Cooperative computer system for genome sequence analysisM�digue C.1,2, Vermat T.3, Bisson G.4, Viari A.2 and Danchin A.11 Institut Pasteur CNRS URA 1129 Unit� de R�gulation de l’Expression G�n�tique28, rue du docteur Roux, F-75724 Paris C�dex 152 Institut Curie CNRS URA 448 Atelier de BioInformatique11, rue Pierre et Marie Curie F-75231 Paris C�dex 05E-mail˚: medigue@radium.jussieu.fr3 Laboratoire de Biom�trie, G�n�tique et Biologie des Populations CNRS URA 24343, Bd du 11 Novembre 1918 F-69622 Villeurbanne C�dex4 INRIA Rh�ne-Alpes � LIFIA46, av. F�lix Viallet F-38031 Grenoble C�dexAbstractAnalysis of the huge volumes of data generated by largescale sequencing projects clearly requires the constructionof new sophisticated computer systems. These systemsshould be able to handle the biological data as well as theresults of the analysis of this data. They should also help theuser to choose the most appropriate method for a simple taskand to string together the methods needed to solve a globalanalysis task. In this paper we present the prototype of asoftware system that provides an environment for theanalysis of large-scale sequence data. In a first approach thisenvironment has been put to the test within the B. subtilissequencing project. This system integrates both a descriptiveknowledge of the entities involved (genes, regulatory signalsetc.) and the methodological knowledge concerning anextendable set of analytical methods (i.e. how to solve asequence analysis problem through task decomposition andmethod selection). A knowledge representation based ontwo existing object-oriented models, named Shirka andSCARP, is used to implement this integrated system. Inaddition, the present prototype provides a suitable userinterface for both displaying the results generated by severalmethods and interacting with the objects. We present in thispaper an overview of the knowledge-based models used tobuild this integrated system, and a description of the way inwhich biological entities and sequence analysis tasks arerepresented. We give illustrations of the co-operationbetween user and system during the problem solvingprocess. Such a system constitutes a computer workbenchfor molecular biologists studying the genetic programs ofliving organisms.Introduction1As research programs involving large-scale genomesequencing develop, vast amounts of new genomicsequences are produced and the need for more reliable datamanagement systems as well as for powerful sequenceanalysis tools becomes obvious. Sequences have beenstored and organized in general data bases, in specializeddata bases and more recently in object-oriented data bases.

