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ABSTRACT Approaches for developing Dialogue Systems (DSs) are typically categorized into rule-based
and data-driven. Data-driven DSs require a massive quantity of training data, while rule-based DSs rely
on a predefined set of rules and keywords that are to be detected in the user’s utterances. The data-driven
approaches show more promising results, but owing to a lack of available training data for Arabic
task-oriented DSs, development of an Arabic task-oriented DS has typically been conducted using the
rule-based approach. In this article, we propose a hybrid rule-based and data-driven approach in a text-
based flight booking DS capable of handling customer’s utterances. The proposed DS was built through
utilizing the Wit.ai natural language interface. The conversation flow was configured using the Wizard of
Oz technique, and the DS intents and entities were developed through the use of crowdsourcing training
examples. The evaluation results show that the system developed was able to understand user utterances and
to self-feed efficiently.

INDEX TERMS Arabic booking bot, dialogue system, flight booking, hybrid approach.

I. INTRODUCTION
Language is widely considered to be the principal marker
of human sentience, with conversation or dialogue repre-
senting the fundamental arena of language. Dialogue can be
defined as a conversation between two or more agents, human
or machine [1]. Dialogue typically occurs in two principal
forms: human-human or human-computer.

The ideal goal of a human-computer dialogue model is
to attain a conversational status comparable to human face-
to-face interaction [2]. At present, human-like behavior can
be achieved using dialogue systems (DSs). DSs or conver-
sational agents (CAs) are programs that communicate with
users in natural language, using text, speech, or both. They
are generally categorized as being of two primary types, DSs
and chatbots [3], based on how the input is processed and the
output is generated. The principal difference between these
two kinds of systems lies in what they are designed to model.
Chatbots, also known as non-task-oriented systems, model
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the computer’s ability to mimic the conversational (i.e., chat)
characteristics of human-human interaction [4]. This kind of
DS only focuses on the system’s ability to chit-chat rather
than to perform a particular task such as booking airline
flights. Task-oriented DSs are designed to handle particular
tasks through modeling the actual process of dialogue by
analyzing and understanding user input, which assists the DS
in generating an appropriate response [3].

According a recent survey [5], DSs for English are more
developed and technically sophisticated than those tailored
for Arabic, with 97% of current DSs being unsuitable for use
with Arabic and the majority designed for English alone. The
scarcity of Arabic DSs can be attributed to several factors,
the first being that English has a far greater number of speak-
ers than Arabic. The second factor relates to the difficulties
and challenges associated with Arabic, as it is a Semitic
language with rich derivational and inflectional features [5].

DSs can be categorized into rule-based (pattern matching)
and data-driven. The rule-based approach, in which a user’s
utterance is compared with a predefined set of rules, is the
oldest approach in DS development. These rules have a set
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of keywords that fire corresponding rules when they occur
in a user’s utterance. Data-driven approaches rely on train-
ing the DS using training data. Currently, using data-driven
approaches in the construction of CAs is enabled by the
increasing quantity of social media-generated conversational
data and the convenience of massive computing power.

In general, development of an intelligent DS is a still
unsolved research problem facing numerous challenges [6].
In previous years, this field had not received significant
attention as a result of limited data availability and inade-
quate artificial intelligence (AI) and natural language pro-
cessing (NLP) capabilities. DS development became easier
with the emergence of DS development frameworks, such
as Wit.ai, Dialogflow, Rasa, and IBM Watson Assistant.
Consequently, many DSs have been introduced serving vari-
ous tasks, including customer service [7], user assistance [8],
and appointment scheduling.

The principal contributions of this work are as follows:
• We propose a hybrid approach to DS development that
can address the challenge of developing a DS with few
training data.

• We develop a DS that accomplishes flight booking task
using the hybrid approach by utilizing existingDS devel-
opment frameworks.

• We evaluate the system developed in two stages to deter-
mine the DS’s ability to self-feed.

The remainder of this article is organized as follows.
Section II presents an overview of related DS research.
Section III describes the methodology in detail. Section IV
explains the proposed DS design and development processes.
Section V draws conclusions and suggests some directions
for future work.

II. RELATED WORK
A large and ever-growing body of literature has investigated
the development of bots and DSs over the last few decades.
Recent and advanced DSs are reviewed here to highlight the
delayed development of Arabic DSs and the state-of-the-art
technologies used to buildDSs. Therefore, discussion of these
previous studies will be divided between those dealing with
Arabic and those dealing with other languages.

