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Abstract

Processing customer support requests via a support
ticket system is a key-element for companies to provide
support to their customers in an organized and
professional way. However, distributing and
processing such tickets is much work, increasing the
cost for the support providing company and stretching
the resolution time. The advancing potential of
Machine Learning has led to the goal of automating
those support ticket systems. Against this background,
we conducted a Literature Review aiming at
determining the present state-of-the-art technology in
the field of automated support ticket systems. We
provide an overview about present trends and topics
discussed in this field. During the Literature Review,
we found creating an automated incident management
tool being the majority topic in the field followed by
request escalation and customer sentiment prediction
and identified Random Forrest and Support Vector
Machine as best performing algorithms for
classification in the field.

1. Introduction

Providing technical support for own IT products
is an integral part of software developing or software
providing companies [1, 2]. For this purpose, most
companies provide their customers support ticket
systems (STSs), in which users can create incident
tickets describing their problem or request [1]. In most
state-of-the-art STSs, at least some key decisions in
distributing these support tickets to the responsible
support assistant or support team are still made by
support staff members [3]. Support ticket distribution
has the potential to bind a lot of working time of
technically skilled workers, wherefore big companies
often use less-skilled or temporary workers for support
ticket distribution or outsource the support to a third
party entirely [4]. This process of manually
distributing emerging support tickets by often less-
skilled human workers is on the one hand ineffective

URI: https://hdl.handle.net/10125/79570
978-0-9981331-5-7
(CC BY-NC-ND 4.0)

H{CSS

and expensive [3]. On the other hand, it mostly
increases the ticket resolution time and therefore
lowers the satisfaction of the customer initially
creating the ticket [1, 5, 6].

At the same time, the volume of support tickets in
IT-companies created by customers has significantly
grown due to the digitalization efforts currently made
across all industries [7]. This means that IT-companies
face an increasing pressure in automating their STSs
to cope with the rising volume of tickets [7], to
increase customer satisfaction [1, 8], to accelerate
support management processes [8, 9], and to reduce
costs [4, 10].

With Atrtificial Intelligence (Al) and Machine
Learning (ML) algorithms becoming commonplace,
the automating of STSs has become more interesting
than ever before [11]. Technologies for automated
ticket classification and automated ticket resolution
using ML open the possibility of automating basic
day-to-day IT tasks replacing the first level support
staff members [4, 8].

This background in mind, we analyze current
trends and topics in automation of STSs using ML by
undertaking a narrative Literature Review [12]. We
follow the principles of Watson and Webster [13] to
identify the relevant literature and to analyze the
present state of the art of automating STSs in the latest
scientific literature. In the process, we defined the
following research questions to guide our Literature
Review: What is the present state-of-the-art
technology in automating STSs? Which ML algorithms
have the highest accuracy in classifying support
tickets?

In answering these questions, we aim to provide
an overview of the technical status quo of ML-driven
automation of STSs. Further, we aim to identify
research gaps in the current state of the art.

During our literature search, we recognized that
only few Literature Reviews in this field of research
have been published, not providing a general overview
of the field. With this Literature Review we want to
provide such a general overview over the present
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technological state of the art and the current status quo
of this particular field of research. Further, we want to
provide a paper for newcomers in the field to start
with.

2. Background

STSs mostly enable customers to create a support
incident. The term “support incident” denotes the
whole entity of one single support process. Such
support incidents mostly comprise a support ticket,
including a title, the plain text of the ticket and special
information, often called meta-data, like the priority of
the ticket, the category of the incident, a ticket-id, etc.
Furthermore, such incidents can comprise files
attached to a ticket or further customer data collected
by the system [1, 6, 8]. If we speak of “incident
management tools” in the course of this paper, we refer
to a concrete IT artifact that is able to manage support
incidents within a STS. In this context, managing an
incident means: answering the incident, asking
questions to the creator of it or distributing it to a
responsible support agent.

The term ‘“Machine Learning” has always
denominated a very broad field of technical solutions
aiming at making “intelligent” machines [14]. In the
context of this Literature Review, the term “Machine
Learning” is used for technologies comprising
algorithms, mathematical models and approaches that
enable an IT artifact to automatically classify support
incidents based on previously provided training data.

