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Abstract
With increasing concern about health, researcher and companies are putting effort into studying how to improve human’s health by using wearable sensors and on-phone or web-based
applications. As lifestyle affects health significantly, the recommendation system that is used
to support lifestyle change for better health becomes more and more popular. But few of
existing recommendation systems study lifestyle patterns in advance and it is hard to make
good recommendations without knowing people’s living style well.
In this thesis, we focus on analyzing people’s lifestyle using IMEC’s dataset. It contains
people’s daily diet and activity and also the sleep information. Due to the importance of sleep
that poor sleep is linked to many negative health outcomes, including diabetes, obesity, cardiovascular health, and depression, we particularly study how daily diet and activity patterns
are related to sleep. A lifestyle data analytics framework is proposed to recognize and visualize these patterns. Several machine learning technologies, including mainly clustering and
association analysis, are applied in the framework to mine the underlying lifestyle patterns.
The specific use case, sleep pattern prediction, is narrowed down to sleep time prediction
according to the literature study and IMEC’s dataset and processed as a two-class classification task. The diet and activity patterns that are related to sleep time mined in the lifestyle
data analytics system are converted to features as input for the prediction model. Both the
patterns and prediction model can be used in a future recommendation system.
To test our pattern mining strategy, we validate the patterns by considering the patterns
as the hypothesis and doing hypothesis testing by new data collection. The prediction model
is evaluated by comparing the performance of doing prediction with and without patterns.
Even though, predicting with patterns shows better performance, the accuracy is still low
(around 0.6) due to the noise in original data. To prove that the prediction model can find
the underlying patterns in the dataset if there are any, we generate surrogate data, which is
clean and only have patterns we define. With surrogate data, the prediction accuracy can
reach as high as 1.
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Chapter 1

Introduction
IMEC has proven track record of wearable technologies for continuous activity and vital signs
monitoring. Thanks to the quality and design of its sensor systems and collaboration with
clinical centers and universities, people there have developed and validated several algorithms
for extracting meaningful information on the health status of a subject. They are currently
developing applications for smartphones or tablets that can allow users to:
• visualize their health status,
• receive feedback for improving their condition on their routine basis.
This master thesis has the following objectives to contribute to their goal:
• derive algorithms mining underlying lifestyle patterns and make them visualized,
• the pattern mining strategy should be developed and tested considering the use case,
sleep pattern prediction, which will be utilized in the future recommendation system.
In Section 1.1, we provide a brief motivation of why studying lifestyle patterns is necessary
and the final detailed goals to achieve. We formulate the problem to be addressed in this
thesis in Section 1.2. The methodology is briefly introduced, and the main contributions are
given in Section 1.3. In Section 1.4, the organization of the thesis is outlined.

1.1

Motivation and Goal

With the increasing concern about health and the booming technology development, many
researchers are putting effort into studying how technical products (sensors and on-phone
applications) can improve people’s health status. As common sense, lifestyle affects health
a lot. It has also been studied and shown by many researchers that healthy lifestyle significantly helps for humans health [21][69], like for instance, having a healthy lifestyle can
prevent or delay medical conditions, elevate mood, improve energy, stabilize sleep, and have
other positive effects. Especially in [77], it shows that not only the individual lifestyle factor
is associated with lower risks of some particular diseases, but also the joint effects of multiple healthy lifestyle factors. Besides, ICT (information and communications technology)
solutions to encourage behavioral change have been shown to be effective in implementing
Data-driven approach for modeling Lifestyle patterns
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primary prevention regarding a healthy lifestyle [29].
The most widely used ICT technology nowadays for human health is recommendation
systems or coaching systems, which supports making lifestyle changes. There are already
some recommendation systems and coaching systems are proposed for improving human’s
lifestyle for health. Usually, a recommendation system or a coaching system has a target
group of users and some specific goals. A context-aware personal coaching service system in
[47] is proposed to give the diabetes type II patients personalized feedback to empower them
to make healthy lifestyle choices with respect to physical activity and medicine compliance,
taking into account users preference, to control the blood sugar rate. [29] detects and monitors over time semeiotic face signs related to cardio-metabolic risk, and encourages users to
reduce their cardio-metabolic risk by improving their lifestyle. [33] proposes Intrapersonal
Retrospective Recommendation for generating lifestyle change recommendations that can be
based on what behaviors (eating activity and physical activity) worked and did not work for
the individual in the past.
However, those systems do not study people’s living patterns in advance. There is one
paper analyzing individual life pattern based on location history [76]. It formalizes life pattern and proposes an LP-Mine framework to retrieve location patterns effectively from raw
personal GPS data. They show the effectiveness of their system, but they do not make use
of those patterns they find. Intuitively, it is hard to make a good recommendation without
knowing people’s living style well. So we want to build a lifestyle data analytics framework
to learn, recognize and visualize people’s lifestyle patterns first. This framework helps to
achieve the first objective. Additionally, it is usual that the researchers and domain experts
have access to the data but do not have the idea what information they can get out from it
[74]. The framework shows them how to gain insight from the data.
To accomplish our second objective, we conduct a study of existing work for sleep pattern
prediction. Why predict sleep time pattern will be given in details in Chapter 2. Besides,
what information can be used for sleep time prediction are studied. In this thesis, we use
daily diet and daily activity for sleep time prediction task. The rationale behind choosing this
two information is due to the fact that both information are available and, to our knowledge,
there is no existing work yet which has investigated this information for sleep prediction in
machine learning ways. As for a real-life application, the diet/activity patterns mined that
related to sleep time and the sleep time prediction result can be used in a recommendation
system. How they can be used in the real-life scenario is given in details in the following
section.
Overall, this thesis aims to:
1) Develop a framework for lifestyle data analytics, which can help users know better their
way of life (particularly the routine basis related to sleep) and help domain experts and
researchers to analyze interesting lifestyle patterns, gain insight into what is happening
and explore the data.
2) Develop a model which can predict sleep time by using the patterns related to sleep found
in the lifestyle data analytics framework.
2
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1.2

Problem formulation

Due to the importance of mining lifestyle behavior explained in the previous section, we
will study human’s living patterns with IMEC’s dataset. This dataset contains multi-modal
data, including demographics, anthropometrics, free life diary data (including daily diet and
activity) and sensor data (mainly signals related to sleep). As it has diet, activity, sleep, demographic, and anthropometric information, we will focus on studying the underlying patterns
particularly regarding diet, activity, and sleep and leave the demographics and anthropometrics as additional information helping us know the dataset better. To maximize human’s
natural pattern-recognition abilities, we should make the patterns we found visible. Take diet,
for instance, we want to see how people’s daily diet or overall diet is composited of different
foods, making people know better their diet habits. This also works for activity. For sleep
pattern, we are interested in mining the diet and activity patterns related to sleep, which is
used for the following use case, sleep pattern prediction. An example of a simple visualization
of patterns related to sleep is given as Figure 1.1 showing that activity A, activity B, diet
C and diet D affect sleep and activity A affects Diet C. How they affect each other will be
added in a real application.

Figure 1.1: A simple visualization of patterns related to sleep
For sleep pattern prediction, the conventional prediction models can predict accurately
but do not give the reasons (Section 4.2) while we want to give the reasons. This explains
that why we study patterns related to sleep before making prediction rather than doing prediction directly. So the input of the prediction model f is a set of diet/activity patterns
P (Diet, Activity) we find by pattern mining strategy and output is the sleep pattern y,
which can be shown as follows:
y = f (P (Diet, Activity)).
Consider a real-life scenario as an example using our results for the recommendation
system. The sleep pattern y to predict is sleep time. The problem is simplified to predict
if the user will sleep normally, less than normally or more than normally. The separation
Data-driven approach for modeling Lifestyle patterns
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(y = {less, normal, more}) depends on the previous data from the user. For example, it
can be {less than 8 hours, 8 to 9 hours, more than 9 hours}. If we predict that the user
will sleep more tonight, but he has an important meeting tomorrow morning and still has
something to do tonight, he can follow the rules (patterns) that help for less sleep. If we
predict that the user will sleep less tonight, but he wants to get more sleep to store enough
for the coming day, he can follow the rules that help for more sleep.

1.3

Methodology and Contribution

Our work mainly follows the CRISP-DM process as shown in Figure 1.2. The last two
sections can be considered as the business understanding block in the graph. The lifestyle
data analytics system contributes to the data understanding and data preparation block.
Sleep pattern prediction is the modeling block. Finally, the evaluation is done.

Figure 1.2: CRISP-DM Process [4]
The lifestyle data analytics framework, in essence, is a multidisciplinary approach involving
four main components: data pre-processing, exploratory data analysis (EDA), pattern mining
with one specific target, and pattern visualization:
• Data pre-processing: handles how to extract useful information to facilitate following
steps.
• EDA: mine the properties of the dataset by using visualization techniques, clustering
and classification. Without a specific goal, this exploration work mainly helps us know
our dataset better.
• Pattern mining with one specific target: to fit the use case, we will make it tailored
to sleep time study. So the patterns we want to mine are something that related to
sleep time. A sleep associate pattern mining strategy is proposed to mine this kind of
patterns.
4
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• Pattern Visualization: addresses the presentation of the previous components for the
end user, researchers or domain expert. Two kinds of patterns are visualized: 1) diet
pattern, activity pattern, sleep pattern found in EDA. Visualization of these patterns
can help people know better their way of living; 2) patterns associated with sleep time
found in the third component, pattern mining with one specific target. The mined
patterns can be visualized to give subject ideas about the factors (reasons) that affect
his/her sleep time.
The sleep time prediction is mainly converting the diet and activity patterns related to
sleep time as attributes for the prediction model. Some general classifiers are subsequently
applied to predict sleep time as a classification task.
The sleep associate pattern mining strategy is evaluated by validating the patterns, found
in the original dataset, in other datasets. The sleep time prediction model is evaluated by
predicting sleep time using and not using patterns.
Overall, the major contributions of this project are: (1) come up with a lifestyle data
analytics framework that combines several methods, including taxonomy and clustering, to
mine the properties of the dataset, (2) derive sleep associate pattern mining strategy to see
how people’s daily diet, activity are associated with sleep time and (3) predict sleeping time
as a classification task to show that the patterns mined in sleep associate pattern mining can
be helpful for increasing prediction performance.

1.4

Organization of this thesis

The remainder of the thesis is organized as follows. In Chapter 2, the state-of-the-art lifestyle
domain knowledge is studied in terms of sleep pattern prediction, sleep correlation analysis,
daily diet/activity recommendation system. In Chapter 3, we describe the framework for lifestyle data analytics including the implementation details and corresponding results. Chapter
4 gives the details of the use case sleep time prediction. Chapter 5 presents the evaluation of
patterns found in original dataset and sleep time prediction. Finally, in Chapter 6, we draw
the conclusions and present the discussions including the risk of our results and the potential
use of our work.

