in the study of organisms with relatively simple genomes, such as S. cerevisiae, or 

have produced networks with only a handful of interactions13. Currently, no method is 

available for the genome-wide reverse engineering of mammalian cellular networks.

Here we present the successful reverse engineering of gene expression profile data 

from human B cells. Our study is based on ARACNe (Algorithm for the Reconstruction 

of Accurate Cellular Networks), a new approach for the reverse engineering of cellular 

networks from microarray expression profiles. ARACNe, first identifies statistically 

significant gene-gene co-regulation by mutual information, an information-theoretic 

measure of relatedness. Then, it eliminates indirect relationships – where two genes are 
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co-regulated through one or more intermediaries – by applying a well-known staple of 

data transmission theory the “data processing inequality” which had not been previously 

applied in this context. Hence, relationships included in the final reconstructed network 

have a high probability of representing either direct regulatory interactions or interactions 

mediated by post-transcriptionally modifiers that are undetectable from gene expression 

profiles.  

A critical requirement of any reverse engineering method is the availability of a large 

set of gene expression profile data representative of perturbations of the cellular systems, 

leading to the analysis of a broad range of cellular states and associated gene expression 

levels. This is necessary as genetic interactions are best inferred when the genes explore a 

significant dynamical range. Traditionally, this has been achieved by systematic 

perturbations in simple organisms, e.g. via large-scale gene knockouts or exogenous 

constraints14, which are not easily obtained in more complex cellular systems.  We show 

herein that an equivalent dynamic richness can be efficiently achieved by assembling a 

significant number of naturally occurring and experimentally generated phenotypic 

variations of a given cell type.  Toward this end, we have applied ARACNe to genome-

wide expression profiles from a panel of 336 B cell phenotypes representative of a wide 

selection of normal, transformed, and experimentally manipulated human B cells related 

to the germinal center (GC), a structure where B cells are selected based on their ability 

to produce antibodies with high affinity for the antigen and from which many types of B 

cell lymphoma are derived15.   

ARACNe reconstructed a network which suggests a hierarchical, scale-free 

organization, with a power-law relationship between the number of genes and their 
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connectivity16. In the inferred network, a relatively small number of highly connected 

genes interact with the vast majority of other genes in the cell, either directly or 

hierarchically, via other highly connected sub-hubs.  Interestingly, the MYC proto-

oncogene emerged as one of the largest hubs in the network. In-depth analysis of this 

gene reveals a hierarchically organized sub-network which was used to validate the in 

silico predictions against an extensive number of previously identified targets of the 

MYC transcription factor. ARACNe showed a remarkable ability in recapitulating known 

MYC target genes, as well as in identifying new candidate targets which were then 

validated by biochemical analysis. The success of ARACNe in the genome-wide 

identification of gene networks indicates that the method can be useful in the dissection 

of both normal and pathologic mammalian phenotypes.  
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RESULTS 

 

Validation on a synthetic network. As a first test of ARACNe’s performance, we 

compared it to Bayesian Networks (BN)17, which have emerged as some of the best 

reverse engineering methods5,6,18. This was done by analyzing a synthetic genetic 

network model proposed by Yu et al.19 as part of a project aimed at integrating the 

songbird brain20,21. Figure 1a shows that ARACNe had a slight overall advantage in the 

number of correctly identified interactions (13 vs. 11 true positives), and a substantially 

lower number of incorrect relationships (2 vs. 11 false positives). Their sensitivity 

(percent of correctly inferred true interactions) and precision (percent of correct 

interactions among all inferred ones) of the two methods were then systematically 

compared as a function of the number of available synthetic samples (ranging between 

100 and 2,000) (Fig. 1b). Overall, the analysis showed that ARACNe was comparable to 

BN in sensitivity, and largely superior in precision. 

 

The B cell network shows a hierarchical scale-free behavior.  ARACNe was then used 

to deconvolute cellular networks from a set of 336 expression profiles representative of 

perturbations of B cell phenotypes including normal B cell subpopulations, various 

subtypes of B cell tumors and experimentally manipulated B cells (Fig. 2 and 

Supplementary Table 1 for the complete list of samples). Normal cells included resting 

pre-GC naïve B cells, proliferating GC B cells (centroblasts and centrocytes), and post 

GC-memory B cells.  Transformed cells were represented by panels of cell lines and 

biopsies representative of the >10 subtypes of B cell malignancies.  Finally, 
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experimentally manipulated B cells included cell lines that were treated in vitro to induce 

specific signal transduction pathways or engineered for the conditional expression of 

several transcription factors.  

