
KNOWLEDGE-BASED SYSTENS DEVELOPMENT TOOLSEVALUATION: EDUCATIONAL POINT OF VIEW �M�aria Bielikov�a, Pavol N�avratSlovak University of Technology, Dept. of Computer Science and Engineering,Ilkovi�cova 3, 812 19 Bratislava, Slovakiafbielik, navratg@elf.stuba.skhttp://www.dcs.elf.stuba.sk/�bielik, http://www.elf.stuba.sk/�navratAbstract: Languages, tools and environments play a signi�cant role in a knowledge-based system development life cycle. This paper presents an approach to training knowled-ge engineers together with evaluation of languages used for knowledge-based system de-velopment from the educational point of view. An experiment aimed to this evaluationis described. We claim that general programming languages can also be used in training.We provide experimental evaluation of their varying degree of suitability with respectto di�erences of languages.Keywords: knowledge-based systems, knowledge representation, development tool1 IntroductionThe amount of information that a human brain can e�ectively store, retrieve andprocess seems to be relatively limited. The experience shows that one's memory doesnot always react quickly and precisely to access calls for information. Thus the needemerged to develop systems that allow knowledge to be manipulated. Response tothis need is a long time e�ort in the �eld of arti�cial intelligence, in particular ofknowledge engineering. Knowledge engineering can be characterized as a process ofbuilding a knowledge base (Russel, Norvig, 1995). A knowledge engineer is someonewho investigates a particular domain, determines what concepts are important in thatdomain, and creates a formal representation of the objects and relations in the domain.Applications of today's knowledge-based systems (and of expert systems in particular)cover a very broad area of a human expertise. One promising area of their use is softwaredevelopment automation (Tichy, 1987; N�avrat, Rozinajov�a, 1996; N�avrat, 1996). Al-though some people argue that the golden age of knowledge-based systems is over, thereis a strong evidence of the growth of knowledge-based systems applications (Hayes-Roth, Jacobstein, 1994). This requires more of experienced knowledge engineers in thedevelopment of new and more sophisticated systems. To face the lack of experiencedknowledge engineers, new and more e�ective methods are to be used to educate them.Their training should include gaining experience in building intelligent applications.From several points of view, the existing systems provide an excellent educational basisfor knowledge engineering. Despite this fact, however, most of them lack certain fea-tures that we �nd desirable when used to train prospective knowledge engineers. Webelieve that knowledge engineers are expected to understand more deeply the nature of�The work reported here was partially supported by Slovak Science Grant Agency, Methods and Toolsfor Development of Software Systems.



the knowledge representation and reasoning processes than users of an expert system.Similarly, computer users who ocasionally write programs do not need to understanddetails of the compilation process, but professional programmers and software engineersde�nitely should. As a consequence, compiler design is part of a body of knowledge ofsoftware engineering (Ford, 1991) and a traditional subject in software related curri-cula. It is quite common to assign students to write at least some part of a simplecompiler. It is understood that this is important despite the fact that most of the stu-dents shall probably never write a full and complete compiler in their career. On theother hand, it is certain that most of them shall very often need to program some sortor a translation from one language of data representation notation to another becausethe concepts of language and translation are very general.In knowledge engineering, it is important to gain a deeper insight into the internalstructure and functionality of knowledge-based systems. The problem with most ofthe systems that are available is that their functionality is hard-wired and almost noexperiments with adjusting their reasoning methods can be accomplished. Having thepossibility to design own enhancements to the knowledge-based system and incorporatethem to the existing shell rises the level of experience and expertise of future knowledgeengineers.At the Slovak University of Technology, for several years we have been using in theKnowledge-Based Systems master course an expert system shell KEX developed at thedepartment (Bielikov�a et al., 1990) and an expert system development tool NEXPERTthat is