Data-driven approach for modeling Lifestyle patterns

5

Chapter 2

Lifestyle domain knowledge
To explore the lifestyle patterns of people, we have to define what lifestyle is and what we
are interested in. Otherwise, it is hard to find a start point as the concept of lifestyle is quite
broad. Meanwhile, we have to look into the data to see what kind of data is available and
what kind of information we can extract from the data.
In [65], the authors define lifestyle factors as eating and drinking habits like calorie and
nutrient intake, activity levels, body and weight levels like Body Mass Index, Waist Circumference and Waist-Hip Ratio, levels of motivation and sleeping habits. [77] considers that
lifestyle contains physical activity, smoking, alcohol consumption, body mass index, and dietary factors while [29] specifies that lifestyle is composed of dietary habits, physical activity,
tobacco and alcohol use, stress and psychological conditions.
Based on these works of literature that define lifestyle factors, in summary, lifestyle contains dietary habits, calorie and nutrient intake, activity levels, body condition like body
mass index, sleeping habits, etc. This fits human’s intuition when people talk about lifestyle.
However, not all data are available in the dataset in use in this study. The IMEC’s dataset
has information, like demographics, anthropometrics, daily diet, daily activity and sleep information including motion, heart rate and duration.
As demonstrated before in Section 1.2, we will study people’s daily diet, activity and sleep
in lifestyle domain, particularly diet and activity patterns related to sleep, and focus on sleep
pattern prediction as the use case. In this chapter, we will analyze the state-of-the-art research
and work in these aspects of lifestyle domain. This helps us to find out what has been done by
others. At the same time, we can get theory supports from these studies. Starting from the
sleep pattern prediction, we firstly determine which sleep pattern (sleep time, sleep motion,
etc.) to predict and we can see what can be used as features for prediction subsequently
through sleep correlation study. The initial idea is to predict the sleep time concerning the
corresponding daily diet and activity as input. Moreover, the work of the diet/activity recommendation system should be studied as we want to make the recommendations for sleep
behavior adjustment based on the diet/activity patterns found that related to sleep in the
future recommendation system. This helps us to know if someone else did something similar
with us. After determining what to study and what information to use in the dataset, the
user modeling is proposed to store the information that we will directly use rather than the
Data-driven approach for modeling Lifestyle patterns
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raw data. This gives people an intuitive idea all the data we know about the user.
In Section 2.1, the related work done for sleep prediction is shown. The study about lifestyle factors that correlated with sleep time is in Section 2.2. The related work about daily
diet and activity recommendation is given in Section 2.3. Finally, the ontology used for user
modeling is described in Section 2.4.

2.1

Sleep pattern prediction

Sleep, as a significant factor of lifestyle, is normally studied in terms of sleep duration, sleep
quality and different stages of sleep. As sleep is shown to be significant for human [21][59],
researchers and developers in both industry and academic area spend a large amount of time
on it. Lots of products and studies are coming out concerning the three aspects of sleep.
On-phone (IOS or android based) applications, like Sleep Cycle [18], Sleep Time [16] and
Pillow [14], use accelerometers to detect the motion during sleep and predict in which sleep
stage people is. Visualization of different stages of sleep, sleep quality and sleep duration
that extracted from on-phone sensors or prediction model are shown by Graph User Interface
on the phone. They can wake people up in the light sleep stage based on a pre-determined
window, like for instance, 7.30am 8.00am. They are not accurate as the phone cannot detect
every movement of people and it is not convincing to predict sleep stages only using movement.
However, they are cheap and it is interesting to see the motion during sleep and sleep duration.
Some devices are produced to address some problems of the on-phone applications. Fitbit
[6] and Jawbone [12] are wristband or watch that can measure exercise and calories, which
can be used for sleep prediction. Generally, they are also based on accelerometers. But to
predict different stages of sleep, other signals, like EEG, are necessary. Hence, the product
Zeo [17], a headband that measures electrical impulses in the brain, turns out more efficient
with respect to predicting sleep quality.
Apart from the existing products in the industry, many types of research done in the
academic area are illustrated below.
Regarding with sleep duration, [28] investigates phone usage patterns by a sensor-based
inference algorithm to predict sleep duration. [25] uses a threshold-based algorithm to extract
night segments to predict the sleep duration. [30] uses a bio-motion sensor to detect sleep
and classification algorithm to predict sleep/wake states on a 30s epoch basis based on the
measured movement signal.
For sleep quality prediction, [41] adopts a lightweight decision-tree-based algorithm to
classify various events based on carefully selected acoustic features and tracks the dynamic
ambient noise characteristics to improve the robustness of classification for sleep quality prediction. [20] predicts sleep quality by statistical analysis based on stress questionnaire and
prior sleep diary while [22] predicts sleep quality by using machine learning technology and
medical knowledge that study the relation between context (daily activity, living environment,
8
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social activity information) and sleep quality.
Some papers study both sleep duration and sleep quality: [58] uses on-phone data (sound
amplitude, acceleration, ambient light intensity, screen proximity, running apps, battery state,
screen state and sleep diary) to train some classifiers to predict sleep duration and quality.
Other papers study sleep: [44] develops a method for sleep staging using movement related
signals obtained from a static charge sensitive bed (SCSB) and [73] uses features from PSG
(polysomnography) data to build a classifier to predict sleep or wake.
In our project, we only focus on the sleep duration for two major reasons: 1) we already
have duration information in the database, so we can use it as ground truth data directly; 2)
we don’t have sleep quality information at hand. The existing studies about sleep quality are
based on the ground truth from some standard questionnaires [27][45]. This information is
not available in our dataset.
Therefore, for the use case sleep pattern prediction, we can narrow it down to sleep time
prediction. And from these studies, we can notice that there are no studies that predict sleep
time concerning daily diet and activity. In next section, we can see how daily diet and activity
are correlated with sleep time, which are supports for our work.

2.2

Sleep correlation analysis

We would like to predict human’s sleep time and improve their sleep habits concerning their
daily diet and activity, which is interesting. Some researchers also study how diet [7][39] or
physical health [1][72] are related to sleep duration.
[39] shows that people in the different sleep categories have distinct diet patterns. Short
sleepers tended to eat less vitamin C, tap water, and selenium (found in nuts, meat, and shellfish) consumption, but more lutein or zeaxanthin, which are found in green, leafy veggies.
Long sleep was associated with consuming less theobromine, which is found in chocolate and
tea, the saturated fat dodecanoic acid, choline found in eggs and fatty meats and total carbohydrates. Long sleepers also drank more alcohol. [1] indicates that daily physical activity
helps for earlier bedtimes, longer sleep, more deep sleep duration and less mid-night wake ups.
These studies do this kind of work by statistical analysis or nutrition analysis while we
would like to do it in machine learning ways (pattern mining and classification). However,
they would be the theoretic support for our project.
The correlation between diet/activity and sleep in our data is pre-studied. The correlation
graphs can be found in Appendix A. In our data, we can see some factors have the positive
correlation with sleep time, like the snack, sport, vegetables, etc., and some factors have the
negative correlation with sleep time, like the social activity, alcohol consuming, work/study,
etc. Other factors, like fruit, entertainment, etc., do not have an apparent correlation with
sleep time.
Data-driven approach for modeling Lifestyle patterns
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2.3

Daily diet/activity recommendation

Healthy diet habits generally lead to better levels of physiology data, like levels of BMI, blood
pressure, and blood sugar, which serves as the most important indicators of a persons health
state. [69] provides intelligent, personalized web services of Diet plan for users through an
ontological knowledge engine based on standard Health Level Seven (HL7) health screening
data, which generate a dietetic plan and filter out unsuitable food on site according to users
health conditions and the accessible recipe information. [75] derives a recipe similarity measurement by taking a user-centered approach. Such a measure can be used to recommend
healthier alternatives to commonly selected meals, which are perceived to be similar. This
work considers food similarity rather than user-user similarity. A framework that can be used
for building a personalized nutrition service is introduced in [32]. This semantic recommendation system is proven in general outperforming traditional recommendation systems with
respect to accuracy, precision, and recall.
Unlike these work, we will study people’s diet habit (behavior) that related to sleep and
make food recommendation for sleep behavior change rather than making food recommendation based on food nutrition similarity or health food system.
Regarding with activity recommendation, [47] gives the diabetes type II patients personalized feedback to empower them to make healthy lifestyle choices with respect to physical
activity and medicine compliance. It helps the diabetes type II patients for better health
while we make activity recommendation for improving people’s sleeping habit.

2.4

User modeling

We have to perform user modeling, a subdivision of humancomputer interaction which describes the process of building up and modifying a conceptual understanding of the user, as it
is essential for a personalized recommendation system [37]. The technique we use to construct
the user modeling is the ontology, which enables the advanced representation, management,
and sharing of knowledge [69][67]. For example, if we build the user modeling by ontology, the
proposed ontology can be reused by other developers as a basis for the creation of software
applications that expand the application of ours or applications that are related to people’s
lifestyle. Meanwhile, the description of the proposed ontology can give people an intuitive
idea about what information is available in our dataset.
In the diary in IMEC’s dataset, the data that we are interested in are the type and time of
activities and diet, which can be presented as features for the following process. However, the
type of activities and diet should be pre-studied, for example classifying them into different
classes. To do this, we would like to build two classifiers, one for classifying the activity class
and another for classifying the diet class. Different classes of activities and diet are defined
in Section 3.3.2.
From the sensor data, we are interested in the sleep time. However, we also have data
like sleep start time, sleep end time, motion during sleep, heart rate before sleep, heart rate
during sleep, and heart rate after sleep. These data are not useful in the specific use case
10
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(sleep time prediction concerning daily diet and activity), but they are still of interest and
may be useful in the future. So having these data stored in the ontology is necessary for future
expanding. Apart from this information, demographic and anthropometric information are
also worth keeping, like age, gender, nationality, profession, height, weight, BMI, percentage
of fat, and percentage of muscle.

Figure 2.1: An example of lifestyle ontology
The structure of the ontology is described in Figure 2.1. Each block is a class (also
can be considered as concept) which can be instantiated. The virtual lines between the
blocks show the relations between each pair of classes. The words attached to the classes are
attributes that we care about one particular class. Here is a simple example: for one person
(an instance of subject), he/she can have a diet, an activity, sleep, demographic information
and anthropometric information. For each diet or activity, it can have the type and time
information. For sleep, it can have the duration, start time, end time, motion, heart rate.
For demographics, it can have age, gender, profession and nationality. For anthropometrics,
it can have height, weight, BMI, percentage of fat and percentage of muscle.

Data-driven approach for modeling Lifestyle patterns
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Chapter 3

Lifestyle data analytics and pattern
recognition
In this chapter, we will give an overview of the life analytics framework firstly and then the
implementation details of each block. The life analytics framework is explained in Section
3.1. In Section 3.2 to Section 3.4, the methods we used will be given. They are mainly data
pre-processing, exploratory data analysis, sleep associate rule mining respectively. Not only
the implementation details but also the corresponding results will be shown in each section.

3.1

Lifestyle data analytics framework

The lifestyle data analytics framework, in essence, is a multidisciplinary approach involving
four main components: data pre-processing, exploratory data analysis, pattern mining with
one specific target, and pattern visualization. The architecture including the details of the
lifestyle data analytics framework applying on IMEC’s dataset is shown in Figure 3.1. The
functionality of each component is described as follows.

• Preprocessing and Feature extraction
Firstly, the natural language processing technologies, feature extraction technologies, and
data normalization are needed to pre-process the dairy data.

• Exploratory Data Analysis
Secondly, the exploratory data analysis (EDA) is required before the pattern mining part.
This can help us look insight of our data and find the underlying properties of our data.
With EDA, we can know our data better, like the distribution of the data, the composition
of the data and the underlying clusters inside the data, etc., by visualization techniques. The
techniques we use are mainly pie chart, stack bar chart, histogram, linear correlation plot,
mean plot, etc. We see peoples overall diet habit, daily diet habit, overall activity habit, daily
activity habit and daily sleep habit via these techniques.

Data-driven approach for modeling Lifestyle patterns

13

CHAPTER 3. LIFESTYLE DATA ANALYTICS AND PATTERN RECOGNITION

• Pattern mining with one specific target
Thirdly, for the pattern mining with one specific target part, we concentrate on discovering
the patterns related to sleep. According to the literature study in lifestyle domain (Chapter
2), we are interested in learning how the daily diet pattern and the daily activity pattern
are associated with the daily sleeping time pattern. As the data will be labeled with sleep
time label, patterns are mined by way of dividing the data into different sleep time groups
based on the label or considering the sleep time label as an attribute. In a first way, we apply
association analysis to find out the associations between diet and activity in each sleep group.
In a second way, we modify the traditional association analysis algorithm to find how each
diet factor and activity factor are associated with sleep label directly.

• Patterns Visualization
Finally, the system can visualize users’ living status to make them more aware of their
way of living in terms of diet, activity, and sleep. Meanwhile, it can help domain expert to get
insight into what is happening in the data. Additionally, the methodology (mainly clustering,
association analysis) we use can be a technical reference for domain experts and researchers,
which gives them the idea that how to apply these methods in lifestyle domain.

