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ABSTRACT

Knowledge is the most valuable asset in today’s organizations. Since
it offers an unbeatable competitive advantage, valuable knowledge
demands strict management principles to avoid being lost. Instant
messengers provide an opportunity to gather knowledge passed
through individuals in the organization. By modeling that knowl-
edge using machine learning techniques, it becomes possible to
retain and make it ubiquitous throughout the organization. This
paper presents a solution for gathering, modeling, and retrieving
knowledge associated with the technical support in organizations,
using machine learning algorithms. The solution comprises the
architecture, data preparation techniques and machine learning
algorithms. The experimental evaluation exhibits the algorithms
with better performance for this class of problems.

CCS CONCEPTS

« Computing methodologies — Information extraction; Multi-
agent systems; Supervised learning by classification; « Ap-
plied computing — Service-oriented architectures.
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1 INTRODUCTION

Knowledge management represents a big concern in organizations
of all sizes [1][2][3]. Notwithstanding the available documentation
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created and made possible by information systems of today’s com-
panies, most of the knowledge is transmitted through the direct
interaction between collaborators. This process may not only be in-
efficient and error-prone but can also lead to migration of expertise
towards the border of the company along with employees, when
they leave the organization [4].

Capturing the knowledge kept by employees is desirable to avoid
losing it. Commonly, that knowledge is transferred informally be-
tween employees, which difficult its acquisition and storage. The
emergence of new communication channels like instant messaging
systems between organization collaborators has created new op-
portunities for the retrieval of that knowledge. On top of that, if we
combine the information transmitted through these channels with
machine learning techniques, we obtain a new world of solutions
for the problem mentioned above.

Conversation Agents (CA) represent a solution for replacing hu-
man knowledge owners in organizations. It integrates knowledge
query technology into the instant messaging environment [5][6].
Recent evolution of natural language [7] and artificial intelligence
[8] has leveraged the potential of CA [9], enabling its application
to several distinct domains, such as psychological counseling [10],
customer service support [11] and even sexual teenagers’ counsel-
ing [12]. CA has several underneath motivations, such the increase
in productivity, entertainment, and enhancement of social experi-
ences [13]. Therefore, human-human collaboration has much to
gain with the inclusion of CA in the collaborative communication
process.

This paper presents a CA solution for acquisition and exploita-
tion of enterprise knowledge, more precisely, technical support
knowledge. It is responsible for gathering, processing, and model-
ing knowledge encoded in messages transmitted by employees of
the technical support of one of the biggest Portuguese companies.
The solution includes:

e an instant messaging plugin that can be incorporated into a
broad number of applications developed in the company;

e a web service implementing the machine learning activi-
ties, as data gathering, data cleaning, model training, and
classification.

The CA implemented in our solution promotes the learning of
questions and answers based on the feedback of technical support
staff.
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This paper presents the design and methodology implemented
by our CA solution and addresses the following research questions:

e Which machine learning algorithms perform better choosing
the adequate answers to questions provided by technical
staff?

e Which data preparation techniques reduce the error of clas-
sification models?

By answering the previous research questions, we validate the
choice of algorithms and the data preparation methodology.

The rest of this paper is organized as follows. Section 2 briefly
reviews the related work. Section 3 identifies the problem to be
solved in this work. Section 4 describes the supervised machine
learning algorithms studied in the solution presented in this paper.
Section 5 details the architecture, methodology and tools adopted. In
Section 6 experimental validation of our work is carried out. Section
7 concludes the paper, providing some hints to future work.

2 RELATED WORK

Conversation agents have been gaining popularity in the last years
in several domains. Briggs et al. [14] proposed a six-layer model
of collaborative work practices in the design and use of CAs. Bit-
tner et al. [15] improved on their work and presented a taxonomy
for the design of CA facilitators, peers, and experts. To infer the
importance of human-chatbot communication, the authors of [16]
carried out a comparative study between human-human online
conversations and human-chatbot conversations. They compared
100 instant messaging conversations to 100 exchanges with the
Cleverbot chatbot. Results show that they communicated with the
chatbot for longer time-periods than they did with another human.
They stated that this difference is due to the attempt of humans to
adapt to chatbot conversations. In [5] the authors demonstrated
the importance of multi-domain knowledge bases on building con-
versation bots. They propose several techniques to retrieve and
dynamically construct web knowledge from semi-structured data.
The experimental work is based on the MSN Messenger application
running on top of knowledge bases.

