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Abstract 
 

We present a novel method of abridging the WordNet noun and verb 

taxonomies through selection of classes corresponding to Specialization 

Classes (SCs) by examining change in information content along hyponym 

chains. The abridged taxonomies are evaluated through their ability to 

disjointly partition polysemous senses of all WordNet noun and verb 

lemmas; the proposed abridgement method is shown to have high recall 

(95% for nouns, 83% for verbs) at 100% precision, superior to baseline and 

random abridgements. 

Key Classes are identified by selecting those SCs that occur more 

frequently than in a reference document collection. Experiments collecting 

noun Key Classes from SEMCOR documents, each tagged with all possible 

noun senses, and with a single sense selected by the First Sense heuristic, 

are compared with those obtained using the SEMCOR-annotated senses. 

Over 80% accuracy is found only for single senses, demonstrating the 

increased frequency of the ‘correct’ SCs is not sufficient to rank them 

higher than erroneously selected SCs, and hence the procedure cannot select 

the correct sense of keywords automatically.  

 Example documents from the SEMCOR collection show that the 

Key Classes group lexically dissimilar but semantically similar terms, 

thereby defining the sense of the Key Class lexically, unlike the traditional 

Term Frequency approach where each Key Term is represented by a single 

lexical item that may be sense-ambiguous in isolation. 

  

1 Introduction 
 

1.1 Motivation 

 

We have been investigating the application of natural language processing 

techniques as an assistive technology for blind and visually impaired (BVI) 

people, particularly with respect to web page navigation and content 

determination. BVI people generally use refreshable Braille displays or 

synthesised speech to render the text of a web page. These approaches make 

the content accessible to the user, but the serial presentation limits their 

ability to determine rapidly the relevancy of the web page to their line of 

enquiry, and requires that a reasonable amount of the page be rendered in 



speech/Braille in order to present sufficient information for topic inference 

to occur. This contrasts with the technique employed by the sighted user 

who rapidly and randomly visually scans the page, quickly forming a 

judgement as to the content and hence relevancy of the document. 

 BrookesTalk, a web browser for BVI people, has been developed at 

Oxford Brookes University (Zajicek et al., 1997; Zajicek et al., 1998); its 

main innovation being the presentation to the user of keywords 

automatically extracted from the currently loaded page. The intuition behind 

this is that the user’s own cognitive abilities will identify the context in 

which the keywords are most strongly related - this context will then, in a 

general sense, inform them of the topics covered by the page. This is 

particularly useful when selecting potentially relevant pages, from those 

returned by a search-engine. For example, given the query ‘RED DWARF’, a 

number of pages are returned and keywords generated for each of them. 

Keywords such as STAR, PULSAR and TELESCOPE suggest an astronomical 

theme, whereas KRYTEN, LISTER and SCUTTER are indicative of the 

eponymous BBC TV series. 

 Currently, BrookesTalk uses Luhn’s (Luhn, 1958) Term Frequency 

(TF) method to generate the keywords: words from the web page are 

stopword-filtered, stemmed, and the stems ranked on decreasing frequency. 

The top 10 stems, after being mapped back to their original form, are then 

presented as the keywords. TF is attractive as it is easily implemented, 

requires no resources other than a stemmer and a stopword list, and 

importantly for user satisfaction, operates in real-time.  

 

1.2 Defining the Senses of Keywords 

 

The efficacy in suggesting page topics hinges on the user’s ability to 

identify the context in which particular meanings of the extracted terms 

make sense. Humans are of course very good at this kind of task. 

Nevertheless, we are concerned that by relying solely on high frequency 

tokens drawn from a text, additional contextual information provided by low 

frequency near-synonyms of those high frequency tokens is being discarded. 

For example, suppose the word DISC is extracted as a keyword. What kind 

of disc is it? If one of the other keywords is COMPUTER we can deduce 

FLOPPY DISC or HARD DISC, whereas coocurrence with MUSIC would 

suggest a PHONOGRAPH RECORDING. Now consider the situation where a 

keyword is presented together with its near synonyms that have also been 

extracted from the document: DISC might be presented with FLOPPY and 

HARD in the first instance, and with LP in the second, making the sense in 

each case clear. Presenting sense-related words in this way thus suggests the 

sense of the near synonyms before the other extracted keywords (i.e. 

COMPUTER and MUSIC) are taken into consideration.  



In order to implement such a system, a definition of near-synonym is 

required. Obviously, synonyms of extracted keywords form a subset. As 

seen above, FLOPPY DISC and HARD DISC are not synonyms, but they are 

similar in that they are both direct hyponyms of MAGNETIC DISK. Therefore, 

we equate near-synonymy with similarity, and propose to extract words of 

similar meaning under each keyword. 

 

1.3 Overview 

 

We hypothesis then that by collecting groups of keywords on the basis of 

similarity, rather than purely on frequency of occurrence, will more strongly 

suggest senses for those keywords, and the consequent reduction in 

ambiguity will simplify the task of identifying a context into which they fit. 

The remainder of this article describes the process of selecting keywords on 

similarity.  

Section 2 presents a novel method of abridging the WordNet noun 

and verb hypernym taxonomies, using change in information content to 

identify Specialization Classes – essentially, points at which cuts in the 

taxonomy are to be made – thereby reducing the size of the taxonomies to 

6.8% (noun) and 13.4% (verb) of their original size. All procedures are 

formally defined using the Ζ notation. 

Section 3 demonstrates that the abridged noun and verb taxonomies 

are capable of accurately discriminating between senses of polysemous 

lemmas – a recall/precision evaluation revealing a recall of 95% (noun) and 

83% (verb) at a precision of 100%, showing that few sense distinctions are 

lost by the abridgement process.  

Section 4 proposes that Key Classes may be used to replace the Key 

Lemmas selected by Term Frequency methods. Recognising classes 

subsumed by a Specialization Class as similar, it compares the Key Classes 

selected when no sense disambiguation occurs, and when rudimentary sense 

disambiguation is attempted, against those selected from fully sense 

disambiguated document nouns drawn from SEMCOR (Landes, 1998).  

