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ABSTRACT

In the past few years, the general work habits of people have changed dramatically,
raising concerns about their well-being. Numerous health-related problems have been
observed from their health records such as obesity, diabetes or heart diseases, and
unhealthy eating is one of its factors. But these problems can be prevented if people
start eating healthy food. The population, in general, is also realizing that healthy
eating is important for their well-being. However, they usually resist because they
assume that healthy food is not tasty and they do not want to comprise their taste
preferences. Moreover, they have various other considerations that become barriers for
them while selecting a healthy recipe. These are:(1) their complex, restrained needs
(i.e., allergies and nutritional goals), (2) their strict lifestyle or dietary preferences
(i.e., their desire to eat only vegan or vegetarian food), (3) lack of knowledge about
how to choose healthy recipes while exploiting their taste preferences, (4) choosing
recipes that maximize the use of available ingredients in their kitchen. Numerous
researchers have been working in this field and developed various applications and
systems to suggest healthy recipes.

Apart from unhealthy eating, household food wastage has become a public prob-
lem, and some of the causes, which trigger it are users’ taste preferences (i.e., disliking
of the food), and not cooking food before ingredients expiry dates.

Thus, we propose a personalized recipes recommender system as a proof of concept
called CAPRecipes, which is based on context-awareness. It tackles the aforemen-
tioned barriers and improves the users’ experiences by providing the recommendations
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of personalized recipes with minimal efforts while exploiting their dynamically chang-
ing contexts. CAPRecipes also helps in the reduction of food wastage as it first
shows the recipes, which contain the ingredients that are expiring soon and matches
with users’ taste preferences. It also considers that recipes do not violate users’ health
restrictions and nutritional goals, and use the maximum number of available ingre-
dients in users’ kitchen. The proposed system gathers users’ taste preferences by
exploiting two third-party social media applications (i.e., Facebook and YouTube)
and collaborative-based filtering algorithm. This thesis also explores various natural
language processing techniques such as text analysis and parts of speech tagging to
identify the recipes’ preferences and to find the most relevant match for each recipe
or ingredient having different names.
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Chapter 1

Introduction

This chapter introduces the reader to some of the challenges faced by people every
day while selecting healthy recipes, considering their dynamically changing taste pref-
erences and the stock of ingredients in their kitchen. We focus on the scope of social
media affecting user preferences [GZR+10]. We also discuss the impact of users’ taste
preferences that influence food wastage which is a primary concern for the public
health of this world [AWdHA+15]. One approach to deal with these problems is to
develop a recipes recommender systems that can take into account users’ health re-
strictions and goals, their taste preferences and maximize use of ingredients they have
in stock while minimizing food wastage.

1.1 Problem Definition and Motivation

“Food is an integral part of our lives, cultures, and well-being,
and is of significant interest to public health [AMW15]” .

In the past decade, the general work habits of people have changed drastically, raising
concerns about their well-being. As evident from the current lifestyle and health
records of people around the world, we can see that people are suffering from various
lifestyle and diet-related illnesses like obesity, diabetes and heart-related issues and
these issues prompt 60% of the total deaths [LSH+97, ELL+12, TE17]. According to
Ornish et al., healthy dietary choices will forestall or sometimes reverse these health
issues [OBB+90].

According to the World Health Statistics 2014 , more than 1.9 billion adults were
overweight, out of which 600 million were obese. More importantly, these figures tend
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to increase [Wor18b]. The population, in general, understands that healthy eating is
fundamental to their well-being. It is mainly due to the lack of knowledge about what
is healthy to eat while considering people’s taste [LSH+97, ELL+12]. For instance, a
person suffering from obesity might not have adequate knowledge about what recipes
to prepare or what dietary guidelines to refer for the selection of appropriate recipes,
which are good for her health by taking taste preferences into consideration. Thus,
healthy dietary patterns with people’s dynamically changing taste preferences are
essential for keeping up a salubrious life, which is quite challenging.

In recent years, social media has achieved a great deal of success having millions of
users using sites such as Facebook,1 YouTube,2 Twitter3 and Wordpress4 which play a
crucial role in finding the users’ preferences. These sites generally depend upon their
users to create and contribute contents; to comment on other users’ contents with
tags, likes, and ratings; to form online relationships; and to join online communities.
Social media and personalized recommender systems can mutually benefit from one
another [GZR+10].

These sites are expanding day by day, and the size of their content keeps on
growing which eventually prompt an overload of information. Such large amount
of availability of personal information can be utilized to create a deeper and more
personalized experience for users [GZR+10]. Indeed, even big companies such as
VEVO,5 have integrated with many social media sites like Twitter, Spotify,6 and
YouTube to utilize users’ personal information to provide more personalized recom-
mendations [Sar18]. Users’ personal content on social media can likewise influence
the personal dietary habit of the user [AMW15].

In spite of the advantages of healthy eating, adults do not usually engage in
good eating habits, particularly, young adults [ELL+12]. Although people regularly
attempt to incorporate healthy eating habits after receiving medical advice, social
promotion or participating in disease prevention activities; various hindrances or bar-
riers can be encountered, such as constrained knowledge of cooking recipes, and taste
preferences [LSH+97, ELL+12]. Lack of time, however, is one of the most reported
barriers, which makes it challenging for users to plan and follow a daily healthy diet.

1https://www.facebook.com
2https://www.youtube.com
3https://twitter.com/?lang=en
4https://wordpress.com
5https://www.vevo.com
6https://www.spotify.com/ca-en

https://www.facebook.com
https://www.youtube.com
https://twitter.com/?lang=en
https://wordpress.com
https://www.vevo.com
https://www.spotify.com/ca-en
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In light of this, numerous medical professionals around the world are concentrating
on incorporating IT solutions with health management and encouraging users to use
online systems in order to improve their lifestyle in a better way [FB10].

Trattner et al. stated that the food recommendation domain had received the least
attention as compared to other domains related to leisure and entertainment. They
then argued that more attention should be given to the food recommendation domain
due to the fact that humans need food for their existence [TE17]. However, choos-
ing food is a challenging task as we have many different options available [SGT10],
[SAK+91].

Ueda et al. conducted a questionnaire with 20 men and women in their 20s to 40s
to survey the key considerations for menu planning [UTN11]. The result shows their
preferences in the following order: (1) food preferences, (2) nutritional balance, and
calories, (3) ingredients they have in stock or they can get easily, (4) easy to cook,
and (5) mood.

Whenever users go into their kitchen to cook a meal, it is not easy for them to
manually search for the recipes considering their taste preferences, health restrictions
and goals, and the ingredients they have in stock as there could be numerous blends.

Alongside unhealthy eating, household food wastage is increasingly becoming a
public problem, as future ecological conditions will most likely to be unable to main-
tain the world’s limited resources and secure enough food for the human population.
One of the significant reasons for food wastage is the users’ taste preferences, i.e.,
disliking of the food [AWdHA+15].

According to the World Food Programme, we are producing enough food to feed
everyone in the world, but regardless of that, over 800 million people across the globe
go to sleep hungry every night because of food wastage [Wor18a]. As per the statistics,
1 in 9 people on earth is either starving or malnourished. If we take a quarter of the
total wasted food in USA, UK, and Europe each year, we can without much of a
stretch unravel the aforementioned starving problem [Oli18].

Food wastage is also destructive to the environment. In terms of land, we require
a bigger measure of land territory than the land mass of China for the production of
food each year that is ultimately never eaten. What’s more, even the land for this pro-
duction is only accessible after deforestation, extinction of animals and birds species,
moving human population away, and degrading the quality of the soil. Moreover, we
are using 25% of freshwater on the production of this wasted food [Oli18].

According to Williams et al., food packaging plays a vital part in reducing food
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waste; and about 20-25% of it could be related to how people manage to cook food
before their expiry date, according to package sizes [WWO+12].

Given all the restrictions above, it appears that an IT system for managing the
household food and diet plans can potentially reduce food wastage, thereby helping
individuals and families to improve their eating habits, and therefore lessening the
incidence of diet-related health issues.

Moreover, the upsurge in human needs and desires to organize food items in the
refrigerator led to the emergence of large sized refrigerators [Hof14]. Companies like
Samsung7 and LG8 invented two-door refrigerators in 1990 and two-sided refrigerators
in 2000 [Car18]. However, managing the food items in these refrigerators is still a
cumbersome task. Also, users have always been in a predicament about what to
prepare from the available ingredients, as there can be many combinations and it is
not easy for users to explore manually on the web for the various sorts of recipes
from these ingredients. To first solve this, in 2010, the concept of smart refrigerators
came into the market. However, these refrigerators use only ingredients’ expiry date
while recommending recipes to users. Even the recently launched smart refrigerators
in 2016 by Samsung does not include the users’ preferences which are dynamically
changing while recommending recipes [SAM18].

To alleviate the aforementioned barriers several internet-based techniques have
continuously been proposed for many years. These applications are recommending
recipes based on the context of ingredients, the popularity of recipes within that
application space and cuisine style. Users have to manually input their contextual
information every time to get the recipe recommendations. However, these solutions
do not concentrate on numerous compelling context of the users’ such as changing
taste preferences and health altogether.

Based on the above problems and motivation, we formulated five Research Ques-
tions (RQ) as follows:

• RQ 1 : How can we exploit users’ personal context from third-party social me-
dia apps such as YouTube and Facebook to extract users’ taste preferences for
providing relevant recipe recommendations?

• RQ 2 : How can we integrate users’ dynamically changing taste preferences gath-
ered from various sources such as YouTube, Facebook and Collaborative filtering

7http://www.samsung.com/us
8http://www.lg.com/ca_en

http://www.samsung.com/us
http://www.lg.com/ca_en
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to provide better recipe recommendations?

• RQ 3 : How can we integrate users’ dynamically changing taste preferences and
health factors to make better recommendations for a healthier life?

• RQ 4 : How can we promote the reduction of food wastage while considering
users’ dynamically changing taste preferences and health restrictions?

• RQ 5 : How can we automate the manual web searching by exploiting users’
context to improve their experience by refining the browsing of recipes within a
short time?

1.2 Research Methodology

We’re drowning in content.
Recommendations are what we need.

David Pierce

The objective of this research is to formulate a smart application as a proof of con-
cept, which is based on context awareness called CAPRecipes. This application aims
to solve the above problems mentioned partially by exploiting users’ contexts. CA-

PRecipes utilizes kitchen, personal and temporal context to suggest recipes, which
are highly relevant to users.

