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Introduction

• Terms: linguistic manifestation of concepts in a specific domain; linguistic 
realization of the concepts of special communication and are organized 
into systems of terms which ideally reflect the associated conceptual 
system (Anniadou 1994). 

• Single word term

• Multi-word term: term consists of multi-word units

• Term Extraction Process

1. A list of candidate terms 

2. Rank candidate terms                           
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Introduction (cont.)    
Related works

• Multiword extraction

 Morpho-syntactic properties (Daille, 1996)

 TF∙IDF (Salton, 1988)

 Mutual Information (Church, 1989)

 Log-Likelihood Ratio (Dunning, 1993)

 Dice Factor (Smadja et al., 1996)

 C-Value (Frantzi & Ananiadou, 1998)

• Single word term extraction

 stop-list of "noise" words (Dagan & Church, 1994)

 TFIDF-based measure (Xu et al.,2002)

 classical word-forming unit (Bernhard,2006)

 Corpora comparison (Rayson & Garside, 2000; Baroni & Bernardini, 2004; Kit
& Liu, 2008) :
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Methods and experiments

• Proposed method: a weighting scheme to measure termhood
• termhood refers to the degree that a linguistic unit is related to a 

domain-specific concept. 
• Intuition: Terms tend to play certain kinds of syntactic functions

more prominently.
• Syntactic behavior of terms can be captured as termhood

by computation of term ratios in different syntactic paths.

• Syntactic path in this work refers to a path of syntactic functions of one NP. Specifically,
it is defined as concatenation of elementary syntactic functions tagged by Survey Parser.

• Term ratios are defined as the frequencies of term occurrences in each syntactic path
over all term occurrence frequencies in all syntactic paths.
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Methods and experiments         
System flowchart

MeSH Term 
Matching

Record syntactic 
paths in which 

MeSH terms occur

Calculate term 
occurrence 

frequencies of each 
syntactic path

Compute term 
ratios of syntactic 

paths

Compute weights  
for syntactic paths
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Methods and experiments        
System flowchart                                          

Extract NPs with 
frequencies

Filter (stop list and  
word length)

Term candidate list

For each NP, 
compute frequencies 

of syntactic paths

Compute SF-value 
(use WSS)for each 

NP 

Rank term candiates 
in descending order

Set threshold value 
for SF-values 

automatically to get 
maximum F-score

Term candidates 
above this threshold 
will be considered as 

terms
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Methods and experiments                        
Formula

• Syntactic Function Value (SF-Value) of each term candidate is computed by 
following formula:           
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This formula contains two parameters: FSSi is the frequency of syntactic pathi,
WSSi is the weight of syntactic pathi, n is the count of how many syntactic paths
this term candidate occurs in. WSSi is computed previously from training on a
corpus that are annotated with MeSH terms.

WSSi is higher for syntactic paths that are more likely to be filled by terms than 
other syntactic paths. 
SF-Value is higher for terms that are present in syntactic functions with a higher 
WSSi. 
Moreover, SF-Value is higher for NPs that occur more often in syntactic paths that 
are themselves more often occupied by terms than others.



Methods and experiments           
Resource acquisition

• A subset of MEDLINE abstracts based on the controlled search of the 
database using the keyword internal medicine. This search produces 
252,033 abstracts (until 17 July 2008). Each abstract consists of a single 
title and a number of sentences.

• One sub-corpus of 360 abstracts was manually checked by human 
professionals for possible tagging mistakes of syntactic functions after they 
were parsed by Survey Parser (Fang, 1996). 

• Ten subsets for cross validation
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Methods and experiments          
Resource acquisition