Results indicate that better results are obtained when sense disambiguation 

is attempted (over 80% accuracy for the 10 highest ranked Key Classes). 

Examples are given demonstrating the augmentation of lexically dissimilar 

but semantically similar document terms extracted under each 

Specialization Class. The increase in frequency due to this augmentation 

however is not sufficient to rank the desired senses of polysemous lemmas 

more highly than erroneous senses. Again, all procedures are formally 

defined using the Ζ notation. Conclusions are presented in Section 5. 

 

2 Similarity 
 



Various methods of assessing word similarity have been proposed: Using a 

taxonomy such as WordNet (Miller 1995), two nodes are similar if they 

share a hypernymically related node. The degree of similarity may be 

determined by counting edges (Rada et al., 1989; Leacock et al., 1998). 

Semantic Similarity (Resnik, 1995) measures similarity as information 

content of the common subsumer, obtained from taxonomy node 

probabilities assigned through corpus frequency analysis. This approach as 

been augmented by factoring-in path length (Jiang, 1997), itself similar to 

the Similarity Theorem based Lin Measure (Lin, 1997). Relations other than 

hypernym/hyponym have been used, employing defined sequences of 

directed relational types (Hirst et al., 1998). Tree-Cut Models (TCM) 

employing Minimum Description Length (Quinlan et al., 1989) have been 

used to partition noun taxonomies on similarity of case-frame slot fillers (Li 

et al., 1995a; Li et al., 1996). As an alternative to these approaches, Lesk 

proposes dictionary definition overlap (Lesk, 1989), where increasing 

definition-word overlap indicates greater similarity. 

 The similarity metrics above, with the exception of the Tree-Cut 

Model, all produce a measure of how similar two senses are (or will state 

that they are not similar). So, given CAR and LORRY, these metrics will 

report that they are very similar, and share the hypernym MOTOR VEHICLE. 

CAR and SKATEBOARD are less similar, but similar nonetheless, and share 

the hypernym ARTEFACT. However, by the same token, CAR and PENCIL 

are also similar, again sharing the hypernym ARTEFACT. To avoid this 

unacceptable result, a similarity threshold would be required; those cases 

where the similarity value was found to be above the threshold accepted as 

similar, and those below rejected. This presents yet another problem in that 

a suitable threshold must be selected. The Tree-Cut Model on the other hand 

partitions the hypernym/hyponym taxonomy, thereby collecting similar 

senses under each cut. Using this scheme it is possible to give a yes/no 

answer to the question ‘are these senses similar?’. However, the proposed 

TCM is designed to identify senses that are similar with respect to their 

roles in case frames, requiring consideration of their coocurrence 

probabilities with some predicate. Nevertheless, having a preselected set of 

cuts, and hence groups of similar senses, is attractive considering the real-

time application we have in mind. 

 

2.1 A method for Predefining Groups of Similar Senses 

 

A method of defining sets of similar senses presents itself if one considers 

Resnik’s procedure for calculating the information content (IC) of nodes in 

the WordNet noun hypernym taxonomy (Resnik, 1995; Resnik 1998). 

Recall that in the construction of the probabilistic model of WordNet, the 

frequency of any class c is calculated recursively as the number of 



occurrences of that class plus the sum of the frequencies of its hyponyms, 

shown in equation 1 below. 

 

 

 (1) 

 

 

 

where words(c) is the set of words in any synset subsumed by c, 

and where classes(w) is the set {c | w ∈ words(c)} (Resnik, 

1998) 

 

Two factors are involved in the calculation of the IC value of a WordNet 

class: Firstly, the raw frequency of occurrence of terms, as derived from 

corpus analysis, is assigned to appropriate classes. This results in the more 

frequently occurring classes having a higher frequency score than less 

occurring classes, as illustrated by node α in Fig. 1a. In some way, this 

echoes Luhn’s observation that term frequency and term significance are 

related (Luhn, 1958). Secondly, the frequency scores are cumulatively 

propagated along the hypernym relation, resulting in the summed class 

frequency being additionally influenced by its hyponyms, as shown by node 

β in Fig. 1b, which is reminiscent of a spreading-activation network.  

 

 (a) Corpus Term Frequency  (b) Connected Hypernyms 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 1. The derived frequency of a class depends upon both term frequency 

(a), and on number of hyponyms (b). Individual term frequencies are shown 

within nodes, sum indicates cumulative class frequency. 

 

In the two examples above, it can be said that the labelled nodes form 

abstract classes; node α is similar to a term frequency based keyword within 

its hypernym chain, and node β is highly activated by its subordinate nodes. 

Observe in each case, there is a large change in value (frequency and 
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summed frequency respectively) between the labelled node and its 

immediate hyponym(s). This effect is shown clearly in Table 1, the 

cumulative frequency data for the hypernym chain of DOG (canine). Word 

frequency data is derived from the 100 million word British National 

Corpus (BNC) and applied to the noun taxonomy of WordNet 1.6. 

 

Class ΣΣΣΣFreq 

ENTITY 963909 

ORGANISM 385594 

ANIMAL 38913 

CHORDATE 21502 

VERTEBRATE 21496 

MAMMAL 13657 

PLACENTAL 13391 

CARNIVORE 2803 

CANINE 1203 

DOG 995 
 

Table 1  Cumulative frequencies of hypernyms of DOG (canine) 

 

Note that in Table 1 the summed frequencies do not change smoothly; there 

are particularly large changes when moving from ANIMAL to ORGANISM 

(∆=346681), and from ORGANISM to ENTITY (∆=578315). These are caused 

by the summation of frequencies of all subordinates of ORGANISM 

(including ANIMAL), and of all subordinates of ENTITY (including 

ORGANISM) respectively, of which there are many. From this we deduce that 

ORGANISM and ENTITY strongly abstract the hypernyms of dog. However, 

in an ideal situation we would prefer just the right level of abstraction, not 

strong abstraction - clearly ORGANISM does not discriminate between DOG 

and CAT, or even PLANT and ANIMAL. Worse still, ENTITY cannot 

discriminate between such as DOG and BICYCLE.  

