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Seven years into the postgenomic era, we sit atop a mountain of data whose 

generation was enabled by gene sequencing.  The creation, integration, and analysis of 

these large scale data sets allow us to move forward toward the complementary goals of 

determining the individual roles of the thousands of uncharacterized mammalian genes 

and understanding how they work together to produce a healthy human being – or, 

perhaps more importantly, how their malfunction results in disease.  Collapsing the 

results of large-scale assays into gene networks provides a useful framework from which 

we can glean information that advances both of these goals.  However, the utility of 

networks is limited by the quality of the data that goes into them.  This study offers seeks 

to shed some light on the quality and breadth of protein interaction networks, describes a 

new experimental technique for functional genetic assays in mammalian cell lines, and 

ultimately suggests a strategy for how to improve the overall utility of the output 

generated by the systems biology community. 
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Chapter 1:  Introduction 

 

Accepting February, 2001, as an official start date – when the Human Genome 

Project and Celera Genomics published their “working draft” human genome sequences – 

we are seven years into the postgenomic era.  Even by that date, complete sequences of 

many common model organisms had already been available for half a decade.  The rise of 

systems biology was, in this context, an utterly predictable phenomenon:  genomes gave 

us gene sequences, from which the research community developed microarrays and mass 

spectrometry-based proteomics, which in turn allowed researchers to generate huge 

datasets that could only be analyzed computationally.  Sequence data also enabled the 

development of molecular tools to perform genomic-scale perturbations of specific 

targets, such as ORF clone expression libraries [1], knockouts and fusion tagging of 

endogenous genes [2], and RNAi methods for genomes less amenable to modification  [3, 

4] – multiplying the conditions under which large-scale assays could be conducted, as 

well as enabling new techniques for probing cells.  It was therefore natural that a branch 

of the life sciences evolved to examine the global properties of these large-scale datasets 

and to make top-down inferences about gene function in the context of these datasets, 

where their predecessors had focused on bottom-up, small-scale studies [5].  As described 

by Roger Brent and Larry Lok of the Molecular Sciences Institute at UCSF, 

 

One of the grand challenges of 21st-century biology [is] the grouping, ordering 
into pathways, and description of function for the numerous weakly acting and 
incompletely penetrant genes that quantitatively modify important phenotypes in 
humans and other organisms [6]. 
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Sequence data alone opened the door to an array of new methods for exploiting 

comparative genomics to determine gene function.  The likelihood of a pair of genes to 

operate in the same pathway or cellular mechanism was shown to be correlated with their 

proximity on a chromosome [7], the similarity of their phylogenetic profiles [8], and the 

presence of homologous gene fusions in other organisms [9].  Work with experimental 

datasets revealed that genes with correlated expression patterns over different conditions 

tended to be functionally related [10, 11], and from the integration of large-scale datasets 

into physical and functional interaction networks the “guilt by association” rule has been 

exploited to assign gene function [12-14].  Development of new methods of data 

integration to predict gene function remains a primary research focus; in June, 2008, a 

major journal devoted an entire special issue to the topic (Quantitative inference of gene 

function from diverse large-scale datasets, Genome Biology, 2008).   Despite these 

advances, we are still completely in the dark about the roles of more than 10,000 human 

and mouse genes [15]. 

 

Gene networks, in particular protein interaction networks, have been exploited for 

more than just molecular functional annotation of their constituents.  Analysis of global 

topological properties suggests that essential proteins tend to have a larger number of 

more stable interactions [16, 17].  Most observed networks are scale-free, which has been 

interpreted to imply improved tolerance to individual component failure [18, 19].  

Comparing the modular structure of these networks to the known functions of the 

proteins comprising the modules has led to vigorous debate over the extent of dynamic 

organization of network structure [17, 20-22].  Finally, the local properties of protein 

interaction networks have been exploited for application to human health.  Protein 

interaction networks have been used as frameworks for specifying disease genes 
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previously only identified as a genomic loci in genome-wide association studies [23, 24], 

and have been posited as a starting point for rational drug design [25]. 

 

 Naturally, the utility of these networks in basic science and health-related 

applications is limited by their accuracy.  High throughput protein interaction assays 

suffer from both false-positive (false observations) and false-negative (true interactions 

not observed) errors [26, 27].  Even the definition of an interaction – whether direct 

physical contact is treated the same as membership in the same protein complex – is the 

subject of some debate; not surprisingly, it has profound implications on the structure of 

the resulting network and the topological properties derived therefrom [20, 22].   

 

This document describes the author’s efforts to advance the cause of functional 

genomics and add, in some small way, to the sum knowledge applicable to human health.  

In Chapter Two, the strengths and weaknesses of various commonly used protein-protein 

interaction assays are discussed, and an analysis of assay error rates is presented.  Based 

on these and others’ reported error rates, we use a statistical method to estimate the size 

of the interactome in yeast and humans, to serve as a signpost to the systems biology 

community of how far we have come in yeast and, conversely, how far we have to go in 

human.   

 

Having determined that most of the extant large-scale protein-protein interaction 

assays are plagued by high error rates, I offer in Chapter Three a simple yet effective 

method to assign a relative confidence ranking to each reported interaction in an assay.  

The method is applied to three large-scale co-complex assays in yeast, the integrated 

results are used to derive a high-confidence subset of interactions, and complexes derived 
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from this subset are shown to be highly consistent with manually curated “gold standard” 

complexes.  In addition, the ordered distribution of essential gene products in the 

complexes demonstrates that gene essentiality is tied, in many cases, not simply to its 

encoded protein but to the critical role of the protein complex of which it is a constituent. 

 

A novel experimental method well-suited for determining gene function is 

described in Chapter Four.  The method involves high-throughput microscopy of fixed 

cell culture samples arrayed on glass slides.  Originally developed for genomic-scale 

phenotype screens in yeast, these spotted cell microarrays, or cell chips, have been 

adapted for use with human cell lines.  Having demonstrated the capacity to determine 

cellular state by reporting the activation state, subcellular localization, and/or relative 

abundance of a set of target proteins, the technology shows promise for large-scale 

functional genetics assays using expression constructs, RNA interference, or chemical 

methods to induce perturbation. 

 

Finally, in Chapter Five, I discuss the success of these methods in the broader 

context of advances in network biology.  The future of protein interaction networks, as 

compared to alternative network constructs, is examined, and a path forward is proposed. 
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Chapter 2:  How large are the human and yeast interactomes? 

INTRODUCTION  

Networks are invaluable for bettering our understanding of biological systems, be 

their constituent parts molecules, cells, or living organisms.  A network provides an 

organizing framework amenable to modeling the complex events that emerge from 

interactions among the parts.  In functional genomics, concerted efforts over the last 

decade or so have produced rudimentary maps of the networks of genes, proteins, and 

metabolites controlling cells, and with these maps, have offered the promise of 

predictive, rather than just descriptive, models of molecular biology. Already, the 

network of physical interactions (the ‘interactome’) among yeast proteins, generated 

through a succession of experimental and algorithmic reconstructions, has demonstrated 

its utility for discovery of protein function (e.g., [1, 2]), prediction of cellular behavior 

(e.g., [3, 4]), and analysis of complex gene regulation (e.g., [5-7]).  Similar efforts for the 

fly and worm protein interaction networks are ongoing.  We expect the human protein 

interaction network to be equally informative; like the sequencing of the human genome, 

the construction of this map will represent a major step along the path towards 

understanding our genes’ functions.  

  

Even in its current, incomplete state, the human protein interaction network 

carries strong implications for gene function and centrality.  For example, the emergent 

properties of proteins in networks, as opposed to considered in isolation, may identify 

genes critical for disease.  Such a trend has been observed in yeast: a yeast gene’s 

tendency to be essential correlates with the count of the encoded protein’s interaction 

partners (the ‘degree’) [8].   
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Although not without its critics [9, 10], this correlation would be exciting if 

present in animals.  We examined the current human protein interaction network and find 

that this trend does indeed hold in humans as well (Figure 1).  Among many other 

contributions, the human protein interaction network will therefore focus attention on 

important hub proteins; such proteins are likely to be critical to cells and their disruption 

often lethal.   

 

While maps of both the yeast and human protein interaction networks are well 

underway, their completion poses many problems, not least from the anticipated scale of 

the human network, which may require multiple testing of all pairs of ~20-25,000 human 

proteins, roughly two to three hundred million pairs.  The scale of this effort raises many 

questions, such as: How do we even measure completion?  The network is, after all, 

unknown.  How close are we to completing the networks? How do we asses errors in the 

maps?  Would maps from only a single technique suffice?   

 

 In this article, we discuss techniques used to date, describe strategies for 

recognizing network completion, and estimate our progress towards finished yeast and 

human protein interaction maps. Even though large numbers of interactions have been 

mapped, we argue that assay false positive rates are sufficiently high that only about half 

of the expected yeast network has been defined to date, and considerably less for human.  

Interaction networks, like whole-genome shotgun sequencing [11], will therefore require 

multiple-fold coverage for completion.  As was the case for the human genome sequence, 

we argue that raw interaction data should be released, pooled, and analyzed as a set—

coverage is low enough and errors common enough in individual data sets that the human 
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interactome will only be fully mapped through integration of repeated analyses from 

many groups.  

 

 CURRENT STRATEGIES AND THEIR POTENTIAL FOR SCALING  

We start by describing current approaches and discuss their advantages and 

disadvantages for mapping human protein interactions. The primary approach for 

mapping human protein interactions is the same approach that initiated the yeast 

interactome—the yeast two-hybrid assay [12, 13].  This classic assay involves creation of 

two fusion proteins, the ‘bait’ protein, fused to a DNA binding domain, and the ‘prey’ 

protein, fused to a transcriptional activator domain.  An interaction between the bait and 

prey reconstitutes a complete transcription factor, detected by transcription of a reporter 

gene.  For large-scale screens, this assay is typically applied to arrayed pairs of bait and 

prey fusion proteins (e.g., see[14].)    

 

On the positive side, this assay scales well—all experiments are performed on cloned 

genes expressed in yeast—and there are clear protocols for identifying recurring artifacts, 

such as produced by ‘bait’ that are themselves transcriptional activators.  However, the 

fusion partners may disrupt folding, and proteins may be expressed out of context, 

overexpressed, or missing regulatory and protein complex partners, all of which can 

result in spurious interactions. Nonetheless, this approach has already identified more 

than 5,000 interactions between human proteins [14, 20].  

 



 10 

  



 11 

Figure 2-1.  The tendency for a human gene to be essential correlates well with the 
number of its protein interaction partners, suggesting that essential human genes can 
be identified directly from protein interaction networks.  For a set of ~31,000 human 
protein interactions  [15], (A) plots frequency histograms of the number of interactions 
per protein (degree) for 907 essential vertebrate proteins known from mouse knockouts 
[16], human siRNA screens [17, 18], and zebrafish random mutagenesis [19] and for the 
remaining 6,661 proteins in the network, considering only the largest connected network 
component.  For each degree, the likelihood of being essential equals the ratio of the 
frequency histograms; the likelihood increases with increasing degree. This trend is 
obvious in (B), showing the high correlation (R2 = 0.78) between degree and the observed 
percentage of essential genes among bins of 100 proteins each (filled circles). 
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The second major approach is affinity purification / mass spectrometry [21, 22].  

Here, epitope-tagged proteins are purified by affinity chromatography, and their co-

purified interaction partners are identified by mass spectrometry. This assay excels at 

identifying in vivo protein complexes in yeast and other systems [23], particularly when 

used with tandem affinity purification (TAP; [24]) and genomic knock-in of tags [21], 

rather than over-expression of transgenes.  Most importantly, this technique bypasses 

exhaustive trial of all binary protein pairs and may scale well to human interactome size.  

The use of human cells presents more difficulties, especially expressing tagged libraries 

of human genes and the need to grow large volumes of human cells.  Initial screens in 

human [25] have employed transgenes, rather than genomic knock-ins, to simplify 

cloning.  

  

The need to independently validate interactions has also led to variants of 

coimmunoprecipitation.  In this two-hybrid approach [14], an epitope-tagged (e.g., GST) 

bait protein is affinity purified, and the presence of a prey protein fused to a second 

epitope tag (e.g., Myc tag) is assayed using probes to the second tag.  Initial screens used 

human cells, both an advantage for providing cellular context and a disadvantage for 

technical difficulties in cloning of all pairs of fusion proteins into human cells.  

Nonetheless, the assay offers an important control on other assays[14].  