Basic statistics of training corpora

Training

corpora

# of words # of parsed

sentences

All MeSH

terms

Multi MeSH

Terms

Single MeSH

Terms

subset 1 74,126 3,193 4,378 1,246 3,132

subset 2 74,479 3,236 4,415 1,325 3,090

subset 3 73,700 3,175 4,397 1,328 3,069

subset 4 74,362 3,224 4,365 1,293 3,072

subset 5 73,493 3,158 4,354 1,308 3,046

subset 6 73,493 3,192 4,350 1,307 3,043

subset 7 73,493 3,215 4,319 1,294 3,025

subset 8 73,702 3,168 4,329 1,305 3,024

subset 9 73,380 3,174 4,369 1,311 3,058

subset 10 74,267 3,206 4,320 1,288 3,032

Average 73,850 3,194 4,360 1,301 3,060



Methods and experiments           
Resource acquisition

Basic statistics of testing corpora

Testing corpora # of words # of parsed

sentences

All MeSH terms Multi MeSH

Terms

Single MeSH

Terms

subset 1 7,929 356 466 199 267

subset 2 7,576 313 429 120 309

subset 3 8,355 374 447 117 330

subset 4 7,693 325 479 152 327

subset 5 8,562 391 490 137 353

subset 6 8,562 357 494 138 356

subset 7 8,562 334 525 151 374

subset 8 8,353 381 515 140 375

subset 9 8,675 375 475 134 341

subset 10 7,788 343 524 157 367

Average 8,206 355 484 155 340



Methods and experiments           
Resource processing

Survey Parser 
• designed to complete the syntactic annotation of the International 

Corpus of English. 

• parses sentences in many layers with detailed syntactic functions 

• The unique feature: it analyzes the syntactic functions of the 
constituent structures.
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Methods and experiments                                         
Survey Parser                              

1. Basic patterns of English sentences consist of some necessary elements, which are subject,
verb, object, complement or adverbial.

2. Survey Parser classifies syntactic functions into two major kinds, one is phrasal function,
another is clausal function .

3. In current study, the focus of interest are these major clausal functions.
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The Clausal Categories and Functions of the Survey Parser 



Methods and experiments                        
Syntactic paths
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NPHD-N%PC-NP%NPPO-PP%PC-NP%NPPO-PP%OD-NPNPHD-N%PC-NP%A-PP

Example 1

Example 2

Example 3

NPHD-D%SU-NP



Methods and experiments                                   
Term list

• A list of medical terms was created from 
Medical Subject Headings (MeSH 2009).

• This MeSH term list consists of 602,436 terms, 
430,848 are multi word terms, and 171,588 
are single word terms. 
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Methods and experiments                         
Gold standard

• Absolute number of MeSH terms 

• N-grams (N is from 1 to 10) will be extracted 
from corpora and matched against MeSH term 
list. 

• N-gram matching method is employed in 
order to avoid effects from parsers. 

• NP list is parser independent. 
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Methods and experiments                                     
Stop list

• A stop word list is created, which consist of a 
few frequent grammatical words, such as 
definite articles, demonstrative and possessive 
adjectives, and indefinite articles. Words in 
stop list are uninformative for terminology 
extraction. 

• The aim of using a ‘stop word’ list is to remove 
very frequent words which are not considered 
to carry terminological meanings.  
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Methods and experiments 
Conflation of syntactic paths

Syntactic Paths Term Ratios

NPPR-AJP+NPHD-N%PC-NP%NPPO-PP%SU-NP 0.199%

NPPR-AJP+NPHD-N%PC-NP%NPPO-PP%PC-NP%NPPO-PP%SU-NP 0.003%

NPPR-AJP+NPHD-N%NPPO-PP%NPPO-PP%NPPO-PP%SU-NP 0.001%

NPPR-AJP+NPHD-N%SU-NP (conflated) 0.203%
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Methods and experiments                                                
Conflation  of syntactic paths 

Syntactic Paths Frequency Term Ratio

SU-NP 2515 17.57%

OD-NP 1657 11.58%

DEFUNC-NP 491 3.43%

A-PP 315 2.20%

VB-VP 280 1.96%

PC-NP 241 1.68%

APPOS-NP 205 1.43%

NPPR-AJP+NPHD-
N%PC-NP%A-PP 156 1.09%

CS-NP 145 1.01%

NPPR-AJP+NPHD-
N%SU-NP 91 0.64%
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Syntactic Paths Frequenc
y

Term Ratio

PC-NP%A-PP 2855 25.29%

SU-NP 1996 17.68%

OD-NP 1296 11.48%

PC-NP%SU-NP 711 6.30%

PC-NP%NPPO-PP 431 3.82%

PC-NP%OD-NP 426 3.77%

DEFUNC-NP 371 3.29%

VB-VP 300 2.66%

NPPR-AJP+NPHD-
N%A-PP

233 2.06%

A-PP 230 2.04%

Top syntactic paths before conflation
Top syntactic paths after conflation



Methods and experiments 
Conflation of syntactic paths 
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Basic statistics of syntactic paths in each training subset before and after conflation 

