128________________________Permission to make digital/hard copy of all part of this work for per-sonal or classroom use is granted without fee provided that copies arenot made or distributed for profit or commercial advantage, the copy-right notice, the title of publication and its date appear, and noticeis given that copying is by permission of ACM, Inc. To copy otherwi-se, to republish, to post on servers or to redistribute to lists, requiresprior specific permission and/or fee.SIGIR’96, Zurich, Switzerland'1996 ACM 0-89791-792-8/9608.$3.50Evaluating User Interfaces to Information Retrieval Systems:A Case Study on User SupportGiorgio Brajnik, Stefano Mizzaro, Carlo Tasso{giorgio|mizzaro|tasso}@dimi.uniud.itDipartimento di Matematica e Informatica, University of UdineVia delle Scienze, 206Loc. Rizzi — 33100 Udine — ITALYAbstractDesigning good user interfaces to information retrievalsystems is a complex activity. The design space is large andevaluation methodologies that go beyond the classicalprecision and recall figures are not well established. In thispaper we present an evaluation of an intelligent interfacethat covers also the user-system interaction and measuresuser’s satisfaction. More specifically, we describe anexperiment that evaluates: (i) the added value of the semi-automatic query reformulation implemented in a prototypesystem; (ii) the importance of technical, terminological,and strategic supports and (iii) the best way to provide them.The interpretation of results leads to guidelines for thedesign of user interfaces to information retrieval systemsand to some observations on the evaluation issue.1 . IntroductionInformation retrieval (IR) technologies are playing anincreasingly important role in more and more applicationsthat range from retrieval of textual information fromdatabases, to navigation in a network of informationsources.They all make the fundamental assumption that the end-user is directly operating an artificial intermediary, whichenables and actively supports the access to informationsources. The user can, and indeed has to, explore theinformation space, examine selected information items andcontrol the information search process.In most cases neither the end-user nor the artificial in-termediary possess enough knowledge to solve au-tonomously the information problem. End-users might notbe able to cope with complex search environments andsituations. Artificial intermediaries cannot assess relevanceand utility of retrieved information items. Thus, end-usersand artificial intermediaries have to co-operate in aninteraction dialogue aimed at incrementally solve the user’sinformation problem.Designing good artificial intermediaries is, however,difficult. First, the space of design alternatives is large andcomplex. Conceptual models of the functionalities ofinformation intermediaries (e.g. MONSTRAT andMEDIATOR models [Belkin, Brooks and Daniels, 1987;Ingwersen, 1992]) show that a rich set of interrelatedfunctions need to be implemented. Other studies (e.g.[Bates, 1990]) suggest that when users interact with arti-ficial intermediaries the boundary between them mightdynamically change (in abstraction level and in machineinvolvement).Second, the criteria to be used to assess the quality ofartificial intermediaries are not sufficiently well understoodand established. Evaluation methodologies adopted forinformation retrieval systems tend to address a restrictedformulation of the problem, often focusing on precision andrecall figures only and forgetting to include end-users. Users’information seeking behavior and users’ interaction with theartificial intermediary are crucial factors that need to beconsidered in the evaluation.In this paper we discuss and evaluate different types ofsupport that an intermediary may provide to its users. Wedescribe an experiment performed for determiningimportance, effectiveness and best modality for providingtechnical (i.e. concerned with the system), terminologicalor strategic help.The adoption of a taxonomy of user supports and a set ofobservation variables that covers not only searcheffectiveness but also user satisfaction enable a deepevaluation of user behavior and the identification of generaldesign guidelines for user interfaces to information retrievalsystems.Obtained results show that all three kinds of support areimportant and needed in user interfaces to informationretrieval systems. Different modalities, though, should beadopted for delivering them.2 . User interfaces to IR systemsA User Interface to an IR System (UIIRS) [Ingwersen, 1992;Marchionini, 1992; Gauch and Smith, 1993] is a front-endprogram which interacts with the user and controls anunderlying information retrieval system accessinginformation resources. Its main goal is to empower the userwith the capability to operate effectively without the need of