14
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Figure 3.1: Lifestyle data analytics framework
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3.2

Data Pre-processing

In IMEC’s proprietary database, the data is divided into two categories: diary data and
sensor data. The diary data recorded by the subjects are to memorize their daily diet and
activity information, which includes the corresponding timing information. The sensor data,
on the other hand, gives us the information about subjects’ movement and heart rate, etc.
during sleep. However, these data are raw data, which need some pre-processing steps. For
the diary data, as the diary is written in English, the natural language processing technology
is needed to process these text files and change it to some format (features) that can facilitate
the following pattern recognition steps. For the sensor data, they are raw signals from the
sensor. But it has been processed and the features derived can be used directly.
In Section 3.2.1, we give a brief introduction to the IMEC’s dataset. The technologies used
to deal with natural language are shown in Section 3.2.2. The feature extraction methods
used are given in Section 3.2.3. Data normalization is needed in our system. The reasons and
methods are explained in Section 3.2.4.

3.2.1

IMEC’s dataset introduction

Totally, we have 75 subjects in the dataset. But some data of one subject is not complete
due to the reason that some subjects did not write the diary and the sensor did not work
for some subjects. Only 29 subjects out of the 75 subjects have both diet and activity data
completely. And among the 29 subjects, 25 subjects have sleep information. So the study of
diet and activity is applied on the 29 subjects and the study related to sleep is applied on the
25 subjects.

3.2.2

Natural language processing

Figure 3.2: Pre-processing steps of diary data
The pre-processing of diary data follows the flow demonstrated in Figure 3.2, which consists of tokenization, stop word removing, spell checking and lemmatization. As these methods
are not the emphasis of our project, so most of them are implemented by the NLTK toolbox
[13], a leading platform for building Python programs to work with human language data. It
is sufficient for our project in terms of efficiency and accuracy.
• Tokenization
The first step is tokenization as it is a necessary preprocessing step in all the natural
language processing tasks. It is to chop a character sequence up into pieces, called tokens,
given a defined document unit and at the same time throwing away certain characters, such
16
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as punctuation [56]. As the texts are of the simple format, they do not need sophisticated
tokenization techniques. An example is given:
egg, sausage, cof f ee, cookie
would be represented as:
[0 egg 0 , 0 sausage0 , 0 cof f ee0 , 0 cookie0 ]
• Remove stop words
Stop word removing is to remove words like the, a, on, in and numbers etc. They are words
of fewer meanings. However, the stop word library in NLTK is not enough to remove works
including numbers, like 71kg. To remove this kind of words, regular expression operations in
Python is used. We replace these words by no meaning symbols, so they can be removed by
the stop word remover.
• Spell checking
Spell checking module is pretty significant as many subjects make spelling mistakes in the
diary. For example:
chocolat, potatoe, salaede, cof ee, schrimp
Several existing spell checking modules are used but the results are not satisfying. As the data
set is small at this moment, we do the spell checking manually. Obviously, this is not a good
way and really time-consuming. However, spelling checking, even diary data pre-processing,
is not the emphasis of this project, this is acceptable for the small data set.
• Lemmatization
Lemmatization aims to remove inflectional endings only and to return the base or dictionary form of a word, which is known as the lemma [56]. Examples are:
walking → walk
cycling → cycle
driving → drive

3.2.3

Feature extraction

In data mining and machine learning area, we usually use features to represent the information of the raw data to facilitate the future process. So we should present the diary data as
features to facilitate the following steps. We use the term item to refer a food or an activity in the recording. An immediate idea that fits humans intuition is to use T F [56] (term
frequency: the number of times one subject have a specific food or activity) as the feature of
one item.
However, compared with T F , T F IDF [56] (term frequency-inverse document frequency)
is more often used as a weighting factor in Information Retrieval and Text Mining as it reflects
Data-driven approach for modeling Lifestyle patterns
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how important a word is to a document in a collection. Here, we can interpret a word as an
item, a document as a subject and a collection as our data set. So T F IDF can reflect how
important an item is to a subject in our data set. Besides, the food recommendation system
in [32] uses T F IDF value to represent for each food item. However, we can try both T F and
T F IDF and compare the results.
Based on the traditional definition of term frequency, the T F used in our application can
be calculated as:
tfji = nij ,
where nij is the number of occurrences of item tj in ith subject’s diet or activity.
Similarly, the inverse document frequency IDF is formulated as:
idfj = log

|A|
,
|{s : tj s}|

where |A| represents the total number of subjects and |{s : tj s}| represents the number of
subjects having term tj .
The term frequency-inverse document frequency T F IDF of the j th item of the ith subject
is computed by multiplying T F and IDF :
tf idfji = tfji ∗ idfj .
Assume we have m subjects and n items,
ented as:
 1
tf1
 tf12
TF = 
 ...
tf1m

finally the Feature Table (m ∗ n) can be represtf21
tf22
...
tf2m
or


... tfn1
... tfn2 

... ... 
... tfnm

tf idf11 tf idf21
 tf idf12 tf idf22
T F IDF = 
 ...
...
m
tf idf1 tf idf2m



... tf idfn1
... tf idfn2 
,
...
... 
... tf idfnm

where tfji or tf idfji represents the T F or T F IDF value of the j th item of the ith subject.
The comparison of the two methods is illustrated in Section 3.3.4, which gives us the idea
that it is better to use T F rather than T F IDF in our application.

3.2.4

Data normalization

The recording period of the daily data is not consistent for all the subjects. Most of the
subjects recorded for two weeks. But some subjects only recorded for one week or even less
due to some reasons. As we have few data in total, even some data are not complete, they
are important to us. To make use of the data and reduce the effect of under-reporting, we
18
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should apply data normalization technologies.
In our approach, we try three methods to normalize the data. They are magnitude normalization, max normalization, and sum normalization respectively.
Consider a vector (vec = [v1 , v2 , ..., vN ]), the normalization can be done by:
normV ecmag =

vec
[v1 , v2 , ..., vN ]
=q
magnitude(vec)
2
v12 + v22 + ... + vN
or
vec
[v1 , v2 , ..., vN ]
=
max(vec)
max(v1 , v2 , ..., vN )
or
vec
[v1 , v2 , ..., vN ]
=
=
.
sum(vec)
v1 + v2 + ... + vN

normV ecmax =

normV ecsum

All the three methods are applied, but we will find max normalization is best for our data
by doing silhouette analysis in Section 3.3.4.

3.3

Exploratory data analysis

Given processed data with abstract representation, we have to use some visualization technologies to look insight into the data, find underlying structure, discover valuable information
and explore the potential interesting possibilities. With exploratory data analysis, we want
to have as much insight in given data as possible.
Exploratory data analysis (EDA) is an approach/philosophy for data analysis. It employs
a variety of techniques (mostly graphical) to 1) maximize insight into a data set; 2) uncover
underlying structure; 3) extract important variables; 4) detect outliers and anomalies; 5) test
underlying assumptions; 6) develop parsimonious models; and 7) determine optimal factor
settings. Exploratory data analysis techniques are generally graphical. The graphics are
usually scattered plots, box plots, histograms, pie charts and probability plots, etc. These
technologies can help us find out the underlying structure of our data and give us a better
understanding of our data. [60] gives these techniques in details including the theory and use
case. We refer it as technical support.
Intuitively, we would like to see the overall diet/activity patterns and the daily diet/activity patterns of each subject. For overall diet/activity, we want to see the difference between
each two subjects. For daily diet/activity, we want to see the difference between days for one
subject.
Additionally, how people are clustered together can help us know our dataset better. So
the clustering analysis should be applied. The property of each cluster will give us intuitive
idea that why different people are grouped together and what common feature in one cluster
making the cluster is separated with other clusters.

Data-driven approach for modeling Lifestyle patterns
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The application of EDA on diet and activity is in Section 3.3.1. The problem met in Section 3.3.1, that the item space of diet and activity is large for visualization, will be addressed
in Section 3.3.2. We present the related work concerning clustering analysis in Section 3.3.3.
The clustering analysis of diet and activity is demonstrated in Section 3.3.4.

3.3.1

Application on overall diet and activity

To see the overall diet and activity patterns of each subject, the pie chart is used to illustrate
the percentage of each item of one subject, which can give people an intuitive idea how peoples
diet/activity style is composed of the diet/activity items. The percentage is calculated by
dividing the term frequency of one item by the sum of the term frequency of each item [60].
tf (tij )
p(tij ) = P
,
i
j tf (tj )
where p(tij ) represents the percentage of item tj in the ith subject. However, it is very congested to plot every item of one subject in single pie chart due to the large space (can be
interpreted as the number of items). After looking insight the data, we find that the items
with very small frequency are usually meaningless. So we only plot the items with the frequency larger than or equal to 3. Obviously, we will lose some information by doing this.
Another solution is proposed in Section 3.3.2, which can prevent the data and meanwhile
reduce the item space. However, let us first look into the plots by setting a threshold to the
frequency:
Consider diet style, one example is shown in Figure 3.3: some people eat variable diet
while some people’s diet is monotone. Obviously, for healthy lifestyle, it is better to have
variable diet [39].
Consider activity style, one example is shown in Figure 3.4: some people do various kinds
of activities while some people only do transport, work, and sleep. We consider the second
person’s activity style is bad.

Figure 3.3: Overall diet pattern visualization of subject 044 and subject 056
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Figure 3.4: Overall activity pattern visualization of subject 044 and subject 057
After seeing the overall diet and activity styles, we can find the differences between two
people and the similarity of two people. With this observation, we can do clustering (Section
3.3.4) to see how people can be grouped together with their difference or similarity. Meanwhile, the definition of user-user similarity is demonstrated in Section 3.3.4.
Except for the overall diet/activity patterns, the daily diet/activity patterns of each subject are also of interest. These patterns should be visualized to see if there is something
interesting for further exploration. To make nice visualization, we should find a way to reduce the item space. The method we use is grouping items with their semantic similarity.
The details are explained in next section.

3.3.2

Daily pattern based on taxonomy

Regarding with diet and activity, the record in the database are items, such as apple, banana,
work, cycling, etc. If we build our model on those items, the dimension space will be very
large. Moreover, we do not need very detailed information. Like for instance, we consider
apple and banana as similar products as they are both fruits. So to reduce the dimension
and focus on the things that are valuable in our application, we classify diet or activity into
several classes according to the items’ semantic similarity.
Diet taxonomy
For diet, we have categories like dairy, fruit, grain, meat, snack, vegetables and caffeine
drink, etc. based on a standardized food classification and description system called FoodEx2
[8]. The detailed items in each category are presented in the table 3.1 without overlapping.
Totally, we have 12 diet classes (dc1 , dc2 , ..., dc12 ). Each class (dci ) is represented as a set
of items (DIi ). We can map each item to the class it belongs to according to the table 3.1:
ti ∈ DIj → dcj .
With this mapping strategy, the diet dimension is reduced from 80+ to 12. Instead of
representing the daily information with the term and T F (term frequency), we now represent
Data-driven approach for modeling Lifestyle patterns
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Table 3.1: Diet classes and their corresponding diet items
Diet classes
fruit
dairy
grain
meat
snack
vegetables
caffeine
alcohol
Seafood
Composite
Potato
egg

Items
’jam’,’raisin’,’currants’,’fruit’,’orange’,’apple’,’banana’,
’kiwi’,’sultana’,’pineapple’,’smoothie’,’juice’
’shake’, ’milk’, ’cheese’, ’yoghurt’
’noodles’,’oatmeal’,’muesli’,’bread’,’macaroni”rice’
’beef’,’bacon’,’meat’,’sausage’,’chicken’,’steak’
’nut’,’choco’,’pie’,’candy’,’iceCream’,’chocolate’,
’cake’,’snack’,’cookie’,’sugar’,’waffle’,’pudding’,’kellogs’
’salad’,’sauerkraut’,’cucumber’,’spinach’,’carrot’,
’pumpkin’,’broccoli’,’tomato’,’vegetable’,’zucchini’,’bean’
’cola’, ’tea’, ’coffee’, ’cappuccino’
’beer’, ’wine’, ’alcohol’
’fish’, ’tuna’, ’salmon’, ’tilapia’
’doner’, ’sandwich’, ’pizza’, ’soup’, ’pasta’,
’lasagna’, ’hamburger’
’potato’, ’chip’, ’fries’
’egg’

it with the class and CF (class frequency). The class frequency of one specific subject can be
computed by summing the T F of the items in the class:

DCFi =

m
X

tfji ,

j=0

where tfji is the term frequency of the item tj in the diet class dci . m is the number of items
inside the ith diet class. Thus DCFi is the class frequency of diet class dci .
With this acceptable dimension, we can visualize people’s daily diet pattern. One example
is shown in Figure 3.5.
The x-axis is date index. Instead of using the date directly, we present it as weekdays
and weekends, which is more informative than the date. The y-axis represents the diet class
frequency of each diet class in one day. Taking the first recording day for details, this subject
only ate twice snacks. This may be caused by under-reporting or may be the real case of the
subjects lifestyle. As under-reporting is a complex case, there are too many reasons resulting in under-reporting, like the subjects forgot to record something, the subjects could not
remember every detail, and so on. For simplicity, we will continue the knowledge discovery
assuming these data contain all the diet information and leave the under-reporting to the
discussion part. Besides, we will avoid this phenomenon in the new data collection protocol
design.
Activity taxonomy
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Figure 3.5: Daily diet pattern of subject 064
For activities, we can have the bike, car, walk, sports, social activities, work/study, etc.
based on the activities of daily living (ADL) [2]. The detailed items in each category are
presented in Table 3.2 without overlapping.
Table 3.2: Activity classes and their corresponding activity items
Diet classes
transport1
transport2
transport3
Work/study
Entertainment/relax
social
sport
others

Items
’walk’
’ov’, ’car’, ’bus’, ’train’, ’taxi’, ’drive’
’bike’, ’cycle’
’craftwork’,’traineeship’,’exam’,’homework’,’read’,
’work’,’lesson’,’sit’,’university’,’lecture’,’school’,’study’
’rest’,’relax’,’bed’,’shop’,’travel’,’watch’,
’game’,’play’,’computer’,’tv’,’movie’,’jacuzzi’,’pub’
’activity’,’meet’,’friends’,’call’,’party’,’talk’,
’phone’,’parent’,’visit’
’run’,’sport’,’gym’,’hockey’,’swim’,’fitness’,’soccer’,
’workout’
’wait’,’household’,’pack’,’shower’,’clean’,’dress’,
’toilet’,’babysitting’

Totally, we have 8 activity classes (ac1 , ac2 , ..., ac8 ). Each class (aci ) is represented as a
set of items (AIi ). We can map each item to the class it belongs to according to Table 3.2:
ti ∈ AIj → acj .
With this mapping strategy, the activity dimensions are reduced from 70+ to 8. Similar
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with diet class frequency, the activity class frequency for one specific subject is computed as
follows:
m
X
ACFi =
tfji ,
j=0

where tfji is the term frequency of item tj in the activity class aci . m is the number of items
inside the ith activity class. Thus ACFi is the class frequency of activity class aci .
With this acceptable dimension, we can visualize people’s daily activity pattern. One
example is shown in Figure 3.6.

Figure 3.6: Daily activity pattern of subject 039
Similar with the daily diet pattern visualization, the x-axis represents the date index as
the weekdays and weekends. The y-axis is the activity class frequency of each activity class
of one day. Regardless of under-reporting, it is interesting to find that this subject works
or studies every day and has sports for some days. We will see if there is any association
between daily diet and activity and how the daily diet and activity are associated with the
corresponding sleep data in the Section 3.4 sleep associate pattern mining.

3.3.3

Related work for clustering analysis

Clustering is widely used in data mining, pattern recognition, etc. Many works are related to
optimizing the clustering algorithms or come up with new algorithms. However, we only want
to apply the general algorithms. The optimization work can be done in the future if needed.
Concerning the application in lifestyle domain, some researchers already applied it to study
people’s sleep behavior [46]. Additionally, with the explosion of self-monitoring products,
lots of self-reporting data are produced every day. [34] proposed that using unsupervised
techniques, that is clustering, can find similarities among days or other time series episodes.
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[46] clusters people with similar sleep behavior. The input is the set of sleep composition feature vectors consisting of the values of the summary variables, like total sleep time,
sleep efficiency and percentage of sleep period time, etc. It tries three clustering algorithms:
expectation-maximization, a powerful iterative maximum likelihood iterative estimation technique; simple k-means clustering alone; and agglomerative hierarchical clustering. By visualizing the clustering results, EM shows good natural separation while simple k-means and
hierarchical clustering exhibit slightly less cluster separation. Through studying the average
health status in each cluster, it shows the difference but leaves the analysis to the future work.
[34] shows mining quantified self, according to peoples recording and analyzing several
aspects of their lives to understand and improve themselves, as a challenge for data science.
The example given in the paper uses the k-means algorithm to cluster all days. However,
with limited data, we will cluster subjects with their all days’ information (Section 3.3.4) and
analyze how people are grouped together.

3.3.4

Diet and activity clustering

Clustering analysis groups data into clusters with some criteria. It can be used to capture the
natural structure of the data or be a start point for other purposes, such as data compression.
With these purposes, it plays a significant role in a wide range of areas, like data mining,
pattern recognition, information retrieval, machine learning and social sciences, etc.
As we have already see the distinction between people in Section 3.3.2, we will apply
clustering technologies to group people together. Before doing clustering analysis, we apply
different user-user similarity measurement methods, which shows that T F and T F IDF only
differ little in similarity distribution. Only one feature representing method (T F ) and similarity measurement (Euclidean similarity) are applied in following clustering analysis.
Though clustering, we can see how people can be grouped with the diet or activity class
frequency (defined in the Section 3.3.3). After clustering, we can label each group with intragroup criteria and inter-group criteria. We define the intra-group criteria as a vector of the
average class frequency for each class inside the group while defining the inter-group criteria
as the average difference of the intra-group criteria between each two groups. Later we can
see how diet groups and activity groups are composed of each other. Like for instance, diet
group A is composed of 1 people in activity group A, 1 people in activity B and 5 people in
activity C. Then we can conclude that people who like diet A prefer activity C.
We present a formal definition that how to measure the strength of the clustering composition rule. First, we term the rule that we get from the composition analysis as clustering
rule. Consider the diet m clusters as {DG1, DG2, ..., DGM } and the activity n clusters as
{AG1, AG2, ..., AGN }. Assume that the people in DGm (arbitrary diet cluster) consists of
a1 people from AG1, a2 people from AG2, ..., and aN people from AGN . The support of
clustering rule that people in diet group DG1 tend to be in activity group AGn (arbitrary
activity cluster) can be computed as:
Scr =

an
.
a1 + a2 + ... + aN
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The minimal support can be set to some value to extract the rules that have high support.
Before doing clustering, we must define how are two subjects similar. Several similarity
measurement methods and clustering algorithms are implemented and compared.
User-User similarity
Assume we have two subjects A and B. We represent them as vectors as shown below.
A{item1 : tf 1, item2 : tf 2, , itemN : tf N }
B{item1 : tf 1, item2 : tf 2, , itemN : tf N }
Or
A{item1 : tf idf 1, item2 : tf idf 2, , itemN : tf idf N }
B{item1 : tf idf 1, item2 : tf idf 2, , itemN : tf idf N }
• Jaccard similarity
The Jaccard coefficient measures the similarity between finite sample sets and is defined
as the size of the intersection divided by the size of the union of the sample sets [11].
s(A, B) =

|A ∩ B|
|A ∪ B|

• Modified Jaccard similarity
The modified Jaccard similarity is based on traditional Jaccard coefficient taking the term
frequency into consideration. Before computing the similarity of two subjects, the subject
representation is rewritten. Take one simple example, if one person eats 3 apples, we consider
he eats 3 different apples. In this way, the frequency is taken into account.
Rewrite A to
A0 : {item11 : 1, item12 : 1, ..., item1tf 1 : 1, ..., itemN1 : 1, itemN2 : 1, ..., itemNtf N : 1}
Rewrite B to
B 0 : {item11 : 1, item12 : 1, ..., item1tf 1 : 1, ..., itemN1 : 1, itemN2 : 1, ..., itemNtf N : 1}
The similarity is measured by the following formula:
s(A, B) =

|A0 ∩ B 0 |
.
|A0 ∪ B 0 |

• Cosine similarity
Cosine similarity [3] is a measure of similarity between two vectors of an inner product
space that measures the cosine of the angle between them:
s(A, B) = cos(θ) =
26

A·B
kAk kBk
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• Euclidean similarity
The Euclidean similarity is based on the Euclidean distance [5]. And the Euclidean distance or Euclidean metric is the ”ordinary” (i.e. straight-line) distance between two points
in Euclidean space as computed below:
p
2
d(A,
p B) = (A − B)
= (A.tf1 − B.tf1 )2 + (A.tf2 − B.tf2 )2 + ... + (A.tfN − B.tfN )2
or
p
2
d(A,
p B) = (A − B)
= (A.tf idf1 − B.tf idf1 )2 + (A.tf idf2 − B.tf idf2 )2 + ... + (A.tf idfN − B.tf idfN )2 .
Then the similarity can be calculated from the Euclidean distance:
s(A, B) =

1
.
d(A, B) + 1

We plus one in the numerator in case the distance between A and B is zero.
• Comparison of different similarity measurements
After computing the similarity of any two subjects, we can store the results into a Similarity Table (m ∗ m):


S1,1 S1,2
 S2,1 S2,2
S=
 ...
...
Sm,1 Sm,2


... S1,m
... S2,m 
,
...
... 
... Sm,m

where si,j represents the similarity between subject i and subject j.
We apply these methods on subjects’ activity classes as an example. The resulting similarity distributions are illustrated in Figure 3.7.
From Figure 3.7, we can conclude that: 1) novel Jaccard looks better than normal Jaccard
in terms of the resulting similarity distribution as its shape is similar to other four graphs.
However, we prefer the cosine similarity or Euclidean similarity as they are more popularly
used in other papers; 2) T F and T F IDF show little difference in our application. As T F IDF
is more complicated for computing than T F , we use T F in the following study; 3) Cosine
similarity shows more richness than Euclidean similarity. The usage of similarity method
depends on how people define the similarity in their application. In our application, we prefer
the Euclidean similarity as the cosine similarity is not a judgment of magnitude but orientation
and the magnitude make sense as subjects have the different number of diet classes or activity
classes should have different similarity. For example, assuming there are three subjects and
only one diet or activity class:
A.cf = 1, B.cf = 3, C.cf = 5.
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Figure 3.7: Similarity distribution (Jaccard, novel Jaccard, TF+Cosine, TF+Euclidean,
TFIDF+Cosine, TFIDF+Euclidean)

Then sEuclidean (A, B) > sEuclidean (A, C) while scosine (A, B) = scosine (A, C), from which
we can find that Euclidean similarity might be better than cosine similarity in our application.