Following Resnik (Resnik 1998), the information content value I for 

each class c was calculated using equation 3, after first deriving the class 

probabilities p(c) from the cumulative frequencies via equation 2. 

 

 p(c) =        

 

where N =  Σc’freq(c’) for c’ ranging over all classes (2) 

 

Ic = -log p(c) (3) 

 

Table 2 shows that, as expected, the classes near the top of the taxonomy 

express relatively little information (column IC). Calculating the change 

freq(c) 

    N 



(increase) in information (column ∆∆∆∆IC) reveals the greatest change takes 

place in the move from ORGANISM to ANIMAL. 

 

 

Table 2  Class-based probability and information values for the hypernym chain of dog 

 

If ENTITY and ORGANISM are strong abstractions of DOG, then it can be said 

that the classes ANIMAL..DOG are specialisations of the strong abstractions, 

Further, as the move from ORGANISM to ANIMAL presents the greatest 

change in IC, then the greatest specialisation happens at ANIMAL. We have 

chosen to designate the node that incurs the greatest positive change in IC a 

Specialization Class (SC). Thus ANIMAL is the SC of those classes within 

the DOG hypernym chain. Intuitively, ANIMAL does seem to present a 

plausible abstraction of DOG, and it certainly discriminates between DOG 

and BICYCLE. By applying cuts to the WordNet noun hypernym taxonomy 

at the SCs we can construct an abridged WordNet noun hypernym 

taxonomy; the nodes of the taxonomy will be the SCs, and each SC will 

‘contain’ all subordinate similar senses.  

 

An SC can be formally defined as follows: 

 

Given: (4) 

 

 [CLASS] the set of WordNet noun classes. 

 

 c: CLASS c is of type CLASS 

 

I: c ß REAL Function I returns the information content of 

class c.   

The hypernym function Η can be defined as: (5) 

 

 H: CLASS j CLASS 

 

Η(c) = ch | c IS_A ch 

Class ΣΣΣΣFreq Prob IC ∆∆∆∆IC

ENTITY 963909 0.03962 1.40212

ORGANISM 385594 0.01585 1.80003 0.39790

ANIMAL 38913 0.00160 2.79606 0.99603

CHORDATE 21502 0.00088 3.05367 0.25761

VERTEBRATE 21496 0.00088 3.05380 0.00013

MAMMAL 13657 0.00056 3.25081 0.19701

PLACENTAL 13391 0.00055 3.25933 0.00852

CARNIVORE 2803 0.00012 3.93848 0.67915

CANINE 1203 0.00005 4.30596 0.36748

DOG 995 0.00004 4.38817 0.08221



Note that: (6) 

 

 H
n
(c) represents the reflexive transitive closure of H over c, and  

 

 H
0
 represents the identity, that is, H

0
(c) = c 

 

The Specialization Class selection function SC can now be defined: (7) 

 

 SC: CLASS ß CLASS 

 

SC(c) = H
n
(c) where  

∃ n : N | n ≥ 0 • MAX(I(H
n
(c)) – I(H

n+1
(c))) 

 

2.2 Identifying the Specialization Classes 

 

Using the BNC as the reference source, the information content of each 

WordNet noun class was calculated as per equations 1 to 3 above. The 

specialization class selection function SC, defined in equation 7, was then 

applied to identify the subset of WordNet noun classes that constitute the 

Specialization Classes, as shown in equation 8. Initial examination of the 

results showed that for many nouns, the immediate hypernym of a root class 

was selected as the SC - an unsatisfactory result precipitated by the fact that 

these classes are the focus of many subordinate classes. To counteract this, 

the roots and their immediate hypernyms were disallowed as candidates for 

selection. SUBSTANCE, a third-level class, was also found to have a very 

high change in information content, leading to its preferential selection, and 

so was similarly disallowed. This resulted in 145 noun base classes being 

disallowed. 

 

 [CLASS]  The set of WordNet noun classes 

 

 SCLASS: PCLASS The set of noun Specialization Classes 

 

 SCLASS = {∀ c: CLASS • SC(c)} (8) 

 

The verb taxonomy was similarly processed, with the exception that as no 

bias was found towards the top of the taxonomy, possibly due to the 

shallow, bushy nature of the verb taxonomies, there was no need to disallow 

any verb classes from the selection process. However, as the selection 

mechanism can never select the root of a taxonomy, 618 verb base classes 

were nevertheless ignored. We will return to this issue in Section 2.3. 

 

2.2 Abridging Hypernym Chains 



 

It is interesting to note that a class c selected as the SC of a noun sense s is 

not necessarily selected as the SC of all hyponyms of s Take for example 

the classes DOG and HAMSTER. As has been seen above, ANIMAL is the SC 

of DOG, and is also a hypernym of HAMSTER. However, the SC of HAMSTER 

is RODENT. This observation permits an abridged representation of 

HAMSTER to be constructed by selecting only the identified SCs, as shown 

in Fig. 2. 

 
 HAMSTER: RODENT → PLACENTAL → MAMMAL → VERTEBRATE → 

 CHORDATE → ANIMAL → LIFE_FORM → ENTITY 

 

HAMSTER: RODENT → ANIMAL 

 

Fig. 2  Abridged hypernym representation of HAMSTER using SCs 

 

Complex taxonomic structures, such as that for BEER, see Fig. 3, are easily 

accommodated by traversing each hypernym path from leaf to root 

separately. Table 3 gives the change in information content values for the 

three paths associated with BEER, and shows that BEVERAGE, FLUID and 

DRUG are directly selected as SCs of BEER. 

 

 
Table 3  Change in information content for hypernyms of BEER 

 

Processing the entire noun taxonomy in this way selects 4373 of the 

available 66025 WordNet noun classes. Similarly, 931 of the 12127 verb 

classes were selected. 