At this point, we want to highlight the differences
between chatbots and STSs. Chatbots are thought for
24-hour, real-time customer support, whereat mostly
very simple questions are meant to be answered [15].
STSs are meant to be a communication tool between
customers and technical agents to solve technical
problems occurring at customer side [1, 5]. Mostly, a
support agent has to actively do something to solve the
customer request, for example install a program,
modify a firewall, unlock ports, etc. or the question
asked by the customer is difficult and one or more
support agents have to think about or have to
investigate in order to solve the request [1]. Simply
said, a chatbot is meant to answer simple customer
questions or for customer guidance [16], a STS is
meant to help customers to create more difficult,
technical requests [8]. For this reason, we think that
beside the growing hype around chatbots the field of
STSs will stay an independent and relevant field of
research.

3. Literature Review Design

Our main objective was to investigate the status
quo in the field of automating STSs using ML, to
understand state-of-the-art technology and to identify
research gaps in this field of research.

The Literature Review presented in this paper was
performed during February 2021. We searched the
databases Scopus, IEEE Xplore, Ebsco and Web of
Science. We limited the search to papers in English
language. It fast became obvious that precise search
words had to be found to confine the field of ML-
automated STSs from more general fields like support
system improvement without ML or theoretical papers
concerning topics like Natural Language Processing
or Deep Learning. In the end, we used some keywords
connecting them in various ways using the Boolean
Operators AND and OR. The search words we used
were “service desk”, “support ticket”, “support
tickets”, “Machine Learning”, “ML”, “Artificial
Intelligence”, “Al” and “classification”.

Depending on each database, we found another
combination of those keywords to be useful to find
relevant literature. For example, in Scopus we needed
more keyword to confine the search, whilst in the Web
of Science database fewer keywords lead to relevant
results. The keywords finally used for each database
are shown in Table 1. Unfortunately, it was not
possible to find one general search string working in
all databases due to the limits and specifications of
these databases.

In total, we initially received 122 hits, from which
we regarded 60 hits as relevant. Those 60 hits regarded
as relevant comprised several duplicates. Eliminating
duplicates, we received 41 relevant papers. Doing
Forward and Backward Search [13] we additionally
found 2 papers we regarded as relevant. Google
Scholar was consulted during both.

The criteria for a relevant hit comprised: The main
topic of the paper was a STS (the keyword “ticket”
sometimes produced hits in the field of tickets for air
travel or festivals); Machine Learning, or at least
Data Science was actually used to improve a STS;
Technical solutions were developed, discussed, tested
or deployed.

4. Findings of the Literature Review
4.1. Paper Type and Publisher

A first finding of our Literature Review was that
a broad spectrum of publishers published the papers

found. Most papers (26 papers) found in the literature
search were published on conferences.
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Table 1: Overview of search keywords and

search results

Table 3: Concept matrix

Rele- N
Databases Search Keywords Hits | vant Asres, Mengistu [17]
Papers Nayak, Rai [15] X X
("support ticket" OR Yang [18] X
"support tickets" OR Amin, Lancaster [19] (x)
"service desk") AND Baresi, Quattrocchi x X
Scopus ("Machine Learning” OR 53 26 [20]
"Al" OR "ML") AND ( Han and Sun [21] X
"classification" ) Mour, Dey [22] X X
Revina, Buza [23] X
("All Metadata":support Xu, Mu [24] X X
ticket) AND Al-Hawari and
("All Barham [8] X
Metadata":classification) 17 13 Iscen and Giirbiiz [2] X
AND Lo, Tiba [25] X X
("All Metadata":Machine Mukunthan and
IEEE Learning) Selvakumar [26] X
Explore ("All Metadata":service Nayebi, Dicke [6] X X
desz(")Apl\lND Mandal, Agarwal [11] X
Metadata":classification) 5 5 Ill/glzrcai gsn dI\/T (());ji‘ljlzrs [27] 09 X
. AND . (28] ‘ () X
CAll ME?:ritﬁ]")waChme Shanmugalingam, X
— g Chandrasekara [29]
Ti= (.t'f:kEt. and 1 1 Werner, Li [30] X X X
classification) Gajananan, Loyola
Ebsco TI = (incident management [31] ’ (x) X
AND Machine Learning OR 2 2 G
e - upta, Asadullah [1] X X
artificial intelligence) Han, Goh [32] "
Web of TI=(support ticket*) 14 6 Koehler Fux [33] " "
Science Ti=(service desk *) 30 8 — -
In Total 120 60 Lyubinets, Boiko [34] (x) X
- - Meng, Xu [35]) X
Without Duplicates 39 Montdomery_ Damian
Articles identified in Forward & Backward 2 [5] g y: (x) X ()
Search
Final Selection 41 Paramesh, Ramya X
[36]
Parmar, Biju [37] X
Patidar, Agarwal [38] X
Table 2: Overview of paper type and Saberi, Theobald [39] X
. Silva, Pereira [9] X
publishers Stein, Flath [7] X
Qamili, Shabani [3] X X X
Paper type Number of Hits in Percent Zhou, Zhu [40] X
Journal 17 39,5% Zuev, Kalistratov [10] X
Conference 26 60,5% Xu, Zhang [41] X
Publisher Number of Hits in Percent Chagnon [4] X
IEEE Conference 11 26,8% Giurgiu, Wiesmann .
IEEE Journal 5 12,3% [42]
ACM 2 4,8% Mont_gomery and X
Other Journal 11 26,8% Damian [43]
Other Conference 12 29,3% Reddy, Reddy T [44] X
Goby, Brandt [45] X X

