SELECTIVE RELEVANCE FEEDBACKUSING TERM CHARACTERISTICSIan Ruthven1 and Mounia Lalmas21Department of Computing Science, University of Glasgow, G12 8QQ Scotland2Informatik VI, University of Dortmund, Dortmund D44227, Germanyigr@dcs.gla.ac.uk, mounia@ls6.cs.uni-dortmund.deAbstract: This paper presents a new relevance feedback technique; selectively combiningevidence based on the usage of terms within documents. By considering how terms areused within documents, we can better describe the features that might make a documentrelevant and thus improve retrieval effectiveness. In this paper we present an initial,experimental investigation of this technique, incorporating new and existing measures fordescribing the information content of a document. The results from these experimentspositively support our hypothesis that extending relevance feedback to take into accounthow terms are used within documents can improve the performance of relevance feedback.1. IntroductionThe particular characteristics of digital libraries - large, diverse collections - mean that theaccess methods to these collections must support how users search for information. Inparticular, access methods must provide a wider range of techniques to allow the user tospecify what makes an object, such as a document, relevant. In this paper we investigatehow relevance feedback can better describe a user�s information need by taking intoaccount how terms are used in documents.Most relevance feedback algorithms attempt to bring a query closer to the user�sinformation need by reweighting or adding/deleting query terms. The implicit assumptionis that we can find an optimal combination of weighted terms to describe the user�sinformation need at that point in the search. However, relevance as a user judgement is notnecessarily dictated only by the presence or absence of terms in a document. Rather it is afactor of what concepts the terms represent, the relations between these concepts and howthey relate to the information in the document. Looking at studies such as (Barry andSchamber, 1998) it is clear that current models of relevance feedback, although successfulat improving recall-precision to an extent, are not very sophisticated in expressing whatmakes a document relevant to a user. (Denos et al, 1997), for example, make the goodpoint that although users can make explicit judgements on why documents are relevant,most systems cannot use this information to improve the search.Users judgements are affected by a variety of factors; relevance feedback algorithms,on the other hand, only consider frequency information or the presence or absence of termsin documents. They do not look further to see what it is about terms that indicaterelevance, ignoring information on how the term is used within documents. For example adocument may only be relevant if the terms appear in a certain context, if certaincombinations of terms occur or if the main topic of the document is important. Extendingfeedback algorithms to incorporate the usage of a term within documents would not onlyallow more precise querying by the user but also allows relevance feedback algorithms toadapt more subtly to users� relevance judgements.This paper describes an initial, experimental investigation of this approach byconsidering relevance feedback as a process of selection: selecting which characteristics ofa term (e.g. frequency, context, distribution within documents) should be used to retrievedocuments. The following sections outline our general methodology (section 2), the datawe used in our experiments (section 3), definition of the term characteristics we used todescribe the use of terms within documents (section 4), experiments on combining evidence of term use and relevance feedback (sections 5 and 6) and our conclusions(section 7).2. MethodologyOur intention behind the set of experiments described in this paper is twofold: first todemonstrate that taking into account how terms are used within documents (which we referto as term characteristics) can improve retrieval effectiveness; secondly that it is possible,for each query, to select an optimal set of characteristics for retrieval based on therelevance assessments. The second point is the main one considered in this paper. We arenot only asserting that considering how terms are used can improve retrieval, but that thecharacteristics that will improve retrieval will vary across queries. For example, for somequeries the context in which the query terms appear will be important, whereas for otherqueries it may be how often the query terms appear. For each query, then, there will be aset of characteristics that will best indicate relevance.To investigate these issues, we have designed a set of restrictive experiments. Ourexperiments are restricted in that we are only attempting a form of precision enhancement.Rather than scoring each document according to one or more criteria, we retrieve a numberof documents and then re-rank the retrieved documents according to various criteria. Thisallows us to run a large number of experiments quickly but it also means that we aremanipulating the part of the ranked list that most users will be investigating - the top part.In the experiments described in section 5 - section 7, we retrieved at most 1001documents using the idf weighting function (Sparck Jones, 1972). The idf function waschosen as an experimental baseline, because it only provides information about a termrelative to the collection as a whole; it has the same weight in each document in which itappears. It does not supply any information about a term that is specific to individualdocuments. The three term weighting functions described in section 4, all provideinformation that is specific to the document in which they occur. In particular they provideinformation on how terms are used within the document and will be used in ourexperiments to differentiate between documents.3. DataIn these experiments we used the Wall Street Journal (1990-92) (WSJ) collection fromTREC-5 (Voorhees and Harman, 1996) and the Financial Times (FT) collection from theTREC-6 (Voorhees and Harman, 1997) set of collections. The details of these collectionsare summarised in Table 1.Table 1: Details of collections usedCollectionFTWSJ

