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Abstract

The exponential growth in the amount of available data has posed new challenges to re-
searchers. Search on such amount of data is a difficult task which turns even harder when
the data belongs to a specific domain which has its own terminology and requires some
background knowledge.

Traditional information retrieval systems are based on keywords. In this kind of systems
the output for a given query is a ranking of the documents that match the keywords. This
model works well in scenarios with few documents or if the system achieves a high perfor-
mance ensuring that the first results contain the most relevant documents. However, in most
cases the collections are huge and the retrieval results are an endless list of documents that
must be scanned manually.

This work proposes an information retrieval approach which incorporates domain specific
knowledge from an ontology within the traditional information retrieval model in order to
overcome some of its limitations. The domain knowledge is used to add semantic capabili-
ties and to provide the user with an enriched interface which includes metadata about the
retrieved results, thus facilitating its exploration and filtering.

Keywords: information retrieval, knowledge bases, ontology



Resumen

El acelerado crecimiento en la cantidad de datos disponibles ha traido consigo nuevos retos
para los investigadores. Buscar informacién en este gran volumen de datos, es una tarea
dificil, que se torna atin més compleja cuando los datos pertenecen a un dominio especifico
el cual tiene su propia terminolgia y requiere un conocimiento previo.

Los sistemas de busqueda tradicionales son basados en palabras clave. En este tipo de siste-
mas la respuesta a una consulta es dada en forma de una lista ordenada de documentos que
contienen las palabras en la consulta. Este modelo funciona bien en escenarios en los cuales
hay pocos documentos o si el sistema puede alcanzar una precisién muy alta garantizando
que los primeros resultados contienen los documentos requeridos. Sin embargo, en la mayoria
de los casos las colecciones de documentos son muy grandes y los resultados son una lista
interminable de documentos los cuales deben ser explorados manualmente.

Este trabajo propone una aproximacion a la bisqueda de informacién, que incorpora conoci-
miento del dominio proveniente de una ontologia, dentro del modelo de bisqueda tradicional
con el fin de superar algunas de sus limitaciones. El conocimiento del dominio es usado para
adicionar capacidades seménticas y para proveer a los usuarios con una interfaz enriquecida
la cual incluye meta-datos acerca de los resultados, facilitando su exploracién y filtrado.

Palabras clave: bisqueda de informacién, ontologia
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1. Introduction

The available biomedical literature has grown exponentially in the last decades. This li-
terature is of great importance because it can be exploited by researchers and healthcare
professionals in many ways. But search information on such amount of data is a difficult
task which turns even harder when the data belongs to a specific domain which requires a
background knowledge.

As an example PubMed has grown exponentially in the last two decades [24] and now con-
tains around 24 millions of citations. These citations corresponds to research articles which
are semi-structured, mostly composed by free text and images, and abundant of domain
specific information.

Under this scenario terminological resources and ontologies can help to reduce the knowledge
gap, giving better results to final users. In the same way, areas like information extraction
and retrieval, will play an increasingly relevant role in order to enable the possibility of sear-
ching and taking advantage of the information contained in that data.

This work proposes a model which incorporates domain specific knowledge within the tra-
ditional information retrieval approach in order to overcome some of its limitations. This
knowledge is obtained from terminological resources and ontologies and then associated
with the data by means of information extraction techniques.

1.1. Problem definition

Traditional information retrieval systems are based on keywords. In this kind of systems the
output for a given query is a set of the documents which match the keywords, sorted in
decreasing order according to a notion of similarity. Unfortunately this is not the case for
real world problems..

As stated in [15] up to 30 % of PubMed queries result in 100 or more hits. Manual scan of
such amount of information is an intensive labor which can be frustrating, especially if your
information needs are not clear and you have to start from scratch every time you need to
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reformulate your query to narrow the obtained results.

This work tries to overcome some of these problems through the development of a knowledge
based information retrieval system which provides the following benefits:

= Semantic search capabilities using concepts not only keywords
= Aided query refinement based on a domain specific knowledge source

» Visualization of metadata about the results by using the information on a domain
specific knowledge source.

1.2. Objectives

General objective: To develop a knowledge-based information retrieval system for collec-
tions of textual documents in the biomedical domain.

Specific objectives:

= To propose a method and develop a software tool that performs the extraction of
concept mentions within free text.

= To adapt and implement a knowledge-based strategy to measure the similarity in the
retrieval system.

= To propose and implement a knowledge-based strategy to visualize and explore the
results in the retrieval system.

= To propose and implement a knowledge-based strategy to perform assisted query refi-
nement in the retrieval system.

= To build a prototype of the system.

1.3. Results and contributions

The results and contributions of this work can be summarized as follows:

1. A functional prototype of a knowledge-based information retrieval system built using
open source software technologies.

2. A new method for automatic term mapping (ATM) which can be used in different
languages, with any knowledge source and that does not depend on manually built
resources.
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3. A publication about the ATM tool (Term mapper) which implements the method
mentioned before, as a part of Semeval 2014 analysis of clinical text shared task:
Riveros, Alejandro, et al. "MindLab-UNAL: Comparing Metamap and Term-mapper
for Medical Concept Extraction in SemEval 2014 Task 7in Proceedings of the 8th
International Workshop on Semantic Evaluation (SemEval 2014), pages 424 — 427,
Dublin, Ireland, August 23-24, 2014.

1.4. Document structure

This document is organised as follows. Chapter 2 introduces the theoretical bases and con-
cepts involved in this work. Chapter 3 presents the method and describes in detail the
prototype and other tools developed for this work. Chapter 4 shows the experimentation
and the obtained results. The final chapter contains the conclusions and discusses future
work.



2. Background

This chapter presents an overview of the concepts and theoretical foundations required to
introduce this work. It includes a brief section about knowledge sources and Snomed-CT.
It also includes detailed sections about information retrieval and automatic terminology
mapping along with a description of information content based semantic similarity measures.

2.1. Knowledge sources

There are many types of resources in the context of knowledge engineering which are referred
as knowledge sources (KS). In general a KS is a compendium of information about a general
or specific domain but the type, structure and the level of detail in this information, can
vary from one source to another. In the context of this work we found many resources that
are referred as KS, below we enumerate the most relevant categories:

» Lexicons: contain a list of the lexical units a.k.a lexemes available in a language.
= Terminologies: contains a list of the terms associated to a specific domain.

= Thesaurus: contains information about lexical units, including its synonyms and similar
words.

= Taxonomies: contains a categorization or classification of the entities or concepts in a
domain.

» Hierarchies: contains a representation in levels of the entities or concepts in a domain
organized according to a hierarchical relation, is common to see relations such as “IS-

A”.

= Ontologies: contains a formal definition or specification of classes, attributes and re-
lations of the entities or concepts of a particular domain, along with the instances of
those entities and their relations.

This categories are not exclusive and there are many examples of knowledge sources that
can be categorized in many types simultaneously.
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2.1.1. SNOMED-CT

domain with versions for languages as English and Spanish, among others. It can be catego-
rized as either a terminology, thesaurus, taxonomy, hierarchy or ontology because it contains
information that match all these categories. The version 2012 of Snomed-CT which is used
in this work, contains 296235 active concepts, 1446149 relations and 772346 descriptors from
which around 7000 corresponds to abbreviated forms, those descriptors can be seen as sy-
nonyms by which you can refer a concept as shown in figure 2.1.

Mental disorder
SCTID:74732009
Category:Disorder
Descriptors:

Mental disease
Mental disorder
Mental health disorder
Mental illness
Psychiatric disorder
Psychiatric iliness

Figure 2.1.: Snomed-CT concept with associated descriptors

The concepts are classified in 40 categories, around 84 % of the concepts are concentrated in
seven main categories (2.2).

The relations are organized in 65 different types(2.3). The most notable type is the “IS
A” relation with around 540000 instances which are used to define a hierarchy of concepts.
This hierarchy has a maximum depth of 20 levels with 87534 inner concepts and 208701 leaf
concepts.
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2.2. Information retrieval

The amount of available data has grown exponentially in the last decades, these data ranging
from unstructured plain text files to structured databases, passing for repositories that con-
tains multimodal data, i.e. text, images, audio, video, etc. This brings us a great opportunity
in the sense that we can explode all the information contained in the data, but also comes
with great challenges because we need to create adequate tools to achieve that.

One of the main problems that arises when you have such amount of data is Ag,How you
can handle this data to find something and satisfy a particular information need?, this is the
question that information retrieval (IR) tries to answer. Information retrieval is the area of
Computer Science that study the problem of search and access to information, their main
goal is formulate the models and develop the tools that allow users to solve his information
needs in a precise and efficient way.

Under the current circumstances in which we talk about repositories that contains terabytes
of data and need to answer millions of search queries per day, is a fact that information
retrieval is an active research area, which plays an increasingly important role in the future
[41].

2.2.1. The inverted index

In the beginning of the computing age, before the rise of internet, the amount of data was
small and usually stored locally within mainframes. In that scenery, when an user needs to
find some information, he usually makes use of tools like GREP (Globally Search a Regular
Expression and Print), which performs a sequential search for a pattern usually a regular
expression, within a file or a directory structure. This sequential scanning approach makes
sense when you have small volumes of data and do not look for information very frequently,
but definitely does not scale and becomes infeasible when you are working with large amounts
of data that needs to be searched often.

