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Many organisations are finding that the volume of information they need to analyse to make
effective decisions is increasing. An important element in effective decision making is the ability
to prioritise information quickly and accuratefyom a variety of sources. Technology tools are
widely used to aid decision making through analysis and visualisation of humeric data, leveraging
structured knowledge aim expert systems, or identifying items based on known existing
relationshipsand content information as in recommender systems. However, producing similar
insightsfrom unstructuredtext documents of varying formats, intents, and domaiwéth little

prior knowledge or laelling,remains an open problem.

This thesis takes the approach of using machine understanding of natural language text and
the semantic content of documents as the basis for downstream tasks of recommendation,
visualisation, summarisation, clusterirand topic namingo highlight key areas of interest in
large heterogeneous datasetShe approach builds on both traditiortathniquesandrecent
advances in machine learniagdnatural language processimgd combines and supplements
them to address is@s includingparse labellinghe coldstart problem, andhe explainability of
results. A novel recommendation algorithiiransitive Semantic Relationships (TiSRyoposed
to address challenging cases of the estidrt problem andis demonstrated as aeffective tool for
identifying supply chain relationships using company descriptions and a small number of known
relationships. For thenore generaproblem of finding meaning in large collections of
unstructured text, this thesis proposes and demonstsatemethodology for combining several
existing text analytics techniques to produce an overview of the distribution and typical content
of key topics present in the data. This method is demonstrateddaedexamples including
survey of experts concesiregarding the GVID19 pandemic in the United Kingdom, the
descriptions of businesses on the Isle of Wight, and the descriptions of 2500 TED talks. A web
based too] the Text Insights Pipeline (TliB)presented enabling neexperts to make use of this
approach for analysis of other collections of unstructured text.

This thesis concludes that seniie understanding of text througteeplearning coupled with
explainable downstream algorithms is an effective basis for prodwiptpinablensights and
representative overviews dargeunstructured textdatasets The contributions of this thestsave
alreadyseen adoption in industry, government, and research, and taeeotential for making
previouslyindigestibledatasets open to analysis by aidinghe presentationand organisation of
unstructured text data.
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Chapter 1

Chapterl] LYUGNRRdzOGA2Y

Informed decisiormaking benefits from the consideration of a large pool of information from
varied sources. In many areas the amount of data available to inform decisions is increasing,
however, the ability of human decisianakers and anasts to consume, interpret, and organise

this datahasnot scalel with the amount availablendrequired for effective decision making.

Computation and information systems have long been used to record, store, and collate data.
From early examples of camsdata processing to the modern prevalence of big data analytics,
data mining, anépplied artificial intelligence, a consistent theme is that the value of data is in
producing information and insights to inform human decisions. Computer systamstain and
accurately reproduce vast quantities of data, éxceedingvhat can be held in memory and
considered by human analysts. For this reason, it is necessary to present not just data, but
information and insights automatically distilled from daathatit can beeffectively and

expedientlyinterpreted by humans

Computer systems excel at processiugntitativeand structured databut qualtative, informal

and unstructureddata such as naturdnguagdext poses additional challenges. Fatural

texts, such as articles, blogs, descriptions, and-fesé survey responseshere is no simple
objectivemethod to identifykey properties of the data, such aguivalent, typical, outligror
significantvalues. As such, it is necessary to generptantitativerepresentations of texwhich
capture its semantic meaning order to produce information and insights through computational

reasoning, distillation, and visualisation.

Quantitativerepresentations of the semantics of teéxave beermade possible through advances
in natural language processing (NLP), machine learning, and text andligsg representations
can be used for a variety of downstream tasks, however, how torheke useof these
techniques angbresent the results in a way that is not just interpretable and useful to humans,
but also transparent and trustworthyand robust to a range of challenging scenarios, such as
limited prior knowledge (as in the cold start probleamd uncertainty (as in implicit feedback),

remains a challenging research problem.



Chapter 1

1.1 Problem Statement

Information contained in large collections of unstructured text is highly valifabieformed
decision making, however, the size and lack of orgawisatnd structure in these datasedse
prohibitive to humans thoroughly examining and reasoning about the entire content. As such,
automated approaches are desirable for identifying key information, structuring the data, and
generating insights. To produtieese results, an automated system must understand the
meaning and significance of the teguch as through natural language understanding and text
analytics These results must be presented and evidenced in a way that is interpretable by
humans so thathe findings can be easily understood and communicated and so that decision

makers can have confidence in the validifythe results.



Chapter 1

1.2 Research Question

The problem stated isectionl.1leads tothe following research question:

Research Question........... How can machine understanding of teke used to produce insights
from large collections of unstructured textio inform decision

makers, analysts, and organisatior?s

This can be broken down into the followiBgb-ResearckQuestions (SRQ)s:

SRQL.......oooi i, How can machine understanding of text be used to identify
relationships between documents in large collections of unstructured

text?

SRQ2......cooiiiiiies How @n machine understanding of text be used to produge

interpretable overview of large collections of unstructured &xt

SRQ3.......es How @anthe results of text anabisbe effectivelypresented andised

to inform decisionmakers analysts, and organisatiochs

SRQ1 concerns the discovery of potential relationships between documents in a collection. This
can be treated as a search or recommendation probledmere inferences can be made
combining existing knowledge with machine understanding of text to inferneéationships or

identify documents of interest. This question is examined in det&hapter 3

SRQ2 concerns methods of distilling large datasets into summauaisesilisations, and categories
so that the data can be presented in a structured et provides a concise but representative

overview of the data. This question is examined in deta@hapter 4

SRQ3 concerns the application of the results from the other twegadstions, including how the
results ofautomatedanalysis can be effectively communicated, explained, used as a starting point
or aid to human analysj and be compared with the results of traditional analyséthods This
questionis relevant to the entire thesis but is discussed in partictdgardingprovenanceand
explainabilityin Chapter 3 presentation and comparison @hapter 4 and application itChapter

4 andChapter 5
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1.3 Thesis Structure

Chapter 1 has introduced thmotivation andaims of his research

Chaper 2 reviews thditerature on computational modelling of natural languages, well as
search and recommender systenagsid examineghe types of data andhallengesn theseareas,

andsomeprominentmodels andechniques.

Chapter 3 directly examines SR@troducing the problem in detail, identifyirige limitations of
existing search and recommender systemmgarding unstructured and unlabelled data and issues
with explainability (SRQ23Jhe theory, implementation, and experimental results foroael

solution, the Transitive Semantic Relationships (TSR) madepresented and followed tgy

further investigation into refinements to the model.

Chapter 4 focuses on SRQ2 and R&amining techniques fatistilling, structuring, and
presenting ext data. A methodology is demonstratdtht combinesseveral models and
techniques to produce interpretable analysis results including visualisations, summaries, and
generated categories. This method is demonstrated on sedatalsets ands compared wit an
independent human analysis. This chapter also presents the Text Insights Ripdinan

automated analysis to@nabling norexperts to apply this methodology to other datasets.

Chapter5 concludes the thesis and examines the contributiampact,and future work resulting

from this research.
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Chapter2 . I O1 3 N2 dzy R

2.1  Chapter Overview

This chapter sets out the essential backgroundrimfation and literature necessary to
understand and contextualise the work presented in this thesis, in particular focusing on the
topics of natural language da(a.2), how it can be understood and used by computer systems
(2.3), existing approaches to identifying kitggms and relationships in large datasé2s4), and

the challenges with generating and presentexplainable result.5).

The techniques, algorithms, modeénd challengespecificallyrelated to approaches used in
Chapter 3and Chapter 4vhich are less broadly relevant te rest ofthis thesis are discussed in

those respective chapters.

While thebroadertopics of machine learning and deep learning feature throughoutthi@sis a
detailed understanding of the fundamentaad model architectureshould not be necessary to
appreciate the work presented, although the interested reader may reféextbooks on these

topics for additional backgroun@oodfellow et al., 2016)

211 Scope and Limit#ons

As this project covers a wide range of areas, each with extensive background literature, a focus is
given here on examining the particular challenges, approaches, and developments relevant to the
theory and experimental work in subsequent chaptensparticular, some topicare mentioned

but not discussed in detasluch asatural language processing for languages other than English,
semantic representations of media other than texhd approaches to relationship modelling that

do not align with reommender systems. Each of these are large research areas tangentially
related to some aspects of this project but are not explored in detail in this thesis in favour of
more thoroughly examining a set of specific research areas including the challemgedeifing

English language text from various sources, the cold start problem, and provenance and

explainability of automated insights.
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2.2  Natural Language Data

Natural language text presents a variety of challenges for computational analysis. These include
syntactic issuewith interpreting the written form of the text, such as spelling, handling of
diacritics, and tokenisatiorsemantic issues with understanding the meaning of the text such as
ambiguity, context, and intent; angbcial issues witjudging the value and implication of text,

such as factual correctness, bias, and search engine optimisation.

This section looks at viaus sources of data used in training and evaluating natural language
models, some of the challenges they present, and how these are addressed. NLP is a large and
highly active subject area, so this overview is not meant as an exhaustive list but iftstesels

on representative examples tie types of data, challenges, and solutions, in particular where

they arerelevant to the methods used in this thesis.

2.2.1 Types and Sources of Data

Natural texts vary in length, from standalone sentences to books cantainany hundreds of
successive related sentences. For the purposes otdkR thesecan bedivided into 'shoritexts’

and 'longtexts'. Shorttexts include individual words and sentences, sentence fragments, nouns,
descriptors (titles, etc,)and searb terms(Wang et al., 2016; Yan et al., 2018)hereas longexts
such as documents, articles, books, @@ comprised of multiplerdered relatedsentences,
typically arranged into paragraphs and often sections, chapters, and volumes, depending on the

size of the collectiolfKiros et al., 2015)

Features can be learned from observing different properties of text, which vary in prominence
between corpora. Natural language text from bopédicles, and product descriptioyfer

example, consistof many odered sentencesypicallystructured as paragraphsut is typically
unlabelledother than publication metalata. Corpora of such texts are often the focus of research
on text summarisation, question answering, contéxgised recommender systems, and
information retrieval. They aralsoused to train or prerain language mode]giscussed further

in section2.3.

Alternatively, a corpusf reviewstypicallyconsists of manjtems with differing lengthsoften
accompanied by review scordeither numeric or binary positive/negativelhese corporanay
feature less extensive text structurésdue to shorter length in comparison to books or articles)
but havequantitative labes in the form of user ratings/review scor€orpora of user reviews are
generally the focus of recommender systems, especiallgitwarative and hybrid recommender

systems which require user ratings, discusieather in section2.4.
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Tasks such as sentiment analysis are commbaked on labelled data, such as reviews, where a
positive score would indicate that the text is likely to hajmositive sentiment. Such labelled data
is sometimesommunitysourced such aseviews(Hu & Liu, 2004; Pang & Lee, 20864
folksonomiegqsocial tagging datasetélarper & Konstan, 2015; Hotho et al., 2006; Sen et al.,
2006) but must otherwise be commissioned. In either case, as the data requires human
annotation, collections are often smaller atod more expensive to produoger word or

sentencethan unlabelled datdrom books and articles

For short texts, particularly in problem spaces such as sentiment analysis, increasingly large
amounts of labelled da are being generated due to social media and the proliferation of

communitysourcedreviews on the web (Google reviews, Amazon product reviews, etc.).

Long texts typically contain large numbers of both implicit and explicit relations to other concepts
These are sometimdked explicitly at time of writing, for example, usimgperlinks or

following semantic welstandards such as tHeesourcédescription FramewortRDF 1.1 Concepts

and Abstract Synta®2014)or Web Ontology Languad®WL 2 Web Ontology Language

Document Overview (Second Editjdt()12) Some datasets provide additional metata;

Scientometric datasets for example associate items with citation counts and authorship which can
be used as scoring mechanis(Beel et al., 2016ane types of data, such as books and articles,

may include a title along with the lortgxt content

2.2.2 Types and Cost of Labelling

As described in the previous section, many collections of natural language data are labelled as a
usual part of theicreation, such as reviews being accompanied by a numeric or binary
(positive/negative) score and social media posts featuring tags. In these cases, the volume of user
generated labels is abundant. However, outside of these aieean be necessary to commission

the labelling of data items

The cost of labelling is highly dependent on the complexity of the task, specifically the time
needed per human annotation and the expertise requirgdow et al.(2008)find that for tasks

such as textual entailment and word sense disambiguation approximately fouexmert labels

have similar quality to one expert lab&éradyandLeasg2010)investigate crowdsourcing binary
relevance labelling tasks and find that tasks where annotators must use item descriptions achieve

poorer accuracy and requigreater time per judgement than tasks using titles.

In some cases, dagatsmay be too large focomprehensiveananual labelling and may only be

viable to label by observinge behavious of users of a service, such as a search engine or
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recommender syst@. These observations may consist of clickough data, viewed items, or

other types of implicit indicators that a resistrelevant(Huang et al., 2013; Yin et al., 2016)

Implicit labels are inherently uncertain as the interactions a user makes are situationally

dependent, meaning users may investigate itatrtarer2 i 2 LJAA Y f NBadzZ G6az FyR |
objective may change at any time, so it cannot be assumed that all user actions are (Klzted

et al., 2015)However,aggregation ofnany implicit labels cabe used to identify statistically

significant trends. When evaluating using implicit labgtecialisednethodssuch as those

examinedin Chapter 3are often emplogd to account for the uncertainty in the evaluation cases.

2.2.3 Examples oNLPDatasets

NLPmodels are typically evaluated using several common benchmark datasets. Most of these

datasetswere createdfor, or are welltailored to, specific problems in NURbdled data allows

for training and evaluation by calculating errors or misclassifications. When used for evahfation

language models (see secti@iB)thesearecoi 2 yf & NBFSNNBR (G2 4 WR2gyaidNBI
contrast to the learning task used to train the mo@€kr et al., 2018; Conaa & Kiela, 2018)

Superviseanodelsand models which usine-tuningare typically trained on one of these
datasets. Unsupervised and sesuipervised modelare typically trained (or pr&rained) on a
larger unlabelled corpus such as the 98#lion words Toronto Book Corpu&hu et al., 2015pr
the multi-billion word Wikipedia corpusind Common Crawdatasets (many versions exist for

each),or various web newdatasets

Labelled datasets amometimesprovided with split training, validation (sometimes called
development), and test sefowman et al., 2015; Marelli et al., 201Bpr datasets where this is
not provided items may be split randomly tselectng, for example80% ofitemsfor training and

10% each for validation and testifige & Mikolov, 2014)

Commonquantitative evaluation metrics for labelled datasets include average error and number
of incorrect classifications, this is commonly reported using the percentage of correct
classificiions on the test setThis may employ methods suchE3fold crossvalidationwith
randomised initial network weight€Cer et al., 2018; Kiros et al., 2015dols for automated
evaluation of some types of models on multiple dwtream tasks have been released, such as

SentEva{Conneau & Kiela, 2018)

It is also common to give selected examples of output, for exardplmonstrating thetypes of

itemsthat are considered most similar or interesting predictions the modelrhage(Kiros et al.,
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2015; Mikolov, Chen, et al., 2013)is is usually given as the basis for discussion or analysis of the

kinds of features the modeé$ sensitive to

Some of the common evaluation dataset listed inTable2.1. This list is not exhaustive but
shows the variety and scale of datasets used in these tasks and their applications. For some of
these datasets, variations may exist witkifferent number oftems, either due to separate

releases of the data, or reformulations of the data for use in some studies.
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Table2.1 - Common NLP evaluation datasefdternate versions with different numbers of items

may eist for some datasets, the versions given here are examples used in the

literature reviewed in this chapter

Name / Source

Description

Usage

Stanford Sentiment Treebank
(SST)
(Socher et al., 2013)

70k phrases labelled withinary
sentiment

Sentiment analysis

Stanford Natural Language
Inference SNL)

(Bowman et al., 2015)

570k pairs of phrases labelled
either entailment, contradiction,
or neutral

Natural Language
Inference (NLI),
Transfer learning

Sentences Involving
Compositional Knowledge (SICK

(Marelli et al., 2014)

10k pairs of sentences labelled
with scores out of 5 for
relatedness

Semantic relatedness,
Entailment

Movie Reviews (MR)
(Pang & Lee, 2005)

11k snippets from movie
reviews labelled with ratings ou
of 5

Sentiment analysis,
Recommender system

Movie Lens (ML)
(Harper & Konstan, 2015)

20M movie ratings and 465k tal
applications applied to 27k
movies by 138k users

Tag prediction,
Recommender system

Customer Reviews (CR)
(Hu & Liu, 2004)

4k sentences from Amazon
reviews labelled witlsentiment

Sentiment analysis,
Recommender system

Text Retrieval Conference data
(TREL
(X. Li & Roth, 2002)

6k questions labelled by type

Questiontype
classification

SUBJ
(Pang & Lee, 2004)

10k sentences from movie
reviews and summaries labelle
with subjectivity scores

Subijectivity/objectivity
classification

Microsoft Research Paraphrase
Corpus

(Dolan & Brockett, 2005)

5.8k pairs of sentences from
news sources with binary labels
for paraphrasing

Paraphrase detection

MPQA
(Wiebe et al., 2005)

11k phrases labelled with
opinion polarity (positive or
negative)

Sentiment analysis

10
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2.2.4 Information Correctness and Bad Actors

The quality of any machidearningbased solution is dependent on the quality of the data it is
trained on.Manysystems simply assume the correctness of the training corpus. In natural
language, incorrect usage of termaéxt is a form of nois¢hat a robust solution must account
for. Anadditional issue when mining a public corpus is that documents may be accidentally or
deliberately misleading; this includes issues such as false or exaggelaited search engine

SELX 2AGFGA2Y 663FYAYy3d (GKS zeadidyeos LR2NI T O

In many scenarios, particularly commercial markets and services, document authorsnhave a
interest in promoting their contenbver others, even if the recommendation may be suboptimal
for the user In the context of search and recommeaadystemsthis is often exhibited as Search
Engine Optimisation (SEO) but can in some cases be deliberately used to deceive the algorithm

into ranking a document highly for unrelated searches, for example, by adding false keywords.

Much research has focused on rhetls of mitigating this issue, such as using scores for validity
and authoritativeness, typically based on concrete relationships with other documents such as
hyperlinks(Brin & Page, 1998y Scientometric datélbrahim et al.2017)

Approachedhased on natural language understanding of-fellt contentare less subject to SEO
(as metadata is typically less important) but are in turn vulnerableézeptiveuse oflanguage
such as false claims and advertising. These amhves are also likely to deceive humans but can
be overcome by verifying information through reasoning and by corroborating information from
additional sources. Detection and mitigation of false claamesbeyond the scope of thithesis

but are an importait considerationvhen selecting datasets and evaluating results.

11
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2.3 LanguageéModelling

One of theprincipaldifficulties in NLP ithe effectivemodelling of natural syntax and semantics.
To accurately derive meaning from natural text, it is necessary\e haophisticatedthethod of
processingi KS f | y3dzr 35Qa &eéy il Fandpyiddtiallyilo pifeBésy Ay 3a 2F 62 NK

The vocabularies of natural languages typically contain words with subtle, complex, or contextual
meanings such as synonyms (words withilar meanings), homographs (worsiset the same

with different meanings), words with multiple connotations, words with variable spelling
(including common misspellings of words), and various inflectional forms for different tenses or

subjects.

Thissection looks at some of the techniques used in normalising syntactic differences in text
through preprocessing and generating semantic representations of text through language
modelling and text embedding, as well as some of the challenges and limgatiahese

approaches.