An increasing number of companies are trying to integrate con-
versation agents for the automation of specific processes related
to education, information retrieval, business, e-commerce, and
amusement [17]. In the enterprise domain, bots enable new in-
teraction forms within companies and between companies and
external agents. Xu et al. [18] explored Long Short-Term Memory
(LSTM) networks to generate responses for customer-service re-
quests. They trained their system with nearly one million Twitter
conversations between users and agents from over 60 brands. Their
results show that over 40% of the requests are emotional, and the
system is as emotional as human agents and shows empathy to help
users with emotional situations. Based on collaborative discourse
theory [19], Rich et al. [20] used reusable behavioral components
to implement COLLAGEN, a collaborative interface agent between
two participants. Agent responses are determined from collabora-
tive states that are updated after the interpretation of new events.
They illustrated the use of plug-ins to produce responses in a com-
plex tutoring system. COBOTS [21] is a framework to automate the
process of guided troubleshooting. From the question, it uses IBM
Watson’s parsing and semantic analysis for extracting the symptom,
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intent, and entity. Entities are components of concern that roots
their Knowledge Graph on their specific domains. By crossing bots
operating in different domains, the framework was able to increase
the accuracy obtained when bots are used independently.

Conversation agents are commonly seen in the context of human-
agent communication. However, communication between agents
may add value to CA solutions. Lieberman [22] focused on the im-
portance of having agents that are simultaneously interface agents
and autonomous agents. Allen et al. [23] proposed a collaborative
problem-solving model between agents and, in particular, between
human and software agents. Agents collaborate between them-
selves to select recipes to reach predefined objectives. They applied
their model to implemented systems [24] by including as many
elements as possible from formal models of collaboration.

There are other related implementations of CA agents. Uthus and
Aha [25] stressed the importance of learning the design of CAs that
can participate in chat conversations between video game players.
Letizia [26] is a CA used for assisting the user browsing the web
in real-time. As the user navigates the page, Letizia analyses the
page and displays recommendations for the user. In his work, he
also established design principles for autonomous interface agents.

Notwithstanding the diversity of studies addressing the imple-
mentation of CA agents, the choice of algorithms, methods and
architectures is dependent on the problem and its respective knowl-
edge base domain. This paper presents the architecture, the data
preparation methods and the selection of machine learning algo-
rithms to build a technical support agent that retains knowledge
and answers questions related to its domain.

3 PROBLEM STATEMENT

This paper addresses the problem of learning the association of tech-
nical issues written textually in a messaging system of a company
with the most appropriate answers. The model resulting from the
learning process represents the knowledge used to answer similar
questions in the future.

The technical knowledge is represented through the mapping
of questions to answers k : Q — A, being Q and A word sets. As
usually one answer a € A can be given to several questions O C Q,
it is expected |Q| > |A|.

During the learning process, the machine learning model M is
trained to associate the combination of words W of q € Q to the
correct answer a.

For classification of new questions, the model M provides the
most likely answer a for each question q. Data preparation may
be required to normalize words in terms of meaning (i.e., create
a single representation for words with the same meaning) and
representation.

We assume that words are written without grammatical errors.
This assumption is justified by the inclusion of a grammar assistant
into the messaging application. As well, the language used inter-
nally by employees in their professional context avoids slang and
nonstandard expressions.

4 MACHINE LEARNING ALGORITHMS

Machine learning classification algorithms can be classified into su-
pervised learning and unsupervised learning. Supervised learning
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algorithms require an oracle to provide the classification outcome
during the learning process. On the other side, unsupervised learn-
ing algorithms do not assume that the classification outcome is
known.

The answer to each problem is known at the beginning of the
learning process. Thus, supervised learning algorithms are adequate
for our problem. The choice of the algorithms was also based on
the characteristics of the available training data in organizations.
In particular, the amount of data available for this type of problems
may not be enough to train deep learning models. Deep learning
methods require large amounts of data that cannot be provided
by instant messengers when used for technical support, due to
the small number of cases associated with each problem. For that
reason, we excluded deep learning methods from our analysis.

4.1 Support Vector Machines

Support vector machines (SVMs) [27] are a set of supervised learn-
ing methods effective in high dimensional spaces. These methods
see data points as p-dimensional vectors, while classes are separated
by (p — 1)-dimensional hyperplanes.