129an experienced human intermediary.The absence from the scenario of a human intermediaryhas the consequence that users explore autonomously theinformation space; they don’t need to make explicit theirproblems, and they don’t have to cope with possiblydifficult interpersonal communication. On the other hand,users might miss the conceptual help and specialized skillsthat human intermediaries can provide. Users are oftenoverwhelmed by complex IR problems, whose effect isusually mitigated by relying on human intermediaries: thevocabulary problem [Furnas et al., 1987], the anomalousstate of knowledge [Belkin, Oddy and Brooks, 1982a;1982b], the label effect, and the explicitation of visceraland muddled needs [Ingwersen, 1992]. Users might also needtechnical help on commands, controls and displayedinformation of the program they are using. Therefore,effective UIIRS have to provide a wide range of technical andconceptual support to users. Furthermore, as suggested byseveral studies (e.g. [Bates, 1989; 1990; Ingwersen, 1992])UIIRS should support unstructured user information-seekingbehavior, with a dynamically changing man-machineboundary. Last, but not least, UIIRS should implement thefunctionalities described in conceptual models ofintermediaries like MEDIATOR [Ingwersen, 1992] and,ideally, they should be able to engage in complexexplanatory activities as analyzed by [Belkin, 1988].It is thus not surprising that designing UIIRS is adifficult activity. The number and complexity of conceptualand technical issues can easily become overwhelming unlessthe designer identifies specific levels of analysis and definesspecific options to be analyzed, implemented and evaluated(see, for example, [Belkin and Marchetti, 1990]). In thispaper we focus on different kinds of support that the UIIRScan provide to the user.2 . 1 . Supporting users of IR systemsAs an evaluation framework, we propose a simple taxonomy(called support space) of possible kinds of help that a UIIRScould provide to users during the interaction, possiblyadopting different modalities.According to the nature of the support, we distinguishamong:¥technical help, enabling the user to interact with theUIIRS in an effective and satisfactory way. Forexample by highlighting the role of a certain controloption.¥conceptual help, supporting the user in overcomingproblems related to the information seeking process.Conceptual help can be distinguished in:-terminological help, to enrich the vocabulary theuser adopts when formulating the problem. Forexample, to suggests lists of synonymous terms;-strategic help, to improve the user’s effective-ness in conducting a search session. Forexample, to overcome adverse situations, such aswhen zero items are retrieved by a query.Help is provided through a of dialogue, i.e. a specificinteraction engaging the user and the UIIRS. There aredifferent modalities that can be adopted during suchdialogues:¥contextual vs. generic, according to the context thehelp depends on. If it depends on the specific userbehavior and user situation (e.g. suggesting asynonymous term of a term just added to the query bythe user) then it is contextual. It is generic if it refersto general aspects or guidelines (e.g. suggesting thatreducing the number of AND-ed concepts is a way toenlarge the number of retrieved items).¥prompted vs. unprompted, according to the agent(user or UIIRS) that starts the help dialogue. It isprompted if it follows an explicit user request (e.g.user asks for synonymous terms). Unprompted helpis given automatically by the UIIRS when certainsituations are detected (e.g. users actions areinconsistent with the query, such as reducingsynonyms for a query that retrieved zero items).¥user- vs. system-controlled, according to the agentthat controls the evolution of the dialogue. Forexample, a user-controlled help dialogue may be aninteraction where the UIIRS offers to the user abrowser on a network of related terms, and the userdecides how to navigate it. A system-controlleddialogue would present to the user a list of terms, askfor confirmation or selection, and move on.2 . 2 . Evaluation of user interfacesWell-founded studies of behaviors of users interacting withUIIRS could shed light on many issues that are yet to bethoroughly investigated. First, results from experimentscould be used to better understand the role of UIIRS and toidentify important issues in man-machine interaction aimedat information retrieval and usage. Secondly, diagnosticevaluations are essential in developing design guidelinesand in determining most promising design options.Evaluation of UIIRS shares the difficulties of evaluatingeffectiveness of information retrieval systems (e.g. dealingwith the evasive concept of relevance; coping with the coreIR problems mentioned previously; variability of manyfactors, like systems, databases, intermediaries, etc.)[Tague-Sutcliffe, 1992; Robertson and Hancock-Beaulieu,1992; Saracevic et al, 1988; Saracevic and Kantor, 1988a;1988b]. Moreover, it puts in the foreground users, theirinformation problems, and their interaction with the UIIRS.The consequence is the need to deal not only withquantitative performance levels (such as precision andrecall), but also with qualitative aspects that are morecomplex to define, acquire, and codify, like users’ perceptionof obtained results and of the information seeking process.Furthermore, diagnostic evaluations, whose purpose isto determine relative strengths of alternative methods tointeract with the user (i.e. different functionalities ordifferent interaction styles), need to characterize andmeasure effects on cognitive aspects that may be difficult tobring into focus and to isolate from undesired environmentalinfluences.Evaluation of user satisfaction with respect toinformation retrieval systems have been pursued in someresearch effort [Dalrymple, 1990; Dalrymple and Zweizig,1992; Bailey and Pearson, 1983; Doll and Torkzadeh, 1988;1989]. However, often the data acquisition techniquesadopted seem not to be the most appropriate. Directquestions (such as "was the system easy to use?") typicallylead to positively biased answers; interviews need complexmethods for codifying the rich set of information gatheredfrom subjects answers; and "think aloud" techniques don’t