  

The last major approaches for mapping yeast and human protein interactions are 

computational, inferring protein interactions by integrating evidence from comparative 

and functional genomics (e.g., see [26-30]).  Although these are in silico rather than in 

vivo or in vitro interaction assays, these methods mine experimental data such as DNA 
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microarrays or genome sequences to infer protein interactions, and are therefore 

ultimately based on experimental observations.  As large amounts of data are available, 

these ‘data mining’ methods scale easily and offer both in vivo relevance and the ability 

to detect stable and transient interactions[31].  Disadvantages include the importance of 

measuring associated error rates and need for independent validation to verify error rates.  

  

These approaches have now mapped many yeast and human protein interactions, 

but how many interactions should we expect?  In the next section, we argue that the sizes 

of the complete yeast and human protein interaction networks are larger than most early 

estimates.  

 

ESTIMATING THE SCALE OF THE YEAST AND HUMAN PROTEIN INTERACTION 
NETWORKS  

 We do not yet know the size of any complete protein interaction network.  

However, we can roughly estimate the expected sizes for the yeast network using two 

different approaches that agree reasonably well.  These estimates derive from considering 

the interactions shared between each pair of large-scale protein interaction assays 

published to date.  

  

First, provided a pair of large-scale assays samples the same portion of 

“interaction space” (i.e., samples the same pairs of interacting proteins, usually a subset 

of the interactome), then the number of interactions detected by both assays should be 

distributed according to the hypergeometric distribution, well-approximated for large 

populations by the binomial distribution.  Given two assays of size n1 and n2 

interactions, respectively, with k in common, as well as estimates of the false positive 
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rates of the two assays (fpr1 and fpr2), the maximum likelihood estimate of the number 

of interactions, N, within that subspace is  

 

x

fprnfprn
N

)1()1( 2211 −×−
=  

 

provided n1 and n2 are sufficiently large (  n1 (1− fpr1 ) × n2 (1− fpr2 ) >> N ).  This 

intersection analysis (Figure 2) has a rich history in other fields, such as mark-recapture 

methods for estimating natural animal population sizes [32],  and has recently been 

applied to protein interaction networks [33].  

   

In order to use this method, the datasets must be corrected for their error rates.  

One method for estimating the false positive rates of large-scale assays, described by 

D’haeseleer and Church [34], involves comparing the two datasets to each other and to a 

reference dataset.  The method does not require a “gold standard” reference, only that the 

reference not be biased toward either of the samples being measured.  This requirement is 

met by comparing two similar assays; i.e. mass spectrometry or two-hybrid.  The method, 

described in Figure 3A, uses the ratio of the intersections of the three datasets to estimate 

the number of true positives in each sample.  An example using the interactions derived 

from the two recent genome-scale TAP/mass spectrometry assays published by Gavin, et. 

al. [35] and Krogan, et al. [36], compared to the MIPS reference set, is presented in 

Figure 3B.    
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Figure 2-2. The method of intersection analysis for estimating interactome size.  In 
an interactome, or subspace of an interactome, of N true interactions, two independent 
assays of n1 and n2 interactions are expected, under the hypergeometric distribution, to 
share k interactions by random chance.  Given measurements of n1, n2, and k, as well as 
false positive rates fpr1 and fpr2, which artificially inflate n1 and n2, N is estimated as 

x

fprnfprn
N

)1()1( 2211 −×−
=  
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To estimate the interactome size by intersection analysis, we first take the 

interactions in each dataset that are derived from the common sample space of the two 

assays.  Each group purified ~2,000 TAP-tagged strains for mass spectrometry, with the 

common set of baits numbering 1,243, of which 1,128 yielded at least one identical 

interaction.  While a true apples-to-apples comparison of these results is difficult given 

the data that these two groups have published, as discussed in [37], we attempted to 

extract from the filtered datasets the interactions derived from these common baits for 

this analysis.  After calculating error rates and subtracting false positives from the two 

datasets, their intersection was used to predict the number of interactions within the 

subspace they sample.  That prediction was then scaled up to the size of the whole 

interactome (~5,8002/2) to estimate the total number of protein-protein interactions in the 

organism. 

 

The error estimates for Gavin and Krogan, as well as those for other large-scale 

yeast interaction datasets, are shown in Table 1.  The false positive rate of the 

computationally derived Jansen dataset was determined by comparing it to Gavin and 

Krogan individually, although these comparisons may violate the no-bias requirement for 

the reference dataset.  Table 1B shows the interactome size predictions derived from pairs 

of mass spectrometry assays, which give an average interactome size of about 53,000 

interactions, although the Gavin-Krogan pairwise estimate has the largest intersection and 

is therefore likely the most accurate estimate of the three.  The two-hybrid assays [38] 

[39] share too few interactions to give a meaningful estimate of interactome size. 
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Figure 2-3.  Estimating false positive rates of large-scale assays.  (A) As described in 
[34], the number of true positives in an interaction dataset can be estimated by examining 
the ratio of intersections of two similar datasets and a reference dataset.  If intersections 
contain all true positives, then the ratio of areas I and II is equal to the ratio of areas III 
and IV.  The number of false positives can then be determined by simple subtraction, 
repeating the calculation for the other dataset.  (B) Calculation of false positive rates for 
the most recent yeast mass spectrometry assays [35, 36] within the interactome subspace 
sampled by both experiments (1243 baits) and using MIPS as the reference sample.  
Intersections (regions I, II, II) were determined by examining the data and true and false 
positive populations (regions IV, V) were calculated as described above. 
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These projected interactome sizes agree with those generated by a simple scaling 

argument: We observe ~5-10 unique interactions per yeast protein in current networks; 

multiplying these values by ~5,800 yeast genes gives estimates of ~29,000-58,000 

interactions.  These values are somewhat larger than previous estimates of 10-30,000 [27, 

33, 40-43] total yeast interactions.  

  

Unfortunately, applying these techniques to high-throughput assays of human 

protein-protein interactions is still problematic.  The two large-scale yeast two-hybrid 

screens published recently, Rual et al. [14] and Stelzl et al. [20], share only six 

interactions, too small an intersection to generate reliable error rate or interactome size 

estimates; similarly, data from Stelzl et al. shares only 5 and 13 interactions with 

orthology-transferred interactions from Lehner and Fraser [44] and the computational set 

of Rhodes et al. [28], ruling out these comparisons for estimating interactome size.  

However, comparison of the Rual et al. data with those of Lehner and Rhodes yielded 

consistent false positive estimates, suggesting that reference bias is minimal (Table 2A).  

The human interactome estimates generated from these pairs of data sets are shown in 

Table 2B.  These projections, while consistent with the estimate of ~260,000 interactions 

offered by Rual et al, still stem from small intersections and limited information about 

sample space, and should be considered very rough estimates.  

 

 THE CRITICAL IMPORTANCE OF MEASURING ERROR RATES  

 This analysis, with many others [27, 29, 34, 39, 45-47, 51], only reinforces the 

importance of measuring error rates when mapping protein interactions.  Observing an 
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interaction experimentally (e.g., as in a yeast two-hybrid assay) does not guarantee a true 

positive interaction, i.e., one that occurs in vivo under native conditions during the life of 

the organism.  All assays, experimental and computational, exhibit errors and should be 

accompanied by measures of confidence.  Many published methods exist for estimating 

interaction assay error rates [26, 27, 29, 39, 45-47, 51] and for scoring individual protein-

protein interactions.  These latter scores either exploit assay-specific features [52] or use 

simple, but surprisingly effective, statistical criteria for separating true from false positive 

interactions [29, 53, 54].  For example, although the full Ito yeast two-hybrid set [38] has 

a measured false positive rate of ~80%, a statistical measure based upon the 

hypergeometric distribution can select a subset of ~45% of the interactions whose false 

positive rate is only ~30% [29].  

  

These high error rates underscore the difficulty in evaluating progress towards 

complete interactomes.  Given these false positive rates, and the resulting relatively small 

number of interactions detected in multiple assays, how far have we actually progressed 

towards the complete protein interaction networks of yeast and humans?  We address this 

topic in the next section.  

 

HOW DO WE KNOW WHEN W E’RE DONE? ESTIMATING NETWORK COMPLETION  

 As we can only approximate true interactome sizes, we have few sure measures 

of interactome completion beyond simply testing for coverage of confident interactions 

from the literature [2, 27].  However, two empirical methods, assay saturation and dead 

reckoning, suggest that we’re far from finished with either the yeast or human 

interactomes.  
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Table 1-1.  Yeast protein interaction assay false positive rates. 

B – Yeast interactome size prediction 

Data Set Pair 
Common 

Baits 

Est. Ints in 
Common 

Search Space Projected Interactome Size (95% CI) 

Gavin-Krogan(core) 1128 3,642 38,600 (37,800-39,500) 

Ho-Gavin 241 718 50,000 (47,700-53,000) 

Ho-Krogan(core) 282 1,109 69,000 (63,300-75,500) 

Mean   52,500 (37,800-75,500)** 
 

 

† Interaction assay false positive rate (f.p.r.) from [34] or derived using the method 
therein. Multiple values derive from choosing either the GRID or MIPS reference sets.    ‡ 
Interaction assay false positive rate (f.p.r.) calculated with the EPR server of [47].    * 
Mean of 4 values estimated from Table S3 of ref. [45] by fitting interaction set as linear 
combination of true positive (DIP small scale) and false positive (random pairs) 
interactions.    **  Range of interactome sizes is the minimum and maximum from the 
confidence intervals generated from pairwise estimates. 

 
 

A – Yeast data sets 

Data Set # of ints 
Derived  

f.p.r. † (%) 
Published f.p.r. 

(%) 
Average  
f.p.r. (%) 

Uetz 854 46[34] 32[45]*,47[46], 
50[40],51[47] 45 

Ito 4393 89[34] 71[45]*,78[47],85[40], 
91[46] 83 

Gavin2002 3180 68[34] 
14[45]*,22[4], 
<72 (upper 
bound[27]) 

35 

Ho 3618 83[34],81,82,80 
55[45]*, 

<97 (upper 
bound[27]) 

76 

Jansen 15922 81,79 - 80 

Gavin2006 18137 78,82,86‡ - 82 

Krogan 14317  
(7123 core) 

75,79,66‡ 
(59,65,37‡  core) 

- 73 
(54 core) 

Overall 51419   72 
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Table 1-2.  Human protein interaction assay false positive rates. 
 
 

B – Human interactome size prediction 

Data Set Pair 

Interactions 
In Both 

Data Sets 

Est. Ints in 
Common 

Search Space 
Projected Interactome Size 

(95% CI) 

Rual-Lehner(core) 35 28,200 261,000 (191,000-369,000) 

Rual-Rhodes 59 20,200 189,000 (154,000-239,000) 

Mean   225,000 (154,000-369,000)* 

 

† Interaction assay false positive rate (f.p.r.) derived using the method of [34] and a 
reference set of 20,296 unique interactions from HPRD [49], BIND [50], Reactome [51], 
and Ramani et al. [15].  Multiple values derive from choice of comparison sets. 
‡ Range of 6 values (mean 48%) estimated from Table 1 of ref. [14] by fitting interaction 
set (CCSB-HI1) as linear combination of true positive (LCI-core) and false positive (All 
possible) interactions. 
* Range of interactome sizes is the minimum and maximum from the confidence intervals 
generated from pairwise estimates. 

A – Human data sets 

Data Set 
# of unique 

ints 
Derived 

f.p.r. † (%) 
Published f.p.r. 

(%) 
Average 
f.p.r. (%) 

Lehner 58700 
(9396 core) 

96,94,93 
(86,81,69 core) - 94 

(79 core) 

Rhodes 38379 87,86,83 - 85 

Stelzl 3150 
(902 core) 

98,98 
(94,95 core) 70[48] 98 

(86 core) 

Rual 2611 87,93 8-66[14]‡,54[48] 58 

Overall 100242   90 



 22 

 Assay saturation captures the notion that early in interaction network mapping, 

each new interaction assay largely discovers novel interactions, as was observed for the 

first two large-scale yeast two-hybrid assays [39].  Provided false positive rates are well 

controlled, later assays should reveal proportionally fewer novel interactions, with the 

new interaction discovery rate dropping as interaction saturation increases to 100%.  At 

this time, the portion of the interactome accessible to these assays will be complete, 

although this approach says nothing about how well this accessible portion covers the 

entire interactome. The saturation can be revealed by plotting, for each additional assay, 

the total interactions mapped versus the novel interactions mapped. Early assays fall 

along the diagonal (all interactions are new); later assays provide fewer new interactions, 

with the slope of the line decreasing, ultimately approaching zero for error-free, 

completely redundant assays.  

  

We tested for assay saturation in yeast and humans (Figure 4).  Not surprisingly, 

we detect no evidence of saturation in humans; in yeast, however, there appears to be 

some:  the most recent yeast dataset from Krogan et al. discovers 66% new interactions, 

on par with the estimated false positive rate of the dataset.  As with previous screens [27], 

both recent large-scale mass spectrometry assays are biased toward interactions between 

abundant proteins, and saturation is likely confined to interactions of abundant proteins.  

