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t. In 
ontent-based �ltering systems, 
ontent of items is usedto re
ommend new items to the users. It is usually represented by wordsin natural language where meanings of words are often ambiguous. Westudied 
lustering of words based on their semanti
 similarity. Then weused word 
lusters to represent items for re
ommending new items by
ontent-based �ltering. In the paper we present our empiri
al results.1 Introdu
tionInformation �ltering re
ommender systems help users to gain orientation in in-formation overload by determining whi
h items are relevant for their interests.One type of information �ltering is Content-based �ltering (CBF).In CBF, items 
ontain words in natural language. Meanings of words in natu-ral language are often ambiguous. The problem of word meaning disambiguationis often de
omposed to determining semanti
 similarity of words.We studied semanti
 similarity of words and how it 
an be used in CBF.First, we 
lustered words from textual items des
ription based on their semanti
similarity. Then we used word 
lusters to represent items. Finally we used thoseitems representations in CBF. To 
luster words we used semanti
 network ofEnglish words WordNet1 [5℄. For CBF we used Ea
hMovie and IMDb data.The rest of the paper is organized as follows. Se
tion 2 and 3 des
ribe 
ontent-based �ltering and semanti
 similarity in more detail. Se
tion 4 deals with ourapproa
h in using semanti
 similarity of words in CBF, se
tion 5 des
ribes ourexperiments and results. Se
tion 6 
ontains 
on
lusions.2 Content-based FilteringTo re
ommend new items for users, CBF follows these steps:1. Items representation. Ea
h item 
onsists of words. First of all, words with-out meaning (e.g. them, and) - stop-words are ex
luded. Remaining wordsare stemmed (
ut o� suÆxes). Let us 
onsider a ve
tor representation withdi
tionary ve
torD, where ea
h element dt is a term (word). Then ea
h do
-ument j is represented with a feature ve
tor W j , where element wjt is the1 We used WordNet version 1.6



weight of word dt in do
ument j. We use term frequen
y-inverse do
umentfrequen
y (tf-idf): wjt = tf(t; j) log(ndo
sdf(t) ), where tf(t; j) is term frequen
y- the number of o

urren
es of term t in do
ument j, ndo
s is the number ofall do
uments and df(t) is do
ument frequen
y - the number of do
uments
ontaining term t.2. User pro�le 
reation. Users assign ratings to the items based of how mu
hthey like those items. Pro�les of users' interests are generated from itemsrepresentations and users ratings. They have the same representation as ado
ument, weights are de�ned by: pro�let = pro�let +Pmj=1 r0jwjt; for ea
hterm t. Index j goes through the rated do
uments, wjt is a weight of theterm t in the do
ument j and r0j = rj � �s, where �s is the average of a s
ale.3. Ratings for unrated items estimation. In order to measure how mu
h a newitem mat
hes the pro�le, we use 
osine measure. Its value ranges from �1to 1. Let sn is a number of values in the s
ale. We divide this interval< �1; 1 > into sn subintervals and we assign ea
h subinterval to one valueof a s
ale. To ea
h item there is assigned an estimated rating ej a

ordingto the subinterval, to whi
h the weight of the value belongs.4. Making re
ommendations. Items j with ej � T are re
ommended to the userfor a given threshold T .3 Semanti
 Similarity of WordsTo study relatedness of words, the most often used thesaurus is a semanti
network of English words 
alled WordNet [5℄. It is lexi
al referen
e system orga-nizing words2 into synonym sets (synsets), ea
h representing one lexi
al 
on
ept.These synsets are linked by di�erent relations.There are several types of semanti
 relatedness. Hierar
hi
al taxonomy ex-pressing IS-A (hypernymy/hyponymy) relation (Figure 1) is 
onsidered to bethe most appropriate for determining the semanti
 similarity [7℄, [3℄. It 
an beused by two main approa
hes: edge-based and node-based [3℄.
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Fig. 1. Simpli�ed hypernym hierar
hy for word "orange".2 A lexi
al 
ategory of the word must be determined.



