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Abstract

With the ever growing availability of opinions on the web, opinion mining has become a
popular area of research in the elds of natural language processing and applied machine
learning. We argue that opinion summaries based solely on the sentiment polarity of
text towards an entity of interest, excludes explicit recognition and extraction of infor-
mation appearing in the form of recommendations, tips, and advice. Suggestions and
advice are often sought by di erent stakeholders through surveys and suggestion forms,
where readers are explicitly asked to provide suggestions. On the other hand, customers
tend to spontaneously mention suggestions for new features in the product reviews or
tweets about the product, and similarly recommendations for nearby places to eat are
often spotted in the hotel reviews. Yet sentiment analysis remains the most popular
opinion mining task performed on these data sources. In this thesis, we investigate the
automatic extraction of suggestions from text, which is referred to as Suggestion Mining.
Suggestion Mining is framed as a sentence classi cation task, where sentences in a given
text are to be automatically labeled as suggestions and non-suggestions.

Given the very limited amount of related work, suggestion mining can be considered
as a young research problem. Therefore, research questions investigated in this disserta-
tion address some of the core aspects of suggestion mining. This includes, task de nition
where the scope of suggestion and non-suggestion classes is formally de ned, benchmark
datasets are developed, manually identi ed features for supervised learning methods, as
well as representation learning are evaluated, and distant supervision approaches un-
der the lack of domain speci ¢ training datasets are introduced. While covering these
aspects, this thesis primarily revolves around two computational tasks, sentence classi -
cation and representation learning. The thesis adopts some of the popular deep learning
concepts and methods for suggestion mining, like Word Embeddings and Long Short
Term Memory Networks. This also opens up a young sentence classi cation task, and
corresponding benchmark datasets to the deep learning community.

The contributions of this thesis are manifold. A formal task de nition for suggestion min-
ing is provided, which accompanies qualitative and quantitative analysis of suggestions
and a formal de nition of suggestions in the context of suggestion mining. Benchmark
datasets from multiple domains are developed and released, accompanied by a robust
data annotation methodology which balances the cost and quality of manual annota-
tions. An in-depth evaluation of the method of using manually selected features with
Support Vector Machine classi ers is performed in domain speci ¢, domain independent,
and cross domain training scenarios. It is demonstrated that a combination of features
from the related work and our newly proposed features outperform the models which



use either of them. It is also discovered that the syntactic features consistently remain
the top performing features in all the experiments. A major contribution of the thesis
is creation of a large silver standard dataset composed of sentences from Wikihow and
Wikipedia, and validation of a method to use this dataset for automatically learning
features, i.e., representation learning. Experiments comparing manually selected fea-
tures with automatic feature learning, i.e. word embeddings prove that the embeddings
which represent part of speech tags outperform the state of the art pre-trained word
embeddings for this task. This thesis performs an end to end exploration of sugges-
tion mining, with all evaluations performed for domain speci ¢, open domain and cross
domain classi cation scenarios.
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Chapter 1

Introduction

1.1 Overview

Online text is becoming an increasingly popular source to acquire public opinions to-
wards entities like persons, brands, products, services etc. Opinion mining is a research
area which investigates the extraction of opinions towards a target entity from the text
written by a set of people, for example, collecting opinions towards iPhone by perform-
ing opining mining on a large number tweets containing iphone related hashtags. State
of the art opinion mining systems primarily process text to provide a summary of pos-
itive and negative sentiments towards the entities of interest, primarily by the means
of sentiment analysis methods [35, 59] methods. We observe that opinionated text also
contains descriptive information like advice, tips, warnings, recommendations etc, which
is generally overlooked in a sentiment based summary, mostly because it does not con-
tain any sentiment towards the target entity. On the other hand, this kind if information

is explicitly sought by the stakeholders. For example, "Be sure to pick up an umbrella
at the concierge if you anticipate rain while sightseeing.' and "An electric kettle would
have been a nice addition to the room', are sentences found in a hotel review but does
not express the sentiment of a reviewer towards the hotel. Therefore, in the case of
commercial products and services, suggestions present in the reviews can convey ideas
for improvements to the brand owners, or tips and advice to fellow customers. We col-
lectively refer to these expressions asuggestions Therefore, suggestion mining can be
de ned as the extraction of suggestions from thesource text where suggestions of interest
are likely to appear We stress that suggestion mining can be seen as a research problem
under the broader area of opinion mining, akin sentiment analysis. However, sentiments
and suggestions are not completely disjoint, and we will elaborate this later in the thesis.
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Suggestion mining is an emerging research area, and thus the problem de nition is still
in an early stage, as well as the labeled datasets are in scarcity. So far, only a few studies
have been performed on suggestion mining, mostly from an application perspective, and
therefore most of the studies are focused around collecting suggestions for improvement
in products using product reviews as a source text, with approaches tailored only for
this domain. We assert that suggestion mining is a generic language processing task,
similar to sentiment analysis, which can be associated with common linguistic proper-
ties and challenges irrespective of the domain and application. Secondly, the previous
works mostly proposed rule based methods, and a very few of them developed statistical
classi ers which employed manually identi ed features. Suggestion mining haven't yet
received the attention of applied deep learning research, where features are automati-
cally learned [22]. Speaking of statistical learning approaches, there is a clear lack of
training datasets for suggestion mining, either due to the proprietary nature of previous
studies or due to the implementation of rule based systems.

This thesis focuses on some foundational aspects of the problem of suggestion min-
ing, which includes qualitative and quantitative properties of suggestions and how these
properties vary across domains, de ning the scope of suggestions to formalize the task
de nition, and curating training and evaluation datasets. Moving to the computational
aspects, suggestion mining in this thesis is de ned as a problem of classifying sentences
from a given source text into suggestionand non-suggestionclasses. We propose and
evaluate machine learning methods for suggestion mining, with a focus on applying
them to a wider range of domains, as compared to the previous studies. These meth-
ods primarily include Support Vector Machines (SVM) and Long Short Term Memory
Networks (LSTM) as classi cation algorithms, aided with a variety of features which
are either manually identi ed or automatically learned. We also propose and evaluate

a feature learning methods (representation learning) using LSTMs. The domain inde-
pendence of di erent models, as well as cross domain training is also evaluated, keeping
in mind the application scenarios where training datasets speci c to a target domain
are unavailable. The studied domains include, hotel reviews, electronics reviews, travel
discussion forums, and software suggestion forum. We also develop a large and open
domain silver standard dataset for suggestion mining, and investigate into di erent ways

to exploit this dataset using representation learning.

1.2 Challenges

As mentioned earlier, suggestion mining is primarily de ned as a sentence classi cation
task, which is mostly applicable on text obtained from the web. Therefore, it faces
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Source, En- Sentence Sentiment | Linguistic
tity/Topic Label Properties
Reviews, I would recommend doing the upgrade | Neutral Subjunctive,
Electronics to be sure you have the best chance at Imperative
trouble free operation. mood
Reviews, My one recommendation to creative is | Neutral Imperative
Electronics to get some marketing people to work
on the names of these things
Reviews, Ho- | Be sure to specify a room at the back of | Neutral Imperative
tels the hotel.
Reviews, Ho- | The point is, don't advertise the service | Negative Imperative
tel if there are caveats that go with it.
Tweets, Win- | Dear Microsoft, release a new zune with | Neutral Imperative,
dows Phone your wp7 launch on the 11th. It would subjunctive
be smart
Discussion If you do book your own airfare, be sure | Neutral Conditional,
thread, Travel | you don't have problems if Insight has to imperative
cancel the tour or reschedule it
Suggestion fo- | Please provide consistency throughout | Negative Imperative
rum, Software | the entire Microsoft development ecosys-
tem!

Table 1.1: Examples of suggestions from di erent domains, about di erent entities

and topics, and intended for di erent receivers.

similar language processing challenges as other sentence or short text classi cation tasks,
like stance detection [44], tweet sentiment classi cation [63], specially when a task is
newly introduced. These challenges include task formalization and data annotation,
understanding sentence level semantics, dealing with extra propositional properties of
sentences like mood and modality, emotions, sentiments, etc. Below, we elaborate some
of the observed challenges in suggestion mining:

Problem de nition and annotation agreement: The previous rule based ap-
proaches assumed that suggestions can be expressed in a straightforward way us-
ing standard expressions like | recommend’, | suggest that', “You should’, and cre-
ated small evaluation datasets which were labeled in-house [11, 60]. However, we
observe a low inter-annotator agreement in labeling sentences as suggestions and non-
suggestions when no speci ¢ annotation guidelines are provided and layman anno-
tators are simply asked to label sentences based on their understanding of the term
suggestion. This is mainly due to di erences in the perception of implicitly expressed
suggestions and understanding of the context in which a sentence appeared. For ex-
ample, "De nitely come with a group and order a few plates to share." was a sentence
obtained from a restaurant review, which was labeled as a suggestion by 52% of 50
annotators.

Training data: Most of the domains analyzed by us exhibit a sparse appearance

of suggestion sentences among the text. Therefore, the class distribution in training
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datasets remain highly imbalanced, which is unfavorable for supervised learning ap-
proaches. For example, hotel reviews tend to contain 6 - 13 suggestions in every 100
sentences. It also results in higher data annotation costs, since more data instances
are required to be annotated in order to obtain a fair number of suggestion sentences
in the datasets. Only 2 training datasets are available from previous studies, which
cover travel discussion forum [72] and twitter domain [18], while the customer review
datasets from the previous works remain proprietary [43, 60, 70].

Figurative expressions: The text from social media and other sources usually
contain gurative use of language, which demand pragmatic understanding from the
automated systems. For example, "Try asking for extra juice at breakfast - its 22

of suggestions may not always be a suggestion, and vice versa. The presence of a
variety of linguistic strategies used in the suggestion expressing sentences makes this
task interesting from a computational linguistics perspective.

Context dependency: In some cases, context plays a major role in determining
whether a sentence is a suggestion or not. For example, "There is a parking garage
on the corner of the Forbes showroom." can be labeled as a suggestion (for parking
space) when it appears in a restaurant review and the human annotator gets to read
the full review which otherwise contains opinion about the restaurant, while the same
sentence would not be labeled as a suggestion if it is present in the description of the
locality of a Forbes showroom.

Long and complex sentences:  Often, a suggestion is only expressed in one part
of a long sentence, or is elaborated in a very long sentence, like, "I think that there
should be a nice feature where you can be able to slide the status bar down and view
all the push noti cations that you got but you didn't view, just like android and 10S,

but the best part is that it xes many problems like when people wanted a short cut

to turn WiFi on and o and data on and o so that would be a nice feature to have

2'. This increases the chances that same words appear in suggestion as well as non-
suggestion sentences of the datasets from a particular domain, which might negatively
e ect the performance of classi ers using bag of words features. Also in the case of
part of speech tag related features, the accuracy of tagger is lower for such sentences.

1.3 Terminology

Suggestion:  Prior to this study, a few more studies performed experiments on sugges-
tion mining. Some of them referred to the kind of information we identify as suggestions,
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using di erent but related terms, like advice [72], wishes for improvements[60], sugges-
tions for improvements [11]. All of these terms essentially referred to the expressions of
advice, tips, warnings, and recommendations found in opinionated text.

Therefore, a suggestion can be referred to as a advice, tip, or suggestion, depending on
the situation and context. However, none of the previous works have chosen their prefer-
able term based on a strict linguistic de nition for these terms. We choose to remain
with the term Suggestion since it was used in most of the related works. The Oxford
dictionary de nes Suggestionas \An idea or plan put forward for consideration”, and
lists recommendation, advice, proposal, tipsas synonyms.

Domain: In this thesis we primarily refer to the term Domain as the source of the
candidate text. Some example sources could be hotel reviews, electronics reviews, travel
discussion forums, or tweets. Domains can further be classi ed into the sub-domains but
still be referred to as domains. For example, we refer to the hotel reviews and electronic
reviews as two di erent domains. It is possible that the two sample texts discuss same
kind of entity but are obtained from two di erent domains. For instance, hotel reviews
and travel discussion forums are two separate domains, but two sample texts obtained
from these domains may talk about hotels.

Cross Domain Training: When a classi er is trained on a dataset which belongs
to a di erent domain than the domain it is being evaluated on.

Open Domain Training: When a classi er is trained on datasets from multiple do-
mains, including the domains on which it is being evaluated.

1.4 Research Questions and Contributions

All the previous works on suggestion mining framed it as a text classi cation problem.
Following the same, and relying upon the assumption that a suggestion can be expressed
within a single sentence, we broadly de ne the problem as:

Problem De nition: Given a set S of sentence$s;,s,s3,...,Sng, predict a label I;
for each sentence in S, wher§ 2 f suggestion, non suggestiom

In this thesis, we aimed to further re ne this problem de nition by formally de ning the
scope of suggestion and non-suggestion classes.

Following three research questions form the guiding map of the research presented in
this dissertation.
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RQ1: What are suggestions in the context of Suggestion Mining?

So far only a small number of studies are conducted on suggestion mining, most of
them focused on a speci ¢ application of suggestion mining. All these studies present
a dictionary like de nition of suggestion, aided with example sentences. At a granular
level, we observe that such de nitions vary across domains and use cases for suggestion
mining. We therefore observe a lack of coherent and formal de nition of the classug-
gestion in the previous works, unavailable annotation details, and inaccessible datasets.
The process of de ning suggestion and annotation guidelines also leads to investigation
into the related questions, like:

What is the unit of a suggestion?

What is the agreement between humans on perceiving a given text as a suggestion or
non-suggestion?

Does the nature of suggestions vary across source domains?

What is the relation between suggestions and sentiments?

Following contributions were made regarding the research question 1:

Qualitative (linguistic) and quantitative analysis of suggestions across di erent
domains.

A method to formally de ne the scope of suggestion and non-suggestion classes,
using certain parameters. Identi cation of implicit and explicit type of suggestions,
where the thesis focuses on explicit suggestions.

Preparation of benchmark quality human annotated datasets for di erent domains.

RQ2: What are good features for supervised learning in suggestion mining?

Most of the related works used linguistic patterns and rules for suggestion mining. Two
of the works used statistical classi ers with hand picked features, many of which were
dependent on domain speci c properties and thus cannot not be used with a di erent
domain. To the best of our knowledge, no investigation was made on automatic feature
learning, and on the use of deep learning based classi cation methods for suggestion
mining, which learn to represent data as a part of learning the model.

This research question also leads to the investigation into related questions, like:

Which of the two, manually de ned features or automatically learned features work better
for suggestion mining?

What kind of features suit di erent training scenarios, domain speci ¢, cross domain,
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and open domain training.
Does the relative performance of di erent features depend on domains?
Following contributions were made regarding the research question 2:

Identi cation of new features for suggestion mining, and their evaluation for mul-
tiple domains, as well as domain independent training.

Compilation of all features and rules from the existing works and a comparison of
their performance with the proposed features.

An in-depth comparison of manually identi ed features vs. automatically learned
features. The learned features include pre-trained word vectors, as well as sentence
vectors obtained by processing the pre-trained word vectors.

Comparison of the performance of Support Vector Machine and Long Short Term
Memory Network classi ers for suggestion mining.

RQ3: How can distant supervision be employed in suggestion mining?

The training datasets used for the investigation of previous research questions were
small and highly unbalanced, in comparison to the benchmark datasets to which deep
learning approaches are generally applied. Since the preparation of training datasets
is an expensive process, we investigate into nding silver standard training datasets
by looking for alternative sources of suggestion like sentences on the web. We also
investigate into di erent methods to use such datasets for performance improvement of
suggestion mining classi ers, specially in a domain independent setting. Therefore, this
research question also covers questions like:

What could be the possible sources for large silver standard training datasets ?

In what ways a silver standard dataset be used with the existing benchmark datasets ?
Is there a performance gain when a silver standard dataset is employed ?

Following contributions were made under this research question:

Identi cation of the wikiHow platform as a potential source of suggestion like
sentences. Compilation of a silver standard training dataset using wikiHow and
Wikipedia, which is an open domain dataset, and comprises of 1.3 million sen-
tences.

Evaluation of di erent methods to employ this silver standard dataset and improve
the classi cation accuracy.

Introduction of a method to learn vectors for part of speech tags, speci cally
developed for suggestion mining. These vectors perform comparably to the state
of the art word vectors when employed with LSTM classi ers.
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1.5 Applications

A key motivation behind the research in suggestion mining is the variety of applications
it can be employed to, some of these are outlined below.

1. Ideas for product improvement . In addition to the online reviews and blogs,
people are increasingly resorting to social networks like Twitter, Facebook etc. to
instantly express their sentiments and opinions about the products and services they
might have experienced in a recent time. Suggestions present among the opinions
expressed on social media often convey ideas for improvements to a brand owner.
For example, "Dear Microsoft, release a new zune with your wp7 launch on the 11th.
It would be smart'. These ideas are otherwise sought by the stakeholders through
dedicated suggestion boxes or online forms.

2. Customer to customer suggestions : Reviews, blogs, and other opinionated text
about commercial entities also carry tips, warnings, and advice for the future cus-
tomers. Often future customers seek such advice through dedicated question answer-
ing forums, where they have to wait for a considerable amount of people to answer,
with no answers at times. On the other hand, answers for these advice seeking queries
may be present among unstructured text from a di erent source. For example, elec-
tronics reviews contain troubleshooting tips, or advice for accessories which go well
with the reviewed product, eg., ‘Btw , be sure to have your mp3 tags labeled correctly,
as this will ensure a great organization’, "My only suggestion is to get a lens protector
to help protect the shooting lens (the lens coating will wear out after so many clean
wipes) and I'm getting the those (52 mm adapter and uv lens lIter) at lensmateon-
line.com'. Another domain would be hotel reviews, which often contain room tips,
i.e. which room should be preferred in a hotel. On the other hand, platforms like
Tripadvisor which collect hotel and restaurant related opinions' request the reviewers
to also Il up a separate room tips section, in addition to the hotel review (Figure
1.1). These kind of tips can be extracted using a suggestion mining system on the
reviews of an entity collected from multiple sources.

3. Suggestion summarisation:  Suggestion mining can also be employed for summari-
sation of dedicated forums or surveys used for collecting suggestions around a certain
topic or entity. Suggestion providers often tend to provide context in their responses,
which gets repetitive over a large number of responses relating to the same entity.
A suggestion mining system can identify the exact sentence where a suggestion is
conveyed in a larger piece of text, and thus help in summarising these responses. For
example, in Figure 1.2, following sentences contain the actual suggestion, "It would be

https:/www.tripadvisor.com
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Figure 1.1: Room Tips on TripAdvisor

Figure 1.2: A post from the suggestion forum for Windows application developers

useful to be able to share or federate global address lists between di erent tenants.’,
and, "Allowing GAL federation/sync between tenants would reduce on premise ad-
ministrative burden and also provide a solution for cloud only adoption.', while rest
of the text acts as a context.

4. Improving sentiment detection: A signi cant number of sentences in the bench-
mark sentiment analysis datasets are labeled aseutral or objective Often sentiment
analysis systems perform poorly in identifying sentiments of neutral and irrelevant
sentences, or sentences with linguistic modalities like conditional and subjunctive
mood [68]. Sentences which carry suggestions can often be neutral with respect to
the target entity, and also tend to posses certain grammatical moods, along with the
presence of positive and negative sentiment words (Table 1.1). Using suggestion label
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as a feature may help improve the sentiment classi cation accuracies in such complex
cases.

5. Recommender systems : Recommender systems predict user preference and rec-
ommend them entities. For example, Facebook recommends to connect with certain
people with whom a user is not already connected on Facebook, and Youtube recom-
mends videos to watch. There are di erent methods to make this prediction, which
mainly utilise the content from a user pro le and the entity pro le. A common chal-
lenge for recommender systems is when a user pro le or a candidate entity pro le
does not contain enough information. For example, a remotely situated or a new
co ee shop may not necessarily have a web presence, or lacks the metadata typically
required by recommender systems. However, recommendations for this shop may be
found in a textual form among online reviews for the hotels near the shop, as well as
travel blogs. For example, "There are plenty of places to eat in the area around the
hotel (try the baguette-sandwiches from Patisserie Paul in the tube-vaults)'. Sugges-
tion mining systems will be capable of extracting such recommendations, which can
then be utilized by recommender systems.

1.6 Thesis Outline

The remaining chapters of this thesis are organised as follows:

Chapter 2: This chapter broadly presents the background knowledge required to un-
derstand this thesis. This includes the terminology used in the thesis, where some terms
are new while the others carry a specic sense in the present context. It also covers
algorithmic details of existing machine learning classi ers employed in the experiments
(SVM and LSTM), and the concepts of feature engineering and feature learning for text
classi cation.

Chapter 3: This chapter covers the state of the art and the related work for suggestion
mining. The state of the art corresponding to each research question is discussed. Other
relevant studies in linguistics and psychology which studied and categorized suggestions
in text are also described.

Chapter 4. This chapter investigates the rst research question i.e. What are sugges-
tions in the context of suggestion mining?It covers a detailed study of the properties of

suggestions across di erent domains, annotation studies to prepare benchmark train and
test datasets, and challenges observed during annotations. Most importantly, a formal
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de nition and scope for suggestions is de ned in an attempt to reduce the context based
ambiguity in the identi cation of a sentence as a suggestion. The datasets used in the
rest of the thesis are detailed in this chapter.

Chapter 5: This chapter investigates the second research question i.e/hat are good
features for machine learning based approaches to suggestion mining Features from
the related work are aggregated, and additional features are also proposed based on the
observations during the manual annotation. Experiments are performed using a support
vector machine classi er, and evaluation are performed for both domain speci c train-
ing, open domain training, and cross domain training of classi ers.

Chapter 6: This chapter continues the investigation of the second research question,
but it focuses on automatic learning of features or representation learning. Pre-trained
word embeddings (dense and continuous word vectors) are employed which were learned
using state of the art methods on very large language corpora (like Wikipedia), in an
unsupervised matter. SVM and LSTM classi ers are used with these pre-trained word
embeddings. Since SVM classi ers are not designed to be used with word embeddings,
two di erent methods of using word embeddings with SVM classi ers are evaluated.

Chapter 7: This chapter investigates into applying distant supervision to suggestion
mining by means of a large silver standard training dataset. The chapter describes the
development of this dataset at the rst place, and then proposes di erent methods to
use it. Distant supervision is combined with representation learning, in order to improve
the classi cation accuracies for LSTM classi ers.

Chapter 8: Finally, we conclude the thesis with a summary of answers and obser-
vations obtained through our experiments and analysis, as well as the future directions
for our research. Two openly available suggestion mining services developed by us are
also described in this chapter.

Lastly, the appendices provide detailed results of the experiments, and are organised

chapter-wise. Diagram 1.3 provides an overview of the ow and distribution of our
contributions across the core chapters (Chapters 4-7).

1.7 Publications

Publications arising from the thesis are referenced in the respective chapters. Following
is a list of publications were published during the course of this thesis, which cover the



Chapter 1. Introduction 12

Figure 1.3: An overview of the core chapters

contributions mentioned above:

Open Domain Suggestion Mining: Problem De nition and Datasets
Sapna Negi, Maarten de Rijke, and Paul Buitelaar
arXiv preprint arXiv:1806.02179, 2018

MixedEmotions: An Open-Source Toolbox for Multi-Modal Emotion

Analysis

Paul Buitelaar, lan D Wood, Sapna Negi, Mihael Arcan, John P McCrae, Andrejs
Abele, Cecile Robin, Vladimir Andryushechkin, Housam Ziad, Hesam Sagha, Max-
imilian Schmitt, Bjorn W Schuller, J Fernando Sanchez, Carlos A Iglesias, Carlos
Navarro, Andreas Giefer, Nicolaus Heise, Vincenzo Masucci, Francesco A Danza,
Ciro Caterino, Pavel Smrz, Michal Hradis, Filip Povolny, Marek Klimes, Pavel
Matejka, and Giovanni Tummarello

IEEE Transactions on Multimedia, 2018

Inducing Distant Supervision in Suggestion Mining through Part-of-
Speech Embeddings

Sapna Negi and Paul Buitelaar

arXiv preprint arxiv:1709.07403, 2017

Suggestion Mining from Opinionated Text
Sapna Negi and Paul Buitelaar
Sentiment Analysis in Social Networks, 2016
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Suggestion Mining from Opinionated Text
Sapna Negi
Association for Computational Linguistics, 119{125, 2016

A Study of Suggestions in Opinionated Texts and their Automatic De-

tection

Sapna Negi, Kartik Asooja, Shubham Mehrotra, and Paul Buitelaar

Proceedings of the Fifth Joint Conference on Lexical and Computational Seman-
tics, 2016

Towards the extraction of customer-to-customer suggestions from re-

views

Sapna Negi and Paul Buitelaar

Proceedings of the 2015 Conference on Empirical Methods in Natural Language
Processing, 2015

Curse or boon? presence of subjunctive mood in opinionated text
Sapna Negi and Paul Buitelaar
Proceedings of the 11th international conference on computational semantics, 2015

INSIGHT galway: syntactic and lexical features for aspect based senti-
ment analysis

Sapna Negi and Paul Buitelaar

Proceedings of the 8th International Workshop on Semantic Evaluation, 2014



Chapter 2

Background

In this chapter, we provide an overview of the existing terms, concepts, and algorithms
which relate to this thesis. This includes the standard or thesis speci ¢ de nition of key
terms like domain and opinion mining. We also explain some technical concepts like
inter-annotator agreement, feature engineering, feature learning. Finally we also review
the classi ers used in this work, namely Support Vector Machines and Long Short Term
Memory Networks.

2.1 Sentiment Analysis and Opinion Mining

The problem of Sentiment Analysis [52] was introduced in 2002, which dealt with the
classi cation of a textual unit not with regard to its topic but with regard to the sen-
timent expressed in the text. Sentiment analysis is primarily used to refer sentiment
classi cation of a text unit into positive, negative, objective or neutral categories. This
gradually led to the growth of the broader area of Opinion Mining [35] which initially
dealt with the application of sentiment classi cation to various domains and use cases.
Till date, opinion mining is a well established and evolving research area in the eld
of natural language processing and computational linguistics. The benchmark datasets
from sentiment analysis are also popularly used for evaluating machine learning algo-
rithms for text classi cation.

In this thesis, we view suggestion mining akin to sentiment analysis. Suggestion mining
can be applied on di erent domains and use cases related to opinionated texts. Sugges-
tions can generally be categorized as opinions [2], and therefore suggestion mining can
be placed under the umbrella of opinion mining.

14
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In this work, when we talk of suggestions, we consider sentences as the unit of suggestion,
Chapter 4 discusses this in detail, and also sheds some light on the relation between
sentiments and suggestions. Consider the below hotel review:

Breakfast was typical hotel fare, not especially exciting, but fresh, varied and
plentiful. Room-service fast and delicious, great selection of foodAte din-
ner at Georgetown - highly recommended. There are plenty of places
to eat in the area around the hotel. Try the baguette-sandwiches from
Patisserie Paul in the tube-vaults.

The text in bold are suggestions which appear among the review sentences. These
suggestions do not convey any sentiment towards the reviewed hotel, but convey opinions
about other entities, and recommendations related to one's stay in the hotel.

2.2 Linguistic Properties of Sentences

Part of Speech tags : The Part of Speech (POS) categories represent the role a word

plays in a sentence. There are eight main parts of speech in English language: nouns,
pronouns, adjectives, verbs, adverbs, prepositions, conjunctions and interjections. The

most common POS tag category schemes are from Penn Treebank and Brown Corpus.
For our work, we would be using the POS tag scheme developed for Penn Treebank, as
shown in gure 2.1 [69].

Dependencies : In this thesis, we will later use Stanford typed dependency as one
of the features for classi cation. Typed dependencies give a simple representation of
the grammatical relations existing between the words in a sentence, considering that
the syntactic structure of a sentence contains binary asymmetrical relations between the
words [17]. Stanford typed dependencies contain approximately 50 grammatical rela-
tions. All dependencies explain binary grammatical relations described by a head and a
dependent. Thus, a typed dependency form a triplet: name of the relation, head/gover-
nor and dependent. Figure 2.2 shows the Stanford typed dependencies for an example
sentence 'Be sure to specify a room at the back of the hotel'.