Nevertheless, achieving this level of completeness for a major fraction of yeast proteins is 

a worthy accomplishment, and serves as a guide for future large-scale assays exploring 

the rest of the yeast interactome.    

  

The method of dead reckoning measures total interactome completion from the 

number of interactions assayed and their associated false positive rates, just as sailors on 
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the high seas estimated distances from ship speed and time traveled. For this approach, 

we must assume all interactions observed by more than one assay are true positives. 

When assays are uncorrelated, this assumption holds ~99.9 % of the time for both yeast 

and human, given our estimates of interactome size. The number of additional true 

positives contributed by an assay of size n is n (1 – fpr) – x, where x is the number of 

interactions in n already observed in previous assays. By this measure, the yeast 

experiments in Table 1 plus the comprehensive literature databases have contributed 

24,800 true positive interactions, or ~50 % of the estimated interactome. Of this total, 

nearly 18,000 interactions come from curated literature databases [2, 52], and 5,800 were 

detected in more than one high-throughput assay.  Human protein interaction assays have 

likewise covered about 25,000 true positive interactions, or ~11 % of the estimated 

interactome, with over 80% coming from sources based on literature mining.  Note that 

these estimates assume the literature sources are error-free, which is certainly not the case 

[14].  

 

For both organisms, a number of factors could extend the current data sets to 

cover more of the interactome, such as considering the full matrix model of interactions 

discovered by mass spectrometry [43], in which prey-prey interactions are considered, 

not just bait-prey.  Although this increases the false positives, statistical scores can 

identify true positives [29], increasing the overall quality and number of interactions.  
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Figure 2-4.  Neither the yeast nor human protein interaction networks are near 
completion as judged by assay saturation, although the yeast network shows higher 
saturation.  With repeating assays on a finite set of interactions, we expect the discovery 
rate of new interactions to fall below 100% (indicated by the diagonals) and 
asymptotically approach the false positive discovery rate.  If false positive rates are 
properly controlled, the rate of new interactions should level out, indicating the complete 
network assayable by these methods.  In yeast, the most recent mass spectrometry study 
[35] (core set) shows 66% new interactions, suggesting initial saturation.  Human protein 
interactions are under-sampled; the most recent study [14] assayed 95% new interactions. 
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 CONCLUSION : RELEASE THE RAW DATA   

 High error rates in large-scale assays dictate that the community must oversample 

the interactome in order to approach completion.  Whole-proteome interactome mapping 

is therefore analogous to whole-genome shotgun sequencing [11]: each assay reveals a 

subset of the interactions (sequencing reads), requiring multiple-fold coverage of the 

interactome (genome) for completion of the true positive set.  In shotgun sequencing, 

assembly of sequencing reads is the algorithmically difficult step. By contrast, controlling 

and measuring error rates is currently the more challenging step in “shotgun” interactome 

mapping.  With false positive rates exceeding 50%, and false negative rates (the 

proportion of true interactions missed) for two-hybrid assays in particular approaching 

90%, it is clear that each subspace must be sampled many times to provide complete 

coverage – and the problem remains of separating the true interactome from the false 

positives.  

  

This last problem has made it clear that many alternate approaches will be 

required to complete the network.  Comparing results from different approaches will 

continue to be crucial for validating interactions and estimating error rates, as one 

technique’s biases are easily overcome by integrating interactions from other methods.  

To this end, we strongly encourage all participants in interactome mapping to make 

public their raw data as well as their analyzed and filtered high-confidence interactions, 

as weak signals detected across multiple assays can be integrated to help distinguish real 

from spurious interactions.  To further this discussion, many of the primary groups 

mapping the human protein interaction network met in Hinxton, UK, in 2005 and 2006 to 

compare results and coordinate efforts.  This effort may yet coalesce into a collaborative 
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consortium like the human genome sequencing consortium, and an open forum now 

exists as the mapping proceeds.  
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Chapter 3:  A high-accuracy consensus map of yeast protein complexes 

INTRODUCTION  

The molecular machines that carry out basic cellular processes are typically not 

individual proteins but protein complexes.  Even in the relatively simple model organism 

Saccharomyces cerevisiae, most machines that process and store biological information 

are in fact large protein complexes comprised of many subunits. 

 

The path from measuring protein interactions to defining complexes has been well 

studied.  Experimental and computational methods have provided over 50,000 putative 

yeast protein-protein interactions to date, although a substantial fraction of these may be 

spurious[1, 2].  An array of analytical methods aimed at generating high-quality 

complexes from these data have been applied, including both unsupervised [3-5] and 

trained [6, 7] techniques.  Other genomic and proteomic data sets, such as gene 

expression, knockout phenotype, subcellular localization, and genetic interaction profiles, 

and phylogenetic profiles [5, 6, 8-10], have also been integrated with the raw interaction 

data in an effort to broaden and deepen our ability to accurately define protein 

complexes. 

 

Two recent genome-scale tandem affinity purification/mass spectrometry  (TAP-

MS) experiments perfumed by Gavin et al. [11] and Krogan et al. [12], have produced an 

enormous amount of new data, allowing a more complete analysis of the universe of 

yeast protein complexes.  However, the complex maps published independently by the 

two groups show a surprising lack of correlation, which can only be partially explained 

by the different analytical methods applied after generating the raw data [1, 13].  
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TAP-MS data typically consist of a tagged “bait” protein and the associated 

“prey” proteins that co-purify with the bait.  Interaction data sets are generated from this 

raw data using either the spoke method, which considers bait-prey interactions, or the 

matrix method, which includes all prey-prey interactions from a given bait pull-down 

[14].  As the affinity purification process generally isolates stable complexes, there is no 

clear-cut way to differentiate between direct physical interactions and indirect 

interactions mediated by other members of the complex – or, for that matter, other 

proteins that appear simply a result of experimental noise.  Thus, the spoke model 

contains both direct physical interactions and a sampling of the indirect interactions 

within a complex, plus some amount of noise, while the matrix model captures a much 

larger number of true indirect interactions at the price of decreased accuracy from linking 

every spurious protein to every “real” one, as well as linking proteins from heterogeneous 

complexes that each contain the bait.  While some efforts have been made to use a 

filtered subset of matrix-model interactions to improve accuracy [9, 15, 16], analysis of 

mass spectrometry interaction data has typically been carried out using the spoke model 

[3, 5].   

 

Here we offer a simple yet robust statistical scoring scheme for assigning 

confidence to observed interactions.  The scheme is based on comparing observed versus 

expected numbers of interactions in the matrix model of protein-protein interactions, and 

provides greatly increased recall and/or precision over the standard spoke model 

interpretation.  A further advantage of the system is that it can be used to integrate data 

sets from different sources.  We use the scoring scheme to combine the Gavin et al. [11], 

Krogan et al. [12], and Ho et al. [17] co-complex data sets and define a high-quality 
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subset comprised of 1689 proteins in 390 complexes.  We further show that essential 

proteins strongly cluster together, supporting a complex-centric rather than gene-centric 

basis for essentiality for a large fraction of essential genes. 

 

RESULTS 

In a large-scale interaction assay, we consider each protein’s interactions to be a 

random sample from the population of observed interactions.   A simple and general 

theoretical error model, based on the hypergeometric distribution, can be used to 

calculate the probability of observing each interaction from a random background.  This 

model builds on related models that have previously been applied to several linkage and 

interaction types [18-21].  Within a given dataset, the probability (P-value) of an 

interaction between proteins A and B is: 
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where k = the number of times the interaction between A and B is observed, n and m are 

the total number of interactions for proteins A and B, and N is the total number of 

interactions observed in the entire data set.  When applied to the matrix model 

interpretation of protein interactions, the scoring scheme can identify highly accurate 

subsets of interactions.  The process is illustrated in Figure 1.  
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We generated matrix-model interpretations of the Ho, Gavin, and Krogan 

datasets.  The only other TAP-MS data set of significant scale [22] is a subset of [11] and 

was omitted.  We then applied the scoring method to each, applying to each interaction in 

a dataset a P-value calculated from the observations within that set.  We then evaluated 

the quality of the scoring by calculating recall and precision (see Methods) versus the set 

of protein complexes manually defined from literature sources by the Munich 

Information center on Protein Sequences (MIPS) [23].  In all three cases, the method 

displays improved recall and/or precision relative not only to the spoke model 

interpretation of the same dataset, but also to the group’s published complexes (Figure 2).  

As each co-complex data set represents an independent experimental observation, the 

probabilities can be combined to provide higher confidence in repeated observations.  We 

therefore combined the three scored data sets by multiplying the P-values for a given 

interaction across all three datasets, applying a P-value of 1 if the interaction was missing 

from a dataset.  The combined interaction dataset, which we call the Probabilistic 

Integrated Co-complex (PICO) network, is more accurate and provides greater coverage 

than any of the individual datasets it comprises. 

 

The PICO network contains a large number (~160,000) of protein-protein 

interactions, each with a relative confidence measure as described by the P-value.  The 

full list is available for download as Supplementary Table 1.  We filtered out low-

confidence interactions before deriving complexes from the data, beginning by rank- 

ordering the interactions by P-value, lowest to highest.  We then applied a series of 

increasingly stringent expected (E) value thresholds, where ∑
=

=
n

i
iPE

1

, starting with E=1 

and tightening in order of magnitude increments to E=10-6.  The number of interactions in 

the PICO network at each threshold is shown in Figure 3A 
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Figure 3-1.  Applying the matrix-model scoring algorithm .   The four subunits of the 
DNA primase core complex are detected using the scoring algorithm.  (A)  In the Gavin 
et al. TAP-MS data set, Pol1 and Pol12 were purified as bait and their corresponding 
bait-prey, spoke model interactions are shown in blue (plus number of additional prey 
identified shown in parentheses).  In the Krogan et al. assay (shown in orange), the same 
baits plus Pri1 were purified.  (B)  In the matrix model, both bait-prey and prey-prey 
interactions are considered.  Within a given dataset, the total number of links observed 
between each pair of proteins is recorded and the P-value calculated as described in the 
text.  The PICO network was generated by multiplying P-values for the same interaction 
derived from different data sets, e.g. Pol1-Pol12 is discovered in both Gavin and Krogan 
and scored accordingly. (C)  The PICO network integrates probability scores from all 
data sources, here represented as –ln(P-value).  Values in black are final PICO scores; 
separate scores from Gavin et al. (blue) and Krogan et al. (orange) are shown where 
applicable.  No data from Ho et al. was relevant to this example. 
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Figure 3-2.  Performance curves of the probabilistic scoring method.  We measured 
the performance of the various datasets against a reference set consisting of a matrix-
model interaction set generated from MIPS curated complexes, excluding the large and 
small ribosomal subunits (which would otherwise account for over half of the interactions 
in this set).  Recall was scored as TP / (TP + FN), where TP, true positives, are 
experimental interactions that are in the MIPS set and FN, false negatives, are the MIPS 
interactions not present in the experimental data.  Precision is defined as TP / (TP + FP), 
where TP is as above and FP, false positives, are experimental interactions between two 
proteins that are in the MIPS set, but the interaction is not.  Single points represent an 
entire dataset.  Curves represent a dataset that has been scored using the hypergeometric 
scoring algorithm, rank ordered, and plotted with each symbol representing the 
cumulative addition of the 500 next highest scoring interactions (i.e. tail of the curve 
represents the entire dataset).  The scoring scheme outperforms the raw data as well as 
the filtered, published sets in all cases; the integrated PICO net outperforms the 
individual scored data sets, and the derived complexes are slightly more accurate than 
PICO (for all thresholds; data not shown). 
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We derived a set of complexes at each threshold by using MCL [24], an 

implementation of a Markov clustering algorithm.  MCL was evaluated in [25] and was 

used to derive complexes from the raw data in [12].  To evaluate the accuracy of each set 

of complexes, we measured the Hubert statistic, H, of the derived complexes versus a 

reference set of complexes [26].  Briefly, calculating H involves generating a matrix M of 

protein pairs (i,j) where M(i,j) = 1 if the proteins are in the same complex and 0 

otherwise.  The correlation between the experimental and reference matrices is then 

measured, resulting in a score from -1 to 1, with 1 implying identical complex 

assignments and values near zero indicating random assignment.  We measured the 

Hubert statistic of complexes measured at each threshold against the set of curated MIPS 

complexes [23] with ribosomal subunits removed and against a filtered set of Gene 

Ontology (GO) Cellular Component (CC) annotations (see Methods).  The correlations 

generally improve with increasing stringency (Figure 3B), although the rate of increase in 

correlation with GO component drops off sharply after the 10-2 cutoff.  This improvement 

in accuracy comes at the price of decreasing coverage, reflected in the decreasing number 

of interactions at each threshold as shown in Figure 3A.  In an attempt to balance 

accuracy and coverage, we selected the complexes derived from the E=10-2 threshold, 

hereafter called the E-2 complexes, for further study.   



