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Abstract

We introduce OlloBot, an Arabic conver-
sational agent that assists physicians and
supports patients with the care process.
It doesn’t replace the physicians, instead
provides health tracking and support and
assists physicians with the care delivery
through a conversation medium. The cur-
rent model comprises healthy diet, phys-
ical activity, mental health, in addition to
food logging. Not only OlloBot tracks
user daily food, it also offers useful tips for
healthier living. We will discuss the de-
sign, development and testing of OlloBot,
and highlight the findings and limitations
arose from the testing.

1 Introduction

According to World Health Organization (WHO),
poor diet and physical inactivity have tremendous
implications on individuals health (Michie et al.,
2009; Hard et al., 2012). Healthy diet helps pro-
tect against malnutrition in all its forms, as well as
noncommunicable diseases (NCDs) (Michie et al.,
2009). Middle eastern countries are among the
mostly affected nations by poor diet and physi-
cal inactivity and its effect on cardiovascular dis-
eases (Organization et al., 2010, 2012). According
to WHO report, total deaths caused by NCDs are
among the highest in countries such as, Saudi Ara-
bia, Iraq, Qatar, and Bahrain (See Table-1). This is
an evident for a global risk and there is a need for
nationwide approach to help mitigate or prevent
this escalation.

By 2025, AI systems could be involved in ev-
erything from population health management, to
virtual assistants capable of answering specific pa-
tient queries. Overall, AI has the potential to im-
prove outcomes by 30 to 40 percent while cutting

The NCDs and Middle East (WHO)
Countries % of total deaths by NCDs

Saudi Arabia Cardiovascular diseases = 46%
Qatar Cardiovascular diseases = 24%
Iraq Cardiovascular diseases = 33%
Bahrain Cardiovascular diseases = 26%

Table 1: Middle East Countries and NCD Burden.

treatment costs by as much as 50 percent (Koh
et al., 2011). Conversational agents, an example of
AI powered systems can communicate with users
through an intelligent conversation using a natural
language, they can aid doctors in enhancing pro-
ductivity and enabling them to respond to patients
quickly. For example, doctors could interact with
a diet chatbot to recommend the appropriate food
to their patients. Patients could also engage with
this chatbot to get instant information about their
dietary choices.
Currently, some ways to use healthcare chatbots
include: scheduling doctor appointments based
on the severity of the symptoms, monitoring the
health status and notifying a human nurse imme-
diately if the parameters are out of control, help-
ing home-care assistants stay informed about pa-
tients evolution. However, current health conver-
sational agents are mature for English language
but still in their infancy for specific demograph-
ics and languages. For example, Hebrew and Ara-
bic are far more complex languages for conversa-
tional agents. To ensure timely health informa-
tion delivery to Arabic users, the patient should
be able to tell the bot what symptoms they are ex-
periencing and receive medical advice. However,
this is not possible with current approaches, since
they merely focus on generic approaches. Hence,
in this research we highlight the role of chatbots
to provide health services to individuals with lan-



guage barriers. The approach targets demograph-
ics who are not bilingual and can speak only Ara-
bic language. This is important, since from Table-
1 we see the burden of NCDs in Arabic speaking
countries. We propose OlloBot, an Arabic conver-
sational agent able to converse with users and han-
dle daily tasks about diet, physical activity, men-
tal wellness and coping. The bot can also track
users daily food and keep a record of their daily
dietary habits. To our knowledge, few studies ex-
ists on conversational agents that supports Ara-
bic language, able to flexibly converse and han-
dle dialogues. However, no study exists that have
considered the health benefit achievable with lan-
guage specific conversational agents. Few plat-
forms provide support to Arabic language technol-
ogy to build interactive and intelligent conversa-
tional agents. This might be due to the complexity
of the language and the resource scarcity available
to support it. Our approach relies on IBM Wat-
son Conversation API (IBM bluemix)1 to handle
the dialogue structure and Telegram Bot Platform
to build the chatbot. We tested OlloBot with 43
Arabic speaking users and presented the findings
in this paper.

