Logistic Regression at TREC4: s Probabilistic Retrieval from Full Text Document Collection

Fredric C. Gey, Aitao Chen, Jianzhang He and Jason Meggs U.C. Data Archive & Technical Assistance (UC DATA) University of California, Berkeley e-mail: gey@ucdata.berkeley.edu

ABSTRACT l w The Berkeley experiments for TREC4 extend those of TREC3 in three ways: for ad-hoc retrieva e retain the manual reformulations of the topics and experiment with limited query expansion g f based upon the assumption that top documents are relevant (this experiment was an interestin ailure); for routing retrieval we introduce a logistic regression which assumes relevance weights to h r be only one clue among several in predicting probability of relevance. Finally, for Spanis etrieval we retrain the basic logistic regression equations to apply to the statistical distributions of r Spanish words. In addition we apply two approaches to Spanish stemming, one which attempts to esolve verb variants into a standardized form, the other of which eschews stemming in favor of a

1 massive stop word list of variants of common words.

. Introduction and history of Berkeley TREC participation

For the past several years the UC Berek- d ley Text Retrieval Research Group has been eveloping an approach to retrieving full-text l documents from collections as large as 1 milion documents, an approach which returns f e documents relevant to a query in order o stimated probability of relevance. Using the , w well-known technique of logistic regression

e predict the dichotomous variable s s ’relevance’ as a function of statistical clue uch as query term frequency in document and collection.

The Berkeley group began its participa- - c tion with TREC1 ad-hoc track using the con ept of staged logistic regression (Cooper, Gey, p Chen 1993). In this formulation relevance was redicted as a logodds formula for query- - c document-term triples and statistical clues asso iated with these triples such as IDF, and term e s frequencies in document and query. Since th ummation of these clues utilized the principle - s of linked dependence, a second stage regres ion was introduced between query-document . T pairs to compensate for known dependencies he results in TREC1 were compromised by the inadequate training set and incomplete e s relevance judgments so necessary for adequat tatistical fitting. In TREC1 Berkeley submitted no routing entry.

For TREC2 a single stage regression was u introduced in the ad-hoc track which was based pon the concepts of "optimized relative fre- f m quencies" and the explicit use of number o atch terms between document and query as a c r important statistical clue used in the logisti egression (Cooper Gey Chen 1994). For rout- - t ing retrieval in TREC2, Berkeley used a logis ic regression on relevance history terms f weights for term presence or term absence rom the document.

In the TREC3 ad-hoc development, s Berkeley introduced a concept of averaging tatistical clues across terms in common with e r query and document and performing a singl egression against the averaged clues and the - m number of terms in common between docu ent and query (Cooper, Chen, Gey 1995). s The clues were carefully chosen to mirror the tatistical weights of the tfidf vector space - d model. In addition for TREC3 Berkeley intro uced the idea of manual reformulation and, where called-for, expansion of the TREC3 o topics. Search terms were gathered by search f a similar but independent database, the - b University of California MELVYL news data ase. The use of this approach is based upon n o the idea that there exists some optimal versio f a query which will produce the most t h relevant documents in the best order, and tha uman intervention based upon search experi- r T ence can approximate the optimal query. Fo REC3 routing, Berkeley used massive query - i expansion from relevant documents by comput ng a relationship between terms and χ^2 relevance as the discriminating factor in choice - c of terms. All terms which passed a five per ent significance test for each query were s w added to the query. Original query term hich passed the test were weighted five times s e more than other terms of the expansion. Thi xpansion produced from 300 to 4,114 terms,

2 depending on the query.