A. ARABIC DS DEVELOPMENT
A number of studies have pursued the goal of develop-
ing an Arabic-based DS [9], each relying on a different
knowledge base and system architecture. Some of these
studies [11]–[13] have used the Artificial Linguistic Internet
Computer Entity (ALICE) chatbot [10]. As one example
of these attempts, Abu Shawar and Atwell [13] presented
a machine-learning technique to generate an Arabic DS by
retraining ALICE on non-conversational Arabic text. The
proposed system accepts user input in Arabic and responds
with the appropriate verse from the Quran. In addition,
Shawar [12] presented a CA for accessing an Arabic ques-
tion answer (QA) corpus to retrieve answers for asked
questions without requiring sophisticated NLP capabilities.

The proposed system was created on a large set of
pattern-template matching rules using ALICE. Both these
attempts aimed to create new versions of ALICE using
different datasets, but the resulting systems do not simulate
the nature of human-human conversation. The system in [13]
is similar to an information retrieval system, while the one
in [12] is more of an interface to a QA system.

Botta is the first ALICE-based chatbot that can con-
duct conversations using the Egyptian Arabic dialect [11].
Abu Ali and Habash introduced Botta aiming for it to become
the Rosie [14] for Arabic, but according to Nielsen [15],
the small number of human evaluators could not solve 80%
of the system-related problems. However, its being the first
Arabic dialect chatbot increases its potential for being used
as a baseline for similar chatbots in the future.

In addition, there have been a number of studies [16]–[18]
seeking to develop a conversational intelligent tutoring sys-
tem (CITS). These studies used a number of different tech-
niques not reliant on ALICE software in the development of
their systems. For example Abdullah [17], [18], developed
as a CITS to teach students aged between 10 to 12 years
old the essential topics of Islam, is considered to be one
of the most popular Arabic DSs. This CA used supportive
texts sourced from Islamic resources. Despite the previous
attempts, the proposed system is one of the early Arabic
CAs that mimics human behavior effectively by simulating
tutoring sessions through conversation.

A considerable amount of effort has been exerted in the
development of the ArabChat DS. The first version of this
DS [19] aimed to serve the research requirements of an
Arabic task-oriented CA, resulting in an Arabic CA capa-
ble of handling users’ conversations and simulating con-
versations between machine and human as an information
point advisor for the Applied Science University. The issues
encountered in the initial version of ArabChat were addressed
using the hybrid rule mechanism [20] and the user classifica-
tion method [21]. The revisions were then integrated into the
enhanced version [22].

A DS that aimed to serve hotel customers was presented
by Moubaiddin et al. [23]. The proposed system interacts
with the hotel’s customers and generates responses related
to hotel services such as reserving a room. The system con-
sists of two principal modules, the parser and the dialogue
manager. The parser is based on Government and Binding
theory, an approach to universal syntax, and a phrase structure
grammar that can be applied to all languages [24].

In [25], a social Arabic chatbot called ‘‘Nabiha’’ was pro-
posed. It serves as an academic counselor for students of the
information technology (IT) department at King Saud Uni-
versity (KSU). The aim of Nabiha is to interact socially with
students and answer their inquiries on the courses offered in
the IT department or any other question related to their aca-
demic progress at KSU. Nabiha was developed using pattern
matching and the Artificial Intelligence Markup Language.

All of the Arabic DSs mentioned above are text-based
and conducted using the rule-based or pattern matching
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approach. Few have used Short Text Similarity along with the
rule-based approach to enhance system functionality. More-
over, it has been reported [17] that owing to Arabic language
challenges in building DSs, the pattern matching approach is
preferable despite its disadvantages.

B. OTHER LANGUAGE DS DEVELOPMENT
Recently, there has been a greater focus on the development of
end-to-end DSs, with several attempts being made using the
encoder-decoder framework [26]–[28]. A simple end-to-end
approach based on a seq2seq framework was proposed by
Vinyals and Le [28]. This approach requires many fewer
hand-crafted rules given a large conversational dataset to
predict the next sentence based on the previous sentence or
sentences in a conversation.