ARACNe was able to infer a network with approximately 129,000 interactions 

(Supplementary Table 2). This network represents a superset of the interactions present 

in normal and malignant B cells. It should be noted that given the relatively small number 

of known phenotypes derived from normal mature B cells, an equivalent network for 

normal B cells could not be produced with acceptable accuracy. Since the inferred 

network is too complex to be shown in its entirety, we summarize its global connectivity 

properties in Figure 3. The results show a power-law tail in the relationship between the 

number of genes, n, in the network and their number of interactions, k, which extends 

over slightly more than one order of magnitude. This clearly suggests a scale-free 

underlying network structure16. The deviation of the curve at low values of connectivity 

( ) from the power-law extrapolated by linear fit from larger connectivity values 

( ) is likely a consequence of the limited number of available genes. In fact, only 

about 6,000 genes on the microarray have enough dynamic range in our expression 

profiles to allow the inference of at least one interaction. However, according to the 

theoretical curve about 100,000 genes would be needed to assess the power-law behavior 

down to k = 1. 

12k <

12k ≥

 

Construction of the MYC sub-network. Not surprisingly, given the scale-free nature of 

the network, a small percentage of genes accounts for most of the connections. We have 

conveniently defined as major hubs the 5% largest ones in the network, noting that they 
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are collectively participating in about 50,000 interactions, almost as many as the 

remaining 95% genes combined. Using the Gene Ontology (GO) classification and the 

GOMiner tool22 we analyzed the biological processes affected by these top 5% hubs and 

identified significant enrichment for genes involved in essential cellular processes such as 

cell cycle regulation, protein synthesis and catabolism, RNA processing and metabolism, 

and transcription (Supplementary Table 3).   

The ARACNe-generated network could then be used to identify the sub-networks 

associated with any gene of interest. We chose to perform a detailed study of the proto-

oncogene MYC, which emerged as one of the top 5% largest cellular hubs. Since this 

gene is extensively characterized in the literature as a transcription factor, we could 

compare the ARACNe-inferred interactions with those previously identified by 

biochemical methods in the literature. Since ARACNe should be able to identify genes 

both upstream and downstream of MYC, we expected the subset of genes directly 

connected to MYC by an edge in the network (first neighbors) to be significantly 

enriched in transcriptionally regulated targets. To identify the MYC sub-network, we 

selected from the complete network only the genes that had statistically significant 

mutual information with any of the available probe sets for MYC gene (p-value < 10-7). 

The inferred sub-network structure included 2,063 genes (Supplementary Table 4), 500 

of which are shown in Figure 4a. The displayed genes include the full set of 56 MYC’s 

first neighbors (also shown in Fig. 4b) and the top ranking 444 second neighbors. Nodes 

are color-coded according to their target status and available validation of direct MYC 

binding to their promoter by Chromatin Immunoprecipitation (ChIP) as reported in the 

MYC database 23.  The network has several limitations: i) edges lack directionality, i.e. 
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they do not indicate which gene is “upstream” or “downstream”; ii) some direct 

connections may, in fact, involve unknown intermediates since not all biochemical 

species participating in cellular interactions are represented on the microarray (e.g. 

missing probes or post-transcriptionally modified intermediates); iii)  some direct 

interactions may have been incorrectly removed by the data processing inequality (e.g., 

any regulatory loop formed by three interacting genes would result in the weakest of the 

three interactions being removed, unless its strength is within 15% of the second best).  

 

The in silico network is enriched in known MYC targets. 29 out of 56 genes (51.8%) 

of predicted first neighbors were previously reported in the literature (or biochemically 

validated in this paper) as MYC targets.  This represents a highly significant enrichment 

(p-value: 1.8X10-22 by chi square test) with respect to the expected 11% of MYC targets 

among randomly selected genes24.  In addition, known MYC target genes were 

significantly more enriched among first neighbors than second neighbors (51.8% vs. 

19.4%; p-value: 1.4X10-9) indicating that ARACNe is effective at separating direct 

regulatory interactions from indirect ones (Fig. 5). Moreover, 37.5% of the first 

neighbors (as opposed to the 12% for second neighbors) were also validated by ChIP 

assay, either previously or as part of this study.  In total, 419 of the 2,063 (20%) genes in 

the predicted MYC sub-network were known MYC targets.  Note that it is likely that 

some bona fide direct interactions may be identified by ARACNe as second neighbors 

because: i) if the gene is involved in a 3 genes loop and the edge representing the 

interaction with MYC is the weakest, it is removed by the data processing inequality; and 

ii) if the interaction between the two genes requires a cofactor expressed only in a subset 
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of the data, mutual information may be too low to be detected. Overall, we identified 

approximately 40% of the genes reported in the MYC database and validated in human B 

cells (see Discussion). 

