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Eating disorders are complex medical and psychiatric illnesses that can have serious consequences for health, productivity,
and personal relationships, and individuals’ cognitive eating behavior often varies from one person to another. As a result,
compared to a generic model considering profiles of several users, a personalized model can capture a user’s cognitive eating
behavior more accurately to predict their health status. In this work, we build a mobile dietary and emotional diary system
with a weighted hybrid approach to model users’ cognitive behavior analysis. Through an analysis of normal and abnormal
dietary input and emotional state, this system is intended to provide an eating disorder healthcare service as a service in the
cloud. By using dynamic performance-based weighting, we combine the predictions of a general model, a group model, and a
personalized model. The initial experimental results are presented, and further research topics are discussed.
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1 INTRODUCTION

There is a cognitive behavior work for eating disorder [9]. However, it provides no mobile IoT tracking mechanism
and personalized care. Our prior work focused on treating eating disorders based on daily eating habits, and
knowledge base [7]. However, it can be enhanced to have personalized eating disorder care.

Eating disorders, our primary focus, are real, complex medical and psychiatric illnesses that can seriously affect
health, productivity, and relationships. Also, enabling eating disorders health care is one of the behavioral health
care we need to take care of. The treatment strategy is determined by the severity of the illness and the specific
eating disorder diagnosis, and cognitive-behavioral therapy and interpersonal therapy produce substantial and
long-lasting changes. Pharmacological treatment often has a valuable role [2]. Therefore, our mobile dietary and
emotional diary system for eating disorder care will provide a long-lasting tracking system by writing the diary
from the patient and checking the facial emotions to analyze the cognitive-behavioral.

On the other hand, an E-health care system can collaborate with healthcare professionals, regulators, pharma-
cies, insurance companies, vendors, hospitals, and patients [10]. Also, E-health has many challenges, such as
how medical and healthcare information is collected and stored, the lack of technologies, and the potential cost
of digitizing existing processes and tasks. Since one of the significant challenges is to convert all medical and
healthcare information to electronic format, we provide a healthcare system where patients and professionals
can quickly write or update the information using a smartphone.
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Fig. 1. Eating disorder diary system scenario (left) and eating disorder architecture on Android platform and MySQL database
on the cloud environment (right).

In this paper, we explore healthcare services that could detect personalized eating disorders by (1) enabling
eating disorders health care, (2) dynamic diet information by adaptive personalized modeling, (3) real-time diet
diary system, and (4) emotion state recognition.

2 PERSONALIZED EATING DISORDER CARE
2.1 EATING DISORDER DIARY SYSTEM

For the mobile dietary system, the eating disorder diary system has three major parts: prevention, diagnosis, and
treatment. Prevention aims to promote healthy development before the occurrence of eating disorders. It also
intends early identification of an eating disorder before it is too late to treat. Children as young as ages 5-7 are
aware of the cultural messages regarding body image and dieting. Internet and modern technologies provide new
opportunities for prevention. Online programs have the potential to increase the use of prevention programs. The
development and practice of prevention programs via online sources make it possible to reach a wide range of
people at minimal cost. Such an approach can also make prevention programs to be sustainable. For prevention,
we designed the professional suggestion part for individual patents by building communication platforms for
sharing information.

The diagnostic workup typically includes complete medical and psychosocial history and follows a rational and
formulaic approach to the diagnosis. Multiple medical conditions may be misdiagnosed as a primary psychiatric
disorder, complicating or delaying treatment. These may synergistically affect conditions that mimic an eating
disorder or a properly diagnosed eating disorder. This typically involves counseling, a proper diet, a normal
amount of exercise, and reducing efforts to eliminate food. Hospitalization is occasionally needed. Medications
may be used to help with some of the associated symptoms. At five years, about 70% of people with anorexia and
50% of people with bulimia recover. Recovery from binge eating disorder is less clear and estimated at 20% to
60%. These diagnoses and treatments can be solved by depression recognition, monitoring psychological status,
machine learning to make better diagnoses, real-time diary systems, positive feedback to encourage healthier
eating habits, and so on.

