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Abstract: The article presents research in secondary usefafmation about
medical entities that are automatically extractennfthe free text of hospital
patient records. To capture patient diagnoses,sdiadp data and status, four
extractors that analyse Bulgarian medical texts hbgen developed. An
integrated repository, which comprises the extdhctmtities and relevant
records of the hospital information system, haswemstructed. The repository
is further applied in experiments for discoveryamfverse drug events. This
paper presents the extractors and the strateggsidgrang time anchors to the
entities that are identified in the patient receeets. Evaluation results are
summarised as well as application scenarios whiakenuse of the extracting
tools and the acquired integrated repository.

Keywords. automatic information extraction; secondary uspaifent records;
temporal aspects of data integration

1 Introduction

Electronic Health Record (EHRS) are viewed as thsidosource of patient-related
data, keeping all important medical information atbeach patient and (in a longer
run) providing access to the complete patient hystdhe idea to re-use the EHR
content beyond the direct health care deliverselatively recent (published in 2007,
its implementation is still in its infantry accondj to [1]). EHR data can facilitate the
clinical research and reduce substantially the abstinical trials as they provide an
enormously large resource for statistical obseovati comparative studies, quality
evaluation, monitoring the effectiveness of puliliealth services and so on. By
default the Information Technologies (IT) are thdyomeans to cope with the large
data volumes, moreover EHRs are to be supportedinv@ environments which
provide secure, confidential, and private data s&cd&herefore, it is important to
design research prototypes where secondary EHRlems®nstrates the potential of
novel, IT-enabled developments for improving theichl practice.
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This ambitious and challenging objective, howevaces the incompleteness,
fragmentariness, inconsistency and vagueness ofessipns in the established
medical practices, which rely on domain and/or inipknowledge to support the
information interpretation. Patient-related dat@ aecorded in various formats,
encoded by numerous medical nomenclatures andfidatiens, with heterogeneous
terminologies, specific national traditions to shdpe patient record texts and so on.
Much EHR information is presented as free texth@Natural Language Processing
(NLP) is often viewed as an embedded technology lile#ps to extract structured
knowledge chunks from the EHR texts. Current tasksted to secondary EHR use
seem to be mainly focused on the extraction awsjitthere are fewer integration
attempts which aim at the exploitation of the acalated information.

This paper presents an experimental integratiopatient-related clinical data in
order to construct a repository for identificatiohAdverse Drug Events (ADE) in the
PSIP project (Patient Safety through Intelligenbdedures in Medication) [2].
Components for automatic extraction of entitiegrfrivee text have been developed
since much information is documented in Bulgariaspitals as unstructured text.
The article discusses specific solutions regardiimg anchoring and harmonisation
of data units while the automatically extractedte# are integrated with the Hospital
Information System (HIS) records to form a unifjgatient case.

The article is structured as follows. Section 2remavs related research. Section
3 presents the background of our experiment. Seati@onsiders our approach to
integration of all recognised entities, which avaikble as structured HIS values or
are extracted by the text analysers. Event sequghigiimportant and we present our
empirical strategy for assignment of temporal mesk® all findings. Section 5
considers the evaluation results and discussesbleagpplication scenarios of the
integrated repository given that it inevitably cagins some inconsistencies and certain
percentage of erroneous assignments. Section @insrihe conclusion.

2 RELATED WORK

Data quality issues, related to secondary EHR arisediscussed in [3]. The authors
consider three categories of data qualfty:incompleteness missing information;
(i) inconsistency- information mismatch between various or withie game EHR
data source; andiii) inaccuracy — non-specific, non-standards-based, inexact,
incorrect, or imprecise information. The article] [@ports about inconsistencies
which are common to many data collections, e.g. 48%he patients did not have
corresponding diagnoses or disease documentatiatheinpathology reports. The
suggestion is to develop software tools for autierddta validation and flexible data
presentation in order to support information intiggrThis recent article encourages
us to continue our experiments despite the negatata quality findings in our
training corpus; we apply the data quality categpimtroduced in [3].