SVMs select a small number of critical boundary samples called
support vectors from each class that separate classes as widely as
possible. The maximum margin hyperplane that separates two
classes is represented as in (1), where i reference each support
vector, a the test instance, a(i) the support vectors, and finally b
and «; are parameters that determine the hyperplane that separates
two classes.

x=b+ZaiYia(i)~a (1

Examples of SVMs applied to text classification can be found in
[28] and [29].

4.2 Multinomial Naive Bayes

Multinomial Naive Bayes (MNB) is one of the most popular appli-
cations of machine learning for the analysis of text data. In this
algorithm, feature vectors represent the frequencies with which
certain events have been generated by a multinomial distribution.

Cxq)!
p(x | C) = (?[Z—Z), Upkixi @

A feature vector x = (x1,...,Xp) is then a histogram, with x;
counting the number of times event i was observed in an instance.
When applied to text classification, an event represents the occur-
rence of a word in the text. Examples of the application of MNB to
text classification can be found in [30], [31] and [32].

4.3 Logistic Regression

Logistic Regression has been used to model the probability of a
particular class represented by a categorical dependent variable.

Equation 3 presents the linear relationship between the predictor
variables, being b the base of the logarithm, x; the predictors, and
Pi the parameters of the model.

¢ = log,, % = o + Prx1 + faxz ®3)
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4.4 Ridge Classifier

Ridge regression is an extension for linear regression. It is a reg-
ularized linear regression model that uses a parameter y for the
regularization of each coefficient, with the purpose of avoiding
overfitting. This method works well with high dimensional prob-
lems because they are likely to be linearly separable and so with
text classification problems.

4.5 Decision Tree Classifier

A Decision Tree provides a simple tree representation for classifying
examples that is interpretable and can be visualised. A node in a
decision tree represents an instance, the outcomes of the test are
represented by branch, and the leaf node represents the class label.
Decision trees algorithms create trees by continuously splitting
data according to a particular parameter.

4.6 Random Forest Classifier

Ensembles group several models that are generated and combined
to solve a particular problem. By including several models into the
classification process, it is expected improvement over the perfor-
mance provided by a single model and a reduction of the likelihood
of an unfortunate selection of a poor one.

The Random Forest classifier consists of an ensemble of a large
number of individual decision trees. Each tree in the random forest
spits out a class prediction. The model’s prediction is the class
with the most votes. Ensemble predictions are more accurate than
individual decision trees. The reason is that the trees protect each
other from their errors.

4.7 Gradient Boosting Classifier

Gradient Boosting is another prediction model commonly used to
build an ensemble of decision trees. This classifier uses gradients
in the loss function:

y =ax + b+ error 4)

The loss function indicates how good the model’s coefficients
are at fitting the underlying data.

5 APPROACH

This section presents the architecture, methodology and tools adopted
by our approach.

5.1 Architecture

Figure 1 presents the solution architecture, comprising the: (1)
development of a messaging plugin for being incorporated in all
applications developed in the company to be used by senders and
receivers of messages; and (2) design and implementation of services
for learning and classification of answers.

Users interact with the messaging plugin in two different ways.
They first issue questions that are answered by the answer predic-
tion service. Further, they provide feedback about the correctness
of the answer.

Questions with incorrect answers are assigned to the person
responsible for providing technical support, in order to be answered.
The manual answer is further interpreted as the correct class for the
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Figure 1: Architecture of the solution.

question issued by the user, in case the user give proper feedback to
it. Otherwise, the technical support person should provide another
answer until a positive feedback condition occurs.

When a manual answer receives positive feedback from the user,
it is stored in the dataset used to train classification models. This
event triggers training of new models with the newly added sample.

5.2 Learning and Classification Methodology

Figure 2 presents the methodology followed by answer prediction
and training activities. Each question issued by the user starts by
being pre-processed into several stages:

(1) Tokenization of question’s text, to obtain a list of words
belonging to it;

(2) Noise filtering the list of words, to remove words with
low discriminatory power (e.g., the and a) obtained from an
existing list;

(3) Stemming words to reduce words from the same family to
a common root (e.g., cats to cat).

After the pre-processing stage, the list of words are coded into a
two-stage sequence:

(1) Vectorization of the list of words to obtain a matrix repre-
sentation in the vector space model [33]. Machine learning
algorithms use the resulting structure for training and clas-
sification.

(2) Feature weighting providing higher weights to features
(i.e., words) associated with rare events. That means that
uncommon words specific to a document or small set of
documents receive higher weights than words appearing in
most documents.