Serban et al. [26] developed an end-to-end trainable,
open-domain conversational DS based on large dialogue cor-
pora using generative probabilistic models. In particular, the
Hierarchical Recurrent Encoder-Decoder architecture pro-
posed in [30] was used to deal with the dialogue domain
more effectively andwas bootstrapped using pre-trainedword
embeddings and the model to a larger QA pair corpus.

Li et al. [27] introduced a neural reinforcement learn-
ing generation method that optimizes long-term rewards to
address the short-sighting problem of the responses generated
by the neural model. They used Reinforcement Learning (RL)
to deliver long-term informative and easily answerable
utterances for simulated virtual agents.

These studies have been successful in developing chit-chat
DSs using generative models. However, these models might
not provide the most applicable option for task-oriented
settings.

A number of studies have identified the difficulty in
locating sufficiently large datasets for training end-to-end
DSs. This is especially the case for task-oriented DSs [31].
Williams et al. [32] introduced a hybrid code network
approach composed of hand-coded rules and learning models
and requiring a smaller quantity of training data for the devel-
opment of end-to-end task-oriented DSs. They proposed a
means by which a system can continue to learn autonomously
after deployment using RL.

Human teaching in connection with a task-oriented DS is
performed only by expert users in the dialogue task field.
In contrast, the teaching process in non-task-oriented DSs can
be performed by ordinary users. Consequently, the imitation
learning method, in which the DS can learn from human
teaching, suits non-task-oriented DSs effectively, because
there is more than one correct response to a user’s utterance.
Hancock et al. [33] proposed a newmeans by which to extract
training examples from a chatbot after deployment through
its interaction with regular users. The proposed chatbot has
the ability to estimate users’ satisfaction level based on their
responses.

A number of highly effective efforts, such as the Chinese
online shopping DS assistant presented by Yan et al. [34],
have been made to address the problems associated with

task-orientedDSs. The Zhao system can assist a customer vis-
iting an E-commerce website in the completion of purchase-
related tasks. Three kinds of datasets were used to develop
this DS and it has been embedded into a mobile online
shopping application for an e-commerce site for evaluation.
Tammewar et al. [35] proposed a hybrid model that combines
both the generative and retrieval approaches in a personal
assistant app that can assist users in scheduling reminders
through a conversation in Hindi and English. If the proposed
system cannot perform the intended task based on collected
information, the conversation is handed over to a human
operator.

Moreover, many DSs have been developed within DS
development frameworks [36], [37]. Qaffas [36] attempted to
improve chatbot semantics using Wit.ai and word sequence
kernel. In that study, the author designs a new approach that
uses Wit.ai to search for entities in a user-entered query
and word sequence kernel to compare the entered query’s
similarity with other queries in the database to return the
most suitable response. Wei et al. [37] presented AirDialog,
a large dataset for flight booking that contains more than
400,000 task-oriented conversations and an evaluation envi-
ronment.

We conclude that approaches vary depending on the avail-
able data for training and the purpose of the presented system.
Therefore, designed approaches for chit-chat agents using a
pure seq-2seq model as in [26]–[28] achieve state-of-the-art
performance in chatbot building [6], but pure seq-2seq mod-
els for developing chatbots might not suit task-oriented DSs
perfectly. Moreover, many studies have attempted to use their
DSs by applying learning methods [27], [38] or benefiting
from the abundant conversations between their bot and users
to provide their system with the ability to improve continu-
ously and use new training examples over its lifetime with
minimal cost [33].

III. METHODOLOGY
To date, various models have been introduced for DS devel-
opment, varying from rule-based to data-driven models. The
data-driven models are efficient in the case of massive train-
ing data availability, while the rule-based models are more
efficient in the case of predefined sets of rule and keyword
availability.

As the quantity of training data gathered for this
project was not sufficiently large to depend solely on a
data-driven approach, the rule-based approach was also used.
Consequently, a merge of rule-based and data-driven
approaches was used to construct the flight booking DS.

To book a flight, the user must define five variables before
searching for available flights and beginning the booking
process. These are departure (from) and arrival (to) locations,
route type (one-way or round-trip), the departure and return
dates, the number and type of passengers, and the ticket
type (seat class). Moreover, the methodology design we used
followed the Saudia airlines constraints, because it has been
used by most of that international airline’s companies.
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Consequently, we must define slots for the flight booking
DS, as shown in TABLE 1. These slots specify what the sys-
tem needs to know to process a user’s request (i.e., knowledge
that the system must extract from the natural language free
text the user wrote).