Testing Corpora Syntactic paths before conflation Syntactic paths after conflation

subset 1 6216 558

subset 2 6245 546

subset 3 6275 552

subset 4 6227 562

subset 5 6273 558

subset 6 6219 559

subset 7 6291 557

subset 8 6327 559

subset 9 6187 547

subset 10 6359 560



Methods and experiments                                
Evaluation

• Within the interval of the minimum SF Value to maximum SF Value, a set of 
threshold values will be set automatically. Each time, the threshold value will 
be increased on the basis of a preset amount.
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precision = MeSH terms found by ATE system/ All terms 
output by ATE system

recall = MeSH terms found by ATE system/ All MeSH terms 
output by n-gram matching method



Methods and experiments 
Comparison with TermExtractor

• TermExtractor is the online service provided by the Linguistic
Computing Laboratory of the University of Roma "La Sapienza". It
uses domain relevance, domain consensuss and lexical cohesion, to
weight term candidates. It can let the users set word lengthen for
terms to be extracted. Therefore, if the minimum number is set as
1, single word terms would be extracted.

• http://lcl2.di.uniroma1.it/termextractor/

• For comparison, the ten testing corpora will be uploaded to TermExtractor.
And the results given back will be matched against the MeSH term list
(MeSH 2009).
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Results analysis

23

Term Candidates Produced by TermExtractor and ATE System based on SF-Value

Testing

Corpora

Term Candidates by 

TermExtractor
Term Candidates by ATE System based on SF Value

All Term 

Candidat

es

All MeSH 

Terms

Single 

MeSH 

Terms

All NPs
Multi 

NPs

Single 

NPs

All MeSH 

Terms

Multi 

MeSH 

Terms

Single 

MeSH 

Terms

subset 1 266 51 2 2350 1327 1023 419 110 309

subset 2 261 46 1 2138 1196 942 374 112 262

subset 3 277 65 4 2361 1379 982 391 122 269

subset 4 277 68 4 2399 1386 1013 400 137 263

subset 5 291 59 1 2577 1560 1017 423 134 289

subset 6 305 60 3 2432 1459 979 438 130 308

subset 7 273 62 1 2432 1428 1004 455 147 308

subset 8 316 72 4 2568 1533 1035 451 132 319

subset 9 218 49 1 2471 1450 1021 425 124 301

subset 

10
257 61 5 2417 1437 980 463 163 300



Results analysis              
Overall performance of TermExtractor

Testing

Corpora

TermExtract

or terms 

All MeSH 

terms

Multi word 

MeSH 

terms

Single word 

MeSH 

terms

All MeSH 

terms (n-gram 

matching)

Recall Precision F-score

subset 1 266 51 49 2 466 0.11 0.19 0.14

subset 2 261 46 45 1 429 0.11 0.18 0.13

subset 3 277 65 61 4 447 0.15 0.23 0.18

subset 4 277 68 64 4 479 0.14 0.25 0.18

subset 5 291 59 58 1 490 0.12 0.20 0.15

subset 6 305 60 57 3 494 0.12 0.20 0.15

subset 7 273 62 61 1 525 0.12 0.23 0.16

subset 8 316 72 68 4 515 0.14 0.23 0.17

subset 9 218 49 48 1 475 0.10 0.22 0.14

subset 10 257 61 56 5 524 0.12 0.24 0.16
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Precision=All MeSH terms/TermExtractor terms
Recall=All MeSH terms/All MeSH terms (n-gram matching)



Results analysis     
TermExtractor performance on single word term 

Testing

Corpora

Single MeSH Terms by 

TermExtractor

Single MeSH

Terms by n-gram 

matching Recall

subset 1 2 267 0.01

subset 2 1 309 0.00

subset 3 4 330 0.01

subset 4 4 327 0.01

subset 5 1 353 0.00

subset 6 3 356 0.01

subset 7 1 374 0.00

subset 8 4 375 0.01

subset 9 1 341 0.00

subset 10 5 367 0.01
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Recall= Single MeSH terms/ Single MeSH terms by n-gram matching



Results analysis    
SFATE Results analysis on single term
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Recall= Single MeSH terms SFATE/single MeSH Terms by n-gram

Testing

Corpora

Single MeSH 

Terms by SF Value

Single MeSH

Terms by N-gram

Recall of Single 

Word Term

subset 1 309 267 1

subset 2 262 309 0.85

subset 3 269 330 0.82

subset 4 263 327 0.80

subset 5 289 353 0.82

subset 6 308 356 0.87

subset 7 308 374 0.82

subset 8 319 375 0.85

subset 9 301 341 0.88

subset 10 300 367 0.82

Average 0.86



Results analysis      
Single terms retrieved by SFATE and TermExtractor

Testing

Corpora

Single MeSH Terms by SF 

ATE

Single word MeSH terms 

by TermExtractor

subset 1 309 2

subset 2 262 1

subset 3 269 4

subset 4 263 4

subset 5 289 1

subset 6 308 3

subset 7 308 1

subset 8 319 4

subset 9 301 1

subset 10 300 5
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Results analysis              
Overall performance of SFATE before conflation

