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Abstract. Chatbots answer customer questions bymostlymanually craftedQues-
tion Answer (Q.A.)-pairs. If organizations process vast numbers of questions,
manual Q.A. pair generation and maintenance become very ex-pensive and com-
plicated. To reduce cost and increase efficiency, in this study, we propose a low
threshold QA-pair generation system that can automatically identify unique prob-
lems and their solutions from a large incident ticket dataset of an I.T. Shared
Service Center. The system has four components: categorical clustering for struc-
turing the semantic meaning of ticket information, intent identification, action
recommendation, and reinforcement learning. For categorical clustering, we use
a Latent Semantic Indexing (LSI) algorithm, and for the intent identification, we
apply the Latent Dirichlet Allocation (LDA), both Natural Language Processing
techniques. The actions are cleaned and clustered and resulting Q.A. pairs are
stored in a knowledge base with reinforcement learning capabilities. The system
can produce Q.A. pairs from which about 55% are useful and correct. This per-
centage is likely to in-crease significantly with feedback in its usage stage. By this
study, we contribute to a further understanding of the development of automatic
service processes.

Keywords: Service request handling · Service management · Q.A. pair
generation system · ICT user support management · Natural language processing

1 Introduction

I.T. Shared Service Centers are the beating heart of large organizations. They take on
everything that has to do with the facilitation of I.T., like personal computers, mobile
devices, workplaces, servers, applications, and VPN’s. I.T. Incident management is a
large part of shared service centers’ responsibility [7]. As of now, incident management
is performed in almost all service centers using a ticketing system. A ticketing system
registers incident calls and requests for service from clients. The tickets are then either
sent to persons who can act on them or persons who know most about the context of
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these tickets. Especially in highly complex large-scale environments, the existing ticking
systems would be most useful but are less effective because of difficulties in generating
Q.A. (which stands for question-answer) pairs and high costs of maintaining Q.A. pairs
manually [2, 6]. In this research, a system is designed by which the ticket data is used
to create this actionable knowledge in a manner that limits the amount of manual work
in QA-pair creation and maintenance using Natural Language Processing and Machine
Learning. The objective of this research is to “to find an optimal design for a low-cost
QA-pair generation system for a large-scale I.T. incident tickets dataset.”

A state-of-the-art research is performed to identify components and techniques in
QA-pair generation in Sect. 2. We provide summaries of related work and draw design
conclusions for our solution in Sect. 3. Based on this literature study, we define the
research gap and goals, and we build our own solution of categorizing incidents, ticket
intents, and solutions in Sect. 4.

We demonstrate and test the proposed solution by the case of the SSC-ICT IT Shared
Service Center of 8 Dutch ministries. SSC-ICT supports about 40,000 civil servants
who almost all have a laptop and phone to be supported as well as a virtual working
environment for performing their jobs. Furthermore, SSC-ICT provides services for
over one thousand applications and receive around 30,000 tickets a month in ticket
management system TopDesk, mainly via phone (60%), e-mails (15%), and face-to-
face contact (10%). Given the highly textual nature of Q.A. pairs, natural language
processing seems to be particularly useful in Q.A. pair generation. After designing this
system, we evaluate its effectiveness, draw generalizable conclusions, and define the
needs for further research.

2 State-of-the-Art

QA pairs have a question and an answer. In incident management, the question is often
referred to as “intent.” The intent is the user’s intent for creating the ticket. The answers
are called actions, resolutions, or just answers. Previous studies that describe the devel-
opment of Q.A. pair generating systems are described below. These studies were found
using the literature research methodology of [15]. In total, 200 articles are found using
forward and backward snowballing. After inclusion/exclusion criteria (for details see
[9]), we have selected 60 most relevant articles. In the following, we will highlight only
a few.

The study found in [5] designed a cognitive support system for a specific client
with 450 factories operating in 190 countries. For extracting the intents, they used a
combination of n-gram and Lingo techniques [11], as well as field experts to manually
identify intents. Another very well-known system used by [1] describes a cognitive
system developed by researchers from IBM for a service desk. The knowledge extraction
processes applied is divided into three steps: problem diagnosis, root cause analysis,
and resolution recommendation. A similar study found in [12] designed a system to
automatically analyze natural language text in network trouble tickets. Their case is a
large cloud provider of whom they analyze over 10,000 tickets. An overview of the
different steps and knowledge discovery techniques mentioned in well-known studies is
given in Table 1.
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3 Design Principles of Q.A.-Pair Generation

All the articles discussed use an intent identification process as well as a resolution
recommendation process (except for [8] who focus on intent identification techniques
only). Reinforcement learning and root cause analysis are used only in a small number
of articles. Root cause analysis is used where the datasets are smaller in contrast to
reinforcement learning that is more valuable with larger numbers of tickets and potential
feedback mechanisms.

