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As the obesity rate continues to increase persistently, there is an urgent need to

develop an effective weight loss management strategy. Nowadays, the development

of artificial intelligence (AI) and cognitive technologies coupled with the rapid spread of

messaging platforms and mobile technology with easier access to internet technology

offers professional dietitians an opportunity to provide extensive monitoring support

to their clients through a chatbot with artificial empathy. This study aimed to design

a chatbot with artificial empathic motivational support for weight loss called “SlimMe”

and investigate how people react to a diet bot. The SlimMe infrastructure was built

using Dialogflow as the natural language processing (NLP) platform and LINE mobile

messenger as the messaging platform. We proposed a text-based emotion analysis

to simulate artificial empathy responses to recognize the user’s emotion. A preliminary

evaluation was performed to investigate the early-stage user experience after a 7-day

simulation trial. The result revealed that having an artificially empathic diet bot for weight

loss management is a fun and exciting experience. The use of emoticons, stickers, and

GIF images makes the chatbot response more interactive. Moreover, the motivational

support and persuasive messaging features enable the bot to express more empathic

and engaging responses to the user. In total, there were 1,007 bot responses from 892

user input messages. Of these, 67.38% (601/1,007) of the chatbot-generated responses

were accurate to a relevant user request, 21.19% (189/1,007) inaccurate responses to

a relevant request, and 10.31% (92/1,007) accurate responses to an irrelevant request.

Only 1.12% (10/1,007) of the chatbot does not answer. We present the design of an

artificially empathic diet bot as a friendly assistant to help users estimate their calorie

intake and calories burned in amore interactive and engaging way. To our knowledge, this
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is the first chatbot designed with artificial empathy features, and it looks very promising

in promoting long-term weight management. More user interactions and further data

training and validation enhancement will improve the bot’s in-built knowledge base and

emotional intelligence base.

Keywords: artificial intelligence, artificial empathy, chatbot, diet bot, weight loss management, virtual diet

assistant

INTRODUCTION

Obesity is one of the leading causes of various chronic diseases,
which may impair individual health, and leads to premature
death (1). However, identifying effective strategies to significantly
reduce body weight is still a significant challenge (2). The
current behavioral weight loss programs that focus on self-
monitoring of energy balance have proven to be themost effective
way to lose weight (3). This tracking method relies on daily
recording of individual calorie intake and calories burned from
exercise. Despite its effectiveness, self-monitoring is known to be
burdensome and has low adherence, which is thus associated with
short-term weight loss (4).

Intensive behavioral treatments with prolonged interaction
between patients with obesity and providers (via outpatient clinic
or internet or telephone) combined with social support from
the community are required to achieve a robust and effective
weight loss intervention (5–7). Unfortunately, human dietitians
cannot provide 24-h comprehensive monitoring and motivation
to their clients (6). Given that humans have limitations, utilizing
a virtual agent such as an AI chatbot can help overcome the
lack of a human dietitian’s 24-h monitoring or social support.
Unlike traditional text-based messaging systems that still need
a human operator to respond to a user message, chatbot
technology enables users to have a real-time and engaging
conversation with a computer as if they are talking to a human.
This new communication platform has been shown to enrich
the user experience and improve user engagement because it
can quickly express empathy in response to user emotions,
which is beneficial for successful long-term weight management
(8, 9).

Emerging technology such as chatbot technology offers an
excellent opportunity to assist humans with specific tasks in
many fields (10). A chatbot is a computer agent that can
interact with the user through a chat interface or messaging
apps (such as LINE, Facebook messenger, and telegram). The
first chatbot called ELIZA was developed in 1966 to impersonate
human-to-human conversation by utilizing pattern matching
based on a pre-determined conversational workflow known as
rule-based chatbot (10, 11). Another notable chatbot Artificial
Linguistic Internet Computer Entity (ALICE) adopted a pattern
matching approach and was built using Artificial Intelligence
Markup Language (AIML) technology (11). Although the
ALICE architecture used a more extensive database than

Abbreviations: AI, artificial intelligence; BCW, behavioral change wheel; NER,

named-entity recognition; NLP, natural language processing.

ELIZA, it still follows a rule-based pattern matching that
lacks intelligent features and only generates a limited chatbot
response (10, 11).

AI technologies, includingmachine learning, natural language
processing, and intelligent analysis, have initiated big milestones
in chatbot creation. This technology has enabled the chatbot to
learn more conversational experiences and generate responses
based on the previous history or chat interactions (11). While
rule-based chatbots used pattern matching approaches and pre-
defined conversational workflows to interact with the user, AI-
based chatbots adopted a conversational AI to interact with the
user through verbal (voice) and non-verbal commands (text,
facial expression, gesture, and so on) (12). Apple Siri, IBM
Watson, Google Assistant, Microsoft Cortana, and Amazon
Alexa are among the most popular conversational AI that can
serve as voice assistants (10, 11). Another conversational AI
capable of engaging in conversation with humans using verbal
and non-verbal communications in a robotic body or graphical
front-end like avatars or cartoons is known as embodied
conversational agents (12).

AI chatbots offer flexible conversation and persuasive
technology to promote user engagement in chatbot activities
(13). Flexible conversation means the chatbot can dynamically
adapt to the user’s emotional expression and engage in the chat
interaction. Meanwhile, persuasive technology corresponds to
how the machine can influence users’ attitudes and behavior,
enabling the bot to understand how humans naturally speak (14).
Furthermore, recent advances in NLP using large pre-trained
language models such as Bidirectional Encoder Representations
from Transformers developed by Google (15), Generative
Pretrained Transformer [GPT-2 (16) and GPT-3 (17)] by Open
AI, and DialoGPT (18) and Turing Natural Language Generation
(T-NLG) by Microsoft (19) offer a promising approach to
create a human-like conversation that can understand specific
user contexts and conditions. Moreover, some AI chatbots
are also equipped with real-time sentiment analysis features
to recognize user emotions. Once the chatbot analyzes the
user sentiment, it will then direct cognitive responses such as
empathic conversation and human–machine emotional bonding,
potentially enhancing user experience and prolonging user
engagement (9).

On the contrary, traditional rule-based chatbots communicate
based on scripted conversation (11, 20). It follows a rigid
conversational structure that is only capable of delivering correct
responses when the user includes specific keywords programmed
beforehand (20). This will limit the chatbot’s approach to
mimicking human conversation unless it is built with an
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extensive database, which is difficult to deal with. Although
a rule-based chatbot can deliver emotional responses using
keyword matching emotion lexicons and word embedding (21,
22), the responses generated seem unnatural and sound less
human. It also has a slow response speed and cannot learn from
past conversations, leading to a frustrating user experience.