23.1 Pre-Processing

Natural language text commonly features symbols and terms that may not be of interest for a
model, such as punctuation, styling and markup tags, and words deemed to have little semantic
meaning. The number of uniguymbols and theocabularysize of a language model can
significantlyaffect performance(Gowda & May, 2020%0 it is common to prprocess input text

to remove extraneous featureend normalise text to address variations in syntax, as outline

the following sections

The following suksections are not an exhaustive guide to {pmcessing text data but

demonstrate some examples tife types of features that may be removed from text before use

AY GNIAYAY3I 2N LINBRAOGAZ2YI GKAOK YIF@& 0SS AYLERNIFYy(G
language and the features availalite it to learn This section focuses on English language text

andsome but not all techniques may apply to other languggee discussion of tokenisation and

canonisation techniques for instance is not applicable to languages that use logograms such as

Mandarin hanzi or Japanese kanmyhere individual characters peesent words or morphemes

instead of subword units as in alphabetic languages

23.11 Tokenisation

The first preprocessing step commonly applied is tokenization, where the input text is converted

into a sequence of tokens. This conversion is typically basedhidespace and punctuation,

12
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where each word and punctuation symbol becomes a tolkaumssell & Norvig, 2020his can
result in words containing punctuatip such as apostrophes, being split into multiple tokens, so
these maysometimesbe replaced before or during tokenisaticSomesophisticated tokenizers
may identifylocutionssuch as multivord phrasegalso referred to asHgrams)as a single token
based on frequent coccurrenceor grammatical rulegRussell & Norvig, 2020n the example
below, item 1 shows the input text, 2 shows the text aftekenisation(where | is the divider
between tokens)3 shows the text after tokenisation with apostrophes removed, and 4 shows the
text after tokenisation preserving locutions.

1. 0 Q@é IAQOI ¢ 1N Q

2. 0 QEME 1sQi sBsosQE061 € /4 Q

3. 0 Qiwé isQi §O5061 £ 7 Q

4, 0 QWé isQi §05061 €N Q
Otherapproaches to tokenisatioimcludecharacterlevel tokenization andubword tokenization

Charactedlevel tokenisation forgoebuilding a vocabulary of words and instead uses single
characters as token®&im et al., 2016; Ling et al., 2018moving the problem of vocabulary size
and allowing handling of otdf-vocabulary words, but resulting in text being mapped to a large
number of tokens, which may not individually carry meaning (i.e. indivilégtterstypicallydo not

have semantic meaning).

Subword tokenisationallows words to be broken into multiple tokesach that prefixessuffixes
and other meaningful character sequendesy.,morphemes)anbe used as featured.ike
characterlevel tokens, these can be composed to increase the coverage of the vocabulary, but
unlike character tokens, these have meaningful semantios: ¥ords should be split is

sometimes learnedsuch as with WordPie¢&ennrich et al., 26; Wu et al., 2018)hich uses a

variation ofByte Pair Encodintp select tokens based dnequentpairs of consecutive sequences

2.3.1.2 Canonization

Some aspects of a vocabulary can be normalised based on grammatical rules and by looking at the
roots of words using processes such as stemming and lemmatisation, for selvietalsolutions
SEAAGZT &dzOK I &Porte2 I0E0ST heBesalgdrithras S wbatitiité Words with their
canonicaldictionary)forms by removing inflections (tense, case, voice, aspect, person, number,
gender, and mood}husreducing the size of the vocabulag.g.,d LI I & A yeFeES Lt | & ¢
0 S02 YS . Howkvergsdémeontextualinformation (e.g., verb tensejnay be lost as words

sharing the same lemma are considered to have identical meaning

Someapproacheslso choose to remove letter casing anddatiticsto further reduce the number

of unique tokens. This assumes that alternative spellings add little semantic information at the

13
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cost of greater vocabulary size. It has been demonstrated that preserving case can benefit some
tasks such as Named Entity Recognition aaud-&f-Speech tagging, but for other tasks removing

case and icriticscan improve model performamrgDevlin et al., 2019)

In the following example, 1 shows an input sentence, and 2 shows its canonical form after
stemmingand character substitution.

1. '@ ¢ 1 GO GO 'QQAIER QMM

2. QO£ isQEOSO O ORQ Qsh Qi s Q

2.3.1.3 Stop Words

A commonly used approach is to filter the text against a stop lift af stop words, which are
terms assumed to not be of interest,dzOK | & 02y ySOGA QDS g2NRa fA1S aldKSE
software libraries such as NLT{Bird et al., 2009pbften provide generic stop listbut there is no
agreed universal stop list. Different types of models may benefit from different stop lists due to
differences in how they prass the input. For example, in the following sentences (1 & 2) the
G2NRa aFNBYE YR ai2é6s 6KAOK | NB Oz2zYyyYzyfé dzaSR Fa .
sentences significantly. Sentence 3 shows how both sentences, which originally had different
meaningE I NB NBRdzOSR G2 GKS alryS (G421Sya ¢KSy GKS adz2Ll
1. Yi &0 o=z "Qa EYD ¢ QE
2. Yi G0 Qa0 Qu > atyn Gk
3. Yi 0L BDE MO ¥ Qe
lfamodel®2y &8 ARSNBE 62NR 2NRSNE G(KSy (GKS LRaAGAZYyAy3d 27
identify which location is the origin and which is the destination in sentences 1 and 2, but this is
no longer possible after applying the stop list. If usiidpg ofWords (BoWjnodel, the word
order is not preserved, so discarding of the stop words does not change the apparent meaning; to
a BoW model sentences 1 and 2 are identical and removing stop words (sentence 3) does not

change the meaning any further.

2.3.2 Distributional Language Models

Distributional language modettempt to producerepresentations forwords, phrases, or parts
of speech in a continuous feature space. Based omptimeipled , 2 dz aKlFt € 1y26 | 62NR 0¢
O2 YL ye& (kith, 1953)3hked® inodels allow positioning of terms such thaire related

termshave greater proximity than unrelated terms.

Many natural language and text analysis systameshased on a Bag of Words (BoW) approach,
which creatsa statistical model of text by counting the occurrences of words within documents.

Some examples include Term Frequetroyerse Document Frequency (IH)(Sparck Jones,

14
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1972) Latent Semantic Analysis (Lg2¢erwester et al.1990) and Latent Dirichlet Allocation
(LDA)BIei et al., 2003)

One property oflistributional modelss that theycanproduce numeric representations tieir
AyLdzi Ay | O2ydGAydzRdza FTSFGdNB aLl 0So Ly [ {!
are used to compare the semantics of documents. Representation can also be produced for
individual words, commonly referred to as word vectorsward embeddings. These embeddings

represent the semantics of the words based on theiocaurrence in the corpus.

These approaches produce reasonable results for tasks such as topic classification and keyword
matching but cannot capture context in the form dktmeaningful order and structure of text,

which is required for more sophisticated tasks such as reasoning, entity extraction, and
relationship extraction; for these tasksis necessary to model both the semantic and syntactic

properties of the text.

Topartiallyaddress thisstatistical language models can make use-gfams, grouped
representations of frequently neighbouring terms. These modstsnateconditional
probabilitiesfor the next wordfor a large number of contexts (the preceding wor(B@ngio et
al., 2001)However, this approach has limited scalability, requiring very small context sizes
(typically up to 3 words), due to sparsity introduced by the large dimensionality, commonly

referred to as tle curse of dimensionality.

2.3.3 Neural Language Models

Neural language models apply neural networks to the task of learning distributed representations
of text. While theearliestexamples of these mode(Bengio et al., 200yere limited by
computational efficiency, parularlyregardingcorpus size andocabulary sizéhese models

were able to overcome the curse of dimensionality by allowing each training sample to inform the
model about semantically similar samples, allowimgmuch greater context sizegithout

dilution due to sparsity

In 2013Mikolov, Chen, Corrado, & De&013)presented a neural network model for learning
word vectors, word2vec, able to efficiently process a much larger corpusptieiousmodels
and produce superior word embeddings, significantly surpassing-efdtee-art modelsin both
semantic and syntdic word relationshigoenchmarksFurther optimisations in their second

paper(Mikolov, Sutskever, et al., 2018ave even stronger results and performance gains.

Word2vecemploystwo architectures for learning word vectoos a largecorpus

15
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The Continuous Bag of Words (CBOW) model, based on the conventional Bow model, uses word

co-occurrence to learn word vectors. CBOW is distinct from other BoW approaches in that a filter

Ad LXK ASR G2 GKS AyLdzi theSmiieddingiforthe ttgetwoldisy 3 S6A Y R2 6 Q)
trained using only words which occur close to it in the text. This adds context to the Bow model,

but still lacks respect for word order, and ignores bealdistance between words so long agsit

within the windowsize.

TheContinuous Skigram modelnsteadtrains word embeddings by using the target word to
predict wordsthat occur nearby. The number of training samples featuring each nearby word is
dependentnot only on the number of contexts in which the woigsoccurbut also the distance
between the words, such that more distant words comprise fewer training examples. This
approach maximises the benefit of a large context window while keeping computationa

complexity manageable.

These architectures are the basis for several successive appraaatteas Paragraph Vectdts
& Mikolov, 2014)and SkipThought Vector¢Kiros et al., 2015)hich are discussed later in this
chapter.Some models such as GlofRe=nnington et al., 2014dirther improve performance by

combining these predictive tasks with global statistics like discussed in thiegsesection.

2.3.4 Distributional Representations of Documents

Paragraph Vectoréd.e & Mikolov, 2014¢xtend the word2vec model for word vectors to larger

lexical structures such as sentences, paragraphs, and documents. By including a unique paragraph
identifier in each training sample, a vector is leafot the paragraph as an indirect result of the

word prediction task. The resulting paragraph vectors capture the semantics of the paragraph and

can be used as a distributional semantic representation of the paragraph.

This was shown to be a more meaningful representation than previous doctmasitfixed

f Sy3i K GSOKyYyAljdzSa adzOK |a GF{1Ay3 GKS &adzy 2N LINE RdzO
explanation given for this is that the paragraph vectors are better ablegtuoacontextin the

form of the structure of the documents, which is lost when only considering a documents

constituent word vectors.

Future research into document representations supports this hypothesis. Various successive
models feature enhancementgtampting to retain more context. Some notable examples
include Skiprhought VectorgKiros et al., 2015nd Dependency Bas&tiord Embeddingf_evy

& Goldberg, 2014)
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2.3.5 Sequencdo Sequence Models

The Skiprhought Vectors model is a sequertoesequence Recurrent Neural Network (RNN) with
a similar learning objective to the word2vec skimm model but on the sentence level. Sentence
level vectors are learned by predicting sentences occurring befiodeafter the target sentence.
This captures a high degree of contextual information, as it is sensitive to both word order and
sentence order. The resulting skipoughtvectors havébeen shown to be highly effective for
tasks such as identifying semagatily similar sentences and sentiment classification. A skip
thoughts model trained on the BookCorpus data@G#tu et al., 2015 chieved stateof-the-art

performance on sevat benchmarks and is used as a baseline by many future models.

As a deep neuraletwork, the skipthought model requires a very large number of learnable
parameters compared to shallow models like word2vec, resuitimguch longer training times

and a regiirement for a very largéraining corpus forhigh-quality vectors to be produced. As
skipthoughts are dependent on the order of sentesegithin documents, they are also less
suited to tasks involving shetexts, for which they perform comparably to other models, many of

which are less complex.

It has been shown to be the case generallysequenceto-sequence models that their improved
performance is more prominent in tasks whanederstandingof global/longrange semantics is

required, and less in tasks involving keyphrase recogn{seo et al., 2020)

TheFastSenmodel (Hill et al., 2016puilds on the princis of Skighoughts by learning to
predict sentenceorder but uses a simpler Ielinear algorithm where sentence vectors are
produced by summing their constituent word vectors. This significantly reduces training time
while keeping the sentence level sentias of skipthoughts, but the loss of word order reduces

performance in some tasks, such as detecting sentiment, paraphrasing, and subjectivity.

2.3.6 FineTuning and Transfer Learning

Subsequent workscludingConneau, Kiela, Schwenk, Barrault, & Bo@847)andCer et al.,
(2018)have extensively explored the effects of finming and transfer learningn sentencdevel
vectors. In this context, transfer learning involves using vectorgrpreed on a large
unsupervised corpus, then fiflening using a comparatively small amount of higrality labelled

data.

Conneau et al2017)examine several model architectures and evaluation techniques and shows
significantperformance improvementsvhen sentence vectors are pteained on natural

language inference tasks, which they hypothesise is due to the generality of thiehéah
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semantic understanding required to solve the task. An interesting observation made by the
authors is that models which perform better at the pieining task do not necessarily produce
the best results in other tasks, which they attribute to ogpecialisation and focus on features
important to the training task rather than more general semantforimation. They also find that
larger sentence vectors can generalise better to other tasks, even when this does not result in
improved performance on the training task, which they also attribute to less specialisation of

learnt features.

Thepaperalsointroduces a new model, InferSent, adifectional LSTM (Long Shdrerm

Memory) sequencego-sequence model using transfer learning. This improved on the-sfatige-

art for several tasks of various types including semantic relatedness, infegarteentiment.

While this model requires some supervised data in addition to the usual unlabelled corpus, the
datarequiredfor both datasets is much less than exclusively unsupervised, or supervised models.
When trained on 570 thousand ordered sentenas] finetuned using labelled data

(specifically, from the Stanford Natural Language Inference (SNLI) déB@asanan et al., 201%)

their model consistently outperforms the best SKipought model trained on 64 million

sentences.

Fnally,the paper introduces an automated tool for evaluating the quality of sentence vectors on
several common benchmarks, which was later published and relegsm@source as SentEval
(Conneau & Kiela, 2018Jhis incorporates a diverse set of 17 NLP challenges imglaginion
polarity, review sentiment, objectivity, paraphrase detection, inference, questiswering, and
imagecaptioning. This encompassesmnyof the evaluation datasetsommonlyusedin the

contemporaryliterature.

Cer et al.(2018)take a different approach to transfer learning, byusing vectors learrity other
models, then applying firuning. They also investigate the effect of combining both word and
sentence level vectors. They improve on statéhe-art performance using their model,
Universal Sentence Encoder (USE), which combinesgined wad vectors from a word2vec
skip-gram model with sentence vectors trained on a Wikipedia dataset, thertdimed using

labelled datarom the SNLI dataset

Their best performing model, USE_T uses a transformer architecture. While this model scores
highestin most benchmarks, significantly surpassing state of the art, it ha® @(mpute and
memory requiremens based on sentence length. Another model introduced in the paper, USE_D,
is trained on the same data but uses a Deep Averaging Network (DAN) eturtgfevhich has

linear compute and memory requirements. Tihevaluation showed theerformance of this
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modelto beonly slightly less than USE_T in most tagkd, with abetter scoreon the subjectivity

evaluation benchmark.

As withthe InferSentmodel(Conneau et al., 201¥) | { 9 Q& sfézde&rnirg) Allows Kt ngar
state-of-the-art performance even with minimal training data. USE_T was shown to be
competitive with models trained on the full 67.3 thousand examples from the SST dataset (the
variant fromConneau et al. (201)yvhen finetuned on only one thousand exampléSer et al.,
2018)

These papers clearly demonstrate the advantages of transfer learning araifiimg. This

technique not onlysets the new statef-the-art performancebenchmarkdut does so with far

less training data than previous exclusively supervised or unsupervised models. This both results
in faster training times and significantly increases the number of potential apiphsafor these
techniques in areas where labelled data is limited. Both factors reduce the cost of implementation
and experimentation. This is further supported by both models being openly available online for
use in other applications, along with detallenstruction forreplicationbeing given in both

papers.

2.3.7 Addendum: Deep Bidirectional Encoders

Generating superior semantic representations of documents and jodugpeech continues to be
a highly active research area. Recent models trained on vewy thigsets, particularly those
using bidirectional encoding transformer architectutes/e achieved significant improvements
on a range of downstream tasks. Some notable examples include(BERIR et al., 2019)
ROBERTHLiu et al., 2019)XLNe(Yang et al., 2019and GP3B (Brown et al., 2020)
Commonaltie®f these modelsncludeconsideing sentence context when producirigxt

embeddings and using swiord tokenisation for better handling of owtf-vocabulary words

An advantage of using rdels which produce fixetbngth semantic vectors is that they can be

used interchangeably in most cases not requiring major methodological changes in their use, so
future developments in embedding models can easily benefit downstream applications. While
some of the models discussed here were not available wheretperimentsdetailed inthis
thesiswere conducted, it is likelyhe approaches presentecbuld benefit from the use dhese,

and future, superioembeddingmodels.
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2.4  Search andRecommendeiSystans

Retrieving information from heterogeneous sources is hot a new problem and is commonly a
consideration in search, recommendation, and expert systéis section looks at some of the

methods used in these areas, their data requirements, and liroitati

2.4.1 Item Smilarity Techniques

Effective methods for calculatinggm similarity are important for information retrieval tasks such
as finding items similar to a quempey also haveapplicationsn recommender systems that

make use of content information.

Statistical similarity techniques, such as Témaquencyc InverseDocument Frequency (TFIDF)
(Sparck Jones, 197&)e widely used in search and recommendation systéBe! et al., 2016)
While these approaches provide the benefits of determinism, comparative simplicity, and
understandability (contrasted to learning models with compgdaxameters), they are syntactically
variant meaning that different phraseology, fexample use of different terminology will prevent
matching, limiting their usefulness for matching documents from different domains or writing

styles(formal versus inforral, specialist versus genefalidience, etc.)

Language models (detailed in sect@8) can be used to produce semantic representations of
documents (or parts of dagnents)which can be compared, for example, using cosine similarity
or angular distancéCer et al., 2018; Reimers & Gurevych, 20PBgse mdels overcome

syntactic variancend match documents with different phraseology modelling semantics

(meaning) and considering context.

Multi-modal embedding models such &an, Li, & Zhang, 2018ung, Lenz, & SaxerfaQ17)can
be used to determin¢he similarity between various types of media such as images or audio,

enabling these to also be considered for a search queitgr comparison

Whileranking by similaritys suitable for retrieing documentsnatchinga query or comparing

pairs of itemsjt aloneis not sufficient for matching documents on relationships other than
content similarity, such as when documents that might share a relatiorsskipneaningfully
dissimilar, for example, in supply chain companies buy from/sell to companies that are differen

not companies that are similar (i.e., their competitors).

Distributional semantic techniques such as document embeddings have also been shown to be
effective for other tasks such as analogous reasomatgphrasdadentification, inference,

questionranswvering, and machine translatioCer et al., 2018; Conneau et al., 2017; Conneau &
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Kiela, 2018; Hill et al., 2016; Kiros et al., 20®lich may have other applications in information

retrieval and recommender systems.

2.4.2 UserBehaviourTechniques

Observing pattern userinteractiorsisthe basis of manyecommendersystems, particularly in
e-commerce where this data is abundant, and users commonly have extensive interaction
histories. For relationship inference, it is significant thiede approaches are not based the
directsimilarity between the user and the target documents, batthe implicit relationship of a

dza SNR& ySSR F2NJ gKILG GKS R20dzySyia RS&aONROS
Collaborative recommender systemggregate user interactions to find siamilusers and

recommend the items they likedCommon techniques include collaborative filtering, where

matrix factorisations used to reduce the dimensionality of the sparse matrix of-iteen

interactions. The resulting dense matrix can be usedN® 02 YYSY R AGSya o6l aSR

past interactiors (Koren et al., 2009)

However, due to dependence on user interactiord|aborative approachgsresent issues when
itemsare timessensitive or competitive agemsmay not remain valid long enough to accumulate
a significant user recor(bhalaby et al., 2018; Yuan et al., 20F&irther, this approach can result
in positive feedback loops where a document being frequently recommended results in more
interactions, resulting in more recommentitans and therefore more interactions; thisrality
effectcan result in a few generic or broadly applicable documents being disproportionately
recommended while newer and more niche documents are not promoted due to less existent

user behaviour datéDeldjoo et al., 2019; Yuan et al., 2016)

In contrast, contenbased recommender systems recommend itdpased on similarity to a

j dzZSNEB 2 NJ ( KS ctimds $nddrie wdrlis, Buich Suglid € &2017)and Ferro et al.

