Original Article

Intelligent Neurological Based Email Categorization
Using Svym To Increase Customer Support Efficiency

Harsh', Inderpal Singh?, Anshu Sharma3, Chirag Sharma#*, Rachit Garg®

*Department of Computer Science and Engineering, CTITR, Jalandhar
23,4 5Department of Computer Science and Engineering, Lovely Professional University, Jalandhar

*Corresponding Author: - Chirag Sharma
*Department of Computer Science and Engineering, CTITR, Jalandhar

DOI: 10.47750/pnr.2022.13.508.525
Abstract

This paper is aimed to bring enhancement in customer support journey by automatically categorising emails into different categories
using Artificial Intelligence. The major aspects of this research focus on neurological email based customer support processes. We
examined that upto what neurological level the customer support process can be optimised. It explains an SVM based approach for
email categorisation. Results of this research are providing approx 85% correct categorisation, precision and recall are also nearby
85%.
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1 INTRODUCTION & BACKGROUND

This research is based on the topic of customer support. Customer support is the process of resolving any problems or
queries raised by the customers on your product or service. Customer Support is a very important department for the
success of any organisation. Every company differentiates itself from its competitors by virtue of its products &
services features, but post-sales customer support helps in increasing the retention rate & customer loyalty, it also helps
in decreasing customer acquisition cost (CAC) for the organisation. Technology is bringing revolution in all aspects of a
business and hence customer support is also not untouched. There are various technical ways through which support is
provided. However point to note here is lack of efficient use of technology may bring negative forces into branding
whereas if used positively it can bring brand upliftment. Different ways have been evolved for providing customer
support for e.g. - emails, call support, chat support, chatbots etc... Though there are tons of ways to provide support,
many of them rely on manual work. To develop a customised support answer on a heavy flow of incoming queries in
big organisations it becomes impossible to completely automatically build a support query’s answer which provides
solutions to a customer’s problem by being inline with organisation policies.

Despite the fact that many communication channels exist for consumers to reach out to the organisation’s customer
support team and social media is rising as one big channel amongst them but emails have been a dominating mechanism
for a good long and are not going to go away any sooner. Though there are various ways to write back solutions to those
emails, eventually all of them lead to manual human work which raises a requirement of higher manpower & more
costly implementations.

Customer support process and after sales service cost approximately 20-25% of the total expenses for any service based

company, hence efficiency & optimization is much required after ensuring to provide right solutions to client’s problem.

“Data” is considered to be the oil for modern day organisation (specially tech driven organisation). A company in any

stage, the way it handles data & leverages the power of it, decides the success of the company in thelong run. There are

enough examples of data driven organisations including Facebook, Google, Amazon & many in India like - Zomato,

MakeMyTrip etc... Customer support is one of those industries which can leverage data oriented technologies like

machine learning, artificial intelligence and data science to improve by a significant margin. Some benefits of

conducting further research over customer support is as follows:

o Clients will be benefited if the response to emails or calls would be faster & more up to the mark.

o Staff will be benefited out of it if these responses can be automated in some way, it’1l allow organisations to operate on
heavy volumes with lesser manpower.

e Branding of the company can evolve in a much different way.

This research discusses various components in a customer support journey and various challenges around them.
Followed by that is implementation of SVM based design for automating the categorization of email queries received
by organisations and results achieved by this approach.
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2 LITERATURE REVIEW
According to research done by Mujtaba et. al., 2017 major features to pick from an email which may help in detecting
its category are as follows:

e Email Body Features

e JavaScript Features

o URL Features

e SpamAssassin Features

e Disconnected Features

e Online Features

e Social Features

e Network-based Features

o Stylometric Features

e Social Features

e Primary Features

e Lexical and Non-lexical Features
e Term-based Features

e State based Features

e Social Features

e Primary Features

e |_exical and non-lexical Features

Kannan et al. (2016) say that the Reply Generation System's main job is to figure out what the most likely answer is to a
specific message. Deconstructing natural language dialogue in open spaces like Twitter has been done a lot, but most of
the work has been on online media tasks like predicting whether or not a reply will be made, predicting only the next
word, or putting strings in order. Before, full reaction forecasting was tried, which led to a challenge from the point of
view of machine interpretation: given a Twitter post, use phrase-based quantifiable machine interpretation to "create an
interpretation™ of it as a reaction (SMT). But instead of SMT, an interpretation model for neural machines called
"grouping-to-succession learning” can be used to improve accuracy. Arrangement-to-grouping recognition, which uses
long transient memory organisations (LSTMSs) to predict text successions, was first used in Machine Translation. Since
then, it has been used successfully in other areas, such as picture subtitling and discourse recognition. Repeated neural
networks (RNNSs) or long short-term memory (LSTMs)have also been used in other studies to predict whole reactions.
Some efforts use an SMT framework to find the n-best records, while others promote models that are completely
generative. The main thing that makes our work stand out is that it was done in a production setting, which took into
account issues like quality of response, usefulness, adaptability, and security. None of the related papers talked about
these issues, so we made the changes we describe in the rest of this study. Also, an important focus on web-based media
and film discourse is expected to help people understand messages well. In each of these situations, a simple connected
or on-point answer is often enough. Email, on the other hand, often includes a request or goal that the reply should
address.

In his study "Characterizing and Predicting Enterprise Email Reply Behavior,” Liu et al. (2017) finds and mentions that
by showing client answer practises like answer rate and answer time, we can add machine insight to email frameworks
to help both email recipients and shippers. Answer predictions could help email recipients sort out messages that need a
reply or need a quick response. This could help reduce the amount of email they have to deal with. During email
structuring, answer habits for email senders could be predicted ahead of time.

In general, better response strategies could lead to better correspondence skills. For example, making it clear that an
email is a solicitation (e.g., "Could we get together?") could help the recipient understand that he or she needs to
respond quickly. Also, warning the sender that a response is likely to take longer if it is sent late at night or at the end
of the week could improve the effectiveness of correspondence.

Previous studies looked at how people organise, reply to, and get rid of their email messages. Still, these evaluationsare
based on quick overviews or meetings. Some new studies suggest ways to pay attention to how clients are using
messages with a lot of data. Both of these investigations are based on messages from Yahoo! Mail shoppers. Even
though a few studies have shown that business email use isn't the same as consumer email use, Compared to the use of
buyer email, it hasn't gotten as much attention. Some studies show, for example, that company clients send and receive
twice as many messages as buyer clients. Other studies show that machine-made messages from corporate and informal
communication destinations are now taking over shopper email. Kooti et. al. study .'s of how people respond to emails
in Yahoo! Mail may be the most similar study to ours. Even so, they focus on private email and only look at a small
subset of email transactions: those from coordinated (dyadic) email conversations between groups of clients who have
traded more than 5 messages in buyer email. Focusing only on email conversations between two people is limiting,
especially when it comes to large corporate communications. We looked at the email data from endeavour and found
that 52.99% of messages were sent to more than one person other than the sender. So, it's important and more fair to
focus on the bigger picture of how people respond to emails, which includes both one-on-one messages and messages

sent from a group, with almost no restrictions on previous connections.
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3RESEARCH METHODOLOGY

Dataset required for this research is the received email, their corresponding replies, categorization done by executives
for those emails and various steps taken further. The implemented web application suits best for such a data collection,
as discussed earlier, all of this data was being stored in PostgreSQL database and can be processed and transformed for
further processing by means of a scripting or programming language. Python once again is the chosen language for this
and various tools and libraries used in Python for this step are as follows:

a) JSON extractor

b) UTF and XML decoders

c¢) Pandas and Numpy

XML decoders, JSON decoders, UTF-8 decoders etc... are then used to extract and decode features present in email
messages and using various data transformation techniques are then converted into more readable formats. Some of the
features in RFC format email messages include sender email ID, email subject, email body and attached files (if
present), message format, delivery time and associated message ID etc...

This dataset is then passed through Numpy and Pandas to clean for missing values, remove outliers, convert
datetime stamps from strings to UNIX values and categorical data into numerical values to get processed by the
machine learning or deep learning algorithms. Cleaning and transformation converts all the data into uniform format
which affects the prediction performance by a significant impact. Features extracted in this step are then prepared to be
loaded into the artificial intelligence system.

Features extracted from the emails then acted as input to categorise emails into different categories e.g. need urgent
reply or is a non-urgent message and various sub-categories. Various emails can be discarded to take any action based
on the categories for e.g. promotional mails, spam mails, notification mails etc... However, few other types of mails
such as job applications, freelancer bids etc... can be processed and saved into job applicant’s data in case the company
does not have a vacancy. Such cases will never be assigned to executives and will save a lot of overhead time. Other
emails which require urgent / non-urgent response are assigned to executives in order of their detected urgency
precedence and are expected to be solved by the executives.