 

2.3 A Fully Abridged Taxonomy 

 

Recall that the base classes disallowed by the selection process do not 

appear in the set of extracted SCs. Nevertheless, they may be encountered in 

texts, and are required in order to reconstruct (in abridged form) the original 

Path A Path B Path C 

Class Info ∆∆∆∆Info Class Info ∆∆∆∆Info Class Info ∆∆∆∆Info 

ENTITY 1.40212   ENTITY 1.40212   ENTITY 1.40212  

OBJECT 1.59641 0.19429  OBJECT 1.59641 0.19429  OBJECT 1.59641 0.19429 

SUBSTANCE 2.30612 0.70971  SUBSTANCE 2.30612 0.70971  ARTEFACT 1.83769 0.24128 

FOOD 2.76016 0.45404  FLUID 3.45593 1.14981  DRUG 3.22856 1.39088 

   LIQUID 3.47550 0.01957  D ABUSE 3.59402 0.36545 

BEVERAGE 3.64836 0.88820  BEVERAGE 3.64836 0.17286    

ALCOHOL 3.78927 0.14092  ALCOHOL 3.78927 0.14092  ALCOHOL 3.78927 0.19526 

BREW 4.57581 0.78654  BREW 4.57581 0.78654  BREW 4.57581 0.78654 

BEER 4.87778 0.30197  BEER 4.87778 0.30197  BEER 4.87778 0.30197 



noun and verb taxonomies. For these reasons the base classes were added to 

the set of SCs, resulting in a total of 4518 noun and 1625 verb classes in the 

abridged WordNet noun and verb taxonomies. This corresponds to an 

abridged noun taxonomy 6.8% of the size of the original, and an abridged 

verb taxonomy 13.4% the size of the original. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 3.  WordNet Hypernym representation of BEER 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4a  Abridged representation of Beer Fig 4b Full abridged representation of Beer 
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The abridged representation of BEER, constructed only of SCs, is 

shown without base classes in Fig. 4a, and with base classes in Fig. 4b. Note 

that BREW and DRUG are selected as SCs by processing other senses not 

shown here. 

 

 2.4 Discussion 

 

Tables 4 and 5 show the distribution of noun and verb classes within their 

respective specialization classes. Size indicates the number of classes 

subsumed by an SC, and Freq the number of occurrences of an SC 

containing Size classes.  

Table 4 shows that 54 noun SCs do not subsume any other class, and 

consequently only synonymous lemmas can be grouped by these SCs.  This 

is also true of the 271 instances of single-class verb SCs. The most frequent 

number of classes subsumed by a noun or verb SC is 2, corresponding to the 

SC class and one hyponym of that class. Although SCs containing few 

senses are frequent, the tables show that some SCs subsume a high number 

of senses – the highest containing 1920 nouns and 830 verbs. Examination 

of the data revealed that the PLANT (flora) SC held the most noun senses, 

closely followed by ANIMAL (animate being), FAMILY (taxonomic) and 

COMPOUND (chemical). For verbs, CHANGE (transform) was the most 

populous SC, followed by CHANGE (undergo change), MOVE (locomote) 

and MOVE (displace). Considering the large numbers of animals, plants, and 

taxonomic classifications, together with ways to or be changed or moved, 

contained within a dictionary such as WordNet, it is entirely predictable that 

highly subsuming SCs will exist. However, as the senses within an SC are 

not distinguished from each other in any way other than by identity, no 

subdivisions within an SC exist. This results in no distinction being made 

between PARROT and DOG for example - both map on to the SC ANIMAL. 

This may be problematic if SCs are to be used as the basis for selectional 

association calculations; where it would only be possible to state 

FLY(ANIMAL), and not FLY(BIRD) for example. 

 A solution to the above problem, should one be necessary, would be 

to add all populous SCs to the base classes during SC extraction; as these 

are disallowed by the selection process, the class scoring the next highest 

change in information would be selected in its stead. So in the case of DOG 

(Table 2), ANIMAL would be disallowed, and CARNIVORE would be 

selected, and as a consequence the SC for ANIMAL would no longer 

contain any carnivores directly. The process could be repeated until all SCs 

contained less than a predefined number of senses. On completion, base 

classes are combined with the selected classes to form the abridged 

taxonomy, and so ANIMAL, and all other senses shunted into the set of 

base classes, would again become available as an SC, albeit with fewer 

subsumed senses. 



Size Freq Size Freq Size Freq Size Freq Size Freq Size Freq 

1 54 31 9 61 3 96 3 146 1 255 1 

2 1022 32 17 62 6 97 3 148 2 261 1 

3 663 33 15 63 2 99 1 150 1 276 1 

4 460 34 11 64 2 100 1 152 1 286 1 

5 322 35 11 66 3 101 1 153 1 288 1 
6 231 36 5 67 2 103 1 155 1 299 1 

7 183 37 11 68 4 105 1 160 2 300 1 

8 168 38 5 69 4 106 2 162 1 303 1 

9 144 39 8 70 2 107 1 169 1 306 1 

10 104 40 5 71 1 110 2 170 1 308 1 
11 105 41 10 72 4 111 2 178 1 313 1 

12 82 42 8 73 1 112 1 179 2 322 1 
13 79 43 6 74 1 115 1 183 2 324 1 

14 65 44 5 75 3 116 1 190 1 333 1 

15 56 45 7 76 3 118 1 191 1 334 1 
16 47 46 5 78 4 120 1 193 1 364 1 

17 43 47 10 79 2 122 2 198 1 367 1 
18 30 48 6 80 2 127 1 199 1 370 1 

19 38 49 3 81 1 129 1 202 3 385 1 
20 30 50 10 82 2 130 2 204 3 401 1 

21 34 51 4 83 2 133 1 206 1 423 1 

22 23 52 3 84 2 134 1 207 2 524 1 
23 20 53 4 85 3 135 2 208 1 558 1 

24 16 54 6 87 1 136 2 215 1 607 1 
25 18 55 10 88 1 138 1 218 1 774 1 

26 14 56 1 89 1 140 2 227 1 860 1 
27 18 57 6 91 2 141 1 229 1 1070 1 

28 23 58 4 92 1 143 2 239 1 1824 1 

29 18 59 2 93 1 144 1 242 1 1920 1 
30 19 60 3 94 3 129 1 245 1   

 
Table 4  Number of noun classes subsumed by noun SCs 

 