TABLE 1. List of the system slots.

According to TABLE 1, the flight booking DS must be
able to understand and extract six types of knowledge: 1 City,
2 ‘‘One way’’ or ‘‘Return,’’ 3 Date, 4 Time, 5 Number,
6 ‘‘Guest,’’ ‘‘Business,’’ or ‘‘First.’’ Location, Route type,
Date, Time, Number, and Ticket class entities were developed
to capture these knowledge types. To enhance user under-
standing, the system must be able to recognize whether the
user utterance contains a flight booking intention to proceed
in the flight booking process. Thus, the flight booking DS
must be able to detect one intention (intent), flight booking,
as well as the five mentioned entities to fulfill the flight
booking task slots.

Furthermore, to enhance the D’s ability and facilitate the
use’s experience an additional greeting intent along with
flight booking probability, ticket quantity, and travele’s type
entities will be detected. Data-driven and rule-based entities
are shown in Fig. 1, where the data-driven entities are blue and
the rule-based entities are orange. Moreover, the primary and
supporting data-driven and rule-based entities are grouped
together in a red box.

The greeting intent will provide the system with the ability
to identify greeting sentences, and the flight booking proba-
bility is a supporting rule-based entity for the flight booking
intent, because the flight booking intent is a data-driven
entity, and it is not sufficiently mature or trained enough to
depend solely on it. Number, a data-driven entity, is backed up
by the ticket quantity and the traveler category (adult, child,
and infant), rule-based entities. Ticket quantity can detect
Arabic singular, dual, and plural forms of tickets, seats, and
such and the traveler’s category can detect singular and plural
forms of adult, children, and infant in Arabic.

FIGURE 1. DS entities.

Therefore, all of the mentioned knowledge is to be detected
through theWit.ai framework, using the developed rule-based
and data-driven entities.

The DS will be developed according to the pipelined archi-
tecture shown in Fig. 2. The system architecture consists of
three principal components, a natural language Understand-
ing (NLU) component, a Dialogue Manager (DM), and a
Natural Language Generation (NLG) component. The NLU
component was constructed using Wit.ai [39] and the DM
was constructed using the Telegram bot [40], while the NLG
component was hard coded. Moreover, the overall system
functionality will be enhanced by self-feeding the system
with the user’ entered messages as new training examples.

A. DATA COLLECTION
Because the lack of data has impacted the data gathering
process, data were collected from different sources to serve
the syste’s different purposes.

First, to simulate real-life airline booking scenarios, we had
to specify and restrict the syste’s booking ability to particular
cities. This limitation can be imposed by selecting from a
set of served locations. Consequently, 472 locations were
collected manually from the Saudia airline website in the
format ‘‘city_name airport_code’’ [41]. The countries and
airport names along with the airports’ types (international
or domestic) were extracted manually from Wikipedia, and
the data were pre-processed by removing duplicated airport
codes and train station records.

Second, to increase the syste’s ability to handle different
booking requests by identifying different possible book-
ing scenarios, we used the Wizard of Oz technique with
28 volunteers, asking them to book a ticket usin such a
system. In this manner, we gathered approximately 200 pre-
liminary knowledge booking scenarios from the volunteers.
Through examining this acquired initial knowledge, we were
able to identify the best means of formulating the slot fill-
ing sequence using the seven different processes outlined
in Fig. 3. Thus, the design of the conversational flow will
be affected by the process flow.
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FIGURE 2. Flight booking DS architecture.

FIGURE 3. DS processes flow.

Finally, because the collected initial knowledge was not
sufficient to enhance the system’s ability to detect the desired
values for the created rule-based entities and the trained
data-driven entities, we crowdsourced 1,651 training exam-
ples. From the total of 1,651 training examples, 1,518 were
positive examples and 133 were negative examples (i.e.,
nothing can be detected from these examples). The negative
examples are typically used in data-driven entities to increase
the entity’s ability in detecting the desired results precisely.
TABLE 2 shows the number of training examples for each
entity. The training examples can be used for creating and
training single or multiple entities.

TABLE 2. Number of training examples used for creating and training
each entity.

The following sample, ‘‘I want a one-way ticket
from Riyadh to Jeddah on Wednesday -

’’ was used in the
creation of the routing type rule-based entity and in the train-
ing of location and date data-driven entities. The following
example ‘‘ –I want to book a flight ticket’’
was used only for flight booking intent data-driven entity
training.

