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Abstract

In this article we present a text analysis syste&sighed to extract key information from clinicakttén Bulgarian language. The
extracted and structured features will be furtmepleyed for classification of patient cases, effexinformation retrieval and further
processing in different medical tasks. Using shallmalysis within an Information Extraction (IE) @mpach, the system builds
structured descriptions of patient status and cmawpbns. We discuss some particularities of thelioe language of Bulgarian
patient records, functionality of our current prgfie, and evaluation results regarding the |IE tasksackle at present.

describes the prototype and its functionality; ieect
1. Introduction deals with the evaluation and section 6 contaires th

Patient Records (PRs) contain much textual infoionat ~ conclusion.

When studying hospital PRs in Bulgaria, which désca

single hospital episode, one discovers that thetmos 2. Related Work

important  findings, opinions, summaries and When designing our system, its rules for shalloaiysis
recommendations are stated as free text whilecaliniata and the training corpus, we have studied careftiby
usually supports the textual statements or provides CLEF site (CLEF 2008). Other systems which process
clarification of particular facts. Thus the esserufe patient symptoms and diagnosis treatment datathee:
patient-related information is communicated as Medical Language Extraction and Encoding System
unstructured text message of one medical expeh wit which was designed for radiology reports and later
addressee another medical expert. In additionglthizal extended to other domains such as discharge sugsnari
documents present only partial information abow th (Friedman, 1997); (caTIES, 2006) which processes
patients, so some kind of aggregation is neededozide surgical pathology reports; the open-source NLResys

a complex view to the patient health status. Autiibna Health Information Text Extraction (HITEX, 2006nd
analysis of biomedical text is a complex task which the Clinical Text Analysis and Knowledge extraction
requires various linguistic and conceptual resairce system cTAKES (Savova et al.,, 2008). Interesting an
(Spasic et al.,, 2005). Despite the difficulties and useful ideas about processing of medical terminokod
challenges, however, there are industrial system$ a derivation of terminological variants are given in
research prototypes in many natural languages hvéii (Valderrdbanos et al., 2002). Negative statements i
at the information extraction of features from Bulgarian patient-related texts are studied in {Bogva
patient-related texts. So the application of laggua et al., 2005).

technologies to medical PRs is viewed as an adddinge

standard task which is a must in health informatics .

In this paper we present an IE prototype whichasts 3. IEin the EVTIMA System

important facts from hospital PRs of patients dizgd The system presented here deals with anonymised PRs
with different types of diabetes. The extracted and supported by the Hospital Information System (Hb$)

structured features will be employed for classtfma of the University Specialised Hospital for Active Ti@ant
patient cases, effective information retrieval dadher of Endocrinology “Acad. I. Penchev’ at Medical
processing in different medical tasks. The systemied University, Sofia. The current HIS facilitates PR
EVTIMA, is under development in a running project f  structuring since the diagnosis, encoded in ICD#the
medical text processing in Bulgarian languageh&iudd International Classification of Diseases v. 10%sédtected
be classified as an ontology-driven IE system ofeihg via menu. The drugs prescribed to the patient, vhigat
the classification in (Spasic at al., 2005). Thechkr is the illness causing the particular hospital stag, a@so

structured as follows: section 2 briefly overvietgtated supported via the so-called Computerised ProviddeO
approaches; section 3 presents the specific settihthe Entry. In this way some information is structured @asy
IE and the medical texts characteristics, section 4 to find.



the text with a variety of wordforms which is typidor
the highly-inflectional Bulgarian language. The oraj
part of the text consists of short declarative esleces and
o sentence phrases without agreement, often withoptep
punctuation marks. There are various kinds of typake
*Finding relevant characteristics and features original text which cannot be properly dealt witfthin
*Finding relevant anatomic organs our research project. In the evaluation we consioy
normalised texts with standard abbreviations arttiouit
spelling errors, because we aim at a research.stugy