Size Freq Size Freq Size Freq Size Freq 

1 271 17 15 33 3 71 1 
2 425 18 10 35 4 74 1 

3 234 19 12 36 2 75 1 

4 130 20 4 38 1 80 2 

5 107 21 4 40 1 87 1 
6 93 22 12 41 2 91 1 

7 51 23 7 43 1 143 1 
8 48 24 1 45 1 150 1 

9 30 25 2 49 1 152 1 

10 19 26 7 50 1 154 1 
11 22 27 2 53 1 187 1 

12 21 28 4 55 1 236 1 
13 12 29 5 58 1 295 2 

14 14 30 3 61 1 376 1 

15 7 31 1 64 1 830 1 

16 9 32 3 65 1   

 
Table 5  Number of verb classes subsumed by verb SCs 

 



3 Evaluation of SC Sense Distinctions 
 

To determine the degree to which sense distinctions have been preserved in 

the abridged noun and verb hypernym taxonomies, a precision/recall 

experiment was devised to evaluate the ability of SCs to disjointly partition 

the senses of polysemic lemmas: by recognising that the function SC simply 

maps a given class on to itself or one of its hypernyms it can be seen that, 

ideally, the n senses of a polysemic lemma should map on to n SCs. The 

senses of that lemma may thus be considered query terms, and the mapped 

SCs the target set. Precision will always be 100% as the SCs will always be 

hypernyms of the query terms (or the query terms themselves), whereas 

Recall may be reduced if two or more query terms map on to the same SC. 

Recall is therefore calculated as follows: 

 

 Let Λ be a lemma, σ(Λ) a function returning the set of senses of 

Λ, and χ(Λ) a function returning the set of SCs for all senses of 

Λ. 

 

Recall   =  (9) 

  

3.1 Evaluation datasets 

 

To evaluate the ability of SCs to discriminate between senses of a lemma, 

all 94474 noun (10319 verb) lemmas from the WordNet NOUN.IDX 

(VERB.IDX) tables were processed. Along with the set of 4518 noun (1625 

verb) SCs extracted by the above method, for comparative purposes two 

additional sets of SCs were generated: (a) a baseline containing only the 145 

noun (618 verb) base classes, and (b) a randomly selected set of 3907 noun 

(1605 verb) SCs (including the base classes). 

Recall was calculated for each lemma obtained from the noun (verb) 

index according to equation 9 and recorded in an array indexed on #σ(Λ). 

For completeness, monosemous lemma occurrences were recorded and, as 

only one sense is available to its SC, assigned a recall of 100%. 

 

3.2 Results 

 

The recall values for the three evaluations, for both nouns and verbs, are 

presented in Table 6. Column #σσσσ(ΛΛΛΛ) indicates the number of senses 

obtained for a lemma, Count the number of lemmas contained in each of 

the above groups, and Bases, Rnd+Bases, and SC+Bases the precision of 

the three abridgement sets. 

In calculating the average recall, monosemous lemmas (#σ(Λ) = 1) 

were ignored, as were those values of #σ(Λ) for which no data was seen 

(Count = 0), resulting in 21 noun and 39 verb recall values. Of the 4518 

  #χ (Λ) 

 #σ (Λ) 



noun (1625 verb) SCs, 432 (28) corresponded to monosemous lemmas, the 

remaining 4086 (1597) to polysemous lemmas. 

The relatively low number of noun bases presents a coarse-grained 

abridgement, which is reflected in its low recall (0.5381) in the polysemous 

lemma discrimination task. The random selection, covering more classes 

lower in the taxonomy, provides a better recall (0.7574), but the best recall 

is obtained using the extracted SCs (0.9464). The situation is similar for the 

verb discrimination task, the extracted SCs producing the highest recall 

(0.8328). 

On three occasions the random verb recall equalled the SC verb 

recall (#σ(Λ) = 14, 17, 48) and on one occasion bested it (#σ(Λ) = 30). No 

SC noun recall was equalled or beaten by a random noun recall. 

It is interesting to note that although the recall is not 100%, it does 

not necessarily follow that the SC selection procedure is somehow flawed. 

Take for example the lemma MUSIC, for which WordNet 1.6 lists 6 senses. 

Of these, senses MUSIC#2 and MUSIC#5 are described as ‘any agreeable 

(pleasing and harmonious) sounds’ and ‘the sounds produced by singers 

and musical instruments’ respectively. Both of these senses map on to the 

SC PERCEPTION#3. Further, these two senses of MUSIC share the immediate 

hypernym SOUND#2 (auditory sensation). It is therefore not surprising, and 

should be expected, that a certain number of one-to-many mappings 

between SCs and senses will be encountered. Considering the fact that one-

to-many mappings occur when the senses of a lemma share a hypernym, 

something that becomes more likely towards the root of a taxonomy, it is 

perhaps more surprising that so few occur. 

 

4 Selecting Keywords on Similarity 
 

A typical TF keyword extractor selects the most frequently occurring terms 

as the keywords, either by comparison with the frequencies of other terms in 

that document, or with the frequencies of those document terms when 

compared with their frequencies in a reference corpus. We have selected the 

latter, again using the BNC as the reference corpus. 

 

4.1 Noun Key Lemmas 

 

Before examining the keyword expansion properties of SCs, it will be useful 

to see the Key Lemma output of a keyword generator based on noun 

lemmas. This requires a noun lemma reference corpus and a set of 

documents for keyword extraction. 

 The noun reference corpus was prepared by extracting all nouns 

from the BNC, lemmatizing them using the WordNet morphological 

normalizer, and counting the frequencies of each lemma form, resulting in 

(lemma, frequency) pairs. 