 39 

 

 

Figure 3-3.  Effect of thresholds on network size and derived complex accuracy.  (A)   
Interactions in the PICO network were rank ordered, and the E-value was calculated as 
the sum of P-values.  The number of interactions at each E-value threshold was counted; 
the total decreases as an increasingly stringent threshold is applied.  (B) At each E-value 
threshold, the subset of interactions was clustered with MCL with parameters that 
optimized correlation with the filtered set of GO component annotations [see Methods].  
The correlation with GO component (filled circles) and MIPS complexes (hollow circles) 
generally improves with the stringency of the E-value cutoff.  We judged that the 10-2 
cutoff provides a reasonable tradeoff between increasing accuracy and decreasing 
coverage, and chose this subset for further study. 
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FEATURES OF THE E-2 COMPLEXES 

The E-2 complexes contain 1689 proteins grouped into 390 clusters of sizes 

ranging from two to 35 subunits.  A network view of the complexes, generated using 

Cytoscape [27], is shown in Figure 4; the Cytoscape file is available for download as a 

supplement.  To measure the accuracy of individual complexes, we tested each for 

significant enrichment of GO component annotation.  GO component annotations 

enriched at P<0.01 (with Bonferroni correction for multiple hypothesis testing) are noted 

for each complex in Supplementary Table 2.  The Simpson coefficient of each enriched 

annotation is also listed as an easily understood metric for measuring the completeness 

with which any GO term describes a complex (or vice versa). 

 

The large fraction of E-2 complexes that correspond to existing annotations 

suggest that the data set is highly accurate.  Of the 132 complexes with four or more 

subunits, 69% (91) are highly enriched for one or more specific GO component 

annotations; of the 44 complexes of size eight or larger, 84% (37) are so annotated.  

Furthermore, there are virtually no uncharacterized genes in these large complexes, and 

the few that appear have relatively weak connections to the other members of their 

respective clusters.  This suggests that the yeast community has achieved a fairly 

complete description of a large fraction of the “complex-ome,” at least for complexes 

containing many proteins.  In fact, only one complex of size four or greater consists 

entirely of unnamed subunits and thus could be considered truly novel (complex C132, 

composed of proteins YAL049C, YDL025C, YGR016W, and YHR009C). 
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Several E-2 clusters represent amalgamations of known complexes.  The MCL 

algorithm assigns each protein to exactly one complex, so protein complexes with shared 

subunits are sometimes found combined into a single cluster in the E-2 complexes.  The 

C1 cluster, for example, includes RNA polymerase I, II, and III, largely because all three 

enzymes contain the Rpb5, Rpb8, Rpb10, and Rpo26 subunits.  Likewise, complex C7 

contains the TAFIID complex and the SAGA transcription factor/chromatin remodeling 

complex; these complexes share the Taf5, 6, 9, 10, and 12 proteins.  It seems clear from 

the RNA polymerase case that the E-2 clusters occasionally contain discrete complexes 

that presumably do not physically interact. 

 

Even the clusters that lack significant GO terms tend to have subunits that share 

similar free-text descriptions in the Saccharomyces Genome Database (SGD) [28].  For 

example, complex C44 contains eight proteins, all of which are essential.  Of these, seven 

are explicitly described in SGD as being involved in 60S ribosome biogenesis or as 

components of 66S pre-ribosomal particles, and the eighth is involved in export of pre-

ribosomal large subunits from the nucleus.  No GO term enrichment is found because the 

CC annotation is typically “nucleolus,” a weak term excluded from our analysis (see 

Methods).  Likewise, unannotated complexes C20, C30, and C78 contain 13, 10, and 5 

proteins, respectively (10, 9, and 5 essential), that are all known or suspected to be 

involved in ribosome biogenesis.  Other unannotated complexes include C43, eight 

largely nonessential proteins in the well-described cyclin/cyclin-dependent kinase group; 

C51, seven nonessential proteins involved in catabolite inactivation of FBPase; and C72, 

six proteins (five essential), of which five are involved in retrograde Golgi-to-ER 

trafficking and the sixth, Sec39, is of unknown function but “proposed to be involved in 

protein secretion.” 
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HIERARCHICAL STRUCTURE OF CO -COMPLEX NETWORK  

The high-confidence subset of the PICO network from which the E-2 complexes 

were derived contains 5352 interactions; of these, 4411 are present in the E-2 complex 

map of 390 complexes.  The remaining 941 interactions all occur between subunits of 

different complexes.  We examined the structure of these interactions by collapsing each 

complex into a single node and looking at the interactions between complexes.  The 

resulting intercomplex network, depicted in Figure 5, suggests a hierarchical organization 

of protein complexes in the cell.  Over one-third of the interactions (341, or 36%) appear 

in just three clusters:  the U4/U6 x U5 tri-snRNP complex and its neighbors (191 

interactions), the C20/C30/C44/C78 ribosome biogenesis nexus (86 interactions), and the 

C17 histone-associated complex (64 interactions).  In all three cases, the intercomplex 

interactions link complexes that are involved in closely related physiological processes.  

Taken together, these observations suggest that yeast proteins complexes exhibit a 

hierarchical organization, with complexes interacting with each other in a well-ordered 

fashion. 
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Figure 3-4.  A subset of the E-2 complex map.  After applying the E=10-2 threshold to 
the PICO interaction set, the subset of 5,352 interactions was clustered with MCL, using 
parameters that maximized correlation with a filtered set of GO component annotations.  
Interactions within clusters (4,411) were plotted with Cytoscape using the included 
“organic” layout algorithm.  Interactions between clusters (941) were omitted for clarity.  
Yellow nodes indicate essential proteins; red, nonessential. 
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Figure 3-5.  Inter-complex interactions.  Interactions in the E-2 complex map represent 
4,411 of the 5,352 interactions in the PICO network at the E=10-2 threshold.  The 941 
remaining protein-protein interactions (PPI) collapse to 248 complex-complex 
interactions.  Here we map 128 inter-complex interactions, each comprising two or more 
protein-protein interactions (821 PPI total); singletons are omitted for clarity.  Nodes 
represent E-2 complexes:  yellow indicates >70% essential subunits; labels indicate 
highest-scoring GO component, where applicable.  Edge thickness reflects number of 
interactions between complex subunits, ranging from two (thinnest) to 24 or more 
(thickest) PPI; number of interactions is shown on each edge.  Density of PPI between 
complexes of similar function (e.g. 190 PPI from U4/U6/U5 tri-snRNP complex to 
neighbors; 86 PPI between C20/C30/C44/C78 ribosome biogenesis modules; 64 PPI 
linking C17 histone-associated complex to neighbors; shaded in blue) illustrates 
hierarchical nature of yeast complex network. 
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ESSENTIALITY OF PROTEIN COMPLEXES  

The E-2 network shows an enrichment of essential genes in general:  the 1689 

proteins in the network comprise 29% of all yeast proteins, but contain 58% of all 

essential proteins (602 essentials out of 1033 total).  The descriptions above, as well as a 

glance at the complex map in Figure 4, suggests concentration of essential proteins into 

some complexes, and exclusion from others.  To measure whether there is such a 

concentration, we considered the distribution of complexes with respect to the fraction of 

essential proteins in each and sorted this distribution into ten uniformly spaced bins.  We 

bootstrapped a background distribution by randomly assigning the same number of 

essential genes to an identical set of complexes, repeating this process 10,000 times, and 

calculating the mean for each bin.  We then took the log of the ratio of the observed to the 

random frequencies in each bin.  The results, plotted in Figure 6, show clear enrichment 

for complexes either mostly essential (>70%) or almost completely nonessential (<10%), 

with underrepresentation in intermediate values. 

 

The concentration of essential proteins into complexes suggests that essentiality 

is, in many cases, a product of complex function rather than individual protein function.  

This phenomenon has been observed by the Barabasi group [5] in an analysis of Ho and 

Gavin 2002[22].  In using the raw data from these assays, the prior study assigns each 

bait pull-down to a discrete complex and does not correct for sampling the same complex 

with multiple baits.  Thus, for example, purifications derived from TAP-tagged Nsp1, 

Nup60, Nup82, and Nup116 are all considered to be discrete complexes with a high 

fraction of essential proteins, while in reality these factors are all constituents of the same 

nuclear pore complex.   
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Figure 3-6.  Essential proteins are concentrated in a subset of complexes.  The 
distribution of essential proteins in complexes was compared to a randomized 
background.  The fraction of essential proteins in each complex was calculated, sorted 
into equal-sized bins, and compared to an expected background generated by randomly 
assigning essential proteins to the same set of complexes.  The log ratio of observed to 
expected frequency for each bin is plotted here: positive values indicate observed 
frequency above random; negatives indicate below random.  The distribution illustrates 
the concentration of essential proteins in some complexes, and a corresponding absence 
of essentials in others.  Bars marked with an asterisk represent statistically significant 
deviations from random expectation (P<10-3). 
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 The current analysis provides both more accurate definition of complexes and, 

owing to the breadth of the raw data, greater coverage of yeast proteins.  The 

corresponding signal for essentiality of complexes becomes very strong.  In the E2 

complex set, there are 64 complexes with >70% essential subunits, containing 330 

essential out of 379 total proteins – accounting for 32% of all essential genes in yeast.  Of 

these complexes, the 35 largest contain 271 essential proteins (of 320 total), or 26% of all 

essential genes (Table 1).  Other complexes that show strong essentiality include C2, 

which corresponds to the 26S proteasome complex.  The complex is 58% essential but 

the diagram of the cluster reveals that it has a number of loosely connected proteins that 

are not annotated as proteasomal.  The 24 core subunits in the diagram are 71% essential.  

Also, the previously described C7 complex is comprised of the nonessential SAGA 

complex and the essential TAFIID complex. 

 

A contemporaneous study by Collins et al. re-analyzed the Gavin and Krogan 

TAP-MS data sets to improve accuracy [29].  Using a supervised algorithm derived from 

Bayesian methods and optimized with empirically-derived parameters, the study posited 

over 9,000 high-confidence interactions while labeling many previously published 

interactions as being of lower confidence.  The simple theoretical model behind the PICO 

network yields data that are of equal accuracy to the supervised approach of Collins et 

al.:  the two studies overlap by 4,356  interactions, and score identically on recall (34%) 

and precision (81%) versus the MIPS filtered reference set (see Supplemental Data).  Of 

the ~4,700 interactions unique to Collins, nearly 3,000 involve ribosomal proteins, which 

are identified promiscuously in TAP purifications and subsequently penalized by the 

hypergeometric approach.  An additional 996 interactions were identified only by the 

hypergeometric approach. 
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Figure 3-7.  Overlap of PICO and Collins et al.  One-third of interactions reported by 
Collins et al. involve at least one ribosomal protein; ribosomal proteins are frequent 
contaminants in TAP purification assays and subsequently score poorly in our 
probabilistic scoring scheme. 
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Figure 3-8.  Performance of PICO algorithm vs. Collins et al. (A) Using MIPS co-
complex interactions as a reference set for determining error rates, the Collins method 
exhibits greater coverage and a slight increase in accuracy over the PICO method.  (B) 
Excluding the ribosome from the MIPS complexes, which accounts for more than half of 
all co-complex interactions in the reference set, the probabilistic and Collins scoring 
methods are virtually indentical in both accuracy and coverage. 



 50 

CONCLUSIONS 

We have described a simple yet robust unsupervised method of assigning 

confidence levels to interactions observed in a large-scale assay, as well as combining 

data from independent assays into an integrated whole that can be used for further study.  

We used this method to integrate data from three large-scale affinity purification-mass 

spectrometry assays in yeast to generate a high-confidence subset of interactions, from 

which we derived an accurate set of protein complexes.  The recall of MIPS co-complex 

interactions indicates that no more than 46% of the total co-complex interactome in yeast 

has been assayed by TAP-MS methods (with only 34% in the high confidence E2 set ).  

Nonetheless, the high proportion of complexes that correspond to existing annotations 

and the small number of uncharacterized genes present in our high-confidence data 

strongly suggest that the community has largely saturated the fraction of the complex-

ome that is accessible to the methods (TAP-MS) and conditions (aerobic growth in rich 

media) that have been explored so far.  Therefore, it would likely be fruitful to explore 

other conditions and growth states to extend the interactome. 