commercially available. Our teaching approach has been to let our studentsexperiment with not only developing knowledge-based system applications, but deve-loping, adjusting, enhancing (parts of) a knowledge-based system development tool aswell. To accomplish the latter task, assignments to modify KEX and assignments todevelop parts of a knowledge-based system development tool in Lisp or Prolog weresolved.Nowadays, fast evolution of programming languages and supporting environments withstill higher level of abstraction make suitable not only the "traditional" AI languagessuch as Lisp or Prolog, but also some non-AI languages for knowledge-based systemsdevelopment. Therefore, we decided to modify the teaching approach and to let ourstudents use such languages in developing (parts of) a simple knowledge-based systemshell, too.Our intention was to have our students experience that AI languages and expert sy-stems shells are more powerful for knowledge-based systems development than non-AIlanguages. Results achieved showed to us that it is possible for the students to underta-ke an e�ective knowledge-based system development by using also other tools than suchspecialized tools such as expert system shells or special AI languages. This supportsthe claim that also certain other general-purpose programming languages can be used.The experience shows that this is the case especially for an implementation of theknowledge representation and control structures needed for knowledge interpretation.The paper is organized as follows. In Section 2, the approach to knowledge-based sy-stems education together with an experiment aiming to compare di�erent tools inknowledge-based system life cycle are described. The tools used are brie
y characteri-zed. Next, we give some examples of problems solved by means of di�erent tools. In



Section 3, we discuss results achieved and compare tools used. The paper closes withour conclusions.2 Knowledge-based system developmentBecause a knowledge-based system is a software system (that manipulates encodedknowledge to solve a problem), conventional software life cycle models should be consi-dered (Boehm, 1988). In particular, they seem to be applicable to development of aninference engine, or a user interface together with supporting features such as editor,explanation facility, etc. On the other hand, specialized life cycles for knowledge-basedsystems were proposed (Agarwal, Tanniru, 1990; Trenouth, 1991). They are designedmainly to knowledge base life cycle development which is just one (although very im-portant) component of a knowledge-based system.In training of knowledge engineers we try to cover these both aspects of knowledge-based systems development. Although stress in the Knowledge-Based Systems courseis put on the knowledge representation, the students are trained in knowledge acqui-sition, too. Availability of relevant experts is achieved by either aproaching expertswhenever possible (be it a parent, friend, etc.) or by simulating experts by assumingthat appropriate students act as "experts" in areas they have mastered su�ciently wellin their previous education and practice.The objective of knowledge representation is to express knowledge in computer trac-table form, such that it can be used for problem solving. As we mentioned earlier forseveral years we used expert system shell KEX together with its knowledge represen-tation formalism, KEX/L language for expert systems development teaching (Fri�c etal., 1993).There is a strong evidence of the growth of new high level programming languages andenvironments which exploit several features used by knowledge representation forma-lisms. We decided to test their suitability for knowledge-based systems development.Our main interest is to compare the development supported by programming toolswith the development using AI programming languages or an expert system shell.Our experiment was designed as follows:� The expert system development life cycle consisting of (i) knowledge acquisition,(ii) knowledge structuralization and conceptualization, (iii) formalization, (iv) im-plementation and (v) testing phases was adopted.� Knowledge acquisition, structuralization and conceptualization were performed in-dependently of the supporting environment (or tools) and knowledge representationformalism chosen.� Formalization and implementation were performed by each student twice. First,they used an arbitrary general purpose programming language. Then, they usedthe expert system shell KEX.� Knowledge-based systems prototypes that had been developed were compared andevaluated.