(2016) item description embeddings are used for this comparison. A common approach used in
both papers is to generate a representation of the user by averaging the description embeddings
of items the user has interacted with previousBome works consider additional auxiliary
information about users and items such as user search confesling et al., 2012pr

additional content or metalata information retrieved from web sourcéslusto, Semeraro, de
Gemmis, & Lops, 201&nowledgebaseqF. Zhang et al., 201@ntologies(Suglia et al., 2017)

or folksonomiegChen et al., 2010)
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These contenbased systems are ledspendent on items having detailed interaction histories as
they can recommend new items based purely on content similarity, but they still require the user

to have known past interactions to generate a representation of the user.

Ontological approaches nde used to create user profiles for bootstrapping recommender
systems and to generalise observed interactions by using ontological relationships such as parent
topic, subtopic (Middleton et al., 2004)Ontologiesare often handcrafted and domain specific,
however,the ability to make use of existing ontologies can alleviate this issue in domains that are
well covered, although it is still necessary that a judgement is made about what ontologies are
suitable, and some domains may not have existing comprehemsghquality ontologies.

Ontology learningffersa solution to these issues, producing@ntology through association
rules,classificationglustering,or other content based technique®laedche & Staab, 20019r

extendingontologiesto less covered domains through transfer learnfiée et al., 2021)

Association Rule Mining can be used to identify rules of association between items, scored by
confidence (the proportion of relationships for an item where i#ameurs with the other) and

support (the proportion of transactions involving the itenf8prawal et al., 1993 hishas been

applied to produce recommendations by creating personalised rules for eaclfAd@mnavicius &
Tuzhilin, 2001)orto address the cold start problem by using rules generated from historic data to
bootstrap a recommender syste(Bendakir & Aimeur, 20067 his technique has the advantages

of being intuitively understandable and easily fitting business cases such as relationships between
retail products or department@Nakhaeizadeh et al., 2000)he use of intuitively understandable

rules also allows these approaches to be more explaindtgeever, these appiaches still rely

on a quantity of historic data andb notaddress double cold starts, where both the user and item

are new, as these users/items do not appear in any rulesets.

Hybrid recommender systems combine aspects of the techniques discussed phg\wsooh as
making use of both content and collaborative data to learn joint tiggn embeddings as in

neural collaborative filteringHe et al., 207). Many hybrid models make use of deep learning to
learn the relationship between user and item features, however, this results in these techniques
requiringalarge amount of training data and present issues with interpretakityZhang et al.,
2019)

A limitation of behaviour driveapproachess that theydepend on users se&lg documents

similar to previous searches, which may not be true between sessions; that is, if a user changes
their search objective the data may no longer be relevant because the nature of the relationship
00 KS dza SNDa yKdsgretlal., RO1FAJdDd0AllY, AéSdRapproaches acenstrained

by the availability and quality of relevant behaviour alat
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2.4.3 Sparsity, Partial Labelling, and CeBtarts

Datasets that use user interactions, user ratings, or known item relationships (such as those given
by experts or based on modelling reabrld relationships such as supgiiain) as labels are often
highly sparse. That is, most possible déem or itemritem pairs do not have a known
rating/relevance score/relationship class. For example, in the casevigfvalata, it is unlikely

that any user has reviewed all items in the dataset; or in supipfin data, not all potential

relationships between businesses will be known or necessarily existent in theaddl

In sparse datasets, labels may not be eyaetistributed across all items. Some items in a dataset
may have many labels (for example older or more popular products, usertawe been using a
service longer), while others may have very few otatls (such as newly added itenrmewly
registeredusery. Inthe context of recommender systems, an item (or user) for which no labels

are known is referred to as a cedthart.

The coldstart problem can be divided into the two syiboblems of iterawise (new item) and
userwise (new user) cold star{tops et al., 2013 he itemwise case is commonly addressed by
contentbased and hybrid recommender syste(f$s Zhang et al., 2033)owever, the usewise
case has received less attention, even in scenarios where content information for the user is

available.

Contentbased and hybrid recommender systemeduce the requirement for item labels by
making use of item content, such as descriptions. Many such systems rely on either knowledge
bases and ontologigMiddleton et al., 2004; F. Zhang et al., 2Q1@)ich do not avert the
requirement of experts for new or commercially guarded domaingags and categorisation
(Shalaby et al., 2018; Xu et al., 2QMhich requires either many labels or distinct groupings in
the data.

Yuan et al.(2016)examine the realvorld data problem of matching users to job postings, where
items are timesensitive and new items are very frequent. They make the case that high
performance techniques that require item labels can be generalised testattlitems by pairing

labelled and unlabelled items based on the similarity of their content.
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2.5 Provenance ad Explainability

Machine learning solutions and some statistical methods may output only a series of ranked items

or confidence scores in response to a query, and the rationale behind these decsiakadown.

In the case of scores from neural networksother learningmodels the reasoning behind the
Ff32NAGKYQa RSOA&A2Y A& dzylyz2elo6fS Fa Al Aa

only have meaning inside the model and cannot be used to meaningfully explain results, these are
oftenreferreR G2 & .t 01 .2E¢ &deaidisSvyao adzOK NBaSHkNDK Kt

understanding the internals of deep learning models via visualisation, particularly in the areas of
text summarisatior(See et al., 2018nd computer visioifYosinski et al., 2015; Zintgraf et al.,
2017) and some works have looked at understanding the upstream neural language models
discussed isection2.3 (J. Li et al., 2016However, while these visualisation techniques offer
some insights into the factors thmodel considers important, they cannot produce a reasoned
explanation for the response to a particular query in any way similar to how a human decision

maker might.

Ly O2y iGN ad G2 GKA& I NB G2KAGS . 2E¢ &aeaidsSvya
used to explain results and study the operation of the model, these typically includbasés

models and expert systemiderlocker, Konstan, & Rig@000)discuss how in usdacing

scenarios some techniques such as collaborative filtering can be presented as eithiéz box

or black box model, by giving feedback to the users based on either the operational steps of the
model (white box) or the inputs and outputs of the system such as user evaluations of the quality

of results (black box)

Detailed provenance datauch as lists of decisienaking steps, inferencerjles,knowledge

and items considered when evaluating a query can be used to produce visualisations such as
graphical plots or flow diagrams to help users understand the reasoning behind a result,
increasing their confidence in the decision, or highlighting potential flaws in the model. This
makes provenance highly desirable both during developiterdebug and improvéhe model,

and for use#facing systems as users have greater trust in answers thabgainable and can

make more informed decisions based on the res(Hisrbcker et al., 2000)
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2.6 Conclusions

The extensive literature on natural language processing demonstrates several effective
techniques for learning semantic representations of text which can be used to learn or reason
F602dzi GKS GSEGQa LINPLISNIASE TFeehinodekshdBS O NA
excellentability to generalise and performigh-levelreasoning tasks such as question answering

and natural language inference. The introduction of transfer learningfiaeduning has opened

many possibilities for investigation, sual what linguistic tasks and types of training examples

promote the best general models of language and why.

Major advances in this problem area have been made by taking conceptually simple techniques
from early models and applying them to new problemsronew ways. Now that several
techniques have been identified that are highly effective and generalisable, new problems can be

approached such as those set out in the research questions gfribjisct ectionl.2).

The nextwo chaptesslook in more detail at the challengagsourcesand techniqueselevant to
this project. The approachesedtake inspiration from the techniques applied to similar
problems in the literature and extend the current work by using neural language models to
address the challenges describedsection2.2, allowing effectivadlownstream moded and
combinations of technique® be produced to address the specific challenges and research

questions of thigroject.
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Chapter3 LY FSWSRAIYHARNER B LI | 0 St &

3.1  Chapter Overview

This chapter detailthe approach employed in answeril@RQ1dHow can machine understanding
of text be used to identify relationships between documents in large collections of unstructured
textK £Section3.2introduces in more detail the specific problem examin®dction3.3looks at
dataresourcesand challengeselevant to this tasksection3.4 presents the Isle of Wight Supply
Chain (IWSC) dataset which exemplifies two challenging scenarios. Sesti@tusses
appropriate methods of evaluatigmndsection3.6introduces the Transitive Semantic
Relationships (TSR) modzInovel solution addressingdtshortcomings in this arearticularly

in concern to SRQANd SRQ3The implementation andexperimental setugare detailed in section
3.7, the main results are gén and discussed in secti@B, and subsequent variations on the

algorithm explored to improve performance are examined in sec3ién
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3.2 Introduction

Much research has been done into matching short text queries to documents, including keyword
queries and natural language questions. These approaches require either an appeoximat
knowledge of the target documents (for example, probable keywords) or a targeted query. While
good accuracy has been achieved for these tasks in controlled tests (matching and ranking in test
datasets), in realvorld applications it is often necessary fasers to repeatedly rephrase, modify,

and refine their query to find the results they are looking for (versus what is technically a good
match for the query). An effective query must describe the target documents, which is

problematic when the user harknowledge of the target documents.

An issue with these approaches is that the query depends on the relationship between the

R2YIFIAY 2F G(G(KS dzaSNna 1y2¢fSR3IS YR (KS O2R2YIAYy 27F
documents. This is problematic if thiser does not have knowledge of the information in the

codomain and therefore cannot form a quehat precisely describes the desired documents. This

results in users needing to start with broad queries and progressively narrowing their search as

they lean more about the contents of the codomaiine(, what information is available). This

requires more time from users, results in many fealue queries, and may result in the exclusion

of good results as users attempt to tailor their queries based on tdreaptimal results of earlier

queries.

One solution to this problem would be to make direct 2s& ( KS dzaSNRa {y26f SR3IS NI
relying on knowledge gained from unsuccessful queries. In many scenarios, the user is attempting
to find a suitable match or matches for an entityat they could describe, which shares a

relationship with the target douments. Some examples are lisiedrable3.1.

Table3.1 - Examples of capability relationships

Domain Relationship Codomain

(user knowledge) (retrievable documents)
Project description Fulfils criteria Grant description
Resume or CV Role suitability Job advert

Company description Collaboration / Supply Chain | Company description
Researcher description | Expertise / Consultancy Company description
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Notably, in the cases above the relationships between the documents are not based on similarity.
For example, in the case stfipplychain, a company would be seeking a supplier or consumer

with a different but related specialisation to themselves. In theecof matching job or grant

funding, the format and terminology used in the domain and codomain are likely to differ. As
such, searching using a description of a domain entity is unlikely to produce good results using a
similarity-based searcht istherefore necessary for an algorithm to consider the nature of the
relationship between the domain and codomain documents. The relationships listed above are all

examples of types of capability relationships, which will be the fo€tisis chapter

Most existing search and recommendation techniques outline@hapter 2do not directly model

the relationships between documents, but instead rely on measures ofsityibr behaviour
trends.While ontologicabndrule-basedapproachesanleverage some other relationship types
(such as hierarchical-&relationships)they dependrespectivelyon gooddomaincoverage or

many historic examples from which to deriveasiland do not predict relationships like those
Table3.1 for unseen itemsPreviously some of the flaws aéxistingtechniques have been

identified, as well as thestrengths. SRQ1 seeks to determine if these solutions can be improved
by modellinghe semantics o$uchrelationships, or if new solutions based on this approach could

surpass them in the scenarios in which they perform poorly.
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3.3 Data Requirements

NewBig Data recommendation systems face a high barrier to entry due to the large labelled data
requirement of most existing recommendatitechniquessuch as collaborative filtering and
bespoke deep learning modedsich asSuglia et al.(2017) Obtairing this labelled data, such as

user interactions or human judgements, is particularly problematic in highly specialised or
commercially competitivelomains where this labelling may not yet exist or not be freely

available, often requiring expensive expertcrowdsourced labellingAs such, techniques that

function well with few labels are highly desirable.

Constructing a higlquality model for relationship discovery is likely to require a large volume of
suitable training data, including examples of 8Rrig relationships for learning and evaluation.
Machinelearningand deep learning techniques can require datasets on the order of hundreds of
millions of words to create effective models, particularly when the number of parameters is large.
Recent literatire on neural language models has particularly shown that more diverse training

corpora produce better and more generalisable res(@enneau et al., 2017)

Contentbased and hybrid recommender systemaduce the requirement for useétem
interaction labels by making use of item content, such as descriptions. Manggsteims rely on
either knowledge bases and mogies(Zhang, Yuan, Lian, Xé&mdMa, 2016) whichdo not avert
the requirement of experts for new or commercially guarded domains, or tagsaedorisation
(Xu, Chen, Lukasiewicz, MiamdMeng, 2016)which requires either many labels or distinct

groupings in the data

Somemachine learning architectureould use transfer learning to benefit from word or
sentence vectors prirained on a large unrelated corpu@udies(Cer et al., 2018; Conneau et al.,
2017)have shown that transfeelrning making use of as few as 1000 labelled exantples

producecompetitive results on several benchmarks.

Alternatively, statistical anceasoningbasedtechniques can have less requirement for labelled
data as they draw inferences directly from tharpus rather than using it to train many free

parameters to produce a generalisable model as in neural networks.

Due to the multitude of applications for relationship discovery, various datasets are available
pertaining to different applications. The regeiments for a dataset are that historic or current
relationships can be extracted (the ground truth), and that entities have sufficiently detailed
descriptionsThe dataset should ideally contaimnimal false or misleading information (such as

exaggeratedhdvertising) for the reasorgetailed insection2.2.4
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Table3.2 - Potential DatéSources

Data Source/Type Potential Usage Notes
Innovate UK funding award | Existing capability and Includes collaboration data in
history collaboration relationships | the form of multiple
(GOV.UK, 2018) participantprojects
Gateway to Research Existing capability and Largedataset of more than
funding award history collaboration relationships | 82,000 projects, 68,000
(GtR, 2018) people, and 36,000
organisations
Commercial data Existingcapability and Often very sparse or partial
collaboration relationships | coverage/incomplete data
Websites of public Textual descriptions of Likely to be very noisy and
institutions and businesses | entities highly heterogeneous

Pretrained language models| Data analysis / préraining
(word embeddings, etc.)

As well as complete datasets, many resources exist which could be used to provide or enhance
descriptions of entities to enable better matchir§pme candidate datasets and data resms

identified are detailedn Table3.2.
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3.4 Isle of Wight Supply ChaiDataset

Ly O2fflFo0o2NFGA2Y 6AGK GKS LINRP2SOGQa AYRdAzAONAIf &L
(IWSC) has begiroduced. The data consists of varying length text descriptions of 630 companies

on the Isle of Wight taken via wetzrapingof websites pranoting local business¢8NVChamber
2018;IWTechnology2018;Marine Southeast2018)

HTML tags and formatting have been removed, but the descriptions are otherwise unaltered and
are provided untokenized, without substitutions, and complete with punctuation. Some

descriptions contain product codes, proper nouns, attier nondictionary words.

Most of the descriptions are a few sentences describing the market role of the company or a

ASYSNIf RSAONALIGAZY 2F GKS O2YLI yeQa | OGAGAGASE 2NJ
also contain a list of keywords, bihtis is included as part of the descriptive text and not as an

isolated feature.The mean description length is 61 words, or 412 characters (including

whitespace). The distribution of description lengthshewn inFigure3.1.

The IWSC dataset is provided with two discrete sets of labels intended to evaluate algorithmic
performance in different scenarios. In both cases, the labels are binary, direxjeeit

judgements of market relatedness based on the company descriptioesadrber and

distribution of labelsare shownin Table3.3. These labels are speculative potential relationships,
not necessarily real existing relationshisnary lakelling was used agalworld supply chain
relationships are typically multilass binary relationshipse.,any two companies either are or

are not in each possible type of supply chain relationship.

The first label seMWSGESIQis comprised of thekl6 St & W{ [ yO2y adzyYSNE Q> W{[ gy20
W{[ PadzLILX ASNE QS W{[ wy20padzldLd ASNBE QS W{[ pO2YLISGAG2N
concentrated on a small number of labelled items, relating them to a random distribution of other

items (both labellechnd unlabelled). These labels are intended for evaluation in the caserhat

records for a small subset of iterase knownandit is necessary textrapolate from this to

perform inferences on many unseen iterfhis scenario istermei { dzo A SGE[ B PP O BPA Yy 3

The second label SS#WSCERQA & O2 YLINRASR 2F GKS fFo6Sfa WO{ padzLILI A
WO{ PpO2YLISGAG2NBRQY YR WO{ pdzy NBf I GSRQd ¢KS fFoSfta I
with no intentional patterns (random pairs were selecfed labelling). These labels are intended

for evaluation in the case that known items have very few labels and many are entirely

unlabelled, in contrast to common recommender system datasets such as Movie Reviews (MR)

(Pang and Lee, 2004), Customer Regi¢BR) (Hu and Liu, 2004), and MovieLens (Harper and

Konstan, 2015), where most items have many recorded interactions. While in those examples the
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labels are sparse as most possible item pairs are unlabellgusiscenario, there is the
additional condiion that most items in the dataset do not occur in any of these passsuch this

is termeddExtremelySLJr NESé 0609{ 0 flFoSffAy3aod

In addressing SRQ1, relating to relationship discovery, the four following tasks are of interest

1. t NBRAOUGA2Y 2 Fabas{uding IVSSL dabels SridHeén descriptions

2 t NBRAOGARZY 2F da{ [ uaSrlab#isiaRiMamidestriptior®f & dza A Y 3
3.t NBRAOGAZ2Y 27F a9{ w0 2ESatetsamndbten déstriptibrs & dzi A Y 3
4. t NBRAOGAZ2Y 27F d9{ yAa-HSMIEISAaBINENE descriptiost 4  dza A Y 3
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IWSC Item Description Lengths (words)
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Table3.3 - Labels in the IWSC datasktbeld NE RANBOGSRS &adzOK GKIFG a[loSttS
YdZYoSNJ 2F AGSYa GKIG 1y26y NBE{FGAZYEKALA | NB
YydzYoSNJ 2F AGSYa NBflFGA2yaKALA INB ai2¢d

Label Name Total Labels Labelled Items Unique Targets
SL_suppliers 142 15 75
SL_not_suppliers 563 16 120
SL_consumers 376 17 117
SL_not_consumers 712 16 157
SL_competitors 82 15 49
SL_not_competitors 396 17 99
ES suppliers 92 48 76
ES_consumers 207 51 171
ES_competitors 95 53 82
ES unrelated 431 75 299

34



Chapter 3

3.5 EvaluationMethods

Various evaluation metrics are used in recommender systamd information retrieval literature.
As the IWSC dataset uses binary labels, and the total number of labels isran@lisevaluation

techniqueshave been investigated to determine the most suitable

Normalised Discounted Cumulative Gain (ND@&Yelin & Kekaldinen, 2008)a common
evaluation metric in information retrieval literature. This is a graded relevance metric which
rewards good results occurring sooner in the results list, howdtvdoes notpenalise highly
ranked negative items. As binary labels have no ideal order for positive items, this imetric

unsuitable

Quantitative error metrics such as Root Mean Squared (RMS) error or Median Absolute Error are
also common. Error metrics naturallvbur scoring systems optimised to minimise loss such as
learningto-rank algorithms and require scores to fit the same range as the label values. For the

IWSC dataset, as the labels are binary, the range is 0 to 1.