Number of documents20479074580

Number of queries used23830

Average words per document215283

Each collection comes with fifty TREC topics, each describing an information needand which criteria relevant documents should fulfil to be assessed relevant. A TREC topichas a number of sections, (see Figure 1 for an example topic). In our experiments we only

1We do not retrieve exactly 100 documents for each query as there may be less than 100 documentscontaining any of the query terms.2Although each collection has 50 topics, not all topics have relevance assessments, and some topics did notretrieve any relevant documents in the first 100 documents retrieved. Therefore we omitted thesetopics/queries in our experiments.

used the short Title section as a query, as using any more of the topic description may bean unrealistic user query.Figure 1: Example of a TREC topicNumber: 301Title: International Organized CrimeDescription:Identify organisations that participate in international criminal activity, the activity,and, if possible, collaborating organisations and the countries involved.Narrative:A relevant document must as a minimum identify the organisation and the type ofillegal activity (e.g., Columbian cartel exporting cocaine). Vague references tointernational drug trade without identification of the organisation(s) involvedwould not be relevant.4. CharacteristicsHere we outline three alternative ways of describing term importance in a document: termfrequency (how often a term appears), thematic nature (how a term is distributed within adocument), and context (proximity of a query term to another query term). The latter twoare very simple methods to give a rough estimate of the behaviour of the characteristics ofa term.Term frequencyIncluding information about how often a term occurs in a document - term frequencyinformation - has often been shown to increase retrieval performance (Harman, 1992) . Forthis experiment we used the formula tfd(t) =

ln(occs^t ) ln(n^{unique} )

where occst is the numberof occurrences of term t in document d and occsunique i s t h e n u m b e r o f u n i q u e t e r m occurrences in d.ThemePrevious work by e.g. (Hearst and Plaunt, 1993) and (Paradis and Berrut, 1996),demonstrates that information about the topical or thematic nature of the document canimprove retrieval. Hearst and Plaunt present a method specifically for long documents,whereas Paradis�s method is based on precise conceptual indexing.We present a simple term-based alternative based on the distribution of termoccurrences within the document. This is based on the assumption that the less evenlydistributed the occurrences of a term are in the document, then the more likely the term isto correspond to a localised discussion in the document, e.g. a topic in one section of thedocument only. Conversely, if the term�s occurrences are more evenly spread throughoutthe document, then we may assume that the term is somehow related to the main topic ofthe document. Unlike Hearst and Plaunt we do not split the document into topics andassign a sub- or main-topic classification, instead we define a theme value of a term, whichis based on the likelihood of a term to be a main topic. The algorithm which we developedfor this is shown in Equation 1.Equation 1: Theme characteristic for term t in document d, where distrd(t) is theexpected distribution of term in the document, eposi is the expected position of the ithoccurrence of term t, and posi is the actual position of the ith occurrence. occs(t) is thenumber of occurrences of term t in document d. n is the number of query terms in thedocument.

theme_d t( ) = (length_d − difference_d (t)) / length_d

where

difference^d t( ) = first^d (t)+last^d (t)+ epos^i(t)− pos^i(t) i=2

n− 1 ∑ first^d (t) = 0, if pos^1(t) ≤ distr^d (t)

= pos^1(t)− distr^d (t), ow last^d (t) = 0, if (length^d − pos^n(t) ≤ distr^d (t))

= length^d − (pos^n + distr^d (t)), ow epos^i = pos^{i− 1} + distr^d (t) distr^d (t) = length^d occs^d (t)

