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Introduction

« Sentiment Analysis is an area of
study in natural language processing
which deals with extracting opinions
or sentiments from natural language.

« As per Ekman’s model, there are 6
basic set of emotions anger, sadness,
fear, joy, anger and disgust.

e In this research I am proposing a
framework to perform sentiment
analysis on email dataset to detect
emotions from email text and identify
stress

« In business workspace, email still
remains the most commonly used
mode of communication and statistics
indicates a total 281 billion emails are
exchanged per day.

« Identify the optimum text
preprocessing techniques to clean
the email dataset.

 Develop method to label emails
based on the presence of emotions in
the email text for supervised learning
approach

« Develop a supervised classification
model to classify emails for the six
basic emotions and detect stress

Background

 Previous research done on email
dataset for sentiment classification
showed text features such as TF-IDF
improved the accuracy of the
classification

« In sentiment analysis lexicon based
methods has generated a lot of
Interest in recent times

Abstract

Identifying stress using email especially
in @ workplace would be helpful in
addressing possible cases before it
becomes chronic. Emotion analysis from
text documents has gained lot of
attention in recent years. But research in
emotion analysis has been difficult due to
lack of annotated datasets. Emotion
analysis on large Email data a ubiquitous
means of social networking and
communication, has not been studied
thoroughly. This paper proposes a new
process to analyze email text to extract
emotions of the writer to identify
indicators of stress. This process includes
a weakly supervised labelling approach to
generate a labeled dataset, a new lexicon
to identify stress based on the email
corpus and classification model to classify
emails with indicator of stress and
experiment with the labelled dataset.
Initial classification results show that the
process is able to classify emails
indicating stress with good accuracy and
recall rate.

Methods

Text Cleanup

Developed in python to clean email text.
For email set consider the first email in
the chain.

Data Labelling

Method to label data set using distant
supervision using emotional intensity of
words in NRC emotional intensity lexicon
Feature Generation

Features - Bag of words, TF-IDF, word
count of emotion words in text

Output — Numpy array of features for
every email text

Classification Models

« Support Vector Machine

» Logistic Regression

 Nalve Bayes

Advisor — Dr. Sal Barbosa

Metrics

« Accuracy - Rate of correct
predictions

* Precision - Ratio of correct positive
predictions to the total predicted
positives

« Recall — Ratio of correct positive
predictions to the total positive
samples

Future Work

- Identify new features to improve the
classification model.

- Data labelling method needs to be
tested on a different human labelled
dataset to check its accuracy.

- Further research on identifying
different intensity of emotions and
how to combine them to identify
indicators of stress.

Logistic Naive
Regression Bayes SVM
Avg 81% 78% | 86%
Accuracy
Avg 51% 40%  71%
Precision
Avg Recall 25% 36% 54%

Conclusions

Results indicate that Support Vector
machine outperformed other
classification models. As per [Liu and
Lee, 2018], they also found SVM
classification performed better for email
classification. But there is a lot of scope
for improving the overall precision and
recall. Average precision of 71% and
recall of 54% across all 6 basic
emotions is not very efficient.

Labelling method also needs
improvement which could also improve
the overall classification as emails can
be mislabeled. The method used to
label dataset needs to be tested on
other data sets.
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