(x) connotes a mentioning as minor topic or only

implicitly. Categories in the columns: development/
deployment/evaluation of an incident management
tool; customer request escalation prediction;
sentiment prediction, and Other. Papers are sorted
according to their publishing date from recent to prior.
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Over 35% of all found papers (16 papers) were
published on IEEE conferences or in IEEE Journals.
As written later below, most papers pertain a certain,
practical use case. We therefore conclude that the topic
of STSs automation is mainly interesting for the
application-oriented community that prefers to publish
at conferences. All findings pertaining paper type and
publisher are shown in Table 2.

4.2. Topic Analysis

In a next step, we analyzed and categorized the
topics dealt with according to Corbin and Strauss [46].
Especially, we were interested in technical features
that are developed, tested, and deployed in the present
research. These findings are presented in Table 3.

The topics discussed the most throughout the
relevant literature are: development, deployment and
evaluation of an incident management tool, customer
request escalation prediction, and customer sentiment
prediction. Apart from that, the topics examined in the
literature were quite individual. Papers that examined
further individual topics were (also) categorized as
Other.

4.3. Machine Learning algorithms used

One of the questions that we were the most
interested in was Which Machine Learning algorithms
are already in use and which have already proven
themselves to work? 17 of the examined 41 papers
implemented and evaluated at least one ML algorithm
or solution known from literature that is more
theoretical. 15 of these compared at least two of such
algorithms/solutions with each other.

To determine the “best performing” algorithm in
those papers, we first looked if the authors of each
paper identified one of their algorithms as “best
performing”. If this was not the case, we compared the
algorithms presented by their reported accuracy,
precision and recall. In case of similarly performing
results, we weighted the reported accuracy as
tiebreaker. A tabular overview of our findings
regarding used ML algorithms and how often they
were the best performing ones in a paper is presented
in Table 4.

The ML algorithm most used (10 papers) for
support ticket classification was (sometimes a
modified version of) the Support Vector Machine
(SVM) approach, which was also the algorithm that
best performed in most papers (6 papers). In these 6
papers accuracies between 63% [37] and 98% [18]
were reached. Those results are heavily depending on
the data set used, but overall the papers an accuracy

between 80-90% for SVM seems reasonable [1, 2, 8,
9, 18, 37].

The second place (7 papers) is taken by (versions
of) the Random Forrest (RF) approach that performed
best in 3 papers. Here, we found maximal accuracies
of 78% [30], 90% [6] and 92 % [36].

As itisshown in Table 4, RF performed especially
well in request escalation prediction and sentiment
prediction, while in ticket classification SVM
performed better.

Table 4: ML algorithms and ML solutions
evaluated and compared in the literature

ML Algorithm Ticket  Requ. Sent.

Class.  Escal Pred.
K-Nearest Neighbor 4 (0)
classification (KNN)
Support Vector 9 (6) 2(0) | 1(0)
Machine (SVM)
Decision Tree (DT) 4 (0)
Rule-Based 3(0)
Naive Bayes 6 (0) 2(0) | 1(0)
Random Forrest (RF) 6 (2) 2(2) | 1)
DNN 6 (3)
unsupervised learning 1(0)

<60%

accuracy

The number in each cell indicates how often an
algorithm was evaluated for a specific task. The
number in brackets behind indicates how often the
algorithm was graded the best performing in the
paper. The abbreviations for the tasks indicate (from
left to right): ticket classification, customer request
escalation prediction, customer sentiment prediction.