1 This research is being supported by the French Minist�re del’Enseignement et de la Recherche, by CNRS (Centre National dela Recherche Scientifique GDR 1029) and GIP GREG(Groupement de Recherche sur l’Etude des G�nomes 2 93 G40400 71201 21).In parallel, various sequence analysis methods, gathered insoftware packages, have made it possible to detectregularities in sequences and to predict gene functions. Theoverall organization of such systems and methods which isessential to the progress of the sequencing projects remainshowever inappropriate.In a preliminary step, each new genomic sequenceshould be analyzed automatically using a pre-definedcombination of methods. As an example, searching for nonambiguous signals or for coding sequences, or makingtranslation and comparison with protein data banks, areoperations which can be completely automated. Furtheranalyses require however a tight collaboration betweensystem and user. Indeed, depending on the biologicalquestions the biologist wishes to address, it is necessary toemploy one particular method over all others. Algorithmsdevoted to high level methods are getting ever morepowerful as time passes but they require to be used in askilled way, that takes into account an explicit descriptionof their specific problem-solving strategy (i.e., thatconsiders whether a method is well adapted andappropriately used) and is able to interact with an user-friendly environment. Using these methods thus remainsdifficult for the beginner. In consequence he tends to use asmall number of available softwares rather than elaboratemethods thus losing important aspects of the informationcontent of a genome sequence. Finally, the lack ofappropriate links between the management of biologicalentities (such as sequences, genes, regulatory signals etc.)and the methods that use and produce these entitiesseverely limits the evolution of the data bases and of thecorresponding knowledge bases. In the context of thegenome sequencing projects, computers should now beused as experimental tools, producing a new source ofinvestigation of living organisms, their study in silico .This paper describes the first prototype of a co-operativeknowledge-based environment dedicated to genomicsequence analysis. It allows one to model and manipulatethe descriptive knowledge obtained from a genomesequencing project, to help the user in solving his sequenceanalysis problems through task decomposition and methodselection, and finally to display and manage the set of newobjects this analysis creates. Our system integratesdescriptive knowledge of the biological entities togetherwith methodological knowledge of an extendable set of analysis methods. It is currently developed using a class-based knowledge model named Shirka (Rechenmann &Uvietta 1991). This system offers high level descriptivecapabilities and enables to characterize the entities usinginference and classification mechanisms. Based on Shirka,a second system, called SCARP (Willamowski 1994;M�digue et al. 1993) allows the representation of themethodological knowledge. In this system, the problemsolving process is based on successive decompositions ofthe complex problem (here the central concept is that of atask ). Finally a graphic interface called APIC (Bisson &Garreau 1995) has been developed in order to display,modify, save or delete the entities. The first section of thispaper describes the general features of Shirka, SCARP andAPIC. Several biological examples extracted from ourprototype are used to illustrate this section. The secondsection presents our prototype system : we show howbiological entities and tasks are represented and how weintegrate each "external" procedure. At this stage we putemphasis on the methods allowing for the characterizationof genes in an unannotated DNA sequence: searching forsimilar proteins in data banks, searching for unambiguoussignals and for putative coding sequences. Severalexamples illustrate the cooperation between user andsystem during the problem solving process. Finally, wediscuss improvements of previously described strategies,further developments of new ones and future enhancementsof the prototype.Methodological BackgroundIn order to build a system that integrates descriptive andmethodological knowledge, we used the object-basedknowledge model Shirka (Rechenmann & Uvietta 1991),implemented and embedded into an interactiveenvironment using ILOG tools (ILOG, 1991). Shirka hasalready been tested for the representation of genomicorganization of E. coli (Perri�re & Gautier 1993) and formammal genomic mapping (Perri�re et al. 1993).Extensions of this system to the representation ofmethodological strategies have been incorporated in a co-operative problem solving environment, called SCARP(Willamowski 1994). An example of application is theSLOT system which is devoted to data analysis in the fieldof ecology (Chevenet & Willamowski 1993). Thefollowing section gives an overview of these two systemsand of their associated graphical interface functionalities.Object-based knowledge representationShirka (Rechenmann & Uvietta 1991) rests on theclass/instance shift, where a class describes a set ofpotential instances. Classes allow a formal definition of themodel, and instances result from instantiation of theclasses. Both are represented by a structure called ascheme, made up of a set of named slots which arethemselves specified by constraining facets (Fig.˚1A).Facets allow for both slot valuation and association withinference mechanisms such as default value, pattern-matching or procedural attachment. When instantiating aclass, a slot may either receive a value which must satisfythe constraints that have been defined in the class, or itscorresponding value may be missing (incomplete instance).A complex instance is an instance in which some slotvalues refer to other instances (Fig. 1B). Complex objectsthus premits recursive linking.A.{g e n e a-kind-of=simple-biological-object;name$astring;keyword$list-ofstring;phenotype$astring;type$asymbol$domainCDSRNArRNAtRNA}{p r o t e i n - g e n e a-kind-of=gene;type$domainCDS;codon-usage$ainteger;$if-needed{class-cdsident$var<-name;class$var->codon-usage};translation$ap r o t e i n }B.{a c e E is-a=protein-gene;keyword="acetate";type=CDS;translation=p r o t - a c e E }Figure 1 � Structure of classes and instances as knowledgedescription units : A. The two classes named gene andprotein-gene, are made of a list of slots (keyword, type...).Each slot is described by a list of facets ($a, $domain...) togetherwith their associated values. The $if-needed facet allowsassociation of a slot valuation with a method. The displayedmethod is described by a class (class-cds) in which a particularslot is valued with the name of a function. The protein-geneclass is a sub-class of the gene class : the inherited slot type isconstrained to the value CDS, and the structure of this sub-class isdefined with two new slots, codon-usage and translation.B.One instance of the class protein-gene, named aceE, is acomplex instance; its slot translation is valued by an instance ofthe class protein according to the description of the class.Scheme structures allow one to describe the position of aclass in a specialization hierarchy. Each hierarchy forms aconcept (Fig. 2). A class inherits the knowledge defined inits super-classes. It can further define constraints oninherited slots or simply add new specific slots. Sinceclasses are organized in hierarchies, once an instance hasbeen attached to a class, a natural mechanism consists inlooking for its possible locations in the corresponding sub-classes. This is achieved through the classificationmechanism. The algorithm attempts to match the instanceto classify with every direct sub-classes of the instantiationclass by checking if the slot values still satisfy theconstraints of the chosen sub-class. The sub-class will belabeled sure if the instance satisfies all the constraints onall the slots; it is labeled as possible if no constraint in thesub-class is violated; it is impossible if at least one constraint is not satisfied. The algorithm then iterates onevery sure or possible sub-class and ends at the leaves ofthe hierarchy.