+Selecting anatomic organ for processing

*Determining the scope of the expression for

the chosen anatomic organ by using stop present experimental corpus is formed of 1150 PRs w
words and punctuation marks ) some 6400 words, about 2000 of them being medical
terms.
e ) Another PR text particularity is that descripti@re often
*Finding the most greedy regular expression to .. . . L
process the longest text fragment missing. It is common for the Bulgarian cliniciaiasnot
y describe in the PR the organs where no pathological
deviations have been found. As reported in (Boytahst
*Applying additional rules for analysis, to al., 2009), only 86% of the PRs in our corpus discu

IS - 4

capture pieces of information which remain

unrecognized by the regular expressions explicitly the patient status regarding skin co|d&8% -

fat tissue, about 42% - skin turgor and elastigitg 13%
- skin hydration. In order to fill in the maximunumber

g
]
L

*Using regularity rules about attributes of slots in our IE template, default values haveb®®
correlations to add most probable values in . . .
Gl the template fields which remained empty assigned. The presence of these values will be riaupo

g
3
L

in a following case classification.
The PRs contain also a lot of numerical valueshafyses
*Choosing the appropriate template for the and clinical test data (about 16%) which are subgdéc

Filling captured information additional studies
Templates J '

3.2 Available Resources
+Filling in default values in the obligatory

template fields which remained empty so far A lexicon of 30 000 Bulgarian lexemes, which istpdra

J large general-purpose lexical database with 70 000
lexemes, serves as basic dictionary for morphoédgic
analysis of Bulgarian medical text. The Internagion
Classification of Diseases (ICD-10) contains 10 970
terms. The Bulgarian version of ICD-10 has no chhi
extension, i.e. some medical terms had to be drtlac
from the PR corpus. So far we have extended thie bas
lexicon by medical terminology containing 5 288ntsr
Constructing the dictionaries is a continuous psecéhe
Latin terms have to be taken into consideratiowels
Within our project, biomedical NLP for Bulgarianxts
starts from scratch due to the lack of languageurss

as well as ontological resources and tools. Faants,

no Named Entity Recognition module has been
implemented for Bulgarian entities in the mediocain;
the syntactic rules for partial analysis are carcted for
the first time; there are no conceptual resourabslled

by Bulgarian medical vocabulary — except ICD-9 and
ICD-10. It is curious to note that the list of dsugnd

) (1<Hi<

Figure 1: Major IE steps for PR processing

However, in the PR discussion of case history, the
previous diseases and their treatments are dedcabe
unstructured text only.

In addition, in the hospital archive we find PRs as
separated text files, and these PRs consist oftéee
Therefore our prototype needs to recognise thetkZids,
drug names, patient age and sex, family risk facdod so
on. To do so we perform the steps shown on Figure 1

3.1 Medical Language in Hospital PRs

The length of PR texts in Bulgarian hospitals isally
2-3 pages. The document is organised in the foligwi
sections: i) personal detailsji{ diagnoses of the leading

and accompanying diseasesi)(anamnesis (personal negications is supported with Latin names by the

medical history), including current complainsast Bulgarian Drug Agency, even for drugs produced in
diseases, family medical history, allergies, rs&térs; ) gy garia (BDA 2010), but in the PR texts the metias
patient ~ status, including results from physical 56 nredominantly referred to in Bulgarian languasge
examination; ) laboratory and other tests findingsj)( the drug-related vocabulary is also compiled onfithin
progress notes;vif) discussion; \(iii) treatment; ik) two languages.

recommendations. Despite the clear PR fragmentation

there are various problems for automatic text pssicey. 4. Present Functionality

Bulgarian medical texts contain a specific mixtwe
terminology in Latin (about 1%) and Cyrillic letggi_atin
terms transcribed with Cyrillic letters. The terotgur in

At present our system performs the following taskst
segmentation and normalisation; and text analysése
we discuss the latter one.



