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Abstract. Medical diagnoses for clinical patients are recorded by a physician at
the time of admission and discharge from hospital as well as death. Nowadays
this information is documented in patient file not only in form of ordinary
reports but also in ICD-10 codes to reach more accurate interpretation and use
them in statistical surveys. ICD code assignment is a tedious, laborious and
highly expensive procedure. Many health care organizations pursue the goal of
developing automated procedures. This paper is going to introduce a new
method that have machine learned from files with ordinary diagnosis and ICD-
10 codes and then will be able to find ICD-10 codes for patients who are not
assigned and double checking codes of the others as well. Results of this system
will be in form of probabilistic data.
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1 Introduction
1.1 Classification and Coding of Diseases

Experts and specialists are qualified to deliberate situations and affirm their own
discretion and these reports sometimes have a significant influence on individuals’
life. Reports, which are written in natural language, can be interpreted arbitrarily so it
may cause inaccuracy of reporting. Coding systems are devised to make reports
accrue and avoid arbitrary interpretations. They are used in various tasks such as
billing systems, accounting transactions and medical records.

First specific list of disease was published in 1893 to determine death causes. This
list was revised several times. Ninth version of “International Classification of
Diseases” (ICD-9) was published in a conference that had been held by World Health
Organization (WHO) in 1975 and finally, ICD-10 was developed between 1983 and
1992, including 14,400 types of disease.

ICD-10 codes are containing two or three parts. An alphabetic character, a two
digit number and maybe another one digit number which is separated by a dash. The
character is standing for block, or category, of disease, first number and the character
for type and optional second number for subtype. For example in “J11-0”, J is



standing for “diseases of the respiratory system”, J11 for “influenza, virus not
identified” and J11-0 for “influenza with pneumonia, virus not identified”.

In late years, using of ICD-10 codes has become compulsory for clinical patients’
records and diagnosis must be noted with ADS-10 at the time of admission, discharge
and death. These codes usually are assigned by a medical documentation specialist
according t physician diagnosis. Medical records are used in several tasks such as
investigation of insurance claims, legal medicine and forensic evidences as well as
Statistical surveys on the incidence of diseases of countries or the world. [1][2]

1.2 Information Extraction from Text

Human can store information and knowledge, which are acquired during self
experiences or creation, on their mind. They usually write about what is in their mind
to avoid oblivion and share it with others, mankind, if they believe it is significant. On
the other hand there are some kinds of information which are arranged to be readable
by computers. Machines can easily catch this information, which are named
databases, and are able to answer our queries. The task of information extraction from
text enables computers to acquire information from plain text as well as they acquire
data from databases. Indeed human understand information from their environment
and inscribe it as ordinary text. In information extraction task, computers try to
conceptualize the facts using the text with some kind of reverse engineering.

Information extraction form text is a very complicated task. On one hand various
styles of writing and unintelligible grammatical rules make the text analysis very
difficult and on the other hand understanding the text, by machine or human, required
some background knowledge about meaning and roles of all words, are used in the
text. There are a lot of works in this area since second half of twentieth century and
there are some significant results, for example search engines performance is
advanced extremely, however there is a long way to go to extract information from
handwritten text by computers as well as they extract data from databases. [3]

One of the most important steps in information extraction from text is developing
ontologies. Ontology is a representation vocabulary, specialized to some domain or
subject matter. In each ontology, significant terms are detected and classified,
synonyms terms are determined and probably some rules and restrictions are defined.
Nowadays several ontologies are developed on various domains such as Electronics,
Chemistry, religion science, and medicine and et cetera. Ontologies describe the
world and share knowledge. Information extraction systems utilize ontologies to get
background information about the text. [4]

1.3 Problem Statement

ICD code assignment is a tedious, laborious and highly expensive and forfeitable
procedure. Many health care organizations pursue the goal of developing automated
procedures. Nowadays, in most countries interpolation of ICD-10 in patients’ files is
compulsory. Usually, physician record his diagnosis after admission, death and before
discharging the patient and then, a medical documents specialist codes the diagnosis



and add it to patient file. In some countries hospitals are not forced to use computer to
store the records and diagnosis as well as codes can be filled in paper documents
nevertheless since several years ago, normally before vogue of ICD-10 codes, many
hospitals have been using computers to store diagnosis and prescribed medicine
records.

Medical records, which have been recorded before ICD-10, are not eligible to be
used in statistical surveys. Coding all bygone records is not frugal therefore just some
cases are coded after official inquiries. On the other hand coding is forfeitable task
because it is done by a feasible human and usually these errors could not be detected
because nobody double checks the assigned codes.

This paper is going to introduce a machine learning method to explore available
medical records including physician diagnosis, prescribed medicines and assigned
ICD-10 codes and then be able to assign ICD-10 code to bygone records, which do
not have, as well as double check ICD-10 codes of other records and warning the user
of probable mistakes.

In current method, all outputs are in form of probabilistic data. [5] There have been
several efforts to do assign ICD codes using medical records since 1996. Nonetheless,
this is the first encounter with the problem from probabilistic data point of view. In
earlier systems, taken decision to assigned codes was deterministic therefore failure in
choosing the correct answer would cause of total failure for the case, nevertheless
current system suggests multiple codes for a case with different degree of probability
and system fault will cause a comparative error.