With the development of AI-based chatbots and the rapid
spread of the messaging platform and mobile technology with
easier access to internet technology, chatbot innovation is widely
adopted to support lifestyle behavioral changes during weight
loss intervention. For example, Fadhil et al. (23) proposed an
AI chatbot for nutrition education to promote healthy and
sustainable eating to prevent weight gain in the adult population.
A personalized virtual coach, “Denk je zèlf!” was also introduced
byDol et al. to support self-regulation of emotions in young obese
emotional eaters (24, 25). Another example is Forksy, which
monitors users’ healthy eating behavior (13). A telegram chatbot
Wakamola also serves as a valuable tool to assess individuals’
obesity risk based on their sociodemographics, diet, physical
activity, BMI, and social lifestyles (26). A preliminary review of
AI chatbot-based physical activity and diet interventions revealed
that more than half of the reviewed chatbots successfully deliver
behavior change strategies through increased user motivation
and engagement (27). Furthermore, users with high engagement
levels tend to experience positive progress toward losing
weight (27).

Although there are several AI chatbots developed to support
weight loss management, a systematic review on AI chatbot
interventions in changing physical activity, healthy eating,
and weight management behaviors showed that, among nine
studies included, more than half of the studies focused on
promoting physical activity and only limited studies focused
on a healthy diet and weight status (28). Moreover, other
scoping reviews on AI chatbots for weight loss showed
that the use of empathic chatbot functions in supporting a
behavior change framework to guide AI chatbot development
is still unclear due to a limited number of publications
(9). As a result, less is known about incorporating chatbot
ability to express empathy in developing an effective weight
management program.

Given the rising trend of chatbot innovations in weight
loss and physical activity promotion, it is critical to build
a chatbot that can simultaneously understand the user’s
emotions and circumstances (27). Since losing weight
can be emotionally and mentally demanding, receiving
emotional support will benefit people who intend to lose
weight (6, 29), especially when they feel discouraged.
Although many apps serve as diet assistants (29), they
mainly focus on dietary recommendations and calorie
tracking with limited support for the user’s emotional
wellbeing (29, 30). Understanding individual emotions will
positively impact the user’s intention to follow a weight loss
intervention (29).

This study aimed to propose an initial step to developing a
diet bot with artificial empathy called “SlimMe.” Based on the
proposed design, we conducted a preliminary evaluation to find
bugs or errors and investigate how users react to SlimMe.

MATERIALS AND METHODS

This study proposed using an automated conversational agent
via a social messaging platform that can supplement professional
dietitians providing 24-h monitoring support to their clients
(Supplementary File 1). Our chatbot is intended to support
specific dietary weight loss approaches, focusing on self-
monitoring energy balance, including self-weighing, dietary self-
monitoring, and self-monitoring exercise.

SlimMe Design Architecture
SlimMe is a conversational agent aimed to assist people who
intend to lose or maintain their weight. It interacts with
the users through text-to-text conversations via the messaging
platform on their smartphone. The SlimMe chatbot architecture
consists of dialogue management, messaging platform, and
webhook services.

Messaging Platform
The messaging platform serves as the front end that provides
the chat interface to interact with the bot. This study
used LINE mobile API messenger platform as the chatbot
interface. LINE is one of the fastest-growing messaging apps
worldwide, with the number of daily new users reaching
1.7 million per day (31). In addition, the LINE platform
supports integration with Dialogflow, allowing developers to
develop LINE intelligence conversational bots with natural
language understanding based on Dialogflow technology (7).
Currently, SlimMe can be accessed by the LINE messenger
with user ID @kze1036y or through a QR code image
(Supplementary File 1).

Dialogue Management
Dialogue management is responsible for processing the
user’s message input and generating the appropriate response
message (conversational agent). SlimMe uses Dialogflow as the
conversational interface logic to manage the agent response.
Dialogflow is a platform based on NLP provided by Google (32).
This platform is free and supports multiple chatbot creations and
language options.

SlimMe uses natural language understanding (NLU) to
retrieve unstructured user input and generate an understanding
context based on the user’s intention. NLU supports intent
classification and entity mapping (11). The intent is a concept
that makes the chatbot understand and react to a specific
action. An entity is a recognized concept (known as entities)
within the custom intents (32). SlimMe intent classification
and entity mapping model adopts a combination of pre-
trained (manually annotated from specific text messages) and
automated retrieval approach and generative response based
on AI. The retrieval and generative-based approach uses
artificial neural networks to compute all users’ input and
give probability scores for each intent using named-entity
recognition (NER). We have created 103 intents with ∼1,543
user expressions based on information knowledge from a
professional dietitian and Nutritionix API database. In case
there is no match response to the pre-defined set of rules,
SlimMe will use the retrieval and generative-based approach
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FIGURE 1 | SlimMe architecture and knowledge-based model.

to provide an appropriate response to the user’s input in an
open-domain conversation.

Nutrition Database and Webhook Services
Both Dialogflow and LINE platforms solely provide simple
interaction with the user in the form of dialogue. We improved
our bot knowledge with Nutritionix Food and Exercise Database
API to add various nutrition consultation features. Thus, it could
count users’ daily calorie needs, estimate calorie intake, and burn
calories after exercising. Nutritionix is the largest verified public
food database with more than 800,000 unique food items and
exercise data (33). In addition, Nutritionix API provides natural
language for nutrient and exercise and is available on the Internet.

We utilized Heroku’s webhook services based on Node.js for
the backend response to set up a connection between SlimMe and
Nutritionix. When the user adds our LINE bot as their friend or
sends a message, it will post a notification to the webhook URL
and call a pre-defined function. Once the action is completed, the
appropriate responses will be selected and sent to the user via the
LINE messenger.

The chatbot knowledgemodels were built by adopting the self-
monitoring behavior that records user self-weigh-in, activity, and
persistent food logging. Self-monitoring behaviors were known
to be significant predictors of weight loss (34). As a virtual diet
assistant, SlimMe enables the user to experience simulation on
self-monitoring behavior features such as nutrition assessment,
food intake, and exercise history. Nutrition assessment features
collected basic user profiles that can calculate the user’s daily
calorie needs. Food intake features can estimate the user’s
daily calorie intake. Meanwhile, the exercise feature collected
information on the user’s exercise activity to estimate calories
burned after exercise.

Figure 1 illustrates how we built SlimMe chatbot information
knowledge based on user expression responses. First, the inputted
messages related to nutrition features, food intake, and exercise
features will be extracted and stored in the SlimMe database.
Next, user information such as weight, height, age, gender,
physical activity level (PAL), and weight goal will be extracted
to estimate the user’s daily calorie needs, known as total energy
expenditure (TEE). Finally, TEE calculates the individual basal
metabolic rate (BMR) based on the Harris–Benedict Equation
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FIGURE 2 | Sequence conversation between SlimMe and users.

(35). A detailed explanation of the TEE and BMR calculations
can be seen in Supplementary File 2.

In addition to self-monitoring behavior, personalization
through individualized feedback provided by coaches
offers an opportunity to increase participant engagement
and be a significant predictor of greater weight loss.
Therefore, we offer empathic motivational support, which
consists of a self-report reminder of the user’s food intake
and exercises (#ChooseMyMeal), nutritional knowledge
(#NutPedia), inspiration quotes (#MoodBooster), and even jokes
(#JokeCorner). We also provide small talk features to respond
to any messages that are not related to nutritional content. This
small talk knowledge base was built using a hybrid of pre-defined
conversations on weight loss and pre-built agents for real-world
conversation and the automated retrieval and generative-based
AI model on the user input history in Dialogflow.