(1)This value is based on the difference between the position of each occurrence of aterm and the expected positions. Table 2 gives a short example for a document with 1000words, and five occurrences of term t. First, we calculate whether the first occurrence ofterm t occurs further into the document that we would expect, based on the expecteddistribution (firstd(t) - line two, equation 1; column 7, table 2). Next we calculate whethert h e l a s t o c c u r r e n c e o f t h e t e r m a p p e a r s f u r t h e r f r o m t h e e n d o f t h e d o c u m e n t t h a n w e would expect (lastd(t) - line two, equation 1; column 7, table 2). For the remainder of theterms we calculate the difference between the expected position of a term, based on theactual position of the last occurrence and the expected difference between two occurrences(

eposi(t)− posi(t) i=2n−1∑

- line two; column 4-6, table 2).Table 2: Example calculation of theme value for a termlengthoccsdistreposposdifffirstlastdifferencetheme

10005200-1000

300500200

700551349

751553547

753700600

900100

60001007000.3

We then sum these values to get a measure of the difference between the expectedposition of the term occurrences and their actual positions. The greater the differencebetween where term occurrences appear and where we would expect them to appear, thesmaller the theme value for the term. The smaller the difference, the larger the theme valuefor the term.ContextThere are various ways in which one might incorporate information about the context of aquery term. For example, we might rely on coocurrence information, information aboutphrases, or information about the logical structures, e.g. sentences, in which the termappears. Instead we have gone for the simplest option which is to define the importance of

context to a query as being measured by its distance from the nearest query term relative tothe average expected distribution of all query terms in the document.Equation 2: Context characteristic for term t in document d, where distrd(q) is theexpected distribution of all query terms in the document, posd(t) is the position of term tand mind(t) is the minimum difference from any occurrence of term t to another, differentquery term.

contextd(t)=(distrd(q)− mind(t))/distrd(q) mind(t)=mint≠t'|(posd(t)− posd(t'))| distrd(q)=lengthd occsd (q)

(2)All values for theme, context, tf and idf are scaled to fall between 0-50 to allow directcomparison of the scores. Each value (idf(t), tfd(t), contextd(t), themed(t)) gives a score toa term describing its importance to the document which can be used to score documentsfor ranking.

5. Experiment One - retrieval by single characteristicTo test the relative effectiveness of each measure before attempting any combination ofcharacteristics, we ranked each of the documents for a query by each characteristic.Table 3: Recall-Precision (RP) figures for each characteristic based on re-ranking amaximum of 100 documents for each queryFTWSJ

RecallidftfthemecontextRecallidftfthemecontext

0.1000.4080.5820.4410.3270.1000.3210.1800.2480.276

0.2000.3840.5820.4150.3160.2000.3330.1810.1810.256

0.3000.3550.5300.3510.2770.3000.3110.1460.1560.250

0.4000.3350.5120.3330.2600.4000.3010.1290.1600.235

0.5000.3090.4780.3180.2410.5000.2920.1240.1610.203

0.6000.3140.4350.2870.2330.6000.2180.1000.1320.155

0.7000.2970.4040.2680.2340.7000.2130.0940.1360.151

0.8000.2940.3970.2650.2300.8000.1930.0720.1210.141

0.9000.2640.3490.2390.1950.9000.1690.0650.1090.141

1.0000.2650.3380.2250.1931.0000.1680.0650.1070.141

average0.3220.4610.3140.251average0.2520.1150.1510.195

Table 3 shows the results of the original ranking (idf) against each of thecharacteristics (theme, term frequency (tf), context) described in section 4. For the FTcollection the tf scheme works better than all the others, with idf better than theme andtheme better than context. All differences are statistically significant (paired t-test, p <0.05, holding recall fixed and varying precision). In the WSJ collection the idf schemeworks best, followed by context, theme and tf (all differences except between idf and themeare statistically significant). There are two explanations for this difference between therelative effectiveness of the characteristics over the two collections. Either the cut off at100 documents unnaturally biases in favour of documents that display certaincharacteristics or these characteristics better describe the relevant set for the queries onthese collections. The next section looks at combining the characteristics to test whethercombinations of characteristics alter the differences between collections.6. Experiment Two - retrieval by combinationOur stated hypothesis is that relevant document retrieval will be improved if we take intoaccount more of the characteristics that indicate relevance. These experiments combinedall combinations of two and three characteristics. In this set of experiments we simplyadded the score of each characteristic of each query term that occurred in the document toget the document score.The results from this experiment are reported in table 4 and table 5. Table 4(combining two characteristics) shows that, for the FT collection idf performance isgenerally improved by the addition of new evidence (except context), tf performance isonly improved by idf, context and theme performance is improved by the addition of anyinformation. However the only combination of evidence that outperforms ranking by tf istf + idf.