Figure 1 shows the eating disorder diary system scenario. Whenever the patient writes a diary to update the
eating history, the system will dynamically update and check the knowledge base, which is located in the cloud
database. Meanwhile, real-time analysis and suggestion mechanisms from the cloud knowledge base come to the
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Fig. 2. User-interface of emotion diary app (left) algorithm for the procedure of detecting the event types (middle), an
algorithm for adaptive modeling for personalized cognitive behavior (right).

smartphone’s eating disorder diary system. On the other hand, all the patient’s information will be provided
to professionals for individual feedback. Figure 1 also explains the eating disorder diary architecture. On the
smartphone side, there are four components: checking food information, writing a food diary, checking others’
achievements, and getting professional suggestions for the mobile dietary app, which is implemented on the
Android platform. These components are used to monitor the personal eating disorder as well as dynamically
update the common and personal food information to the management system in the cloud. On the cloud server
side, there are three components: monitoring, managing knowledge base, and managing personal information.
All this information is implemented on the top of MySQL and Amazon Web Service cloud servers.

2.2 EMOTION STATE RECOGNIZING

The user’s emotional information can be collected through the emotional diary system. The emotional diary
system is a smartphone app implemented on the iOS platform, which utilizes the smartphone camera to detect
the user’s facial expressions. Human facial expression can be sensed and analyzed through "Affdex SDK", which
is distributed as CocoaPod. "Affdex SDK" provides open-source API support for Swift projects to detect different
emotional expressions such as joy, disgust, surprise, etc. [8]. Through the camera, the emotional diary system is
able to localize the key facial landmarks and capture the user’s facial expressions.

The emotional diary system can recognize the user’s seven different emotional expressions. Each emotion is
represented by a numerical value expressed in the progress bar. After the user confirms the most representative
emotion, a detailed facial expression report will be generated and available for the user to read in Figure 2.

For this project, we are mainly interested in the three representative emotions: joy, disgust, and sadness, to
detect the abnormal amount of calorie intake and track the care procedure for eating disorders.

Our emotional diary system architecture can be divided into three components interacting with each other.
A mobile component (smartphones, personal computer) collects the user’s emotions at different time stamps
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and uploads the emotions into Chronobot MySQL Database of a Mobile Slow Intelligence System [1]. Then, the
eating disorder diagnosis component sends the request to the database to continuously monitor the emotions of
each user. The emotional state can be one of the criteria for evaluating the caring procedure of an eating disorder.

2.3 ABNORMAL STATE MONITORING

Eating disorder care aims to identify the abnormal events in the data. The system uses the data-driven model
to identify the three different events in the data: abnormal-event, almost-abnormal event, almost normal event,
normal event, also denoted as el, €2, €3, e4. The basic idea of abnormal event identification is to "customize" for
each user. That is, the definition of the abnormal event can be automatically adjusted with respect to users.

In the system, the problem of identifying the abnormal events can be seen as the problem of clustering with
three centroids (@1, 2, 3, ®4). Each centroid is equivalent to a different type of event [5].

Definition 1: For the new data instance Di, the Euclidean distance between the data instance Di and the th®2),
d(Di, ®3); C(Di) is a cluster of the data instance Di: If C(Di) = ®1, then ¥(Di) = el. If C(Di) = ®2, then ¥(Di) = e2.
If C(Di) = @3, then ¥(Di) = e3. If C(Di) = ®4, then ¥(Di) = e4.

The algorithm in Figure 2 ’s middle shows the process of the system detecting the abnormal event with the data
instance Di as the input and the event types as the output. The study of the clustering is data-driven. However,
during the initial phase of the system, identifying the centroid may be a problem due to the lack of data instances.
We assume the initial three centroids are (u-20, p1, u+20), where u = 2,200 calories, o = 200 calories, following
with the Gaussian distribution, based on the average amount of calories in taking on daily basis recommended
by Dietary Guidelines Advisory Committee (DGAC). Clustering the new data instance Di with d dimensions
and updating the new centroids of the cluster is implemented through the k-means algorithm illustrated in [7]
Equation 1 and 2, which enables the definition of the abnormal event gradually adjusted to each user.