 
Table 6  Recall sense distinctions of three abridgements for both nouns and verbs  

 

The evaluation documents selected are the Brown 1 section of the SEMCOR 

corpus, which was chosen as the WordNet sense tags it incorporates will 

 Noun Recall Verb Recall 

Size 145 3907 4518 618 1605 1625 

#σσσσ(ΛΛΛΛ) Count Bases Rnd + 

Bases 

SC + 

Bases 

Count Bases Rnd + 

Bases 

SC + 

Bases 
1 81910 1.000 1.0000 1.0000 5752 1.0000 1.0000 1.0000 

2 8345 0.7901 0.8991 0.9434 2199 0.9038 0.9293 0.9611 

3 2225 0.7112 0.8661 0.9426 979 0.8488 0.8931 0.9302 
4 873 0.6804 0.8411 0.9444 502 0.8237 0.8675 0.9268 

5 451 0.6718 0.8483 0.9512 318 0.7679 0.8277 0.8931 
6 259 0.6274 0.8346 0.9556 188 0.7660 0.8333 0.9069 

7 140 0.5898 0.8102 0.9541 102 0.7507 0.8305 0.8978 

8 82 0.5762 0.7835 0.9482 75 0.7333 0.7767 0.8867 
9 68 0.5376 0.7598 0.9493 39 0.7009 0.7664 0.8803 

10 42 0.5476 0.7429 0.9286 39 0.7359 0.7897 0.8769 
11 23 0.5415 0.7312 0.9605 32 0.7358 0.8097 0.8835 

12 18 0.5602 0.7500 0.9861 15 0.7444 0.8056 0.8833 
13 9 0.5470 0.7436 0.9487 16 0.6827 0.7692 0.8606 

14 8 0.4643 0.6696 0.9464 5 0.7571 0.8429 0.8429 

15 7 0.4952 0.7333 0.9333 8 0.7667 0.7917 0.9167 
16 3 0.4583 0.7083 0.9167 8 0.6641 0.7422 0.8359 

17 6 0.4412 0.6275 0.9216 4 0.6324 0.7647 0.7647 
18 1 0.5556 0.8333 1.0000 4 0.6528 0.7222 0.8333 

19 1 0.4737 0.8421 0.8947 2 0.5789 0.7632 0.8158 
20 0    2 0.5000 0.6250 0.7000 

21 0    3 0.8095 0.8413 0.9048 

22 0    3 0.5758 0.6212 0.8182 
23 0    1 0.4783 0.5652 0.6087 

24 1 0.2500 0.4583 0.9167 3 0.6528 0.7083 0.7222 
25 0    2 0.6800 0.7800 0.9000 

26 0    3 0.5769 0.7308 0.7821 

27 0    1 0.5185 0.6296 0.6667 
28 0    1 0.7500 0.7857 0.8571 

29 1 0.4138 0.6897 0.9655 1 0.6552 0.6897 0.8966 
30 1 0.3667 0.7333 0.9667 1 0.7333 0.8333 0.8000 

32 0    1 0.5313 0.6875 0.7500 

33 0    1 0.5455 0.7273 0.8182 

36 0    1 0.6944 0.7778 0.8889 

37 0    1 0.6757 0.7838 0.8378 
38 0    1 0.6316 0.7105 0.7632 

41 0    2 0.6341 0.7195 0.8293 
42 0    1 0.5476 0.6667 0.8095 

45 0    1 0.5556 0.6667 0.9333 

48 0    1 0.5625 0.6667 0.6667 

63 0    1 0.4921 0.6349 0.7302 

Total 94474    10319    

 21 polysemous lemma groups 39 polysemous lemma groups 

Average 0.5381 0.7574 0.9464  0.6671 0.7533 0.8328 



allow keyword senses to be evaluated alongside keyword surface form. A 

document is processed by calculating the frequency of each lemma 

identified as a noun by its POS-tag, again resulting in (lemma, frequency) 

pairs. The frequencies of the lemmas in both sets are then normalised to sum 

to one, restricting the normalisation of the reference set to those with 

lemmas occurring in the document set, as shown in equations 10 to 13 

below. Note that when processing SEMCOR documents, those terms mapped 

onto PERSON, LOCATION, and GROUP were excluded, and the first sense of 

those terms identified as ‘difficult’ by the SEMCOR taggers (and therefore 

having two or more sense tags) was taken. 

 

Given: 

 

[LEMMA] the set of lemmas 

 

docSum: N sum of document frequencies 

 

refSum: N sum of corresponding 

reference frequencies 

 

doc: LEMMA ß REAL document lemma to frequency 

 

ref: LEMMA ß REAL reference corpus lemma to 

frequency 

 

Then: 

 docSum = S ran(doc) (10) 

 

refSum = S ran(dom(doc)r ref) (11) 

 

 doc ± {∀ l: LEMMA | l e dom(doc) • l å doc(l) ÷ docSum} (12) 

 

 ref ± {∀ l: LEMMA | l e dom(doc) • l å ref(l) ÷ refSum} (13) 

 

Key Lemma selection is made by calculating the difference in normalised 

frequencies between the document and reference sets, as shown in equation 

14. Ranking on decreasing difference then places at the top of the list those 

lemmas that occur more frequently than predicted by the reference corpus. 

 

diff: LEMMA ß REAL Lemma to difference in normalized 

frequency relation 

 



 RANK(diff ± {∀ l: LEMMA | l ∈ dom doc • l å doc(l) -  ref(l) }) (14) 

 

The top ten lemmas from three SEMCOR documents, BR-A01, BR-D03, and 

BR-N05 selected by this method are presented in Table 7, frequencies shown 

bracketed. 

 

Rank BR-A01 BR-D03 BR-N05 

1 jury(20) england(20) wilson(18) 

2 election(12) catholic(16) girl(9) 

3 resolution(9) church(18) fire(7) 

4 bonds(8) priest(7) half-breed(4) 

5 fund(8) clergyman(6) wrist(4) 

6 funds(8) unity(6) cheek(4) 

7 legislator(6) non-catholic(5) grass(4) 

8 georgia(6) protestant(5) scar(3) 

9 petition(6) article(6) dish(3) 

10 county(7) archbishop(5) horse(4) 

 
Table 7  Key Lemmas from three SEMCOR documents 

 

The first two documents provide reasonably indicative keywords as they are 

drawn from categories that cover single domains (Press Reportage and 

Religion respectively). The third document is drawn from the General 

Fiction category, which of course is story based, and consequently the 

extracted keywords have nothing to be indicative of. 