Rule-based automatic approaches for data extraetiohintegration ensure the
state-of-the-art achievements in the constructibtage scale resources (over 300
millions rows of data from three institutes arereatly included in the Biomedical
Translational Research Information System [4]). Thapping rules are created
manually based on human analysis, using a largeodary of medical terminology.
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Predefined queries are developed in the systenespond information needs. This
article discusses various kinds of (potential) aapion of such an integrated resource
which however is difficult to obtain as it requilesg years of data collection.

Modelling of timelines is considered in [5] whicharviews the six state-of-the-
art systems related to visualisation of tempor&drimation in EHRs. Most of these
systems operate on readily available lists of tygred time-tagged events. One of the
systems identifies pre-defined classes of entijes. diseases, investigations,
problems, drugs, etc.) and semantic relationshigtsvden them (e.g. investigation
indicates problem) in natural language texts [@ar8hing useful information with
self-service visual query tool is implemented ipasitories containing preliminary
indexed full-text documents, e.g. the system STRI®&ks on a clinical data
warehouse containing information about over 1,3ionilpatients [7].

As our extractors perform free text analysis onrthe texts in the USHATE HIS,
we briefly overview the recent achievements inarea.

We deal with the automatic assignment of ICD-1@udases to free text phrases in
Bulgarian language (ICD-10 is the InternationalsSiication of Diseases, version 10
[8]). A recent review [9] summarises achievementthe automatic coding of English
medical texts. The authors note that software tdols automating coding are
“available but currently not widely used, most likbecause the systems are still in
development and their performance in productiomriproven”. Various evaluation
metrics are summarised and the best result rep@t@89% coding accuracy. We note
that systems coding English medical texts are dgeel since more than 20 years;
results for other natural languages are less meeg. for French the agreement
between the automatic procedure for assignmer€Bfl10 codes and the EHR content
is 21%, which is partly due to the fact that thagtioses encoded in the hospital
information systems often reflect financial considions [10].

Another important extraction task is the automatcognition of drugs and
dosages, which occur in the patient record texiste®f-the-art results reported for
English are: sensitivity/recall for drug names 88,8nd for dosage 90,8%; precision
for drug names 91,2% and for dosage 96,6% [11]. @asure that combines the
sensitivity (recall) and the precision is their tnanic mean f-score; another highly
successful extraction system is MedEx [12] whickraots drug names with f-score
93,2%, and achieves f-scores 94,5% for dosage,©3F® route and 96% for
frequency. The French Multi-Terminology IndexesMTI [10] achieves very good
results in drug extraction as well. Codes from &EC (Anatomical Therapeutic
Chemical) classification1f3] areautomatically assigned to the extracted drug names
The extraction of ATC codes from the free text akreh discharge letters is
performed with f-score 88% when compared to the uahmxtraction; however,
compared to the Hospital Pharmacy content, theifesis 49%. These figures are the
baseline for assessment of our results in the attonmecognition of drugs in
Bulgarian patient record texts.

The performance of information extraction from wlal texts gradually improves
and exceeds 90% accuracy [14]. In our experimenrthave also developed different
modules which focus on various text entities: pdt&tatus and values of clinical tests
and lab data. These modules were implemented wéhperiod of two years with
progressive collection of the corresponding lexarad grammatical resources, leading
to progressive improvement. The extractors wer@dtavia specific procedures and
can be applied as separate text analysis compor@mtsesults are comparable to the
state-of-the-art achievements in the area, semséxtt
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3 RESEARCH CONTEXT

Our experiments in secondary use of EHR contentparéormed on training and
testing corpora which contain anonymised hospitgieat Records (PRS).

