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Abstract
The output of published research is growing at an exponential rate, making it diffi-
cult for researchers to keep up to date with even a fraction of new findings. Auto-
mated curation of biomedical literature has become necessary to deal with this influx
of new information and allows researchers to leverage this information for further in-
novation. Multiple studies show that automated curation achieves best results when
developed with respect to some specific domain. This project proposes an approach
for the annotation of literature focusing on Autism Spectrum Disorders. Autism Spec-
trum Disorders have a complex genetic basis, wide variability in symptomology and
are largely heterogeneous with a number of co-morbid disorders, making exact charac-
terization a difficult task. The approach proposed here follows a pipeline of biomedical
entitiy recognition, identifying autism phenotypes and extraction of relationships be-
tween entities, using Natural Language Processing with various open-source tools and
resources. The system is evaluated against manually annotated data and shows per-
formance scores comparable to previous systems. Finally, the system is deployed on
a corpus of ASD-relevant articles, allowing us to examine the prevalence of ASD-
risk genes and phenotypes, identify relationships between them, and observe patterns
among the annotated papers.
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Chapter 1

Introduction

1.1 Motivation

The output of scientific literature is increasing at an exponential rate, with biologi-
cal and medical science dominating published research in the US and EU [Founda-
tion 2018]. While this surge of new information has great potential to the biomedical
research community for enabling further scientific advancements and breakthroughs
[Singhal et al. 2016], it can often be under-utilised. Keeping track of this growing lit-
erature is virtually impossible for academics, resulting in wasted time and resources,
and the oversight of valuable information embedded in underrepresented publications.
A structured and comprehensive representation of this data is necessary in providing
more direct access to scientific knowledge. Manual curation has been the gold standard
method of organising this data, requiring one or more experts to read and annotate each
publication. As well as being an expensive and time-consuming task, this method is
not equipped to deal with the scope and volume of growing data and does not guarantee
perfect accuracy [Elsevier 2018]. There is also the issue of inter-annotator disagree-
ment as a piece of text may be interpreted in different ways [Harmston et al. 2010].

These limitations drive the motivation for text mining in the curation of scientific lit-
erature. Text mining is the process of retrieving and extracting information from un-
structured text using a number of computational techniques such as Machine Learning
(ML) and Natural Language Processing (NLP) [Baker et al. 2017]. Text mining sys-
tems have become commonly used tools for biomedical curation and have been used
in studies surrounding gene interactions [Lim & Kang 2018], protein interactions [Yu
et al. 2018], and modelling of biological processes and diseases [Fluck & Hofmann-
Apitius 2013], among many others.

While studies show that text mining systems are effective in accelerating the curation
process [Wei et al. 2012], there is still a lot of work to be done to achieve sufficient
accuracy so they may be confidently used as a gold standard resource [D. Karp 2016].
Singhal et al. [2016] highlight a prominent issue of curation systems in their ability to
generalise to new data, demonstrating that a system designed for text concerning ge-
netic diseases would have significantly different results when used on text concerning
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tropical diseases. While improvements in the re-usability of general curation systems
is necessary for future progress, many systems achieve good accuracy when designed
for the annotation of text within one specific area (e.g. Alzheimer’s disease literature
[Fluck & Hofmann-Apitius 2013], cancer related literature [Baker et al. 2017]). This
is furthermore emphasised by Lévy et al. [2014] who state that best results in curation
systems are obtained when developed with respect to some target domain.

One such area where this is necessary is in the research of Autism Spectrum Disorders
(ASDs). ASDs are a range of neurodevelopment conditions with a diverse and complex
symptomatology and a wide range of comorbidities. The large heterogeneity of ASD
poses the challenges of understanding and defining potential subtypes, and identifying
causations or influencing factors of the disease [Al-jawahiri & Milne 2017].
The aim of this project is firstly to assess and develop approaches to extract ASD-
relevant information from biomedical literature, with an emphasis on identifying ASD-
risk genes and phenotypic information. Secondly, to perform the resulting system
on a corpora of ASD-related text to develop association data and highlight potential
applications in research.

1.2 Summary of Contributions

The main contributions of this project are;

• Collection and preprocessing of a dataset containing ASD-relevant articles from
the public database of biomedical literature PubMed.

• Developing a method for extracting biomedical named entities from unstructured
text using the MetaMap tool combined with gene lists and a manually curated
list of named entities.

• Creation of a dictionary of ASD terms by both parsing of the Autism Spectrum
Disorder Phenotype Ontology, and manual labelling. Using this resource to de-
tect ASD-relevant terms and phrases from text using a stemmed text comparison.

• Developing a method for extracting relations between entities in text using a
dependency parsing method combined with a rules to filter and combine valid
relations.

• Empirical evaluation of each system, in terms of strict and relaxed precision,
recall and F1-score, against sets of manually annotated data.

• Analysis of gene and ASD-phenotype frequencies within subsets of articles. Us-
ing Term Frequency Inverse Document Frequency to estimate important sources
of phenotypic information.

• Analysis of gene-phenotype associations using both term co-occurrence and di-
rect relation extraction from article abstracts.

• Cluster analysis of annotated papers to observe articles related by ASD concepts.
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1.3 Report Outline

• Chapter 2 aims to outline the complex characterisation of Autism Spectrum
Disorder and its phenotypic expression, detail the rising rate of ASD-focused
research and lay out the current stance on the genetic implications on ASD;
discussing the work done in this area. We refer to documented approaches to
address problems similar to that of this project, and highlight methods which
proved as inspiration to the final development of the system, and discuss alter-
native methods and their suitability for this task.

• Chapter 3 details the steps taken, decisions and adaptations made during the im-
plementation of each module, outlining how they operate together as an Informa-
tion Extraction pipeline. The materials used in each stage of the implementation
are described and justified, and alternative routes are discussed.

• Chapter 4 concerns the empirical evaluation of the resulting system and at var-
ious stages in the development process. Each module is evaluated in terms of
precision; which is a measure of correct results against all results obtained, re-
call; a measure of correct results obtained out of possible results, and F1-score; a
harmonic mean of precision and recall. We also discuss the reasons for building
on each stage of the implementation, common sources of errors in each mod-
ule, and a general discussion of the results and whether the performance of the
system is adequate.

• Chapter 5 describes the analysis of the results produced by the system on a cor-
pus of ASD papers. We investigate the prevalence of ASD-risk genes and spe-
cific associated phenotypes, and explore methods to uncover potential relations
between genes and phenotypes. Finally, cluster analysis is performed on the an-
notated papers in an attempt to realise groupings of concepts within the corpus.
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Chapter 2

Background

2.1 Autism Spectrum Disorders and Research

Autism Spectrum Disorders (ASDs) encompass a spectrum of neurodevelopmental
disorders with common deficits in social functioning and communicative abilities,
atypical interests and behaviour patterns [Mcpartland & Volkmar 2012]. Prevalence
of the disorder varies significantly among affected individuals in terms of symptom
character and severity [Hewitson 2013]. In addition to these hallmark symptoms, the
disorder is largely heterogeneous with a nunber of psychiatric and medical comorbidi-
ties including Intellectual Disability, Attention Deficit Disorder (ADD/ADHD), anxi-
ety, bipolar disorder, depressive disorders, metabolic issues, gastrointestinal problems
and immune deficits [Croen et al. 2015]. A recent study by the Centre for Disease
Control and Prevention estimate 1 in 59 children are affected by ASDs [CDC 2018],
an increase of over 15% since 2010 estimates of 1 in 68 children [DSM 2010] and a
drastic increase since 1997 reports of 7 in 10,000 [Bryson 1997]. This surge in inci-
dence of ASD is largely attributed to improvements in definitions of the disorder and
its comorbidities, diagnostic criteria and diagnostic tools leading to increased public
awareness and seeking of medical intervention [Zylstra et al. 2014, Elsabbagh et al.
2012].
Driving these medical advances is an influx of research in the area. Graff et al. [2014]
evaluated research within three autism and related neurodevelopmental disability jour-
nals between 1997-2009 and found that there was an increase of articles published per
year in two journals from 18-32 articles per year and 32-171 articles per year over this
time frame. The rates in the third journal stayed consistent. In addition, of all articles
categorised under the Autism Spectrum Disorder medical subject heading on PubMed
from 1976-2019, 86% were published in the last decade.
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2.2 The Autism Phenotype

