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Abstract

The paper discusses an Information Extraction amtrowhich is
applied for the automatic processing of hospitdie®a Records
(PRs) in Bulgarianlanguage. The main task reported here
retrieval of status descriptions related to anataimorgans. Due
to the specific telegraphic PR style, the approacfocused on
shallow analysis. Missing text descriptions andadifvalues are
another obstacle. To overcome it, we propose aaritign for
exploring the correlations between patient statata cand the
corresponding diagnosis. Rules for interdependenaé the
patient status data are generated by clusteringrdiog to chosen
metrics. In this way it becomes possible to fillsit@tus templates
for each patient when explicit descriptions arevailable in the
text. The article summarises evaluation resultsciviwoncern the
performance of the current IE prototype.
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1. Introduction

Patient data are stored in various formats inclyichaper
archives which are recently transformed to eledtrdifes.
The task of Information Extraction (IE) from patien
records is very important, because it enables aatiom
generation of databases with structured patierat thatt can
be explored for improving the diagnostics, careisiens,
the personalised treatment of diseases as welltlzer o
fields like the healthcare management, epidemioletgy
On the other hand most of the clinical documentsent
only partial information about the patients so sddamal of
aggregation is needed to provide a complex viewht®
patient health status.

Medical documents contain much unstructured texd an
their automatic processing is a challenge to bedaor
every natural language separately. Especially idg&ian
language, the biomedical NLP is making its inita&ps.
This is partly due to the lack of large corpordhia medical
domain. Our present work deals with anonymous halspi
records of patients who are diagnosed with diffeferms
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of diabetes. The PR pseudonymisation is done by the
information system of the University Specialisedspital

for Active Treatment of Endocrinology “Acad. |. Remev”,
which is part of the Medical University — Safidhe
general objective of our project, to be achieve®b¥1, is

to apply IE techniques to patient texts in orderitract
data concerning the hospitalisation effect. Culyemie
consider the extraction of patient status data, the
recognition and structuring of the patient's sympavhich

are related to diabetes.

Bulgarian medical texts contain a specific mixtusé
terminology in Latin, Cyrillic and Latin terms trseribed
with Cyrillic letters. The terms occur in the texith a
variety of wordforms which is typical for the highl
inflexional Bulgarian language. The major part loé ttext
consists of sentence phrases without agreemenbfied
without proper punctuation marks. We consider ndised
texts with standard abbreviations and without &mell
errors, because we aim at a research study. Ousemre
experimental corpus is formed by some 6400 wordt) w
some 2000 of them being medical terms.

The paper is structured as follows: Section 2 deas
some related research and discusses |IE applicdtiote
medical domainSection 3 describes the raw data features,
the main types of patient status data and somenitpobs

for their extraction. Section 4 presents the apgrofor
aggregation of patient data and calculation of alations
among different values of patient characterist@esction 5
sketches the evaluation of the present IE protot@eetion

6 contains the conclusion and some discussionfuftirer
work.

2. Related Work

Information Extraction is viewed as a successfoglaage
technology for capturing patient data from unstuiuet
medical texts. The classical rule-based IE paradigm
involves extraction of entties after shallow arsady
recognition of references, creation of databases filling
templates [1]. The integration of machine-learning
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approaches, like e.g. the classification of serdsrenables Proteins) from the scientific literature (e.g., Rldul)
recognition of patient features with high precisiand [15], and PASTA creates a database of protein activ
recall [2]. sites [16].

Shallow analysis in the IE systems is often bagefaitern Unfortunately the presented IE techniques cannot be
matching involving cascading applications of regula directly adapted to our project, because we dedh wi
expressions. Some of these patterns are manualtiuped documents in Bulgarian and many language-processing
and their adaptation to new domain requires muébrtef  activities start from scratch. For instance, no Hdr&ntity
Other patterns are semi-automatically produced &ingu Recognition has been done for Bulgarian entitieshia

general meta-rules but they are not too precise [3] medical domain; the regular expressions for shallow
IE is applied in various prototypes which are carsted to ~ Sentence analysis are constructed in the projedhéofirst
perform different extraction tasks from medical @ments, ~ time and so on. In this article we present ouiidhitesults
including the following ones: in automatic processing of PRs in Bulgarian languaging

* Processing of patient symptoms and diagnosis manually defined patterns.