We will look now a little more deeply into the knowledge representation languages used.Russell and Norvig (Russel, Norvig, 1995) characterize a good knowledge representationlanguage by the following properties: "It should be expressive and concise so that we cansay everything we need to say succinctly. It should be unambiguous and independent ofcontext, so that what we say today will still be interpretable tomorrow. And it shouldbe e�ective in the sense that there should be an inference procedure that can makenew inferences from sentences in our language."To achieve these properties of a good knowledge representation by implementing know-ledge-based system in some programming language, interpretation of knowledge repre-sentation formalism chosen should be used as a method of implementation. Direct useof a programming language is possible only in very specialized areas and even thisat the expense of loosing the fundamental property of knowledge-based systems: se-paration of knowledge from their interpretation (reasoning, inference). This propertyallows the knowledge engineer to worry only about the content of the knowledge, andnot about how it will be used by an inference procedure.2.1 Programming languages used in the experimentChoice of a programming language for a �rst prototype was left to the students. Ourintention was to cover as broad a spectrum of languages as possible and at the sametime to exploit familiarity with the language for an e�ective development.Programming languages that were actually used can be divided to four main groups:1. procedural languages (C, Pascal),2. declarative languages (Lisp, Prolog),3. object-oriented languages (C++),4. fourth generation languages { 4GL (MS Access, Magic, Power Builder, Visual C).This relatively broad spectrum of languages mirrors current state in programmingindependently of the application being developed. From the knowledge-based systemdevelopment point of view, a level of maturity of the language's supporting environmentis also important. Good debugging facilities, a good editor, an ability to retrace one'ssteps and recover from mistakes are required.2.2 The KEX tool and knowledge representationThe KEX tool is an expert systems shell which incorporates several support tools:knowledge base editor, interface designer, debugger, and database interface. The knowled-ge representation formalism has main impact on the applicability of particular expertsystem shell in various problem domains.The KEX/L language is a hybrid formalism that combines frames, rules, and proce-dural extensions. The use of an object-oriented approach provides a unifying testbedfor fusion of all above mentioned schemes. The frame formalism used in KEX/L repre-sents the object-oriented extension of frames which incorporates the concept of frames.



Another object-oriented feature is introduced at the attribute level where generic att-ributes are allowed. Rules in KEX/L are structured into rulesets. The rule formalismin KEX/L allows to represent speci�c user-de�ned con
ict resolution strategies andalso to alter the actual con
ict resolution strategy during the problem solving process.Specialized con
ict resolution strategies can be assigned to every ruleset. Proceduralknowledge can be represented by functions and procedures in a language similar toPascal.The system architecture was designed to be very 
exible to support future enhance-ments and experiments. Precisely de�ned interfaces between modules create a basisfor futher experiments with the system architecture and with implementation of se-parate modules. By using the above mentioned approach, the system architecture canbe easily restructured according to the speci�c requirements resulting from practicalexperiments performed by the students. Replacement and reimplementation of singlemodules provide a good training facility for getting deeper insight into functionality ofindividual modules.2.3 Examples of developed applicationsStudents involved in the experiment solved di�erent problems in several domains suchas medicine, engineering (electronics circuits testing, motor repair), computer science(computer con�guration), business (businessman advisor), mathematics (di�erentialequations solving), psychology (selection of the most suitable husband/wife for a par-ticular person). When problem categories are considered, the applications fall into thefollowing groups:� diagnosis { medical and technical,� interpretation,� repair,� design (restricted to a known set of possible solutions).Most of the problems that were solved as projects by the students cover the group ofdiagnostic problems. The main reason is that one semester is usually a too short periodto develop more complicated application that would cover also complicated design-typeproblems. On the other hand, our experience is that even the described kind of trainingis suitable for future knowledge engineers.Three main models of problem solution were used by students: (i) sequential evaluationof symptoms in one step, (ii) multi-step evaluation of symptoms, (iii) tree model ofthe problem solution. These models were often extended with uncertainty, markingsolutions, or elimination of impossible solutions, and implemented in some combination.3 Results achieved and DiscussionArti�cial intelligence programming is inherently an exploratory one. The program isoften a vehicle through which we explore the problem domain and discover solutionstrategies. A language suitable for arti�cial intelligence programming should thereforeprovide the following features: modularity, extensibility, useful high-level constructs,