. TREC4 ad-hoc methodology 3 r Our review and analysis of the TREC esults showed some disappointment with the a o automatic run Brkly6 which used the formul f averaging clues across terms. The Brkly6 n o automatic run had an overall average precisio f 0.2775 whereas the TREC2 fully automatic f 0 run Brkly3 had an overall average precision o .3270. Independent analysis (Fontaine, 1995) s has shown that the Brkly6 algorithm performs ignificantly better than the vector space model. d Although these performance measures were for ifferent query sets and different collections, w they were enough to make us reconsider hether the reformulation of TREC3 should be - m continued. We embarked on a series of experi ents comparing the two algorithms which - f showed that the TREC2 Brkly6 algorithm per ormed about 10 percent better overall in a e t number of tests. Thus for TREC4 we mad he decision to retreat to the TREC2 formula e b for our prediction of logodds of relevanc etween a query and document . In par- t Q D icular the logodds of relevance when there are M match terms in common between query and M - t document, we obtain a formula for proper ies , each associated with a match

A . . . A 1 M : term, equation (1)

Σ 1^M m,_1

l_{1 M 0 1} og O(R | A , . . . ,A ) ∼ c +c f (M) X

+ . . . +c f (M) X K m=1 M m,K Σ 2 +_{K+1 K+2} c M+c M

w f (M) here the function is one that drops gently with increasing , say which M M 1� √� f m exerts a damping influence as the number o atch terms increases. Statistical tests showed y that the clue did not make a statisticall

M^2 significant contribution and so it was dropped. - t The properties chosen for the final equa ion were what were called in TREC2 "optim- - t ized relative frequencies". Thus the final equa ion after fitting was Equation (2):

l_{1 M} og O(R | A , . . . ,A ) ∼ M � Φ + 0.0929 1 1 −3.51 + M + √� w Φ here is the expression Σ mΣ Σ =1 M m,1 m=1 M m,2 m=1 M m,3 Here

37.4 X +0.330 X +0.1937 X

= number of times the ’th stem

X_{m,1} m l n occurs in the query, divided by (tota umber of all stem occurrences in query + 35);

= number of times the ’th stem

X_{m,2} m l n occurs in the document, divided by (tota umber of all stem occurrences in document + 80), quotient logged;

= number of times the ’th stem

X_{m,3} m e t occurs in the collection, divided by th otal number of all stem occurrences in the collection, quotient logged;

= number of distinct stems common t M o both query and document. m T Equation (2) above remains unchanged fro REC2. In particular, no refitting of logistic

B coefficients was attempted. However, the erkeley entries for TREC-4 utilized limited e c query expansion, described below. For a mor omplete discussion of optimized relative fre- C quencies, the reader is referred to (Cooper Gey hen, 1994).

2.1. Manual query reformulation d a In TREC3 the Berkeley group introduce manual reformulation of the topics into new s s and different queries by having intermediarie earch a parallel database, in this case the f C News database of the University o alifornia’s MELVYL electronic catalog. This - u approach proved so successful that we contin ed the process for TREC4. This seemed to - m be very promising when we observed the parsi ony of expression in the TREC4 adhoc topic - l statements. As an example of such a reformu ation, here is the original query for topic 241 on professional malfeasance:

Find examples of doctor and lawyer groups f t considering penalties against members o heir professions for malfeasance and show

T the results of such investigations

he average precision for Brkly9 entry on 6 o this query was 0.0120, retrieving only 1 ut of 62 relevant documents. The manual t reformulation of the same topic leads to he following query:

Find examples of doctor and lawyer groups f t considering penalties against members o heir professions for malfeasance and show - s the results of such investigations doctor phy ician lawyer ama aba bar bar association - p license license suspended suspended disci linary disciplinary action action disbar t c stealing sanction misconduct misconduc riminal physician license suspended nurse e l accuse case confidentiality mediations stat icensing boards

This reformulation (augmented by query e B expansion described below) allowed th rkly10 run to achieve best average precision of 0.3199 in retrieving 56 of the 62 relevant documents.

Overall, manual reformulation nearly o 0 doubled performance from 0.1388 (Brkly9) t .2660 (Brkly10). The salient features of ( manual query development are specificity adding query terms which are examples or - i instances of events being sought) and general ty (adding synonymous or closely related - m terms which might expand the net of docu ents being ranked).