2.3 Preparing Datasets: Inter-Annotator Agreement

It is very often that the linguistic/data annotation tasks are subjective, and can not
be de ned with all the necessary conditions for required mark ups. During a manual
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Figure 2.1: Penn Treebank PoS tag scheme. Figure taken from [29].

Figure 2.2: Typed dependencies for an example sentence.

annotation task, a person might need to decide whether a certain observation/example
belongs to one or to another class. This decision can be subjective and contexual de-
pending upon the perception, background and knowledge of the people involved in the
annotation task. Therefore, we require some metric indicating the di culty of the task
and quality of the annotations. This metric is referred to as inter-annotator agreement
which gives a measure of how well two (or more) annotators can make the same anno-
tation decision for a certain data instance.
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A high inter-annotator agreement con rms that task is not highly subjective, and unam-
biguous annotation guidelines can be designed for the same. While a low inter-annotator
agreement would mean that the annotators found it di cult to agree on the classi ca-
tion of the given items in the data. It would be hard to utilize such dataset (with low
inter-annotator agreement) for quantitative use-cases, for example, training a machine
learning based classi er. For our annotation tasks, we use Cohen's kappa coe cient (k)
statistic which measures inter-rater agreement for qualitative (categorical) items. Itis a
more robust measure than simple percent agreement/overlap calculation, as it incorpo-
rates the probability of the agreement occurring by chance. Cohen's kappa (k) can be

de ned as below:
— Po Pe
1 pe

where p, is the relative observed agreement among annotators, ange is the hypothet-

ical probability of chance agreement. Value of k is 1 if the annotators are in complete
agreement while k 0 signi es no agreement except what occurred by chance. A general
rule of thumb is that any kappa value over 0.8 is considered very good for many tasks [1].

Consider two annotators A and B and two labels 1 and 2 they can assign to each data
instance. a, b, ¢, and d are the counts of four possible cases of annotations as seen below:

Annotator B
Label 1 | Label 2
Label 1 a b
Label 2 c d

Annotator A

The observed agreement will be,

a+d
a+ b+c+d

Po =

The chance agreement for Label 1 will be,

a+b a+c
a+b+c+d a+b+c+d

Pe1 =

The chance agreement for Label 0 will be,

c+d b+ d
a+ b+c+d a+b+c+d

Pe;o =

Therefore, the total chance agreement will be,

Pe = Pe;1 T Pepo
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2.4 Text Classi cation using Machine Learning

A number of natural language processing tasks have been framed as automatic text clas-
si cation problems, where the categories vary according to the task under consideration.
For example, sentiment analysis is the classi cation of text into sentiment polarities (pos-
itive, negative, or neutral), or language detection task where text is categorized into one
of the language from a predetermined set of languages. In text classi cation, di erent
units of text can be dealt with, like words, phrases, sentences, paragraphs, etc. In this
thesis, suggestion mining has also been identi ed as a sentence classi cation task, where
the classes are suggestion and non-suggestion.

Automatic text classi cation is mainly performed using two approaches, rules derived
from linguistic observations, and supervised learning. The former involves manual ob-
servation of patterns in the text and associating the patterns with the classes, while the
latter uses computational algorithms to do the same. In a supervised learning task, a
function mapping certain features to a set of pre-de ned classes is automatically learned
from the data instances which are already labeled with their class. Features are dis-
cussed in more detail in the next section. In this thesis we particularly focus on two
types of algorithms for supervised learning, Support Vector Machines (SVM), and Long
short Term Memory (LSTM) networks. Both the algorithms are discussed in more detalil
towards the end of the chapter.

Figure 2.3: Data points belonging to the red and blue classes plotted in a three
dimensional feature space.

Figure 2.4: Steps involved in text classi cation or using a learned classi cation model
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2.4.1 Features

A crucial step for statistical classi cation is to represent data in the form of numerical,
and informative features which capture the discrimination between the classes. A feature
guanti es an attribute or property observed in a data instance. Most of the supervised
learning algorithms assume data instances to be a point in a high dimensional space,
where each dimension corresponds to a single feature (see Figure 2.3).

Thus, a feature vector is an n-dimensional vector of features that represents a data
instance. Ideal features are the ones which are useful in distinguishing the instances
of one class from the others. Sometimes, feature extraction or feature selection step
is used to further reduce the feature space. Feature extraction takes the initial set of
features (measured from the data itself), and derive a complex feature space intended
to be more informative by using general dimensionality reduction techniques. On the
contrary, in feature selection a subset of original features is selected which best suits
for the required task. A major part of the application of supervised learning algorithms
deals with feature engineering which uses domain knowledge of the problem and data
to come up with good features. Until the recent upsurge of representation learning
primarily by deep neural networks, features were mostly manually identi ed by closely
observing multiple data instances and using domain knowledge, and then applying fea-
ture extraction or feature selection. Text classi cation features may belong to all levels
of a language, i.e. morphological, lexical, syntactic, semantic, and pragmatics. For ex-
ample, a manually observed feature for suggestion mining is the presence of imperative
mood in a given sentence.

Manually determined features: The accuracy of the learned function depends
strongly on how the input data is represented. Typically, the data instance is trans-
formed into a feature vector, which contains a number of features that are informative
and discriminative. The number of features should not be too large, because of the
curse of dimensionality; but should contain enough information to accurately predict
the output.

In the case of text classi cation, feature space can easily become very high dimensional
because of the usage of training data vocabulary and n-grams as features. A number
of dimensionality reduction techniques can be employed on top of this feature space, in
order to reduce the size of feature vector. In the past, a large amount of manual e ort
had gone into designing problem speci ¢ features to allow machines learn. Coming up
with features is labour intensive and generally require expert knowledge, for instance
linguistics knowledge in the case of text classi cation problems. The default features for
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text classi cation are n-grams. Further improvement in the performance can be achieved
by designing additional features which are suited to a speci c problem. For example,
depending on the task, some words can be be grouped into certain syntactic or semantic
categories and those categories can prove better features than using the individual words.

One major issue about features from limited labeled training data is that only few
features might be observed in the test data. In the recent years, there is an upsurge in
studying methods to automatically learn feature representation or feature vectors from
large amount of readily available unlabeled text. Some of the proposed feature learning
methods based on neural networks have beaten the state of the art hand crafted features
for many popular NLP tasks like machine translation.

2.5 Classi cation Algorithms

2.5.1 Support Vector Machines

A Support Vector Machine (SVM) is a discriminative classi er that is based on the con-
cept of decision boundaries being de ned by planes which are then known as decision
planes. A decision plane creates a separation between a set of objects that belong to
di erent classes. It requires the learning algorithm to nd an optimal decision plane
which can classify new examples. Each data item is plotted in a multidimensional space
where the feature values are mapped to the values of the corresponding coordinates.
SVM can support both regression and classi cation, and can handle multiple continu-
ous and categorical variables. For a linearly separable dataset, there can be a number
of possible hyperplane decision separators, as shown in gure 2.5.

Figure 2.5: Innite hyperplanes separating two linearly separable classes. Image
taken from [38])
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SVM employs an iterative training algorithm to minimize the error function for opti-
mization. It is intuitive to assume that a decision hyperplane in the middle of the void
between data points of both the classes would server classi cation purpose better than
the one closer to data points. Thus, the SVM de nes the optimization criterion to be
looking for a decision boundary that is maximally far away from any data point. In
contrast, perceptron algorithm nds just any hyperplane separator, and algorithms like
Naive Bayes, search for a better decision boundary following some criterion [38].

Margin of the classier is de ned as the distance from the decisive hyperplane to the
closest data point. As SVM tries to maximize this margin, it is categorized as a maximum
margin classi er. This essentially implies that the SVM decision function is dependent
only on a small number of data points of the data required to de ne the position of the
hyperplane separator. Considering a vectorial space, these key data points are referred
to as the support vectors, as shown in gure 2.6. SVM follows a convex optimization
function to determine the model parameters, and so any local solution is also a global
optimum.

SVM is e ective in high dimensional spaces including the cases where number of dimen-
sions is greater than the number of samples. As it uses only a subset of data points
(support vectors) in the decision boundary function, it is quite memory e cient. The
real data can be a mess, and not necessarily linearly separable; SVM employs the kernel
trick to convert a low dimensional input feature space and transform it to a higher di-
mensional space, where the data maybe linearly separable. Kernels are mostly useful in
non-linear separation problem, and makes SVM quite versatile. However, if the number
of features is much greater than the number of training data points, it is important to
choose kernel functions and regularization properly to avoid over- tting.

The two general types of classi cation SVMs are as below:

SVM Type 1 (C-SVM):
Optimization function: fw'w+ C L, |

subject to the constraints: yi(w' (xi)+ b 1 jand ; O0;i=1;:N
SVM Type 2 (nu-SVM): b
Optimization function: w'w v + &+ L

subject to the constraints: y;(w" (x;) + b) i» i 0,i=1;:;N and 0

In the above equations, C is the capacity constant, w is the vector of coe cients, b
is a constant, and ; represents parameters for handling non-separable data. The index



Chapter 2. Background 22

Figure 2.6: Support vectors positioning the maximum margin hyperplane.

i labels the N training cases.y 1 represents the class labels and; represents the in-
dependent variables. The kernel is used to transform data from the input (independent)
to the feature space. It should be noted that the larger the C, the more the error is
penalized. Essentially, C controls the trade o between smooth decision boundary and
classifying the training points correctly. Thus, C should be chosen with care to avoid
over tting.

The kernel function represents a dot product of input data points mapped into the
higher dimensional feature space by transformation. The popular kernel functions are
as follows:

1. Linear kernel: K (Xi; Xj) = Xj X;

2. Polynomial kernel: K (Xi;Xj)=( X i Xj+ C)d

3. Radial basis function (RBF) kernel: K (Xi;Xj) = exp(  jXi X;jj?)

4. Sigmoid kernel: K (Xi;X;) = tanh( X ; X; + C)

Gamma or is an adjustable kernel coe cient for RBF, polynomial and sigmoid kernels.
A higher value of gamma will try to exact t the training data set, and thus can induce
generalization error and cause over- tting problem.

SVMs for Suggestion Mining

Given that the task at hand is the binary classi cation of sentences, in the later chapters
we perform experiments with Support Vector Machines (SVM) classi er with a Radial
Basis Kernel. SVMs have been widely accepted as a good choice of algorithm for text
and binary classi cation [13, 28, 31], since it often performs comparable or better than
its counterparts. It is also known to require a relatively small amount of parameter
tuning for parameters like number of features [28]. In addition, all the related works on
statistical suggestion mining used Support Vector Machines [18, 43, 72], excluding the
ones which approached suggestion mining as a sequence classi cation task.
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Figure 2.7: A generic RNN architecture.!

The RBF kernel de nes a function space much larger than the linear or polynomial ker-
nel, which allows the complexity of SVM classi cation models with RBF kernels to grow
with the data. While polynomial kernels also o er a much larger function space than
linear kernels, a number of comparative studies prove RBF kernels equal or at-par with
the polynomial kernels [13, 28]. In the further chapters, we also employ neural networks
for suggestion mining which themselves are able to learn complex non-linear functions,
and therefore RBF kernels seemed to be a plausible choice to compare the performance
of SVMs and Neural Nets.

2.5.2 Long Short Term Memory Networks

Long Short Term Memory Networks (LSTMs) refer to a type of arti cial neural network
modeled to utilize patterns occurring in data sequences to solve required tasks. The
generic term for such networks is Recurrent Neural Networks (RNNs). In contrast to
feedforward networks, RNNs have a feedback loop connecting their past decisions, thus
ingesting their earlier outputs as input. LSTMs are arguably the most commonly used
type of RNNs. LSTMs have consistently been shown highly successful at many NLP
tasks. They make use of sequential information allowing operations over sequences of
vectors. The sequences can exist in the input, output or both. Traditional neural
networks consider all inputs independent of each other. On the other hand, RNNs do
consider a sequential dependency between them. It can also be considered as having a
\memory" recording a summary of the previous events in the sequence. This allows the
information to persist throughout the network, and making every sequence output to be
conditioned on the previous computations as well. However, naive RNNs are not able to
handle long-term dependencies in practise, due to the exploding and vanishing gradient
problem [25]. In comparison to vanilla RNNs, LSTMs are much better at capturing
long-term sequential dependencies. We would brie y discuss initial RNN architecture,
and then see how LSTMs extend them.

Figure 2.7 shows a generic RNN architecture. HereA shows the recurrent hidden

YImage taken from http://colah.github.io/posts/2015-08-Understanding-LSTMs/
2lmage taken from http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Figure 2.8: NN module contains a single layer in RNN?

Figure 2.9: NN module contains four interacting layers in LSTM.3

neural network module repeating over the full input sequence X; represents a vector
from the input sequence, andh; is the corresponding output. Following the diagram,
the current output value can be written as:

he = f(hy 1;Xy)

It shows that the current state output h; is dependent upon the previous state output
h; 1 and current state input X;. The function f is a non-linear activation function such
as tanh or sigmoid as shown in the gure 2.8.

Due to the inherent sequential nature, RNNs require an extension of back propaga-
tion considering the temporal aspect called Back propagation through time (BPTT). In
the back-propagation phase of classic RNNs, the gradient interactions between words
that are several steps apart in a sequence can get lost/weaken due to vanishing or ex-
ploding gradient problem [54]. However, this fundamentally is not a problem with RNNs
or neural networks as such. It is actually caused by the gradient based learning meth-
ods, which learn how to tune the parameter values in very small steps optimizing the
network's output. In the case of vanishing gradient, a change in a parameter's value is
unable to make any notable change in the network's output, so it becomes harder to

%Image taken from http://colah.github.io/posts/2015-08-Understanding-LSTMs/



Chapter 2. Background 25

optimize the parameter value e ectively. This is highly dependent upon the choice of
activation function used for learning. General activation functions like tanh or sigmoid
squash the input values to a very small value, thus this e ect is much stronger in such
functions. However, recently introduced activation functions like Recti ed linear units
(ReLU) are able to handle these problems.

These issues led to the development of LSTM model, which introduces a memory cell,
a new structure to handle the past events in the sequence. The NN module of LSTM
memory cell contains four main elements: an input gate, a neuron with a self-recurrent
connection, a forget gate and an output gate, as shown in the gure 2.9. Comparing
gures 2.8 and 2.9, we can notice the di erences between the neural network (NN) mod-
ules of both RNN and LSTM. The recurrent connection in the LSTM NN module uses a
weight value of 1.0 to ensure that the state of a memory cell can remain constant moving
from one timestep to another in the sequence. The forget gate allows the memory cell
to remember or forget its earlier state if required. The input gate controls the altering
of the memory cell state following the current state incoming signal. On the contrary,
the output gate controls the e ect of the memory cell state on other neurons.

Determining Hyperparameter Values

Typical hyper-parameters for LSTM networks are same as the general neural nets, like,
number of layers, number of neurons per layer, activation function, dropout regulariza-
tion, number of epochs, batch size, optimization algorithm, and learning rate. Because of
the ability of deep neural nets to learn complicated non-linear functions, it may be easy
to achieve high accuracy during the train time by parameter tuning as per train time
model performance. However, such complex functions are highly prone to over- tting
and may not generalize well to the test set. Therefore, the choice of hyper-parameters
should consider the likelihood of over- tting. Vanishing gradient problem as explained
in the previous section is another issue commonly faced by recurrent neural nets, where
the gradient becomes very small by the time backpropogation reaches to the initial layers
of the network, which leads to model stopping learning. Choosing an appropriate ac-
tivation function can address this problem. Hyper-parameter optimisation is relatively
less computationally expensive for SVMs as compared to recurrent neural networks, due
to lesser number of hyperparameters as well as the lower number of computations re-
quired for each run. Some studies have evaluated hyper-parameter values on benchmark
problems and datasets, and have recommended a set of values to experiment with [9].

LSTMs for Suggestion Mining

In general, the choice of depth and complexity of a neural network architecture should

depend on the size of data used for training [9], smaller the dataset, less complex the
network. In this thesis, we experimented with the recommended hyperparameter values
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by Bengio [9], which falls in the category ofhand tuning or trial and error approach for
hyperparameter selection. The loss function on which we intend to do our optimization is
chosen as categorical cross-entropy because the problem at hand is binary classi cation.

2.6 Word Representation Learning for Text Classi cation

Since the advent of internet, there has been an increasing availability of online text from
blogs, social networking sites, online news, and encyclopedic web pages. Past few years
of research on text classi cation has focused on making e ective use of this unlabeled
text data. This open domain unlabeled data may not be directly useful for speci c type

of text classi cation, but it contains generic information and knowledge about the world

or a a particular domain in the cases where a large amount of data is available about a
certain topic or domain.

As mentioned earlier, words are important features for text classi cation tasks. In the
traditional text classi cation methods, each word generally corresponded to one dimen-
sion of the feature vector. However, classi cation algorithms based on neural network
classi ers (e.g. Recurrent Neural Networks) accept an n-dimensional vector for each
word, and therefore the feature vector for a text instance becomes gensor. Represent-
ing each word as a dense vector gives the ability to provide a semantic representation of
words, which can be used to compare words with each other. This is in contrast to the
one hot vectorial or sparse representation of the word, where the feature value would
either be the count of the word in a given text or simply a binary value representing its
presence or absence.

Word vectors can be used directly (for computing similarities between words), as well
as for computing text representations for higher level NLP tasks like text classi cation,
part of speech tagging, named entity recognition, sentiment analysis, etc. There is an on-
going trend of learning low dimensional word vectors (50-200 dimensions) or distributed
representations from very large unlabeled language corpora, using neural network ar-
chitectures. These pre-computed vectors are popularly referred to asord embeddings
and can be used in a number of NLP tasks. Although the term word embeddings have
become recently popular, the concept of representing words in a low dimensional space
is not new and have been previously referred to distributional semantic representations
like latent semantic analysis (LSA) and latent Dirichlet allocation (LDA). Distributional
semantic representations are based on the distributional hypothesis for words i.e. words
that are used and occur in the same contexts tend to represent similar meanings. In
the recent papers on word embeddings or distributed representations, it has been shown
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that both distributed and distributional representations model the word co-occurrences.
However, with distributed representations, we get the exibility of playing with the op-
timization function to model the word representation according to a speci c task.

In this thesis, we are mainly concerned with learning word embeddings and using them
for suggestion mining. In the current research scenario, a humber of studies have been
performed on evaluating word vectors which include modern word embeddings and tra-
ditional word vectors obtained through distributional semantics. Two state of the art
models, GloVE and Word2Vec tend to signi cantly outperform other models, and are
themselves very close in their performances across a number of tasks.

Word2Vec: Mikolov et al. [41, 42] proposed simpler and less expensive architectures for
learning word embeddings using neural networks, as compared to the approaches which
were designed to learn language models and produce word embeddings as side products
and were much more computationally expensive. The Word2Vec approach comprises
of two models with slight variations. The general notation for these models include a
training corpus T with words, wi;Wwy;ws; :::; Wr, which constitute a vocabulary V with
sizejVj. The input embedding for a word w is Vi, with d as the number of dimensions.
Each model optimizes an objective functionJq with regard to the model parameters g
and the model outputs a scoref 4(x) for an input x.
The rst model referred to as the continuous bag of words (CBOW) model, uses n
words before and n words after a target wordw; to predict w;. Equation (2.1) shows
the objective function.

1 X

=7 logP(WtjWt ;i We 15 Wit 5555 Wi n) (2.1)
t=1;T

J

The second model is known as the skip-gram model, where given a word, task is to predict
the surrounding words. The objective function for this model sums the log probabilities
of the n words to the left and n words to the right of the word w; (Equation (2.2)).

1 X .
=5 logp(wt + jjwi) (2.2)
n j n;60
Global Vectors for Word Representation (GLoVE): This method for obtaining

word embeddings explicitly performs the operations inherently performed by Word2Vec.
Word2Vec ends up capturing co-occurrences of the words in the form of word embed-
dings. However, GloVe focuses on this co-occurrences of two words as its optimization
function directly, and encodes the ratio of the co-occurrence probabilities of two words.
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Figure 2.10: A sample of two dimensional representation of 200 dimensional word
vectors learned from unlabeled data using the GLoVE method.

J= X f(Xij)(Wf wywy + b + I logX; )2 (2.3)
i =1
where, w; and by are respectively the word vector and bias of word i.w-and by are the
context word vector and bias of word j, and Xj; is the number of times word i occurs in
the context of word j, and f is a weighting function that assigns relatively lower weight
to rare and frequent co-occurrences. (2.3)

Learning task speci ¢ embeddings When embeddings are employed in di erent tasks,
they may lack in domain speci ¢ knowledge and/or task speci ¢ knowledge. At times,
the application data for which pre-trained embeddings are to be used is di erent from
the data used to learn those embeddings at the rst place. In such cases, if an equally
large amount of unlabeled documents are available from the target domain, embeddings
can be learned from scratch or ne-tuned using one of the popular methods, and then
can be further used for the task at hand. If such amount of target domain data is
not available, a common approach is to adapt the pre-trained embeddings on the new
domain while retaining the previously learned knowledge. Several methods have been
used to perform this kind of adaptation. To enrich the embeddings with task specic
knowledge, one method is to augment the word embeddings with additional dimensions
and explicitly provide task speci c information in those dimensions.
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Related Work

In this chapter, we summarize and review previous works which studied suggestion
mining. We also include the studies which do not refer to their work assuggestion
mining, but are closely associated with our research questions. Sections 3.1, 3.2, 3.3
correspond to the three research questions of this thesis. We also brie y highlight how
our contributions are alternative or complementary to the existing works. At the end of
the chapter, table 3.3 provides a summary of the state of the art for suggestion mining.

3.1 De ning Suggestions

This section describes the related work for our rst research question, i.e.How do we
de ne suggestions in the context of suggestion mining De ning what kind of text is
covered under the termsuggestionsis as crucial as the algorithmic part of the problem,
since it brings consistency in the dataset preparation, and de nes the scope of the
problem for robust evaluation and comparison. We observe that suggestions have been
de ned in the literature in two kinds of research contexts. Suggestions are a type of
information in the context of suggestion mining, which draws the attention towards the
semantics of the text. On the other hand, in linguistic studies, suggestions have been
mostly referred to as a type of speech act or an illocutionary act, under which syntax
and pragmatics of the text are the centre of attention.

3.1.1 De ning Suggestions for Suggestion Mining

To the best of our knowledge, not all the related works in suggestion mining explicitly
de ned what they referred to as suggestions Those who attempted to de ne suggestions,
did so by providing a gloss like de nition. The related works are sporadic in the sense

29
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that they do not follow a coherent problem de nition with regard to what kind of text
is considered as a suggestion.

Wicaksono and Myaeng performed the extraction of what they refer to as theadvice
revealing sentencesfrom weblogs and online forums [72{74]. They describe advice as: "a
sentence made by person, usually as a suggestion or a guide to action and/or conduct
relayed in a particular context'. The authors also provide some linguistic observations
in the sentences which they manually annotated withadvice and non-advice labels [73].
They report the following observations:

Speci ¢ vocabulary aids, like, make sure you, be careful with, be sure to, be aware,
you have to, i suggest, i strongly recommend, advicetc.

Use of modal verbs,could, might, must, shall, should, will, and would

Presence of imperative mood, marked by unconjugated form of verb without any
attached subject.

Presence of sentiment words, like]t is nice idea to bring medicine wherever you
go.

These observations are in-line with what have been already explored as the linguistic
markers for suggestions, as described in the next section. Wicaksono and Myaeng did
not provide the formal annotation guidelines for their advice dataset [74]. However, the
kappa statistics for inter-annotator agreement was calculated as 0.76, and only those
sentences were included in the datasets on which the two annotators agreed. Their
dataset has been made available for research.

Ramanand et al. [60] investigated the detection of suggestions for product improvements
from reviews, and provided a domain speci ¢ de nition: “sentences where the commenter
wishes for a change in an existing product or service'. They also provide some example
sentences which should or should not be considered as suggestions for improvements (see
Table 3.1). The annotation agreement was not reported and the dataset is not made
available for research.

Viswanathan et al. [70] provided a broad de nition of suggestions: “a suggestion made
by a user indicates what one should know about something being discussed before an
informed decision can be made by the reader'. They also focused on the domain of
online reviews, and provided examples of the kind of information these suggestions
should convey. Annotation details including the inter annotator agreement were not
provided.
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Dong et al. [18] performed suggestion detection on tweets about the Microsoft Windows
7 phone. They do not de ne suggestions, but mention that the objective of collecting
suggestions is to improve and enrich the quality and functionality of products, services,
and organizations. The dataset prepared by them is publicly available, however the
formal annotation details are not available. They did not calculate the inter-annotator
agreement, and retained only those labeled tweets in the dataset where all the annotators
agreed on the label.

Moghaddam [43] performed suggestion mining at the document level. This work aimed
to identify suggestion containing reviews in a large number of reviews about the eBay
App. They de ne such reviews as, "Feedback that explicitly suggests/requests company
to add/change/improve/stop speci ¢ aspects. In other words, the customer proactively
proposes a product change/improvement to the company'. They labeled suggestions
at review level as well as sentence level. They report that 5 human annotators were
employed, and a 96% agreement was observed in their annotations, where only agreed
upon instances were retained in the dataset. However the dataset is proprietary to the
company eBay, and is therefore unavailable for open research.

Table 3.3 provides a summary of related works and the available datasets. The above
mentioned previous works on suggestion mining did not investigate the de nition and
scope of suggestions as a research question. They mostly provided a loose de nition
of suggestions, and examples of the type of suggestions they wish to mine from the
domain being addressed. The details on the annotation process of suggestions, like the
annotation guidelines, analysis of disagreements, and in some of the cases inter annotator
agreement, largely remain unaddressed or unreported.

However, these works did remove the disagreed instances from the train and test datasets
if manual labeling was performed using the broad de nitions as guidelines. Although,
this may be one way to compensate for a missing annotation study, models trained
on such unambiguous datasets may result in a lowered performance on real life data,
as compared to the unambiguous test datasets. In Chapter 4, we perform a study of
di erent perceptions of the term suggestion formalise the de nition of suggestions, and
propose atwo passannotation method in order to create benchmark datasets.

3.1.2 De ning Suggestions for Linguistic Studies

The previous works on suggestion mining provided their own preliminary de nitions and
characteristics of suggestions, where there is a scope to build upon the existing linguistic
studies dedicated towards characterizing and de ning suggestions. Discourse analysis,
and speech acts are two such areas of study.
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Asher et al. [2] perform a qualitative and quantitative study of the kinds of opinion
expressions found in discourse. They study explicit and lexical expressions of a ective
content, and how these expressions are related to each other within a discourse in written
texts. They provided a categorisation of expressions, out of which one wa&dvice, and
suggestions were listed as a type of advice expressions. They also listed di erent kinds
of opinion verbs which fall under each category (see gure 3.1).

Figure 3.1: Opinion categories by Asher et al., 2009. Table taken from [2]

Studies in the area of pragmatics and psychology have identi ed suggestions as a type
of speech act. Searle [64] mentionsn a typical speech situation involving a speaker, a
hearer, and an utterance by the speaker, there are many kinds of acts associated with
the speaker's utterance. He will also have performed acts within the class which includes
making statements, asking questions, issuing commands, giving reports, greeting, and
warning. The studies on speech acts relate to the pragmatics of a language, i.e. for what
purpose is a sentence being used by the speaker. All the theoretical linguistics works on
speech acts focused on de ning the typologies or improving the existing typologies, in
order to classify commonly found speech acts.

Following is a detailed classi cation provided by Bach and Harnish [5], which was built
upon the previously published works by Austin[3] and Searle[65]:
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Constatives: arming, alleging, announcing, answering, attributing, claiming,
classifying, concurring, con rming, conjecturing, denying, disagreeing, disclosing,
disputing, identifying, informing, insisting, predicting, ranking, reporting, stating,
stipulating.

Directives: advising, admonishing, asking, begging, dismissing, excusing, forbid-
ding, instructing, ordering, permitting, requesting, requiring, suggesting, urging,
warning.

Commissives: agreeing, betting, guaranteeing, inviting, o ering, promising, swear-
ing, volunteering.