The autism phenotype refers to the collection of characteristics, observations and symp-
toms that may be exhibited by an individual with ASD. As described, the symptomol-
ogy of autism is widely heterogeneous with a broad range of comorbidities, symp-
toms and atypical behaviour. In an effort to facilitate autism research, McCray et al.
[2013] constructed the Autism Phenotype Ontology (ASDPTO). An ontology is a hi-
erarchically structured set of concepts and relations pertaining to a particular domain,
often accompanied by descriptive metadata for each individual concept class and re-
lation. They are widely used in biological and biomedical research as they enable
computational access for a range of applications including data retrieval, integration
and modelling [Gkoutos et al. 2015]. The ASDPTO provides a structured vocabulary
for phenotype atypicalities found in individuals with ASD, consisting of 283 concepts
distributed over three main classes; ’Medical History’, ’Personal Traits’, and ’Social
Competence.’ The ASDPTO also provides a link between ASD phenotypes, and other
ontologies such as the ASD diagnostic criteria (ASD-DSM) and the Unified Medical
Language System (UMLS). Figure 2.1 illustrates the high level categories of the on-
tology. The ’Medical History’ class expands into aspects of an individuals medical
background that may have some relation to their ASD phenotype, including co-morbid
diseases and disorders, medical symptoms, previous exposures such as environmental
conditions, medications or injuries, and an indication of the primary diagnosis. The
’Personal skills’ class covers traits which are evaluated as part of the ASD assessment
process [McCray et al. 2013] such as cognitive ability; including abstract and ana-
lytic thinking, executive function, emotional control, language ability, motor control
abilities, and observations of stereotyped, restricted and repetitive behaviours. ’Social
Competence’ is also used in assessing ASD and covers an deficits in an individuals
ability to interact with others, recognition of social norms and cues, predominantly en-
tered around communication signals and customs, and attainment of general life skills
within the home and community. This structured representation of a specific domain
within the biomedical field may be utilised in numerous ways. The creators of the AS-
DPTO demonstrate its usefulness in research through its integration with the Autism
Consortium database, abstracting the lower level details of ASD diagnostic instruments
through its mapping to the ASD-DSM, enabling queries based on simple observations
of the phenotype. In Section 2.4, we examine some further ways in which it is applied
to information retrieval tasks through text mining.

2.3 Genetic Basis

The notion of a genetic basis for autism is well established and supported by a number
of studies; ranging from twin and family studies to genomic sequencing data. How-
ever, the extreme genetic heterogeneity of the disease represents a challenge in iden-
tifying the causation for ASD and understanding its exact pathophysiology [Yong An
& Claudianos 2016]. Twin and family genetic studies demonstrate a strong genetic ef-
fect with results estimating 65-95% hereditability in families [Sandin et al. 2017, Tick

12



Figure 2.1: Top level structure of the Autism Spectrum Disorder Phenotype Ontology.

et al. 2015]. Genetic scanning continues to validate this genetic basis; with 5-15%
of individuals with ASD possessing an identifiable genetic aetiology corresponding to
some chromosomal variant or monogenic syndromes; such as Fragile-X or Angelman
syndrome [Devlin & Scherer 2012]. The Simons Foundation Autism Research Initia-
tive (SFARI) lists over 800 genes implicated in autism, each with varying confidence
[Foundation 2019]. They propose a scoring system to model this confidence in autism-
association for each gene. Genes assigned a score from 1 depending on the weight of
evidence supporting a genes role in ASD. Genes scored 1 or 2, have a high confidence
or are a strong candidate, respectively, and are accompanied by substantial evidence
of recurrent and convincing mutations (mutations are likely to be functional) leading
to a phenotypic expression. Genes in category 3 or 4, have suggestive or minimal ex-
pression, respectively, supporting their role in the disorder. Genes in category 5 are
considered hypothesized, with the only supporting evidence originating from model
organisms without genetic support in human studies, and genes scored 6 are accom-
panied by evidence that argues against their role in ASD. The scoring system includes
an independent Syndromic category whose members are predisposing to autism as a
syndromic disorder (e.g. Fragile X syndrome) and consistently linked to additional
characteristics not required for an ASD diagnosis. For example, SHANK3 is assigned
a score of 1S as a number of reports identify mutations involving this gene occurring
in ASD individuals, and such alterations have been linked to ASD symptoms such as
intellectual disability [Zhu et al. 2018] and schizophrenia [de Sena Cortabitarte et al.
2017], and are linked to the frequently co-occurring disorders Phelan-McDermid syn-
drome [Rubeis et al. 2018] and a Rett syndrome-like phenotype [Hara et al. 2015]. The
SFARI gene database currently contains 1053 possible ASD-risk genes, of which 84
are identified as syndromic genes, 25 high confidence genes, and 62 strong candidate
genes. In this study, we are particularly interested in the occurrence of these SFARI
genes within ASD-related text.
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2.4 Related work

With the data explosion in recent years, new attempts to generate a structured repre-
sentation of information extracted from textual articles are being devised across many
fields; from agriculture [Majumdar et al. 2017] to disaster response [Döhling & Leser
2011]. The use of text mining in biomedical domains is particularly prominent due
to the rapidly expanding wealth of published biomedical research [M Cohen & Hersh
2005], and is valuable for both researchers and practitioners. The CHAT tool [Baker
et al. 2017] uses text mining to retrieve and organise millions of cancer related text and
proved it to be useful for cancer research by identifying ’Hallmarks of Cancer’ terms
and their associations to other entities such as medications and biomarkers within these
huge sets of text. Within the autism research sector, Zhang et al. [2016] employ text
mining strategies to identify treatments discussed in online autism communities, allow-
ing the creation of a catalogue of treatments and aiding further research on the use of
such treatments. Luksic et al. [2016] perform trend analysis over 18,000 ASD-related
articles by ontology-based text mining, successfully identifying the main research top-
ics over time and highlighted some potentially under-researched areas.
A text mining approach can be implemented using different strategies, although tend
to adopt components from a common framework including data preprocessing, entity
recognition and labelling, and relation extraction [Harmston et al. 2010]. Each element
of the pipeline may be implemented in various ways, most common strategies for in-
formation extraction (IE) include rule-based, dictionary-based and statistical IE. Each
approach has both its advantages and setbacks depending on the context in which it is
being used. A number of systems applying these approaches were considered against
the requirements for the task at hand and the resources available.

Named Entity Recognition

For the task of named entity recognition (NER) in the biomedical domain, a rule-based
approach involves consideration of the orthographic features of a word such as partic-
ular capitalization or punctuation [Basaldella et al. 2017]. This can be limiting due to
grammatical variations however can achieve adequate precision in tasks that follow a
specific nomenclature such as mutation identification. MutationFinder [Caporaso et al.
2007] identifies mutations in a standard form (e.g. E6V) or semi-standard form (e.g.
Glu 6 to Val) from text using a large set of regular expressions based on a standard
mutation nomenclature, achieving a 0.984 precision, 0.819 recall and 0.894 F1-score.
Rule based approaches, however, tend not be to robust against new names [Harmston
et al. 2010] and would not be effective in cases where a mutation occurrence is ex-
pressed in natural language. Use of such rule-based approaches have become rarer
in the biomedical domain, however can be useful in conjunction with statistical ap-
proaches; as shown in the Bio-NER tool [Soomro et al. 2017] which uses orthographic
and contextual features, along with n-grams and affix instances as features for a variety
of statistical learners, achieving a final precision of 0.87, recall of 0.866 and F1-score
of 0.864.
Statistical approaches often exhibit performance advantages, high precision and im-
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pressive generalization results when applied in these systems as they can potentially
recognise and label unseen entities [Basaldella et al. 2017]. Support Vector Machines
(SVMs) and Conditional Random Fields (CRFs) are popular statistical models for this
task. However, to sufficiently train these models, a large manually annotated corpus is
required. One example is the Colorado Richly Annotated Full-Text (CRAFT) corpus,
manually annotated with concept terms pertaining to nine biomedical ontologies by a
team of curators. This provides a valuable resource for the biomedical research com-
munity [Bada et al. 2012], allowing the generation of numerous high performance NER
models [Basaldella et al. 2017]. The need for a sizable gold standard corpus is a major
drawback to this methodology, as manual curation is an incredibly time-consuming
task. Furthermore, the need for domain knowledge embedded within the training set
means that some gold standard data, such as the CRAFT corpus, is not applicable in all
instances. Munkhdalai et al. [2015] demonstrate the importance of domain knowledge
within a training set for a biomedical NER task by learning word representations from
relevant text for feature selection; achieving a 0.864 F1-score, 0.133 higher than the
baseline.
A somewhat more accessible approach to NER is dictionary-based, where entities are
compared against one or more dictionaries, databases, or lexicons. An obvious disad-
vantage to this is that they are unable to recognise concepts out with the dictionaries
used, and so are rarely used independently. However, they are often used in conjunc-
tion with statistical methods, as demonstrated by Sasaki et al. [2008] who improve the
F-score of a statistical NER model from 0.7314 to 0.7872 after utilizing a dictionary
of named entities.
A number of systems [Björne et al. 2013, Katona & Farkas 2014] utilise the MetaMap
concept annotation tool provided by the Unified Medical Language System (UMLs)
which employs syntactic analysis of input text, and look-up against an extensive lex-
icon containing medical concepts [Aronson & Lang 2010]. MetaMap is explained in
more detail in Chapter 3.2. While this is a widely used a state-of-the-art tool, it falls
victim to semantic challenges such as term ambiguities and an inability to distinguish
between concepts with multiple meanings. The approach used in this task utilises
MetaMap while borrowing from some rule and dictionary-based strategies to address
these challenges and improve precision with the application of domain knowledge.