3.1 USHATE - Clinical Settings

USHATE belongs to the oldest and largest Medicalvéhsity in Bulgaria and is
specialised mostly for treatment of endocrine amdatvolic disease. Usually patients
with such type of diseases have many complicat&ns accompanying illnesses. In
this way many patients arrive to the hospital withgs prescribed elsewhere (in some
other hospital, for instance, or at the ambulatage, or from their GPs). Statistical
observations show that the average number of ddigsussed in a patient discharge
letter in USHATE, is 5,4 drugs per hospital recoktbwever, according to the
Computerised Physician Order Entry (CPOE), theedfeawer medications given to the
patients: 1,9 per hospital record. The drugs famoagpanying and chronic diseases,
which are not prescribed via the Hospital Pharmaoy entered in the discharge letters
as free text. Thus, much information about thettneat is presented as unstructured
descriptions. Similar comments can be made conugithie clinical examinations and
lab tests: often the patients bring their testltegin paper; the practice is not to repeat
recent tests. Whenever the clinical test is maddSiHATE, the lab data are stored
automatically in the Laboratory Information SysténhS) which is a part of the HIS.
However the values of clinical tests, made outditfHATE, are re-typed to the
discharge letter for all examinations that arewate to the present hospitalisation.
Another particularity is due to the fact that reurdements by the Bulgarian National
Health Fund are based on clinical pathways; oftem WUSHATE experts diagnose
formally the principal disease which is sufficie#atassociate the patient to the desired
pathway. But the hospitalised patients usually hspecific, complex history cases.
Statistical observations show that the average purmbdiagnoses per patient is 4,32
in contrast of only 1 diagnose recorded in HIS. §taecompanying illnesses and
complications, which are not formally encoded by tiSHATE HIS, might be
enumerated in the text paragraphs of the dischettgrs. In this way the integrated
picture of the patient diseases, history, staalsdata and treatment is presented only
in the discharge letters of USHATE patients.

Therefore the secondary use of the hospital PRUSHATE requires: (i)
obligatorytext analysis- to identify in the text the drugs, diagnosesues of clinical
tests, lab data as well as patient status attsb(itg strategies fointegrationof the
various information fragments an@i) maintenance ofncomplete information-
including timing of various events which are notgsely dated in the free text.

3.2  Specific Text Featuresof Bulgarian Discharge Letters

Discharge letters in all Bulgarian hospitals havendatory structure, which is
published in the Official State Gazette within tlegal Agreement between the
Bulgarian Medical Association and the National Hedhsurance Fund [15]. The
letters contain(i) personal dataji) diagnoses(iii) anamnesis(iv) patient status(v)
lab data;(vi) medical examiners commen(sji) discussionjviii) treatment; andix)
recommendations. This structure provides apprapriebntextualization of the
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extracted entities although it is often neglectedduse the authoring experts merge
sections, omit empty sections, skip subsectiontgréncomplete information and so
on. Fig. 1 shows the percentage of existing sestiona training corpus of 1,300
anonymised PRs. After our studies in literaturdidgavith biomedical NLP for other
languages, we note that the relatively establisbedat of Bulgarian discharge letters
is a significant advantage in the development tdrmatic analysis for Bulgarian.

Diagnoses:
Case history:
Past diseases:
Allergies, risk factors:
Family medical history:
Patient status:
Clinical tests, lab data:
Medical examiners comments:
Debate:
Treatment:

Figure 1. Availability of discharge letter zones

Finally we briefly present some specific particiilas of the Bulgarian medical
language. In the hospital PRs, medical terminolagyecorded in both Bulgarian
and/or Latin language. There is no preferred lagguar the terminology so the two
forms are used like synonyms. Sometimes Latin teareswritten by Cyrillic letters
especially when the medical expert prefers to akeigboard switching. In general the
mixture of Latin and Bulgarian terms is traditidgakstablished and commonly
accepted, including in official documents. In thigy the automatic identification of a
term in the hospital PR texts is a tricky task whiequires more than a simple string
match. Fig. 2 shows some original excerpts of Rigmtises: Latin names of diseases
are transliterated by Cyrillic letters but altemaly might be given in Latin as well.
The measurement units of clinical test are ofterred with Latin symbols.

Inaberec menuryc— tunyc l. Perunonarma mnuabermka nposinbepaHc.