Table 4: RP for each pairwise combination of characteristic based on re-rankingmaximum of 100 documents for each query. The final row (% change) shows the %increase of the combination strategy over the best single characteristic retrieval for thatcollection. The best average precision is shown in bold.FT

Recallidf + tftf +themetf +contextidf +themeidf +contexttheme +context

0.10.5880.4720.3860.4720.3520.491

0.20.5860.4760.3900.4640.3460.430

0.30.5380.4090.3480.4320.3120.371

0.40.5240.3980.3090.4240.2850.360

0.50.4920.3690.2770.4030.2660.338

0.60.4400.3150.2670.3490.2730.314

0.70.4110.2940.2570.3340.2430.287

0.80.4070.2860.2540.3280.2410.281

0.90.3760.2710.2330.2870.2210.249

10.3610.2570.2280.2790.2220.240

Average0.4720.3550.2950.3770.2760.336

% Change+2.5-23.0-36.0-18.1-40.1-27.0 WSJ 0.10.4950.3320.3820.3510.3090.349

0.20.4810.2910.3520.3060.2850.325

0.30.3920.2290.2800.3110.2700.292

0.40.3650.2150.2540.2670.2570.266

0.50.3660.2160.2370.2530.2290.255

0.60.3100.1740.1910.2250.1770.215

0.70.2680.1730.1830.2210.1700.216

0.80.2480.1580.1700.1900.1550.194

0.90.2010.1460.1620.1600.1540.191

10.2000.1450.1630.1580.1540.190

Average0.3330.2080.2370.2440.2160.249

% Change+32.1-17.4-5.8-3.0-14.2-1.0

For the WSJ collection idf performance is only improved by the addition of termfrequency information. tf, theme and context performances are improved by addition of anynew information. However, again, the only combination of evidence that outperforms thebest single ranking is tf+idf. In both collections theme and context are improved byaddition of any new evidence but none of the combinations in which they appearoutperform all other combinations.We should note here that it may not be appropriate to treat all evidence (allcharacteristics) as equally important for each query. For example the fact that one termshows a strong thematic relationship may not be as important as the fact that it occursfrequently in a document. To test this we tried scaling the separate characteristics, addingthe characteristic score for a term but treating it as less important than the othercharacteristics, e.g. halving the theme value, or doubling the tf value. This highlighted twoissues: first that treating characteristics differently may improve the retrieval performancebut also that it is difficult to get one set of scaling factors that will improve retrieval

independent of the combination of characteristics that are being considered. We willdiscuss this in more detail in section 7.Table 5: RP for each combination of three characteristic based on re-rankingmaximum of 100 documents for each query. The final row (% change) shows the %increase of the three-way combination strategy over the best two-way combination strategyfor that collection. The best average precision is shown in bold.Recalltf + idf + themetheme + idf +contexttf + idf +contexttf + theme +context