The data collected were pre-processed by removing emo-
jis and Tatweel characters and replacing Arabic numerals
(i.e., ) with English numerals (i.e., 1 2 3).

B. EVALUATION
The developed system will be evaluated as a whole with-
out considering what is happening inside its components.
As a result, only the inputs and outputs of the system are
accounted for, and human assessors will evaluate the system’s
performance.

IV. SYSTEM DEVELOPMENT AND EVALUATION
In this section, the system design and development processes
are demonstrated, along with the system evaluation process
and techniques.

A. SYSTEM DESIGN AND DEVELOPMENT
Two separate frameworks were used in the system design
process. First, the Wit.ai framework was used as the natural
language interface for the NLU component. Second, the Tele-
gram Messenger framework was used as the DS interface for
the system’s DM. Python programming language was used
for the system’s NLG component.

TheWit.ai framework was chosen rather than other options
such as Dialogflow [42] and Rasa [43]. What distinguished
Wit.ai, was its ability to support Arabic in contrast to
Dialogflow. Moreover, it had a set of predefined trained
entities that support Arabic in contrast to Rasa. This was
very handy in our case where there is a shortage of training
examples. Furthermore, Wit.ai also provides Arabic speech
detection, which allows the developed DS to be enhanced to
support voice messages in the future.
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The collected 1,651 training examples were used in Wit.ai
to create data-driven and rule-based entities and to enhance
and customize the Wit.ai predefined entities. First two enti-
ties in TABLE 3 were created to detect greeting and flight
booking intention, with the remaining entities customized as
Wit.ai predefined entities. TheWit.ai predefined entities were
customized by creating roles to enhance the entities’ NLU
abilities.

TABLE 3. Developed and customized data-driven entities.

Similarly, the collected training examples were also used
to create the remaining rule-based entities’ rules, as shown
in TABLE 4, and the keywords’ synonyms were used to
increase entity discoverability. The traveler’s type and ticket
quantity entities are supporting entities for wit/number and
its rules, while the booking probability entity is a supporting
entity for the booking intent. The supporting entities are used
to minimize the DS’s inability in detecting flight booking
sentences resulting from the shortage of training data.

TABLE 4. Developed rule-based entities and keywords.

For a variety of reasons, Telegram was chosen from among
the different available messaging frameworks and applica-
tions that support bot development, such as Facebook mes-
senger, WhatsApp, and Telegram Messenger, to develop the
flight booking DS. Telegram has strong messaging encryp-
tion, the target audience was more familiar with Telegram
than with Facebook messenger, and Telegram provides better
facilities for bot developers, such as creating custom buttons
in the conversation and accepting payments from Telegram
users, than WhatsApp [40].

In the development of the flight booking DS, the dialogue-
was designed to be processed according to the mentioned
sequence in Fig. 3. At the beginning, for more effective DS
and flowchart demonstration, the following example will be
used:

‘‘
’’

English translation: I want to book a one-way trip from
Riyadh to the Emirates for two children and 3 adults on
Thursday 9 evening.

As shown in Fig. 4, the system will process the entered
text by distinguishing whether it is a Telegram command.
The system can serve three commands, ‘‘start,’’ ‘‘help,’’ and
‘‘restart.’’ The ‘‘start’’ command will be generated automat-
ically at the beginning of the DS conversation. The ‘‘help’’
command will display a user manual describing how the
user can interact with the system and what types of values
the system is expecting. Finally, the ‘‘restart’’ command will
reset the conversation slots to enable the user to start a new
booking.

In a case in which the entered text was not a Telegram
command, the text will be pre-processed, resulting in the
following text:

‘‘ 3
9 ’’

Next, the system will send the cleaned text to Wit.ai
API and check if the greeting or flight booking inten-
tions exist in the response message. Then, if the greeting
intent is identified, the system will return a proper greeting
response.

Moreover, if the flight booking intention was detected for
either flight booking intent or flight booking probability enti-
ties, the system will process the text progressively to produce
the requested ticket.

The greeting intent responses can be predefined or general,
depending on whether the system has a specific response
to the detected text. Moreover, depending on whether the
entered text is short, such as ‘‘ - I want to
book a ticket,’’ or long, such as ‘‘

– I want to
book a one-way ticket from Riyadh to Jeddah for one large
passenger tomorrow at 6 pm in first class,’’ the system will
seek to fill the required slots if their values were detected or
request them from the user otherwise.
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FIGURE 4. Greeting and booking intents flowchart.