130guarantee that the verbalization adheres to the real behavior[Nisbett and Wilson, 1977]. Semantic differentials, Likertscales, line length methods, when used appropriately, seemmore accurate and effective.3 . The FIRE systemFIRE (Flexible Information Retrieval Environment)[Brajnik, Mizzaro and Tasso, 1995] is a prototype of aUIIRS. Its main goal is to emulate some of the functions of ahuman intermediary by interacting directly with end-usersand by supporting them during query reformulation. Thesecapabilities are accomplished through the use of explicitrepresentations of knowledge of intermediary skills andsubject domains.FIRE enables the user to enter an information problem,to retrieve documents, and to read and classify them. Whennot satisfied with the results, the user can start a semi-automatic query reformulation process. On the basis of thecurrent representation of the information problem, the queryreformulation capability selects from an appropriateknowledge base a set of alternative or additional terms,proposes them to the user for confirmation, modifies theproblem description and performs searches in the database.In this way, FIRE provides terminological support in acontextual, prompted, and system-controlled modality.FIRE includes the following four main subsystems:¥The Information Retrieval Subsystem, devoted tostoring and accessing the documents of thedatabases, implemented with of a boolean system.Currently, this subsystem manages threebibliographic databases whose size ranges from5,000 to 20,000 document descriptors.¥The Information Retrieval Expert Subsystem, aknowledge-based subsystem devoted to proposerelevant terms to the user during the semi-automaticquery reformulation. It exploits two knowledgebases:-The Domain Specific Knowledge Base, devoted torepresenting the terminological knowledge ofthe domain considered in the currently accesseddatabase. Terminological knowledge is organizedin a semantic network, whose arcs representrelationships utilized in a typical thesaurus, suchas ’broader term’, ’narrower term’, ’related term’,and nodes represent terms of the domain,together with additional information, such asposting count and a ’controlled/non controlled’flag. This knowledge base, together withstemming algorithms, is the source of the termsproposed to the user.-The domain-independent Expert Knowledge Base,that provides the criteria for selecting the termsto be offered to the user during the automaticquery reformulation. It is constituted by: tactics[Bates, 1979], i.˚e. elementary operationsutilized to appropriately modify a single aspectof a query; plans, i.˚e. sequences of one or moretactics exploited for performing more extensivemodifications to a query; and preference criteria,used to identify the order to be used forprocessing the various terms of the query duringthe reformulation.¥The User Interface, the graphical user interface ofFIRE, that allows the user (i) to provide to thesystem a representation of the information need, (ii)to display the content of the documents, (iii) toselect terms (among those proposed by the system)to be inserted in the query for reformulation, and (iv)to classify retrieved documents into (built-in oruser-defined) categories such as ’useful’, ’not useful’,’relevant’, ’not relevant’.Figure 1 presents two windows of the user interface. Thebackground window is the main window, in which the userenters a boolean query and constraints on the search, i.e. thenumber of desired documents and the search objectives(namely, high-recall or high-precision). The boolean queryis constituted by facets (i.e. disjunctions of terms) which arelogically AND-ed. Each term is shown with relatedinformation: its posting count, a controlled-term flag, a(user specified) degree of interest. Buttons are available tomodify facets, terms and their attributes. The buttons on topof the window are used to start the reformulation process, todirectly search the database, and to classify the retrieveddocuments. On the right hand side of the main window,mouse sensitive titles (and possibly contents) of retrieveddocuments are shown. The foreground window of Figure 1shows a list of terms obtained from ’NEURAL NETWORKS’via a similarity search over the controlled terms of theDomain Specific Knowledge Base; they are the results of theapplication of a specific tactic. Terms accepted by the user(shown in boldface) are automatically added to the query inthe appropriate facet. This kind of terminological support issystem-controlled, but the user can get the control of theinteraction by clicking on the "Suspend" button, andperform some other activity, like to read retrieveddocuments or to manually modify the query.4 . Evaluating user supportsThe experiment has been performed to investigate thefollowing issues: (i) determining the added value of theautomatic query reformulation capability of FIRE(hereinafter AR), and (ii) evaluating the importance ofdifferent kinds of support along with the modalities forproviding them. The former objective is motivated by theneed of an effective method to determine improvements inthe development of a UIIRS. The latter objective stems fromthe need to evaluate different design options concerning notonly the terminological support but also the more generalconceptual support.4 . 1 . Experimental designThe experiment was designed and executed together with ateam of psychologists. According to [Robertson andHancock-Beaulieu, 1992], it can be classified as:¥A laboratory experiment (as opposed to an opera-tional one), in which induced information needs wereused and the bibliographic database (20,000 itemsregarding artificial intelligence derived fromINSPEC) is smaller than real collections.¥A diagnostic experiment (as opposed to a black-boxone), aimed at obtaining useful information to guidethe design of UIIRS, and not only at evaluatingsystem performance.¥An experiment in which both quantitative and

