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Abstract

Finding experts related to a given query in an industrial environment is a time-
consuming manual task. Much research has been conducted in this area using multiple
intelligent techniques, but still, there are research gaps with personalizing the
recommendation accurately. In this context, an expert recommender system should
consider the expert’s preference, experience, and other factors as well as complex
organizational processes involved in the recommendation task. Also achieving high
accuracy with other conflicting conditions simultaneously is a popular topic in recent
research related to recommender systems.

This thesis presents our hybrid approach to enhance the personalized expert
recommendation problem in enterprise context. We integrate semantic-based ontology
with the TOPSIS based Artificial Bee Colony algorithm to achieve high accuracy in this
problem domain. Ontology is used for knowledge modeling of the expert profiles and the
TOPSIS-ABC algorithm is used for ranking the profiles for a given query based on the
distance to the ideal solution.

Key words: Expert Recommender Systems, Multiobjective Optimization, ABC
Algorithm, TOPSIS Method
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CHAPTER 1

1. INTRODUCTION

1.1 Prolegomena

One of the most challenging problems faced by large-scale IT service management in
the industry is the very high number of support tickets being raised daily in the
helpdesk. There is a limited number of support agents available to attend to the
incidents and they have different domain knowledge, skills, and expertise levels.
Currently, it is a manual task to find the best support agent who is capable of resolving
the incident, when a fresh support ticket is raised in the helpdesk. Sometimes support
tickets are routed between multiple support agents and it becomes a tedious task. This

results in a high mean time to resolution and ultimately lower customer satisfaction.

Expert recommender systems help users to find the best experts for a given topic or
query. However, Expert recommendation in a personalized manner has still been a
research challenge in industrial application domains. Also, there are research
opportunities identified in evaluating the expertise under multiple attributes of the
expert profiles in the recommendation process. Our solution for this problem is to
integrate an expert recommender system with the helpdesk to recommend the best
support agent in a personalized manner using their profile details, ticket details, and
similar past tickets for a faster resolution. We mainly focus on improving the accuracy
and computational efficiency of the expert recommendation by using a hybrid
approach combining ontology-driven semantic expert profile modeling with artificial

bee colony optimized ranking.

The rest of the chapters are organized with the sections, namely, Aim & Objectives,
Background & Motivation, Problem Definition, and A Novel Approach to ERS,

Resource Requirement and Structure of the thesis with the summary for the chapter.



1.2 Aims and Objectives

This research aims to address the challenges in extending the personalized expert
recommendation problem in the IT service management domain and improve the

accuracy and efficiency of the algorithm.

Objectives:

1. Critically review the literature related to Expert Recommender Systems

2. In-depth study of technology, algorithms, and theory to solve Personalized
Expert Recommendation

3. Design and develop a hybrid approach by integrating Ontology and Artificial
Bee Colony algorithm for Personalized Expert Recommendation

4. Evaluate the solution using appropriate metrics

1.3 Background & Motivation

The expert recommendation is a popular topic among academia to find researchers and
related articles. For an instance, ArnetMiner, ExpertSeer are public expert search
systems related to computer science research and we can find the experts for a given
topic. Also, some commercial-level applications are available such as LinkediIn,
Google Careers, CareerBuilder, Indeed, etc. that allow job seekers to search for jobs.
Currently, potential employers are finding suitable job candidates by searching on

these platforms as well [1].

ACM RecSys community organizes an annual challenge to motivate the researchers
under recommender systems since 2007 and it also has contributed to the progress of

this area considerably.



1.4 Problem Definition

Identifying the most suitable experts considering multiple factors such as expertise,
experience, workload and preference to do a given task with minimal resources has

been a research challenge in industrial domains.

First, we will give a brief overview of the incident management procedure under the
IT service management as shown in figure 1.1. When an application issue is observed
by the end-user, he will report the problem in the helpdesk tool provided by the
organization. For this purpose, he will create an issue ticket under the relevant system
category and the issue type. Sometimes the categorization of the issue will be irrelevant
due to the lack of knowledge of the end-user. After that, he will be provided with a
form and he reports the summary, description, and other details required, attach images

and other content and finally submit the ticket.

After that L1 support agents assess the issue, fix the customer incident, and assign the
ticket to a domain expert in L2/L3/Design team for a permanent resolution. The L1
task of assessing the issues and identifying the relevant expert is a time-consuming

manual task which is the problem of our interest.

Incident Management

B - =
R?g:r:: Inﬁ:g[es \ Tn;:;aedgnd Assess , Resolve and Implement
experienced. | oy e , issues. | communicate. preventive steps ‘

Figure 1.1: Incident Management Process of ITSM

Source: https://www.isaca.org/resources/isaca-journal/issues/2019/volume-
3/incident-management-for-erp-projects



Therefore this research focuses on how to solve the expert recommendation problem
in a personalized manner with high accuracy and efficiency in the IT service
management domain. Every application domain has a specific set of problems that are
required to be addressed in the recommendation task, hence it is impossible to apply a
generalized recommendation approach to each area. In this research, we study the
challenges in extending the personalized expert recommender system approach for IT
Service Management. The solution requires high accuracy, efficiency and there is risk

associated with inaccurate recommendations which lead to customer dissatisfaction.

1.5 A Novel Approach to Expert Recommender Systems

This research hypothesizes that ontology-driven semantic-based expert profiling
combined with TOPSIS-ABC optimized expert ranking can provide a better solution
with high accuracy and efficiency in the personalized expert recommendation task.

The proposed solution is to apply a hybrid filtering approach to recommend the best
experts. Expert profiles including skills, domain knowledge, and attributes of the
tickets will be the inputs to the model and the output will be a ranked list of the N best
experts. An ontology-driven semantic-based approach will be used for knowledge
modeling and profiling of the experts. Domain ontology reasoning will reduce the
search space based on the semantic similarity of the agent and ticket profiles and will
improve the accuracy as well. Then TOPSIS-ABC optimization algorithm will be used
for ranking the best expert profiles in a personalized way. Considering only the
neighborhood expert profiles in the recommendation process will result in faster

results and higher efficiency.



1.6 Resource Requirement

» Software Requirement:

Python libraries, Protégé framework, Jupyter Notebook, PyCharm IDE

* Hardware Requirement:
Computer with Windows OS, 2.6 GHz Core, 8GB RAM for POC setup
Google Colaboratory or AWS Cloud Computing Services depending on the

processing power requirement

» Dataset Requirement:

Helpdesk tickets dataset, Expert skills dataset

1.7 Structure of the Thesis

This introduction chapter provided an overview of this research and chapter 2 will
present the literature review of the expert recommender systems, existing techniques,
challenges, and the research problem. Then chapter 3 will explain the technologies in-
depth applicable for expert recommendation and chapter 4 will present the novel
hybrid approach proposed in this research. Then chapter 5 presents the design
including the architecture and modules, chapter 7 and chapter 8 present the evaluation

and conclusion respectively.



CHAPTER 2

2. LITERATURE REVIEW

2.1 Introduction

In Chapter 1, we provided an overall picture of the research presented in this thesis.
This chapter gives a critical review of literature in Expert Recommender Systems
(ERS). In doing so, we have structured the literature review under several subheadings,
namely, State-of-the-art Techniques in ERS, ERS and Early Developments, and Latest
Trends in ERS. This chapter also summarizes challenges in ERS and defines the
research problem. The research gap identified is the inadequate application of ERS in
industrial domains which depends on multiple factors and complex organizational
processes. Also Improving the accuracy and efficiency of the ERS algorithm for such

domains in a personalized manner is the research problem.

2.2 State-of-the-art Techniques in ERS

An expert is a person who has mastered a specific knowledge area and is capable of
guiding or answering other people. The expert recommendation is a subcategory of
recommender systems, that recommend people-to-people. In other words, the purpose
of the expert recommendation is to predict experts to users relevant to their queries.
The experts are modeled as a weighted set of skills and knowledge in their domains.
The ERS takes the input query from the user and matches the relevant past queries.
Then it predicts similar experts using the relevancy and expert classification is
provided in the expertise model. Finally, the candidate experts are ranked according to
their competency levels [2].



Expert Expert Expert Expert
Mining Modeling Classification Prediction

Figure 2.1: Major Steps in Expert Recommender System Design

There were only very few surveys conducted on the state-of-the-art techniques used in
expert recommender systems compared to recommender systems in general. We have
studied the classification, techniques used in different phases, applications, evaluation
metrics, and current challenges in this research area and the subsequent paragraphs

will discuss the points in detail.

