
Acquiring Expert Knowledge for theDesign of Conceptual Information SystemsGerd StummeTechnische Universit�at Darmstadt, Fachbereich MathematikSchlo�gartenstr. 7, D{64289 Darmstadt, stumme@mathematik.tu-darmstadt.dec
 Springer-Verlag Berlin{Heidelberg 1999Abstract. Conceptual Information Systems unfold the conceptual struc-ture of data stored in relational databases. In the design phase of thesystem, conceptual hierarchies have to be created which describe di�er-ent aspects of the data. In this paper, we describe two principal waysof designing such conceptual hierarchies, data driven design and theorydriven design, and discuss advantages and drawbacks. The central part ofthe paper shows how Attribute Exploration, a knowledge acquisition tooldeveloped by B. Ganter can be applied for narrowing the gap betweenboth approaches.1 IntroductionConceptual Information Systems ([20], [21]) unfold the conceptual structure ofdata stored in relational databases. A Conceptual Information System consistsof the relational database together with conceptual hierarchies. These hierar-chies, called conceptual scales, are used to support navigation through the data.Conceptual Information Systems are based on the mathematical theory FormalConcept Analysis ([10]). The management system TOSCANA visualizes arbi-trary combinations of conceptual scales and allows on-line interaction with thedatabase to analyze and explore data conceptually. TOSCANA has been devel-oped at the Technische Universit�at Darmstadt and is, for four years now, alsomarketed by NaviCon Gesellschaft f�ur Begriffliche Wissensverar-beitung mbH. There are more than 30 Conceptual Information Systems imple-mented up to now, including an information system about laws and regulationsin civil engineering ([7]), a library retrieval system ([14]) and an information sys-tem about 
ight movements ([12]). The use of Conceptual Information Systemsgave rise to new theoretical questions which now dominate the research in For-mal Concept Analysis. The demand of integrating knowledge acquisition toolsin the design process of Conceptual Information Systems appeared for instanceduring the development of a Conceptual Information System about IT security.For most applications, the Conceptual Information System is designed in adiscursive process involving a domain expert and a knowledge engineer. Besidethe database design, the conceptual scales have to be generated. Both steps re-quire knowledge about the domain and about the structure of conceptual scales.In order to obtain interesting and non-trivial insights from the data, it is crucialthat the domain expert is intensively involved in the design process. On the other



hand, it has been observed that the time a domain expert is expected to spendfor the design is one of the most critical factors for the decision of a companywhether to implement a Conceptual Information System. Hence, one importantrequirement is to make the knowledge acquisition from the domain expert moree�cient.In order to keep the scales in a suitable size, they are, in some applications,designed to �t the actual data, and are not conform to all possible updates ofthe underlying database. These scales are derived semi-automatically from theactual data, thus their design needs less expertise | and time| from the domainexpert. If an update violating the structure of the scale happens, then the useris warned, and he has to redraw the scale. If there are only small changes, there-drawing can be done automatically, but due to the lack of acceptable drawingalgorithms for lattices, large changes cannot be recovered automatically, andhave to be e�ectuated by the knowledge engineer. If the latter is not part of thecompany in which the system is implemented, then these eventualities should becovered in advance. Hence, a second requirement is the stability of the conceptualscales against all possible updates of the underlying database. This requirementwill be obsolete when acceptable drawing algorithms for lattices are developed,but this evolution is not in sight in the next future.In this paper, we describe two principal ways of designing conceptual scales,data driven design and theory driven design, and discuss advantages and draw-backs with respect to the two requirements. The central part of the papershows how Attribute Exploration, a knowledge acquisition algorithm developedby B. Ganter, can be applied in order to narrow the gap between both ap-proaches. Attribute Exploration determines implications (functional dependen-cies) between attributes in an interactive session. Its typical application is inMathematics, where mathematical theorems or counter-examples, resp., are askedfrom the mathematician in a systematic way in order to obtain a complete theoryabout speci�c mathematical structures.In the next section, we describe the basics of Conceptual Information Systemsand illustrate them by means of examples. Section 3 discusses the two principalways of preparing a Conceptual Information System: theory driven design anddata driven design. The design of the underlying database scheme is not topic ofthis paper. In Section 4, we describe the algorithm of Attribute Exploration andshow by means of an example how it can be applied to the design of ConceptualScales.2 Conceptual Information SystemsConceptual Information Systems provide a multi-dimensionalconceptually struc-tured view on data stored in relational databases. Conceptual Information Sys-tems are similar to On-Line Analytical Processing (OLAP) tools, but focus onqualitative (i. e. non-numerical) data. The analog to OLAP dimensions are hier-archies of concepts. They are based on Formal Concept Analysis ([23], [10]), amathematical theory modeling the concept of `concept' as discussed in Philoso-2