3.1 Edge-based Approa
hEdge-based approa
h measures minimal distan
e3 between 
on
epts (synsets) ina hierar
hi
al stru
ture. Resnik [7℄ presents edge-based measure that 
onvertsthe minimal length between 
on
epts 
1 and 
2 (
i is the 
on
ept (synset) thatrepresents one sense of a word wi, i = 1; 2). It is given by:simeR(w1; w2) = 2�MAX � �min
1;
2 len(
1; 
2)� ; (1)where MAX is maximum depth of the taxonomy and len(
1; 
2) is length of theshortest path between 
on
epts 
1 and 
2 [7℄, [3℄.3.2 Node-based Approa
hIn addition to hierar
hi
al taxonomy, node-based approa
h uses a large text
orpus to 
ompute probabilities p(
) of en
ountering an instan
e of 
on
ept 
and then its information 
ontent � log(p(
)). The idea behind this approa
h isthat similarity between 
on
epts should be proportional to "the extent to whi
hthey share information". There are several similarity measures presented in theliterature [7℄, [3℄, [4℄. One of them is Lin's similarity measure [4℄simnL(w1; w2) = 2 log(p(lso(
1; 
2)))log(p(
1)) + log(p(
2)) ; (2)where lso(
1; 
2) is the lowest super-ordinate of word 
on
epts 
1 and 
2.4 Using Semanti
 Similarity of Words in Content-basedFilteringTo use semanti
 similarity of words in CBF, we followed these steps:1. Prepro
essing. Textual do
uments (items) were modi�ed so that ea
h sen-ten
e was just in one line. This was needed for the next step.2. Lexi
al 
ategories assignment. To do this, a part-of-spee
h tagger was used.3. Sele
ting nouns and verbs. Nouns and verbs were sele
ted to 
reate a list ofall nouns and a list of all verbs. It was done be
ause we assumed that justthey retain the main meaning of the senten
e, similarly to [9℄, [7℄, [1℄.4. Lists of synsets assignment. To ea
h sele
ted word we assigned a list ofhypernym synsets fromWordNet IS-A taxonomy. In the list, we in
luded onlyhypernym synsets that are on a path to its root synset with length greateror equal to threshold L. This was done to avoid too \general" relationships.5. Synset frequen
ies 
omputation. Synset frequen
ies were 
omputed from listsof hypernym synsets. This step was needed only for node-similarities.3 Note, that word's senses 
an belong to more than one 
on
ept and that there 
anbe more than one path that links two 
on
epts.



6. Semanti
 similarities 
omputation. To 
ompute similarities among nouns andamong verbs from lists of synsets, we used simeR(w1; w2) (1) and simnL(w1; w2)(2) measures. To 
ompute synset probabilities, synset frequen
ies from step5 were used. Lists of synsets was used to 
reate lists of di�erent nouns andverbs in order to avoid using several forms of one word (e.g. boy, boys).7. Converting similarities to dissimilarities. Similarities were transformed todissimilarities by using dis(w1; w2) = 1:0� (sim(w1; w2)=max), where maxis the maximal possible similarity. For edge-based similarity, max = 2� totaldepth of hypernym network, max value for node-based similarity is 1:0.8. Nouns and verbs 
lustering. Hierar
hi
al 
lustering with 
omplete agglom-erative method was used to 
luster nouns and then verbs. We used severalvalues for N (number of noun 
lusters) and V (number of verb 
lusters).9. Creating semanti
 representation. Ea
h noun and verb was repla
ed by its
luster. Sin
e proper names 
annot be 
lustered based on semanti
s, in ad-dition to those 
lusters we used proper names. To their number we referas to P . Thus, noun 
lusters Cni(i = 1; : : : ; N), verb 
lusters Cvi(i =1; : : : ; V ) and proper names Pni(i = 1; : : : ; P ) 
reated a di
tionary ve
torD = (Cn1; : : : ; CnN ; Cv1; : : : ; CvV ; Pn1; : : : ; PnP ). Ve
tors of items 
on-tained numbers of o