According to the review of Lin and others, expert finding is a four-step procedure
namely expertise resource selection, expertise modeling, query matching, and result
recommendation. They have discussed the techniques, retrieval algorithms, and
evaluation metrics of the first two steps in this ERS process [3]. The challenges
encountered in areas of weighing different expertise levels, clustering experts based
on similarity, discovering experts knowledgeable in cross-domain, and classifying
knowledge into subdomains. Also, they have emphasized that evaluation of ERS
highly depends on the test data used. These datasets which are publicly available or
taken from other parties are not reliable hence evaluating retrieval results accurately is

a problem.

Husain and others had reviewed the literature on ERS under five main research
questions, domains applied, expertise source used, expertise retrieval versus expertise
seeking and theories integrated, methods used for expert finding, and dataset used in
these systems [4]. They have identified main domains such as enterprise, academia,
knowledge-sharing platforms, social networks, online forums, and medicine. The

majority of the research was limited to the academic domain under various tasks to



find research supervisors, paper reviewers, and collaborators from the industry, thus
encouraging researchers to extend ERS in other domains like medicine. They have
proposed publishing benchmark data sets to avoid the issues in evaluating the accuracy

of the ERS models while using unreliable datasets.

The authors have done a comprehensive classification of expertise recommendation
models mainly including probabilistic, voting, network-based (mentioned as graph-
based), and other models [2]-[4] as shown in Figure 2.1. Further, the Generative
Probabilistic Models were classified into Candidate and Topic Generation models.
Other models include author-topic models which represent experts as a distribution of
topics and determine the association of the new query topic to the contributed topics
of the experts. In addition to this authors [4] have mentioned another type called
Hybrid models for combined approaches. Hybrid models are used to overcome the
drawbacks of using a single technique in the expert recommendation process. For
instance, integrating content-based and collaborative filtering helps in finding experts
via social networks connections, and enables access to a wide range of heterogeneous

information sources.

Expertise Retrieval
Models

' ! ' ' ! !

Generative Discriminative Network-based

Probabilstic Models  Probabistic Models Voting Models Models Hyorid Models Other Vodels
v v v v
Candidate Generation Topic Generation Query-dependent Query-independent
Candidate Model Document Madel

Figure 2.2: Classification of Expert Recommendation Techniques



Now we provide a brief overview of the state-of-the-art expert recommender models

found in the literature.

2.2.1. Generative probabilistic models

We use probability to rank the experts in generative probabilistic models. Probability
Is taken as the likelihood of a candidate expert related to the query. There are two main
types of generative probabilistic models namely, candidate generation and topic
generation. Most of the approaches have adapted generative probabilistic models due
to their promising performance in mining expertise from documents. The generative
probabilistic method is the foundation of many language models used in expert

recommender tasks.

2.2.2. Voting models

In voting models, we use data fusion techniques to aggregate the votes for experts and
provide the final ranked list. Reciprocal Rank (RR), CombSUM, and CombMNZ are
popular fusion techniques used in the expert search. Researchers have shown that
voting models are also similar to probabilistic models. HITS, PageRank algorithms,
and random walk propagation methods are used in voting models. In the voting model

scores are not normalized as probabilities in generative models.

2.2.3. Network-based models

Network-based models collect expert information from the web and social networks
connections. This is also known as the graph-based method and exploits the idea that
experts with similar skills are closely related to each other. There are two subcategories
namely query dependant graph-based model and query-independent graph-based
model. In the query-dependent process, the documents are searched within the most
related communities to the expert’s scope and in the query-independent process, a

particular expert knowing a specific area is assumed.



2.2.4. Other models

In other models, existing information retrieval techniques were discussed such as
author-topic modeling, vector space modeling, and cluster-based retrieval. For
instance, the Latent Dirichlet Allocation (LDA) based author-topic-model (ATM),
author-persona-topic (APT) model and author-conference-topic (ACT) model are
extensions of author-topic modeling which are based on probability distributions of
authors and documents. In vector space modeling, experts are modeled as vectors that
consist of a linear combination of documents. Cluster-based retrieval is used to group

similar experts and ranking, which is the same as the aggregation techniques [2].

2.2.5. Hybrid models

The hybrid models are combinations of content-based filtering and collaborative
filtering algorithms. Most of the recent research has combined the techniques
explained earlier and proposed hybrid expert recommender systems as per the
literature review [4]. For example, some hybrid approaches included the techniques

such as,

a) Content-based recommendation and network-based collaborative filtering
b) Social network analysis and semantic web
¢) Document-based model and community-sensitive AuthorRank

d) Cluster-based expert selection and collaborative filtering

Nikzad—Khasmakhi had proposed two phases in the expert recommendation process,
information retrieval of the expert and predicting the expertise level of the expert and
ranking [1]. The survey was done under key areas related to ERS like information
source types, methods of information retrieval, approaches used in expert prediction,
and evaluation metrics. It has presented a critical review on different techniques used
in predicting expertise scores such as rule-based model, propagation, link analysis,
language model, K-means, and deep learning as shown in table 2.1. Application of

10



other technologies like evolutionary algorithms, fuzzy logic, semantic web &
ontology, swarm optimization, and multi-agent techniques were not adequately
discussed in this review. Hence we have extended the list under these techniques by

reviewing the pros and cons of the applicability in ERS.

Limited usage and analysis of multimedia content in expert mining and extending ERS
into various domains were the major challenges identified in this survey. According to
the type of application, the importance of the expertise scores varies. In that sense,
researchers have proposed approaches that use a non-linear combination of these
scores to improve the accuracy of expert prediction. Therefore expert recommendation
process can be considered as a multi-objective optimization problem. This is another

finding emphasized in this review.

Table 2.1: Existing Expert Recommendation Techniques

Less learning capacity, complex
Rule-based . ]
- Accurate results, less error rate, cost-efficient  pattern discovery, need for
mode
manual changes

R Time-consuming, a heavy
) Handling finding the top-ranked experts by
Propagation ) overhead because of redundant
setting a relevance threshold
score messages

The cost of building a dynamic
) ) Modeling users’ activities and their )
Link analysis ) o ) user-user graph, an extensive
relationships in social network )
amount of data preparation

Solving the issue of text representation and

Language o ] o ) )
o term weighting, working with little corpus Computational complexity
mode
data
) ) Difficult to predict the number of
K-Means Easy to implement, grouping experts .
clusters, sensitive to scale

Matrix o L ) . ) The high computational cost for

) Estimating missing values in the rating matrix ) ) ]
completion the determinant matrix calculation

] o ) o Not considering semantic
Vector Space  Simple in implementation, normalizing the o . .
) . similarities, the relationship
Model resulting probabilities
between terms

11



Reputation Considering the quality of user’s answers in More efforts are needed to
score ranking experts determine the best answer

. Automatic feature extraction, good accuracy The high computational cost of
Deep learning . . ) .
in question answering matching training, complex error space

Describe various features and attributes in a - )
) o ) Inability to provide well
Ontology particular domain with a set of properties, that o )
optimized best answer from a list
can be reused and shared by other systems

) Handle uncertainty and ambiguity in the Not suitable for unstructured data
Fuzzy Logic )
relevance feedback or undefined processes

Sources: [1], [5], [6]

2.3 ERS and Early Developments

Many researchers have contributed to the enhancement of the aforementioned stages
in the expert recommendation process and we critically reviewed these approaches
under the main fields of enterprise, academia question answering platforms. The
following sections are divided as the early developments and the latest trends in expert
recommender systems considering the published years of the research papers or the

journal articles.

Research in expert recommender systems for organizational environments emerged in
the early 2000s. The researchers were more focusing on identifying the proper
information sources for expertise mining and a generalized architecture for expert
finding in the enterprise domains. They have discussed the technical features of such

a design and the challenges in implementing it at an operational level.

McDonald and Ackerman had notable work in Expertise Recommenders, ER-Arch
for organizational environments which is adaptable for different structures [7]. It is
proved that a general architecture can be used in any industrial domain with proper
expert profiling and selecting techniques. Also, it clusters the expert profiles using

work products and can provide alternative recommendations. However, the
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implementation was more tedious due to a large number of Java classes used in the
code for simplification of adding new profiling and selection methods according to the

organizational hierarchies.

As stated above the first step in the expert recommendation process is to model the
profiles of experts in required knowledge areas. Yimam and Kobsa have categorized
expert profiling based on query generation time and location. The DEMOIR hybrid
architecture proposed by them uses different information sources to collect data for
expertise modeling and stores them in a centralized location in a form of organizational
ontology [8]. It used documents and content analysis as well, but the classification of
documents into three main types was a manual task. Also, the efficiency of the

algorithms in mapping the matrices was not adequately discussed.