131TH refers to a support provided through a printedthesaurus (obtained from the Domain SpecificKnowledge Base) that the user could manuallyconsult;¥TE refers to a human expert providing only ter-minological help in a contextual prompted modality;¥SE refers to a human expert providing only strategichelp in a generic prompted modality;¥FIRE— stands for FIRE without AR, and FIRE+ for thecomplete system.In the two sessions, subjects were given (in randomorder) two information problems (labelled A and B, seeFigures 2 and 3). Each problem includes a topic, whichidentifies the area of the search (e.g., "The role of humanfactors in interfaces for monitoring systems") and a task,which defines the criteria to be used for selecting usefuldocuments (e.g., "prepare a seminar in two days"). Theinformation problems were designed in order not to retrievetoo many documents: in the database there were less than 20useful documents for each of the two information problems.Group THGroup TEGroup SE

Session ITH+FIRE—TE+FIRE—SE+FIRE—

Session IIFIRE+FIRE+FIRE+

Table 1: Organization of the subject groups for theexperiment.4.1.2.Independent and dependent variablesTwo independent variables are used to create the differentscenarios: the system type (with or without AR) and thesupport type (TH, TE or SE).The dependent variables are chosen to provide threecategories of information: about user satisfaction,performance and user behavior.User satisfaction is measured through questionnaires inwhich the user evaluates: the quality of the retrievedinformation; the effectiveness of the system; the

132Imagine you are working for a firm dealing with nuclear reactors. The R&D lab needs literature information on the topic:

Fault diagnosis of cooling systems in fission reactors

Your manager asks you to get documentation on existing applications or validated prototypes, in order to see how the problem has been faced in realistic settings.

Based on your previous experience, you guess that the database contains no more than twenty documents treating the topic.

Figure 2. Problem A.Imagine you are a PhD student. Your advisor asks you to prepare in two days a seminar for a first year course. The title of the seminar is:

The role of human factors in interfaces for monitoring systems

Your advisor suggests that there should be some fifteen papers dealing with the topic. You have no knowledge on this topic and decide to use FIRE for finding a bibliography. Since you only have a short time, you will read only the most general and introductory documents, discarding conference proceedings and other too specific documents.