We adopted a text-based emotion analysis to recognize the
user’s emotion. We provided the bot with a dictionary of positive
and negative emotions from a series of conversational flows
from a pre-built agent in Dialogflow combined with machine
learning training based on the user interaction history. Examples
of positive emotions are “happy,” “good,” etc. and negative
emotions are “sad,” “angry,” “bored,” etc. These dictionaries
enabled SlimMe to detect positive and negative emotions and
then provide appropriate responses regarding such emotions.
SlimMe generated a persuasive messaging response using the
right choice of words to express the feeling of understanding.
We optimized the bot’s empathic expression by adding social
dialogue (small talk features), knowledge (motivational features),

humor, and media (e.g., messaging stickers, emoticons, images,
and video) that can emulate human-like conversations.

The sample conversation sessions between a user and SlimMe
can be seen in Figure 2. When users encounter an emotional
situation, SlimMe treats the user as a friend and gives them a
chance to express their current emotional status. If users express
their feelings, SlimMe responds positively to understand their
situation before providing motivational support.

Participant and Procedure
We recruited 10 international students at Taipei Medical
University for our simulation trial through convenience
sampling. We selected early-stage users as representative samples
who were not programmers and not aware of or involved
in the development of SlimMe. They were also new to the
concept of diet bot. They should have prior experience using
mobile nutrition diet apps, so that they are familiar with the
self-nutrition reporting process. In addition, we only included
female participants because women are more likely to be engaged
in the health promotion program and more conscious about
body weight. Women were more likely than men to report
using an organized weight loss program during their weight loss
(36), which is really important to improve our chatbot daily
calorie and exercise trackers. We asked all participants to interact
with SlimMe every day for 7 consecutive days. SlimMe also
sent a reminder two times a day to remind the participants to
report their dietary intake and physical activities. We provided a
shopping coupon as a small reward to the participants at the end
of the trial.
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TABLE 1 | SlimMe chatbot simulation scenario.

Task Item Explanation

Simple Greetings Try to greet the bot

Small talk Inform the bot that you want to lose weight,

struggle with your diet, food pusher

comment, say thank you, say the bad

appraisal

Asking bot identity Try to ask [what is chatbot] and [what it is

capable of], who develops the bot, etc.

Complex Diet goal Select the diet plan offered by the bot

Nutritional

assessment

Inform your weight, gender, height, activity

level, and weight goal

Daily calorie needs Ask your daily calorie need

VERY Complex Calorie intake

tracker

Inform the bot what you eat and portion

and ask the bot the calculate the calorie

Calorie burned

estimation

If you manage to do some exercise, ask the

bot to estimate how many calories does it

burn by providing the type of exercise and

the duration

Calorie log Track your calorie need, intake, and burned

from exercise

We asked the participants to fill out a short questionnaire
about demographic characteristics, smartphone usage, and
familiarity with chatbot programs before the 7-day simulation
trial. The participants were then asked to add SlimMe as their
LINE friends. We then informed the users on how to interact
with the bot and provided them with a simulation scenario to
train the chatbot function. The simulation scenario was divided
into three different tasks (Table 1), based on the complexity of the
NLP and nutrition task: (1) simple task is contributed to any daily
conversation related to weight loss; (2) complex task is defined
as a specific nutritional assessment conducted using a rule-
based approach that will follow a sequence of conversations in
which the chatbot will record the information and then calculate
the recommended dietary calorie restriction based on the user
self-report assessment; and (3) very complex task is involving
providing self-report of any dietary intake and exercise, in which
the chatbot will record the information provided and search in
its nutritional database and then calculate the calorie based on
the user’s self-report.

User Experience Evaluation Measurement
After the simulation session ended, we asked the participants
to answer a questionnaire to investigate their experience. We
used a five-point Likert scale questionnaire (ranging from 1
for “strongly disagree” to 5 for “strongly agree”), adopted from
the chatbot evaluation questionnaire introduced by Quarteroni
and Manandhar (37) and chatbot user experience evaluation
by Duijst et al. (38). We reversed the score for each negative
statement. We instructed the participants to indicate their
agreement level related to SlimMe performance (four items),
usability (four items), usefulness (six items), and satisfaction
(four items) as described in Supplementary File 3. We asked
the participant to provide their comments and feedback about

their experience and interaction with the SlimMe chatbot using
four questions: “What did you think of this experience? Why
(not)?,” “Do you think you would use this chatbot in real life?
Why (not)?,” “Do you think this chatbot is useful? Why (not)?,”
and “Did you think functionalities were missing in the chatbot?
Which one?”. We also encouraged the participants to capture
any problems they encountered during their interaction with
SlimMe. Feedback was then analyzed to identify further needs to
revise the chatbot prototype.

In addition to evaluating the user experience, we also
described the chatbot evaluation metrics to obtain an objective
result related to the user interaction frequency with SlimMe
during the 7-day simulation period. First, we recorded all
conversation history using Dialogflow and counted the total
number of bot responses and the total user input messages
recorded. Dialogflow can flag out chatbot irrelevant responses
by enabling the machine learning process. We then manually
reviewed all responses and classified them into coherent and
incoherent responses. The coherent response indicates an
accurate bot response to a relevant user request. Meanwhile, the
incoherent response indicates an inaccurate bot response to a
relevant user request. We defined relevant user requests as any
user input that related to the weight loss domain as instructed in
the simulation scenario.

Statistical Analysis
Reliability testing was conducted to measure the internal validity
and consistency of items used for each construct variable, such as
performance, usability, usefulness, and satisfaction. In addition,
Cronbach’s α was calculated to measure the internal consistency
of the questionnaire. All statistical analyses were performed using
R software (version 4.0.5). A visualization of Cronbach’s α is
generated using the function alpha() from R package psych (39).

RESULTS

SlimMe User Interface
Figure 3 describes the nutrition assessment simulation features.
For example, if a user informs the bot that the user wants to
lose weight (Figure 3A) and agrees to join the dietary planning,
the SlimMe bot will ask about the user’s age, gender, weight,
height, and physical activity. Then, the bot will estimate the
user’s daily calorie need based on the user information profile
and the user’s desired weight goal (Figure 3B). The bot will
also estimate the user’s daily calorie intake based on the self-
reported input (Figure 3C). To estimate the user’s calorie intake,
the user can type the food name and the portion size, and
SlimMe will present the calorie and record it in the dietary
log. The user can also inform SlimMe the type of exercise
they did, the duration, and the number of calories they burned
(Figure 3C).

SlimMe chats interactively with the users by creating
a responsive and interactive response through motivational
features (Supplementary File 1). It reminds the users to inform
their calorie intake and exercise activities and motivate and
provide nutritional knowledge, inspirational quotes, and even
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FIGURE 3 | SlimMe design interface using LINE messenger platform. (A) Greeting to start the nutrition assessment. (B) Daily calorie record. (C) Calorie intake and

exercise tracker.

jokes. Furthermore, SlimMe expresses its empathy through
various emoticons and GIF images, emulating a human-
like chatting.