Simple-bi o g i c a l - o b j t SignalenhancerpromoterterminatorGeneprotein-geneRNA-gener-RNAt-RNAgene-x

?typeis-aFigure 2 � Hierarchical structure of the s i m p l e - biological-object concept extracted from our knowledgebase. This concept gathers elementary information units likeprotein and tRNA genes and the signals involved in theirregulation (promoters, terminators, �). From an initial instanceof the Gene class (named gene-x), the classification mechanismallows to determine the sub-classes to which this instance may beattached. Unknown values of the slots are inferred or provided bythe user, and then compared with local constraints attached to theslots in the sub-classes. This classification mechanism defineseither sure, impossible or possible classes. For example if thetype value is RNA, a sure class is RNA-gene, possible classes aretRNA and rRNA, and an impossible class is protein-gene.Representing methodological knowledgeMethodological knowledge includes the description ofproblems and their respective solving strategies (i.e., givena problem, how to select the appropriate (liking ofmultiple) processing method(s)). Different approaches totask-oriented representation are discussed in(Chandrasekaran et al. 1992).The SCARP system (Willamowski 1994) is based on theShirka model. In SCARP, a task is a model of a problemdescribed by a specific set of input and output entities. Likedescriptive knowledge, tasks are represented by classes(Fig. 3). Within SCARP, the following types of slots aredefined for a task : global and strategic input, outputentities, pre-tasks and post-tasks, visualization tasks forinput and output, preconditions and postconditions. Oneproblem may be defined at different abstraction levels bydifferent, more or less specific task descriptions. At a lowabstraction level, the problem defined by a task is preciseenough so that a problem solving strategy can beassociated with the task description (this is the case ofcds-prediction-using-codon-freq in Fig. 3). Theproblem solving strategy describes how a task can bedecomposed into more elementary subtasks or methods.Different operators are available to combine subtasks :sequence, parallel, iteration, user-choice etc. Finally, foreach subtask a specific execution context describes howits execution is integrated into the execution of the complextask : data flow, whether the user has to validate input oroutput, etc. (Fig. 3). The resolution of each particularproblem thus results in a very context-specific linking ofmethods.{c d s - p r e d i c t i o n - u s i n g - k n o w l e d g e a-kind-of=cds-prediction;&inputseq$ae x p e r i m e n t a l - d a t a ;&inputwindow$ainteger;&inputshift$ainteger$if-needed{...};&inputtable$ad a t a - f i l e ;&outputlist-CDS$list-ofC D S }{c d s - p r e d i c t i o n - u s i n g - c o d o n - f r e q a-kind-of=cds-prediction-using-knowledge;&inputtable$to-verify{...};s t r a t e g y $value(user-choiceCODONPREFERENCEGENMARK);&stacheCODONPREFERENCE$a{c o n t e x t exec $aCODONPREF-ANALYSIS;data-flow $value(.seq>exec.seq)(.wind>exec.wind)...(exec.res>.list-cds)};}Figure 3 —˚Examples of classes representation partiallyillustrating the cds-prediction-using-knowledge andcds-prediction-using-codon-freq tasks. The globalinput entity (seq) must be an instance of the experimental-data class and the global output (list-CDS) are instances of thecoding-sequence class (CDS). The operator user-choice used inthe strategy of cds-prediction-using-codon-freq task,allows one to combine the subtasks CODONPREFERENCE andGENMARK. We show here the specific execution context of theCODONPREFERENCE subtask: the elementary task CODONPREF-ANALYSIS is executed using the data flow indicated inparentheses.As tasks are represented by object classes, they areorganized in class hierarchies (Fig. 4). Inside a hierarchy,each class models a task at different abstraction levels,defining the overall problem solving strategy according tothe specific problem context. This structure can then beused to support the choices among the available subtasksduring the solving process. This is done using theclassification mechanism.To automatically handle the problem-solving process, anappropriate mechanism, the task engine, has beenconstructed. Four essential steps are distinguished in taskor method execution : in the first one the task is instantiatedand the input slots of the instance are filled in; in thesecond step the task is fitted to a given context and attachedto the most adapted sub-class (this is performed through theclassification mechanism, see Fig. 4); the third step consistsin the decomposition of the task into its subtasks (eachsubtask in turn may refer to either a complex task or amethod); in the last step the results are determined.Via the task engine the system is able to automaticallysolve, on its own, complex problems. However, specificuser-system interactions may also be required. In SCARP,every communication between the task engine and the useris handled by a dialog manager via a user interface.Whenever the task engine needs information from the user,it activates the dialog manager (for example, to getparameter values). While the task engine is working,cooperative dialog manager can also be activated by theuser. The user interface of SCARP graphically displays the cds-prediction-using-knowledgecds-prediction-using-knowledge-x

