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Abstract. The amount of health information on the Internetasstantly growing
but little is done for detecting the technicaligyél of these documents and guiding
of users towards documents which are appropriat¢htor expertise level. The
objective of our work is to propose clues for thgomatic distinction between
expert and non expert medical documents. More ge@ci we propose to study
their morphological and semantic levels. We applyPNools, which provide
access to the morpho-semantic content of docum@&his.work is done with
French documents within three medical fields (calatjiy, pneumology, diabetes).
Our experiments and results highlight the fact ttras level can indeed provide
clues for the distinction of the technicality ofcdments, and that they appear to
be significant and stable across the studied médieials.
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1. Introduction

A recent analysis of Internet use [1] shows thavalB0% of user queries are related to
medical topics. This situation requires high qualiealth information, and initiatives
like CISMeF [2] and HON [3] contribute to the ohjees of improving quality and
ethical transparency of webpages. Besides, heattbrdents also present heterogeneity
as for their technicality, expressed for instafreugh the use of specialized terms and
words: expert documents (created and used by heaftérts) coexist with non expert
documents (created for non expert users), as wetlidgactic documents (created for
medical students). According to their technicaliigpcuments can be more or less
difficult to understand, especially to non expesers. This heterogeneity is not
transparent, while it should be clearly indicatitdhas been observed that heavy
technicality may have a negative effect on undadstay health information by non
expert users and on their communication with caergi[4,5]. In order to guide non
expert users towards suitable documents, searcineenghould make the distinction
between expert and non expert documents. Currestlgh distinction is based on
manual categorization [2-3,6], but with the inciegsamount of information it is
necessary to perform it automatically. Definitidrsaitable criteria is an important step
towards the automatic categorization. Thus, redithabiormulae [7-9] take into
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account criteria such as the mean length of wordsentences (longer words are
assumed to be heavier to understand). The formadasbe combined with medical
terminologies to untangle the medical dimensior],[k8cause short medical words can
also be difficult to understand. Widely applied mmae learning algorithms are based
on different features (n-grams of characters [fijnually [12] or automatically [13]
defined weight of terms, stylistic [14] or discwesi [15] criteria, lexicon [16]).
Recently, combination of features has been addiefkeé-19]. However, detailed
studies of experts non expert medical discourses [20-22] remain. rareur work,
we are interested in studying the level of morpamantics, which has not been
studied up to now. Our objective is to propose apio-semantic description of
expert, didactic and non expert health documenteriter to perform an automatic
distinction between these discourses.

2. Material and M ethods

Building corpora. Our corpora are collected through the CISMeF poji2dl We
exploit three types of information assigned to eextexed resource: (1) MeSH key-
words (cardiology, pneumology and diabetes); (Zcalirse of documents: expert,
didactic and non expert; (3) URLs of documents. ibnents were downloaded with
wgettool. HTML and XML documents were converted inttéormat. We built three
corpora ¢ardiology, pneumology and diabetesach of them consisting of three parts
(expert, didactic and non expgrifable 1 indicates the sizes of these corporenbau

of documents and number of occurrences (words)aitt be seen that their sizes are
uneven. This material provides fundamental charizetion of documents and
constitutes the reference data.

Table 1: Characteristics of corpora

Specialties Number of documents Number of occurrences
Expert didactic | non expert expert didactic non ekpe
Cardiology 1583 205 143| 942409 449 765 157 382
Pneumology 742 127 134/ 600524 213379 96 559
Diabetes 213 23 52 181 039 44 847 29 817

Accessing the mor pho-semantic level. We apply Natural Language Processing (NLP)
tools were applied in order to reach the morphossdim level of documents.
TreeTagger [23] assigns to each word its most ga@banorpho-syntactic tag and
proposes its lemmangioblastiquess tagged as adjective (ADJ) and lemmatized to
angioblastique/ADJFlemm [24] checks out the lemmatization, correctd enriches it.
Finally, DériF [25] performs the morpho-semanti@lgsis of lemmas. Two types of
information this provides were usei@, for angioblastique/ADJ (1) Decomposition
into morphological tre@langi N*] [blast N*] ique ADJ] and (2) representation of the
meaning in natural languagéQui est en relation avec cellule embryonnaire et
vaisseau” (“Which is related to embryonic cell areksel”). The following steps of the
method exploit this morpho-semantic analysis.

Preparing the morpho-semantic material. For each specialty and discourse, bases
that are the most productive were selectied, those having large morphological



families. For instance, basardio constructs up to 57 lexemesdardiology corpora
(its morphological family contains 57 lexemes). df complex lexeme (such as
angioblastique/ADJ[angi N*] [blast N*] ique ADJ] contains more than one base, this
lexeme belongs to all the corresponding familaagg{ andblastin this example).