To deal with large data collections was necessary to develop a new data structure that
allows fast searches without waiting a long time while a full scan is performed. That is the
moment when the so called inverted index born, a data structure specifically crafted to ma-
nage fast searches over large amounts of data. The idea behind the inverted index is similar
to the glossary index present in some books, which allows the reader to quickly look for the
pages that contain certain words. In the case of an inverted index the words are called terms
or index terms and the pages are documents identifiers, that can corresponds to files, web
pages, databases records etc.
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INVERTED INDEX DOCUMENTS
Document
Index Terms References 1. Electric guitar

:

:

Figure 2.4.: The most simple version of an inverted index, when you have terms associated

8. Flamenco guitar

with a list of document identifiers in which the term appears

Usually, the inverted index is built in a batch job previous to its usage. In this indexing
process the whole data must be scanned, passing for a term normalization process. Although
it is a computer intensive task, it is performed only once, whereby its cost can be accepted.
In the case of dynamic data collections, the index can be easily updated without incur in a
high computational cost. Once the inverted index is generated, the lookups can be performed
in constant time, improving enormously the performance of the full scan method.

Also and given the flexible nature of an inverted index, you can use it to store information
that goes far beyond the presence of a term in a document. In modern implementations
is common to have information about the document structure i.e. the document portion in
which the term appears; detailed positional information of term within a document; the total
frequency and the per document frequency of a term; and also metadata of the document
i.e. total length etc.

2.2.2. Term normalization process

One of the challenges that you face when deal with data in the form of free text is the term
normalization process. In this step the input data is transformed into index terms. This is a
critical step which can affect the match process against the inverted index.

This normalization process can be divided in five main steps:
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. 3 Input 3 _ 3 Token 3 Token
Parsing Filtering Tokenization Filtering Transform

Figure 2.5.: The term normalization process

1. Parsing: this can be viewed as a preprocessing step, in which the input data is taken
and analyzed to extract the portion of interest for searching purposes.This is a ne-
cessary step, because in real word sceneries exists many data sources each with many
distinct data formats i.e. plain text files, pdf files, xml files, data streams, web pages
etc, so you need to remove the format related data to focus in the content.

2. Input filtering: in this step the input is filtered to remove portions of data that can
produce noise in the next steps. Usually this include to remove strange characters and
punctuation, but this depends entirely on the desired results, i.e. typically you remove
all not letters but if you want to look for emails you need to preserve some special
characters that are constituent of an email addresses like “@Q” and dots.

3. Tokenization: in this step the input text is splitted in its constituent parts (tokens). It
is habitual to split the input in any sequence of one or more whitespace like characters
and that the tokens corresponds to words, but as in the filtering step this depends of
the desired results.

4. Token filtering: in this step the tokens are filtered to preserve only those significant
enough to be stored in the index, it is usual to remove very short or long tokens, and
also to remove the so-called “stop words”, because of its high frequency i.e. English
articles like: a, an, the, etc, that appear in almost every document and hence can’t be
used as discriminative terms.

5. Token transformation: in this final step the tokens are transformed in order to in-
crease the probability of a match to terms in the index.Usually the tokens are converted
to a particular case either lower or upper; in languages with latin accents is usual to
perform a folding i.e. change the accented words by their unaccented counterparts, to
avoid that spelling mistakes affects the match.

Also and with the inclusion of specialized tools like stemmers you can perform morphological
transformations. The stemmers goal is to reduce the tokens to its stem or root form, this is
a simple way to deal with morphological variations, i.e. “fish” is the stem of the words: fish,
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fishes and fishing, so if you perform a lookup over the index for any of those three words,
you obtain matches for all of them.

2.2.3. The information retrieval process

5 . Infarmation
ocuments Need
W R 4
) Query
‘ Indexing :| ( Formulation )
o A 4
Index Query

-

Matching €

h

Document
Ranking

Figure 2.6.: An overview of the general information retrieval process.

The most typical information retrieval process consists of the following three steps [12]:

1. Indexing step: The goal of this process is to build the inverted index, this step is
usually executed in a batch job previous to any interaction with the system. It starts
with the raw data and through the application of the term normalization process
described before, obtains the terms that will be included in the index and also extract
all the required metadata i.e. frequency counts, positional information, etc.

2. Query formulation step: this is the step in which the user information need is
transformed into a query, the goal of this process is to obtain a query that suits the
requirements of the system, i.e. can be matched against the index, this usually is
guaranteed by apply the same term normalization process to both index and query
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terms. The resulting query can range from a simple single term to a more elaborated
composed of many terms with relations between them. In modern full text search engine
implementations is common to see queries that allows the usage of boolean operators,
ranges, proximity between terms, regex like terms and even fuzzy matching.

3. Matching step: in this step the query is executed against the index, as result of this a
subset of documents that match the query are selected. In the case of large collections
the number of documents that match the query can exceed for long the capacity of
a human to scan it manually [26] i.e. one by one. So a final scoring step is required
in order to sort matching documents according to its relevance to the given query,
after this we obtain a document ranking that represents the system answer to the user
information need.

2.2.4. Information retrieval process extensions

The process described in the previous section is the core of any retrieval system, however,
there are many alternatives that extend or even redefine this process. The most popular
extensions are described below.

Relevance feedback

The idea of relevance feedback is to involve the user judgements about the relevance of the
returned results, in order to construct a better representation of the user information need
and then formulate a better query, this feedback and reformulation steps can be repeated
many times until the information need is satisfied.

Relevance feedback is based on the notion that in some sceneries it is difficult to formulate
good precise queries, but in the most cases its easy to judge the relevancy of particular do-
cuments. A typical scenario for this is an image search engine in which it is difficult to find
the right query terms but once images are showed its easy to see if they are relevant or not.
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Figure 2.7.: Information retrieval process with relevance feedback

Pseudo-Relevance feedback

One criticism against the relevance feedback is that given that the user intervention is re-
quired the entire process may become biased and costly. To cope with this problem, a new
automatic approach called pseudo-relevance feedback was proposed [7].

The idea of this approach is to assume that the top k documents retrieved by the original
query are relevant, then take these documents and extract the most representative terms
within them and use those terms to expand the original query. This method has proven to
be very effective to deal with short queries [41].
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Figure 2.8.: Information retrieval process with pseudo-relevance feedback



2.2 Information retrieval 15

2.2.5. Performance evaluation

To measure the performance of an information retrieval system it is necessary to have at least
one query along with their associated ranked results, this allow us to classify the documents
in a collection as relevant or irrelevant, and then compute the following measures.

1. Precision: which corresponds to the proportion of retrieved documents that are relevant
over the total documents retrieved.

[{relevant_documents} N {retrieved_-documents}|

precision = (2.1)

|{retrieved_documents}|

2. Recall: which corresponds to the proportion of relevant documents retrieved over the
total relevant documents.

|{relevant_documents} N {retrieved_documents}|

recall = (2.2)

[{relevant_documents}|

3. F-measure: a measure that summarize the compromise between recall and precision,
which is the harmonic mean between both metrics.

2 x precision x recall

F —measure = (2.3)

precision + recall

A well performant retrieval model should not retrieve irrelevant documents, and at the same
time it should retrieve all the relevant ones, which will be reflected in a high precision and
recall value respectively, however, is a fact that the improvement in one metric degrades the
other [41].

An issue with these metrics is that they are set oriented, and therefore does not take into
account the order in which the documents are ranked, to avoid this problem we can use one
of following metrics, which are ranking aware:

= Precision@N: is a variation over the original precision idea, which only takes into
account the first N results, to obtain precision values at different ranking levels, typical
values for N are 5, 10, 20 or 50.

= Average precision: is a metric which takes into account both precision and recall,
this metric is computed as the average of the precision in the points where the recall
value is 10 %, 20 %, 30 %, etc [35].

» Mean average precision (MAP): is a metric derived from the average precision,
used to measure the performance over multiple queries, is computed as the mean of
the average precision over all queries.
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2.2.6. Information retrieval models

An information retrieval model describes the abstractions and the mathematical foundations
used to implement an information retrieval process, it can be viewed as a blueprint that helps
to share the ideas and formalize the terminology [12].

Vector Space Model (VSM)

This is the most significant model within the area and it is the base for the implementation
of the majority of the search engine implementations available today, it was proposed by
Salton in 1975 [34].

The idea of this model is to represent documents as vectors in a Hilbert space, this is
based on the notion that the best indexing space is the one in which each term lies as far
away from the others, and a Hilbert space meets this requirement given that its dimensions
are mutually orthogonal.

Suppose you have n index terms, each term corresponds to a dimension within the Hil-
bert space, so the space has n dimensions and therefore both documents and queries are
represented by vectors of size n as follows:

d= (wt17wt27 SR ,U)tn)

Where wy; corresponds to the weight associated to the ¢ — esim term for the document, in
the case of the query the weight is always one.

Given that documents and queries are represented in the same way, the match process
consists in compare the vector that represents the query, against the vectors that represents
the documents using a measure of similarity.

The similarity measure proposed is cosine also known as the normalized inner product,
which can be thought as the cosine of the angle that separates the two vectors, this measure
is 0 if vectors are orthogonal and 1 if the vectors are the same regardless of its magnitude,in
any other case its value is between (0, 1).

d«q i jadixg
lall = Nl /300, & = /3o, @

Once the similarity values are computed the documents are sorted in decreasing order based

cos(d, q) = (2.4)

on this value.
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As a measure of term weight, this model propose the usage of TF — IDF', which is the
product of two values:

» TF(Term Frequency): which measure the number of times the term appears in the
document, this under the assumption that frequent terms in a document tend to be
more important.

» IDF(Inverse Document Frequency): which measure the term specificity, which
is computed by taking the logarithm of the quotient between the total number of
documents N and the document frequency df, which is the number of documents
containing the term.

TF —IDF =tf xlog (%) (2.5)

This way TF — IDF shows a balance between the local term frequency and the global do-
cument frequency.

Good points of this model are its ease of implementation and well grounded and struc-
tured foundations, downsides comes from the strong assumptions about the representation
space, i.e. the orthogonality between dimensions which implies that terms can only be com-
pared with themselves, so the similarity between any pair of documents that does not share
terms is zero, regardless of whether the documents can be similar in some sense.

