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The growth in user-generated data

456 000 ﬂ 803 000 f@ 46 800

90% in past two years

@ contain much potential value
e mostly unstructured

@ too much to analyse manually
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A solution: Sentiment analysis

Definition — Sentiment analysis
Form of text analysis that:

o falls within broader scope of natural language processing,
computational linguistics, and text mining

o computationally identifies polarity of a sentiment expressed
by a writer in a given portion of text.

v

65" Annual SAMS Congress — 7 December 2022 ASPECT-BASED SENTIMENT ANALYSIS



Levels of sentiment analysis

65" Annual SAMS Congress — 7 December 2022 ASPECT-BASED SENTIMENT ANALYSIS



Levels of sentiment analysis

“The ice-cream was absolutely delicious! Unfortunately the service was
very slow, but at least the music was good :)”

ASPECT-BASED SENTIMENT ANALYSIS



Levels of sentiment analysis

“The ice-cream was absolutely delicious! Unfortunately the service was
very slow, but at least the music was good :)”

65" Annual ongr 7 Decembe ) SENTIMENT ANALYSIS



Levels of sentiment analysis

“The ice-cream was absolutely delicious! Unfortunately the service was
very slow, but at least the music was good :)”

{

Positive

ASPECT-BASED SENTIMENT ANALYSIS



Levels of sentiment analysis

“The ice-cream was absolutely delicious! Unfortunately the service was
very slow, but at least the music was good :)”

v

Positive

Document-level sentiment analysis

ASPECT-BASED SENTIMENT ANALYSIS



Levels of sentiment analysis

“The ice-cream was absolutely delicious!”

“Unfortunately the service was very slow, but at least the music was good :)”

ASPECT-BASED SENTIMENT ANALYSIS



Levels of sentiment analysis

“The ice-cream was absolutely delicious!”

“Unfortunately the service was very slow, but at least the music was good :)”

ASPECT-BASED SENTIMENT ANALYSIS



Levels of sentiment analysis

“The ice-cream was absolutely delicious!”  — Positive

“Unfortunately the service was very slow, but at least the music was good :)”

v

Negative

ASPECT-BASED SENTIMENT ANALYSIS



Levels of sentiment analysis

“The ice-cream was absolutely delicious!” — Positive

“Unfortunately the service was very slow, but at least the music was good :)”

Y

Negative

Sentence-level sentiment analysis

ASPECT-BASED SENTIMENT ANALYSIS



Levels of sentiment analysis

“The ice-cream was absolutely delicious! Unfortunately the service was
very slow, but at least the music was good :)”

ASPECT-BASED SENTIMENT ANALYSIS



Levels of sentiment analysis

“The ice-cream was absolutely delicious! Unfortunately the service was
very slow, but at least the music was good :)”

ASPECT-BASED SENTIMENT ANALYSIS



Levels of sentiment analysis

“The ice-cream was absolutely delicious! Unfortunately the service was
very slow, but at least the music was good :)”

ASPECT-BASED SENTIMENT ANALYSIS



Levels of sentiment analysis

“The ice-cream was absolutely delicious! Unfortunately the service was
very slow, but at least the music was good :)”

v

{iice-cream: Positive,
service: Negative,
music: Positive}

ASPECT-BASED SENTIMENT ANALYSIS



Levels of sentiment analysis

“The ice-cream was absolutely delicious! Unfortunately the service was
very slow, but at least the music was good :)”

v

{iice-cream: Positive,
service: Negative,
music: Positive}

Aspect-based sentiment analysis
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High-level framework overview
Detailed description of one component

Case studies
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Terminolog

entity

Review of Lienke's Ice-cream Shop:

“The ice-cream was absolutely delicious! Unfortunately the service was
very slow, but at least the music was good :)”

N—
aspect
expression
ice-cream —> food —>  positive
service —>  service —>  negative
music —> ambience —>  positive
- — J
aspect sentiment

category polarity
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Contextualisation within the literature

Shortcomings of current approaches:
@ Focus on a subset of the tasks
o Employ a specific model, model architecture, or features

o Quantity and complexity of the literature form a
barrier-to-entry
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Contextualisation within the literature

Design and develop a generic framework for the aspect-based
sentiment analysis of text data. The framework should:

o take as input raw text data from any domain

@ produce various insights by means of aspect-based
sentiment analysis

o guide the entire development process

o afford flexibility to configure as desired

@ provide guidance on the analysis of model results.
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Contextualisation within the literature

Secondary aim

Implement the proposed framework in the form of a computer
program, and apply it to a variety of data sets in order to
demonstrate its working.
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First stream Second stream
@ Have aspect expression o No aspect expression labels
labels @ Predefined aspect
@ Free discovery of aspect categories
categories

@ Highest level of granularity
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High-level framework

First stream Second stream
@ Have aspect expression o No aspect expression labels
labels @ Predefined aspect
@ Free discovery of aspect categories
categories @ Slightly lower level of
@ Highest level of granularity granularity
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Case studies: The data sets

o Validation studies: SemFEval 2014 data sets

e Restaurant domain — 3 841 documents, aspect term and

category labels

e Laptop domain — 3845 documents, aspect term labels only
o Real-world case study: South African retail bank

o Twitter data

e No labels — had to label myself manually

e 2000 documents
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@ a selection of appropriate machine learning algorithms
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The restaurant data set

For each model development component:

@ a number of different feature sets

@ a selection of appropriate machine learning algorithms

e feature selection (chi-squared test or greedy local search)
@ hyperparameter tuning (grid search)
°

ensembling of results (majority and weighted voting)
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The restaurant data set

Model Fi score Model Fi score
DLIREC 0.8401 Framework 0.9052
XRCE 0.8398 NRC-Canada  0.8857
Framework 0.8297 UNITOR 0.8526
NRC-Canada  0.8018 XRCE 0.8228
Baseline 0.4715 Baseline 0.6389
Identifying aspect terms Detecting aspect categories
Model Acc Model Acc
DCU 0.8095 NRC-Canada 0.8292
NRC-Canada 0.8015 XRCE 0.7814
Framework 0.7954 Framework 0.7727
UWB & XRCE 0.7768 UNITOR 0.7629
Baseline 0.6428 Baseline 0.6428
Classifying sentiment (aspects) Classifying sentiment (categories)
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Conclusion

Presented a framework that:

@ guides a user through the development and deployment of
an ABSA system

@ is agnostic to the specific methods/algorithms employed
o development of multiple models at once — comparison

@ results in performance comparable with the literature
across all tasks
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