Ontology-based Annotation

When performing an entity recognition task within some specific domain, it is neces-
sary to consider the context in which the information is posed. To achieve a domain
aware system, the tools should be specialised with respect to some semantic model,
such as an ontology [Lévy et al. 2014]. This involves consideration of the vocab-
ulary provided by the ontology while semantically annotating text, and is a popular
method for the recognition of specific entities. Lévy et al. [2014] proposes a semantic
annotation method with respect to the Gene Regulation Ontology for the recognition
of entities and events and their interactions, corresponding to concepts and relations
within the ontology. They use this an an initial step in the pipeline for entity and
event labelling, then employing Conditional Random Fields for complete extraction of
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biological events, achieving 0.61 and 0.50 F1-score on the annotation of events and re-
lations, respectively. Lobo et al. [2017] utilise the Human Phenotype Ontology (HPO)
to recognise phenotypic abnormalities within text. They achieve a 0.86 F1-score using
machine learning and validation rules based off a gold standard corpora of manually
annotated HPO terms. OntoNERdIE [Schäfer 2006] is a system which aims to im-
prove general NER and IE systems through enriching with knowledge extracted from
a given ontology. This procedure creates an RDF-structured dictionary of relevant con-
cepts from an ontology in question, and maps to entities during the NER stage of the
same structure.
In this task, we are particularly concerned with recognising terms relating to ASD.
Thus, the entity recognition system used should be specialised with respect to the
autism domain. With access to a specific vocabulary containing such related terms
provided by the ASDPTO, ontology based annotation is a sensible approach. While
ML methods show good performance, obtaining the resources needed for an ML task,
such as a gold standard corpus, would not be feasible for this task. Instead, building a
dictionary from the ontology vocabulary, such as Schäfer’s [2006] method reasonable,
however the final system developed differs from Schäfer’s in the structuring of enti-
ties. Instead, we use a more simplistic keyword search between text representation of
entities.

Relation Extraction

Having extracted named entities from free text, it is necessary to examine their rela-
tionships with one another to establish connections between concepts of interest and
draw conclusions regarding the subject matter of the text. There is high demand for
this in the biological field given the extensive scope for bio-entity interaction, with
current RE systems focusing on interactions such as protein-protein [Yu et al. 2018],
drug-drug [Björne et al. 2013], gene-phenotype [Li et al. 2018, Khordad & Mercer
2017] and gene-chemical [Lim & Kang 2018]. These systems are dedicated to struc-
ture some specific interaction; however many systems employ an open information
extraction approach to uncover relations between a general range bio-entities [Elayav-
illi et al. 2017, Zhou et al. 2014] Such systems typically follow either a rule-based,
statistical computational-linguistics based, or a hybrid approach.
Rule-based methods identify relations using inference rules, regular expressions and
textual patterns between entities [Xu et al. 2009]. BELMiner [2017] extracts Biolog-
ical Expression Language (BEL) statements with a rule-based semantic parser using
the BEL vocabulary to recognise concepts and biological events such as regulation,
binding and transporting events. These events are treated as the primary relation in
the sentence, occurring between the concepts identified by the same vocabulary, es-
tablished by confirming the lexical pattern of the sentence against a small number of
rules. ”Lack of ability to derive semantic inferences and limitation in the rule sets to
map the textual extractions” were reported as limitations of the rule-based system.
Purely statistical-based approaches treat RE as a sequence labelling problem, ignor-
ing the syntactic structure. Such systems do not achieve good performance measures
[Harmston et al. 2010], and so are often used in a hybrid approach to apply contextual
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and linguistic knowledge.
The use of dependency trees is popular for extraction relations between entities while
considering the syntactic structure of the text. Dependency trees are described in detail
in 3.5, and an example can be seen in in Figure 3.3. Essentially, a tree representing
the semantic structure of a sentence is constructed specifying the relationship between
each word, and allows the identification of each entity and the relationship between
them. RelEx [2007] implements a dependency parsing system to extract biomedical
entities using a set of simple rules and achieves a good precision and recall of 0.78
and 0.79 respectively. Khordad and Mercer [2017] use dependency trees in a hybrid
RE method for recognising genotype-phenotype relations, constructing a training set
using a number of rules applied to dependency tree representations for a number of
sentences, and then extend this to build a self-training algorithm. Both achieve good
F1-scores of 0.770 and 0.778, respectively. The construction of a training set in Khor-
dad and Mercer’s approach was in itself, a dedicated task and while their self-training
process alleviated the burden of manual annotation; statistical or hybrid statistical ap-
proaches were not feasible for this task.
The process proposed in the RelEx system is most similar to that used in this task. Due
to its reliance on the syntactic structure of text rather than a limited set of pre-specified
relations or some relations learned from a large corpus, the dependency parsing method
allows for a simple relation extraction without such constraints.
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Chapter 3

Methods and Materials

This information extraction system follows a pipeline, outlined in Figure 3.1, divided
into Named Entity Recognition, ASD-term recognition and relation extraction. Each
module works off of the free text but is able to use the output of the previous module.
We make use of open-source NLP tools including tokenization, stemming, stop word
lists, part-of-speech (POS) tagging and shallow parsing. Tokenization is the splitting of
text into single words, or ’tokens’. Stemming describes a word being stripped of its af-
fixes to its root, and stop words are common words deemed irrelevant to the semantics
of a sentence or phrase, such as ’and’, ’or’, ’be’, ’you’. POS tagging is the labelling
of words with their appropriate part-of-speech category, including nouns, verbs, adjec-
tives, and pronouns, and shallow parsing is the process of extracting phrases based on
the POS tags of their tokens.

3.1 Data Collection

As we did not have access to a specialised corpus, the task of data collection was not
to obtain a dataset for which to train a model but instead a corpus containing ASD-
relevant text for which to base the implementation and perform analysis upon. Pa-
pers were retrieved from the National Centre of Biotechnology Information’s (NCBI)
PubMed Central (PMC) database of full-text biomedical literature. There were two
main criteria for papers of interest; those which contained information regarding the
genetics of ASD, and those which contained information regarding the behavioural
phenotype of ASD. The paper’s full text also had to be openly accessible. Medical Sub-
ject Headings (MeSH) is a controlled vocabulary of hierarchical terms and subheadings
used for indexing articles within the PubMed/PMC database [Kim et al. 2016]. Arti-
cles within the database are associated with a number of MeSH terms, pointing to the
subjects relevant to the text. ’Autism Spectrum Disorder’ is a MeSH heading itself,
with subheadings including complications, genetics, diagnosis, etiology, physiology
and psychology. Using the’ Autism Spectrum Disorder/genetics’ subheading pointed
to 3261 papers, of which 1179 were open-access and able to be retrieved. One issue
with this approach is that articles will not always be comprehensively labelled with
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Figure 3.1: General Pipeline of IE System.

relevant MeSH headings, leaving many papers out of our search. On a larger scale
data retrieval this should be taken into account, however this approach collected an
appropriate number of papers for the purpose of this task. Phenotype papers were col-
lected by combining a query for papers labelled with the ’Autism Spectrum Disorder’
MeSH terms, with the constraint that the keywords ’phenotype’, social’, or ’behaviour’
were mentioned in the heading or abstract. This query returned 4998 articles papers
however only 1051 were open-access and retrievable. The discrepancy between the
number full-text available articles and number of potentially relevant article subjects
the collected data to selection bias, which is considered during analysis. The two col-
lections revealed showed 319 overlapping papers, resulting in a final corpus of 1911
papers.

3.2 Preprocessing

Systems often apply a general preprocessing step to their dataset before beginning in-
formation extraction, including punctuation cleaning, case conversion and removal of
stop words. However, as this task explores a number of modular approaches to IE, it
is more suitable to employ different preprocessing methods depending on the pipeline
stage. For example, punctuation is necessary for the detection of mutations based on
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a mutation nomenclature, and stop words are useful for determining sentence struc-
ture at the relation extraction stage. The text underwent general cleaning to remove
irrelevant punctuation (e.g. ’!’, ’?’, ’@’), was converted to lowercase, URLs and links
filtered out, and bracketed terms, such as references, removed. Furthermore, acronyms
were detected and replaced as to resolve ambiguities that arose in further steps. This
involved detecting acronyms inside a bracket which were preceded by terms starting
with letters corresponding to the acronym. This was useful for normalisation purposes
(e.g. ASD and Autism Spectrum Disorder), and instances where the acronym could
not be recognised or was incorrectly recognised for labelling (e.g. MetaMap does not
recognise ’SNV’ but can recognise ’single nucleotide variant’).

3.3 Named Entity Recognition

Named Entity Recognition (NER) is the recognition of some nominal sentence or word
from text which can be identified in some set or lexicon [Jimeno-Yepes et al. 2008].
This is a non-trivial task, especially within the biomedical domain, due to the wide
variety of biomedical nomenclatures [Harmston et al. 2010]. In this NER implemen-
tation, we make use of the MetaMap tool to identify biomedical entities from text,
combined with some dictionary-based approaches to improve precision.