To overcome this problem some methods were proposed, the most relevant ones are the
Generalized Vector Space Model [43] and Latent Semantic Indexing [9], these methods tries
to include term dependencies within the VSM model by exploiting the correlation between
terms obtained from the data, however, these methods were not very successful because they
bring small benefits at high computational cost.

2.2.7. Knowledge based information retrieval

The goal of semantic search is to go beyond term matching through the use of real world
knowledge, in order to have a better understanding of document content and user informa-
tion needs and thus improve the retrieval performance.

Knowledge based information retrieval refers to a branch of semantic search where the tra-
ditional retrieval process is reassembled adding to it semantic capabilities, but the objective
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remains the same i.e. you still want to retrieve documents. This is opposed to semantic search
in the context of the semantic web, in which the objective is to find information or answer
questions about real world entities regardless of the origin of the information as described
in [13].

The real world knowledge is taken from external knowledge sources which can be gene-
ric or specific to a domain and which come in a variety of flavors depending of its structure,
contents and level of detail as described in section 2.1.

Two typical scenarios in which this knowledge can be used to improve retrieval performance
are in the management of term synonymy and polysemy [12]. In the first scenario, queries
can be expanded adding the synonyms of the original query terms improving recall. In the
second scenario, when a query term has multiple meanings, the system can suggest the pos-
sibilities and leave to the user the selection of the right sense improving precision.

Mangold [25] establishes a categorization for semantic search approaches according to seven
dimensions, as follows:

1. Architecture: refers to the architecture of the system.
» Standalone: self contained solution does not use external resources.
= Meta-search: use external resources to provide semantic search capabilities i.e. full
text search engines.
2. Coupling: refers to the coupling between the knowledge source and the data.

= Tight: special purpose KS, in the major of the case the KS is developed specifically
for the solution and the data is manually annotated.

= Loose: apply for general domains, use resources already existing i.e. WordNet [28]
3. Transparency: with respect to the user, i.e. the user take part of the retrieval process
and is aware of that.
= Transparent: user is not aware

= Interactive: the users interact with the system i.e. to solve ambiguity and narrow
queries.

= Hybrid: merge both and example of this can be a system with offers simple and
advanced search modes.

4. User context: use the user to context to narrow and disambiguate queries:
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= Learning: from user behaviour.

s Hard coded: offer a predefined set of queries called question-categories, the cate-
gory is selected by either user or user context examples of question categories are
“location of ...”.

5. Query modification: refers to the method used to improve queries.

= Manually: suggest query modifications based on data from the knowledge source,
but leave the query modification to the user.

= Query rewriting: the system automatically modify the query, by augmenting, trim-
ming or substitute a portion of the query according to some predefined rules.

= Graph based: merge both documents and knowledge source in a unique graph
from which take information to modify the query.

6. Ontology properties: refers to the set of KS properties exploited by the system
= Anonymous properties: use the association or relation regardless of its type.
» Standard properties: use relations like synonym, hyponym, instance of etc.

= Domain specific properties: use domain specific relations i.e. processor architecture
for a computer description.

7. Ontology technology: RDF, OWL,DAML or others.

A survey of the systems that implements this approach can be found in [25]. The focus of this
work is in knowledge based approaches within the biomedical domain which are described
in the next section.

2.2.8. Knowledge based information retrieval in the biomedical
domain

The available biomedical literature has grown exponentially in the last decades, as an exam-
ple in 2014 the MEDLINE database contains around 24 millions of citations. This literature
is of great importance because it can be exploited by researchers and healthcare professionals
in many ways. Search information on such amounts of data is an increasingly difficult task
and services like PubMed only provide basic search capabilities which are not enough on
such scenario, as an example over one third of PubMed queries result in 100 or more hits
[15] that is much information to be scanned manually.

To cope with this problem in the last years new knowledge based information retrieval
approaches have been developed, these approaches tries to overcome the limitations of Pub-
Med and go beyond term matching, by means of the use of domain specific knowledge that
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comes from a variety of resources.

One of the first approaches is XplorMed [31], this systems clusters the results obtained
from PubMed with MESH (Medical Subject Headings) main headings and allows to filter
the results according to these clusters, additionally if performs keyword extraction from re-
sults abstracts and allows to iteratively refine the query using the extracted keywords.

Textpresso [17] present another approach in which the user can define the scope of the
search at sentence, abstract or full text level. It also offers semantic metadata that can be
used to filter the retrieved atoms. The semantic metadata consists of terms from an onto-
logy, specifically built for the system, which are automatically extracted from the text using
a simple approach based on case folding and light stemming.

GoPubMed [11] use the GO (Gene Ontology) [3] to provide a nice interface to navigate
PubMed search results. The results are enriched with semantic metadata in the form of GO
and MESH terms which are previously identified using a method based on local sequence
alignment. This semantic metadata can be used to filter results or narrow queries iteratively.
The interface highlight both search hits and semantic metadata and provide context infor-
mation obtained from the corresponding ontology.

MEDIE [29] presents a hybrid approach between natural language processing and know-
ledge based information retrieval in which the idea is to identify abstracts which contains
triplets in the form subject, verb and object, where the subject or the object corresponds to
terms categorized as diseases within UMLS (Unified Medical Language System). Later this
triplets can be used to perform semantic queries i.e. this question ; What causes lung cancer?
can be represented by a semantic query that match “cause” as verb and “lung cancer” as
object.

MedEvi [19] provides ten biological categories i.e. drug, gene, etc which can be used along
with typical terms in the formulation of semantic queries, it also suggests candidate query
terms by performing an information extraction step for entities like genes, proteins and GO
terms over the initial query results.

GeneView [42] integrates the output of ten different information extraction tools and aligns
its results with multiple knowledge sources like MESH, chemSpot, drugBank, dbSNP, etc.
The resulting semantic metadata is used to provide a rich visualization of retrieved results
which include context information about the present entities and their relations.

This approaches can be categorized according to the seven dimensions defined in the previous
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section as follows:
XplorMed | Textpresso GoPubMed | MEDIE MedEvi GeneView
3] [17] [11] [29] [19] [42]
Architecture | Metasearch | Metasearch Metasearch | Standalone | Standalone | Metasearch
Coupling Loose Tight Loose Loose Loose Loose
Transparency | Interactive | Interactive Hybrid Interactive | Interactive | Hybrid
H H
Hard Coded ! ard coded ! ard coded
User context | - . - - l.e. concept | 1.e. concept
i.e. scope }
category Instance
Quelty _ Manually Manually Manually - Manually -
modification
tol
Ontology Standard Standard Standard Standard Standard Standard
structure
Ontology Other Other Other Other Other
technology MESH based on GO | GO UMLS GO

Table 2.1.: Categorization of knowledge-based IR approaches within the biomedical domain
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2.3. Automatic term mapping

Automatic term mapping (ATM) is an information extraction (IE) subtask, its goal is to
identify term mentions within text and associate those mentions with an unique entry wit-
hin a terminology. It differs from tasks like automatic term recognition (ATR) and entity
recognition (ER) because it tries to establish the exact term identity not only the presence
of a domain term or a category.

As an example take the following sentence and assume you are working in the biomedi-
cal domain looking for terms associated with diseases:

“Non-small cell lung cancer in young adults is a rare...” !

In the context of an ATR task the expected output must differentiate between text portions
that contains domain terms and those that do not.

<domain-term>Non-small cell lung cancer</domain-term> in young adults is a rare.

In the context of an ER task the expected output must mark text portions with a broad
category label.

<DISEASE>Non-small cell lung cancer</DISEASE> in young adults is a rare.

In the context of an ATM task the expected output is much more specific and tries to as-
sociate a text portion with an term instance, in this example the text portion is associated
with the SNOMED-CT concept with ID 254637007 which belongs to the category disease.

<SCTID:254637007>Non-small cell lung cancer</SCTID:254637007> in young adults is a
rare.

ATM is a critical step needed to exploit the information contained in ontologies and termi-
nologies in task such as information retrieval and semantic integration, however, due to its
complexity it still is a bottleneck in the process [21].

2.3.1. Automatic term mapping challenges

ATM methods can range from simple ones which only deal with exact matching on single
terms, to more sophisticated approaches in which you have fuzzy matching and can manage

! Ahttp://www.ncbi.nlm.nih.gov/pubmed /25725079
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non continuous and non ordered terms, expand synonyms, detect abbreviations and deal
with ambiguity resolution. But independently of the approach ATM methods always face
three main challenges which are discussed below.

Language variability

The high degree of variability in natural language text [27] brings a big challenge for ATM
methods because it makes hard to match text and terminological resources, this language
variability can be categorized as follows:

» Orthographic: are variations given by either orthographic rules or orthographic errors,
as example the terms “cauterization of Bartholin’s gland” and “cauterization of Bart-
holin gland” refers to same term with a small difference in its orthography.

= Morphological: are given by inflectional or derivational variations of a lexical unit, as
example the terms “transcription intermediary factor-2” and “transcriptional interme-
diate factor-2” refers to the same term, but with different morphological variations i.e.
intermediary and intermediate.

» Lexical: refers to variations in the lexical units used to express a concept, as example
the terms “bacterial septicemia” and “bacterial sepsis” represent the same concept
using different lexical units.

The use of abbreviations also brings a challenge which is particularly critical in the case of
the biomedical text due to its richness in acronyms and abbreviations [20]. The issue with
the abbreviations comes from the fact that they are constantly changing and hard to detect
because its generation does not follows any pattern, so a significant effort is required to
maintain terminological resources up to date [40].

Ambiguity

Another challenge for ATM methods is ambiguity, which refers to the scenario in which a
lexical unit, word, stem or token has multiple meanings or senses. The two main scenarios
of ambiguity in an ATM task are:

= Ambiguity due to homonymy when a word has multiple meanings, as an example
within SNOMED-CT(r) the word radius appears in the following terms:

e SCTID281272010 Radius (Body Structure)
e SCTID735563018 Radius (Qualifier Value)
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Which refers to a bone and a geometric property respectively, ideally and ATM method
must perform disambiguation and choose the right sense to obtain a correct mapping.