Additionally, Naive Bayes approaches were
presented and evaluated in the literature (7 papers) but
no paper was found in which a Naive Bayes algorithm
could beat an SVM or an RF algorithm.

In addition, a trend can be identified over the
years. According to Revina, Buza [23], the earliest
approaches of support ticket classification were ruled-
based approaches that were outperformed by RF and
SVM. This probably is the reason that mostly in the
years 2018 and 2019, RF and SVM were the
approaches most implemented and evaluated and also
best performing [2, 6, 8, 9, 30, 36]. Since 2019, some
authors also propose artificial-neuronal-network-
based solutions, because of the good performance of
neuronal network approaches in other fields of ML
[19, 21, 23, 29]. While there is some promising
evidence, that Deep Neuronal Network (DNN) based
solutions might be able to outperform present ML
approaches like RF or SVM [29] (reported accuracies:
77% [29], 83% [19], 99% [21]), this point seems not
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to be fully reached yet [23]. Revina, Buza [23] find in
their conclusion (page 11) “that simple algorithms
work well if using appropriate linguistic features” and
can be equally performative.

When analyzing the 4 papers presenting DNN-
based approaches [19, 21, 23, 29], we found that two
of those papers used specific LSTM-networks, which
were both the best performing approaches in that
papers [19, 29]. Since two papers are not a sufficiently
large sample, no general statement can be derived
here. Nevertheless, LSTM DNNs seem to be a
promising approach to which further attention should
be paid.

4.4. Incident Management Tool

To develop, implement, test and deploy an
automated tool for incident management is by far the
topic most treated in the found literature. 31 of the in
total 41 examined papers presented a complete, or at
least components for a practical support ticket
classification artifact. The remaining 10 papers
discussed or evaluated only parts of such tools or
treated support ticket classification in a more
theoretical approach. We take this finding as evidence
that the majority of research in the field is focused on
creating practical technical applications.

In most cases, a practical use case was on hand,
such that the authors mainly developed such an artifact
for or optimized an existing one in a distinct situation
(for example in [1]; [8]; [6]; [29]; or [17]). This of
course leads to a problem of generalizing their results
as already ascertained by Misra and Podder [27]. The
accuracy data presented by those papers should
therefore also be read with caution.

Misra and Podder [27] also stated that theoretical
ML knowledge obtained by the scientific literature
often has problems in unfolding its full potential when
being applied in practical technical solutions, because
in reality either training data is not accessible like in
experiments or real-world data is more noisy or
diverse than polished data for university experiments.

Across all literature analyzed, there is a
consensus, that training data is the linchpin of
developing a well-functioning ML tool. In such, it is
not surprising that every practical use case of
developing, deploying, testing and optimizing a real
support ticket is massively impacted by the training
data accessible to the authors and the ticket data that
are meant to be classified.

4.5. Request Escalation Prediction

The term “Request Escalation” denotes the
phenomenon that during a support process sometimes

customers are not satisfied and escalate their request
by pressuring the support agent or the agents’
supervisors. An escalation of a customer request
mostly occurs when the customer creating the request
or a support manager is dissatisfied with the way a
support ticket is processed and requests its escalation.
This request escalation leads to a concentration of
extensive human resources for solving the customer
request [30] within the support providing company.
This concentration of human resources means more
stress for the involved support agents and support
managers and additionally, these escalations are
mostly expensive for the company and significantly
lower customer satisfaction [30, 43].

Five papers of the analyzed literature deal with
ML-supported or even ML-driven escalation process
optimization. The primary goal is often to predict the
risk of a support request to escalate, such that a
company can concentrate resources on a customer
request before the customer gets angry and escalates
his/her request [5, 43]. Montgomery, Damian [5]
developed a prototype that is able to predict escalation
probability in percent using Random Forest and
XBoost algorithms reaching an accuracy of 81% on
their deployed use case. The artifact ESMMArT
presented in Nayebi, Dicke [6] is also able to predict
an escalation probability using Random Forrest
reaching 90% accuracy. Further, Werner, Li [30]
developed a cost-based mechanism to train and
evaluate ML algorithms for request escalation
prediction.