Finally, we experimented with Boolean e t filtering on a set of manually chosen negativ erms, such that if a negative term occurred e r within a document, the document would not b etrieved. While this seemed to have great U promise for certain queries limited to the nited States in geographic scope, experiments t i showed it to be a two-edged sword such that i ncreased precision for some queries while

2 reducing it for others.

.2. A cautionary tale of ad-hoc query expansion

In TREC3 the entries from City Univer- , H sity of London (Robertson, Walker, Jones ancock-Beualieu, 1995) and Cornell Univer- - i sity (Buckley Salton Allan Singhal, 1995) util zed query expansion based upon the assump- l d tion that a trial run would produce an initia ocument ranking from which additional query - m terms could be harvested out of the top docu ents. City University’s approach was to s w choose a limited number of expanded term ith a complex weighting formula, also from . C the top 30 documents of the initial probe ornell’s approach was to choose the top 30 d e documents and find the 300 "best" terms an xpand the query thusly using Roccio weights. a Berkeley felt there was merit in these pproaches and began to experiment with past w collections to see if the methodology would ork within the logistic regression environment.

Our experiments showed that using 30 s s documents and even 100 additional term eemed to make performance deteriorate.

� � Table I: Brkly10 Ad-hoc Entry s � Average Precision for document/term expansion � � 0.2945* 10 terms 20 terms 50 terms 100 terms � 2 10 docs 0.2821 0.2660** 0.2335 0.1995 0 docs 0.2646 0.2533 0.2263 0.1857 5 � 30 docs 0.2589 0.2477 0.2138 0.188 � � � � � � � � �

� � � � �

� � � � �

� � � � �

� � � � �

� � � � � � � �

E * - No expansion, ** - Brkly10 official entry

ventually we settled on expansion by twenty - m ’best’ terms from the top 10 retrieved docu

ents. This expansion was applied to both the q original query and the manually reformulated ueries. Thus the Brkly9 run is obtained by , a taking the original topic, performing a trial run nd expanding the queries by 20 terms taken r p from the top 10 ranked documents. A simila rocess was used for Brkly10, except that the seed query was the manually reformulated one.

Following receipt of the relevance judg- o ments, Berkeley did a more systematic series f runs connected with query expansion. B These runs, summarized in Table I, show that erkeley would have been better served by - s making its official entry the run without expan ion, which at 0.2945 was nearly 10 percent s better than the 10 document/ 20 term expanion of the actual entry. Moreover, the same is l e true of the automatic entry, Brkly9; the officia ntry using query expansion had a precision of a 0.1388. Without query expansion, the utomatic methodology of equation (2) t achieves average precision of 0.2001, more han 45 percent better than our official entry. - s Our experiments show that query expan ion must be done judiciously in terms of f n choice of number of documents and choice o umber of terms. Even the top ten documents s t can produce several hundred additional term o choose from. Berkeley used the following a methodology to choose the top 20 terms from n initial ranking of the top ten documents c using the original query -- term weights were alculated according to the following formula:

iΣ^{DAF/NTD*log(NTD/DF )} =1 10

where

DAF is the term frequency in document ,D_i f ( is the total number of occurrences o

DAF) a Σ_{stem in the NTD top ranked documents.} s NTD is the number of top ranked document (e.g. 10) DF is the document frequency. (i.e. The r number of documents among the NTD top anked documents that contains the stem) h t For our official entries, the twenty terms wit he highest weights were added to the original

2 query to form the expanded query.