= Ambiguity due to abbreviations or acronyms which corresponds to more that one long
form or expansion, as example the acronym "MRgan refer to ”Mitral Regurgitation.°r
”Magnetic Resonance”.

Terminology completeness

The performance of ATM methods always will be bounded by the richness and completeness
of the terminology resources used. You can have sophisticated ATM methods but without
the appropriate terminological resources they are useless. It is important to note that the
biomedical domain is the domain with the most rich terminological resources available [30].

2.3.2. Performance evaluation

To measure performance of ATM task you need almost one document along with a set of
annotations which associate text portions with instances in a terminology using an unique
identifier. This allows to classify resulting annotations as either correct or incorrect and then
use traditional IR metrics like precision, recall and f-measure which are described in section
2.1.5.

2.3.3. Automatic term mapping in the biomedical domain

ATM methods have been of particular interest within the biomedical domain, mainly be-
cause ATM is required as a previous step for tasks that aim to exploit the rich knowledge
sources available for this domain. However, although much research work has been done in
this area, there are very few available tools to perform ATM [4].

MetaMap [2] is the gold standard it was developed by the National Library of Medicine
(NLM) to map free text to concepts within the UMLS (Unified Medical Language System)
metathesaurus, it is widely used for many tasks including the indexing of MEDLINE abs-
tracts [45].

The approach of MetaMap is described as a linguistic intensive approach in which the input
text is processed through an analysis pipeline, which perform task such acronym detection,
sentence detection, tokenization, lexical variant generation, candidate scoring and disambi-
guation.

The main advantages of MetaMap are its configurability and ease of installation and usa-
ge, the drawbacks are they strong coupling with UMLS and other handmade resources, its
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slowness, poor scalability capabilities and that only works for english [2].

MGrep [8] is a command line tool that extends unix grep behaviour by allowing the matching
across multiple lines, it is used to empowers the Open Biomedical Annotator (OBA) service
[16], when evaluated it shows high precision rates at the cost of recall [6], its advantages
comes from speed and ease to use.

Peregrine [39] propose a lightweight approach that process input text through an analysis
pipeline which perform tokenization, variant generation, filtering and simple disambiguation
to normalize gene names and them match it against terminology entries.
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2.4. Semantic similarity measures

Semantic similarity measures (SSM) refers to a group of metrics used to evaluate the degree
in which a pair of concepts are similar, these metrics were designed with the objective of
imitate human judgments about similarity [30]. As SSM try to imitate human judgments,
they performance is evaluated by the positive correlation against manually build judgments.

SSM are a particular case of semantic relatedness measures (SRM) because it focused in
concepts of the same type which are contained within the same “IS A” hierarchy, while
SRM use relations other than “IS A” to measure a more general notion of similarity between
concepts of different types.

2.4.1. Path based measures

The first notion of similarity within a hierarchy is based in the idea that the similarity bet-
ween a pair of concepts is inversely proportional to the length of the path that connects them
within the hierarchy, as can be seen in figure 2.9 the path length is obtained by counting the
number of edges without take into account its direction.

Body structure

Body organ
structure

Digestive
organ structure

Salivary Stomach
structure structure

Figure 2.9.: Similarity by path length
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This notion of similarity has a problem it consider all paths within the hierarchy equal,
that is not a good idea because it ignores the fact that more general concepts are found in
hierarchy first levels while specific ones are found in leafs as can be seen in figure 2.10, so
the weight of the paths in the most depth levels cannot be considered equal to the weight of
the paths in the first levels.

N Disease

IS A ]
|

Autoimmune
disease

IS A
|

Rheumatoid
arthritis

IS A
|

Felty's
syndrome A

Aggregation

Specificity

Figure 2.10.: IS-A hierarchy fragment from Snomed-CT

To deal with this problem Wu [44] and Leacock [22] propose measures that include the depth
in the hierarchy within its computation. These measures use the depth of the least common
subsumer (LCS) concept as scaling factor to assign more weight to paths on the deepest
levels as can be seen in figure 2.11. Where the LCS corresponds to the most specific concept

which is an ancestor of the concepts which are compared.

Another issue with path based measures is given by the non uniformity in the structure of
the hierarchy, which is evidenced by the fact that concrete concept i.e. leafs can be found
at any level, and therefore the specificity of a concept cannot be associated only with its
hierarchy depth. To deal with this problem a new kind of measures that take into account
factors other than path length and depth level were developed one of these approaches will

be described in the next section.
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Level 1 Body structure

Body organ LCS
Level 2 structure Depth Level

Level 3 Digestive
organ structure

Stomach
structure

Salivary
structure

Figure 2.11.: Path based scaled by depth level

2.4.2. Information content based measures
Information content

Information content (IC) value provides a measure of the amount of semantic content carried
by a concept [36], general concepts have an IC value close to zero, while specific or concrete
ones have a value close to one. IC values are used to deal with some of the drawbacks of
the path based SSM described before. In particular IC values are used to build a new set of
SSM that are aware of the specificity of the concepts and produce results which are close to
human similarity judgments.

There are many methods used to compute IC, some of them used a corpus based approach
like the proposed by Resnik et al [33], however, these approaches suffer of problems of scala-
bility and are data dependent [37]. To overcome these problems new methods characterized
by rely solely in the structure and information contained in ontologies and hierarchies were
developed this kind of methods are referred as intrinsic methods.

The knowledge modelling process used in the construction of hierarchical knowledge sources,
in which new abstract inner concepts are introduced to generalize concrete ones can produce
as a result that a great portion of the concepts in a hierarchy corresponds to abstract ones
i.e. around 21 % of WordNet [28] nodes corresponds to inner ones [10]. Moreover, the set of
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leaves in a hierarchical knowledge source should accurately define and cover all the scope of
the modeled domain. Starting from these two arguments Sanchez et al. [37] propose a new
IC intrinsic computation method which avoid inner nodes and focus only on leaves when
compute IC values, the method is as follows:

Lets C denotes the set of concepts in an hierarchical knowledge source, then define the
following subsets over C:

leaves(a) = {l € C|l € hyponym(a) Al is aleaf} (2.6)

subsummers(a) = {s € C| where a is hierarchical specialization of s} (2.7)

Then the IC value for a concept a is computed as:

max_leaves + 1

|leaves(a)|
—lleavesla)__ 4
10 — _log < |subsummers(a))| > (28)

and max-leaves as the number of leaves corresponding to the root node.

Lin’s semantic similarity measure

Lin et al [23] introduce a general notion of similarity based on an information theoretic ap-
proach which is applicable in a variety of domains and problems, such notion is applied to
define Lin’s SSM as follows:

| 2% IC(LCS(a,b))
simrin(a,b) = IC(a) 4+ IC(b)

(2.9)

Where IC refers to the IC content value and LCS refers to the least common subsumer of
the respective concepts.

Lin’s SSM with IC values computed using the intrinsic approach described in the previous
section has been tested, the results obtained shows a correlation of 0.85 in a general domain
[37] and a correlation of 0,79 in the biomedical domain using SNOMED-CT as hierarchical
knowledge source [36].
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This chapter describes the system proposed in this work called KBMed a knowledge-based in-
formation retrieval system. This chapter also includes a detailed description of Term-mapper
an ATM tool developed in this project to automatically extract the semantic metadata re-
quired by KBMed.

3.1. KBMed

KBMed is a knowledge based IR system which extends the traditional IR process by adding
a semantic layer which makes use of semantic metadata obtained by means of IE techni-
ques, to provide query suggestions and result exploration capabilities in the top of a full
text search engine. It also exploits this metadata to construct a knowledge based retrieval
approach which tries to overcome some of the limitations of the traditional keyword based
retrieval.

Using the categorization introduced in section 2.2.7 KBMed is classified as shown in the
table 3.1. There are some features of KBMed that go beyond the classes used in this catego-
rization, these features include the knowledge based retrieval approach and the possibility
of using the ontology structure to navigate the results.

Architecture Meta search engine

Coupling Loosely couple

Transparency Hybrid

User context Hard coded i.e. concept instance

Query modification | Hard coded i.e. concept instance

Ontology structure | Standard

Ontology technology | Other

Table 3.1.: KBMed categorization according to Mangold classes [25]

This section describes KBMed features including query schemes, aided query refinement
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strategies, results exploration and the knowledge based retrieval process used to build the
semantic ranking.

3.1.1. Query schemes

KBMed is a metasearch engine which adds a semantic layer in the top of a full text search
engine, given this it provides a variety of query schemes that range from traditional keyword
search to a more elaborated knowledge based scheme based on semantic metadata, each of
these retrieval schemes along with the associated retrieval process is detailed in the following
subsections.

As a previous step to the retrieval processes in all the query schemes, it is necessary to
perform a query formulation process, in the case of KBMed this process is quite simple
and consist on choose all the different keywords and concepts entered by the user, then the
keywords are combined using the “OR” operator, and the concepts are combined using the
“AND” operator, thus obtaining a keyword query and a concept query respectively.

Query by keywords

Keyword Results

Semantic

m— Metadata

Ke - WS Summary
Dﬁue Retrieval
ry Process

3 Document
Ranking
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Relevance
Feedback

r

Knowledge Based Results

Semantic
= Metadata
Summary

Concept
CQuery

Knowledge Based
Retrieval Process

Semantic
— Document
Ranking

Figure 3.1.. KBMed retrieve by keywords process
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In this scenario the user enters one or more keywords which represent its information need,
from those keywords a keyword query is formulated and then the retrieval process in figure
3.1 is executed as follows:

1. Keyword query is used to perform a standard VSM retrieval process, obtaining as
results a ranking of relevant documents along with its semantic metadata.