SlimMe Chatbot Persuasive Technique and
Behavior Change Model
SlimMe adopted a persuasive technique to deliver empathic
and engaging conversation flows to the user. This persuasive
mechanism targeted two significant activities, namely, general
conversation to maintain the conversational flow and affective
conversational capacity with empathic and persuasive messages
to change user behavior (27). To achieve a successful weight
loss intervention program, we implemented a comprehensive
behavior change model focusing on energy intake reduction,
physical activity improvement, and behavioral skill training
(40). We adopted the behavioral change wheel (BCW) (41)
associated with the AI chatbot behavioral change model (27)
as the framework for the chatbot development. The BCW
model includes three sources of behavior, namely, capability (a
lack of knowledge about the benefits of AI chatbot services to
promote healthy diet and lifestyle modification), opportunity
(the possibility of an AI chatbot to provide artificial empathy
based on persuasive technology to change the user’s behavior),
and motivation (encourage positive feelings, affective feedbacks,
and achievement rewards). We linked the BCW model with the
AI chatbot behavioral change model divided into four major
components: (1) defining chatbot characteristics (e.g., SlimMe
visual illustration, identity, and features) and user backgrounds
(sociodemographic characteristics, nutrition assessment, and

self-reported dietary intake and physical activities), (2) building
relational capacity (small talk features and learning the user’s chat
interactions), (3) building persuasive conversational capacity
(nutrition and exercise knowledge database, persuasive strategies
using pre-built emotional appeals and affective messages), and
(4) evaluating mechanisms and outcomes (early-stage user
experience and usage patterns).

Result From the Simulation Trials
All of the simulation trial respondents were women, with age
ranging from 24 to 34 years, and half of them have nutrition
and dietetics as their educational background. The mean BMI
was 22.24 kg/m2 (normal weight). Among the participants, five
(50%) were overweight, four (40%) were normal weight, and one
(10%) was underweight. Of these, 70%were Android smartphone
users, and half of them had previous experience with chatbots
other than SlimMe chatbot before. Apart from participants’
characteristics of using a smartphone regularly, the messaging
platform ranked fifth in favorite smartphone apps.

Chatbot User Experience Evaluation
Figure 4 illustrates a visualization of Cronbach’s α distribution.
The Y-axis shows the four constructs of user experience
evaluation; meanwhile, the X-axis illustrates Cronbach’s α value
(range from 0 to 1) for each item within the four constructs
on the Y-axis. Every item in each construct is represented
as a horizontal line with multiple dots. The points in blue
color indicate Cronbach’s α value for the overall items in each
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FIGURE 4 | Distribution of Cronbach’s α within the four constructs of user experience evaluation.

construct, and the points in black color indicate Cronbach’s α

value when one of the construct items is dropped.
Based on Cronbach’s α analysis, the four construct user

experience variables were varied for their reliability, the construct
usability (n = 4 items, α = 0.71), the construct usefulness (n =

6 items, α = 0.77), and the construct satisfaction (n = 4 items,
α = 0.91). All three constructs had a value greater than the
minimum acceptable level of 0.7 (red vertical line), indicating
that the constructed variable was reliable and well-constructed.
Meanwhile, the construct performance’s internal consistency is
below the acceptance level (α = 0.47, n = 4 items). We have
considered dropping one item (C01) that contributed to such low
reliability for the performance construct and achieved acceptance
level (α = 0.54, n = 3 items). For all four constructs, the α value
indicated high reliability of statements (α = 0.89). The detailed
description of the user agreement for the four construct variables
can be seen in Supplementary File 4.

The result from the chatbot evaluation metrics showed there
were 1,007 bot responses from 892 user input messages. In
addition, there were 601 (67.38%) coherent response messages
and 189 (21.19%) incoherent response messages. Moreover, we
noticed that SlimMe provided an accurate response message 92
times (10.31%) to an irrelevant user request, and only 10 times
(1.12%) did the bot fail to respond to user messages.

The user feedback evaluation results about user experience
with SlimMe showed three key themes: positive chatbot user
experiences, negative chatbot user experiences, and future use.

Positive Chatbot User Experiences
The most frequent positive chatbot user experiences involved
ease of use, usefulness, and fun attributes. The user indicated that
the SlimMe chatbot is very useful because it is easier to track

their calorie intake and calories burned without having new apps
installed on their smartphone. Having a chatbot talk to them
about diet plans and estimate their daily calorie needs is a fun
and exciting experience. The users felt positive about the use
of emoticons, stickers, and GIF images. They noticed that this
function makes the conversation more interactive.

“It’s so fun to use this chatbot since it helps me to count my input

and output calories.” [Participant 3]

“Great! It looks like I have a personal assistant.” [Participant 10]

Having the chatbot remind them two times a day to report the
food they ate and the exercise they did is acceptable for them.
Most users noticed that some nutrition knowledge, motivation,
and even some jokes are fresh and fun and make the chatbot
more empathic.

“I like it when it reminds me about what I’ve eaten the whole day

from its question. When I report whatever food/beverages I take,

I always have a guilty feeling than suddenly think, ‘I will take less

later.” [Participant 9]

Negative Chatbot User Experiences
We highlighted negative chatbot user experiences contributed
by the calorie tracker feature and time limit setting. First, users
indicated that they want the chatbot to remind them at least three
times a day during meal times to be more accurate to them as if
they are having their friends care for them.

“Yes, but sometimes chatbot doesn’t remind me at every mealtime,

so sometimes I forget.” [Participant 7]
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Second, dietary calorie needs can only provide information on
the daily calorie summary. The user expected the bot to inform
the calorie andmacronutrient information, such as carbohydrate,
fat, and protein, weekly or monthly.

“I think maybe providing a note/summary of what keywords are

recognized by the system can improve the function a lot. Also,

maybe at the end of the day, we can get a notification of the

summary, how many calories we eat.” [Participant 5]

“Yes. I think the developer can increase other nutrition components

such as vitamins, protein, and fat. In addition, the chatbot can give

the consumer a daily report for the intake and burned calories at

the end of the day for each day.” [Participant 8]

Setting up a time limit during sequence conversation will become
an obstacle to the users during the simulation. We are aware that
sometimes the users cannot reply to the bot directly, and when
the users have time to reply, the bot can no longer recognize the
users’ expression due to the time limit response.

“The time is a bit annoying. When I was too late to reply, then

the chatbot couldn’t recognize what I typed. The other thing is the

measurement scale.” [Participant 9]

Future Use
When asked whether they wanted to use the SlimMe chatbot in
real life, all the participants responded positively.

“I will recommend this chatbot to my patients & fellow dietitian.”

[Participant 1]

“Yes, because it helps me track my calorie needs/burn in a simple

way.”[Participant 4]

Based on the chat interaction history between the chatbot and
the user, we found that the user tends to forget to inform the
bot about the portion size or input a wrong information order,
so SlimMe cannot provide an appropriate response. For example,
the user only typed “1 (banana)” without providing the serving
size, or instead of writing “1 (glass) of (milk),” they type “milk one
glass.” The lack of an entity dictionary caused this issue. Initially,
the bot can only estimate the user’s calorie intake by recognizing
the sequence order of (1) portion size and then (2) the food type
[e.g., (1 cup) of (rice)]. Therefore, we added a fallback intent with
illustrative chat examples on the calorie tracker functions and
updated the entity dictionary with unrecognized serving sizes to
resolve this issue.