treatment datathe system CLEF (Clinical E-Science

Framework) extracts data from clinical records of 3. Patient Status Extraction

cancer patients [4]; AMBIT acquires Medical and Tpe |ength of PR texts in Bulgarian hospitals isally 2-3
Biomedical Information from Text [S]; MITAP  n,004 The document is organised in the followeisns:
(MITRE Text and Audio Processing) monitors (jy “nersonal detailsgii) diagnoses of the leading and
infectious disease outbreaks and other global svent accompanying disease§ii) anamnesis (personal medical
[6]; the system caTIES (Cancer Text Information history) including current complains, past dissasamily
Extraction System) processes surgical pathology megical history, allergies, risk factory) patient status,
reports [7]; the Medical Language Extraction and jnqj,ding resuits from physical examinaticn) laboratory
Encoding System (MedLEE) was designed for gnq other tests finding$yi) medical examiners comments;

radiology reports and later extended to other domai (y;iiy giscussion(viii) treatmentfix) recommendations.
such as discharge summaries [8]. Other systems are . ) )
HITEx (Health Information Text Extraction), an open Here we discuss the extraction of patient statua ftam

source NLP system [9] and cTAKES (clinical Text free text. The relevant PR section contains moskigrt
Analysis and Knowledge extraction system) [10]; declarative. sentences in present tense which testhie
. Building of medical ontologiesIE is applied for status of different anatomic organs. At presentdeenot

ructi f ol . | i th consider the values concerning Lab and other fiestings.
;oer:ts,o'r\;lgdlon rg'ec?n OT?]%V ;n r%giﬁmoisog)éalsr:a d in Several organs are referred to in the PRs of patiefth

; project. PP . diabetes; the text presents the characteristic®B0
tgrmlnolpgy extraction from texts gccqrdlng to the different anatomic organs and status conditionse Tl
differential semantics theory ) dls'trlbutl'onal m. description might contain more than 45 differeratuss
and recognition of semantic relationships by lexico

syntactic patterns [11]. ODIE (Ontology Development observations. The explanation detailness dependshen

. . ! status of the corresponding anatomic organs: faneso
and Information Extractlon) |sasoftwa_re tOOIkh'“h. organs only general characteristics are presentdile
codes document sets with ontologies or enriches

isti tologi ith s f th detailed description is given for other organs \hare
existing - ontologies - with -néw - concepts from _the important for the particular disease. Sometimesairg
docume_n_t set. It contains modules for Named Entity descriptions are missing and we assume that tlserei
Recognltlon,_ co-reference . resoluuon,_ concept yoviation from the normal status; therefore thetesys
d|scov§ry, discourse reasoning and attribute Valueautomatically includes certain default values. Whaem
extractloh [12]; . . o o organ description is located in the text, its phsasind
* Semi-automatic production of clinical guidelines  sentences are analysed by a cascade of regulassiqs.
[13] presen'ts' the systems E,V'X (Fauhtatmg Ewcken. In order to capture the information we use a teataigical
based D§C|S|on Support Using Information Extraqtlon bank of medical terms, derived from ICD-10 in Buiga
and Clinical Gwdelmes)' and LASSI.E (modeL|.ng language. The International Classification of D
treAtment proceSSes using Ilnformatlo_n Extracthn) (ICD-10) contains 10970 terms. The Bulgarian versit
that apply 1E methods to sem|-_automat_|cal!y Creatio \cp-10 has no clinical extension, i.e. some medieains
of dC(I)'mputer-mterpretabIe clllnlcal guidelines  and neeq 1o pe extracted from additional resourcesdikartial
modeting .treatment processes, o taxonomy of body parts, a list of medicines etc. Wawe
+ Creating databases and digital librariesthe  compiled a lexicon of medical terminology containB288
system EMPathIE applies IE for conjunction of oalin  terms. A lexicon of 30000 Bulgarian lexemes, whpart
database from academic journal articles [14]. The of a large general-purpose lexical database witA0@0
system OntoGene extracts semantic relations betweenexemes, completes the necessary dictionary for
specific biological entities (such as Genes and
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morphological analysis of Bulgarian medical texhother "Kooica U euUOUMU  JueAsUYU € HOPMATHA
helpful resource is the conceptual model of bodgtspdt xapaxmepucmuka."