For a binary labelled dataset, it iguftive to set some threshold on the rankings and produce a
confusion matrix and take precision (P), recall (R), and f1 scores. As scores are not evenly
distributed, there is no obvious score value to use as a thregholoredicted positives and
negatives, so instead some number of the tapnked itemamust be considered predicted

positives

Due to the sparsity of labels in the dataset, the number and ratio of known positives and known
negatives varies significantly between items and in many ¢c#sesumber of known positives is
smaller than typical values of K used for Precision at K. As an alternaRveciBion can be used,
setting the threshold at R, the number kfiown positives, and taking the R most highated

items to be predicted positivera all remaining to be predicted negative; at this threshold P, R,
and f1 are equal. In the results sectjagores taken at this threshold are denoted as @R. A
drawback of this approach is that only labelled pairs (known positives and known negatives) can
be used for evaluation, which is a minority of possible pairs in a sparse dataset. The difficulty of
this evaluation task also varies with the ratio of known positives and negatives which is

undesirable when evaluating datasets such as IWSC where tbeveaiies greatly between items.

Finally techniques from the literature on implicit feedbaake consideredTechniques for implicit
feedback have the desirable property of allowawpansion othe number of unique evaluation
cases byncluding theuseof unlabelled pairs of items (which for a sparse dataset is most possible
item pairs) as implicit negative feedbadke chosen evaluation technique is tikemmon

evaluation framework used by He et @017)and Korern(2008) where leaveone-out cross
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validationis performedby, for each item, taking one known positive and 100 randomly selected
other items (excluding known positives) and judging the ranking algorithtind@gbility to rank

the known positive highly. The typical threshold used is that the known positive must be in the

top 10 results, this Hit Ratio (HR) metric is denoted as HR@10. HR@5 refers to the known positive
being in the top 5, and HR@1 as it being the higheted item.Other metrics used include the

mean and median values for the ranks of the known positives across all test cases.

It isnotablethat due to the random selection of negative items results may vary between runs. To
ensure the results are repsentative each known positive testedagainst multiple random pools
of implicit negatives. This significantly increases the compute time required for evaluation but

minimises variation in scores between runs.

Having a fixed number of items in each evéilmaand repeating with different random sets of
items makes this metric well suited to datasets with uneven label distribution such as IWSC.
Additionally, the values can be understoimtuitively as the randorralgorithm performance for
any HR@n is approwately n%, with ideal performance always being 100%. Mean and median

positive label rank is in the ran@é 0 to 10Q and for a randoralgorithm would tend towards 50
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3.6  Transitive Semantic Relationships

To investigate SRY1 a1 2 6 O luyterdtanding af 188 be used to identify relationships
0SG6SSy R20dzyYSyidGa Ay f I NBSané&eniodethésibden gedeloed  dzy
to solve the four IWSC prediction tasks pertainingxtremely sparse labelling and subset

labelling 6ecion 3.4) and additionallyooks at cold startsAs these scenarios present difficulties

arising from having very small numbers of labels, the use of document feasuessential for

good performance, and in the case of cold starts, is required for better than random performance.

The new modelisnameail ¢ NI yaA G A @S { SYI y éntluBesvieifohtdhtA 2 y & K A LJ
information for unsupervised comparison of items tgpand the coverage of the few available

labels. This is conceptually similar to other embedding based hybrid recommenders such as
Vuurens et al(2016)and He et al(2017)but usesa novel approaclhat combines item corgnt
embeddings with inferential logic instead of learned or averaged user embeddings, making it
suitable for datasets with fewer labels and producing provenance that is both intuitively

understandable and easy to visualise.

3.6.1 Theory

Transitive Semantic Relahships are based on an apparent transitivity property of many types of
data items, where it is the case that items which are described similarly are likely to have similar
relationships to other items. Takior example, supphkghain: if company, a seel mill and
companyd, a construction firm are known to have the relationsbipupplies (sells ta}, it may

be inferredthat some other companies, another steel mill, an@®, another construction firm,

might have a similar relationshigivencontentinformation about each company, such as a text
description of their product or market role, and the example relationghf 6, we can infer the

potential relationship® © ONG © 'ON6 © 6. This isllustratedin Figure3.2.

It follows that the greater the similarity between an item of interest and an item in a known
relationship, the greatethe confidence that the relatiortsip is applicable. Given some fixed
length vector representation of theontentinformation about each item, cosine similaritgn be
usedto measure similarity between the items. The vector representation should ideally capture
semantic features of theontent information that indicate whether the items they describe are
similar in function in terms of the known relationship. If the vector representations fulfil this
criterion, then the cosine similarity between two items is their semantic simildtitizen follows
that the confidence that some query item and some target item share a relationahijpe
determinedby measuring the cosine similarity of thententvectors for the query and the target

with another pair of items that are known to share aatgnship of the type of interest.
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Figure3.2 - lllustration of Transitive Semantic Relationships. The dotted lines lali@lln
andO O6HO represent the cosine distance between the content embeddings of

itemso and0, ando andOrespectively

Herein cosine distancquation3.1), (where6 andv are the content embeddingss usedrather

than the similarity as iis easier to interpret when results are visualised and when distance values
are weighted other distance metrics could be substituted if suitable for the content embedding

6 U
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To keep scores in theame range as the distance functimhen combining the two distances of
the query and the target from the labelled paiake thesum of the distancesver 2 this value is
the combinedsemantic distance, shown equation3.2, whereO 0RY is the cosine distance of
the query itemb andanitem “Y which shares a relationship with another itéfwhich is
distanceéO YWY from the target’Y

0.0/Y O ‘WY

Dé d MREQA OEVIND ¢ &6 c 32

To obtain a confidence value wherestiill confidence of applicability and 0 is no confidence
subtract the combineegsemantiedistance from 1this value is the TS®nfidence scordor the
route, given inequation3.3. Forembeddings supporting negative valuessine similarity and the
resultingTSReonfidenceis in the rangel to 1, where negative valuesuggess confidence against

(as opposed to 0 meaning they are orthogonal).

.0 0ORY O 'YRY
C

YYEE € "QQQQp 3.3

Continuing from the prioexample illustrated ifrigure3.2, if the cosine distance af ando is
0 6 , and the distance df andOisO 6RO , the confidence for each inferred relationship

can be calculatedsshown inequations3.4, 3.5, and3.6. In equations3.4and3.5a Ttis
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includedto representO 6 andO 6h) respectivelybecausehe cosine distance between
an item and itself is always [ this exampled © ‘Ois an itemwise coldstart (O has no known
labels),0 © 0 is a usewise coldstart © has no known labels), anid® ‘Ois a double coletart

(both 6 and’O have no know labels).

60'0 p w 34
q

60686 p M 35
q

500 p O ohd COohO 36

To further illustrate this, ib is very similar td, for exampled b 6f &, butOwas only
slightly similar tad, & ' 6HO0  m@then calculation shows thab © 'O 1 N6 © 6

meoN6 © O 1@ indicating that there i©iigh confidencéhat C could share a similar
relationship with B as A does, but other new relatitiase low confidenceln another example, if
6 remains similar t@, & ‘» 6 &, but’Ois mademore similar tod, 6O 60 1),
thenthe calculation gived © O T U0©C 6 T8N0 C O 1§ yshowing that while
all relationshipsave high confidencgehigher confidence scores are awarded when there is

greater similarity to thdabelled pair.

3.6.2 TSRas a Recommnder System

The previous scenarios supposetthize items of interest for comparisoare already pre

determined. Howeverthe principleof TSRan be extendedb the selection of items for
comparison, given an input item to use as a quéhjsqueryis nota written question or search
term as intraditional search engines butiisstead conteninformation for an item for which we
want to find relations €.g.,an item description)This approach can be usada recommender
system to produce a ranked list of recommended items for the query (which in recommender
aeaidsSy GSNX¥Ay2( 23 ThedpuerciRdestribedinKh® settiwif@ hidplying TSR

as a recommender systemillustrated inFigure3.3 and pseudocode is given kigure3.4.

There is a distinction between cases whegkationships map from one space to some other fion
overlapping space, for exampleeparate document collections, and the alternative case where

items on either side of the relationship-exist in the same space. A practical example of the
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former might ke a collection of resumes and a collection of job adverts, while an example of the
latter might be descriptions of companies looking for supply chain opportunities, as in the IWSC
dataset. The TSR scoring does not differentiate between these two dat@es, tyut in the

former case, with separate item collections, it is only necessary to miakancecalculations

between items in the same collection and irrespective of the total number of collections, it is only
necessary to examine the collections feagyitems on either end of at least one example of the
relationship type of interest; this may be a useful filtering craaiin datasets featuring many

types of relationships across many roverlapping collections.

Having identified the collections thare of interestadditional filtering of itemscan be applied
beforedistancecalculation such as by using item metiata or additional auxiliary information,
for example, only considering recent information, or limiting by language or region. Thisdilte
could be done to the list of known relationships, if, for exampistorical trends are not of
interest, or could be applied to potential targets, for example, ignocimgtentin a different

language to the query item.

The next stage is toalculatethe distances between the query item and other items in the same
collection which are members of relationships of the type to be inferred, items not in such
relationships are not of interest. Thiistancebetweenthe query and each of thesea A YA £ | NJ
y2RSaé¢ Auated theSligtanceof €ach is referred tasOp. If the number of similar nodes

is large a limitOp can be applied to truncate the list of similar nodes, preferring the least distant.

Next,all items pointed to by known relationship of a similar nedire examinedreferred to

collectively ashe @ NB f | i S Fhedistarieébeétviedn each related node and every other

St A3TA0ES alGl NBSG y2RS¢ Adistantdsfleach isireferrédo a®@Ani KSy OF £ Odz
item can be both a related nodend a target nodéO¢ 1), but an item cannot be both the

query and a target node. If the number of target nodes is large, the number of comparisons in the

next stagecan be controlledy imposing a limifig on themaximum number of targenodesfor

eachrelated node preferring theleast distant

Alternative scoring approachesediscussed igection3.9, buta simple scoring metric equivalent

to the examples in the previous section is to determine the score for each target node by finding

the route for each with the greatest TSRNfidencedquation3.3)p Op ©O¢ T¢ that

creates a path to it from the query item, whe@p is thedistancebetween the query and an item

Ay GKS | dz3NBOBAXWHON y2RS0SX gKAOK aKFENBa | NBfFGA?Z2
space (the related node) which isdiftanceO¢ to the target node. This scoring system ranks

items by the leastcombinedsemanticdistance from a known relationship of the des type

that is, by the best routas measured by TSR Confidence
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Generate embedding for query (if previously unseen)
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Find L1 most similar items that have desired
relationship. Let these he the “Similar Nodes”

Similar Nodes = {A, B}

Find all items the Similar Nodes share that
relationship with. Let these be the “Related Nodes”

Related Nodes = {C, D}

Find the L2 most similar items to each Related Node
Let these be the “Target Nodes”

Target Nodes = {E}

Combine Related Nodes and Target Nodes and rank
by least combined semantic distance
Ranks = [D, C, E]

Chapter 3

()

Figure3.3 - An illustrated example showing steps in the TSR recommendation algorithm
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let L1be the number of similar nodes to check
let L2be the number of related nodes to check for each similar node
let Qbe the input document
let SIMILAR_LIS3e an array of thé.1labelled documents least distant @
let OUTPUDe an empty list of tuples
for each nod&SIMILAR_NODE SIMILAR_LIST
let D1 be the distance betwee@ and SIMILAR_NODE
let RELATED_LI5@ all the nodes sharing a relationskfth SIMILAR_NODE
for each nodRELATED_NODERELATED_LIST
let RELATED_SCORE-D1/2
add toOUTPUThe tuple (RELATED_NODEELATED_SCORE
let TARGET _LI®E an array of th&.2documents least distant tRELATED_NODE
for each nodARGET _NOD&ETARGET _LIST
let D2 be the distance betweeRELATED NOREBITARGET NODE
let TARGET_SCORE- (D1+D2)/ 2
add toOUTPUThe tuple (TARGET_NODEARGET_SCORE
end for
end for
end for
for all duplicate first values @UTPUTkeep only the tuple with the greatest second value
sort OUTPUDy the second value of each tuple in descending order

returnOUTPUT

Figure3.4 - Pseudocode for using TSR as a recommender system. Outputs a list of (item, score)
tuples in descending order of score where higher scores are more strongly
recommended. These scores are the TSR Confidence of the route with the least

combinedsemanticdistance for the item.
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3.7  Development andExperiments

Development of TSR began during a-omenth industrial placemenin October 2018During the
placement, it was agreed with the industrial partner tihe task of supply chain relationship
discoveryfor businesses on the Isle of Wightuld bethe initial testing scenario for theroposed
method as this is datkor whichthey could provide expert labels aigdodresults would havéhe

potential forrealworld applications within the business

The data was received from the industrial partner in two stages; first, annotated with the labels
which would form the extrasparse(ES) tasks, and second, annotated with the labels for the

subsetlabelled (SL) task. A more detailed description of the dataggtésin section3.4.

3.7.1 Validation of Assumptions

Earlydevelopment focused primarily on finding support for the conjecture that semantic
embeddings of the descriptions of companies can indicate whether they are potential
competitors. For this purpose, a Python script waepared that would, using a piteained
distribution of Universal Sentendencoder(TensorFlow Hub, 2018jenerateembeddings for the
descriptions of all companies in the dataset, and thaftulate the average pairwise cosine

distance for items sharing each relationship.

The results, showm Table3.4, showa significantly lower average distance for known
competitors compared to all other known relationships, demonstrating that the conjecture is
correct, that cosine similarity of description embeddings can be used as an indicator of companies

being competitos.

The results also show that the average distance for items known to share any supply chain
relationship (consumers or suppliers) is slightly less than the average for items known not to,
however, the difference is much smaller than that of competitang nonrcompetitors. This
shows that textual similarity is a weak indicator of supply chain relationships other than

competitors but is a strong indicator for whether companies are potential competitors.

This script was then extended to visualise the lalgtributions, shown irFigure3.5. USE
embeddings are 5Xdimensional vectors, so require dimensionality reduction to be plotted for
visualisation. Initially, Princ Component Analysis (PQAptelling, 1933as usedbut further
experimentation found that+SNE(Maaten & Hinton, 2008)roduced more pronounced clusters.

This result is not unexpected, aSNE is wefluited toreducing very high dimensional data.
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Figure3.5is a distribution plothat showsvisible, although not clearly separable, clusters in the
embeddings, with competitor labels more often staying within the same neighbourhood but
consumer and suplier labels often connecting to more distant regipndich explains the
distance values ifiable3.4. This supports the hypothesis that a relationship transitivity method
O2dzZ R 0S dzaSR (2 aweasiuRiFmSenardiSsimdaitBas aniirdiGatoSof

supply chain similarityi.€., likelihood of being competitors).

Qubfigures A and B alsliustratethe difference between the labelling sets in the IWSC dataset,
wherelabels inthe Subsef_abelled (Sl9et offer less coverage of the dataset but better describe
particular items, and labels in the Extrem@&parse (ES) set provide greater qage but offer

little information for each labelled item.

A similar approach is used for visualisation later in the projeChiapter 4 where it is discussed
in more detail. The distribution of items in the IWSC dataset, and particularly the clusters within

the data are revisited iChapter 4 section4.9.

Table3.4 - Cosine distance of labels. Lower values indicate items in the relationship have more

similar descriptions.

Label Name Mean Cosine Distance Median Cosine Distance
SL_competitors 0.40 0.39
SL_not_competitors 0.44 0.43
SL_suppliers 0.47 0.47
SL_not_suppliers 0.46 0.47
SL_consumers 0.47 0.45
SL_not_consumers 0.49 0.48
ES_competitors 0.33 0.30
ES_suppliers 0.56 0.58
ES_consumers 0.54 0.56
ES_unrelated 0.58 0.60
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(A) SL Labels (B) ES Labels

Figure3.5 - A 2D tSNE plot of ISWC item description embeddstgsving known relationship labels for competitors (red), consumers (green), and suppliers (blue).
Subfigure A shows the SL labelling set. Subfigure B shows the EBgaiae]li
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3.7.2 Implementing TSR

Next, an initial implementation of the relationship transitivity method would be produced, named
the Transitive Semantic Relationships (TSR) model. Psmutdofor this had been drafted while
waiting for dda from the industrial partnefas shown before ifigure3.4). At this stage, two
different implementations were being considered: a clustering model; and a distance model,

which would rank results as follows:

¢ KS Of dza G S N Rahk targeid$ the nantbdrbfRelatiodships with one member

sharing a cluster with the query item and one member sharing a cluster with the ¢arget

¢ KS RA &l yOSRankzaR&d by thekrdaihtitdistarice from the input to the target

passing through exactly one relationship which is given as a distanée ®f 0

A limitation of the clustering model is that without an additional scoring metric, for a given query
item, target items within the same clies would have the same number of routes, and therefore
the ranking algorithm cannot meaningfully order them as they would all have the same score.
Additionally, themethod used for clustering would significantly affect the quality and

interpretability ofresults

The distance model avoids these issues but requires evaluating a large number of routes per
possible target (potentially as many routes as there are known relationships), and additionally
would not be able to assign different scores to targetst tshare a relationship with the same
competitorof the query item, as their distances would @tjualthe distancebetweenthe query

andthe competitor +0.

The solution implemented is a combination of these two methods, with targets ranked by
distance, lot selected using limits similar to the clustering mo@dthough using nearest
neighbours rather than clusteringJhis reduces the number of routes that must be evaluated per
target and ensures decidability of rank in most cases. The alternative setgorghmsoutlined

in section3.9 are different combinations of these two methoda/here a tradeoff is made

between prioritising distance or numbef routes

The initial implementation of F8vas a commandine toolthat would allowthe selection of an
item from the dataset as a query, or input of custom text. In both cases, this was treated as an
unseen item with no existingelationships. The output would be a ranked list of targets with
routes and scores. A later variant of this tool would also output 2D andSNEt plat visualising

the routesfor the top-rankingitems, as shown ifrigure3.6 andFigure3.7. The 3D plots can be
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manipulated in a web browser and support interactive inspection of routesrendes, allowing

easy exploration of the provenance and result

3.7.3 Visualisation and Provenance

Chapter 2 section2.5discussedhe benefits of transparency and provenance ifoproving
accountability and user confidence in automa®dtem& LI NI A Odzf | NI &based f | O]
systems which can be subject to bias and omis@zaiiskan et al., 2017; Nadeem et al., 2021)

This closely relates tBRQ¥ Haiv can the results of text analysis be effediveresented and

used to inform decisiomakers, analysts, and organisatioas®

TSRmakesuge¥ || Woftl O1 02EQ dzLJAGNBIY SY6SRRAYy3I Y2
recommendations. While it is not possible to plainly describe why any two items are considered
similar, the working of the algorithm in all later stages, such as items and known relationships
considered, and the weighting of each, are fully transparent. This way, the reasoning behind a
recommendation can be simply explained and visualised by shahénkgey items and

relationships that informed it.

Figure3.6 and Figure3.7 showvisualised exampkeof TSR routes fdahe top-rankingitems fora
query.The evaluation software can also produce interactive plaswvable with a web browser)
which allow inspection of individual routes and the releviagmsand labels, allowing some
insight into the behaviour of the scoring algorithfthe output of TSR also includes the full list of

routes considered in evaluating the query, orderediingir TSR Confidence scores.

3.74 Optimisations

To prepare for a more extensive investigation of the TSR approach, the previously described tools
were refactored into separate program modules, specifically: data preparation, the TSR ranking

algorithm, and output/visalisation of results.

As the subject othe investigation was the TSR ranking algorithm, agraeessing module was
added which generates embeddings for all item descriptions angg@iailates the cosine
distancebetween all possible pairs and stores thas a lookup table for each item. This allows

the TSR ranking algorithm to be rapidly tested on many different subsets of the data, such as for
crossvalidation, without needing to realculate item similarity between runs. This significantly
reduces compte and memory requirements for running TSR evaluations withffatting

performance.
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3.75 Evaluation Toolkit

The results presenteith the next sectiorwere produced using the TSR evaluation toolkit. This is a
series of modules created for rapid evaluatiortted TSR ranking algorithm using a variety of
techniques from the literatureSection3.5 providesa detaileddiscussiorof the evaluation

techniquesemployed.