Clustering Implementation

We present the ith subject as an array Di or a vector S i . The Dji consists of the class
i , cf i , ..., cf i ], where n is the class
frequency vector of the corresponding date Ddi = [cfd,1
d,2
d,n
28
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index and cf can be either DCF or ACF :

D1i
D2i 

Di = 
 ...  ,
Ddi


where d is the date index. The vector S i is the sum of the daily CF vector:
X
Ddi .
Si =
d

Input of the clustering algorithms: For some algorithms, the input can be the set of diet or
activity composition feature vectors consisting of the values of the class frequency:

 1 
S
DCF11 DCF21 ... DCFn1
 S 2   DCF12 DCF22 ... DCFn2 
 =

 ...   ...
...
...
... 
DCF1m DCF2m ... DCFnm
Sm
or
ACF11 ACF21
S
 S 2   ACF12 ACF22
 =
 ...   ...
...
m
m
ACF1 ACF2m
S



1




... ACFn1
... ACFn2 
,
...
... 
... ACFnm

where m is the total number of the subjects and n is the number of diet classes or activity
classes. The input can also be the similarity table S.
Output of the clustering algorithms: a vector of labels (0 means the first group; 1 means
the second group; 2 means the third group; ......)
Several clustering algorithms provided by scikit-learn [15], a machine learning toolbox in
Python, are used for clustering. After comparison, k-means out-performs others algorithms,
like affinity propagation, spectral clustering, DBSCAN. The result of agglomerative hierarchical clustering is as good as k-means. However, k-means is selected for following analysis for
simplicity. The clustering results and comparison can be found in Appendix B.
One thing needed to pay attention to is that the clustering result of k-means varies in
different runs due to randomly centroid initialization. To avoid this effect, we use k −means+
+ methods for initialization, which selects initial cluster centers in a smart way to speed
up convergence [15]. Besides, we configure the number of time the k-means will be run
with different centroid seeds to 300. The final results will be the best output of these 300
consecutive runs.
• Silhouette analysis
The flexibility of k-means is that we can specify the number of clusters k. However, the original data does not have ground truth labels, so we can only use the model itself to evaluate
the performance of the algorithm. With the help of the Silhouette analysis [15], we can do
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such an evaluation, where it studies the separation distance between the resulting clusters.
Additionally, it can help to choose which normalization method to use. As we have clarified,
we can try different normalization methods and see which one gives the best results in Section
3.2.4.
The Silhouette Coefficient is calculated using the mean intra-cluster distance a and the
mean nearest-cluster distance b for each sample. It has a range of [-1, 1]. It near +1 indicates
that the subject is far away from the neighboring clusters. A value of 0 indicates that the
subject is on or very close to the decision boundary between two neighboring clusters and
the negative value indicates that the subject might have been assigned to the wrong cluster.
Apparently, a higher Silhouette Coefficient score relates to a model with better clusters.
The Silhouette Coefficient for a single subject is:
SC =

b−a
[15].
max(a, b)

To clarify, a is the mean distance between a subject and all other points in the same cluster
and b is the mean distance between a subject and all other points in the nearest cluster that
the sample is not a part of. Obviously, the Silhouette Coefficient is only defined if number of
labels is satisfied with 2 <= nlabels <= nsamples − 1.
After calculating the Silhouette Coefficient of different number of clusters and different
normalization technologies for both diet and activity, we get Figure 3.8 and Figure 3.9:

Figure 3.8: Silhouette score for different number of activity clusters
From these two figures, we can realize that the max normalization is better than magnitude
normalization and sum normalization. Even though it fails when the cluster number set to 2
or 6 in activity domain, it outperforms overall. With respects to the number of clusters, it
is better to have 3 clusters in activity domain and 2 clusters in diet domain according to the
higher silhouette score.
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Figure 3.9: Silhouette score for different number of diet clusters
• Naming of clusters
With clustering, we get several groups. We re-present the j th subject as an array Dji
or a vector Sji , where i is the group ID that means the subject belongs to which group
i
=
(0,1,...). The Dji consists of the class frequency vector of the corresponding date Dj,d
i
i
i
[cfj,d,1 , cfj,d,2 , ..., cfj,d,n ], where n is the class index and cf can be either DCF or ACF :
i 
Dj,1
i 
Dj,2

Dji = 
 ...  ,
i
Dj,d



where d is the date index. The vector Sji is the sum of the daily CF vector:
Sji =

X
d

i
Dj,d
.

We define the intra-group criteria as a vector of the average class frequency for each class
inside the group:
P i
j Sj
i
meanV ec =
,
Sji
P
where j Sji is the total class CF vector inside the group i and |Sji | is the number of subjects
in the group i.
We define the inter-group criteria as the average difference of the intra-group criteria
between each two groups:
P
i
j
i,j meanV ec − meanV ec
,
k
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where k is the number of clusters.
Based on the intra-group criteria and the inter-group criteria, we can pick up the class
types with the large difference that distinguishes the groups to name the groups.
For the clustering in diet domain, we can plot each groups’ intra-group criteria as Figure
3.10. The x-axis is the diet class index and the y-axis presents the mean diet class frequency
of one diet class inside the particular group.

Figure 3.10: Plot of intra-group criteria of diet groups
Apparently, the difference of cafe drink is largest. There is no doubt that the inter-group
criteria will show the largest difference in the cafe. So we name the green group as more-cafe
and the blue group as less-cafe.
In the activity domain, the plot of each groups’ intra-group criteria is demonstrated as
Figure 3.11. Similar with Figure 3.10, the x-axis is the activity class index and the y-axis
presents the mean activity class frequency of one activity class inside the particular group.
With the help of inter-group criteria, we can name the blue group as walk (transportation1), green group as bike (transportation3), and red group as car (transportation2).
Diet and activity grouping composition
Figure 3.12 shows how the diet groups and activity groups are composed of each other.
For diet groups:
32
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Figure 3.11: Plot of intra-group criteria of activity groups

Figure 3.12: Diet and activity clusters composition
• The diet group less-cafe is composed of 1 people from activity group walk, 9 people
from activity group bike and 7 people from activity group car
• The diet group more-cafe is composed of 6 people from activity group walk, 4 people
from activity group bike and 4 people from activity group car
For activity groups:
• The activity group walk is composed of 1 people from diet group less-cafe and 6 people
from diet group more-cafe
• The activity group bike is composed of 9 people from diet group less-cafe and 4 people
from diet group more-cafe
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• The activity group car is composed of 7 people from diet group less-cafe and 2 people
from diet group more-cafe
For each possible pattern, we compute its support according to the definition of scr . The
results are demonstrated in Table 3.3.
Table 3.3: Diet/activity clustering pattern
Clustering pattern
Less-cafe → walk
Less-cafe → bike
Less-cafe → car
More-cafe → walk
More-cafe → bike
More-cafe → car
Walk → less-cafe
Walk → more-cafe
Bike → less-cafe
Bike → more-cafe
Car → less-cafe
Car → more-cafe

Support (scr )
0.06
0.53
0.41
0.43
0.29
0.28
0.14
0.86
0.7
0.3
0.78
0.22

The minimal support we set is 0.8, which means that the pattern we discovered should
have at least 80% support. Finally, we get pattern walk → more − caf e with support 0.86.
We do not use this kind of pattern in our following work. But this can be used by others
(researchers or domain experts) who are interested in doing a similar analysis. They can take
our formulation, definition and implementation as a reference.

3.4

Sleep associate pattern mining

Pattern mining aims to reveal existing or hidden patterns in the data. A pattern can be an
itemset, a subsequence or a substructure in the dataset. The frequent applications in this area
are frequent pattern mining and sequential pattern mining [40][68]. In our project, we use frequent pattern mining to find relationships among the items in the dataset, where we consider
each diet class, activity class and sleep class (defined at the beginning of Chapter 4) as an item.
Traditional problem definition of frequent pattern mining is: given a data set D with
transactions T 1, ..., T N , determine all patterns P that are present in at least a fraction s of
the transactions [19]. The fraction s is considered as the minimum support. The problem
is originally proposed in market basket data in order to find frequent sets of items that are
bought together. Usually, a minimal support threshold minsup is configured to constrain the
number of the resulting itemsets. More specifically, only the itemsets with support higher
than minsup are considered interesting and others will be ignored.
Traditional association analysis is also defined in the context of market basket analysis in
transaction dataset. An associate rule is an expression of the form X → Y , where X and Y
are disjoint itemsets. It delivers the meaning that the consumer tends to buy product Y on
34

Data-driven approach for modeling Lifestyle patterns

CHAPTER 3. LIFESTYLE DATA ANALYTICS AND PATTERN RECOGNITION

condition that he buys product X. There are two parameters to determine the strength of
the association rule: support (s) and confident (c) [71]. The support has the meaning equal
the support s in frequent pattern mining while the confident shows how frequently the items
in Y appear in the transactions that also have X. The formal definitions are:
S(X → Y ) =

P r(X ∪ Y )
N

and
P r(X ∪ Y )
c(X → Y ) =
,
P r(X)
where N is the number of transactions in the dataset. P r(X ∪ Y ) represents the number of
transactions that contain both itemset X and itemset Y . Similarly, P r(X) represents the
number of transactions that contain itemset X. Apparently, frequent pattern mining is the
first step of association analysis with the support parameter. The second step of association
analysis is association rule finding with the confident parameter.
Based on the basic concepts, we can use them directly or make some modifications in terms
of our application. The problem formulation explains how we will use association analysis
with respect to our project in Section 3.4.1. Some related work for association analysis in
lifestyle domain is given in Section 3.4.2. The modifications made on traditional association
analysis to fit it in our project are given in Section 3.4.3 and Section 3.4.4 respectively.

3.4.1

Problem formulation for sleep associate pattern mining

In sleep associate pattern mining, we want to use pattern mining and machine learning technologies to find how daily diet and activity are associated with sleep time. Our data are
supervised data as we divide the data into two classes (more sleep and less sleep) and give
each of them a label (refer the beginning of Chapter 4). With supervised data, the pattern
mining settings are categorized according to whether partitioning the data based on class labels or whether including class labels as attributes in the data. Therefore, there are two ways
to find out the associations. The first one is to find out the diet and activity association rule
in each sleep group after partitioning the data based on sleep time labels. Take an example,
we can find some rules like in people who have more sleep they eat food A also do activity B.
The second way is to find how one food or one activity is associated with sleep time directly
where we consider the sleep time labels as attributes. Like for instance, people eats food A
sleeps more or people does activity B sleeps less.

3.4.2

Related work for association analysis

Association analysis is composed of two steps, frequent pattern (itemset) mining and association rule mining. The efficiency of the association analysis algorithms (mainly the frequent
itemset mining) has been studied a lot by researchers as well as how to judge the interestingness of the patterns found. These two problems are critical in association analysis. A
good reference to have an overview of most of the optimizations and modified algorithms is
[19]. Here in our project, we only consider the interestingness of the patterns and leave the
efficiency to the future work when more and more data are coming.
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Association analysis has already been used in lifestyle domain. One application for sleep
analysis is given by [52]. It proposes and employs a window-based association rule mining
algorithm to find associations among sleep progression, pathology, demographics and other
factors. It also demonstrates that the association rule mining is better than predictive classification models using logistic regression. [34] does not apply association analysis in its examples,
but it illustrates that association analysis is an applicable technique in self-learning domain.
Here, we will use association analysis to discover how diet and activity are associated with
sleep time.

3.4.3

Diet and activity associations in each sleep group

We want to apply association analysis to mine the frequent itemsets and associate rules in
each sleep group. For this purpose, the data should be represented in a binary format by
putting all days together regardless of the frequency and the subject. An example of the
binary table is shown in Table 3.4:
Table 3.4: A binary representation of daily diet and activity class
Day
1
2
3
...
n

DC1
1
0
1
...
1

DC2
1
1
0
...
0

DC3
0
1
0
...
1

...
...
...
...
...
...

AC1
1
1
0
...
0

AC2
0
0
1
...
0

AC3
0
1
0
...
1

Apparently, we regard a diet class or an activity class as one item. And an itemset is a set
of one or several items. Some items are less interesting as they appear too frequent, like the
composite food in the diet classes. Some items are less meaningful as they are not informative,
like the others in activity classes. So it is better to remove them from association analysis.
Therefore, we need to do filtering at the beginning before association analysis. Filtering of the
frequent item A is done by computing the fraction of the total number of days. A threshold
is set to remove the item A with quite large frequency.
Filtering is mainly applied on diet classes because of some frequent type like composite
food, which appears almost every day and also many times in one day. In the new data
collection, we divide the composite food into grain product, meat product, and vegetables.
This makes these three classes are of high frequency. For activity classes, we remove others
directly. To implement filtering, we define one parameter:
P
CFd
ρ(Class) = d
,
N
P
where d CFd is the sum of the class frequency corresponding to the class across all days and
N is the number of the recording days.
We consider a class X is uninteresting if ρ(X) >= 1. After removing the uninteresting items, we represent the diet classes and activity classes together in one table and modify
the value to 1 if it is large than 1. In this way, we can get a binary table similar with Table 3.4.
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The traditional association analysis can be applied to diet and activity subsequently to
find the association rules among diet classes and activity classes. That is to find all the itemsets that satisfy the support threshold firstly and then extract all the high-confidence rules in
the frequent itemsets found. The support threshold minsup and confident threshold minconf
will be set to mine the rules having support >= minsup and conf ident >= minconf .
For different frequent itemsets mining algorithms, the difference is the efficiency. The
itemsets mined will be identical. As we do not have to consider the efficiency of the algorithm
with little data, we use one implementation in [9], which uses the Relim algorithm. The
number of frequent itemsets mined depends on the minsup. Figure 3.13 illustrates how the
number of itemsets found changes along with the minimal support setting.