Figure 3. Problem B.complexity of the information problems; the receivedsupport; the influence of the reformulation in understandingand applying strategic knowledge; the relative strengths ofthe sources of support (thesaurus, human expert, or AR).Performance indexes include search effectiveness,evaluated in terms of precision and recall with respect totopicality and utility. They are computed on the basis of twosets of documents. The first set was built a-priori byexperimenters, who selected documents considered relevant(useful) for the specific information problem at hand. Thesecond set of documents was determined a-posteriori by allthe topicality (utility) judgements expressed by users whileperforming the experiment. It includes all the documentsthat received the highest ranks by the users.Information about the user behavior, gathered throughautomatic logging and via audio-video recording, include:overall number of searches made by the system and directlyby the user; overall number of reformulations; number offacets and terms of each query; search objectives defined bythe user; number of terms suggested by the system; numberof terms accepted by the user; number of significantcommands given to the system by the user; duration of thesession; the time used by the user to provide the firstexpression of the information need; overall number ofdocuments found by the system; number and titles of thedocuments read by the user; user questions and actions.4.2.3.Forms and proceduresThree questionnaires have been designed for the experiment.The first questionnaire (Q1) has been used to record (viaclosed questions and Likert-type scales) gender, age, IRexperience with/without computers, English languageknowledge, and the attitude towards the use of computers inIR. The second questionnaire (Q2) to obtain (via semanticdifferentials and Likert scales) the user satisfaction withrespect to the system, the result of the search, and the kindof available help. In the third questionnaire (Q3) the userprovides his evaluation (via line length items) of the overallsearch activity and the preferred kind of help.The experiment has been divided into three phases:1 . Training: each subject was introduced to theexperiment via an informal presentation, and wasasked to fill in questionnaire Q1, to read theinstructions about the system without reformulation,to observe the experimenter doing a sample searchand then to perform a training search on his own (thesample search made by the experimenter and thetraining search were the same for all users).2 . Testing: the subject was told what kind of help wasmade available and was given a first informationproblem. S/he had half an hour to perform the searchat the end of which questionnaire Q2 had to be filledin. Subsequently, the subject was given theinformation problem for the second session and theinstructions for using the system with AR. After halfan hour, questionnaire Q2 had to be filled in again.3 . Post-Testing: the subject had to fill in questionnaireQ3.5 . Experimental resultsWe present now the most important results emerging fromthe analysis of questionnaires, logs, and videotapedmaterial.15 . 1 General resultsStatistical analysis of data deriving from Q1 shows that thesample of user population is homogeneous, as are the threeexperimental groups.The two different methods for evaluating searcheffectiveness (i.e. on the basis of reference documentsdetermined a-priori or a-posteriori) show a high correlation.Similarly, there is a strong correlation between performanceevaluated on the basis of topicality and utility. We believethis is caused by the database used in the experiment (limitedsize and homogeneous topics). The data reported in thefollowing refer to the a-priori judgments about utility.On the other hand, different levels of complexity of theinformation problems emerge. Independently from thesession, problem B systematically leads to poorerperformance figures than A. A possible explanation of thisresult is that problem B is more difficult to conceptualize(i.e. identifying appropriate facets) than problem A. Whilein A users typically identify three facets, in B they identifyonly two, which are apparently not sufficient to achieve agood performance level. In fact, there is a significantdifference (detected by the analysis of variance:F=4.4;p<.05) in the mean number of facets between the twoproblems.

1More detailed observations have been derived from the experimental data,mostly regarding usability of FIRE and its user interface. We concentrate hereonly on the most general and important aspects of the interaction.

133Surprisingly, there is no significant correlation betweenuser perception of the complexity of information problems(obtained from Q2 via three items of the semanticdifferential) and performance indexes. Furthermore, insession 1 there is no difference between the groups in theperceived difficulty of finding keywords, of including themin the appropriate facet, and of identifying good searchstrategies. Users perceive a higher difficulty in identifyinggood strategies for problem B (F=3.1,p=.08). In addition,the frequency of help requests is not affected by the problem.User satisfaction has been determined via Q2 on thebasis of four variables: satisfaction for the retrievedinformation, for the used system, for the search process andfor the received help. Very often these four variables arestrongly correlated; in such cases we refer to satisfaction ingeneral. During the first session the information problemdoes not affect user satisfaction, as there is no correlationbetween performance level and satisfaction. During session2, however, there is a strong dependence of satisfactionupon the problem: subjects who solved problem A are moresatisfied than those solving B (correlation betweenperformance and satisfaction on the system is 0.35,p<.05;between performance and satisfaction on retrievedinformation is 0.5,p<.05). Comparison of satisfaction overthe two sessions shows that for problem A, FIRE+ leads tohigher satisfaction for the retrieved information and for thesearch process (F=7.9,p<.01; F=5.3,p<.05 respectively).For problem B, even though the performance level does notchange, user satisfaction decreases (F>7.3,p<.01).In terms of the preferred system for future searches,subjects that used FIRE+ for problem A, prefer it (F=6.4,p<.05). Independently from the problem, the mostautonomous users (which posed few requests) and those in TEbelieve that FIRE+ gave a determinant help in solving theproblem (F=3.4, p<.05).5 . 2 Added value of automatic reformulationAR leads to a slight (statistically not significant)improvement of performance, with different effects ondifferent groups: TE seems to improve the performance,while SE seem to worsen it.Tables 2 and 3 report median and interquartile range ofthe distribution of precision and recall for each informationproblem. Means are represented in graphical form in Figures4 and 5.A possible interpretation is a learning effect: during thefirst session users in the TE group "learn" how to useeffectively the terminological help, which is later exploitedusing FIRE+. Members of group SE, on the other hand, havenot been exposed to any terminological help and are left ontheir own.In session 1 there is no correlation between the averagenumber of terms per query and performance. Such acorrelation becomes positive, though, in session 2 forproblem A (r=0.5,p<.05). This suggests that when usersconceptualized appropriately the problem (as occurred forproblem A), then AR had a synergetic effect. In moredifficult problems (like B), where users may fail to achieve agood conceptualization, AR does not help them.Prec.Session ISession II