 

Our complex data also support the notion that, in many cases, essentiality is tied 

not to the protein or gene itself, but to the molecular machine to which that protein 

belongs.  We can clearly separate the majority of complexes into essential and 

nonessential.  The few that are mixed – for example, the SAGA/TAFIID complex – lead 

to interesting questions about the essentiality of specific interactions [30].  We anticipate 

that the complex descriptions offered here, as well as the general scoring method, can be 

used in other functional genomics and systems biology studies. 

 



 51 

METHODS 

Data sources 

Data from Ho et al. were taken from Table S1 of [17].  Interactions from Gavin et 

al. were taken from Supplementary Table 1 of [11].  In both cases, bait-prey pairs were 

generated from the list of purifications, with the bait removed from the prey list if 

applicable.  Interactions from Krogan et al. [12] were taken from the raw LCMS and 

MALDI purification data.  Bait-prey pairs from LCMS purifications with confidence 

>=99.6 and MALDI purifications with score >=3.4 were included.  Matrix-model data 

sets were generated by considering all prey-prey pairs if both prey were purified from the 

same bait. 
 

Reference data sets 

MIPS filtered data:  The MIPS curated complex data were downloaded from 

mpact[23].  All high-throughput data, as well as the large and small ribosomal subunits, 

were excluded.  An all-by-all set of interactions was generated from each complex and 

used as a reference to calculate recall/precision curves of experimental data.  The co-

complex data was used to calculate the H-statistic. 

 

GO filtered reference set:  The complete yeast GO Cellular Component ontology 

was downloaded from the Saccharomyces Genome Database [28] on 5 December 2006.  

Annotations were sorted by the number of genes to which they applied; all annotations 

equal to or larger than the size of the “small cytoplasmic ribosomal subunit” were 

discarded.  The resulting set of annotations is mostly complexes, with a small number of 

discrete cellular localizations included.  This annotation set was used to calculate GO 

term enrichment and the Hubert statistic. 
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Analytic techniques 

The MCL program was downloaded from [24].   For each E-value threshold of 

the PICO network, MCL was run with the following parameter space:  -I, 1.8 to 3.0 in 0.2 

increments; -C, 0.5 to 1.5 in 0.25 increments; -S, 0 to 7.  The Hubert statistic (H) was 

calculated for each MCL result against the GO filtered reference set and the MCL result 

with the highest H score was considered the optimal result for that E-value.  The -S 

parameter was found to have no effect on our results. 

 

Calculation of the Hubert statistic, H, was performed as described in [26].  As the 

matrices must be equal size, the calculation was performed on the potential interaction 

space defined by the set of proteins present in both the experimental and reference protein 

sets. 

 

The Simpson coefficient, Cs of similarity between sets of proteins A and B,  is:  

Cs = ( # proteins in A and B ) / min(# proteins in A, # proteins in B) 

 

The list of essential ORFs was downloaded from the Saccharomyces Genome 

Database.  We considered only verified or uncharacterized ORFs. 

 

Author’s contributions 

IL and EMM originally developed the probabilistic scoring method.  TH 

conceived of the study, modified the algorithm, performed the data collection and 
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analysis, and drafted the manuscript under the guidance and supervision of EMM.  All 

authors read and approved the final manuscript. 
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Table 3-1.  Essential Complexes.  Selected essential complexes from the E-2 complex 
set.  Complexes >= 4 subunits, >70% are essential.  Twenty-six percent of all essential 
genes in yeast are represented in these complexes. 

Cplx  ID Size 
% 

Essential 
Most significantly enriched GO 

CC  term Complex members 
C1 35 74% DNA-directed RNA polymerase III 

complex 
DST1, IWR1, RET1, RPA12, RPA135, RPA14, 
RPA190, RPA34, RPA43, RPA49, RPB10, RPB11, 
RPB2, RPB3, RPB4, RPB5, RPB7, RPB8, RPB9, 
RPC11, RPC17, RPC19, RPC25, RPC31, RPC34, 
RPC37, RPC40, RPC53, RPC82, RPO21, RPO26, 
RPO31, SPT4, TFG1, TFG2 

C4 27 93% small nucleolar ribonucleoprotein 
complex 

BMS1, DIP2, ECM16, EMG1, IMP3, MPP10, NAN1, 
NOC4, NOP14, POL5, PWP2, SOF1, UTP10, 
UTP13, UTP14, UTP15, UTP18, UTP20, UTP21, 
UTP30, UTP4, UTP5, UTP6, UTP7, UTP8, UTP9, 
YGR210C 

C11 20 75% mRNA cleavage and 
polyadenylation specificity factor 
complex 

BUD14, CFT1, CFT2, FIP1, GIP3, GLC7, GLC8, 
MPE1, PAP1, PFS2, PTA1, PTI1, REF2, SDS22, 
SSU72, SWD2, SYC1, YPI1, YSH1, YTH1 

C12 20 85% U4/U6 x U5 tri-snRNP complex AAR2, BRR2, DIB1, LEA1, LSM8, PRP11, PRP21, 
PRP3, PRP31, PRP38, PRP4, PRP6, PRP8, PRP9, 
RSE1, SMX2, SNU114, SNU23, SNU66, SPP381 

C13 18 72% proteasome core complex, alpha-
subunit complex (sensu 
Eukaryota) 

FLC2, GRH1, OSM1, PRE1, PRE10, PRE2, PRE3, 
PRE4, PRE5, PRE6, PRE7, PRE8, PRE9, PUP1, 
PUP2, PUP3, RED1, SCL1 

C14 18 72% snRNP U1 BRR1, LUC7, MUD1, NAM8, PRP39, PRP40, 
PRP42, SMB1, SMD1, SMD2, SMD3, SME1, SMX3, 
SNP1, SNU56, SNU71, STO1, YHC1 

C20 13 77% (no significant annotation) BRX1, CIC1, DRS1, ERB1, FPR4, HAS1, MAK5, 
NOC2, NOC3, PUF6, PWP1, RRP5, YTM1 

C26 11 73% eukaryotic translation initiation 
factor 2B complex 

CDC123, GCD1, GCD11, GCD2, GCD6, GCD7, 
GCN3, PET111, SUI2, SUI3, YVH1 

C30 10 90% (no significant annotation) EBP2, MRT4, NOG1, NOP15, NOP2, NOP7, NUG1, 
RLP7, RPF2, TIF6 

C38 8 88% nuclear pore GLE2, NIC96, NSP1, NUP116, NUP159, NUP49, 
NUP57, NUP82 

C41 8 88% DASH complex ASK1, DAD1, DAD2, DAD3, DAM1, DUO1, SPC19, 
SPC34 

C42 8 100% exocyst EXO70, EXO84, SEC10, SEC15, SEC3, SEC5, 
SEC6, SEC8 

C44 8 100% (no significant annotation) DBP10, NIP7, NSA1, RIX7, RPF1, RRP1, SPB1, 
SPB4 

C46 7 86% Arp2/3 protein complex ARC15, ARC18, ARC19, ARC35, ARC40, ARP2, 
ARP3 

C48 7 71% DNA replication factor C complex CTF18, ELG1, RFC1, RFC2, RFC3, RFC4, RFC5 
C53 7 100% transcription factor TFIIH 

complex 
CCL1, KIN28, RAD3, SSL1, TFB1, TFB3, TFB4 

C54 7 86% signal recognition particle (sensu 
Eukaryota) 

LHP1, SEC65, SRP14, SRP21, SRP54, SRP68, 
SRP72 

C55 7 100% nucleolar ribonuclease P complex POP1, POP3, POP4, POP5, POP7, POP8, RPP1 
C65 6 100% nuclear origin of replication 

recognition complex 
ORC1, ORC2, ORC3, ORC4, ORC5, ORC6 

C67 6 100% transcription factor TFIIIC 
complex 

TFC1, TFC3, TFC4, TFC6, TFC7, TFC8 

C72 6 83% (no significant annotation) DSL1, SEC22, SEC39, TIP20, UFE1, USE1 
C74 6 100% chaperonin-containing T-complex CCT2, CCT3, CCT4, CCT5, CCT6, TCP1 
C78 5 100% (no significant annotation) IPI1, IPI3, RIX1, RSA4, SDA1 
C79 5 100% nuclear cohesin complex CDC5, IRR1, MCD1, SMC1, SMC3 
C85 5 80% GINS complex CTF4, PSF1, PSF2, PSF3, SLD5 
C86 5 100% nuclear condensin complex BRN1, SMC2, SMC4, YCG1, YCS4 
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C89 5 80% nucleolar preribosome, small 
subunit precursor 

ENP1, HRR25, LTV1, RIO2, TSR1 

C101 4 100% MIND complex DSN1, MTW1, NNF1, NSL1 
C106 4 100% alpha DNA polymerase:primase 

complex 
POL1, POL12, PRI1, PRI2 

C110 4 75% (no significant annotation) CIA1, MET18, NAR1, YHR122W 
C111 4 75% (no significant annotation) NAB3, NAB6, NRD1, SEN1 
C115 4 100% mRNA cleavage factor complex CLP1, PCF11, RNA14, RNA15 
C124 4 75% transcription factor TFIIE complex DBP2, PPN1, TFA1, TFA2 
C92 4 75% outer plaque of spindle pole body SPC72, SPC97, SPC98, TUB4 
C93 4 100% Ndc80 complex NUF2, SPC24, SPC25, TID3 
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Chapter 4:  The Human Cell Chip 

INTRODUCTION  

The availability of libraries consisting of thousands of constituents that can be 

used to perturb cells – collections of drugs, small molecules, siRNA, or expression 

vectors containing defined ORFs or shRNAs, for example – has driven the need for new 

assays to enable researchers to use these tools effectively.  Plate-based assays capture 

morphology of adherent cells but come with high reagent costs, poor scalability with 

regard to experimental conditions and different reporters, and necessarily high data 

variance across plates relative to small scale techniques.  Efforts at miniaturization have 

yielded technologies that offer increased capabilities but are also encumbered by critical 

weaknesses.   

 

One such miniaturization example is the transfected cell microarray, in which cell 

lines are grown over slides printed with a transfection library.  This technology allows 

screening of expression [1] or RNA interference libraries [2] for functional genomics or 

drug screening [3, 4], multiple conditions can be tested on replicate slides.  Transfected 

cell arrays have been applied to identifying genes involved in chromosome maintenance 

[5], measuring response of neural precursor cells to a variety of extracellular matrix 

components [6], finding ubiqutin targets [7], and even detecting protein-protein 

interactions [8].  For transfection-based screens, however, the technique is limited to cell 

lines compatible with the transfection technique used, although the Sabatini group created 

arrays based on lentiviral infection constructs to circumvent this problem [9]. 
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Another high-throughput cell-based assay technique is based on flow cytometry.  

A collection of cells is immunolabeled with antibodies against a set of phospho-specific 

cellular antigens and analyzed with a high-content flow cytometer than can measure up to 

15 fluorescent parameters in the same cell.  Termed “phospho-flow,” the technique has 

been used to identify specific network deregulation in acute myelogenous leukemia 

clinical subtypes [10], and has been applied to immunology [11, 12] and drug screening 

[13].  In addition, in a seminal work by Sachs et al. [14], multiparameter data from the 

phospho-flow system was analyzed using a Bayesian network methodology to reveal a 

causal signaling network in T-cells.  Despite its capabilities, the phospho-flow system 

does not scale well, as each new experimental condition or timepoint necessitates a new 

labeling and measurement iteration.  Furthermore, when using more than a few reporters, 

the multicolor FACS is applicable only to very high signal-to-noise readouts like 

phospho-specific antibodies as weaker signals will be lost in the spectral overlap of 

different fluorophore-labeled antibodies. 

 

The spotted cell microarray we developed offers a platform for high-throughput 

cell-based screening that bridges the array technique of transfected cell arrays with a 

multi-reporter probing capability broader than that of phospho-flow.  Prototype spotted 

cell microarrays, termed cell chips, were developed by the Marcotte lab and applied to 

functional genomic screens in Saccharomyces cerevisiae.  The commercial availability of 

genome-scale libraries of genetically modified strains of yeast made them an ideal initial 

application for this new technology. 

 

The first cell chip screen was conducted using the yeast knockout library.  The 

yeast haploid deletion collection, consisting of 4,848 distinct gene deletion strains, was 
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grown in 96-well plates, fixed with formaldehyde, and printed on replicate poly-L-lysine-

coated glass microscope slides using a DeRisi & Brown-style contact microarrayer.  A 

~1nl sample of cell suspension from each was printed in a spot ~200um in diameter; each 

sample typically contained 20-40 cells, and the entire library was successfully printed on 

a single slide.  A slide was then labeled with DAPI nuclear stain and a Differential 

Interference Contrast (DIC) and fluorescent 60x image of each spot was collected.  