Acknowledgments:  apologizing, condoling, congratulating, greeting, thanking,
accepting (acknowledging an acknowledgment).

These categories and subcategories are very ne grained and some of them are separated
by minor distinctions. For example, advising, instructing, suggesting, warning. Linguis-

tic experts would be required to label sentences as per the characteristics de ned for
these classes of speech acts.

We argue that the speech act theories cannot be followed in their original state for
de ning suggestions in suggestion mining due to the following reasons:

1. Speech act theories study well formed and standard text, and assume that the
sentences would have lexical clues of the corresponding speech acts. For example,

in the case of suggestions, "I suggest ...". However, this is not the case with the

user generated text on the internet.

2. The suggestions in suggestion mining may comprise of not just theuggestspeech
act, but also the acts like advicing, requesting, instructing etc. What speech act
theories refer to assuggestionis a subset of what suggestion mining can refer to
as suggestions

3. Unlike speech act theories, suggestion mining views suggestions from a data mining
perspective. Therefore, what is said, and in what context are important to de ne
suggestions. For example in the suggestion, \I suggest you to go for a room at the
back of the hotel", what is suggested is the required information and the act of
suggestion serves as an important feature to identify it. But not all the sentences
which may possess a suggestion or advice speech act are suggestions for suggestion
mining, for example, \I only suggest to go for this hotel if you have plenty of
money to waste".
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If the categories de ned in these studies are mapped to the sentences considered as
suggestions in suggestion mining, lexical and syntactic features for machine learning
approaches can be determined. However, the linguistic studies and suggestion mining
studies have remained mutually exclusive in the past. We make an e ort to bridge this
gap between the two; we employ the ndings of linguistic studies to de ne the scope of
suggestions in suggestion mining, as well as provide some qualitative and quantitative
analysis of datasets which can be employed by the future linguistic studies.

The state of the art in suggestion mining mainly focused on the research question 2,
which we discuss in the following section.

3.2 Feature Engineering

This section describes the related work for our second research question, i.gvhat are
useful features for detecting suggestions?As mentioned in the previous section, some
experiments have already been performed to automatically detect suggestions in text,
where each of them formulated and evaluated their method for a single domain. These
works mostly focused on the domains of product and service reviews, with the exceptions
of weblogs, and twitter. All of these works de ned suggestion mining as a binary text
classi cation problem, where the positive and negative classes represesuggestionand
non-suggestionrespectively. Most of the works considered sentence as unit of suggestion.
The employed methods fall in two categories, manually identi ed rules based on observed
linguistic patterns and vocabulary, and supervised machine learning with manually de-
termined feature types.

3.2.1 Rule Based Classi cation

In rule based classi cation, manually identi ed linguistic patterns can be considered as
features given that the classi er algorithm is to simply check their presence or absence

in the text.

Ramanand et al. [60] performed the extraction ofwishes to see improvement in the
products and services and referred to them as Suggestion Wishes They evaluated

a set of hand crafted rules (see Table 3.1) on manually labeled datasets comprising of
review or feedback about di erent entities, like iPod (~21100 sentences), banking services
(~15400 sentences), nancial services (~11000 sentences), etc. On average less than 1%
of sentences were labeled as suggestions. Precision varied between 83% and 57% for
di erent datasets, and recall varied between 60% and 39%. Some of their rules can not
be replicated due to the unavailability of the hand crafted lexicons.
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Example of target suggestions
In Scope: Request for new features, feature may not necessarily be mentioned
I'd love for the iPod shu e to also mirror as a pedometer.
It would be much better if they had more ATMs in my area.
| wish they'd do this.
My wish list would be as follows

Out of Scope: Negative opinion, improvement could be inferred
My only gripe is the small size of the camera body.
The rubber ap that covers the usb port seems imsy.
Linguistic patterns
Rules based on modal verbs:
hmodal verbi hauxiliary verb i f window of size 3g hpositive opinion word i
hmodal verbi f window of size 3g hpreference verbi
\should be able" or \should come with" or \could come with"

The needs to rules:

Interrogative sentences or those with a negation word to the left of \need to" are not wishes.

If the product attribute is present (usually as the subject), the sentence is a wish.

If the subject of the sentence is one of \this, that, these", the sentence is likely to be a wish. When the
subject is one of \I, you, one", the sentence is not a wish.

Other rules:
\I wish": along with lters such as the subject (\they, you, product") etc. can be matched as wishes.
\hopefully" or \I hope"
\should be able to" or \should come with"

Table 3.1: Examples of suggestion wishes and patterns from Ramanand et al. [60]

Viswanathan et al. [70] performed suggestion mining on customer reviews for mobile
phones, aiming to extract suggestions for improvement. They built a multi-component
system where one of the components comprised of linguistic patterns with explicitly
identi ed keywords. In their rules, they refer to a product or a brand or a company as
Product, features of these entities ad~eature, and Attribute refers to the characteristic
of the feature for which a suggestion is made. Examples of these patterns arh, sug-
gest' (Product) “for' (Features) i, h 'l wish' (Product) “had/contain/include' (Feature)

i, h (Product) “should have' (Feature) i, etc. The other components comprised of a
linguistic pre-processor for normalizing the text, a syntactic engine (statistical parser),
a semantic processor (named entity detection), and a post processor to convert the el-
ements extracted from suggestions into standard frames (see Figure 3.2). They built
ontologies for terms relating to mobile phone parts and features, which were used by
multiple components of their system. They evaluated their rules on their hand labeled
dataset, comprising of 360 customer reviews.

Another line of work by Brun et al. [11] also employed manually crafted linguistic
patterns, and evaluated it on a small dataset of 60 manually labeled reviews about
printers. They report the precision, recall, and F-measure values as 77%, 70%, 73%
respectively. Their system used four main components:

A structured terminology of the target topic which encoded concepts and associ-
ated terms. Considering a product like printer, examples of structured terminology
would be: “part-of' concepts of the product (aper tray), the manufacturer of the
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Figure 3.2: Suggestion mining system by Viswanathan et al. (2011). Figure taken
from [70]

Figure 3.3: One of the suggestion patterns by Brun and Hagege, 2013. Figure taken
from [11].

product (Xerox), physical characteristics (weight), and commercial/technical char-
acteristics (speed, price. These are potential targets on which suggestions may
apply. The authors identi ed some main concepts in the domain and extracted
most frequent noun modi ers for those concepts.

A thesaurus of vocabulary related to the expressions of suggestions. It contained
words which are commonly used in wishes, regrets and misses. It was obtained by
using the words wish, regret, miss, lack as seed and gathering verbs and nouns
which convey the same or related semantics.

A ne grained linguistic parser. An in-house parser was used to tag the morpho-
logical features of words, in particular modality and aspect. Dependencies such as
SUBJECT, OBJECT, MODIFIERS, named entities were also tagged.

An extractor for suggestions for improvement. This was the core component of
their system, and comprised of general syntactico-semantic patterns that were
matched against the data processed using the previous components. The argu-
ments used in the patterns were domain specic terminology. For example, the
pattern in Figure 3.3 can be phrased as, \a manufacturer entity, which is subject
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Figure 3.4: Suggestion Mining system by Brun and Hagege, 2013. Figure taken from
[11].

of a modal verb used in the past tense and perfective aspect’, and can identify a
sentence like,HP should have made the bin deep enoughut does not identify:
HP should be ashamed

A few other works adapted similar approaches of identifying linguistic patterns and
extracting the text which match this pattern from a large number of reviews [27]. Some

of the linguistic patterns are similar across these works, while others remain restrictive
to the domain. It is dicult to replicate these systems or compare them with the

our results mainly due to the unavailability of one or more of the following: linguistic
resources like lexicons, ontologies, in-house preprocessing components like parser and
name entity extractor, and the datasets used for evaluation.

However, these studies give an idea of the classi cation performance obtained using rule
based systems. It is observed in the previous works that the rule based systems tend to
provide a higher precision than recall.

3.2.2 Supervised Machine learning

To the best of our knowledge, the very rst attempt to perform suggestion mining using
machine learning was performed by Wicaksono and Myaeng [72]. They experimented
with two di erent types of classi cation algorithms, SVM and HMM [72{74]. However,
they referred to the task as Advice Mining, and targeted the extraction of advice sen-
tences in weblogs and discussion threads. In their rst work, Wicaksono and Myaeng [72]
identi ed the characteristics of advice sentences appearing in the dataset and de ned
relevant feature types for their classi er. The features were: a set of manually picked
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expressions which tend to appear in suggestions, a proper noun directly attached to a
modal verb as a nominal subject, a set of clue verbs constructed by expanding a seed set
of verbs (suggest, recommend, advice etc.) using Framenet, appearance ioiperative
mood expressionsand presence of aropinionated copulain the sentence. The imperative
mood expressions were identi ed using a set of rules. A copula is the relation between
the complement of a copular verb (is, am, are) and the copular verb itself, and an opin-
ionated copula is where the complement has a subjectivity score (using SentiWordNet)
is above the threshold of 0.69. They used these features with a Support Vector Machine
(SVM) classi er, and a labeled dataset of travel blogs. In order to prepare the dataset,
they rst Itered out a sample of blog entries by using clue words like suggest, advice,
recommend, tip, etc. In our opinion, this approach of Itering the real data might bias

the results towards the proposed features since the authors also used these clue words as
one of the features. The dataset used in this work is not available for further investiga-
tion. The classi cation results were 0.523, 0.665, 0.586 for the average precision, recall
and F-1 score respectively, for both the classes. Evaluation was performed on a held out
test dataset which was 27% of the total annotated dataset.

In their subsequent work [74], Wicaksono and Myaeng de ned the advise mining problem
by proposing the concept of Advice-revealing text units (ATUs). They de ned ATUs
as comprising of two elements:advice-revealing sentencesand context sentenceslatter
being the sentence which explain or clari es the advice revealing sentence usually de-
scribing when, where, or in what situation people would nd the advice relevant. An
example of ATU would be:

Advice revealing sentence:But you are advised to exchange only a small amount at
the airport as you won't get a good rate there

Context sentence: | am planning a 2 week trip to Bangalore and am not sure whether
it is better to change my Euros here or to wait until | get to India.

In this work, they performed experiments on the extraction of both kind of sentences
using Conditional Random Field (CRF) based models. They consider the extraction
of advice sentences from travel forums as a sequential labeling problem, based on their
observation that advice revealing sentences as well as context sentences tend to appear
contiguously. They use 2D-CRF model for the same. They also present a solution to
extract both kind of sentences in a single pass by using two new CRF based models re-
ferred to as Multiple Linear CRF (ML-CRF) and 2 Dimensional CRF Plus (2D-CRF+).

For the dataset, they crawled travel forums and randomly selected 150 threads compris-
ing of 5199 sentences. They manually labeled ATUs with the help of two annotators.
They used the intersection of annotation judgments from the two annotators for the
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Syntactic

1. Whether or not a target sentence contains an imperative mood expression

2. Discovered class sequential rules (CSRs)

3. List of a target sentence's typed dependencies

4. Presence of forum-specic cue phrases such as \thank you", \enjoy your trips",
etc. (characterizing non-advice)

Context Features

1. Jaccard similarity between a target sentence and its N preceding sentences

2. Jaccard similarity between a target sentence and its M succeeding sentences

3. Whether a target sentence and its N preceding sentences are in the same post
4. Whether a target sentence and its M succeeding sentences are in the same post
Semantic Features

1. Sentence informativeness score

Table 3.2: Features used in the model of Wicaksono and Myaeng [74]

advice sentences, and union of judgments for the context sentences. On average each
advice revealing sentence had 3 context sentences. The dataset from this work was made
available by the authors upon request, and is used for the experiments in this thesis.

For advice sentence extraction, the identi ed features fall into the category of Syntax,
Context, and Semantics (Table 3.2). Some of their context features are only suitable for
the domains which are structured as discussion threads. Same applies to the semantic
feature of sentence informativeness, which is a summation of informativeness scores of
all the nouns contained in a sentence. The informativeness score of a noun is further
calculated using the weighted sums of the notions introduced by them akcal and global
informativeness Local scope refers to a sentence, and global scope refers to a thread.

For context sentence extraction, it was assumed that all advice revealing sentences
have been extracted. Context sentences are located within the same thread, and an
advice revealing sentence may act as a context sentence for other advice sentences.
Each advice revealing sentence is paired with every other sentence of the thread, and
a prediction is made for each pair whether the two sentences hold an advice-context
relation. The methodology mainly comprised of performing a binary classi cation of
each advice-context tuple by training a SVM and Maximum Entropy based classi er.
The features comprised of jaccard similarity and semantic similarity between the two
sentences, location of context sentence with respect to the advice sentence, whether the
context sentence has been previously identi ed as an advice sentence, and whether the
context sentence candidate contained a proper noun.

In Chapter 4, we also include context in our problem de nition, but our notion of context
is broader as compared to that of Wicaksono and Myaeng.

To the best of our knowledge, the work by Dong et al. [18] is the only attempt to
perform suggestion extraction from tweets. Their objective was to extract suggestions
for product improvements from the tweets which mention the product. They modeled
a classi er to predict whether a given tweet about Microsoft Windows' phone expresses
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a suggestion for improvement or not. They compared the performance of Support Vec-
tor Machines (SVM) [15] and Factorisation Machines (FM) [61] for building this the
classi er. They prepared a dataset by collecting the tweets which mentionedwindows
Phone 7, and manually annotating them with the labels suggestion and non-suggestion
A total of 3000 tweets which were given the same label by the annotators were retained
in the nal dataset. 238 out of these 3000 tweets were labeled as suggestions.

In addition to the unigram features, Dong et al. used two additional feature types: hash-
tags, and frequent phrases which tend to appear in suggestions. The frequent phrases
were automatically mined using a pattern mining algorithm (Pre xSpan) on the sug-
gestions obtained from Windows phone's o cial feedback website. They evaluated both
SVM and FM with and without the two additional feature types, and used oversampling
and thresholding to overcome the class imbalance in the datasets. They demonstrated
that Factorisation Machines with class balancing and all the features gives the highest
performance against the rest of the con gurations. The best results were obtained using
Factorisation Machines with all the features, which were 71.06, 67.86, and 69.42 for pre-
cision, recall, and F-1 score respectively, for the suggestion class. SVM also performed
best when all the features were used as compared to the bag of words baseline. The
evaluation was performed using a 5 fold cross-validation on the entire dataset.

Overall, in both rule based and machine learning approaches, the works so far focused on
explicitly identifying the patterns or features to improve classi cation performance over
simple baselinesf f like unigram features. Some of the approaches employ domain speci c
patterns, which are to be manually identi ed each time the target domain changes. In
the case of machine learning approaches, only non-neural classi ers have been employed
so far, among which SVM was a popular choice.

The state of the art in machine learning and opinion mining is moving towards repre-
sentation learning approaches which use large unlabeled datasets and neural network
architectures to automatically learn suitable feature vectors [42]. Such approaches have
been shown to outperform the n-gram and manually determined feature engineering
approaches in a number of popular tasks like sentiment analysis [67]. In the case of
suggestion mining, there is a lot of scope to investigate into neural network based repre-
sentation learning methods and neural architectures in order to minimise manual feature
engineering e orts, as well as to evaluate the state of the art machine learning algorithms
on the problem of suggestion mining.

In this thesis, we perform an extensive evaluation of manually determined features for
suggestion mining (Chapter 5), as well as employ neural network based representation
learning approaches (Chapter 6, 7).
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Figure 3.5: Linguistic patterns used for distant supervision by Moghaddam, 2015 [43]

3.3 Distant Supervision

To the best of our knowledge, the study conducted by Moghaddam [43] related to sug-
gestion mining has focused on using distant supervision for extracting suggestions for
improvement from customer feedback. This study rst de nes a set of what they refer
to as lexical-Part of Speechpatterns to identify suggestion reviews in a large dataset of
about 50,000 eBay App reviews on App store and Google Play. The predicted sugges-
tions were then used as positive instances to train a SVM based classi er which used bag
of words features. They performed distant supervision at the review level, rather than
the sentence level. They compared the results with a SVM classi er trained on a manu-
ally labeled dataset. The classi er trained on manually labeled reviews obtained higher
precision, recall and F-measure values (0.38, 0.78, 0.51 respectively) on a test dataset,
than the distant supervision method (0.32, 0.74, and 0.46 respectively). In order to ex-
tract the exact suggestion sentence within the reviews identi ed in the rst stage, they
simply used a SVM classi er with bag of words features trained on a manually annotated
sentence dataset. In this thesis, we propose alternative methods of distant supervision
by employing large silver standard datasets collected from the web, and learning feature
representations from this dataset using neural network architectures (Chapter 7).
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3.4 Summary

The table below summarizes the state of the art for the research questions addressed in

this thesis.
Related Work | Domain | RQ | Method | Dataset
Rules Based Approaches
Ramanand et al. | Product re- | RQ 1,2 Linguistic  patterns, | Unavailable,
(2010) [60] views domain lexicon 47,500  sen-
tences (1%
suggestions)
Viswanathan et | Product Re- | RQ 1,2 Linguistic  patterns, | Unavailable
al. (2011) [70] views domain structured
terminology
Brun and Hagege| Product re- | RQ 2 Linguistic  patterns, | Unavailable,
(2013)[11] views domain structured | 60 reviews (%
terminology suggestions
unavailable)
lacob and Harri- | Product re- | RQ 2 Linguistic patterns Unavailable,
son (2013) [27] views 3000 sen-
tences (%
suggestions
unavailable)
Supervised Machine Learning
Wicaksono Weblogs RQ 2 Binary sentence clas-| Unavailable,
and Myaeng si cation. Support | 7239 sen-
(2012)[72] Vector Machines with | tences (10%
manually de ned fea- | advice)
tures.
Wicaksono  and | Discussion RQ 2 Sequence labelling of| Available,
Myaeng (2013) | Forums sentences. Condi-| 5199 sen-
[73] [74] tional Random Fields | tences (44%
and Hidden Markov | advice)
Models. Manually de-
ned features.
Dong et al. | Tweets RQ 2 Binary sentence clas-| Available,
(2013)[18] (product si cation. Support | 3000 tweets
related) Vector Machines, | (8%  sugges-
and Factorization | tions)
Machines. Manually
de ned features.
Rule Based + Supervised Machine Learning
Moghaddam Mobile Ap- | RQ2, RQ 3 Binary review classi- | Unavailable,
(2015)[43] plication cation. Support Vec- | 50,000 re-
(eBay App) tor Machines trained | views  (15%
user reviews on dataset which was| suggestions)
automatically labeled
using manually identi-
ed patterns. Bag of
words (unigram) fea-
tures.

Table 3.3: A summary of the state of the art in suggestion mining. Rule based and
machine learning methods have been equally popular. Only two datasets are openly
available.



Chapter 4

De ning Suggestions for
Suggestion Mining

4.1 Introduction

In this chapter we answer the rst research question of this thesis:What are suggestions
in the context of suggestion mining? The need for this research question arises from
our observation that human perception of the term suggestionis subjective, and this
e ects the preparation of hand labeled suggestion datasets. The related works minimally
focused on the formalization of suggestions in the context of suggestion mining, and also
most of the previous manually labeled datasets remain proprietary. In order to compare
approaches across di erent studies on suggestion mining, a formal de nition of the scope
of suggestions as well as benchmark datasets are required.

In this chapter we rst present a qualitative analysis of suggestions, and based on our
observations propose a formal de nition of suggestions and annotation procedure for the
benchmark datasets. Parts of this chapter have been published in [47{49]

4.2 Qualitative Analysis

As a part of qualitative analysis, we investigate the linguistic properties of suggestion
sentences, relationship between sentiments and suggestions, and a layman's perception
of suggestions. These observations are close to the existing related work in suggestion
mining and related linguistic studies. In the next chapter, this analysis forms a basis of
manually proposing features for suggestion mining.

43
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4.2.1 Linguistic Properties

We observe that suggestions are often expressed by means of lexical cues, and grammat-
ical moods.

Lexical Cues: Suggestions tend to contain certain keywords and phrases, likeuggest,
suggestion, recommendation, advice, | suggest, | recommend, etdost of the previous
works created a hand made list of these words and phrases to use them as features with
the classi ers. Our observations of the lexical expressions in suggestions are in-line with
the previous works on suggestion mining, as well as the related linguistic studies. For
example, Asher et al. [2] have performed an in-depth study of how a ective content
is explicitly and lexically expressed in written texts (Chapter 3). They list a category
of verbs called Advise, and de ne it as, “expressions which urge the reader to adopt a
certain course of action or opinion'. Some examples of advise verbs are: advise, argue
for, suggest, propose, wish, hope, etc. Martinez [39] also identify these lexical clues as a
part of their study of suggestions (Table 4.1).

However, not all the suggestions contain these keywords and phrases. Some example

Type Example

| suggest that you ...

| recommend that you ...

| advice you to ...

My suggestion would be ...

Try using ...

Don'ttry to ...

Why don't you ...?

How about ...?

Have you thought about ...?

You can ...

You could ...

If | were you, | would ...

One thing (that you can do) would be ...
Here's one possibility ...

There are a number of options that you ...
It would be helpful if you...

It might be better to ...

It would be nice if ...

Direct

Conventionalised forms

Indirect

Table 4.1: Three types of expressions of suggestions as de ned by Martinez (2005)
[39] with the examples of prevalantly used surface structures.

of such sentences are shown in Table 4.2. Also, Table 4.3 lists the top 10 unigrams
and bigrams in the sentences tagged as advice and suggestion in the dataset used by
Wicaksono et al. [73] and Dong et al. [18]; the ranking excludes the stopwords.

Modality: ~ Modality is a grammatical category that allows the expression of as-
pects related to the attitude of a speaker towards his statement, in terms of degree of
certainty, reliability, subjectivity, sources of information, and perspective [45]. Gram-
matical mood is a grammatical feature of verbs, used for signaling modality. Mood and
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Source Sentence Linguistic  Proper-
ties
Electronics Re- | | would recommend doing the upgrade to be sure Subjunctive, Impera-
views you have the best chance at trouble free opera- tive, Lexical clue: rec-
tion. ommend
Electronics Re- | My one recommendation to creative is to get Imperative, Lexical
views some marketing people to work on the names of clue: recommendation
these things
Hotels Reviews | Be sure to specify a room at the back of the Imperative
hotel.
Tweets to Mi- Dear Microsoft, release a new zune with your Imperative, Subjunc-
crosoft wp7 launch on the 11th. It would be smart. tive
Discussion If you do book your own airfare, be sure you Conditional, Impera-
thread, Travel don't have problems if Insight has to cancel the tive
tour or reschedule it

Table 4.2: Examples of similar linguistic properties in suggestions from di erent

domains

Travel Microsoft Tweets
Unigrams Bigrams Unigrams Bigrams
You credit card Microsoft Windows Phone
tour you will Windows Dear Microsoft
if if want WP7 Microsoft needs
just http www phone Come Microsoft
travel make sure need Microsoft make
time Europe board nokia Microsoft WP7
like tour director make If Microsoft
hotel post Europe needs Microsoft really
did travel tips apps really needs
need United States want hope Microsoft

Table 4.3: Top 10 unigrams and bigrams in the sentences labeled as advice and
suggestion in the dataset provided by Wicaksono et al. [73] and Dong et al. [18]
respectively

modality have been investigated in a vast amount of linguistic literature, and di erent
kinds of typologies and terminologies have been suggested for moods. We observe that
suggestion expressions often contain what may be referred to asbjunctive, and imper-
ative moods.

Subjunctive mood is a commonly occurring language phenomenon in Indo-European
languages, which is typically used in subordinate clauses to express action that has not
yet occurred, in the form of a wish, possibility, necessity etc. [24]. The presence of
these moods pose challenges for detecting sentiment polarity since the text containing
subjunctive mood is likely to express sentiments towards a possible event rather than
an actual event [8, 46]; however, it can be a good feature to detect suggestions. Some
typical examples are: If the Duke were here he would be furiougl9], It is my suggestion
that the students be sent to Tibet[24]. The Imperative mood is used to express the
requirement that someone perform or refrain from an action. A typical example would
be, Take an umbrellg Pray everyday [58]. In the context of suggestion mining, Dong et
al. [18] de ne some rules to detect the presence of imperative mood in a sentence, and
use it as a feature. However, subjunctive mood was never associated with suggestions
in any of the previous suggestion mining studies. Table 4.2 lists the examples of these
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moods present in suggestion sentences.

4.2.2 Suggestion Mining and Opinion Mining

Opinion mining and sentiment analysis studies evolved from the earlier studies on sub-
jectivity analysis and automatic detection of subjective and objective expressions in text
[62, 75]. A large number of advice to fellow customers in online reviews tend to express
suggestions based on factual information. We observe that suggestions can be both
factual statements and subjective or opinionated expressions. Examples of suggestions
expressing facts are, Top tip for frequent visitors is the Okura Club International which
you can join for nothing and entitles bearers to free usage of the pool, showers and o-furo
(bath) which you would normally have to pay for' "As a general tip, if you need to use
the internet whilst in Berlin, look up the Easy Internet cafes before you go, there's a
huge one in Kurfurstendam' etc. Examples of suggestions largely containing subjective
information are, '| do recommend Ka ee Einstein.', "Highly rated apps should appear
near the top more and they should appear less and less frequently and the rating of the
app dwindles.: These observations may call for a deeper investigation to derive a formal
relationship between suggestions and subjectivity, however it currently out of scope for
this thesis.

In the context of sentiment analysis, suggestion mining can be applied to very simi-
lar domains or data sources, for example, reviews, blogs, discussion forums, twitter etc.
Sentiment expressions and suggestion expressions may also appear together in the same
text, specially in the case of recommendation type of suggestions.

Opinion classes: In sentiment analysis, text can be generally categorised into three
or more sentiment classes, while in suggestion mining a text is either a suggestion, or a
non-suggestion. For a sentence classi cation task in suggestion mining, unlike sentiment
analysis, only the positive class holds importance in order to extract suggestions from a
given text, while in sentiment analysis both positive and negative classes are important
in order to generate sentiment summaries. We observe that suggestion expressing texts
are not limited to a particular class of sentiment. Figure 4.1 and Table 4.4 shows some
examples from online reviews, highlighting how sentiments towards a reviewed entity
can vary across di erent suggestions. While sentiment sentences are always de ned a
subjective, suggestions can be found in both objective and subjective type of text. Sen-
timents can minimally appear at the phrase level, while suggestions can only appear at
or above clause level. Therefore, a suggestion bearing sentence may contain multiple
sentiments.
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Figure 4.1: Distribution of sentiment polarities towards the hotel in suggestion and
non-suggestion sentences for a hotel review dataset.

Opinion Target:  In the case of reviews, some sentiment analysis benchmark datasets
like SemEval datasets [57] exclude the text which is not about the opinion target, even
though the text is found within the same review. The guidelines from SemEval 2015
Sentiment Analysis task [57] read: Quite often reviews contain opinions towards entities
that are not directly related to the entity being reviewed, for example, restaurants/hotels
that the reviewer has visited in the past, other laptops or products (and their components)
of the same or a competitive brand. Such entities as well as comparative opinions are
considered to be out of the scope of SE-ABSA 15. In these cases, no opinion annotations
were provided.

We observe that some of the non-relevant sentences in review datasets are potential sug-
gestions on closely related points of interest. Suggestions in hotel reviews may contain
tips and advice about the reviewed entity, suggestions and recommendations about the
neighbourhood, transportation, and things to do. Similarly, in product reviews, sugges-
tions can be about how to make a better use of the product, accessories which go with
them, or availability of better deals, etc. Table 4.4 gives some example of such sentences.
Sentiment and Suggestions can have more than one type of target readers. Sentiments
in reviews can convey useful information both to the brand owners, as well as the fu-
ture consumers. Similarly, suggestions may convey ideas of improvement to the brand
owners, or tips to the future consumers.

4.2.3 Layman Perception of Suggestions

We study the perception of the term suggestionby layman users, by performing a trial
annotation where no detailed annotation guidelines were provided, and the annotators
were simply asked to choose between the labelsuggestionand non-suggestionfor a
given sentence. We collected 100 sentences, 20 sentences each from 4 di erent domains:
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Sentence Domain Sentiment Relevant

One more thing- if you want to visit the Bundestag it is a Hotel Neutral No

good idea to book a tour (in English) in advance

Be sure to pick up an umbrella (for free) at the concierge if Hotel Positive Yes

you anticipate rain while sightseeing.