Testing

Corpora

Precision, recall before 

conflation

F-score

before conflation
Threshold value

subset 1
recall=0.504292(235/466) 

precision= 0.252417(235/931) 0.34 0.03

subset 2
recall=0.580420(249/429) 

precision=0.204938(249/1215) 0.30 0.01

subset 3
recall=0.351230(157/447) 

precision=0.247244(157/635) 0.29 0.06

subset 4
recall=0.436326(209/479)

precision= 0.220232(209/949) 0.29 0.03

subset 5
recall=0.861224(422/490) 

precision=0.165490(422/2550) 0.28 0.00

subset 6
recall=0.884615(437/494) 

precision=0.181932(437/2402) 0.30 0.00

subset 7
recall=0.862857(453/525)

precision=0.188123(453/2408) 0.31 0.00

subset 8
recall=0.873786(450/515)

precision=0.177375(450/2537) 0.29 0.00

subset 9
recall=0.509474(242/475)

precision=0.205085(242/1180) 0.29 0.02

subset 10
recall=0.366412(192/524) 

precision= 0.299065(192/642) 0.33 0.06
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Results analysis    
Overall performance of SFATE after conflation

Testing

Corpora

Precision, recall after 

conflation

F-score

after conflation
Threshold value

subset 1
recall=0.508584(237/466)

precision=0.316845(237/748) 0.39 0.13

subset 2
recall=0.454545(195/429)

precision= 0.283843(195/687) 0.35 0.13

subset 3
recall=0.530201(237/447)

precision=0.281807(237/841) 0.37 0.1

subset 4
recall=0.425887(204/479)

precision=0.296081(204/689) 0.35 0.13

subset 5
recall=0.548980(269/490)

precision=0.236172(269/1139) 0.33 0.08

subset 6
recall=0.441296(218/494)

precision=0.298630(218/730) 0.36 0.13

subset 7
recall=0.417143(219/525)

precision=0.307153(219/713) 0.35 0.13

subset 8
recall=0.471845(243/515) 

precision=0.322281(243/754) 0.38 0.13

subset 9
recall=0.549474(261/475)

precision=0.242565(261/1076) 0.34 0.08

subset 10
recall=0.448473(235/524)

precision=0.346608(235/678) 0.39 0.13 29



Results analysis           SFATE Performance comparison 
F-scores before and after conflation

Testing 
corpora

F-score 
before 
conflati

on

F-score 
after 

conflation

subset 1 0.34 0.39

subset  2 0.30 0.35

subset  3 0.29 0.37

subset  4 0.29 0.35

subset  5 0.28 0.33

subset  6 0.30 0.36

subset  7 0.31 0.35

subset  8 0.29 0.38

subset  9 0.29 0.34

subset  10 0.33 0.39
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Anova: Single Factor

SUMMARY

Groups Count Sum Average Variance

Before conflation 10 3.0271 0.30271 0.000326

After conflation 10 3.6081 0.36081 0.000464

ANOVA

Source of 
Variation SS df MS F P-value F crit

Between Groups 0.016878 1 0.016878 42.70163 3.84E-06 4.413873

Within Groups 0.007115 18 0.000395

Total 0.023993 19

F>F crit: there is significant difference between these 
two groups



Conclusion

1. This research shows there is a probabilistic correlation between 
syntactic functions of a NP in sentences and the termhood of this 
NP. 

2. One weighting measure, SF- Value, is implemented to compute 
termhood of terms. 

3. By setting threshold values, both multi word terms and single 
word terms can be selected effectively. In particular, single word 
terms can be selected at a dominant rate. 

4. The syntactic properties of single word terms can be measured by 
such a simple statistical value, which can be considered as a 
practical indicator of single word term.

5. Most importantly, unlike other ATE systems that include various 
terminology extraction techniques, this system lies mainly on 
syntactic properties of terms.
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Future Work

• In the future, this method should be validated for
different domains.

• Different parsers present linguistic information of
different granularities, which will subsequently affect
the accuracy of term recognition.

• Therefore, different parsing results may be tested to
find out how the performance of ATE can be
influenced.
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