Figure 3.13: The number of itemsets found vs. minimal support

From the figure, we can find that the number of itemsets is large when minsup is 0.1
or 0.2. For details of the itemsets mined, setting the minsup as 0.3. The frequent itemsets
mined in less sleep group and more sleep group are shown in Appendix C. Moreover, it is not
necessary to find out the itemset with support less than 0.3. With little support, we consider
them happen just by chance.
The association rule mining is a general implementation in [71]. Similar to the number of
frequent itemsets, the number of association rules mined depends on the minimal confident
setting. Figure 3.14 shows the transition.
Setting the minconf as 0.7, we get association rules in each sleep group as described in
Table 3.5 and Table 3.6. The rules with confidence less than 0.7 are considered trivial.
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Figure 3.14: The number of association rules mined vs. minimal confident
Table 3.5: Association rules found in less sleep group
X
bike
dairyP
fruitP
snack
vegetables
grainP

Y
workStudy
workStudy
workStudy
workStudy
workStudy
workStudy

Support
0.47
0.3
0.35
0.33
0.3
0.31

Confident
0.84
0.75
0.75
0.73
0.72
0.71

Table 3.6: Association rules found in more sleep group
X
walk
bike
grainP
fruitP

3.4.4

Y
car
workStudy
workStudy
snack

Support
0.39
0.42
0.35
0.32

Confident
0.81
0.73
0.73
0.71

Diet/activity associated with sleep attribute

For sleep associate pattern mining in this part, we will only consider the factors directly
associated with more sleep or less sleep. We call the patterns mined as sleep associations.
Based on the traditional association analysis, we define sleep association only with one support
parameter:
sum(X ∪ SleepT ype)
Ssr (X → SleepT ype) =
,
sum(X)
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where sum(X) is the total frequency of item X and sum(X ∪ SleepT ype) is the sum of the
frequency of item X under condition of SleepT ype. And SleepT ype can be more sleep or
less sleep. With this support, we can get an intuitive view that how much each item (diet
class or activity class) is related to the sleep time. And this support is indeed the counterpart
of confident in the traditional association analysis definition. The only difference is binary
representation. In traditional association analysis, we only represent the appearance of the
item. But in this modified association analysis, we represent each item of each day as the
corresponding frequency.
The support is computed for each diet or activity class as well as the gender. We represent
men as 1 for the gender parameter while women are 0. This causes one problem: we can only
find the rule containing men but not women. However, the rule including men can reflect the
information about women as they are totally opposite. The results are illustrated in Table
3.7. We can conclude from this table that alcohol and gender make sleep time less while egg
and seafood help for more sleep.
Table 3.7: Diet and activity associate support with sleep
F actor(X)
Alcohol
Gender
Walk
Work/study
Social
Fruit
Dairy
Grain
Bike
Leisure
Sport
Vegetables
Snack
Potato
Car
Meat
Caf
Egg
Seafood

ssr (X → LessSleep)
0.71
0.62
0.55
0.55
0.54
0.51
0.5
0.48
0.48
0.48
0.48
0.46
0.45
0.45
0.45
0.44
0.43
0.38
0.32
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ssr (X → M oreSleep)
0.29
0.38
0.45
0.45
0.46
0.49
0.5
0.52
0.52
0.52
0.52
0.54
0.55
0.55
0.55
0.56
0.57
0.62
0.68
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Sleep time prediction
To do prediction, we can do regression or classification. The difference is that the type of the
output. Regression will output the exact sleep time with some precision while classification
will output the categories of the sleep time that are pre-defined by people. Compared with the
exact time we care more about the sleep categories. Besides, many health recommendations
related to sleep time assume hour-level accuracy and according to sleep experts, precise sleep
measurements are not necessarily needed to have a meaningful picture of sleep behaviors and
trends [58]. So we want to process sleep time prediction as a classification problem.
As the sleep time extracted from the sensor data is analog, we firstly discrete the sleep
time into seven categories to have a deep insight of the distribution of our data: less than 6
hours; 6 to 7 hours; 7 to 8 hours; 8 to 9 hours; 9 to 10 hours; 10 to 11 hours and more than
11 hours. In Figure 4.1, we can see the distribution of the sleep time. The x-axis is the sleep
hour category and the y-axis the number of days that belong to the each category.

Figure 4.1: Sleep time distribution
From the figure, we can find that the data is imbalanced. Imbalanced data for classification task is a specific and hard problem in machine learning area. However, we will skip
this problem by dividing the sleep time in a quite balanced way. Normally, we care about if
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a person sleeps more, less or normally. And for the purpose of knowledge discovery people
only concern about the extremes [34], high and low or more and less. So with little data, to
preserve data, we only consider two categories: more sleep or less sleep. So in the dataset,
we separate the days into less than 8 hours and more than 8 hours.
We will formulate the problem that how we need the classification task in Section 4.1.
In Section 4.2, the related work about using classification for sleep time prediction is given.
How we use patterns for a classification task is in Section 4.3. Finally, we will give a brief
introduction of different classifiers in our application in Section 4.4.

4.1

Problem formulation for sleep time prediction

The outcomes of our prediction model should be the predicted sleep time and reasons that
affect sleep time. This kind of knowledge can help people make a change of their living style
for better sleep.
To achieve the goal, we will use discovered patterns that related to sleep time to predict
the sleep time. Apparently, the patterns related to sleep time are the reasons that lead more
sleep or less sleep. However, we have to prove that the patterns found really exist and can
be helpful. We will do sleep time prediction using patterns found in the previous section
compared with not using the patterns. If the result of using patterns is better than not using
patterns, we can come to the conclusion that the patterns we found are useful. Moreover,
this, to some degree, indicates that the methods we use to mine the patterns are able to find
the underlying knowledge from the dataset.

4.2

Related work for sleep time prediction

Classification is widely used in sleep prediction. Popular algorithms are decision tree, Bayesian
model, support vector machine, artificial neural networks, linear combination methods. [58]
uses Bayesian model and decision tree to do sleep/non-sleep classification. Input attributes
are on-phone sensor signals, like sound amplitude, acceleration, ambient light intensity, screen
proximity, running apps, battery state, screen state and sleep diary. Similarly, [28] also gets
input attributes from smartphone to predict the sleep duration. The classification models
it applies are linear regression, decision tree, neural network. [73] compares linear combination methods, artificial neural networks and decision trees for distinguishing sleep and wake
states. [41] adopts a lightweight decision-tree-based algorithm to classify various events based
carefully selected acoustic features and tracks the dynamic ambient noise characteristics to
improve the robustness of classification.
These conventional predictive analytics systems can do good classification and provide
good results according to some performance metrics, but lacking of analysis. In our work,
we try to give the reasons rather than the results as the reasons are more important than
the results for knowledge discovery and the reasons can be directly applied in the future
recommendation system. How can we do this will be detailed in the next section.
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4.3

Pattern-based classification

Classification is the task of assigning objects to one of the several predefined categories. The
input data for a classification task is a collection of labeled instances, each of which is characterized by a tuple (x, c), where x is the attribute vector and c is a special attribute, designated
as the class label (also known as category or target attribute) [71]. x can be an individual
instance without any label. The value types of attributes can be either continuous or discrete
while the class label must be discrete. In our application, we predefine the sleep time as
two classes and assign each day to one of the two categories. The attribute vector x will be
constructed by the patterns we find in Section 3.4 and the special attribute c is the sleep
categories.
The process of pattern-based classifier construction is illustrated as Figure 4.2. The green
blocks have been done in section 3.4 sleep associate pattern mining while the blue blocks
are the focus of this section. The patterns found by pattern mining techniques can often be
interpreted as rules. Most traditional machine learning techniques can deal with large search
space of potential rules by adopting heuristics. But pattern mining methods, on the other
hand, offer more efficient methods for traversing a search space exhaustively, promising to
find better rules than those found by traditional rule learners [19].

Figure 4.2: The process of classifier construction via pattern mining
The main idea of pattern-based classification is that patterns define new features. And
the new features can be used in the classification model. Figure 4.3 demonstrates a simple
example. In the left table, each row represents an instance with binary attributes x and y,
plus its class label c. A blue cell means value 1, otherwise 0. Suppose we have mined one
pattern {x = 1, y = 1}. Whether this pattern is present or not in an instance can be seen as
a feature of that instance. Adding this feature to the original data table, an augmented data
table is obtained as shown in the right table.
The pattern-based classification problem is formally defined as follows. Let D be a training dataset, I = {i1 , i2 , ..., im } be the set of distinct items, and C = {c1 , c2 , ..., ck } be the set
of class labels. Assume D contains a set of n labeled training instances D = {xi , ci }ni=1 , where
xi ∈ I is a set of items and ci ∈ C is a class label. Given a set of patterns P mined, D is
mapped into a new dataset D0 = {x0i , ci }ni=1 , where x0i ∈ I ∪ P .
In our work, the pattern-based classification approach includes two steps: 1) pattern mining, 2) model learning. In the pattern mining step, the dataset is partitioned according to
the class label or the class label is included as an attribute, and patterns are subsequently
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Figure 4.3: Pattern-based classification example [63]
generated accordingly. The collection of mined patterns P is the feature candidates. Pattern
post-processing (usually denoted as feature selection) follows after pattern mining. The set
of selected features if Ps . With Ps , the dataset D is transformed to D0 . The feature space
includes all the individual features as well as the selected patterns. Finally, a classification
model is built on the dataset D. A general learning algorithm could be used as the classification model. Before the classification model is applied to the test instance for prediction, the
test instances will be transformed into the new feature space accordingly.

4.3.1

Performance metrics

Evaluation of the performance of a classification model is based on the counts of test instances
correctly and incorrectly predicted by the model. These counts are tabulated in a table known
as a confusion matrix. Table 4.1 depicts the confusion matrix for a binary classification problem, in which each entry denotes the number of instances from an actual class classified to
be a predicted class. For example, true positive is the number of correct predictions that an
instance is positive. Based on the entries in the confusion matrix, the total number of correct
predictions by the model is (tp+tn), and the total number of incorrect predictions is (f p+f n).
Table 4.1: Confusion matrix for a binary classification

Predicted Positive
Predicted Negative

Actual Positive
true positive (tp)
false negative (fn)

Actual Negative
false positive (fp)
ture negative (tn)

The metric of classification performance can be subsequently defined:
Accuracy =

number of correct predictions
tp + tn
=
.
total number of predictions
tp + f p + f n + tn

In our application, accuracy can give us an intuitive view of the ratio of correctly predicted
observations. However in most of the cases, it is not sufficient as most real data sets are far
from symmetric, which means that good accuracy does not mean the system is good. So
other metric, like precision, recall, or F-measure, is needed to judge the performance of the
classifiers. But in our system, we divide the data set with sleep time label in a quite balanced
way. So the accuracy is the best choice as it is intuitively easy to understand and sufficient
for measuring the performance of our system.
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4.4

Classification techniques

Any general classification model can be applied after transforming the patterns into new features. In the related work (Section 4.2), we know the popular classification techniques in
lifestyle domain are decision tree, Bayesian model, support vector machine, artificial neural
networks, linear combination methods, etc. For comparison, we would like to try all the
basic classification techniques provided by scikit-learn [15]. Brief introduction of each tried
classification technique is given as follows. Refer [15] for more details.