phy since the logic of Port Royal ([3]) and described in the German IndustrialStandards DIN 2330 and DIN 2331. There, a concept is understood as a unitof thought consisting of two parts: its extension and its intension ([22]). Theextension consists of all objects belonging to the concept, and the intension ofall attributes common to all the objects. In OLAP terminology, intensions ofconcepts correspond to coordinates addressing a cell, and extensions to entriesof cells of a data cube. Formal concepts as de�ned below act as knots tyingtogether the extensional and the intensional aspect of the data.Each conceptual scale is generated from a formal context, a binary relationwhich allocates subsets of the attribute domains of the database to attributeswhich are meaningful to the analyst. The derived conceptual hierarchy can be anarbitrary lattice. It is displayed by a Hasse diagram which provides a universaland intuitively readable visualization of the data. By combining Hasse diagramsand zooming into them, operations similar to slicing, pivoting, drill-down anddrill-up are supported ([17]). In the next section, we provide the mathematicalbackground. Readers not familiar to mathematical notation may directly skip tothe example.2.1 The Mathematical Background: Formal Concept AnalysisDe�nition. A (formal) context is a triple K := (G;M; I) where G and M aresets and I is a relation between G and M . The elements of G and M are calledobjects and attributes, respectively, and (g;m) 2 I is read \the object g has theattribute m".For A � G, we de�ne A0 := fm 2 M j 8g 2 A: (g;m) 2 Ig. For B � M , wede�ne dually B0 := fg 2 G j 8m 2 B: (g;m) 2 Ig. Now a (formal) concept is apair (A;B) such that A � G, B � M and A0 = B, B0 = A. (This is equivalentto A and B being maximal with A�B � I.) The set A is called the extent andthe set B the intent of the concept.Each formal context gives rise to a conceptual hierarchy, called concept latticeof K and denoted by B(K). The hierarchical subconcept{superconcept{relationof concepts is formalized by(A;B) � (C;D) :() A � C (() B � D) :Theorem1 (cf. [10]). The set of all concepts of the context K together withthis order relation is a complete lattice. I. e., for each set (At; Bt), t 2 T , ofconcepts, a least common superconcept and a greatest common subconcept exist.They are computed as follows:_t2T(At; Bt) = (([t2T At)00;\t2T Bt) ; t̂2T(At; Bt) = ((\t2T At; ([t2T Bt)00)The �rst equation describes the aggregation along the subconcept-superconcept-hierarchy: The extent of the least common superconcept is the closure by 00 ofthe set union St2T At. Because of the symmetry of the de�nition, attributes3
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Unzureichende Kenntnis über Regelungen
Vertraulichkeits-/Integritätsverlust von Daten durch Fehlverhalten der IT-Benutzer
Fahrlässige Zerstörung von Gerät oder Daten
Nichtbeachtung von IT-Sicherheitsmaßnahmen