For the illustrative example, the Wit.ai response returned
will be in json format with the values in Table 5.

TABLE 5. Wit.ai returned values.

Thus, the system will determine that there is a flight
booking intent in the entered text, because both flight
booking intent and probability entities were returned. The
Wit.ai detects two flight booking probability keywords in the
entered text, ‘‘ -book,’’ and ‘‘ -flight.’’

Once the booking intention is detected, the system will
immediately switch to the location process and search for
the departure (From) and arrival (To) locations in the entered
text, based on the flowchart outlined in Fig. 5. The location
entity and the ‘‘From’’ and ‘‘To’’ roles are used for location
detection. The ‘‘From’’ role is used for detecting the depar-
ture location, while the ‘‘To’’ role is used for detecting the
arrival location. The ‘‘location’’ entity is used for detecting
unidentified locations. In the location process, the systemwill
try to match the detected location with the served locations
dataset. Moreover, in designing this process we cover the
different possible location writing formats the user can use.
The following situations are handled by the system:
• Extra letter such as ‘‘ ’’ at the beginning.

• Missing letter such as ‘‘ ’’ at the beginning.
• Missing and extra letter such as ‘‘ ’’ at the
beginning.

• Extra word such as ‘‘ ’’ at the beginning.
Therefore, in the illustrative example, the ‘‘To’’ location

‘ ’’ is considered a served location but it has an addi-
tional and missing letter; hence, the extra letter ‘‘ ’’ will be
removed and the missing ‘‘’’ will be added ‘‘ .’’ Then,
the location process will be continued.

The detected served location must refer to a single record
in the served locations dataset, or the user must specify the
desired record. Therefore, in our example, the user must
choose the desired location (city) served under the detected
location. Then, the user’s choice will be stored as the ‘‘To’’
slot value. This process will be conducted again to detect
the ‘‘From’’ location. Moreover, according to Saudia air-
line, the ‘‘From’’ and ‘‘To’’ locations must not be identical.
Thus, the system will also compare the user entries against
that rule, before going onto the routing type process.

After detecting the ‘‘Departure city’’ and ‘‘Arrival city’’
slots’ values, the system proceeds to the routing type process
and searches for the ‘‘Routing type’’ slot value as well as
for the remainder of the slots or requests them from the user.
When the last process ends, the system can issue a ticket for
the user based on the entered text.

B. SYSTEM EVALUATION
The developed flight booking DS was designed to help flight
booking seekers to book an airline ticket using the devel-
oped DS rather than regular booking channels. To assess the
effectiveness of the proposed approach, its ease of use, and
its ability to self-feed, as well as to detect areas that require
further improvement, the DS was evaluated in two stages.

There were 21 participants (13 females and 8 males)
between the ages of 20 and 50. All participants were native
Arabic speakers familiar with smart phones and instant
messaging applications such as WhatsApp and Telegram.
Moreover, all of the participants have good reading and writ-
ing skills, and 90.48% of them have previous experience in
flight ticket booking.

The evaluation sessions used both pre- and post-
questionnaires, with each participant being asked to answer
both questionnaires.Multiple choice and scale questionswere
used to measure each participant’s answers. Each participant
was requested to book five tickets through the developed DS:
Task 1: Book a ticket of your choice.
Task 2: Book a ticket for yourself and another member of

your family to perform Umrah next Monday.
Task 3: Book a ticket for your friend and his family to a

Gulf Cooperation Council country, with a return date of a
week after the departure date.
Task 4: Book a ticket for a man, his wife, and two children,

aged four years and one year, to Turkey for four days
Task 5: Book a ticket of your choice.
We presented these tasks to the participants as scenarios

and asked them to interact with the developed DS with the
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FIGURE 5. Location process flowchart.

goal of successfully booking a ticket in each scenario. The
first task was repeated at the end in an attempt to measure
whether the participant becomes more familiar with the DS
through use and can perform the last task with fewer errors
than in the previous tasks.

A pilot test was conducted on one participant a week prior
to the primary evaluation to determine the testing criteria and
to examine the flight booking DS’s performance. Then, par-
ticipants were asked to perform the test individually. The DS
was designed to handle multiple users at the same time, but
it was difficult for the observer to observe their interactions
simultaneously.

