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Abstract

The paper presents the first results of
terminology extraction from hospital dis-
charge documents written in Polish. We
describe our approach to the extraction
task which consists of two steps. The first
one identifies candidates for terms, and is
supported by linguistic knowledge. The
second step is based on statistics, consist-
ing in ranking and filtering candidates for
domain terms with the help of a C-value
method. In order to count the frequencies
of phrases, we decided to use their artifi-
cial base forms. Finally, we describe the
results and their evaluation.

1 Introduction

Terminology extraction is the process of identi-
fying domain specific phrases (terms) from texts.
It is a crucial component of more advanced tasks
like: building ontologies for specific domains,
document indexing, construction of dictionar-
ies and glossaries. Several approaches to au-
tomatic terminology extraction are discussed in
(Pazienza et al., 2005). Terminology extrac-
tion usually consists of two steps. The first
one identifies candidates for terms, and is usu-
ally supported by linguistic knowledge. The sec-
ond step, based on statistics, consists in ranking
and filtering candidates for domain terms. Al-
though there are also approaches in which can-
didates are just n-grams, e.g. (Wermter and
Hahn, 2005), in most approaches, linguistic in-
formation is used. For example in (Savova et
al., 2003) the terminology extraction was done
on fully syntactically parsed texts. Polish is

a highly inflectional language so we decided to
make use of linguistic knowledge to identify can-
didates for terms. As there is no Polish parser
robust enough to parse specific texts we deal
with, we decided to define a shallow grammar
which recognizes noun phrases (like in (Frantzi
et al., 2000)).

In our experiment we analyzed two sets of
data containing hospital discharge documents.
They were collected from two wards of a chil-
dren’s hospital. The first set of data consists
of 116 documents (about 78,000 tokens) con-
cerning patients with allergies and endocrine
diseases. The second set contains 1165 docu-
ments from a surgical ward (more than 360,000
tokens). Our goal was to create a data set
which could serve for labeling clinical docu-
ments. Thus, we not only wanted to recognize
important terms, but also the exact ways they
are expressed in real life clinical documents.

Using already defined terminology resources
is not easy as frequently they do not contain
the exact terms which are needed in the specific
task. For example, one of two Polish equiva-
lents of the MESH thesaurus (http://slownik.
mesh.pl) lists 154 terms (only lemmas) in which
the word badanie ‘examination’ occurs but there
is no term badanie USG. Only one subtype
of this kind of an examination is mentioned:
Badanie USG prenatalne ‘Ultrasonic Prenatal
Diagnosis’.

2 Text characteristics

The collected hospital documents were origi-
nally written in MS Word. They were converted
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into plain text files to facilitate their linguistic
analysis. Information serving identification pur-
poses was substituted with symbolic codes.

The vocabulary of the clinical documents
is very specific, and significantly differs from
general Polish texts. In medical data there
are many abbreviations and acronyms, some of
them are in common use: RTG or godz ina—
‘hour’, but many of them are domain dependent.
For example, por. in everyday language means
porównaj ‘compare’, but in medical domain it
abbreviates poradnia ‘clinic’. Moreover, many
diagnoses or treatments are written in Latin,
e.g., immobilisatio gypsea ‘immobilization with
gypsum’.

Another problem in analyzing clinical data
are misspelled words. As they are not meant
to be published, these documents are not very
well edited. Despite spelling correction being
turned on, there are still some errors observed,
mainly in words out of the standard editor dic-
tionary, like echogeniczności ‘echogenicity’ mis-
spelled as echiogeniczności, echogenicznosci and
echogenicznośąci.

At the first processing step we annotated
the data with morphological information. Each
word is assigned its base form, part of speech,
and complete morphological characterization.
The annotation is done by the TaKIPI tagger
(Piasecki, 2007) that cooperates with the Mor-
feusz SIAT morphological analyser (Woliński,
2006) and the Guesser module (Piasecki and
Radziszewski, 2007) that suggests tags for words
that are not in the dictionary. To correct
Guesser ’s suggestions and some systematic tag-
ging errors, we manually prepared a set of global
correction rules that work without context. So
they eliminate only evident errors. Finally we
removed improperly recognized sentence end-
ings after abbreviations, and added end of sen-
tence tags at the ends of paragraphs.