You are going to need to buy new headphones, the stock MP3 player Negative Yes

ones suck

If you strictly use the lcd and not the view nder , i highly Camera Positive Yes

recommend the camera .

For those of you who already bought this camera , | suggest Camera Neutral No

you buy a hi-ti dye-sub photo printer

If only it played stand alone avi les DVD Neutral Yes
player

Would be really good if they have given an option to stop Camera Neutral Yes

this auto-focusing

Table 4.4: Examples of suggestions from review datasets for sentiment analysi§en-
timent refers to the sentiment towards the reviewed entity, while Relevant indicates if
the suggestion is relevant for calculating the sentiment towards the reviewed entity.

hotel reviews, restaurant reviews, software developers' suggestion forum, and tweets.
Each of the 20 sentences for each domain were picked from di erent documents, and it
was made sure that at-least 5 potential suggestion sentences were picked. In the case of
tweets, entire tweet was used instead of a sentence. Each sentence was annotated by 50
annotators. Crowd ower?!, a paid crowdsourced data annotations service platform was
used for the same. More details on Crowd ower platform are provided in section 4.4.
We also employed two variations in the process:

1. Providing candidate sentences with and without context. Context here refers to
the information about the source domain of the text, as well as the text of the
entire document from where a sentence is extracted.

2. Two vs four options for labels. Two options include Suggestion, Non-Suggestion
while four options include Positive sentiment, Negative sentiment, Suggestion,
None, where multiple labels could be chosen in the case of four options.

Following patterns were observed in the annotations:

For customer reviews, when only two options were provided for the labels, there was
a tendency to label the sentiment sentences like, "They serve really nice breakfast.'
as suggestions.

Similarly, annotators tend to choose Suggestionif they inferred a suggestion from
the sentence, even if the sentence did not contain the expressions typically used in
a suggestion.

When four options were provided, the above mentioned sentences (positive sen-
timents and implicit suggestions) were only labeled asSentiment. Therefore, the

 https://www.crowdflower.com
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sentences which were labeled as suggestions were mostly explicitly expressed sug-
gestions.

When the context was provided, annotators tend to label a sentence only for the
sentiment. It appeared that they were biased from the overall sentiment of the
text or neighbouring sentences. This tendency is lower in the case of four options.

Tables 4.5 and 4.6 provide examples of the sentences which were perceived as suggestions
and non-suggestions by more than 50% of the total annotators. In order to generalise
the type of sentences considered as suggestions by these annotators, we also match these
sentences with their potential opinion expression category according to Asher et al [2],
namely Inform, Assert, Tell, Remark, Think, Guess, Blame, Praise, Appreciation, Rec-
ommend, Suggest, Hope, Anger, Astonishment, Love, Hate, Fear, O ence, Sadness/Joy,
Bore/Entertain . A sentence with multiple clauses may contain more than one expres-
sion. We design annotation procedure and guidelines based on the observations from
this annotation study. Except the Suggestion Recommendation and Requestopinion
expressions, suggestions containing rest of the expression types are in an implicit form.
Since humans inherently infer suggestions, the layman annotators tend to consider both
implicit and explicit form of suggestions as suggestions. We limit the scope of this thesis
to the detection of explicitly expressed suggestions, and deal with the challenges asso-
ciated with the explicit form of suggestions rst. However, inferring suggestions from
their implicit forms can be a potential future investigation in this area.

Identifying suggestions on the basis of the type of opinion expression in a sentence may
require certain level of linguistic understanding by the annotators. We also observe that
workers on crowdsourcing platform tend to ignore detailed guidelines. On one hand,
crowdsourcing with layman annotators may not be the best suited method for creating
suggestion mining benchmark datasets, while on the other hand, trained annotators are
either slower (volunteers) or expensive. In the next section, we formally de ne the scope
of this thesis. Based on this de nition, we propose a two-phase annotation method
which involves both layman annotators as well as expert annotators.

4.3 De ning Suggestions for Suggestion Mining

The Oxford dictionary de nes suggestion as,An idea or plan put forward for considera-
tion. Some of the listed synonyms of suggestions aggoposal, proposition, recommenda-
tion, advice, hint, tip, clue. As mentioned before in Chapter 3, many linguistic studies
have studied and de ned suggestions as a speech act. They perform a ne grained anal-
ysis of syntactic and pragmatic characteristics of suggestions. Searle [66] mentions that,
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Sentence Source Context % Anno- Category
Given tators

We did not have breakfast at the hotel but Hotel Re- | Yes 80 Tell

opted to grab breads/pastries/co ee from view

the many food-outlets in the main stations.

If you do end up here, be sure to specify a| Hotel Re- | Yes 100 Suggest

room at the back of the hotel. view

I recommend going for a Trabi Safari Hotel Re- | Yes 90 Recommend
view

De nitely come with a group and order a Restaurant | No 52 Recommend

few plates to share. review Suggest

Please provide consistency throughout the | Suggestion | Yes 70 Request

entire Microsoft development ecosystem!" | Forum

We need a supplementary x to the issues | Suggestion | No 60 Need/ Ne-

faced by existing a ected users without re- | Forum cessity

sorting them to contacting Microsoft cus-

tomer support

RT larrycaring: "every time someone send | Twitter NA 84 Suggest,

you hate send them this back" this is v Recom-

good advice I'll use it every time antis in- mend,

sult me Apprecia-

tion

Table 4.5:

Examples of sentences accepted as suggestions by layman annotators. %

Annotators in each table refers to the percentage of total annotators which labeled a

given sentence as a suggestion.

Sentence Source Context % Anno- Category
Given tators
This is much safer and far more convenient | Hotel Re- | No 70 Assert
than hailing taxis from the street. view
There is a very annoying bug in the Win- | Suggestion | Yes 64 Tell
dows 10 store that hides apps from listing. | Forum
Just returned from a 3 night stay. Hotel Re- | No 94 Tell
view
The internet was free but | do think people | Hotel Re- | Yes 72 Tell,
should only be allowed say 30 mins and its | view Think,
written in a book, thats a fair way | think. Suggest
I had so much fun Iming all kinds of tips Twitter NA 84 Inform,
and advice (and some yoga!) yesterday Tell, En-
tertain
There is a parking garage on the corner of | Restaurant | No 62 Inform,
Forbes so its pretty convenient. Review Apprecia-
tion

Table 4.6: Examples of sentences accepted as non-suggestions by layman annotators.
% Annotators in each table refers to the percentage of total annotators which labeled
a given sentence as a non-suggestion.

Suggestions belong to the group of directive speech acts, which are those in which the
speaker's purpose is to get the hearer to commit him/herself to some future course of ac-
tion. These studies mainly de ne how suggestions should be expressed in a standard use
of language. In the context of text mining, we are dealing with user generated text on
the web, which can be associated with multiple contexts, like the end user, domain etc.
While the previous studies on suggestion mining fall under text mining, they followed a
generic de nition of suggestions and did not formally de ne the scope of suggestions. As
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we saw in our layman annotation study, context may a ect an annotator's judgment. In
the absence of context, di erent annotators associate di erent contexts to a candidate
sentence. We observe that the following concepts form an integral part of de ning a
suggestion in the context of suggestion mining.

We now propose an empirically driven and context-based de nition of suggestions. Given
that:

s denotes the surface structure of a sentence,

C denotes additional context provided with s, where the context can be a set of
values corresponding to certain variables, and

a(s; C) denotes the annotation agreement for the sentence, antidenotes a thresh-
old value for the annotation agreement,

we write S(s; C) to denote the suggestion function which is de ned as

8

< Suggestion; if a(s;C) t
S(s;C) = . 99 (s:€) (4.1)
* Non-suggestion; if a(s;C) <t:

Surface structure.  Dierent surface structures [14, 16] can be used to express the
underlying intention of giving the same suggestion. For example;The nearby food
outlets serve fresh local breakfast and are also cheapand You can also have
breakfast at the nearby food outlets which are cheaper and equally good

Linguistic studies in the past studied the way suggestions are expressed (see Ta-
ble 4.1) and provided the examples of lexical elements used in the surface structures
for suggestions.

Context. When dealing with specic use cases, context plays an important role in
distinguishing a suggestion from a non-suggestion. Context may be present within
a given sentence. It can be a set of values corresponding to di erent variables that
are provided explicitly and in addition to a given sentence. One or more of the
following variables can constitute the context:

Domain. We refer to the source of a text asdomain. In the process of dataset
annotation, we closely studied some of the domains; Table 6.3 shows how the
distribution of suggestions varies with the domains.

Source text. The text in the entire source document to which a sentence belongs
may also serve as a context, giving an insight into the discourse where the
suggestion appeared.
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Application or use case. Suggestions may sometimes be sought only around a
speci ¢ topic, for example, mining room tips from hotel reviews. Suggestions
can also be selectively mined for a certain class of users, for example, mining
suggestions for future customers. All non-relevant suggestions in the data may
be regarded as non-suggestions in this case. Previous studies on suggestion
mine from online reviews operated on this kind of context. For example,
only suggestions for improvement were identi ed from the product reviews,
whereas suggestions meant for the fellow customers [48] were considered as
non-suggestions.

We now propose an empirically driven and context-based de nition of suggestions. Given
that

s denotes the surface structure of a sentence,

C denotes additional context provided with s, where the context can be a set of
values corresponding to certain variables, and

a(s; C) denotes the annotation agreement for the sentence, antildenotes a thresh-
old value for the annotation agreement,

we write S(s; C) to denote the suggestion function which is de ned as

8

< Suggestion; if a(s;C) t
S(s;C) = 99 (s:€) 4.2)
* Non-suggestion; if a(s;C) <t:

Depending on the choice ofC, and, hence, on the value ofa(s; C), we identify four
categories of sentences that a suggestion mining system is likely to encounter.

Explicit suggestions.  Explicit suggestionsare sentences for whichS always outputs
Suggestion whether C is the empty set or not. The suggest, recommend, request,
need/necessity category of opinion expressions in Table 4.5 are mostly found in the
explicit expressions of suggestions. They are like thdirect and conventionalised
forms of suggestions as de ned by Martnez Flor [39] (Table 4.1). It may also be
the case that such sentences have a strong presence of context within their surface
form, as in illustrated by If you do end up here, be sure to specify a room at the
back of the hotel

Explicit non-suggestions. These are the sentences for whicls always outputs Non-
suggestion whether C is the empty set or not. For example, Just returned from a
3 night stay.
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Implicit suggestions.  These are sentences for whicl® outputs Non-suggestiononly
when C is the empty set. Typically, implicit suggestions do not posses the surface
form of suggestions but the additional context helps the readers to identify them as
suggestions. For exampleThere is a parking garage on the corner of Forbes, so its
pretty convenient is labeled as a suggestion by the annotators when the context is
revealed as that of a restaurant review. A sentence such adalahide is a pleasant
village-turned-dormitory-town near the airport can be considered as a suggestion
given that it is obtained from a travel discussion thread for Dublin. These kind of
sentences are observed to have a lower inter annotator agreement than the above
two categories.

Implicit non-suggestions. These are sentences for whicls outputs Suggestiononly
when C is an empty set. Typically, an implicit hon-suggestion posses the sur-
face form of suggestions but the context leads readers to identify them as non-
suggestions. Such sentences may contain sarcasm. Examples include not ad-
vertise if you don't know how to cookappearing in a restaurant review andThe
iPod is a very easy to use MP3 player, and if you can't gure this out, you shouldn't
even own oneappearing in a MP3 player review.

Based on the above four categories, we can de ne the scope of the suggestion and
non-suggestion classes for open domain suggestion mining. For open domain sugges-
tion mining, we propose to limit the scope of suggestions to theexplicit suggestions
Therefore, we set the task de nition for open domain suggestion mining to be:

Let s be a sentence. Ifs is an explicit suggestion, assign the labelSuggestion
Otherwise, assign the labelNon-suggestion

The proposed categories provide the exibility to change the scope of classes in a well
de ned manner, as well as to de ne context as per the application scenario.

Unit of suggestions : Within the scope of this research, we consider sentence as the
unit of suggestion, which is also the case with the previous studies. In order to perform
text classi cation based suggestion mining, a pre-processing step would be to split the
text into the desired units. Some pros and cons can be associated with the sentential
units.

Clause is the smallest unit within which a suggestion can be expressed. A sentence
may contain one or more clauses, and therefore using sentence as a unit increases the
chances of more details on the suggestion to be present within the sentence and not to
be explicitly sought from the neighbouring text. The sentence boundary detection is
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done using part of speech taggers, and is therefore prone to some errors, specially when
the text is obtained from online platforms, like reviews and social media. We observe
that automatically split sentences can be either incomplete, or even if correctly split
they may refer to an entity mentioned in the preceding text. For example, But if you

are coming here for the service that you expect for what they claim to be.and, We
left it too late. However, we also observe that majority of sentences which were labeled
as suggestions in the absence of an additional context, contained su cient content for
human annotators to decide its label.

Domains in Suggestion Mining : We refer to the source of a text asdomain. In
this thesis, we perform domain speci ¢, cross domain, and open domain experiments for
suggestion mining. In the process of dataset annotation, we closely studied some of the
domains; Table 6.3 shows how the distribution of suggestions varies with the domains.
Below are some potential domains for suggestion mining:

1. Online Reviews: We observe that reviews can contain two kinds of suggestions,
suggestions to brand owners, and suggestions to consumers. The two type of
suggestions can vary in their proportions depending on the type of entity being re-
viewed. For example, hotel and electronics reviews tend to have a large proportion
of suggestions targeted to future customers as compared to the hotel authorities.
But book reviews hardly contain any suggestions to the fellow readers, however,
suggestions are mostly present in the form of wishes about what the readers would
have liked to see in the book. In general, suggestions may not be present in every
review, therefore, suggestions appear sparsely in review datasets.

2. Suggestion Forums:  Suggestion forums are dedicated forums to provide sugges-
tions for improvement in an entity. Often people tend to provide the context in
such posts, which gets repetitive in the case of large number of posts under the
same topic. Suggestion mining methods can extract the exact sentence in the post
where a suggestion is expressed. There is at-least one suggestion per post, which
results in larger number of suggestions in these datasets.

3. Tweets: Tweets about a commercial entity also contain suggestions to the brand
owners as well as to the customers. The dataset provided by Dong et al. [18] only
contain the tweets addressed to Microsoft and not the tweets which merely mention
Microsoft, therefore the suggestions in this dataset are mostly the suggestions for
product improvement. We also studied the appearance of open domain suggestions
on twitter, and they mostly contain expressions of advice and recommendations
targeted to an open audience. For exampleAdvice to consider: Hand Exercises for
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Knitters, Crocheters, and other Handcrafters with Col... https://t.co/pkV4zXUc3S
via @YouTube Suggestions tend to appear sparsely on Twitter.

Problem de nition revisited: After proposing our de nition and scope of sugges-
tions, the problem de nition for this thesis can be re ned as:

Given a set S of sentence$s;,s»,83,...,Sn0, predict a label |; for each of statement in
S, wherel; 2 f suggestion, non suggestion) suggestion = f explicit suggestiong, non-

suggestion =f explicit non-suggestions, implicit suggestions, implicit non-suggestiongg.

4.4 Creating Benchmark Datasets

In this section, we detail the development process of manually annotated datasets used in
this thesis, as well as the takeaways from the dataset development process. We performed
two phases of manual annotation for each dataset. The rst phase is performed using

paid crowdsourcing where each sentence is annotated by multiple annotators, and the
second phase is performed by a single yet expert annotator.

4.4.1 Phase 1. Crowdsourcing Annotations

Crowd ower Platform: Crowd ower ? is a crowdsourcing and data mining company
which provides full edged services to individual customers and organisations, under
which their clients can access an online workforce to manually clean, label, and enrich
data. Various options are provided in the platform to ensure the reliability of this work-
force, and pay them accordingly. The platform supports many di erent use cases, like
sentiment analysis, search relevance, and data categorization. The total cost involved in
the annotation process includes a platform fees and direct payments to the workers.

A proper understanding of the platform is required before an annotation job is publicly
launched, which includes the platform functionality and terminology. In this regard, a
very useful feature of Crowd ower is that it allows for a trial launch of the annotation
job to a customer's internal team, where everything remains same as the actual task,
except that no payment is made to the annotators. Once approved and tried by the
internal team, the job can be released to the workforce. Only those workers can see the
annotation job and choose to do it whose pro le has the characteristics chosen by the
customer. There is a provision of testing the contributors against a set otest questions
with known answers. A graphical editor allows the user to easily upload the data and
set up various aspects of the annotation process, like the instructions, desired annotator

2https://www.crowdflower.com/
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Figure 4.2: A screenshot of how the raw data looks upon uploading on crowd ower
platform

pro le, test questions, payment per annotation, number of minimum and maximum data
instances to be annotated by each annotator, etc. More details on the above mentioned
aspects of annotation process are provided below.

Job Design: The very rst step to create a new annotation job is to load the data into
the job. Crowd ower accepts raw data in .tsv, .csv, .xIsx, and .ods formats (Figure 4.2).
Rows of data represent individual data points that can be presented to the annotators
to work on. In our case, the data was in a .csv format with the elds "id', “sentence’,
and “source', which stand for the sentence id, sentence, and full text from the document
from where the sentence is extracted. While working on a job, annotation job appears
in batches of rows to work on at a time, which are referred to as "Pages' (see Figure 4.3).
Annotators are not paid per individual row, rather per page. In our case, each page has
8 sentences.

Annotators:  Crowd ower o ers a large pool of annotators (referred to as work-
ers) with a varying experience of performing data labeling tasks (referred to agobs) on
crowd ower. Each worker has a pro le on crowd ower, where his experience is quan-
ti ed into three levels, level 1 being a new worker who haven't yet performed any job.
Level 1 may also mean that a worker could not perform any job because he/she did
not achieve a threshold score in the respective test questions. A worker's country and
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Figure 4.3: A screenshot of how each page of the annotation job appears to the
annotators on the crowd ower platform

language pro ciency is also recorded in his pro le.

Quality Control: In the trial phase of annotations, we observed that under certain
scenarios the credibility and quality of labeled data can be compromised.

1. The annotation instructions lack clarity.

2. Since the annotators are paid according to the number of annotations completed
by them, it can be the case that the annotators choose a random option without
actually taking time to understand the instructions, and reading individual data
point.
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3. The annotators do not possess the level of language understanding required for
the task.

4. The annotators are very new to the platform and data labeling tasks.

We adapt the following solutions which are provided with the Crowd ower platform to
overcome the above mentioned quality issues, respectively.

1. The job was launched to our internal team members rst, and their feedback was
incorporated on the clarity of instructions.
Before being allowed to perform a job, the annotators are presented with a set of
test sentences which are similar to the actual questions except that their answers
have already been provided by us to the system. We also submit the explanation
behind the correct answer. A worker is shown the right answer and explanation
upon his submission of the answer. Workers can also provide feedback referred
to as contentions, if they think that a wrongly answered test question was unfair
as per their understanding of the instructions. This way the test questions serve
two purposes: test the annotators competency and understanding of the job, and
train the annotator for the job. Crowd ower recommends certain best practices
to prepare e ective test questions 3.
We submit 30 test questions for each dataset. Each starting annotator is presented
with 10 test questions, and only the annotators who score 70% or more are allowed
to proceed with the job.

2. If an annotator passes the test and starts the job, the remaining unseen test
guestions are presented to them in between the regular sentences, and without
being notied. In our case, every 1 question out of 8 questions on a page is a
hidden test question for the annotator. The accuracy score of a contributor on
test questions is referred to asTrust score in a job. If an annotator's trust score
drops down a certain threshold during the course of the annotation, system does
not allow them to proceed further with the job. This threshold score in our case
was set to 70%.

In addition to the hidden test questions, a minimum time for each annotator to
stay on one page of the job (8 questions in our case) can be set. If annotators
appear to be faster than that, they are automatically removed from the job. We
set this time to 40 seconds (5 seconds on average for each sentence) for our jobs.

3. Crowd ower allows the customers to restrict or choose the countries from where
an annotator can join. Only 15 countries could be selected; we considered the fol-
lowing countries: Australia, Bangladesh, British Indian Ocean Territory, Canada,

3https://success.crowdflower.com/hc/en-us/articles/213078963- Test-Question-Best-Practices
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Germany, Hong Kong, Ireland, Malta, Sri Lanka, India, Israel, Nepal, United
States, United Kingdom, British Virgin Islands, U.S. Virgin Islands. We tried to
choose the countries where English is a popular language, but which is also likely
to have a large crowdsourcing workforce. It was observed that most of the anno-
tators came from: Canada, Australia, Germany, India, United Kingdom, Ireland,
and USA.

4. Crowd ower assigns the workers with experience levels based on the number of
times they successfully passed the test questions and performed a job. i.e. level
1, 2, 3, where level 1 is assigned to the absolute nhewcomers with no job experi-
ence. Usually the workers with higher experience level do not pick up low paying
annotation jobs. We only allowed workers with experience level 2 or more for
our annotations. Therefore, the annotation reward was required to be competent
with other jobs. We paid 10 cents for each page, i.e. 8 sentences, which means a
maximum of 10 cents for 40 seconds of work, which is 9% per hour.

Annotation Agreement: Multiple judgments are collected for each sentence. How-
ever, the number of annotators or judgments to be collected for each sentence is not
xed. This is due to the reason that Crowd ower doesn't simply decide the right label

for a given sentence based on a majority count, instead the label with higheston dence

is chosen, e ectively returning the most trusted judgment for a given unit of data.

Con dence is a score between 0 and 1, which describes the level of agreement between
multiple contributors and the con dence in the validity of the result at the same time.

For example, for two possible answers for each question in our task i.esuggestionand
non-suggestion the con dence would be calculated as follows:

1. Sum the trust scores of the contributors responsible for each response. As explained
previously, Trust Score is the accuracy score of a contributor on test questions.
sum of trust(suggestion) = 4.47
sum of trust (non-suggestion) = 1.80

2. Sum the trust scores for all responding contributors.
Sum of trust(all) = 6.27

3. Divide each in #1 by #2 to nd the con dence score for each response.
Con dence(suggestion) = 0.713
Con dence(non-suggestion) = 0.287
Con dence scores for all the possible answers should sum to 1.

We provide a threshold con dence score (0.6), which one of the answers has to achieve
in order to consider the sentence as successfully annotated. However, it can be the case
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that a sentence is very ambiguous and cannot achieve the con dence score even after a
large number of workers answered it. A maximum limit to the number of annotators is
set in such case, and no further judgements are collected even if the threshold con dence
is not reached. We set this limit to 5 workers in our case. Such sentences are counted as
non-suggestions in the nal dataset if the con dence score still remain to be below 0.6.

4.4.2 Phase 2 Annotations

As discussed in previous sections, we follow a 2 phase annotation strategy, where one
phase includes the context and the other excludes the context of a sentence. Our scope
of suggestions is limited to the sentences which are labeled as suggestion in both the
phases, i.e. explicit suggestions. In the crowdsourced annotations, the context was
provided to the annotators in the form of domain information and source text. The
second phase of annotations is only required to be performed on the sentences which
were labeled as suggestions in the previous phase. This drastically reduces the number
of annotations to be performed in the second phase. The inter-annotator agreement was
calculated by making two annotators label a subset of sentences for each domain (50
sentences). Cohen's kappa coe cient (see Chapter 2) was used to measure the inter-
annotator agreement. Rest of the data instances were annotated by only one annotator.

Following guidelines were provided:

The intention of giving a suggestion and the suggested action or recommended en-
tity should be explicitly stated in the sentence. For example:[[Trylintention [the cup
cakes at the bakery next doordnity Jaction - Other explicit forms of this suggestion
could be: | recommend the cup cakes at the bakery next daoor, You should de -
nitely taste the cup cakes from the bakery next doorAn implicit way of expressing
the suggestion could be,The cup cakes from the bakery next door were delicious.

The suggestion should have the intention of bene ting a stakeholder, and should
not be mere sarcasm or joke. For examplef the player doesn't work now, you can
run it over with your car.

Following are some of the scenarios of con icting judgments observed in this phase of
annotations:

1. In the case of suggestion forums for speci ¢ domains, like software developer forum,
domain knowledge is required to distinguish an implicit non-suggestion from an
explicit suggestion. For example the two sentences, "It needs to be an integrated
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part of the phones functionality, that is why | put it in Framework.', and, “Secondly,
you need to limit the number of apps that a publisher can submit with a particular
key word.". The rst sentence is a description of already existing functionality and

is a context sentence in the original suggestion post, while the second is suggestion
for a new feature.

2. No concrete mention of what is being advised. "It'd be great if you would work on
a solution to improve the situation'.

3. "I would go in fall." This sentence was annotated as a suggestion in phase 1, as
a part of travel discussion forum, with a likely interpretation as °If | were you, |
would go in fall'. However, when viewed without context, it can be perceived as
reporting one's travel plans.

4. Attimes, there was a confusion between information (fact) or suggestion (opinion).
For example, “You can get a ticket that covers 6 of the National Gallery sites for
only about US$10.'

45 Released Datasets

This section lists all the manually labeled datasets used in this thesis. In nal versions of
the datasets prepared by us, the sentences which are labeled as suggestions in the second
phase of annotations are labeled as suggestions, while all other sentences are labeled as
non-suggestions.

Following two datasets were available from the previous works. We consider the la-
bels provided from the previous works as phase 1 annotations, and performed phase 2
annotations on these datasets, i.e. re-labeling of instances which were previously labeled
as suggestions.

Travel forum dataset: Wicaksono et al. [73, 74] crawled several web forum threads
from two well-known travel forums InsightVacations* and Fodors °. Originally, an

inter-annotator agreement of 0.76 (Cohen's kappa) was reported for this dataset. The
provided dataset only comprises of the instances where both the annotators agreed.

Microsoft tweets dataset: The dataset was initially released by Dong et al. [18].
While no inter-annotator agreement was reported by the authors, only those tweets
were retained in the dataset where the annotators mutually agreed upon the label. In

“http://forums.insightvacations.com
Shttp://www.fodors.com
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this case, the unit for suggestions is a tweet instead of a sentence. All of the tweets
previously labeled as suggestions in the Microsoft tweet dataset were accepted as
suggestions in phase 2 annotations. A 100% inter-annotator agreement was observed
between the two annotators. This could be due to the fact that full tweet is available

to the annotators rather than a single sentence, while hashtags also help in reducing

ambiguities.

We prepare new datasets for the following domains, using the two phase method. This
also includes a new dataset for the previously studied travel forum domain.

Hotel reviews : Wachsmuth et al. [71] provide a large dataset of hotel reviews from
the TripAdvisor ® website. They segmented the reviews into statements so that each
statement has only one sentiment label and have manually labeled the sentiments.
Statements are equivalent to sentences, and comprise of one or more clauses. These
statements have been manually tagged withpositive, negative, con ict, and neutral
sentiments. We take a smaller subset of these reviews, where each statement is con-
sidered as a sentence in our dataset. We also retain the the original review text and
sentiment label for each sentence.

Electronics reviews: Hu et al. [26] provide a dataset comprising of reviews of
di erent kinds of electronic products obtained from the website of Amazor’. Amazon

is an e-commerce company, and its website collects and displays online reviews of the
listed products. Hu et al. also split the reviews into sentences, and sentiment for each
sentence has been manually tagged.

Travel forum:  The data is obtained from the same source as the previous travel
forum dataset by Wicaksono et al. This domain appears to exhibit a wide variety

of expressions employed in suggestions, with relatively lower grammatical and spell
errors. However, this domain also shows a relatively lower inter-annotator agreement.