4.6. Sentiment Prediction

The field of customer request escalation is closely
connected to the field of customer sentiment
prediction. As mentioned above, customer satisfaction
is a very important good when running an IT related
business. As also mentioned, the quality of support
services heavily influences customer satisfaction [1,
30]. Therefore, it would be very useful for companies
to be able to predict the sentiments of their customers,
while a support incident is open [30]. In this context,
the term sentiment describes the general feelings of a
customer and his overall attitude towards the company
and its support services. Mostly in the literature, the
customer’s sentiment is classified in the three
categories “positive”, “neutral” and “negative” [30].

Some of the analyzed papers deal with prototypes
for customer sentiment prediction. The main goal is
hereby to predict the sentiment that a customer is
experiencing during a support process, mostly after
he/she created a support ticket [3].

The predicted sentiment of a customer can then be
used for a wide scope of application: Gajananan,
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Loyola [31] developed an artifact predicting customer
sentiment from support ticket data for predicting the
probability if a customer would renew his subscription
at a cloud business service; Werner, Li [30] use
customer sentiment prediction to predict the risk of
support escalation; and Qamili, Shabani [3] want to
use customer sentiment prediction for internal
evaluation of the support system.

The results in the field of emotion/sentiment
prediction are mixed. Qamili, Shabani [3] report low
accuracy (<45%) due to the difficulties in
accumulating labeled data for sentiment prediction.
Gajananan, Loyola [31] report high accuracy for their
subscription renewal prediction, but do not directly
predict customer sentiment. Instead, they only use
sentiment polarity as a parameter of their model.
Werner, Li [30] report pleasing successes using the
Watson NLU model, but give no values for their
emotion prediction. Overall, the impression arises that
so far only the surface of ML-based customer
sentiment prediction has been scratched.

4.7. Specific topics according to the special
use case - the category other

Every paper analyzed during this Literature
Review is heavily influenced by the practical problem
it was written around. The presented artifacts and
prototypes were always developed and adjusted for a
special use case and therefore, many papers at hand
face, present and solve very special problems. As a
result, in addition to the dominant topic of automated
incident management tools, a large number of other
topics are dealt with or broached. A selection of these
reads:

e Automate labeling of tickets, either for training
or for easier ticket resolution by a support agent
[34]

Chatbots [15, 33, 44]

Spam detection [3]

Performance optimization [24]

Automated analysis of pictures attached to a
support ticket [11]

e Business/process/text mining for better support

system architecture [25, 45]

o Al explainability in support ticket automating

[22]

o Ticket resolution time prediction [10]
e Automated STSs in context of Internet of

Things (lIoT) [28]

e Using answering bot (Microsoft LUIS) for

automated request responses [29]

The findings and results in these topics were as
diverse as the topics itself. Nevertheless, we were able
to carve out some general findings:

e As in nearly any research in the field of
Machine Learning the accessibility and quality
of training data importantly influences the
outcome of the project [1, 3, 25]

e The metrics precision and recall are by far the
most-used metrics for evaluating ML ticket
classification tools [5, 6, 18, 36].

o Classification tools work more precisely the
fewer classes they have to classify to [1, 3, 25].

4.8. Data sets used

Most papers analyzed in this Literature Review
used own datasets consisting of ticket data acquired in
their specific use case. Often, papers were written in
cooperation with companies providing ticket data for
training and automated STSs were developed for these
companies. Because of non-disclosure agreements,
these data sets are not available for the community and
also not described in detail in the papers analyzed.

Within the small group of remaining papers, we
could not identify any publically available data set
used in more than one paper.

5. Discussion

The primary goal of this Literature Review was to
provide an overview over the field and to identify the
present state of the art of automating STSs using
Machine Learning. Our first finding was that several
prototypes of ML-automated STSs were developed,
deployed and evaluated in the past 5 years. Indeed, to
develop, deploy and often evaluate a practical
prototype for a specific use case is the dominating
topic within the field of ML-automated STSs. At this
juncture, every prototype presented is heavily shaped
by the specific use case it was developed for. This
leads to an overall problem of generalizability and
validity of the results presented in each paper [1, 6].