In order to extract the status of some patientrotba IE
system has to find in the PR text a term referttngome
anatomic organ, which is important for diabeteg. e.
thyroid gland, skin, limbs/legs, eyes, nask. For this
purpose the system first automatically segmentdeke
into several semantic zones as listed above (SgE®se
3.3). The following text analysis is applied sepelsaon
the epicrisises’ parts in order to extract strustur
knowledge from the free text. Up to now the anarnmes
and the patient status areas of the epicrisis amgb
processed. From the anamnesis we extract featilees |
age, sex, sickness name, type and duration andtfiem
patient status - the organs’ condition. Of majdeiiest are

the limbs, skin and thyroid gland, because manthef
diabetes complications are especially related
aggravations in these organs.

The status section contains mostly short declarativ
sentences in present tense which describe sevgamis

in the current corpus we find most often 20-30eatdéht
anatomic organs and status conditions. So it ioitapt

to identify the description boundaries for eachtipalar
organ. The scope is determined by using domain
knowledge concerning anatomic organs and theirspart
which shows where an organ description ends anthano
one begins. Domain knowledge helps significantly to
design text analysis rules.

to

Figure 2. Fragment of conceptual model of anatargans, their parts, and some diseases.

Figure 2 shows an excerpt of semantic network which
reflects important relations between orgaiss; part-of
andhas-location Knowledge about limbs and their parts
helps to scope the description of limb status. ust
consider the following example:

a. dorsalis pedis

, tinea pedis.

-0

Limbs — reduced dorsal pedal pulse on both feettifial
and perimaleolar edema. Onychomycosis, tinea pedis.
Succusio renalis — bilateral negative (-).

Here the IE system finds the terlimbs in the first

sentence and runs the IE process in order to eXirdus’
status. The second sentence contains adjectivesh ate
attributes related tdimbs - " " (leg) and

" " (anklg. The third sentence contains
the terms " (onychomycos)s - fungal
infection of the nails andtihea pedi$, denoting fungal
foot infection. Both entities denote diseases wfdblegs.
Mapping these terms to the concepts and relatibRigya
2, the IE system considers sentences 1-3 as anoons
status description dimbs. The fourth sentence contains
"succusio renali§ which refers to kidney percussion, and
this is a signal that the limbs description is cteted.
Moreover, 'succusio renalisoccurs in the next sentence,
as we know empirically that new organ descriptistast

in another sentence despite the fact that allrsits are
mixed into one paragraph. Another example is:



- , . of the legs skin with pretibial oedetnarhen the IE
, system adds additional characteristics to the tetept

, . steps four-six of the algorithm shown in Figurewith
, final refinement at step eight when the defaultealare

filled in.
Limbs — without oedema, varicose changes. Palpable L b
peripheral arteries pulse, preserved tactile, theramd | IMDS
vibratory sensation. Walks with difficulty, algegjait ' .
o . ! ' . . Peripheral Artery
uses assistive devices". Limbs parts: DRy —

default normally present

The status of the peripheral arteries is importzmt
patients with diabetes (which we know due to domain
communication knowledge provided by the medical Figure 3: General Template for Limbs
experts), so the second sentence is considered as

continuation of limbs discussion. Here the occureeaf .- .

the word Yait' in the third sentence signals the l Limbs

cor_npletmn of_the limbs description, which in tieesse is l Upper Limbs || Lower Limbs
split into the first and second sentence. Anotispeat of > - y
. . . . [ Peripheral || [ Peripheral
domain communication knowledge is the default that A ], Artery Lesg parts : Artery
. . Fms parts: 2 peot "
underlimbsthe medical experts usually understémder MJ,-EH,., AL light Pulsations:
. . . .. normally cedema normally
limbs parts of upper limbs should be mentioned exhicit 0 oresent present

to denote arms, forearms etc.