The kitchen context includes the attributes of ingredients (i.e., expiry date and
quantity) that are currently available in users’ kitchen (i.e., refrigerator and pantry).
The personal context includes the users’ recipe likes of their social media such as
YouTube and Facebook; users’ recipe likes on CAPRecipes as well as suggested
recipe likes based on similarity with other similar users; health-related information
(i.e., allergies, nutrition information) and strict dietary restrictions or moral concerns
(i.e., vegan, vegetarian or gluten-free). The temporal context includes users’ current
meal-time.

By exploiting these contexts, CAPRecipes is able to provide better recipe rec-
ommendations to users, thereby fulfilling health goals and restrictions, maximizing
the use of ingredients they have in stock and adapting to dynamically changing taste
preferences. With the assistance of this system, users no longer need to manually
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search on the web for recipe recommendations. We also hope that users’ recipes
browsing experiences will be enhanced with this system.

To accomplish this research, we use natural language processing (NLP) techniques
for classifying the recipe likes from the YouTube and Facebook’s eclectic list, and
for identifying the most relevant match for each recipe or ingredient retrieved from
different sources. In addition, we use the Spoonacular API as a recipe database
to retrieve the recipes based on users’ context. To identify the similarity between
users in terms of their taste preferences, we use collaborative filtering that helps in
suggesting those recipes in which users may have shown interest, results in improving
recipe recommendations.

With the help of the recommended list, users can read and watch the instructions
of recipes and can also like them through the CAPRecipes interface, which in turns
improves their future recipe recommendations.

CAPRecipes interface comprises of four parameters in the form of toggle but-
tons, which provides the users full control over the personalization. For instance, if a
user decides that she wants recommendations without the influence of her taste pref-
erences, she can disable the taste personalization parameter and thus CAPRecipes

recommend recipes based on the ingredients’ availability with their expiry, and her
health restrictions and nutritional goals.

1.3 Thesis Outline

Chapter 2 presents the background explaining the notion of context and context-
aware applications. It also presents related research work, highlighting aspects that
have been considered to recommend recipes to users.

Chapter 3 demonstrates the architectural view of our proposed context-aware per-
sonalized recipes recommender system, called CAPRecipes using user interface de-
sign and detailed components architecture.

Chapter 4 presents the implementation of RESTful web service APIs, and algorithms
used to understand and integrate dynamically changing users’ taste preferences of
recipes, gathered by exploiting various sources, for providing recipe recommendations
according to users’ taste preferences.
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Chapter 5 presents the implementation of RESTful web service API, and algorithm
used to exploit users’ personal, kitchen and temporal contexts for providing person-
alized recipe recommendations.

Chapter 6 presents the evaluation of CAPRecipes where we assess its usability in
terms of efficiency, effectiveness, and user satisfaction using two experiments.

Chapter 7 summarizes the thesis and presents the contributions and ideas for future
research.
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Chapter 2

Background and Related Work

This chapter describes the background topics of this research: factors that affect users’
food choices, the notion of context and context-aware applications, brief description
of RESTful web service APIs exploited in this research; and presents prior work in
the domain of recipe recommender systems.

2.1 Factors Affecting Food Choices

In this section, we illustrate the essential factors considered by an individual while
making food-related choices; and portray the steps taken by the experts of Harvard
to promote healthy eating.

“We want what we eat to be healthy and tasty [Spe18]” .

In today’s world, it has been observed that people like to adopt healthy meal
plans [Hew18], but they resist healthy eating because they want to continue eating
the food they love. People might assume that healthy food is neither tasty nor
something they would love to eat [Lac18, Hew18, Cui18]. The lack of knowledge
about how to choose healthy recipes while exploiting their taste preferences and time
to cook are some of the reasons that are driving people to pick convenient food rather
than necessary food. However, we can prepare healthy recipes without imperiling
taste [Hew18].

Choosing what to eat is a complex decision that people make every day. According
to a qualitative analysis of food choices, Furst et al. and Falk et al. developed a Food
Choice Model in 1996, which was further explored by Conners et al. in 2001. In
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Figure 2.1: Food choice process model [CBSD01]

this model, the events and experiences of individuals are examined over their life
course, shaping their food choices, which are influenced by their ideals, personal
factors, resources, social relationships, and food context. In view of this model,
considerations that individuals weigh when making food-related choices are called
values. These values are taste, health, cost, time, and social relationships [FCB+96,
FBS96, CBSD01]. The Food Choice Process Model presented by Conners et al. is
depicted in the Figure 2.1.

As discussed above, people like to adopt healthy eating but planning it is a very
complex task. Thus, to tackle the health issues, nutrition experts of Harvard School
of Public Health and editors of Harvard Medical School created a Healthy Eating
Plate outlined in Figure 2.2. This plate provides a simple and trustworthy guide to
create a healthy and balanced meal. To promote healthy eating, experts of Harvard
have suggested to have a copy of the Healthy Eating Plate on refrigerators for people
to remember it [oPH18, Pub18].

Users might prefer healthy and tasty food (cf. Section 1.1). As shown in Food
Choice Process Model (Figure 2.1), health, taste, and social context are three essential
values or factors of a personal food system. In this research, we use these three values
since they have a positive impact on the recommendation.
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Figure 2.2: Healthy Eating Plate by Harvard [oPH18]

2.2 Context-Awareness

Over the years, researchers made several attempts to define the notion of context
awareness. Schilit et al. defined the meaning of context-awareness as a new class
of computer software applications that exploit changes in users’ environments to
change their behavior accordingly [SAW94, MAD00]. Pascoe et al. presented con-
text awareness as the capability of computing devices to detect, sense, interpret
and respond according to users’ local environment and computing devices them-
selves [PRM00, BHS04].

According to Dey et al., context-awareness is the utilization of context to pro-
vide relevant information and services to users, where the relevance relies upon users’
tasks [BHS04, ADB+99, Dey16]. They observed that their definition is more gen-
eral and does not fit in the establishment of context-aware applications. There-
fore, they categorized the features for context-aware applications, included in Sec-
tion 2.2.2 [Dey16, ADB+99].

2.2.1 What is Context?

Context is becoming progressively more important for ubiquitous computing, where
the context of users is constantly changing. Context can be specified as any informa-
tion in a given situation where an entity exists, or an event occurs; where an entity
can be a person, place, or physical or computational object [BHS04, Dey00].
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The definition of context has been introduced and defined by many researchers over
the years since 1994. Schilit and Theimer were the first researchers who originated and
presented a formalization of user-centered understanding of context based on three
aspects: where you are, who you are with, and what resources are nearby [SAW94,
BHS04]. Also, they stated that context is the environment, which is constantly chang-
ing. The following elements of the environment are discussed [Dey16]:

1. Computing Environment: connectivity, available processes, accessible de-
vices for user input and display, costs of computing, and network capacity.

2. User Environment: set of nearby people, location, and social circumstances.

3. Physical Environment: lighting and noise level.

In 1998, Dey et al. and Pascoe et al. redefined the concept of context. The
former defined the context as the user’s physical, social, emotional, or informational
state. The latter defined context to be the subset of physical and conceptual state of
interest to a particular entity. Benerecetti et al. classified context into two categories:
physical context and cultural context. Physical context incorporates physical features
of the environment such as location and condition. Cultural context incorporates a
user’s personal data, social and belief information [BBB01].

According to Dey et al., context can be defined as the environment, which is
relevant to an application and its sets of users. According to them, as situations are
dynamically changing it is difficult to find which aspects are important for a particular
situation. In addition, they stated that context can include both the implicit and the
explicit input. Like in the case of user identification, the identity of a user can be
implicitly sensed with the help of facial recognition; or the user can explicitly type
his/her name via the keyboard [Dey16].

Bisgaard et al. surveyed the context for investigating common characteristics of
how context is defined. Based on their survey, they argued that most of the researchers
seem to have an agreement on location, time, identity and environment as key factors
summarized in Table 2.1 [BHS04].

After considering all of the aforementioned definitions of contexts, we have con-
cluded that the definition given by Dey et al. is the most relevant to our research. In
particular, users’ context can be extracted using two types of input: implicit and ex-
plicit. In our research, the implicit context includes dynamically changing users’ taste
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Ryan et al. X X X X

Brown et al. X X X X X

Schilit et al. X X X X X

Rahlff et al. X X X X X

Beale et al. X

Hess et al. X X X X X X

Dey et al. X X

Table 2.1: Common characteristics of context [BHS04]

preferences whereas explicit context includes users’ health restrictions and nutritional
goals; and available ingredients in a users’ kitchen.

2.2.2 Categorization of Features of Context-Aware Applica-

tion

To more concretely represent the field of context-aware applications, Dey et al. pre-
sented the categorization of features of a context-aware application. This catego-
rization helps application designers in the development of context-aware applica-
tions. Before this categorization, two attempts have been made by Schilit et al.
and Pascoe. Schilit et al. defined the categorization into two orthogonal dimen-
sions [Dey16, ADB+99]:

• Whether the task is to obtain information or to execute a command;

• And whether the task is executed manually or automatically.

These two dimensions were then categorized into four types [Dey16, ADB+99]:

1. Proximate Selection: Retrieve the information manually for the user, based
on the context availability
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2. Automatic Contextual Reconfiguration: Retrieve the information auto-
matically for the user, based on their context availability

3. Contextual Command: Executes commands manually for the user, based on
their context availability

4. Context-Triggered Actions: Executes commands automatically for the user,
based on their context availability

In the second attempt, Pascoe in 1998 proposed a categorization that was considerably
overlapped by the categorization of Schilit et al., but it includes some recognizable
differences as well. The former was aimed at identifying the core features of context
awareness whereas the latter focused on the identification of context-aware applica-
tions. Dey et al. stated that Pascoe’s categorization is based on the features of
context awareness and maps well with the categorization of Schilit, which is based on
the classes of applications. Pascoe’s categorization is defined below [Dey16, ADB+99]:

1. Contextual Sensing: is the capability to recognize contextual information
and exhibiting it to the user. Schilit et al.’s Proximate Selection maps well with
this categorization.

2. Contextual Adaptation: is the capability to execute or modify a service
automatically considering the current context, which maps well with Schilit et
al.’s Context-Triggered Actions.

3. Contextual Resources Discovery: is the capability for allowing context-
aware applications to locate and exploit resources and services, which are rel-
evant to user’s context, and maps with Schilit et al.’s Automatic Contextual
Reconfiguration.