3 Phrase selection

What is common to all domain vocabularies is
that the vast majority of terms are noun phrases.
Although in some approaches. e.g. (Savova et
al., 2003), verbal phrases are also taken into ac-

count, as terminology vocabularies usually con-
tain nominalized version of such terms we de-
cided not to analyze verbal constructions. The
internal structure of terms can vary, but not all
types of nominal phrases are likely to constitute
terminological items. In Polish, domain terms
most frequently have one of the following syn-
tactic structures:

• a single noun or an acronym, e.g. an-
giografia ‘angiography’, RTG ;

• a noun followed (or, more rarely, pre-
ceded) by an adjective, e.g. granulocytyn
obojętnochłonneadj ‘neutrofils’, białeadj
krwinkin ‘white cells’;

• a sequence of a noun and another noun
in genitive, e.g. biopsjan,nom tarczycyn,gen
‘biopsy of thyroid’;

• a combination of the last two struc-
tures, e.g. gazometrian,nom krwin,gen tętni-
czejadj,gen ‘arterial blood gasometry’.

The rules become more complicated as one
wants to take into account additional features
of Polish nominal phrases:

• word order: as Polish is a relatively free or-
der language, order of phrase elements can
vary;

• genitive phrase nesting: the sequences of
genitive modifiers can have more than two
elements, e.g. wodonercze niewielkiego
stopnia dolnego układu podwójnego nerki
prawej ‘mild hydronephrosis of the dupli-
cated lower collecting system of the right
kidney’;

• coordination: some terms include coordi-
nation (of noun or adjectival phrases), eg.
USG naczyń szyjnych i kręgowych ‘ultra-
sound of the carotid and vertebral vessels’,
zapalenie mózgu i rdzenia ‘inflammation of
brain and medula’;

• prepositional phrases: there are also terms
like witaminy z grupy B ‘vitamins of the B
group’ including prepositional phrases in-
side.
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In our work we account for all of the nominal
phrase types described above, except those in-
cluding prepositional phrases and nominal coor-
dination. To recognize them, we defined a shal-
low grammar consisting of a cascade of five sets
of rules being regular expressions in which mor-
phological information is used.

Applying the set of rules to our data resulted
in a subset of phrases which we considered non-
domain terms. These were phrases beginning
with modifiers describing that a concept repre-
sented by a subsequent subphrase is occurring,
desired or expected, e.g. (w) trakcien choroby
‘during illness’. To eliminate such phrases we
defined a set of words which were to be ignored
during phrase construction. The words belong
to the following three classes:

• general time or duration specification, e.g.
czas ‘time’, miesiąc ‘month’ ;

• names of months, weekdays;

• introductory/intension specific words, e.g.
kierunek ’direction’, cel ‘goal’.

4 Term identification

The set of phrases constitute input data for the
term selection algorithm. The analyzed texts
are very concise as physicians report only the
most important facts there. Thus, nearly all
extracted nominal phrases are domain related.
But there is still need for both ordering phrases,
and, what is more important in this particular
case, identification of terms which are used in-
side larger phrases (subphrases) but rarely or
even never in isolation. For example, pęcherzyk
żółciowy ‘gall bladder’ occurs usually with an
adjective describing its condition. One of the
most popular solutions to this problem is that
proposed by (Frantzi et al., 2000), (Barrón-
Cedeno et al., 2009). Comparisons to other
term extraction methods, done among others
in (Korkontzelos et al., 2008), showed that
termhood-based methods outperform unithood-
based methods in the biomedical domain. Also
in (Pazienza et al., 2005) the C-value method
which is based on frequency measure was judged
to be better suited for term identification than

mutual information or Dice Factor describing
the degree of association measures.

In our approach, we adopted the solution pre-
sented in (Frantzi et al., 2000). So, all phrases
are assigned a C-value which is computed on the
basis of the times of their occurrences within
the text and their length. As we also wanted
to take into account phrases of the length 1, for
one word phrases we replace the logarithm of
the length (used in the original solution) with
the constant 0.1. By subphrases we do not mean
every substring of a phrase, but only those se-
quences of phrase elements which would be ac-
cepted by our grammar as a correct nominal
phrase. This slightly modified definition of C-
value is given below (p – is a phrase under con-
sideration, LP is a set of phrases containing p):

C(p) =





lc(p) ∗ freq(p)− 1
‖LP‖

∑
freq(lp),

if ‖LP‖ > 0, lp ∈ LP
lc(p) ∗ freq(p),
if ‖LP‖ = 0

where lc(p) = log2(length(p)) if length(p) > 1

and 0.1 otherwise;

In order to evaluate the above equation, the
operation of identifying phrases nested within
other phrases is crucial. For inflectional lan-
guages, different forms of a word can vary signif-
icantly and finding repeating subphrases cannot
be done by just matching the strings. For ex-
ample, in zakażenia wirusem grypy ‘influenzagen
virusdat infectiongen’ we should recognize the
term zakażenie wirusem grypy and its three sub-
phrases: wirus grypy, wirus and grypa. None
of them directly matches with the considered
phrase. Lemmatization of the entire phrase does
not help significantly, as the base form of the
given phrase is zakażenie wirusem grypy. To
overcome this problem we decided to transform
the identified phrases into artificial base forms
being sequences of lemmas of phrase elements.
In the cited example, such an artificial lemma is:
zakażenie wirus grypa ‘infection virus influenza’.
In this sequence all above subterms (converted
into thier artificial base forms) can be found eas-
ily. Our approach is much easier and more ro-
bust than a formally correct one. This solution
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can, although rarely, have an influence on the
results, as in some cases, artificial base forms
are equal, although real base forms are not. It
may happen due to:

• differences in numbers of genitive sub-
phrases e.g. zapalenie ucha ‘ear inflamma-
tion’ vs. zapalenie uszu ‘ears inflammation’;

• the same base forms of adjectives in differ-
ent degrees (small, smaller);

• negated and positive forms of adjectival
participles, e.g. powiększony/niepowięk-
szony ‘increased’/’not increased’, both have
the lemma powiększyć ‘increase’inf .

• gerunds and participles have infinitives
as their base forms, so e.g.: phrases
uzgodnienieger terminu ‘agreement of date’
and uzgodnionyppas termin ‘agreed date’
have the same artificial base form uzgodnić
termin.

5 Results

The term extraction procedure was conducted
on the two data sets separately, and combined
together. First, nominal phrases were extracted
using the shallow grammar. The number of
phrases and the distribution of their length and
frequencies are given in Table 1 and 2.

Table 1: Distribution of phrase lengths
phrase data set common
length o1 surgery o1+surgery nb %∑

3824 9956 12498 1281 12.8
1 1357 2229 2879 707 31.2
2 1507 3862 4946 422 10.9
3 678 2389 2950 117 4.9
4 208 1022 1205 25 2.5
5 56 336 384 8 2.4

>5 18 118 134 2 1.7
max 9 8 9 6 -

The ordered lists of terms were obtained from
the sets of phrases using C-value. To balance
the inequality in the size of the two datasets
coming from different hospital wards, in the ex-
periment in which both datasets are combined,
we adjusted the frequencies over 5 by dividing
freq(p) by log5freq(p). Table 3 shows the dis-
tribution of the C-value.

Table 2: Distribution of phrase frequencies
phrase data set
freq o1 surgery o1+surgery∑

3824 9956 12498
=1 2045 5778 7120
2-10 1333 3190 4076
11-50 310 678 922
51-100 69 115 145
101-1000 67 168 207
1000- 0 27 28

The strategy of promoting subphrases on the
basis of the occurrences of the phrases they are
part of, can sometimes lead to undesirable re-
sults. One example of such a phrase which
gained a very high C-value is karta informa-
cyjna leczenia ‘treatment information card’ be-
ing a subphrase of the sequence karta infor-
macyjna leczenia szptialnego ‘hospital treatment
information card’. In surgical data it occurred
1164 times in this phrase and once in a longer
phrase poprzednia karta informacyjna leczenia
szpitalnego ‘previous hospital treatment infor-
mation card’. For the C-value counting algo-
rithm this meant two different contexts in which
this phrase appeared, and resulted in the sixth
top value for the phrase which did not occur in
the data and is probably not used at all. To get
rid of such cases we introduced a slight mod-
ification to the algorithm which was aimed in
lowering the number of different subphrases in
cases where context does not differ in the ad-
jacent element. The C 1 value is counted bas-
ing on the maximum of the different direct left
and right one-word contexts counted separately.
For the cited example we obtained the proper
0 C-value. This strategy however did not elim-
inate all “unfinished” phrases and yielded only
a slight lowering of their score, e.g. from 324 to
216 for USG jamy ‘USG of cavity’ in surgical
data (for 431 occurrences in context and one in
isolation recognized because of a spelling error
in the word brzusznej ‘abdominal’).

Finally we compared the terminology ex-
tracted from medical data with phrases ex-
tracted from the general corpus of the Polish
language—processed and ranked using the same
tools. In the experiment we used the man-
ually annotated, balanced 1-million word sub-
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Table 3: C-value distribution
standard C-value

terms data set
freq o1 surgery o1+surgery/5∑

3824 9956 12497
c>0 3044 6910 98905
0<c<1 1002 407 2455
c=1 550 2304 1599
c>1 1492 4199 5727

Table 4: C1-value distribution
C 1

terms data set
freq o1 surgery o1+surgery/5∑

3824 9956 12497
c>0 2663 6611 8455
0<c<1 760 1238 1713
c=1 1708 1257 1764
c>1 1333 4116 4978

corpus of the NKJP: National Corpus of Pol-
ish (Przepiórkowski et al., 2012). Then we
selected terms identified in NKJP and medi-
cal data: surgery and o1 separately. Table
5 shows how many terms are recognized in
both corpora (NKJP and the medical one) and
the number of terms that have a higher C-
value in the NKJP data. The longest com-
mon phrases have 3 words. Multi-word terms
that have a C-value higher in NKJP data ac-
count for less than 2% of multi-word terms for
o1 data and about 1% for surgery data. More-
over most of multi-word terms with a higher
C-value in NKJP are related to the medical
domain, e.g.: poradnia zdrowia psychicznego
‘mental health clinic’, przewód pokarmowy ‘gas-
trointestinal tract’, oddział intensywnej terapii
‘intensive care unit. But of course there are
also terms that are common in everyday lan-
guage like: numer telefonu ‘telephone number’
or drugie danie ‘second dish’.