WSJFTWSJFTWSJFTWSJFT

0.10.2740.4770.2700.4830.2480.3900.2780.487

0.20.2010.4900.2250.4360.2210.3990.2320.459

0.30.2010.4620.2220.3890.1930.3600.2230.409

0.40.2070.4580.2020.3870.1430.3260.1820.389

0.50.2100.4320.2030.3780.1440.3150.1860.372

0.60.1770.3570.1690.3450.1130.3060.1500.326

0.70.1460.3430.1390.3090.1020.2710.1380.305

0.80.1360.3350.1340.3040.1000.2700.1300.303

0.90.1260.3100.1320.2550.0940.2480.1280.274

10.1240.2940.1320.2510.0950.2400.1280.265

Average0.1800.3960.1830.3540.1450.3130.1770.359

% Change-45.88-16.18-45.04-25.11-56.31-33.83-46.65-24.00

Table 5 shows that the general performance achieved by combining any threestrategies is poorer than that obtained by tf+idf in either collection. However the bestperformance is achieved by the combination of idf, theme and another characteristic.The combination of evidence experiments in this section treated all queries and alldocuments in the same way; they used the same combination of characteristics to rank alldocuments for all queries. However, as we have suggested certain characteristics, orcombinations of characteristics, may be better suited to certain queries. We investigate thisin the next section.

7. Experiment Three - relevance feedback7. 1 MethodologyIn these experiments we performed a series of relevance feedback experiments, selectingwhich characteristics to use based on the differences between the relevant and non-relevantdocuments.Our methodology was as follows:¥take the 10 top documents from the initial idf ranking¥calculate for each term the average score for each characteristic in the relevant andnon-relevant set, e.g. the average tf for term 1 in relevant documents, the average tf forterm 1 in non-relevant documents.¥select criteria based on the relative averages. Various selection methods were tried,each will be discussed separately in sections 7.3-7.5.¥re-rank the remaining retrieved documents¥calculate recall-precision values using a residual ranking scheme (Chang, Cirillo, andRazon, 1971), to ensure that we are only comparing the effect of each technique on theunretrieved, relevant documents.¥compare the results given, over the same set of documents, by doing no relevancefeedback, the results obtained from the best combination of criteria (section 6) and analternative relevance feedback algorithm, the F4.5 method (section 7.2).This set of experiments was designed to test the hypothesis that some queries ordocuments will be more suited to certain combinations of characteristics. For examplesome queries will do better if we take into account, e.g. tf or theme rather than context.7.2 F4.5We need to compare our technique for relevance feedback against another relevancefeedback algorithm. For this we have chosen the F4.5 weighting algorithm (Robertson andSparck Jones, 1976), equation 3 which assigns a new weight to a term based on relevanceinformation. This modified version of the original F4 technique for reweighting queryterms was chosen partly because it has been shown to give good results but also because itdoes not add any new terms to the query. As our technique also does not add any newterms to the query, we feel this is a fair comparison with which to test our techniques.Equation 3: F4.5 function, which assigns a weight to term t for a given query. r=the number of relevant documents containing the term t, n = the number of documentscontaining t, R = the number of relevant documents for query q, and N = number ofdocuments in the collection wq(t) =

log (r +0.5)(N − n − R+r +0.5)

(n − r +0.5)(R− r +0.5)

(3)

7.3 Feedback 1 - characteristic selection by queryIn this experiment we selected for each query which characteristics to use for eachquery term. The average values were used to decide these characteristics. For example, ifthe average context value for a term was greater in the relevant documents than in the non-relevant documents, then the context of that term was taken to be a better indicator ofrelevance than non-relevance and so contributed to the document score.In section 6, we mentioned the difficulty of scaling the importance of eachcharacteristic. For example, when combining context and theme, we may obtain betterresults by treating context as only half as important as theme information, but whencombining context and tf, it may be better to treat context information as twice asimportant as tf information. It is then not just a matter of how to select whichcharacteristics to combine but also how much evidence from each characteristic to use incalculating the document scores.There are two solutions to this: either test various scaling factors for each separatecombination of characteristics to determine the optimum scaling factors, or try to find anoptimum for each characteristic independent of what other characteristics it is combinedwith. We have chosen the latter approach as it is less complex and we believe that thescaling factor may be derived in relevance feedback. An investigation into this is reportedin section 7.5.Consequently, we tested a variety of scaling factors (e.g. halving the tf value,doubling the context value, etc.) for each characteristic to produce an optimumperformance in relevance feedback. We also used these scaling factors when testing thebest combination (tf + idf), to ensure that we were comparing the optimum relevancefeedback performance with the optimum combination performance for these experiments.Table 6, columns 2 -5 (Feedback 1) show the results of this technique compared tothe alternative methods outline in section 7.1 (no feedback, F4.5 and best combination).The best combination method (column 3) does very well against performing no relevancefeedback (column 2). The F4.5 method (column 4), although it improves performance overno feedback, does not perform as well as the best combination. This may be because weare using quite small samples for this method. However our characteristic selection method(Feedback1 column 5) outperforms all three (none, tf+idf, F4.5) with an overall averageprecision increase of 153% on the WSJ collection and 89% for the FT collection. Alldifferences between the RP figures for these four methods are statistically significant forthe WSJ collection and, with the exception of no feedback against F4.5, also on the FTcollection.