MITRE’s Technical Report on Expert Finding Systems discusses tools that were
commercially available at that time under five main criteria namely source of
information, type of processing, method of searching, results format, and system
properties [9]. Among the challenges listed in the report, limited access to the
experience of past experts, lack of knowledge of new experts, privacy concerns related
to sharing the expert details, and difficulty in finding the most suitable expert are the

most significant.

This research has answered challenges in extracting expertise from the document
collections of an organization [10]. It has represented experts using documents in the
enterprise corpora and determined candidate-document associations. Matching the
expert’s demographic information such as ID, Name, and Email was done using a
binary rule-based method. It compares two generative probabilistic language models
centered on documents and candidates under metrics like Mean Average Precision
(MAP) by changing the  parameter in Bayes smoothing. Still, there is an opportunity

for improvements in text preprocessing of the document extraction.

Reichling has designed a more sound expert recommender framework for a

networking company and proposed a list of technical functionalities of the system
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design to address the requirement and challenges in extending expert recommendation
in a complex organizational setting [6,7]. Compared to other ERS frameworks, a
feedback component is introduced to enhance the reliability of the expert
recommendation. They have applied three matching strategies, Latent Semantic
Indexing (LSI) for expertise mining from the textual content, simple keyword
matching, and TF/IDF matching for personal data and feedback data respectively. The
major drawback of this framework is that the most skilled experts will get an additional

workload out of their scope due to high competency.

A structural way of modeling academic content available on the web (DBLP) using a
domain ontology was proposed in this research [5]. This method is reusable and can
be extended in other domains as well for expert finding and ranking. The authors
present a comprehensive approach in applying ontological features including classes,
properties, and instances to model concepts, relations, and individuals respectively in
the research field. Also, they have constructed an Academic Social Network (ASN)
which consists of two models, Topic-document Relationship Model (TRM) and
Author and Co-Author Relationship Model (ARM) to measure the level of
relationships between documents and authors.

The main focus of this paper is to mine the skills and competencies of experts and
maintain the changes of the expert profiles over time using content created by them.
The information sources considered are research papers, wiki pages, blogs, comments
in online question-answering forums, and enrollment in academic or professional
courses [13]. They show the importance of using labels (novice, advanced beginner,
competent, proficient, and expert) for different proficiency levels rather than ratings
that have no explainable facilities. Different sources are integrated and the activities
are monitored, then the change in information is stored in a skills ontology along with

the organization ontology.

The authors have presented a framework for extracting author information from wiki
pages using domain ontologies [14]. Three scores are computed expertise, relevance,

and reputation based on the contribution given for a topic, semantic similarity for the
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available topics in the ontology, and the results of peer-reviewing respectively. Part-
of-speech (POS) tagging and stemmers were applied in text processing and TF-IDF to
capture the relevance of the documents. In the ontology owl:subClassOf and
owl:ObjectProperties were used to match the similar concepts. They have proposed a
trust function to determine the reputation score which increases in the beginning and
then remains constant with time. This solution has proved promisingly accurate results
in evaluation but is limited only to enterprises maintaining a proper Wiki system.

Further enhancements are proposed in modeling the experts in multi-dimensions.

2.4 Latest Trends in ERS

In this section, we are discussing research papers published since 2010 in the expert
recommendation research area that has contributed noticeable work for the progress of
the field. Most of the work has employed hybrid approaches combining multiple
factors and various aspects for expert profiling. The following paragraphs comprise a
summary of these hybrid approaches formulated according to their application

domains.

Silva proposed a social network empowered research analytics framework (RAF) to
assign the most suitable reviewer in the research proposal evaluation process,
considering multiple aspects of quality, quantity, and social relationships [15]. They
have modeled the experts in three dimensions using relevance, productivity, and
connectivity indices. Also, presented a detailed approach for researcher and proposal
profiling using the self-declared discipline codes, title, keywords, and abstract of the
proposals. For textual content analysis, they have employed the Rough Threshold
Model (RTM) and Database Tomography in the algorithm development. This solution
has proved cost reduction and efficiency in the reviewer finding process of the largest
project funding organization, which has been a time-consuming manual task
otherwise. In this approach, the reviewer’s preference was not considered and there

was no mechanism to validate the quality of reviews, although the authors have
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concluded that this assignment problem can be solved as a multi-objective decision
problem.

The framework in the previous study was further extended in the profile boosted RAF
for recommending journals for manuscripts in the scientific community [16]. This is
the first research work contributed in the field of scientific product recommendation.
They have enhanced the Rough Threshold Model with a key phrase analysis algorithm
to handle the semantic ambiguity observed in the original version. To obtain the
journal quality the Analytical Hierarchy Process (AHP) was implemented and
compared the importance of journals pairwise. Also, formulated the journal
recommendation problem as a multiobjective optimization problem combined with a
heuristic approach. The particle swarm optimization technique has evidence of low
computational costs and fast convergence which is beneficial in a large candidate
journal base. Since the journal selection is a highly subjective matter user’s preference
should be taken into account, but this approach has not demonstrated that aspect. Also,
the cold start problem was not properly handled in the connectivity index for new

Users.

The authors have broadened the big data perspective for the researcher modeling in
this study and presented Leverage RAF to find domain experts on research social
network services [17]. The architecture has three main stages for profiling, modeling,
and ranking. The modeling stage consists of three modules for relevance, quality, and
connectivity analysis. The collected expert details are represented using correlation
matrices Keyword-Document matrix, Article-Journal matrix, Project-Type matrix, and
researcher-researcher matrix respectively. In the ranking stage, Analytic Hierarchy
Process (AHP) is employed for aggregating the weighted scores. The MapReduce
algorithm presented in this work is used to compute the similarity between the
documents and authors and the results have proved its better performance in efficiency
and scalability in large-scale datasets. The authors have suggested using other data
fusion techniques than AHP, considering more subjective factors, and integrating a

domain ontology for further improvements in the framework.
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The authors in [18] have applied the Evidential Reasoning (ER) rule-based method as
the aggregating technique in the research project evaluation and selection process. Peer
reviews on research projects include highly subjective and qualitative information so,
they have introduced a belief structure to represent evaluation information of the
projects and a confusion matrix to generate expert reliabilities. As per the study, simple
weighted sum techniques provide only a single score to differentiate the candidate
solutions. Therefore they state the necessity of more compelling aggregation
techniques to utilize the richness of the profile details available in multiple
perspectives. This work has contributed to the research area by providing a rational
approach in multi-criteria decision making with conflicting interests still, the expert

preferences were not incorporated in the approach.

The performance of ERS heavily relies on the soundness of the expert profiling
mechanism. Hence a lot of expert data needs to be gathered from various sources to
accommodate the dynamics of expert behavior which ultimately require big data-based
approaches for generating meaningful insights. The authors have proposed a method
for real-time expert profiling using big data based on Map-Reduce technology for a
research social network ScholarMate [19]. They have applied Author Topic Model
(ATM) to extract expertise information from a huge collection of textual documents.
Also, crowdsourcing techniques were utilized in mining social reviews of expertise. In
the ranking phase, the entropy-based aggregation method was used to merge two
profiles, Entity-Profile and Social-Profile. The limitation in this study is using the
sampling method for the evaluation of the prototype, where big data solutions should

experiment with large-scale datasets.

A Research Analytics Framework for Education (RAF-E) was proposed by the authors
in this paper, which has modeled experts in three dimensions by the scores obtained in
relevance, connectivity, and quality [20]. The solution was developed for identifying
the most suitable research supervisor for novice students and they have integrated both
direct and indirect means of relevance with past students. In the proposed approach
there are two stages filtering and ranking. The relevance is computed in the first stage,

then the connectivity and quality were obtained in the ranking stage. Finally, the
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entropy method was used to combine all three scores and a ranked list is provided.
Supervisor profiles were modeled using a novel keyword correlation matrix using their
research interest details and publications. Despite that, the evaluation of the solution
is not well assuring since it was merely dependent on the feedback of the students, and

the flexibility of the framework was not justified.

A multi-level profile-based approach was introduced by the authors to find the most
suitable experts in academic research collaboration [21] that combined research
relevancy with the network proximity details. This network proximity is a new
measure proposed in this work that measures the degree of association between the
researcher and the institutes interacted. The expert profile was represented as a
combination of three aspects, expertise relevance, individual connectivity, and
institutional connectivity. In the relevance computation, the Author-Topic model
based on Latent Dirichlet Allocation (LDA) was used to identify the relation between
the authors and the latent topics. For ranking the experts a score-based method Comb-
MNZ was applied and weights of the scores are computed by greedy optimization. As
per the writers, there was a discrepancy due to de-normalized keywords in the Author-

Topic modeling and they proposed to use a domain ontology to avoid this problem.