The largest dataset used in the described articles has 80,000 tickets, less than half of
the number of tickets of this research. Consequently, the datasets from the articles have
fewer categories, and they identify relatively few problems, 130 at the most, then the
expected 1,000 problems from SSC-ICT.

This, along with tests that showed that clustering techniques on the complete cor-
pus showed inconsistent clustering results. Moreover, good results on using a Latent
Semantic Analysis (LSA) based method for grouping tickets based on subjects provide
the foundation to add a component to the pipeline, which we call categorical clustering.
In this step, we first group the tickets in large categories. After that, we apply for each
category a unique iteration of the intent identification component.

Furthermore, we decided not to implement Root Cause Analysis in this iteration of
the system due to a lack of resources. A methodological overview of the steps followed
is provided in Fig. 1.

Fig. 1. Four steps of a Q.A.-pair generation system

In step one, the tickets need to be ordered on categories, because detecting intents
right away leads to very inconsistent and noisy clusters. For identifying categories, key-
word based-clusters (supervised) and word-embedding based clustering (unsupervised)
are mentioned in the literature [3]. The downside to keyword-based categorization is
that unimportant words like operations or adjectives may also be identified as clusters.
Therefore, Categorization using word-embeddings, Latent Semantic Analysis (LSA), is
the best method for this process, as it benefits from the single keyword categories, and
it excludes low-informative words automatically.

Step two involves intent identification or problem identification by which specific
problems are identified from tickets. This can be done by a supervised learning method-
ology in which intents are identified beforehand, and new tickets are classified based on
one of these intents or in an unsupervised way in which topics are created using either
POS patterns in tickets or from topical word embeddings. Supervised intent identifi-
cation is most effective in a rule-based environment. Unsupervised methodologies for
intent identification are either word embeddings (LDA/LSA) or patterns in word or POS
forms.
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Step three identifies resolutions or action recommendations (i.e. the A in Q.A.)
from resolution texts. In this process, action fields are cleaned from source-related or
e-mail related noise. Furthermore, hot sentences are extracted, and duplicate actions are
removed. The sorting and providing of these actions are improved by step four.

Step four involves the process of increasing the accuracy of the system based on
client feedback. Client feedback will act as being the assessor on the accuracy of the
action recommendation of the system. This assessment can then be used to classify the
action as relevant or irrelevant to the intent, based on which new intents can be solved
better. Relevant examples of feedback mechanisms are the number of clicks on a specific
action, a like/dislike option, or search history.

4 Design of Q.A.-Pair Generation System

4.1 Ticket Data Description

For our case, the ticket data includes a dataset from the start of February 2018 till the
31st of December 2018. This is a dataset of 340,000 tickets with 40+ attributes. We
focused on all first-line tickets, and with this step, we exclude 40,000 tickets. Then, we
chose to include only incidents, requests for service, and requests for information. Other
ticket types were mainly computer-generated tickets and, therefore, not of interest to
this research. This results in a final dataset of 210,000 tickets. The selected tickets have
the attributes listed in Table 2.

The ‘short description’ (containing intent information) and the ‘action’ fields are the
main sources for Q.A. pair generation. The request field appeared too inconsistent for
use. We keep the request field, the category, and subcategory fields out of this research
scope because these categories are not problem-focused.

4.2 Categorical Clustering

The column with the “short description” along with their ticket id’s, is exported from
the excel dataset and converted to the XML-format. This is a file of 450,000 lines.
For the categorical clustering, three techniques are attempted based on outcomes of the
state-of-the-art research: LDA, POS Patterns, and Lingo3G clustering. LDA did not
show good results. The resulting clusters are overlapping. POS patterns were also not
effective. The POS patterns were too specific and did not capture the global category.
Lingo3G, however, worked very well on the dataset. After having tweaked with the
attribute settings, amongst other things promoting short (one-word) labels and increasing
the expected number of clusters, a process-based ticket cluster overview appeared (vide
Fig. 2). For Lingo3G, we used the custom parameters on top of the standard parameters
as shown in Table 3.