2 Background Research

Although cognitive behavioral therapeutic (CBT)
apps have demonstrated efficacy, still they are
characterized by low adherence rate (Fitzpatrick
et al., 2017). Conversational agents, on the other
hand, may offer a convenient and engaging alter-
native of giving support at any time. A work by
Graf et al., (Graf et al., 2015) built a chatbot that
assimilates into daily routines. The bot communi-
cates with user and gathers nutrition data. Keep-
ing interaction with the bot final is a good design
practice, however building a great dialogue flow
is also essential to ensure smooth user interaction.
This includes the way the bot handles several user
interactions and requests. Zaghouani et al., (Za-
ghouani et al., 2015) presented a correction an-
notation guidelines to create a manually corrected
nonnative (L2) Arabic corpus. The work extends
a large scale Arabic corpus and its manual cor-
rections to include manually corrected non-native
Arabic learner essays. The approach uses anno-
tated corpus to develop components for automatic
detection and correction of language error to help
standard Arabic learners and improve the quality

1https://www.ibm.com/cloud-computing/bluemix/it

of Arabic text produced. Chatbots could be used
as language learning tools, to access information,
to visualise the context of a corpus and to give an-
swers to specific questions (Abu Shawar, 2005). A
work by Shawar et al., (Abu Shawar, 2005) built a
general language chatbot that supported different
language among which is Arabic and English. The
study also used different corpora structure, such as
dialogue, monologue and structured text to build
the dialogue model.
A work by Ali et al., (Ali and Habash, 2016)
presented BOTTA, an Arabic dialect chatbot that
communicates with users using the Egyptian Ara-
bic dialect. Another work by Shawar et al.,
(Shawar and Atwell, 2009) described a technique
to access Arabic information using chatbot with
natural language processing (NLP) tools. The bot
provides responses to capture the logical ontology
of a given domain using a set of pattern-template
matching rules. The literature shows no studies
considering conversational agent as assistive tool
for Arabic speakers. Which could provide instant
access to health information and data, and assist
physicians in providing a follow up to the patients.
Conversational agents are great in handling repet-
itive tasks which consumes most of the health-
care providers time. Sundermeyer et al., (Sunder-
meyer et al., 2014) build a two translation recur-
rent neural models. The first one is a word-based
approach using word alignments, while the second
presents phrase-based translation models that are
more consistent with phrase-based decoding. The
models are capable of improving strong baselines
in BOLT task for Arabic to English.

3 OlloBot Architecture

To provide the required level of Natural Language
Understanding (NLU), we built the Arabic dia-
logue states on IBM Watson Conversation2, which
defines the conversation flow and dialogue states.
The platform provides Artificial Intelligence sup-
port to catch different user intents and entities.
The OlloBot starts with the user sending a mes-
sage to the bot (OlloBot) running on Telegram
Bot Platform3. The application provides the user
with the topics they can chat about, then based
on user selection the bot forwards the request to
IBM Watson Conversation cloud. The conversa-
tion slots takes user input and provides them with

2https://www.ibm.com/watson/services/conversation/
3https://telegram.org/blog/bot-revolution



relevant answer after checking their intent, entity
and condition of the conversion. The logical parts
of the dialogue are handled by a Node.js wrap-
per to handle unmatched dialogues by the dialogue
flow ( Figure-1 illustrates the high-level architec-
tural view of OlloBot).

Figure 1: OlloBot High-level Architecture.