About 96% of all PRs in our training corpus contaigan

descriptions in this format (Boytcheva et. al., 200n Figure 4: Template with specific fields about lovietbs
this way the shallow analysis by cascades of regula

expressions, which is proposed in (Boytcheva et. al

2009), proves to be successful approach for strinctu | Limbs
the statements concerning patient status. For each \
particular organ, there is a predefined templatesre text l Upper Limbs Lower Limbs
units are stored as conceptual entities during doma ————— Peripheral ) -
interpretation phase. o lpj;:;';‘m Left leg Right leg
In our corpus there are four manners to presertarigens default || normally |
and their features: ; - Tromeal Trommea)
1. General- by giving some default value, e.g. " Artery || parts | ATtery
" . Lesg parts: | Pulsations: default Pulut_ionlsl:
. o (without
pathological changes, without specilics \
) (Wlth | ankle:
preserved/present/normal characterisjiostc. Figure 3 light
presents the obligatory IE template fields for lanlf the oedema

PR contains only general statements, the template ¢
store the obligatory fields for the four limbs;

2.Explicit — the PR text contains particular specific
values. The characteristic name might be missingesi
the attribute is sufficient to recognise the featue.g.
“preserved peripheral pulsatichinstead of preserved
pulsations of the peripheral arteriesThe attributes are
described by a variety of expressions, e.g. fof'tlodume
of the thyroid gland the value hormal' can be
represented asbt enlarged, not palpable enlarged, not
palpablé. These explicit statements are processed at th
fourth and fifth steps of the algorithm. Dependorgthe
depth of the body parts ontology with related amato
organs (AO) for the processéd, and according to the
details encountered in the PR text, the dynamically
generated templates can consists of different seoél
nested fields (Figure 4 and Figure 5);

3. Partial — The text contains descriptions about
organ parts, not about the mal©. For instance, the
limbs status can be expressed like eagrdphic changes

Figure 5:Template with fields about the lower left limb

Figure 4 illustrates the case when the respectiRe P
contains specific information concerning only toevér
limbs -light swelling Then for the upper limbs, which are
not explicitly described, the IE system sets théaule
value. The same decision is made for the fi®dripheral
Artery Pulsationswhich is set to fireservet both for the
upper and lower limbs.

eThe PR behind the template at Figure 5 containsifépe
information about theléft anklé; then the IE system
infers that the missing values should be set tal@fault
limb attribute values;

4. By diagnosis— sometimes a diagnosis is given
instead of the organ description, e.@nychomycosis,
tinea pedis. This information is captured at the fourth
and fifth steps of the algorithm at Figure 1.



5. Evaluation Table 1 summarises the precision, recall and the
In a previous paper we have evaluated the recognitf F-measure of correctly extracted descriptionséyage
skin characteristics (Boytcheva et al., 2009). Ehesults ~ disease diabetes typeand theAO skin, neck, thyroid
are presented here to allow for a more complete9|a”d andlimbs For each test the extraction algorithm,
assessment of our IE results. The extraction obates ~ Shown at Figure 1, uses organ-specific regular
was evaluated using a corpus of 197 PRs as artgpgsit ~ €XPressions.

(setl) and another set of 1500 PRs as a testet®}.(Fhe ~ The cases of incorrect analysis are due to morepleom

description is analysed independently. There ars PR a@nalysed by a syntactic analyser (parser) and deepe
which do not contain any descriptions relevanthe t approach to sentence analysis. _
testedAOs but they are removed from the evaluation Since we are using nested rules for capturing feafu
figures. spelling errors in (or lack of) expressions whicé & be
Usually the Information Extraction performance is Matched on an upper level may prevent the further
assessed in terms of three measures. fiigeision is match|_ng of the rules in the nested fields. We hatieced
calculated as the number of correctly extract@ that this was one of the reasons for the compaigtiow
descriptions, divided by the number of all recogdiaO recall value of the diabetes duration (its recagnitule is
descriptions in the test set. Trezall is calculated as the Nested in the diabetes acronym and diabetes type
number of correctly extractedlO descriptions, divided ~ recognition rules). The recall for the featusex is

by the number of all availabkO descriptions in the test ~ Surprisingly low. This can be explained with thetfthat
set (some of them may remain unrecognised by thethere were too few sa_mples in the anonymised trgini
particular IE module). Thus the precision measthes  COrpuS and when testing on a new dataset the blaila