MetaMap

MetaMap is a tool providing a link between text and knowledge within the Unified
Medical Language System (UMLS) Metathesaurus, an extensive vocabulary of biomed-
ical and health related concepts [Aronson & Lang 2010]. Within the UMLS knowl-
edge source is the Semantic Network, consisting of a range of subject categories, or
semantic types, which categorise those concepts within the Metathesaurus [The UMLS
Semantic Network 2009]. For example, ’disease or syndrome’, ’sign or symptom’, ’ge-
netic function’, ’congenital abnormality’. In summary, MetaMap works by performing
lexical/syntactic analysis on input including tokenization, part-of-speech tagging and
a look-up against the contained lexicon. Detected phrases and mappings are further
improved by identifying term variants and considering other mapping candidates, per-
forming word sense disambiguation to favour mappings that are semantically consis-
tent with surrounding terms [Aronson & Lang 2010]. Figure 3.2 illustrates the recog-
nition of biomedical named entities from an example sentence and labelling with their
corresponding semantic types.

Improving Metamap

MetaMap was found to ignore mutation mentions such as c.76A>G or g.74dupA. To
account for this, we use a number of regular expressions to search for mutation men-
tions in the text in their standard or semistandard format, as described by the Human
Genome Variation Society’s nomenclature [Human Genome Variation Society 2016],
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Figure 3.2: An excerpt from Tanka et al. [2017] with named entities labelled with
corresponding semantic types.

similar to the method used by Caporaso et. al. [2007]. Furthermore, a number of
gene synonyms were ignored by MetaMap. This was improved by performing an ini-
tial dictionary look-up against a database of genes with their full name and synonyms,
provided by the HUGO gene nomenclature committee [Yates et al. 2017]. It was found
that MetaMap returned relatively low precision rates [Chapter 4] and was unable to
distinguish between terms with multiple meanings. For example, ASD was labelled as
’Aortopulmonary Septal Defect’. To address this, with the aim of incorporating some
domain knowledge into the system; a dictionary was constructed from the 400 most
common entities extracted from the corpus, which were labelled and manually cleaned.

Process

We first start by tokenizing data, applying part-of-speech tags, and then perform shal-
low parsing to obtain noun phrases which are entities. The entities are then checked
for occurrences of genes, mutations and terms within the manually labelled dictionary,
and assigned a semantic type accordingly. (Genes correspond to ’Gene or Genome’,
and mutations; ’Cell or Molecular Dysfunction’). The remaining entities are then la-
belled using MetaMap. The results are then filtered to remove entities which are not
related to the biomedical domain (e.g. groups, concepts, objects). This was necessary
as the labels assigned to these types of entities was found to decrease precision and
such entities are not relevant to our task.

3.4 Identifying Autism Phenotypes

For this task, the aim was to recognise terms and phrases from the text which corre-
spond to ASD phenotypes, or imply the presence of a phenotype. We use the ASDPTO
to build a vocabulary of phenotype terms which is then used to compare candidate
phrases. The semantic types assigned to entities at the NER stage are also considered
in the identification of phenotype terms.
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Phenotype Dictionary

As described, the ASDPTO consists of 283 hierarchically structured concepts, each
with a label and definition of the corresponding phenotype. It is readily available in
OWL (Web Ontology Language) Format [AberOwl 2019], from which we build a list
of keywords and phrases that, if found in some term, would indicate the term and phe-
notype are analogous. The dictionary was built mostly manually, using some shallow
parsing of the phenotype title and definition but with the addition of intuitively related
phrases, some combination of phrases and symptoms. The concepts of some abnormal-
ity, disorder and also personal ability are prominent in the phenotype but expressed in
many different variations in real text. To account for this, lists of synonymous terms for
each concept were included in the match. For example, ’respiratory impairment’, ’res-
piratory condition’, ’breathing abnormality’ are recognised as related to the phenotype
’respiratory indications’, and ’language skill’, ’language proficiency’ and ’language
comprehension’ are recognised as the phenotype ’language ability’.

Matching Phenotypes

First, shallow parsing is performed on the input text to obtain entities consisting of
noun phrases, preceded by a verb or verb phrase. For example, ’processing of facial
expressions’ and ’deficits in social communication’. We then perform a stemmed key-
word search against the dictionary. In the first example, the phrase is matched with the
dictionary term ’facial process’ and mapped to the phenotype ’integrated verbal and
non-verbal communication’. In the latter example, the phrase is matched with ’social
communication deficit’ and mapped to the phenotype ’reciprocal social interaction.’
We then perform shallow parsing inside the entity to ensure the correct mapping is
assigned. Inner noun phrases are searched against the dictionary. If the inner noun
phrase has the same phenotype assignment as the outer entity, we keep the inner entity
as this suggests the extended entity is not necessary. Otherwise, we keep the outer
entity. This method accounts for phrases such as ’repetitions in behaviour.’ The noun
phrase here is ’behaviour’ which itself is not a phenotype. However, the extended
entity ’repetitions in behaviour’ shows the presence of the ASD phenotype ’restricted
and repetitive behaviour’. In cases where no mapping is detected, we consider the
semantic types assigned to entities a the NER stage. However, only a portion are di-
rectly relevant to certain phenotypes; for example, ’sign or symptom’ to phenotype
’complaints and indications’, ’social behaviour’ to phenotype ’social competence’ and
’congenital abnormality’ semantic type to the same phenotype. This is useful when
the keyword search is not sufficient. For example; Adderall is a medication commonly
taken by children with ASD symptoms. It is not detected as related to any phenotype
by the keyword search, however MetaMap detects it as a pharmacologic substance
which then corresponds to the ’Medications’ class within the ’exposures’ group of
the phenotype. Where entities have two potential phenotype assignments, we take the
lowest phenotype in the hierarchy as final assignment, as this implies a more specific
assignment.
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3.5 Relation Extraction

The goal of this task is to identify and extract relations between entities in free text.
Rather than seeking to identify relations between a specific type of entity, as is the
case protein-phosphorylation mining system by Wang et. al. [2014], this approach
is concerned with open-information extraction of any named entities that we may be
interested in. This is a difficult task due to the unconstrained nature of language; a
relationship between two entities may be declared as ”Entity1 is related to Entity2”,
”A relation between Entity1 and Entity2”, or ”Relation of Entity1 by Entity2” [Fundel-
Clemens et al. 2007]. We use a method similar to the RelEx system [2007], that uses
dependency trees with a number of rules to extract relations.

Dependency Trees

A dependency tree is a structured representation of grammatical relations between
words in a sentence [Wang et al. 2014]. A basic example is shown in Figure 3.3. The
Stanford Dependency Parser [Manning et al. 2014] provides support for this, using
approximately 50 typed dependencies between words.

Sentence tends to follow a structure involving the subject of a sentence, an object or
objects which are affected by the subject, and a relation describing this effect. We can
determine the role of each word in the sentence with respect to this structure. Using
Figure 3.3 as an example, by observing the typed dependencies we can determine ’frag-
ile’ as the starting subject of the sentence (indicated by the dependency ’nsubjpass’),
’expansion’ as as the beginning object of the sentence (indicated by the dependency
’nmod’ meaning the nominal modifier of nouns or clausal predicates), and ’caused’ as
the relation.

The starting subject and object words can be traced to the full subject and object entities
using their dependencies (e.g. compound entities and modifiers(’nmod’, ’amod’ etc.)),
so the subject entity is ”Fragile X syndrome” and the object entity is ”CGG triplet
expansion in FMR1”. The Stanford Typed Dependency Manual [2008] provides a
comprehensive description of each typed dependency. From this information, we are
able to apply rules to extract structured information from free text.

Rule-based extraction

We start by splitting text by sentence. The Stanford dependency parser then constructs
a dependency tree from the sentence, specifying the relations and dependency types
between words, as well as the POS tag for each word. If the tree contains more than one
subject entity; this implies multiple relations within a single sentence and we split the
tree into sub-trees, so each relation has a dedicated tree. We then determine the subject
and main relation per tree by observing the vertices connected by a subject dependency.
In the case of no subject dependency, we take the root vertex as the main relation and
the outgoing relations are candidate objects of the main relation. The main relation is
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Figure 3.3: An example dependency tree representation of the sentence ”Fragile X
syndrome is mostly caused by a CGG triplet expansion in FMR1.”, showing words

(elipses), dependencies (arrows) between words, and dependency types (rectangles).

usually the parent vertex of the subject, however to ensure this is correct we check its
POS tag and the POS tags of its connected vertices. If the main relation is not a verb
but one of its connected vertices is a verb, we set this as the main relation. We take
special care in cases where the sentence mentions a correlation between two entities, as
the dependency parser was found to often construct an incorrect tree. For this, we set
the main relation to the vertex corresponding to the word ’correlation’ or ’correlating’
etc. An example of this is shown in Figure 3.4. Objects of the sentence are indicated by
direct object, modifier or complement dependencies outgoing from the main relation.
From this process, we have identified a main relation, a starting subject vertex and a
starting object of the sentence. We then trace the path from each of these items to
each end point to establish the entire entities. At this stage we break up conjuncted
entities as potential relations objects, shown in Figure 3.5. From this process we are
given a potential start subject, relation and a list of potential objects. relations are
established if there is a valid path between the subject and each object (i.e. the path
is not broken by some other relation). Here we can also identify negated relations,
which are specified with a negation dependency outgoing from an object vertex or the
main relation vertex. A post processing step filters further invalid relations, where
some entity does not contain a noun phrase, or occurrence of duplicate relations. We
may also identify cases where there is speculation regarding a relation, for example the
author states ”The gene may affect the phenotype.” This is important as the statement
does not define a relationship but proposes that the relationship exists [Harmston et al.
2010]. This is expressed in the final relation, so the final relation in the previous
example is ”may affect”.
This process converts a sentence to the form relation(entity1, entity2). We can then
match these to the named entities or phenotypes previously to identify explicit relations
between entities of interest. The output given from the examples in figures 3.4 and 3.5
reveal explicit relations between mutations of the SFARI genes- SNAP25 and CEP41-
and ASD phenotypes ”Over-activity” and ”Social Competence”, respectively.
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Figure 3.4: Dependency tree and resulting relation showing the main relation being
reset to the ’corresponding’ vertex.