The bot detects patterns in user phrasing and
correlates them with the intents defined. For ex-
ample, conversing about users daily meal and ask-
ing users to enter their breakfast, they can either
provide a list of food items or send an emojis as a
list. The bot can extract the intend from each item
or emoji and build a list of food items. In prin-
ciple, this induces the system to recognize food
items inserted by users. The need for conversa-
tional agents rises due to the on-demand 24/7 ac-
cess to care. However, with millions of people
globally who struggle with poor diet, poor exer-
cise, anxiety and depression, there isn’t enough
healthcare provider or psychologists to provide the
necessary care. Moreover, in some parts, there
is limited technological services supporting na-
tive languages and sometimes services are prac-
tically nonexistent. Due to the associated cost for
care, providing conversational agents as a novel
technology that is cost effective, efficient and tar-
gets the right demographics is essential. OlloBot
bridges these gaps and provides Arabic users with
a quick and accessible health services. The bot
converses about diet, exercise, emotion and pro-
vide coping skills. It can also ask the user to
log their daily food and gather data about their
preferred style of diet and exercise day, exercise,
sleep. The fact that OlloBot is supported by Wat-
son and easily accessible by many users makes
it able to support many users at the same time.

The chatbot gathers users interaction data, and per-
formance indicators from their interaction. These
data are saved in a database in the form of acces-
sible reports by the caregivers. OlloBot acts as a
health assistants, meaning that it offers help and
support rather than treatment.

3.1 User Intents

The intents refers to what the users want from
the bot or what’s the objective behind a user’s in-
put. For instance, the user intents hi, hello, hi
OlloBot are translated to the intent “Greetings”,
whereas the intents food logging, daily food, log-
ging data...etc are all translated into “Food Log-
ging”. We carefully sketched the dialogue scope
the bot covers and those that it does not (see Table-
2 for a list of user intents). The dialog flow struc-
ture was designed in collaboration with a health-
care clinic. After defining the flows for key in-

User Intents
Greetings Coping Skills

Diet and nutrition Daily meals Logging
Mood Jokes

Physical activity Conditions
Anything else Farewells

Table 2: The User Intents

tents, we defined the bot responses or follow up,
once the task is performed. When the user starts
a conversation, the bot can either track user dia-
logue or leave it at resolution and reset. The bot
can switch between intends, based on user input.
Since the interaction medium is conversational,
users can switch intents on the chatbot. For ex-
ample, while the bot waits for the user to provide
relevant information about their physical activity,
the user can ask the bot to insert their breakfast.
OlloBot switches between the topics given in the
above table, by detecting user intent from the con-
versation. To accurately handle this switching, we
designed additional flows represented by condi-
tions. Although this adds flexibility to the inter-
action, however, it can also create additional cog-
nitive load.
The next bot response depends on what the user
will say or choose from the buttons. For example,
after the user provides their daily food logging, the
bot can move on and ask them about their suitable
time to be notified again. Users can come back to
the chatbot at a later time, with no recollection of



the task they were trying to accomplish, therefore
tracking the dialogue flow is essential to offer a
more flexible conversation to the users. Finally, to
handle fallbacks where the bot has no clue about
the respond, we designed the “anything else” in-
tent, to handle unhandled intents.

3.2 Health Report

The chatbot application provides a health report
generated by users interaction with the chatbot.
This report contains user activity data, their over-
all interaction with the application and indications
about their overall health. The health measure is
mainly about their diet, exercise and stress pat-
tern. All these data are structurally generated by
the chatbot and saved into the database. These data
can then be accessed by the caregiver to obtain rel-
evant user specific data.

3.3 Entities

Entities are the pieces of valuable information hid-
den in users input. They’re important keywords
extracted from a sentence. For example, in the ut-
terance “I want to talk about physical activity”, the
word “physical activity” is detected as an entity,
and hence the bot switches to the physical activ-
ity topic. Entities focus on defining the topic the
user is talking about. This is important to provide
the right respond to user questions. We defined a
big range of entities to build our dialogue model.
These entities represented the four main topics and
the daily food logging. In Table-3 we provide the
entities listed to structure the dialogue flow.

