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and related terms correspond to word lemmas, sta-
tistics collection from the corpus would be most

Corpus-based thesaurus construction for Mor- directly applied at the lemma level as well, using

phologically Rich Languages (MRL) is a com- m.prph.ological analyz_er and tagger (Linden and
plex task, due to the morphological variability ~ Piitulainen, 2004; Peirsman et al., 2008; Rapp,

of MRL. In this paper we explore alternative ~ 2009). However, due to the rich and challenging
term representations, complemented by cluster- morphology of MRL, such tools often have limited
ing of morphological variants. We introduce a  performance. In our research, the accuracy of a
generic algorithmic scheme for thesaurus con- state-of-the-art modern Hebrew tagger on a cross
struction i'n MRL, and demonstrate the empiri- genre corpus was only about 60%.

cal benefit of our methodology for a Hebrew Considering such limited performance of mor-
thesaurus. phological processing, we propose a schematic
. methodology for generating a co-occurrence based
1 Introduction thesaurus in MRL. In particular, we propose and

Corpus-based thesaurus construction has been/@estigate three options for term representation,
active research area (Grefenstette, 1994; Currg@Mely surface form, lemma and multiple lemmas,
and Moens, 2002; Kilgarriff, 2003; Rychly andsup_plemented with clustering of t(_arm. variants.
Kilgarriff, 2007). Typically, two statistical ap- While the default lemma representation is depend-
proaches for identifying semantic relationship§Nt on tagger performance, the two other represen-
between words were investigated: first-order, cd@tions avoid choosing the right lemma for each
occurrence-based methods which assume t¥4@rd occurrence. Instead, the multiple-lemma rep-
words that occur frequently together are topicalljgSentation assumes that the right analysis will ac
related (Schutze and Pederson, 1997) and secoRfiMmulate enough statistical prominence throughout
order, distributional similarity methods (Hindle,the corpus, while the surface representation solves
1990; Lin, 1998; Gasperin et al, 2001; Weeds affiorphological disambiguation "in retrospect’, by
Weir, 2003; Kotlerman et al., 2010), which Su(\:]geé:tlustermg term variants at the end of the extoscti _
that words occurring within similar contexts ardrocess. As the methodology provides a generic
semantically similar (Harris, 1968). scheme for exploring the alternative representation
While most prior work focused on English, we€Vels, each corpus and language-specific tool set
are interested in applying these methods to MRITight yield a different optimal configuration.
Such languages, Hebrew in our case, are character-
ized by highly productive morphology which ma Methodology

produce as many as thousands of word forms forfesauri usually contain thousands of entries,

given root form. _ termed herearget terms. Each entry holds a list of
Thesauri usually provideelated terms for each  related terms, covering various semantic relations.

entry term (denotethrget term). Since both target | this paper we assume that the list of targenser
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is given as input, and focus on the process of els calculated. Then, candidates are sorted, and the
tracting a ranked list of candidate related termsighest rated candidate terms are clustered into
(termedcandidate terms) for each target term. The lemma-oriented clusters. Finally, wank the clus-

top ranked candidates may be further examinedrs according to their members' co-occurrence

(manually) by a lexicographer, who will select thescores and the highest rated clusters become relat-
eventual related terms for the thesaurus entry.  ed terms in the thesaurus.

Our methodologywas applied for statistical  Figure 1 presents the algorithm’s pseudo code.
measures of first order similarity (word co-The notionrep(term) is used to describe the possi-
occurrence). These statistics consider the numbae term representations and may be eishefiace,
of times each candidate term co-occurs with theest or all. In our experiments, when
target term in the same document, relative to thaiep(target term)best, the correct lemma was
total frequencies in the corpus. Common cananually assigned (assuming a lexicographer in-
occurrence metrics ai®ice coefficient (Smadja et volvement with each thesaurus entry in our set-
al, 1996), Pointwise Mutual Information (PMI) ting). While, wherrep(word)=best, the most prob-
(Church and Hanks, 1990) ahab-likelihood test  able lemma is assigned by the tagger (since there
(Dunning, 1993). are numerous candidates for each target term we
cannot resort the manual involvement for each of
them). The two choices farep(term) are inde-

Statistical extraction is affected by termPendent, resulting in nine possible configurations
representation in the corpus. Usually, related serr®f the algorithm for representing both the target
in a thesaurus alemmas, which can be identifiedterm and the candidate terms. Thus, these 9 con-
by morphological disambiguation tools. Howeverfigurations cover the space of possibilities forte

we present two other approaches for terffepresentation. Exploring all of them in a systemat
representation (either a target term or a candiddéemanner would reveal the best configuration in a
related term), which are less dependent darticular setting.

morphological processing.