 

Candidate novel MYC targets are biochemically validated.  Validation of novel 

candidate MYC targets was performed biochemically via ChIP assay to demonstrate 

direct binding of MYC to their promoter region in vivo.  We identified the 34 first 

neighbors present among the top 100 genes ranked based on mutual information and 

examined  2Kb of genomic DNA upstream and downstream from the transcription 

initiation site for the presence of canonical MYC binding sites (E-boxes: CACGTG) 

(Supplementary Table 5). After eliminating 9 genes as previously reported MYC direct 

targets, a representative set of 12 genes were then selected for validation by ChIP in the 

Ramos B cell lymphoma line. Figure 6 shows that a remarkably large fraction (11 out of 

12) of the tested genomic sequences could be immunoprecipitated by specific MYC 

antibodies, but not by control antibodies, indicating that MYC was bound to these regions 

in vivo.  Among them there are genes associated to programs known to be affected by 

MYC23,25,26 such as purine biosynthesis (ATIC), folding of newly translated protein 

(TCP1), mitochondrial ribosomal protein (MRPL12), ribosomal function and regulation 

of protein synthesis (PRMT3), and genes whose function has not yet fully investigated 

(ZRF1, BYSL, CSIG). Taken together, these results indicate that ARACNe can identify 

MYC targets with >90% accuracy. 
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MYC displays a hierarchical control structure. The identification of the MYC 

sub-network allowed further investigation on its extended connections. This analysis 

showed that 17 out of 56 MYC first neighbors (30%) are themselves very large genetic 

hubs, having >100 first neighbors in the complete network (range 106-362) (Fig. 4b). By 

comparison, only a small minority (<1.4%) of the genes represented in the HG-U95Av2 

array have more than 100 first neighbors. This clearly suggests a hierarchical structure of 

the network, where MYC can modulate a substantial percent of all genes in the cell via a 

relatively small number of highly connected sub-hubs.  

Analysis of the genes representing MYC larger sub-hubs using the Gene Ontology 

categories confirmed the involvement of MYC in multiple cellular processes 

(Supplementary Table 6). Notably, MYC directly controls BYSL, a gene poorly 

characterized in its function which, however, is the largest hub in the whole B cell 

network. 
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DISCUSSION 

 

A key result of this study is the ability to infer genetic interactions on a genome-wide 

scale from gene expression profiles of mammalian cells. This objective has so far been 

elusive except for few instances involving limited number of genes, as shown by the 

study on the early development of spinal cord in mice27, which elucidated interactions 

between 112 genes.   

In general, mammalian networks have presented a formidable algorithmic challenge for 

most optimization- and regression-based algorithms, while integrative approaches are not 

yet fully applicable, given the very scattered nature of the available mammalian cell 

information. For instance, while the analysis of conservation of co-expression patterns 

across human, fly, worm, and yeast expression profiles28 was able to identify key genetic 

modules common to all of these organisms with reasonable accuracy, it produced ≤10% 

accuracy in the dissection of human cellular networks in isolations. Similarly, a 

genome-wide study of cis-acting elements across co-expressed genes in mammalian cell 

lines produced only 9 interactions among 6 genes13. The success of ARACNe, on the 

other hand, is most likely a direct result of its inherent simplicity, low algorithmic 

complexity, and lack of empirical rules – so called ad-hoc heuristics – such as adding 

penalties to more complex networks. Consistent with these observations, the comparative 

analysis (Fig. 1) of ARACNe versus Bayesian Networks shows that ARACNe offers 

substantially higher precision at an equal or better sensitivity, even in the analysis of 

relatively simple networks. ARACNe differs fundamentally from co-expression 

networks28 because it explicitly discriminates between direct and indirect interactions (the 
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latter being the vast majority) resulting in very few false positive. Briefly, co-expression 

networks create an interaction for any pair of genes whose expression is related in a 

statistical significant way. ARACNe, instead, analyzes all possible alternative paths 

between two genes and then introduces a direct connection in the network only if this is 

the most likely interaction among all the paths. Furthermore, as opposed to other 

methods28, ARACNe is useful for the dissection of networks that are organism and tissue 

specific, thus producing highly specific interactions. 

The encouraging results from the synthetic data analysis (Fig. 1) have been further 

confirmed by the remarkably high success rate on the validation of MYC specific targets 

in human B lymphocytes, using real gene expression profile data. In particular, we note 

that the reported precision on the synthetic networks (between 80% and 90% at about 340 

data points) is comparable to the success rate of the biochemical validation step on the 

MYC putative targets (>90%). Moreover, the percentage of bona-fide interactions among 

first neighbors will likely further increase as additional upstream regulators and 

downstream targets of MYC are identified among the untested genes.  Such high 

precision is a particularly desirable feature of a reverse engineering algorithm, suggesting 

that the method could be applied to discover candidate interactions without the need for 

an extensive set of biological validations, which are time and resource consuming.  

A second result of this study is that gene expression profile data for systematic 

experimental perturbations, such as gene inactivations, can be successfully substituted by 

expression profiles for a wide variety of naturally occurring cellular phenotypes, such as 

the ones represented by normal and transformed B cells.  Using such data implies the 

expression of many genes to change over relatively broad dynamic ranges, allowing 
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many regulatory constraints to be identified by algorithmic means. This approach is 

particularly relevant for studies involving mammalian cells, where experimental gene 

perturbations are more technically challenging and time consuming than in lower 

organisms. Its systematic application could make reverse engineering techniques broadly 

applicable to a variety of already existing expression profile data for human and mouse 

tissue.  