supports the decision how to relate characteristcs (Skin and visible mucous membranes with normal
anatomic organs when they are presented in separatecharacteristics.)

sentences; this partial medical ontology shows lthles
betyveen the concepts and points the organs whigh th characteristics and values, presented in one
attributes refer to. The ontology also supportsdizeamic

. . . . t :
generation of templates if the text contains onéyrtigl sentence

. V22,...,A03 Ch31 V31l ...
Below we present the typical occurrences of organ
descriptions in the PR texts. Let us denote thetdmi "Mvoc  na  euouma  evspacm  omeosapawa  Ha
Organs byAO (e.g. skin, neck, limbsjheir characteristics ~ Oeticmeumennama, 6 006po 0b6wo cvcmosnue, aio- u
(attributes) byCh (e.g. for skin - colour, hydration, turgor, ~@vmoncuxuuno opuenmupan, KMC-ya npasurno paseuma
elasticity etc.)the attribute values by (e.g. pale, subicter, 3¢ 6v3pacmma, P-172 cu, T-63 re., kojica - posoea, c
decreased, reducediand letG stands for the general Hopmanna xapaxmepucmuxa, 000pe uspasena nOOKOJICHA
explanation of patient statuFhen the status-related text Macmua mvKam, GUOUMU TULAGUYU = PO3OGU, GLAJICHU. "
expressions can be grouped into the following aaies: (A man on apparent age correspondent to the staieg in
good general condition, allo- and auto-orientation
orientation to person, place and time, skeletal cheis
) ) system well developed for his age, height - 172nmight -
AO [] [with' /of] V1 [Ch1], [with' fof ] V2 [Ch2] [and 63 kg, skin - rose, with normal characteristics, llwe

e Description of severalAOs having different

» Description of oneAO, all its characteristics and
their values presented in one sentence:

Ch3j, ... presented hypodermic fat tissue, visible mucosesse,

"Koowca - 6neda, c nenensig omenvK, ¢ HaAMAleH mypeop u moist.)

exacmunocm.” _ About 96% of all PRs in our training corpus contaigan

(Skin - pale, ash-coloured, with decreased turgeda gescriptions in this format. The more complicatédases
elasticity) and sentences are analysed by rules for recognibiag

« Description of oneAO, all its characteristics and ~ attributes and their values scope. Some PRs lack
their values presented in several consecutive descriptions about certain organ attributes. Thevedlisted
sentences: six kinds of text formats are recognised by esplgcia

i e ey g prepared rules and regular expressions (takingantmunt
AO [ [with' /of] V1 [Ch1]. [with' fof] V2 Ch2 [and Ch3]... some typical prepositions). TH&Os are usually nouns in

"Kooca - Oneda. C namanen mypeop u enacmuinocm. basic form and can be identified in the text ugimglabels
Huabemna pybeosa. of the medical ontology: e.gxdorca, wumosuona srcnesa,

(Skin - paleWith decreased turgor and elasticity. Rubeosis wus, kpainuyu® (skin, thyroid gland, neck, limhs The
diabetica.) main attributes can be also recognised using thaicale

terminology lexicon and the medical ontology altbu
some of them have adjacent modifiers like:
« adverbs — which express the degree and stage of

« Description of onéAO by general characteristics,
presented in one sentence:

AO1 [-] [V1,V2] ['with' /of] G. the symptom, like yuepeno, odobpe, uacmuuno
"Kooica 6neda ¢ Henpomenena xapaKmepucmuxa. " (moderately, well, partially)
(Skin pale with unchanged characteristics.) « adjectives:

» Description of severalAOs having common (i) some of them express details about certain
characteristics and values presented in one  attributes. For instance, the “skin” characteristic
sentence: “hydration” can be presented by a variety of

AO1 and AO2 [-] V1 [Ch1], V2[Ch2], V3[ Ch3], ... wordforms: ¢yx” (dry) and others évscyx, cyxosam,

..." (slightly dry, rather dry than normal, ...Jn other
cases the adjectives express different rates of the
attribute values. For instance the noun phrase

" Koorca u uoumu nueasuyu - cyxu, 6aedo pozosu."
(Skin and visible mucoses - dry, light rose coldure

e Description of severalAOs having common “hypodermic fat tisstiecan be modified by adjectives
generally-stated  characteristics and values, like “ ygenuuena, nexo ysenuuena, ymepeno uspaszeuna,
presented in one sentence: 00bpe uspazena, pedyyupana, CUiHo peoyyupana’

AO1 and AO2 [-] [with' /of] G. (increased, slightly increased, moderately devedope

well developed, reduced, highly reduced).