MedianIQRMedianIQR

ATH4338.53032.8

TE3129.74022

SE46.531.53320.5 all4034.53531.5

BTH174.23335

TE10171714.8

SE172005 all17201735

Table 2: Distribution of precision (percentage).R e c . Session ISession II

ATH5041.533.541.5

TE33.525.23425.5

SE4224.53425 all34333433

BTH174.21717

TE1717174.2

SE171704.2 all17171717

Table 3: Distribution of recall (percentage).

THTEPrec.SETHTERecallSE

01 02 03 04 05 0

Session I

Session II

Figure 4. Graphical representation of performance (mean)for information problem A.

Figure 5. Graphical representation of performance (mean)for information problem B.

1345 . 3 Importance of and modalities for kindsof supportsTechnical support is either requested and contextual or it isimplicitly needed.1 . 40% of the total number of requests (115) concerntechnical help. All are contextual.2 . There are many situations where users don’t utilizeappropriately FIRE commands and controls. Oftensuch situations could be automatically detected andan appropriate help could be automatically given.For example, sometimes they submitted the samequery twice consecutively, without changinganything.3 . Users tend not to utilize all the commands/controlsthat are available. For example, users seldomchanged the search objective from its default value(high recall).4 . Independently from the achieved level ofperformance, users had problems in using thegraphically restricted boolean operators. And, asdiscussed above, these are unperceived problems.Terminological support is explicitly requested in con-textual form. In fact, the majority of help requests (58% of115) concern specific terms to include in the query.Strategic help is not requested but it is needed. (In thefollowing discussion, unless specified, no significantdifference emerges between experimental groups.)1 . Strategic help is seldom requested (only in 3 casesout of 115). Users tend not to perceive strategicproblems in the information seeking process (insession 1, the number of terminological requestsposed by groups TE and SE is significantly largerthan strategic requests c2=13.63; p<.001).2 . Users get stuck in adverse situations. Thesesituations can be classified as: "no-hits", withqueries retrieving no item; "too-many-hits",retrieving a number of items much greater than thenumber of relevant documents; "anomalous queries",like queries including overlapping facets.3 . Enlarging the set of retrieved items is particularlydifficult for less successful users. Table 5 shows that"no-hits" situations are much more common for theleast successful users (defined as the bottom fivesubjects ranked on the basis of search effectiveness)than for best ones (the top five ones). "no-hits"situations are also much more common, for worstsubjects, than "too-many-hits" situations.4 . Less successful users (defined as above) are unable todiagnose their behavior and show limited flexibilityin changing it. They adopt a small set of actions forchanging the query (e.g. like truncating a term) andkeep applying those actions even if they wereineffective.5 . Both kinds of users perform similar numbers ofincoherent or ambiguous actions. An incoherentaction is a modification of the query that leads to anincrease (respectively, decrease) in the number ofretrieved results when the query already retrieved toomany (respectively, too few) documents. As seenfrom Table 6, for both kinds of users the proportionof coherent actions is similar to the sum ofincoherent and ambiguous (i.e. that cannot be easilyclassified as coherent or not) actions. The table,however, shows also that less successful users do alot more query modifications.no-hitstoo-many-hits

Best75

Worst339

Table 5: Number of "no-hits" and "too-many-hits"situations for the most successful and least successfulsubjects.+—?Totals