Table 6: RP figures for the WSJ and FT collections comparing idf (no feedback)ranking, best combination (tf+idf), F4.5 method and three feedback methods based on termcharacteristics (Feedback1, Feedback2 and Feedback3)Recall WSJ

NoFeedbacktf+idfF4.5Feedback 1Feedback 2Feedback 3

0.1000.2530.3660.2740.6080.4560.448

0.2000.2230.3470.2440.5800.4410.419

0.3000.2150.2920.2460.4920.4090.414

0.4000.1740.2940.2040.4720.3650.328

0.5000.1710.2700.2020.4630.3650.333

0.6000.1540.2370.1790.4080.2960.314

0.7000.1450.1730.1700.3490.2930.280

0.8000.1400.1550.1660.3270.2860.265

0.9000.1150.1390.1420.3100.2840.262

1.0000.1140.1370.1410.3040.2780.262

Average0.1700.2410.1970.4310.3470.333

% Change0.00+41.44+15.44+153.11+103.75+95.14 FT RecallNoFeedbacktf+idfF4.5Feedback 1Feedback 2Feedback 3

0.1000.3390.6360.3370.7340.5610.526

0.2000.3180.5710.3140.6990.5640.512

0.3000.2780.4920.2760.5650.3920.412

0.4000.2710.4620.2690.5460.3910.392

0.5000.2770.4230.2740.5320.3840.362

0.6000.2480.3370.2580.4290.3200.327

0.7000.2390.3160.2500.4170.3110.323

0.8000.2210.2830.2300.3680.2630.285

0.9000.2230.2730.2310.3560.2660.279

1.0000.2220.2730.2310.3490.2680.278

Average0.2640.4070.2670.4990.3720.370

% Change0.00+54.20+1.29+89.40+41.01+40.15

7.4 Feedback 2 - characteristic selection by documentThe previous experiment selectively combined evidence on a query-to-query basis,ranking all documents based on the same set of characteristics for a query. This experimentvaries the characteristics also on a document-to-document basis. The intuition behind thisis: if a characteristic is indicated as a good indicator of relevance then we should not onlybias retrieval of documents which demonstrate this characteristic but suppress retrieval ofdocuments which do not.We use the same averaging technique as in the previous experiment then for eachdocument compare the characteristic score of each query term against the average. If thecharacteristic score is greater than the average then we count the score as part of thedocument score, if not we ignore the evidence. This experiment is, then, a more strict caseof Feedback 1. Feedback 1 selected criteria with which to rank all documents, whereas thisexperiment selects characteristics for a query and then uses them selectively acrossdocuments.