urren
es of words for ea
h 
luster and numbers ofo

urren
es of proper names. To this representation we further refer as tosemanti
 representation.10. Running CBF. We run 
ontent-based �ltering for pure tf-idf items represen-tation and semanti
 representations of items (steps 2-4 from se
tion 2).5 Experiments5.1 DataIn our experiments we used 2 datasets. The �rst one is Ea
hMovie database4. It
ontains expli
it ratings for movies (2811983 ratings from 72916 users to 1628movies). We transformed rating s
ale to integers 1; : : : ; 6. The se
ond dataset isInternet Movie Database5 (IMDb) 
ontaining movie des
riptions.5.2 Parameter SettingsTo 
reate tf-idf representation of a movie, the �rst 3 a
tors, �rst dire
tor, titleand textual des
ription were sele
ted from IMDb des
riptions. Then we followedstep 1, se
tion 2. Porter algorithm was used to stem words [6℄. Number of words(elements of D) was 16467. Sin
e we used rating s
ale 1; : : : ; 6, T was set to 4.To 
reate semanti
 representation, we used IMDb des
ription as for tf-idfrepresentation, but we ex
luded titles. We did so, be
ause tagger 
ould be appliedonly to the whole senten
es, what titles usually are not. We followed steps 1-9from se
tion 4. Brill's tagger [2℄ was applied in step 2. L was set to 3 (step 4) and4 http://www.resear
h.digital.
om/SRC/ea
hmovie/5 http://www.imdb.
om/



thus N = 4594 and V = 1696 (step 6). In edge-similarity, the maximal lengthof path to the root synset was 20 (max = 40) (step 7). The number of propernames P = 3942 (step 9).Table 1. Labels of datasets used for CBF.N = 500 N = 700 N = 2000 N = 2500Representation V = 500 V = 700 V = 1000 V = 1000edge-based semanti
 A C E Gnode-based semanti
 B D F Htf-idf TWe experimented with data in order to sele
t several meaningful values forN and V . Our task was not to �nd the appropriate number of 
lusters, but tostudy whether verbs and nouns 
lustering is helpful in CBF. We present resultsa
hieved on 9 datasets for 4 di�erent N and V values (Table 1).5.3 Results and Dis
ussion10-fold 
ross-validation was used to evaluate the quality of estimations. In ea
hstep of 
ross-validation 10% of ea
h user's ratings were assigned to test set andremaining 90% to training set. CBF with ea
h representation run with using thesame test and training sets. To evaluate the results we used Mean absolute error(MAE) and F-measure [8℄.Results are presented in �gure 2. They indi
ate that CBF with tf-idf andwith semanti
 representation provide 
omparable results. We applied ANOVAwith the Bonferroni pro
edure on 95% level to evaluate the reults. For F-measuretest showed no signi�
ant di�eren
e. Evaluated with MAE, CBF with datasetsA and B a
hieved signi�
antly better results than CBF with E, F, G, H, T andCBF with D signi�
antly outperform CBF with H and T datasets.The results indi
ate that for appropriate number of 
lusters CBF with seman-ti
 representation might outperform CBF with tf-idf representation. However weshould like to see a stronger eviden
e to this hypothesis. To dis
uss reasons forthe results, let us repeat several simpli�
ations, we made: (1) we 
ould not usetitles for semanti
 representation but we use them in tf-idf representation. (2)we did not use any algorithm to 
hoose the appropriate number of noun andverb 
lusters. (3) we 
ould not evaluate and 
orre
t errors of part-of-spee
h tag-ger. We 
onsider these simpli�
ations to be important and we assume that theya�e
t the results.6 Con
lusions and the Future WorkWe used semanti
 similarity to 
luster verbs and nouns from textual items to
reate semanti
 representation for those items. We 
ompared results of CBF with



Fig. 2. CBF results for with semanti
 representation (datasets A, : : :, H) and withtf-idf representation (dataset T), evaluated using MAE and F-measure.
ommonly used tf-idf and with our semanti
 representation. Evaluated with F-measure, CBF with semanti
 representation provided no signi�
ant di�eren
efrom CBF with tf-idf representation. For 
ertain numbers of 
lusters, CBF withsemanti
 representation provided signi�
antly smaller mean absolute error.In the future we plan to study methods for determining the appropriatenumber of noun and verb 
lusters and experiment with applying part-of-spee
htaggers to determine lexi
al 
ategories to words in titles.Referen
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