Therefore, on the one hand, more comparative
research and meta-analysis of prototypes developed is
needed. On the other hand, we understand the specific
constraints every practical use case brings along.
Technical limitations like the volume of accessible
training data or the volume of topics discussed within
a STS; special requirements like the number of
categories to classify tickets in, the number of support
teams working at a company, a maximal response time
requested by the management or technical standards
within a company; and individual features like a

Page 1898



request escalation pipeline, a spam detector, a
company-specific evaluation metric or the like all have
to be engaged individually. Therefore, we expect to
see more prototypes for specific use cases presented in
future research work.

Regarding the variability of algorithms applied
and tested in the papers, it appears clear that the
specific use case each paper deals with heavily
influences which algorithms performs the best in each
paper. Therefore, in order to find the “best
performing” algorithm in one specific use case always
fine-tuning and dealing with the specific use case will
be necessary. Nevertheless, a statement can be made
about which ML algorithms and solutions have proven
themselves during the past 5 years not in one paper
only, but in various papers and hence in various use
cases. Generally, ML algorithms like SVM and RF
have proven to be more accurate and precise than
“older” rules-based approaches or Decision Trees [2,
8, 23]. Also, there is some evidence that DNNs could
outperform the present best-performing algorithms
SVM and RF, especially in the case of large training
data and many classes to classify tickets in [21, 29].
SVM and RF can therefore be considered standard
approach algorithms for support ticket classification.

Nevertheless, so far there is only pioneering work
in the field of Deep Learning approaches for support
ticket classification. Only 4 of the 41 analyzed paper
treated Deep Learning in the context of support ticket
classification. More research is needed to evaluate if
Neuronal Networks can outperform present ML
algorithms in support ticket classification. Although,
there is a lot of research ongoing in the field of Deep
Learning, the application of those results in STSs
should be intensified. Closing, we want to argue that
there is also a need for more prototype-based research
developing DNN-based, automated support ticket
desks.

Respective the topic of customer
sentiment/emotion prediction, we see a great potential
for further research work. Knowing customer
sentiment has big economical potential [30] either by
helping customer requests not to escalate [5], by
helping to prioritize requests [6] or by helping to
predict if customers would renew their subscriptions
[31]. But, multiple other use cases for knowing
customer sentiment can be thought. Nevertheless,
research in the field of predicting customer sentiment
based on their created support tickets is only few (see
above). Therefore, more research in this field is
needed.

Pertaining the topics categorized as Other, most
of the presented topics in the category Other above are
relevant and highly researched topics in the field of Al
and ML in general. Especially, topics like Al

explainability (226 hits in IEEE database), chatbots
(606 hits), 1oT (57k hits) and performance
optimization (132k hits) are highly investigated.
Therefore, it is not surprising that these topics were
also researched in the context of support ticket
automating.

Closing, we want to point out four topics that we
considered being research gaps after analyzing the
found literature:

First, we found that in most papers, automating an
IT support desk is regarded as a process that reduces
labor cost and increases customer satisfaction [1-4].

However, the perspective of support agents and
support managers and how ML-optimized support
desks can improve their working life is missed in the
literature. Often, problems like angry customers, false
ticket allocation, frequently asked questions, etc. stress
or annoy support agents and support managers the
most. Unfortunately, there is no research investigating
how ML-driven automating can increase the job
satisfaction of support agents and support managers,
especially in the case of smaller companies with only
limited human resources and the challenge of using
their skilled employees as 2" level support agents and
productive workforce at the same time.

Second, in most papers analyzed the ML models
were trained by human-guided training with data
manually labeled, e.g. in [1], [2], [6], or [8]. Manually
labeling thousands of tickets is mostly an unthankful
work, therefore it would be nice to apply unsupervised
learning solutions for training data labeling. Actually,
Lo, Tiba [25] did some pioneer work in this field.
Unfortunately, their unsupervised Kmeans and
DBSCAN algorithms did not work very well. Also, the
unsupervised algorithms tested by Nayebi, Dicke [6]
did not perform very well. Revina, Buza [23] used a
semi-supervised algorithm and comes to the finding:
“semi-supervised learning (SSL) allows inducing a
model from a large amount of unlabeled data
combined with a small set of labeled data” [23, page
4] that was promising but still needed some labeled
data. We conclude that more research in this field is
needed to lower the effort for labeling training data
enormously.

