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1. Introduction  
 
The necessity of integrating a set of corpus processing tools into a general architecture for computing 
in humanities has recently been recognised, as demand for corpus processing is growing beyond what 
existing tools can handle. It is pointed out that “…while there are now large collections of encoded 
texts, with the number continuing to grow rapidly, there has been little corresponding development of 
the 'next generation' of tools such as OCP, TACT and others that would enable humanities scholars to 
exploit fully the intellectual investment represented by these collections” [Sho99] and that “Many exist-
ing programs offer one or two transformation/ presentation tools (a KWIC display is an example), but 
few offer a rich enough set of tools to allow users to design their own display” [BH99].  

What about corpus tools for terminological studies within the field of computational terminology? 
Many terminological works, like term bank construction, require proper judgment about the termhood 
of a term candidate, so as to ensure the quality of term identification. Such judgment requires adequate 
evidence, not surprisingly. However, what kinds of evidence do we need? Accordingly, what corpus 
tools shall we provide for retrieving, and deriving, such evidence from large-scale corpora in use for 
terminological studies? 

Among many key issues in term identification – be it conducted by human experts or by automatic 
term recognition (ATR) programs, the most important is no doubt this one: How do we know a word 
sequence, of one word or more, is a term in a subject field? Since a term is known – actually, defined – 
to be a carrier of a key concept in a subject field, an equivalent question is: How do we know a word 
sequence carries a key concept?  

Specialists of a subject field may not share the same criteria with terminologists (who may not be 
specialists) for term identification. The former are familiar with key concepts in their field, but may not 
have a good idea about how terms form and relate to each other, systematically, so as to represent con-
cepts. The latter have good ideas about terms but may not have a thorough understanding of the key 
concepts in a subject field. Therefore, corpus tools are expected to provide necessary information to 
both terminologists and specialists about (1) how likely it is that a word sequence is a term, and (2) 
how important a concept – represented by a word sequence – is in a field. We may measure the impor-
tance of a concept in terms of its name’s ranking in a thematic corpus representing a subject field. 
However, we would not over-expect any corpus tools – no matter how powerful they might be – to give 
a decent answer to a more subjective threshold problem like this one: How important does a concept 
have to be in its subject field in order to license its name to be a term?  

This paper studies the kinds of evidence that are in need to support judgment about the termhood 
of term candidates, and propose necessary corpus processing tools for retrieving and deriving such evi-
dence from large-scale corpora.  The rest of the paper is organised as follows. The critical notions 
about termhood will be first introduced in Section 2, followed by a discussion in Section 3 on several 
kinds of termhood evidence. In Section 4, we will discuss corpus tools for retrieving and deriving 
termhood evidence based on suffix array, before concluding the paper in Section 5. 

 
 

2. Termhood 
 
Two critical notions are highlighted in [KU96] – a comprehensive review paper on methods of auto-
matic terminology recognition. One is unithood, which “refers to the degree of strength or stability of 
syntagmatic combinations or collocations”, and the other is termhood, which “refers to the degree that 



a linguistic unit is related (or more straightforwardly, represents) domain-specific concepts”. 
 The former is only concerned with term candidates of multiple words, and its measure (if there is 

one) indicates how likely it is that a term candidate is an atomic text unit. Actually, such non-
decomposability of a multi-word term is strongly correlated to its representation of a concept. Since 
concepts are non-decomposable in human communication and terms represent key concepts in a sub-
ject field, any word sequence that does not function as an atomic linguistic unit in a language is known 
not to represent a concept and cannot, consequently, be a term. From this point of view, we can see the 
intrinsic relation of the unithood to the association of a linguistic unit to a domain-specific concept. In 
practice, the unithood can be understood as a criterion for filtering out non-terms – a way of selecting 
term candidates – for the next step of processing for term recognition, e.g., ranking with regard to their 
termhood.  