4. Contextual Augmentation: is the capability to incorporate digital data with
user’s context and did not map with any of the Schilit et al.’s categorization.
According to this categorization, a user can view the data whenever she enters
in the environment of associated context. For example, a user creates a virtual
note providing the details of his/her broken car and attached it to his/her car,
which is parked in the garage. The user’s family members will then get to know
that the car is broken whenever they go into the garage.
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Dey et al. discovered that Pascoe’s categorization does not reveal one of Schilit’s
categorization, which is contextual commands.

Later in 2000, Dey and Abowd combined the categorizations of Schilit et al. and
Pascoe, and introduced three differences. They defined three categories for their
categorization and described them as context-awareness behaviors that an application
might exhibit [ADB+99, Dey16]:

• Presentation of information and services to a user.

• Automatic execution of a service.

• Tagging of context to information for later retrieval

In the following section, we describe how context can be modeled for the devel-
opment of context-aware recommender systems with some popular existing context-
aware applications. We also explain standard techniques used for developing recom-
mender systems.

2.3 Context-Aware Recommender Systems

Recommender systems are software applications and tools that provide recommen-
dations to users for several items. These systems have been researched and deployed
extensively over the last decade in numerous application areas such as e-commerce,
information retrieval, healthcare, ubiquitous and mobile computing, data mining,
marketing, or management. [VDLG10, VMO+12]. The recommendation process re-
lates to various decision-making processes, like what items to buy, what music to
listen to, or what online news to read [RRS11]. Traditional recommender systems do
not consider users’ contextual information while recommending the items [AT10].

Researchers and developers perceived contextual information as a relevant factor
for personalized recommendations [AT10]. Adomavicius et al. stated that contextual
information matters in recommender systems as it has a direct impact on the rele-
vance of recommendations [VDLG10]. Context-aware systems differ from traditional
recommender systems because it gathers users’ contextual information from their en-
vironments and adapts the behavior of the systems accordingly [BDR07]. Moreover,
contextual information is system dependent for any particular user, because this in-
formation might be considered invaluable for another system [TD09]. Some examples
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of context-aware recommender systems are:

CyberGuide was the first attempt to create a context-aware system, which was
designed in the year 1996 by Abowd et al.; this system uses location as context and
aims to work as a citywide guide, helping tourists visiting places they would like to
see [LKAA96, BHS04].

Shopping Assistant exploits users’ location and identity to help them in mak-
ing their personal shopping list at home before going to the grocery store. Whenever
a user enters a store, the shopping assistant system provides a map highlighting
all the locations of the items present in the user’s list. In addition, while the user
walks the aisles, the system displays available offers according to the user’s con-
text [NPS03, BHS04].

Sourcetone Interactive Radio1 is a music company which incorporates con-
textual information in their recommendation engine. To improve the music recom-
mendations to users, they use current users’ mood as a context, which users have to
stipulate [AT10].

2.3.1 Standard Recommendation Techniques

There are three strategies commonly used by most of the recommender systems: col-
laborative filtering, content-based filtering, and hybrid-based filtering [BS97, VDLG10].

Content-Based Filtering recommends items based on users’ interests, which
are usually specified in users’ profiles.

Collaborative Filtering identifies the similarity between users and produces
new recommendations based on inter-user comparisons.

Hybrid-Based Filtering incorporates both the above techniques.

In our research, we use hybrid-based approach including the natural language pro-
cessing techniques to provide highly relevant recipe recommendations to users. The

1http://www.sourcetone.com

http://www.sourcetone.com
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detailed description of how we have integrated these approaches in our recommen-
dation engine to provide recipe recommendations is discussed in Chapters 4 and 5.
The following section illustrates RESTful web service APIs that are used for the
implementation of CAPRecipes.

2.4 RESTful Web Service APIs

In today’s world, most of the projects or applications use REST APIs for the creation
of professional services. Companies like Twitter, Google, YouTube and Facebook gen-
erate business by utilizing REST APIs. REST 2 architecture is the most logical, effi-
cient and widespread standard in the creation of APIs for Internet services [BBV18].

The term REST was introduced by Roy Fielding in 2000 in his dissertation and fol-
lows an architectural style for distributed hypermedia applications [Tut18a, Vaq18].
REST is mainly used to build web services that are lightweight, maintainable and
scalable. Services based on the REST architecture are known as RESTful web ser-
vices [Vaq18]. REST APIs allow developers to perform requests and receive responses
via the HTTP protocol such as GET and POST. The principal benefit of using REST
is that it can easily connect machines using simple HTTP calls instead of using the
complex mechanisms such as CORBA, RPC or SOAP [Web, BBV18] and are language
independent and easy to test [Dee18].

Table 2.2 demonstrates various HTTPmethods used in RESTful web services [Tut18b].

POST To create new resource

GET To read or retrieve a representation of a resource

PUT To update existing or create a new resource

PATCH To update or modify existing resource

DELETE To Delete an existing resource

Table 2.2: HTTP methods of RESTful web services

The RESTful web services often returns JSON or XML as a response type but
are not limited to these types only. With the help of HTTP accept header, we can

2REST is an acronym for REpresentational State Transfer
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easily stipulate a resource type in which we are interested in, and the server returns
the resource by specifying content-type of the resource it is serving [Web].

For the development of CAPRecipes, we use various REST APIs that are ad-
dressed in the following subsections. We retrieve data in JSON format from all REST
APIs used in this research as it has lower-overhead than XML and focuses more on
content rather than formatting [Ben18].

2.4.1 YouTube API

YouTube API empowers developers to access users’ data and video statistics through
a REST API call. It provides feasibility to developers to incorporate YouTube expe-
rience into their software applications. YouTube renders various API and tools such
as Player API, Analytics API, or Data API [You18a].

According to YouTube, every minute 100 hours of videos are uploaded by users [Arn18].
With the assistant of YouTube Data API (v3), we can request as well as store infor-
mation regarding these videos, which can be used to provide personalization to users.
This API helps developers to fetch search results and to retrieve, insert, update, and
delete resources like videos or playlists [You18a, Goo18b].

In this research, we use YouTube Data API to retrieve the list of users’ liked videos,
which helps in understanding the recipes’ taste preferences of users for providing
personalized recipe recommendations.

2.4.2 Facebook Graph API

Facebook Graph API is the core of Facebook’s platform and enables third-party
developers to create their services and applications that will access users’ data to read
and write from Facebook. This API is extremely advanced and empowers developers
to access every possible object that includes users’ identity, photos, status, videos,
likes, conversations and even their inter-linked relationship with each other [Arn18,
Fac18a].

Facebook is the largest social networking site having over one billion active monthly
users who spend a quality amount of their time on Facebook. Therefore it contains
an invaluable mine of data and personal information of users [Arn18]. This is the
principal reason for using this API in this research. Not to mention, for many people,
the term Internet is basically Facebook [Pie18].
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As Facebook contains such tremendous amount of personal data, we can use this
data to create a deeper, personalized experience for users. With the help of Facebook’s
single sign-on authentication mechanism, developers can access this data on behalf of
Facebook users via the Graph API across the web, mobile and desktop apps [Arn18,
Fac18a].

Similar to YouTube, we also retrieve users’ likes on Facebook in JSON format
using Facebook Graph API.

YouTube and Facebook likes are eclectic lists of likes. Therefore to extract recipe
likes from this data, we use the natural language text analysis API, explained below.

2.4.3 Natural language Processing API

Natural Language Processing is the realm of artificial intelligence that enables com-
puter softwares to analyze and comprehend human language [Inv18]. It can extract
significant insights in the form of structured data after processing, examining and
understanding unstructured or semi-structured data gathered from human-generated
text and content. The unstructured or semi-structured data could be queries, email
communications, social media, videos, customer reviews, or customer support re-
quests [Tec18a].

As discussed in the previous section, we get eclectic list of likes from users’
YouTube and Facebook profile. Thus, to extract recipe likes from this list, we in-
corporate AYLIEN Text Analysis API. This API is a package with natural language
processing and machine learning-powered tools that can analyze and extract diverse
classes of necessary information from text and images [Ayl18a].

Figure 2.3: High level view of the process of the AYLIEN Text Analysis API
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We apply the classification by taxonomy technique of AYLIEN Text Analysis API
that analyzes contents according to a set of predefined classification procedures and
taxonomies. These taxonomies have a tree-like structure, which recursively permit
us to traverse from child to parent categories efficiently. There are two taxonomies
provided by this API, which are IPTC Subject Codes, and IAB QAG discussed be-
low [Ayl18b].

• IPTC Newscodes - International standard for categorizing news content

• IAB QAG - The Interactive Advertising Bureau’s quality guidelines for classi-
fying ads

2.4.4 Spoonacular Food and Recipe API

Spoonacular API is the Recipe, Nutrition and Food API that has an immense amount
of data allowing users to access over 365,000 recipes and 86,000 food products. The
food ontology of this API uses natural language processing techniques and lets de-
velopers search for recipes according to users’ ingredients and health restrictions.
This ontology also allows developers to get recipes based on users’ special dietary
requirements such as vegan, vegetarian or pescetarian [Rap18b, Mas18, Pro18].

This REST API offers food parsing, matching and searching technology for indi-
vidual app developers as well as large enterprises to create stunning applications with
their data. Due to its effective results, it is used by many universities, schools, and
hackathons around the world as depicted in Figure 2.4 [Spo18].

Figure 2.4: Countries currently using the Spoonacular API

Overall it is a commercial product however for hackathons and academic purposes
an individual can get access to a meager price [Spo18]. Currently, Mashape3 and
Rapid4 are two companies who merged and became the world’s largest API mar-

3https://market.mashape.com/dashboard
4https://rapidapi.com/

https://market.mashape.com/dashboard
https://rapidapi.com/
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ketplace with 7,500+ APIs and 370,000+ developers [Rap18a], which includes the
management of this API on their platform.

Not to mention, we use this REST API to get recipes based on users’ available
ingredients, and their health restrictions and nutritional goals. The detailed descrip-
tion of all these four APIs and its integration with the CAPRecipes recommendation
engine is illustrated in Chapter 4 and 5.