Both quantitative and qualitative measurements were used
to determine the developed system’s effectiveness, ease of
use, ability to self-feed, and areas that would benefit from
further improvement. The total number of errors in each task
and the number of completed tasks were calculated as quanti-
tative variables. Themanners inwhich participants performed
each task and whether they were satisfied with the resulting
tickets were used as qualitative measurements, along with
their comments. Furthermore, owing to the system’s ability to
self-feed, the system evaluation was performed in two stages.
In the first stage, participants were evaluated and the system
was enhanced based on their comments and the evaluator’s
opinion. Then, the developed models were improved to be
tested at the next stage.

A brief comparison between the two evaluation stages’
participants is provided in TABLE 6. All of the first-stage
participants had previous experience in flight booking and
approximately 90% of them preferred to book their tickets
using text-based channels. In the second stage, 80% of the
participants had previous experience in flight booking and
80% of them preferred to book their tickets using text-based
channels. When we asked if they were booking their tickets
through the airlines’ official website, 54.55% of the first
stage participants and 80% of the second stage participants
answered, ‘‘Yes.’’ Moreover, 27.27% of the first-stage partic-
ipants have previous experience using a DS, and 33.33% of
those were satisfied with it, whereas 70% of the second-stage
participants have previous experience using a DS and 85.71%
of those were satisfied with it.

In the pre-questionnaire, we asked the first-stage partici-
pants who had previous DS experience to guess the identity of
the party they had communicated with using the DS; 66.67%
of them answered that the responses they receivedweremixed
between bot and human responses. In contrast, 85.71% of the
second-stage participants who had previous experience were
convinced that the party they had communicated with using
theDSwas a bot, because as the table shows, the second-stage
participants have a better understanding of DSs. This suggests
that the first-stage participants (and many other people) are
confused regarding the DS’s response generator’s identity,
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TABLE 6. Comparison between first and second stages participants.

because theywere fully confused betweenDSs and text-based
customer service services owing either to their lower number
of experiences or to their mistaking the DS’s understanding
of them for talking to a human agent.

In addition, we asked the participants if the identity of the
interlocutor in the text-based booking channel would make
a difference in the resulting ticket booking, and 63.64% of
the first-stage participants answered with, ‘‘Yes,’’ because
it would understand them better if it was a human agent,
while 50% of the second-stage participants answered with,
‘‘Yes,’’ because it would be more accurate and understand
them better if it was a human agent. This means that the
machines and bots’ ability to understand human utterances
is still questioned and suspect for many people.

During the evaluation, all of the participants were able to
book the requested tickets with a moderate number of com-
mitted errors (not functional errors). These required observer
intervention and assistance, as shown in Fig. 6 and explained
in Table 6. The errors committed by participants were labeled
as follows:

FIGURE 6. Total number of errors committed by the participants in each
task.

CFR–The participant Could not Formulate a booking
Request.

MDL–The Model was unable to Detect entered Locations
correctly.
SUL–The participant Selected an Unserved Location.
MDT–The Model was unable to Detect the entered

Traveler’s type correctly.
UIT–The participant Used an Incorrect Ticket quantity.
MDD–The Model was unable to Detect the entered Date

format correctly.
EIDF–The participant Entered an Incorrect Date Format.
The majority of the first task’s errors occurred because the

participants did not read the user manual, resulting in their
not understanding how to formulate a booking request.

The total number of errors in the second task exceeded that
of all of the other tasks, because most of them were writing
Makkah as the destination location. Since there is no airport in
Makkah, the bot was replying that this location has no airport
or is not served by the airline, and issuing a request to select
a different location. However, users continued writing the
entire booking sentence again while the systemwas expecting
only the alternative location. We attempted to overcome this
issue in the second evaluation stage by replacing the bot
response with a more obvious response requesting the user
to enter the correct location name only.

In addition, the majority of the first and third task errors
resulted from the model’s inability to detect entered locations
or dates, an expected behavior of the model resulting from
scarcity of the training data. Most of the participant’s date
formulating errors occurred because theywere unaware of the
possible date formats that the bot could understand. To miti-
gate this error in the second stage, we suggested some of the
accepted date formats in the error message.