Typically, a morphological analyzer produces
all possible analyses for a given token in the cor-
pus. Then, &art Of Speech (POS) tagger selects
the most probable analysis and solves morphology

2.1 Term Representation

I nput: target term, corpus, a pair of values for
rep(target_term) andep(word)
Output: clusters of related terms

target_term& rep(target_term)

disambiguation. However, considering the poor
performance of the POS tagger on our corpus, we|
distinguish between these two analysis levels.
Consequently, we examined three levels of term
representation: (i) Surface formu(face) (ii) Best
lemma, as indentified by a POS taggess(), and

(iii) All possible lemmas, produced by a morpho-
logical analyzerdll).

2.2

Algorithmic Scheme

docs_list& search(target_term)
FOR doc IN docs_list

FOR word IN doc

add rep(word) to candidates

ENDFOR
ENDFOR
compute co-occurrence scores for all candidates
sort(candidates) by score
clusters <€ cluster (top(candidates))
rank(clusters)
related term:< top(clusters

We used the following algorithmic scheme for the-  Figure 1: Methodology implementation algorithm

saurus construction. Our input is a target term i£3 Clusterin

one of the possible term representationsféce, ' 9
best or all). For each target term we retrieve all th@he algorithm of Figure 1 suggests clustering the

documents in the corpus where the target term agxtracted candidates before considering them for
pears. Then, we define a set of candidate ternts tilae thesaurus. Clustering aims at grouping together
consists of all the terms that appear in all theselated terms with the same lemma into clusters,
documents (this again for each of the three passihising some measure of morphological equivalence.
term representations). Next, a co-occurrence scokecordingly, an equivalence measure between re-
between the target term and each of the candidatated terms needs to be defined, and a clustering
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algorithm needs to be selected. Each obtained clumembers (corresponding to morphological variants

ter is intended to correspond to the lemma of a siof the candidate term).

gle candidate termObviously, clustering is mostly

needed for surface-level representation, in order 8 Case Study: Cross-genre Hebrew

group all different inflections of the same lemma.  Thesaurus

Yet, we note that it was also found necessary for .

the lemma-level representations, because the t%r research targets the construction of a cross

ger often identifies slightly different lemmas for nre thesaurus for the Responsa préjef_ﬁhe

the same term. corpus !nclude_s questions posed to rabpls_ along
The equivalence measure is used for building‘%'th their detailed rabbinic answers, consisting Of.

graph representation of the related terms. We refgf1ous genres and styles. |t contains 76,710 arti-

resented each term by a vertex and added an e and abogt 100 million word tokens, and was
between each pair of terms that were deem ed for previous IR and NLP research (Choueka,

equivalent. We investigated alternative equivar®’2: Fraenkel, 1976; Choueka et al., 1987; Kemel

lence measures for measuring the morpholo icgﬁ al, 2008). , .
g P g Unfortunately, due to the different genres in the

distance between two vertices in our graph. W .

considered the string edit distance measure a sponsa corpus, available .tOOIS for Hebrew pro-

suggested two morphological-based equivalen&,§ssmg perf_orm poorly on this corpus. In a prelim-

measures. The first measure, given two verticdary experiment, the POS tagger (Adler and
hadad, 2006) accuracy on the Responsa Corpus

terms, extracts all possible lemmas for each ter o )
and searches for an overlap of at least one lemnf4'S less than 60%, while the accuracy of the same
ger on modern Hebrew corpora is ~90% (Bar-

The second measure considers the most probaffe:
lemma of the vertices' terms and checks whethE@im et al., 2007). .

these lemmas are equal. The probability of a lemy- FO this project, wiarutlllged the MILA Hebrew
ma was defined as the sum of probabilities for ?orphologlcal Analyzet (ltai and Wintner, 2008;

morphological analyses containing the lemma, ug.ona@ and Wintner, 2008) and the (Adler and

ing a morpho-lexical context-independent prob Tlhadad 2006) POS tagger for lemma representa-

bilities approximation (Goldberg et al., 2008). Th lon. The_ Iatter_ hé.ld two important characteris_tics:
clustering was done by finding the connected co he f|rs_t is flexibility- Th|§ tagger aIIov_vs adapy

ponents in our graph of terms using the JUNGNE estimates of the prior (context-independent)
implementation (WeakComponentVertexCIusteré?mb""t"“ty of each morphological analysis in an

algorithm with default parameters). The connected’SuPervised manner, from an unlabeled corpus of

components are expected to correspond to differéRE @rget domain (Goldberg et al., 2008). The se-
lemmas of terms. Hierarchical clustering methodt2nd advantage is its mechanism for analyzing un-