2.5 Prior Work on Recipes Recommender Systems

We all know, food is necessary for human sustenance and every individual look for
healthy recipe recommendations in their day to day life. However, it is very chal-
lenging for users to make healthier food choices, due to the constant increase in food
varieties [GEFT+15] (cf. Chapter 1). In view of this, numerous researchers around
the world have been working to build recipes recommender systems for many years.
They aim to provide a system, which tailors the recipes for users not only on what
users want to eat but also keeping in mind to nourish them more healthily. However,
it is still an under-researched domain when compared to other domains [TE17]. In
this section, we describe previous researchers’ work that has been done for building
recipes recommender systems.

Trattner et al. surveyed 25 research contributions ranging from 1986 to 2017,
associated with food recommendations shown in Table 2.3. They stated that these
research papers are popular, highly cited, recent and relevant in the domain of food
recommendations and elected based on their experience. From their survey, they
provided a notable summary of past researches on food recommender systems that
highlights most pioneering and novel approaches. Besides, they discussed the chal-
lenges, lessons learned, and future directions in designing food recommendation sys-
tems [TE17].

In Table 2.3 of Trattner et al.’s survey, the first column represents Author(s)
name, the second column represents Algorithm(s), which defines various algorithmic
approaches used in food recommendations domain such as content-based filtering, col-
laborative filtering or machine learning classifiers. The third column is Personalized,
which depicts whether author(s) used personalization or not in their recommendation
systems. The fourth column, RecsSys Type(s), describes the type of recommenda-
tion systems. The fifth column, Feedback, shows the means through which users’
preferences are taken as feedback to improve recommendations in future. The sixth
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Author(s) Algorithm(s) Person-
alized

RecSys
Type(s) Feedback Context

Feature(s)

Die-
tary

Constr-
aints

Target Dataset

Elsweiler et al.(2017)
Logistic

Random Forrest
Naive Bayes

no Recipes Ratings Binary

Title
Image

Ingredients
Nutrition

Pop & Appr

no Single User AllRecipes

Trattner et al.(2017)

LDA
WRFM
AR
SLIM
BPR

MostPop
User-ItemKNN

yes/no Recipes
Meal Plans

Bookmarks
Ratings

Comments

WHO-FSA
health score no Single User AllRecipes

Cheng et al.(2017) BPR
MostPop yes/no Recipes Ratings City Size no Single User Kochbar

Yang et al.(2017) Learning
to Rank yes Recipes Binary Image Embeddings yes Single User Yummly

Rokicki et al.(2016) UserKNN
MostPop yes/no Recipes Ratings Gender no Single User Kochbar

Ge et al.(2015) MF
CB yes Recipes Ratings

Tags Tags no Single User Wellbeing
Diet Book

Elsweiler et al.(2015) SVD-Hybrid yes Meal Plans
(Set of recipes) Ratings Ingredients yes Single User Quizine

Sano et al.(2015)

UserKNN
SVD

Hybrid
NL-PCA

yes Groceries Purchases Food Categories no Single User
Grocery
store
data

Trevisiol et al.(2014) UserKNN
CB yes Menus

(Set of dishes) Binary Text
Sentiment no Single User Yelp

Elahi et al.(2014) MF yes Recipes Ratings
Tags Tags no Group User Wellbeing

Diet Book

Harvey et al.(2013)
CB,CF

Logistic Reg.
SVD-Hybrid

yes Recipes Ratings Ingredients
etc. no Single User Quizine

Teng et al.(2012) SVM no Recipes Ratings

Ingredients
Nutrition
Cook effort

Cook methods

no Single User AllRecipes

Kuo et al.(2012) Graph-based
CB yes Menus

(Set of recipes) Tags Ingredients no Single User Food

El-Dosuky et al.(2012) CB
KB yes Food items Query Tags no Single User USDA

Freyne et al.(2011) CF yes Meal Plans
(Set of recipes) Ratings - no Single User Wellbeing

Diet Book

Ueta et al.(2011) KB yes Recipes Query Tags no Single User Cookpad

van Pinxteren et al.(2011) CB yes Recipes Cooked
recipes

Recipe content
features no Single User Smulweb

Freyne et al.(2010)
UserKNN

CB
Hybrid

yes Recipes Ratings Ingredients no Single User Wellbeing
Diet Book

Berkovsky et al.(2010)
UserKNN
GroupKNN
Hybrid

yes Recipes Ratings - no Group User Wellbeing
Diet Book

Aberg et al.(2006) CF yes Meal Plans
(Set of recipes) Ratings - yes Single User Unknown

Khan et al.(2003) CBR yes Meal Plans Query Nutrition
Content yes Single User Unknown

Mankoff et al.(2002) CB yes Groceries Purchases Food Groups no Single User
Grocery
store
data

Lawrence et al.(2001)
AR
CF
CB

yes Groceries Purchases Product Class no Single User
Grocery
store
data

Hinrichs et al.(1991) CBR yes Meal Plans Query Content yes Single User
Group User Unknown

Hammond et al.(1986) CBR yes Single
New Recipe Query - yes Single User Unknown

Table 2.3: Food recommendation researches surveyed by Trattner et al. [TE17]

column, Context Feature(s), explains the type of context taken by authors(s) to make
their recommendations better. The seventh column, Dietary Constraints, gives nu-
trition information. The eighth column, Target, shows the end user(s) of the system.
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And the final column is Dataset, which defines the source from where the data were
collected for their research [TE17].

From all this research, Trattner et al. observed that content-based, collaborative,
and hybrid-based filtering are the three main standard approaches that have been
largely employed in the domain of food recommendations. To compare the research,
they first structured their sections around these approaches. Then, they compared
on the grounds of context used. Next they compared the research whose recommen-
dations were targeted for group of users. Lastly, they compared research encouraging
healthier nutritional choices with the aid of food recommendation systems. From
their comparison, they ascertained that incorporating health into recommendations
has become the main focus of today’s research as it helps in improving health problems
and nutritional habits of users [TE17].

Trattner et al. illustrated that users might have complex and restrained needs,
in such events the performance of standard approaches are very poor. Additionally,
recommendations that users are receiving from these approaches can cause a situation
where they might not have the availability of ingredients [TE17].

They also stated that approaches used by researchers to date have attempted to
predict users’ taste preferences by utilizing users’ feedback methods such as ratings,
tags, and comments; but the performance attained from these approaches are also
poor when compared with other recommendation realms. In this aspect, they men-
tioned that learning users’ preferences remains a focus in the food domain, and we are
in need of new approaches or methods which might give promising results. Another
key finding is the integration of significant context variables because it was observed
from various exploratory data analyses that context has a positive influence on food
recommendations. Therefore, they stated that there is a need for incorporating new
context variables into the recommendation models. Moreover, various researchers
proposed different methods to collate nutrition in the recommendation process, but
until now all of them are in the preliminary stage. Finally, they suggested that there
is a need to work together in achieving standard baseline approaches and importantly,
more online studies to understand how new approaches work as an active system used
in naturalistic scenarios. According to them, natural language processing techniques
might also be efficient in the process of recommendations.

Apart from the researches covered by Trattner et al. in their survey, we also
noticed some additional research in the field of food recommendations, which are
explained below.
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Suksom et al. developed personalized food recommender system utilizing a knowledge-
based framework. The functionality of this system is based on integration of two
concepts: 1) Person Concept: It represents an abstract concept of personal profile,
involving both users’ health status and their food preferences; 2) Food Concept: It
outlines an abstract concept of food items, including food types, cooking methods,
food group and nutrition level [SBT+10].

Ueda et al. introduced a method that concentrates on users’ preferences, compris-
ing of users’ recipe cooking or browsing history for recipe recommendations. In this
approach, they break down the recipes into ingredients and classified them as liked
or disliked ingredients. Depending upon the classification, they computed the score
of each recipe and used this computed score to provide recommendations [UTN11].
Other research done by Takata et al. uses collaborative filtering to determine the value
of metadata (another feature) on the basis of users’ mood instead of the recipes’ rat-
ings. The metadata value relies on five aspects of a user: body, taste, time, money
and modify, which are scaled from -5 to 5 [TUMN16].

Besides, the work done by the above researchers, there are numerous websites
and mobile applications available in app stores like Epicurious,5 AllRecipes,6 Super-
Cook,7 and My Fridge Food,8 recommending recipes to users. Even the big companies
use these applications as a built-in feature in their smart refrigerator, for example,
Samsung uses Epicurious [Bak18].

In summary, the conclusion given by Trattner et al. and surveys of additional
research done by us, we concluded that either current research or applications are not
considering the integration of users’ health restrictions and taste preferences in their
recommendation model, or the research. For example, Mouzhi Ge et al. [GEFT+15],
were considering the integration but the factors they exploited for taste preferences
are tags and ratings, which gave poor results. Due to these poor outcomes, Trattner
et al. stated that learning users’ preferences remains a focus, and we are in need
of new methods or approaches that provide promising results. In light of this, we
also incorporate users’ social context in CAPRecipes recommendation engine for
enhancing users’ recipe recommendations according to their taste preferences, as the
social context is an essential factor in the process of food choices for an individual (cf.
Section 2.1). Also, the recent technology of smart refrigerators given by Samsung is

5https://www.epicurious.com
6http://allrecipes.com
7http://www.supercook.com
8http://myfridgefood.com

https://www.epicurious.com
http://allrecipes.com
http://www.supercook.com
http://myfridgefood.com
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not consolidating the dynamically changing users’ taste preferences, and are providing
recommendations only on explicit context such as ingredients they have in stock and
users’ health issues.

2.6 Summary

This chapter discussed the essential factors to consider by an individual while mak-
ing food-related choices. We explained the notion of background topics leveraged
in this research such as context, context-awareness, and context-aware recommender
systems. Then, we described how context could be modeled for the development of
context-aware recommender systems with some existing context-aware applications.
We also explained the standard techniques used for the development of recommender
systems. Moreover, we illustrated the RESTful web service APIs that are exploited
in this research. Finally, we presented the prior work on the domain of recipes rec-
ommender systems.
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Chapter 3

CAPRecipes Infrastructure

This chapter presents the comprehensive infrastructure of CAPRecipes, our context-
aware personalized recipes recommender system, its user interface design and com-
ponents architecture.

3.1 Overview

We seek to alleviate existing users’ concerns related to the selection of healthier food
choices while considering their dynamically changing taste preferences, which is af-
fected by culinary choices that are continually expanding. Besides, it is a cumbersome
task for users to follow dietary guidelines for their health restrictions and nutritional
goals and manually map them with their taste preferences, as well as with the recipes
which they can retrieve while browsing the web. To address these issues, we propose
CAPRecipes, a novel system to provide personalized recipes by exploiting dynami-
cally changing users’ contexts.