Substantial evidence indicates that the structure of both protein-protein interaction 

and metabolic networks of lower organisms is of a scale-free nature1,2. That is, the 

network topology is dominated by a few highly connected hubs and an increasing number 

of less connected nodes. Although it has been proposed that hierarchical, scale-free 

networks may represent the common blueprint for all cellular constituents, no such 

evidence has been obtained for higher-order eukaryotic cells. ARACNe’s ability to 

reconstruct networks with a broad range of connectivity (in excess of 400 interactions) 

could be used to further investigate this hypothesis. Figure 3 shows a clear power-law 

tail in the log-log connectivity plot, spanning slightly more than one order of magnitude, 

with a clear saturation effect for connectivity ranges below 12.  Similar saturation effects 

are reported for other scale-free networks, when the maximum connectivity range is 

below 1,00029. Ideally the power-law should extend over two or more orders of 

magnitudes nevertheless these results strongly support the hypothesis that mammalian 

networks are indeed scale-free. Furthermore, the dramatic enrichment of large genetic 

hubs among first neighbors of other large hubs and the partial overlap of their first 

neighbors, as observed for MYC, support the notion of a hierarchical control mechanism, 

providing both redundancy and fine-grain combinatorial control of the cellular genetic 
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programs by a handful of genes. In particular, the main functional features of hierarchical 

scale-free networks are their robustness (i.e. the high redundancy of their pathways), their 

modularity and their high degree of error-tolerance. These properties have important 

implications for the ability of cells to react to physiologic stimuli and to resist mutations. 

In addition, the understanding that cellular phenotypes are controlled modularly, by a 

relatively small number of key genetic hubs, should lead to efforts toward their 

identification as major biological determinants and, possibly, therapeutic targets in 

disease.  

We chose to investigate the MYC sub-network because of the large amount of 

available data may allow a validation of the ARACNe’s power and limitations. The 

generated network includes approximately 40% of the previously identified MYC target 

genes in human B cells. Several reasons explain the absence in the network of previously 

reported MYC target genes. First, ARACNe cannot produce reliable predictions for genes 

that are expressed at very low levels, given the significant impact of measurement noise. 

Second, the stringency used in our analysis may impair the detection of genes that have 

lower mutual information, including those genes for which MYC is not the principal 

regulator. Third, a significant number of genes is not represented in the microarray used. 

Nonetheless, ARACNe was able both to reproduce a large fraction of the data on MYC 

targets that were collected over a decade of research using traditional molecular biology 

methods and identify a significant number of new targets. 

The results generated by ARACNe provide a wealth of information on MYC target 

genes that require further dissection exceeding the scope of this study. While the notion 

of MYC as major hub was perhaps expected based on the evidence that MYC can bind to 
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the promoter region of a large number of genes24, the hierarchical structure of the MYC 

dependent network has new and important conceptual implications for the function of this 

gene. In fact, this structure suggests that the already large number of targets may be 

further amplified and modularized via the use of sub-hubs. Perhaps surprisingly, most of 

these major sub-hubs do not seem to encode DNA binding transcription factors, 

suggesting that MYC may perform most of its function by inducing or suppressing the 

expression of molecules, such as transcriptional co-factors or kinases, which can 

indirectly control transcription. Overall, the structure of the network clearly points to the 

sub-hubs as critical mediators of the MYC function. Thus, future studies on MYC should 

consider these sub-hubs as priority targets. 

One of the most intriguing aspects of the MYC network is that one of the MYC sub-

hubs and a new biochemically validated MYC target is BYSL, which represent the most 

connected gene in the entire cellular network generated by ARACNe. BYSL is a highly 

evolutionarly conserved gene whose function, however, is poorly understood30. Studies in 

human cells have suggested a cytoplasmic localization and a role in cell adhesion31 while 

the yeast BYSL homolog, ENP1, is nuclear and has a putative role in ribosomal RNA 

splicing and ribosome biogenesis32. Intriguingly, a recent report on Drosophila BYSL 

(bys) describes nuclear localization with a pattern of expression mirroring that of a 

number of MYC target genes, and it suggests a role in cell growth33. A preliminary 

analysis of the BYSL sub-network suggests a highly significant presence of genes 

involved in nucleic acid metabolism, cell proliferation and ribosome biogenesis 

(Supplementary Table 6). While additional studies are clearly needed to elucidate its 
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function, the extraordinarily high number of connections of BYSL indicates that this 

protein may be an important cellular molecule and a critical effector of MYC function. 