Table 2.2: Comparative Analysis of Aggregating Techniques used in ERS

Evidential = Aggregate evaluation information = Selection is done using review
Reasoning (ER on multiple criteria using the ER information from multiple peer
Rule-Based) rule experts, hence the decision is more
= Consistent and informative support subjective, and objective
to make informed decisions information is not used
= Different pieces of evidence are = Does not capture the richness of the
associated with weights and actual evaluation information of
reliabilities in the aggregation reviewers
process = Using an adding up the score is not
= Utilizes historical data to measure effective to differentiate the true
the reliability of an expert quality
= Consider the constraints in the = Decision maker’s preferences are
selection process not modeled
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= Matrices are used to aggregate
information in multiple dimensions

= Preferences and subjective
information were considered

= Indirect relevance is used with
previous students

Entropy-based

Analytic = Determine the relative importance
Hierarchy Process  of different criteria using pair-wise
(AHP) comparison matrices

= Provides a simple and very flexible
model for a given problem

= Can use either subjective or
objective information

= Only used in the process of weight
computation

= The influence of subjective
information is low

= The computational requirement is
tremendous even for a small
problem

= The methodology cannot guarantee
the solutions as definitely true

= When the number of the levels in
the hierarchy increase, the number

of pair comparisons also increase
= Qualitative components are not
convincing

Random Forest = Determined by the probability of
the expert being captured in the
positive class of confusion matrix

= Time efficiency

= Suitable for large scale datasets

= High computational resource
requirement

Sources: [17], [18], [20], [22]

Chen and others have proposed an answerer recommendation system (ARS) for a
question answering platform that operates promptly and improves peer interactions by
instant answering [22]. They have analyzed past answers and categorized domain
experts by keyword tags and determined the online availability by the last login time.
Then estimated the likelihood of answering as a binary classification problem using
the random forest algorithm and route the question to the expert considering their
preference in answering as well. The ranking of the experts was determined by the

probabilities of them being captured in the positive class of the confusion matrix.

Liu and others have proposed a simple aggregation method to predict the most suitable
experts for peer review by considering various constraints in the context of big data
[23]. They have employed three modules for relevance, connectivity, and quality in
the second stage of the expert recommendation algorithm. In this aggregation model,
the importance of the connectivity score is reduced by considering the remainder from
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subtracting one. Then all three scores were multiplied to make the impact of relevance

and quality measures high.

Hoang and others have implemented a framework for recommending a group of
experts to review a specific problem [24]. They have employed three main modules,
one is to collect data from open-source databases like DBLP, ResearchGate, and
Google Scholar, an expert detection module to determine and classify expertise, and a
prediction module to match the problem with clusters of experts. They have used
machine learning to extract expert features and classified them into similar groups.
Cosine similarity was used to predict the matching experts for a new query considering
three criteria diversity, competence, and suitableness. Finally used a simple weighted
sum method to aggregate the three scores. The limitation of this work is not

considering the reputation of the expert in the recommendation.

In this paper, the authors have presented a detailed approach on how to apply the expert
recommendation for trouble ticket routing in a time-efficient manner with minimal
human efforts, which is the same problem of interest for our research as well [25].
They have focused on a collaborative network for the expert assignment process using
historical ticket data through maximum likelihood estimation. Also, both experts and
tickets were represented using vectors and modeled in the same dimension via
transformation matrices. The specialty in this approach is that they are providing two
recommendations consecutively using two algorithms. If the initial recommendation
fails it considers the closest experts in the network for the next recommendation. The
recommendation process continues until the ticket is resolved by an expert. They have
utilized an objective function optimization for detecting the similarity between experts
and historical tickets and focused on applying deep learning for model improvements.
Anyhow they have not considered other factors like workload and the expert’s ability

to attend to the tickets on time.

Another hybrid approach was introduced in this paper for expert retrieval in
community question answering services which used two segments for computing

knowledge and authority scores [26]. The novelty in this contribution is determining

20



the question hardness and using the Reciprocal Rank Fusion (RRF) technique in the
aggregation stage. They have evaluated the solution under five metrics over eighteen
state-of-the-art algorithms on four real-world datasets. However, there was a limitation
in the efficiency of the algorithm that required processing of large-scale text in the
archival, and obtaining the similarity with a new query at each instance was time-

consuming.

2.5 Challenges in ERS

As with any traditional recommender system, expert recommender systems also have
similar challenges like modeling user preference, cold start, and sparsity problems.
Still, expert mining is mostly limited to the document and network information of the
experts. Studies do have not adequate evidence in utilizing multimedia content,
images, audio, video, etc for expertise extraction. With the rapid evolution of modern
technology, expertise is also changing fast. To address these dynamics in the real world
we need more time-efficient approaches in expert recommender systems. Also, there
are privacy-related concerns in sharing and manipulating personal expert details
without their consent. So the solutions should be developed adhering to these data

privacy guidelines.

As well as there are many limitations with the existing techniques like high
complexity, time inefficiency, huge computational cost, and higher error rates.
Achieving high accuracy for the expert recommendation with other conditions
simultaneously is a hot topic among the research community. When evaluating the
implemented ERS solutions the researchers have shown the necessity of benchmarked
datasets with reliable information. Usually, most organizations do not publish their

expert details publicly which has limited research work in the enterprise domain.

Modeling the expert’s preference in the recommendation process has space for
improvements. When the system is recommending the most qualified or well-reputed

expert for a new query each time, there is a tendency of work getting overloaded for
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that person. Most of the research work has not considered experts’ viewpoints such as
their availability to attend to the problem of the end-user. There is a need for an
effective approach that produces alternative expert recommendations within the

problem contexts given all these situational conflicts.

2.6 Problem Definition

Identifying the most suitable experts considering multiple factors such as relevance,
expertise, experience, and the workload to do a given task with minimal resources has

been a research challenge in the expert recommender system area.

Every application domain has a specific set of problems that need to be addressed in
the recommendation task, hence it is impossible to apply a generalized
recommendation approach to each area. This research focuses on how to solve the
expert recommendation problem in a personalized manner with high accuracy and
efficiency in the IT service management domain because there is a risk associated with
inaccurate recommendations, which leads to customer dissatisfaction. We study how
to extract the expertise details from the resources available at the industry level and

how to integrate our approach in the organizational settings.

According to the literature the latest trends in expert recommender systems heading
towards modeling the preference of the experts by integrating subjective, objective,
and social network information. Obtaining similarity measures consider both direct
and indirect relevance of the users to past users. Consolidating all the information has
resulted in expert profiling in multiple dimensions. Therefore in this study, we have
perceived the expert recommendation task as a multiobjective optimization problem
and attempted on improving the accuracy and efficiency of the recommendation

algorithm.
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2.7 Summary

This chapter presented a critical review of literature in expert recommender systems
and identified achievements in the field as well as the research gaps in the current
trends. We have presented the evolution of the expert recommender system approaches
from a multiobjective optimization viewpoint and provided a comparative analysis of
the existing aggregation techniques used in the expert recommendation literature. In
the next chapter, we give a detailed discussion on the technologies adapted for our

problem domain.
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CHAPTER 3

3. TECHNOLOGIES ADAPTED

3.1 Introduction

In chapter 2 we have critically reviewed the literature in the expert recommendation
research area and identified the research gaps. In this chapter 3, we provide an in-depth
study of technologies to solve the expert recommendation problem more accurately
and efficiently. The purpose of this study is to adapt the technologies from an IT
service management perspective. The technologies identified are under four subfields
of artificial intelligence, namely, Natural Language Processing, Topic Modeling,
Semantic Web & Ontology, and Swarm Optimization.

3.2 NLP Text Preprocessing

In organizations, expert knowledge is mostly maintained as documents or text content.
Therefore expertise can be extracted from emails, knowledge bases, wiki pages,
codebases, user manuals, resumes, etc. In IT service management we use helpdesk
tools to track incidents and their resolutions. When a user submits a ticket with issue
details in the helpdesk tool, then a domain expert is assigned to handle the issue until
the closure. Therefore the summary, description, and comments of the issue tickets

contain useful information for expert mining.

We can employ natural language processing (NLP) techniques to process these huge
collections of unstructured text data and generate hidden insights related to experts.
These documents are in human language, mostly in English, hence first we need to
apply text pre-processing techniques to convert them into a machine-readable format.