Figure 3.1 presents the functional overview of CAPRecipes. End users can
enable or disable their personalization at any time according to their needs, and
based on this personalization, CAPRecipes update the recipe recommendations.

The recommendation engine of CAPRecipes generates a recipes list based on
context analysis and uses the Spoonacular API as a recipes database (cf. Sec-
tion 3.3.8). The type of context CAPRecipes utilizes includes:

1. Users’ Personal Context is a core part of our proposed system, which makes
our research unique in comparison to other traditional recipe recommending sys-
tems currently available in literature and market (cf. Section 2.5). It is respon-
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Figure 3.1: Functional overview of CAPRecipes

sible for handling users’ dynamically changing preferences. We have classified
this context into two types: static and dynamic.

(a) Static Context includes users’ health restrictions such as allergies; nutri-
tional goals (e.g., eat a certain amount of calories, protein, fat, and carbs);
and dietary restrictions or moral concerns like vegan, vegetarian, gluten-
free. These are conditions that probably will not change often. Users can
enter this context once through the CAPRecipes’ web interface and it
can be updated anytime.

(b) Dynamic Context (Taste Preferences) the purpose of exploiting this
context is to make our personalization relevant to users in light of their
taste preferences. We gather this context from various sources including:

i. Social Media Likes includes the taste preferences in terms of likes,
gathered after exploiting users’ social media profiles such as YouTube
and Facebook.

ii. CAPRecipes Likes includes the recipe likes that users liked on
CAPRecipes.

iii. Similar User Likes includes the suggested likes gathered using col-
laborative filtering based on the similarity measure of a user with other
users.
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2. Users’ Kitchen Context includes quantities and expiry dates of ingredients
available in the users’ kitchen (i.e., refrigerator and pantry). These details are
entered by users through the CAPRecipes web interface. The quantities of
ingredients will be automatically reduced during meal preparation, according
to the recipes’ instructions provided in the recommendations.

3. Users’ Temporal Context includes the users’ current meal time detected
by CAPRecipes and helps in automatically selecting the dish type, such as
main course or breakfast. For instance, assume a user is in the kitchen in
the evening and wishes to get a recipe recommendation from CAPRecipes.
Hence, CAPRecipes automatically detects her current time and provides a
list of dinner recipes. Also, these recommended dinner recipes are according
to the user’s health restrictions and taste preferences, along with ingredients’
availability and their expiry dates.

However, with the help of all these contexts and results which we retrieve from the
CAPRecipes, we are confident in stating that CAPRecipes provides highly per-
sonalized recipes to users and also enhances users’ recipes browsing experience. It
eliminates manual steps such as opening a browser, connecting to a website and
searching for an appropriate recipe while tailoring them according to their personal
contexts. Furthermore, the recommendation process also promotes the reduction of
food wastage as recommended recipes represent the users’ choice and is also based on
the number of soon-to-expire ingredients.

3.2 User Interface (UI) Design

The principal traits and objectives of any software system are exhibited to users via
its user interface, as it is the only face of software which is evident to users. We
explain the user interface design of CAPRecipes in this section to render the notion
of our proposed recipes recommender system and all it’s intended objectives. In the
next section we demonstrate as how to achieve these objectives with the help of a
detailed component diagram. CAPRecipes system interaction is attained through a
web-based interface which is highly responsive, meaning it is flexible enough to scale
on almost any device such as laptop, mobile or tablet.

The user interface design has been developed by keeping in mind the circumstances
of users as delineated below:
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• users are in the kitchen and want to choose a recipe to cook

• users have a busy schedule

• users have some health restrictions and nutritional goals and want to include
them while choosing a recipe

• users would like to maximize the use of ingredients available in their kitchen

• users want to choose a recipe in such a manner that the recipe should uses those
ingredients that are expiring soon

• users prefer those recipes that leverage their taste preferences

3.2.1 CAPRecipes Introduction Screen

Figure 3.2 shows the main screen of CAPRecipes through which users can redirect
either to the Login screen or Registration screen.

Figure 3.2: CAPRecipes Introduction screen

3.2.2 Registration Screen

If users want to get personalized recipe recommendations, they first need to create
an account with the assistance of the screen depicted in Figure 3.3. To attain this,
users need to enter a username, email address, password and re-enter the password
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for confirmation; and then click the Register button, which creates a user account
and redirects them to the Personal Context Gathering screen.

Figure 3.3: CAPRecipes Registration screen

3.2.3 Login Screen

Figure 3.4 shows the screen, which permits users to login into CAPRecipes through
their credentials. This page also handles the forgotten password functionality. Once
users click the Login button, they will be redirected to their Personalized Recipe
Recommendations screen.

3.2.4 Personal Context Gathering Screen

Figure 3.5 is the principal screen in our recommendation process and it collects all
the users’ contexts needed for providing personalized recipe recommendations. Users
are redirected to this screen in two ways:

1. From Registration Screen: when users create their account for the first time,

2. From My Profile Tab: when users are already logged in and wish to change
their context, which influences their personalized recipe recommendations ac-
cordingly. My Profile tab is shown in Figure 3.6.
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Figure 3.4: CAPRecipes Login screen

Figure 3.5: CAPRecipes Personal Context Gathering screen

The users’ contexts for CAPRecipes are partitioned into two categories: Personal
and Kitchen. Personal is further categorized as: Static and Dynamic (cf. Section 3.1).

Context Gathering and Generation

1. Users’ Personal Static Context: As shown in Figure 3.5, users are requested
to enter their personal static context. This is the context which does not change
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Figure 3.6: CAPRecipes My Profile tab

frequently and thus only updated when users’ health condition or moral concerns
change. It consists of:

• Allergies: Users can enter the list of ingredients, in a comma-separated
form, to which they are allergic such as egg, shellfish, soy, or wheat.

• Diet: Users can enter the diet type to which the recipes must be compliant
to, such as pescetarian, vegan, or vegetarian.

• Cuisine(s): Users can choose one or more cuisine types, which they usu-
ally want in their recommendations such as African, Chinese, Japanese,
Indian, American, or German.

• Nutritional Information: Users can enter their nutritional information
according to their goals. The nutritional information includes max calo-
ries/day, max protein/day, max fat/day and max carbs/day.

2. Users’ Personal Dynamic Context: As portrayed in Figure 3.5, we have four
toggle buttons by which CAPRecipes gathers users’ dynamic taste preferences
from various sources. These toggle buttons are:

• Facebook: Once users turn ON this button, CAPRecipes redirects to
the Facebook permission/authorization page, shown in Figure 3.7. After
users permit the access, CAPRecipes obtains the users’ personal likes
from their Facebook profile.
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Figure 3.7: Facebook authorization page for CAPRecipes

• YouTube: Similar to Facebook, once users turn ON this button, users are
redirected to YouTube permission/authorization page, shown in Figure 3.8.
After allowing the access, CAPRecipes obtains the users’ personal likes
from their YouTube profile.

Figure 3.8: YouTube authorization page for CAPRecipes
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• Own Likes on CAPRecipes: By turning ON this button, recipes liked
by users on CAPRecipes interface are considered for the recommenda-
tions.

• Similar User likes on CAPRecipes: By turning ON this button,
CAPRecipes uses suggested likes for recipes retrieved from similar users.

3. Users’ Kitchen Context: Figure 3.5 exhibits the Personal Context Gathering
screen where users are requested to enter ingredients with their expiry dates and
quantities available in their kitchen. Though users do not need to update these
details every time because the quantity of ingredients that utilizes as a part
of preparation will be automatically reduced according to recipe’s instructions
provided by CAPRecipes on the Recipe Instruction screen (cf. Figure 3.12).
Manually entering these details is a tedious task for users in their hectic sched-
ule. Indeed, even with the recent launch of the smart refrigerator by Samsung,
users need to enter these ingredients’ details manually [Gri18, Cri18b]. There-
fore, incorporating an automated gathering for these details is still a significant
challenge. To overcome this, we have encountered two approaches as follows:

• Grocery Receipt Recognition: With the help of smart camera embed-
ded in users’ IoT devices such as mobile and tablet, users can scan their
physical receipts after purchasing groceries, and thus using advanced al-
gorithms, we can analyze the receipts, and ingredients will be extracted
and added automatically with their general expiry dates in users’ kitchen
context. The general expiry dates of the ingredients can be retrieved from
various suggested sources such as Government of Canada [oC18], Univer-
sity of Nebraska-Lincoln [Foo18].

• Online Grocery Shopping through CAPRecipes: In the future,
we can add grocery shopping functionally in CAPRecipes, empowering
users to purchase groceries from the comfort of their home. After shopping
through CAPRecipes, we can extract the ingredients and can add them
to a users’ kitchen context with general expiry date, which can be retrieved
from various sources featured above.

After entering the above contexts, users can click on the save button, and then CA-

PRecipes redirects them to the Personalized Recipe Recommendations screen.
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3.2.5 Personalized Recipe Recommendations Screen

Figure 3.9 exhibits the list of personalized recommended recipes gathered by lever-
aging users’ contexts. Users have four options to change their recommendations by
allowing all or some of the parameters through toggle buttons, directly available on
this screen. These are Ingredients, Health, Taste, and Ingredients Expiry. However,
it is not possible for users to turn OFF all the parameters, and at least one of them
should be turned ON to get the recommendations.

For instance, if a user has turned ON all the parameters other than health, then
the recommended recipes list will automatically orchestrate according to the number
of those available ingredients which are expiring soon from high to low, leveraging
user’s taste preferences and maximizing the use of ingredients.
This recommendation enhances the users’ recipes browsing experience because users

Figure 3.9: CAPRecipes Personalized Recipe Recommendations screen

get their personalized recommendations with only a few steps as well as it considers
most of the significant factors, which have been identified as imperative by the research
done till now in the field of recipe recommendations (cf. Section 2.5). The information
shown for each recipe includes:

• Name

• Image of the recipe

• Cuisine
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• Ready time in minutes

• Like button

• Nutrition info. (e.g., Calories, Carbs, Protein, Fat)

Once users choose a recipe which they prefer to cook from the list of recommendations,
they can click on it, which redirects them to the Recipe Instructions screen; this screen
renders the step-by-step instructions/guidelines for the recipe.