• Decision tree classifier: it uses a decision tree as a predictive model which maps observations about an item to conclusions about the items target value. A decision tree is a
decision support tool that uses a tree-like graph or model of decisions and their possible
consequences, including chance event outcomes, resource costs, and utility.
• K-nearest neighbors classifier: an object is classified by a majority vote of its neighbors,
with the object being assigned to the class most common among its k nearest neighbors
(k is a positive integer, typically small).
• Logistic regression classifier: it is a linear model for classification rather than regression.
In this model, the probabilities describing the possible outcomes of a single trial are
modeled using a logistic function.
• Naive Bayesian classifier: it also computes the probabilities that describe the possible
outcomes of a single trial. But it is based on Bayes rule and a set of conditional
independence assumptions.
• Random forest classifier: it is an ensemble learning methods for classification that operates by constructing a multitude of decision trees at training time and outputting the
class that is the mode (the value that appears most often in a set of data) of the classes
of the individual trees. It corrects for decision trees’ habit of overfitting to their training
set.
• Support vector machine classifier: given a set of training examples, each marked as
belonging to one of two categories, an SVM training algorithm builds a model that
assigns new examples into one category or the other, making it a non-probabilistic
binary linear classifier.
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Evaluation
To measure the performance of our life analytics framework for the use case sleep time prediction, we should prove that the patterns found are meaningful and helpful for the prediction
models. Meaningfulness is evaluated by validating the patterns in another dataset, a new
dataset collected. Helpfulness is evaluated by comparing the classification performance with
patterns and not with patterns. They are in Section 5.1 and Section 5.2 respectively.

5.1

Lifestyle patterns validation

As we extract lifestyle patterns out from the database without ground truth, all the patterns
should be validated in another dataset. To validate the pattern we found, we can consider
them as the hypothesis. Then our problem is converted to hypothesis testing. As common
sense, validating hypothesis needs data collection technologies. The t-test is subsequently
used to assess whether the means of two sets of patterns are statistically different from each
other.
In Section 5.1.1, we summarize the patterns discovered and give validation with new data
collection respectively in Section 5.1.2.

5.1.1

Lifestyle patterns summary

The patterns found can be divided into two categories according to Section 3.4:
P = Par + Psr ,
where, Par is the diet and activity association patterns got from traditional association analysis applied on diet and activity in each sleep group and Psr is the sleep association patterns
got from the modified association analysis considering the sleep labels as attributes.
The number of patterns depends on the threshold of support and confident we set. After
removing uninteresting items, we assume that the higher the threshold of the support and
confident are, the more convincing the patterns are. Moreover, it is better for visualization
if the number of patterns is small. For this purpose we set the threshold of the support and
confident as 0.3 and 0.8 respectively in diet and activity association analysis and set the
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threshold of the support as 0.6 in sleep association analysis.
Here are all the possible patterns found in the original dataset after parameter settings:
P1 : P eople drink alcohol sleep less.
P2 : M en sleep less than women on average.
P3 : In less sleep group, people who ride bike also work/study.
P4 : P eople eat egg sleep longer.
P5 : P eople eat seaf ood sleep longer.
P6 : In more sleep group, people who walk also drive car.
These patterns belong to Par or Psr .
Par = P1 + P2 + P4 + P5
Psr = P3 + P6
We can visualize the patterns in Figure 5.1 where each connection shows a pattern while
red connections show negative effect and green connections show positive effect.

Figure 5.1: Dependency graph of diet/activity/sleep

5.1.2

Pattern validation in new collected data

Data collection design
Several things have to be considered before starting data collection:
• What information to collect?
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– According to our ontology, we will collect daily diet, activity and sleep information.
Besides, demographic and anthropometric information are needed.
– Demographics: age, gender, profession and nationality will be asked orally.
– Anthropometrics: height, weight, BMI, percentage of fat and percentage of muscle
will be measured both at the beginning and the end of the data collection.
– Diet: what people eat in the daytime according to the diet classes in Section 3.3.2
recorded by participants.
– Activity: what people do in the daytime according to the activity classes in Section
3.3.2 recorded by participants.
– Sleep: the start time, the end time and self-ranking sleep quality. The heart rate
and movement are difficult to collect without sensors available. So we will not
collect this information.
• How long is the data collection?
– The recording duration of original data is two weeks. To have a longer view of
peoples living style, it is better to collect as long as possible. And longer study
helps future study of the long terms living pattern change. However, due to the
time limitation of the thesis, the maximal time for data collection is one month.
• Who will be invoked?
– As people should come to IMEC to take the measurement, this is not convenient
for people outside the company. So we will only collect data from the employees
of IMEC.
• How many people are needed?
– The number of participants in original dataset is 29. So we should have at least
29 people in the new data collection. However, this depends on how many people
want to participate.
• What is the gender distribution?
– We want to keep the gender distribution as the same as the original data. But it
also depends on who are willing to participate.
• What is the nationality distribution?
– The subjects in original dataset are all Dutch. This is not possible for new data
collection, but we want to have Dutch people as much as possible. Maybe half
Dutch and half non-Dutch is good for studying the difference between different
nationality in the future.
• Which platform to use? On-line questionnaire or application on phone?
– o We can do the data collection by web-based online questionnaire or application
on the smartphone. But we dont have a basic version of this kind of application on
phone. It is time-consuming to create new applications. Anyway, there are some
online questionnaire platforms available. So it is better to use these platforms
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directly. This can save time. The platform we decide to use finally is Google Form
[10].
• Is the exact timing information necessary?
– In original dataset, people record the exact time of every diet, activity and sleep.
The daily questionnaire is detailed in Appendix D. The collection protocol is detailed in
Appendix E.
Patterns found in new data
The diet and activity association patterns found in less sleep group and in more sleep
group in new data are given in details in Table 5.1 and Table 5.2 respectively. The sleep
association patterns found in new data are illustrated in Table 5.3.
Table 5.1: Association patterns found in less sleep group in new data
X
Bike
Fruit
Potato
Leisure

Y
workStudy
workStudy
workStudy
workStudy

Support
0.39
0.46
0.31
0.45

Confident
0.84
0.77
0.74
0.74

Table 5.2: Association patterns found in more sleep group in new data
X
Bike
Potato

Y
workStudy
Leisure

Support
0.36
0.32

Confident
0.74
0.72

Validation
A t-test is any statistical hypothesis test in which the test statistic follows a Student’s
t-distribution under the null hypothesis. It can be used to determine if two sets of data are
significantly different from each other. We will use the python library provided by numpy for
the implementation.
For the diet and activity association patterns, the t-test is applied on their confident. For
the sleep association patterns, the t-test is applied on their support. We can find that only
some diet and activity association patterns are identical to the patterns found in original data
with 0.7 as the minimal confident. The t-test can be only applied to the same patterns. Other
patterns cannot be validated with t-test. We just ignore these different patterns. However,
in sleep associations, we do not have this problem. So t-test is applied on all the patterns.
The result of t-test is shown in Table 5.4.
From the table, on one hand, we can find that the diet and activity associations have high
p-value, which means that there are no statistical difference between this kind of patterns in
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Table 5.3: Diet and activity associate support with sleep in new data
F actor(X)
Alcohol
Gender
Walk
Work/study
Social
Fruit
Dairy
Grain
Bike
Leisure
Sport
Vegetables
Snack
Potato
Car
Meat
Caf
Egg
Seafood

ssr (X → LessSleep)
0.51
0.51
0.58
0.58
0.5
0.55
0.51
0.52
0.49
0.49
0.55
0.51
0.6
0.6
0.57
0.52
0.51
0.57
0.59

ssr (X → M oreSleep)
0.49
0.49
0.42
0.42
0.5
0.45
0.49
0.48
0.51
0.51
0.45
0.49
0.4
0.4
0.43
0.48
0.49
0.43
0.41

Table 5.4: T-test analysis between patterns from original data and new data
V arname
Diet and activity associations
Sleep associations

t − stats
-0.06
-2.42

pval
0.95
0.02

original data and new data. However, this is not convincing as we remove the rules that are
different. On the other hand, the p-value of sleep association patterns in two datasets is lower
than 0.05, which shows that they are statistically different. This indicates that the patterns
found in original data are not consistent with new data. This can be understandable as these
two datasets are got from different kind of people. The original data is got from students from
university while the new data is collected from employees from IMEC. We can also conclude
that it is better to build a specific prediction model on a targeted group of people rather than
a general model for anyone. Whether a prediction model for a single user is better than a
model for a targeted group of people is worth studying in the future.

5.2

Sleep time prediction evaluation

In sleep time prediction evaluation, we firstly evaluate the prediction model by using and
not using patterns. As the result is not good enough due to the drawback of the data, the
surrogate data is generated to prove the prediction model.
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5.2.1

Prediction with and without patterns

Learning the parameters of a prediction function and testing it on the same data is a methodological mistake: a model that would just repeat the labels of the samples that it has just
seen would have a perfect score but would fail to predict anything useful on yet-unseen data.
This situation is called over-fitting. To avoid it, it is common practice when performing a
(supervised) machine learning experiment to hold out part of the available data as a test set
Xtest , ytest [15].
The dataset is split into training and test sets randomly with a certain fraction. Like
for instance, we can sample a training set while holding out 20% of the data for testing the
classifier. To make the result more stable, we use k-fold cross-validation, that is to divide all
the samples in k groups of samples, called folds, of equal sizes. The prediction function is
learned using k-1 folds, and the fold left out is used for test. The k is set to 5 in our process.
As the performance metric we use is accuracy (Section 4.3.1), we get 5 accuracies by 5-fold
cross validation. The means of the five accuracies is used as the final performance metric for
one classifier. The prediction accuracy table is illustrated in Table 5.5.

Table 5.5: Prediction accuracy table of original data
Classifier
Decision Tree
K-Nearest Neighbors
Logistic Regression
Naive Bayes
Random Forest
Support Vector Machine

Accuracy
All diet and activity as input Use patters in the figure 5.1
0.51
0.62
0.5
0.53
0.55
0.56
0.58
0.6
0.53
0.62
0.56
0.54

From the table, we can find that the performance of using patterns for prediction is better
than not using patterns on average. This indicates that our sleep associate pattern mining
strategy is applicable that it can find out useful patterns for sleep time prediction.
Additionally, to see the contribution of each pattern, we apply classification using different combination of patterns. Take the decision tree as an example, if we only use the sleep
association patterns, that is, alcohol + gender + egg + seaf ood, the accuracy is 0.55. By
adding the pattern bike → work/study, the accuracy increases to 0.59. By adding the pattern
walk → car, the accuracy increases to 0.62. This gives the idea that with certain support
and confident threshold, all the mined patterns are useful for prediction. Other patterns with
less support and confident are also applied, but the prediction performance decreases. The
reason is that with small support and confident, the patterns are not apparent anymore and
they are considered as noise if we apply them to the prediction model.
However, the performance is still not good enough as the patterns are not strong enough
in the dataset. To address this problem, we generate surrogate data for sleep time prediction
in the next section.
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5.2.2

Sleep time prediction in surrogate data

Surrogate data is the data we generate artificially based on the patterns found in original
data. The data should be clean, which means that the patterns found in the surrogate data
should be identical with these in original data. Meanwhile, there should not be other new
patterns existing in the artificial data.
Surrogate data generator
Four main steps to generate the artificial data:
• Sleep label generation: randomly generate 0 and 1 as sleep label (0 represents less sleep
and 1 represents more sleep)
• Independent factor generation: the four variables (alcohol, gender, egg, seafood) based
on their support:
– For alcohol and gender, they contribute to less sleep. If sleep label is 0, the gender
has 62% possibility to be 1 and 38% possibility to be 0, and the alcohol has 71%
possibility to be 1 and 29% possibility to be 0. On the other hand, if sleep label
is 1, the gender has 62% possibility to be 0 and 38% possibility to be 1, and the
alcohol has 71% possibility to be 0 and 29% possibility to be 1.
– For egg and seafood, they help for more sleep. If sleep label is 0, the egg has 62%
possibility to be 0 and 38% possibility to be 1, and the seafood has 71% possibility
to be 0 and 29% possibility to be 1. On the other hand, if sleep label is 1, the egg
has 62% possibility to be 1 and 38% possibility to be 0, and the seafood has 71%
possibility to be 1 and 29% possibility to be 0.
• Association rule generation: the two rules are generated as follows based on their confident:
– The bike and walk are generated based on its distribution in original data with
mean and standard deviation.
– If bike is 1, the work has 84% possibility to be 1 and 16% possibility to be 0.
On the other hand, if bike is 0, the work has 84% possibility to be 0 and 16%
possibility to be 1.
– If walk is 1, the car has 84% possibility to be 1 and 16% possibility to be 0. On
the other hand, if walk is 0, the car has 84% possibility to be 0 and 16% possibility
to be 1.
• Other general factors not included in the dependency graph generation: other factors,
like social activity, sport, fruit, etc. are generated based on its distribution in original
data with mean and standard deviation.
Evaluation
The prediction models are applied on the surrogate data as the same as the original data
(k-fold cross validation is applied). The resulting accuracy is shown in Table 5.6.

