“Crowdsourcing” as a Means to Identify SNOMED CT Su  bsets —
an Initial Approach

Dave Parry
School of Computing and Mathematical Sciences
Auckland University of Technology, Auckland, New Zealand
Dave.parry@aut.ac.nz

Abstract

Crowdsourcing is a technique that uses the internet to allow large numbers of people to contribute
small amounts of time and effort to a research project. Selection of SNOMED CT subsets and
confirmation of algorithmic coding seems particularly appropriate use of this approach The aim
of this project is to confirm that the use of a fuzzy ontology based medical coding systems is
practical and effective. This paper describes the development of a prototype system that uses fuzzy
logic to characterise the membership of a concept within a subset. Further development will
require public access to such an engine to allow learning of relations and confirmation of their
utility. Effectiveness measures including ease of use and quality of coding will confirm or refute
the validity of this approach.

1. Introduction

SNOMED CT EystematizedNomenclature oM edicine-Clinical Terms) (http://www.ihtsdo.org/snomed-ct/) is a very
large clinical vocabulary that is increasingly lipadopted as a means of standardised recordingaitai information.
SNOMED CT is free to use within New Zealand and $izerseded READ codes. There are over 300,00@ptmin
the latest release and over 1 million relationshipsveen these concepts. A number of supportditesncluded with
the release which allow mapping from fragments,idleatification of synonyms and the use of mod#ielOne of the
major advantages of the s recent SNOMED releasémighe structured nature of the vocabulary alaw ability to
map from SNOMED to ICD 9 and files are provided fbis purpose. Generally the co-occurrence of abmamof
SNOMED concepts can imply an ICD diagnosis. This sianplify the problem of automating discharge siarigs and
entering data into decision support systems, amgadirectly from free text to definitive ICD codés often difficult.
However because of the very wide range of conceptd,the rate of change of those concepts [1],rtgalith the
entire set of SNOMED concepts is difficult. In pemlar when clinicians use SNOMED browsers to catirical
documents, experiments have shown their performembe disappointing [2]. Given the very large amtswof textual
information generated in healthcare, a model ofrapdimilar to (Figure 1) may give the best comkima of freedom
of data entry and accuracy and reusability of data.
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Figure 1 - Automated coding via SNOM ED



2. Literature review

2.1. Crowdsourcing

Crowdsourcing [3] refers to the use of small anitswf time and effort from a large number of indivals to solve
large problems which may or may not benefit thosepte directly. The Internet has made such efforteh more
attractive as large numbers of people use theagela communication channel for much of their wankl leisure.
Projects like the search for extraterrestrial liigence (SETI@home) preceded full crowdsourcipgleations [4].

However while SETI@home uses otherwise idle compuever, crowdsourcing uses the brainpower of peophere

are a number of applications that have demonstitaedttractiveness of collaborative projects an Ititernet with a
growth in the use of social or collaborative bookkireg [5] Examples include del.icio.us (http://deib.us/) and reddit
(http://reddit.com). On these sites, users are waged to share bookmarks and hence create a eiseraged index of
webpages along with ratings and association witlreshindex terms. Similar systems are used withitire retailers
such as AMAZON where reviews of books provide addal index terms for searches of the website ab age
recommendations.

More formal collaborative projects are already tieédy common on the web — the most famous exantygimg
Wikipedia. In the area of semantic research then®jied Commonsense project [6], has captured maxa #0,000
valid sentences, that allow a representation @fitbrld which may be useful for artificial intelégce research. One of
the benefits of such approaches is that peoplédestify their own areas of expertise and the knaf their knowledge.
Although syntactic rules are often general, the esgios of particular examples are often complex difficult to
represent in a general form. There is a vast piateio learn from users, the most fruitful approas may involved
correcting. By allowing the users to gain fromittetivities — by getting better matches and cgdinthe problem of
malicious or unintelligent information coming fromsers should be reduced. This approach reverstotbadcasting”
or publication model where one person generatewlealye and many use it — in these approaches thg generate
useful content for the many or the few [7].

A number of areas in medical informatics and codmay benefit from this approach. By using fuzzgidothis project
attempts to assist with the identification of relet/ concepts for a particular domain — in this casenen’s health
ultrasound.

2.2. SNOMED subsets and coding

Coding medical unstructured text into such codipstems as ICD10 is difficult and demanding, theCBMNED CT
vocabulary [8] allows mapping from concepts to otbaeding systems and is becoming a standard in mauamgtries.
There have been some promising attempts to autoimatprocess of transforming free text to SNOMEDdrample
[9], but issues arise with the shear scale ofdbk&,tOne particular issue is that many areas wiceli endeavour require
particular subsets only in order to allow precied anambiguous selection of concepts and thatkal#tions may be
different for different areas [10]. This is padiarly important in systems that involve the satatbf codes by people
who may work across areas, and where a logic.eedthiat the code “makes sense” may not be posgiblepreviously
mentioned, browser based coding by clinical stafbften poorly performed, and this may be pastidile to the very
large range of concepts. One way around this iatiore of smaller code sets, for example Read cfiigs but these
bring their own problems, lacking precision ande@ge in some cases.