Figure 3.5: Dependency tree and resulting relations showing the splitting of
conjunctions and combining with subject.
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Chapter 4

Evaluation

To evaluate the performance of the named entity recognition and ASD-term recog-
nition modules, 30 abstracts were randomly selected from the corpus and annotated
against the UMLS semantic type list and ASDPTO vocabulary. The NER output was
also compared against the open access curation tool PubTator [Wei et al. 2013] which
recognises the bio-entities; Disease, Species, Mutation, Chemical and Gene. The rela-
tion extraction module was evaluated against a list of 50 sentences containing an ex-
plicit relation between two entities, which were manually labelled with corresponding
relations. 25 sentences contained gene-phenotype relations and 25 sentences contained
a relation between a phenotype and some other entity, such as diseases, exposures or
substance. 10 sentences contained an explicit negated relation.
Each module was evaluated in terms of the standard metrics; precision, recall and F-
score. Precision is the portion of correct annotations or relations returned by the system
that are included in the gold annotation, out of all annotations returned by the system.
Recall is the number of correct extractions returned by system out of all items included
in the gold annotation. F1-score is the harmonic mean between precision and recall.
To account for the recognition of ’almost correct’ results; i.e. entities or strings differ
slightly from the gold annotation but were still labelled correctly and/or were infor-
mative, partial matches were considered in the metrics. The Message Understanding
Conference [Chinchor & Sundheim 1993] describe the following sources of errors in
comparison of gold-standard annotation and system outputted information:

• Correct (COR): the system output matches the gold annotation.

• Incorrect (INC): the output of a system and the gold annotation do not match.

• Partial (PAR): system and the gold annotation are ”similar” but not the same.

• Missing (MIS): a gold annotation is not captured by a system.

• Spurious (SPU): system produces a result which does not exist in the gold anno-
tation.
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POSSIBLE(POS) =COR+ INC+PAR+MIS = T P+FN

ACTUAL(ACT ) =COR+ INC+PAR+SPU = T P+FP

Strict
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Recall =
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=
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Relaxed
Precision =

COR+0.5×PAR
ACT

=
T P

T P+T N
Relaxed
Recall =

COR+0.5×PAR
POS

=
T P

T P+FN

F1 = 2 · Precision ·Recall
Precision+Recall

Figure 4.1: Evaluation metrics where TP = True Positives (Correct and in system
output), FP = False Positives (Incorrect and in system output), FN = False Negatives

(In gold annotation but missed by system) [Batista n.d.]

4.1 Subsystem Evaluation

Named Entity Recognition

Three iterations of the NER system development were compared. The first is a base-
line where extracted noun phrases were labelled using MetaMap only. The second is
with the addition of gene lists, mutation regular expression searches, and a dictionary
of common ASD-terms found in the corpus. The third is after filtering out ’non bio-
entities’ in the labelling process. The results are shown in Table 4.1. Each development
shows a considerable increase in performance, with a final strict F1-score of 0.635 and
relaxed F1-score of 0.725. The low performance of the baseline is largely attributed to
textual ambiguities such as multiple interpretations of a phrase or term or multiple pos-
sible concepts within a single phrase. The latter issue is discussed more in Section 4.2.
The second development aimed to address the former problem by incorporating some
domain knowledge from the corpus and strengthen the annotation confidence with ad-
ditional dictionary look-ups. The second development however still did not achieve
adequate performance. On inspection it appeared a large portion of errors resided in
the labelling of entities out with the biomedical domain, such as objects and concepts.
As they were not relevant to this task, they were filtered out which showed a significant
increase in precision and recall.

To measure the performance of the NER system relative to existing tools, 10 abstracts
were annotated with PubTator [Wei et al. 2013], a web-based tool for the curation of
biomedical papers with respect to various biomedical nomenclatures. PubTator entity
recognition is restricted to the specific entities; Diseases and disorders, genes, muta-
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Strict-P Strict-R Strict-F1 Relax-P Relax-R Relax-F1

Baseline 0.439 0.439 0.439 0.494 0.498 0.495
Second Version 0.555 0.555 0.557 0.616 0.622 0.618
Final Version 0.635 0.636 0.635 0.725 0.700 0.712

Table 4.1: Strict and relaxed evaluation for the Named Entity Recognition system.

tions, chemicals, and species. The entities output by our system were restricted to
these types for fair comparison, and the results for each type compared with strict
metrics only. The results are shown in Table 4.2. Generally, PubTator achieved good
precision with a lower recall than our system. PubTator outperforms our system on
the recognition of chemicals, although within the comparison set, only 3 chemicals
were mentioned in total. Notably our system outperforms PubTator in the recognition
of mutations. PubTator would only recognise mutations in their standard format such
as ”c.508 511dup”, ignoring instances such as ”frameshift” and ”de novo mutation”
which our system is able to recognise. Overall, our system outperforms PubTator on
these restricted entity types. Furthermore, our system is adapted to a larger range of en-
tity types, which gives a significant advantage in the context of this task, emphasising
the importance of domain-aware tools for domain-specific tasks [Lévy et al. 2014].

Disease Gene Mutation Species Chemical Average

PubTator P 0.920 0.900 0.900 1.000 1.000 0.944
PubTator R 0.550 0.700 0.400 1.000 1.000 0.730
PubTator F1 0.688 0.787 0.553 1.000 1.000 0.805
System P 0.840 1.000 0.850 1.000 1.000 0.930
System R 0.700 0.800 0.860 1.000 0.667 0.805
System F1 0.763 0.936 0.855 1.000 0.800 0.871

Table 4.2: Comparison of NER to PubTator with restricted entity types.

ASD term Recognition

The ASD phenotype recognition module was evaluated first using only noun phrase
shallow parsing, as in the NER stage. This method showed a low recall as many phe-
notype terms are captured within the verbs, such as ”behaving”, ”interacting”, ”com-
municating”. Implementing the nested shallow parsing approach, discussed in Section
3.4, aimed to address this problem and showed a 23.7% increase in F1-score from
0.573 to 0.709. It was then evaluated when the consideration of semantic types ob-
tained from the NER stage to ; outlined in Table 4.3. The system achieves a final strict
F1-score of 0.739 and relaxed F1-score 0.773.
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Strict-P Strict-R Strict-F1 Relax-P Relax-R Relax-F1

First Version 0.670 0.500 0.573 0.700 0.550 0.616
Second Version 0.740 0.680 0.709 0.800 0.730 0.763
Final Version 0.750 0.730 0.739 0.810 0.740 0.773

Table 4.3: Strict and relaxed evaluation for the ASD Phenotype Recognition system.

Relation Extraction

The final RE module was evaluated independently, also in terms of strict and relaxed
precision, recall and F1-score. A result was considered exactly correct if the relation
term and both arguments exactly matched the golden annotation, and partially correct
if the aspects of the golden relation were captured in the output.

For example; the result of RE on the sentence; ”Novel Causative variants in DYRK1A,
KARS, and KAT6A are associated with intellectual disability”, is;

associated(’Novel Causative variants in DYRK1A’, ’intellectual disability’)
associated(’KARS’, ’intellectual disability’)
associated(’KAT6A’, ’intellectual disability’)

This is partially correct, as although the phrase ”novel causative variants” should
be applied to the genes ”KARS” and ”KAR6A”, the output captures the majority of
the correct relation. The final system achieved final strict and relaxed F1-scores pf
0.495 and 0.570 respectively, shown in Table 4.4. On analysis of results, there were
no clear differences in the systems ability to recognise gene-phenotype relations and
phenotype-other entity relations, rather it depended on the structure of the sentence.
The main sources of errors are discussed further in Section 4.2. 6 out of the 10 negated
sentence were identified, the rest of which appeared to be a result of an incorrect de-
pendency tree or an incorrect relation result.

Strict-P Strict-R Strict-F1 Relax-P Relax-R Relax-F1

Final RE System 0.540 0.450 0.495 0.620 0.570 0.597

Table 4.4: Strict and relaxed evaluation for the Relation Extraction system.