Of course, ranking can be performed directly on the set of all n-grams of words from a corpus, i.e., 
the complete set of term candidates with no n-gram filtered out by any unithood measurement. This is 
another point of view from which we can see that the unithood is actually subsumed, in general, by the 
termhood. Therefore we can identify two senses for the term “termhood”, one being its original sense 
as in [KU96] beyond unithood, and the other being the generalised sense as a comprehensive criterion 
to measure the likelihood of an n-gram being a term. It is in the generalised sense that we use it in the 
phrase “termhood evidence”. However, this in no way means that the distinction of unithood and term-
hood is insignificant. To avoid confusion, simply bear in mind that when it is used in contrast to “unit-
hood”, it surely retains it original sense within that context. 

In short, termhood indicates, in general, how likely it is that a word sequence is a true term.  At 
first glance this might look like a paraphrase of the definition in [KU96]. However, a subtle difference 
lies in that KU’s definition is assumed to apply only to term candidates after some unithood filtering, 
whereas the definition here applies to any possible candidate before any unithood filtering. 

 
 

3. Kinds of evidence for termhood 
 
Now, a question we want to ask is: What kinds of evidence do we want to dig out from a thematic cor-
pus for the termhood of a possible term candidate? The answer depends, largely, on both the working 
procedure for term identification and on the measurements for the termhood. In general, there are two 
types of evidence, one linguistic and the other statistical. 

The linguistic evidence for a term candidate includes (1) contexts of its occurrences, (2) its syntac-
tic pattern, and (3) its semantic denotation. The last one is rarely available in the context of computa-
tional terminology; otherwise ATR would be a trivial task. To derive the syntactic pattern for a word 
sequence, a POS tagger would suffice – nowadays POS tagging technology has matured enough to 
meet this demand [Bri92, Ku92]. It is common practice to apply pre-defined syntactic constraints to fil-
ter out term candidates, e.g., only noun compounds are considered as multi-word candidates, and any 
word sequence containing a preposition is excluded. The strategies of utilising syntactic patterns in 
terminology processing are rather ad hoc, unfortunately, because the relation between any syntactic 
pattern and termhood is so uncertain. In contrast, the first type of evidence is more significant. It is to 
be retrieved by a concordance program, which is usually designed to retrieve a key word in context 
(KWIC), but can be easily extended to retrieve a sequence of key words in context. Since in many cir-
cumstances the contexts for a term candidate can be very large in number, how to utilise such contex-
tual information with the aid of some statistical means remains a key problem in ATR.  Simply display-
ing the contexts to a terminologist is of course better than none, but can we structure such information 
into a better format, or squeeze some significant statistical indication out from them? The number of 
contexts that a candidate can show up in provides the most important frequency information to com-
pute the unithood and termhood, following the available measures that will be discussed below. Fol-
lowing the working procedure of [KU96], namely, filtering by unithood first and then ranking by term-
hood, we can group the statistical evidence (and relevant measures) into two categories for the conven-
ience of discussion, namely, unithood evidence and termhood evidence. 
 



3.1 Unithood evidence 
 
A proper statistical measure for unithood quantifies the structural dependency between constituent 
words in a multi-word term candidate. An intuitive choice of measure for the dependency is the co-
occurrence frequencies of two adjacent words, following the intuition that a higher co-occurrence fre-
quency of two words indicates that they have a stronger dependency on each other. It can be formulated 
as follows:  
 
(1)  ),(),( jiji wwfwwd ∝  
 
where ),( ⋅⋅d denotes the dependency between two words and ),( ⋅⋅f their co-occurrence frequency. For 
two adjacent words, we have 1+= ij . 

However, there are counter examples to show that this measure is not always so reliable. For ex-
ample, prepositions and determiners in English, e.g. “for the”, “in a”, co-occur very frequently, but they 
are not dependent on each other. An explanation for this is that there are many, if not more, occurrences 
of these words with other words.  In contrast, the co-occurrence frequency of “Humpty” and “Dumpty”, 
for example, is not high, but once one of them appears, the other always shows up as well. This shows 
that the proportion of one word’s occurrences in the co-occurrences of the two is a better indication to 
the dependency. Accordingly,  
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where ),( ⋅⋅d denotes the dependency between two words and ),( ⋅⋅f their co-occurrence frequency. 
Straightforwardly, each of the two items on the right-hand side is the estimation of conditional prob-
ability of a word given the other.  