The toolkit is a commanline toolthat takes several configuration options, including both
evaluation conditions, such as repeat count for random pools, and TSR parameters, including
values for L1 ant2 (seesection3.6), andselection of scoring algorithifsection3.9). The output

is a CSV file containing the experimental parameters, dataset statistics, and evaluation scores.

3.7.6 Hyperparameters

TSR supports two hyperparameters: L1 is the number of nearedibmigs of thequerynode for
which to score routes, and L2 is the same but for each related node (for details see Se&t#hn
These values are limits imposed tepent excessive computation beyond what is needed to
score the best routes. For recommender systems usually only the top scoring items are of
interest, as is reflected in the evaluation metrics typically used (see s&8prin this case it is
therefore usually unnecessary to exhaustively score all items in a dataset if the algorithm is

capable of early stopping after identifying the highest scoring items, &g isase with TSR.

When using théeastcombineddistancescoring method described previously, it is only necessary
to consider a small number obutesif itemsare inspected in ascending order of semantic
distance(for query node to similar node, and foFlated node to target nodejs it is necessarily

the case that less distant items score higher than more distant ones. Some alternate scoring
algorithms discussed in secti@rB consider multiple routes for each item, so less optimal routes
may have some impact on results, but generally the impact of less favourable routes is snaall and

small number ofrery goodroutesdictate the top scoring items.

Experimentatiorshows that with values aip v andi¢ p tthere is no change in the ranking

of the 10 highest scoring items in the IWSC dataset for several randomly chosen queries; these
are the values used throughout this chapter. With these values, the only effgceafer values is

that a greater number of items are given scores (although the additional items always score lower
than items included by smaller values of L1 and L2), this does not impact tharikipg items

but does affect meaipositiverank during inplicit feedback because sometimes the knewn

positive may not receive any rank if it would otherwise (with higher values of L1 and L2) receive a

poor rank. During implicit feedback, unranked items are considered to have the worst possible
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rank, so cases whe the known positive is not ranked inflate the mepositiverank. For this

reason, mediafpositiverank is a more reliable (but less granular) metric.

The number of routes TSR will calculate is at most the sum of the number of known relationships

for the L1 nearest neighbours of the query (ignoring unlabelled items) multiplied by L2.

E.g.,, I0p ¢andl¢ p mand the two labelled items most similar to the query have 2 and 3

known relationships, then the total number of routes calculatediis © PTT LT
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3.8 Results of TSR on IWSC

This sectiorevaluatesthe performance of TSR on the IWSC tasks, using the most suitable
evaluation metricgliscussed isection3.5, includingboth explicit and implicifeedback

techniques.

When considering error metrics (RMS error and Median absolute error), it is notablsctbrats
awarded byT'SRhave no guarantee of symmetric distribution over the possible output range and
are typically concentratetbwards highmiddle values due to averaging similarity scores making
extreme values uncommolkigure3.8 shows the typical score distribution for the standard TSR

algorithm TSR usingthe leastcombinedsemantiedistance metric

Section3.9detailssome alternative scoring algorithms with unbounded upper values. A scaling
function can be applied after scores are calculated to fit them to a specific range, but this still
does notguarantee the desired distribution and could be sensitive to outliers, such as unusually

high scoring items, distorting error values.

In this evaluationitem similarity is computed using cosine similaritydrfiversal Sentence
Encoder (USE) embeddingfstem descriptions. US&as chosen as it shows good performance
on a range of existing downstream tagier et al., 2018)t is also of particular interest that this
model was finguned on the SNLI dataséBowman et al., 2015 set of sentence pairs labelled
as contradiction, entailment, or unrelatett seems likely thahis may require the model to learn
similar linguistic features as are needed for the supply chain inference task as thetabili
discern whether pairs of descriptions are entailed or contradictory is essential to human
judgements for this task, in particular, in determining if companies serve similar supply chain
roles.Adetailed investigation of the effects of upstream emiaty modelss leftto future work

(seeChapter 5section5.4.2).
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Figure3.8 - Histogram of item scores produced by T&6R
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3.8.1 Results for Subset Labelling Tasks

Table3.5 and Table3.6 show the results of TSR on the two IWSCtasks introduceid section

3.4. Inthese experimentsthe scoring metric used is leasbmbinedcosinedistance, as described

in section3.6 and the evaluation metrics used are as discussesg@tion3.5. Allexperiments are
cold-start scenarios where the input (query) item is treated as unseen, only the USE embedding of

its description is known.

TheTSRparametersare set as followsl)p v and0¢ p mFor this scoring metric the value of
these parameters hadgtle impact on performance as only the best routes contribute to scoring,
but it is observable that this inflates the mean positive rank as items lacking good routes are

excluded from the resultdtems missing from the results are given therst posdble rank.

For the implicit feedback evaluations (HR and Positive Ran&)known positive and a random
pool of 100 notknown-positive itemsare used This processs repeatedlO times for each label,
using different random pools, and scom@® calculatedacross all tests. Therefore, the number of
test runs is always 10 times the number of positive labels. The number of labelled items and
positive labels used in the implicit feedback testgrisater than for explicit feedbacksimplicit

feedback allowsesting ofitems that lack any known negatives

The esults show good performance on the IWSICtasks, considering how few labels are
available, achieving a hiate @10 of over 75%\otably,performance idess than 9% worse on
the SL_suppliers test despihaving less than half the number of labels, showing that the
algorithm can achieve good performance on labeBatset tasks even when extremely few
labels are available (142 labels in a dataset of 630 items). For both$WESks the frequency of
the top-ranked item being the known positive (when competing with 100 randomly selected

others) HR@1 appears similar and islb4times better than random.

3.8.2 Results for Extra Sparse Labelling Tasks

Table3.7 and Table3.8 show the results on the two IWSES taskstroduced insection3.4. The
algorithm and parameters are the sameused forthe IWSESL tasks. The IWES tasks each

have around half the number of positive labels as IVB&Cs@oorer scoes areexpected.

The IWSEESesultsshow significantly worse hitate, but smaller median absolute error and RMS
error. This may be the result ¢dick of dense regions in the labels, due to the extreme sparsity

and random distribution, miengidentifyinga particular known positive more difficult, but the

better error values and F1 score indicate that the predicted scores are still effective for discerning

good and bad results despite being less effective at a ranking a given good result highly.
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Table3.5 - Explicit feedback evaluation of T8RN the IWSGL tasks

Positive Label | Labelled | Positive Negative | F1 RMS | Median
Name Items Labels Labels @R | Error | Absolute Error
SL_consumers| 16 375 712 0.520| 0.204 | 0.688
SL_suppliers | 15 142 525 0.477| 0.234 | 0.682
Table3.6 - Implicit feedback evaluation of T@Fon the IWSGL tasks
N N Median Mean
Positive Label| Labelled | Positive | HR | HR | HR - -
N | Label Positive Positive
ame tems abels 10 5 1
@ @ @ Rank Rank
SL_consumery 17 376 0.752| 0.510| 0.146| 4 7.8
SL_suppliers | 15 142 0.663| 0.543| 0.150| 4 14.0
Table3.7 - Explicit feedback evaluation of F&Rn the IWSESasks
Positive Label | Labelled | Positive | Negative | F1 RMS | Median
Name Items Labels Labels @R | Error | Absolute Error
ES_consumers 39 115 198 0.549| 0.167 | 0.560
ES_suppliers | 46 90 259 0.350| 0.177 | 0.572
Table3.8 - Implicit feedback evaluation of T@Fn the IWSES tasks
- - Median Mean
Positive Label| Labelled | Positive | HR | HR | HR . -
bel Positive Positive
Name ltems Labels 10 5 1
@ @ @ Rank Rank
ES_consumery 51 207 0.221| 0.119| 0.018| 36 43.0
ES_suppliers | 48 92 0.197| 0.129| 0.055| 32 47.7
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3.9  Alternative SoringAlgorithms

Theleastcombinedsemantiedistancescoring algorithmintroducedin section3.6 and usedn the
previous results sections relatively simple to calculate and is both intuitive and easy to visualise
(seeFigure3.5 andFigure3.6). However as only the shortest route to a target is considered, it
does not factor in supporting evidence. For exampiehi case of two targets with highly similar
shortest distances from the query, if one had multiptertroutes and the other had only one

short route, it isintuitive that more confidence can be had irecommendngthe target with

greater supporting edience.

An illustrated example is given figure3.9, in that exampletarget nodes ando are the same
semantic distanc®p from 0, A is supported by two known relationships wheréeis supported
by onlyone; it is intuitive thatin caseof otherwise equal scores, the node with greater evidence
should be preferred. However, when ranking targétand’O, the combined semantic distances
are not the same as the values foc (O M and’O 6HO respectivly) differ. When
consideing only the best routetarget’ O would be preferred as the semantic distance is less,
however, this ignores the fact that B is supported by more routes. If the dis@ndg® was

only marginally larger tha® 6RO then the target with more rotes, 8, might be a better

recommendation thard due to evidencef additional routes even though the leastombined

semanticdistance is largeiNeither of thesescenarioss covered by the leastombinedsemantic

distance scoring algorithm describecdepiously, as additional routes anet considered.

Figure3.9 ¢ lllustration of a scenario where multiple TSR routes exist for a taRgtated wdes
"Yp and'Y¢ are anequal distancéOp from the query node) . Nodesb b RO are

possible target nodedhere are known relationshipsp © 6 MYg© 0 NYg© O.
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Several variations of the scoring algorithmave been testedvhich boost the score when multiple
good routes to the target are found@hese approaches include boosting the score based on the
number of routes (TSR b and c), taking the weighted sum of thresfor each route (TSR d, €, f,
g, h, k, I, m, o, p, and q), and taking the sum of scores for each route but increasing the
significance of distance (.,distance squared or cubed) (TSR i, j, andhg.results for some of
these tests for the SL_consers tasks shownin Table3.9 and a comprehensive comparison

across all taskis shown irFigure3.10.

As these algorithms producemeswith different rangesa simple scaling algorithiis applied as

shownin equation3.7.

i 0 ETi
i A@ I ET

Qi 3.7

The scaling algorithm does not modify the order of resultsdngures scores are within the same
0-1 range as the labels to make thesmitable for error measurement. TSFproduces scossin
the range0-1 without scalindor positive vectorsbut a scaled version T@Ris also includedor

comparison as TS&rarely gives scores close to its bourgkefigure3.8).

The results show notable stratification with some algorithms performing similarly to-aséhd
some significantly worseél'he scoring metrics that perform better shawlight improvemenin
HR@10, but a proportionally larger improvement in HR@5HIR@ 1 Examination of the results
using the provenance generated by TSR showsTi8&a is sometimes indecisive in ordering the
top-rankingitems, with multiple items receiving the same score. This explaing TSR
proportionally worse performance when loakj only at the topranked item, asn some cases
TSRamightrank several togscoring items arbitrarily. Consideration of additional information for
each target removes this indecision, allowing the alternative scoring algorithms to order the top

scoring tems meaningfully.

The best performing algorithifor the IWSESL tests is TSR where the target scoris calculated

as the sum ofhe score for the best route and half the score of the secbedt route. This
producedabsoluteimprovements of 1.7%, 2.3%nd 1.8% for HR@1BR@5, andHR@1 for the
SL_consumers taskhich isa relative improvement of 2.3%, 4.5%, and 12%. However, this
scoring algorithnhas the disadvantage of having a score distribution concentrated towards
middle values as extreme valuesuld require either all routes to be very poor or both routes to
be very good, which is less common than only the best route being very good or bad. This may
account for its comparatively high error values as error measurements will be high even for a
correct ordering if values are concentrated towards the mradge due to comparison with binary

labels
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Another wellperforming algorithm is TSR, asgiven inequation3.8, where r is the number of
routes to the target"(s the rank of each route (wheif@ p is the route with the least combined
semantiedistance), and is the combineesemanticdistance équation3.2) of route"QThe
scaling function is omitted for clarity as it is already givesqnation3.7. Scalinds applied once
all score values have been calculaté&tis algorithntonsidersall routes to a target but with
significance diminishing by the cubeldbK S  N@nitzf.&, Mebest route addpFQto the
score, the second adgsfyiQ) thenp#q ¥ etc).

o p
—_— 3.8
Y 00

The algorithms TS®and TSR are the sameas TSR SEOS LI G KI 4 GKS SEL®2:
rank, which the score @ivided by, is 1 and 2 respectively; these variations perform significantly
worse. It is interesting that when penalising the contribution of additional roptrformanceis
sub-standard wherthe penalty is small, but abov&andardwhen it is large. Thisuggessthat

some ideal penalty function exists where additional routes do not overpower the normal scoring

but still provide support in closely scored cases. It is possible that the best scoring penalty is a
property of the distribution of the data andbels, and that the ideal penalty function may be
dependent on the dataset. Testing of this property on other datasets and alternative penalties for

this datasetsleft to future research.
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Table3.9 - Evaluation of alternative TSR algorithms on the \8EQ@onsumers task

Scoring HR HR HR Median Mean F1 RMS Median
_ Positive Positive Absolute
Algorithm @10 | @5 | @1 Rank Rank @R | Error Error
TSRa 0.754| 0.509| 0.145| 4 7.7 0.520| 0.204 | 0.688
TSRa* 0.754| 0.509| 0.145| 4 7.7 0.520| 0.195 | 0.481
TSRb 0.548| 0.364| 0.115| 8 11.5 0.541| 0.120 | 0.319
TSRc 0.573| 0.385| 0.133| 7 10.9 0.544| 0.120 | 0.309
TSRd 0.565| 0.373| 0.124| 7 111 0.544| 0.122 | 0.322
TSRe 0.771] 0.532| 0.163| 4 7.6 0.530| 0.204 | 0.584
TSKf 0.582| 0.408| 0.158| 7 10.5 0.549| 0.146 | 0.456
TSRy 0.742] 0.536| 0.185| 4 7.8 0.533| 0.192 | 0.523
TSRh 0.767] 0.538| 0.152| 4 7.5 0.531| 0.196 | 0.508
TSR 0.543| 0.362| 0.112| 8 11.5 0.541| 0.121 | 0.3
TSR 0.550| 0.359| 0.117| 8 11.6 0.541| 0.120 | 0.318
TSRK 0.750| 0.538| 0.179| 4 7.9 0.525| 0.207 | 0.605
TSR 0.723] 0.529| 0.189| 4 8.1 0.536| 0.189 | 0.525
TSRm 0.771] 0.530| 0.151 | 4 7.5 0.523| 0.170 | 0.433
TSR 0.577] 0.385| 0.135| 7 10.7 0.541| 0.121 | 0.30
TSRo 0.659| 0.466| 0.181| 5 9.2 0.539| 0.143 | 0.452
TSRp 0.758| 0.533| 0.158| 4 7.5 0.531| 0.165 | 0.456
TSRq 0.558| 0.372| 0.119| 8 11.2 0.541| 0.120 | 0.325
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3.10 Example Query

To help illustrate the behaviour of TSRple3.10 shows the TSR results for the query company
dwSayYl NJ al NR Y S SY dofs@riedsliel selzdl heypaamétérsSused in thiample
are the same as in the empirical evaluation, anddhery was treated as a useiise cold start

(only the description was used).

In this case, four out of the top five results are potential consumers, and the other is unknown

(not labelled) For TSk, the two best routes are considered when scoring targespecting the

LINE @Sy yOS 2dziLdzi FNRY ¢{w akKz2¢a GKIFGX SEOSLIi ¥F2NJ
NBO2YYSYRIFGA2ya 6SNB LINAYFINRfE o6F&aSR 2y wSavYlI N al A
YR Gt NR{IFFS [/ 2yadZ G4 yia [lfabefed aspdehtaliConsueds (2 LI F 2 dzNJ |
of. Repeating this query using F8Rroduces a different set of top resul&SRa considers only

the best route for each target when scorifg.this casethe similarity betweerResmar Maine

Safetyand Superyacht Dois the deciding factor for all of the top results.

It can be seen from these examples, that T@8Rmake good quality recommendations from little
labelled data, and these results are easily explainable. Uoliier hybridrecommender system
where it may not be possible to identify the items and relationships impactful on the ranking of
results, for TR it is trivial to interpret as a list of items and relationships considered, and their

weightings, is included in the provenance of the results.
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al NR Yy S (Highlighd) &re description text for each company is taken

verbatim from the IWSC dataset anésoriginally sourced from the websites of
(IWChamber2018;IWTechnology2018;Marine Southeast2018)

capable of measuring the eshaft torque and power of a
ship on shafts from 150mm to 1,200mm (and above)
diameters. Shaft Power and Torsionmietesystems
suitable for ship trials or permanent installation into
ships¢

(TRUNCATHDUE TO LENGTH)

Name Description Text Known TSRe
Relation | Rank

Resmar éResmar specialise in boat safety equipment, fire safety Query -
Marine apparatus, and industrial safety equipment. The boating
Safety safety equipment we supply includes Life Rafts, Life

Jackets and Flotation aids.
Caversham | ¢Holiday Boat Hire Narrowboats and Cruisers, Jetty Consumer| 1
Boat services, Slipway, Engineering and Mocaging
Services
Burgess éSuper yacht refit, 900 ton ship lift, steel and aluminium| Consumer| 2
Marine Ltd | welding and fabrication, All aspects of commercial ship

repair Support of WFSV, commercial ferry industry, Roy

Navy Surface Fleet and commercial tonnage.
Green OAfter completing three successful years on the Greatef Consumer| 3
Marine Gabbard wind farm, the Marine Management team
Solutions contracted by Fluor to ph, initiate and manage the

Marine Coordination Centre have formed Green Marine

Solutions. Green Marine Solutions offer three packages

the Offshore Renewable industry:, 1) Marine Operation

and Coordination. By packaging Marine Coordination,

managementind equipment procurement under one

umbrella, GMS will work with clients to plan, run and

continually develop their Marine Gardination centre and

procedures

(TRUNCATHDUE TO LENGTH)
Motions éMotion Charters is a family run busirselsased in Hamblg Consumer| 4
Charters near Southampton. We offer a variety of luxury cruising

boats, powerboats and race yachts which are all well

maintained and fully equipped for your trip, whether

you're enjoying a spot of gentle cruising or competing ir

sailing event. W pride ourselves on friendly customer

service and offer 24/7 support to ensure you have an

enjoyable time on the water. Call us for more details an

we'll find the best package to suit you and your guésts.
Datum éDatum Electronics is a worldading supplier of marine | Unknown | 5
Electrc()jnics shaft power meters. Our unique fully modular systems &
Limite
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3.11 Comparison with other approaches

There are conceptual similarities between TSR and other approaches that broaden known or
learned relationships based on item content, such as by pairing an unlabelled item with the most
semantically similar labelled orf¥uan et al., 2016pr using automated ontological classification

to generalisd dza SN & & LOEddIRtEHetl., ROPAiTEdY@Gadpioaches offer similar
advantages to TSR in providing explainable results and supporting some cold start scenarios.
However, thesavorksdo not address double cold starts (where no labels are known for both the

user and item).

Additionally,the approach taken by uan et al.(2016)consders only the relationships of the

most similar item, whereas the alternative scoring algorithms for TSR (s&c8loconsider

multiple similar items in a weighteég$hion. This approach was demonstrated to significantly
improve results on the IWSC dataset and may also on other datasets, especially where labels are
highly sparse. TSR does introduce additional complexity by considering multiple routes, but
compute andnemory requirements were not found to be problematic for the IWSC dataset, and

methodsfor effective filtering and optimisatioare described in sectiorg&6.2and3.7.4

The ontological approach ®iddleton et al.,(2004)groups items based on content (intopicsin
the ontology) and these items are then considered to share applicatulitye user as opposed

to the TSR approach of weighting the applicability for each item pair. Ontological grouping (or
alternatively a clustering based approach) seems sensiblédmains with discrete topics, such
as for a research paper recommender system likdinfdleton et al.,(2004) However, for less
separable domains, thdistanceweighted approach of TSR may better capture refahips for
items that exist on the edge of multiple categories, do not neatly fit any, or could fit multiple.
Such cases might also benefit fram approach where items can be placed in multiple
overlapping categoriedor example using LDBIlei et al., 2003)A comparison of these
approaches with TSR may give interesting insight into the benefits of categorical distanse

weighted application of relationsps, but thisis left to future research.