In order to categorise the email here we have used a Support Vector Machine (SVM) classifier due to its performance
and ability to categorise multidimensional data into different categories using the support vectors separation technique.
Support Vector Classifiers are also complimented with the ‘rbf” kernel to bring better performance. Outcome of using
SVM classifier and performance on email categorization are discussed in the results section. Data was passed through
various NLP (Natural Language Processing) processes before being passed through SVM. Various steps taken under
NLP are intent recognition, similarity analysis etc...
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Figure 1: Categorization of emails into different categories (urgent and non-urgent) and sub-categories

4RESULTS AND DISCUSSION

The experiments conducted using proposed designs to categorise emails into different buckets and mapping to right
urgency score produced results which are discussed below. Note: Number of categories in the data used for this
implementation are 10 categorised with a number in the range 0 to 9 (both inclusive).

Case 1: When research methodology is applied across industries
e Accuracy percentage is 54.7%
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e Confusion Matrix

e Classification report

True label

Predicted label

Figure 2: Confusion matrix for email categorisation with proposed methodology across industries

Table 1: Classification report including precision, recall, f1-score and support for various classes implemented across

industries
precision recall fl-score support

0 0.528846153246154 0.561224480705018 0.544554455445545 l o8

1 0.376086936321738 0.54639175237732 0.360846360846361 L

2 03272727272727217 0.347169811320733 0.337037037037037 106

3 0.365217391304348 0.571428571428571 0. 568306010928962 91

4 0.382417582417582 0.602272727272717 0.592178770949721 88

5 0.524752473247515 0.53 0.527363184079602 100

6 0.575757575757576 05181818181R1818 0.545454545454546 110

7 0.486486486486487 0.504671897196262 0.495412844036607 107

8 0.529411764705882 (0.580645161200323 (.553846153846154 93

9 0.391836734693878 0.527272727272717 0.557692307692308 110
ACCUTECY 0547 0.547 0.547 0.347
HIACTO aVE O 54EROE5R482530 0.548025005633642 0548260187031713 11000
weighted avg 0.548485T00657997 0547 0.54712129067355 1000

Case 2: When research methodology is applied over only EdTech industry

e Accuracy percentage is 85%

e Confusion Matrix

Figure 3: Confusion matrix for email categorisation with proposed methodology on EdTech industry

e Classification report

True label

Predicted label
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Table 2: Classification report including precision, recall, f1-score and support for various classes

precision recall fl-seore support

0 0.845153846153846 0.845153846153846 0.845153846153846 13
1 1 0.769230769230769 (0.869565217391304 13
2 0.909090209090209 0.902020209020909 0.902090202020909 11
3 0.833333333333333 0.833333333333333 0.833333333333333 12
4 0.909090909090909 0.769230769230749 0.833333333333333 13

5 0.666666666666667 0.909090909090009 0.769230769230769 11

6 0.833333333333333 0.833333333333333 0.833333333333333 12

7 0.903020309090909 0.833333333333333 0.869565217391304 12

8 0.909020209090909 0.909090909090008 0.909090902020909 11

9 0.785714285714286 0.916666666666667 0.845153846153846 12
accuracy 0.85 0.85 0.85 0.85
Macroe avg 0.86015651015651 0.852855477855478 0.851885071450289 120
weighted avg 0.862409812409812 0.85 0.851565403195838 120

It is evident that the results are significantly better in the case of EdTech based implementation in contrast with general
implementation across industries because of varying industry dynamics. The results presented for both the cases shows
that the model is not biassed towards any specific category and the confusion matrix is practically in a balanced score.

Accuracy of 85% is a good performance considering the risks involved. The domain is not critical and it is acceptable to
have some form of deviation from correct answers against the much higher benefits of automation that is offered by the
implemented design. Classification report mentioned in the result section presents precision and recall to be in line with
accuracy. The weighted average of precision is 0.862409812409812 and that of recall is 0.85 which shows no-biases
towards any particular category of emails.

5CONCLUSION AND FUTURE WORKS

This research with presented literature review, methodology and results show that customer support processes can be and
need to be automated for better branding and support to the customers on the basis of neurological parameters. The
result section clearly shows that emails received by the business can be easily categorised into various categories and
the process achieved 85% accuracy in doing so which can be enhanced further by more modifications. We also
discussed various steps involved in building a reply generation mechanism for the received emails by any company
which can drastically reduce the time between received email and sent response. Mentioning about the future works,
there are various tangents this research can be extended upon. This design can be customised to make it generic and
able to work across industry with acceptable performance metrics. Currently the accuracy is 54.7% for across industry
implementations which can be improved by change in design, better sources for data collection, improved data
processing etc...
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