(Jain et al., 1999) were examined as well (Sing| nown tokens (Adler et al., 2008). Since about

: ; : 0% of the words in our corpora are unknown
link and Complete-link clustering), but they were ™~ ) -
inferior P 9 y (with respect to MILA's lexicon), such mechanism

After applying the clustering algorithm, we re-is essential.

ranked the clusters aiming to get the best clusters iOL statlstllc(fogxéractlon, we used Iau;:‘bnﬁge
at the top of clusters list. We investigated tworsc 00K the top ocuments retrieved for the tar-

ing approaches for cluster ranking; maximizatioﬂet term and extracted candidate terms from them.

and averaging. The maximization approach assigRéce coefficient was used as our co-occurrence

the maximal score of the cluster members as t}q%easure, most probable lemma was considered for

cluster score. While the averaging approach aS%_UStering equivalence, and clusters were ranked
e

signs the average of the cluster members' scor ed on maximization, where the maximal score

the cluster scoreThe score obtained by either of Vas multiplied by cluster size.

the approaches may be scaled by the cluster length,
to account for the accumulative impact of all class
2 Corpus kindly provided - http://www.biu.ac.il/jhéBponsa/
3http://mila.cs.technion.ac.il/mila/eng/tools_anaytstml

“ http://lucene.apache.org/

! hitp://jung.sourceforge.net/
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4  Evaluation Candidate surface  best All
. Target

4.1 Dataset and Evaluation Measures = 5] 203 | 256t
The results reported in this paper were obtained Surface P R 21.0¢ 18.71
from a sample of 108 randomly selected terms F1 29.20] 24.55] 2199
from a list of 5000 terms, extracted from two pub- AP 2087, 1583 1413
licly available term lists: the University of Haiga R 46.70] 39.88| 36.97
entry list and Hebrew Wikipedia entri&s Best | P 2503 | 2308] 2094

In our experiments, we compared the perfor-| emma | F1 3259 | 2924 2674
mance of the alternative 9 configurations by four AP 26.84] 2086 19.32
commonly used IR measures: precision (P), rela- R 4713 | 4252| 4213
tive recall (R), F1, and Average Precision (AP). All P 2372| 2247| 21.23
The scores were macro-averaged. We assumed that lemmas | F1 31.5¢ 29.4C| 28.2¢
our automatically-generated candidate terms will AP 27.86 229¢| 211«

be manua”y filtered, thus, recall becomes more Table 1: Performances of the nine configuratrions
important than precision. Since we do not have any

pre-defined thesaurus, we evaluated the relative- Furthermore, we note that the target representa-
recall. Our relative-recall considered the numtfer &ion by all possible lemmas (all) yielded the biest
suitable related terms from the output of all metiand AP scores, which we consider as most im-
ods as the full set of related terms. As our systep@rtant for the thesaurus construction setting. The
yielded a ranked sequence of related terms clystdfgProvement over the common default best lemma
we also considered their ranking order. Thereforéépresentation, for both target and candidate, is
we adopted the recall-oriented AP for rankindgiotable (7 points) and is statistically significant

(Voorhees and Harman, 1999). according to the two-sided Wilcoxon signed-rank
test (Wilcoxon, 1945) at the 0.01 level for AP and
4.2  Annotation Scheme 0.05 for R.

The output of the statisf[ical extraction is a rah_ke5 Conclusions and Future Work

list of clusters of candidate related terms. Since

manual annotation is expensive and time consum- We presented a methodological scheme for ex-
ing, we annotated for the gold standard the top }#oring alternative term representations in statist
clusters constructed from the top 50 candidatal thesaurus construction for MRL, complemented
terms, for each target term. Then, an annotatby lemma-oriented clustering at the end of the pro-
judged each of the clusters' terms. A cluster waess. The scheme was investigated for a Hebrew
considered as relevant if at least one of its ternegoss-genre corpus, but can be generically applied

was judged relevaht in other settings to find the optimal configuration
in each case.
4.3 Results We plan to adopt our methodology to second

Table 1 compares the performance of all nine te
representation configurations. Due to data spar

is case there is an additional dimension, namely

ness, the lemma-based representations of the targaure representation, whose representation level
term outperform its surface representation. How> ?“I‘é be explct)r:e?j af Wde”- I'” iﬂdlcllolrt]', \\;Vve Fé'ag to
ever, the best results were obtained from candiddtg e OurMmV\e/Eo S 10 aeal wi ulti Word Ex-
representation at the surface level, which wa¥€SSions ( )-

complemented by grouping term variants to lem-
mas in the clustering phase. Acknowledgments

;%der distributional similarity methods as well. In
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