We note that the approach and the results shown here have broad general 

applicability. First, the data set generated in B cells can be used to identify the network of 

any gene whose range of expression is sufficiently broad in these cells, thus leading to 

accumulation of reliable data usually requiring extensive experimental studies. Second, 

the network can be used as a basis to identify changes in its structure in other tissues and 

in specific subtypes of B cell malignancy. Third, the efficiency demonstrated by 

ARACNe in identifying cellular connections suggests that it can be readily applied to 

available gene expression profile data sets provided that they have adequate size and that 

they display sufficient complexity. 
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METHODS 

Degree of connectivity.  We define the degree of connectivity of a node (gene), k, as the 

number of nearest neighbors of that gene in the adirected graph that represent the genetic 

interaction network. This is equal to the sum of the in-degrees (inbound edges) and out-

degree (outbound edges) of a node.  The connectivity structure of a network can be 

summarized by plotting the number of genes having degree of connectivity k against k in 

log-log scale. A decreasing linear dependency in this plot indicates that the network has a 

scale-free structure, associated with a corresponding power-law:  

 ( ) γ−∝n k k  (0.1) 

This corresponds to a linear relationship in log-log space. 

Mutual Information. Mutual information for a pair of discrete random variables, x and  

y, is defined as ( ) ( ) ( ) ( ), , ( )S tI x y S x S y S x y= + − , where is the entropy of an arbitrary 

variable . Entropy for a discrete variable is defined as the average of the log probability 

of its states: 

t

 ( ) ( ) ( ) ( )log logi i
i

S t p t p t p t= = i∑  (0.2) 

where ( ) ( )= =i ip t p t t  is the probability associated with each discrete state or value of 

the variable. If the variable is continuous, the entropy is replaced by the differential 

entropy, which has the same definition of (0.2), where the summation is replaced by an 

integral and the discrete distribution is replaced by a probability density. To estimate the 

entropy, we use the property that mutual information is invariant under any invertible 

reparameterization of either x or y. This can be expressed as:  

 ( ) ( )( ) ( )1 2' , '= = = ,I x f x y f y I x y  (0.3) 
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with both 1f  and 2f  being invertible.  Here, we reparameterize the data using a rank 

transformation which projects the  measurements for each gene into equispaced real 

numbers in the interval [0,1], preserving their original order. This transformation is also 

called copula

mN

34 and it has the advantage of transforming the probability density of the 

individual variables into a constant, ( ) ( )' ' 1= =p x p y .  Under this transformation, both 

 and  become constant and equal to zero. As a result, only  must be 

estimated. For the synthetic analysis, this is performed by using a Gaussian Kernel 

estimator

( )'S x ( )'S y ( ', 'S x y )

35 where,  

 ( ) ( )
( ) ( )

,1', ' log
⎡ ⎤

= ⎢ ⎥
⎢ ⎥⎣ ⎦

∑ i y

im i

p x y
I x y

N p x p iy
 (0.4) 

Here, ( )ip x , ( )ip y , and ( ,i i )p x y  are defined as: 

 ( )
2

2
1

[ ]
2

1

1
2

i jx x
d

i
j

p x e
Ndπ

−
−

= ∑ ;  ( )
2 2

2
1

[ ] [ ]
2

2
2

1,
2

i j i jx x y y
d

i i
j

p x y e
Ndπ

− + −
−

= ∑  (0.5) 

The optimal value of the smoothing parameter  and  were obtained from Monte 

Carlo simulations, using a wide range of multivariate, multimodal normal probability 

densities. For large set of B cell expression profiles, we used a slightly less accurate but 

much more computationally efficient approximation, which estimates the 

1d 2d

( )', 'p x y  by 

averaging data counts over overlapping windows of size 2 2×n n  points located at each 

discrete position ( )', 'x y  that are integer multiples of n. A value of  was used 

based on the optimization of the error on the mutual information estimate from analytical 

probability densities. The faster method, albeit slightly less accurate than the Gaussian 

/ 6= mn N
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Kernel, still compares favorably with Bayesian Networks in terms of sensitivity and 

precision.  

Statistical threshold for mutual information. For each value of  in the synthetic 

data analysis, the p-value associated with a given value of mutual information in the null-

hypothesis was obtained by Monte Carlo simulation, using 10,000 iterations. The null 

hypothesis corresponds to pairs of nodes that are disconnected from the network and 

from each other, such as nodes 12 to 19 in the model. These follow a random walk 

dynamics, in the range [

mN

]0,100 , with a noise term drawn from a uniform probability 

density over the interval [ ]10,10− , as reported in19. For the MYC analysis, the p-value is 

also computed by Monte Carlo simulations using one million iterations. Since a null-

hypothesis dynamical model is not available, it is defined as a pair of existing genes 

whose values are randomly shuffled at each iterations with respect to the microarray 

profile in which they were observed. 