Third, we found the approach presented by
Shanmugalingam,  Chandrasekara  [29]  very
interesting, where the authors of the paper created a
ticket classification tool, in which the determined class
information are transmitted to a solution bot in order
to generate a STS that automatically answers customer
requests. As already said, there is a lot of research
going on pertaining chatbots and question-answer-
systems are also a ML field that is researched in Jiang,
Su [47] and Shevchenko, Eremin [48]. Surprisingly,
most papers analyzed during this Literature Review do
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not use the class information received from their
incident management tools to automate ticket
answering. Especially in the case of commonly asked
questions or so-called first-level support requests,
automated ticket answering can save costs for the
company and resolution time for the customers.
Therefore, we argue that more research in the field of
automated ticket answering should be performed.

Fourth, we recognized that all papers examined
only focus on the positive impact that ML-automated
STSs have on companies and customers. Meanwhile,
several studies have revealed skepticism of people
towards the usage of ML or Al (for example Gherhes
and Obrad [49] or Morikawa [50]) and there are also
reports about negative effects of the usage of ML
solutions in companies, like customer being around
80% less satisfied and less likely to purchase when
they realize they communicate with a chatbot [16].
Sometimes, there is a report of models not performing
that well yet (for example in Lo, Tiba [25]), but we
miss a treatment of negative aspects of ML-automated
STSs, like customers not trusting the systems, support
agents not understanding the decisions of the system,
etc. Therefore, we argue for more attentiveness
regarding possible negative effects of ML-driven
automation of STSs and especially we suggest
publishing such negative experiences and not only the
promising results.

Additionally, we argue that STSs are an essential
part of IT-related business and the potential of cost-
reduction, raise in customer satisfaction and raise in
employee satisfaction through ML-driven automating
of these STSs makes the field not only interesting for
Computer Science Research or Engineering but
especially for Information Systems Research.

Finally, in our personal research in the field, we
found that customer guidance while ticket creation can
help improve the quality of trainings data, while also
increasing customer satisfaction and increasing the
accuracy of the ticket classifiers. Regarding the papers
analyzed in this Literature Review, this topic seems
not investigated yet.

For the future the authors of this paper aim at
doing more research in the topics of customer
guidance for better data, unguided machine learning
and (semi-)automated question answering. In
particular, the authors aim at creating an own STS for
their own specific use case.

6. Limitations of this Literature Review

We intentionally narrowed the scope of this
Literature Review to the topic of STSs automation.
This means that we did not consider literature in the
broader fields of ML-driven text classification, text

understanding, text generation or text processing. In
addition, literature pertaining ML question answering
systems were not considered. This of course means
that research gaps identified above might be solved
theoretically by research in those other fields.
Nevertheless, the practical application of such
theoretical known solutions to the field of STSs is a
promising task not realized yet.

The Literature Search did only comprise
searching scientific databases. We deliberately did not
search google, patent literature or other non-scientific
publications. For this reason, we did not examine the
present state of the art of commercial industry
solutions like ServiceNow or SAP Service Ticket
Intelligence, hence these were not examined in the
analyzed literature.

7. Conclusion

Support ticket help desks are an essential part of
modern companies. As developments in the field of
ML advance, it becomes interesting to automate
support ticket help desks using ML solutions to lower
error rate and cost within the support department. In
order to investigate the present state of the art in the
field of ML-driven support ticket automating we
conducted this Literature Review.

We found that every paper analyzed is heavily
influenced by the practical use case it was written
about and that this is due to the individual nature of
support ticket systems, the companies they are used in
and the special, technical requirements raised by ML
algorithms. We also found that the majority of the
papers in the field is published on conferences.

We found the topic of creating an automated
incident management tool is the dominating topic in
this field of research. ML algorithms like RF and SVM
are currently best performing in ticket classification,
while there is evidence that Deep Learning algorithms
will take the lead in the near future. Two other
important topics in the field found in this Literature
Review were Request Escalation prediction, in which
it is the goal to optimize processes within the support
system handling customers escalating their requests,
and customer sentiment prediction, in which it is the
goal to predict the sentiment of a customer based on
the tickets he/she created. Additionally, we found a
great variety of topics individually dealt with in single
papers.

We provide an overview over the current
technological state of the art, and give suggestions in
which directions the research scope can be expanded,
and identify research gaps.
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