In addition to the calorie intake tracker issue, the bot also
failed to estimate the calorie burned from exercise because the
user did not provide the correct exercise type. For example, users
type unrelated activities such as reading a book or studying as
their exercise type, instead of typing sitting and asking the bot
to estimate the calorie burned. However, because we only trained
the chatbot with a certain unit of time (e.g., second, minute, and
hour) and distance (e.g., mile, km, and m), the chatbot failed to
estimate the calorie burned if the user used a new entity other
than the one input in the dictionary. For example, SlimMe was
unable to recognize an inputted variable “steps” as their length
duration. Therefore, we tried to improve the bot intelligence by

adding unrecognized exercise type information such as “steps” in
the calorie burned tracker dictionary. A conversational assistant’s
performance depends on the dictionary model, especially when
the bot provides an appropriate response to the user’s various
inputs. Therefore, we need to thoroughly validate every possible
scenario provided by the user (21). We also tried to prevent
errors by sending an example pattern to show how the user
should inform the bot about their dietary intake and exercise
activities. Dialogflow also provides a training module where the
developer can look upon the mismatched conversation between
user requests and chatbot responses.

We found some bugs during the simulation trials, especially
when the user tried the dietary log function. Instead of generating
the dietary log directly, the bot will send the latest calorie intake
estimation and then provide the requested dietary log after the
user re-clicked themenu function.We fixed the issue by disabling
the default response in Dialogflow and enabling the webhook
function’s fulfillment response. Furthermore, our simulation trial
respondents had a different ability to accurately estimate their
intake portion size. They seem to have difficulty converting the
portion size to gram or kilogram. Therefore, we would like
to provide the portion size estimation cheat sheet as SlimMe’s
additional feature in the future. These findings probably affected
the user’s reaction to the performance of the chatbot.

DISCUSSION

Principal Findings
This study was conducted to design a chatbot with artificial
empathy to provide motivational support for a weight loss
program and investigate early-stage user reactions to a diet
bot. Our proposed conversation model that combines a pre-
defined dialogue system and automated retrieval approach
and generative response based on the user interaction history
improved either bot conversation knowledge or nutrition and
exercise knowledge. Improving the bot conversation capabilities
based on the user interaction history enabled SlimMe to provide
flexible conversation that adapts dynamically according to the
user’s emotional expression (12). Furthermore, affective AI
conversational abilities supported with empathic and persuasive
messages can build trust and correspond to the change in users’
attitudes and behavior during weight loss intervention (27). A
study reported that patients with high engagement levels with
a behavior change chatbot have a relevant weight loss and
improved diet (27).

Several studies have demonstrated a consistent correlation
between successful long-term weight loss interventions and a
self-monitoring diet in adjunct with motivational support (3,
4, 42). A randomized clinical trial of behavioral treatment for
weight loss study reported that participants having a personal
digital assistant with a daily feedback message group experienced
a greater self-monitoring adherence with the greatest weight
change (43). Therefore, an intervention that provides real-time
and personalized emotional support, for instance, AI chatbots,
yields a promising approach to prolonging the efficacy of weight
loss intervention. However, this requires the chatbot to enhance
its ability to have a more accurate human-like conversation,
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especially when users experience negative emotional feelings
during a vulnerable situation in their weight loss efforts (9). A
previous systematic review of chatbot intervention for weight
management showed no valid evidence of the efficacy of
chatbot intervention for weight loss (28). Yet, we believe that
the application of AI chatbots for sustained weight loss will
exhibit strong growth. Therefore, further study is required
to improve user experience and evaluate the usability and
effectiveness of SlimMe in supporting long-term success in
weight loss management.

The result from the 7-day simulation trial indicated that,
among the construct variables of usability, usefulness, and
satisfaction, the usability construct statement items showed the
least consistency with each other. It is probably related to
the calorie intake and calorie burned tracker feature. Chatbot
time response, which indicates the time interval between user
input and the bot response, is also a key factor that affects
user perception of the chatbot performances (44). SlimMe will
respond to users in ∼ <1 s. However, the descriptive summary
results indicated that half of the participants experienced slow
response time when interacting with SlimMe. After observing the
interaction history, we noticed a slow response when the chatbot
displays GIF images and estimates the calorie intake and calories
burned from exercise. Several aspects may affect chatbot response
time, such as network connection, chatbot server capabilities,
load response, and smartphone processing response (44).

Another key metric that should be measured to evaluate the
bot NLP model is the interaction frequency between the bot and
the user at a certain time (38). The number of coherent and
incoherent bot responses for each user input sentence can also
reflect how relevant is the bot response for each question and how
it matches the expected answer in the knowledge dictionary (37).
The results from the chatbot interaction metric showed that we
need to improve the accuracy of the SlimMe chatbot’s response
to the relevant user input request. We can enhance the chatbot’s
ability to predict the possible responses by validating the intent
classification and entity recognition based on the past inputs of
training data. Given the complexity of a real-world conversation,
continuous training of our SlimMe chatbot will be needed.
Although we had to focus the chatbot conversation on diet and
exercise, the users were still demanding other conversational
intents beyond the chatbot functions, such as small talk and
advice. Therefore, we provided structured conversations with
predictable input options to avoid infinite possibilities of user
inputs. Meanwhile, the number of SlimMe chatbot inaccuracies
to respond to relevant user input requests increased along with
the increasing calorie intake and calorie burned tracker response.
Based on the user interaction history, we found some repetitive
tasks due to the bot’s limitation of knowledge and users’ lack of
understanding to inform the bot of their intake portion size that
we can address in future maintenance and development.

The simulation trials’ results indicated that having a virtual
agent that becomes a friendly assistant in the weight loss
program is a fun and exciting experience for participants in
terms of chatbot empathic features. A future extension to the
proposed architecture may be needed for a better user–bot

interaction, such as improving the SlimMe knowledge-based
model (motivational features) and persuasive and empathic
features. SlimMe knowledge of persuasive messages can
be improved through speech recognition functionalities.
Meanwhile, empathic features can be improved by enabling
food image recognition. The user can upload the food
image they consumed, and SlimMe will estimate their
calorie intake. Due to users’ confusion related to portion
estimation in the simulation reports, it is also important
to provide portion size and exercise duration information
intent, which will help the users estimate the portion size
and duration time. Automatic mass unit conversion should
also be considered to estimate a more valid calorie intake
based on household portion size. Through this approach, we
believe it will minimize the users’ difficulty to estimate the
portion size.

In addition, the chatbot’s attempts to express empathic
functionalities might be slightly different from humans in
conversations and probably appear inauthentic to the user.
However, text-based emotion analysis offers a promising ability
to detect users’ emotions and respond appropriately based on
the user statements. For example, in case the user indicates a
negative feeling or emotion in their messages (such as “sad,”
“angry,” and “tired”), the bot will react appropriately by using
the right choice of words to express the feeling of understanding
and help the user feel better (such as “I know,” “I understand,”
telling jokes, and changing dialogue). We also optimized the
bot’s empathic expression by adding media (e.g., messaging
stickers, emoticons, images, and video) to be friendlier and more
emotionally intelligent. A large-scale language model on human-
to-human conversations on weight loss and emotion should be
incorporated into the training data sets to improve the chatbot’s
empathic ability. Training with large data sets, SlimMe can
automatically generate a natural response that offers personalized
support, exceeding its pre-defined functionalities. Meanwhile, to
reduce the harmful behavior due to the chatbot malfunctions,
developers need to provide shortcoming feedback and provide
options to ensure an appropriate response to the user request.
Continuous training is also needed to improve the chatbot’s
conversational capabilities in delivering empathy and mimicking
human conversations.