Data Processing Inequality (DPI). First we define two genes, x and y, as indirectly 

interacting via a gene z if there exists a third gene z such that the conditional mutual 

information ( , | )I x y z  is equal to zero. The two genes are directly interacting if no such 

third gene exists, implying that there is direct transfer of information between them. The 

DPI asserts that if both ( ),x y  and ( ),y z  are directly interacting, and ( ),x z  are indirectly 

interacting via y, then ( ) ( ), ,≤I x z I x y  and ( ) ( ), ≤ ,I x z I y z . This inequality is not 

symmetric, meaning that there may be situations where the triangle inequality is satisfied 

but x and z may be directly interacting. As a result, by applying the DPI to discard 

indirect interaction, i.e. (x, z) relationships for which the inequality is satisfied, we may 
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be discarding some direct interactions as well. These are of two kinds: (a) cyclic or 

acyclic loops with exactly three genes (b) sets of three genes whose information 

exchange is not completely captured by the pairwise marginals. A typical example of the 

latter would be the Boolean operator XOR, for which the mutual information between 

any sub-pair of the three variables is zero. Note that this does not prevent us from 

discovering loops of size four and above, as shown in the results section. We introduce a 

percent tolerance for the DPI to account for inaccurate estimates of the difference 

between two close mutual information values. This is implemented by rewriting the DPI 

using a percent tolerance thresholdε : 

 ( )[ ] ( ) ( )[ ] ( ), 1 , , 1 ,ε+ ≤ + ≤εI x z I x y and I x z I y z  (0.6) 

This has the advantage of avoiding rejection of some borderline edges, resulting in some 

loop of size three to occur in the predicted topology. This is the case for MYC where 

several 3 node loops are present. For our analysis we use 0.1ε =  (10%) for the synthetic 

network and 0.15ε =  (15%) for the analysis of the B cell network. The higher value used 

for B cells, is associated with the use of the less accurate bin counting estimator. These 

values have been determined by Monte Carlo analysis as to minimize the effect of mutual 

information estimation errors, using a wide range of bimodal multivariate Gaussian 

distributions, for which the correct mutual information could be estimated analytically. 

Interestingly, while the estimate error on the mutual information can be significant, the 

error on the difference of close values of mutual information is much smaller as the 

estimate bias tends to cancel out. The quality of the reconstruction, both on the synthetic 

data and the real expression profiles, justifies this choice of parameters. 
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Synthetic Model. We tested ARACNe on a simulated genetic network produced by Yu, 

et al19 to study dynamic Bayesian network inference.  A twenty gene network was used, 

containing fourteen gene regulatory interactions with one negative feedback loop. 

Regulatory interactions are defined to linearly affect the transcriptional rate of the target 

gene, as modeled in a discrete time step simulation by the formula: 

ε+−==+ )()(1 TYAYfY ttt  

where Yt is a vector representing the expression levels of all genes at time t, with 

expression levels ranging from 0 to 100, A is a matrix of gene regulatory interactions, T 

is a vector of threshold regulating values which causes the influence of each gene on its 

target to be proportional to its deviation from this threshold value, and ε is a noise term 

drawn uniformly from the interval [-10, 10]. Performance was studied choosing precision 

as a metric, over accuracy, for two reasons: i) precision translates directly into the 

expected success rate of a subsequent biological validation step; ii) the large number of 

potential interactions in a network, proportional to the square of the number of genes 

makes the accuracy a less relevant metric. 

Bayesian Networks. A Bayesian network is a representation of a joint probability 

distribution as a directed acyclic graph (DAG) whose vertices correspond to random 

variables 1{ , , }nX XK , and whose edges correspond to dependencies between variables.   

The most likely graph G for a given data set D can be inferred by searching for the 

optimal graph based on a statistically motivated scoring metric.  In this study, we employ 

the widely used Bayesian Scoring Metric (BSM)36, defined as: 

 )(log)(log)|(log)|(log):( DPGPGDPDGPDGS −+== ,  (0.7) 
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where  is independent of G and can be treated as a constant.   is the prior 

over graphs, for which we use a uniform prior, following the method used by

)(log DP )(GP

6,19,20.  The 

results of the analysis, shown in Figure 1, were produced with the BN software from Nir 

Friedman’s Computational Biology group17, which is one of the best implementations of 

the method. The graph space was explored using the greedy hill climbing algorithm with 

random restarts (other search methods were tested with similar results). A Dirichlet prior 

of 1, which is suggested for the method, was used to produce the results. The full 

Dirichlet parameter space was explored without any performance improvement over 

ARACNe (data not shown).