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ichtung der Mitarbeiter aufEinhaltung einschl�agiger Gesetze,Vorschriften und RegelungenM 3.3: VertretungsregelungenM 3.4: Schulung vor Programmnutzung M 3.5: Schulung zu IT-Sicherheitsma�-nahmenM 3.6: Geregelte Verfahrensweise beimAusscheiden von MitarbeiternM 3.7: Anlaufstelle bei pers�onlichenProblemenM 3.8: Vermeidung von St�orungen desBetriebsklimasFig. 1. Formal context about perils and counter-measures concerning IT security inHuman Resourcescan be aggregated in an analogous way by descending the hierarchy (cf. secondequation). Again, the appropriate aggregation is not set union, but its closureby 00. This allows the investigation of implications (functional dependencies)between the attributes:De�nition. For two sets X;Y �M of attributes, the implication X ! Y holdsin a formal context, if each object having all attributes inX also has all attributesin Y (i. e., X 0 � Y 0, or equivalently Y � X 00).These implications play an important role in data analysis, and are also crucialfor knowledge acquisition by Attribute Exploration (cf. Sect. 4). 1Example: The following example is taken from an information system about ITsecurity ([16]). In the `IT{Grundschutzhandbuch' of the Bundesamt f�ur Sicher-heit in der Informationstechnik ([4]), perils to certain objects, such as e. g. infrastructure, telecommunication, human resources, are listed, and counter-measuresare discussed. The presented information system is for demonstration purposeonly, but a similar, more praxis oriented system with a higher level of detail iso�ered by NaviCon. The design of conceptual scales for the latter gave rise tothis paper.1 A remark for readers who are familiar with association rules ([1]): Implications areassociation rules with minsupp=0 and minconf=1. In the framework of this paper,other association rules than implications are of no importance, because the concep-4
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M 3.1M 3.3Fig. 2. Hasse diagram of the formal context in Fig. 1The table for human resources from [4] is given in Fig. 1. It can be under-stood as a formal context, where the perils `Personalausfall' (Sta� drop out),: : : , `Social Engineering' are the attributes, and the counter-measures M 3.1,: : : , M 3.8 are the objects. The relation assigns to each peril possible counter-measures. The context has 13 formal concepts. For instance, there is one concepthaving M 3.2, M 3.5, M 3.7, and M 3.8 in its extent, and `Fahrl�assige Zerst�orungvon Ger�at oder Daten' (negligent destruction of machines or data), `Manipu-lation/Zerst�orung von IT-Ger�aten oder Zubeh�or' (manipulation of IT tools oraccessories), and `Manipulation an Daten oder Software' (manipulation on dataor software) in its intent.The concept lattice of that formal context is shown in Fig 2. Each circlestands for a formal concept, and the subconcept-superconcept hierarchy can beread by following ascending paths of straight line segments. The intent [extent]of each concept is given by all labels reachable from that context by ascending[descending] paths of straight line segments. For instance, the concept mentionedabove is the one labeled by M 3.8.In such a diagram, we can read the implications between the attributes.For determining the conclusion of an implication, one determines the greatestcommon subconcept of the premise (the concept where \the attributes of thepremise �rst meet" by descending the diagram), and collects all attributes listedabove. I. e., the implication X ! Y holds if and only if Wm2X (fmg0; fmg00) �(fng0; fng00) for all n 2 Y . The concept (fmg0; fmg00) is the concept which islabeled by the attribute m. For instance, we have that each counter-measureagainst both `Fehlerhafte Nutzung des IT-Systems' (misuse of the IT system)tual scales to be created shall cover all possible combinations, not only the frequentones. 5