Software suggestion forum: The sentences for this dataset were scraped from the
Uservoicé platform. Uservoice provides customer engagement tools to brands, and
therefore hosts dedicated suggestion forums for certain products. Though most of the
forums for commercial products are closed access, we discovered two forums which are
openly accessible: Feedly mobile application, and Windows developer. A sample of
posts were scraped and split into sentences using Stanford CoreNLP toolkit [32]. The
class ratio in the dataset obtained from suggestion forums is more balanced than the
other domains. Many suggestions are in the form of requests, which is less frequent in

Shttps://www.tripadvisor.com/
"https://www.amazon.com/
8https://www.uservoice.com/
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Dataset identi er Source Class ratio (Sug- Inter-
gestion : Non- annotator
Suggestion) agreement
(phase 2)

Existing datasets
Microsoft tweets | Twitter 238/2762 8:100 1.0
(original, re-tagged)
Travel forum
(original)
Travel train
(re-tagged)

InsightVacations, Fodors | 2192/3007 72:100| 0.76 [73]

InsightVacations, Fodors | 1314/3869 34:100| 0.72

New datasets

Hotel train Tripadvisor 448/7086 6:100 0.86
Hotel test Tripadvisor 404/3000 13:100 | 0.86
Electronics train Amazon 324/3458 9:100 0.83
Electronics test Amazon 101/1070 9:100 0.83
Travel test Fodors 229/871 26:100 0.72
Software train Uservoice suggestion fo4 1428/4296 33:100 | 0.81
rum
Software test Uservoice suggestion fo-{ 296/742 39:100 0.81
rum

Table 4.7:  Manually annotated datasets prepared during this thesis. The datasets

will be referred by their identi ers in the remaining chapters. The source text was

openly available through di erent web platforms or existing publicly available datasets
for sentiment analysis.

other domains. The text contains highly technical vocabulary related to the software
which is being discussed, which may e ect the classi er performance when this dataset
is used for training or evaluation in the cross domain train-test settings, specially when
bag of word features are employed. This will be validated in the next chapters.

Table 6.3 provides the details of these datasets. The datasets are selectively used in
di erent experiments, based on the requirement of the experimental setup. Therefore,
the experiments reported in the next chapters do not include all the available datasets
as listed in this section. Some experiments only use a subset of a dataset, which will
also be made publicly available in order to replicate the results.

4.6 Summary

In this chapter, we investigate a foundational question in suggestion mining, i.e.What
are suggestions in the context of suggestion mining7o begin with, we perform a qual-
itative analysis of suggestions, which includes the study of two prominent linguistic
properties of suggestions: lexical cues and grammatical moods. While most of the pre-
vious works heavily used the lexical cues as features for suggestion mining, our count
of highly frequent unigrams and bigrams in suggestions miss many of these lexical cues.
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While the frequent unigrams and bigrams appear to be heavily relying on the domain,
grammatical moods tend to remain consistent across suggestions from di erent domains.
Imperative and subjunctive mood are the two grammatical moods frequently observed
in suggestions.

Sentiment analysis and suggestion mining are closely related areas of research in the
sense that they are both applied to opinionated source texts, and are likely to be coupled
for various applications. We study the relationship between sentiments and suggestions,
and observe that suggestions do not always appear with a specic sentiment polarity.
An interesting observation was that some of the sentiment analysis datasets which were
sourced from online reviews choose to exclude those sentences which do not discuss the
reviewed entity. Often, such sentences are advice and recommendations to the future
customers on closely related points of interest.

We also report our study of the perception of the term suggestionamong layman an-
notators. We map the sentences labeled as suggestions and non-suggestions by layman
annotators to some prede ned categories of expressions which tend to appear in opinion
discourse. These categories were thoroughly studied and de ned by an existing work [2].
Some of the categories of expressions were present in both suggestion and non-suggestion
sentences, which forms the basis of ambiguities associated with the preparation of bench-
mark datasets. Based on the observations, we propose a context dependent method to
de ne four categories of sentences encountered a the source text, explicit suggestions, im-
plicit suggestions, explicit non-suggestions, an implicit non-suggestions. We also study
the possible contexts which can play a signi cant role in determining whether a sentence
should be regarded as a suggestion or not. We set the scope of suggestions to the
plicit suggestions for this thesis and the unit of suggestion as sentences, and will refer
to explicit suggestions assuggestionsin the rest of the thesis. Based on this theory, we
develop benchmark datasets using a two-phase annotation method. A detailed report is
presented on the methodology adapted by us to prepare the benchmark datasets using a
combination of crowdsourced and expert annotators. We introduce datasets which will
be used throughout this thesis, and will be publicly available for research purposes.

A possible future direction with regard to the qualitative analysis of suggestions is to ex-
tend the study of suggestions to more domains, like, youtube comments, stack over ow
discussions, blogs, etc.



Chapter 5

Manual Feature Engineering for
Suggestion Mining

5.1 Introduction

This thesis approaches suggestion mining as a binary classi cation problem for sentences,
based on if they contain explicit expressions of suggestions or not. This chapter inves-
tigates one of the central research question of a statistical classi cation task, i.e.What
are good features for suggestion mining?n this chapter, we evaluate manually identi ed
features for data representation in suggestion mining. Since features may perform vari-
ably with di erent classi cation algorithms, we employ Support Vectors Machines with

a radial basis kernel [15] as the classi cation algorithm and experiment with employing
di erent features with this classi er. We propose additional features to those which
have been already proposed in the previous works, and present an extensive evaluation
of all the features across di erent domains and datasets. These features represent the
lexical, syntactic, semantic, and sentiment aspects of a text. Suggestions are observed
to possess similar linguistic properties across domains. Therefore, feature evaluation is
performed in both domain speci c and domain independent training scenarios for the
statistical classi ers, which has never been studied in the past with regard to suggestion
mining.

This chapter addresses two aims. First is to provide insights into manual feature engi-
neering for suggestion mining, which identify useful features as well as the limitations
of manual feature engineering. Second is an in-depth evaluation of existing approaches
for suggestion mining on the evaluation datasets which are labeled according to our
proposed de nition of suggestions. A rule based classi er is also used as a baseline in

65
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order to evaluate the results obtained from the statistical classi ers. Early versions of
this chapter have been published in [48, 49].

5.2 Features

The evaluated features are categorized into four classes, baseline features, related work
features, proposed features, and a combination of the previous three.

5.2.1 Baseline features: n-grams

Unigrams, bigrams, and trigrams are considered as baseline features. All other features
described below are used in combination with the n-gram features. The n-gram features
are case insensitive, and do not exclude any stop words.

5.2.2 Related work features

The two main line of works which performed statistical suggestion mining were, Wicak-
sono and Myaeng [72{74] and Dong et. al [18]. Unigrams were used as features by all
of these works, which we have already included in our baseline classi ers. The other
features employed by these works can be categorised into domain independent and do-
main speci ¢ features. We use an identi er R,, wheren is a numeric id, for each of the
features proposed by these related works and which we re-implement for our experiments.

Domain independent features

These are the features whose value can be calculated independent of the domain, and
which do not rely on any domain speci ¢ property of the data. However, not all of these
features could be re-implemented by us due to unavailability of implementation details
in the papers. Following are the features which could be re-implemented based on the
available information:

1. Template features (R 1): These features were proposed by Dong et. al [18], who
performed suggestion mining using a training dataset of tweets which were addressed
to Microsoft, and which discussed Windows phone. The features include automati-
cally extracted indicator words and phrases, which they refer to assuggestion tem-
plates These templates were extracted from the feedback data crawled from Windows
phone's o cial feedback web site. With an aim to extract domain-independent tem-
plates from these feedbacks, they rst Itered out the domain-related words (e.g.
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Group# | Templates Group# | Templates
1 need, require, want 6 wish, would, should, "d
2 dear, please, come on 7 “d better, had better, couldn't
be more, couldn’t be better
3 i would like, i'd like, i would | 8 we want, we don't want, we
love, 'd love, love to see need, we don't need, i want, i
don't want, i need, i don't need,
want to, wants to
4 i hope, i don't hope, we hope,| 9 how about, what about, what
we don't hope, i wish, i don't if, why not, why couldn't, why
wish, we wish, we don't wish, can't, why wouldn't
wish to, hope to
5 need to, needs to, require to, re-| 10 might help, may help, i have an
quires to idea
Table 5.1: Template features from Dong et. al [18]

\windows", \phone" and \lumia") from the feedback data. They employed the Pre-
xSpan (Pre x-projected Sequential Pattern mining) [55] algorithm which is used
to nd frequent sequential patterns in sequential data. They removed the patterns
which only contained stop words. To overcome sparsity in the feature vector, they did
not use only one template as one feature, instead they grouped a number of templates
as a single feature. This grouping was performed manually, by selecting templates
which only di ered in interchangeable semantically similar words, like \I would like"
and \I would love". They selected 45 highest frequency templates and grouped them
as ten di erent features (Table 5.1). The feedback dataset and their implementation
of the template extraction algorithm is not available and the templates are not listed
in their paper, although the templates were directly provided to us from the authors
upon request. These are implemented by us as ten di erent boolean valued features.

. Proper noun and modal verb (R »): This features was proposed by Wicaksono
and Myaeng [72]. It is a string representing the combination of a proper noun and
modal verb which appear in a sentence as the arguments of a ‘nominal subject'
(nsubj) dependency relation. A nominal subject is a noun phrase which is the syn-
tactic subject of a clause. Stanford dependency parser [17] is used to identify the
linguistic dependencies in a sentence. Each pair of such proper nouns and modal

verbs appearing in the data are treated as a single feature.

. Presence of imperative mood (R  3): This feature was used by Wicaksono and
Myaeng [72, 73] as a boolean valued feature whose value depends on the presence
of imperative mood in the sentence. They proposed that if any one of the following

conditions holds true, the imperative mood is present in a sentence:
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Figure 5.1: Screenshots from SentiWordNet. The eld Synset Terms comprises of
words and their synset id from Wordnet separated by a# symbol. Word living appears
in di erent sentiment synsets.

(a) First word's POS tag is either VB (verb, base form) or VBP (verb, non-3rd
person singular present).

(b) First word's POS tag is RB (adverb) and second word's POS tag is either VB
or VBP.

(c) Starting from any word position whose POS tag is either SYM (symbol) or
punctuation mark, if #1 and #2 apply.

4. Speci c linguistic dependencies (R 4). Proposed by Wicaksono and Myaeng [73],
this is again a boolean valued feature depending on the presence or absence of any
of the typed dependencies, “conj', ‘csubj', and "nsubj' in the sentence.

We were unable to implement the following domain independent features because of the
unavailability of required details:

1. Opinion copula:  Proposed by Wicaksono and Myaeng [72], this boolean val-
ued feature indicates the presence of an opinionated copula, where a copula is
the relation between the complement of a copular verb and the copular verb (is,
am, are). In an opinionated copula, the governor of the relation should have a
subjectivity score above the threshold 0.69. The subjectivity score of a word was
determined using SentiWordNet [4]. The screenshots from SentiwWordNet shown
in Figure 5.1 show that there are two types of scores provided for each sense of
a word in SentiWordnet. There could be multiple senses of the same word, with
a di erent set of values corresponding to the positive and negative scores. It was
not mentioned how exactly a single subjectivity score was obtained, given Senti-
WordNet's multiple senses and di erent values of positive and negative scores for
each sense.

2. Clue verbs: This feature was proposed by Wicaksono and Myaeng [72]. It is a
function of three elements: a set of clue verbs found in the sentence, proper-noun
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attached to the clue verbs as nominal subject, and POS tags of those clue verbs.
In order to obtain clue verbs, they used some seed verbs and expanded them using
Framenet [6]. However, these seed verbs or the nal expanded set of verbs are
unavailable in order to replicate this feature.

Domain dependent features

Apart from the above described features, domain speci c features were also employed in
the previous works, as each work only addressed one domain. In the case of discussion
forums, features which where dependent on the structure of the discussion thread were
employed [73, 74], for example, the position of a given sentence in the thread, and
hashtag based features were proposed for suggestion mining from tweets [18]. We do
not re-implement and compare the performance of domain speci c features, since these
are not applicable to the training datasets from di erent domains, as well as are not
suitable for domain independent training of the classi ers.

5.2.3 Proposed Features

These are the new features proposed by us, which are either based on our observations,
or are variations of some features from the previous works which could not be replicated.
We refer to these features through an identi er P,, for each of the feature types, wheren

is a numerical id. Similar to the related work features, we propose to use these features
in addition to unigram features, which is a popular baseline. Below, we group the new
features into lexical, syntactic, sentiment, and semantic features.

Lexical features: These are word level features, which depend on the vocabulary

hope, desire, trust, believe, want,require, advice, warning, advise, suggest, recom-
mend, recommendation, insist, demand, necessity, requirement, advise, tip, ask, re-
quest, urge, expect, propose, proposal, think, dream, imagine, covet, wish, beg, crave,
fancy, implore, need, press, avoid, refrain, do not, don t, do, warn, caution, desirable,
suitable, important, imperative, urgent, bene cial, e ective, necessary, essential

Table 5.2: The extended set of suggestion keywords from proposed features {P

appearing in the data. Unigrams also belong to this category of features.

1. Suggestion keywords (P 1): These include the verbs:suggestion, advise, request,
ask, warn, recommend, do, do not their corresponding nouns: suggestion, advice,
request, warning, tip, recommendation and the synonyms of this set of verbs and
nouns, obtained using WordNet [21]. Suggestion keywords constitute a single feature,
which is boolean valued, and its value is determined by the presence of any of the
suggestion keywords in the sentence.
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Syntactic features:  These features represent the grammatical properties of sentences.

1. Part of Speech n-grams (P ;). These features are similar to the word n-gram
features, with the only di erence that words are replaced by their respective part of
speech tags. Consider an example of a PoS tagged sentence, “Rdra_DT lovely _JJ
breakfast NN ,_, turn _VB left "VBN out _IN of_IN the _DT front _.NN entrance_.NN -_:
on_IN the DT next _JJ corner.NN is_-VBZ a_DT cafe_JJ with _IN fresh_JJ baked.JJ
breadsNNS and CC cookedJJ mealsNNS ...". The POS tag bigram corresponding
to the bigram “For a' would be "IN DT'. POS n-gram features include unigrams,
bigrams, and trigrams of POS tags.

2. Sequential patterns of POS tags: Sequential pattern mining are methods which
nd statistically relevant patterns between data examples where the data points are
present in a sequence. Sequential pattern mining was traditionally applied to appli-
cations like mining purchase patterns of customers, where ordering of products on
shelves can be based on the order of mined purchasing patterns. State of the art
sequential pattern mining algorithms require the dataset to be converted into an or-
dered list of events An event is a non-empty unordered collection ofitems, which in
turn is the smallest unit of sequences. The output of these algorithms are sequential
patterns, which comprise of sequences of items, and is de ned to be frequent if its
support (a measure of frequency) is equal or more than a user-de ned threshold.
Consider (a1; ap;::;; ag) a sequence, where; is an event. A sequencedy; ay; ::;; an),
is a subsequence of another sequench; {by;:::by), if there exist integersiy <ij <
o <ipsuchthata; bi, ao b isan b,. For example, given a sequence
(AB,E,ACD), where B is an item and AB, E and ACD are events. (B,AC) is a sub-
sequence, since B AB and AC  ACD and the order of events is preserved. On
the other hand, (AB,E) will not be a subsequence of the sequence (ABE). We map
our pos tag sequences to sequential pattern mining by considering each POS tag as
an event, which means that the length of all events is 1 item.

Several algorithms exist for pattern mining. We use the Clospan [76] algorithm to
obtain the frequent patterns of PoS tags appearing in imperative mood sentences.
Closed pattern mining algorithms are believed to produce a signi cantly less number
of sequences than the previously introduced algorithms, while preserving the same
expressive power. We use sequences of lengths 2 and 3 with a relative support greater
than 0.4, where maximum relative support is 1. Features (B) and (P4) explained
below use sequence pattern mining. In Chapter 4, we showed that suggestions tend
to contain imperative and subjunctive mood, therefore we perform pattern mining
on sentences containing imperative and subjunctive mood, and use these patterns to
indirectly identify if the sentence contains these moods.
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Imperative Patterns Subjunctive Patterns
<NN ><NN> ,<VB>NN > <NN >< NN >;
<VB><PRP > <VB><VB>; <VB ><NN >
<VB>VB>NN > <NN ><VB >

Table 5.3:  Frequent POS patterns observed in sentences containing imperative and
subjunctive mood

Sequential patterns vs. n-grams: Sequential patterns are dierent from the

POS n-gram features in the sense that sequential patterns are like templates with
place-holders, where the items in a pattern are ordered but do not necessarily ap-
pear immediately next to each other, while items in n-grams are immediate neighbors.

Imperative Mood Sequential Patterns (P 3). Wicaksono et al. [72] also ob-
served the presence of imperative mood in advice sentences. They used an imperative
mood detector, based on a set of handmade rules to determine whether a sentence is
imperative. PoS sequential pattern extraction is our alternative to such rule based
mood detection. The sentences often contain more than one clause, and more than
one mood expression. This feature aims to detect if any part of a given sentence con-
tains at-least one expression of imperative mood. In order to extract the patterns,
we prepare a small dataset of 300 example sentences of imperative mood. These sen-
tences were short sentences of lengths between 3-8 words, and are manually collected
from webpages related to English grammar, and linguistic research papers on mood
and modality.

Subjunctive Mood Sequential Pattern (P 4) None of the previous works
emphasized the presence of subjunctive mood in the suggestion sentences. Based on
our observation, we extract POS sequence features from a dataset of sentences con-
taining the subjunctive mood. Similar to the imperative mood dataset, this dataset
also contains 300 sentences, and is collected from English grammar webpages, and
linguistic research papers on mood and modality.

Each of the two feature types Ps, P4) comprise of a number of patterns, each of
which represents a single boolean valued feature depending on the presence or ab-
sence of the pattern in a given sentence. A total of 8 features (see Table 5.3) were
extracted for both the moods.

3. Information about the subject =s (P s): This feature captures the details ofnsubj
dependency appearing in a sentence. It comprises of pairs of POS tags of the argu-
ments of the nsubj dependency, or the labeho_nsubj in case nsubj dependency does
not appear. This feature is based on the observation that often a reviewer addresses
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the reader when giving a suggestion. In the sentence, "If you do end up here, be sure
to specify a room at the back of the hotel', the nsubj dependency is nsubj(do, you),
and the feature in this case would beVBP-PRP . On the other hand, this suggestion
could also appear in a shorter form, "Be sure to specify a room at the back of the
hotel.’, in which case the feature value would beno_nsubj. If more than one nsubj
dependency is present, the POS pair for each of them will be included in the feature
set.

Sentiment features:  Given that suggestions are mostly extracted from opinion and
feedback containing texts, which are also used for sentiment analysis studies, there
may be a co-relation between sentiments and suggestions. In Chapter 4, we saw that
suggestions or non-suggestions in reviews do not belong to any particular category of
sentence level sentiment targeted towards the entity being reviewed. Also, it is a complex
natural language processing task on its own to determine the human intended sentiment
of a given sentence. Therefore, our sentiment features do not involve the estimation of
a sentiment label for the full sentence, but a numerical aggregation of the amount of
positive and negative sentiment associated with each word of a sentence, which may/may
not be a direct indicator of the actual sentiment.

Previous works also used some rule based sentiment features, where numeric sentiment
values were calculated using SentiWordNet, but only for words appearing at certain
places or which have a relationship to other pre-determined words. We employ the
following two sentiment related features:

1. SentiwordNet score sum (P g): A sum of sentiment scores of all the words in
a sentence is obtained using SentiWordNet 3.0 [4, 20]. We already saw in Figure
5.1 how each word can appear in SentiwWordNet among di erent sentiment synsets
representing di erent senses of a word. Even on restricting a word to a particular
part of speech, multiple sentiment synsets may exist. Di erent senses of a word
may have a distinct sentiment score pair (positive, negative). We calculate a single
sentiment value for each word using the formula:
sentiment , = P (1=n)(P osSentiment(wh) NegSentment(w}))
where sentiment, is a single sentiment score for each word wwh is a sense of
the word which appears as a p part of speech in the sentence, n is the sense rank
of the word which is attached with the word using a# symbol. For example,
1,2,3 are sense ranks of the wortiving in the senses living#1, living#2, living#3
respectively. Thus, a single sentiment score for a word is a weighted sum of the
di erence in its positive and negative scores from each sense's sentiment. This
method of calculating a single sentiment value for each word is adapted from
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the sample algorithm mentioned on SentiWordNet's homepage!. Finally, the
sentiment score for the whole sentence is the sum of sentiment scores of individual
words.

2. SentiWordNet score normalized sum (P 7):  This is the sentiment score sum
as calculated above, but normalised over the number of words in the sentence.

Semantic Features: These features relate to the meaning of the text.

Named Entities (P g): This feature represents the presence and type of any
named entity in the sentence. This is based on the observation that suggestions
often contain mention of named entities. For example, | would have 2 nights in
Killarney as a touring base and drive the Dingle gure of eight on a long drive

between Killarney and Ennis." Stanford named entity recognizer? is used for the
same [23]. TheStanford NER model is used, which is a 7 class NER model, where
the classes are: Location, Person, Organization, Money, Percent, Date, Time.

5.3 Rule Based Classi er

An intuition for suggestion mining is that a set of hand picked rules should work well for
identifying suggestions, which was the approach adopted in some of the previous studies.
Therefore, we also evaluate a rule based classi er for the same, in order to compare its
performance with a statistical classi er. This classi er comprises of an aggregation of
rules suggested in the existing works on rule based suggestion mining. These rules com-
prise of certain keywords, phrases, and lexico-syntactic patterns which in turn comprise
of certain keywords/phrases and patterns in which these words appear in suggestion
sentences within a particular domain. The patterns also contain placeholders for do-
main related entities or expressions. For example, the keywords/phrases “suggest' and "I
wish’, are used in combination with product speci ¢ terms in the following patterns from
Viswanathan et al. [70]: H wish (Product) had/contain/include (Feature) i, hSuggest
(Product) for (Feature) i.

Since we are currently evaluating the classi ers for multiple domains, which can be
used or trained likewise on datasets across di erent domains, these patterns from the
existing works cannot be directly used for our rule based system. Therefore, we only
collect the domain independent lexical cues from these patterns and form a set of key-
words and phrases. In addition, there are some existing syntactic patterns which do not

Lhttp://sentiwordnet.isti.cnr.it/code/SentiwordNetDemoCode.java
2https://nlp.stanford.edu/software/CRF-NER.shtml
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Related Work | Rules
Keywords and phrases
Ramananed et al.[60]| needs to, need to
Viswanathan et al. | suggest, recommend, if, i wish, go for,should have, would,

[70] could have been

Viswanathan et al. | i would like, i'd like, i would love, I'd love, love to see
[70]

Moghaddam [43] there should be, | wish, allow us to

Syntactic patterns
Ramananed et al.[60]| Modal verbs followed by another verb, for example: |
would prefer the unit to have a simple on o switch.

Moghaddam [43] there should be (DT), VB (DT) option, | cannot (VB),
MD be (ADV) ADJ, MD (like/prefer/love) to, stop VBG,
ability(to|of)

Table 5.4: Rules for the rule based classi er

comprise of domain speci ¢ vocabulary. The rule based classi er then simply checks the
presence of at-least one of the lexical cues or syntactic patterns in order to identify a
sentence as a suggestion. All the rules are listed in Table 5.4.

5.4 Classi cation algorithm

Given that the task at hand is the binary classi cation of sentences, in this chapter, we
use Support Vector Machines (SVM) classi er with a Radial Basis Kernel. SVMs have
been widely accepted as a good choice of classi cation algorithm for text classi cation
and binary classi cation [13, 28, 31], since it often performs comparable or better than
its counterparts. It is also known to require a relatively small amount of parameter
tuning for parameters like number of features [28]. In addition, all the related works on
statistical suggestion mining used Support Vector Machines [18, 43, 72], excluding the
ones which approached suggestion mining as a sequence classi cation task. Wicaksono
and Myaeng [73, 74] used HMM and CRF classi ers when they considered posts in dis-
cussion forums as sequences and labeled each sentence as an item in the sequence.

Classi er con guration: We choose classi er parameters using 5 fold cross validation
of training datasets. The two critical parameters associated with SVMs are C and .
Various studies have provided certain range of values for C and (see Chapter 2) for best
classi cation performances? [28]. Based on these studies and several runs conducted
by us with dierent C and  values, we use the values 1 and 0.01 respectively. Another
con guration parameter is the number of features to be used. We perform a comparison
of di erent no. of unigram features to be used in a cross validation setting, and observe
that there is no signi cant change in the F-score of the positive class, when the number

3http://scikit-learn.org/stable/auto_examples/svm/plot_rbf_parameters.html
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Figure 5.3: Performance compari-

son on varying the no. of features

used by the classi ers when all kinds
of features are used.

Figure 5.2: Performance comparison
on varying the no. of unigram features
to be used with the classi er

of unigram features are above 500 (Figure 5.2). We also perform the same test when all
the features (n-grams, proposed, related) are used (Figure 5.3), and observe that fea-
ture dimension between 1000-2000 features gives best F1 score across all the domains.
Therefore, we use 1000 dimensions for all the models using the Information Gain (Info-
gain) [77] feature selection method. Infogain is one of the widely used feature selection
methods which can also be used to rank the features. Infogain value of a feature is the
measure of reduction in entropy of the class variable, after the value for a feature is
observed. The information gain value of each feature is calculated as follows:

Entropy:

H() =  pilogpi
p; is the probability of it" class, i.e. the proportion ofi!" class in the dataset.

P
H = n=1 Pi logpi

Information gain or change in entropy from a feature f:
I(f)=H - H(i jf)

Class weight is another important parameter, which we set to 1: 5 in all the experi-

ments. This parameter is used as an alternative to oversampling. Since SVMs work
by nding the support vector instances from both the classes, performing oversampling

would duplicate the instances which won't bring any change to the choice of support
vectors (see Chapter 2).
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5.5 Evaluation

The purpose of the set of experiments and evaluation presented in this chapter is to
determine which of the manually de ned features are e ective for the underlying classi-
cation task in suggestion mining, and if they perform equally well when domain speci c
training data is unavailable or training data is a mix of datasets from di erent domains.
Before proceeding to the results section, we present the following aspects of evaluation
performed in this chapter.

Evaluation metrics: In this thesis, classi cation performance of a model has been
reported as the Precision, Recall, and F-1 score for the positive class, i.e. trgiggestion
class. The best value for all of these measures is 1 and the worst is 0. In some of the
real life applications, only one out of precision and recall for the positive class may be
preferred in order to compare di erent models, and not the F-1 score. This is due to
the fact that some applications may nd it useful to retrieve all suggestions even though
some non-suggestions are also identi ed as suggestions, than to miss some suggestions;
while for other applications vice versa may be required.

Actual Label
Suggestion Non-Suggestion
) Suggestion True Positives False Negatives
Predicted Label - - -
Non-Suggestion False Negatives| True Negatives

Precision suggestion (Rugg): It measures the fraction of instances which are actually
suggestions out of the ones which are predicted as suggestions.
Psugg = True Positives / (True Positives + False Positives)

Recall suggestion (Ryugg): It measures the fraction of suggestion class instances which
are correctly identi ed out of the total number of suggestions.
Rsugg = True Positives / (True Positives + False Negatives)

F1 score suggestion (Fdugg): It combines precision and recall of the suggestion class
by calculating their harmonic mean.
I::I-sugg =2* (P sugg * Rsugg) / (P sugg +R sugg)

Evaluation data: A test set is used for evaluation for each of the four domains, hotel

reviews, electronics reviews, travel discussion forum, and software developer feedback
forum. As discussed before, suggestion datasets have a skewed class distribution in all
the studied domains, and therefore these test sets were originally unbalanced. However,
for the evaluation we use a balanced version prepared by random under-sampling of
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| Dataset | sugg./non-sugg. || Dataset | sugg./non-sugg. |
Training datasets Test datasets
Hotel train 448/7086 Hotel test 404/404
Electronics train 324/3458 Electronics test 101/101
Travel train 1314/3869 Travel test 229/229
Software train 1428/4296 Software test 296/296
Related work datasets
Microsoft Tweets 238/2762 NA NA
Travel-original 2192/3007 NA NA

Table 5.5: Datasets used in this chapter

negative instances, while counter methods for class imbalance are applied during the
training of models. This is to ensure that results for cross domain and open domain
training are not a ected by di erent class distributions in training and test datasets.
Table 5.5 provides an overview of the datasets used in this chapter.