4.2 Sources of Error

The NER module and RE module both make use of publicly available tools and so the
correctness of the results heavily depend on the quality of these tools. Although steps
to resolve ambiguities such as acronym replacement and lookup against a manually
annotated set of common entities, MetaMap’s inability to distinguish between ambi-
guities not annotated in the set was a prominent cause of false positive results. For
example, ”WT1” may refer to the WT1 gene, or the WT1 nephroblastoma. MetaMap
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would not be able to detect which context the term is being used to annotate this cor-
rectly. Furthermore, the extraction of entities was restricted to noun phrases only which
was a main source of both false positive and false negative results. As described in Sec-
tion 3.4, the ASD-term extraction used nested shallow parsing to identify concepts that
span out with a noun phrase. This was not applied at the NER stage as MetaMap’s slow
performance and large scope of semantic types meant this method was not practical for
this application; entity labelling would take twice as long at best, and the large number
of possible types would likely give inconsistent results. The main cause of false posi-
tive named entities found was due to MetaMap’s recognition of multiple terms within
a single entity. For example ”human robo1” is a single entity referring to a gene, and
should have the semantic type ’Gene or Genome’. However, MetaMap recognises the
semantic types for ”human” and ”robo1” separately, and therefore proposes the candi-
date semantic types ’Human’ or ’Gene or Genome’. As a result, this particular entity
is misclassified as type ’Human’.

A main weakness of the ASD-term recognition method is its limited coverage of pos-
sible terms and phrases due to the dictionary-based approach. For this reason, it would
not perform well in cases where a phenotype is described in terms not included in
the dictionary, resulting in the majority of the false negatives found during evaluation.
Considering the MetaMap semantic types when labelling with ASD phenotypes allevi-
ated this problem slightly, however there was still the problem of restricting the bounds
of the entity to noun phrases and verb-noun phrases. There also exists ambiguity be-
tween phrases and a potential phenotype assignment. For example; the term ”anxiety”
on its own may refer to the ’anxiety disorder’ phenotype within the ’comorbidities’
class , or may refer to the ’social anxiety’ phenotype within the ’social competence’
class.

The relation extraction system returned a high false positive rate. On further inspection,
it appeared the main reasons for this were due to incorrect combinations of arguments
when conjunctions were involved in the sentence, and an incorrect identification of the
main relation from the tree. The first issue was mainly due to the filtering stage of
the relation construction stage not being strict on arguments which were not directly
connected in the sentence. Another reason was the failure to split up complex sentences
containing multiple relations or nested relations; where an argument in the result would
contain a large section of text. The second issue arose when the input sentence had a
root relation which was not the correct relation of interest. For example; ”Our study
shows gene had effect on phenotype.” The main relation is incorrectly identified as
the root of the sentence; ”shows”, which leads to the subject identified as ”our study”,
and the incorrect result; shows(our study, gene had an effect on phenotype), which
ignores the correct information in the sentence. As relations are extracted on sentence
level, anaphors(e.g. ’that’, ’it’, ’who’) referring to some previous entity from another
sentence, were found to be a source of false negatives. A number of false negatives
were also caused by incorrect POS tags, causing relationships between entities falsely
identified as verb phrases to be filtered out in a post-processing stage.
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4.3 Evaluation overview

The system shows various weaknesses, partly stemming from semantic ambiguity, a
restricted scope for identifying entities, and common linguistic challenges. Although
we expect a ML method to outperform each module, the proposed system achieves fair
precision and recall using available tools with the absence of a gold standard dataset,
especially considering that manual annotation accuracy itself is usually around 90%
[Elsevier 2018]. While a perfectly accurate annotation system is likely not achievable,
there is much room for improvement for each module. Taking into account these dis-
advantages, this system demonstrates an alternative method for information extraction
when certain resources are not available, and at times is successful in highlighting im-
portant sources of information such as gene-phenotype interactions. This suggests it
may be useful when combined with statistical methods, similar to that demonstrated
by Khordad and Maryam [2017] and Basaldella et al. [2017].
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Chapter 5

Corpus Analysis

Applying the text mining system to the corpus of papers may allow us to gain an un-
derstanding of the content of specific papers, perhaps observe the quantity of research
revolving around specific genes or phenotypes and highlight specific knowledge of
interest such as gene-phenotype interactions and clustered topics in autism research.
We look both at the full corpus, and within papers under the Autism Genetics MeSH
heading, referred to as ’gene papers’, and the papers retrieved considered ’phenotype
papers’, detailed in Section 3.1.

5.1 General

5.1.1 Gene Prevalence

Genes were counted combining counts from their approved symbol, synonyms and full
names, however synonyms were filtered where possible to remove those which were
also English words, such as MICE and CAGE. Of 1054 genes in the SFARI database,
794 were mentioned in the full corpus, with 694 in gene papers alone and 462 in
phenotype papers alone. On average, a gene paper referenced 6 unique genes; while
an average phenotype paper referenced 2 unique genes. Considering the score for each
gene (described in Section 2.3), the degree of its ASD-risk is generally reflected in its
frequency of document mentions. All 25 high confidence genes and 93% of strong
candidate ASD genes are referred to in the full corpus, and generally, representation
decreases with lower risk. Figure 5.1 shows the percentage of genes in each category
which are mentioned at least once in the full corpus, gene papers only, and phenotype
papers. Gene papers generally mention a larger portion of genes in each category than
phenotype papers, with the exception of ’strong-candidate’ risk genes. Looking at
the mean number of document mentions for genes in each category, (Figure 5.2) it is
evident that the higher risk genes are discussed more in each collection of papers, and
more so in gene papers than phenotype papers.

Figure 5.3 shows the distribution of paper mentions for each gene in categories 1-
6, and Figure 5.4 shows the distribution of paper mentions for all syndromic genes.
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Figure 5.1: Percentage of genes, per category, represented in each collection.

Figure 5.2: Mean number of documents mentioning genes in each category.

The distribution of paper mentions seems to follow a general trend, with a number of
significantly higher mentioned genes per category.

Figure 5.3: Document mentions per gene in categories 1-6.

Looking at the highest mentioned genes in the corpus, most are either high risk, strong
candidates, or syndromic (Table 5.1). In particular; FMR1, MECP2, SHANK3, TSC1
and PTEN are syndromic genes strongly associated with ASD co-morbid disorders
Fragile-X syndrome, epilepsy, Phelan-McDermid syndrome, Tuberous Sclerosis, and
macrocephaly, respectively. As co-morbid disorders are of particular interest in ASD
research, it is not surprising that these genes are prominent. The only gene included
here outside of these three categories is SHANK1 which currently only has suggestive
evidence of implication in ASD, although its family members SHANK2 and SHANK3
are implicated in ASD.
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Figure 5.4: Document mentions for syndromic genes.

Gene Score Articles Mentioned

FMR1 S 226
MECP2 2S 188
SHANK3 1S 178
TSC1 S 137
SHANK2 2 122
PTEN 1S 117
TRIO 2 110
SHANK1 3 104
MTOR 3S 101
CNTNAP2 2S 98

Table 5.1: Genes mentioned with the highest document frequency in the full corpus.

5.1.2 Phenotype Prevalence

For this study, the semantic types were not considered in the assigning of ASD annota-
tions as labelling entities using MetaMap was too slow to annotate all full text papers
in the time given. Instead, annotations are based on the dictionary method alone, de-
scribed in Section 3.4.

In total, there are 31855 phenotype annotations in the full corpus, representing 256
of the 284 ASDPTO phenotypes. The highest annotated phenotypes are ’learning dis-
orders’, ’reciprocal social interaction’, ’cognitive ability’, and ’stereotyped, restricted
and repetitive behaviour’, annotated in 75%, 65%, 63% and 47% of papers, respec-
tively. These most common annotations describe general characterisations of ASD
and are often mentioned within general statements or ones which summarise the disor-
der as an introduction to the text; e.g. ”ASD is characterised by developmental delay
and social deficits”. As such, these annotations do not always provide a representation
of what the paper is about, or the actual distribution of topics in our corpus.

To normalise this, phenotype prevalence was considered by the number of documents
where each phenotype is a prominent topic or concept. This was done using Term
Frequency-Inverse Document Frequency (TFIDF).
TFIDF (Figure 5.5) is a measure of importance of a word or term in a document based
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its frequency in the document compared to its frequency in a collection of documents.
It penalises very common words and considers rarer words as more informative.

T FIDF t,d = (t f t,d)× log2
N
d f t

where;
t ft,d = frequency of term t in document d
d ft = number of documents term t appears in
N = number of documents in collections

Figure 5.5: Term Frequency-Inverse Document Frequency (TFIDF) Formula

The annotated versions of each article were indexed and the TFIDF against each docu-
ment was computed. A score of maxT FIDF×0.6 was found by trial and error, which
was a cutoff for a term’s associated ’informative’ papers. For example; the ’learning
disorders’ annotation appears in 1444 articles, but is only a prominent topic in 632
of these. Conversely, ’fine motor skills’ is only annotated in 75 papers but is con-
sidered important in all of these. The distribution of phenotypes by higher class is
similar between the total document frequency and TFIDF normalized counts (Figure
5.6), however this metric gives a better understanding of the importance of each term
in our corpus.

Figure 5.6: Document frequency of phenotype annotations (left) and
TFIDF-normalised counts (right), grouped by higher level class. y-axis is same, x-axis

is different.