The attributes in the data instances consist of continuous values (e.g., calorie amount) and categorical values
(e.g., emotions). The distance calculation between the Di and the centroids cannot be purely the calculation
of Euclidean distance, which does not work well for categorical values. We separate the attributes of the data
instance into two groups, € and 1, where € is the set of attributes with continuous values and 7 is the set of
attributes with categorical values. The difference between two €: €1 and €2 can be simply calculated with distance
function (e.g., Euclidean distance, city block, etc.). For 7, the difference of the two 1: n1 and 12 can be computed
through a kernel function that calculates the dissimilarity scores between 11 and 2.

The A is the normal distance calculation function, and « is the kernel function used to measure the dissimilarities.
The weights assigned to each distance measurement are the « and . Using this approach, it can consider all
attributes for the distance measurement while avoiding the inference caused by categorical values. Besides, the
values of @ and f can dynamically change and be learned through a continuous data stream collected from the
user to detect the abnormalities better.

2.4 PERSONALIZED MODELLING

Accurately modeling user cognitive behavior requires different approaches at different stages [3, 4]. Rather than
treating this issue as a model selection problem, we approach it by building a hybrid model that aims to integrate
predictions from multiple models to be able to adapt to the situations mentioned above without relying solely on
the amount of data available [6]. The algorithm in Figure 2’s right describes how the adaptive model works.

3 EXPERIMENT AND RESULTS

The application was implemented on iOS and Android platforms to collect users’ emotional states and dietary
information. All the records were stored in the Chronobot MySQL database. We focus on identifying abnormal
events with incoming data streams collected from the applications. From the Chronobot database, we can extract
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Fig. 4. Graph visualization of abnormal event identification

the total amount of calories taken on a daily basis, associating it with its corresponding emotional state. The total
amount of calories and emotional state are the two criteria to evaluate the abnormality of the events.

Through the mobile dietary system on the top of the Android platform, we can upload our dietary history
several times per day, check food information such as calories, check eating disorder status among normal /
almost normal / almost abnormal/abnormal, and get emotion status identification which is extracted from iOS
platform as shown in figure 3.

We conducted a user-study experiment for a period of 15 days with five different patients. During the experiment,
we kept track of users’ daily food consumption. We calculated the total calories taken based on the food types
and amount while recording users’ emotional expressions. Then, to better project the abnormalities of the events,
we normalized the event abnormality values into the interval [0, 1] and classified the event based on its event
abnormality values. The higher value indicates the higher degree of abnormality of the event.

The types of the event also map to different colors. Figure 4 is the different visualization of the types of events
identified by our system. Event set abnormal-event, almost-abnormal event, almost normal event, normal event
map to the color set (red, orange, green, blue) to let users and physicians know the abnormalities inside the data
or evaluate the caring process of eating disorder. Figure 4 is a sample visualization of a patient over the testing
period.
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4 CONCLUSION AND FUTURE WORK

Eating disorders are real, complex medical and psychiatric illnesses that can seriously affect health, productivity,
and personal relationships, and individuals may have different cognitive behaviors. We designed and implemented
a mobile dietary and emotional diary system on the smartphone in order to detect personalized eating disorders
based on patients’ eating history and facial status detection. Through an analysis of normal and abnormal dietary
input and emotional state and personalized adaptive modeling, this system is intended for providing eating
disorder healthcare services. In the future, we can experiment with participants to understand how our system
is effective. We can also build software engineering modeling with cloud architecture for the slow intelligence
system and professional medical users’ interface to collect recommendations. In the future, we also plan to
increase the number of criteria that were used to determine the abnormalities of the event. For example, we could
consider the patient’s daily exercise and the types of food. Even though a patient’s daily total calories are high,
he/she has very active daily exercises, the system will still consider it normal. Although a patient’s daily calories
are low, the food he/she eats is mostly junk food, and then the system still considers it an abnormal event.
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