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interactions with GAP, GEF and effectors are coegiin
Short Abstract — Rule-based modeling provides a the form of 16 generic rules collated into 4 modul€hese
compressed and modular approach to modeling reactiv modules were used as a starting point for the neodul
networks. Here we extend the modular nature of redon rules diversification process

to rule-sets, enabling piecewise creation and fleble assembly of T textual iant tructed f it
rule-based models. Creating and modifying modular ule-sets WO contextual variants are constructed lor eac

mimics evolutionary design and enables strict docuentation of simply b)_’ adding WiId—type or mutant context. Adaiital
structural assumptions. Automated assembly of ruleets allows variation is encountered in the form of independgntctural

synthesis of combinatorial design spaces such asrjpebations  hypotheses for the mutant. These variants weretremsd
and uncertain structural hypotheses. We demonstratethis  hy sequential instructions to modify the rate egprens in
approach using a model exploring multiple ~structurd  ype o tant modules. The choice to load any comioinaif
hypotheses for unregulated activation of mutant Ra@ cancer. .
these hypotheses was encoded as Boolean paraiinetees
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In all, 61 rule variants were possible with uniceicture,
I. INTRODUCTION context and rate expression. The aggregatdomatically

ULE-BASED MODELING is inherently a modular approachC0mpiles the rate-expressions of the mutant vaiamio
to building reaction networks[1,2], where reactiovith unified expressions (with model choices reflecte®aolean

identical kinetics on identical molecular substares are WeIights). For example, theakof the Ras-GAP interaction in
grouped into reaction rules. Recently, there haeenb the mutant depends on whether the GAP-insensitaity
several innovative attempts to scale-up the ruketa reduced GTPase activity assumptions are deployed:
framework to accommodate increasingly large biodbaim kcat,mut.: (1- k) kca}+ bG'((l'pRGA)th“ broafreaKnyd)
models. Approaches have included wrappers for ruIe-Th? final model |sau_tomat|callygene_rated and has 32
building routines [3] and formal hierarchies of emule €action rules (2*16) with rate EXpressions depanade 3
types [4]. Our approach is complementary and ireslv Boolean paramgters, enabling 8)(_2d|ffer_ent embedded
creating generic rule-sets or modules and therasgioally Models. We are in the process of using this appraabuild

modifying them to create variants that can be Hixiand Models of large systems with many related moletypes,
automatically aggregated. e.g., the ErbB family of receptors and their ligand

ll. MODULES (RULE-SETS) IV. ADVANTAGES

Modules arecreatedby arbitrarily grouping sets of rules Modularity minimizes the number of rules that neede
isolated to a specific interaction between moletyres, for Manually written. It enables independent creatiteugging

example, rules governing the interaction betweespecific and curation of independent parts of the model. tfod
substrate and its kinase. These “generic” modutes lze diversification is suited to rapidly create homdapghutants

syntactically diversified by sequentially adding molecular@nd structural variants. Conditional aggregatiorabées
context and modifying rate-expressions. This ceate embedding families or spaces of model structurdisimihe

hierarchy of modules akin to evolutionary divexsifion of Same rule-based model. Experimental design on yesees
protein structures and interactions. The modulestan be €an be exploited for selection and comparative ysfslof
flexibly aggregatedby a modeler-defined configuration thatModels sharing significant network structure.

pairs modules to Boolean values (0-never load,wkysd
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