Table 6, columns 2 -4, column 6 (Feedback 2) show the results of this technique. Themethod works significantly better than no feedback and F4.5 and significantly worse thatthe first feedback method in both collections. In the FT collection it works worse thantf+idf but the reverse happens in the WSJ. Comparing both feedback methods it maybe thecase that this method is too strict and that we should not want to eliminate weakinformation.7.5 Feedback 3 - scaling by importanceThis final experiment eliminates the scaling factors we introduced in the first twoexperiments. Instead we use the ratio of the average characteristic value in the relevant tothe non-relevant documents, e.g. average context score for a term in the relevantdocuments divided by the average in the non-relevant documents. The intuition behind thisis that if a characteristic does not discriminate well over the relevant and non-relevant setthen we should not prioritise this information. If the ratio is high then the characteristicmay be a good indicator of relevance and should be prioritised.Table 6, columns 2 -4, column 7 (Feedback 3) show the results of this technique. Itworks in a very similar manner to the second feedback technique: significantly better thanno feedback and F4.5 and significantly worse that the Feedback 1 method in bothcollections. In the FT collection it works worse than tf+idf and the Feedback 2 method butin the WSJ it is worse than Feedback2 but better than tf+idf. In both collections, Feedback1 works better than Feedback 2 which, in turn, works better than the Feedback 3 method.8. DiscussionOur overall research goal is not only to make retrieval more effective but to make a user�sinteraction with an IR system more meaningful. In part this may be achieved by increasingthe range of ways a user can express or indicate his or her information need. This paperinvestigates a very particular means of achieving this: by using information on how termsare used within a document to direct relevance feedback. We have shown that selectingwhich term characteristics of use on a query-to-query basis can significantly improveretrieval effectiveness.We should stress that this is a very initial investigation. The limitations of ourexperiments are fairly obvious: we only use part of the document collection, ouralgorithms are very simple and certain techniques such as averaging and scaling are fairlyad-hoc. To fully exploit our intuitions behind this work, we believe that a formal theorywill be necessary, partly to better explore the behaviour of term characteristics, and also toeliminate some of the ad-hoc nature of this current work. Nevertheless, the simplicity ofour techniques demonstrate that we can achieve significant results without having toconsider elaborate indexing or representation techniques.We have demonstrated that incorporating information on how terms are used withindocuments, in a feedback situation, can lead to dramatic improvements in retrievaleffectiveness, across collections. We have also supported, by the success of the Feedback 1strategy, our belief that certain combinations of characteristics will be more suitable forcertain queries. That is, relevance is better described by different sets of characteristics fordifferent queries.In future work, we intend to investigate how users can influence this process, byselecting for themselves those characteristics which best describe their information need.In a digital library context, this provides more information upon which to decide thosedocuments to retrieve and also allows the user more flexibility in describing theirinformation need.Acknowledgements

We would like to thank the IR groups at the University of Glasgow and the University ofDortmund for their support and comments on this work. We would also like toacknowledge the anonymous referees for their helpful remarks.ReferencesBarry, C.L., and L. Schamber. (1998). Users� criteria for relevance evaluation: a cross-situational comparison. Information, Processing and Management. 34. 219-237.Chang, Y.K., C. Cirillo, and J. Razon. (1971). Evaluation of feedback retrieval usingmodified freezing, residual collection & test and control groups. In: The SMART retrievalsystem: experiments in automatic document processing.(G. Salton, ed.). Ch. 17, pp 355-370. Prentice-Hall.Denos, N., C. Berrut and M. Mechkour. (1997). An image system based on thevisualization of system relevance via documents. In: Database and Expert SystemsApplications (DEXA �97). pp 214-224. Springer.Harman, D. (1992). Ranking algorithms. In: Information retrieval : data structures &algorithms . (W. B. Frakes and R. Baeza-Yates, ed.). Ch. 14. pp 363 - 392.Hearst, M.A.and C. Plaunt, (1993). Subtopic structuring for full-length document access.In: Proceedings of ACM SIGIR Conference on Research and Development in InformationRetrieval. Pittsburgh, USA. ACM Press.Paradis, F and C. Berrut. (1996). Experiments with theme extraction in explanatory texts.In: Second International Conference on Conceptions of Library and Information Science,CoLIS 2. pp 433-437.Robertson, S. E. and K. Sparck Jones. (1976). Relevance weighting of search terms.Journal of the American Society of Information Science. 27. p129-146.Sparck Jones, K. (1972). A statistical interpretation of term specificity and its applicationin retrieval. Journal of Documentation. 28. 11-20.Voorhees, E. M. and D. Harman, (1996). Overview of the Fifth Text REtrieval Conference(TREC-5). In: Proceedings of the 5th Text Retrieval Conference. Gaitherburg, MD. pp 1-29. Nist Special Publication 500-238.Voorhees, E. M. and D. Harman, (1997). Overview of the Sixth Text REtrieval Conference(TREC-5). In: Proceedings of the 6th Text Retrieval Conference. Gaitherburg, MD. pp 1-25. Nist Special Publication 500-240.