There are variants to combine the two items in the right-hand side of (2) into one. One choice is to 
take their product, or the log of their product, from which we can see its relevance to mutual informa-
tion (MI), as follows:   
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How close these two formulae are depends on the estimation of ),( ⋅⋅p . It is conventional that )(⋅p is es-
timated by relative frequency through normalisation: �=

'
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w
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ise all frequencies with the same denominator, e.g., the total number N of all n-grams in a given train-
ing corpus, we may have Nfp /),...,(),...,( ⋅⋅=⋅⋅ . Accordingly, we can rewrite (4) as follows: 
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where logN is a constant. An early application of MI in computational linguistics can be found in 
[CH90]. 

Probability is another option for measuring the dependency between constituent words in a word 
sequence. However, the factor of length needs to be taken into consideration, because longer sequences 
are in general less probable. It is unjustifiable to compare the absolute values of the probability of a 
long sequence and that of short one. Perplexity is a good choice for integrating these two factors, de-
fined as in (6), for the comparison. 
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where )(M ⋅P is the probability of a string estimated in terms of some language model M. It can be un-
derstood that )...(1/PP 1 Nww is the average probability, in a sense, over each word in the sequence. And 
log perplexity is the average number of bits to encode the sequence. 
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Another comprehensive, and complicated, measure is log likelihood ratio [Dun93], which considers 

not only the co-occurrence frequency of two words but also their non-co-occurring and "non-
occurring" (in a sense) frequencies. Its formula is given as follows: 

 
(8)  )],,(log),,(log),,(log),,([log2log2 2211222111 nkpLnkpLnkpLnkpL −−+=− λ  

 
where k1 is the co-occurrence frequency of the two words in question, n1 and k2 are, respectively, the 
frequencies of the two words co-occurring with other words, n2 is the frequency of other word pairs, 

iii nkp /= (for 2,1=i ) and )/()( 2111 nnkkp ++= . ),,(log ⋅⋅⋅L is defined as in (9), following a binomial 
distribution: 
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The log likelihood ratio can be applied to measure the strength of the association of two words. Ac-
cording to the sample output in [Dun93], however, more frequent words (including many function 
words) have higher log likelihood ratios. How to apply this statistic measure to quantify structural de-
pendency of a word sequence remains an interesting issue to explore. Illustrations of using the log like-
lihood ratio for terminology identification can be found in [DGL94] and [Co95]. 

The application of a 2χ statistic, namely, 2φ , to compute the association of a word pair in parallel 
texts is exemplified in [GC91] based on a contingency table of co-occurrence frequencies within 
aligned sentences: 
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where the contingency table is given as 
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with N as the total number of aligned sentences. Clearly, this 2φ score can be adapted as a measure for 
the strength of structural dependency between constituent words within a multi-word term candidate, 
e.g., let N be the occurrences of bi-grams involving none of the two words in a corpus and opt for a 
contingency table similar to the one in [Dun93]. 

The learning-via-compression approach to unsupervised lexical learning also provides an overall 
measure for the dependency within a token sequence, which is referred to as description length gain 
(DLG) [KW99, Kit00]. It calculates the number of bits that can be gained by extracting a candidate se-
quence out from a given corpus X as a lexical item (or unit).  
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where the rule represents a transformation throughout X by the extraction of jix ... and ⊕ indicates the 
concatenation of the transformed corpus and the extracted lexical candidate. )(DL ⋅ can be calculated in 
a very simple manner following the empirical entropy, as follows:  
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where V(X) is the alphabet (or vocabulary) in X, and || ⋅ is the length of X as a string. However, the ap-
plication of DLG to measure the unithood of a term candidate for terminology identification is yet an 
interesting topic for further exploration. 