Topic Entities
Topics Meal times

Daily times Weekly times
Quantity Food
Numbers Sport

Table 3: The Topic Entities

The above table lists the “Topics” entity, namely
diet, physical activity, mood, and coping that the
bot converses about. The topics entity also covers
users daily food logging. Other entities include
the “Meal times” which defines the meal periods
per day that includes: breakfast, lunch, snacks
and dinner. The “Daily times” refers to the peri-
ods of the day, namely morning, noon, afternoon,
evening and night. Whereas, “Weekly times” en-
tity includes the period of the day, namely yes-

terday, today and tomorrow. The “Quantity” en-
tity refers to the quantity measurements the user
might mention in the conversation (i.e., kg, g, tea
spoon, bread loaf), whereas the “Numbers” en-
tity refers to the countable number the user might
mention. We have also defined a comprehensive
list of common Arabic food items and included
them in the “Food” entity. Finally, we defined
a list of any kind of sports in the “Sport” entity.
The entity list was accompanied by a list of syn-
onym to add flexibility for the entity detection.
This is important to detect user intents and sen-
timents from their conversation. While there has
been a lot of research on sentiment analysis in En-
glish, the amount of research and datasets for Ara-
bic language is still limited. A work by Alayba et
al., (Alayba et al., 2017) built a sentiment analy-
sis dataset in Arabic from Twitter data. The study
applied machine learning algorithms (i.e., Naive
Bayes, Support Vector Machine and Logistic Re-
gression) for the analysis. Another work by Ismail
et al., (Ismail and Ahmad, 2004) proposed a new
type of recurrent neural network architecture for
speech recognition and Backpropagation Through
Time (BPTT) learning algorithm to observe differ-
ences in alphabet “alif” until “ya”.

3.4 Dialogue Engine

The dialogue structure was designed for each of
healthy diet, physical activity, and mental wellness
topics by referencing the Cognitive-behavioural
therapy (CBT) (Rothbaum et al., 2000). We based
the chatbot dialogue on techniques suggested by
the CBT.
The dialogue was then developed on IBM Watson
Conversation, where we listed each of the intents
and entities and built the dialogue structure and
flow. The tasks were intentionally built to be sim-
ple to interact with, so to decrease the time and
amount of physical and mental efforts needed, and
increase user’s ability. For example, when asked
to log their food, users can either write the list or
send an emoji of the food item. Moreover, but-
ton replies were provided to further simplify the
data logging. Simplifying food tracking process
will increase users ability and decrease the learn-
ing curve associated to health tracking. This is be-
cause interaction with the bot shouldn’t be only
conversational, since some interactions are better
with Graphical UI and others with Conversational
UI.



3.4.1 Healthy Diet

Around 2 billion people are overweight, but many
are ready to change (Van Itallie, 1985). However,
according to studies (Mann et al., 2007) tempo-
rary fixes to old habits makes people to regain their
weight. OlloBot acts as an interactive AI-powered
diet tracking bot that converses with individuals in
a friendly way directly through the Telegram mes-
saging application. The goal is to give instant ad-
vices with each meal eaten and help improve the
eating habits on the go. Once the conversation is
executed, OlloBot starts conversing about user’s
diet and asks them questions about their eating
habits and highlights the values associated with
healthy diet. For example, OlloBot stresses the
fact that following a diet rich in vegetables and
fruits helps decrease escalation into overweight,
obesity or even chronic conditions, and the detri-
mental effects associated otherwise.

3.4.2 Physical Activity

Studies (Cooney et al., 2014; Mead et al., 2009;
Artal et al., 1998; Byrne and Byrne, 1993) have
shown that exercise can treat mild to moderate
depression as effectively as antidepressant medi-
cation and with no associated side-effects. Our
conversational agent chats with users about their
physical activity and daily energy level, and can
provide personalized plans and keep track of
workout progress by storing relevant user inputs.
Whether the user wants to stay fit, loose weight,
or get toned, OlloBot can later provide an effi-
cient and consistent workout plan while keeping
track of the progress. Although the bot is not
considered as a tool to loose weight through ex-
ercise, but rather a supportive tool to help individ-
uals track their exercise and improve in on the go,
making users conscious about their health habits
also makes them more likely to set aside time for
physical activities in the future.