?tableis-acds-prediction-using-tRNA-freq.cds-prediction-using-codon-freq.CODON-PREFERENCEGENMARKNMD-ANALYSIS

Figure 4 —˚Partial hierarchy of task classes representing the family of CDS prediction tasks. At the highest abstraction level, the taskactually describes a very general goal (cds-prediction-using-knowledge). No specific solving strategy is associated with this taskdescription : then using the classification mechanism, an instance of this task class (named cds-prediction-using-knowledge-x) has to bespecialized. Here, this specialization is driven by the value of the table slot (see also Fig. 3). By contrast, at a lower abstraction level (forexample the cds-prediction-using-codon-freq subtask) the problem is precise enough so that a decomposition scheme can bedirectly associated with the task description (see also Fig. 3).current state of the solving process, i.e. the current taskdecomposition tree. As a consequence, the user may at anytime modify the characteristics of the task, either parametervalues or strategic choices. For each modification, a newversion of the current solving process is created, savingunmodified parts of the precedent version, and the taskengine then re-executes the parts of the problem related tothe modification. Finally, the interface enables the user todefine new problems and strategies. He can define newtasks either from scratch or by modifying existing tasks.This process for creating or modifying tasks concerns boththeir input/output and their decomposition strategy. Tasksmay therefore be integrated into the knowledge base andexecuted at a later stage.The graphical interfaceAn analysis task can produce a great variety of results, suchas new biological entities, drawings etc. For this reason wedeveloped a generic interface called APIC (Bisson &Garreau 1995). The word generic has here two differentmeanings. First, this interface is able to display all kinds ofmaps (genetic map, physical map, etc). Second, APIC isnot limited to the display of biological entities but is alsoable to display graphical objects such as plots. Theadvantage of using such a generic approach is two-fold. Onthe one hand, APIC brings a standard interface displayingthe information in an homogeneous way; therefore thecomparison of the results is made easier. On the other hand,the interaction with the user is made simpler because he hasonly to manipulate a single general interface instead ofseveral dedicated interfaces (remember the problemsgenerated by the piling up of a lot of windows !).A precise description of the interface�s functionalities isout of the scope of this paper. Here are however a fewrelevant aspects. To compare and explore several displayedmaps, APIC provides several classical functionalities suchas selecting information to display, zooming, accessing theknowledge associated with an object by clicking on it (anexample is shown in the next section, Fig.˚11). It alsoprovides more sophisticated functions such as synchronizedscrolling, which allows to simultaneously scroll two orseveral maps having different scales and units (for instancea genetic and a physical map) while automatically keepingthe relation between these maps. As in the SIGMAinterface (Cinkosky & Fickett 1992), the user can alsoorganize the objects into different layers. Moreover, in agiven layer it is possible to superimpose several kinds ofinformation, for example a plot with a physical map.

¥codingandregulatoryregions?¥correspondingbiologicalfunctions?¥othersfeatures?