 

4.2 Specialization Class Keyword Groups 

 

Here we follow the same basic procedure as for Key Lemma selection, but 

replace the lemma with the specialization class of the lemma in all 

procedures, thereby generating Key Classes. The consequence of this is that 

similarly sensed lemmas (that is, those sharing the same specialization class) 

will be grouped together regardless of their lexical form. See Tables 8 to 10 

below for examples of this. The procedure is formally defined by equations 

10 to 14 above (including the ‘givens’), but with LEMMA replaced by 

SPECIALIZATION CLASS. Additionally, the reference corpus, which now 

must comprise (SC, frequency) tuples, is constructed by assigning all 

appropriate WordNet senses to each noun and verb lemma, as the BNC is 

not sense-tagged. This introduces noise, but again we rely on that noise 

being randomly distributed throughout the corpus to minimize its effect. 

A further problem with the move from lemma to class is that 

appropriate senses must be assigned to each document lemma, a non-trivial 

task. We therefore have the choice of either pre-processing a document 

using some sense-tagging procedure to obtain one sense per lemma, or 



attempt no sense-tagging at all and assign all appropriate senses to each 

lemma. Note however that, as each lemma is now augmented by similarly 

sensed but low frequency terms drawn from the document, the frequency of 

each SC is the sum of its component terms. For example, the lemma 

election, with a frequency of 12, is included in the SC VOTE along with 

primary(3), reelection(1), general_election(1), primary_election(1) as shown 

in Table 8, giving a total frequency of 18. If all senses of a lemma are taken, 

then other erroneous SCs will be present and will also gain frequency counts 

from their low frequency associates. This poses the question of whether the 

increase in frequency of actual associations of intended senses can outweigh 

the increase in frequency of chance associations between erroneous senses. 

If this proves to be the case, the intended senses of SCs will rank more 

highly and consequently there will be no need to sense-disambiguate a 

document before extracting key senses. 

 

4.3 Comparison of Key Class Selections 

 

To evaluate the possibility of automatic selection of correctly sensed Key 

Classes, a comparison was made between noun Key Classes selected from 

the Brown 1 SEMCOR document set nouns (excluding those mentioned in 

4.1 above) tagged with all noun senses, and with senses assigned using the 

First Sense heuristic in which the first listed WordNet sense (i.e. the most 

frequently encountered) of any polysemic lemma is assigned. This heuristic 

produces reasonable accuracy – (Li et al., 1995b) report 57% accuracy, 

whereas (Gonzalo et al., 2001) report that 70% of the noun senses in 

SEMCOR correspond to the first WordNet sense, but suggest that the higher 

result may be due to the annotator selecting of the first matching sense 

rather than the best matching sense, thereby preferring those senses at the 

top of the sense list.  



The SCs selected by equation 7 for the All Sense and First Sense 

taggings are compared with a baseline comprising the SCs selected (again 

using equation 7) when using the senses supplied as part of the SEMCOR 

annotation. The comparison was performed on the ranked difference 

between the All Sense (or First Sense) SCs and the baseline, using the 

SPECIALISATION CLASS version of equation 14. Precision/Recall is again 

used to determine the degree of correspondence between the All/First sense 

sets and the baseline, and is performed over a variable number of top-ranked  

Fig 4  F-Score of top ranked n SCs from first and all WordNet senses with respect to top 

ranked SEMCOR annotated SCs 

 

SCs to simulate the selection of the n top SCs as Key Classes. The first n 

items of the ranked test sets are compared with the first n items of the 

baseline set, where 1 ≤ n ≤ 30. As Recall = Precision, the results are 

reported as ‘F-Score’ values. On average, 590 SCs were returned from each 

of the 102 documents in the SEMCOR Brown 1 collection when inspecting 

all senses of the document lemmas, whereas on average 190 were extracted 

when considering only the first WordNet sense. The results for the first 30 

items are presented in figure 4. 

 

4.4 Discussion 

 

The results show that 89% of the noun SCs ranked first in the First Sense set 

are found in the base data, and that a recall/precision of over 80% may be 
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obtained by selecting up to the top 13 ranks. Even in the All Sense set, the 

first ranked SC occurs over 75% of the time in the base data, but rapidly 

drops - the top eleven ranks scoring below 50%. Evidently, with the set of 

SCs used, the First Sense heuristic set performs better overall than the All 

Sense set, and the theory that correct SC senses would gravitate to the top of 

the ranked list does not hold. It therefore appears that some sense 

disambiguation is necessary in order to take advantage of the similarity 

grouping provided by SCs. 

Tables 8 to 10 present the top 10 SC ranks, using the First Sense  

 

Rank SC Sense Lemma 

1 money 

 

fund(8), money(2), revolving_fund(1) 

2 vote  

 

election(12), primary(3), reelection(1), 

general_election(1), primary_election(1) 

3 funds;finances; 

monetary_resource; 

cash_in_hand; 

pecuniary_resource 

funds(8) 

4 body jury(15), grand_jury(3),  

5 calendar_day;civil_day  

 

monday(5), friday(4), sunday(2), tuesday(2), 

saturday(1), wednesday(1) 

*6 chemical_bond;bond  bond(8) 

7 law;jurisprudence law(5), laws(2), enabling_legislation(1) 

8 contest;competition campaign(5), race(3) 

9 document;written_document

;papers 

resolution(9), ballot(1) 

10 lawgiver;lawmaker 

 

legislator(6), congressman(1) 

 
Table 8  Top 10 SCs of document BR-A01 

 

heuristic, of the documents BR-A01, BR-D03, and BR-N05 respectively. Rows 

marked with an asterisk indicate erroneous SCs not represented in the 

original document, caused by the heuristic selecting the wrong sense. 

Emboldened lemmas indicate Key Lemmas that also occur in the baseline 

data, and figures in brackets indicate lemma frequency. 