The key features provided by the Personalized Recipe Recommendations screen
are as follows:

• Dish Selection: The dish, such as main course, or breakfast, is automatically
selected in view of the temporal context of users. Aside from this, if users like
to pick any other dish type, they can easily select it using the drop-down menu,
depicted in Figure 3.10. For instance, it’s 7 in the morning, CAPRecipes

analyses the temporal context and recommends breakfast recipes. But in this
case, the user needs to go to the office with her lunch. For this, she can manually
select lunch recipes using the drop-down menu.

Figure 3.10: CAPRecipes Dish Selection Menu screen

• Cuisine(s) Selection: For the personalized recipe recommendations, CA-

PRecipes automatically sets the cuisine(s), which users have entered on the
Personal Context Gathering screen. Regardless of that, users have the flexibil-
ity to select or alter any different cuisines from the list at runtime, as shown in
Figure 3.11, modifying their recommendations accordingly. Having said that,
these alteration of cuisines are only for that particular session, meaning it does
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not update users’ context permanently. For instance, a user retrieves the rec-
ommendations of Mexican and Japanese recipes, as CAPRecipes extracted
these two cuisines from a user’s personal context, due to the fact that this is
what user usually prefers to eat. But if the user desires to eat Chinese cuisine,
user can select Chinese cuisine from the list and can unselect the previously se-
lected cuisines. This action will render Chinese recipe recommendations based
on ingredients available while incorporating user’s health restrictions and taste
preferences for Chinese food.

Figure 3.11: CAPRecipes Cuisine(s) Selection Menu screen

• Explicitly Searching for Recipes: CAPRecipes offers an additional fea-
ture that lets users to explicitly search for any recipe which they like to cook.
Users are redirected to the Recipe Instructions screen of the searched recipe,
which displays all the information and functionalities provided by the Recipe
Instructions screen.

3.2.6 Recipe Instructions Screen

Figure 3.12 provides the set of instructions for cooking a recipe. These instructions
comprise ingredients and types of equipment used in each step for preparing a recipe.
Additionally, this screen also exhibits the detailed information for each recipe such as
title, cuisine, preparation time, and nutritional information.

The key features provided by the Recipe Instructions screen are as follows:

• I Like It: Users click this button if they like a recipe, which serves as a
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Figure 3.12: CAPRecipes Recipe Instructions screen

feedback for CAPRecipes recommendation engine to enhance future recipe
recommendations.

• Add to Cooked Recipes: Users click this button to add a recipe to their
prepared recipes list. This list displays all the recipes users have prepared.

• Share with a Friend: This feature empowers users to share a recipe with their
friends on social platforms such as Facebook, which is helpful in enhancing the
social relationship of users.

• Watch on YouTube: If users prefer to watch the instructions instead of
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reading it from the Recipe Instructions screen, it can be achieved by clicking
this button, which redirects users on YouTube to show an instructional video
for preparing a recipe.

3.3 Software Architecture and Components

This section encapsulates the comprehensive overview of CAPRecipes architecture,
which comprises nine software components. In these nine components, six have been
categorized as core components, and three are external web service APIs depicted in
Figure 3.13. The six core components are: CAPRecipes GUI, Server Component,
Users’ Context Component, Matching Component, Similar User Component, and
CAPRecipes Recommender Component. The three external service components
are Recipe Component, Social Media Component, and Text Analysis Component.
The implementation and integration of these components are discussed in Chapter 4
and 5.

3.3.1 CAPRecipes GUI

GUI stands for a Graphical User Interface allowing users to render input via tangi-
ble devices such as mobile, tablet, keyboard, or mouse, and displays output on the
screen [Use18]. CAPRecipes GUI is a client program that follows a client/server
model. CAPRecipes provides several functionalities such as login, registration, en-
abling and disabling personal preferences, sharing recipes with friends; and displays
the personalized recommended recipes list. Section 3.2 outlined the description of the
user interface design of CAPRecipes and its functionalities. For requests made by
the client, the server calls various other components to achieve highly personalized
recipes for users considering their contexts. The principal function of this component
is to gather kitchen and personal context from users, which are then forwarded to the
Users’ Context Component via a server for storing it in a JSON format structure.

3.3.2 Server Component

The Server handles traditional client-server interactions and connects with multiple
other components. The Server accepts requests made by clients and then makes a call
to other components for rendering relevant recipes on the basis of the users’ contexts.
The Server is responsible for several fundamental operations such as:
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Figure 3.13: Architecture and component diagram of CAPRecipes

• Dynamically updating users’ personal dynamic context (i.e., taste preferences)
with the assistance of various other components such as Social Media, Similar
User, Text Analysis, and Matching Component.

• Selecting the dish type automatically (such as main course or lunch), based on
the users’ current meal time (i.e., temporal context), which will then forwarded
to the Recipe Component for retrieving a specific type of recipes list.

• Passing users’ kitchen and personal static context to the Recipe Component for
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retrieving the recipes list.

• Passing users’ kitchen, personal dynamic context and recipes list retrieved
through the Recipe Component to the CAPRecipes Recommender Compo-
nent, which provides the final personalized recipes list.

3.3.3 Social Media Component

As argued in Chapter 1, millions of users are using social media applications like
Facebook, YouTube, and Twitter and the amount of personal content on these sites is
expanding day-by-day which plays a crucial role in finding users’ preferences, and can
influence personal dietary habits of users [AMW15]. Likewise, this information can be
utilized to create a deeper, more personalized experience for users [GZR+10]. Users’
preferences can also influence food wastage [AWdHA+15]. Therefore, our research also
exploits two of the most popular third-party social media applications for retrieving
users’ taste preferences with the help of this component. Currently, this component
is exploiting Facebook and YouTube, but in the future it is capable of incorporating
other social media applications. To get users’ taste preferences, the Server calls this
component with two separate HTTP calls for any specific user, one for Facebook
and another for YouTube. These requests provide results in JSON format after users
authorize requests to CAPRecipes. The JSON response contains users’ preferences
in terms of likes. However, these likes are the eclectic list of likes, therefore, to extract
recipe likes from this eclectic list of likes, this component forwards the JSON response
to the Text Analysis Component.

3.3.4 Text Analysis Component

The Text Analysis Component uses the AYLIEN Text Analysis API service, which
analyzes the information for each like and determines if it belongs to a recipe category.
For the analysis, two separate HTTP calls, for Facebook and YouTube, are made by
this component and return the results in JSON format which are then forwarded to
the Matching Component for further processing.

3.3.5 Similar User Component

This component analyzes and computes the similarity matrix of a given user with
other registered users of CAPRecipes using the collaborative filtering algorithm.



41

This matrix suggests those recipes, which are not in the personal dynamic context
of a given user, thereby adding the recipes to a user’s personal dynamic context,
which also assists in providing personalized recommendations to users according to
their taste preferences. The Collaborative filtering algorithm generates the result in
JSON format for any specific user, which is forwarded to the Matching Component
for further processing.

3.3.6 Matching Component

According to Trattner et al. and based on our analysis, there are possibilities that any
recipe/ingredient can have multiple names, and this is one of the major challenges
faced during recipe recommendations [TE17]. Moreover, Emtimov et al. stated that
the ingredients having same name on different sources or recipes do not follow the
same naming structure because people use human natural language and can have
different ways of expressing ingredient names. However, Parts Of Speech tagging
(POS tagging) is one of best techniques that can be utilized to find the most relevant
match for each recipe or ingredient [ES15]. Therefore, our research also exploits
POS tagging technique using this component. It comprises of two subcomponents
according to the task, categories are depicted in Figure 3.14.

Figure 3.14: Detailed architecture of CAPRecipes Matching component

This component is called by various other components such as Text Analysis, Sim-
ilar User, and CAPRecipes Recommender Component for finding the most relevant
match for each recipe or ingredient, which helps in eliminating duplicate recipes/in-
gredients or in recommending the recipes based on users’ taste preferences.
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3.3.7 Users’ Context Component

This is the core component of CAPRecipes and is divided into two sub-components:
Kitchen and Personal, which has JSON format. For an illustration, Listing 1 and 2
shows Harshit’s kitchen and personal context. The former contains the ingredients
details available in users’ kitchen, and the latter contains users’ personal static context
such as health restrictions and nutritional goals, and users’ personal dynamic context
such as taste preferences. This component is called for various events such as:

{
"Kitchen Context": [

{
"Ingredients": {

"fish": {
"id": 1,
"Amount in lb": 2.3,
"Expiry": "03/30/2018"

},
"tortilla chips": {

"Expiry": "03/29/2018",
"...."

},
"salsa": {"...."},
"pecorino": {"...."},
"garlic": {"...."},
"tomatoes": {"...."},
"cilantro": {"...."},
"onions": {"...."},
"lime juice": {"...."},
"tuna steaks": {"...."},
"lasagna noodles": {"...."},
"capsicum": {"...."},
"cucumber": {"...."}

}
}]

}

Listing 1: Simplified version of Harshit’s kitchen context

• Retrieving suggested recipes: users’ personal dynamic context is sent to
the Similar User Component

• Eliminating the duplicity: users’ personal dynamic context is forwarded to
the Matching Component with the recipes of users’ taste preferences retrieved
either from YouTube, Facebook or Similar Users
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{
"Static Context": [

{
"Allergies": "peanut,shellfish",
"Cuisine": "mexican,italian,french",
"Health Goals": {

"Protein": 98,
"Carbs": 230,
"Fat": 74,
"Calories": 1500

},
"Diet": "non-vegetarian"

}
],
"Dynamic Context": [

{
"Recipe Preferences": [

"Tortilla-Crusted Tilapia with Mango Salsa",
"Arugula Lasagna",
"Quinoa Salad",
"Grilled Tuna with salsa",
"Nachos",
"Grilled Tuna With Chipotle Ponzu And Avacado Salsa",
"Lasagna With Sausage Ragu",
"Quinoa Enchilada Casserole",
"Bean Burritos",
"Grilled Sea Bass with Tropical Salsa",
"Cremini Mushroom Pasta With Wilted Arugula And Goat

Cheese",↪→

"......"
]

}]
}

Listing 2: Simplified version of Harshit’s personal context

• Extracting the list of recipes: users’ kitchen and personal static context are
forwarded to the Recipe Component

• Recommending the final personalized recipes: users’ kitchen and per-
sonal dynamic context are forwarded to the CAPRecipes Recommender Com-
ponent, which is ultimately the result of this research
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3.3.8 Recipe Component

As argued in Chapter 1, individuals are experiencing various well-being related is-
sues such as obesity, diabetes, and heart-related problems and these issues can be
prevented and sometimes can be reversed if individuals start eating healthy food.
But individuals are unaware of what recipes they can eat given their specific health
restrictions. Also, Trattner et al. stated that poor availability of ingredients is a
key challenge in food recommendations [TE17]. Therefore, our research tackles the
health-related issues and poor availability of ingredients by consolidating the Spoonac-
ular API in the recommendation engine of CAPRecipes with the assistance of this
component.