2. Then a pseudo-relevance feedback process is executed using the top 10 documents in the
ranking, from this documents the most relevant concepts are extracted using TF—IDF
weight average as criteria, this subset of relevant concepts is used to formulate a concept

query.

3. Then the concept query is used to perform a knowledge based retrieval process, ob-
taining as result a semantic ranking of relevant documents along with its semantic
metadata. The knowledge based retrieval process will be detailed in section 3.1.1.2.

Query by concepts
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Cuery Retrieval Process
Semantic
= Document
Ranking

Figure 3.2.: KBMed retrieve by concepts process

In this scenario the user enters one or more concepts which represent its information need,
then the retrieval process in figure 3.2 is executed as follows:
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1. The concept query is used to formulate a keyword query, this keyword query is built
using the words in the terms associated to the concepts in the original query.

2. Then a standard VSM retrieval process is executed obtaining as results a ranking of
relevant documents along with its semantic metadata.

3. Simultaneously the concept query is used to perform a knowledge based retrieval pro-
cess, obtaining as result a semantic ranking of relevant documents along with its se-
mantic metadata.

Query by both keywords and concepts

Keyword Results
Semantic
— Metadata
Summary
Keyword Cuery V?M
Que Rewritin Retrieval
b g Process
3 Document
Ranking
Knowledge Based Results
Semantic
= Metadata
Concept Knowledge Based Summary
Cuery Retrieval Process
Semantic
= Document
Ranking

Figure 3.3.: KBMed retrieve by both keywords and concepts process

In this scenario the user enters one or more keywords and one or more concepts which re-
present its information need, from that input a keyword query and a concept query are
formulated, then the retrieval process in figure 3.3 is executed as follows:

1. Keyword query is rewritten adding to it the words present in the terms associated with
the query concepts.

2. Then a standard VSM retrieval process is performed, obtaining as results a ranking of
relevant documents along with its semantic metadata.
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3. Simultaneously the concept query is used to perform a knowledge based retrieval pro-
cess, obtaining as result a semantic ranking of relevant documents along with its se-
mantic metadata.

3.1.2. Knowledge based retrieval process

Documents
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Process
Information
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Knowledge
Based
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Document
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Figure 3.4.: Knowledge based retrieval process

The knowledge based retrieval process implemented in KBMed is an adaptation of the VSM
which redefine two aspects to make it compatible with a knowledge based search scenario.

The first aspect is the document representation which is based on concepts instead of words,
that means that a document is represented by a vector of size n as follows:

= (wClawc27 'H)wcn) (31)
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Where the values w,; to the weight associated to the i-esim concept for that document or
zero if the document does not contain the concept, and n corresponds to the total number
of different concepts identified in the collection.

It is important to note that the concepts used to represent the documents, corresponds to
concepts in a knowledge source, which are previously identified by means of an ATM process
executed by term-mapper a tool that will be described in a section below, and the weight
associated which each concept is computed using a TF-IDF weighting scheme.

The second aspect is the similarity measure used to rank the documents according to its
relevance for a given query, the measure used by this model is a variation of the extended
cosine similarity, this measure was originally proposed to extend cosine similarity adding to
it the capacity to handle term dependencies [43].

In this work this measure is extended as in [14] to handle concept semantic similarities by
replacing the term correlations factor by the sim(c;, ¢;) factor which corresponds to the lin’s
semantic similarity computed over the “IS A” hierarchy of the knowledge source, this way it
allows to compute a pair wise semantic similarity measure between the documents and the

query.

Yoy Z?:1 d; * q; * simyy (concept;, concept ;)

\/Z?:1 dzz * \/Z?:I qi2

It is important to note that the computation of this measure is very expensive in terms of

ext-cos(d, q) = (3.2)

computation time, because it requires to compute the product between the weight of all
the concepts in the query and all the concepts in every document in the collection and its
respective semantic similarity, thus it is infeasible for large collections.

To deal with this problem we propose to use an approximation to this measure, which only
takes into account a subset of the documents, this subset consists of the documents which
contains at least one of the £ = 50 most similar concepts to any of the query concepts. This
way the measure is computed against the documents in the subset not the whole collection.

3.1.3. Aided query refinement

Within KBMed there are two strategies used to help users to formulate and narrow its
information needs and thus build better queries. The first strategy is an input field with
autocomplete capabilities which offer suggestions for words and concepts based on the cha-
racters introduced in the query field as can be seen in figure 3.5. This way the user can easily
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find a concept which represents its information need and then formulate a concept query.

KBMe d Search About

cancer of|
Results Semantic Results Concepts
Cancer of cascum DISORDER
Cancer of cecum DISORDER
Cancer of lip DISORDER
Cancer of anal canal DISORDER
Cancer of adrenal gland DISORDER

Figure 3.5.: KBMed concept suggestion based on prefix

The second strategy is posterior to a query and use the query concepts to suggest more spe-
cific concepts in the knowledge source hierarchy, punctually it suggest the direct childrens
of the query concepts as can be seen in figure 3.6.

KBMe d Search About

Liver cancer x

Suggestions:

Figure 3.6.: KBMed concept suggestion based on hierarchy

3.1.4. Results visualization and exploration

KBMed include many features that improves the results visualization and exploration as
can be seen in figures 3.7 and 3.8, such features include highlighting of both keyword and
concepts matches, detailed metadata about concept annotations and faceting filtering using
the knowledge source data.
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The keywords highlighting functionality is useful because the user can quickly discard not
relevant results by looking the context of the match which is provided as a text snippet. The
concept annotations highlighting provide a quick way to find concepts in the text, in addition
when the user click on an annotation the system shows a tooltip with additional information
which include the concept description, its synonyms, and the hierarchical categorization of
the concept which can be used to refine the search.

The faceting filtering is designed to provide a summary about the most significant concepts
found within the subset of documents that match the query. The significance of the concepts
is computed using a measure that compares the ratio between the frequency of the concept
annotations in the results and the frequency in the whole collection as described in equation
3.3, this score is used to select the most significant concepts which will be used as facet filters.

results— frequency )
total—results
( global— frequency )
total—documents

signi ficance = (3.3)

Search

cancer x Search

Results Semantic Results

Metastatic colorectal cancer to a primary thyroid cancer
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Enfire breast =¥ DOI: 10.1186/1477-7819-6-122
_ PubMed Central: http:/fww.ncbi.nlm.nih.gov/pmc/articles/PMC2588591
Entire prostate €D resection of oligometastatic metastatic colorectal cancer and chemotherapy. Conclusion Metastatic rectal
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Cancer treatments transform residual cancer cell phenotype
- Authors: Har William W
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g €D DOI: 10.1186/1475-2867-11-1
) PubMed Central: http:/iwww.ncbi.nlm.nih.gov/pmc/articles/PMC3022788
Entire lymph nod
nire fymph node @ behaviors may have particular relevance to how cancer cells can be predicted to behave after treatments
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The cancer burden and cancer control in developing countries
Chemotherapy 2780 Authors: P anl Paola
DOI: 10.1186/1476-069X-10-51-52
Radiation oncology D Fubr-,i‘ed.Cent’aI: http:.-'.-"'.w.vw.ncbi.nIm.nih.gc.n.r."p.mc.-'articles.w"Ph1030?3194 . . .
contribution summarizes some of the priorities in cancer prevention in developing countries and the underlying
Determination of prognosis @
Overexpressmn of Pim-1 in bladder cancer
FINDING Authors: Qiu, bh aopeng; Huang, Bin; Chen, Junxing; Xu, Zhenbo; Jin, Chu; Mao, Xiaopeng; Guo, Shengjie
DOI: 10.1186/1756-9966-29-161
Tumor progression @ PubMed Central: http:/iwww.ncbi.nlm.nih.gov/pmc/articles/PMC3012037

a role in different cancer types, however, the function of Pim-1 in bladder cancer is poorly understood

Figure 3.7.: KBMed results visualization
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3.1.56. System architecture
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Figure 3.9.: KBMed components diagram

The architecture of KBMed was conceived as a service oriented architecture, in which each
component exposes a set of services through RESTful interfaces that use JSON as common
idiom. These RESTful interfaces are consumed by a web application which is the face of the
system.

The main considerations followed in the design and implementation of KBMed can be sum-
marized as follows:

Build the entire system using only open source technologies

Build a system easily scalable that can cope with real scale problems

Build a system that can be extended to work in many domains and with any KS

Build a system that can be easily integrated with existing F'T'S solutions
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s Use a basic modern web architecture i.e. rich client which consume backend services

In the following sections a description of the system components along with its role and
functionality is given.

Document and semantic metadata repository

Elasticsearch® is an open source search server built in the top of Apache Lucene? the most
popular full text search library which is available as an open source project.

In addition to its search capabilities Elasticsearch can be used as an efficient document store,
this is because Lucene can store whole documents without incur in a significant overhead,
this feature is exploited by KBMed to store both the document and the semantic metadata,
this way all this information is obtained when a document is retrieved as a part of the answer
to a query. A sample of a document stored within Elasticsearch can be seen in figure 3.10.

"_id" : "5218f858b87842db15264830" ,
"article" : {
"pmid" : "20672081",
"title" : "Metastatic Melanomas Express Inhibitory Low Affinity Fc Gamma Receptor and Escape Humoral Immunity",
"abstract" : "Our research, inspired by the pioneering works of Isaac Witz in the 1988s, established tha....",
"fulltext" : "1. Introduction The analysis of different types of tumor biopsies by immunohistochemistry....",
"doi" : "1@.1155/2018/657486",
"pmc=article=url” : "http://www.ncbi.nlm.nih.gov/pmc/articles/PMC2985727",
“figures* : [
{
"iri" : "DRP2010-657486.801",
“caption” : " The human Fc gamma Receptors. Structure of Human Fc gamma....’
}r
{
"iri" : "DRP2018-657486.082",
“caption”™ : " Tumor Fc y RIIB1 expression inhibits metastatic melanoma growth....'
}
1,
"authors" : {
"author" : [
"Loncar, Shannon M.",
"Fridman, Wolf Herman",
"Sautes-Fridman, Catherine

Figure 3.10.: Example document within ElasticSearch

It is important to note that some parts of the semantic metadata are stored within the index
in a way that they can be searchable, this allow to search documents annotated with certain
concepts, this is done by add the set of distinct annotations as an independent field within
the index.