3.4.3 Mental Wellness

Mental health refers to our overall psychological
well-being. This includes the way we feel about
ourselves, the quality of our relationships and the
ability to manage our feeling. OlloBot chats with
users about mental health and asks them questions
about their stress, sleep and other measures rele-
vant to their mental wellbeing. There exists sev-
eral mental health chatbots that provide support
at different stages of mental illness. For exam-

ple, X2AI4 created a set of chatbots for mental
health applications. Their flagship AI, Tess, helps
patients in tandem with their doctors by providing
resources on cognitive-behavioral therapy, medi-
cation side effects, and questionnaire automation.
Woebot5 is a mood tracking chatbot with person-
ality. Backed by scientific research, Woebot can
help reduce depression, share CBT resources, and
learn from conversations over time. Finally, Joy6

uses a chatbot approach to mental health. She of-
fers options for both individuals and therapists.

3.4.4 Coping Skills
Being mentally or emotionally healthy is more
than being free of depression, anxiety, or other
psychological issues. Rather than the absence of
mental illness, mental health refers to the presence
of positive characteristics. With OlloBot, we han-
dle this by providing coping skills and mindful-
ness support through clever motivational quotes,
relevant workout suggestions mixed with some
health facts to help users understand the benefit
of health and wellness. The bot provides the uses
with tips about coping with stress, diet, exercise,
sleep, and mindfulness. The quotes and sugges-
tions are all based on best recommendations pro-
vided by the World Health Organisation (WHO)
(Michie et al., 2009). Coping skills are important,
since finding a moment to take a few deep breaths
and quiet your mind is a great way to relieve stress
and improve your overall health.

3.4.5 Daily Food Logging
While many food-logging tools are already on the
market, most are either too complicated or bor-
ing for the average individual. OlloBot keeps a
food diary, tracks calories, and provides basic nu-
tritional tips based on user’s eating habits. We
wanted to make the food logging process sim-
pler, more engaging, and more informative for the
users. The bot tracks user meals, by asking them
to insert each meal items. This helps to know more
about users diet. With the NLP capabilities of-
fered by IBM Watson Conversation, the bot sup-
ports any food combinations. The user can even
log their food by sending emojis of the food items.
Once the food logging is done, the bot asks the
user about their preferred time to recheck with
them. OlloBot is in its early stages, due to the time

4https://x2.ai/
5https://woebot.io/
6http://www.hellojoy.ai/



Figure 2: Daily Food Logging Conversation with OlloBot.

required to build and integrate new features, then
validate it through testing with real users. We un-
derstand that existing food logging apps are now
far ahead of us in terms of calorie tracking, pre-
cision, and various interface features. However,
we aim to close this gap and simplify the food
tracking/logging and feedback providing process
in the future (see Figure-2 for the daily food log-
ging with OlloBot).

4 OlloBot Platform

The dialogue flow in OlloBot were handled with
IBM Watson Conversation, whereas the logical
part of the dialogue were handled with a Node.js
implementation. Our choice of IBM Watson was
due to its language support, to our knowledge it
was the only conversational agent dialogue build-
ing platform that supports Arabic. We deployed
the bot on Telegram Bot Platform and built the
components to handle user requests and responses.
We used various UI elements made available by
Telegram and integrated them into our dialogue
model.