 

Generation of gene expression profiles. The gene expression profiles dataset 

(total 336 samples) includes: normal purified cord blood (5 samples)37, germinal center 

(10), memory (5) and naïve (5) B cells38; 34 samples of B cell chronic lymphocytic 

leukemia (B-CLL)37, 68 of diffuse large B cell lymphomas (DLBCL) including cases 

further classified as immunoblastic or centroblastic, 27 of Burkitt lymphoma (BL), 6 of 

follicular lymphoma (FL), 9 of primary effusion lymphoma (PEL)39, 8 of mantle cell 

lymphoma (MCL), 16 of hairy cell leukemia (HCL)40, 4 cell lines derived from Hodgkin 

disease (HD)41, 5 B-cell lymphoma cell lines and 5 lymphoblastic cell lines. The dataset 

includes a Burkitt lymphoma cell line (Ramos) treated in vitro to activate CD40 and/or 

BCR signaling42; cell lines engineered in order to stably express BCL6 and 

BCL6(∆PEST) mutant43 or to conditionally express BCL6 or MYC44. BCL6 conditional 

expression was obtained in EREB cells45 using a metallothionein responsive promoter. 

The detailed description of the samples is reported in the Supplementary Table 1. Gene 
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expression profiles were generated following the protocol recommended by Affymetrix, 

Inc. (Santa Clara, CA). Briefly, total RNA was extracted using the Trizol reagent 

(Invitrogen Life Technologies, Carlsbad, CA) and purified using the RNeasy Kit (Qiagen, 

Valencia, CA). Double strand cDNA was generated from 5 µg of total RNA using the 

SuperScript Choice System (Invitrogen Life Technologies, Carlsbad, CA) and a poly-dT 

oligonucleotide that contains a T7 RNA polymerase initiation site. Double strand cDNA 

was used as template to generate biotinylated cRNA by in vitro transcription using 

MEGAscript T7 High Yield Transcription kit (Ambion, Austin, TX), Biotin-11-CTP and 

Biotin-11-UTP (PerkinElmer Life Sciences, Boston, MA). Biotynilated cRNA was 

purified by the Rneasy Kit (Qiagen, Valencia, CA) and fragmented according to the 

Affymetrix protocol. 15 µg of fragmented cRNA were hybridized to HG-U95Av2 

microarrays (Affymetrix, Santa Clara, CA). Gene expression values were determined by 

Affymetrix Microarray Suite 5.0 software, using the Global Scaling option. 

 

Chromatin ImmunoPrecipitation (ChIP). The E-box sequences were identified using 

the MatInspector software (Genomatix Software GmbH, Munich, Germany). Chromatin 

ImmunoPrecipitation (ChIP) was performed in a Burkitt lymphoma cell line (Ramos) 

following a previously reported protocol46. Briefly, proteins were cross-linked to DNA 

and immunoprecipitation was performed using N262 MYC antibodies (Santa Cruz, Santa 

Cruz, CA) as well as species- and isotype-matched control antibodies (rabbit IgG; 

SIGMA, St. Louis, MO) as control for the specificity. Following reverse cross-linking 

DNA was purified by phenol-chloroform extraction and resuspended in 30 µl TE (150 µl 

for the total input sample representing 3% of the soluble chromatin before 
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immunoprecipitation). E-box sequences were detected by PCR amplification using 2 µl 

of the above DNA preparations. Oligonucleotide sequences, annealing temperatures and 

number of cycles of amplification are reported in Supplementary Table 7. PCR products 

were resolved on 2% agarose gels and visualized by ethidium bromide staining. 

URLs. The results of the analysis, shown in Figure1, were produced with the BN 

software from Friedman, N. and G. Elidan, 2004. LibB 2.1, available from URL: 

http://www.cs.huji.ac.il/labs/compbio/LibB/. The MYC target gene database is available 

from: http://www.myc-cancer-gene.org/site/mycTargetDB.asp. The ARACNe platform 

and the B-cell gene expression profiles are available from:  
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FIGURE LEGENDS 

 

Figure 1. Comparison of the performance of Bayesian Network and ARACNe 

algorithms in the analysis of a synthetic genetic network. (a) Middle panel. The 

graph represents the synthetic genetic network proposed by Yu et al.19 to model the 

songbird brain.  The model has 12 interconnected nodes (shown) and 7 disconnected 

nodes (not shown), including a cyclic loop formed by nodes 0, 2, 3, and 7. Interactions 

between two genes (nodes) are shown as arrows (edges). Black and red arrows represent 

up-regulation and down-regulation, respectively. Samples for the synthetic microarrays 

were obtained from data freely provided by the authors, which was generated from 2000 

simulated samples, for each gene in the model. Left panel. Results of the reverse 

engineering using Bayesian Networks on the full dataset. Correct edge and correct or 

incorrect direction are shown by blue and black arrows, respectively. Incorrect and 

missing edges are represented by red and dotted purple arrows, respectively. Note that, 

while edge direction is shown in the graphs, it was not used for the method comparison. 

Right panel. Results of the reverse engineering on the full dataset using ARACNe. 