(ii) other adjectives represent attributes and pasteip It is challenging to extract the patient statuscdpsion
in the medical terminology lexicon. Sometimes the directly from the PRs as it is often not recordedthe
PRs contain adjectives which are not typical fog th patient's clinical notes. Figure 1 presents theqraage of

medical domain. For instance, the attributeldur' of PR texts which discuss five skin characteristidsodt 20%
the organ 8kirt', is usually presented by the adjectives of the PRs in our corpus report observations oéiogkin
"6neda, pozoea, 6iedo po306a, NACMbO3HA, Mypasa” attributes which are not included in Fig. 1. Much
(pale, rose, light rose, doughty, swarthghd non- information in the PR text is implicit.

typical words like "¢ neneisie omenvk, 6axvpena"
(ash-coloured, copper-like) The successful
recognition 'of these attnbute; is provided by ldrge, Skin Characteristics
representative corpus of patient records and tige la

Bulgarian dictionary with general lexica. Hypodermic Fat Tissue —63_24%
To summarise, in our corpus the patient organsthait
features are described in the following way: Elasticity —“L“%

e General discussion— by giving some default Turgor rms%

value, e.g."c uenmpomenena xapaxmepucmuxa 3a

sv3pacmma” (With unchanged characteristics typical Hydration 13.24%

for the age), ¢vc sanasena xapaxmepucmuxa" (with

preserved characteristics), c¢"  wopmanna Colgur s

xapaxmepucmuxa" (with  normal characteristics).

General statements happen re|ative|y often’ eg. th Figurel. Percentage of PRs with eXpIicit statements abkint
skin status for 26% of the PRs is given by general status

explanations. For filling in the obligatory IE tetate

fields in these cases, we need predefined defaldes  oyr approach for negation treatment is based otiogha
fqr the respective organs status. This issue ihdur processing (chunking only) in combination with deep
discussed below; semantic analysis in certain points [17]. The choaf

«  Explicit statements- the PR text contains specific Proper templates for recognition and interpretatdrthe
values. The attribute name might be missing sihee t negation influences considerably the system pewoce.
reference to the organ is sufficient: e"pale skin®  For example we can recognize phrases like:

instead of'skin with pale colour’ The attributes are  “ges wymosa naxooxa" (without thrill finding)

described by a variety of expressions, e.g. for the .4 namonozuuu npomenu” (no pathological changes)
"volume of the thyroid glandthe value"nopmanna" "omcwemeam xpunose” (absentrales)

(normal) can be expressed dweyseruuena, ne ce "aunceam omoyu u eapuxosnu npomeny” (Missing edema
nannupa ysenuyena, ne ce narnupa” (not enlarged, not  or varicose changes)

palpated enlarged, not palpatedfhere are several

characteristics (about 15% of all attributes) thave Skin Skin

numerical values like"AH 6 neenano nonoowcenue

150/110 mmHg, usnpaseno noroocenue 110/90 Colour: (default)
mmHg." (BP 150/110 mmHg in lying position, 110/90
mmHg in standing position).

e Partial explanations — the text contains N — L
descriptions about organ parts, not for the whole Figure 2. Obligatory fields in the skin template
anatomic organ. For instance, the skin status @n b
expressed by phrases likeugysno zauepsssane na
auyemo” (diffuse redness of the faceh this case we
need some knowledge about the body parts to in&dr t
face skinis part of the wholskin Additional fields are
added to the obligatory fields of the IE template;

In general, the shallow text analysis using regular
expressions helps to identify the necessary seatehases
but the decision for filling in a template is oftelifficult.

