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Extended Abstract
In a seminal article in the journ@lellent i t | ed 6 The c edtein mackihea col |

preparing the next generation of mol ecul ar b
factory: 6l ndeed, the entire cell can be vVvieyv
of interlocking assembly lines, each of whichismgpo s ed of a set ofln | arge
recent genomevide study of yeast, two independent groups, European Molecular Biology
Laboratory (EMBL), Cellzome (a spioff company from EMBL), and the university of Toronto,
have surveyed first comprehenspmtein complexes, called protein machines by Bruce Alberts,
using tandem affinity purification (TAP)urthermore,Cellzomés papersuggestamolecular
rationale of proteircomplexes for gent-phenotype relationshign our study, those protein
complexeswereredef i ned as O6cel |l ul ar machined to em
process of Oprotein complexesd or O-begdde cul ar
Bayesian factor analysiwasdevelopedo relate gowth fitness of genomwide deletion strains
t ohiddenact i v i d ¢oledtign ofedllular machins in a cell. In other words, at the
organi smbés phenot-gepatic proflegsepltesentibghedative draavih ffitceas|of
systematic deletio strains have been modeled in terms of cellular machines at the molecular
level (Figure 1). This is the first and essential approach in order to model growth fitness of
pooled deletion strains at the molecular level using real biological entities.

To shav that our cellular machinbased model is reasonable and machine activities
inferred by our model are reliableieharchical clusteringnalysis and literature survayere

performed which showed predictive power obmmonmodeof-action of boactive compounds



as well as grouping afellular machines with similar biological behavitVe finally preserad
machineb a s ed way o-pathday predi@ton tdo emphgasze practical aspect of cellular
machinebased modeling. For example, from ime-based approach, weere able to
highlight targefprotein, TOR1, of rapamyci(Figure 3 as well as RUB1, UBA3, UBC12, and
ULAL related to protein neddylation as relevant biological pathway for cellular toxicity of
camptothecinWe believe that our mame-based approaatanprovide appropriate framework
for combining and modeling genomeéde functional profiling data of several types of pooled

deletion strains under different environments (i.e., heterozygous and homozygous deletion

strains or betweenifferent species), which might especially contribute to predict more
precisely relevant pathway including targebteins that interact directly with bioactive

compounds.

A. The bipartite network of cellular machines and strains B. The cellular machine activities inferred by CMBA
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Figure 1. Procedures for inferring the hidden activities of a collection ofcellular machines
in a cell (A) A bipartite network illustrating the firsirder relationships between cellular

machines (CMs) and strains thaye associated withThe definitions o f 6cellul ar
06strainso, and 6 as s odows the forsh yeast compitehersivesptoieid y
complexeshave beenrdef i ned as a collection of 6cel

ma
ar
ul

essential roles for cellular processtbbse6 pr ot ei n . Tcloempd £txreasibnsad ar e

collection of pooleddeletion mutantseleased from Saccharomyces Genome Deletion Project

The 6 as ssddfineaddsithe exi8tence of physical or genetic interactions between at least

one of components in CMand knockout gengiroductof a strain. In bipartite network, &



assume that the relative growth fitness of straimder differentthemicas is mainly caused by

the deleterious associatios of CMs and strains.(B) The bipartite CM-strain network
reconstructed by applyingellular machine baseBayesianfactor analyss (CMBA). The bar
charts within dotted circles in the top of panel showrdiative activities of CM depending on
chemicalsinferred from our analysisThe bar charts withieachstrain in the bottonmepresent

the relative growth fitnesander different chemicals, which are used as observed data for our
analysis.The thicknesssof arrows in the middle denote the association strength between CMs
and strainsinferred from our analysis The col ors of red and bl u
Omati veobd ,aspeaively.(@)tltidowstwo types of input data for CMBA, one of
which is genetic and physical interactionaaprior knowledgein the left, which isrepresented

in the form of matrix containingitial associatiorbinary patterns foeach strainrow) to CMs
(column) calledZ matrix. The other is the @micalgenetic profilesepresenting relative growth
fithess ofpooleddeletion strainsinder different chemicals are shown as known observed data
for CMBA in the right, which is callé E matrix

Figure 2. Target pathway of rapamycin(A) The most sensitive cellular machine to rapamycin,
CM321, is comprised of ERG1 and SEC2, both of which are essential genes. Any of
components in such machine maypbgsicallyor genetically associated with ELP3, TEF4, and
TOR1 among gene products deleted in all the sensitive strains to rapamycin. According to model
assumption, it can be interpreted as follows: Strains of maelsseciated gene deletions have
deleterioushiological interactions with that machine. It may lead to decrease the growth fitness
of those strains in rapamycin. (B) Target of Rapamycin (TOR) pathway primegilyfatedoy
Target of Rapamycin Complex 1(TORC1) with/withaajpamycin When the rapamycin is
treated in a yeast cell, it binds FKBP12, forming toxic complex, which inhibits specifically
TOR1, anessentiacomponent of TORCL. It gives rise to abnormal TORC1 signaling cascades
related to broad biologicéilinctions transcription, translation, mRNAability andpermeability