Thttp://www.elasticsearch.org
Zhttps:/ /lucene.apache.org
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"mappings" : {
"mappings_by field" : {
"title" : [

1,
"abstract" : [
{
"id" 1 "121122809",
"spans" ! [
"laaa-1004",
"1287-1211

}
]
ks
"all_mappings" @ [
"55522006",
"121122609",
"49616005"

b

Figure 3.11.: Example semantic metadata within ElasticSearch

Full text search engine

Elasticsearch provides a distributed and scalable solution that offers all the functionalities of
Lucene through a RESTful API. Within KBMed we use Elasticsearch to provide the full text
search capabilities of the system, and also to enable functionalities like term and concept
suggestions, faceted navigation and result highlighting.

Knowledge source

This component is a Java application which offer a variety of services to access the data
in the knowledge source i.e. terms, concepts and relations. It also maintains an in memory
representation of the ontology hierarchy in order to allow fast queries over this structure,
and also give access to pre-computed values about the information content and similarity
between concepts which are required by other components in different process.

Knowledge based retrieval engine

This component is a Java application that implements the retrieval algorithm described in
section 3.1.1.2.
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Knowledge services

This component is a Java application which offers an unified RESTful API interface to access
the functionalities in the knowledge source and knowledge based retrieval engine components,
this API will be described in detail in the appendix 2.

Key-Value Store

Redis? is an open source key-value store which is fast, lightweight and easily scalable. Within
KBMed we use Redis to persist data like:

= Pre-computed information content of the concepts in the knowledge source
= Pre-computed semantic similarity between the concepts in the knowledge source
= An inverted index which maps annotations to documents

It is also used to store volatile data which only is retained for a short time period i.e. a search
request, example of this kind of data are knowledge based rankings and the sub-hierarchies
used to filter results.

Web application client

KBMed  scarcn

Clear Al

Suggestions:
Results Semantic Results
e STUENRE Treatment of colorectal liver metastases
Liver struclure o) et
r p:/iwww.ncbi.nim.nih. gov/pme/articles/PMC3251538
Entire colon @D cancer (CRC)is the third most common cancer in the word. Liver metastasis is the most common
Entire It [[1301] . . . - .
nire luna STATS3 activation in monocytes accelerates fiver cancer progression
Entire breast m Zheng-Sheng; Meng, Xiang-Ling; Li, Jun; Wu, Wen-Yong
n:b\ nim.nih.gov/pme/articles/PMC3241618
Entire irunk of portal vein @ Aberrantly h)psr -activated STAT3 signaling in cancer cells and in the tumor microenvironment has been
Entire bile duct [ 165
rs for liver cirrhosis and hepatocellular cancer in individuals with fatty liver disease
SUBSTANCE eeves, Helen L; Hudson, Mark; Stewart, Stephen; Day, Christopher P; Patman, Gillian L; Beale, Gary S; King, Barry P; Miele, Luca; Chattopadhyay, Dipankar; Gi
Liver tissue m ncbi.nlm.nih.gov/pmc/articles/PMC2729079
Background Non-alcoholic fatty liver disease (NAFLD) has a prevalence of over 20% in Westem societies
Alanine aminotransferase 392 ] L N )
multidisciplinary management of stage IV colorectal cancer with liver metastases
Biliubin [ 2: ) > Paul Mark; Schmidt, Carl R; Abdel-Misin, Sherif Raafat Zikry
72
Bile (295 ) al: hitp: /www.ncbi.nlm.nih.gov/pmelarticles/PMC2763868
\e management of stage IV colorectal cancer with liver metastases has historically involved a multidisciplinary
FINDING - ) . T .
Clinicopathologic and gene expression parameters predict liver cancer prognosis
Liver normal [ 365 ] Authors: Sham, Pak C; Poon, Ronnie T; Ferguson, Mark D; Ng, Irene O; Zhong, Hua; Greenawalt, Danielle; Lee, Nikki P; Chudin, Eugene; Mao, Mao; Xie, Tao; Zhang, Chunsheng; Zhang, Bin; Wang, Kai; Lamb, John; Hao, Ke; Luk,

ohn M: Dai. Honavue: Schadt. Fric F: Molonv. Cliona

Figure 3.12.: KBMed web application snapshot

This is a web application developed using technologies such as HTML5, CSS3, Bootstrap,
Javascript, jQuery, Backbone JS, etc. It is a rich client which invokes through AJAX the

3http://redis.io
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RESTHful services exposed by the other components in the system and dynamically renders
the appropriate views.

It is important to note that this client works in two different ways, depending of the estimated
time required by the back-end service to process a request. If the response can be generated
immediately by the back-end it works in a near to synchronous way which waits an immediate

response.
Backend
Services
aoe
Keywords € Request———— ¢
Search L L e —
Client

Figure 3.13.: Synchronous processing

In the other case, if is expected that the response takes a long time, the back-end generates
a response with a process token which is used later by the web application to obtain the
result once this is generated. This way it works asynchronously using Redis as intermediary
to decouple long run processing tasks from HTTP requests/response, thus offering a better
user experience.

Backend
Services

Knowledge |e—————rRequest

Based Response
Search Process =——
| Token Client
Process
Result

Key-Valu
Store

ESTful
interface

R
Request F
Process -~ A\ )
Result

Client

Figure 3.14.: Asynchronous processing



44 3 Proposed approach

3.2. Term-mapper

Term-mapper is an ATM software which was developed with the aim of build a tool that
offers a good balance between complexity and speed, that can fill some of the gaps left by
available tools, in that sense the main goals pursued while developing Term-mapper were:

Develop a tool capable of work with many languages initially English and Spanish.

Develop a tool that can be easily extended to work with any knowledge source.

Develop a tool that does not rely on manually build resources, this is motivated by the
fact that terminology resources are growing and changing constantly [4], so is desirable
that methods for ATM does not depends of this kind of resources which are costly and
hard to maintain.

Develop a fast tool that can scale to thousands or even millions of documents.

The ATM method implemented by Term-mapper is inspired by the method of Metamap [1]
with some modifications motivated by the goals explained before. In the following sections
an overview of the approaches used by Term-mapper for solve ATM challenges is given, after
that a detailed description of the mapping algorithm is presented.

3.2.1. Dealing with language variability

Language variability is a big challenge for ATM methods, Term-mapper use three different
strategies to cope with this problem.

The first strategy tries to cope with acronym mentions, it use a regular expression based
recognition of author acronym along with an acronym dictionary, which in combination with
the method in [40] are used to identify acronym mentions along with its extended forms.
These mentions are directly mapped and therefore skip the remaining mapping process.

The second strategy tries to deal with orthographic variations, it use the spell checking
capabilities of Apache Lucene and a previously build lexicon index to identify and correct
misspelled words, the lexicon is build using the words in the knowledge source and a set
words that comes from an external source, which in our case corresponds to a list of around
250000 words.

The third strategy is the use of an stemmer for the corresponding language in order to deal
with morphological variations, in particular we use the Snowball implementation [32].
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3.2.2. Ambiguity resolution

The ambiguity resolution strategy is based on the work of Schadd et al. [38] which proposes
a disambiguation method for ontology alignment based on the construction of virtual docu-
ments and standard IR techniques.

The idea of this method is to build a new collection of so called virtual documents which
are composed by the information in the knowledge source and are used to represent each
concept along with its context. The information used to build the virtual documents includes
the concept itself, its description or definition, its synonyms and the set of concepts which
are directly connected with him which are referred as neighbors, a simplified representation
of a virtual document can be seen in figure 3.15.

290006

Category: disorder

Description:
Melnick-Fraser syndrome

Terms:
Melnick-Fraser syndrome
BOR syndrome
Eranchio-oto-renal syndrome

Meighbors:
Kidney
Renal structure
Congenital anomaly of kidney
Congenital malformation

Figure 3.15.: SNOMED-CT virtual document representation example

Once the virtual documents collection and the inverted index are created, when an ambi-
guous mapping appears a standard retrieval process using a VSM approach is performed,
this retrieval process is executed using as query a portion of the sentence which is currently
mapped, in particular, we use a portion of up to ten tokens before and after of the span
which englobes the ambiguous candidate mapping.

Then the results of the retrieval process are used to select the correct sense, choosing the
concept associated with the virtual document which ranks first for the query among the
possible concepts senses. If this process is not enough to solve the ambiguity then the most
concrete concept is selected using information content as criteria, if the ambiguity persist
then all mappings are preserved as possible senses.
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3.2.3. Term-mapper algorithm

The mapping algorithm implemented by Term-mapper requires a group of index structures
that allows for fast lookups over the terminology and the words in a lexicon, these index must
be constructed as a previous step or step zero. As shown in figure 3.16 the main inverted
index is built starting from the terminology, and the spell index is built using the words
from both the terminology and the general lexicon. Finally the virtual documents required
for the disambiguation process are generated and indexed using Apache Lucene.

Virtual Vllr:‘l‘llert[lzcs
Documents
Index

Virtual
Documents
Generation

= Terms
Terminology m Inverted
L ) Index
—
General Spell
Lexicon Index
'ﬂ-...________..ﬂ

Figure 3.16.: Term-mapper indexing

Once these index are built, Term-mapper is ready to perform the mapping process, this
process receives as input a set of documents, each document consist of an identifier and and
a set of fields along with its corresponding content. The output of the process consist of a set
of annotations for each document field, an annotation consist of a concept or term identifier
along with its exact position within the field value.