Craryc noct ALC. TosmHeBponaTua nyabeTura. XUIEPTOHUS APTEPUAJMC TP.
...

... K oncynrauus c odbrammonor: VOD=0,8; VOS=0,6-0,7; nesyouno 0,9-1,0
cbc cobereeHa xopexuud. Angi oscl erosis vas. retinae hypertonica.
Ret i nopat hi a di abetica sinplex. maxynu 6es pedrnexc...

Figure 2. Excerptsof hospital PRsin USHATE

4 Integration of Entities Encountered in Hospital PRs

For our PSIP experiment, all entities automaticaftyracted from the hospital PRs
should be integrated as complementary data tonfleeniation, contained in the HIS
(including the LIS, the CPOE and the Hospital Pleany). Therefore we need to
design the time framework which unifies and harreesiall events encountered in
every particular discharge letter.

The dates (beginning and end of the hospital steg/)set in the HIS of USHATE
for each patient. The admission day is referregisttbay 0'. All drug prescriptions and
lab data, stored in the HIS, are marked by resgedalates and hours within the
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hospital stay interval so the time markers of theselication and examination events

are delivered by the HIS. Fig. 3 illustrates theoasation of time anchors to the

entities, extracted from the PR text by the fouraotors in our experiment:

(i) Diagnoses extraction module automatically extracts diagnoses from the PR
zone “Diagnoses”, associates the corresponding1Cedes and stores them
in the PSIP repository;

(i) Drug events extraction modweautomatically extracts drug names, recognised
as “current treatment of accompanying diseased tlagir dosage. The module
automatically associates ATC codes to these drlgscase they are not
prescribed by the Hospital Pharmacy, the extraetates them to Day O (and
for chronic diseases like e.g. hypertonia, to edahspent in the hospital day).
Then these drugs are stored for the current patiehe PSIP repository;

(i)  Clinical data extraction module- automatically analyses the clinical
examinations and tests, made outside USHATE (@gndnal tests), anchors
the to Day 0 and stores them in the PSIP repository

(iv)  Status extraction module automatically extracts the patient status’ lates,
which by default reflect the patient charactersstit Day 0.

{ Discharge letter

— analysis

Diagnoses

| Records, Anamnesis
| I Discharge (case history)
Letters |
A Past diseases
\ ___ Patiem status
Laboratory Hospital it
Information I‘ht bplqa — Clinical tests,
w Systern (LIS) armacy W lab data .
a S — Medical exami- | Drugs
% 2 ners comments
o Computerised 2 '
% g p 2 Debate
<l Physician Order = |
§ Entry (CPOE) o Treatment Druge!
& b=
3 IS of USHATE, Medical g
. University - Sofia 2
&S|  Unancoded/accompanying disgases %
w
/ Drugs day 0 = 9 9_,(?
/ Patient status day 0 gl [Q @
\J / \
/fd Sl Y ™~
T A L J [ el
hospital stay =
Admission Leaving the
day hospital

Figure 3. Integration of data and events stored in the Hospital | nfor mation System of
USHATE and in the freetexts of dischargeletters
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The clinical treatment usually starts at Day 1wshave made experiments to
discover automatically the drugs taken at Day OlyQhe text paragraphs in the
Anamnesisvere considered because this is the PR zone vdnags are listed, with
comments that some drugs are taken at the hospiiati moment. Dosage is often
specified explicitly as definition of the admissiaredication status. The experiment
was carried out with the corpus of 6,200 PRs ahd,&B7 drugs in our lexicons. In
general there are many drugs presented inGhee history(30,190 drug name
occurrences in 6,194Anamnesgs Some 4,088 occurrences (13,5%) were
automatically recognised as “current medication3,i91 PRs, which means that 51%
of the PRs contain explicit statements concernhmg ‘turrent medication” in the
Anamnesig¢ext. More than one drug can be specified as aéati’ one.