Best196631

Worst35141867

Totals54202498

Table 6: Number of coherent (+), incoherent (-) andambiguous (?) query modifications performed by the mostsuccessful and least successful subjects.User-controlled interaction is requested and preferred.1 . Users prefer to retain control during AR. Users oftensuspended AR (45% of the times) in order to get thecontrol and follow a different route. Furthermore,there is a positive correlation between usersatisfaction for the received help and the number ofsuspensions operations (r=0.47,p<.05).2 . 78% of the users interleaved reformulations, searchesand classifications; the remaining ones examinedand classified retrieved items at the very end of thesessions. This suggests that users do not want "asystem that takes a request in natural language, goesoff and searches the information store, and returns tothe user the ideal best retrieved set of documents"([Bates, 1990], p. 575).6 . Discussion and conclusionsThis evaluation of FIRE provides useful information forunderstanding some of the issues underlying the design ofeffective UIIRS. The rich set of measured variables, thesupport space and the specific interaction modelimplemented by the user interface of FIRE constitute anexplicit model of the information seeking process carried onthrough a UIIRS. Such a model supports not only aninput/output evaluation of effectiveness of a UIIRS, but alsodiagnostic evaluations of the sensitivity of performanceindexes to different modalities for providing different kindsof support.More specifically, the following conclusions can bederived:¥Terminological support is important; it is explicitlyrequested in a contextual form. The automaticreformulation performed by FIRE, while positivelyaffecting users’ satisfaction on simpler problems,does not significantly improve the performance.¥Strategic support is likely to characterize goodUIIRSs. It should be unprompted, provided under usercontrol, specifically oriented towardsconceptualizing the query, enlarging its content anddiagnosing ineffective or inconsistent userbehaviors.

135¥Technical support is also needed to augmentusability of UIIRSs and improve effectiveness ofsearch. It should be either prompted or unpromptedand contextual.¥User-controlled interaction is preferred. The UIIRSshould support users in interleaving differentactivities, in exploring the space of informationitems (relationships between terms, terms anddocuments, document content, etc.), and indeveloping an adequate search strategy.The interaction model and the experiment we presentedneglect important issues. We did not investigate the level ofabstraction and involvement of UIIRS as outlined by [Bates,1990]. These aspects would provide additional informationvery useful to extend our design guidelines. Secondly, we didnot emphasize aspects related with the informationpresented to the user and the way it is presented. Informationspaces could be represented by rich network of relationshipsbetween information items; interactive exploration of thespace could be based upon a filtering activity performed bythe UIIRS to reduce what is presented to the user. Userswould keep control of the exploration, but the UIIRS wouldlimit the amount of information presented to themovercoming typical overload effects. We believe that thiswould be a key factor in providing effective and satisfactoryterminological help.Experiments like the one we just presented provideuseful data to better understand general issues and specificproblems of a UIIRS. On the basis of the work done, thefollowing hints on the evaluation of UIIRS can be derived:¥A crucial role in the evaluation is played bysubjective information and logged or recorded userbehavior. The use of semantic differentials, Likertscales and line length techniques has proven to be aneffective and accurate method for acquiring,validating and analyzing such important data.¥Experiments of this type are very complex and timeand resource consuming: the system being testedcannot be a simple prototype, it must be improvedfor obtaining reliability, robustness, and efficiency;the experiment itself took about one month of three-person full-time work; and the huge amount of dataderived from it (still under analysis) requiressophisticated statistical processing. An inter-disciplinary team is required: computer specialists,psychologists (for designing questionnaires andperforming the experiment both without biasing thesubjects) and statisticians (for statisticalelaborations).¥Is it worth enough to do efforts like this? We wouldsay yes. A lot of guidelines on FIRE and on theUIIRSs in general have been derived. Some of theseconsequences were foreseeable and foreseen beforethe experiment (for instance, the AR of FIREproposes too many terms to the user), but other oneswere unexpected (for instance, strategic supportshould be provided unpromptly). A less richexperiment could have missen to provide thisunforeseen information.¥The different level of difficulty of the twoinformation problems, neither observed after thepilot test, nor fully understood after the experiment,is a problem that should be taken into account insimilar experiments.AcknowledgementsWe would like to thank Alessandro Bortuzzo, Antonella DeAngeli, Danilo Fum and Irina Stultus for helping us indesigning and performing the experiment; Pier GiorgioMarchetti that kindly gave us the subset of INSPEC databaseused in the experiment; and the 45 students involved in theevaluation. Finally, we thank Nick Belkin for very usefulcomments on a draft of this paper.References[Bailey and Pearson, 1983] J. E. Bailey and S. W. Pearson,Development of a tool for measuring and analyzingcomputer user satisfaction. Management Science, 29(5),1983, pp. 530-545.[Bates, 1979] M.J. Bates, Information Search Tactics.Journal of the American Society for InformationScience, July 1979, 1979, pp. 205-214.[Bates, 1989] M.J. Bates, The design of browsing andberrypicking techniques for the online search interface.Online Review, 13(5), 1989, pp. 407—424.[Bates, 1990] M.J. Bates, Where should the person stop andthe information interface start? Information Processingand Management 26(5), 1990, pp. 575-591.[Belkin, 1988] N.J. Belkin, On the nature and function ofexplanation in intelligent information retrieval.Proceedings of the ACM SIGIR, 1988, pp. 135—145.[Belkin and Marchetti, 1990] N.J. Belkin and P. G.Marchetti, Determining the functionality and features ofan intelligent interface to an information retrievalsystem, Proceedings of the ACM SIGIR, 1990, pp. 151—178.[Belkin, Brooks and Daniels, 1987] N. Belkin, H. Brooks,and P. Daniels, Knowledge elicitation using discourseanalysis. International Journal of Man-Machine Studies,27, 1987, pp. 127—144.[Belkin, Oddy and Brooks, 1982a] N.J. Belkin, R.N. Oddy,and H. M. Brooks, ASK for Information Retrieval: PartI. Background and Theory. Journal of Documentation,38(2), 1982, pp. 61—71.[Belkin, Oddy and Brooks, 1982b] N.J. Belkin, R.N. Oddy,and H.M. Brooks, ASK for Information Retrieval: PartII. Results of a Design Study. Journal of Documentation,38(3), 1982, pp. 145—164.[Brajnik, Mizzaro and Tasso, 1995] G. Brajnik, S. Mizzaro,and C. Tasso, Interfacce intelligenti a banche di datibibliografici. In D. Sacc� (editor) Sistemi evoluti perbasi di dati, Franco Angeli, Milano, 1995, pp. 95—128.[Dalrymple and Zweizig, 1992] P. Dalrymple and D. L.,Zweizig, Users’ experience of Information Retrieval