Documents
+

Annotations

Term
Documents mapper

Figure 3.17.: Term-mapper mapping overview
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The mapping algorithm in Term-mapper is composed of four main steps as shown in figure
3.18, a detailed description of each one of these steps is given below.

Step 1 Step 2 Step 3 Step 4
Pre- rozessin Candidate > Candidate |[—={ Candidate
P 9 Generation Scoring Filtering

Figure 3.18.: Term-mapper mapping algorithm overview

Preprocessing

Step 1-Preprocessing

Sentence )
. Dacument Field
Document Parsing _ Boundary
Fields - Sentences
Detection

Sentence Sentence Acronym Final
Parsing Tokens Detection Tokens

Figure 3.19.: Term-mapper mapping algorithm pre-processing step

In this step the document is loaded and converted to a suitable representation, then for
each field in the document a process of segmentation by sentences followed by a term nor-
malization and classification process is executed. The result of this phase is a list of tokens
classified either as acronyms from a dictionary, candidate acronyms according to its shape,
words, stop words, numbers or alphanumerics.

The candidate acronyms are evaluated if they are already identified as author acronyms they
are marked and the process continue, if not they are evaluated trying to identify its long form
within the scope of the current sentence, if a match is obtained they are added as author
acronyms if not they are discarded and the process continuous.
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Candidate generation

Step 2 - Candidate generation

Selected Index Candidate Build Sentence
Tokens Loockup Terms Mappings Mappings

Exact Match
Selection

Spell Checker
Selection

Stemming
Selection

Figure 3.20.: Term-mapper mapping algorithm candidate generation step

In this step all tokens classified as words in the previous step are used to build candida-
te terms set. There are three term selection strategies which are used to obtain candidate
terms. The first strategy is look for an exact match. The second strategy use a spell checker
to deal with typing errors and simple orthographical variations, in this strategy each word
that is not contained within the spell index is replaced by the most frequent word among
the most similar words found above a threshold of 0.85, the similarity is computed using a
normalized score based on the Levenshtein distance. The third strategy use a stemmer to
deal with morphological variations.

Then for each term in the candidate terms set a representation of the mapping is cons-
tructed, this new representation is more suitable for the subsequent steps and contains the
index of the matches in both the term and the sentence along with other data that will be
required in future steps.

It is important to note that each candidate term can appear more than one time in a
sentence, so one candidate term can generate multiple mappings. The method used to deal
with this scenario is based in a windowed scanning of the sentence tokens, that splits a
mapping if finds a gap in the match greater than twice the length of the term in tokens.

Candidate scoring

In this step each candidate mapping is evaluated using a scoring function, the score obtained
reflects the quality of the mapping and is used in a later step to discard bad mappings. This
function is inspired by Metamap’s scoring function [1], but is simpler and do not take into
account any language dependant measure. The score is computed as follows:
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Step 3 - Candidate scoring

Scoring Scored
Function Matches

Figure 3.21.: Term-mapper mapping algorithm candidate scoring step

score = ay * coverage + g * variation + as x dispersion (3.4)

The coverage indicates how much tokens in the candidate term are matched by the text
chunk:

> Wi

The variation indicates the quality of the matches, penalizing those matches that are only

coverage = (3.5)

possible if the spelling corrector or the stemmer are used.

1

total_variation®

mapping_variation = (3.6)

Where the total variation is the sum of each token variation which depends of the match
type as follows:

0 exact match
token_variation = ¢ 1 match after spelling (3.7)
2 match after stemming

Finally the dispersion indicates the cohesion of the match, penalizing matches which are not
in the expected position according to the term order.

1
>, ltermPosition; — centeredSentence Position;))|

dispersion = (3.8)

Candidate selection

The score computed in the previous step is used to rank and choose the candidates that will
be used as mappings. Ambiguity can occur because a tie in the scores over the same sentence
tokens in such case the disambiguation method described in section 3.2.2 is used.
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Step 4 - Candidate selection

( ScoreFilter

Ambiguity 1C
Filter Filter

Dacument
Mappings

Figure 3.22.: Term-mapper mapping algorithm candidate selection step



4. Evaluation

This chapter presents the results obtained in the SemEval (Semantic Evaluation) 2014 com-
petition which are used to measure the performance of Term-mapper. It also includes some
results about the performance of the proposed knowledge based retrieval approach, it is im-
portant to note that an evaluation of all the features of KBMed requires both user validation
and the appropriate dataset, but this is out of the scope of the current work.

4.1. Term-mapper performance

4.1.1. Semeval dataset

The data for SemEval 2014 analysis of clinical texts task !, consists of the ShARe (Shared
Annotation Resource) corpus, which contains clinical notes from MIMIC database (Multi-
parameter Intelligent Monitoring in Intensive Care). The data were manually annotated for
disorder mentions, normalized to a UMLS Concept Unique Identifier (CUI) when possible,
and marked as CUlless otherwise. The concepts used in this task corresponds to SNOMED-
CT concepts that are mapped within a predefined set of semantic categories within UMLS.

Four types of reports where found in the training corpus: 61 discharge summaries, 54 ECG
reports, 42 ECHO reports and 42 radiology reports, for a total of 199 documents, each
annotated with several disorder mentions for a total of 5816 annotations from which 4175
corresponds to mapped annotations i.e. have a CUI assigned, and 1641 corresponds to CUI-
less annotations.

The annotations are stored in a pipe format which contains the file name, the semantic ca-
tegory of the annotation, the CUI and the exact position of the annotation using character
offsets as can be seen in the following example.

thttp//alt.qeri.org/semeval2014 /task7
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016139-DISCHARGE SUMMARY.txt||Disease Disorder||C0010520||1228]|1236

Figure 4.1.: Pipe annotation example

4.1.2. Experimental setup

The analysis of clinical texts task of SemEval 2014 consist of two tasks, the task A is focused
on named entity recognition (NER), while the task B is focused on automatic term mapping
(ATM).

In the task A the performance is measured using precision, recall and f-measure as metrics
and using two different modes to consider an entry as valid, in the first one denominated
strict an entry is valid only if its corresponding spans match exactly the actual ones, in the
second case denominated relaxed an entry is considered as correct if its spans have an overlap
with the actual ones.

In the task B the performance is measured with two different metrics which are described
below:

true_positive

strict_accuracy = (4.1)

total_annotations

true_positive

relaved_accuracy = (4.2)

total_correct_spans
Using the Java libraries Apache OpenNLP? and Maxent [5], a maximum entropy model was
implemented for Named Entity Recognition (NER). Two types of classifiers were built: the
first one using the library default configuration, and a second one including additional featu-
res. The default model includes the following attributes: target word, two words of context
at the left of the target word, two words of context at the right of the target word, type of
token for target word (capitalized word, number, hyphen, commas, etc.), and type of token
for words in the context. For the enhanced model, we included n-grams at character level
extracted from the target word, going from two to five characters.

OpenNLP uses the BIO tagging scheme, which marks each token as either beginning a
chunk, continuing it, or not in a chunk, therefore, this model cannot identify discontinuous
terms. Given this, we excluded discontinuous term annotations from the training data, and
trained the model with the resulting corpus.

2http://opennlp.apache.org
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According to preliminary experiments, the chosen enhanced NER method exhibited low
precision, i.e. a high number of false positives. To deal with this problem we calculated a
measure for the specificity of a candidate named entity with respect to a specialized corpus,
this quantity is based on the weirdness [18] of the candidate words. Those words that are
common to any domain will very likely to have a low weirdness score, while those with a
high weirdness score. Using around 1000 books from the Guttenberg project as the general
corpus, and the terms in UMLS as the specialized corpus, we applied the weirdness measure
to those words that according to the NER model, are disorders. By keeping only those with
high weirdness measures, we prevent our system from tagging words that are not even me-
dical vocabulary, thus reducing the amount of false positives.

The test corpus consist of 133 discharge summaries. Three submissions were made, the run
0 was intended as a baseline; run 1 used Metamap for UMLS concept mapping and run 2
did this using Term-mapper. Both runs 1 and 2 used the enhanced features for NER and
applied the weirdness measure.

For run 0, the documents were processed with Metamap and those concepts mapped to
a CUI belonging to one of the desired UMLS semantic types were chosen. Parallel to this,
the document was tagged using the default NER model.

Finally, results were merged, preferring Metamap mapping outputs in the cases where a
concept was mapped by both tools.

Run 1 differs from run 0 in two steps of the process: the NER model included the enhanced
features described previously and its output was filtered, keeping only those concepts whose
weirdness measure exceeds 0.7.

Finally, run 2 was equal to run 1, with the difference that Term-mapper was used to map
concepts to the UMLS meta thesaurus.

4.1.3. Results

The following tables present the official results obtained in both tasks of SemEval 2014
analysis of clinical text.