The distance weighted application of relationships used in TSR potédtiallybe applied
outside of recommender systems, for examfdearnedassociatiorrules.To determine what
rules to apply to a new itengxisting rules could have their rule confidence multiplied by TSR

confidence (which is always p), such that rules for more distant items are given less confidence
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3.12 Conclusions

TSR has been demonstrated as an effective solution tahllenging problem of colstart
recommendations in datasets with few labels, by making use of unstructured text descriptions of
items. This addresses SRCHalv can machine understanding of text be used to identify
relationships between documents in l&rgollections of unstructured te®f as well as a general

problem in the area of recommender systems.

This novel technique has the advantage of producing detailed provenance for the results,
including the itens and relationships considereahd how they ag weighted Unlikesome
contentbased recommender systems TSR is not dependent on similarity between query and
target item content, unlike collaborative approachésioes not require a history of interactions

for either the query or targetand unlike otology and rulebased approaches it does not require
existing structured knowledge or many historic examples per item from which to derive rules and

is not domain specific

TSR can be used as a stahohe recommender system or could be used to supporeogystems
when dealing with colétarts, without the need for bootstrappind SR is particularly suited for
applications in higivelocity big data or similar environments where items and relationships may
be time-sensitive or for other reasons few réilanships are known for each item and/or none are
known for many items, but some historic examples of relationships are known. This could include

domains such as supply chain, tenders, job postings, or consultancy.

TSR has already seen raadrld adoptionand useby industrial partnetaunch International LTD
Additional detai of this applicationare given in the impacts section @hapter 5The full IWSC

dataset ection3.4), TSR implementatigrand evaluation toolki(section3.7) havebeen made

publicly available for downloaals opendata/open-source softwargdRalph et al 2019) Parts of

this chapter were published as a full paper at the I0TBDS 2019 conference and as a journal article

in Springer Computing.
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Chapter4 CAYRAY 3 aSlFyAay3a Ay { dzN

4.1  ChapterOverview

This chapter looks aechniques for distilling and presenting large collections of unstructured,
unlabelled, text to be more easily interpreted by humans. This particularly addressesdElR®2
can machine understanding of text be used to produce an interpretable overviewgef |

collections of unstructured textand SRQ8 Halv can the results of text analysis be effectively

presented and used to inform decisiomakers, analysts, and organisatiéns

A particular focus is given to fréext survey responses and follows a cbtieative project with

the Parliamentary Officef Science and Technology (POST) analysing a survey of experts concerns
regarding the COVHD9 pandemicSectionst.2and4.3 provide more background on the
problem;sections4.4to 4.6 follow the iterative steps taken in producing the analysisd its

findings section4.7 presents a generalisation of this approatie Text Insights Pipeline (TIP)

and makes comparison to other tools and methods of anglgsitions4.8and4.9look at

applyingthe generalised approadio other datasets; andection4.10discusses other potential

applications.
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4.2 Introduction

Analysis of fredgext responses to surveys by human analysts is a laborious manual process
requiring reading potentially vasbllections of text and appraising, categorising, or synthesising
an overview of its content. In the case of thematic analysis, where key topics are identified in the
responses to produce a categorisation scheme or co@iaffe & Yardley, 2003} isnecessaryor

the analyst to comprehend both the prominence and the diversity ofd®piarge datasets are
expensive and timeonsuming to analyse, requiring great intellectual labour in the reading and
memorisationof responses in order tperformthese processe@Braun & Clarke, 2006; Joffe &
Yardley, 2003)Large datasets not only make the tasfre difficult but also risk introducing
accidentalomissionsvhere less frequently mentioned or harder to define topics may be
overlooked. To cope with a large volume of responses, it is therefore highly desirable to have an
automated system to either péorm or aid in the analysis or presentation of the data to analysts

and decisiommakers

The COVIR9 pandemidadwide-reaching implications across many areas of society and experts

from many fields have offered their concerns and advice in response to the Thsi$ollowing

sectionspresentan analysis of the responses to the COXEDExpert Concerns survey conducted

by the United Kingdom Parliamentary OffaeScience and Technology (POSBYistical, text

analytics, and visualisation techniquea® appliedto this new dataset to identify key areas of

concern, overlapping areas of concern, and typical responsesfir area of concerifhe

2dzi LJdzia 6SNB LINPRdAzOSR ¢AGK GKS ITAY 2F aaradAiy3a th.

own analysis and presenting the findings in a suitable format for distribution to policy makers.
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4.3 COVIDP19 Expert ©Oncerns Survepataset

Between April 3 and April 30", 2020,the UK Parliamentary Offiad Science and Technology
6th{¢0 O2yRdzOGSR | anmzDIIBENRI RFa SEASNITEHE MYLIGO ha
over a range of timeframes, with the aim of identifyiitig major areas of concern among experts

and identifying any consensus, and to produce a synthesis to inform UK Parliament. Participants
were selected by snowball samplifrgm UK universities and other research institutes by the

POST Knowledge Exalga Unit. A complete list of experts and more detail on the survey
methodology are available on the POST web@tarliamentary Office of Science and Technology,
2020a, 2020b, 2020cT he data analysed in this survey are the responses received prior to April
19", 2020; addional survey responses may have been received outside this timeframe but are

not included in this dataset.

The survey has a total of 4,096 responses from 1024 patrticipants. Each respamstevistured
oy3IfAaK fly3adza3S GSEG RS &ON dohoyiedf fouKtithefradhesIi A O A
which are (relative to when the survey wesnducted) Immediate;Short Term (withir8

months); Medium Term 8-9 months); or Long Term (fron® monthsonwardg andis associated

with one of 22 categorieselected by the respondent from a list previously decided by the survey
authors (POSTJ.able4.1 shows the full list of categories and for how many responses each
category was chosen for each timeframe. For ease of compatlsisrisalso presergdas a bar

chatt in Figure4.1 and as a line graph figure4.2.

It can be seen that the isa significant imbalance in the total number of responses for each
OFGS3I2NE O6NJ yaAST c oo = PhScalrid MenialSHealkts 68 d iy @P i KBG K
FI N 6cod G2 Wirofogy, IMintufiofogy arfsl Bpidendiology of COI89  otatal)and
éCommunities and Populatioas 6 nmc G20Ff0d ¢KS LINRPYAYSYyOS 2
0SG8SSY UAYSTNI YSad L yirologg, Inmunslegy &ntl Epidémiolody 6fS T NJ
COVIRL%E Kl & GKS Y2aid NBalLenfidchames whitzothetakeasof F I € &
02 y OS NJ Econi&and Finantial Affairs 6 SO2YS Y2NB LINBYAYySyd
Sectiord.4examineghe changing patterns in the distribution of responses between timeframes

to gain insight into how the types of concerns in each area change over time in addition to the

changes in number shown here.
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Table4.1 - Number of responses in each category for each timeframe, selected by the respondent

Category Name Immediate 'SI'Zr?r: l_:_/l;:rl]um _%_Z:?n Total
Brexit 4 4 3 8 19
Business and Trade 23 30 52 38 143
Communities and Populations 105 119 96 96 416
Crime, Justice, and Policing 16 31 23 24 94
Culture, Arts, and Leisure 7 8 10 9 34
Devolution and Devolved Matters 0 1 1 4 6
Economic and Financial Affairs 50 72 114 98 334
Education and Training 50 63 73 69 255
Environment, Agriculture, and Food 25 30 32 33 120
Housing 8 9 11 11 39

| did not answer this question 51 38 63 86 238
Inequalities and vulnerabilities 94 89 68 73 324
Infrastructure and Energy 7 6 11 8 32
International Affairs and Foreign Policy | 8 11 13 28 60
Manufacturing andndustry 19 15 14 17 65
Media and Communications 24 28 19 13 84
Parliament, Government and Constitutior] 21 15 12 36 84
Physical and Mental Health 167 183 153 136 | 639
Scientific Research/Methods and Emergi| 78 67 64 88 297
Technologies

Social Care 21 22 16 12 71
Transport 11 6 9 7 33
Virology, Immunology and Epidemiology | 177 105 73 75 430
COVIBL9

Work and Employment 58 72 94 55 279
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Figured.1 - Bar chart of responses in each categorydach timeframe, selected by the

tettd

respondent.
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4.4  Response Distribution

The high variance of the number of pesises for each category across timeframes implies a
changing focus of the distribution of the concerns. While statistics alone show the change in

focus, the reason is unclear, a few likely causes are

1) The importance of each category changing between fiaimes
2) The types of concerns changing between timeframes

3) The category each concern falls into changing between timeframes

The influence of these and oth&actorscan be examined by looking at the content of the
responses. Another area of interest wouldd determining whether categories with more
responses represent areas of greatest concern or are instead very broad and simply encompass a

greater range of unrelated concerns.

This section presents a series of visualisations that show the distributitie ofsponse content

in semantic space, where responses with similar semantic mesaieglotted more closely. This
enables examinationf how the focus of concerns in each category changes, which categories
have overlapping or similar concerns, howalse the responses in each category are, and also
provides a visual indication of how prominent each categergectiond.6 goes on teexamine
clusters in the data and proposes an alternative categorisation scheme based on automated

clustering.

The content of the survey responses is in the form of natural language (English) text of varying
lengths. The text is unstructured other tharing split by respondent and timeframe. For the
following experimentsUniversal Sentence Encoder (UGEEr et al., 2018} used to generate
semantic textembeddings for each response. These embeddings arelfexggth vector
representations of the semantic features of the text in a shared semantic space (512 dimensions
in the case of USE). Embedding this space can be compared using cosine similarity, where
items with greater cosine similarity have more similar semantic meaning, and the inverse, cosine

distance given previously i€hapter Fquation3.1.

To visualise the higimensional text embeddings, the dimensionality must be reduced, for this,
these experiments use$NHMaaten & Hinton, 2008)ith pairwise cosine distance as the

metric. -SNE hasden shown to be effective for producing visualisations of high dimensional
data, including text embeddindKiros et al., 2015; J. Li & Jurafsky, 2QaEp see sectioB.7.3.

In contrast to some other dimensionality reduction methods such as Principle Component
Analysis (PCAHotelling, 1933)t-SNE relies less on preserving distances between widely

separated points and so bett captures local neighbourhoods of poirfidaaten & Hinton, 2008)

70



Chapter 4

this suits the pypose of visualising survey responses as semantically similar responses are
grouped more effectively, which is of greater interest than the global position of responses in
semantic space (i.eknowing which responses are similar is more useful #trawing which are
dissimilar). { b9 LINPGPARS& | Gdzy Sl of S LI thelfoelsS ib BeNabit ¢ LIS N
on local or global features; for this datasatperplexity of 30 was found to produces a result

where, upon quatative inspection, tightly clusted items appear similar in nemivial ways and a
minimum of duplicate clusters exigill visualisations ifigure4.3 and Figure4.4 use the same

semantic space andSNE model (such th&igure4.3 (A)isa composite of all subfigures Figure

4.4 superimposed)For all tSNE visualisations presentiedthis chapter, multiple random seeds

were used to generate visualisations and the result most clearly showing the features of interest

was chosen. The nature of the features does not generally change, only their arrangement.

Examination ofFigure4.3 (A)showsseveral interesting features. Firstly, some natural clusters are
LINBaSyd Ay (KS adz2NBSe NBalLlRyaSas LI NIAOdz I NI
G22N)] FYyR 9YLX 28YSyéxr (GKS&S Of dZAGSNE I NB Y2
suggeting that these are weltlefined categories that have a focused set of related concerns (in

that they have lower semantic variance compared to other groupings of data). There are also
dense regions of responses modiiglonging tathe same category forthét K& & A OF t | y R

| St KX daSRAIF YR [/ 2YYdzyAOFIGA2Yy&aés &/ NAYSZ
CAYLFYOALFE ' FFFANRE OFGS3I2NARSAT 6KAOK adzaasai
each, which are common to responses for these gatis but also some items of other

categories, or that there are concerns in other categories that partially overlap with those of the

primary category present in the cluster.

CKSNB A& Ffaz2 I RAAGAYOG NBIA2YSEaVEYEFY&R o8
GLYGSNYFGAZ2YyEFE ' FFFANR YR C2NBAIY t2fA08¢x
strongly overlap, this suggests that these categories may share similar concerns. As the number of
AGSY&d F2NJ 620K GKS 6. NBER (G2 NB/ART v Lt iGN ¢ AL
they are shown to have strongly overlapping concerns, one interpretation is that the categories
might be combined & & LJX A O S Rvhat couide cdnsiBdred Bore powerful codingJoffe

& Yardley, 2003)Conversely, some highly distributed categories with many items, such as

Gt KearaOdyfaHtyR SIfdKé YR GxANRE 2383 -MPEY dryf 28f 20
better represented as multiple smaller categorggsit into sub-areas €.g.,separatingPhysical

Health and Mental Health).

Also notable are several apparent clusters whicmdbhave a clearly dominant category and/or

feature items from many different categories. These suggest latent topics which are not captured
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well by the categorisation scheme and cannot be seen by the prior statiatiablsis irsection

4.3. Figure4.3 (B)shows a copy dfigure4.3 (A)with several such clusters annotated with labels
for the topic identified by a humagnot affiliated with POSHy examining the text content of the
responses within the chier. Sectiond.6looks atalternative categorisation schemes produced
through automated clustering, which provides a systematic approach to making similar types of

observations and allows inspection of the data under a new lens.

Examination ofFigure4.4 gives an overview of how the prominence of different areas of concern
change between timeframes. As discusseusection4.3, the number of concerns in each
category changes significantly, but it can also be seen that their distribution changes. At the
beginning othis section, three scenarios were proposed whidiyrbe responsible for these
changes, whickigure4.4 may providesupport for.For each respective scenarfmme expected

observations would be as folls

1) Changes in the number of items within the typical area covered by each category
representing its change in prominence

2) Drift in the concentrations of points between timeframesflecting the change in focus
of the content of the responses

3) Changen thecolour coding of each area between timeframes, showing how similar

concerns are interpreted as belonging to different categories at different times.

Observing the figures shows some evidence of all three of these scenarios, suggesting that a
combination of these factors explains the changes seen in the statisgestion4.3. Some

specific observations are givenTiable4.2.
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Table4.2 - Observations of changés distribution and categorisation of responses between

timeframes

Observation

Implication

/| 2y OSNya F¥2NJ GKS OF GS32Ne
focused in the same region but vary in numbeross

timeframes.

Change in quantity supports

scenario 1.

| 2y OSNY & 7T 2 Hioidofi6 an®Finargia Affdiks
remain focused in the same region but vary in numdenoss

timeframes.

Change in quantity supports

scenario 1.

F2NJ 6KS O 6S32NE
NB Y2aid ydzy

the immediate timeframe and become more focused in late

/| 2y OSNY a
Epidemiology oCOVIEM € |

timeframes.

Change in quantity supports
scenario 1.
Change in distribution

supports scenario 2.

/| 2y OSNya F¥2NJ GKS OF GS32Ne
highly focused in early timeframes but become more diverg

in later timeframes, while remaining similar in number.

Changadistribution supports

scenario 2

The areddentified asd C dz(i dzZNB t NB LI NJ { A

densely populated in the loaggrm timeframe than any other.

Change in distribution

supports scenario 2.

The areddentifiedasd 9 EA G LI | y& F2NJ ¢
densely populated in the immediate timeframe than any

other.

Change in distribution

supports scenario 2.

Responses in the area iderh ¥ A SR
Fdzy RAy 3

a abl {
YR NBaAf ASyvodogy, LIN
AY S NJ
Gt Keaaolt

Immunology and Epidemiology of CO\MI®&
timeframes butOK I y3S (i 2

later timeframes.

Change in category supports

scenario 3.
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(A) Unannotated (B) Annotated
'ﬁ‘? . 'See other"
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NHS and healthcare [
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funding and resilience P

recovery

Domestic abuse

@ Brexit ® Economic and Financial Affairs ® Infrastructure and Energy @ Scientific Research/Methods and Emerging Technologies
® Business and Trade ® Education and Training ® International Affairs and Foreign Policy ® Social Care

® Communities and Populations ® Environment, Agriculture, and Food Manufacturing and Industry ® Transport

® Crime, Justice, and Policing ® Housing Media and Communications ® Virology, Immunoclogy and Epidemiology of COVID-19

@ Culture, Arts, and Leisure ® | did not answer this question Parliament, Government and Constitution Work and Employment

® Devolution and Devolved Matters ® Inequalities and vulnerabilities Physical and Mental Health

Figure4.3 - 2D tSNE plots df)SEext embeddinggor responses in the Expert Concerns dataset colour coded by the category selected by the respondent.
The figure shavs responses for all timeframeBhe figure shows the prominence and distribution of each category and overlap between categories

Subfigure Bs a copy of subfigure A bahnotated with human observations of latent topics which form mcidtiegory clustes
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Figure4.4 - 2D tSNE plat of USE texembeddingdor responses in the Expert Concerns dataset colour coded by the category selected by the respondent.

Subfigures A, B, C, and D show the responses for each timeframe, Immediatel ShgrMediumTerm, and Londerm concerns, respectively. The figure

shows how the distribution of responses and the prominence of each category changes between timeframes
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4.5 Responsé&ummarisation

As each category contains many responses and a variety of different concerns, it is desirable to
generate aroverview of the key concerns for each category. For this, text summarisation can be
used with the aim of capturing a diverse set of common talking points. For the result to be
representative, it is important that the summary has both good coverage afahge of concerns
(sensitivity andprioritises the most frequently mentioned concerns (specificity), as well as being
unbiased both in terms of the subject matter and the wording of the concéitmsse summaries

are analogous to theelected extract$or each theme in thematic analysis, although differ in that
they are selected only to best represent the theme rather than to also address research questions
specific to astudy(Braun& Clarke, 2006)

There are two types of summarisation to consider; abstractive summarisation aims to generate

new text which captures the key points of the source text, whereas extractive summarisation aims

to select the most representative or importasentences from the source textluch research

has been done in both areas, with some significant recent advances being made using deep

learning and text embeddings. However, concerns have been raised over the biaset a@inee

modelsand abstrative models generaljyasthey can beprone tomisattribution, factual

inaccuracy, and repetition, and struggle with enftvocabulary termg¢Caliskan et al., 2017

Nadeem et al., 2021; See et al., 2QIF)rther, deedearningbased summarisation algorithms

ISy SNIffte 2WWENKEGIY2IRE @0 BIKAIOK | NBmdadingf@ A Odz G (2 AydS

explanation of why a particular result is given and the evidénisederived from.

As the output of abstractive summarisation is novel tether than strictly sampling from the
input text, it is also more difficult to identify the provenance of each output statement, which

may be desirable when the input text is comprisednainydiscrete itemdrom different authors

Conversely, extractiveummarisatioralgorithms which are not prerained andguote directly

from the source texmay preserve existing biases within the source text but should not introduce
new biases and mitigate the possibility of misattribution (when sampling complete reesg®
although still risk presenting sentences out of cont&dr extractivesummarisationthe parts of

the input text sampled from can be easily identifizsleach segment is unmodified

For the task of producing a representative but focused overdttlie key concerns for each
category, based oalarge and diverse set of responses from many different authors, extractive
summarisation is more desirable. This can be used to identify a small set of representative

responses (or parts of responses) tha¢ indicative of the large collection of source sentences.
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For this aim, sampling a series of statements is more important than relating the ideas together in
a flowing narrativeand provenance of the origin of each stateméhe item it is sampled froin

isalsodesirable

Summaries were generated for each (category, timeframe) pair,Longterm concerns for
Work and Employment). As sentence length émeinumber of source sentences varies
significantly for each grouping, using a desired word caaimost effective for producing
summaries of consistent length. For the purpose of providing a concise overview of each
grouping, a word count of 100 was chosen (this is a soft limit due to sampling complete
sentences). The complete results cannot be idetldue to concerns of confidentiality and

personalinformation; however, a few representative output samples are givermable4.3.