Images were collected and made available with the Cellma image management system 

(http://cellma.icmb.utexas.edu), developed specifically for this project.  Team members 

then graded each image for phenotypes in basic morphology, such as cell size, shape, and 

budding pattern.  After repeating the screen and comparing to the variance seen in 

morphology of wild-type cells, 383 deletion strains (8% of the screened library) were 

judged to have given rise to significant morphology defects.  A sample of these strains 

and their phenotypes is shown in Figure 1a. 

 

The same knockout library was then screened for genes involved in the formation 

of the mating projection (the “shmoo”).  Haploid yeast respond to mating pheromone by 

exhibiting polarized growth up the pheromone gradient.  This process is well-studied, but 

the overall lack of annotation of some one-third of yeast genes suggested that the 

pathway had not been completely described.  To carry out the screen, the MATa library 

was grown in YPD, exposed to α–factor mating pheromone, and formaldehyde fixed after 

four hours.  The library was then printed and imaged as above, and images were analyzed 

manually to identify shmoo defects.  After stringent follow-up tests on strains initially 

identified in the screen, 38 strains were identified as shmoo-defective.  Representative 

strains and morphologies are shown in Figure 1b. 
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Building on lessons learned with the yeast knockout cell chip, members of the 

Marcotte lab subsequently generated a cell chip with the yeast GFP library, in which 

~4,200 strains each have a different ORF fused at its C-terminus with Green Fluorescent 

Protein (GFP). Cell chips were printed using either control or pheromone-treated copies 

of the library. Each strain was imaged in DIC as well as DAPI and GFP fluorescent 

wavelengths. Images were manually screened for proteins that changed subcellular 

localization in response to pheromone treatment. An initial list of 188 candidate genes 

was manually re-screened, resulting in 43 confirmed shmoo-localized proteins. A 

selection of representative images of tagged strains is shown in Figure 2. 

 

Comparing our results with literature sources, it became clear that the assay 

suffered from a high false negative rate. This was due to several factors, including 

variable cell counts printed to each spot, inconsistent autofocus performance during 

imaging, and the inability to determine localization information for low-abundance 

proteins. In an effort to circumvent these limitations, the confirmed results were used as a 

training set for a classifier based on the yeast functional gene network and the UCSF 

localization and abundance data. The classifier predictions yielded an additional 37 

shmoo-localized proteins.   
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Figure 4-1.  Characteristic yeast cell phenotypes observed on cell arrays . (a) Six 
phenotypic classes observed among the haploid yeast deletion strains. YIL141W overlaps 
the AXL2 gene, which is involved in bud site selection and whose disruption in the 
deletion strain probably provides the observed morphology. (b) Changes in cell 
morphology observed after treating the deletion collection with mating pheromone. Many 
mutants, such as the mrps5∆ deletion strain (left), form ‘wild-type’-like mating 
projections upon adding alpha factor, while cells lacking STE7 (middle) fail to form 
mating projections, and cells lacking KEL1 (right) form mating projections of unusual 
morphology.  
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Figure 4-2: Representative components of cellular systems found localized to the 
shmoo tip. Each panel shows a few cells from one yeast strain expressing a GFP-tagged 
protein localized to the shmoo tip following pheromone response. Components of the 
exocyst were reconstructed almost in their entirety, along with other relevant cellular 
systems including proteins known to participate in mating, formation of the septin 
filaments and the actin cortical patches, and the polarisome, as well as some 
uncharacterized proteins.  
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Building on the experience gained in applying cell chip technology to yeast 

functional genomic screens, we developed the human cell chip: an array of microsamples 

of human cell cultures printed on glass slides.  While pre-packaged libraries of human 

cells are not (yet) available, the human cell chip allows for high-dimensional assays 

consisting of multiplexed cell types, treatments, and timepoints on a single slide, as well 

as integration of data collected across multiple chips.  Given these features, we believe 

the cell chip provides a general platform for functional genomic assays of human cells.  

 

PROOF OF CONCEPT:  APOPTOSIS OF JURKAT CELLS  

We previously described the construction of spotted cell microarrays for the high-

throughput optical assay of yeast libraries[15].  To print yeast cell chips, we used a 

contact microarray printing robot to draw a microsample from a cell suspension in a 96-

well or 384-well microplate (the “source plate”) and deposit it on a poly-L-lysine coated 

glass slide.  Contact microarray technology, typically used to print DNA oligonucleotides 

or cDNA sequences for use in RNA hybridization assays, is optimized around printing 

the smallest spots that can be consistently delivered.  During the development of the 

spotted cell microarray technique it was observed that better performance was achieved 

using microarray pins that had been “blunted” by repeated use in printing cDNA arrays.  

The blunted pins gave a larger spot size, a greater volume of media deposited and, 

ideally, a larger number of cells in the spot.  However, the degree of “blunting” and 

therefore the  quality of spots delivered varied widely among these well-used pins.  

Indeed, consistency in printing a usable number of yeast cells per spot has proved to be 

one of the lingering challenges of the technique. 
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To adapt this technology to human cells, we initially used the same microarray 

pins as in the yeast cell chip.  Initial tests were conducted using the Jurkat leukemic T-

cell line, as these suspension cells are easy to grow in large quantities and a successful 

cell chip would provide a new assay for suspension cells that was outside the capabilities 

of contemporary competing technologies like the Sabatini-style transfected cell arrays.  

We immediately observed that the larger human cells -- which are typically spheroids 10-

20µm in diameter, many times larger than ovoid yeast cells that measure 3-8um on the 

long axis – did not print consistently onto poly-L-lysine (poly-K) coated slides, and that 

the inconsistency was attributable to how deformed the microarray pins were.  To address 

this issue in a more systematic manner we acquired new microarray pins with sharp or 

blunt tips in three sizes (Majer Precision MicroQuill 2000, part nos. 11077-1, 11077-2, 

and 11077-3).  The 11077-1 pins were sharp and yielded spots <100um in diameter, 

while the -3 pins had the largest blunt area and gave spots ~200um across.  Quantity of 

cell deposition was further improved by using custom pins, based on the 11077-3 form 

factor, but with a slot width of 0.030” (76um) vs. the standard 0.015” (38um).  The 

smaller slot is only 2-3 cell diameters in width and may have induced shear effects and 

clumping as cells were loaded and deposited by the pins; these effects appear to have 

been largely mitigated by using the wider slots.  The custom 11077-3 pin with 0.03” slot 

width consistently delivers a spot ~200um in diameter and was used for all subsequent 

human cell chip prints. 

 

Although we achieved regularity in spot sizes by selecting the appropriate 

microarray pin, the number of spots delivered was found to be highly dependent on the 

concentration of cells in the 384-well plate from which cell samples were drawn during 

printing (the ‘source plate’).  Depositing 50 cells in a spot ~1nl in volume implies a 
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concentration of ~50,000 cells/ul, or 106 cells in 20 ul suspension in each well of the 

source plate.  However, during the time required to print ~100 samples onto each of 10-

20 slides – roughly 30 minutes – the cell suspension settles into a loose pellet at the 

bottom of the well.  In an effort to maintain the cells in suspension during printing, we 

increased the viscosity of print media using glycerol (15-50%) and sucrose (30-50%).   

 

We used Jurkat cells, a suspension cell line, as an initial proof of concept.  The 

cell chip printing process is shown in Figure 3.  Separate cultures were treated with 

staurosporine, a potent inhibitor of protein kinase C and other essential cellular kinases, 

and fixed with formaldehyde after 1, 2, or 4 hours.  Treated and untreated cells were 

collected in several wells of a 384-well plate at a concentration of >105 cells/µl and 

printed on poly-L-lysine coated slides such that each sample was printed several times on 

each of several replicate slides.   

 

We imaged cells using a Nikon TE2000 epifluorescence microscope with 

Photometrics Cascade II 512x512 pixel -80°C black and white CCD camera and NIS 

Elements management software.  The microscope is fully automated, including the stage 

for X-Y movement, the objective head for Z-movement, and the suite of filter changers 

and optical components to allow switching between Differential Interference Contrast 

(DIC) and various wavelengths of epifluorescence imaging.  A script was written to 

calculate the location of each spot on the slide, and the integral  “multidimensional 

experiment” feature of Elements was used to visit each spot and capture images in DIC 

and the fluorescent wavelengths corresponding to the nuclear and immunoprobe labels. 
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Grow and treat cells 

under normal tissue 
culture conditions

Print arrays of cells onto 

glass slides using a contact 
microarray robot

Store arrays at -20C

Attach rubber gasket and probe 
with optical reporters

Assay by autmated microscopy

 

Figure 4-3. Overview of the Cell Chip process. Cells are grown and treated under 
normal cell culture conditions. Adherent cell lines are trypsinized and all cells are fixed 
with formaldehyde, decorated with biotin-WGA, and permeabilized in -20ºC MeOH. 
Cells can be stored for several weeks in this state before resuspending in PBS and 
transferring to source plate for printing. Using a robotic microarray spotting device, cells 
are printed onto streptavidin-coated slides and stored at -20ºC. To assay, each slide is 
probed by immunofluorescence and imaged by automated microscopy. 
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In collecting data for yeast cell chips, a major complicating factor was the failure 

of the mounted slide to present a consistent focal plane, thus requiring an autofocusing 

step at every spot.  Autofocus is both time-consuming and highly error-prone, especially 

for small objects like yeast cells.  To circumvent this problem, we first calibrated the 

stage to be as flat as possible before every imaging run.  Briefly, a clean slide was labeled 

with a Sharpie marker in four locations roughly corresponding to the corners of the area 

to be imaged.  The four marks were then used as reference for adjusting the seating of the 

slide mounting module on the stage until all four marks could be found in the same focal 

plan on the slide by changing only the x-y position of the stage and not the z-position of 

the objective. 

 

By performing this calibration step before each imaging run, we alleviated the 

need for both an autofocusing step and a predictive algorithm to estimate the Z-plane of 

every spot – both of which were used in the yeast cell chips.  This approach is consistent 

with a general philosophy during the development of this technology that experimental 

rigor can reduce the noise inherent in large-scale assays and can reduce the need for 

technology solutions to clean up experimental artifacts. 

 

Immediately after printing, slides were imaged with transmitted light to analyze 

print quality; printed spots were discrete and typically contained 20-50 cells.  Three slides 

were then probed for signs of apoptosis by immunofluorescence with an antibodies 

against cleaved caspase 3, cleaved caspase 9, and cleaved PARP.  Each slide was also 

labeled with a nuclear stain, and each spot was imaged using automated microscopy.  
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Images of Jurkat cells immediately after printing, and of labeled cells after probing for 

cleaved caspase 3, are shown in Figure 4. 

 

A simplified image processing algorithm was developed to quantify the images 

and, in turn, to measure the relative signal of each probe at each timepoint.  As each 

image contains a central spot and some partial spots around the edge, pixels from the 

outer portion of the image were discarded.  From the raw 512x512 pixel image, the 

central 256x256 pixel square was isolated, and the peak signal strength of the 

immunofluorescence image of each spot was identified and recorded.  For each slide, the 

maximum intensities were normalized and binned, outliers (typically images in which 

some external artifact caused an anomalously bright region) were removed, and a 

histogram corresponding to the frequency of each intensity bin was calculated.  The 

histograms for the cleaved Caspase-3 and cleaved PARP probes are shown in Figure 5.  