Limitations
This study has some limitations. First, the nutrition assessment
methods such as the anthropometric data, dietary intake, and
exercise were based on the user’s self-reports, which may not
be reliable and biased. Compared to the direct measurement,
self-reported anthropometric measurements were less accurate
(45) because people tend to under-report weight and over-
report height (46). However, evidence revealed that self-reported
assessment is satisfactorily valid for dietary and nutritional status
measurements (47, 48). Second, our chatbot was currently only
supporting English language conversation. However, our NLP
logic platform can support multi-language conversation for ∼16
languages (32). Thus, after some improvement in the nutrition
and physical exercise database translation, it is possible to build a
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multi-language bot. Third, this study focuses on developing and
deploying a diet bot, whereas the preliminary evaluation only
involves a small number of female users. We intended to recruit
specific users with domain knowledge of medical and nutrition
before scaling up to a broad range of users as they are more
prominent and relatively aware of the pros and pitfalls of diets.
After some improvements, we aim to conduct a future study
on comprehensive chatbot user experience, targeting individuals
who are overweight and obese to compare the effectiveness of
traditional weight loss and chatbot interventions. Furthermore,
our chatbot is still using a text-based emotion recognition system,
so there is room for improvement in the chatbot’s performance
and capabilities using image-to-text- and speech-to-text-based
recognition systems.

SUMMARY

This study proposed the new approach of combining individual
dietary intake and physical activity self-reports with emotional
support using an artificially empathic chatbot that can deliver
a fun, personalized, and effective weight loss management. We
identified an architectural design of a diet bot composed of the
dialogue management (the bot logic), messaging platform, and
webhook services platform. The webhook services can improve
SlimMe intelligence in responding to the user’s calorie intake
and calorie burnt that dialogue management cannot support.
Moreover, the chatbot may express engaging responses by
enabling a custom payload based on text-based emotion analysis
in our NLP platform and learning the user communication
history. Later, this framework can be adopted to build another
virtual agent which supports other specific diet therapy. The
chatbot can provide a real-time diet recommendation based
on the user’ dietary preferences. It can also synthesize a
personalized diet based on user diet therapy target and their
current achievement and emotional states.

DATA AVAILABILITY STATEMENT

Publicly available datasets were analyzed in this study. This data
can be found here: https://github.com/annisaristya/slimme.

ETHICS STATEMENT

This study has been approved by TMU Joint Institutional Review
Board. Participant indicates their consent by accepting the
simulation trial link invitation via LINE messenger.

AUTHOR CONTRIBUTIONS

AR was the primary investigator of this study, had the full
access to all data, system in the study, and took responsibility
for the integrity of the data and system. AR collaborated with
MM to design the chatbot platform. BB and SS-A contributed
to the chatbot UI/UX design. AR and AN were responsible
for data collection, analysis, and visualization. H-CY and Y-
CL contributed to study design, supervised the study, and
obtained the funding. All authors read and approved the
final manuscript.

FUNDING

This study was financially supported by Beasiswa Unggulan
Scholarship funded by the Ministry of Education and Culture,
Republic of Indonesia, Ministry of Education (MOE), ROC
Taiwan (grant number DP2-111-21121-01-A-02), and the
Ministry of Science and Technology, ROC Taiwan (grant
numbers: MOST 110-2320-B- 1222 038 -029 -MY3, 110-2221-E-
038 -002 -MY2, and 110-2622-E-038 1223 -003 -CC1).

ACKNOWLEDGMENTS

The authors would like to thank all SlimMe TMU-MIT
Hackathon team members Hanas Subakti, Emily, Yang, and
Firdani Rianda Putra. We would also like to express our gratitude
to all mentors from TMU-MIT (Sana) Hackathon 2017.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fnut.2022.
870775/full#supplementary-material

REFERENCES

1. World Health Organization. Obesity Preventing and Managing the Global

Epidemic. Geneva: World Health Organization (2000). Available online at:

https://apps.who.int/iris/handle/10665/42330

2. World Health Organization. Obesity and Overweight. (2021). Available

online at: https://www.who.int/news-room/fact-sheets/detail/obesity-and-

overweight (accessed January 5, 2018).

3. Burke LE, Wang J, Sevick MA. Self-monitoring in weight loss: a

systematic review of the literature. J Am Diet Assoc. (2011) 111:92–102.

doi: 10.1016/j.jada.2010.10.008

4. Raber M, Liao Y, Rara A, Schembre SM, Krause KJ, Strong L, et al. A

systematic review of the use of dietary self-monitoring in behavioural weight

loss interventions: delivery, intensity and effectiveness. Public Health Nutr.

(2021) 24:5885–913. doi: 10.1017/S136898002100358X

5. Yumuk V, Tsigos C, Fried M, Schindler K, Busetto L, Micic D, et al. European

guidelines for obesity management in adults. Obes Facts. (2015) 8:402–24.

doi: 10.1159/000442721

6. Solbrig L, Jones R, Kavanagh D, May J, Parkin T, Andrade J. People

trying to lose weight dislike calorie counting apps and want motivational

support to help them achieve their goals. Internet Interv. (2017) 7:23–31.

doi: 10.1016/j.invent.2016.12.003

7. Moraes ADS, Padovani RDC, La Scala Teixeira CV, Cuesta MGS, Gil

SDS, de Paula B, et al. Cognitive behavioral approach to treat obesity:

a randomized clinical trial. Front Nutr. (2021) 8:611217. 8:611217.

doi: 10.3389/fnut.2021.611217

8. Tudor Car L, Dhinagaran DA, Kyaw BM, Kowatsch T, Joty S, Theng YL,

et al. Conversational agents in health care: scoping review and conceptual

analysis. J Med Internet Res. (2020) 22:e17158. 22:e17158. doi: 10.2196/

17158

Frontiers in Nutrition | www.frontiersin.org 11 June 2022 | Volume 9 | Article 870775

https://github.com/annisaristya/slimme
https://www.frontiersin.org/articles/10.3389/fnut.2022.870775/full#supplementary-material
https://apps.who.int/iris/handle/10665/42330
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://doi.org/10.1016/j.jada.2010.10.008
https://doi.org/10.1017/S136898002100358X
https://doi.org/10.1159/000442721
https://doi.org/10.1016/j.invent.2016.12.003
https://doi.org/10.3389/fnut.2021.611217
https://doi.org/10.2196/17158
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://www.frontiersin.org/journals/nutrition#articles


Rahmanti et al. SlimMe, a Diet Chatbot With Artificial Empathy

9. Chew HSJ. The use of artificial intelligence-based conversational agents

(Chatbots) for weight loss: scoping review and practical recommendations.