As we already discussed, in the absence of a development dataset, we performed pa-
rameter optimisation using a 5 fold cross validation on the training datasets. In next
chapters we deal with much heavier and complex neural network based training meth-
ods, for which cross validation is a much more computationally expensive method for
evaluation. Therefore, separate train and test datasets suit better for our experimental
setup, where the main objective is to observe the relative performance of di erent kinds
of features.

Open domain and cross domain evaluation: We refer to using training datasets
from multiple domains including the evaluation domain as open domain and using
training datasets from domains other than the evaluation domain as thecross domain
training scenario. Keeping in mind that it would be expensive to manually label training
datasets for each application domain, we investigate the e ectiveness of features iopen
domain and cross domain training scenarios as well.

Comparison with the related work: As mentioned before in the Related Work
chapter, not all the previous datasets are available, and not all the features proposed
in the previous works are replicable, either due to the missing details or dependency on
domain speci ¢ metadata. However, two of the three most relevant works on statisti-
cal suggestion mining have made their dataset publicly available (Dong et al. [18], and
Wicaksono and Myaeng [73, 74]). Therefore, we compare our best performing feature set
with the results obtained by these works, where they have also employed SVM classi ers
with a set of hand picked features. Comparison is performed by using their version of
training dataset (and not the one re-tagged by us), and evaluating the classi er through

a 5-fold cross validation method (Table 5.11), which is the same as followed in both of
these works. The parameter values for SVM remain the same as used in rest of the
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Features/Classi er Hotel Test Electronics Test
Psugg [ Rsugg [ Fsugg [ Psugg [ Rsugg [ Fsugg
Baseline
Unigrams 0.974 0.653 0.782 0.938 0.612 0.741
Uni,Bi-grams 0.996 0.589 0.74 0.957 0.459 0.621
Uni, Bi, Tri-grams 0.992 0.597 0.745 0.978 0.449 0.615
Related Work
Rule based classi er 0.790 0.475 0.593 0.802 0.564 0.662
Unigrams, R 1-R4 0.982 0.686 0.808 0.928 0.653 0.766
Proposed
Unigrams,P 1-Pg [ 0.986 [ 0.686 [ 0.809 H 0.878 [ 0.663 [ 0.756
All
Unigrams,P 1-Pg,R1-R4 [0989 [0.693 [ 0815 [ 0.877 [ 0.653 | 0.749

Table 5.6: Performance of di erent features on hotel and electronics test datasets
when the classi ers are trained on the same domain training data.

Figure 5.4: Comparison of the performance of di erent feature sets using when train-
ing and test datasets belong to the same domain

experiments.

5.6 Results and Analysis

The results presented in this section compare the performance of the classi er with dif-
ferent sets of features across all four domains. We test the baseline features in three
settings, using only unigrams, using unigrams and bigrams, and using unigrams, bigrams
and trigrams. It was observed that using only unigrams performed best with the major-
ity of datasets. The second category of features comprises of features collected from the
related work, which also include unigrams in addition to the manually chosen domain
independent features. The third category of features are a combination of unigrams
and the features proposed by us. Finally, we also present the classi cation results of
using unigrams, related work features, and the proposed features, which tend to be the
best setting with most of the domains. All the experiments are repeated for the three
di erent training scenarios, domain speci ¢, open domain, and cross domain.

In-domain training: Tables 5.6, and 5.7 show the classi cation results when a
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Features/Classi er Travel Test Software Test
Psugg [ Rsugg [ Fsugg [ Psugg [ Rsugg [ Fsugg
Baseline
Unigrams 0.505 0.416 0.456 0.769 0.84 0.803
Uni,Bi-grams 0.56 0.412 0.474 0.803 0.805 0.804
Uni, Bi, Tri-grams 0.551 0.429 0.483 0.799 0.799 0.799
Related Work
Rule based classi er 0.799 0.375 0.510 0.686 0.871 0.767
Unigrams, R 1-R4 0.536 0.434 0.479 0.776 0.85 0.811
Proposed
Unigrams,P 1-Pg [ 0558 [ 0469 [ 0510 [[ 0748 [0.911 [ 0.822
All
Unigrams,P 1-Pg,R1-R4 [ 0568 | 0478 [ 0519 ][ 0.765 [ 0.877 | 0.817

Table 5.7: Performance of di erent features on travel and software test datasets when
the classi ers are trained on the same domain training data

classi er is trained and evaluated on the datasets belonging to the same domain. Figure
5.4 presents a comparative view of the F1 score produced by di erent feature sets across
the datasets. It is observed that in 3 out of 4 datasets, inclusion of proposed features in
the feature set resulted in an improvement in the F1 score for the suggestion class. In
the case of Electronics domain, related work feature set gave the best performance, and
the proposed feature set gave the second best. Overall, the proposed and related work
features were close in their performances, except in the case of Travel domain, where
proposed features performed signi cantly better. The classi cation accuracy remains
quite low for the travel domain in comparison to the other domains. Only software
domain has higher recall than precision with all types of features.

Open-domain training: Tables 5.8 and 5.8 show the classi cation results when
Features/ Classi er Hotel Test Electronics Test
Psugg [ Rsugg [ Fsugg [ Psugg [ Rsugg [ Fsugg
Baseline
unigrams 0.955 0.78 0.858 0.874 0.847 0.86
unigrams, bigrams 0.965 0.752 0.846 0.847 0.847 0.847
unigrams, bigrams, trigrams 0.968 0.748 0.844 0.856 0.847 0.851
Related Work
Rule based classi er 0.790 0.475 0.593 0.802 0.564 0.662
unigrams, R1 R4 0.964 0.785 | 0.865 0.881 0.908 0.894
Proposed
unigrams, P1  Ps [ 0.96 [ 0824 [ 0887 [ 0832 [ 0.908 [ 0.868
All
unigrams, R1 R4, P1 Pg [ 0963 [ 0829 [0.891 [ 0.856 [ 0.908 [ 0.881

Table 5.8: Performance of di erent feature sets in an open domain training scenario
evaluated on hotel and electronics test datasets

a classi er is trained on a pool of all the available datasets, which also includes the
dataset belonging to the same domain as the test dataset. Which means that the train-
ing dataset remains same for all the test sets in this set of experiments. Figure 5.5
presents a comparative view of the F1 score obtained through di erent feature sets. In
hotel and travel dataset, proposed features bring better improvement over the baseline,
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Features/ Classi er Travel Test Software Test
Psugg [ Rsugg [ Fsugg [ Psugg [ Rsugg [ Fsugg
Baseline
unigrams 0.73 0.372 0.493 0.717 0.829 0.769
unigrams, bigrams 0.748 0.341 0.468 0.742 0.795 0.768
unigrams, bigrams, trigrams 0.757 0.345 0.474 0.739 0.792 0.764
Related Work
Rule based classi er 0.799 0.375 0.510 0.686 0.871 0.767
unigrams, R1 Ry 0.746 0.416 0.534 0.733 0.87 0.796
Proposed
unigrams, P;  Pg [ 0748 [ 046 057 [[070 ] 0.877 [0.779
All
unigrams, R1 R4, P1  Pg [ 0.754 [ 0.46 [ 0.571 H 0.711 [ 0.874 [ 0.784

Table 5.8: Performance of di erent feature sets in an open domain training scenario
evaluated on travel and software test datasets

Figure 5.5: Comparison of the performance of dierent features sets in an open
domain training scenario

Features/ Classi er Hotel Test Electronics Test
Psugg | Rsugg [ Fsugg [ Psugg [ Rsugg [ Fsugg
Baseline
unigrams 0.694 0.928 0.794 0.814 0.714 0.761
unigrams, bigrams 0.729 0.886 0.8 0.866 0.724 0.761
unigrams, bigrams, trigrams 0.753 0.896 0.818 0.886 0.714 0.791
Related work
Rule based classi er 0.790 0.475 0.593 0.802 0.564 0.662
unigrams, R; Ry 0.753 0.891 0.816 0.844 0.776 0.809
Proposed
unigrams, P;  Pg [ 0.773 [ 0.894 [ 0.829 H 0.833 [ 0.816 [ 0.825
All
unigrams, R1 R4, P1 Pg [ 0785 [ 0903 [ 084 [[0.871 [0.827 [ 0.848

Table 5.9: Performance of di erent models using a combination of training datasets
which excludes the test domain.

while in electronics and software datasets related work features bring more improvement
over the baseline features. An interesting observation is that electronics and software
also show better recall than precision, which may indicate that the related work features
bring better recall. Overall, in all the datasets, using all features results in the highest
or second highest F score. Classi er performance improves for all the domains except
software when open domain training dataset is used.

Cross-domain training: Tables 5.9 and 5.10 show the results of when the train-
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Features/ Classi er Travel Test Software Test
Psugg [ Rsugg [ Fsugg [ Psugg [ Rsugg [ Fsugg
Baseline
unigrams 0.774 0.288 0.419 0.643 0.253 0.363
unigrams, bigrams 0.784 0.257 0.387 0.651 0.235 0.346
unigrams, bigrams, trigrams 0.789 0.248 0.377 0.63 0.215 0.321
Related work
Rule based classi er 0.799 0.375 0.510 0.686 0.871 0.767
unigrams, R1 Ry 0.785 0.323 0.458 0.708 0.413 0.522
Proposed
unigrams, P;  Pg [ 0798 [ 0367 [ 0503 ][ 0701 [ 0.512 [ 0.592
All
unigrams, R1 R4, P1  Pg [ 0.796 [ 0.381 [ 0.515 H 0.725 [ 0.577 [ 0.643

Table 5.10: Performance of di erent models using a combination of training datasets
which excludes the test domain.

Figure 5.6: Comparison of the performance of di erent features sets in a cross domain
training scenario

ing data excludes the test domain, and includes all other available domains. Figure 5.6
shows a comparative overview of Fscores across di erent datasets using di erent feature
sets in a cross domain training scenario. The proposed features perform better than
the related work features for all the datasets, and the best F score was produced when
all the features were used. Interestingly, in the case of software dataset, the rule based
classi er outperforms the best performing statistical classi er i.e the one which uses all
the features. Also, rules bring higher recall than precision in this case. Again, the clas-
si er performance improves in this setting as compared to the domain speci ¢ training,
except for the software domain.

Comparison with the previous works: As discussed previously, only two of the
related works made their datasets available (Wicaksono and Myaeng [72{74], and Dong
et al. [18]). The classi ers employed by these systems are not completely replicable on
all the datasets due to the previously stated reasons. Therefore, we perform a compar-
ison of our features with the results produced by them by using the datasets provided
by these works (Table 5.11). Both of these works employed SVM in addition to other
classi ers like HMM and Factorisation Machines.

In the case of the travel domain dataset, our features perform better than the features
from Wicaksono et al. given that some of their features were speci c to the domain i.e.
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discussion threads. In the case of tweets, our features perform poorly in comparison to
the features from Dong et al. This may be attributed to the features which are depen-
dent on parsing and part of speech tagging, since automatically tagged dependency and
part of speech tags maybe more erroneous for tweets in comparison to other domains.
Secondly, Dong et al. used class weighting as a measure to overcome class imbalance
but do not specify the class weights used by them, however, we use a class weight of 1.5
for non-suggestion and suggestion classes respectively.

Overall, following observations are made from the results:

1. Domain dependency in training: In three out of four datasets, open domain
and cross domain training improved the f-score over the in-domain training of clas-
si ers when the proposed features were used. The highest F scores were achieved
in the open domain training of classi ers. An exception was the software domain,
where there was a signi cant drop in performance on mixing the training datasets,
specially in the cross domain setting.

2. Domain complexity: ~ The travel domain appears to be the most di cult one for
suggestion mining. This also aligns well with the relatively lower inter-annotator
agreement observed for this domain (Chapter 4). We observe a number of ex-
amples in the travel domain where suggestion and non-suggestion sentences carry
similar syntactic properties, and context plays an important role in distinguishing
between the two classes of sentences. For example: "You can get a ticket that
covers 6 of the National Gallery sites for only about US$10, for example (includ-
ing Sternberg Palace and St Agnes Convent).', is not a suggestion but a factual
sentence using modal verb and “you' which are a typically present in suggestion
sentences. This becomes evident from the preceding sentence, i.e. “Old Masters
are not my particular favorite art period, anyway, there are plenty of those in the
National Gallery." A contrary scenario is the use of sentences like, ‘lt's easy to
see the CT via the train.' to give a suggestion, where typical suggestion cue are

Features Classi er Travel Discussions (original) Microsoft Tweets
P-Avg | R‘Aig | FAvg [ Psugg | Rsugg | Fsugg

Wicaksono and CRF 0.768 0.746 0.757 NA NA NA
Myaeng [73, 74]

SVM 0.714 0.711 0.712 NA NA NA
Dong et al. [18] FM NA NA NA 0.710 0.678 0.694

SVM NA NA NA 0.622 0.644 0.633
Uni, P1-P8 SVM 0.74 0.742 0.739 0.63 0.5 0.557
Uni, P1-P8, R1-R4 SVM 0.74 0.742 0.739 0.618 0.55 0.582
NA Rules 0.438 0.313 0.365 0.22 0.693 0.335

Table 5.11: Comparison of results from related work whose datasets are available.
Evaluation is performed using a 5-fold cross validation on the provided datasets.
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absent, or "I would go in fall' which actually means "If | were you, | would go in
fall. We observe that the writers in travel discussion forums and hotel reviews
tend to use gurative language more than the other domains, eg, "You do know
that November isn't the best time to visit the AC, right?'

3. Top features: Table 5.12 lists the top ranked features when di erent training
datasets were used. Similarly, Figure 5.7 shows a comparison in performance
of the lexical rules and syntactic rules, where syntactic rules tend to be more
e ective. No content words appear in the top 10 features, except the suggestion
keywords. Imperative and subjunctive mood patterns, as well as some POS tag
ngrams consistently appear as the top 10 features. Named Entity features proposed
by us, and the related work features R (proper noun and modal verb as the
arguments of an nsubj dependency), R (conj, csubj, nsubj dependencies) never
appeared in the top 100 features. Table 5.13 provides a summary reference of
feature classes and their description.

Datasets | Features
Top 10 features
Hotel you, suggestion keywords (P 1), if you, VB, if, ImperativePattern-VB-NN-
(P3), SubjunctivePatternVB-NN- (P 4), VBD, ImperativePatternVB-VB-
NN- (P 3)
Electronics VB, ImperativePatternVB-NN-(P  3), SubjunctivePatternVB-NN-

(P 4),you, recommend, suggestion keywords (P 1), subjunctivePatternNN-
VB- (P 4), VB DT, if you

Travel you, ImperativePatternVB-NN- (P 3), VB, if you, ImperativePatternVB-
VB- (P 3), SubjunctivePatternVB-NN- (P 4), ImperativePatternVB-VB-
NN- (P 3), SubjunctivePatternNN-VB- (P 4), if, PRP MD

Software ImperativePatternVB-VB- (P 3), VB, ImperativePatternVB-VB-
NN- (P3), Template 6 (R 1), SubjunctivePatternVB-NN- (P 4),
ImperativePatternVB-NN- (P 3), Imperative mood (R 3), be, Senti-
WordNet score normalised sum (P 7), MD VB

All  (open do- VB, SubjunctivePatternVB-NN- (P ), ImperativePatternVB-NN- (P 3),
main) ImperativePatternVB-VB- (P 3), ImperativePatternVB-VB-NN (P 3),
MD VB, MD, you, VBD, SentiWordNet score normalised sum (P 7)
Features which did not appear in the top 100 features

Hotel SentiWordNet score sum (P ), named entity (P g), nsubj-proper noun-
modal verb (R 2), conj/csubj/nsubj (R 1)

Electronics SentiWordNet score sum (P ), named entity (P g), nsubj-proper noun-
modal verb (R 2), conj/csubj/nsubj (R 1)

Travel named entity (P g), nsubj-proper noun-modal verb (R ), conj/csubj/nsubj
(Ra)

Software nsubj-proper noun-modal verb (R 2), conj/csubj/nsubj (R 4), named en-
tity (P s)

All 9 out of 10 template features (R 1), nsubj-proper noun-modal verb (R 2),

conj/csubj/nsubj (R 4)

Table 5.12: Insights into the ranking of features. A reference summary table for
feature classes is provided below
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Feature Description

class

R1 Automatically extracted suggestion templates (Table 5.1) e.g. need, re-
quire, please, i would like, require to etc.

R2 Proper noun and modal verb

R3 Presence of imperative mood

R4 linguistic dependencies “conj', “csubj’, and “nsubj'

P1 Suggestion keywords. expanded from seed words

P2 PoS unigrams, bigrams and trigrams

P3, Pa Imperative and Subjunctive mood sequential patterns of pos tags

Ps nsubj dependency and its attributes

Pg, P7 Sentiwordnet score sum absolute and normalized respectively

Ps presence and type of named entity

Table 5.13: Reference summary table for feature types

Figure 5.7: Comparison of the performance of lexical and syntactic rules across
datasets.

5.7 Summary

This chapter presented a detailed evaluation and analysis of manually proposed features
for suggestion mining. The new features proposed by us improved the performance over
the baseline and previously proposed features. To the best of our knowledge, this is the
rst ever study of open domain and cross domain performance of features and classi-
ers for suggestion mining. A general trend observed in the features for both statistical
and rule based classi ers is that the syntactic features were driving the performance of
classi ers. Also, increasing the size of training dataset for a domain by mixing datasets
from other domains (open domain training) resulted in much better performance than
to use the small sized training dataset from the same domain as the evaluation dataset,
with an exception of software domain. Travel discussion domain remains to be most
challenging for the classi er.

For most of the domains, classi cation performance was fairly high with the use of
manually selected features. However, there is a signi cant amount of manual obser-
vation and feature tailoring involved in the case of explicitly de ned features. In the
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next chapters, we investigate the e ectiveness of automatically learned features for this
problem, and compare the performance with the manual feature engineering.



Chapter 6

Representation Learning for
Suggestion Mining

6.1 Introduction

In the previous chapter we investigated into using di erent hand picked features for
statistical classiers. We observed that out of all features, syntactic features carried
more information than the lexical features in domain speci ¢, open domain, and cross
domain training scenario. While some of the lexical features were e ective because they
carried suggestion keywords (suggestion, recommend, advice etc.), or commonly used
non-content words in suggestion sentences (you, if, would, could etc.), the n-gram fea-
tures representing the content were limited by the size of the training datasets in order
to capture the semantic associations with the two classes of sentences. Consider the sug-
gestion, "For a lovely breakfast, turn left out of the front entrance - on the next corner

is a cafe with fresh baked breads and cooked meals." This sentence was not predicted as
a suggestion in the best performing model for the hotel test data (open domain train-
ing with all the features). This suggestion does not have the common lexical features
like modal verbs, suggestion keywords, etc., but it recommends food from a place near
the hotel, which carries similar semantics as to many other suggestions in hotel reviews
across di erent hotels. Our suggested semantic features, i.e., automatically identi ed
named entities, also did not show up in the top 100 e ective features.

In this chapter, we study the performance of automatically learned features (representa-
tion learning) for suggestion mining, which tend to capture both syntax and semantics
of the text in an implicit manner. To the best of our knowledge, ours is the rst attempt

to employ and evaluate representation learning for suggestion mining. This chapter

86
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also contributes towards the investigation into the second research question, i.eWhat
are good features for suggestion miningwhere we investigate if automatically learned
features perform better than the manually identi ed features in the previous chapter.
Primarily, dense (50 - 300 dimensions) and continuously valued word vectors learned us-
ing large unlabeled corpora are the features being evaluated in this chapter. Two types
of classi ers are used with these word vectors, SVM and Long Short Term Memory
(LSTM) neural networks. Therefore, the second objective of this chapter is to investi-
gate which of the two classi ers work best with the automatically learned features. Like
the previous chapter, all the experiments are performed in domain speci c training, open
domain training, and cross domain training. Word vectors learned using two di erent
methods are evaluated. Further depth is added to the experiments by evaluating how
the performance is co-related to the number of dimensions in the word vectors. An
earlier version of this study has been published in [51].

6.2 Word Vectors

Many hand picked features for sentence classi cation problems are based around words,
containing lexical, syntactic, semantic, or sentiment related information about words in
the text. As seen in the previous chapter also, unigram features still dominate as the
baseline features in a number of statistical text classi cation problems. In the previous
chapter, each unigram feature represented one dimension in the feature vector of the
sentence, whose value was based on the frequency of this unigram in the given training
data. Such feature vectors are typically very large, with the number of dimensions as
that of the entire vocabulary of the training dataset. By using feature selection meth-
ods, some of the seemingly less important unigrams can be altogether removed from the
feature set. A dierent approach is to represent each word itself as a low dimensional
vector using methods like dimensionality reduction, where each dimension stands for
an explicitly de ned concept or an implicitly learned concept. Therefore, each word
vector holds the information of its degree of association with di erent concepts. It has
long been an established area of research (distributional semantics), and have recently
gained momentum due to the demonstrated success of neural network based approaches
to learn these word vectors [22], [7]. In the current research scenario, a popular practice
is to produce vector representations for each word of a given language using language
corpora comprising of billions of unlabeled sentences (like Wikipedia), and employ these
vectors in a number of tasks. In recent years, a number of methods have been proposed
to learn these vectors, which includes neural network based algorithms. The termvord
embeddingsis often used for dense and continuous word vectors whose dimensions do
not represent any explicit concept. In the rest of the thesis, we may use a more generic
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term word vector for word embeddings

Di erent methods to learn these word vectors have been proven to e ectively capture
syntactic and semantic information in words [56], and also sentiment information in some
of the works [67]. For neural network based text classi cation methods, word vectors
can either be simultaneously learned for the full training vocabulary during the training
phase of the classi er, or some pre-trained word vectors can be directly used to initiate
the word vectors for the training vocabulary at the start of the training. In the second
case, the vectors can be updated during the training or can be kept xed to their initial
value.

6.2.1 Pre-trained word vectors

In this chapter we experiment with the already available pre-trained word vectors, which
were trained on very large corpora of English language. These vectors capture generic
semantic and syntactic aspects of words and have been proven to be performing well
on a number of benchmark datasets and tasks, like, word similarity and relatedness,
synonym detection, named entity recognition, sentiment analysis. Following are the two
pre-trained word vectors employed in this chapter:

GloVe: Baroni et al. [7] compared the word vectors obtained through the con-
ventional count (word co-occurrence matrix) and the recently developed predict (neural
network) methods on word semantics related tasks, and concluded that predict methods
perform better overall. The predict vectors were obtained from the CBOW variant of
the word2vec algorithm [41]. Shortly after, Pennington et al. [56] showed that their
GLoVE model, which was developed using word co-occurrence matrix, outperformed
the prediction based word2vec method. They also argued that the count and prediction
based classes of methods are not far apart, since they are both dependent on the under-
lying co-occurrence statistics of the corpus, but the count based methods are much more
e cient. Based on these ndings, we study the employment of word vectors obtained
using the GLoVE algorithms for suggestion mining. Details of the GLoVE algorithm are
discussed in Chapter 2. The pre-trained GLoVE vectors are available in 4 di erent di-
mension sizes, which we refer to as GLoVEyg, GLOVE 209, GLOVE 109, GLOVE 59, which
corresponds to Glove vectors of 300, 200, 100, and 50 dimensions respectively. These
vectors are learned on English Wikipedia and English Gigaword corpus.

Deps: Based on the e ectiveness of syntactic features demonstrated in the previous
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chapter, we also experiment with dependency based word embeddings, which are re-
ferred to as Deps. [34]. The learning algorithm for these embeddings remains same as
that of word2vec, except that the contexts of a word are determined on the basis of its
dependency relations with other words, instead of the window based context used to
learn most of the word vectors. In order to learn these embeddings, the training data
is required to be pre-labeled with linguistic dependency relations. Therefore, Deps have
been shown to perform better in determining the functional similarity between words as
compared to word2vec. More details on dependency embeddings have been provided in
Chapter 2.

Table 7.10 provides some statistics of both kinds of pre-trained word vectors. Table

Embedding Training data Vocabulary Dimensions
GLoVE Wikipedia 2014, English giga- 400,000 300, 200,
word corpus, 6 billion tokens 100, 50
Deps English Wikipedia 2013, 2 billion 175,000 300
tokens
Table 6.1: Statistics for pre-trained word vectors employed in this chapter
Target GLOVE 5o GLOVE 100 GLOVE 200 GLOVE 300 Deps
word
suggest suggesting, indicate, suggesting, suggesting, recommend,
suggests, suggesting, suggests, suggests, proposes,
explain, suggests, indicate, indicate, reccomend,
indicate, fact suggested, suggested, suggested, recomend,
indeed might might indicate
breakfast dinner, buf- dinner, lunch, dinner, lunch, dinner, lunch, lunch, dinner,
fet, lunch, bu et, meals, meals, bu et, breakfasts, brunch, meal,
meals, din- | meal breakfasts meals, meal drivetime
ners
amsterdam rotterdam, rotterdam, rotterdam, rotterdam, rotterdam,
frankfurt, frankfurt, frankfurt, schipol, utrecht,
paris, vienna, paris, stock- | netherlands, utrecht, ghent,
zurich holm, ham- | schiphol, netherlands, antwerp,
burg utrecht frankfurt dordrecht
if not, could, because, not, | not, does, | not, does, eventhough,
does, might, | does, so, but because, n't, | should, n', because,
would should could although, un-
less, whether
you I, ?,'d, me Il n't, know, 2, nt, Il n't, we, com-
i, do know, me ?,know, i menti, 'you',
jeeny, they
Table 6.2: Comparison of the top 5 similar words for a given word using word vectors

from di erent embeddings

6.2 lists top ve similar words to a target word obtained by calculating word similarity

based on the weights from GLoOVE and Deps pre-trained vectors. It shows that Deps
do not tend to consider the morphological variations as most similar words to a target
word, while GLOVE does. Deps embeddings mostly brings up words with similar part of
speech tags, specially in the case of non-content words likgpou and if. Deps also tends



Chapter 6. Representation Learning 90

to exclude punctuation marks since the linguistic dependency relations exist between
words and not tokens, while GLoVE includes all types of tokens in it vocabulary.

6.3 Classiers

We employ the Support Vector Machine (SVM) classi cation algorithm as in the pre-
vious chapter, in order to compare its performance with both manually picked features
and automatically learned features. In addition, we also employ Long Short Term Mem-
ory (LSTM) network classi ers which belong to the class of neural networks, which are
considered to be best suited to use with dense and continuous word representations.
Chapter 2 provides details on the functionality of SVM and LSTM classi ers.

SVM relies on the input being in the form of a feature vector for the full sentence,
and learns a classi cation function using these dimensions as parameters of the func-
tion. While LSTM initiates or accepts pre-learned word vectors one at a time through
its input layer, and further processes these initial vectors through one or more hidden
layers of the network, ultimately converting them into a more task speci ¢ feature vec-
tor at the output layer. The output vector processed through the hidden layers of a
neural network can contain higher, equal, or lower number of dimensions than the in-
put vectors. In short, SVM classi ers are not directly involved in learning the feature
representations, while LSTM are.

Since it is a sentence classi cation task, word vectors are required to be composed
into sentence vectors before being fed to the SVM classi er. The word vectors should
be explicitly combined into a sentence vector before they are fed to the SVM classi ers,
while LSTM directly takes in the word vectors in a sequential manner, as they appear
in the sentence. Therefore, the composition of word vectors into sentence vectors is a
part of the classi cation framework in the case of LSTM.

6.3.1 Neural Network Architecture

As we already saw in Chapter 2, LSTMs are considered to be well suited for prediction
tasks related to sequences, which in our case is a sentence, i.e., a sequence of words.
This is because they process one item of the sequence at a time, and retain information
from the previously processed items, while at the same time deciding which and how
much of this information should be remembered till the end of processing the sequence.
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Network architecture: We evaluated a smaller set of hyper-parameter values as com-
pared to all possible combinations, by picking up some popular values advised by the
existing studies [9]. These con gurations were evaluated on the domain speci c train-

test settings, with a 200 dimensional GLoVE vectors. The evaluated hyper-parameter

values include the following, with the highlighted ones being the values which were nally

chosen:

Activation functions: tanh , relu, softsign

Regularizer: Dropout (0.2), 12 regularisation (0.02)

Optimisation: SGD, Adam .