In the fourth task, most of the errors resulted from the
participants’ lack of knowledge because children of age one
year are considered infants, they continue booking a ticket
for the fourth task as if it was a child. In addition, the partic-
ipants continued writing ‘‘ – ticket’’ without providing
other information regarding the passenger count, and they
became annoyed if the bot considered the requested ticket as
one. Moreover, the last task errors resulted from model date
formulating errors.

C. EVALUATION DISCUSSION
The overall experience of flight ticket booking using the
developed flight booking DS, as reported by the observer,
was positive. We noticed that 52% of the participants had dif-
ficulty in understanding Telegram commands, thinking that
they had to restart the conversation in order to begin booking.
To avoid this misunderstanding in the future, the commands’
explanation message will be replaced with buttons and a
greeting message will be sent after the commands’ descrip-
tion message, perhaps providing intimation to the user to start
the booking process without having to press the restart button.

The DS in the second stage was enhanced further based
on participant and observer comments on the first stage,
and the participants were also more experienced in using
a DS than the first-stage participants had been. However,
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TABLE 7. Committed errors in each task.

the fact that they continued to make mistakes similarly to the
previous-stage participants highlights the necessity of focus-
ing more on finding and fixing the causes of the problem.

According to the observer, many people made obvious
mistakes while using the DS, such as entering English loca-
tion names or short Hijri date formats, even though the user
manual stated clearly that they would not be accepted. Since
only five participants read the DS user manual, we plan in
the future to provide hints and tips for the users. These hints
will appear when new users use the DS for the first time, one
at a time, as the user reaches the relevant process section of
the DS.

We found that 47.6% of the participants misunderstood
the unserved location error message and re-entered the entire
message again. Changing the message reduced the number of
participant errors, but they still continued making the same
error. This part of the location process, shown in Fig. 7, will
be changed not only to accept the corrected location name but
also to be able to detect the corrected location name even if
the full sentence is repeated.

FIGURE 7. Suggested changes in the design of location process.

By dividing the evaluation process into two stages, wewere
able to confirm the developed system’s ability to self-feed,
because it became smarter over time. The system at the begin-
ning could not detect departure and arrival locations in such a
sentence as ‘‘ - I need to book a ticket
Riyadh Jeddah,’’ a date format such as ‘‘4-4-2020,’’ or the
response to a passenger’s type number such as ‘‘

without, none.’’ Hence, after enhancement, the DS can now
detect such sentences.

Moreover, we noticed that participants continued saying
‘‘ –Book me a ticket’’ when they wanted to book
tickets for more than one passenger, while the DS system
considered that they wanted one ticket and by default it would
be for an adult. Thus, in the future, the ticket quantity must
not be considered until the system confirms the detected
ticket quantity from the user. In addition, we can improve the
DS’s ability to detect the total passengers’ numbers in such
a sentence as ‘‘ 5 –I need to book 5 tickets’’ and
ask the user for the passengers’ type of those five passengers,
instead of ignoring such information and focusing only on the
provided adults, children, and infant passenger number.

During the evaluation, we noticed that the participants
repeatedly formulated difficult sentences to test the bot’s
understanding and how much it could understand. We were
expecting such behavior. As Qaffas reported in [36], many
people attempt to beat the bot or confuse it with difficult
questions.

Finally, in designing the evaluation task. we attempted to
test participants’ knowledge transfer ability by repeating the
first task at the end. By comparing the participants behavior
in the first and last tasks, we noticed that the number of
committed errors was three times lower in the last task. This
means that a few attempts enabled the participants to use the
system easily, enhancing the user experience.

V. CONCLUSION
In this article, a new Arabic flight booking DS was devel-
oped dedicated to serving airline ticket booking. What distin-
guishes our DS from others, is the proposed approach, a com-
bination of data-driven and rule-based approaches within a
pipeline system architecture. This enables the users to book
flight tickets in Arabic through texting.

The evaluation results showed that the developed system
was an effective means of ticket booking and was easy to use
as the participants gained experience with time and it became
smarter after being fed with participant booking examples.
The lack of training data had a major effect on DS perfor-
mance, which we attempted to prevent by providing the DS
with self-feeding ability.

In the developed DS, we attempted to simulate real flight
booking systems, because the airline companies and flight
booking agents did not give us permission to connect our
system to their application programming interfaces (APIs).
For the future, we are looking forward to connecting our DS
with an existing booking system and enabling users to book
tickets using voice messages.
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