Comparing the top ten lemmas (Key Lemmas) in Table 7 with the top ten 

SCs lemmas (Key Class Lemmas)  in Tables 8 and 9 shows that for 

documents BR-A01 and BR-D03, the highest ranked 7 (8 resp.) Key Lemmas 

are to be found in the Key Class Lemmas - shown emboldened in the tables 

- and are the most frequent of each Key Class Lemma set. The tables also 

show that the Key Lemmas have been augmented with low frequency but 

related lemmas. For example, the Key Lemma election is included in the 



Rank SC Sense Lemma 

1 religionist;religious_person catholic(16), non-catholic(5), 

roman_catholic(2), nun(1), 

christian(1), tractarian(1) 

2 religion;faith church(18), catholic_church(2), 

church_of_rome(1), 

religious_order(1) 

3 england england(20) 

*4 old_age;years;age year(8); years(8) 

5 year;twelvemonth;yr year(8); years(8) 

6 religion;faith;religious_belief catholicism(4), faith(4), 

high_Anglicanism(1), 

roman_catholicism(1) 

7 leader priest(7), clergyman(6), 

minister(2), cleric(1), parson(1), 

shepherd(1), vicar(1) 

8 protestant protestant(5), anglican(1), 

nonconformist(1) 

9 denomination church_of_England(4), 

anglican_church(2) 

10 integrity;unity;wholeness unity(6) 

 
Table 9  Top 10 SCs of document BR-D03 

 

 

Rank SC Sense Lemma 

1 situation;state_of_affairs   thing(7); things(5) 

*2 property;belongings;holding; 

material_possession   

thing(5); things(5) 

3 female;female_person girl(9); woman(4) 

3 whip quirt(7) 

4 fire   fire(7) 

5 joint;articulation wrist(4), knee(2) 

6 real_property;real_estate;realty acre(2); acres(2); land(2) 

7 leather_strip reins(2); rein(2); thong(1) 

8 organ eye(4); eyes(4) 

9 topographic_point;place;spot   place(7) 

10 belief eye(4); eyes(4) 

 
Table 10  Top 10 SCs of document BR-N05 

 

Key Class VOTE – where VOTE is a hypernym (@) of election, where 

primary_election and reelection are hyponyms (~), general_election is a 

sibling, and primary and primary_election are synonyms, as shown in Fig. 



5. This is true for other lemmas, for example fund is augmented with 

revolving_fund, resolution with ballot, church with catholic_church, 

church_of_rome and religious_order.  

 

 

 

 

 

 

 
Fig 5  Relationships of lemmas associated with the Key Lemma election under the SC 

VOTE. 

 

Only three of the Key Lemmas of document BR-N05 are present in the Key 

Class Lemmas of Table 10, although they do occur in the top five ranks. 

Again, some degree of augmentation is present in that girl is augmented 

with woman, and wrist with knee. 

 Some lemmas appear in more than one Key Class Lemma group, for 

example, funds, years, things, and eyes. Multiple entries such as these occur 

where a document term maps on to two or more lemmas in WordNet, 

occurring in this case because the term is both a lemma in its own right and 

the plural form of another lemma, e.g. the term funds has both the lemmas 

funds and fund. 

 

5 Conclusion 
 

We have presented a novel method of abridging the WordNet noun and verb 

taxonomies, which utilises change in class information content to identify 

those classes at which major specializations occur. Although few in number 

when compared to the total number of classes in the taxonomy, these 

specialization classes have been shown to discriminate between polysemous 

lemmas when their senses are not closely related by hypernymy. It has also 

been proposed that scaleable abridgements may be produced by repeated 

application of the abridgement algorithm. 

 As the abridgement algorithm effectively produces cuts in a 

taxonomy at specialization classes, the classes under each cut may be 

viewed as similar, and therefore allows words of similar meaning to be 

grouped together. By applying standard keyword selection techniques to 

specialization classes rather than lexically similar terms, each key 

specialization class contains a number of lexically dissimilar terms which, 

when read together, point to the sense of the specialization class. 

Additionally, these terms do not necessarily occur frequently in their source 

documents. This is different from lexical keywords, which are 

 sib 

reelection 
~ 

@
VOTE 

general_election election 

primary            primary_election 
syn 

~ 



disambiguated by their mutual context, and always occur frequently in their 

source documents. 

 For a polysemous lemma, the addition of low frequency terms 

similar to the usually selected high frequency terms for the desired sense 

does not increase the overall frequency of its specialization class sufficiently 

to increase its ranking it above the alternative and erroneous specialization 

classes of that lemma, and hence specialization classes cannot be used to 

automatically select correctly sensed Key Classes from non sense-tagged 

documents. However, it has been shown that keywords sense-tagged to an 

accuracy of over 80% may be obtained by pre-assigning senses to nouns 

using the First Sense heuristic. 

 The use of abridged taxonomies allows keywords to be expanded 

into groups of similarly sensed words drawn from a document. However, as 

the keyword selection procedure is essentially frequency based, as used in 

lexical keyword selection procedures, the efficacy of the of the procedure to 

extract useful keywords is dependent on the document type, better results 

being obtained from single-subject documents. In the case of story-based or 

multi-topic documents, identifying discourse segments through linear text 

segmentation (Choi, 2000) may prove fruitful. 

 Specialization Classes have two obvious applications that will be 

investigated in the future. Firstly, they may prove useful as a mechanism for 

query expansion; query terms, mapped to a specialization class, can be 

expanded into a group of similarly sensed but lexically different terms, 

thereby increasing the scope of each query term. Secondly, the accuracy to 

which specialization classes partition the senses of polysemous lemmas, 

along with the high degree of abridgement they afford, suggests that 

specialization classes may be used as surrogates for noun and verb senses, 

effectively reducing the search space of any sense-discrimination procedure. 

Our work in progress is using specialization classes in this fashion, using 

them to describe selectional association profiles, which in turn are involved 

in incremental parsing and decision making during processing of 

predominantly right-branching sentences with a Combinatory Categorical 

Grammar.  
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