JMIR Med Inform. (2022) 10:e32578. 10:e32578. doi: 10.219

6/32578

10. Abu Shawar, BA andAtwell ES. Chatbots: are they really useful? J Lang Technol

Comput Linguist. (2007) 22:29–49. Available online at: https://citeseerx.ist.psu.

edu/viewdoc/download?doi=10.1.1.125.26&rep=rep1&type=pdf

11. Adamopoulou E, Moussiades L. Chatbots: history, technology, and

applications. Mach Learn Appl. (2020) 2:1–18. doi: 10.1016/j.mlwa.2020.1

00006

12. Van Pinxteren MME, Pluymaekers M, Lemmink JGAM. Human-

like communication in conversational agents: a literature review

and research agenda. J Serv Manag. (2020) 31:203–25. 31:203–25.

doi: 10.1108/JOSM-06-2019-0175

13. Nutrition Advice Automation Platform. Available online at: https://getforksy.

com/ (accessed December 4, 2018).

14. Milne-Ives M, de Cock C, Lim E, Shehadeh MH, de Pennington N, Mole

G, et al. The effectiveness of artificial intelligence conversational agents

in health care: systematic review. J Med Internet Res. (2020) 22:e20346.

doi: 10.2196/20346

15. Devlin J, Chang M-W, Lee K, Toutanova K. Bert: Pre-training of deep

bidirectional transformers for language understanding. arXiv [Preprint].

(2018). arXiv: 1810.04805. doi: 10.48550/arXiv.1810.04805

16. Radford A, Wu J, Amodei D, Amodei D, Clark J, Brundage M, et al. Language

Models Are Unsupervised Multitask Learners OpenAI blog. (2019). Available

online at: https://openai.com/blog/better-language-models/ (accessed April

23, 2022).

17. Lim R, Wu M, Miller L. Customizing Gpt-3 for Your Application OpenAI

blog. (2021). Available online at: https://openai.com/blog/customized-gpt-3/

(accessed April 23, 2022).

18. Zhang Y, Sun S, Galley M, Chen Y-C, Brockett C, Gao X, et al.

Dialogpt: largescale generative pre-training for conversational response

generation. In: Proceedings of the 58th Annual Meeting of the Association

for Computational Linguistics: System Demonstrations. New York,

NY: Association for Computational Linguistics (2019). p. 270–8.

doi: 10.18653/v1/2020.acl-demos.30

19. Rosset C. Turing-Nlg: A 17-Billion-Parameter Language Model by Microsoft

Microsoft Research Blog. (2020). Available online at: https://www.microsoft.co

m/en-us/research/blog/turing-nlg-a-17-billion-parameter-language-model-b

y-microsoft/ (accessed April 23, 2022).

20. Adamopoulou E, Moussiades L. An overview of chatbot technology.

In: Maglogiannis I, Iliadis L, Pimenidis E, editors. Artificial Intelligence

Applications and Innovations. AIAI 2020. IFIP Advances in Information

and Communication Technology, Vol 584. Cham: Springer (2020).

doi: 10.1007/978-3-030-49186-4_31

21. Bickmore TW, Trinh H, Olafsson S, O’Leary TK, Asadi R, Rickles

NM, et al. Patient and consumer safety risks when using conversational

assistants for medical information: an observational study of siri, alexa,

and google assistant. J Med Internet Res. (2018) 20:e11510. doi: 10.2196/

11510

22. Bickmore T, Gruber A. Relational agents in clinical psychiatry. Harv Rev

Psychiatry. (2010) 18:119–30. doi: 10.3109/10673221003707538

23. Fadhil A, Wang Y, Reiterer H. Assistive conversational agent for

health coaching: a validation study. Methods Inf Med. (2019) 58:9–23.

doi: 10.1055/s-0039-1688757

24. Dol A, Kulyk O, Velthuijsen H, Gemert-Pijnen Lv, Strien Tv. Developing

a personalised virtual coach ‘denk je zèlf!’ for emotional eaters

through the design of emotion-enriched personas. Int J Adv Life Sci.

(2016) 8:233–43. Available online at: http://www.iariajournals.org/life_

sciences/

25. Dol A, Kulyk O, Velthuijsen H, Gemert-Pijnen JEWCv, Strien Tv, editors.

The use of dialectical dialogues in a personalized virtual coach for obese

emotional eaters a research protocol for a field study among target Group. The

Ninth International Conference on eHealth, Telemedicine, and Social Medicine.

Nice (2017).

26. Asensio-Cuesta S, Blanes-Selva V, Conejero JA, Frigola A, Portoles MG,

Merino-Torres JF, et al. A user-centered chatbot (Wakamola) to collect linked

data in population networks to support studies of overweight and obesity

causes: design and pilot study. JMIR Med Inform. (2021) 9:e17503. 9:e17503.

doi: 10.2196/17503

27. Zhang J, Oh YJ, Lange P, Yu Z, Fukuoka Y. Artificial intelligence chatbot

behavior change model for designing artificial intelligence chatbots to

promote physical activity and a healthy diet: viewpoint. J Med Internet Res.

(2020) 22:e22845. doi: 10.2196/22845

28. Oh YJ, Zhang J, Fang ML, Fukuoka Y. A systematic review of artificial

intelligence chatbots for promoting physical activity, healthy diet,

and weight loss. Int J Behav Nutr Phys Act. (2021) 18:160. 18:160.

doi: 10.1186/s12966-021-01224-6

29. Lemstra M, Bird Y, Nwankwo C, Rogers M, Moraros J. Weight loss

intervention adherence and factors promoting adherence: a meta-

analysis. Patient Prefer Adherence. (2016) 10:1547–59. 10:1547–59.

doi: 10.2147/PPA.S103649

30. Ahn JS, Kim DW, Kim J, Park H, Lee JE. Development of a smartphone

application for dietary self-monitoring. Front Nutr. (2019) 6:149.

doi: 10.3389/fnut.2019.00149

31. LINE Corporation. Line Surpasses 400 Million Registered Users. (2014).

Available online at: http://linecorp.com/en/pr/news/en/2014/714 (accessed

December 26, 2018).

32. Introducing Dialogflow, the New Name for Api.Ai. (2017). Available online

at: https://blog.dialogflow.com/post/apiai-new-name-dialogflow-new-

features/ (accessed March 12, 2018).

33. Nutritionix. (2017). Available online at: https://www.nutritionix.com/ (May

30, 2022).

34. Painter SL, Ahmed R, Hill JO, Kushner RF, Lindquist R, Brunning S, et al.

What matters in weight loss? An in-depth analysis of self-monitoring. J Med

Internet Res. (2017) 19:e160. 19:e160. doi: 10.2196/jmir.7457

35. Harris JA, Benedict FC, editors. A biometric study of human

basal metabolism.Pdf. Natl Acad Sci USA. (1918) 4:370–3.

doi: 10.1073/pnas.4.12.370

36. Crane MM, Jeffery RW, Sherwood NE. Exploring gender differences in a

randomized trial of weight loss maintenance. Am J Mens Health. (2017)

11:369–75. 11:369–75. doi: 10.1177/1557988316681221

37. Quarteroni S, Manandhar S. Designing an interactive open-domain

question answering system. Natl Lang Eng. (2009) 15:73–95.

doi: 10.1017/S1351324908004919

38. Duijst D. Can we improve the user experience of chatbots with personalization

(Master Thesis). University of Amsterdam, Amsterdam, Netherlands (2017).

doi: 10.13140/RG.2.2.36112.92165

39. Sharma A, Patel N, editors. Visualizing cronbach’s alpha for a large number

of assessments. 9th International Learning Analytics & Knowledge Conference

(LAK19). Tempe (2019).