As we see, annotations under the ’comorbidities’ class are significantly higher than the
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rest. This is not surprising as co-morbid diseases and disorders are of particular interest
in ASD research. Looking at the distribution of specific co-morbid disorder annota-
tions (Figure 6.1), mental and learning disorders are particularly prominent, specif-
ically anxiety and depressive disorders. Nervous system diseases the second most
prominent phenotype grouping. The distribution of the other types of comorbidities
varies between 0-50 documents. The cardiovascular, bacterial and urogenital diseases
do not have associated specific comorbidities within the phenotype ontology and so
the general disorders are annotated, whereas the other co-morbid disorder types have
specific diseases associated and so have a wider scope for annotations.

We may then compare annotation distribution between gene papers and phenotype pa-
pers. Gene papers on average contain 10 unique annotations per paper, whereas phe-
notype papers contain around 16. The higher level distribution of annotations (Figure
5.7) is fairly representative of the overall count; again, comorbidities are a dominating
topic of interest in both cases. Both collections have similar distributions, although we
can note a significant increase in personal trait and social competence related annota-
tions in the phenotype papers. This is not surprising as we could expect gene papers to
be more clinically or medically focused, and phenotype papers to be interested in the
behavioural or social aspects of ASD.

Figure 5.7: TFIDF counts of gene papers (left) and phenotype papers (right).

Emotional traits, such as mood, affect and self concept, are the least annotated pheno-
type in both collections. We could assume this is an under-researched area; however
this may be a result of an annotation issue, as anxiety and depression are considered
both emotional traits and co-morbid disorders, resulting in the emotional trait pheno-
type appearing underrepresented in our papers. This poses the problem of conflicting
annotations within the ontology, which may be addressed by considering the context
of neighbouring terms using an ML method.
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We may use this metric to gain an understanding of the areas research being conducted
within ASD research. From our results, it appears co-morbid diseases is very highly
researched among genetic and phenotype papers, followed by symptoms and expo-
sures. We can see a difference in the level of research into social aspects of ASD in
the genetic research and phenotype research. We have the the issue of selection bias
within this small subset of papers, and so this is unlikely to be accurately representative
of real research being continued today, however will be applicable to a larger data set.

5.2 Gene-Phenotype Interactions

Of particular interest in ASD research is the relationship between genes and ASD phe-
notypes. Given the huge heterogeneity of the disorder, both genetically and among
symptoms and phenotypes, understanding exact associations is a difficult task. The
annotated corpus was examined so that we may observe trends in gene and pheno-
type mentions amongst the text and form some conclusions about their relation to one
another.

5.2.1 Co-occurrence

We may estimate that a gene and phenotype have some relation to one another if they
frequently appear together in text. To examine this, the co-occurrence of each gene
against each phenotype annotation in the corpus was taken and gene-phenotype pairs
which had a significantly high co-occurrence were selected. Certain phenotypes were
found frequently with multiple genes and so were grouped. Figure 6.1 shows the phe-
notypes with the genes they occurred with most frequently, in order of highest co-
occurrence.

From the results, we see syndromic comorbidities with high co-occurrence to their
causative genes, including; FMR1- Fragile X disorder, MECP2-Rett Syndrome and
UB3A-Angelman syndrome. Epilepsy, like ASD, is largely heterozygous and shares
many phenotypes with ASD. Epilepsy annotations were found to occur frequently with
10 particular genes, all of which are considered epilepsy risk genes [Wang et al. 2017].
There are numerous pairs found which are have some known association; FOXP1 and
FOXP2 mutations have been repeatedly implicated in language disorders [Lai et al.
2001, Bacon & A Rappold 2012], BDNF is a regulator of synaptic plasticity mecha-
nisms underlying learning and memory in the CNS [Cunha et al. 2010], dysfunctions
of the MTOR signalling pathway in the brain is associated with a number of neurologic
disorders [Lipton & Sahin 2014], and EGR2 is a transcription factor for myelin for-
mation and maintenance, thus alterations can impact motor development [Yiu & Baets
2015].

Despite these confirmed associations identified this way, genes and phenotypes may
occur often by coincidence; the FAT1 has a high co-occurrence with Down syndrome
although the two do not appear to be associated. Furthermore, this would not identify
negative associations, where relationships have been disproven or argued against.

38



5.2.2 Gene-Phenotype Extraction

While the above method can be informative when considering gene-phenotype rela-
tions in text alone, it is not definite and due to the issues described; it is necessary to
examine the text for explicit relationships. To compare this method, the relation extrac-
tion module was applied to the abstracts of the gene paper subset of the corpus. The
comparison was restricted to the article abstracts due to the slow performance of the
module, as well as the noise within the full text (e.g. tables, charts, references) which
caused a high false positive rate on testing. After filtering results from 1051 abstracts,
we found only 108 relations between 48 genes and 35 phenotypes. The sparsity of the
results can be attributed both to the relatively low recall of the system, and the fact
that relations are often implied explicitly within the text, or out with a single sentence;
which our system is not equipped for.

Figure 6.2 shows a network of these relations. The edges are labelled with the relation
term extracted from the text. While sparse, the results supported a number of the results
estimated previously; including GARB3-epilepsy, MAGEL2-Prader Willi syndrome,
SLC9A9-ADHD and FOXP1 and FOXP2-Language Ability. Note that relations may
originate from sentences such as ”Mice with GENE mutation exhibit PHENOTYPE”,
so whether this constitutes a definite relation can be speculative, however will usually
indicate an association.

Figure 5.8: A section of interconnected gene (dark green nodes) to phenotype
(comorbidities: pink nodes, language ability: light green node) relations extracted from

gene paper abstracts.

The system is able to identify associations between other known linked pairs; including
IL-6 and Perinatal History; IL-6 has been the subject of investigation for prenatal ex-
posures and has been associated with adverse neurological outcome in preterm infants
such as brain injury and autistic symptoms [Rasmussen et al. 2019]. This result shows
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a direct impact between a gene and physiological phenotype which may cause or in-
fluence the disorder. We also see associations between genes and social or behavioural
phenotypes exhibited by ASD, or co-morbid disorders; for example, both MEF2C and
CNTNAP2 are linked to learning disorders and schizophrenia, and both SHANK3 and
FOXP1 are linked to anxiety disorder and language ability, among others (Figure 5.8).
Each is useful in observing mechanisms within ASD genetics, overlapping symptoms
and phenotypes displayed by some altered gene or genes, and the genetic similarities
between ASD and co-morbid disorders.

5.3 Cluster Analysis

Given the extensive volume of literature available to researchers, it would be useful to
organize these into groups of articles related or relevant to one another. Clustering is an
unsupervised method of discovering natural groupings amongst a dataset based on sim-
ilarity and patterns in the content. Clustering is performed on the gene and phenotypes
annotations derived from each article, making the assumption that relevant documents
contain similar annotations. In clustering the annotations rather than the raw text, the
documents are grouped with respect to their genetic and phenotypic information. This
will result in some lost context of other subject matter, but we primarily aim to explore
the effectiveness of the annotated representation in grouping relevant documents.

In this task, we use K-Means and hierarchical clustering to establish suitable groups.
The text is preprocessed by tokenizing and converting to lowercase. Further prepro-
cessing is not necessary as the annotations should be standardized.
A term-by-document matrix is created using TFIDF (Figure 5.5) representing the rela-
tive importance of every term in the whole corpus to each document. From this matrix,
the distances between each document is computed by 1 − cosine similarity, where
cosine similarity is a measure of similarity between two vectors (Figure 5.9).

cos(θ) =
A ·B
||A||||B||

=
∑

n
i=1 Ai×Bi√

∑
n
i=1(Ai)2×

√
∑

n
i=1(Bi)2

Figure 5.9: Cosine Similarity formula, where A and B are document vectors.

Hierarchical clustering groups objects based on their distance in a top-down (divisive)
or bottom-up (agglomerative) method resulting in a tree like structure of major and sub-
clusters. We use the agglomerative algorithm which initially considers each document
as a single cluster, then consecutively groups similar clusters until all documents are
grouped as a single cluster [Jayanthi & Kavi Priya 2018]. K-Means clustering is a
partitioning algorithm which defines k number of arbitrary centroids for each cluster
and assigns each document to the cluster of its nearest centroid. The centroids are
repositioned at the centre of its members, and documents are reassigned recursively
until results converge [Ravi & Sundarambal 2018]. Both are used here as K-Means
requires a known number of k, which can be estimated from a dendogram constructed
by the hierarchical method (example Figure 5.10).
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To begin, the full corpus was clustered hierarchically, revealing 3 major clusters and
6 significant clusters at a lower level (Figure 5.10). Performing K-Means with k=3
showed a distinct segregation (Figure: 5.11), however clusters at k=6 were largely
overlapping (Figure 5.12) and suggests these groupings are indistinct. We then focus
on the three main groups discovered.

Figure 5.10: Dendogram structure from hierarchical clustering on full corpus.

Figure 5.11: K-Means clustering on the full corpus with k=3.

Looking at the articles contained in each cluster, we see cluster 0 (green) is composed
of 87% gene papers, cluster 1 (pink) is composed of 34% gene, 45% phenotype and
20% overlapping papers, and cluster 2 (purple) is composed of 85% phenotype papers.
Looking at the most frequently surfacing concepts in each cluster (Figure 5.2), we can
observe patterns among concepts within the papers.