Most often the text expression, signalling thettremt at Day O, is the phrase “at
the admission” dpu nocmwvneanemo). This phrase occurs with slight variations in
2,122 PRs (34%). On average 25% of all drugs inthse historyare recognised as
“Day 0 medication”. There are PRs, however, forclhiip to 45% of the medication
events listed in th€ase historyare “current”. A sample PR excerpt is: “therapytet
admission novorapid 14+14+14E, insulatard 24E ath”2Zmepanus npu
nocmwnsanemo nosopanud 14+14+14E uncyramapo 24E¢ 22u)".

The second preferred text expression which sidifizdy 0 medication” is at the
momerit (¢ momenma... ). It occurs in 908 PRs from the test set @0D6,PRs; in 703
PRs (11%) the phrase refers to explicitly specifiedgs in the local context. These
703 cases were encountered after manual inspecioautomatically prepared
summarising sheets for occurrences of drug namekeiinamnesesOn average,
14,5% of all drugs in the 703 PR&se historyare recognised as “Day 0 medication”.
Sample usages of this phrase are: “at the momé&as tdostinex 2x2 t weekly’s
Momenma na docmunexc 2x2 m ceomuyno) and “at the moment treated with physiotens
0,4mg, lorista 1t, isoptin 2x80mg with satistacteffect”.

The above-listed drugs are considered as Day 0 aftdy careful training of the
extracting components and evaluation of the erreseecognitions. Please note that
the expressionsat the admissidhand “at the momefitcan be used in other phrases as
well, like “therapy at the admission: ndhe at the moment without complainand
“aged X, at the moment 93’kg

As an example of integrated entities, we presemPtatient Case with ID 26137:
(i) the principle diagnose in the USHATE HIS is E6&&her obesity and the
extractor discovers in addition E89Bostprocedural adrenocortical (-medullary)
hypofunctionand E2890ther ovarian dysfunction(ii) there is only one entry found
in the Hospital Pharmacyetamizol¢ and the drug extractor delivered eight records
for taking Metfodiabfor eight days(iii) there are 22 lab data entries in the USHATE
HIS but the mining component adds seven more vauBsy 0 mostly for hormones.

4.1  Automatic Extraction of ICD-10 Codesto Diagnoses

The PRs in our corpus often contain diagnoses sgpteas free text (despite the
fact that the present USHATE HIS offers menu chéacd CD-10 diagnoses). For the
corpus of 6,200 PRs, some 495 different ICD-10 sadgere identified in the PR zones
Diagnoses Fortunately the zones themselves are presentedaps discharge letter
paragraphs and can be recognised automaticallyaliibst 100% accuracy. However,
in the PR text we find terms, phrases and parapbratich might differ significantly
from the ICD disease labels. The number of diaghgss patient varies from 1 to
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about 30; most PRs contain from one to seven dsgmolhe nomenclature ICD-10
with Bulgarian terms is used as an external regoand lexicon for this module.

The main obstacle for the automatic assignment @D Icodes is that the
correspondence between the PR diagnoses and IGiis&@se names is “many to
many”. There are generally formulated phrases @mRR text which correspond to
several ICD-10 diagnoses (like elgypothyroidisth Some phrases can be matched
exactly to one ICD-10 disease (for instanaBabetic polyneuropathy Major
difficulties for the linguistic analysis are caudgdtransliterations and paraphrag@s:
there are Latin names of the iliness, transliterate Cyrillic letters, which differs from
the Bulgarian labels included in the ICD-10, forstance,'/[uabemec merumyc'
(Diabetes Mellitus in the PR text vs3axapen ouabem' in ICD; (i) the PR texts
contain syntactical paraphrases of disease nanfiesy with mixture of Bulgarian-
Latin writing, and/or join of various diseases ayiptoms in conjunctive nominal
phrase, for instanc&onunesponamus em nepponamus ouabemuxa 6 cmaoduti Ha
mukpoanoymunypus'  (polyneuropathy et neuropathy diabetica in the stagfe
microalbuminurig; (iii) the PR texts contain sophisticated syntactic cocsbns, e.g.
splitting the components of complex ICD-10 terms @nesenting them into various
levels of a joint syntactic structures.