Number of hidden layers: 1,2, 3

Type of hidden layers: LSTM hidden layers , fully connected dense hidden layers
Number of epochs:5, 8, 10

Batch size: 35, 50, 100

We chose the con guration which performed best for a majority of domains, i.e. at-least
3 out of the four domains. The nal architecture comprises of 2 LSTM hidden layers
with the number of units in each layer depending on the number of units in the input
layer (number of dimensions of the pre-trained word vectors). We use 100 and 50 hidden
units with 300 and 200 dimensions of input layer, and 50 and 20 units with 100 and 50
dimensional input layer, with an aim to obtain lower dimensional dense representations
as we move up in the network. The input layer comprises of LSTM units, and a softmax
activation is applied to the outermost dense layer of size 2. Tanh activation is used
at each layer, and L2 regulariser with a value of 0.02 is used with each layer. It was
observed that the F1 score either remained the same or decreased for all the domains
when more than 5 training epochs were used, so we restrict the number of epochs to 5.

6.3.2 Support Vector Machines

The SVM classi er implemented in this chapter remains same as the previous chapter
with regard to most of the parameters. The number of features used changes from 1000
to the number of dimensions of the pre-trained word vectors, which ranges from 300 to 50.

Sentence vectors for SVM:  The previously employed SVMs were fed with the fea-
ture representation of sentences where each dimension of the feature vector represented



Chapter 6. Representation Learning 92

Figure 6.1: The two methods used to obtain sentence vectors for SVM using the
pre-trained word embeddings.

a single feature. Whereas, in this chapter we rst build a feature vector for the sentences
by performing two kinds of operations on the already available word vectors. The di-
mensions of this kind of feature vector may not represent explicit or de nable attributes
of the sentence, as opposed to manual feature engineering.

. Averaging:  Sentence vector is obtained by taking an average of vectors for the con-
stituent words. This method has been used as a baseline for obtaining sentence repre-
sentations in a number of works, and have been shown as a simple yet strong baseline
for semantic textual similarity [30]. Considering a sentence with n words, w,w>,...,Wy,
and the corresponding word vectors W,W»,...,W,,, the sentence vector S in this case
will be:

We denote the SVM classi ers using averaged word vectors as SVMNy. In this method,

a number of dimensions in the sentence vector remain the same as the number of di-

mensions of the word vector. This method considers the sentence as a bag of words
and does not preserve the sequential nature of sentences, and therefore tends to lose the
compositional meaning of words. In the case of average word vectors as above, these
two sentences will have the same vectorial representation: | recommend the italian cafe,

next door." and ‘| recommend the italian door, next cafe'. However, for our problem
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there are very low chances of existence of such pairs of suggestion and non-suggestion
sentences which di er only in their word order.

. Representations from a trained LSTM network: This method uses the sentence
representations obtained as an output of the rst (input) layer of a LSTM network
trained for suggestion mining (Figure 6.1). The sentence vectors can be of equal or
smaller number of dimensions than the pre-trained word vectors, depending on the
neural network architecture. In our case, this is the size of rst hidden layer which
comprises of lower number of units than the input layer, which is 100 (for 300 and
200 dimensions word vectors) or 50 (with 100 and 50 dimensional word vectors). In
order to produce train and test sentence representations for this version of SVM, we
use the LSTM classi er from the counterpart experiments which use LSTM as the main
classi er instead of SVM. We denote the SVM classi ers which use these representations
as SVMgsim -

Figures 6.2 and 6.3 show a two dimensional plot of sentence vectors of the hotel domain
test dataset which were obtained from the two methods described above. Red colour
represents the positive, while black represents the negative class. The vectors obtained
using the LSTM method appear to be better separable in this case.

Figure 6.2: SVMayg Figure 6.3: SVMgm

Figure 6.4: A two dimensional mapping of sentence vectors corresponding to the
hotel test dataset, where sentence vectors are obtained by averaging the constituent
word vectors.

6.4 Training and Evaluation

Training datasets:  In this chapter, we again perform the classi er and feature evalu-
ation using three di erent settings for training, i.e., domain speci c, open domain, and
cross domain. Table 6.3 revisits the details of train and test datasets, which remain the
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| Dataset | Class ratio | Dataset | Class ratio
Training datasets Test datasets
Hotel train 448/7086 Hotel test 404/404
Electronics train 324/3458 Electronics test 101/101
Travel train 1314/3869 Travel test 229/229
Software train 1428/4296 Software test 296/296
Related work datasets
Microsoft Tweets 238/2762 NA NA
Travel-original 2192/3007 NA NA

Table 6.3: Datasets used in this chapter

same as in chapter 5.
Comparison with the related work: We also compare the best performing ex-
periments in this chapter on datasets obtained from the related work, and compare the

results with that of the previous works. A 5-fold cross validation is used for evaluation,
as used in the previous works.

No. of dimensions:
300, 200, 100, and 50, with the 300 dimensional vectors performing best in their intro-
ductory evaluation on word analogy tasks [56]. The co-relation between size of vectors

The pre-trained GLoOVE vectors come with the dimension sizes

and performance can vary for di erent tasks [40]. Since dense word vectors have never
been employed for suggestion mining, the co-relation of classi cation performance with
the number of dimensions is unknown. Therefore, we perform all the experiments which
use GLoVE embeddings in 4 runs, with 4 di erent size of dimensions. The pre-trained
Dependency embeddings on the other hand come with the 300 dimension version which
was the dimensionality chosen for evaluation in their introductory study [34].

6.5 Results and Analysis
Domain speci ¢ training: Figures 6.5, 6.6, and 6.7 show the variation in F1 score
with the use of di erent number of word vector dimensions for SVMayg, SVMistm , and
LSTM classi ers respectively, across all the datasets, in a domain speci ¢ training sce-
nario. It was observed that 200 dimensions work best for GLoOVE in most of the runs,
with few exceptions. However, dierent datasets exhibit di erent amount of change
in performance with the change of dimensions. Overall, the change in performance is
monotonous with the SVMa,4 classi ers. In the case of SVMsm , and LSTM classi ers,
some datasets exhibit non-monotonicity in performance on changing the dimensions.
This is dierent from the trends shown in the earlier evaluation of word embeddings
on sentence classi cation tasks like sentiment analysis [40]. Overall, software domain
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Figure 6.5: Variations in F1 score across the test datasets when di erent
dimensions of GIoVE are used withSV Mayg in a domain speci ¢ training

setting.
Figure 6.6:  Variations in F1 score Figure 6.7: Variations in F1 score
across the test datasets when dier- across the test datasets when dier-
ent dimensions of GloVE are used with ent dimensions of GloVE are used with
SV Mistm in @ domain speci ¢ training LSTM in a domain speci ¢ training set-
setting. t|ng

Vectors P sugg R sugg F sugg

SVMavg| SVMisun | LSTM | SVMavg| SVM jsim | LSTM | SVMavg| SVM ism | LSTM

Hotel
GIOVE 200 | 0.81 0.99 076 ] 0.71 0.67 095 ] 0.76 0.80 0.84
DEPS 0.70 0.93 099 | 0.79 0.35 033 | 0.74 051 0.50
Electronics
GIOVE 200 | 0.84 0.90 033 | 0.27 0.56 094 | 041 0.70 0.49
DEPS 0.70 0.90 099 | 0.79 0.45 033 | 0.74 0.60 0.50
Travel
GIOVE 200 | 0.52 0.62 068 [ 0.99 0.38 043 | 068 0.47 053
DEPS 057 0.70 067 | 054 0.39 048 | 056 0.50 0.56
Software

GIOVE 200 | 0.50 0.87 0.83 ] 0.99 0.76 0.81 0.67 0.81 0.82
DEPS 057 0.88 086 | 054 0.71 0.78 | 056 0.79 0.82

Table 6.4: Performance of di erent classi ers when trained and evaluated on datasets
belonging to the same domain.

remains quite una ected by the change in dimensions with all three classi ers.

Table 6.4 reports the performance of di erent classi ers for domain speci c training.
SVMism VYields lowest performance against the other two classi ers across all domains.
GLoVE vectors perform better than Deps, except in the case of electronics domain. It
may indicate that GLoVE vectors perform well with larger number of training instances,
since we have the smallest training dataset for the electronics domain. Mixed trends
are observed with the precision and recall values, except that precision is always higher
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Figure 6.8: \Variations in F1 score across the test datasets when di erent
dimensions of GIoVE are used with SVM,4 in an open domain training set-

ting.
Figure 6.9:  Variations in F1 score Figure 6.10: \Variations in F1 score
across the test datasets when dier- across the test datasets when dier-
ent dimensions of GloVE are used with ent dimensions of GloVE are used with
SVMistm  in @an open domain training LSTM in a open domain training set-
setting. ting.

than recall for the SVM sy classi er, with both kind of vectors.

Open domain training: Figures 6.8, 6.9, and 6.10 show the variation in F1 score
with the use of di erent number of word embedding dimensions for SVMyg, SVMistm ,
and LSTM classi ers respectively, in an open domain training scenario. 300 appears to
be best performing dimension for SVM,q, and 50 for SVMisim and LSTM. The change
in performance with the number of dimensions do not appear to be as dramatic as ob-
served in the domain speci c training, which could be attributed to the same training
data (combination of all training datasets) used in all the runs. This may also indicate
that the in uence of dimension size remains low with the larger training datasets. How-
ever, the highest F 1 score values achieved for di erent domains are mostly lower than
domain speci c training. The software domain again remains largely una ected by the
change in dimensions. The best performance is shared by all three classi ers in equal
number of cases. Precision remains higher than recall for SV, and LSTM classi ers.

Invalid results with Dependency embeddings: In tables 6.5 and 6.6 which
summarise the results for open domain and cross domain runs, we can see that when
dependency embeddings are used with the SVMq classi er, all the test instances are
predicted as suggestions (a recall of 1.00), which results in a F score of 0.67. Given that
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Vectors P sugg R sugg F sugg
SVM avg [ SVM istm [ LSTM SVM avg [ SVM istm [ LSTM SVM avg [ SVM istm [ LSTM
Hotel
GIOVE 300 | 0.85 0.59 0.70
GIOVE 59 0.96 0.98 0.65 0.64 0.77 0.77
DEPS 0.50 0.76 0.63 1.00 0.47 0.52 0.67 0.58 0.57
Electronics
GIOVE 300 | 0.70 0.87 0.78
GIOVE 59 0.87 0.88 0.53 0.58 0.66 0.70
DEPS 0.50 0.80 0.74 1.00 0.56 0.50 0.67 0.66 0.59
Travel
GIOVE 300 | 0.65 0.66 0.66
GIOVE 59 0.73 0.74 0.49 0.51 0.58 0.60
DEPS 0.50 0.62 0.51 1.00 0.42 0.38 0.67 0.50 0.43
Software
GIOVE 300 | 0.55 0.94 0.69
GIOVE 59 0.81 0.81 0.80 0.80 0.80 0.80
DEPS 0.50 0.57 0.50 1.00 0.30 0.32 0.67 0.39 0.39

Table 6.5: Performance of di erent classi ers when trained on a combination of train-
ing datasets from di erent domains which also includes the evaluation domain

this is not the case in domain speci ¢ training, it can be assumed that performing an
averaging operation over word embeddings using dependency embeddings capture se-
mantic features for the sentence well, while fail to be good representations for syntactic
features because open domain and cross domain model performance tends to heavily
rely on the syntactic features. We therefore do not include these entries when making
a comparison for the best F score, even though the F-score could be higher than the
counterparts. The results are marked with an underline in the results tables. In another
study by [33], where dependency based word embeddings are used for sentence classi -
cation tasks, it was seen that the results were lower with averaged out embeddings with
SVM classi er, in comparison to LSTM and CNN classi ers.

Cross domain training: Figures 6.11, 6.12, 6.13 show the variation in F1 score with
the use of di erent number of word vector dimensions for SVMayg, SVMistm , and LSTM
classi ers respectively, in a cross domain training scenario. Similar to the open domain
training, the best performance was distributed among the 300 and 50 dimensional em-
beddings. SVMyg classi er works best for 3 out of 4 domains in this case. Like the
previous two cases, SVM,g exhibits a monotonic F score vs dimensions curve, while a
few small peaks were observed in the rest of the two classi ers. The highest F 1 score
values achieved for di erent domains is lowest than the previous two settings. Precision
again remains higher than recall for SVMsim and LSTM classi ers.

GLOoVE vs. Deps vectors: Overall, GLoVE vectors outperform the dependency
embeddings. One reason for this could be that the vocabulary size of dependency em-
beddings is 175,000 while that of GLoVE is 400,000. Graph 6.14 shows the comparison
of vocabulary overlap of di erent datasets with both kind of embeddings, which shows
that dependency embeddings have a smaller vocabulary overlap for all the datasets in
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Figure 6.11: Variations in F1 score across the test datasets when di erent
dimensions of GIoVE are used withSV Mayg in cross domain training.

Figure 6.12: Variations in F1 score Figure 6.13:  Variations in F1 score
across the test datasets when dier- across the test datasets when di er-
ent dimensions of GIoVE are used with ent dimensions of GloVE are used with
SV Mg in cross domain training. LSTM in a domain speci ¢ training set-
ting.
Vectors P sugg R sugg F sugg
SVMavg] SVMsin [ LSTM | SVMavg SVMsn | LSTM | SVMavg| SVMigm | LSTM
Hotel
GLOVE 300| 0.69 0.74 0.71
GLOVE s 0.80 0.78 0.73 0.75 0.76 0.76
DEPS 050 | 0.75 079 | 100 | 0.61 063 | 0.67 | 068 0.70
Electronics
GLOVE a00] 0.66 0.91 0.77
GLOVE s 0.80 0.73 058 0.66 0.67 0.69
DEPS 050 | 0.77 077 | 100 | 052 057 | 0.67 | 062 0.66
Travel
GLOVE 300] 0.67 056 0.61
GLOVE s 0.77 0.77 0.39 0.44 0.51 0.56
DEPS 050 | 0.83 079 | 100 | 035 043 | 0.67 | 049 056
Software
GLOVE 300] 0.56 0.90 0.69
GLOVE s 0.59 0.61 0.19 0.24 0.28 0.34
DEPS 050 | 057 059 | 1.00 | 0.17 021 | 067 | 0.26 031

Table 6.6: Cross-domain evaluation: Performance of di erent classi ers when trained
on a combination of datasets belonging to di erent domains, which excludes the eval-
uation domain.

comparison to GLoVE. However, some of the additional vocabulary in GLoVE could be
tokens (symbols etc.) and not necessarily words.

Comparison with the hand crafted features: Table 6.7 summarizes the results
and compares them with the results obtained in the previous chapter (manually identi-
ed features). Manual features remain slightly above word vectors if we only compare
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Figure 6.14: Comparison of vocabulary overlap of GLoVE and Dependency embed-
dings with di erent datasets

the number of highest F scores achieved. However, word vectors always perform much
better for the travel domain, given that it was observed to be the most challenging do-

main in the previous chapters.

Sentence vectors: Even though the sentence representations obtained from LSTM

Using word embeddings
Domain SVM manual || SYM ayg | SVM sim [ LSTM
Domain specic
Hotel 0.815 0.76 0.80 0.84
Electronics 0.766 0.74 0.70 0.50
Travel 0.519 0.68 0.50 0.56
Software 0.822 0.67 0.81 0.82
Open domain
Hotel 0.891 0.70 0.77 0.77
Electronics 0.894 0.78 0.66 0.70
Travel 0.57 0.66 0.58 0.60
Software 0.796 0.69 0.80 0.80
Cross domain
Hotel 0.84 0.71 0.76 0.76
Electronics 0.848 0.77 0.67 0.69
Travel 0.515 0.61 0.51 0.56
Software 0.767 0.69 0.28 0.34

Table 6.7: Comparison of best results obtained by manual features vs best results
obtained by word embeddings in all three settings

appear to be fairly discriminative with regard to the two classes, the averaging method
works better with SVM. Figure 6.15 plots the representation of sentences from the ho-
tel test dataset obtained after each layer of the trained network. The class separation
appears to improve with the number of layers, resulting in a very complex function at
the output later.

Dimensionality vs performance: The evaluations from previous studies on word
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Layer 1 Layer 2

Layer 3 Layer 4

Figure 6.15: Separation of positive and negative class in hotel test dataset when
moving up the layers of the LSTM classi er.

vectors show that the performance of embedding dimensions is correlated with the na-
ture of task. These studies use neural network classi ers with the word vectors. Pen-
nington et al. [56] demonstrated that syntactic tasks minimally bene t from increasing
the dimensions of GLOVE vectors. In our case, di erent patterns for performance vs.
dimensions were observed within the same task, for di erent domains (Figure 6.7). One
yet to test theory could be that the role of syntax and semantics in suggestion mining
varies from domain to domain.

Comparison with related work: We achieve better results by using word rep-
resentations in comparison to the manually de ned features in the previous chapter. In
the travel domain, our SVM4q classi er outperforms all the classi ers used by Wicak-
sono and Myaeng. For tweets, the Factorisation Machine classi er still performs better
than our best classi er (SVMayg).

Further Experiments: The experiments described above targeted the comparison
of manually picked features and automatically learned features i.e. word embeddings.
One possible extension to these set of experiments would be to use a combination of
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Work Classi er Travel Discussions (original) Microsoft Tweets
P-Avg | RAig | FAvg [ Psugg | Rsugg | Fsugg
Wicaksono and CRF 0.768 0.746 0.757 NA NA NA
Myaeng [73, 74]
SVM 0.714 0.711 0.712 NA NA NA
Dong et al. [18] FM NA NA NA 0.710 0.678 0.694
SVM NA NA NA 0.622 0.644 0.633
Our Experiments SVM ayg 0.78 0.80 0.789 0.64 0.69 0.664
SVM jstm 0.63 0.75 0.68 0.591 0.514 0.55
LSTM 0.79 0.73 0.758 0.56 0.61 0.583

Table 6.8: Comparison of results from related work whose datasets are available.
Evaluation is performed using a 5-fold cross validation on the provided datasets.

word embeddings and manually picked features as feature vectors. In the case of SVM
classi ers, this can be achieved by concatenating the feature vectors of manually picked
features and word sentence embeddings obtained by the two methods described above,
i.e. averageand Istm. However, in the case of LSTM classi ers, adding manually picked
features isn't a usual practice because the principles behind using representation learning
methods is to eliminate the need for manual feature engineering. However, experiment-
ing with this set-up for the sake of comparison of results. Since LSTMs use feature
vectors for each unit of the sequence which is word in this case, concatenating word
level features to the embeddings vectors would be one straightforward method for this
experiment. Eg, of word features would be word sentiment score, POS tag, etc. Not
all the manually selected features are word level features, for example presence of sug-
gestion phrases and templates in the sentence and therefore some modi cations in the
architecture may be required to incorporate sentence level features. One such modi ca-
tion could be to concatenate the vector representing sentence features to the output of
layer preceding the dense layer.

6.6 Summary

In the experiments reported in this chapter, we used automatically learned word vectors
in combination with the SVM and LSTM classi cation algorithms, while at the same
time performed a new kind of extrinsic evaluation for the state of the art word vectors
GLOVe and Deps. The experiments were extensive given that the experiment setup
covered four di erent domains, di erent training settings, di erent types of classi ers,

di erent types of vectors, and di erent sizes of dimensions used with the embeddings.

On the point of the primary question, i.e., manual vs. automatic features, manual fea-
tures proved to be slightly ahead of the automatically learned features, with the given
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set of datasets and the SVM learning algorithm. An exception being the travel discus-
sion forum, where word embeddings always performed better than manual features. As
opposed to the ongoing trend of statistical text classi cation, SVM classi ers proved
to be better than LSTM classi er with both manual and learned features. It may be
argued that exhaustive hyper parameter optimisation was not performed with LSTM to
perform a deep comparison of LSTM and SVM in this case. However, a comparison of
popular and default hyper parameter values was still performed, where it was observed
that the best parameter values tend to vary with the dataset domain. Therefore, us-
ing domain speci ¢ parameter values may improve some of the current results for LSTM.

Moving to the use of pre-trained word embeddings, it was interesting to observe that
SVM performed poorly with the sentence representations extracted from LSTM, in com-
parison to the representations obtained from the simpler method of averaging, which has
also been shown as a strong baseline in other tasks. Pre-trained dependency embeddings
perform poorly in comparison to GLoVE given the smaller vocabulary of the former,
although dependency embeddings are proven to capture syntactic regularities, and syn-
tactic manual features have been shown to be the performance drivers in the experiments
described in the previous chapter. This indicates that GLOVE vectors are capable of
capturing the amount of syntactic information required for the task, with an added
bene t of larger vocabulary. The 200 dimensional GLoVE vectors remained the clear
choice for domain speci ¢ training using all three types of classi ers. But this changed
in the open domain and cross domain training setup, where 300 dimensions suited the
SVMayg classi er, while 50 dimensions suited better with SVMgi,, and LSTM classi ers.

Overall, most of the simpler methods proved to be better with the current training
datasets. This could be attributed to the relatively smaller size of datasets, as com-
pared to the bigger datasets which are generally used with neural network classi ers
and automatic learning of feature representations. In the next chapter we investigate
into building much larger silver standard datasets, and again employing representation
learning with the same.



Chapter 7

Distant Supervision for
Suggestion Mining

In the previous chapters we saw that the suggestion class instances are sparse in most of
the training datasets, and so we adapted methods like class weights and oversampling to
address the same. We also observed that the SVM classi ers were at par with the LSTM
classi ers, which on the other hand are a popular choice of neural network classi ers for
sequence classi cation. Also, for three out of four domains the manually identi ed fea-
tures outperformed automatically learned features. This goes against the current trend
of representation learning methods for supervised learning, which tend to outperform
the methods which use manually determined features. Neural network based classi ers
are known to automatically learn optimal data representations (representation learning)
for minimizing the classi cation error. However, the manually labeled training datasets
used previously were relatively small and unbalanced to leverage representation learning
at a higher extent.

In this chapter we propose and evaluate some methods to address data sparsity in sug-
gestion mining, while still avoiding manual labeling of additional data. We approach this
by performing distant supervision by means of a silver standard training dataset com-
prising of about 1.3 million sentences, and employing representation learning methods
with the same. This dataset is constructed from sentences extracted from the articles
on wikiHow and Wikipedia, serving as positive and negative instances respectively, and
is referred to as the Wiki Suggestion dataset. We propose two approaches to use this
dataset, where both use a LSTM classi er, but vary in their method to employ the silver
standard dataset in the training process. The rst approach directly trains a classi er
on the wiki dataset, while the second approach only learns word representations from
this dataset. Dierent variants are proposed for each of the two approaches. One of

103
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Figure 7.1: Web based suggestion forums

the variants of the second approach is to learn vectors for Part of Speech (POS) tags
instead of words. We also propose approaches to combine the standard word vectors
with the new POS vectors in order to leverage the information captured by both. An
early version of this chapter has been published in [50].

7.1 Suggestion Rich Data on Web

Due to the sparse nature of suggestion sentences in text from most of the domains, a
large number of sentences turn out to be non-suggestions and thus manual annotation
remains expensive. In the light of open domain training performing better or comparable
to the domain speci c training (Chapter 6), an intuition is to look for existing sources

of text on the web, irrespective of the domain, where suggestions are already explicitly
marked.

One potential source is web based suggestion forums for di erent products and ser-
vices. An example of such suggestion forums is, a dedicated forum to convey the ideas
for improvements in Microsoft O ce 365, which is hosted by the uservoice platform
(Figure 7.1). The uservoice platform provides customer feedback management service
to brands. A rst impression about this suggestion forum is that it will mostly contain
positive class instances for a suggestion dataset and can be directly used without needing
any further human annotations. However, we observe that it is not the case, since text
from these posts also contain many elaborative and conversational sentences in addition
to the explicitly expressed suggestions, where non-suggestions comprise of more than
50% of the sentences in the posts.
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Figure 7.2: Tips and Warning Sections of the Wikihow article on How to Clean Shoe
Insoles

7.1.1  Wiki Suggestion Dataset

Collaborative content websites like Wikipedia have proven to be a very useful resource
for various NLP research problems due to their wide coverage of knowledge and semi
structured content. wikiHow is an online wiki-style community consisting of an extensive
database of how-to guides, which spans across a large variety of topics. wikiHow articles
range over factual instructions like Clean Shoe Insolesto opinionated instructions like
Resolve Conict E ectively . Due to a wide coverage, many of wikiHow's topics may
have signi cant overlap with the candidate domains in suggestion mining, like an article
on “Time-Your-Trip-to-Berlin' %, may have similar content to that of suggestions in hotel
review and travel forum domain. Each article always comprises of &tepssection which
lists the main steps of doing a certain thing (topic of the page). In addition, there are
optional sections like Tips, Warnings, and Community Q and A. The tips and warn-
ings section contains short and to-the-point list of suggestions and advice related to the
topic of the article, which are very much like the positive instances of our suggestion
mining training datasets. For the negative sample, we randomly choose equal nhumber
of sentences from Wikipedia, since it mainly contains descriptive and factual text, and
therefore is extremely less likely to contain expressions of suggestions.

http://www.wikihow.com/Time-Your-Trip-to-Berlin
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Dataset Source/ Domain Sentences Vocabulary Tokens
Wiki suggestion | Wikihow 675,851 156,768 10,739,320
Wikipedia 675,851 548,505 20,863,958

Table 7.1: Details of the wiki suggestion dataset

There are two main reasons to consider this dataset as a silver standard. Firstly, we do
not perform a manual check on each sentence, and the labels may not fully adhere to the
annotation guidelines used for the gold standard datasets. Secondly, the negative sample
from Wikipedia is much cleaner as compared to the ambiguous negative instances in the
gold standard datasets, for example, implicit non-suggestions which possess linguistic
properties similar to that of explicit suggestions.

7.1.2 Pre-processing

We obtain the wikiHow dataset from a previous study by Pareti et al. [53], under
which the original data was downloaded from wikiHow during July 2014. Not all the
articles contain a tips and warnings section. We extracted all the items under the
available tips and warnings sections. These items can sometimes be longer than one
sentence. We observe that the main advice is mostly provided in the rst sentence,
and the following sentences contain further details, which may not carry an explicit
expression of suggestion. For example, ‘Do not store Ugg boots when they are damp.
This encourages mildew growth'. Therefore, we perform automatic sentence splitting
of each item under the tips and warnings section and only retain the rst sentence
as a suggestion instance. The sentence splitting is performed using NLTK's sentence
tokenizer [36]. Before performing the sentence split, we remove URLs, any further
lists enclosed within an item of the main list of tips, and any content within brackets.
This results in about 675,851 sentences, which was matched against the same number
of sentences from Wikipedia, resulting in the nal wiki suggestion dataset to contain
about 1.3 million sentences. The used Wikipedia dump is also from 2014 Table 7.1
provides the statistics for the nal dataset.

7.2 Using Wiki Suggestion Dataset

In the previous chapter, we performed experiments using pre-trained word embeddings
and manually labeled datasets with LSTM classi ers. We further explore the usability
of representation learning in suggestion mining with the much larger wiki dataset, using
two di erent approaches.

2https:/imeta.wikimedia.org/wiki/Data_dumps
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7.2.1 Approach 1. Wiki Suggestion Dataset for Training the Classi ers

In this approach, we induce distant supervision through the wiki dataset by employing
it like a gold standard dataset, i.e., for training the classi er. Similar to the previous

chapter, we use the vocabulary and initial weights of the word vectors from the pre-
trained GLoVE vectors. The weights from GLoVE are updated each time we train a
classi er; therefore, the words which are not present in the training corpus retain the
weights from GLoVE. This approach is evaluated with the following variations in the

training data:

1. Wiki dataset only: The full wiki suggestion dataset is used for training.

2. Wiki and manually labeled dataset: Training is performed in two passes. The
classi er is rst trained on the entire wiki dataset. The wiki trained model is then
further trained on the manually tagged dataset relevant for the experiment.

3. Semantic subsample of wiki dataset: A subset of wiki dataset which is se-
mantically related to the evaluation domain is used for training. The subset is
obtained in the following steps:

(a) Obtain a set of all the unique words in the test dataset.