Fig. 2/left shows the default template skin’ with its four
obligatory characteristics. A general sentence magttur

« By diagnosis— sometimes a diagnosis is given in the text, line 8kin with normal characteristic and the

instead of organ description, e.@aimrvcmasane om IE module has to fill in the default values. Figright
nvpea cmenen” (First degree of obesity) or contains a partially-filled template for a PR canitag the
"onuxomuxoza" (onychomicosis). sentence skin - pale, dry,with decreased turgor and

elasticity”. Therefore, we need to invent some methods to
‘calculate’ the missing status values, using théaule



values and reasoning rules. In addition we notice the description in the PR which explains the skin state
values forturgor and elasticity are not quite independent, notice that theurgor and elasticity are usually discussed
so the reasoning rules should be based on cetttistisal together.

observations regarding the values' interdependgncie

To study the correlation of values for differentgan
attributes, the medical experts in the project have : g
developed a scale aformal worse and bad conditions. 4. Aggregated Patient Data vs Individual
Some words from the PRs are chosen as representativ. ~ Patient Data

the corresponding status scale and the other text
expressions are automatically classified into thigpécal
status grades. Table 1 illustrates the scalesskar and
gives examples for words signaling the respectiaus. In

fact the regular expressions for shallow analysép rthe
explicit text descriptions about skin into the obios
categories. In this way all word expressions aradd into
numeric values and it becomes possible to study the
deviations from the normal condition. The mappingcess

is not trivial and requires precise elaborationtha regular

In order to explore the correlations in Fig. 3 weed to
analyse the repeated observations on patient sthttes
Applying standard techniques like Canonical Cotrefa
Analysis and Multiple Regression Analysis is a tiamed
efforts consuming task [18]. Instead of analysingy a
possible combinations and permutations of valueslbf
characteristics of all anatomic organs, we try malgse
only possible and consistent combinations of valaed
explore their correlations.

expressions. Some 95 skin colour characteristidgst éx Patient status texts explain not only the curreiseake;
the medical domain, although our present corpusagum  they rather present a complex view which is infleeh by
less and they all have to be treated by correspgniles. all patients’ current and previous diseases. Thathy it is
too difficult to generate the aggregated patieatust for a
Scale |Colour Hydration |Turgor Elasticity particular diseaseFirst we need to study statistical data
rose, about the patient status for each disease. Thehawe to
swarthy good, good, select the most typical data and characteristiosiristance
0 light rose, normal preserved | preserved if we deal with a disease;[e need to explore with high
light swarthy priority the data for patients which have only, but we
’ moderate have to take in consideration also patients withrano
q |Pae dehydration, | reduced | reduced complex diseases like ;RD,, D,&Dj;, D;&D,&D; etc.
subicterus -
dry There are also sets of diseases that cannot hapgetner
icterus, at the same moment, e.g. Diabetes - type 1, Diabdigpe
| Cyanosis, severel poor poor 2, and piabetes - type 3. Even' for patients whoehaly
ash-coloured, | dehydration some disease ;Dthe aggregation results are not clear
copper-like because their status can be influenced from previou

diseases which are not mentioned in the presenteRR.
In order to avoid inconsistent combinations of dises we
explore only those presented in our corpus.

Below we sketch a data aggregation algorithm whigh
explore at present in order to complete the pictfiqgatient
status data and fill in a special kind of dynami |
templates. Please note that there could be sel&adkxts
for different visits of the same patient at the fitz.

Table 1. Status types for skin characteristics

Algorithm: Let P={py, p>, ...., P} D,
be the training set of patients (i.e P: D
text describing patient status data) p: DZ
uguaoruir “ﬁ:ﬁm “?ﬂf,;?, “E::aas:i:ity Step 1: For each patientpdP, 3
j=1,..,nfind in the PR text the sej
Figure 3. Values correlation irskin'template of the correspondmg d|segsesppf \
(the mapping is shown at Fig. 4). = P D,
Fig. 3 shows the correlations between the valueshef Figure 4. Corresponding diseases
fields in 'skin' template. Each column corresponds to one for patients in the corpus

patient; the values marked there signal the presehtext



Step 2: From the seQ ={q., Oy, ...., ¢ } find D={Dy, ...,
D,} of all diseases for the patientsi

Step 3: Cluster Q into m classes of equivalence
T={T1,T,,....,Tm} where the classF{q; |g0Q and q=¢; };

Step 4: ClusterP into m setsS = {S,, S, ..., Si} where
S={p IpUP and QU T

Step 5: For each set;Seach anatomic organ and each of its
characteristics, calculate the statistical distidyu of the
attributes among the patients with the class ofrbiaisT,
only and compute the most expected (most probablek

of each characteristic. Let us denote it by APD
(AggregatedPatientData for the class of diseasgk

Step 6: Find SV for patients whose diagnosis differ in
exactly one disease (one more or less, but haleastt one
common disease ) “&=({S; | S OS : f \ gl+k \ gl=1 }
1<ign, SP==(S;| S OS : f \ g+ \ ql=2} 1<i<n for
patients which diagnosis differ in exactly two d@ises etc.
(See Fig. 5).