The authors have comprehensively reviewed literature related to NLP text pre-
processing in text mining [27]-[29] and the methods include, tokenization, stemming,
lemmatizing, stop word removal, case folding, punctuation removal, removing non-
alphanumeric characters, Part of speech tagging, Named Entity Recognition, N-grams,

etc. We provide a brief description of these basic methods below.
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3.2.1. Tokenizing

A text document consists of chapters, paragraphs, sentences, phrases, words,
characters, etc. In NLP a word is considered to be the smallest element in semantic
analysis. Tokenizing is the method used to segment the text content into semantic
elements. It reduces the space required for document storage and improves the
efficiency of information retrieval. Whitespace-based and regular expression-based
tokenizations are the widely used methods. Most of the NLP toolkits provide
tokenization facilities for English and other popular languages. NLTK Regexp

tokenizer, TreebankWord tokenizer, and WordPunct tokenizer are a few examples.

Machine learning or language models require a bag of words (BOW) input for text
mining. Hence we can use tokenization to produce a dictionary of words from our

problem domain and improve the expert mining process.

3.2.2. Stemming

Stemmer converts words in any grammatical form into their roots by removing
prefixes and suffixes. Apart from affix removal (truncating), there are other stemming
algorithms used such as statistical and mixed. In English, we can reduce words in count
(dog, dogs), tense (run, ran, running), gender (waiter, waitress), etc using stemmers. .
Therefore, in the helpdesk domain, the words check, checked, checking, checks all can
be stemmed from the word “check”. It enhances the efficiency of the expert mining
process by decreasing the memory requirement and reducing the distinct word count

in the dictionary.

Porter’s stemmer and Lancaster stemmer are the widely used stemming technique in
NLP applications. In real-world language processing, two scenarios occur with
stemmers namely, over stemming and under stemming which should be handled

according to the language structure.
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3.2.3. Lemmatizing

Lemmatization reduces the word to its “lemma” which is similar to the stemming
method, but it is a step ahead of that. In other words, a lemmatizer provides the
dictionary form of a word and it considers the position of the word in a sentence for
this purpose. When stemming converts the word “shared” as “shar” by removing the
suffix “ed”, lemmatizing converts it to the dictionary term “share”. WordNet
lemmatizer is a popular technique used in lemmatization and it is used for searching
and indexing documents. However computationally, lemmatization is more time-
consuming and susceptible than stemming, hence for practical applications stemming
is preferred by the community.

3.2.4. Stop word removal

This is used to remove the common words in the language such as articles and
prepositions, and conjunctions in English. For instance words in English like “a”,
“the”, “as”, “of” carry no semantic meaning in the expert mining. Removing such
words with high occurrences enhances the frequency of more important words. Apart
from the default stop words lists provided by the NLP toolkits, we can define custom
stop words within the problem context. For example words like “hi”, “please”,”
check”, “reminder” are more frequent in ticket data but do not have any hint on the
expert’s knowledge. Hence using stop word removal we can further improve the expert

mining and generate meaningful information.

3.2.5. POS tagging

Part-of-speech (POS) tagging provides the part of the speech tag of the tokens, in other
words, classify the words as nouns, verbs, adjectives, etc. The tags are also known as
labels, for example, N for nouns, V for verbs, ADJ for descriptive words, ADV for
adverbs, PREP for prepositions, and CONJ for conjunctions. NLP toolkits provide
POS taggers such as Penn Treebank tagset based on maximum entropy. When
processing issue ticket data, we can use POS tagger labels to extract the semantics in

terms of nouns and verbs, for instance, verbs are related to the task assigned to the
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expert. However, there are limitations with semantic ambiguity and ungrammatical

errors when using POS taggers.

3.2.6. Named entity recognition

Named Entity Recognition (NER) is applied after the POS tagging. It removes
unstructured content and extracts meaningful phrases related to people, organizations,
places, time keys, etc. In line with that NER, can generate labels such as PERSON for
people, ORG for organizations, DATE for dates, etc. Therefore can use Named Entity
Recognition to improve the accuracy of the expert mining and classify the phrases

based on the labels to identify experts and their tasks.

3.2.7. N-grams

N-grams extract the words that occur consecutively in the text and determine the
relevant content. Bigrams and Trigrams are the widely used N-gram combinations in
practical applications. The concept behind Bigrams is that if two words occur together
more frequently in a document, the content is most probably related to the topic
represented by that phrase. This technique is more effective for documents with short
text since the significance of the Bigram is high compared to long text. Therefore we

can use Bigrams to discover topics in the issue data which consists of short text.

3.3 Topic Modeling for Documents

In the expert recommendation literature, language models play a major role in mining
expertise from documents. Topic modeling is the widely used technique to determine
the degree of association between people to documents and vice versa. For instance,
ExpertSeer is an open-source project for digital libraries based on language models to
recommend experts in a specific scientific field. They have used keyword mining and
Baye’s rule to determine author-to-document and document-to-document associations

in the expert recommendation process [30].
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The state-of-the-art techniques in topic modeling include Latent Semantic Indexing
(LSI), Latent Semantic Analysis (LSA), Probabilistic Latent Semantic Analysis
(PLSA), Latent Dirichlet Allocation (LDA), Non-negative Matrix Factorization
(NMF), Random Projection (RP), and Principal Component Analysis (PCA) [31],
[32]. In the next section, we discuss a few popular topic modeling techniques.

3.3.1. Latent Semantic Analysis (LSA)

Latent Semantic Analysis (LSA) is one of the basic topic modeling techniques in the
literature and the documents are modeled as vectors. It is an enhancement of the Latent
Semantic Indexing (LSI) method and is based on the similarity between words and
their meaning. It determines the latent topics by computing matrix decomposition on
the term to document matrix. This can be used for keyword matching and it solves data

sparsity issues. However, it does not measure the correlation between the topics.

3.3.2. Probabilistic Latent Semantic Analysis (PLSA)

Probabilistic Latent Semantic Analysis (PLSA) is an extension of the LSA method. It
uses a generative probabilistic model to enhance the LSA algorithm. The technique
used in PLSA is determining the similarity of text data without referring to any
dictionary. It is capable of handling semantic ambiguities and was used in real-world
applications such as recommender systems. When the number of documents increases
PLSA suffers from model overfitting and is unable to generate the distribution at a

document level.

3.3.3. Latent Dirichlet Allocation (LDA)

Latent Dirichlet Allocation (LDA) is the most popular topic modeling method used in
practical applications. In LDA each document is represented as a distribution of topics,
and each topic as a distribution of words. Therefore it employs a generative
probabilistic model based on the Bayesian method. It is an unsupervised model, hence
learning can be done without providing any training text data, which is the main
advantage of LDA. Providing more meaningful data and the ability to handle
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documents with different lengths are among the other advantages. However, it needs
to combine short text data to get a better insight. Figure 3.1 shows the structure and

parameters of the LDA model.

Word w in d
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D

Figure 3.1:Structure of the LDA Topic Modeling
Source: [32]

Parameters of the LDA model are,

a - Dirichlet prior for the document topic distribution
B - Dirichlet prior for the word distribution

0 - Vector for topic distribution over document d

z - Topic for a chosen word in a document

w - specific word in N

D - length of the document

N - number of words in the document

Jelodar and others [33] have discussed the practical applications of LDA-based topic
modeling in recommender systems in different areas such as scientific papers, music
and video, locations, friends, travel and tour, apps, etc. Also, they have studied seven
challenges [34] of LDA-based methods in these application areas and suggested the
future direction. This paper presents the detailed process of applying NLP
preprocessing techniques and LDA topic modeling to develop a recommender system

for scholarly articles [35].
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The authors have compared the performance of topic modeling methods in short
textual content such as comments, reviews, emails, and short messages on the web and
social media [32], [36]. According to Albalawi and others, Latent Dirichlet Allocation
(LDA) and non-negative matrix factorization had performed better in terms of
precision, recall, topic coherence, and F-score in short text analysis. Therefore we can
apply LDA-based topic modeling techniques in our issue data analysis, due to their

short text nature.