Lingo3G applies a custom version of LSA (Latent Semantic Analysis) using Term
Frequency – Inverse Document Frequency (TF-IDF) word embeddings on a text corpus
and then applyingSingularValueDecomposition (SVD) for dimensionality reduction. Its
algorithm consists of preprocessing, frequent phrase extraction, cluster label induction,
and cluster content discovery steps.
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Table 2. Attributes used for Q.A.-pair generation

Data field Description

Ticket id A unique id for each ticket, automatically generated

Short description A summary of the ticket problem, written by the service desk operator

Request The full description of the ticket, in case of an e-mail, the full e-mail is
displayed here. In other cases, it is like a short description

Action A summary of the suggested action steps by the operator

Type of ticket Type of customer request, such as a request for service, internal
management notification, request for information, security incident,
SCOM (a monitoring system), complaint

Category The highest level of Categorization: User-bound services,
Applications, Premise-bound services, Housing & hosting, Security

Subcategory Each of the main categories has at least five subcategories. In total
there are 42 subcategories. 50% of the tickets are covered by three
subcategories: location specific services, housing and hosting services,
and security services

Practitioners group This is the division that solved the ticket, 85% of the ticket has the
service desk as practitioner group, the other tickets are solved by about
300 different small groups

Entry type The means by which the customer contacted the service desk:
telephone, e-mail, physical service desk, portal, website, manually

Table 3. Custom parameters for Lingo3G application

Parameter Description

Minimum cluster size: 0.0010% Lowers the threshold for minimal cluster size

Cluster count base: 20 Increases the number of resulting clusters

gMaximum hierarchy depth: 1 Limits optional clustering depth to 1 layer

Phrase-DF cut-off scaling: 0.20 Decreases the length of labels

Word-DF cut-off scaling: 0.00 Further limits the length of labels to 1 word

Maximum top-level clustering passes: 8 Increases the computational effort

Default clustering language: Dutch Change NLP language to Dutch

The preprocessing step removes stop words from an external list that is created by a
field expert. This also identifies synonyms and label name. Because the input consists of
only one sentence, we skip the frequent phrase extraction process. Lingo3G generates
138 clusters from the ticket data. With the largest being 10% of the whole ticket corpus
and the smallest 0.05%. The ten largest clusters accumulate to 65% of the ticket corpus,
15% is part of the other 107 clusters, 20% is not categorizable.
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Evaluation
We evaluated the categories manually on hierarchical independence, synonymity, and
informativity. Synonymity is about whether there is another synonymous cluster or not,
for instance, in the case of SSC-ICT, the clusters “mail” and “e-mail.” Hierarchical
independence is about whether a cluster should be subjective to another cluster. For
instance, the tickets in the cluster “paper” are 95% of the time regarding “printer”
and should, therefore, be part of the “printer” cluster. Further Categorization would
then happen in the next component, intent identification. Relevance is about whether a
category describes an actual single subject. For instance, “defect” is not a category
because it does not provide any information about the subject apart from that it is
probably defective. In the evaluation process, 21 clusters were removed, and the tickets
were reallocated. This resulted in 117 final categories. A visualization of the weighted
clusters is provided in Fig. 2.

Fig. 2. High-level cluster results from Lingo3G

4.3 Intent-Level Clustering

For the intent-level clustering process, we tried two techniques: POS patterns and LDA.
The POS patterns technique is used in most reviewed articles. Due to the high expec-
tations of LDA in text clustering (in research but also in online communities and data
science companies that we had contact with) and also the high scores of the technique
in the article of [8], we decided to attempt this technique.

External Evaluation
We evaluated the techniques on the coverage, the number of total intents, and the clus-
tering quality. For the clustering quality, we chose for the external evaluation of samples
using a golden test set. We chose this method because we believe the internal evaluation
is not practical due to the subjectiveness of the clusters.

We create this golden test set by manually clustering a sample of 1,000 tickets for
3 categories by 3 independent people, of which the best classification was chosen each
time. We give a quantitative score to the degree to which the technique’s results comply
with the golden test set. The score given is the proportion of tickets in a cluster that is
both in the golden test set as well as in the technique’s resulting cluster. A score of 0.50
for a technique thus means that on average, each ticket’s parent cluster contains 50% the
same tickets as the parent cluster of the golden test set.
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Option 1: POS patterns
For the identification of unique problems,we appliedPOSPatterns to the “Korte omschri-
jving” (Dutch phrase for ‘short description’) text. From the related works, it was clear
that this was the go-to method to extract intents for short text and high variety cor-
pus. We use the combination of operation-entity POS patterns, as suggested by [5]. The
operations are verbs. The entities are nouns and adjectives.