Step 7: Refine results for each ARDy using data from
sW g2 . . This refinement is done by including
patient data from &, S?, ..., 9", For each set®, its
APD, is calculated separately for the patients havihg
Different decreasing weightsv{,w,,...w,) are assigned to
the APD values for the sets if’§ S, ..., $"

s1

ST —(—

S5

Figureb. Distances between setsSn

the patient status. Then for every possible valtighe
characteristics, occurring more often, the rest
characteristics values are ranked. The obtainex$ milll be
used for improvement of the generated templatestlzeid
obligatory fields with expected values.

This approach for generation of ‘intelligent dynami
templates' is under development at present. Thectbg is

to have dynamic templates for each disease, wheze t
expected obligatory fields and their default valuem
change depending on the information which is filledor
the corpus of PRs in the particular hospital.

of

5. Evaluation Results and Discussion

We have evaluated the text analysis and the retogrof

the basic status scales for the skin attributestlypa
explicated in the text as shown in Table 1). Intfaar
approach has the same objectives like the one miebén

[2], where the patient smoking status is classifi 5
categories by selecting sentences which contain the
relevant information. As stated above, the negated
descriptions are treated as one expression, failigva
previous study of negative forms in Bulgarian matlic
patient texts [17].

We have evaluated the extraction progress usingrpus

of 197 PRs as a training set and another 43 PRest aet.
The evaluation is done organ by organ since their
description in the text are separated and can lbé/sad
independently. There are few PRs without any dpson

of the organ status but they are removed by th&uatian
figures.

The first row of Table 2 shows the percentage afemily
recognised attribute descriptions for three anatamgans:
skin, thyroid glandandlimbs The second row of Table 2
shows the percentage of correctly processed PRs.

skin thyroid gland limbs

Correctly recognised

0,
characteristics 94.82%

87.35% 84.62%

Correctly processed PRs | 94.03% 94.64% 76.75%

Table 2. Percentage of correctly extracted status attrioute

Using the aggregated personal data, we can defineThe cases of incorrect extraction are due to moreptex

templates for each disease and its possible coitmisa
with other diseases. There will be morexpected
characteristics of the anatomic organs - those with
probabilities higher than a predefined thresholat Il
combinations of values are consistent and dueisa¢lason
we cannot mark directly the default values.

sentence structures in the PR text which need to be
processed by a deeper syntactic analyser. For d@amp

"Kooica breda ¢ nanynozen oopus no enasama, ebpoume u
2vpba, Hall-6epOSIMHO 00YCNI08EH OM KATYUESU OMLASAHUS
6 MeKume mvKanu. "

(Pale skin with papular rash on the head, chest badk,

The next step is to produce rules for more possible nost jikely caused by calcium precipitation in sisfues.)

consistent values for the IE templates. First wakra
characteristics according to their number of occces in



Table 2 shows that the simple regular expressioosk w
relatively well and produce enough input for state
observations and aggregations of patient status. diats
also clear that we need more data to properly devéie
algorithms for production of dynamic templates. @atly
we have one base template for each anatomic oitgn;
possible variations depends on the size of the cakdi
ontology branch concerning this anatomic organmbre
complicated cases variations can increase up’to 2

6. Present Results and Further Work

The article presents on-going work for extractidmpatient
status data from PR text. In this initial stage have
considered only some relations in the patient'sicdl
notes. Steps for generation of dynamic templates ar
sketched. Our present efforts are focused on merpho
syntactic annotation of full sentences in ordertrain a
statistical parser on Bulgarian medical documents.
Unfortunately no Named Entity Recognition componient
available for Bulgarian, so we have to consider its
development too. As further work for negated phsase
plan to refine the chunking algorithm, to enlardee t

number of templates and to expand the language and

knowledge resources of the system (lexicon, ontokdg.).

In a long run we plan to develop algorithms forcdigering
more complex relations and other dependences thatai
explicitly given in the text, but this is a tardet the future
project stages.
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