3.3.4. LDA-based Author-Topic Modeling (ATM)

LDA-based author topic modeling was first introduced by Rosen and others, where
each author is represented as a topic distribution and, each topic is represented as a
word distribution [37]. This is used to model the interests of authors, in other words,
we can determine the topics that the author has contributed. Also, we can discover
authors who have done similar work relevant to a given document. The advantage of
ATM over other topic modeling methods is that we can get recommendations at the
author level or document level. Therefore ATM can be used to recommend experts

related to an issue ticket by analyzing its summary, description, and comment text data.
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Figure 3.2: Comparison of topic models (a) LDA a topic model. (b) An author
model. (c) The author-topic model.
Source: [37]
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3.4 Ontology-based Expert Modeling

The growth of the web and social media content has emerged the latest trend of
applying semantic and ontology techniques in recommender systems. Semantic web
technology is an extension to the document-based world wide web. It was first
proposed by Berners Lee in 2000 and enables human-machine collaboration by
ontological concept mapping. In other words, semantic recommender systems employ
knowledge bases defined in the form of ontology to improve the performance of
recommendations [38]. In an ontology, we have the features such as class hierarchies,
object properties, and data type properties to define the concepts of a domain and their
relationships. Also, many reasoning techniques namely Hermit, Pallet, etc. to

determine the similarity.

As per the ERS literature, ontologies are used to model the knowledge about the expert
profiles and their preference under the interested domain [5], [13]. We can use the
reasoning capability of ontologies to group similar experts under their properties and
relations [14], [39], [40]. The performance of recommendation systems can be
enhanced in terms of cold start and sparsity problems when combined with a domain
ontology [41]. Also, ontologies improve the precision and time efficiency of the
recommendation [42], [43]. Further, the authors [44] have discussed the benefits of
using a rule-based personalization approach to improve the reasoning of the ontology
beyond DL and OWL.

Therefore, we can use an ontology to model the personal data of experts such as
demographics, skills, domain knowledge, and preferences within the ITSM context.
Also, we can define rules to classify similar experts according to their ratings using
the inference methods on the ontology. There are many reasoning techniques like

Hermit, Pellet, ELK, etc. provided with the ontology designing tools.
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3.5 Swarm Intelligence in Optimization

In our problem scope, experts are modeled in a multidimensional space having discrete
values in each criterion. Also, it is difficult to represent complex organizational
processes in the continuous domain. Hence the traditional optimization techniques
cannot be used in the recommendation step to rank the overall score of experts. Swarm
Intelligence techniques are capable of optimizing multi-objective problems. These are
nature-inspired techniques and resolve the problem in a decentralized manner. In real-
world recommender system applications, usage of the swarm intelligence technique
was insignificant. Peska [45] suggested that combining SI methods with other
approaches as pre or post-processing can achieve promising solutions.

Ant Colony Optimization (ACO) and Particle Swarm Optimization (PSO) are the
widely used Sl optimization methods in the literature. In addition to that Artificial Bee
Colony (ABC), Invasive Weed Optimization (IWO), Fish School Search (FSS), Bat
algorithm (BAT), and Gravitational search algorithm (GSA) are the new techniques
emerging in this area. The authors [46], [47] have done comparative analysis on the
performance of different SI algorithms under benchmark functions such as Sphere,

Rosenbrock, Schwefel, etc.

In the below section we are comparing several popular swarm optimization techniques

and their applicability to our problem.

3.5.1. Particle swarm optimization (PSO)

The Particle swarm optimization technique was introduced by Kennedy and Eberhart
in 1995 and it imitates the bird flocking behavior in the search space to find the optimal
solution. In PSO, a particle is the smallest individual and it has a velocity and position
to represent the candidate solutions. The basic steps of the original PSO include
particle initialization, velocity updating, particle position updating, memory updating,
and termination checking. The PSO algorithm has many merits such as easy
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implementation and having only a few parameters. As per the latest trend, researchers
are proposing enhanced versions of PSO with faster convergence and efficiency.

Silva has applied the PSO algorithm combined with crowd distance for the assignment
problem in ERS literature [16]. It has reduced the slow convergence of the algorithm

and improved the exploration in the search space.

3.5.2. Ant colony optimization (ACO)

Ant colony optimization (ACO) is proposed by Marco Dorigo in 1992 which is based
on the food-seeking behavior of ants. The major components of ACO are ants,
pheromone, daemon action, and decentralized action. The ants use pheromones to
mark the paths to the optimal solution. The high-intensity paths are chosen by the ants
as the direction. The daemon maintains the global paths and their intensity while the
decentralized action controls the dynamic environment. Hence this is more suitable for
routing or path planning problems than for assignment problems. The ACO also has
the slow convergence problem when the search space is large.

Ahmad and Srivastava [48] have proposed ACO based approach for expert
identification and routing the queries to them in social networks. They have improved
the algorithm in terms of time efficiency and addressed the cold start for problem for

new emerging topics.

3.5.3. Artificial bee colony optimization (ABC)

Artificial bee colony algorithm (ABC) was proposed by Dervis Karaboga in 2005 and
it is one of the latest swarm intelligence algorithms which has proved significant
performance in many areas [49]. It is based on the behavior of honey bees finding
nectar and informing about the food source to other bees in the hive. It consists of
employed bees, onlooker bees, and scout bees, with their respective roles. The food
sources represent the candidate solutions in the search space and the nectar amount

shows their fitness value. The phases of the ABC algorithm briefly are [47],
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a) Initialization Phase: Population is initialized

b) Employed bees Phase: Searching for new food sources

c) Onlooker Bees Phase: Selecting food sources for local search

d) Scout Bees Phase: Unemployed bees who got their food source abandoned
e) Memorizing the best fitness value and the position

f) Termination Checking Phase: Checking if the termination condition is met

ABC algorithm is simple and easy to implement such as PSO because it requires only
two control parameters namely, colony size and maximum cycle number. Also, the
authors have compared the performance of ABC with PSO and Differential Evaluation
(DE) algorithms in solving constrained optimization problems [50]. According to the
results enhanced versions of ABC proved to be more efficient than the state-of-the-art

algorithms.

When comparing appropriate swarm intelligence techniques for the problem domain
Artificial Bee Colony Algorithm proved to be more efficient, simple and consumes
less resources than Ant Colony Optimization [51]. The authors have done a
comparative analysis of both algorithms in the movie recommendation task and ABC
outer performed ACO in CPU time and behavior. Since our problem has an assignment
nature rather than routing, ABC is selected over ACO under swarm optimization

algorithms.

3.6 Summary

In Chapter 3 we have presented an in-depth study of technologies adaptable for the
expert recommendation problem. According to the reviewed literature, it is more
convenient to adopt a hybrid approach to eliminate the drawbacks of different
recommendation techniques and to produce better results. The LDA-based Author
Topic Modeling can be used for expert mining from the issue text dataset. Also, the
discussed NLP preprocessing techniques will improve the expert mining process. The
ontology approach is the best way to model already available knowledge of the expert

profiles and classify similar experts. Then the Artificial Bee Colony algorithm, a
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variant of swarm intelligence techniques will be more effective in multi-objective
optimization, to rank the experts under multiple criteria in this assignment problem. In
the next chapter, we introduce our hybrid approach for personalized expert

recommendation in the IT service management domain.
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CHAPTER 4

4. APPROACH

4.1 Introduction

Chapter 3 provided an overview of Al technologies that can be adapted to solve the
personalized expert recommendation task accurately and efficiently. In this Chapter 4,
we are presenting our novel framework for expert recommendation in the IT service
management context. This study is adopting a hybrid approach combining semantic-
based ontology and TOPSIS-ABC optimization for the personalized expert
recommendation task. In the coming sections, we present the hypothesis, inputs,
outputs, process, users, and features of the novel hybrid expert recommendation

approach.

4.2 Hypothesis

This research hypothesizes that ontology-driven expert profiling combined with
TOPSIS-ABC optimized expert ranking can provide better solutions with high
accuracy and efficiency in the personalized expert recommendation task considering
multiple factors.

4.3 Input

There are two main inputs of this approach namely, expert data and issue data. Expert
data means the personal details of the experts including their identification details,
contact information, skills, domain knowledge, pending workload, etc. The issue data
consists of issue ticket id, summary, description, comments, reporter, system category,
issue type, etc. Also for the training of the author topic model, we provide historical

issue data with the labels of the assigned expert.
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4.4 Output

The output of this approach will be a ranked list of the most suitable experts who are
capable of resolving the given issue with minimal resources. Also, it will display the

identification and contact details of the experts along with their overall scores.

4.5 Process

The proposed framework mainly consists of three phases, expert mining, expert
matching, and TOPSIS-ABC optimization. For expert profiling, we consider both
subjective and objective information of the experts and compute the expertise index.
Subjective information includes their self-declared qualifications and interests, while
objective information such as teams, domains, etc. are according to the organizational
structure and procedures. Then the domain ontology is used to build the expert profiles
including their preferences. After that, the classification of similar experts is done by

the reasoning methods of the ontology.