Bauteil Bauteileart Nennweite DichtWerkst Wanddicke

Rohr DIN 2448- 13 CrMo 4 4 -355,6x8,0 Rohr                          350 8

Rohr DIN 2448- 13 CrMo 4 4 -355,6x8,8 Rohr                          350 8,8

Rohr DIN 2448- 13 CrMo 4 4 -355,6x11,0 Rohr                          350 11

Rohr DIN 2448- 13 CrMo 4 4 -406,4x8,8 Rohr                          400 8,8

Rohr DIN 2448- 13 CrMo 4 4 -406,4x11,0 Rohr                          400 11

Rohr DIN 2448- 13 CrMo 4 4 -406,4x14,2 Rohr                          400 14,2

Flansch C 15x21,3 DIN 2631 - St 37-2 Vorschweißflansch 15 Weichgumm 2

Flansch C 20x26,9 DIN 2631 - St 37-2 Vorschweißflansch 20 Weichgumm 2,3

Flansch C 25x33,7 DIN 2631 - St 37-2 Vorschweißflansch 25 Weichgumm 2,6

Flansch C 32x42,4 DIN 2631 - St 37-2 Vorschweißflansch 32 Weichgumm 2,6Fig. 3. Part of a many-valued contextand `Manipulation an Daten oder Software' (the only counter-measure againstboth perils simultaneously is M 3.5) is also a counter-measure against the perils`Manipulation/Zerst�orung von IT-Ger�aten oder Zubeh�or', `Nichtbeachtung vonIT-Sicherheitsma�nahmen' (ignoring of IT security measures), and `Fahrl�assigeZerst�orung von Ger�at oder Daten'.2.2 The conceptual data model of Conceptual Information Systems:Many-valued contexts and conceptual scalesOften attributes are not one-valued as in the previous example, but allow arange of values. This is modeled by a many-valued context. In order to obtain aconcept lattice, a many-valued context is `translated' into a one-valued contextby conceptual scales. (Remark that `conceptual' is used in two di�erent meaningsin the heading!)De�nition2. A many-valued context is a tuple (G;M; (Wm)m2M ; I) where Gand M are sets of objects and attributes, resp., Wm is a set of values for eachm 2M , and I � G�Sm2M (fmg�Wm) such that (g;m;w1) 2 I and (g;m;w2) 2I imply w1 = w2. A conceptual scale for an attribute m 2 M is a contextSm := (Gm;Mm; Im) with Wm � Gm. The context (G;Mm; J) with gJn :()9w2Wm: (g;m;w)2I ^ (w; n)2Im is called the realized scale for the attributem 2M .Example: Figure 3 shows a part of a many-valued context about pipes. Thetotal context consists of 240 pipes, 2428 curved pipes, 560 T-parts, 348 
anges,and 385 restricted �ttings, and of 54 attributes. The objects are listed in thecolumn `Bauteil' (Part). In Fig. 4, the realized scale for the attribute `Bauteileart'(Part type) is given. Since there are almost 4000 objects, the diagram does notdisplay their names, but contingents only.Conceptual Information Systems consist of a many-valued context togetherwith a collection of conceptual scales. The many-valued context is implemented6
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1215 240 560 385 30 72 15 48 33 36 271213 52 305Fig. 4. Realized scale `Part type'as a relational database. The collection of the scales is called conceptual scheme([20], [15]). It is written in the description language ConScript ([19]). Besidethe contexts of the conceptual scales, the conceptual scheme also contains thelayout of their line diagrams. The layout has to be provided in advance, since,in general, well readable line diagrams cannot be generated fully automatically.For Conceptual Information Systems, the management system TOSCANA([13], [21]) has been developed. Based on the paradigm of conceptual landscapesof knowledge ([24]), TOSCANA supports the navigation through the data byusing the conceptual scales like maps designed for di�erent purposes and indi�erent granularities. We illustrate the navigation procedure by the pipelinesystem.Example: The context in Fig. 3 and the conceptual scale in Fig. 4 are part of aConceptual Information System on pipelines ([18]). It shall support the engineerby choosing suitable parts for a projected pipeline system. Let us assume that heneeds a pipe which has an inner diameter of about 100mm and a wall thicknessof about 4mm. Starting with the scale `Part type' in Fig. 4, he �nds the conceptlabeled with the attribute `Rohre' (Pipes), and sees that he can choose among240 di�erent pipes. By zooming into that context with the scale `Inner diameter',see Fig. 5), he can see the distribution of the 240 pipes according to their innerdiameter. Each concept stands for an interval. Since the engineer is interested inpipes with about 100mm inner diameter, he chooses the 8th concept from theright at the bottom level, which stands for the interval 90{110mm. By taking a7
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5 5 10 5 15 15 20 20 20 20 20 15 20 20 15 15Fig. 5. Realized scale `Inner diameter' after zooming into the concept labeled by`Rohre' in Figure 4concept which is higher in the hierarchy, he could have continued with an intervalof larger width. By zooming into the chosen concept with the next conceptualscale (e. g.`Wall thickness'), the engineer can drill-down further until he obtainsa small number of parts which are suitable for the projected pipeline system.By clicking on the numbers, he can obtain the names of the parts, and can thendrill-down to the original data given in the database or to additional informationsuch as DIN standards.3 Preparation of Conceptual Information SystemsThe preparation of a conceptual information system consists basically of twosteps. First, the underlying many-valued context has to be designed and imple-mented as a database system. Second, the conceptual scales have to be created.Both are non-trivial tasks which require expertise in the domain of interest aswell as in the knowledge representation techniques of formal concept analysis.Hence conceptual information systems are usually designed in a discursive pro-cess involving both domain experts and knowledge engineers ([2]). This processis described in detail in [7] for a system about laws and regulations in civilengineering. 8