2 Related Works

Ontologies in biomedical domain are foundation of expert systems for health care as
well as information extraction from medical records. There have been several efforts
to develop ontologies in biomedical domain however, most of available ontologies are
specialized and do not cover whole medical domain. [6] Bioontology is an online
service that allows users to access several ontologies in biomedical domain. This
portal is running by NCBO, one of seven research centers of National Institutes of
Health of United States, working on biomedical computing. [7]

For diagnosis of diseases by computers, there have been a lot of efforts over recent
decades. MYCIN was the first expert system for diagnosis blood infections with
asking some yes/no questions with accuracy of 69 percent. MYCYN was developed at
Stanford University in 1970s. [8]

HELP presented in 1996 as a system for extracting information from patients’
medical records and coding those, according ICD9- coding system using natural
language processing techniques and Bayesian networks. [9] At 2008 MIDAS was
developed to face same challenge using a linguistic processor. [10] In 2010 a new
method was presented by Waraporn using machine learning-based multi-label
classification. [11]



3 Methodology
3.1 Terms Valuation

A lot of medical files, including physician’s diagnosis, prescribed medicines and their
assigned ICD-10 codes are available to the system. Medical documents are divided
according to the specialty such as psychiatry, pediatrics, oncology, endocrinology,
orthopedics etc. and searching codes will be limited to the category.

At the first step, important terms should be recognized and valuated. In
information retrieval point of view, in some cases terms include just one word and in
other cases include two or more. Multiple words can easily be found because they
frequently appear together.

Processing all terms be time consuming, therefore, eliminating the valueless term
is the first priority. First, standard stop words such as “is”, “the” and “about” are
removed and then, remaining recognized terms, in disease description or prescribed
medicine, are valuated. Criteria of valuation of terms are their specialization. A
general term or medicine, e.g. Exhaustion or Ibuprofen, is not valuable because it
appears in different types of disease and cannot lead the system to limited ICD-10
codes. We define value of w term as:

M
Vw = logEc

M is number of all codes in category, have been used in the hospital.
C, is the number of ICD-codes, in category, that have at least one record including w
term.

In this phase system regards to first and second part of codes therefore all subtype
disease are seen as one code.

All detected terms are searched in medical Bioontology and synonyms are
assimilated, prescribed medicines are also compared with pharmacopeia and similar
drugs, especially different brands names of same generic drug, are replaced in this
stage. A commercial database from pharmacy software has been permitted to be used
in this research to find similar drugs and brand names. As physician’s diagnoses are in
form of short writing, system will find many term out of ontologies and
pharmacopeia. At this point machine leaning must be supervised. A medical
documents specialist assign these terms to ontologies and pharmacopeia or just
remove them if believe they are worthless. Terms with higher value (7) would have a
higher priority to be supervised and terms with very low value of V' are removed
without supervision. V' value is computed again for assimilated terms.



3.2 Relationship between Terms and ICD-10 codes

Valueless terms will not associate in this phase. To remove the valueless terms we
need a threshold value for V. If it is too low, near zero, system will be more accurate
but there will be a lot of term to be processed. We have found V= 0.5 as an appreciate
threshold value but is depends on types and number of medical records.

Now system determines dependency of ICD-10 codes and terms. W; is a valuable
term and C; is an ICD-10 code and Dyyic; will be dependency of ; and C;.

Number of records assigned to Cj code containing Wi term

Dy = — :
wicj Number of records containing Wi term

Some term may be correlated each others. For example injecting medicines are
usually prescribed with a syringe. Terms, which are telling to choose an ICD-10 code,
should be independent; correlation between terms will increase chance of selection of
an ICD-10 code mendaciously. In our system two terms are independent if and only
if:

My * My

Myiw; = £0.25 (—’)

Wiwj - M

Myiwj is number of records containing W; and W;j, My; is number of records

containing W; and M is number of all records. If two terms are not independent in one
ICD-10 cede, system keeps the term with greater value of D and remove another.

ICD-10 codes

[ Bygone Records with

Terms with Dependency

. . . value to ICD-10 Codes
[ Biomedical Ontologies Valuated Terms (After elimination of
correlated terms)
[ Pharmacopeia

Fig. 1. Finding valuable terms and determine their dependency to ICD-10 codes

3.2 Identifying probable ICD-10 codes for an specific record

To identify some ICD-10 codes for a specific record, system extract all terms of
record and compare them with terms synonym list, has been built using biomedical
ontologies, pharmacopeia and supervised mapped terms. The record will be examined
with an ICD-10 code, if they have at least one term in common. If W;, W,, .... W,
are common terms and C,,, ICD-10 code would be:



Py— Dwicm + Dwacm — (Dwicm * Dwacm)

Pn: Pn—l + DWnCm - (Pn—l * DWnCm)

Pcm is computed using above recursive formula. After determination of P for all
ICD-10 codes, one or several most probable ICD-10 codes and their probabilities are
presented to user.

4 Conclusion and Future Works

In this paper, we presented a method which investigates patients’ medical records
including diagnosis, which are written by a physician, at the time of admission and
discharge from the hospital or death as well as assigned ICD-10 codes. Thenceforth
system would be able to assign ICD-10 code to bygone files, which do not have.
Furthermore, system is able to double check assigned codes and detects probable
mistakes of the coder person. All responses are in form of probabilistic data.

Current method has been examined with limited number of artificial data. It should
be evaluated with enough number of actual medical files. In next steps, more complex
forms of medical records can be regarded such as memoir of the psychiatric patients.
Furthermore, a probable data processing system can be developed for answering
queries from probabilistic results of current system and interpret them to be
exploitable in statistical surveys.
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