.3. Failure analysis

Both the Brkly9 original query and d o Brkly10 manual query modification stumble n queries which specified events, actions, or t scenarios which were restricted geographically o the United States. For example topic 205 f 3 (for which Brkly10 entry retrieved only 3 o 10 relevant documents)

What evidence is there of paramilitary

a activity in the US

nd our manual reformulation y a What evidence is there of paramilitar ctivity in the US paramilitary paramilitary r paramilitary militia militia militia group ight wing armed guns hate anti-government t extremists bomb shooting waco Koernke hreat attack idaho michigan keystone mon-

r tana Koernke Koernke sherwood terrorism

etrieved numerous documents about military and liberation activities of the African l National Congress in South Africa. Simiarly topic 206,

Prognosis/viability of a political third party

r in U.S.

etrieved a number of documents about t i Venezuelan elections into the top ranks. I s clear that judicious use of a limited - t scope knowledge-base of geographic loca ions might considerably improve results of

3 queries of this type.

. TREC4 routing methodology e B To prepare for TREC4 routing, th erkeley group ran a number of retrospective e w experiments on the TREC3 collection. W ere motivated by the City University h w approach of limited query expansion whic as a marked contrast from the massive query . W expansion which Berkeley used in TREC3 e ran several experiments which utilized χ^2 c tests and relevance history weights (the soalled "Robertson status value" ranking) for C choosing terms. In both tests we found the ornell approach of cutting off term expansion d n at 300 terms to be effective, however we coul ot achieve equal performance by utilizing a t p small number of additional terms of highes recision. In addition our experiments showed n that relevance history ranking was better tha ranking for choice of the 300 expansion t χ^2 erms. This seems to be puzzlingly different S from the Xerox-Parc results reported in IGIR95 (Schutze, Hull, Pedersen 1995).

3.1. Logistic regression in routing

In an endeavor to improve on blind-faith d t query expansion, the Berkeley group notice hat the City University formulae for TREC3 - q made use of an additional clues of term fre uency in document and query as well as t a document length. This seemed to indicate tha combination of relevance weighting with y m other clues similar to the ad-hoc methodolog ight actually improve performance. For - i TREC4 routing, Berkeley arrived at the follow ng formula for logodds of relevance, Equation

(3): 1 2 log O(R | Q,D) = −0.2983+0.9309*X −0.001622*X

−0.000003059*X +0.05316*X +0.04613*X_5 6

3 4

7 8 9 W +0.01573*X −0.005281*X +3.9488*X −0.06526*X

here the individual clues are defined by

X X_1 Query prior probability, 2 Number of unique stems in a document, a X_3 Document length (i.e. number of stems in document), Sum of present weight over match stems, X X_4 5 Sum of absent weight over query stems absent in document, Sum of the log of the historical idf over

X_6

match stems, Sum of the log of the document term fre-

X_7

quency over match stems, t X_8 Sum of the log of the relative documen term frequency over match stems,

T X_9 Number of match stems.

his logistic regression on multiple clues c where relevance history weights are only one lue among many improved performance con- - t siderably in experiments on the TREC3 collec ions. Our baseline run for routing (Brkly11) t consists of the original query terms ranked by he above formula. The Brkly12 run uses the r e same formula, applied to the top 300 terms fo ach query chosen from past relevant docu-

3 ments by their relevance weight.

.2. TREC4 routing performance e a The results for TREC4 run Brkly11 ar bysmal, with average precision of 0.0345, c showing that using only the original query is ompletely inadequate for the routing retrieval e problem. The Brkly12 run which did query xpansion by 300 terms chosen in order of b relevance history weight improves performance y a factor of seven to 0.2163. However, even t q this performance is below the median for mos ueries, puzzlingly low from our point of view, ( especially since the performance on query 17 "Measures to control agrochemicals") was

0.8509, the best for that query.

Since receiving the results, we have rerun a using the TREC-3 routing formulation with computation to choose the top 1000 expan- s χ^2 ion terms. This run achieved an average preci- t b sion of 0.2675 approximately twenty percen etter than our official entry. l 4. TREC4 Spanish retrieva

In approaching Spanish retrieval the - l Berkeley group was first faced with the prob em of developing a Spanish stemmer. There o were two conflicting approaches to stemming f TREC3: Cornell’s assertion that only d t extremely primitive stemming is needed, an hat a stop-word list can be developed from the c most frequent stems, manually reviewed to hoose which stems should be kept, versus t s Univerity of Massachusetts assertion tha ophisticated stemming produces a significant t i improvement. Mindful that it might no mprove performance, Berkeley nevertheless

4 undertook to develop a Spanish stemmer.