(b) Obtain a vector of these words by performing an addition of the corresponding
word vectors.

(c) Obtain a vector for each sentence in the wiki dataset by using the same
method as above.

(d) Calculate the similarity score of the test set vector with each of the wiki
sentence vector.

(e) Choose the top 1% similar sentences from both the classes of the wiki dataset.
This results in a balanced subset of about 13,500 sentences.

4. Wiki subsample and manually labeled dataset: Same as the variation no.
2, except that the semantic subsample of wiki dataset is employed in place of the
full wiki dataset.

Evaluation: We only perform domain specic and open domain training with this
approach, and cross domain training is ruled out with this set of experiments. This is
because wiki dataset is an open domain dataset, which is likely to contain text related
to the evaluation domain.

Based on our evaluation from the previous chapter, 200 dimensional GLoVE vectors are
employed for domain speci c training and 50 dimensions for open domain training.
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Domain WikiHow Wikipedia

Hotel Even though most of the Universal Or- Several important people of the city of
lando Parks have a few areas where kids | Clermont had asked me to let them know
can explore and run out all their excite- when | would make the ascent.
ment, this may sometimes not be enough.

Electronics | Create a back-up of the Adobe Epic When I'm writing a song, I'm so in that
folder before deleting it, or move the zone that it's really sort of a trance | go
folder to a separate location into, she explained.

Travel If you reacted a certain way because they So | thought,'ok, I'll carry on doing this
did a certain thing, you'll want to bring for a bit and the next thing you know
it up tactfully. that's how | make my living these days.

Software At this time, Keek only allows users to The HD's user interface, he noted, was
delete their accounts from the Keek.com the rst such Microsoft product to rely on
website, however, this feature will soon text rather than icons, and it would form
be available for Keek apps on iOS, An- the basis for Windows Phone, Windows
droid, Blackberry 10, and Windows 8 de- 8, Xbox and all of the company's web-
vices. based services.

Table 7.2: Examples of sentences from the two classes in the Wiki dataset with the

highest similarity score with di erent test datasets.

Baseline: The baseline for this approach is to only use the manually labeled dataset.

Results

Tables 7.3 and 7.6 show the results of using wiki dataset as a training dataset with

the proposed variations. The baseline approach remains the best in the case of domain

speci ¢ training, except for the electronics domain. In the case of open domain train-

ing, using the full wiki dataset without combining any manually tagged dataset proves

to perform better in three out of four domains. Using Wiki dataset without combin-

ing it with any manually labeled dataset outperforms domain speci c training for the

electronics and travel domain.

Train data Word vec- Hotel Test Electronics Test
tor
P R [F1L J[P [R [F1

Domain specic
Domain data (base- | Glovezg 0.76 | 0.95 | 0.84 || 0.33 | 0.94 | 0.49
line)
Wiki subsample Glovezgo 095 | 0.26 | 0.41 || 0.80 | 0.36 | 0.49
Wiki subsample + | Glovezo 0.98 | 0.52 | 0.68 || 0.96 | 0.44 | 0.60
manually labeled

Open domain
All domains Glovesg 0.96 | 0.64 | 0.77 || 0.88 | 0.58 | 0.70
Wiki Glovesg 0.75 | 0.89 | 0.82 || 0.66 | 0.87 | 0.75
Wiki + all Gloveso 0.95 | 055 | 0.70 || 0.83 | 0.39 | 0.53
Table 7.3: Results of directly using Wiki dataset for training of the classi er
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Train data Word vec- Travel Test Software Test
tor

P [ R [ F1 [ P [ R [ F1
Domain specic

Domain data (base- | Glovezg 0.68 | 0.43 | 0.53 || 0.83 | 0.81 | 0.82
line)

Wiki subsample Glovezo 0.80 | 0.37 | 0.50 || 0.47 | 0.60 | 0.53
Wiki subsample + | Glovezo 0.69 | 0.38 | 0.49 || 0.86 | 0.76 | 0.81

manually labeled

Open domain

All domains (base- | Glovesg 0.74 | 0.51 | 0.60 || 0.81 | 0.80 | 0.80
line)

Wiki Glovesy 0.62 | 0.75 | 0.68 || 0.52 | 0.70 | 0.59
Wiki + all Glovesg 0.68 | 0.44 | 0.53 || 0.87 | 76 0.81

Table 7.4: Results of directly using Wiki dataset for training of the classi er

7.2.2 Approach 2: Wiki Suggestion Dataset for Learning Word Rep-
resentations

In this approach, we use the wiki dataset to incorporate supervision in learning sugges-
tion speci c word embeddings. We aim to encode task speci ¢ information in the word
vectors itself, which may enable them to compose with other words in a sentence in a
way that the two classes of sentences become better separable.

We rst train word embeddings using the wiki suggestion dataset, replace the pre-trained
GLoVE vectors in the previous approach with these vectors, and train the classi er us-
ing a manually labeled dataset. We also introduce a novel concept of Part of Speech
tag embeddings against the standard notion of word embeddings. The POS embeddings
are also learned from the Wiki dataset. This follows from our observation on the ef-
fectiveness of syntactic features for this task. Following are the di erent variations we
employed to learn the word embeddings.

1. Wiki Suggestion Embeddings (WiSE) : We train a LSTM classi er using the
full wiki suggestion dataset, without using any pre-trained word vectors for initial-
izing the training process. Word weights are then extracted from the input layer
at the end of the training. The network architecture remains the same as that of
the previously used LSTM classi ers. We refer to these embeddings as the Wiki
Suggestion Embeddings (WISE). These embeddings are di erent from the stan-
dard co-occurrence based embeddings (GloVE, Word2vec etc.) in the sense that
these are learned using a supervised learning objective. We train two variations of
the WISE embeddings:

WISE,,: These are the vectors for words. The vocabulary comprises of words
which are present in the Wiki suggestion dataset, and is therefore smaller
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than that of the GLoVE vectors. These embeddings are trained for 200 and
50 dimensions.

WISE,: These are the vectors representing POS tags. These embeddings
are very light weight, with 50 dimensions and a vocabulary of 34 tags when
trained on wiki suggestion dataset. These are learned using the same method
as above, only that the words in the Wiki dataset are replaced with their
respective POS tags. NLTK's [10] POS tagger was used to replace words
in the Wiki suggestion dataset with their automatically identi ed POS tags.
Usually it is seen that the vector size representing a word in a language
is smaller than the size of its vocabulary. Although the POS vocabulary
count in the wiki dataset resulted in 34 tags, we chose a vector size (50)
which is larger than the vocabulary for two reasons. First is to accommodate
vocabulary resulting from incorrect tokenizing and PoS tagging, eg.,)", :".
Secondly, the smallest vector size for pre-trained word embeddings is 50, and
therefore for the sake of uniformity we chose to keep the same number of
dimensions for PoS embeddings.

Baseline: The baseline for these embeddings are the pre-trained GloVE vectors of the
same dimension.

Evaluation:  We perform domain specic, open domain, and cross domain training
with this approach. Based on our evaluation from the previous chapter, 200 dimen-
sional GLoVE vectors are employed for domain speci ¢ training and 50 dimensions for
open domain and cross domain training.

Results

Tables 7.5 and 7.6 show the results of using WISE vectors in the domain speci ¢, open
domain, and cross domain settings. The WiSE vectors gave the best performance in
more number of experiments than any pf the other vectors, whereas WiSk vectors
never outperformed any of the other vectors. Specially for the electronics and travel
domain, WIiSE,, performed best for all three training scenarios.

7.3 Learning with Two Types of Embeddings

In the results reported above, we observe that the best performance is mostly shared be-
tween the GLOVE vectors (word vectors) and the WiSE, vectors (POS vectors). Figures
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Embedding Hotel Test Electronics Test
P [R [ F1 P [R [ F1
Domain speci ¢ training
Gloveygy (Baseline) 0.76 0.95 0.84 0.33 0.94 0.49
WISE w: 50 1.00 0.51 0.68 0.87 0.46 0.60
WISE w; 200 0.99 0.43 0.60 0.97 0.31 0.47
WISE, 0.82 0.81 0.81 0.71 0.77 0.74
Open domain training
Gloves, (Baseline) 0.98 0.64 0.77 0.88 0.58 0.70
WISE w; 50 0.96 0.63 0.76 0.83 0.54 0.66
WISE w; 200 0.95 0.60 0.74 0.81 0.51 0.63
WISE, 0.87 0.76 0.81 0.78 0.81 0.80
Cross domain training
Glovesy (Baseline) 0.78 0.75 0.76 0.73 0.66 0.69
WISE w; 50 0.76 0.70 0.73 0.77 0.64 0.70
WISE w; 200 0.78 0.70 0.74 0.75 0.53 0.62
WISE 0.86 0.64 0.73 0.70 0.86 0.77

Table 7.5: Classi cation results of using di erent types of word vectors

Embedding Travel Test Software Test
P [R | F1 [P [ R | F1
Domain speci ¢ training
Glovezoo (Baseline) 0.68 0.43 0.53 0.83 0.81 0.82
WISE w; 50 0.73 0.41 0.53 0.88 0.75 0.81
WISE w; 200 0.66 0.54 0.59 0.50 1.00 0.67
WISE, 0.65 0.79 0.72 0.71 0.69 0.70
Open domain training
Gloves, (Baseline) 0.74 0.51 0.60 0.81 0.80 0.80
WISE w; 50 0.71 0.49 0.58 0.83 0.78 0.80
WISE w; 200 0.73 0.45 0.56 0.82 0.76 0.79
WISE 0.70 0.86 0.77 0.62 0.91 0.74
Cross domain training
Glovesy (Baseline) 0.77 0.44 0.56 0.61 0.24 0.34
WISE w; 50 0.83 0.30 0.44 0.65 0.34 0.44
WISE w; 200 0.77 0.37 0.50 0.56 0.21 0.30
WISE, 0.68 0.87 0.77 0.60 0.94 0.73

Table 7.6: Classi cation results of using di erent types of word vectors

7.3 and 7.4 are the plots of hotel test data instances using GLoVE and WiSE vectors
respectively, where sentence vectors are obtained from the rst LSTM layer. It is evident
that the positive and negative classes have been separated upto some extent in both the
cases, but using di erent kind of functions. Therefore, both types of embeddings may
possess complementary properties for this task. This motivates us to use both of these
embeddings to learn the classi cation models. Below we propose two methods for the
same:

Concatenation of Word and POS embeddings: In this case, the network
architecture for the LSTM classi er remains unchanged. We simply concatenate the
GLoVE and WISE, vectors for a given word and then feed the resulting vector to the
learning algorithm, like in a normal case of using only one type of word vector. Figure
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Figure 7.3: Class sepa- Figure 7.4 Class sepa-

ration in hotel test dataset ration in hotel test dataset

when the model is trained us- when the model is trained us-
ing GLOVE g0 Vvectors. ing WIiSE,, vectors.

Figure 7.5: Simple concatenation of embeddings

7.5 illustrates this method. The best performing dimensions of GIOVE are used based
on the observations from the previous experiments.

Learning with two input vectors: In this method, we input the two pre-trained
vectors for each word separately and combine them midway the neural network archi-
tecture. Figure 7.6 illustrates the network architecture. This architecture is di erent
from the architecture used so far, as it replaces the two LSTM hidden layers with a fully
connected dense layer. We choose this architecture in order to reduce the architectural
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Figure 7.6:

Learning to use two embeddings as input to the network

complexities caused by combining two sub-networks in time steps (LSTM). We envisage

that this method will lead the neural network to be trained with the constraint of using

two di erent inputs vectors and combining them in the merge layer, which will lead to

the two vectors gaining optimal weights before they are combined.

7.3.1 Results

Tables 7.7 and 7.8 show the comparison of performance of the two methods employed to

use the two kind of word vectors with a single classi er. The method where two input

vectors are incorporated in the model appears to perform better in most of the cases,

and in all the cases when cross domain training is employed.

Method Hotel Test Electronics Test
P [ R | F1 P [ R | F1
Domain speci c training
Concat 0.97 0.58 0.73 0.90 0.44 0.59
Learn 0.87 0.85 0.86 0.82 0.59 0.69
Open domain training
Concat 0.95 0.53 0.68 0.81 0.50 0.61
Learn 0.84 0.82 0.83 0.78 0.57 0.66
Cross domain training
Concat 0.82 0.40 0.54 0.76 0.45 0.56
Learn 0.84 0.79 0.81 0.75 0.78 0.76
Table 7.7: Results obtained from the two methods of combining the GLoVE and

WISE, embeddings
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Method Travel Test Software Test
P [R [ F1 P [R [ F1
Domain speci ¢ training
Concatenation 0.59 0.31 0.41 0.85 0.77 0.81
Two input model 0.60 0.73 0.66 0.55 0.80 0.65
Open domain training
Concatenation 0.72 0.41 0.52 0.85 0.77 0.81
Two input model 0.80 0.26 0.40 0.57 0.96 0.71
Cross domain training
Concatenation 0.78 0.36 0.49 0.59 0.30 0.40
Two input model 0.71 0.56 0.62 0.67 0.62 0.64

Table 7.8: Results obtained from the two methods of combining the GLoVE and
WISE,, embeddings

7.4 Analysis of Results

Table 7.9 summarizes the results obtained from all the experiments reported in the
previous sections, which achieved best F1 score in at-least one run. In the rst ap-
proach, using only semantically related wiki subsample never achieved best F1 score.
In the second approach, WiIiSE word vectors never outperformed any other vector in a
cross domain setting. These two results are therefore not included in the summary table.

It can be observed that the induction of distant supervision through the wiki dataset
always outperformed the baseline in all the three training scenarios. Exception being
the domain speci c training for the software domain, where the results achieved by dis-
tant supervision are lower than the baseline with a very small margin. Most interesting
results are the high performance of WiSE embeddings in all the three settings. These
POS embeddings outperform GLoVE in a majority of experiments, provided its much
smaller vocabulary (Table 7.10). Figure 7.7 shows a two dimensional plot of the WiSE
embeddings. We can see that the tags belonging to the same part of speech are not
grouped together, as opposed to the word embeddings where semantically similar words
are often located close to each other. Figure 7.9 shows the gradual separation of classes
for the hotel test dataset when moving up the layers of a trained network using WiSEk
embeddings. Given the very small number of features (34), the curve ts very well.
These results again demonstrate the importance of syntax and grammar in the task of
suggestion mining.

Approach 1 vs Approach 2: Approach 1, i.e., using the full Wiki dataset out-
performs manually labeled dataset in an open domain training scenario, except for the
software domain. However, approach 2, i.e. using WiSE in combination with the
manually labeled datasets yields better classi cation performance for the open domain
training. Therefore, the models learned using Wiki dataset only, can be worth trying



First row for each type of training is the baseline method which do not involve any

distant supervision. Manual stands for manually labeled datasets.

Embedding Dimensions Vocabulary
Glove (Baseline) 100 400,000
WISE w 100 339,240
Part of Speech Embeddings

Glove (Baseline) 50 6B
Glove-Wiki , 50 34
WISE 50 34
Glove + WISE , Con- | 150 6B * 34
cat

Table 7.10: Statistics of di erent embeddings used
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Figure 7.7: A two dimensional projection of WiSE, embeddings
Training Word Vector Hotel Electronics Travel Software
data
Domain speci ¢ training
Manual Glovezoo 0.84 0.49 0.53 0.82
Related Wiki | Glovezgo 0.68 0.60 0.49 0.81
subsample,
manual
Manual WISE, 0.81 0.74 0.72 0.70
Manual GLOVE 200 ;WIiSE, (concat) 0.73 0.59 0.41 0.81
Manual GLOVE 200;WISE (learn) 0.86 0.69 0.66 0.65
Open domain training
All manual Glovesg 0.77 0.70 0.60 0.80
Wiki Gloveso 0.82 0.75 0.68 0.59
Wiki, All | Glovesg 0.70 0.53 0.53 0.81
manual
All manual WISE, 0.81 0.80 0.77 0.74
All manual GLOVE 200, WISE,, (concat) | 0.68 0.61 0.52 0.81
Manual GLOVE 200, WIiSE,, (learn) 0.83 0.66 0.40 0.71
Cross domain training
Manual GLOVE 59 0.76 0.69 0.56 0.34
Manual WISE, 0.73 0.77 0.77 0.73
Manual GLOVE 200, WISE,, (learn) 0.81 0.76 0.62 0.64
Table 7.9: A comparison of F1 scores achieved in all the experiments in this chapter.
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Figure 7.8: Training sample size of wiki dataset vs. precision, recall and F1 score on
the test dataset for the travel domain

for new domains whose training dataset is not available. In the open domain training,
travel domain achieves best improvement when Wiki dataset is used over the manually
labeled dataset. Figure 7.8 shows the variations in F score for the travel test dataset, on
increasing the training sample size of the Wiki dataset. F 1 score improves with large
additions to the training datasets.

7.5 Summary

In this chapter we proposed some methods to employ distant supervision in suggestion
mining with the aid of representation learning. A large silver standard and open domain
training dataset comprising of 1.3 million sentences is developed using the sentences from
wikiHow and Wikipedia. The two approaches to use this new wiki suggestion dataset
perform better than the baseline. Therefore, the Wiki suggestion dataset proves to be
an important resource for suggestion mining. In future, as the wikihow dataset grows,
we expect an improvement in the performance of the proposed approaches. However, it
is also evident that in order to achieve higher classi cation accuracies, manually labeled
data would still be required.

In addition to the improvement in performance of the baseline LSTM classi ers, our
experiments led to two interesting outcomes. The rst is the demonstrated e ective-
ness of POS tag embeddings, which were learned using a supervised method on a silver
standard training dataset. This results in an extremely light weight yet powerful classi-
cation model as compared to the other neural network models discussed in this thesis.
To the best of our knowledge, this is a rst of its kind study of the performance of POS
tag embeddings on a sentence classi cation task. It provides a basis for evaluating this
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Layer 1 Layer 2

Layer 3 Layer 4

Figure 7.9: Separation of positive and negative classes in hotel test dataset, when
moving up the layers of a trained LSTM classi er which uses WiSE, vectors

method on other sentence level tasks. The second is the achievement of high classi ca-
tion accuracy in open domain and cross training scenarios, which opens the possibility
of directly applying the existing open domain and cross domain models to new domains.

The method of employing two types of inputs in the neural network proved to be better
than concatenating them beforehand. But this method still does not perform better than
the single vector method for most of the domains, and therefore failed to e ectively com-
plement the information gained from the two vectors. Exploring and evaluating more
approaches to use both word and POS embeddings can be a future extension of the
study conducted in this chapter.



Chapter 8

Conclusion

In this thesis we investigated the extraction of suggestion expressing sentences from
opinionated text, like reviews, discussion forums etc., which can be referred to asug-
gestion mining. Several datasets were also developed and released for the same. With
this chapter, we conclude the thesis by providing a summary of the contributions deliv-
ered in chapters 4, 5, 6, and 7. We also re ect on the limitations of the current study,
possible extensions to the experiments, and directions for the future work in suggestion
mining. Lastly, we describe two openly available suggestion mining services, which were
developed by us for demonstration purposes.

8.1 Summary of Contributions

The investigations in this thesis were guided by three research question§Vhat are sug-

gestions in the context of suggestion mining?What are good features for supervised
learning in suggestion mining? and How can distant supervision be employed in sug-
gestion mining? Below we discuss our contributions towards answering each of these

guestions.

8.1.1 De ning Suggestions

In this part, we rst studied qualitative and quantitative properties of suggestions and
the challenges associated with the manual labeling of sentences. We then extended the
formal de nition of suggestion mining by providing a categorization of sentences present
in the source text, and by de ning the scope of suggestion and non-suggestion classes in
terms of these categories. The categories werexplicit suggestions, implicit suggestions,
explicit non-suggestions, and implicit non-suggestions A context based de nition of

118
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each of the categories was also proposed, with some examples of context. The scope of
suggestion class for this thesis was de ned asxplicit suggestions while non-suggestion
class comprised of sentences from the rest of the three categories.

Based on this theory, we devised a two phase annotation method to prepare bench-
mark datasets for suggestion mining. This method reduced the subjectivity associated
with the manual labeling of sentences, with minimally de ned annotation guidelines,
which if very detailed tend to be ignored by the annotators. Training and evaluation
datasets were prepared for four domains: hotel reviews, electronics reviews, travel dis-
cussion forum, and software suggestion forum. In addition, two datasets (travel forum
and tweets) from the previous works were re-annotated with our method in order to
employ them for the current experiments. Dierent domains di ered in the way sug-
gestions were expressed in them, the ratio of classes, and the level of inter-annotator
agreement.

Limitations and future extensions

Although we investigated four domains, this study can be expanded to several other
application domains, and the task de nition can be revisited accordingly. One of the
additional domains which we are interested in is Youtube, where suggestions can be
extracted from the comments section. We observe that several Youtube channel own-
ers upload videos on demand, where they have to manually read all the comments to
identify the most frequent request. This thesis also limits the scope of study to explicit
suggestions, and extending the scope to implicit suggestions can introduce further chal-
lenges and use cases to the task. Implicit suggestion mining can also cross paths with
the eld of natural language inference [37], where suggestions need to be inferred from
their implicit forms. For examples, "There is this lovely English cafe next to the hotel,
which serves fresh scones and cakes every morning.', can be considered as an implicit
suggestion, which can be used to infer an explicit suggestion, ‘| recommend the English
cafe next to the hotel.’

One limitation of the current task being framed as a sentence classi cation task is that
automatic sentence classi cation tends to be error prone, specially with the noisy text.
Also, often context and suggestions are either split into two consecutive sentences or are
only present within a single clause of a long sentence. For example, "So far i have tried
three di erent apps and | cannot access my pre windows phone 8.1 photos.', "This needs
Xing as a number 1 priority' are two consecutive sentence from the software domain.
An alternate framing of the task could be the identi cation of start and end position of

a suggestion in the full candidate document.
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8.1.2 Features

We performed the rst in-depth study and comparison of the performance of manually
de ned features, as well as automatically learned features for suggestion mining. SVM
and LSTM neural network classi ers were employed for the same. All the features were
evaluated for their performance in three types of training scenarios, domain speci c,
open domain, and cross domain training. The automatically learned features included
pre-computed word vectors which can be learned using di erent methods and can pos-
sess di erent number of dimensions. We compared the performance of two popular types
(GLoVE and Dependency), as well as 4 di erent size of dimensions (300, 200, 100, 50)
for word vectors.

Our ndings show that the manually determined features are at par with the auto-
matically learned features for three out of four domains, given the currently available
manually tagged datasets. Apart from the n-gram features, majority of the top ten
manual features were proposed by us. When word vectors were employed, SVM clas-
si ers performed better than LSTM classi ers in the majority of cases. Interestingly,
automatic feature learning worked best for the travel domain which was seen to be the
most di cult domain to manually distinguish suggestions from non-suggestions. The
classi ers from related works which used SVM with manually determined features, were
outperformed when SVM was used with word vectors.

We also proposed our own word vectors WISE, which further improved the results for
representation learning for all the domains. WISE have been summarized in the next
section. Table 8.1 summarizes the overall best performing classi ers and features for
di erent domains, across all types of training. Hotel, electronics, and travel domain
evaluation datasets yielded best results when training datasets from all the domains
were combined. Therefore, the manually de ned features were able to perform well on
combining training datasets from di erent domains.

Another useful set of results are from the cross domain training, in which a classi er
is trained on manually labeled datasets which exclude the evaluation domain. Manual
features again gave best results for this setting, except for the travel domain.

Limitations and future extensions
A limitation of the current work is the hand tuning (trial and error) of hyperparameter
values, which can be replaced with more automated, exhaustive, and advanced methods
like
The observation that manual features work better with the relatively small manually
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Domain Training data Classi er Features F1 score
Hotel Open domain, manu- SVM Manual 0.891
ally labeled
Electronics Open domain, manu- SVM Manual 0.894
ally labeled
Travel Open domain, manu- | LSTM WISE p 0.77
ally labeled
Software Domain specic, man- SVM, LSTM Manual  (SVM), 0.82
ually labeled GLOVE 200
(LSTM)
Table 8.1: Best performing experiment for di erent domains
Domain Classi er Features F1 score
Hotel SVM Manual 0.84
Electronics SVM Manual 0.848
Travel LSTM WISE p 0.77
Software SVM Manual 0.767
Table 8.2: Best performing methods for each domain in the case of cross domain

training

labeled training datasets for suggestion mining can be further validated by using a dif-
ferent kind of neural network classi er. An immediate choice would be Convolutional
Neural Networks, which do not attempt to learn long term dependencies in sentences
(LSTM), but are known to e ectively capture local co-relations of spatial or temporal
structures. Therefore, an intuition is that CNN might capture well the good n-gram
features (spatial structures) at di erent positions in a sentence.

8.1.3 Distant Supervision

In this part of our research, we evaluate methods where non-manually labeled but larger
datasets can be employed to train better classi ers for suggestion mining. Another ob-
jective was to better employ representation learning by increasing the size of training
dataset. We released a silver standard dataset of 1.3 million sentences which were freely
collected from wikiHow and Wikipedia, and used it with the LSTM classi ers.

We proposed two approaches to employ the wiki suggestion dataset. First was to use the
dataset directly for training the classi er, in addition or without the available manually
labeled data. The other was to learn word embeddings in a supervised manner using
the wiki dataset (WIiSE vectors), and employ them in training the classi ers with the
manually labeled datasets. We also proposed to learn POS version of WISE vectors
(WISEp), where vectors were learned for POS tags instead of words. The WiSEvectors
used with LSTM signi cantly improved the classi cation performance achieved by base-
line LSTM classi ers in a majority of cases, across the three training scenarios, for all
the domains. Combining WIiSE, vectors with GLOVE vectors gave best results for the
hotel domain across all three training scenarios for the LSTM classi ers. Using WiSE
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with cross domain and open domain training of LSTM classi ers outperformed all other
approaches for the travel domain (Tables 8.1, 8.2).

Limitation and future extensions

In future, we are interested to devise more methods for coupling WiSE embeddings
with the state of the art word vectors through di erent neural network architectures.
We would also like to evaluate the approach of learning POS tag embeddings using silver
standard datasets on other sentence classi cation problems.

8.2 Directions for new research problems

We discussed potential further experiments regarding each of the research questions pre-
viously. On a higher level, there are two additional research questions we are interested
in pursuing with regards to suggestion mining.

Multilinguality

Given the decent results obtained by leveraging data from wikiHow and using small
gold standard datasets, we are motivated to perform multilingual counterpart of the

distant supervision experiments (Chapter 7), using multilingual wikiHow (Figure 8.1)

and Wikipedia to obtain a silver standard, open domain, and multilingual dataset for

the same.

Suggestion summarisation

Once suggestions are extracted from a given source text, there is a possibility that same
suggestion is repeated a number of times when the source data is very large. For exam-
ple, Make sure to buy a tripod and separate ash unit at the same timeand, | would
recommend buying a tripod as an accessory for professional quality pictureare essen-
tially same suggestions extracted from the reviews of a certain camera. Therefore, it
would be a useful to investigate into the identi cation of di erently paraphrased sugges-
tions, and summarizing them by either choosing a representative sentence or generating
one. Existing state of the art methods on sentence similarity, text summarization and
generation can be investigated for the same.
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Figure 8.1: Availability of non-English versions of WikiHow

8.3 Demonstration and Services

8.3.1 Research Demonstrator: MiSO

We developed a demonstrator MiSO?! for suggestion mining, which allows the user to
provide a candidate text and compare between the predictions of a rule based classi er,
support vector machines using manual features, and LSTM classi er. The rule based
classi er is the one discussed in Chapter 5, which uses an aggregation of all the domain
independent rules from the previous studies on suggestion mining. The statistical clas-
si ers are trained on a combination of all manually labeled datasets. SVM uses all the
manually identi ed features described in Chapter 5, while LSTM uses 50 dimensional
GLoVE embeddings. As a part of the demonstrator, we also provide a rest API| which
accepts the source text in English and returns the sentences which are predicted as sug-
gestions, using the LSTM classi er.

Currently, MiSO is developed for standard text (reviews, blogs etc.), but we plan to

Lhttp://serverl.nlp.insight-centre.org/miso/
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