For relevancy computation, we use both direct and indirect matching. When a new
issue ticket is raised the LDA-based ATM model will be used to predict similar experts
by indirect matching with historical data. Then the ontology-based semantic similarity
will be used to determine the direct matching of the experts based on the system
category and issue types. The combination of these two methods will address the cold

start and sparsity problems by providing alternative solutions.

To indicate the availability of the expert we use the productivity index, which measures
the pending workload of the expert. As stated above, in this framework experts are
modeled in three-dimensional space using expertise, relevancy, and productivity
indexes. Then the Artificial Bee Colony algorithm determines the ideal solution from
the candidate expert scores as a conflicted constrained optimization problem. Finally,
the TOPSIS method is used to obtain the ranked list of the most suitable experts by
computing the distance to the ideal solution.
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4.6 Users

The intended users of this system are support agents and the end-users (customers) of
the respective applications. Also, this system is capable of reducing manual
intervention in finding relevant experts. Hence it will capture the interest of line
managers and supervisors in terms of cost reduction. Moreover, human resource
managers can benefit from this system by managing the expert knowledge within the

organization and identifying the areas that need new recruitment.

4.7 Features

The simulation design of this approach contains a simple web interface that facilitates
inputting an issue ticket id and getting the top-n expert list with their details and overall

Scores.

4.8 Summary

In this chapter, we have given an overview of our hybrid expert recommendation
approach and presented the hypothesis. We are modeling the experts in three
dimensions using the indexes relevance, expertise, and productivity. The novelty of
this approach is using a combined technique for aggregating, namely, TOPSIS based
ABC algorithm. This approach produces the most matching alternatives that are
closely related to the ideal solution. In the next chapter, we provide a detailed

description of the proposed design.
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CHAPTER 5

5. DESIGN

5.1. Introduction

Chapter 4 presented our novel hybrid approach ExRecSys for expert recommendation
in the IT service management domain. This chapter discusses the design of the
proposed framework. We present the top-level architecture, modular architecture, and

detailed descriptions of the modules and their inter-connectivities.

5.2. Novel Framework ExRecSys

The ExRecSys framework has three main phases for expert mining, expert matching,
and TOPSIS-ABC optimization. In expert mining, we have considered both subjective
and objective details of the experts and included their preferences as well. Experts are
allowed to self declare their expertise and state their domains of interest. In this
framework as shown in figure 5.2, we model the experts using three scores namely,
expertise, relevance, and productivity. Obtaining these scores is a sequential process
and at the final step, it recommends the top-N list of the best experts related to a given
issue ticket. In the following sections, we present the architecture diagrams of the

design.
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Figure 5.1: Proposed Framework for Personalized Expert Recommendation
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5.3. Top-level Architecture

Figure 5.2 illustrates the top-level architecture of the personalized expert recommender
engine. It consists of three main modules, Preprocessor & ATM Predictor, Ontology
Reasoner, and TOPSIS-ABC Optimizer. It has three inputs expert data, issue data, and
new query. The issue data is preprocessed by the Preprocessor module and expert data
is entered into the ontology. The output is the ranked list of best experts with their
overall score. In the next section, we discuss the modular architecture and the detailed

processes of these modules.
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Figure 5.2: Top Level Architecture of the Proposed System
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5.4. Modular Architecture

Figure 5.3 shows the modular architecture of the design and the inter-connections
between the modules. It also shows the interactions of the end-users with the system
modules. Among the three main modules, the Text Preprocessing and ATM module
and TOPSIS-ABC optimizer module belong to the application layer while the
Ontology Reasoner module is in the business logic layer. In the presentation layer, the
end-user is allowed to submit issue tickets using the service desk web interface, and

experts can update the ontology with their skill ratings via the ontology interface.
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Figure 5.3: Modular Architecture of the Proposed System
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Then the information updated in the service desk database is taken for text pre-
processing and expert prediction via the Preprocessor & ATM module. After that, the
top-n candidate expert list goes through the Ontology Reasoner module and computes
their expert ratings based on semantic similarity and business rules. At the final stage,
the TOPSIS-ABC optimizer recommends the most suitable top-n experts to assign the
Issue ticket.

5.4.1. Text Preprocessor & ATM

In this module, the summary and description of the issue ticket are combined and short
text is generated. Then the text is preprocessed using the NLP techniques discussed in
the technology-adapted chapter. After that, the short text content is fed into the ATM
module to predict similar experts for the given issue ticket. The ATM module is trained

on the historical issue data and experience of the experts for this expert prediction.

5.4.2. Ontology Reasoner

The ontology contains the expert profile details under demographics, skills, domain
knowledge, and the relationships between the experts and the applications. Also, the
Ontology Reasoner classifies similar expert groups based on the business logic
definitions. When the system category of an issue ticket is provided it will recommend

the relevant experts using the inference mechanisms.

5.4.3. TOPSIS-ABC Optimizer

The TOPSIS-ABC optimizer module takes the candidate experts with expertise,
relevance, and productivity scores and computes the score combination of the ideal
expert using the ABC algorithm. Then for each candidate expert, it determines the
distance from the ideal solution based on the TOPSIS method. Finally, it provides the

ranked list of top-n experts with minimal distance to the ideal expert.
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5.5. Simulation Design

The simulation design includes a web interface that the end-user can input an issue
ticket id and get the best-recommended expert list with the scores. When the ticket id
is submitted the issue details and the workload information of the experts are taken
from the helpdesk database and provided to the ExRecSys. Then the data flow happens
through the modules as explained in the modular architecture section and the best

expert list is produced.

5.6. Summary

In chapter 5 we have discussed the architecture of the proposed design, main modules,
their internal processes, and interconnectivity with other modules. Also, we have
described how the end-user communicates with the system and the flow of data for a
new query. In the next chapter, we will describe the implementation of each module

and how the expertise, relevance, and productivity scores are obtained for the experts.
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CHAPTER 6

6. IMPLEMENTATION

6.1. Introduction

In Chapter 5 we have discussed the proposed system design in terms of the architecture
and modules. In the subsequent chapter, we present the implementation details of the
modules such as algorithms, flowcharts, pseudo-codes, tools, software, and hardware
utilization. Also, we explain how the expertise, relevance, and productivity indexes

are computed.

6.2. Expert Profiling

An expert profile can be represented using a vector under multiple areas of expertise
or other factors related to the expert. This is known as the topical profile and the
expertise is measured against the level of skills or knowledge areas for each expert [2].
According to the equation below, the k weighted score obtained by the expert e in the
area a, is represented by the term score(e,ka1). The overall expert profile is the sum of these

terms under all areas.
profile(e) = < score(e,ka1), score(e,ka2), . . ., score(e,kan)>, where i=1,2,3,...,n

Influenced by this, our approach represents the expert profile using three scores
Relevancy (R), Expertise (E), and Productivity (P) for the it expert for a given query
g. The weights of the scores are manually determined by a domain expert which adds
up to one. The following equation 6.1 shows the mathematical representation of the

expert profile in three-dimensional space.

profile(e;,q) = aR; + BE; + yP;, wherea+ [ +y =1

Equation 6.1: Expert Profile
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6.2.1. Relevancy index using Author-Topic Modeling

The Relevancy Index (R) is obtained from the prediction score of the ATM module
for a given query q as shown in equation 6.2 below. In the next section, we describe

the steps of the text preprocessing and author-topic model training.

R; = predictionygry(e;, q)

Equation 6.2: Relevance Index

We have referred to historical issue data to train the Author-Topic model. For this
purpose, we have taken 85000 past issue tickets submitted over 6 months from the
helpdesk of a large-scale IT support organization. The dataset included the fields,
namely issue key, issue id, summary, description, issue type, and the assignee.

First, we removed the issue ticket records which had no assignee details and selected
the experts who only contributed to resolving more than ten tickets. We have
categorized the remaining 55000 tickets according to the assignee. Then we have split
the dataset into training and testing sets. After that, we have selected the ticket
summary and description for the expert mining process and created short text

documents concatenating the two fields under each expert.

Step 2: Remove "Assignes” NULL tickets, Step 3: Create directories for each expert ."‘..