As expected, cells treated for two hours gave stronger signal than those untreated or 

treated for one hour; four-hour samples were stronger still and, as shown in Figure 4, 

showed the fragmented nuclei that are a classic indicator of apoptosis. 
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Figure 4-4.  Jurkat/STS print.  Jurkat cells were exposed to staurosporine for 1, 2, or 4 
hours, fixed, and printed along with untreated cells on replicate slides.  DIC images were 
collected immediately after printing (left images).  One slide stained with Hoechst 33342 
nucleic acid stain (center images) and probed for cleaved caspase 3, an indicator of 
apoptosis (right images).  Top row is untreated cells; bottom row is 4 hour treatment, 
showing expected significantly higher signal. 
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Figure 4-5.  Cell chip successfully detects apoptotic signals in Jurkat cells.  
Normalized histograms of peak signal strength of IF probe in each spot show clear 
increase in signal among 2-hour and 4-hour treatments, for both cleaved caspase 3 probe 
(top) and cleaved PARP probe (bottom). 
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HIGH DENSITY CELL CHIP  

We observed that a significant number of cells – perhaps 10% of the cells in some 

spots -- had shifted on the slide during the wash steps of the immunofluorescence 

protocol.  This translocation is evident in Figure 4 when the pre-probe DIC images are 

compared to the nuclear-stain images taken after the protocol has been applied.  Given 

the relatively small numbers of cells in each spot, cross-contamination of even individual 

cells could dramatically reduce the dynamic range of the cell chip as an assay tool. To 

alleviate this problem, we tried a different adherence technique involving an adaptor 

molecule instead of relying on electrostatic interaction. After fixation we decorated cells 

with a biotinylated lectin, wheat germ agglutinin (biotin-WGA), and printed the cells on 

streptavidin-coated slides. We printed Jurkat and DG-75 suspension cells as well as 

trypsinized HeLa and HEK293 adherent cells, and observed no cell translocation on the 

slide throughout many repeated washing steps.  We then applied this protocol to create a 

high-density chip by printing eight HeLa cultures repeatedly onto a slide. A total of 4,608 

spots were successfully printed on a single slide (Figure 6), using eight spotting pins and 

a spot pitch of 400µm. Chips of much higher density, exceeding 8,000 spots per slide, 

could be achieved by decreasing spot pitch ~10% and increasing to 12 spotting pins.  
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5mm 1mm 200µm

 

Figure 4-6.  High-density HeLa print.  An 8-pin print of 4,608 replicate spots, each 
containing a microsample of HeLa cells, is shown by imaging with a microarray scanner 
(left) and by stitching together multiple 10x microscope images (center and right).  Dark 
gray vertical banding in right image is a camera artifact from overexposure. 
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MULTIPLEX CAPABILITY OF CELL CHIPS 

To demonstrate the multiplex capability of the cell chip, we printed chips with 

both A549 lung cancer epithelial cells and HeLa cervical cancer epithelial cells, each 

with two chemical treatments, anisomycin (1 µM, 30’) and TNFα (10 ng/ml, 60’), as well 

as untreated cells of each type.  Anisomycin, a translation inhibitor, activates (by 

phosphorylation) both the p38 and c-Jun N-terminal kinase (JNK) stress kinases.  Among 

the effects of TNFα exposure are JNK activation and NFκB translocation to the nucleus.  

NFκB is maximally concentrated in the nucleus at about an hour after TNFα 

exposure[16], while JNK activation peaks after about 15 minutes and degrades to 

background levels about half an hour later [17]. 

 

Replicate slides were probed for phospho-p38 kinase, phospho-JNK, and the 

p65/RelA subunit of NFκB. Each slide was counterstained with Hoechst 33342 nucleic 

acid stain and a high resolution image of each spot was captured in the corresponding 

fluorescent wavelengths. We examined the brightness of each spot to measure both 

consistency of technical and biological repeats and change of signal induced by chemical 

treatment. To do so, we measured the mean signal strength of the pixels inside the cells of 

each spot by first generating a logical mask the nuclear stain image. The mask roughly 

corresponds to the nucleus plus some surrounding area, for sparsely populated spots, or, 

where cell density in a spot is high, the whole area covered by cells. This mask is applied 

to the immunofluorescence image and the mean signal intensity of all pixels within the 

mask is calculated and recorded. Treated cells were analyzed relative to untreated cells of 

the same type on that slide, yielding a distinct set of images for each cell type.  
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In analyzing the data, we discovered a pronounced linear bias in signal strength 

that correlated with the number of pixels in the mask – which itself reflects the number of 

cells deposited in the spot.  Figure 7 plots mean signal intensity of a given spot versus the 

size of the logical mask (in pixels).  Mask sizes varied over one order of magnitude, from 

a few cells to a spot saturated with cells, but even maximally dense spots covered less 

than half of an image’s total number of pixels (5122 = 2.6x105), so the images themselves 

were not saturated with signal pixels.  Possible explanations for the signal bias include 

integrated signal from thicker samples as cells clump together and have less room to 

flatten out, and mechanical effects that sequester labeled secondary antibodies and 

prevent effective removal during washing steps. 

 

Whatever the cause, a correction for the size bias can be applied by normalizing 

signal to that found with wildtype (untreated) cells.  A linear regression is applied to 

signal derived from wildtype cells, and the signal of a given spot is then measured as a 

distance from the regression line at the same mask size of that spot.  This method is 

effective as long as the range of wildtype mask sizes meets or exceeds the range of mask 

sizes for treated cells; fortunately, this proved to be true in the current case.  However, 

this should be considered a design constraint when designing future applications for the 

human cell chip:  not only should many wildtype cells be printed to establish a baseline 

signal, they should also be printed from varying concentrations in the source plate to try 

to achieve as broad a distribution of spot densities as possible. 
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Figure 4-7.  Immunofluorescence signal reflects protein activation state, but reveals size 
bias.   
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Figure 8a shows representative nuclear stain and immunofluorescence images of 

an two individual spots from the phospho-p38 probe (left), as well as the distribution of 

mean signal strengths of the spots of a given cell type on the slide relative to the mean of 

the untreated cells of that type (right). P38 was phosphorylated in HeLa cells in response 

to anisomycin, as expected, but surprisingly the response was much lower in A549s. The 

translocation of NFκB to the nucleus in response to TNFα in both cell lines was apparent 

by manual inspection of the images (Figure 8b shows p65 translocation in HeLa cells), 

but was not reflected in our quantitative analysis.  JNK was phosphorylated in response 

to anisomycin treatment but TNFα-treated cells were indistinguishable from wildtype, as 

shown in Figure 7, consistent with the expected dynamics of TNF-induced JNK 

activation and deactivation. 

 

To explore the utility of cell chip technology for pathway analysis, we examined 

the chip’s ability to recapitulate the interferon response of A549 cells. Exposure to 

interferon fires the JAK/STAT signal transduction cascade and results in the upregulation 

of a set of interferon response genes, including dsRNA-activated protein kinase (PKR), 

the 2'-5' oligoadenylate synthetases (OAS), and the Myoxovirus resistance gene 

(Mx)[18]. We chose two assay targets, PKR and phospho-STAT1, to further validate the 

accuracy of the cell chip technology and to explore its dynamic range. We grew cells and 

exposed them to IFN-α (1000U/ml) for 15 minutes or 18 hours before trypsinizing and 

formaldehyde fixing, along with untreated control cells. Biological and technical repeats 

were built into the assay: four untreated cultures, two 15-minute treatments, and two 18-

hour treatments were collected and printed on streptavidin-coated slides with five 

replicate spots per culture for a total of forty spots per slide (‘print 1’). At the same time,  
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Figure 4-8. Cell chips can be printed with multiple cell types, treatments, and 
timepoints. (A) HeLa and A549 cells were grown in T-75 flasks collected after treatment 
with anisomycin, TNFα, or no treatment, and printed on replicate slides. A slide was 
probed for phosphorylated p38 kinase; graphs show differential response of cell lines to 
anisomycin treatment. A replicate slide probed for phosphorylated JNK showed a strong 
response to anisomycin that was consistent across cell lines (not shown). (B) A slide from 
the HeLa/A549 print was probed for the p65/RelA subunit of NFkB. Images show 
nuclear stain (left) and overlay of IF onto nuclear stain (right) showing cytoplasmic 
localization in untreated cells and nuclear translocation in response to TNFα. 
Translocation is not reflected in the quantitative analysis. (C) A549 cells were grown in 
T-75 flasks and collected without treatment and after treatment with interferon-alpha 
(1000 U/ml) for 15 minutes or 18 hours. One set of cells was printed immediately; a 
biological replicate was printed after storage in -20ºC MeOH for seven weeks. One slide 
from each print was probed for phospho-STAT1; sample images of one treated and one 
untreated spot show nuclear stain (blue) and immunolabel (red). Graphs show each spot’s 
mean signal strength relative to the mean of untreated cells, corrected for spot size (see 
Methods). Signal peaks at 15 minute timepoint in cells printed immediately after prep 
(top), printed after storage (center), and printed & stored at 4ºC for four weeks (bottom). 
(D) Slides from the same two prints were probed for PKR; in both, a weak signal is 
detected in the 18 hour timepoint, which corresponds to a ~3-fold increase in protein 
level as detected by Western blotting (data not shown).  



 81 

an equal number of cultures were prepared but stored in cold (-20°C) methanol for seven 

weeks before printing in an identical manner (‘print 2’). After printing, one slide from 

each print was immunoprobed for phosphorylated STAT1, counterstained with nuclear 

stain, and each spot was imaged at 40X. A second slide from each print was probed for 

PKR.  

 

Figure 8c shows representative nuclear stain and immunofluorescence images of 

an individual spot from a slide probed for phospho-STAT1, as well as the same probe’s 

signal strength across the three populations of cells on the slide relative to the untreated 

mean. Slides from both prints showed an identical pattern of strong phospho-STAT1 

signal in the 15-minute interferon exposure, as expected; likewise, a slide probed after 30 

days of storage at 4° showed a similar profile. The slides probed for PKR showed no 

significant response in the 15-minute samples and a small increase in signal in the 18-

hour samples (Figure 8d). The small increase probably reflects the fact that PKR under 

these conditions is only upregulated ~3-fold (as measured by western blotting; data not 

shown). This low relative signal may represent an upper bound on the upper bound on the 

sensitivity of this technology.  

 

The presence of multiple cell lines and treatment conditions on the same slide can 

be exploited to generate internal controls for both experimental conditions and probes.  In 

the anisomycin/TNFα chips, for example, p38 kinase showed lower response to 

anisomycin treatment in A549 cells than in HeLa.  The anti-phospho-p38 antibody gave 

the expected response for the HeLa cells on the same slide, which serves as a positive 

control for the probe.  JNK kinase responded to anisomycin in both the A549 and HeLa 

cells, which are drawn from the same population as those probed for phospho-p38, 
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indicating the drug treatment worked properly.  Therefore it is reasonable to conclude 

that the observed difference in p38 activation reflects a biological phenomenon rather 

than an experimental artifact.  This property of multiplex controls can in principle be 

applied to much larger screens including a wider variety of experimental conditions and 

probes. 

 

CONCLUSIONS &  FUTURE DIRECTIONS  

We have demonstrated the capability of the cell chip to probe multiple aspects of 

cellular state using a variety of cell types and treatment conditions.  Table 1 shows a 

complete list of cell types, conditions, and probes applied to cell chips to date.  Since 

cells are grown and treated under standard tissue culture conditions, treatment protocols 

such as transfections or drug exposure times can be optimized for each set of samples 

individually without affecting the assay.  Furthermore, the adaptor molecule used to bind 

cells to the slide, WGA-biotin, targets a broad spectrum of human and other mammalian 

cell lines, but even this step can be optimized on a per-cell-line basis by using a specific 

biotinylated lectin.  Also, the ability to store cells prior to printing allows researchers to 

perform large library transfections or other treatments asynchronously rather than all at 

once immediately before printing.  Finally, although we analyzed images to gather 

population data across the cells in a printed spot, it is clear that single-cell data could be 

gleaned using more sophisticated image processing techniques.  For transfection 

experiments, adding fluorescent (i.e. GFP) reporters on the same expression vector as the 

clone of interest or by co-transfection allows the measurement of cellular response 

exclusively on successfully transfected cells, mitigating the signal loss observed when 

low transfection efficiency is averaged over a population.   
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Table 4-1.Cell lines, treatments (with timepoints as applicable), and immunofluorescence 
probes successfully applied to cell chips. 

Cell Lines Treatments Probes 
A549 
DG75 
HEK293 
HeLa 
Jurkat 

Anisomycin  
EGF 
IFNα (15’, 18h) 
Saurosporine (1,2,4h) 
TNFα 

Cleaved caspase 3 
Histone H3 
phospho-ERK 
phospho-p38 
phospho-JNK 
P65 
phospho-p65 
Cleaved PARP 
PKR  
phospho-STAT1 

 

 

Cell chip technology is well suited to functional genomics and chemogenomics. 

With the ability to probe an array of cells for target protein abundance, activation state, 

and subcellular localization, libraries of small molecule effectors can be screened for 

their impact on a variety of cellular systems. The fact that multiple dosages and 

timepoints can be printed on the same set of cell chips increases the depth to which 

researchers can investigate the impact of chemical libraries.  Likewise, whereas typical 

functional genetic screens are designed around a single reporter or phenotype, the cell 

chip allows a different reporter for each replicate slide; thus each genetic perturbation can 

be assayed for impact on multiple cellular subsystems and/or for multiple reporters within 

the same system, greatly multiplying the data “bang” for the experimental “buck.”  