In this paper, we focus on the second step of the preparation. We assume thatthe many-valued context is already given. The task is then to design adequateconceptual scales. We discuss the two basic ways.3.1 Theory Driven DesignThe �rst step in designing scales driven by theory is to choose attributes mean-ingful to the user. They need not to be the domain values of the database, butare usually on a more general level. For instance, the user is often not interestedin exact numerical values but only in certain ranges: In a medical application,the physician is not interested in the exact pH level of the blood, but only if thepH level is pathological or even dangerous.The second step is to assign the domain values to the attributes. Here, theknowledge engineer has to bring in his expertise about conceptual hierarchies,since domain experts always tend to scale nominally. In the medical example, forinstance, a longer discussion revealed that a dangerous pH level is also under-stood as pathological, hence a bi-ordinal scale (with a third attribute `pH levelnormal') was chosen.Figures 4 and 5 show two theory driven scales. While the scale in Fig. 4is specially designed for the application, the inter-ordinal scale in Fig. 5 is astandard scale that is used in many applications. Typically, database attributesof type string need an individual design, while numerical types as integer orreal allow the use of standard scales. There is a broad variety of standard scalesthat can be used, e. g., nominal scales, ordinal scales, and inter-ordinal scales.In the latter case, only the number of intervals to be considered and the intervalboundaries have to be �xed. It is planned to release the knowledge engineer fromimplementing such standard scales by implementing parametrized scales whichadopt themselves to the actual range of the values. Naturally this approach failsfor free-text entries such as those in `Bauteileart' in Fig. 3. Here the conceptualstructure in the data has to be determined in a discursive process.3.2 Data Driven DesignWhile theory driven design is typically (but not exclusively) applied to many-valued attributes, data driven design is only possible for the data type boolean.In that case, the attributes of the database are usually also the attributes of theconceptual scale. While there is normally one conceptual scale for each many-valued attribute, some one-valued (i. e., Boolean) attributes are grouped togetherin order to form one conceptual scale. The task for knowledge engineer anddomain expert is to �nd a suitable grouping of the attributes. Groups shouldnot be too large since the size of the scale may be exponential to the numberof attributes; neither too small in order not to hide dependencies between theattributes. Typically there are between �ve and ten attributes. But before all,it is important that attributes addressing similar topics are grouped together.Therefore it is possible that attributes appear in more than one scale.9
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The big disadvantage of this approach however is that scales need not beconsistent with updates of the database. New entries can contradict to the func-tional dependencies used for the design of the conceptual scales. If there are nottoo many new concepts (up to ten at the moment), and if the structure of thenew scale does not di�er too much from the original scale, then the diagramcan be re-drawn automatically. However, if the change is more complex, thenthe layout has to be done manually, which usually requires the expertise of theknowledge engineer. Hence, an important research task is the development offully automatic lay-out algorithms for lattices. Unfortunately, satisfying answersare not in sight in the next future.For applications provided to a remote client or for time critical applicationsit is therefore important to prepare the scales such that future updates of thedatabase are covered. Hence all possible combinations of attributes have to bedetermined before handing over the information system. In the next section wediscuss how this task can be performed in a systematic way by involving thedomain expert as less as possible.4 Extending Scales by Attribute ExplorationThe data driven design of a conceptual scale provides us with all combinations ofattributes which occur as concept intents for the actual data. Then the questionarises which combinations may occur additionally. As we pointed out in the lastsection, the powerset of the attribute set would cover all eventualities, but is ingeneral too large for practical applications. Hence we have to �nd a subset of thepowerset, which contains all possible combinations, by systematically inquiringthe domain expert.The solution to that problem is Attribute Exploration ([8], [10]), an inter-active knowledge acquisition algorithm developed by B. Ganter. The algorithmis implemented in the program ConImp ([5]) of P. Burmeister. It bene�ts fromthe fact that the requested set of intents must be closed under set intersec-tion (cf. to �rst equation in Theorem 1). The knowledge is acquired from thedomain expert in a dialogue in which he has to answer questions of the form\Does each possible object in the database having attributes x1, : : : xn nec-essarily have the attributes y1, : : : ym as well? (I. e., \Does the implicationfx1; : : : ; xng ! fy1; : : : ; ymg hold?") Either the expert con�rms the implication,or he has to provide a counter-example.Details about Attribute Exploration can be found in [8] and [10]. Here, weonly give a short summary: The algorithm uses the fact that, for a given formalcontext, the implications P ! P 00, where P is a pseudo-intent (see below), aresu�cient (and even minimal) for describing the structure of the concept lattice.This set of implications is called the Duquenne-Guigues-basis ([6], [11]).The algorithm asks the implications in such a sequence that pseudo-intentsdetermined once remain pseudo-intents even after adding the counter-examplesto the context: 11