A variation of the TextRaratgorithmfrom (Barrios et al., 2015; Rehurek & Sojka, 204 @)sed

for summarisation of the concatenated text responses for each category. TextRank isaativextr
summarisation algorithnthat uses a grapibased model for selecting the most importan
sentences from a text corpus, similar to how early search engine and information retrieval

algorithms such as PageRdBkin & Page, 998)select results.

This grapkbased approach has the advantage of being invariant to the language and terminology
used as it is entirely unsupervised and does not rely on a defined vocafMiaiicea, 2004;
Mihalcea & Teau, 2004) this allows the summarisation to recognise the significance of demain
specific terminology mentioned frequently in the source text whereas a model with a firgte
learnedvocabulary (such as text embedding models) may undervalue theifiségnte due to

being outof-vocabulary. As the TextRank model is not trained on any corpus other than the text
to be summarised, the model has no previous bias to the significance of topics discussed in the

text and determines this exclusively using teettanalysedMihalcea & Tarau, 2004)

Graphbased extractive summarisation also aligns with the aim of selecting the most

representative sentences from the source text, as the graph is generated based on sentences with
2OSNI LAY (REYSE SNBOG2ZIEHENI a2 & (2 YIFEAY
prominent themes in the text grapfMihalcea & Tarau, 2004YVhile this can produce summaries
lacking narrative flow (as no attempt is made to select sentetitadead on to each other)t is

not required for this taskwhichinsteaddesiresthe most representative sentences regardless of

how they relate to each other aside from avoiding redundamcy.(a bulletpoint list of key

concerns). A caveat of this approach is that the model da¢sccount for synonyms and

semantically similar terms, although lemmatization is employed, inflected forms of words are
substituted with their dictionary form). The inability to recognise semantically similar words may

result in some redundancy the generated summary where different terminology is used as the
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model is unable to recognise the equivalenités also possible that some topics will be under or

over valued depending on how diverse and consistently used terminology is for that topic.

Table4.3 showssome exampl®utput from the extractive TextRank summarisati®Vhen

considering the quality of the summaries, the key criteria are that the summaries:

1 Consist of meaningful sentencestriacking essential context
1 Are sufficiently sensitive to the range of concerns in that category

1 Are sufficiently specific in capturing the key concerns of that category

Examining the results shows that the generated summaries generally perform wetisfying

these criteria. In particular, all the generated summaries are sensible and relevant, selecting a
variety of issues most of which strongly relate to the category but also with little redundancy.
Qualtative inspection of items in each categolyosvs that the summaries are generally
representative of typical responses. There is no obvious bias in the summaries and the selected
sentences include a variety of factual statements, questions, and opinions. This indicates the

approach is not overly digminating based on the formattingnd writing styleof the responses.

In the examples shown ifable4.3, summaries are included for the same categories over multiple
timeframes. It is apparent from the content of the summaries how the focus of responses
changes between timeframes for the same category, which further supports scenario 2 discussed

in section4.4.
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Table4.3 - Examples of extractive summaries for (category, timeframe) pairs generated using a
variation of TextRank on the concatenated tekall responses for that category and
timeframe.Examples have been chosen in accordance with confidentiality and

anonymity requirements of thdatawhile being representative of the typical output.

Category
- Timeframe

Generated Summary

"Physical and
Mental
Health"

¢ Short Term

"Both the direct and indirect impact on children's and young people's men
wellbeing through real health risks, negative media,-sgfation, lack of
safety, and loss of protective factors such as schoolssanidl activities."

"l am worried about the impact of Covi® on the mental wellbeing of
healthcare workers in the NHS, and of working people more generally, hd
are they coping with their health worries, their finances job security and
working remotelyfrom home"

"I am concerned about the impact that social distancing;iselation and
lockdown measures will have on people's wellbeing."

"Physical and
Mental
Health"

¢Long Term

"The potential effects on physical and mental health (e.g. sedentary balra
and chronic disease, obesity, anxiety, depression) due to social distancing
measures (i.e. restricting movements and access to facilities, key serviceg
education) and wider anxieties about the pandemic, particularly for the md
vulnerable/shieldd groups €.g.,diabetes, arthritis, immunosuppressed).”

"Longerterm wellbeing of patients/familiesburdens on individual as they
potentially lose job/independence, find it impossible to access appropriate
neuropsychological help as likely to taditween physical/mental health
services.",

"People with diabetes are at increased risk of kvagn adverse physical and
mental health outcomes as a result of the COVID epidemic."

"Education
and Training"

-Short Term

"My main concern over the next threaonths is whether universities have th
systems in place, and are able to mobilise rapidly enough, to remotely suf
the mental health of current university staff and students so that the acade
year can be successfully brought to a close."

"How willGovernment ensure that schools are advised and supported to y
technology effectively, providing technology resources so that learners a
pivotal points in their education pathway, specifically those in Y10, Y11,Y
and Y13 will be adequately equippfad the continuation of their studies late
in the year?"

"Education
and Training"

-Long Term

"How to minimise the impact of the outbreak on the education and training
students and trainee teachers whose learning and professional developm
has beerdisrupted during the academic year 2602020."

"Future workforce provision within healthcaravithout careful, considered &
proactive management, whilst we may meet the immediate challenge, the
requirement for clinical experience to ensure protectiorttod public could
lead to significant challenge providing this experience for all health & soci
care students.”

"How will Government ensure that the schools system is digitally resilient,
to utilise technology effectively to reduce disadvantage aunitk]y switch into
remote learning to deal with future crisis of a similar scale.”
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4.6  Alternate Categorisation

Asdiscussed isection4.3, the categorisation scheme chosen for the survey results in high

variance othe number of items in each category, and the analys&etion4.4 shows that some

larger categories have a very diverse range of concerns, whereas other more focused groupings of
concerns are not well covered by any category. This section demonstrates araglter

categorisation system based on clustering of response texts, with the aim of better capturing the

key areas of concern described in the data.

This section presents the results for categorisation of {tammn concerns as these were of most
interest inthe collaboration with POST, who then contributed human naming for the generated
categories (se@able4.6) and used them as the basis for their Areas of Research Interest (ARIS)

for COVIEL9 (eesectin 5.3.2.

4.6.1 Categorisation by Clustering

As the data contains clear groupings when the text responses are visualisedeatson4.4, it
follows that automatectlustering may be an effective method of categorising the data. To
achieve this, ¥Means clusteringLloyd, 1982; Pedregosa et al., 2011; Sculley, 26 Hpplied to

the semantic text embedding€er et al., 2018)f the responses.

Qualitive citeria for judging a categorisation scheme might be that categories should have
internal homogeneity and external heterogeneiBatton, 2015)such that items within a
category are similar but categories are dissimilar to each othiging dstinct clusters of items in

sematicspace as categories seefiely to satisfy theseriteria if the clustering is meaningful

For this dataset, a number of categories between 10 and @@ found to produce the most
intuitively meaningful results, where quigiive inspection of the items within each cluster show
each cluster to have a welefined focus that is neither overly specifior broad.For each

number of categories, experiments were repeated with different random seeds to confirm that
the results were consistenthe ideal number of clusters may depemthe desired usage, for
example to identify more specific issues withcommon topicsFigure4.6 presents a comparison
of the results for longerm concerns undethe original human categorisation scheme and as

categorised by automated clustering with 20 categories.

Several metrics exist fahe quantitativeevaluation of clustering algorithms; however, many
require ground truth labelsWhile a complete set dabels does exist for the dataset in the form
of the human selected categories, they do nagalwith the generated categories (as the

approach taken produces a new categorisation scheme as opposed to fitting items to the existing
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Table4.4 - Comparison of effectiveness of clustering methods and human categorisation

Mean Slhouette | VarianceRatio DaviesBouldin
Number of o L
Method Coefficient Criterion Score
Clusters
(Higher is better) | (Higher is better) | (Lower is better)
Human
o 23 -0.080&7 7.2482 5.000
Categorisation
USE KMeans 23 0.06522 18.310 3.306
USE KMedoids | 23 0.02(60 11.874 3.924
USE KMeans 20 0.07708 20.177 3.226
USE KMedoids | 20 0.00849 12.317 4.179

categories). For this reason, itriscessary to use unsupervised evaluation metiiedle4.4

compares the performance of the clustering approaches investigated and the scores for the

original human categorisation. In addition teMéans, the same methodology was tested but

using KMedoids (Park & Jun, 2009vhich is similar to #leans but seeks to minimgghe
FYyR I NBIFf AGSY

RA&GHYOS

0SG6SSy AGSYa

point which is he average of the cluster (the centro@ in KMeans Basing distances on the

medoid instead of the centroid means\kedoids is generally more robust to outliers with

extreme valuegPark & Jun2009) however, as extreme values do not exist in the normalised

[j

i K

space of the text embeddings used this provides little improvement. When comparing algorithmic

performance to human labelling should be notedhat these metrics measuredistancebasel

criterion similar to what these models aim to optimise, which is not the case for human labelling,

so these scores are indicative of the nature of the results (particularly, how well defined the

clusters are) but do not alone prove their validity.

Figured.6 shows a comparison of the number of items assigned to each category for human

labelling and automated categorisation. It can be seen that in the human categanisatieme,

some categories have far more responses than others (range=138, mearSB&,0), whereas

the categories generated through automated clustering of the responses have much more even

applicability (range=62nean=50.85D-15.1),except fortwo categories which have significantly

fewer responses.

A more even category distribution is desirable as oversaturated categories are likely too broad in

scope or are vaguely defined, and rare categories may be too specific or otherwise not represent

acommon area of concern. In both cases, the descriptive power of the categories is diminished.
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Therefore, for a given number of categories, it would be advantageous to eliminate very small
categories and subdivide the very large orss as to maximise thdescriptive power of the

categories and the coherence of the resulting anali@&iée & Yardley, 2003)

The generated categories should be expected to have a more even distribution as they are fit to
the data,whereas the list of categories for human labelling was decided befonducting the
survey. As{leans clustering aims tonid cluster centroidshat keep clusters as small as possible
(minimising the withircluster sumof-squares)Arthur & Vassilvitskii, 200,7if would be expected

to see similarly sized clusters for data with a continuous distribution and unifonsitge

Variation in the number of responses per cluster can then be explained by variations in the
density of their positions in the embedding space, that is, clusters with more responses indicate
that the responses are more similar, whereas clusters feitter responses are more diverse, or
otherwise occupy less dense regions of the embedding spacghey have few similar

responses).

In the results, the emergence of two clustéinat have significantly fewdtems (seerigure4.6

(B) may be the result of them containing outliers and highly unusual respoEgasination of

the responses assigned to these clusters supports this, as these responses are mostly statements
f1 O1Ay3 O2 WhaSistliehewinozOet? | §&DAwWith regard to COV®E © ¢ K S
semantics of these statements requires context thatud be absent in a general language model

as it pertains to a specific current event (the CO®pandemic). It can be seenkigure4.5 (B)

that the responses in these categories are not tightly grouped and are on the edges of other

clusters, supporting the hypothesis that the model considers them outliers

46.2 Cluster Summarisation

To investigate the results of the algorithmic categorisation scheme produced, text summarisation
can be applied following the same methodology as used for the original human categorisation

schemein section4.5, Table4.5 shows someample results.

As with the summaries of the human selected categories, the summaries for the generated
clusters are generally coherent and focused. Inspection of the items inchastier confirms that

the selected sentences are generally representative of common concerns of the responses in that
cluster. It is notable that the cluster summaries contain some responses describing more specific
concerns than are present in the sumneiof human categories. This demonstrates how the
clusters capture a more focuseide(, better fit) set of responses than the often either very broad

or niche categories in the human categorisation (as is also indicated by the variance in the

number of responses in each). This reflects how the clustering captures specific areas of concern
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prominent in the datad.g.,6 { 2 OAl £t = SO2y 2 YA O)ratheRhaktBd niixok A y S|
broad €.g.,"Physical and Mental Healthand specificg.g.,& . NJ Beinéséwbichimake up the
human categories, which result in less focused summaries as the responses within each are often

less focused or very few in number.

¢KS SEIFYLIES adzYYI NAS& AyOf dzRS (KS @esidisncesNI 6 A
socidy to future shocks ® Ly (KS [|iNGshjpdtoesiseditattie kla@siérs with
significantly fewer items may contain responses the model considers outliers. By looking at the
generated summary it can be seen that while there is still an app@emeral theme, the

responses are highly diverse and generally more lacking in context than are seen in the other
clusters. As the summarisation aims to select the key themes, this indicates that the key themes

of these categories are less clear to the rabdlthough a reasonable result is still achieved.
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Table4.5 - Examples of extractive summaries for clusters. Summaries are generated using a
variation of TextRank on the concatenated text of all responsethét cluster.
Examples have been chosen in accordance with confidentiality and anonymity
requirements of the dataset while being representative of the typical output. Spelling

and grammar are presented verbatim to show any possible effects on thethigori

Cluster

Generated Summary

6Social,
economic
and health
inequalitieg

"Increased time spent confined to homes will reinforce a cycle of poverty
caused by inhabiting poor quality housing tipping the most vulnerable into
term ill health, greater peerty and having a knock on effect on adult
employability and children's educational attainment.”

"In the longerterm, with shrinking economy, jetmarket and possibly suppert
services, the outbreak's negative impact will disproportionately fall on the
more disadvantaged socigroups, including minoritgthnic people, older
people, and those in precarious and lpaid employment."

"Impact of Covidl9 on mental health and welleing of the population,
including long term socioeconomic inequalities likehatise from the
economic impact of Cowtl9 which will affect poorest communities hardest"

oLessons
learned from
the COVIEL9
outbreaké

"We must ensure that pandemic preparedness plans are in place to preve
such an economic impact of futupandemics."

"What lessons can we learn from the current outbreak regarding the contr
future epidemics/ pandemic?",

"How are you going to ensure that pandemic outbreak planning and
preparedness is enforced and effective, and not ignored and scaled &sck
happened in the last years, leading to the current disaster?"

"Preventing a second outbreak and preparing measures for a potentially
different pandemic in the future"

"What have we learned from Covik® modelling and strategy decision makir
for future preparedness planning?"

OStrategy for
vaccine
development,
production
and
distributioné

"Development and deployment of a vaccine to general population; researg
know if the length of immunity; how to prepare ahead of the new C&0D
such that vaccies will be develop faster; Monitoring communities for cases
infection, using londerm-use fever screening at key locations."

"Given high mutation rate of Covid19, leteym vaccine may not be possible
ongoing vaccine development will be needed."

"Longterm cardicrespiratory consequences and morbidities of former COV
19 patients, based on ‘lessons learnt' implementation of a streamlined
research framework for any future pandemics and candidate vaccine
manufacturing for future virus cycles / occurr@sdn the UK and across the
globe.”
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Cluster Generated Summary

orf:hanlgesf to "Many years we support blended learning approaches in the UK Universiti
the ro €o but the level of technology integration is mainly related to members of staf
education workload and skills"

and the

future of "The role of education in general and universities in particular to play a rol
learningt the economic recovery of the countrgensuring better skills and vital social

inclusion measures."

"How to minimise the impact of the outbreak on the edtioa and training of
students and trainee teachers whose learning and professional developmg
has been disrupted during the academic year 20090."

OResilience of
society to
future

shocks

Gws5 gAGK NBEIEENR G2 / hzxL5

GoKIG Aa GKS ySg y2NXIfKE

Gal AydFrAyAy3a GKS aeadasSy 4dzJaNl R&Y
dza dzl f 4 ¢

G!yrotsS G2 NBIFOG SFFAOASyidte |yR
G¢2 KSt L) 0dza Ay S &m andprépardiBriide AekiRegative h
aK2 01 o¢

G! 3 A ¢nte, Wdd\ery &ndl coalescing around the possibilty of new no

2F 2Nl AYy3 LI GGSNYyaé

al T dzf f -activdlBathelr tharkeRctive plan, in place for similar event i
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(B) Algorithmic Categorisation

Figure4.5 - 2D tSNE plots df)SEext embeddings for responses for lotgrm concerns in the
Expert Concerns dataset, colour coded by the catedgupfigure A shows the
category selected by the respondeubfigure B shows categories generated by

clustering
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Number of Responses by Category (Selected By Survey Participant)
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(B) Automated Categorisation

Figure4.6 - Bar charts of the number of responses in each category folothgterm timeframe.

Subfigure A shows categories selected by the respondents. Subfigure B shows the

results of automated categorisation
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4.6.3 Topic Name Synthesis

This section has so far demonstrated an effective automated clustering approach for categoris

the responses with the aim of producing a categorisation schifraebetter reflects the areasfo
concern discussed in the response text contditite previous sectiondiew the distribution of the

new categories and look at summaries generated for ¢heetegories. While this information
combined with an inspection of the results may be sufficient for a human analyst to assign
category names, it is also possible to suggest category hames based on machine analysis of the
text content ofeachcategoy@responses. This section shows the results for two alternative
approaches for generating category names through keyword analysis, these are then compared to
humanproduced category names. All results discussed in this section, which concern naming the

categaies generatedn section4.6.1for longterm cancerns, are presented ihiable4.6.

The first approach investigated is applying TextRBakrios et al., 2015pr keyword extraction.

This approach followa similatmethodologyasfor the generation of summaries, lvere the text

analysed for each category is the concatenation of all of that cate@sfponses. For generating

keywords, TextRank uses200OdzZNNBEy OS 2F GSN¥a Fa Ada YSGUNARO TF2NJ o
most important in connecting together the contenhd& merits of this approach are similar to

those for extractive summarisation, in that the grapased model should select a collection of

termsthat provide good coverage of the web of terms as they occur in the source text, without

bias to any prior traimg (Mihalcea & Tarau, 2004l is notablehowever, that as TextRank is not

trainable and produces results exclusively based on the sample this approach does not consider

the global distribution of terms over the entire dataset when used to gaieekeywords for each

category This means it is likely to produce similar keywords for each category if their content is

similar as opposed to highlighting the differences between each one. For example, for the dataset

in question, which is concerned withe impacts of COVHD9, many categories will likelye given

the] SE62NR a/ hxL5¢3% gKSNBlFa | KdzYky ¢g2dzZ R tA]1Ste y2i

is implied by the context of the dataset.

The next approach applies-TBF(Sparck Jones, 1972 model is trained on the concatenated

text of all responses in the dataset, then keywords are generated for egelgory using the
concatenated text from only that category. By training on the full dataset, th®FFnodetan
consider the relative frequency of terms across the whole dataset (Term Frequency) as compared
to within each category (Document Frequencis a result, the keywords generated better reflect
what makes each unique, as the model gives less weight to térasire similarly frequent

across all categories. As-IIi- is a bagf-words type model in which word order is unimportant,

it is smple to inject additional terms into each document representangrams andnulti-word
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LIKN} aSa 6KAOK 200dzNJ FNBljdSyidfte Ay GKS RFGFaS$s
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containing that pattern. It seems intuitit@at including these common-grams should produce

more meaningful category names as these are commonly used in homde category names.