Graphic interface ¥Structureofthesequencedgenome?¥codonusageoftheidentifiedgenes?¥etc...

Consensusmatrix

CodonusagetablesLearningrules

input

Sequence objectBiologicalobject

outputexperimental-data

identified-subseq genes,signals,proteins...

inputoutputinput->validationone genome sequencing projectFigure 5 —˚Contribution of the prototype system in the context of the sequencing projects. New DNA sequences are submitted to a firstseries of treatment for identification of basic signals and comparison of putative genes product to the protein data banks. The entities thusidentified are submitted to the agreement of the biologist through an interface that permits to visualize results, localize possible sequencingmistakes, etc. Others methods create "descriptors" of the studied genome (consensus matrices, codon bias...). These new descriptors areused in a second step to identify the objects which have not been characterized during the first step.

Finally, many aspects of the interface can be customized bythe user without programming. In this way, he can modifythe shape of the objects, their color, their size etc.; all thesesettings can then be saved and subsequently reused.ResultsThe first prototype of a co-operative sequence analysisenvironment has been developed having as base thesystems Shirka and SCARP. Since our laboratory isproducing large amounts of DNA sequences in the contextof the B. subtilis genome sequencing project (Glaser et al.1993; Kunst et al. 1995; Ogasawara et al. 1995), we usedthese data to test the prototype. With such a simpleprokaryotic model, the analysis of new sequences can beorganized in at least two steps (Fig. 5). The first one isdevoted to the detection of known structures such as longopen reading frames and strict DNA signals. This step canbe fully automated. It generates entities that can becompared to sequences present in genomic and protein databanks and then submitted for validation to the user. Asecond step involves more sophisticated analysis tools(multivariate analysis on codon usage, learning methods onsignals etc) that study less known objects wich are moredifficult to characterize.To build a co-operative sequence analysis environment,we first establish a representation of the biologicalknowledge, i.e. of the object classes used and produced bythe methods. Then SCARP is used to represent thesequence analysis methods. In the next section, we presentan example of a sequence of methods employed to analysean unannotated DNA sequence. We show how the resultsare compared with each other in the graphic interface.Finally, we describe how the external procedures areexecuted.Representing biological knowledgeBiological entities have been represented in two mainspecialization hierarchies (Fig. 6). The first one forms the"sequence object" concept; it gathers object classesdescribing nucleotide and amino acid sequences togetherwith their corresponding features. The DNA sequencescome from data banks or individual laboratories. Whensequences overlap with two or more neighbouringsequences, we generate longer DNA sequences ("contigs")stored in the "experiment>1" class (Fig. 6A). The DNAfeatures are either features coming from data bankannotations or identified from subsequences produced by aprevious sequence analysis. Starting from the ColiGeneknowledge base (Perri�re & Gautier 1993), we define a"biological object" concept that describes the commonproperties of a set of biological structures (genes,regulatory signals, operons etc. Fig. 6B). Object classes ofthis specialization hierarchy refer to validated entities ofthe "sequence object" concept.B.A.experiment=1

Sequenceobjectnucl-seq-dataframedependentframe-independentRNA-typeDNAstructureribosomal-rnamessenger-rnapalindromeREPsTERMnucl-featureBanks

Laboratoriesexperiment>1CDSDBscanXORF

transfer-rnaPROM...Secreted

BiologicalobjectProteinSimple-biological-objectComplex-biological-objectSignalGeneenhancerpromoterterminatorprotein-geneRNA-gener-RNAt-RNATranscription-unitOperonRegulonNucleicMembrane-boundCytoplasmic

nucleic-seqpeptidic-seq

DBscanN

prot-seq-dataprot-feature

Figure 6 — Part of the hierarchical structure of the knowledge base developed with Shirka. Part A displays the hierarchy of the classescorresponding to the Sequence-object concept. It contains nucleic sequences and amino acid sequences translated from codingregions. In B, the Biological-object concept gathers elementary information units like protein, genes and the signals involved intheir regulation, and finally classes for complex objects like operons and regulons.