Code subsets are attractive because they remdimvtlite hierarchy of the overall coding system, aadtinue to use
the richness of relations and modifiers, while noterwhelming the user. If the subset is inadequiitean be

expanded. By retaining whole branches of the hirsamithin the subset, transitive relations to eotérms can be
retained. SNOMED CT supports the creation of suhsetd procedures can be put in place to mainh&imt Subsets
also allow the disambiguation of terms, where antenay be related to multiple concepts, but only ohdhose

concepts lies within the selected subset. For jmalcsystem design, very large vocabularies affecdit to represent
using combinations of picklists and cascading menus

2.3. Fuzzification of subsets

One issue that arises when selecting subsets aEptsis the problem of defining the edge of a dortizat is which
concepts should be included and which excludeds iBhparticularly acute in areas that may crogdittomal speciality
boundaries. Women’s health ultrasound (WHU) is seca point, where imaging reports may refer to wWwman
and/or the fetus if she is pregnant. Potentiallyyvarge “subsets” may then exist and there is fibssibility of
ambiguity as to which concept is associated witthgarm.
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Figure 2 - Degree of member ship of a concept

A well known method of dealing with such probleimshe use of fuzzy logic [12]. In a fuzzy logigresentation the
degree of member shipis used where Q«1, and u depends on the membership function of a fuzzy nerdsuch
as “strongly”, “partially”, “somewhat”, “slightly’of a particular concept in a particular subsete-Fgure 2. There are
other approaches, for example that described i jdBere the fuzzy relations are seen as encodiegsimilarity

between concepts.

In the figure below (Figure 3) Concepts A and B arembers of both subsets — concepts related to WH&bme
degree, but not wholly part of either. Exampleshi$¢ may be concepts such as Doppler ultrasouna stambilical
artery (427623005) which lies clearly within an WH&lbset, whereas Ultrasound vascular - Dopplerceffe
(241446003) may or may not be associated with a Witidedure. This becomes especially importantefdystem is
being used by different groups of users who maykveaross subsets, where the degree of membersleigcbf subset
can be used to produce potential relevance scores.
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Figure 3 - Example of Fuzzy border s between subsets
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3. Materials and Methods
3.1. System design

Figure 4 - System Architecture
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The overall system architecture is shown in Figuré&sers are presented with one of a number abfiat ultrasound
reports, or they can enter their own into the patdsing the word key index, potential SNOMED terane highlighted
in the text box and a list of potential concepisated, ordered by membership of the subset.. Wieenider selects a
concept the expanded description will be displaydte user then selects the appropriate concept.u$ee will also
rate the degree of membership of each concepetsithset.

3.2. Prototype

The current prototype has been developed usingwesRnd SQL server 2005 Database (Microsoft). SNOMikes
were imported from the 2009 release supplied visBHNZ The main tables used are the concept, demurjpt
relationships and wordkey index. Screen shotstayes/s below (Figures 5 and 6).
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3.3. Current research issues

One of the major areas of work is the so-calledd'cstart” problem. This occurs because until a dangimber of

concepts have received ratings the system is uplikerank the concepts accurately as they wilballunseen . In order
to avoid this a basic subset of WHU-related cotcegms developed by inspection of the hierarchy, these have
been given a membership value of 1, whereas ¢¢ners have been given an initial value of 0.2. SEhealues were
chosen to discriminate against the unexpected sdluealso allow for modification of the originats

The learning algorithm used to identify the degoéenembership of concepts in the subset is baseahdra simple
algorithm. This includes the number of documengt thclude the potential concept along with théiahimembership
value for that term. The updating of the fuzzy dody membership value is weighted by an extremahpke algo-
rithm where the new membershim¢,) is determined by the old membership,{) the membership calculated for this
query (1), and the number of queries that have confirmedritended meaning of this termyg).

Hyew = Hog (\/ (U = Hog )2 I Quis)

This learning function is designed to rapidly reflemajor changes, but to prevent major oscillationgalue over time.

4. Discussion

Using crowdsourcing approaches allows us to impidrttee idea that “All of us are smarter than anysf. It may
provide a valuable middle way between the fullyomatic approach used by many information retrigwatesses and
the need to teach and audit the coding of largebmus of clinical workers. The membership map, tiedvariation in
membership produced by individuals produced by sbig of work may also provide information thaumseful for the
development of coding systems.

The drawbacks of crowdsourcing include the dandebias or ignorance on the part of the participaadsersely
affecting the outcomes. One way round this isniisethe cooperation of professional bodies, faaraple the medical
colleges and organisations such as the World Feéderfar Ultrasound in Medicine and Biology.

5. Future work

Currently the system is only a prototype but thstfphase of the research project will use theldbtest & refine” [14]
software development prototyping methodology to lengent the technical equipment and the databaskcaimn..
During this first phase continuous usability impeawvents will be incorporated using cognitive walktigh [15] and



heuristic evaluation [16] by the development teamd aolleagues. The initial crisp ontology will beodified from
SNOMED, but learning will take place on the docutsdanonymised ultrasound reports) present in thlesite.

The second stage will involve internal testing lod software and refinement of the interface, alait learning of
relations from user involvement. Internal tegtinill require ethical approval, as test users illobserved using the
system and their responses noted. This will bers sienilar process to that described in a previvession of the
system, that was not browser based described |n [17

Once the software is ready for public release thivel phase will involve true crowdsourcing apptioas. The focus
will change to the use of the system to confirnr&ect the mapping of stems to concepts in a setlafsible but
fictitious ultrasound reports. Clinical staff frattme ultrasound and women'’s health community wilirbéted to use the
system and comment. They will also be able to odtaste their own documents into the system &gt to extract
SNOMED terms. No data pasted onto the site willdiained and no information about the users redaine

During the trial the users queries and activityl W@ logged, and a sample of users will be askefiltm a pop-up
satisfaction survey. The degree of satisfactiorh veiich concept mapping result returned will alsardmorded by
means of a screen response box.

Outcome measures will include satisfaction scomes fa sample of users, degree of modification efdhtology, and
accuracy of pre-coded ultrasound reports.

It is planned to make the ontology and subset fiatly available to interested parties, and enapureollaboration
with teams from different areas of clinical praetid coding portal, to allow conversion of freettéxo SNOMED
concepts using a parser based on this data ipksoed
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