For solving this task a machine learning algorittvas especially designed and
implemented. A smaller training corpus of 600 PRs wsed for manual association of
corresponding ICD-10 codes to diagnoses as theprasented in the text. Further the
algorithm is automatically trained on 1,300 PRs.r&details about the automatic
coding of ICD-10 diagnoses in Bulgarian are givefili6].

4.2  Automatic Extraction of Drugs

The list of drugs in the USHATE'’s Hospital Pharmaggupported with Bulgarian
drug names even for drugs produced abroad (in dhge the foreign words are
transliterated by Cyrillic letters). However, thdfioal list of registered drugs,
published by the Bulgarian Drug Agency [17], consathe ATC codes and the drug
names in Latin alphabet even for drugs produceBlulgaria. It is worth mentioning
that all theApplication instructionsn the Bulgarian Drug Agency site [17] are written
in Bulgarian and the drug names are given ther€ypiflic letters. Note that the ATC
classification is not available for drug names indarian language; therefore we have
selected about 2000 drug names (covering the dalggant for the USHATE patients
in the PSIP corpus) and have (semi-)manually asdigkifC codes to drug names in
Bulgarian. In the process of resource compilationthe corpus of 6,200 discharge
letters, it became clear that the USHATE patierstket355 drugs during the
hospitalisation period, which are not prescribeal the Hospital Pharmacy. The drug
extractor is focused on identification of thesegdruvhen they are taken during the
hospitalisation period. The information extracttask is accomplished by a rule-based
algorithm that uses over 50 regular expressiondriog events recognition.

Recognising drug names is based on string matahiich is difficult due to many
reasons. Drugs have various names that might bereefto in the PR texts: e.g. brand
and generic names. There are variants in writinghasa especially for names
consisting of several strings. Actually multi-woddug names might occur in the PR
text as a single wordform because the other namie @@ omitted. Additionally, drug
names in the PR might be written with Cyrillic &#, for Bulgarian names and
transliterated Latin names, and with Latin alphalbetorder to capture all names



Integrating Patient-Related Entities using Hospital Infor mation System Data and
Automatic Analysis of Free Text 9

during the text processing phase, we need a corpsale vocabulary of drug names
in both languages and both alphal{atswell as the ATC codes).

Due to the highly inflectional Bulgarian languageme drug names might appear
in the PR texts with various wordforms. This lexieariety, which prevents the exact
match of drug names from the PR texts to the lexitams, occurs mostly for plural
and singular forms. In 1,300 PRs, some 43 gramaldtiems of 23 drug names were
automatically found by our morphological analysefgsmother obstacle in string
matching might be due to the typos. In principlelépg errors prevent the correct
recognition of all text entities in the PR textedaneed to be tackled by automatic
correctors). For 1,300 PRs, 4,042 drug name oauceee of 239 drugs were
automatically identified. Some 100 PRs were magualudied for typos. The
erroneous occurrences are 59 (1,5%) and the exppesared in the names of 21 drugs.

The lexicons of our drug extracting component cionial82 drug names, which
are prescribed via the USHATE Hospital Pharmacy, amother 355 drugs that occur
in the USHATE hospital PRs but are not prescribeedtire Hospital Pharmacy (the
latter are taken by the patients to cure additichabnic illnesses). Tokens which are
part of drugs names occur in the whole PR texfa@t drug names participate even in
the zoneDiagnoses(e.g. 'deficiency of Vitamin D'). In this way oprocedure for
automatic recognition of drug names finds wordgnaling potential drug treatments,
everywhere in the PRs. More details about the dixtgaction component can be
found in [18]. The contextualisation of medicatievents (i.e. to recognise the drugs
admitted during the hospitalisation period) islfiertdiscussed in [19]. In section 5 we
present new evaluation results concerning the ebidra of “current” medication
events from the unstructured texts of theAARmnesis