The results of the keyword analysis using betthniquesare shown inTable4.6, as are the final
human labelled names for each of the categories (which are the clustenssection4.6.1). The
human naming was contributed by an expert human analyst from POST (the survey authors) and
their naming was based on a combination of thmivn analysis of the survey results (see the
following section on their Topical Analysis), and geaeratedsummarises (segection4.5),

TextRank &ywords, and TDF keywords generated for each category. It can be seen from the
results that in most cases, the humanalystuses many terms matching or synonymous with the

generated keywords, especially the-llFF keywords and mufivord n-grams.

While the adoption of many of the generated keywords by the human analyst in producing the
final namedor each categorgloes evidence their usefulness, it remains that the generated
keywords alone do not provide an easily readable category name withoutrdéwgpby a human.

This is dundamentallimitation of the keyword extraction approach as no concern is given to
ordering the keywords for readability. However, abstractive summarisation has been shown to be
effective in producing readable, humdike, titl es for documents such as news artigf€hopra et

al., 2016; Takase et al., 2018Yhile the text to besummarisedor each category is much longer

than is typical in news article summarisation, and the structure is very different (being a
concatenation of individual texts rather than a single artigith ordered paragraphs this

approach seems promising agpotentid method for producing moreeadablecategory names as

part of future research

4.6.4 Topical Analysis

The human categorisation scherti&t the results have so far been compared to was, as

described irsection4.3, schematicallylefined before the survey was conducted and so is blind to
the results of the survey. Independent of the computational analysis conducted in this work, POST
also conducted their owropical analysis, the results of which are published on their website
(Parliamentary Office of Science and Technology, 2020lk¥the analysigpresented heretheir
studyalsolooks at the results of th€OVIEL9 Expert Concernsuvey, however, the set of

responses which they analyse does not exaciych those examined here as they select

responses from a different range of dates, although there is significant oweithphe data used
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here such that the prominent themes should be simitart with minor quantitative differences

They also choose to produce a different number of categories.

Figure4.7 shows a visualisation of the categorisation scheme they produced overlayed on items
presentin both versions of the datasethg intersectior). Comparison ofigure4.7 and Figure4.5

(B)shows that many of the same clusters are identified as distinct topics, and thegami

assigned in each case is simildotably i KS KdzYl'y ARSYGAFTASR (2LA0a

awSast

GLYGSNYFGA2YFE | FTHIOSNES Oy BANRPY WS yINER GROWRIZOI A2y E S

/| 2YYdzyAGeés FyR alSITGK FyR {20AFf [/ NB¢ |
computational analysis, being vesimilarin both distribution and assigned name. As this human
categorisation waperformed independently athe automatedanalysis, this strong consensus
evidenceghe efficacy of theautomatedapproach in terms of producing meaningful categoiies

a way similar to a experthuman analyst

The only contribution made by the author of this thesigth { & @ B8IA OF £ | yI f @ 3A &

NB a LJ2 v & S édfor endNBatedoyy,iwhich were productitough extractive summarisation
following the same methodology as for the original categorisatection4.5) andthe
automatedclustering gection4.6.2). Likewith the visualisation ifrigure4.7, this was done after

the authors of the topical analygmsoduced their categorisation scheme so does Iniaks the
comparison of their categorisation scheme with the one presented here. The r&smitsections
4.4and4.5, which do not concern alternative categorisation, were made available to them to aid

in their preliminary analysis.

90

gl

a

[N

RA NB O

'dal



Chapter 4

[ ]
® ’ @
® ® o9 :® . ° °
o® 378 e LI Y UICPS. e
09 o ® [ 4
s * ‘e %
(] ~ | o PY o
® [
[ J > ¢ 3
® { ®
o ([ ] ~ s ()
RO o %o ® . .
3 ., V% >
’o.$ o o O . o © o o o8
PS °p °4 O %e o
4 (Y0 c 2
[ ] () L) C o0 [ ] o r
° oe o > eg Cd0 o ° 4
e ° 0, g 0 0 _03 9%%" e 8 A o)
. 0e0 °° o0 o ®» Q) ol % ° o
o 0°®° 90 ,°Q¢®. °cC .0 L °
Ml o 00 Do
L4 ] (4 ® ¢ ([ ]
L o . ° 00 ®0® ¢
@ o o
@ % . % ¢
» °
¢ °o° L 4
Qv "o
([ J
@ Business and Trade @ Health and Social Care Public Health
@ Crime, Justice and Policing @ Infrastructure Research and Innovation
@ Economy and Finance @ International Affairs @ Society and Community
@ Education @® Law and Human Rights @ Virology
@ Environment Media and Communications Work and Employment

Figured.7 - A 2D tSNE plot oUSEext embeddings for responses in the Expert Concerns dataset
colour coded by the category assigned in the topical analysis. Only responses present

in both the subset of the data used by the topicahlysis and the subset presented

in thiswork are shown.
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Table4.6 - Clusters identified by-Kleans clustering of USE text embeddings for responses for

longterm concerns in the Expert Concerns data&etywords were generated using

TextRank and HDF as provisional topic names which were then presented along

with a synthesis of responses to a human analyst who contributed the human naming

scheme
D Human Naming Keywords Keywords
(Contributed by POST) (TextRank) (TFIDF)
. working,
Changes to availability of work g
. . employment, work, employment,
1 | working conditions and types o _ : :
economic, needs, working_home, key_worker, job
employment
worker
. - news, covid, . I .
Changes to crime, policing ang . . criminal_justice, police,
2 o communicate, police, ) - :
the criminal justice system o community, policing, crime
justice
Changes to the role of teacher, educators, . . :
) : ) education, university, scol,
3 | education and the future of student, university,
. . student, teacher
learning impact
I economic, terms, . .
Changes to the viability and _ economy, business, job, recover
4 . . needed, businesses,
functioning of businesses . lost
jobs
L researches, ,
Communications strategy for .| research, public_health, future,
5 . governments, public, .
public health messages strategy, risk
future, people
economical,
. . . economy, recovery, monetary,
6 | Economic recovery and growth economies, social, . -
. .. | financial, impact
recovery, maintaining
. Future sustainability of the NH{ health, governments, | nhs, health, social_care, staff,
and social care system ensured, nhs, careful| healthcare
_ economic, globally, - .
International economy and . economy, brexit, international,
8 governing, terms,
global trade . global, trade
economies
. future_pandemic, pandemic,
pandemics, future,
9 Lessons learned from the lan. better outbreak,
COVIR19 outbreak pran, ’ pandemic_preparedness,
preparedness
lesson_learned
terms, health, .
Longterm mental health effects ) mental_health, support, family,
10 socially, people, .
of COVIEL9 o longer_term, anxiety
communication
11 Longterm physical health disease, terms, covid] virus, disease, infectious_diseas
effects COVIR9 virus, long outbreak, long_term
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D Human Naming Keywords Keywords
(Contributed by POST) (TextRank) (TRIDF)
National and international . .
health, covid, future, | pandemic, outbreak, future,
12 | preparedness for future .
. pandemics, include | health, future_outbreak
pandemics
. eople, life, . .
Population mental health and Peop X education, lesson, routine,
13 . educations,
wellbeing L mental_health, learn_lesson
uncertainties
. . normality, failures, . .
Resilience of society to future . ) avoiding, failure, normal,
14 business, protective, . .
shocks resilience, business
seasonal
15 Resilience of the economy to | economics, social, economy, risk, management,
future shocks managing, risk, terms| business, sustainability
. i socially, economically . . .
Social, economic and health y. . Y inequality, social, economy,
16 | . " health, inequality,
inequalities . . mental_health, health
impacting
Strategy for vaccine . ,
. vaccines, research, | vaccine, development,
17 | development, production and . . : S .
o covid, developing, likg vaccination, immunity, research
distribution
. locally, terms, .
Supply chains and shortages g y. food, supply_chain, longer_term
18 supplying, new, .
goods and labour local, city
sectors
19 Surveillance, dat collection and digital, data, health, | data, digital, pandemic,
data privacy future, surveillance | surveillance, public_health
Sustainable economic recovery future, climate, . .
. . ) climate_change, future, climate,
20 | and policies to address climate globally, covid,

change

economic

economy, crisis
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4.7  Text Insights Pipeline

This chapter has looked at applying several algorithms and models to the task of exploring the
Expert Concerns survey dataset and in particular in how the outputs of each of tiebe ¢

combined to provide greater insight into the nature and key themes of the data.

However, the approach taken is not limited to this particular survey, or necessarily even to survey
data. As part of producing the analysis, a suite of software tootsoneated to automate the
generation, combination, and presentation of these results. This tool, which is one of the
contributions and potential key impacts of this project, is the Text Insights Pipeline (TIP) a web

based tool for automated analysis oflletions of text.

The Text Insights Pipeline is a research tool for visualising and interpreting collections of
unstructured text, such as survey responses, item descriptions, or short articles. The tool
combines the techniques described in this chaptegroup similar items, identify naturally

occurring topics, generate names and lseytencedor each topic, and visually present the items

and their topic groups for inspection by an analyst. The tool provides a means for analysts, such as
social sciensits and policy advisers, to explore and navigate their data much more efficiently than
the traditional approaches of inspecting items in random or arbitrary order or by use of

constructed queries, which risk introducing bias or accidental omigdaffe & Yardley, 2003)

The tool is provided as a website where analysts can upload their data. The analyst may use the
topic groupings identified by the tool as a basis for their analysis; combining, splitting, or tweaking
groups as necessary, or to identify potentially overkxbkopics in other analyses. The tool

requires little or no configuration to produce good results in most cases, but advanced options are
provided for trained operators to refine their results. The tool can also visualise and summarise
according to existig categories, if present in thieput data, which can be used to identify overlap

or separability of the existing categories, or simply to generateskeyencedor each category.

The outputs are presented as a report style webpage, as well as downledidabres and CSV

files containing the complete results. The results are intended to be easy to interpret and non
technical explanations of each output are included in the report, however, some training in

understanding the visualisation and clusteringthezls may add value for analysts.
The architecture of the pipeline is shownRigure4.8.

Thetool takes as input a collection of text items in CSV forraa. (for survey data, this would be
one response per line), and optionally any known categories. The pipeline then performs several
analysis steps; embeddings are generated for each text item, the dimensionality is reduced to two

dimensions, and the items are vidisad as a&catterplot ection4.4), if existing categories were
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provided the items are labelled as such, otherwise automated clusterimgpis 6ection4.6.1)
and topic names are generated for each clussercfon 4.6.3. For each category/clustea
summary is generatedéction4.6.2. The esults are presented as a humagadable report, and
machinereadable CSV and JSON files with cluster information, including summaries, item

mappings, and provenance.

The configurable settings include the desifength of generated summarigbe desired number
of keywords, the number of clusters to generate, tR@NE perplexity parametéseesection4.4),
and the random seeds for clustering and visualisafidrere are also options to split items into
sentences (where each sentence becomes its own item), and to automatically filter outwithms
fewer than two wordsAt the time of writing the tool makes use of the same USE m{del et

al., 2018)as the experiments in this chapter, but the tool is designed to work with other

embedding models, which may be added as options in future.

Atthe time of writing the tool is undergoing evaluation by the Wessex Institute and James Lind
Alliance 6r use in assisting their analysts with their work on Priority Setting Partnerships, which
involves identifying themes in large collections of patient and practitioner survey responses. More
detail of expected future collaboration and development of theltbased on feedback is given in
Chapter 5

4.7.1 Comparison to Thematic Analysis

Results from TIP (and the analysis of C&Mboncerns presented previously) are analogito

human produced thematic analysis but differ in some significant ways.

Firstly, human created themes usually have a description, both for the benefit of the reader and
to aid the analyst in assessing their choice of thefBzaun & Clarke, 2006]1P does not produce
descriptions foiits categories, only representative summaries and keywords, so it is necessary for

a human analyst to interpret these.

Additionally the datadriven inductive approach used by Té&es notselectthemesor examples
GFAf2NBR G2 | ad dak préanceptiBrisiSristsdo frodlicdzSa avéndeyi of & 0
the data and interpretation is left to the analyst. This ncaynbatbias towardgpreferredfindings
which benefits impartiality but may hurt relevancene language model may have its own biases
and limitations,and these should be considered when selecting a matikgence should also be

exercised when interpretingcommunicating, oapplying the results of automated analysis

Thematic analysiss a flexible methodology with variatiohgyond the scpe of TP, including:
GKS2NBGAOKE 6Fla 2LI12aSR (2 AYyRdZOIAGS0UI @KSNB
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research questionsgndlatent (as opposed to semantic), where data are interpreted to examine
underlying ideas, assumptions, and idegits, rather than their surface meani(graun & Clarke,
2006)

Other approaches tohiematic analysis may also place items within multiple theridsle TIP is
able to automatially split items into sentences and categoreseehindividually, this differs from
how a human may code an item such that it is assigned to multiple thddnesarchies of themes
are also not directly addressed by TIP, but could be produced by an amalystning TIP with
different subsets of the data or with differing numbers of desired categories as demonstrated in

section4.8 and discussed in more detail in siect4.10

4.7.2 Existing tools for Thematic Analysis

Other software solutions exist to aid in qualitive analysis, including content and thematic analysis.

These tools magid analysts with tasks such aseating codegpossibly with some automation
such as named entity recognition); applying codes to data through highlighting or tagging;
managing and collaboration on collections of data and analgsebkdata ingestion from
heterogeneous sources such as websites and anmédtlia (Dupplaw et al., 2012; Jackson Kristi &
Bazeley Pat, 20}9

TIP differs from these tools in that it provides an alternative instead of an aid to the coding and
assignment of codes to themes approach used in thematic analysis or approaches like word
counts used in content analysis. As previously discyssednalyst may still perform an

important active role in using and applying TIP, and the results resemble that of some forms of

thematic analysis, buhe underlying method differs.

Unlike existing tools, TIP is able fully automatically to produceitial ioverview of the data,

making it suitable for exploring or giving a broad overview of a large dataset without requiring
significant investment of time and effolVhile advanced configuration options are available, it
requires no special training ta@duce good results, as demonstrated in the following sections
f221Ay3 4G FEGSNYFGABS RIGF aShaIThework ovéste8 I OK
by an analyst using TIP would be in ftoaning and tailoring the results to their research

questions, rather than producing, reviewing, and organising codings.
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Text Insights Pipeline (TIP)

Iltems CSV File
& Settings

Clean Data
(Optional)
- Provenance
l g JSON File
Existing ) Generate Categories
Categories? No by Clustering
Yes
- ltems

l - CSV File

Generate Keywords
for each Category

l

Existing ) Use Keywords as
Categories? No Category Names
Yes

l

Generate Summary - Categories
for each Category ” CSV File
- Summaries

Text & JSON Files

Visualise as Scatterplot
Scatterplot PNG & HTML Files

4

Figure4.8 ¢ Highlevel achitecture of the Text Insights Pipeline (TIP)
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4.8 Alternative Dataset: TED Conferences

The generality of the approhdn this chapter can be easily demonstrated on other datasets by
using the Text Insights Pipeline. Due to confidentiality requirements, only limited information can
be published regarding theealworld projects described in the impacts section, so indtéas

section gives an example from an open dataset of TED Confer@eek, 2017)

TED Conference$dchnology, Entertainment, Des)jgare a series of short talks (18 minutes or

less) by many different speakers across a variety of tgpiED Conferences LIiad.) For this

example, a dataset of the titles, descriptions, and taga560 English language talks are used.

The descriptions are one or more complete sentences (word count; range=121, mean=52, SD=18)
including the topic of the talk and sometimedormation about the event or speaker. The tone of

the talk is sometimes described.¢.,a Ay (KA & Fdzyyeée GlFf1é0X YR GKS
usually stated. The descriptions are typically written in a casual, attegtiabbing styleor

phrasedas a questionThe tags are a comnrseparated list of words and multvord phrases

reflecting the topic of the talk, sometimes including the names of places and organisations

(number of tags: range=31, mean=7.5, SD=4.3).

Figure4.9 showsthe results from the Text Insights Pipeline for this dataset, using only the talk
descriptiongsubfigureA) and tagqsubfigureB). Figure4.10 shows a comparison of results for 10,
20, and 30 generated categorigdl other TIPparameters are their default values (the same as
used for the Expert Concerns datasémferactive versions of these figuresiere individual items
can be inspectedas well astte generated summariesand provenance and output data filese
available aline (Ralph, 2021)Theinteractive webpage which presents these results is the same
as the output format of TIP (a generated HTML repartdis similar to the style of the report
provided to the Lord€ommitteefor the COVIEL9 project except for that report also incleda
comparisong A 0 K t h{ ¢ Qa Omulifgedidetdmes GA 2y | YR

Whether using the talk descriptions or tags, some distinct clusters are clearly visible, and the
generated topic names are a good indicator of their content. The clusters are much more
separabé when using tags, as would be expected from the discrete nature of the terms used (a
list of tags should not generally contain words with little or unclear semantic yalleanparison

of the category names shows some strong similarities, showing ietpproach is good at
selecting appropriate keywords and that tlaariableformatting of the text (sentences versus a

list of tags) does not confuse the model.

When varying the number afategorieswe seethat the smaller set of categoridsavebroader

topics whereasthe larger set of categories are narrower and more focusame specific
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examples are given ifiable4.7 and Table4.8 of howincreasing the number of categories allows

for broad categories to be subdividedanmeaningfully distinct but related sutategories.

It is notable that the time taken to generate these results using the Text Insights Pipeline is
approximately one minute on a workstation with no exceptional hardware, whereas an unassisted
human analystvould require much longer to complete an analysis of so many items. A typical
English language silent reading speed is often given as 300 words per mmdifgossiblyower

for nonfiction reading(Brysaert, 2019) Assuming a human analyst was perfectly efficient in
categorising items as they read them at a rate of 300 words per mifwtéhe TED dataset

would take a minimum of 63 minutes just to read the tags, or 440 minutes (7 hours and 20
minutes) just to read the descriptions. While the compute time for TIP does increaséheith

number of items, it remains orders of magnitude faster than a human anfalytte quantities of

data tested
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say global country political democracy (143 items) 7
universe planet earth space life (88 items) 8
government security data surveillance internet (72 items) 9
woman country story war violence (122 items) 10
life happiness make say idea (126 items) 11

city building architect build design (104 items)
human technology machine ai future (84 items)

oOVhWNKEO

design technology product_design (195 items)
architecture_city urban_planning design (89 items)

internet technology internet_surveillance (90 items)
climate_change alternative_energy global_issue (121 items)
ecology_environment climate_change science (127 items)
live_music music_perfermance entertainment (110 items)
art creativity photography (147 items)

art artist design designer world (169 items)

brain neuroscientist study new_research know (116 items)
robot demo show material ted_fellow (133 items)

disease cancer medical health_care doctor (145 items)
tell_story life story prison war (135 items)

web data share learning computer (162 items)

woman say life story girl (220 items)

(A) Descriptions

social_change global_issue society (150 items)
medical_research science biology (140 items)
global_issue economics business (142 items)
woman gender_equality global_issue (88 items)
11 science universe space (103 items)

psychology mental_health science (125 items)
technology robot computer (121 items)

(B) Tags

LT-N. RN ]

16
17

17

ocean world sea marine_biologist creature (100 items)
climate_change water energy oil clean (117 items)
animal human specie forest plant (90 items)

business work company make say (104 items)

music song performance play musical (138 items)
math philosopher science human question (132 items)

entertainment humor storytelling (133 items)
health_care health medicine (156 items)
global_issue politics war (143 items)

culture global_issue education (109 items)
tedx global_issue culture (118 items)
personal_growth goal_setting work (93 items)

Figure4.9 ¢ Visualisation and categorisatigmoduced by the Text Insights Pipelioitalks in the

TED dataset using thalescriptiong(subfigure A) and tags (subfigure B)
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Figure4.10- Visualisation and categorisation produced by the Text Insights Pipeline of talks in the
TED dataset using their descriptions for 10 categories (subfigure A), 20 categories

(subfigure B), and 30 categories (subfigure C).
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