.1. Spanish stemming software s s Spanish stemming methodology follow ome rules for morphology found in recent G computational linguistic literature (Moreno and oni, 1995). The Berkeley Spanish stemmer , i begins with removal of longest ending found f any. If an ending was found, the software s v converts final c to z on stem then normalize erb forms found into their normal form. t Verbs are the most complex items to stem; hey consist of regular, ortho-irregular, and . T irregular verbs of three classes, -ir, -er and -ar he classification is made by the ending of the e n infinitive form of the verb, which is also th ame of the verb.

The regular verbs have standard endings s n similar to Spanish nouns, and their stem doe ot change throughout the conjugation. It is - i relatively trivial to stem these verbs. Ortho rregular verbs behave like regular verbs in c most respects except for the fact that their stem hanges throughout the conjugation into one or r " more new forms. These "stem-changing" o radical" verbs fortunately follow fairly basic rules which are outlined in standard grammars f i of Spanish. It was and still is a matter o nterest how ambiguous it is to back-track in t m that respelling. Irregular verbs are verbs tha ay partially follow regular or ortho-irregular u patterns, save for one or more forms are totally npredictable. No rule can be written for a . T change in a verb from, say, "ser" to "fui" here are unfortunately around 2,750 or more e t irregular verbs in the Spanish language. Th ask of normalizing irregular verbs would have a r been insurmountable had we not found esearcher at the University of Waterloo who y c was willing to provide us with his laboriousl onstructed machine-readable file of all verb . N forms for most irregular verbs (German, 1995) on-verbs: nouns, adverbs, adjectives are gen- r erally much easier, since they rarely undergo espelling. They can have occasional irregulari- - l ties such as the same form for plural as singu ar, or never assume a singular form (English s i example: what’s the singular of pants?). Thi s still fairly straightforward unless extreme s a disambiguation is desired. The basic ending re found in any complete grammar, and e t nouns, adjectives and adverbs usually resolv o the same stem when they have the same basic meaning.

We also performed two forms of stem- v ming, regular stemming which resolved word ariants (mostly verb variants) into their nor- c mal form, and no collection stemming, but the onstruction of a massive stop word list by - l taking all words of a small stop list (the trans ation of the SMART list into Spanish) and n t expanding them into all possible variants. I he latter case we obtained a stop word list of

4 some 10,000 words.

.2. Logistic regression for Spanish r r The Berkeley group methodology fo etrieving Spanish was to utilize the proven d r formula for adhoc logistic regression an etrain on the Spanish training set (Spanish - l queries 1-25). Doing this resulted in the fol owing Equation (4):

l_{1 M} og O(R | A , . . . ,A ) ∼ M � Φ − 0.0143 1 1 −3.439 + M + √� w Φ here is the expression Σ mΣ Σ =1 M m,1 m=1 M m,2 m=1 M m,3 84.86 X +0.508 X −0.3197 X

X_{m,k} where the are the same clues as in Equa-

4 tion (2) above.

.3. Spanish entries -- manual reformulation

Mindful of the success of manual refor- - t mulation of English ad-hoc queries, we under ook to create manual versions of queries 25- r 50. Queries 1-25 were considered sufficiently ich in natural language expression as to make s w manual construction unnecessary. The proces as to translate the queries into English, search n r the MELVYL NEWS database in English, the eformulate manual queries in English and

4 translate them into Spanish.