Interestingly, the internal structural dependency within a sequence may also have to do with the 
external factors, e.g., the number of distinct contexts in which it appears. Following Harris' idea for 
identification of morphemes half a century ago [Ha70], we can measure the independence of a sequence 
by the number of distinct contexts it appears in: the greater this number, the more independent the se-
quence is, and, correspondingly, the stronger the internal dependency among its constituents will be. In 



a recent attempt [CDFZ02], this idea is re-invoked and formulated as the accessor variety (AV) criterion 
for Chinese word extraction, with the aid of some heuristics such as filtering functional Chinese char-
acters.  There is reason to believe that this criterion provides critical information about the unithood 
(and even termhood) evidence for terminology identification, although it is worth pointing out that the 
proportion of distinct contexts (to all contexts) in which a term candidate can show up also needs to be 
considered, in addition to the absolute value of AV.  

The quantity of information that a term candidate carries (see formula (10) above) may also play 
an important role. If its distribution over individual documents is also considered, the tf-idf weighting 
scheme [SB88] that is popularly used in the community of information retrieval is also of particular 
significance. The weight for a term t in a document d (in a document set D) is defined as  
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where )(tfd is t’s frequency in d, known as tf, and the remaining part on the right-hand side is known 
as idf, with D(t) denoting the set of documents each of which contains t. We can see the idf’s resem-
blance to the formula for empirical entropy [Sha48]. Since it uses df, instead of the term’s frequency in 
the whole document set, the idf of terms actually gives the information that they carry for discriminat-
ing documents from each other. Thus, it can be understood as a quantification of a term’s ability, in 
number of bits, to differentiate between documents. Although it is questionable whether the tf-idf 
scheme can be directly applied to termhood ranking for terminology identification, it surely provides a 
valuable lesson for us to learn from: the information that a term candidate carries is also an important 
indicator of its termhood.  
 
3.2 Termhood evidence 
 
The termhood evidence is expected to help us make the judgment about how likely it is that a term 
candidate will be a true term. A measure for the termhood indicates a ranking scheme for term candi-
dates for the purpose of selecting the true terms from more to less likely ones. Various heuristics, 
strategies and criteria were used, as reviewed in [KU96] and [CBP99]. Recent ones include C-value and 
NC-value [FA96, FA97, MA99, FA99] and imp value [Nak99]. The application of C/NC-value involves 
various strategies of applying frequency information for term ranking, together with linguistic heuris-
tics. The imp value is an attempt to make use of contextual information for the same purpose. In this 
sense, it is closely related to Harris' idea and the criterion of accessor variety, but in a different formula-
tion. 

However, it is also very critical for us to ask why we use one criterion instead of the others. Do we 
expect a criterion in use to reflect our understanding of "why terms are terms"?  We know that terms 
represent prominent key concepts in a subject field. So, why simply find a proper measure for such 
prominence of a term candidate in a field (represented by a thematic corpus of an adequate size) for the 
purpose of term identification?  Consequently, a follow-up question is: how do we know a term candi-
date is more prominent than others? Is it because it occurs more frequently? Or occurs with some typi-
cal linguistic pattern? Or carries more information? Or has a more stable internal structure? Or appears 
in more distinct contexts? Having a greater compression effect when it is extracted from a corpus? Do 
any of these criteria capture the essence of the prominence of a term? 

We wish to rank term candidates with respect to their domain-specific prominence. In other words, 
why terms are terms in a subject field is only because of their outstanding status in that field, instead of 
in any other field, in particular not in a general balanced corpus. Following this line of thinking, it is 
highly feasible to take a comparative approach for term candidate ranking by comparing their ranks in 
a thematic corpus and a background corpus, namely, a general balanced corpus. Accordingly, the 
prominence of a term candidate can be measured by the difference of its (relative) ranks in the two cor-
pora. What ranking scheme should be used for term candidates in a corpus is a key problem to be ex-
plored in our research. The simplest approach is ranking by frequency [Z35, Z49], and the next choice is 
by information [Sha48], for which there can be two alternatives: the average information carried by a 
term candidate, or the sum of information carried by all of its occurrences. Aside from this, we also 



have other choices, including perplexity, tf-idf weighting scheme, DLG measure, etc., as discussed 
above.  A number of statistical tests may be applied, including t_test, Z_test, 2χ test, etc., for which 
more details can be found in a textbook like [O98].  

