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ABSTRACT

KEYWORDS: Natural Language Processing; Sentiment Analysis; Emotion De-

tection; Transformers; Emotional Mobility; Context in Text

In this research we present approaches for utilising emotions and sentiments for enhanc-
ing the context handling capability of Natural Language Processing algorithms. We base
our work on the premise that emotions get reflected in the textual content generated by an
individual. We leverage sentiment patterns and associated emotions within an utterance to
predict helpfulness of Amazon reviews. We find that emotion-augmented embedding yields
1.85% better accuracy, 0.5% better precision, 6% better Recall and 3% better F1 Score than
original BERT embedding. Our approach does not need resource intensive fine tuning of
BERT, and can be generalised to an application specific use case.

In order to achieve better context, we need methods to enhance sentiment analysis. We
therefore propose a stacked ensemble architecture and demonstrate that it outperforms ex-
isting state-of-the-art models by an accuracy score of 1% to 12% depending upon the dataset
and configuration. Our approach requires minimal training and computing resource, and
also does not require any pre-processing, and can be used in modified forms for many rele-
vant use cases.

Exploring further, we have proposed enhancement of contextual awareness by discern-
ing the degree of Emotional Mobility from textual content. We moot the term ‘Emotional
Mobility” which is characterised as an emphatic emotional expression, possibly triggered by
an event, situation or an interaction and presents itself as a state involving rapidly changing
sentiments. We propose a novel concept of treating the sentiment score as a waveform and
examining it in frequency domain and thereafter using unsupervised learning for classifying
set of sentences as per the corresponding degree of emotional mobility. We apply the pro-
posed approach on dataset of speeches of US Presidents corroborating real world incidents
from open source information. We have been able to demonstrate that this approach re-
mains largely consistent across different sentiment analysis algorithms.

As an outcome of this research, we have proposed a new work item for International
Telecommunication Union (ITU) Study Group-12 (SG-12) for assessing the emotional con-
nect of a chatbot based application wherein we have proposed the concept of Quality of

Emotional Experience (QoEE) as a part of Quality of Experience (QoE).
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