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ABSTRACT
In recent years, there has been an increase in computerized healthcare systems and the accompanying use of electronic records which
mainly is found to improve health-care performance. Storing patient’s information electronically in a free text format raises some
difficulties. This work highlights the importance of working in
extraction information from Electronic Medical Records to understand clinical narrative, particularly concerning abbreviations. Our
research proposal focuses on Spanish clinical text.
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INTRODUCTION

Electronic Medical Records (EMR) keep medical and treatment
history concerning a patient in the national health system. EMR unstructured format data (free text, images, video, ...) remains without
being able to be exploited by automatic processes. Approximately,
80% of clinical data are unstructured, and consequently can not be
used by algorithms and contribute to decision making. Abbreviation is defined as a short form of a word or a phrase which are
used frequently in EMR, and it is considered biomedical named
entities. For instance, NKB is known as short form SF and “nuclear
factor-kappa B”its Long Form LF. Dealing with abbreviations is one
of the most critical challenges in the medical field because failure
to understand them could lead to medical misunderstandings and
other implications. Named Entity Recognition (NER) techniques
can be used to work with this special terminology for finding the
most suitable LF for the SF, and as a result of this process over a
text, a list of disambiguated <SF, LF> pairs could be obtained.
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RESEARCH PROBLEM

There have been more than 197,000 unique medical abbreviations
found in the clinical text [2], each SF could have more than LF due
to its random formations and depending on the scope it is used in.
Also, the occurrences of multilingual <SF, LF> pair (for instance,
PSA is “Prostate Specific Antigen” and is used in Spanish clinical
texts although the equivalent expansion in Spanish is “Antígeno
Prostático Específico” and the corresponding abbreviation should
be APE ). These issues represent a severe problem of dealing with
abbreviations, moreover 80% of abbreviations that were found in
(UMLS) are ambiguous [1]. Natural Language Processing (NLP)
is used to solve this kind of problems. Most of the relevant work
focuses on the English language to solve the problem, hence, the

Figure 1: Proposed Abbreviation Extraction Architecture.
Spanish language is considered the second spoken language over
the world and Spanish language has its specification that differs
from the English language, there is a need to implement a system
that deals with Spanish medical documents. Many approaches are
used to enhance dealing with medical abbreviations[3]. The rulebased approach is better for a simple set of data because it needs
a lot of patterns to match abbreviations. The statistical approach
depends on a large amount of data which makes the executions time
is too long. And machine learning approach gives the best result
for this process; training data could be used to build the model then
test data set to evaluate it.
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PROPOSED SYSTEM

A hybrid approach will be applied in Spanish clinical text; at the
first step, the text will be tokenized, normalized and substituted for
processing. Then a pattern matching approach will be applied to
extract the <SF, LF> candidates from the text, and machine learning
algorithms will also be applied to map the most suitable LF for
every SF. The ambiguity of abbreviations will be taken into account
and mapping to common abbreviations database. Figure 1 shows
the proposed architecture.
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