De�nition. A set P �M of attributes is called a pseudo-intent, if P 6= P 00 andif for each pseudo-intent Q � P the inclusion Q00 � P holds.For a set X �M and a set L of implications, we de�ne L�(X) as the closureofX under repeated application ofX 7! X[SfB j A! B 2 L; A � X;A 6= Xg.For sake of simplicity, we assume now that M = f1; 2; : : :; ng. For i 2M , wede�ne X <i Y : () i 2 Y nX and X \ f1; : : : ; i � 1g = Y \ f1; : : : ; i � 1g.Furthermore we de�ne a lectic order on the subsets of M by X < Y :() 9i 2f1; : : : ; ng:X <i Y .Algorithm: Let (G;M; I) be the formal context determined by data drivendesign. The setM contains the attributes that are used as labels in the diagram.The set G contains strings which are used as where-parts of SQL-statementswhich TOSCANA generate in order to query the database.1. The �rst intent or pseudo-intent is the empty set.2. For a given intent or pseudo-intent X one obtains the next intent or pseudo-intent in the lectic order by letting i := n, and decreasing i until X <iX� := L�((X \ f1; 2; : : : ; i � 1g [ fig) holds. X� is then the next intent orpseudo-intent in the lectic order.3. IF X� =M then Stop.4. If X� is an intent, then let X := X� and go to 2).5. If X� is a pseudo-intent, then ask the user \Does the implicationX� ! X�00hold?" If the answer is \Yes", then add the implication to L. Let X := X�and go to 2). If the answer is \No", then the user has to provide a counter-example. Add the counter-example to G and go to 4).The dialogue is optimal in the sense that the number of con�rmed implicationsis minimal. The complexity of the algorithm is, for each concept, cubic in thenumber of attributes and objects. As the number of the concepts can growexponentially in the number of attributes, the overall complexity of the algorithmis exponential. However, as the number of attributes for one scale is usuallybetween �ve and ten, and the attributes are normally not totally independent,the number of questions is tolerable in all practical applications.Attribute Exploration can handle the answer \I don't know", but for design-ing a conceptual scale, �nally each of the implications has to be either con�rmedor rejected. As \I don't know" indicates that there may be objects that violatethe implication, only the interpretation of these answers as \no" assures thatthe scale will be consistent for all possible updates of the database.Example: The `IT-Grundschutzhandbuch' provides for each object the relation-ship between its related perils and counter-measures. The relationship betweenobjects and perils is not given explicitly in the handbook. Since the data tablesare designed locally | for each single object | only, there may be groups ofobjects sharing the same perils which are not identi�ed in the book. Figure 6provides us with the scale considering only the actual entries in the handbook.12
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4.3.1 Büroraum
4.2 Verkabelung