The Spoonacular API is extensively utilized by various researchers and developers
around the world because of its accurate results as well as it returns a more diverse
collection of recipes compared to the other APIs like Yummly API [JL18]. There-
fore, we also use the Spoonacular API instead of creating our recipes database for
CAPRecipes.

Every time users want to get recipe recommendations from CAPRecipes, the
Server makes an HTTP call to this component with the following information:

users’ kitchen context

users’ personal static context and

dish type, which is extracted by the Server after exploiting users’ temporal
context

This component acts as a content-based filtering while internally using the natural
language processing that filters recipes by giving above contexts and returns the list
of recipes with its necessary information in JSON format to the Server, which is then
forwarded to the CAPRecipes Recommender Component for further processing. The
list obtained from this component is based on the users’ health restrictions and goals
while maximizing the use of ingredients they have in stock.

3.3.9 CAPRecipes Recommender Component

As clarified in Chapter 1 and 2, individuals like to adopt healthy diet plan, but they
usually do not engage in it because they assume healthy food is not tasty, and as a
result they do not want to stop eating the food they love. The lack of knowledge and
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time are some of the main reasons that force people to pick convenient foods rather
than healthy foods. Moreover, users’ taste preferences (i.e., disliking of food) and
not cooking the food before ingredients expiry date triggers the inevitable problem
of food wastage, which is one of the leading concerns for the public health of this
world. Reducing food wastage is one of our primary goals that would help in securing
enough food for future population. Our research solves these problems with the help
of this component that uses the Personalized Recipes Engine algorithm.

Once we retrieve the list of recipes from the Recipe Component, the Server calls
this component with three JSON lists, which are orchestrated by leveraging various
other components of CAPRecipes. These lists are: recipes list obtained from the
Recipe Component, users’ kitchen, and users’ personal dynamic context. Based on
these lists, this component further refines and sorts the recipes list of the Recipe Com-
ponent for providing the highly personalized recipes to users by exploiting their taste
preferences and expiry of ingredients, which is displayed to users as the CAPRecipes

personalized recommendations.
By integrating users’ personal, kitchen and temporal context, CAPRecipes de-

liver more personalized recipe recommendations as compared to other recipe recom-
mender systems while at the same time focuses on minimizing the problem of food
wastage.

3.4 CAPRecipes Deployment

To achieve the intended goals of CAPRecipes, we use traditional client-server ar-
chitecture for implementing the prototype application. We built CAPRecipes in
Javascript and deploy using Node.js on our local machine. Node.js is a cross-platform
runtime environment for a server-side web application [X+16]. Node.js is lightweight
and has powerful JavaScript libraries in building event-based, data-driven, I/O-heavy
applications for the Web [Chr18b]. In our development, we perform the following
steps to do the deployment:

• To run the CAPRecipes project at localhost:3020, we execute npm start from
the root directory of our project. Node checks for a scripts object in the pack-
age.json file. If the package.json does not have any scripts object, then Node
will execute the command node server.js instead.

• To build and compile the project, we execute npm run build that compiles all
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the necessary files to the build folder.

• After successful deployment as illustrated in Figure 3.15, the CAPRecipes

Introduction screen is shown as depicted in Figure 3.2.

Figure 3.15: CAPRecipes Introduction screen

Over a decade, the use of smartphones has increased and held a significant place in
people’s lives [Per18]. As a result, people are more inclined towards using mobile
applications instead of web-based applications [RWM14]. Thus, our future goal is to
make CAPRecipes available to the general public by deploying it as a mobile-based
application through the use of cloud computing architecture. So, the people can easily
use CAPRecipes app from anywhere, at any time via the internet. Adapting cloud
architecture assists in improving the performance and handles the dynamic workloads
without failure by scaling the resources on demand.

3.5 Summary

This chapter presented CAPRecipes and its overall architecture. We explained
contexts utilized in CAPRecipes for providing the relevant recipes recommenda-
tions considering the issues of users, related to the selection of healthier food choices
keeping in mind their dynamically changing taste preferences and poor availability
of ingredients. Then we described the user interface design with its key features in
order to render the notion of CAPRecipes and its intended objectives. Finally, we
conceptualized the software architecture of CAPRecipes with its detailed compo-
nents.
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Chapter 4

Understanding and Integrating Users’
Dynamic Context

This chapter describes the services and algorithms used to understand and integrate
users’ recipes taste preferences that change dynamically. These preferences are gath-
ered by exploiting various sources which help in recommending those recipes which
matches with users’ taste preferences.

4.1 Integrating Social Media Services

In this section, we present the services provided by third-party social media applica-
tions for gathering users’ taste preferences from their profiles. Moreover, these are
the services that are utilized by the Social Media Component of CAPRecipes.

4.1.1 YouTube API

Google provides various services, empowering developers to integrate them into their
applications. The YouTube Data API is one of these services. To access this service,
we first enable it from the Google Cloud Console and then create an API key. To
access users’ data, we request users’ consent for which we create an OAuth client
ID from the same console. After creating API key and OAuth client ID, developers
can download the credentials from the Console in the form of a JSON file named
client_secrets.json that stores client_id, client_secret, and other OAuth 2.0 param-
eters [Goo18a]. Listing 3 outlines the simplified version of client_secret.json used for
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CAPRecipes. Due to security reasons, Client Id and Client Secret are not included.

{
"client_id": "CLIENT_ID",
"project_id": "cap-recipes",
"auth_uri": "https://accounts.google.com/o/oauth2/auth",
"token_uri": "https://accounts.google.com/o/oauth2/token",
"auth_provider_x509_cert_url":

"https://www.googleapis.com/oauth2/v1/certs",↪→

"client_secret": "CLIENT_SECRET"
}

Listing 3: Simplified version of client_secret.json

The YouTube Data API is the REST API that helps in retrieving the data by
sending an HTTP request to various endpoints with query parameters, which are
supported by this API.

In order to get users’ taste preferences in terms of likes from their YouTube profile,
this API provides the videos endpoint, which is displayed below in the HTTP GET
request. In this endpoint, various query parameters can be passed such as part, chart,
id, myRating, h1, maxHeight or maxResults [You18c].

GET https://www.googleapis.com/youtube/v3/videos?{parameters}

The python code snippet depicted in Listing 4, creates an HTTP GET request to
the videos endpoint, which provides the response body in a JSON format. It includes
users’ liked videos and other details. For our research, we are passing three query
parameters, shown in Table 4.1.

A successful 200 HTTP GET request returns the JSON response, which comprises
thumbnails, title, defaultAudioLanguage, localized, channelId, publishedAt, description,
title, tags, liveBroadcastContent and id. This response provides a lot of information,
which is not required for our research. Therefore, we filter this result and kept just
the description, title and id of each liked video. The simplified JSON code snippet is
depicted in Listing 5.
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Query Parameters Description

part Set snippet specifies that the API response will include
channelId, title, description, tags, and categoryId
properties

myRating Valid options are like and dislike
set value = like, instruct the API to only return liked
videos by the authenticated user

maxResults Max value = 50 and Default value = 5
specifies the maximum number of items that the API
response should return in the result set

Table 4.1: Query parameters of YouTube Data API to retrieve likes [You18c]

CLIENT_SECRETS_FILE = "client_secret.json"

# This OAuth 2.0 access scope allows for full read/write access to
# the authenticated user's account.
SCOPES = ['https://www.googleapis.com/auth/youtube.force-ssl']
API_SERVICE_NAME = 'youtube'
API_VERSION = 'v3'

def get_authenticated_service():
flow =

InstalledAppFlow.from_client_secrets_file(CLIENT_SECRETS_FILE,
SCOPES)

↪→

↪→

credentials = flow.run_console()
return build(API_SERVICE_NAME, API_VERSION, credentials =

credentials)↪→

if __name__ == '__main__':
client = get_authenticated_service()
# calling function to retrieve users' likes by passing query

parameters↪→

jsonResponse = videos_list_my_rated_videos(client, part='snippet',
myRating='like',maxResults=50)↪→

Listing 4: Code snippet of creating an HTTP GET request to videos endpoint
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[
{

"title": "How To Make Tortilla Crusted Tilapia",
"description": "FULL RECIPE BELOW\n\nThis tortilla crusted
tilapia is a fun take on a traditional fried fish. Pair with
a homemade salsa and tomatillo sauce. \n \nTORTILLA CRUSTED
TILAPIA RECIPE: http://www.escoffieronline.com/....",
"id": "hMgRhLl2DkI"

},
{

"title": "Chipotle Bean Burrito Recipe",
"description": "Get the Recipe:....", "....."

},
{

"title": "Game of Thrones Season 8 Teaser Trailer #1
(2019) Emilia Clarke, Kit Harington / Trailer Concept",
"description": "Game of Thrones Season..","...."

},
{

"title": "BEST QUINOA SALAD RECIPE EVER!
(Colourful mint + turmeric salad)",
"description": "OPEN ME!...","....."

},{"....."}
]

Listing 5: Simplified version of YouTube JSON output

The full python source code for generating the above GET request and for filtering
the JSON response is shown in Appendix A.1.

4.1.2 Facebook API

Similar to YouTube, Facebook also provides a REST API named Facebook Graph
API, enabling third-party developers to access user’s identity, photos, statuses, videos,
likes and conversations [Arn18, Fac18a]. To retrieve this data, developers are required
to generate an access token from Facebook developers tool and then send HTTP
requests to various endpoints with query parameters supported by this API.

In order to get users’ taste preferences in terms of likes from their Facebook profile,
Facebook Graph API provides likes endpoint shown in HTTP GET request below.
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GET https://graph.facebook.com/v2.12/{user-id}/likes

The python code snippet depicted in Listing 6, creates an HTTP GET request to
likes endpoint that provides response body in JSON format and includes users’ likes
from their Facebook profile. Due to security reasons, snippet code does not contain
ACCESS_TOKEN.