Cluster 1 appears to prominently feature syndromic co-morbid diseases including Fragile-
X syndrome, Rett syndrome, tuberous sclerosis and epilepsy. Concepts association
with the characterization of these such as ’mental retardation’, ’neurologic indica-
tions’. The genes ’FMR1’ and ’SHANK3’ are also within the frequently surfac-
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Figure 5.12: K-Means clustering on the full corpus with k=6 showing largely
overlapping clusters.

ing terms supporting this, as they are both associated with syndromic co-morbidities
[Crawford et al. 2001, Rubeis et al. 2018]. Furthermore, given that the vast majority of
these members are within the gene paper collection, we could assume that this cluster
is focused on genetic information regarding comorbidities of ASD.

There is some overlap between cluster 0 and 1, and observing the frequently surfac-
ing terms of both clusters, these are various overlapping concepts including ’men-
tal disorders’, ’learning disorders’, ’neurologic indications’ and ’epilepsy’. This can
make exactly characterizing the two groupings difficult; however we can observe the
mentions of ’attention deficit disorder’, ’depressive disorder’, ’bipolar disorder’, ’anx-
iety disorders’ and ’obsessive compulsive disorder’. Furthermore, concepts which de-
scribe symptoms, or are generally related to of these disorders including ’overactivity’,
’mood’, and ’aggressive behaviour’. We could estimate that this group primarily con-
cerns co-morbid mental disorders within ASDs.

There is a clear difference in the concepts within cluster 2, and clusters 0 and 1. Cluster
2’s frequently surfacing concepts are composed of concepts relating to the communi-
cation skills phenotype including ’integrated verbal and non-verbal communication’,
’ability to converse in social settings’, ’reciprocal social interaction’, ’ability to convey
information’ and ’eye contact’. Specific personal traits; ’executive function’, ’visual
thinking’ and ’empathy’ are also prominent concepts. Language ability phenotypes
appear including ’language skills’, ’vocalizations’ and ’development or regression of
language skills’. We can assume from this that the papers in this group are concerned
with the social and behavioural aspects of ASD.

Cluster analysis discovered three major groups of articles which appear to have the
common themes of syndromic co-morbid disorders, mental disorders and social-behavioural
aspects of ASD. Unfortunately, attempting to view more specific subgroups was in-
conclusive due to a large overlap. This will likely be due to the restricted number of
concepts which they were clustered on. Extending the concept range with more named
entities may address this issue, and allow us to identify more specific groupings in the
future.
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Cluster Frequently Surfacing Concepts

0 (Green) Learning disorders, seizures, epilepsy, Fragile-X syndrome, neuro-
logic indications, FMR1, social competency, overactivity, Rett syn-
drome, SHANK3, schizophrenia, mental disorders, mental retarda-
tion, medical history, tuberous sclerosis

1 (Pink) Attention deficit disorder with hyperactivity, depressive disorder,
mental disorder, diagnosis, anxiety disorders, medications, over-
activity, learning disorders, cognitive ability, obsessive compulsive
disorder, bipolar disorder, mental retardation, Asperger syndrome,
mood, aggressive behaviour, epilepsy, neurologic indications

2 (Purple) Integrated verbal and non-verbal communication, visual thinking,
ability to converse in social settings, social competence, reciprocal
social interaction, empathy, restricted and repetitive behaviour, As-
pergers syndrome, ability to convey information, development or re-
gression of language skills, eye contact, joint attention, vocalisations,
language ability, executive function, awareness of social cues, task
performance

Table 5.2: Frequently surfacing concepts for each cluster discovered by K-Means.
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Chapter 6

Conclusion

6.1 Summary

This project presents a text mining approach to the annotation of ASD-relevant liter-
ature, building on previous methods used in information extraction tasks to optimize
performance within this domain. We use open source natural language tools, com-
bined with state-of-the-art biomedical entity labelling software, dependency parsing
software, a structured ASD ontology utilized as a domain specific vocabulary and man-
ually labelled data to improve performance.

MetaMap’s entity labelling tool was improved upon for the context of this task by
applying ASD and gene list lookups to achieve a final strict F1-score 0f 0.653 and
relaxed F1-score of 0.712, and found it outperformed an existing entity recognition tool
by recall and F1-score on a limited set of entities. We achieved strict and relaxed F1-
scores of 0.739 and 0.773 respectively, on the identification of ASD-phenotypes from
text using nested shallow parsing and stemmed keyword search against a manually
constructed dictionary of ASD terms. We developed a method to extract relations
between named entities using dependency trees and achieved a strict F1-score of 0.495
and relaxed F1-score of 0.597.

Finally, the resulting system was deployed on a collection of ASD-relevant literature
to investigate the concentration of specific ASD-risk genes and phenotypes, identify
potential and confirmed gene-phenotype relations, and observe potential subtypes of
ASD literature through clustering. We observe a higher representation of syndromic,
high confidence or strong candidate genes within the corpus, which can be expected,
although suggest this study would likely be more useful for analysing the gene preva-
lence in a specific type of paper, for example those with language disorder information.
We note that comorbidities, in particular mental and learning disorders, are the most
prominent phenotype groupings within our corpus, and we note a higher frequency
of phenotypes within the ’personal traits’ and ’social competence’ categories in those
considered phenotype papers than papers considered genetic. Executing the relation
extraction system on a collection of abstracts identified 183 relations between genes
and phenotypes, some of which were suggested while examining the co-occurrence
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of gene and phenotype annotations in text. Cluster analysis showed we are able to
uncover general groupings of syndromic and mental co-morbid disorders and social-
behavioural information within the annotated corpus, however for more specific group-
ings further improvement is required. In this analysis, we demonstrate some potential
uses of such annotation systems to ASD research and present this method as an alter-
native approach to automated curation in absence of gold-standard data.

6.2 Future Work

There is much room for improvement in each aspect of the system. Evaluation of the
system identified issues that occur due to the restrictedness of each module. Perhaps
combining the main methodologies proposed here with a statistical approach would
address these limitations.

In particular, this project emphasised the need for a gold standard dataset in which to
base implementations. Construction of a gold-standard ASD corpus would be highly
useful for future ASD research as it would allow access to more sophisticated methods
of automated curation.

There is a wide scope for future analysis of the ASD literature. Upon improving an-
notations to an adequate standard, it would be useful to analyse larger sets of articles
to get a more accurate representation of the data. Furthermore, it would be useful to
apply the system to clinical data, which may give an insight into prevalence of specific
phenotypes actually exhibited by patients with ASD and view trends in those exhibited
traits. We show a basic cluster analysis of the annotated literature, however in order
to further facilitate access to relevant literature, it would be useful to extend this to
perhaps classify papers based on these groupings. It would also be interesting to fur-
ther analyse the content of papers by applying topic modelling to the literature, such
as Latent Dirichlet Allocation, which aims to uncover implicit topics within a corpus
using probabilistic modelling on the text [Blei et al. 2003].
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Appendix

Phenotype Highly Co-occurring Genes

Fragile X Syndrome FMR1, UBE3A, MTOR, NF1
Rett Syndrome MECP2, MAP2, SCN1A, FOXG1, NSD1, CDKL5, TCF2,

MEF2C
Epilepsy FMR1, PTEN, UB2A, GABRB3, SCN2A, SCN1A,

DYRK1A, CHRNA7, NSD1
Schizophrenia NRXN1, FOXP2, SYNGAP1, CHRNA7, GAD1
Angelman Syndrome UB3A, MEF2C,
Prader-Willi syndrome MAGEL2, MAGED1
Tuberous Sclerosis TSC1, TSC2
Down Syndrome FAT1, WWOX
Bipolar Disorder MSN, NRG1, HRAS, SCN8A
Depressive Disorder NTRK2, HTR2A
Attention Deficit Disorder ASMT, SCL6A3, PLCB1, SLC9A9
Learning Disorders SHANK3, MECP2, FMR1, TRIO, PTEN, CNTNAP2,

SHANK2
Reciprocal Social Interac-
tions

SHANK3, FMR1, MECP2, PTEN, TRIO, CNTNAP2

Social Competence SHANK3, SHANK2, SHANK1, OXT, OXTR
Stereotyped, Restricted
and Repetitive Behaviour

SHANK3, MECP2, PTEN, CNTNAP2, SHANK2, OXT

Cognitive Ability TRIO, SHANK3, FMR1, MECP2, PTEN, CNTNAP2
Language Ability FOXP1, FOXP2, HDAC4, AHl1, TP0, DMPK
Working Memory BDNF, DC38, HOMER1
Motor Skills EGR2, CNTN6, NDUFA5
Visual Thinking APP, CUX1, CNTN5
Perinatal History DCX, GRIN1, SNAP25, MTHFR, AHL1
Mental Disorders GABRB3, GRIN2B, RELN, FOXP2
Mental Retardation NRXN3, DNMT3A, HOXA1
Neurologic Indications MTOR, SCN1A, BCL2

Table 6.1: ASD Phenotypes and genes with a high co-occurrence.
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Figure 6.1: TFIDF Counts of comorbidities in the full corpus, grouped by higher level
comorbidity types. The comorbidity annotations include general disorder indications

such as ’Autoimmune’ or ’Mental disorders’, as well as specific diseases and disorders.
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