While ARACNe identifies only a slightly larger number of correct edges than Bayesian 

Networks (13 vs. 11), it shows a significantly better performance in the assignment of 

incorrect edges. Correct, incorrect and missing edges are represented by blue, red and 

dotted purple lines, respectively. (b) Performance of ARACNe and BN as a function of 

the sample size. Sensitivity and precision are plotted as a function of the number of 

samples used for the analysis. Results for ARACNe were produced using a Gaussian 

 27



Kernel mutual information estimator with an error tolerance 0.1ε =  for the data 

processing inequality and a p-value threshold 0 0.1p = . 

 

Figure 2. Schematic representation of the germinal center reaction and related 

normal and malignant B cell phenotypes. The scheme provides a biologic framework 

to identify the various B cell populations used in this study. When naïve B cells 

encounter the antigen (Ag) in the secondary lymphoid organs, they are stimulated to 

proliferate and form specific histological structures called germinal centers15. The GC 

includes two B cell populations: centroblasts and centrocytes. At the end of the GC 

reaction the subset of centrocytes, which acquired the ability to express high affinity 

immunoglobulin receptors is positively selected and further differentiate to memory or 

plasma cells. Malignant transformation can affect each one of the normal population 

leading to different types of lymphoma and leukemia. In the figure are used the following 

abbreviations: MCL, Mantle Cell Lymphoma; FL, Follicular Lymphoma; BL, Burkitt 

Lymphoma; DLBCL, Diffuse Large B Cell Lymphoma; B-CLL, B-cell Chronic 

Lymphocytic Leukemia; HCL, Hairy Cell Leukemia; MM, Multiple Myeloma. 

 

Figure 3. Identification of key regulatory hubs in the human B-cell network.  

336 expression profiles from different B-cell phenotypes were used by ARACNe to 

deconvolute cellular networks. The reconstructed network includes approximately 

129,000 interactions and its connectivity properties are graphically represented. The plot 

shows the distribution of nodes with a specific number of incident edges (degree of 

connectivity) in log-log scale using a tolerance 0.15ε = . The dotted line indicates a 
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theoretical power-law extrapolated from the experimental data for connectivity greater 

than 12 (i.e. genes with more than 12 interactions). The difference between the 

experimental and the theoretical plots is due to a saturation effect for low connectivity 

values: the theoretical curve would require about 100,000 genes with a single interaction. 

Since the experimental data exhibits a power-law like behavior approximately from a 

connectivity of 12, an assessment over two orders of magnitudes would either require 

significant experimental data for genes with up to 1,200 interactions or a much larger 

number of genes to avoid the saturation effect for low connectivity values. 

 

Figure 4. The MYC sub-network. (a) A MYC specific sub-network was obtained 

by including all the genes that have a p-value < 10-7 based on their pairwise mutual 

information with MYC. The faster bin-counting estimator was used with an error 

tolerance ε =0.15.  The MYC sub-network includes 56 genes directly connected to MYC 

(first neighbors; represented by larger circles) and 2007 genes connected through an 

intermediate (second neighbors). For representation purposes, only the first 500 genes are 

displayed including all 56 first neighbors and the 444 most statistically significant second 

neighbors. Red or pink nodes represent first neighbor targets genes for which ChIP data 

is, respectively, available or not available; yellow and light yellow nodes represent 

second neighbor target genes for which ChIP data is, respectively, available or not 

available; MYC is shown in green; white nodes represent genes for which no MYC 

related information is yet available. The complete gene list, including gene symbol, 

Affymetrix ID, LocusLink ID is reported in the Supplementary Table 4. (b) The MYC 

sub-network is shown, displaying only the first neighbors. The size of each circle is 
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proportional to the number of the gene interactions. For hubs showing more than 100 

interactions the exact number of first neighbors is displayed beside the gene symbol. 

 

Figure 5. Distribution of known MYC target genes among the first and second 

neighbors in the MYC sub-network. The genes identified by ARACNe as first or 

second neighbors of MYC were ranked according to their pairwise mutual information 

with MYC. The plot shows the percentage of known MYC target genes among first 

(black line) and second (grey line) neighbors in the first n top genes, ranked by MI value, 

where n is shown on the x axis. For instance, for a value of n = 100 on the x axis, the 

percentage of targets among the 100 genes with highest MI with MYC is shown. Results 

are inclusive of the ChIP validation assays reported in this paper.  

  

Figure 6. Identification of new direct MYC targets by ChIP analysis. (a) ChIP 

was performed on the regulatory regions of 12 genes of the MYC sub-network. 11/12 

tested genomic sequences were immunoprecipitated in Ramos cell line using anti-MYC 

antibodies but not using irrelevant antibodies (IgG). Total chromatin before 

immunoprecipitation (input DNA) was used as positive control for PCR. (b) Schematic 

representation of the localization of the regions analyzed by ChIP in BYSL. The 

investigated E-box is located in the non-coding region of the first exon. Moreover, a set 

of primers was designed to detect a control region (B) approximately 19 Kb upstream the 

initiation site.  
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