In a previous work, we developed a specialized data basefor the E.coli genome (M�digue et al. 1993). There, wedefined the organization of the data, the structure of thedata base and the environment of consultation andinterrogation. From that model, another specialized database for the Bacillus subtilis genome, called SubtiList, wasbuilt (Moszer et al. 1995). Data present in these basespermit us to extract clean, consistent and non redundantsequences to instantiate the object classes of our biologicalmodel. This provides us with the best conditions to extractinformation from sequence analysis.Representing sequence analysis methodsTo construct a model of the methodological knowledgecontained in sequence analysis programs, task classes havebeen defined for the analysis of a single sequence on theone hand, and for the analysis of several sequences on theother hand (Fig. 7). Currently the first set of tasks bringstogether database scanning (Blast and Fast algorithms),basic statistics tools and pattern matching techniquesincluding consensus and learning methods. CDS predictionanalysis is specialized depending on whether a referencesystem (such as codon usage table) is required or not. Then-sequences-analysis task hierarchy includes tools used tobuild "descriptors" (consensus matrices, learning rules etc.)which can subsequently be used by the former tasks. Weare also working on the integration of 2 or n sequencesalignment methods with algorithms developed in ourlaboratory (Sagot et al. 1995). Combining two main groupsof tasks of the latter with a toolbox containing elementarymethods, we defined another specialization hierarchyallowing one to construct a representation of more specificstrategies (Fig. 7). A combination of tasks permitting theanalysis of an unannotated DNA sequence is thendescribed; it is meant to identify signals such as regionscoding for proteins and their corresponding translationinitiation site. This latter specific analysis can be doneeither automatically or interactively. In the first case, at thebeginning of the procedure, a subtask asks for all theparameters values necessary to the linked methods. Toillustrate some specific user interactions developed inSCARP, each step of this analysis is now detailed.One of the first questions that arises once a long newlysequenced stretch of DNA has been obtained is whether itcontains translated coding regions identical or similar toalready known proteins. The data bank scanning programBlastX (Altschul et al. 1990) has been integrated in ourknowledge base to answer this question. The problemsolving strategy associated to the blastx-analysis taskconsists first in executing an external procedure (seebelow) on the network or on the local workstation (Fig. 8).The user’s choice is guided by an estimation of the BlastXrunning time. The results of the first step are then filteredon the basis of the percentage of identities between thequery and the selected proteins. This is done by a subtaskwhich is executed until the user is satisfied. To help theuser in his decision, the instances which are created in theDBscanX class (see Fig. 6) are represented in a graph.Finally, stop codons are searched for and the final graphrepresents for the 6 reading frames the sub-sequences ofthe query which give translation products similar toproteins in data banks.

scan-databa - n u c l Sequenceanalysistaskdata-bank-scancds-predict n motif-scanPLAGECALMpattern-matchingblastx-anal i s learning-me o d s - s c a n one-seq-analysisn-seq-analysislearning-methodsalignmentblastn-anal i s - p e p blastp-anal i s fasta-analy s statisticsconsensus-s n FOCUSbuilt-conse u s PLAGE-learnCALM-learnFOCUS-learntwo-seq-ali m e n t multi-align n t cds-pred-us g - k n o w l e d g e cds-pred-wi o u t - R F specific-strategiestoolboxrbs-cds-ana s i s first-raw-d - seq-analysi interactive-analysisautomatic-analysisblastx-analysisrbs-cds-analysiscds-predictionFigure 7 — Part of the hierarchical structure of the knowledge base developed with SCARP. The first set of tasks gathers analysis methodsfor a single sequence (one-seq-analysis) and the second set gathers analysis methods for several sequences (n-seq-analysis). We thendefine specific strategies allowing one to study an unannotated DNA sequence (see text). The problem solving strategy of the interactive-analysis task is circled. Subtasks of the toolbox task are elementary methods such as reverse-dna, translate-cds etc. Currently, only thetasks indicated in bold are fully functional.