There is reason to believe that this comparative ranking scheme, no matter what ranking scheme is 
used for word sequences in an individual corpus, should more reliably reflect the prominence of the 
term candidates selected by the above unithood filtering.  

 
 

4. Corpus tools for retrieving and deriving termhood evidence  
 
We have many alternative choices for the measurement of termhood evidence. What kinds of corpus 
tools do we need in order to retrieve such evidence from large-scale corpora? 

First of all, we need a concordance program to extract all occurrences of a term candidate, together 
with contexts. There are many concordancers available, including OCP [HM79-80, HM87], TACT  
[Bra91, LBMSW96], WordCruncher, MonoConc, Wordsmith Tools, and Concordance – more informa-
tion about these systems can be found in [Ho01] with useful URLs. However, simply a concordancer 
for extracting KWIC from a corpus is far from enough for our purpose, because the term evidence 
needs to be further derived from the (co-)occurrence and contextual information. Moreover, a concor-
dancer would run too slowly on a large-scale corpus of tens of millions of words, if it extracts key 
words by scanning through a corpus word by word for every query. Some sort of indexing technique 
must be applied in order to maintain an acceptable running speed on very large corpora. Suffix array is 
one of the best of such techniques, which not only subsumes a concordance program by the nature of 
its indexing method but also supports the fastest n-gram counting known to date.  

The suffix array as a data structure, functionally equivalent to a PAT-tree but more efficient in 
space complexity, was proposed in [MM90] for string searching and in [NM94] for n-gram counting for 
a large n and Japanese word extraction. [KW98] reports an elaborative implementation based on [NM94]. 
Recently, its application to deriving term frequency and document frequency was reported in [YC01]. 
The basic idea of suffix array can be exemplified in the following three stages, assuming that a corpus 
is a sequence of tokens (either words or characters) in an array:   

1. Indexing: Let each index represent the suffix string from the index to the end of the corpus; 
2. Sorting: Sort all indices in terms of the alphabetical order of their suffix strings, resulting in all 

identical n-grams of any length lined up adjacent to each other; 
3. Counting (or retrieving and displaying): Count the n-grams of any length by going through the 

sorted indices, or retrieve and display the concordance of a target n-gram.   
The result of the sorting yields the concordance for any n-gram. The only thing that needs to be done in 
order to extend it into a concordancer is a binary search to locate a target n-gram in the sorted suffix 
array and display its occurrences with contexts. A great advantage of suffix array over PAT-tree is the 
simplicity in retrieving the left and the right context of each occurrence of any target n-gram. There is 
no need to construct a “prefix array” for retrieving left contexts.  

When the suffix array of a given corpus has been sorted and all n-grams counted, there are two 
more tasks to carry out towards the purpose of deriving termhood evidence to facilitate terminology 
identification: (1) computing the termhood score(s) following some of the above measures picked by a 
user, and (2) displaying the computing results in a proper way of visualisation. The visualisation of the 
difference of a term candidate’s ranking in a thematic corpus and a background corpus is no doubt one 
of the most important tasks for (2). 
 
 
5. Conclusions 
 
In this paper, we have discussed the critical notions of termhood, including the original notions of unit-
hood and termhood, and presented various kinds of termhood evidence to facilitate terminology identi-
fication, including linguistic and statistical evidence. The unithood is argued to be a criterion for term 
candidate filtering, and the termhood for candidate ranking. Many statistical measures for scoring uni-
thood have been discussed, including mutual information, perplexity, log likelihood ratio, 2φ score, 



description length gain, and the accessor variety criterion. The idea of ranking term candidates with 
respect to their prominence in a thematic corpus (representing a subject field), in contrast to that in a 
general balanced background corpus, has been proposed. Accordingly, a number of ranking criteria for 
this purpose were discussed, including occurrence frequency, the amount of information that a candi-
date carries, and the tf-idf weighting scheme borrowed from IR. The effectiveness of these criteria 
needs to be examined through experiments with real data.  Finally, suffix array and its easy implemen-
tation are presented as a basis not only for n-gram counting but also for retrieving and deriving term-
hood evidence for the purpose of facilitating terminology identification work.   
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