Model training resorts to the combination of encoded-words
and respective TFIDF (Term Frequency Times Inverse Document
Frequency) [34] weights with the class associated with the correct
answer.

5.3 Tools

We adopted several tools in our solution:

o the implementation of machine learning algorithms is pro-
vided by the popular Scikit-learn Python library [35];
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Figure 2: Methodology followed by the classification and
learning activities.

o the Natural Language Toolkit [36] contains the functionality
required for natural language processing. It includes text
tokenization, noise filtering, and word stemming;

o the Pandas library [37] supports the conversion between
dataset sources and data frames structures required for anal-
ysis;

e the Joblib tool [38] accommodates persistence of models
created by machine learning algorithms;

o the Flask framework [39] is a lightweight web application
that provides transparent communication between the inter-
face and services by encapsulating RESTful dispatching of
requests.

The client plugin was implemented using the Bootstrap frame-
work and the JQuery language. The plugin communicates with
services through HT TP Requests;

6 EXPERIMENTAL WORK

Experimental validation of our work unveils the ability of machine
learning models to retain the technical support’s knowledge in
instant messaging systems.

We decided to use several publicly available datasets to evaluate
the models’ performance, namely:

e DBPedia Ontology Classification [40] is an encyclopedic
dataset of structured information holding a multi-domain
ontology which has been derived from Wikipedia. A subset of
this dataset with 35 thousand abstracts out of the 38 million
present in the original dataset was chosen for validation.
This subset contains 14 different classes.

e 20 Newsgroup Text Dataset [41] contains 18000 news-
groups posts on 20 topics (classes) split in two subsets: one
for training and another for testing.
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The choice of datasets is justified by their independence from any
specific technical knowledge database. Due to their higher entropy
relatively to common questions, we expect worst performance re-
sults with those datasets than with organic datasets gathered using
real technical knowledge. Entropy is defined as the percentage of
words with low discriminative power, increasing the dimensional-
ity of samples. The higher the entropy, the larger the set of words
that can compromise the semantic separation of questions between
classes.

We run algorithms over both datasets and performed ten-fold
cross-validation [42] to evaluate algorithms’ performance. Figure
3 presents the rate of correct predictions of each algorithm used
to train models. It is noticeable the higher performance of support
vector machines (LSVC) in both datasets. The overfitting protec-
tion intrinsic to these classifiers, allowing them to handle large
feature spaces, constitutes a common explanation for their good
performance in text classification [27].

Algorithms DBPedia Newsgroups
Multinomial Naive Bayes (MNB) 0.942 0.851
Logistic Regression (LR) 0.958 0.895
Rigged classifier (RC) 0.962 0.769
SGD classifier (SGDC) 0.920 0.891
Decision Tree Classifier (DTC) 0.883 0.640
Random Forest classifier (RFC) 0.900 0.658
Gradient Boosting classifier (GBC) 0.936 0.833
Linear SVC (LSVC) 0.966 0.929

V8 DBPedia W0 Newsgroups

0.9
0.8
0.7
0.6
0.5

0.4

Hit Rate (%)

o
o

0.2
0.1

MNB LR RC SGDC DTC RFC GBC LSVC
Algorithms

Figure 3: Rate of correct predictions of each algorithm.

The Newsgroups dataset exhibits lower performance than the
DBPedia dataset. Since the latter contains abstracts with less ir-
relevant words for the context, it shows better performance than
the former. From the experimental results, we can determine that
machine learning algorithms can be valuable assets to retain tech-
nical knowledge in organizations. Intuitively, the main expected
limitation of these algorithms is the discriminating power of words
(features) used to formulate questions.

7 CONCLUSION

Information loss is an important problem in organizations. Despite
the effort spent to keep the most important knowledge documented
inside organizations, a significant part of this important asset is still
in the employees’ individual context. That knowledge is habitually
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transferred through direct communication between employees. The
widespread adoption of instant messengers created an opportunity
to capture that knowledge and use it later on by questioning an
employee’s surrogate implemented by a conversation agent.

In this paper, we present the architecture, data preparation meth-
ods, and machine learning algorithms required for the implemen-
tation of a conversation agent to be used in one of the biggest
Portuguese companies. The choice of the algorithm and data prepa-
ration techniques was validated experimentally using two large
datasets available on the internet.

As further research, we plan to extend the knowledge base cre-
ated to other communication services with large text entropy (e.g.,
email). These services present new challenges evidenced by the
Newsgroups dataset, mainly caused by the higher levels of entropy
in the text classification.
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