. The system is now waiting until the user chooses between the two versions (Resultcomparison window). This choice is guided by a graphical representation of the CDS class instances which have been created on the 6reading frames. By clicking on a box of this graph, the user can see the corresponding instance (bscont_182.cds3) and can use thenavigation facilities to get the related information (bscont_182.rb5).

crucial to provide a more generic interface to display andcompare the results.The generic interface APIC (Bisson & Garreau 1995)has been developed for this purpose. We show in Figure 10how the results of the different tasks can be superimposed.on each other. In this example, the map represents theentities found by a blastx-analysis task, a rbs-cds-analysistask and a cds-prediction task. In this map, we definedthree different layers associated with the three readingframes where the rbs, cds and blastx entities were found.Calling external proceduresAs shown in the previous examples, several procedures areorganized within a complex task to achieve a goal. The taskdescription is written in the task engine’s own language(currently in LISP). The final procedures however can bewritten in any language. This allows for a very easy andrapid integration of any existing software into the system.As it is explained below, no modification of the originalsoftware is needed and the integration can be performedeven if the original sources are not available (this was thecase for GenMark for instance).The procedure is first launched via a server using theUnix RPC (Remote Procedure Call) protocol. The externalprogram (foreign program) is not called directly but isstrictly isolated by an encapsulating shell (procedure shell)which is responsible for handling the specific callingconventions and data conversions of the program. Toensure the independence between the program input formatand the data representation within the database and torationalize the data exchange format, the objects holdingthe data necessary to the external program are dumped intoa "mailbox" in a normalized (albeit simple) form (Tina1). SCARPRPC server

procedureshell

in/out-mailboxTina1foreignprogram(s)

data flow

calling chainFigure 11 — The external calling procedure mechanism.The procedure shell then performs the following steps :-1- read data from input mailbox (Tina1 format)-2- filter the components of the objects which areneeded for the program execution and put thesedata in the required format.-3- run the foreign program(s)-4- reformat program(s) output and write the resultin the output mailbox.The whole process can be run synchronously (the wholeSCARP task is then suspended, waiting for the procedurecompletion) or in background (the task continues and willbe notified, through the RPC server, of the procedurecompletion). This is particularly useful when the actualsubtask consists in sending a request to a foreign hostthrough the network.ConclusionsSequence analysis is becoming an important activity in theefforts of the international research community to describeand understand the structural, functional and evolutionaryrelationships of model organisms. In this context, our goalis to design and implement a sophisticated computingsystem which incorporates advanced knowledgerepresentation facilities and a comprehensive set ofsequence analysis methods. The prototype presented in thispaper already presents some original functionalities thatcan handle the genetic and biological knowledge producedby a complete genome sequencing project. We showedhow tasks allow one to represent methodological andprocedural knowledge. The resulting knowledge bases areeasy to read and understand, and therefore easy tomaintain. Moreover, as the problem solving processes arepresented in a synthetic form, a real cooperation can beestablished between the user and the system.Our system will include in the near future a great varietyof sequence analysis methods including original ones,together with their strategies of use. Our immediate goal isto improve some of the previously described strategies. Forexample, in the solving strategy of the blastx-analysis task,we shall include some additional filtering steps beforescanning the database (Claverie & States 1993) and afterthe process. Sonnhammer et al. (1994) and Scharf et al.(1994) have described interesting solutions to reduce thetedious browsing of large quantities of protein similarities.However, none of these approaches is integrated into acooperative environment. Other tools, such as promoterprediction, are also needed. Promoters are defined as thebinding sites of an RNA polymerase, active for thetranscription initiation. Automatic identification ofpromoters usually involves two consensus sequenceslocated at -10 and -35 regions upstream of the RNA startsite. In reality, the spatial structure of the DNA/RNAmolecule is probably involved in the recognition of apromoter by an RNA polymerase. Therefore, specialmethods must be designed for predicting promoters as wellas other DNA/RNA structures recognized by appropriatefactors. In this context, we are currently working on theintegration in our system of methods allowing tocharacterize DNA/RNA secondary structures such as RNAgenes (Fichant & Burks 1991), terminator sites of thetranscription (d’Aubenton et al. 1990) and otherspalindromic structures.The final aim of this work is a complete ready-to-use andextendable co-operative sequence analysis environment.The system is very modular and its high level knowledgerepresentation language will provide extension facilitiesthat will allows for the addition of new methods or for the