For preprocessing, the first stopwords are removed using an online freely available
stopword-list. Labels of the categories in which the tickets are classified are removed
as well, to avoid redundant intent labels. Next, we tag the remaining words on ‘Part of
Speech.’ If a verb is detected, the system combines the nearest nouns or adjectives with
them to form a two-word phrase. If no verb is identified, the system uses the remaining
words as an intent. We found that in most cases, there existed no verb in sentences. We
show the results in Table 4. The total amount of tickets that the system converts to intents
is about 110,000; this is slightly more than 50% of the categorized tickets.

Option 2: LDA
For this experiment,we used the complete dataset of the outlook cluster, which comprises
about 15,000 tickets. For preprocessing, we lemmatized the dataset, and we used the
same dutch stopword list that we used for the POS patterns. We use these files as input
for training the LDA model. For determining the number of topics, we have used well
known methodology, namely the perplexity score, of the clustering results. However,
this methodology recommends using a maximum of 30 topics, which we find small, and
the results also show very general topics. We then choose to go for 100 topics.

As summarized in Table 4, the main difference between the techniques lies in the
number of tickets covered by the algorithms. LDA covered 100% of the dataset tickets
and POS only 36%. The reason for the low score of the POS pattern technique is the high
exclusion of words that are not part of the set POS patterns. Many short descriptions do
not have a verb, which is the main ingredient of POS patterns. For this reason, we use
LDA for the intent identification process.

4.4 Resolution Recommendation

For the resolution recommendation process, we combine the tickets in the clusters with
their respective actions. Using the ratio of verbs as well as numbers in a sentence, we
successfully removed all e-mail related noise like signature and salutation as well as
TopDesk similar noise consisting of the name of the operator and timestamp. Next,
we remove empty action fields and combine double actions; this increases the weight
rate that we match to these actions. A domain expert manually labeled 2,000 actions as
solutions to intents. 30% of the tickets appear to contain useful actions. The smallest
intents of the system contain at least 20 tickets. So even the smallest intents have, on
average 6 useful actions. It then depends on the reinforcement learning component to
recommend these useful actions first.

4.5 Reinforcement Learning

We developed an interface for a user to type in a short description of any incident
upon which the system will identify the corresponding cluster and provide previously
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Table 4. Number of tickets automatically converted to intents

Method POS patterns LDA

Total tickets 210.000 210.000

Threshold 10 10

Coverage 36% 100%

# of intents External evaluation 1490 1500

Large (Outlook) 0.4063 0.4106

Medium (Excel) 0.4200 0.4844

Small (P-direkt) 0.3062 0.2403

Average 0.3775 0.3784

applied actions for the incident. The user can then leave feedback for the action that was
most suitable to his incident using a like-button. This feedback is used automatically to
improve the sorting of actions using reinforcement learning. Further potential improve-
ments are identifying intent variations, identifying flaws in the intent disambiguation
process, learning new intents, and learning new mappings between words and intents.

4.6 The Architecture of the Q.A. Pair Generator

Figure 3 depicts the complete process of training a Q.A. pair system and recommending
actions to customer input. For training the system, the categorical clustering and intent
identification are used. First, the categories are determined using LSA indexing. Then,
the tickets are appointed to one of around 100 categories (for the SSC-ICT dataset).
After that, the intents are identified.

The QA pair generator preprocesses the short descriptions of the tickets and the
complete corpus of brief descriptions for a category transformed into a TF-IDF corpus,
in which the preprocessed short descriptions are the documents Once we trained the
model, the tickets are given a dominant topic, which is the intent. The system than grabs
the action fields for each of the tickets of each intent excludes doubles and actions that
are remarkably similar using the Levenshtein distance, and thus produces a list of actions
for each intent. When the customer has chosen an intent that he or she thinks fits best, the
Q.A. pair can produce a resolution from a matching action list. The list is sorted based
on the feedback of customers as well as on a score that is provided by a deep learning
classifier that can distinguish useless and useful actions.