4.1 Gebäude

Fig. 7. The scale `Rooms' extended by Attribute ExplorationFor determining all possible combinations of objects, we applied Attribute Ex-ploration to that scale. The exploration dialogue consisted of twelve questions,starting with:\Is each possible peril for `Geb�aude' (building) and `Archiv' (archive) neces-sarily a peril for `Serverraum' (server room) and `Infrastrukturraum' (infras-tructure room)?" | \Yes" | \Is each possible peril for `Infrastrukturraum'necessarily a peril for `Serverraum?" | \Yes" | \Is each possible peril for`Infrastrukturraum' necessarily a peril for `Serverraum?" | \Yes" | \Is eachpossible peril for `Serverraum' and `Archiv' necessarily a peril for `Infrastruk-turraum?" | \No." : : :For the last question, one can e. g. provide the attribute `Datentr�agervernichtung'(destruction of storage media) as counter-example. In this example, nine of thetwelve implications were accepted, and three denied. The resulting scale is shownin Figure 7. It consists of 18 concepts, while the `worst case', the Boolean scale,has 26 = 64 concepts and is too large for a useful visualization. The blackcircles indicate how the data driven scale is embedded in the scale determinedby Attribute Exploration. This example also shows that the diagram has to bere-layouted for remaining readable. 13



5 OutlookWe have shown how the gap between data driven and theory driven designcan be bridged (or at least narrowed) by applying Attribute Exploration. Thisknowledge acquisition process serves three purposes. Firstly, it makes knowledgeacquisition from the domain expert more e�cient, since it starts with the ac-tual data (instead from the scratch) and solves the remaining questions in asystematic and somehow minimal way. Secondly, it allows to prepare the scalesso that all eventual updates of the database are covered a priori. Hence the sys-tem can be run without support of the knowledge engineer. Thirdly, the processprovides to the domain expert a better understanding of the data by making hisknowledge explicit.A restraint for the approach is however that a certain knowledge about thedependencies between the attributes must be present. Although the answersduring the dialogue do not have to be infallible (since TOSCANA provides awarning if an accepted implication is violated), they must however be con�dentto a certain degree. For instance, the Library Retrieval System at the `Zentrumf�ur interdisziplin�are Technikforschung' at the Technische Universit�at Darmstadt([14]) is also based on a data driven design. In that application, books and jour-nals are objects, and catchwords are attributes. The conceptual scales producedby data driven design are almost all near to Boolean scales, i. e., almost all com-binations of catchwords are possible. In this application, the experts were notable to answer the questions with a certain con�dence, since for each remain-ing combination of catchwords one could imagine a book having exactly thosecatchwords. Such applications would pro�t enormously from automatic layoutalgorithms for lattices.An automatic layout algorithm would also provide the possibility to chooseon-line Boolean attributes (e. g., catchwords) of the database and to let theresulting conceptual scale be drawn on the 
y. The development of layout algo-rithms is one of the most urgent research tasks for advancing the commercialapplication of conceptual knowledge processing.Attribute Exploration determines the structure of the conceptual scale only;but it does not indicate which concepts may be labeled by objects. Each conceptwhich potentially is labeled gives rise to a SQL-query. Hence it may be of interestfor time-critical applications to minimize the number of these concepts. Fordetermining them, a variation of Attribute Exploration calledClause Exploration([9]) can be applied. As this knowledge acquisition procedure generates morequestions than Attribute Exploration, it has to be examined for each applicationif the extra work during the design phase is really necessary.References1. R. Agrawal, T. Imielinski, A. Swami: Mining association rules between sets of itemsin large databases. Proc. ACM SIGMOD, 19932. U. Andel�nger: Diskursive Anforderungsanalyse: ein Beitrag zum Reduktionsprob-lem bei Systementwicklungen in der Informatik. Peter Lang, Frankfurt 1997.14
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