modification of the solving strategy of a complex analysistask.ReferencesAltschul S. F., Gish W., Miller W., Myers E. W., andLipman D. J. 1990. Basic local alignment search tool. J.Mol. Biol., 215 : 403-410.Aubenton C. Y., Brody E., and Thermes C. 1990.Prediction of rho-independent E. coli transcriptionterminators. A statistical analysis of their RNA stem-loopstructures. J. Mol. Biol. 216: 835-858.Bisson G. and Garreau A. 1995. APIC : a generic interfacefor sequencing projects. These proceedings.Borodovsky M., and McIninch J.D. 1993. GENMARK:Parallel gene recognition for both DNA strands.Computers & Chemistry, 17(2) : 123-133.Borodovsky M., McIninch J., M�digue C., Rudd K. andDanchin A. Detection of new genes in the bacterialgenome using Markov models for three gene classes(submitted to NAR).Chandrasekaran B., Johnson T. R., and Smith J. W. 1992.Task Structure Analysis for Knowledge Representation.Communications of the ACM, p. 124-137.Chevenet F. and Willamowski J. 1993. Modellingmethodological knowledge in data analysis. 13thInternational conference on Artificial Intelligence, Expertsystems, Natural language, Avignon.Cinkosky M. J. and Fickett J. W. 1992. SIGMA: Systemfor Integrated Genome Map Assembly, User’s Manual.Los Alamos, NM 87545.Claverie J. M., and States D. J. 1993. Informationenhancement methods for large scale sequence analysis.Computers Chem. 17 : 191-201.Fichant G., and Gautier C. 1987. Statistical method forpredicting protein coding regions in nucleic acidsequences. Computer Application in BioSciences, 3 : 287-295.Fichant G., and Burks C. 1991. Identifying potential tRNAgenes in genomic DNA sequences. J. Mol. Biol. 220: 659-671.Glaser P., Kunst F., Arnaud M., Coudart M. P., GonzalesW., Hullo M. F., Ionescu M., Lubochinsky B., MarcelinoL., Moszer I., Presecan E., Santana M., Schneider E.,Schweizer J., Vertes A., Rapoport G., and Danchin A.1993. Bacillus subtilis genome project: cloning andsequencing of the 97 kb region from 325� to 333�. Mol.Microbiol., 10 : 371-384.ILOG. 1991. AIDA: an environment for the developmentof graphical interfaces, User’s Manual. ILOG ed, Gentilly,France.Kunst F., Vassarotti A. and Danchin A. 1995.Organization of the European Bacillus subtilis genomesequencing project. Microbiology, 141 : 261-268.M�digue C., Rouxel T., Vigier P., H�naut A., and DanchinA. 1991. Evidence for horizontal gene transfer inEscherichia coli speciation. J. Mol. Biol. 222 : 851-856.M�digue C., Viari A., Henaut A., and Danchin A. 1993.Colibri : a functional database for the Escherichia coligenome. Microbiol. Rev., 57 : 623-654.M�digue C., Willamowski J., Chevenet F. andRechenmann F. 1993. Representation tasks for problemsolving in molecular biology. Proceedings of the IJCAI�93Workshop Artificial intelligence and genome. pp 67-76.Moszer I., Glaser P., and Danchin A. 1995. SubtiList: arelational database for the Bacillus subtilis genome.Microbiology., 141 : 261-268.Ogasawara N., Fujita Y., Kobayashi Y., Sadaie Y., TanakaT., Takahashi H., Yamane K., and Yoshikawa H. 1995.Systematic sequencing of the Bacillus subtilis genome:progress report of the Japanese group. Microbiol.ogy, 41 :257-259.Ollivier E. 1990. Analyse de s�quences biologiques :d�veloppement d’une approche ind�pendante d’un syst�mede r�f�rence par traitement du signal. Ph.D. Thesis,Universit� Paris 6.Perri�re G. and Gautier C. 1993. ColiGene: Object-centered representation for the study of E. coli geneexpressivity by sequence analysis. Biochimie, 75 : 415-422.Perri�re G., Dorkeld F., Rechenmann F., and Gautier C.1993. Object-oriented knowledge bases for the analysis ofprokaryotic and eukaryotic genomes. Proceedings of theFirst International Conference on Intelligent Systems forMolecular Biology. pp. 319-327.Rechenmann F., and Uvietta P. 1991. Shirka - An object-centered knowledge base management system, in ArtificialIntelligence in Numerical and Symbolic Simulation,AL�AS Publ, Lyon.Sagot M. F., Escalier V., Viari A., and Soldano H. 1995.