Taking into account all these features, we believe the cell chip offers a useful and general 

approach for large-scale assays cell-based assays. 
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Functional screening of viral miRNA with the human cell chip 

We are currently applying cell chip technology in a functional screen for viral 

microRNA effect on host antiviral response.  The canonical mammalian cellular response 

to viral invasion involves sensing the invader, typically through the toll-like receptor 

family (TLRs); inducing the expression and release of type-I interferons through IRF3/7 

and NFκB signaling, which in turn upregulate viral response mechanisms in nearby cells; 

and activating cellular response enzymes like Myoxovirus resistance gene Mx, Rnase L, 

and dsRNA-activated kinase PKR, which attack both cellular and viral transcription and 

translation machinery and can ultimately lead to apoptosis [18].  This activity is 

collectively known as the interferon response. 

 

It was only recently discovered that human viruses encode miRNAs, and to date 

their characterization has been sparse [19].  It is known that viral genomes encode 

proteins that modulate the host’s interferon response; in fact, a collective look shows that 

nearly every aspect of the interferon response is inhibited by a protein expressed by some 

virus [18].  It seems reasonable, therefore, to hypothesize that some viral miRNAs might 

also perform the same class of function. 

 

In collaboration with the laboratory of Dr. Chris Sullivan, we have designed an 

experiment using the human cell chip to screen for viral miRNAs that affect the 

interferon response in a cell line.  We have cloned the Sullivan lab’s library of ~50 viral 

miRNAs in into the pcDNA6.2/EmGFP mammalian expression vector, which we will 

transfect into A549 lung cancer epithelial cells (known to have an active interferon 

response system).   
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Transfected cells will be exposed to interferon-α and poly-I:C, a dsRNA analog 

and TLR3 ligand, to simulate viral invasion.  Cells will be collected at two timepoints:  

15 minutes after interferon stimulation, and six hours after poly-I:C treatment.  Both 

timepoints – about 100 samples total -- will be printed on replicate chips, along with 

selected positive controls and a number of untransfected negative control samples.  Each 

sample will be printed several times on each chip to ensure a reasonable number of 

transfected cells is printed.  The expression vector encodes a GFP variant that will allow 

differentiation of transfected from non-transfected cells during analysis. 

 

After printing, chips will be probed for the abundance, localization, and activation 

state of relevant reporters, including phosphorylated Stat1, Stat2, PKR, p38, and JNK; 

p65, PKR, and IRF7; and cleaved caspase 3 and PARP.  Collectively, these probes should 

demonstrate the degree of interferon response induced by interferon-α and poly-I:C 

exposure, as both treated and untreated samples will be on the slides.  Hopefully, the 

screen will reveal viral miRNAs that play a role in viral evasion of this response. 

 

To date, extensive preliminary controls have been performed for this screen.  

Northern blotting (by Lydia McClure, Sullivan lab) shows that viral miRNAs expressed 

from the pcDNA vector are processed properly by host machinery.  The cell chip has 

been used to detect interferon response in A549 cells, as shown previously in Figure 8c-d.  

Transfection protocols have been optimized, and timecourses of interferon and poly-I:C 

treatment have been conducted to determine optimal timepoints for the assays.  The 

ability to store prepared cell cultures in cold methanol for weeks before printing without 

affecting the cellular state, as previously demonstrated, allows us to perform the 

transfections and treatments serially, which will be much more manageable than 
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performing 100 such treatments simultaneously in bulky T-75 flasks.  Two crucial 

controls remain:  a prototype chip to demonstrate that transfection effects, including GFP 

expression and target gene down regulation, are carried through the entire cell chip 

manufacturing process, and a positive control whereby a miRNA, shRNA, or protein with 

known effect on host viral response system is transfected into our cell line and its effects 

are shown to be measurable with our technology.  A first candidate is the influenza virus 

NS1 protein, which inhibits PKR activation by sequestering dsRNA.  We expect to 

complete both control experiments and the initial screen in the coming months, although 

follow-up work – should the screen yield any hits – is expected to take some time. 

 

 

METHODS  

Cell culture  

A549, HeLa, DG-75, and Jurkat cell lines were acquired from ATCC. HeLa cells 

were maintained in DMEM media, A549 in F12-K, and DG-75 and Jurkat in RPMI, each 

supplemented with 10% FBS (Gibco/Invitrogen). Cells were treated in culture flasks with 

staurosporine (Sigma), TNF-alpha (Sigma), or anisomycin (sigma) as described.  

 

Printing cell arrays  

To prepare cells for printing, adherent cell lines were washed with PBS, 

trypsinized (0.25% Trypsin in EDTA, Invitrogen) until detached, and resuspended in PBS 

(~10ml). Adherent and suspension cells were fixed in ¼ vol 10% fresh paraformaldehyde 

(Sigma) (2% final concentration) for 10 min, then washed in fresh PBS.  
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After fixation, cells were treated with biotinylated wheat germ agglutinin (WGA-

biotin; Biomeda), 4 µg/ml, for 15’, then washed 3x in PBS. Finally, cells were pelleted, 

media was removed, and 100% cold (-20°C) MeOH was added. Cells were incubated at   

-20°C for at least 10’, and can be stored for up to several weeks at -20°C.  

 

Immediately prior to printing, MeOH was removed, cells were resuspended in a 

minimum volume of PBS, and 20-50 µl of high-density (>105 cells/µl) cell suspension 

was transferred to a 384-well plate. Cells were allowed to settle to the bottom of the plate 

before printing was initiated. Cells were printed on streptavidin-coated slides (TeleChem, 

int’l) with a [style?] contact microarrayer using custom microarray pins (Majer Precision) 

with blunt tips (size?) and a ~75µm slot. Printed slides were assayed immediately or 

stored at 4°C or -20°C for several weeks. 

 

Assaying printed slides  

Immunofluorescence labeling of target proteins was performed using antibodies 

against cleaved caspase 3, phospho-STAT1, phospho-JNK, phospho-p38, cleaved PARP, 

phospho-p65 (RelA) (Cell Signaling Technologies), p65/RelA, and histone H3 (Santa 

Cruz Biotechnology). First, a 16-well rubber gasket (Grace Biosystems) was trimmed to 

provide a single large reservoir on the slide around the array. The cells were blocked in 

5% goat serum (Sigma) in PBS (30’, RT), washed once with PBS, and incubated 2h (RT) 

or overnight (4°) with primary antibody diluted to manufacturer’s specification in PBS + 

0.2% Triton X-100. Slides were washed in PBS 3x for 5’ ea in coplin staining jars, then 

incubated in goat anti-rabbit (or anti-mouse, as necessary) IgG conjugated with Alexa 

Fluor 594 (Invitrogen) for 60’ at RT in the dark. Slides were washed again 3x in PBS, 

with the final wash containing a 1:10,000 dilution of Hoechst 33342 (Invitrogen). Slides 
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were air-dried, mounted with ProLong Gold mounting medium and coverslipped before 

imaging.  

 

Imaging was performed on a Nikon TE2000 microscope with motorized XY stage 

and Z objective and a Photometrics Cascade II 16-bit CCD camera. Using the NIS 

Elements controller software, we generated a script that would automatically visit each 

spot, autofocus (in DIC), and capture fluorescent images for Hoechst (nuclear) and 

immunostained labels. Imaging was performed using 10x (?? NA) or 40x (0.95 NA) dry 

objectives, and exposure times were selected to minimize the occurrence of saturated 

pixels under normal assay conditions.  

 

Quantitation was carried out using Matlab and the Image Processing Toolkit. For 

each spot, depending on the region of interest (nuclear or whole-cell) for the given probe, 

either the image of the nuclear label or the one of the immunolabel was background 

corrected and converted to a binary pixel mask. The immunolabel image was then scored 

based on the mean and standard error of the graylevel of each pixel in the mask and the 

total number of pixels within the mask. 

 

Author’s Contributions 

The yeast knockout cell chip assay was conducted by Wei Niu, Rammohan 

Narayanaswamy, and Alex Scouras, and a manuscript describing the study was published 

in Genome Biology, 2006.   The author contributed to the statistical analysis of results by 

assaying phenotypic variance of wildtype yeast strains and determining significance 

thresholds for assay data, as well as maintaining and updating the Cellma image database.  

The yeast GFP cell chip assay was performed by the author, Rammohan 
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Narayanaswamy, and Wei Niu; the author and Wei Niu manually tested 188 candidate 

positives from the initial screen; the author developed the method for time-lapse imaging 

of live yeast cells and the author and Matt Davis carried out time-lapse imaging of 

candidate strains. 

 

The author developed all methods and data analysis techniques for the human cell 

chip.  Alice Zhao, Zibin Zhao, Shweta Bolshoi, and Ankit Garg performed cell culture, 

drug treatment, and immunofluorescence and western blotting assays, and Alice Zhao 

printed cell chips and conducted high-throughput microscopy, under the supervision of 

the author.  The author designed the experiment to screen for viral miRNA function, in 

collaboration with the Sullivan lab, and supervised the described control experiments 

performed by Alice Zhao and Ankit Garg.  The viral miRNA library was provided by 

Chris Sullivan. 
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Chapter 5:  Conclusions 

 

Systems biology is, at heart, the “horizontal” study of how sets of elements 

interact to generate observable phenomena (i.e. phenotype), as opposed to the in-depth 

“vertical” analysis of discrete pathways down to the level of structure and function of 

individual molecules.  The study of protein interaction networks in particular has yielded 

many insights about the hierarchical organization of proteins into molecular machines, 

structures, and organelles within the cell. 

 

The accurate assignment of many proteins into multi-subunit complexes offers an 

opportunity to refine our view of how cells work.  In yeast, it is now possible to consider 

molecular activity in the cell as the action and interaction of a set of protein complexes 

rather than as individual gene products.  It is a logical next step to leverage the complex-

ome to reduce the complexity of large-scale datasets by collapsing sets of genes into the 

molecular machines their products comprise, to the extent that these gene products form a 

single operational unit in the cell.  Conversely, the detection of conditionally 

dysregulated components within well-defined complexes would be news in itself. 

 

Protein-protein interactions can also be exploited for predictive, rather than 

explanatory, purposes.  In a recent study, McGary et al. demonstrated that if a yeast gene 

knockout gives rise to a phenotype, then the proteins with which that gene product 

interacts are likely to show that same loss-of-function phenotype [1].  More broadly, 

increased coverage and accuracy of interaction data can lead to quantitative and 

directional networks.  These networks hold the promise of identifying therapeutic targets 
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that act upstream or downstream of erroneously functioning disease proteins, thus 

rewiring the network to circumvent disease rather than modifying the aberrant protein 

directly – a theory known as network medicine [2, 3]. 

 

A key figure in interactome mapping has promoted the idea of a publicly-funded 

Human Interactome Project, modeled on the Human Genome Project [4].   Given the 

error rates and scalability issues associated with current techniques, it is clear that new 

high-throughput methods will be required. The yeast two-hybrid technique has been 

shown to suffer from both high false discovery and high false negative errors.  The 

affinity purification/mass spectrometry approach is vastly more reliable when the 

affinity-tagged bait is expressed from its endogenous promoter, but genetic knock-in 

techniques for mammalian cells remain expensive and inefficient.  Alternative techniques 

like cosedimentation/MS may hold some promise [5], but in general the functional 

genomics community would benefit from new thinking on interaction assays.  

Comparative genomic techniques and other computational methods such as conserved 

coexpression [5, 6]  have shown themselves to be equal or greater than experimental 

techniques in both scope and accuracy, but it is not clear whether the results are biased or 

how to improve coverage with these techniques. 

 

Meanwhile, the use and utility of functional, rather than physical, interaction 

networks has increased over time.  Functional networks have been used to provide a 

tractable, accurate search space for genes associated with specific cellular functions [7] 

and organismal phenotypes [1], even tissue-specific ones [8] – the latter particularly 

remarkable since all spatio-temporal context of functional interaction is removed from 

the networks.  In fact, functional networks have been shown to be better predictors of 
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phenotype than physical interactions, even for those physical interaction networks that 

are most complete and accurate [1].  In short, while complete characterization of the cell 

will continue to be a fundamental goal of molecular biology (possibly forever), the 

increased predictive power associated with the more abstract functional networks vis a vis 

physical networks suggests that they would serve as a better framework for finding 

disease genes or drug targets.  The cause of advancing human health would therefore be 

better served by research that increases the coverage and accuracy of these tools.   

 

To this end, the cell chip may prove to be a useful platform in providing 

information on gene function.  The functional screen of miRNAs encoded by human 

viruses, currently underway, will go a long way toward defining the utility of the cell 

chip as a tool for mammalian functional genomics and its potential as a commercial and 

research platform for drug discovery.  Furthermore, its multiplex capability may facilitate 

assays where an array of targeted reporters read out the effects of an array of 

perturbations – precisely the type of experimental data that, analyzed by Bayesian 

network methods [9], could add causality to the networks’ probabilistic interaction 

scores.  Thus the cell chip and similar high-dimensional assay technologies could provide 

exactly the advance required to make “network medicine” a reality. 
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