5 OlloBot - USE Questionnaire

After building and integrating OlloBot with Tele-
gram Bot Platform, we conducted a user exper-
iment with 43 Arabic speaking users. The dia-
logue and various questions the bot asks were all
based on a WHO questionnaire we extracted about
health and wellbeing (Kessler and Üstün, 2004;
Parslow and Jorm, 2000; , WHO et al.(2017; Or-
ganization et al., 2006). After testing the chatbot,
we performed a survey analysis to test various as-

pects of the bot. The questionnaire is based on a
standard framework, namely USE Questionnaire
(Lund, 2001) to measure the usability of the chat-
bot. The framework tests four items of usability
within a product. It consists of 30 questions to
test the usefulness, easy of use, ease of learning
and satisfaction with the application. The ques-
tionnaires are organised in a scale of 1 - 5, where
1 is “strongly disagree” and 5 is “strongly agree”.
We describe the experiment settings and results in
the following sections.

5.1 Participants Demographics
The user demographics consisted of both male
(n=26) and female (n=17) participants with an age
range of 20 - 65 years old for both gender. We
checked the participants familiarity with tracking
devices (e.g., any diet, sleep, physical activity, or
mood tracking application) and chatbot applica-
tions (see Table-4 for the results). There was no
significant differences in both cases with either
tracking devices (e.g., wearable, sensor, or mobile
applications) or chatbot applications. The major-
ity of participants have shown no familiarity with
tracking devices (n=26) and chatbot applications
(n=27). We provided additional questions at the
end of the survey to evaluate their overall experi-
ence with the chatbot. A reimbursement of 5ewas
given to all participants in the form of Amazon
coupon.

5.2 Experiment
We distributed the chatbot to all the Arabic speak-
ing participants recruited from Iraq. After carrying
out the experiment for 1 week, we collected data



Gender Female 17
Male 26

Age Mean 29.8
Std. Dev 9.28

Tracking devices familiar No 26
Yes 17

Chatbot familiar No 27
Yes 16

Table 4: Participants Demographics.

through questionnaire to test the four main points
relevant to the usability of OlloBot.

5.2.1 Usefulness
This item helps to test how useful the participants
perceived the application. The usefulness includes
measuring whether the bot helps the user to be
more effective and productive and enhance their
control over their daily life activities. For exam-
ple, “I believe is effective to track my health” eval-
uates whether the user thinks the bot is effective in
tracking their health.

Dimensions Mean Std.
Dev.

t value
(df=42)

p value

Usefulness 3.381 0.373 6.695 p <.01
Ease Of Use 3.626 0.3944 10.405 p <.01
Learning 3.942 0.5341 11.564 p <.01
Satisfaction 3.505 0.3667 9.031 p <.01

Table 5: The Results from the USE Questionnaire.

5.2.2 Ease of Use
This point helps understand the ease of use aspect.
It measures easiness, simplicity and user friendli-
ness of the application (chatbot). This point also
measures the steps and effort required to achieve
the goal set and whether its easy to recover from
mistakes. For example, to measure the effort re-
quired for each step, we asked users to provide
their scale for “It requires the fewest steps possible
to accomplish what I want to do with it”. We per-
formed a descriptive statistics about the four items
checked in the overall experience (see Table-6).
Figure-3 below lists each of the overall bot relia-
bility (Figure-3a), and the participants overall ex-
perience (Figure-3b, Figure-3c and Figure-3d).

5.2.3 Ease of Learning
This point measures the learnability of the tool.
We measure whether its quick to learn and easy

to remember each time. For example, the question
“I quickly became skilful with it” checks for how
quickly a skill is learned using the chatbot.

5.2.4 Satisfaction

This step checks for user’s overall satisfaction
with the chatbot. It checked whether the users are
satisfied and would recommend the tool to others
and how entertaining they perceived it. For exam-
ple, the question “I would recommend it to a friend
or family member” checks whether the user would
recommend the bot to their relatives or friends.
We performed descriptive statistics on the results
and reported them in Table-5. One Sample t test
showed that averages for all four scales were sta-
tistically significantly different from the middle
value (value = 3, see Table-5). Further analy-
ses were performed considering gender, familiar-
ity with tracking technology, and familiarity with
chatbot as between factors. No differences among
the four usability dimensions were observed be-
tween male and female participants, and no dif-
ferences emerged between participants who fre-
quently use or not use tracking devices. A signifi-
cant difference for the “ease of learning” scale was
observed when comparing participants who were
familiar in interacting with chatbot application and
participants who were not. The latter group re-
ported lower scores for learnability compared to
the former group (t(41)= -2.46, p <.01).