.4. Spanish results

The TREC4 official entry had an average r o precision of 0.1683, about equal to a numbe f other Spanish entries and considerably . M below the University of Central Florida entry anual reformulation in this case showed no f 0 improvement, with average precision o .1637. Following submission of the official t entry, we discovered an error -- in computing he component of the regression, we used

X_3 the collection size from the English collection h c (140 million stems) rather than the Spanis ollection (14 million stems). Rerunning with t c the correct collection size showed insignifican hange (average precision 0.1702) in the result. m The most important run was that without steming and the massively expanded stop word - s list, whose precision was 0.1009. Our conclu ion is that stemming works for Spanish as

5 well as English.

. Acknowledgments

All Berkeley group research is based l upon a modified version of the Cornel

SMART system. Berkeley’s modification to e v this software consists of replacement of th ector space similarity computation algorithms s with probabilistic algorithms, together with uch modifications of the SMART vector and o i inverted file data structures as necessary t ncorporate additional clues. Support for this d project came from UC DATA’s research and evelopment budget, augmented by research l o assistant funds from the UC Berkeley Schoo f Information Management and Systems. We m also acknowledge the encouragement and oral support of Professor William S. Cooper, t whose basic ideas for the past half decade form he core of all our methods. e U The generosity of Daniel German of th niversity of Waterloo in providing his Span- - c ish irregular verb conjugation list made a cru ial difference in our ability to deliver proba-

6 bilistic retrieval of Spanish text.

. References

Buckley, Chris, Gerard Salton, James Allan, E Amit Singhal (1995), "Automatic Query xpansion using SMART: TREC 3," Proceed- - e ings of the Third NIST Text Retrieval Confer nce (TREC3), National Institute for Standards r 2 and Technology, Washington, DC, Novembe -4, 1994, NIST Special Publication 500-225,

C April 1995, pp. 69-80.

ooper, W. S.; Gey, F. C.; Chen, A. (1993). t "Probabilistic retrieval in the TIPSTER Collecions: An Application of Staged Logistic - e Regression." The First Text REtrieval Confer nce (TREC-1). NIST Special Publication

C 500-207. Washington, 73-88.

ooper, W. S.; Gey, F. C.; Chen, A. (1994). E "Full Text Retrieval based on Probabilistic quations with Coefficients fitted by Logistic l C Regression." The Second Text REtrieva onference (TREC-2). Washington, DC, P August 31-September 2, 1993, NIST Special ublication 500-215. March 1994, pp.57-66. c G Cooper, William S., Aitao Chen, and Fredri ey (1995), "Experiments in Probabilistic i Retrieval of Full Text Documents," Proceedngs of the Third NIST Text Retrieval Confer- a ence (TREC3), National Institute for Standards nd Technology, Washington, DC, November , A 2-4, 1994, NIST Special Publication 500-225 pril 1995, pp. 127-134. g a Fontaine, Anne (1995), "Subelement indexin nd Probabilistic Retrieval in the POSTGRES r S Database System", Masters Thesis, Compute cience Department, University of California,

G Berkeley, May 1995.

erman, Daniel M., Private Communication,

M June 1995.

oreno, A. and Goni, J (1995), "GRAMPAL: m A Morphological Processor for Spanish impleented in Prolog", Technical Report, Dep. de , 1 Linguistica, Universidad Autonoma de Madrid 995.

Robertson, S.E., S. Walker, S. Jones, M.M. , " Hancock-Beualieu and M Gatfort (1995) Okapi at TREC-3," Proceedings of the Third , N NIST Text Retrieval Conference (TREC3) ational Institute for Standards and Technol- , N ogy, Washington, DC, November 2-4, 1994 IST Special Publication 500-225, April 1995,

S pp. 109-126.

chutze, Hinrich, David A. Hull, and Jan O. a Pedersen (1995), "A Comparison of Classifiers nd Document Representations," Proceedings R of SIGIR95, the 18th Annual Conference on esearch and Development in Information , p retrieval, Seattle Washington, July 9-12, 1995 p. 229-237.