As can be seen Term-mapper obtain the best results among our runs, these results proves



H4 4 Evaluation

Rank Run Str.i(?t Strict Strict
precision | Recall | F-measure
1 BEST 0.843 0.786 0.813
31 Term-mapper 0.561 0.534 0.547
32 Metamap 0.578 0.515 0.545
37 Baseline 0.321 0.565 0.409

Table 4.1.: Task A official results ranked by strict F-measure

Relaxed | Relaxed | Relaxed
Rank Run .

precision | Recall | F-measure
1 BEST 0.916 0.907 0.911
35 Term-mapper 0.769 0.677 0.720
37 Metamap 0.777 0.654 0.710
40 Baseline 0.439 0.725 0.547

Table 4.2.: Task A official results ranked by relaxed F-measure

that Term-mapper is a viable alternative for mapping concepts to clinical terminologies. This
result is particularly interesting given that Term-mapper has unique features i.e. it works for
many languages, with any knowledge source and does not rely on manually built resources.
Additionally Term-mapper is considerably faster than Metamap, as an example to annotate
the 133 documents of this task Metamap took 581 minutes while Term-mapper only requires
96 minutes which represents a speedup close to 6 times.
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Rank Run Strict accuracy
1 BEST 0.741
19 | Term-mapper 0.461
24 Metamap 0.411

Table 4.3.: Task B official results ranked by strict accuracy

Rank Run Relaxed accuracy
1 BEST 0.928
11 Term-mapper 0.863
21 Metamap 0.771

Table 4.4.: Task B official results ranked by relaxed accuracy
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4.2. Knowledge based retrieval model results

4.2.1. Clef dataset

The data for CLEF (Cross Language Evaluation Forum) 2013 ad hoc image retrieval, consists
of articles from the MEDLINE database. These articles are composed by text and images
which are delivered to participants in XML and JPG respectively. The total number of do-
cuments is 74654 while the total number of images is 306539.

The goal of the ad hoc image retrieval task is to measure the performance of the multi-
modal retrieval models proposed by the participants. This performance is measured using a
set of 35 queries which are supplied along with a manually built ranking of the first 1000
documents that match each query. The queries are composed by a short text and a small
group of sample images, both text and images can be used to execute the retrieval process.
The queries are categorized as visual, semantic or mixed, according to the methods that the
organizers expect to yield the best results. It is important to note that this task is focused on
image retrieval, so the ranking entries must correspond to image identifiers not documents.

4.2.2. Experimental setup

As a previous step to our retrieval experiments all the documents in the CLEF collection
were annotated with SNOMED-CT concepts using Term-mapper, this annotation task pro-
duce the semantic metadata required by some of the retrieval process which will be tested.
In total Term-mapper found around of 19 millions of concept mentions in the collection.

Given that some of the retrieval process require that the query was given in the form of con-
cepts instead of keywords, a manual annotation process was performed, this process consist
on identify the concepts mentions that appears within each query. As result of this process
33 queries were annotated the other 2 queries does not contain any concept mention that
match a SNOMED-CT concept.

As baseline we use the results obtained from a standard VSM retrieval process implemented
using Apache Lucene. The performance of all the retrieval experiments was measured using
the “trec-eval” tool, from which we obtain values for precision, recall and map for all the
CLEF queries.

4.2.3. Results

The following table presents the results obtained for each tested retrieval approach. These
approaches cover all the query schemes used by KBMed.
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1
Retrieval process Solved Queries Relevant [.)ocuments MAP
Retrieved

Standard VSM

4 A1
Section 2.2.6.1 3 77 01166
KB retrieval by keywords 35 110 0.0237
KB retrieval by concepts 30 82 0.0326
Concept words 33 448 0.1003
Keywords and concepts words 35 526 0.1204

Table 4.5.: Retrieval results over CLEF dataset

As can be seen the performance of the methods which use the knowledge based retrieval ap-

proach is not as expected, in both cases they produce worse results than the baseline. This

can be related with many factors which include the nature of the dataset, the goal of the

CLEF task, the completeness of the knowledge source and the performance of the previous

mapping task.

The results obtained by the approaches which use the knowledge source to formulate and

expand queries are better, the first scenario in which the words in the concepts are used to

formulate a keyword query shows a performance which is close to baseline, while the scena-

rio which extends the keywords query by adding the words in the concepts outperforms the

baseline.
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5.1. Conclusions

The proposed automatic term mapping method has shown to be equivalent in terms of per-
formance and significantly faster than Metamap [2], this result is particularly interesting
given that Term-mapper approach has many advantages when compared to Metamap, i.e. it
works for many languages, can be easily extended to work with any knowledge source and
does not rely on manually built resources.

The proposed knowledge based retrieval approach exhibits low performance, this shows that
a representation based on concepts along with the match process based on semantic simi-
larity measures is worse that the standard vector space model approach using words and
cosine similarity for the CLEF ad hoc retrieval task. It is important to note that this result
can be influenced by the performance of the preliminary automatic term mapping task, given
that if you do not have accurate mappings the document representation will be noisy, and
therefore the comparisons based on such representation are not very reliable.

Despite the low performance of the knowledge based retrieval approach, the system offer
many advantages, as an example, the query refinement and result visualization capabilities,
are a clear improvement when compared to traditional retrieval systems which only offer a
ranking of documents in response to a query.

Finally the results obtained by the methods which use the knowledge source to reformu-
late and expand the queries using the words in the concepts query, shows good performance
and even outperforms the baseline. This is interesting because it demonstrates a way in which
the semantic capabilities of the system can contribute to improve the retrieval performance.

5.2. Future work

= Improve automatic term mapping pre-processing pipeline by include a context depen-
dent spelling corrector which can improve term selection accuracy.

» Use a custom chunking model to divide sentences in correlated text portions according
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to the sentence syntactic structure.

= Extend KBMed query support to allow query by wide categories and improve sugges-
tions strategy using relations other than “IS A”.



A.

Software documentation

A.1. Term-mapper documentation

A.1.1. Term-mapper command line interface

Term-mapper can be used from the command line by means of a service wrapper which

support the following parameters:

~lang or -, for language choice can be either en for English of sp for Spanish.
~terms or -t, the path to the file which contains the terms to be mapped.

—gen-voc or -g, An optional path to a file with additional vocabulary for the spelling
corrector.

—in-path or -i, An optional path to the directory where the documents to be mapped
are located.

—out-path or -o, An optional path to the directory where the mappings will be located.

—term-select or -ts, An optional parameter which allows to select the term selection
strategy can be either 1 for exact-spell-stem, 2 for exact-spell, 3 for exact-stem or 4
for exact.

—mongodb-url, If the documents to map are stored in MongoDB, the url of the collection
in the form mongodb://localhost:27017/db.collection.

—es-url, If the mappings will be stored in elasticsearch, the url of the Elasticsearch node
in the form http://localhost:9300.

—num Threads or -nt, The number of parallel mapping process to run.

~help or -h, to obtain help.

A.2. REST knowledge services interface documentation

General parameters:

knowledgeSourceName: the name of the knowledge source to use i.e. snomed-en
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A.2.1. Concepts endpoints
Retrieve concept information

» URL: /{knowledgeSourceName} /concepts/{conceptlds}

s Method: GET

= Parameters
1. conceptlds: a sequence or one or more valid concept identifiers separated by com-

ma.

= Response: A JSON array in which each item corresponds to the detailed information
about the corresponding concept i.e. id, category, description and prefered term. The
array order corresponds to the conceptlds parameter order.

[

{
"id": "74732009",
"category": "disorder",
"description”: "Mental disorder",
"prefTerm”: "mental disorder”

}

Figure A.1.: Concept information JSON response example

Retrieve a concept summary

» URL: /{knowledgeSourceName} /concepts/{conceptld}/summary
» Method: GET

= Parameters
1. conceptld: a valid concept identifier.
= Response: A JSON object which contains detailed information about the concept, its

associated terms, its direct childrens within the “IS A” hierarchy and its path to the
root concept.
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{
"concept”: {
"id": "74732009",
"category": "disorder”,
"description": "Mental disorder"”,
"prefTerm": "mental disorder”
}.
"terms": [..1,
"pathToRoot": [..1,
"childrens": [ ..]
}

Figure A.2.: Concept summary JSON response example

A.2.2. Knowledge based retrieval engine endpoint
Knowledge based retrieval

» URL: /{knowledgeSourceName} /kbretrieval
» Method: POST

s Parameter: A JSON body with the following form.

query : {
keywords: [
"keywordl",
"keywordn",

1.

concepts: [
"conceptIdl”,
"conceptIdn",

}

Figure A.3.: KB retrieval JSON body example

= Response:A JSON array which contains the document ranking, each entry in the array
contains a document identifier along with the score obtained.

A.2.3. Hierarchy endpoints
Retrieve the parents of a concept

» URL: /{knowledgeSourceName} /hierarchy/{conceptld}/parents
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s Method: GET

» Parameters

1. conceptld: a valid concept identifier.

= Response: A JSON object which contains detailed information about the parents of
the given concept within the “IS A” hierarchy.

{
"id": "B4572881",
"category": "disorder"”,
"description”: "Disease",
"prefTerm”: null

}

]

Figure A.4.: Concept parents JSON response example

Retrieve the childrens of a concept

URL: /{knowledgeSourceName} /hierarchy/{conceptld} /childrens

Method: GET

Parameters

1. conceptld: a valid concept identifier.

Response: A JSON object which contains detailed information about the childrens of
the given concept within the “IS A” hierarchy.

Retrieve the path to root of a concept

» URL: /{knowledgeSourceName} /hierarchy/{conceptld}/path/root
» Method: GET

» Parameters

1. conceptld: a valid concept identifier.
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{
"id": "192616009",
"category": "disorder”,
"description”: "Childhood or adolescent disorder of social functioning”,
"prefTerm”: null

}.

{
"id": "56641006",
"category": "disorder",
"description”: "Axis II diagnosis”,
"prefTerm": null

},

Figure A.5.: Concept childrens JSON response example

= Response: A JSON array which contains detailed information about the concepts that

appears in the path to the root for the given concept within the “IS A” hierarchy.
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{
"id": "74732009",
"category”: "disorder”,
"description”: "Mental disorder",
"prefTerm”: null

}:

{
"id": "B4572001",
"category": "disorder™,
"description”: "Disease",
"prefTerm”: null

},

{
"id": "404684003",
"category”: "finding",
"description”: "Clinical finding",
"prefTerm”: null

}:

{
"id": "138875085",
"category"”: "SNOMED RT+CTWV3",
"description”: "SNOMED CT Concept”,
"prefTerm": null

}

Figure A.6.: Concept path to root JSON response example
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