Data-driven approach for modeling Lifestyle patterns

53

CHAPTER 5. EVALUATION

Table 5.6: Prediction accuracy table of surrogate data
Classifier
Decision Tree
K-Nearest Neighbors
Logistic Regression
Naive Bayes
Random Forest
Support Vector Machine

Accuracy
All diet and activity as input Use patters in the figure 5.1
0.75
0.82
0.80
0.81
0.82
0.82
0.80
0.81
1
1
1
1

As the same as in original data, the performance of using patterns for prediction is better
than not using patterns in surrogate data on average. But the increase is little. The reason is
that the patterns are so strong in the data that the prediction model can find them through
self-learning. The accuracy of some classifiers, like Random Forest and Support Vector Machine, can reach as high as 1, which indicates that these two classifiers are good for finding
the underlying relations between the input and output. With these results, we believe that if
there are any patterns inside the data, the prediction model can find them.
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Conclusions
In this chapter, we draw the main conclusions in Section 6.1 and present the discussions
including the limitations of our results and the guideline for future investigation in Section
6.2 and Section 6.3 respectively.

6.1

Main conclusions

In this thesis, we propose the framework for lifestyle data analytics for processing lifestyle
data in terms of diet, activity, and sleep, mining underlying patterns in the data by using
machine learning technologies, and visualizing the patterns mined to the user, researchers
and domain experts. The framework itself, by nature, is easy to extend and modify. The
framework enables the user to know better his/her way of living. In addition, the framework
also enables researchers and domain experts to mine raw data for analysis and gain an insight
into the patterns related to sleep.
Several classifiers, decision tree, k-nearest neighbors, logistic regression, naive Bayes, random forest, and support vector machine, are investigated for sleep time prediction concerning
the daily diet and activity. The prediction of using the diet/activity patterns shows better
performance in terms of accuracy than using all diet and activity features. As the increase of
the performance is not significant, the surrogate data is generated to prove that the prediction
model can find out the underlying patterns in the data if there are any.

6.2

Results limitation

Limitations of the study are listed as follows.
• Patterns are not consistent in different groups of people. As we can see from the result
that the patterns found in the group of students (original data) are distinctive with the
patterns found in the group of employees (new data).
• The study needs abounding data. All the patterns we find might happen by chance. To
reduce this kind of effect, a bunch of data is required.
• The recordings are recorded by users manually. This can lead to under-reporting. It
is a complex case as there are too many reasons resulting in under-reporting, like the
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subjects forgot to record something, the subjects could not remember every detail, and
so on. It is better to detect all the information by wearable sensors.

6.3

Guideline for future investigation

Due to the fact that it is usual that the researchers and domain experts who have access to
the data but do not have the idea what information they can get out from it [74]. So our
work might be helpful for researchers to come up with new research points and for domain
experts who study on humans living style. They take my report as a technical guideline with
implementation details. They can learn from our work that:
• how we define user-user similarity
• how to use clustering to find the property of different clusters
• how to mine the patterns with supervised data
• how to transfer patterns to useful features for classification
The code is shared via Github. The repository named Lifestyle Pattern Ming can be
accessed via the following link:
https://github.com/jingjinghaha/LifestylePatternMining
Future implementation:
• take the timing information of each diet and activity into account
• implement a recommendation system based on the knowledge we discovered
Possible research point:
• Study how people’s living style (diet, activity or sleep) change which can be considered
as sequential patterns
• Study peoples health status concerning diet/activity/sleep

56

Data-driven approach for modeling Lifestyle patterns

Bibliography
[1] Activities
affect
sleep.
http://blog.withings.com/2014/11/12/
impacts-of-physical-activity-on-sleep/. [Online; accessed 7-June-2016]. 9
[2] Activities
of
daily
living.
http://www.efsa.europa.eu/en/data/
data-standardisation. [Online; accessed 7-June-2016]. 23
[3] Cosine Similarity. https://en.wikipedia.org/wiki/Cosine_similarity. [Online; accessed 2-August-2016]. 26
[4] DRISP-DM Process. https://en.wikipedia.org/wiki/Cross_Industry_Standard_
Process_for_Data_Mining. [Online; accessed 2-August-2016]. ixix, 4
[5] Euclidean Distance. https://en.wikipedia.org/wiki/Euclidean_distance. [Online;
accessed 2-August-2016]. 27
[6] Fitbit. http://www.fitbit.com. [Online; accessed 7-June-2016]. 8
[7] Food affects sleep. https://sleepfoundation.org/bedroom/taste.php. [Online; accessed 7-June-2016]. 9
[8] FoodEx2. http://www.efsa.europa.eu/en/data/data-standardisation. [Online; accessed 7-June-2016]. 21
[9] Frequent pattern mining in Python. https://github.com/bartdag/pymining. [Online;
accessed 7-June-2016]. 37
[10] Google form. https://www.google.com/forms/about/. [Online; accessed 7-June-2016].
50
[11] Jaccard Index. https://en.wikipedia.org/wiki/Jaccard_index. [Online; accessed
2-August-2016]. 26
[12] Jawbone Up. http://jawbone.com/up. [Online; accessed 7-June-2016]. 8
[13] Natural Language Toolkit. http://www.nltk.org/. [Online; accessed 7-June-2016]. 16
[14] Pillow. https://neybox.com/pillow/. [Online; accessed 7-June-2016]. 8
[15] scikit-learn. http://scikit-learn.org/stable/. [Online; accessed 7-June-2016]. 29,
30, 45, 52
[16] Sleep Time. http://www.azumio.com/s/sleeptime/index.html. [Online; accessed 7June-2016]. 8
Data-driven approach for modeling Lifestyle patterns

57

BIBLIOGRAPHY

[17] Zeo. http://dreamstudies.org/2010/11/29/product-review-zeo-personal-sleep-coach/.
[Online; accessed 7-June-2016]. 8
[18] Sleep Cycle. http://www.bitrebels.com/apps/measure-quality-sleep-cycle-app/,
2014. [Online; accessed 7-June-2016]. 8
[19] Charu C Aggarwal and Jiawei Han. Frequent pattern mining. Springer, 2014. 34, 35, 43
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Appendix A

Sleep correlation analysis in original
dataset

Figure A.1: Factors positively correlated with sleep time
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APPENDIX A. SLEEP CORRELATION ANALYSIS IN ORIGINAL DATASET

Figure A.2: Factors negatively correlated with sleep time

Figure A.3: Factors negatively correlated with sleep time
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Appendix B

Clustering results
Take the diet class as the example, we show the clustering results of k-means, hierarchical
clustering, and affinity propagation in the figure B.1, B.2, and B.3 respectively. Set the
number of clusters to 2, the clustering result of k-means are {0, 1, 3, 5, 6, 9, 10, 11, 12, 16,
17, 19, 24, 26, 27, 28} and {2, 4, 7, 8, 13, 14, 15, 18, 20, 21, 22, 23, 25}. It is identical to
the result of hierarchical clustering. Affinity Propagation can be interesting as it chooses the
number of clusters based on the data provided. The main drawback of Affinity Propagation
is its complexity. And from the clustering result, we can conclude that the complex clustering
is not suitable for our data. It is also the same case for spectral clustering and DBSCAN.
They result in too many groups, which is not what we want.

Figure B.1: Clustering result of k-means in Diet domain
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APPENDIX B. CLUSTERING RESULTS

Figure B.2: Clustering result of Hierarchical Clustering in Diet domain

Figure B.3: Clustering result of Affinity Propagation in Diet domain
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Appendix C

Frequent itemsets mined in original
dataset
Table C.1: Frequent itemsets found in less sleep group in original data
Itemsets (X)
workStudy
entertainmentRelax
transportation3
transportation2
fruitP
transportation3, workStudy
snack
grainP
vegetables
dairyP
entertainmentRelax,workStudy
transportation1
workStudy, fruitP
transportation2, entertainmentRelax
snack, workStudy
transportation2, workStudy
meatP
transportation3, entertainmentRelax
workStudy, grainP
transportation3, grainP
alcoholD
social
workStudy, dairyP
vegetables, workStudy
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Appearance
77
64
62
61
52
52
51
49
46
44
42
41
39
37
37
36
36
35
35
34
34
34
33
33

Support
0.69
0.58
0.56
0.55
0.47
0.46
0.46
0.44
0.41
0.40
0.38
0.37
0.35
0.33
0.33
0.32
0.32
0.32
0.32
0.31
0.31
0.31
0.30
0.30

67

APPENDIX C. FREQUENT ITEMSETS MINED IN ORIGINAL DATASET

Table C.2: Frequent itemsets found in more sleep group in original data
Itemsets (X)
transportation2
workStudy
snack
transportation3
entertainmentRelax
transportation1
grainP
vegetables
fruitP
transportation3,workStudy
meatP
transportation1, transportation2
snack, workStudy
dairyP
snack,transportation2
snack, entertainmentRelax
starchyP
workStudy, grainP
entertainmentRelax,workStudy
transportation2, entertainmentRelax
transportation3, entertainmentRelax
transportation2, workStudy
grainP, entertainmentRelax
vegetables, workStudy
snack, fruitP
workStudy, fruitP
vegetables, transportation2
transportation2, grainP
vegetables, entertainmentRelax
vegetables, snack
transportation3,snack
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Appearance
68
66
64
63
62
52
52
51
49
46
42
42
41
40
38
38
38
38
38
37
36
36
36
35
35
34
34
33
33
33
33

Support
0.62
0.61
0.59
0.58
0.57
0.48
0.48
0.47
0.45
0.42
0.39
0.39
0.38
0.37
0.35
0.35
0.35
0.35
0.35
0.34
0.33
0.33
0.33
0.32
0.32
0.31
0.31
0.30
0.30
0.30
0.30
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Appendix D

New data collection questionnaire

Figure D.1: Questions for Personal Information
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APPENDIX D. NEW DATA COLLECTION QUESTIONNAIRE

Figure D.2: Sleep related questions
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APPENDIX D. NEW DATA COLLECTION QUESTIONNAIRE

Figure D.3: Diet related questions
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APPENDIX D. NEW DATA COLLECTION QUESTIONNAIRE

Figure D.4: Activity related questions
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Appendix E

New data collection protocol
1. Admission day: the participant will be measured with respect to
(a)
(b)
(c)
(d)
(e)
(f)

Height
Weight
%Fat
Nationality
Age
Profession
This procedure will take max 5 mins;

2. For a period of one month: The participant will undergo the following protocol:
(a) he/she will fill the online questionnaire at the following link:https://docs.google.
com/forms/d/13XgkgaJEu-i8nGWqbdTNWcvNAE7dOb0yA9depfCQroY/viewform
(b) the questionnaire should be fill out every day in the morning, possibly before
10a.m., to reflect their free living information in terms of diet, activity, sleep in the
previous day. For example, the form filled on 8th March is to record their living
information of 7th March
(c) The researcher will check the results in the mid noon around 1pm and send email
or message to the participants if he/she forgot to fill out the questionnaire
(d) After receiving the notification, the participant should fill the form as soon as
possible in the afternoon
(e) At 5pm the researcher will check again if all the questionnaire has been filled out
from every participant
Fill out of the questionnaire will take only 3 mins;
3. End of the study: the participant will be measured with respect to
(a) Height
(b) Weight
(c) %Fat
The participant will also fill out two questionnaires, the PSQI and RAND questionnaires that measure humans sleep quality and life quality and other general
questions. This procedure will take max 20 mins.
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