Characte-ristics Procedurallanguages Declarativelanguages OO langua-ges 4GL Expertsystem shellKnowledgerepresenta-tion { datastructures{ control struc-tures of thelanguage { functions/predicates{ list structu-res { classes,objects { relational da-tabase { rules, frames,proceduresDevelopmentsupport high medium high very high mediumExplanationfacility not supported not supported notsupported not supported supported atthe syntacticallevelChangeof the solu-tion set { add newcondition or{ add newstructure { add new fun-ction/ predica-te { add newclass { add new re-cord to the da-tabase { add new ruleand/or frameChangeof the solu-tion charac-teristics(attributes) { di�cult ifknowledge arerepresented ascontrol struc-tures { modify fewfunctions/ pre-dicates { modifyclass and fewobjects { add new att-ribute { add new rule-set, modify fewrulesChangeof the solu-tion model { new prototy-pe should becreated { some of thefunctions/ pre-dicates couldbe reused { 
exibleonlyfor treemethod { new prototy-pe should becreated { some of theknowledgecould be reu-sedDevelopmente�ort medium medium low tomedium low lowTable 1: Knowledge-based system development tools comparisonsupport of early prototyping, program readability, interpreted and compiled modes(Luger, Stubble�eld, 1993).A similar view of suitability of programming language (or tool) for exploratory deve-lopment can be found in (Trenouth, 1991). Four principles are considered: (i) principleof execution (availability of executable intermediate products), (ii) principle of ex-tension (easy modi�cation in order to exihibit new behaviour without adversely a�ec-ting existing behaviour), (iii) principle of exploration of software alternatives (previousproject states should be interactively recoverable), (iv) principle of explanation (ana-lysis and visualisation of life-cycle).In most literature, Lisp and Prolog are considered to be the implementation langua-ges (at least as the language of the �rst prototypical implementation). On the otherhand, our experiment showed us that limitations of currently available programminglanguages from the knowledge-based systems point of view are not so big as they werebefore or may still seem today.Table 1 shows some of the results obtained from our experiment. Problems solved werebrie
y introduced above. Their common feature is that problems have �nite set of solu-tions which is known before process of problem solution is initiated. Process of solutioncould be then considered as the solution selection based on the problem characteristicsdescription (e.g. disease symptoms). Three aspects of change are considered: change



of the solution set, change of the solution characteristics and change of the solutionmodel (sequential, multi-step or tree).The outcome of procedural languages (C and Pascal in the experiment) is not verysurprising. A prototype development for simple problems can be e�ective mainly dueto the fact that the procedural programming skills are frequently already available(no cost) and the cost of mastering a knowledge representation language is relativelyhigh. Their unsuitability for exploratory programming is evident for more complexproblems. Separation of knowledge from its interpretation is not easy, cost of futuremodi�cations, which is a primary principle of exploratory programming, is high.We are not going to comment on the AI languages such as Lisp and Prolog. Theirsuitability for knowledge-based systems development was evident in the experiment andthis fact is largely accepted by the programming community. In particular, Prolog itselfcan serve as a primitive shell with a default inference method already implemented.Object-oriented languages together with four generation languages make programmingeasier mainly by providing a better support to the re-use of software components.Comparison with the expert system shell from the development e�ort evaluation is notfair because knowledge control is implemented already. We include the column mainlyfor the sake of completness of the record of our experiments.4 ConclusionKnowledge-based systems can be constructed with the aid of a large number of tools.The tools range from programming languages to integrated environments. Conside-ration of their suitability is based on the knowledge-based systems life cycle which isexploratory in its nature. We claim that set of languages applicable to knowledge-basedsystems development is growing and subsumes at least object-oriented languages andfourth generation languages.Our experiment which was aimed at evaluating current languages with respect to theirsuitability for knowledge-based systems development came out as a very good educationtool. Students developed expert system in their favourite language which is very oftenconsidered by them as "the best, the most e�ective and the most suitable for all kinds ofproblems". They were not restricted in an approach, e.g. knowledge base and inferenceengine did not have to be separated. After that they explored advantages of the expertsystem shell and some of them (mainly "native" C and Pascal programmers) weredisapointed by the fact that their favourite language is not as best as they believed.More importantly, they realised how important are the principles of development ofknowledge-based systems for their successful implementation.5 ReferencesAgarwal, R. and Tanniru, M. (1990), "Systems development life-cycle for expert sy-stems", Knowledge-Based Systems, Vol. 3, No. 3, pp. 170{180.Bielikov�a, M., Fri�c, P., Galbav�y, M. and Vojtek, V. (1992), "KEX { an environmentfor development of expert systems", Proc. 14th Int. Conf. on Information Tech-nology Interfaces ITI'92, Pula, 1992, pp. 153{158.
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