Table 5: Comparison with general corpus
Terms o1 surgery
common with NKJP 544 779
1-word 459 635
multi words 85 144

C-value greater in NKJP 408 554
1-word 359 475
multi words 49 79

6 Evaluation

We performed two tests to evaluate the results
of the extraction procedure. The first test was
aimed at checking the initial list of nominal
phrases extracted. It involved the manual indi-
cation of terminology in documents and check-
ing how many of these terms were present in
the extracted lists of phrases. As the documents
from the first set of data are on average 2 times
longer than those from the second set, we chose 2
and 4 documents for the evaluation respectively.
The test was performed by 2 annotators (in-
volved in the experiments) and results are given
in Table 6. As the differences between annota-
tors show, the basic problem of this task was
to decide what kind of phrases constitute termi-
nology. Sometimes only bounders of the indi-
cated phrase were different, e.g: nieco obniżony
parametr układu czerwonokrwinkowego ‘slightly
decreased parameter of red blood cell system’
was recognized by the first annotator, while the
second annotator did not include the word nieco
‘slightly’ in the phrase. The first annotator rec-
ognized 43 terms in the first dataset that were
absent from the automatically prepared list for
the following reasons: lack of grammar rules rec-
ognizing the coordination of nominal phrases –
4 errors; lack of other grammar rules – 6; tag-
ging errors – 19; problems with rules containing
abbreviations and their classification 14.

Table 6: Phrases in texts
1st set of documents (o1)

1st annot. 2nd annot. common
nb of phrases 232 236 192
nb of extr. phr. 189 179 160
% of extr. phr. 81.4 75.8 83.3

2nd set of documents (surg.)
1st annot. 2nd annot. common

nb of phrases 177 169 139
nb of extr. phr. 142 133 113
% of extr. phr. 80.2 78.7 81.3

The second test indicates how many good ter-
minological phrases are at the top, in the mid-
dle and at the end of the lists of terms ordered
from the highest to the lowest score of C-value.
From each part of the lists we selected 50 and
150 phrases for the first and the second datasets
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respectively. Then the phrases were judged by
the two annotators, if they belong to the ter-
minology or not. The results of the evaluation
are given in Table 7. As it can be seen even the
last section of the list contains more than 70%
of proper terms. Not all phrases from the top
part of the lists were classified as terms. In the
first set of documents for the C-value method,
the semantically odd phrases: USG jamy ‘USG
of cavity’ and infekcja dróg ‘infection of tract’
were rejected by the annotators from the top
part of the list (they do not occur in the top of
C 1 set). The influence of the C 1 correction is
better seen on the second, larger data set.

Table 7: Phrases considered as terms

C - 1st set (o1) C 1 - 1st set (o1)
1st annot. 2nd annot 1st annot. 2nd annot
nb % nb % nb % nb %

t 48 96.0 48 96.0 49 98.0 48 96.0
m 47 94.0 46 92.0 45 90.0 45 90.0
e 37 74.0 41 82.0 38 76.0 40 80.0

C - 2nd set (surg). C 1 - 2nd set (surg).
1st annot. 2nd annot 1st annot. 2nd annot
nb % nb % nb % nb %

t 141 94.0 141 94.0 147 98.0 146 96.7
m 126 84.0 122 81.3 125 83.3 120 80.0
e 109 72.7 120 80.0 105 70.0 108 72.0

7 Conclusions

The analysis of the selected set of docu-
ments confirmed the observation that clinical
texts contain practically only domain specific
knowledge—nearly all correct phrases extracted
by the grammar are domain related. Thus, fil-
tering the results by comparing the occurrences
of phrases to their frequencies in the general
corpora cannot improve the results. The per-
formed evaluation showed that proper morpho-
logical tagging is crucial for the selected ap-
proach. The C-value approach turned out to be
useful for recognizing terms being subphrases al-
though the order imposed by the coefficient val-
ues is of limited use. For clinical texts the crite-
ria for term isolation have to be further refined
as syntactically correct subphrases often do not
form separate terms.
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