4.3  Automatic Extraction of Valuesof Clinical Testsand Lab Data

Fig. 1 shows that the lab data are presented ipegifc PR zone which is
practically always available and can be automadyidaentified with almost 100%
accuracy despite the variety of section titles sutatitles. The values are listed without
predetermined order, using measurement units aed #bbreviations both in
Bulgarian and Latin. These measurement units amgpkant to the LOINC (Logical
Observation Identifiers Names and Codes) [20] dlaafon and often enable the
recognition of the corresponding indicator whiclghtibe referred to without explicit
and standardised indicator name. The lab datactatradentifies the tested attribute
and its value. The units and reference interaedsdesirable features to recognise, and
the time, condition and explanation of further dstare optional features. The
extraction algorithm is based on rules and patteaitching; the rules are acquired after
manual training on 1,300 PRs and recorder in diffeversions to cope with various
delimiters and blank spaces, which might occuhantext [16].

5 Evaluation Results and Discussion

The automatic extractors were run on 6,200 anorgani®Rs. The accuracy for the
automatic extraction of diagnoses, drugs, andadirtests data is presented in Table 1.
These events were integrated with the HIS datatsttute the PSIP repository [16].
Recently the repository was used for discovery 8HATE-specific ADEs.



10 Svetla Boytcheval, Galia Angeloval, Zhivko AngéldDimitar Tcharaktchiev2,
Hristo Dimitrov2

Extracted entities

from the PRs text Precision Recall F-Measure

Diagnoses 26 826 97.30% 74.69% 84.50%
Drug names 160 892 97.28% 99.59% 98.42%

Laboratory 0 0 0
Test Resulte 114 441 98.20% 99.99% 99.04%

Table 1. Number of extracted itemsfrom 6,200 PRs

The medication events occurring during the hogpétibn are recognised with f-
score 90.17% for 355 drugs [19]. The over-genemaif 6%, i.e. some drugs are
wrongly classified as “admitted during the hospgtdy”. These erroneous decisions
are made for phrases like. to continue the treatment with drug X'.in the Debate
section, which communicate incomplete informatiow @re ambiguous for human
being as well. In all cases of overlapping desinis the HIS data are preferred as
more exact and reliable. In general the automdiaaitracted entities have mostly
statistical meaning in the procedure of data amabisd ADE discovery for USHATE.
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02/12/2008 = AH Gonki B KpBCTE. PervcTpHpani CTORHOCTH Ha K3 no 13mmon/n
02/10/2008 = [1O7T1998r e cbe 3- TN 2, NekyBaH ¢ AWeTa, No-kbCHO & BrIYeH Quanpen MP 1T Mogavpwana

© | BanoBonMTENEH MKeMIYEH KOHTPON. JOKa3EHM YCNOKHEHUA- HEBPONATUA, HEPONATUA M PETHHONATHA

Mpea mVIL09r nopaay HACKY MMKert n noperpecupala XBH e cnpaHo nedenveTo ¢ Ananpen MP

OT 41 € XPOHWYEH MMeNOH2MPHT € YeCTH 0BocTpARMA. OT 4 e HacTenna XBH- nocnefeH KpeaTuHUH
3149,

OT ABAMM FofKHK ¢ AX L0 MaKCUMaNHK cToRHoCTH go 2007110, npez nocnegHuTe Mecely NogALoHa
BMCOKM CTORHOCTW Ha (hoHa Ha KoMBKWHMPaHa aHTHxMNepTeHareHa Tepanka. Mpez my1.2006r e npesxveana
MUOKEPAEH WHhapkT. HACTBNMNa 3acTolHa CPABYHA HEJOCTATEYHOCT, 38 KOATO & NeKyBaHa NPes M
KILOTr B KapAWONOrkYHa KUHKKE
Mpea mMLO4r & A0Ka3EH MbPEMYEH XHNOTHPEOMIWILM, CBLR3EH C AETOMMYHEH THREOUIHT. B MoMEeHTa Ha
nedeHue ¢ - TpokerH 100MKRaH