success and the recall — the recognition abilitgl an fules could not capture the relevant features. faen
"sensitivity" of the algorithms. ThE-measurgharmonic ~ réason is the new author styles encountered in the
mean of precision and recall) is defined as enlarged corpus. These inconsistencies are covayed
continuous update and adjustment of the IE rules fo
F = 2 xPrecisionx Recall/ (Precision+ Recal). shallow analysis.
Feature Precision % Recall % F-measure % Number of PRs Percentage PRs
#1 88.89 90.00 89.44 Test set3 with explicit text with explicit
’ . ’ description characteristics
#2 80.00 50.00 61.54
Ankle 201 99,5%
#3 98.28 96.67 97.47
Leg 201 99,5%
#4 96.00 83.33 89.22 Peripheral 21 00.59%
#5 95.65 73.82 81.33 artery '
#6 95.65 88.00 91.67 Feet 8 3,98%
#7 94.94 90.36 92.59 Skin 1 541%
i 0,
48 93.41 85.00 89.01 Nails 15 7,46%
Others 21 10,45%
. . Gait 9
Table 1: IE precision, recall and f-measure evanaf#l - age; ! 3 1,49%

#2 - sex; #3 - diagnose; #4 - diabetes duration; 3kn; #6 -

neck; #7 - thyroid gland; #8 - limhs) Table 2: Availability of status statements in 201

randomly-selected PRs

Template filled in at: ankle leg pii:t)gsral Feet skin nails Others
Step 4 by regular expressions 150 148 199 6 9 14 18
Step 5 by extra rules 40 40 1 0 0 0 0
Step 6 by correlations 0 0 0 1 1 0 2
Step 8 by defaults 9 11 0 0 0 0

Total: 199 199 200 7 10 14 20

Table 3:IE performance steps 4-8 for limbs descriptionsnber of PRs from where status statements are extratteach step



We see that the simple regular expressions wosltively
well and produce enough input for statistical obatons

of patient status data. It is also clear that fr#fforts are
required for proper development of the extraction
algorithms in order to cover sophisticated language
expressions. The automatic recognition of the saufpe
quantifiers, negation, and temporal qualificatidesa
challenge to be met in the future.

Regarding the limbs, an additional in-depth evadumat
was done on a set of 201 PRs (set3) which wereralyd
selected from set2. Some PRs in set3 contain nlicéxp
discussions about certain limb characteristics.leTéb
gives the numbers of available or missing desacmstifor
each attribute; it turns out that the status ofles)kiegs
and the peripheral arteries is explicity mentioned
almost all PRs.

The IE algorithm shown at Figure 1 was run on setd
we have counted manually how the processing asstep
4-8 contributes to the final success rates. Thelteare
summarised at Table 3. Itis clear that an esdesftée of
the successful recognitions is achieved at stepsdad
five of the algorithm. The regular expressions,li@opat
step 4, recognise the majority of the descriptidbsra
rules are applied at step 5, to extract phrasatsuni
including the negative descriptions.

Some text descriptions of limbs status contain derp

statements including embedded sentences and tlinica

tests; due to this reason the IE recall is rel&tivew
(85%, see Table 1 row 8). The skin feature exwachias
also obtained a comparatively low recall, whichlddue
explained by the fact that there is a large variétigxical
expressions describing the values of some skin
characteristics, combined with a variety of thehats’
expression manners.

In section 4 we have shown that the occurrencenef t
word "gait' signals the end of the limbs description.
Please note that according to Table 2, this isfhefpr
1,49% of all PRs to be analysed, so many othertshin
need to be acquired and declared in the domairamyto

6. Conclusion

Our system is the first one which supports mediest
mining for Bulgarian. So far we have evaluated its
performance on several |IE tasks dealing with the
anamnesis and patient' status zones of the PRBows
the complexity of medical text processing whiclig to
the complexity of the medical domain and the
particularities of the medical texts written in sjfie,
well-established style. The role of explicitly-daecd
domain knowledge is shown; it supports the inforarat
extraction algorithms since by providing constraiahd

approach is helpful for the obtaining of specifiedital
statements which are described in the PR textglaveto
develop algorithms for discovering more complex
relations and other dependences, which is a téwgetur
future work.
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