5.2.5 Overall Experience

This part evaluated the overall experience with Ol-
loBot and is not part of the USE questionnaire. We
tested user satisfaction with the reliability of Ol-
loBot, their overall experience with the bot from
different perspectives (see Table-7 for the expe-
rience comparison). We have checked whether
users like chatbots or rather use a mobile appli-
cation. Finally, we considered the list of most
positive and negative aspects the users mentioned
during the survey. In addition, we asked the users
about the features they would like to see/use in fea-
ture versions of OlloBot.

6 Discussion

This work was the first to evaluate the application
of NLP powered health tools into language and
context scarce domains. The work involved ini-
tial design phase, which involved researchers and
health experts in the context of healthy lifestyle



(a) Overall Reliability Satisfac-
tion.

(b) Participants Overall experi-
ence.

(c) Participants Overall experi-
ence.

(d) Participants Overall experi-
ence.

Figure 3: The Overall Experience with OlloBot.

App vs. Chatbot Not at all satisfied vs. Extremely satisfied Terrible vs. Wonderful Frustrating vs. Satisfying Dull vs. Stimulating
Valid 43 43 43 43 43
Mean 3.860 3.163 3.767 3.581 3.512

Std. Dev. 0.9900 0.8710 0.7508 0.6980 0.70028
Min 1.000 1.000 2.000 2.000 2.000
Max 5.000 5.000 5.000 5.000 5.000

Table 6: The Descriptive Statistics for Chatbot Experience.

Overall Experience
Questions Scale = 1 Scale = 5

How satisfied are you with the reliability of this chatbot? Not at all satisfied Extremely satisfied
Can you rate your experience with the chatbot: Terrible Wonderful
Can you rate your experience with the chatbot: Frustrating Satisfying
Can you rate your experience with the chatbot: Dull Stimulating
Would you rather use the chatbot or prefer a mobile app to
track your everyday health ?

Use an app Use a chatbot

Table 7: Users Overall Experience With OlloBot.

promotion. Involving the health expert was nec-
essary to guarantee the real context applicability
of the application. The dialog structure was built
in collaboration with a dietitian who described the
steps necessary when building a dialog with a pa-
tient. We then applied this design paradigm into
our dialog engine. The existing work has several
limitations worth mentioning. Since most of the
research work was carried out in Italy in collabora-
tion with Spain, the dietitian involved in designing
the dialog was a native Italian. Yet, the guidance
obtained from the expert was translated into Ara-
bic language and integrated into the Watson dia-
log engine. We also acknowledge that the size of
the participants and the period of experiments, al-
though provide good indications, are not enough
to conclude any long-term effect. Future work will
consider building a standalone dialog model and
including a larger user samples and over an ex-
tended period.

7 Conclusion

Chatbots can be a trustworthy assistant, like a car-
ing nurse, which provides registration services and
patient follow up. Medical practices can rely on
chatbots to capture leads and provide 24/7 support
to existing patients, answering their simple, repet-
itive questions using a pre-designed answers. It
will not offer a diagnosis, but it can remind pa-
tients to take their drugs or help them check for
an unusual side effect. Most users showed interest
towards social intelligence of the bot. Hence, tone
and empathy matters, people can be turned off if
the experience is too robot-like or casual, so we
should opted for a polite tone. In summary, chat-
bots offer a great user experience to patients by
just chatting with the bot to get relevant answers to
their queries. Future work will integrate OlloBot
into a health coaching system and make it specific
to support Arabic speaking, diabetic patients.
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