4 Br=una - z7-04-2011
(] Erompuza - 04-05-z01L

Tepanua npu nocTbnBaHeTo:, [1- TupokcuH 100mKr, Mpedykran MP 21T, AypoHan 2 mr, XNodazonqy
4317, dypanTpun 1 T/aH, Acnpkd-100mr, Neckon 1T,

MpUpYIaBEaLy 3a00NABaHNS- apTpo3Ha BonecT, 0cT2oNopo3a
damrnHa obpemereHocT- BAGA ¢ AX, 4940 NOYAHAN OT KAPUWHOM, AbLUepA Cbe 20 1 TMpeouanT.
Puckoer hakTopk- oTpuya.

A ATC Koa MeaurameHT A7 Nloza A7 Ea. A7 Crabpxanie ESE]
T [BoiACO: Acnupun Gaep 100 mr. ! =
W COIEBIS Mpeaukran MF T362.% 60 6p 2 T npeaykTan bp 2417
W Cozacom HAohasomH 4 I =A0pasonaH 4417
W coacam Pyparmpuatain y 126p 1 T ypaHTRUA ¥1T/aR
W COBCADZ fyporan 2 i yponan Zeinr
W CI08A04 Neckan XL 1 - secxonTr
W HO3a401 Mtwporcur 05 ver 100 T - TupaKen 100MKr
{ =) Otkas .Q MoTEbpAK USBpaHUTE nekapeTea | |
| Hsxon ‘

Figure 4. Integration of the drug extractor into on-line validation interfacein USHATE
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Recently an experimental validation of the PSIPr&cards [21, 22] in USHATE
has been accomplished. Actually the extractorseldeed for the Bulgarian PR texts,
provided interoperability between the USHATE PRd #me PSIP data formats: once
structured information is extracted from the fregtd, it can be recorded in various
databases using ATC and ICD codes. The validatigods were quite positive about
the experimental integration of the drug extrae®an on-line analyser in the HIS (see
Fig. 4). It delivers automatically the drugs takdrDay O whenever th&namnesiss
recorder in the HIS, which provides structured data convenient format that can be
further used for prescriptions. Validating the P@lsproach, some situations at risk
were found in the experimental USHATE repositorypd and hyperkalemia, hypo-
and hyperglycemia, leucopenia, renal failure). iflbegrated repository of patient data,
prepared using the technologies presented in thidea is an example of resource
which explicates the potential of secondary EHR use

6 Conclusion

This article presents a research effort in autanatitraction of structured
information from hospital PRs, performed in order ihtegrate a repository for
experimental discovery of ADEs. We have describ@dempirical strategy to assign
time anchors to the entities encountered in thdre®texts. The integrated repository
for USHATE is relatively small but relatively soglicated as it comprises the HIS
data as well as the results of four automatic esara.

The information extraction approach is to identédgtities of interest and to
implement software tools which perform partial gs& of the text fragments that
contain words of interest. The remaining part of R texts is disregarded. Our
experience shows that via a rapid development pspcene can achieve good
performance in several automatic extraction tagksim?-3 years. To some extent the
extraction accuracy reported here is implied by #stablished structure of the
discharge letters in Bulgarian hospitals. The negatesults (including over-
generation) are an inevitable aspect of the NLRopmance but they are partly due to
the inconsistency, incompleteness and fragmentginé the medical documentation
per se; these shortcomings become obvious in tget@r age when ambitious goals
like secondary use of EHR data are set. The fatsdtipe indications might be
dangerous for further use but in our case the spestientage of false positive entities
is statistically insignificant and practically negble (we note that human recognition
of medical entities in clinical narratives and dptaparation might also include some
erroneous choices).

We also note the stable medical tradition to typtektual descriptions even when
the HIS stores the prescriptions. Medical expestaucthent carefully information about
the therapy and its changes during the hospitgl Sthese practices make the NLP
technology a valuable component in the secondarytiEHR data.
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