5 Discussion

As summarized in Table 5, the success rate of the intent identification process is, on
average, around 55%. The success rate is calculated by subtracting the number of tickets
in “non-informative clusters” from both the “total number of tickets” and the “number
of tickets clustered correctly” and then dividing the “tickets clustered correctly” by the
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Fig. 3. Q.A. pair generator: process view

“total number of tickets.” This score means that, on average, the system can identify a
correct intent for a ticket 55% of the time. Furthermore, we conclude that between 10
and 20% of the tickets that are part of a category are described too vaguely to extract
any meaning out of them. On top of the 12% of the category clustering component (88%
success rate), we say that between 20 and 30% of all tickets are described too vaguely
by the operators.

For all tickets clustered well, about 30% contains a useful action. Looking at the
intents, which are almost always larger than 10 tickets and often larger than 100 tickets,
the chance that intent has at least one user action is large. Furthermore, if this does not
appear to be the case, the action could always be added manually by an operator. So
once enough feedback is received from users, the right actions are filtered from the less
informative actions, and the system will be able to recommend a useful action to an
intent most of the time.

Table 5. Intent classification success for three identified categories

Category “Outlook” “Excel” “P-direkt”

Total number of tickets 13341 721 286

Tickets clustered correctly 8034 436 220

Number of tickets in non-informative clusters 1323 167 89

Success rate 55.8% 48.6% 66.5%
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6 Conclusion and Further Research

From research on comparable State of the Art systems, we identified the following com-
ponents for a Q.A. pair generation system: Intent Identification, action recommendation,
and Reinforcement Learning. We added to this the element of Categorization due to the
large dataset and wide variety of tickets of SSC-ICT. We also identified specific relevant
techniques for Q.A. pair generation. For Categorization, we identified LSI, LDA, and
POS patterns. To avoid the risk of overfitting, we created three golden cluster sets of three
different sizes and different types of categories for our evaluation method. Furthermore,
we determined that the number of tickets covered, along with a threshold for intent-size,
was relevant for evaluation. For the action recommendation component, we decided that
the percentage of unique and useful actions proposed is a goodmeasure. However, this is
meant for future use of the system, thus not evaluated in this research, in contrary to the
other two components. The reinforcement learning component also requires feedback
to be able to be evaluated. Furthermore, its results can be seen in increased results for
the other three components rather than having its own measure.

The main subjects that this research puts forward which are not extensively
researched are that of categorization clustering, the use of Topic Modelling (LDA),
our clustering quality evaluation method, and the reinforcement learning for improving
the intent identification component. We believe that decreasing the number of expected
topics by one hundredfold by first applying categorization clustering is the reason why
LDAcould be utilized as successful as we did for a dataset that is as big as ours. However,
as of 2017, GuidedLDA has been discovered, a method to seed keywords in LDA topics,
steering the algorithm in a preferred direction to identify topics around. GuidedLDA and
its potential have, however, barely been researched yet. We are curious to see how far
this steering can go, especially in combination with applying reinforcement learning. Its
potential seems unlimited, reaching towards topic databases in which topics instead of
lexical keywords are stored, with hundreds of weighted terms per topic.

The deepCategorization that this research suggests using categorization clustering as
well as intent identificationmakes advanced business intelligence possible. The complete
system, including the result recommendation and reinforcement learning component, has
multiple use cases as well. Frequently Asked Questions (FAQ) could be easily identified
and updated; the system could be used as a knowledge base for operators or be made
available for all customers. Furthermore, this Q.A. pair system is the first necessary step
towards building a chatbot.

This paper provides a low-cost and quick set-up method for being able to categorize
the largest ticket datasets on problem-level. Topic modeling shows to be able to handle
inconsistent and short ticket summaries well, in contrast to Part of Speech modeling,
which depends on the accuracy of POS taggers and the presence of known verbs and
nouns.Themethodology in this paper is an excellentway tokickstart your useofArtificial
Intelligence and see quick results. Furthermore, it provides and is designed with great
opportunities for further enhancement of the system using reinforcement learning based
on user feedback.

In this paper, we have presented the workflow of the solution (vide Fig. 3), POS,
and LSA are traditional for natural language processing. As a future work direction,
a one-state solution could be implemented using a deep neural network extracting the
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intent automatically and matching it intelligently to the desired action when training
data is available, although we need to find if the proposed solution is not expensive.

Another possible future research direction could be to incorporate modern word-
embedding techniques like cbow or skip-gram and could be character-based for dealing
with spellingmistakes. Thiswould boost the accuracy of theQ.Apair solution.Moreover,
incorporating reinforcement learning for the neural network seems more natural as for
the existing solution, but will it be cost-effective or not is still an open question.
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