40. Wharton S, Lau DCW, Vallis M, Sharma AM, Biertho L, Campbell-Scherer D,

et al. Obesity in adults: a clinical practice guideline. CMAJ. (2020) 192:E875–

91. doi: 10.1503/cmaj.191707

41. Tombor I, Michie S. Methods of health behavior change. Oxford Res Encycl

Psychol. (2017). doi: 10.1093/acrefore/9780190236557.013.125

42. Webber KH, Tate DF, Ward DS, Bowling JM. Motivation and its relationship

to adherence to self-monitoring and weight loss in a 16-week internet

behavioral weight loss intervention. J Nutr Educ Behav. (2010) 42:161–7.

doi: 10.1016/j.jneb.2009.03.001

43. Burke LE, Conroy MB, Sereika SM, Elci OU, Styn MA, Acharya SD,

et al. The effect of electronic self-monitoring on weight loss and dietary

intake: a randomized behavioral weight loss trial. Obesity. (2011) 19:338–44.

doi: 10.1038/oby.2010.208

44. Vasconcelos M, Candello H, Pinhanez C, dos Santos T. Bottester: Testing

conversational systems with simulated users. In: Proceedings of the XVI

Brazilian Symposium on Human Factors in Computing Systems. Joinville

(2017). p. 1–4.

45. Dekkers JC, van Wier MF, Hendriksen IJ, Twisk JW, van Mechelen W.

Accuracy of self-reported body weight, height and waist circumference in a

dutch overweight working population. BMC Med Res Methodol. (2008) 8:69.

8:69. doi: 10.1186/1471-2288-8-69

46. Lassale C, Peneau S, Touvier M, Julia C, Galan P, Hercberg S, et al.

Validity of web-based self-reported weight and height: results of the nutrinet-

sante study. J Med Internet Res. (2013) 15:e152. 15:e152. doi: 10.2196/jmi

r.2575

Frontiers in Nutrition | www.frontiersin.org 12 June 2022 | Volume 9 | Article 870775

https://doi.org/10.2196/32578
https://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.125.26&rep=rep1&type=pdf
https://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.125.26&rep=rep1&type=pdf
https://doi.org/10.1016/j.mlwa.2020.100006
https://doi.org/10.1108/JOSM-06-2019-0175
https://getforksy.com/
https://getforksy.com/
https://doi.org/10.2196/20346
https://doi.org/10.48550/arXiv.1810.04805
https://openai.com/blog/better-language-models/
https://openai.com/blog/customized-gpt-3/
https://doi.org/10.18653/v1/2020.acl-demos.30
https://www.microsoft.com/en-us/research/blog/turing-nlg-a-17-billion-parameter-language-model-by-microsoft/
https://doi.org/10.1007/978-3-030-49186-4_31
https://doi.org/10.2196/11510
https://doi.org/10.3109/10673221003707538
https://doi.org/10.1055/s-0039-1688757
http://www.iariajournals.org/life_sciences/
http://www.iariajournals.org/life_sciences/
https://doi.org/10.2196/17503
https://doi.org/10.2196/22845
https://doi.org/10.1186/s12966-021-01224-6
https://doi.org/10.2147/PPA.S103649
https://doi.org/10.3389/fnut.2019.00149
http://linecorp.com/en/pr/news/en/2014/714
https://blog.dialogflow.com/post/apiai-new-name-dialogflow-new-features/
https://blog.dialogflow.com/post/apiai-new-name-dialogflow-new-features/
https://www.nutritionix.com/
https://doi.org/10.2196/jmir.7457
https://doi.org/10.1073/pnas.4.12.370
https://doi.org/10.1177/1557988316681221
https://doi.org/10.1017/S1351324908004919
https://doi.org/10.13140/RG.2.2.36112.92165
https://doi.org/10.1503/cmaj.191707
https://doi.org/10.1093/acrefore/9780190236557.013.125
https://doi.org/10.1016/j.jneb.2009.03.001
https://doi.org/10.1038/oby.2010.208
https://doi.org/10.1186/1471-2288-8-69
https://doi.org/10.2196/jmir.2575
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://www.frontiersin.org/journals/nutrition#articles


Rahmanti et al. SlimMe, a Diet Chatbot With Artificial Empathy

47. Kirkpatrick SI, Gilsing AM, Hobin E, Solbak NM, Wallace A, Haines J,

et al. Lessons from studies to evaluate an online 24-hour recall for use with

children and adults in Canada. Nutrients. (2017) 9:100. doi: 10.3390/nu90

20100

48. Yuan C, Spiegelman D, Rimm EB, Rosner BA, Stampfer MJ,

Barnett JB, et al. Relative validity of nutrient intakes assessed by

questionnaire, 24-hour recalls, and diet records as compared with

urinary recovery and plasma concentration biomarkers: findings for

women. Am J Epidemiol. (2018) 187:1051–63. 187:1051–63. doi: 10.1093/

aje/kwx328

Conflict of Interest: The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could be construed as a

potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors

and do not necessarily represent those of their affiliated organizations, or those of

the publisher, the editors and the reviewers. Any product that may be evaluated in

this article, or claim that may be made by its manufacturer, is not guaranteed or

endorsed by the publisher.

Copyright © 2022 Rahmanti, Yang, Bintoro, Nursetyo, Muhtar, Syed-Abdul and Li.

This is an open-access article distributed under the terms of the Creative Commons

Attribution License (CC BY). The use, distribution or reproduction in other forums

is permitted, provided the original author(s) and the copyright owner(s) are credited

and that the original publication in this journal is cited, in accordance with accepted

academic practice. No use, distribution or reproduction is permitted which does not

comply with these terms.

Frontiers in Nutrition | www.frontiersin.org 13 June 2022 | Volume 9 | Article 870775

https://doi.org/10.3390/nu9020100
https://doi.org/10.1093/aje/kwx328
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://www.frontiersin.org/journals/nutrition#articles

	SlimMe, a Chatbot With Artificial Empathy for Personal Weight Management: System Design and Finding
	Introduction
	Materials and Methods
	SlimMe Design Architecture
	Messaging Platform
	Dialogue Management
	Nutrition Database and Webhook Services

	Participant and Procedure
	User Experience Evaluation Measurement
	Statistical Analysis

	Results
	SlimMe User Interface
	SlimMe Chatbot Persuasive Technique and Behavior Change Model
	Result From the Simulation Trials
	Chatbot User Experience Evaluation
	Positive Chatbot User Experiences
	Negative Chatbot User Experiences
	Future Use


	Discussion
	Principal Findings
	Limitations

	Summary
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Acknowledgments
	Supplementary Material
	References