Studying and contrasting discourses. In order to detect salient morpho-semantic
features a contrastive analysis was performed ¢firdbe study of their productivity
and frequency within the corpora. Productivity isidsed through the number of
lexemes constructed by each base: the more adpseductive the larger its family is.
Two values were taken into account when measurivegg groductivity: raw and
normalized. Raw values corresponded exactly tontiraber of constructed lexemes.
Normalized values were normalized by the size afexponding corpora. Raw and
normalized frequencies of bases in corpora weiesiuon lemmatized material.

3. Results and Discussion

Selected morphological material. Bases selected for this study belong to two
morphological categories: (1) suppletive baseschvitio not appear independently in
the language but are combined with other morphobldgunits, such agastr(o)
realized througlyastriqueand, (2) autonomous bases, suchrasches (bronchugnd
bactérie (bacterium)On the basis of their productivity, we select@sBppletive and

7 autonomous bases. During this step, some lirhitseomorpho-semantic analysis by
DériF were discovered: (1) reference lexicon missedhe medical words which
remained not analyzed, (2) some affixés, feu® were not yet implemented, (3)
erroneous morpho-semantic analysis, for instaggenasiumwere analyzed as
“enzyme of the nude”(4) notation of bases identified by Dérif: thusurf bases
(hém(o), héma, hémat(and ém had different graphical forms although they caonve
identical meanindrelative to blood'. This last fact can be awkward for automatic
approachesie. for grouping lexemes within families. To resolmst situation, it is
possible to either establish the equivalence batvbeses or to take into account their
semantics (for instance, the four “blood” basesehthe same or similar semantics
“related to blood, linked to blood”)It was decided to apply the first solution. Thds,
morphological families were built which contain 2X2lexemes. Most of them occur in
all corpora, but some families remain specificdme specialties.
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Productivity of morphological bases. Productivity of each base corresponds to the
size of its family,ie., the number of lexemes it produces in a corpugurgéi la



indicates mean raw sizes of the studied familied figure 1b the corresponding
normalized values. It was clearly seen that pradiigtvaries according to specialties
and discourses. As the diabetes corpora are sheadi, attention was paid to these
results. It was also observed that, among all tkeodrses, didactic corpora show the
highest productivity. Indeed these documents pevidecise and detailed medical
information and usually have to introduce a greatiety of medical notions.
Otherwise, when expert and non expert corpora wenegpared, normalized values of
productivity were higher in non expert corpora (figp), while the raw values were
higher in expert corpora (fig. 1a). Indeed, expmntpora were six times larger than
expert corpora, and this automatically decreases ttormalized values. Analysis of
corpora with more comparable sizes would certalebd to different results. It is
interesting to note that previous work [10] hasoatdbserved that the vocabulary in
expert corpora is richer as compared to non exqepora, but the authors studied only
raw values.
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Figure 2. Frequencies of bases in corpora, normalized values

Frequency of morphological bases. Figure 2 presents normalized frequencies of
morphological bases (through their lexemes) witldrpora. Didactic corpora show the
highest frequencies in addition to the highest potidity observed in previous
paragraph. Non expert corpora are in the secondigmgsand expert in the third
position: expert documents often address precigstuns and seem to use smaller
vocabulary.

4. Results and Discussion

In this work, we proposed a detailed analysis ef itiorpho-semantic level of expert,
didactic and non expert French health documentrdier to prepare their automatic
distinction. We studied productivity and frequenafy 46 morphological base§e.,
angi-, blast-, cardio-)We observed several morpho-semantic characteriggiesific to
discourses: didactic documents show higher frequefidases (repetition reinforces
learning) and their bigger productivity (bigger iesly of vocabulary) and can be easily
differentiated from the two other discourses. Astfie comparison of expert and non
expert documents, we observed that: (1) frequendygher in non expert corpora; (2)
raw productivity of bases is higher in expert cagpavhile (3) normalized productivity
is higher in non expert documents. The main petspgeof our work consists of the
use of the morphological criteria for automatictidistion of medical discourses within



specialized portals: the obtained results sugdesttould be possible. Otherwise, this
study can be extended to a larger set of morphcdbghaterial (currently, only 46

bases were studied) and of specialties, and coqlidbie documents from other sources
(ie., Santé CanadalMoreover, this approach can be applied to otheguages as far as

suitable NLP tools exist. Finally, it would be irgsting to better exploit the

productivity, which seems to be specific to dissagrand genres [26].
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