136systems: an exploration of the relationship betweensearch experience and affective measure. Library andInformation Science Research, 14, 1992, pp. 167-181.[Dalrymple, 1990] P.W. Dalrymple, Retrieval byreformulation in two library catalogs: towards acognitive model of searching behaviour. Journal of theAmerican Society for Information Science, 41(4), 1990,pp. 272-281.[Doll and Torkzadeh, 1988] J.W. Doll and G. Torkzadeh, Themeasurement of end-user computing satisfaction. MISQuarterly, 12, 1988, pp. 259-274.[Doll and Torkzadeh, 1989] J.W. Doll and G. Torkzadeh, Adiscrepancy model of end-user computing involvement.Management Science, 35(10), 1989, pp. 1151—1171.[Furnas et al., 1987] G.W. Furnas, T.K. Landauer, L.M.Gomez, and S.T. Dumais, The Vocabulary Problem inHuman-System Communications. Communications ofthe ACM, 30(11), 1987, pp. 964-971.[Gauch and Smith, 1993] S. Gauch and J.B. Smith, An expertsystem for automatic query reformulation. Journal of theAmerican Society for Information Science, 44(3), 1993,pp. 124—136.[Ingwersen, 1992] P. Ingwersen, Information RetrievalInteraction, Taylor Graham, London, 1992.[Marchionini, 1992] G. Marchionini, Interfaces for end-users information seeking. Journal of the AmericanSociety for Information Science, 43(2), 1992, pp. 156—163.[Nisbett and Wilson, 1977] R.E. Nisbett and T. Wilson,Telling more than we can know: Verbal reports onmental processes. Psychological Review, 84, 1977, pp.231—259.[Robertson and Hancock-Beaulieu, 1992] S.E. Robertsonand M. M. Hancock-Beaulieu, On the evaluation of IRsystems. Information Processing and Management,28(4), 1992, pp. 457—466[Saracevic et al., 1988] T. Saracevic, P. Kantor, A. Chamisand D. Trivison, A study of information seeking andretrieving. I. Background and methodology. Journal ofthe American Society for Information Science, 39(3),1988, pp. 161—176.[Saracevic and Kantor, 1988a] T. Saracevic and P. Kantor, Astudy of information seeking and retrieving. II. Users,questions, and effectiveness. Journal of the AmericanSociety for Information Science, 39(3), 1988, pp. 177—196.[Saracevic and Kantor, 1988b] T. Saracevic and P. Kantor, Astudy of information seeking and retrieving. III.Searchers, searches, and overlap. Journal of theAmerican Society for Information Science, 39(3), 1988,pp. 197—216.[Tague-Sutcliffe, 1992] J. Tague-Sutcliffe, The pragmatics ofinformation retrieval experimentation, revisited.Information Processing and Management, 28(4), 1992,pp. 467—490.