Y tsr:;‘:j': c":fd TR I ' select experts who has more than 10 tickets ;  and document each ticket using "Summary” |
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experts using Hellinger distance similarity number of fopics

Figure 6.1: Text Preprocessing & Author-Topic Modeling Steps in brief
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Figure 6.1 illustrates the text preprocessing and ATM model training steps briefly. For
text preprocessing, we have used the Spacy preprocessing pipeline. Spacy is a standard
NLP toolkit written in Python and Cython specifically for industrial applications due
to its efficiency [28]. It provides tokenization, POS tagging, NER, word vector
facilities. We applied Spacy’s pre-trained English model optimized for CPU, namely
en_core_web_sm. The preprocessing steps include lemmatizing tokens, removing
punctuation and numeric characters, removing default and custom stopwords, POS

Tagging for Verbs, Nouns, and Proper Nouns, and Named Entity Recognition.

Thereafter, we used the Gensim library for computing Bigrams for words that appear
twenty times or more. Gensim is also an open-source Python library supporting
unsupervised topic modeling and natural language processing. Then we created a
corpus and dictionary from the training dataset and trained the author-topic model. The
accuracy of the model was computed against the test dataset and plotted under different
number of topics. The model accuracy results are presented in the evaluation chapter
more comprehensively [52]. We have used a computer with Windows OS, 2.6 GHz
Core, 8GB RAM for training this model, and text preprocessing took around 20 mins
for the training dataset and 8 mins for the testing dataset. The model training took
around 24 mins for 200 topics with 50 iterations and symmetric alpha and eta

parameters.

When a new query is raised by an end-user the issue text data goes through the same
preprocessing steps and the trained ATM model is used to predict the relevancy of the
experts. In this expert prediction, Hellinger distance is used for similarity computation
[53], [54].

6.2.2. Expertise index using Personalized Ontology

The Expertise index (E) is computed using the below equation 6.3 for the similar

experts inferred from the ontology.
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n
Ei = Z Wij
j=1

where,

s; = the rating of the j™ skill of the i*" expert,

w; = the weight assigned for the j" skill,

n = number of skills ratings the i*" expert is measured

Equation 6.3: Expertise Index

According to the ITILv.3 framework, the ontology for the IT service management

domain was developed [55], [56]. Application, Issue Type, Team & Agent are the

concepts of ITSM which we have represented via classes, then the relations are

designed as shown in figure 6.2 via object properties and the demographic and skill

ratings are indicated by the datatype properties.
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Figure 6.2: ITSM ontology adapted from the ITILv.3 framework
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Table 6.1: ITSM Ontology Classes and Property Definitions

ITSM IT Service Management core concept Ontology
Application Types of applications managed by the organization | Class

Issue Type Types of issues that occur in applications Class

Agent Support agent who resolves the issues Class

Team Group of similar support agents Class
hasApplication | The relation between ITSM and Application Object Property
hasMember The relation between ITSM and Agent Obiject Property
hasTeam The relation between ITSM and Team Object Property

hasFirstName

Describes the first name of an Agent

Datatype Property

hasSkill

Describes the skill rating of an Agent

Datatype Property

hasDomain

Describes the domain rating of an Agent

Datatype Property

We have defined equivalent classes for specific teams according to skills and domain

ratings, then the reasoner engine classifies the similar experts by inferencing as per the

rules. Then we used SPARQL queries to retrieve the candidate experts for a given

query based on the application type of the ticket. Then the Expertise index is calculated

using the datatype property values of the candidate experts as per equation 6.3.

For the ontology design, we have used the ontology development tool Protégé 5.5.0

and Hermit reasoning engine for the inference. Further, we used python libraries
OWLReady2, RDFLib, OS, Numpy for implementing this module. Figures 6.3, 6.4,
and 6.5 illustrate the class hierarchy, object property hierarchy, and datatype property

hierarchy respectively.
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6.2.3. Productivity index using Workload

The Productivity Index (P) is computed from the number of issue tickets |T'|, assigned

to the i*" expert at the time the query is raised ty-
P, = |T|,where T = {Tickets assigned to e; at time t,}

Equation 6.4: Productivity Index

For this purpose | have used the search_issues( ) method of the JIRA Atlassian API
and JQL queries to get the issue ticket list assigned to the candidate experts and

counted the number of ticket ids.

6.3. Expert Ranking

In this approach, we rank the candidate experts using the computed scores for
Relevance (R), Expertise (E), and Productivity (P) indexes. This section gives the

detailed process of the expert ranking using the TOPSIS-ABC optimizer module.

6.3.1. TOPSIS-ABC Optimization

Table 6.2 shows the functions we used to compute the scores and the candidate experts
are represented as 3-D vectors in the solution space. Then all the scores are normalized
in the range [0,1] and the scores of the ideal expert are obtained among the candidate
experts. After that based on the TOPSIS-ABC method [57], [58], candidate experts are
ranked by minimizing the distance from the ideal expert, where the distance is obtained
by the sum of squared errors.

Objective Function 1 - (e;,q) = aE; + BR; + yP;
Weightedsum 2> a+ g+ y =1

Obijective Function 2 - Sum of the squared errors to the ideal solution
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Table 6.2: Candidate Experts are represented in three-dimensions

Relevance (R) ‘ Expertise (E) Productivity (P)
S 7]
- . . T )
Function prEdlCtlonATM (ei' Q) Zl WjSj where T = {Tickets assigned to e; at time tq}
]:

Candidate
Expert 1: 0.770243 47 4
Employee A
Candidate
Expert 2: 0.681070 32 10
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h 4

Normalize the expert scores im [0,1]

v

Get the ideal expert using objective
function 1

w

Minimize the distance from the ideal
expert using objective function 2

h 4

Recommend a ranked list of best
experts

Figure 6.6: Flow chart of the TOPSIS-ABC Optimizer

For the implementation of this module we have used Tensorflow, Sklearn
Numpy, Pandas, Matplotlib and Swarm Intelligence Python libraries.
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6.4. Summary

In this Chapter 6, we have discussed the implementation of the three modules in detail
with algorithms, flowcharts, pseudo-codes, tools, software, and hardware. In the next
chapter, we evaluate the ATM module, TOPSIS-ABC algorithm, and the final
recommendation in terms of accuracy and efficiency. The evaluation metrics we used

for this purpose are precision and computation time.
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CHAPTER 7

7. EVALUATION

7.1. Introduction

In Chapter 6 we have discussed the implementation of the proposed system in detail
using the algorithms, flowcharts, pseudo-codes, tools, software, and hardware. In this
chapter, we are discussing the evaluation methods adapted to evaluate this approach

in terms of accuracy and efficiency.

The proposed system was evaluated using a real-world dataset related to a large-scale
IT Service Management organization in the industry. The performance of the

algorithms were measured using the below metrics.

e Precision

e Computation Time

7.2. Evaluation of Text Preprocessing & Author-Topic Model

The Author-Topic model was evaluated using 55000 issue tickets resolved by 58
authors taken from the IT Service Desk of a large-scale ITSM organization. We used
symmetric alpha and eta parameters with 50 iterations and plotted the precision against
the number of topics. The model converged between 150-200 topics. Following figures

7.1 and 7.2 show the variation of accuracy against the number of topics.
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Figure 7.3: Results of the 200 Topic ATM Evaluation

7.3. Evaluation of the Expert Recommendation

In the previous section, we evaluated the precision of the proposed expert
recommender system with a real-world scenario. This section presents the results of

expert ranking using the proposed TOPSIS-ABC approach.

Figure 7.4 shows the position of the ideal expert in the two-dimensional space which
was generated for illustration purposes. Then according to figure 7.5, the final scores

of the experts are computed and sorted according to the distance to the ideal expert.
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7.4. Summary

In Chapter 7, we have presented the evaluation of the Author-topic model trained for
the real-world dataset of an organization. In the next chapter, we discuss the conclusion

and further work for this research.
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CHAPTER 8

8. CONCLUSION AND FURTHER WORK

In this chapter, we discuss conclusions and further work related to this expert

recommender systems research area in IT service management.

The conclusions are,

» Custom stop word removal, POS tagging (Verbs, Nouns, and Proper Nouns),
and Bigrams in text preprocessing have improved the accuracy of
recommending the best experts

» Author-Topic modeling combined with ontology address the cold start and
sparcity problems related to finding experts for new issues

+ TOPSIS-ABC optimizer has improved the efficiency of the expert ranking

considering multiple factors

Further work includes,

» Use code mapping to recommend developers or L3 support agents
* Integrate a feedback module to improve reliability
« Address dynamics of people resigning/ changing teams/ upgrading skills and

ticket routing among multiple agents
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Appendix 01: System Front End

PLEASE ENTER THE ISSUE TICKET 1D T0 FIND BEST EXPERTS

Issue Ticket ID:

BEST EXPERTS

We have found these experts for your issue ticket
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