# build the URL for the API endpoint
host = "https://graph.facebook.com"
path = "/{user-id}/likes"
ACCESS_TOKEN = "ACCESS_TOKEN"
params = urllib.urlencode({"access_token": ACCESS_TOKEN})

url = "{host}{path}?{params}".format(host=host, path=path,
params=params)↪→

# open the URL and read the response
resp = urllib.urlopen(url).read()

Listing 6: Code snippet of creating an HTTP GET request to likes endpoint

The JSON code snippet in Listing 7 is the simplified version of the successful 200
HTTP response, which includes id, name and createdtime of retrieved likes.

On the grounds of the JSON response shown in Listing 7, we observed that for
each like, the information retrieved is insufficient. Hence, to perceive whether this
information is sufficient for identifying the category of each like, we performed natural
language text analysis on the name attribute using the AYLIEN Text Analysis API.
The result obtained shows poor accuracy. To accurately identify the category, we
need more information for each like, and therefore, we send an additional HTTP
GET request to the endpoint of each like with two comma separated fields as query
parameters shown below.

GET https://graph.facebook.com/v2.12/{id}?fields=description,

about↪→
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{
"data": [

{
"name": "Nachos",
"id": "21755646521",
"created_time": "2018-03-27T06:23:06+0000"

},
{

"name": "The Amazing World of Gumball",
"id": "142825982446439","..."

},
{

"name": "Backstreet Boys",
"id": "5736008378", "...."

},
{

"name": "Lasagna",
"id": "8562300962", "...."

},{"......"}
]

}

Listing 7: Simplified version of Facebook JSON output

The two query parameter fields are [Fac18b]:

1. description: gives the detailed information about the like

2. about: gives brief information about the like

We send two fields instead of one because for each like either we are retrieving de-
scription or about. A successful 200 HTTP response returns the JSON output for
each like. For an illustration, the JSON code snippet in Listing 8 depicts the response
body retrieved for the liked page “Nachos", which has an id “21755646521".

{
"description": "We are a couple of individuals who enjoy the flavors

of our favorite Nachos, So why not share ur love of nachos with
everyone else....",

↪→

↪→

"id": "21755646521"
}

Listing 8: Simplified version of Facebook JSON output for a specific like
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The full python source code in Appendix A.2 shows how we have created the
HTTP GET request to retrieve users’ likes, and then how an HTTP GET request is
created to retrieve the additional information for each like.

4.2 Integrating NLP Techniques

This section presents the natural language processing techniques used for categorizing
recipe likes from eclectic list of likes and for identifying the most relevant match for
each recipe or ingredient retrieved from different sources.

4.2.1 AYLIEN Text Analysis API

The AYLIEN Text Analysis API is the REST API and follows natural language pro-
cessing techniques for classifying text. For our research, we need to extract the recipe
likes from users’ eclectic list of likes retrieved from their YouTube and Facebook
profiles. To achieve this, the Text Analysis Component of CAPRecipes (cf. Sec-
tion 3.3.5) uses this API that analyses the information for each like and determines
from which category these likes belong.

In order to use this API, developers need to create an account on AYLIEN De-
veloper Portal for obtaining API ID and API Key. Although the service is paid, it is
currently permitting 1000 free requests per day [Ayl18d].

Developers can use this API by sending an HTTP request to various endpoints
with path and query parameters supported by the API.

For classifying the text, developers can use the classification by taxonomy endpoint
of this API by passing path and query parameters in the HTTPGET request as shown
below. The valid options for path parameter are iab-qag and iptc-subjectcode. The
query parameters, which are supported by this API are depicted in Table 4.2.

GET https://api.aylien.com/api/v1/classify/:taxonomy?

queryparameter=""↪→

The python code snippet depicted in Listing 9 is for the text analysis of YouTube
likes, which generates an above HTTP GET request to the classification by taxonomy
endpoint with the path parameter as iab-qag and the query parameter as text.
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Query Parameters Description

text string
Text to classify

url string
Url to classify

language string en (Default)
Language

Table 4.2: Query parameters of AYLIEN Text Analysis API to identify the category
of each like [Ayl18c]

# To identify recipe likes retrieved from the eclectic list of YouTube
likes using Aylien Text Analysis API↪→

def aylienTextAnalysis(jsonData):
client = textapi.Client("API_ID", "API_KEY")
recipeVideos = []
for eachVideo in jsonData:

# passing description attribute of each YouTube like as text query
parameter and iab-qag taxonomy attribute as a path parameter↪→

classifications = client.ClassifyByTaxonomy({"text":
eachVideo["description"].encode('utf-8'), "taxonomy":
"iab-qag"})

↪→

↪→

for category in classifications['categories']:
if category["label"] == "Food & Drink":

# Add as a recipe like if description belongs to Food and
Drink category↪→

title = eachVideo["title"].encode('utf-8')
recipeAttr = title.split("|")
recipeVideos.append(recipeAttr[0].rstrip())

return recipeVideos

Listing 9: Code snippet of creating an HTTP GET request to classification by
taxonomy endpoint

In the python code snippet shown in Listing 9, we pass the description attribute
of each YouTube like as the text query parameter. If the AYLIEN API analyses
that the description belongs to the category of Food and Drink, then the title of that
specific like will be added in the youTubeRecipeLikes JSON file that contains titles
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of all recipe likes retrieved from YouTube for a given user. The developer API ID
and API Key are not included due to security reasons. The JSON code snippet in
Listing 10 depicts YouTube recipe likes determined by this API.

{
"youtubeRecipeLikes": [

"How To Make Tortilla Crusted Tilapia",
"Chipotle Bean Burrito Recipe",
"BEST QUINOA SALAD RECIPE EVER! (Colourful mint + turmeric

salad)",↪→

"Italian Sausage Lasagna",
".........."

]
}

Listing 10: Simplified version of JSON output for YouTube recipe likes

In case of Facebook likes, Text Analysis, as explained above, for each like we
retrieve either the description or about attribute. Therefore, we first identify whether
the like contains the description or about. If it contains the description attribute, we
pass it as the text query parameter for text analysis because the description renders
detailed information of each like. Otherwise, we pass the about attribute as the
text parameter. If the API determines that the like belongs to the Food and Drink
category, the name of that specific like is added to the facebookRecipeLikes JSON file.
This JSON file includes all the recipe likes gathered by exploiting users’ Facebook
profile, shown in the Listing 11.

{
"facebookRecipeLikes": [

"Lasagna",
"Nachos",
"Mexican Salad",
"...."

]
}

Listing 11: Simplified version of JSON output for Facebook recipe likes

The full python source code of AYLIEN Text Analysis API for YouTube is shown
in Appendix A.1 and for Facebook is in Appendix A.2.
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4.2.2 POS Tagging Mean Probability Algorithm

This section explains the POS Tagging Mean Probability algorithm used by Matching
Component of CAPRecipes (cf. Section 3.3.6) to find the most relevant match for
recipes or ingredients having different names.

Part-of-Speech Tagging

The Parts Of Speech tagging (POS) is a principal component of the natural lan-
guage processing analysis. It classifies words into their parts of speech and labels
them accordingly such as noun, verb, adjective, adverb, and pronoun [Bog18]. In
technical terms, POS tagging is the automatic assignment of descriptors, or tags, to
input tokens, where the tags are the appropriate grammatical descriptors for words
in text [ES15]. For labeling words in POS tagging, a tagset library is used, which is a
collection of tags [SBL]. Currently, various tools and libraries are available for POS
tagging, and this research is exploiting the most popular tagset of NLTK, known as
Penn Treebank tagset. The key benefit of using this tagset is that the tags are well
trained [Bog18]. A simple example of POS tagging is manifested in Listing 12.

from nltk import word_tokenize, pos_tag

print pos_tag(word_tokenize("I'm learning NLP"))
# [('I', 'PRP'), ("'m", 'VBP'), ('learning', 'VBG'), ('NLP', 'NNP')]

Listing 12: Code snippet of an example of Parts Of Speech tagging
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Natural Language Toolkit

Natural Language Toolkit (NLTK) is a leading platform used for building Python pro-
grams and can work with the entire natural language processing methodology [Har18].
It contains more than 50 corpora and lexical resources such as WordNet, tokeniza-
tion, stemming, tagging, parsing, or semantic reasoning. This library is used in
various events like identifying named entities, displaying a parse tree and tokenizing
and tagging some text [Nat18].

In our research, the POS Tagging technique applies an information retrieval method,
which is a mean probability method that enables to perform a search for finding the
most relevant match for each recipe or ingredient. Algorithm 1 reveals the steps we
apply in the POS tagging technique to get the desired result and is called during the
following events:

• Similar Ingredients Matching: To sort a recipes’ list retrieve from the
Spoonacular API by the sorted list of ingredients expiry, we need to compare
its ingredients with recipes list’s ingredients. As argued in Section 3.3.6, there
might be a possibility that some ingredients have distinctive names in both
lists. Thus, this algorithm assists in identifying similar ingredients with differ-
ent names.

For instance, the sorted ingredients expiry lists contain ingredients with names
as potato and cilantro. And the recipes list contains recipes, which have ingredi-
ents with names as reddish-brown potato and fresh cilantro. As we can see, both
lists have same ingredients with different names, that can be easily identified
by POS Tagging Mean Probability algorithm.

• Similar Recipes Matching: Similar to ingredients matching, this algorithm
matches similar recipes with different names and utilizes in subsequent situa-
tions:

1. To incorporate the recipes corresponding to the users’ taste preferences
retrieved either from YouTube, Facebook or Similar Users into the users’
personal dynamic context, we first compare recipes enclosed in users’ per-
sonal dynamic context with the retrieved recipes to eliminate duplication.

2. To incorporate users’ taste preferences in recipe recommendations, we sort
and refine the recipes retrieved from the Spoonacular API with users’ taste
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preferences (cf. Section 5.2). For an illustration, the flow diagram depicted
below explains the steps of this algorithm, particularly for this scenario.

Start

Identify nouns, verbs, and adjectives of a recipe
from Spoonacular API using POS tagging

Identify nouns, verbs, and adjectives of each recipe avail-
able in users personal dynamic context using POS tagging

Calculate string similarity coefficient (i.e., probability) of
nouns, verbs, and adjectives of a Spoonacular recipe and
each user personal dynamic context recipe respectively

Calculate mean probability of each matching recipe pair

Determine the most relevant match from the match-
ing pair that has the highest mean probability

Stop

Table 4.3 shows the most relevant matched recipe name from the users’ personal
dynamic context after applying the POS Tagging Mean Probability algorithm on
some of the Spoonacular recipes.
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Recipes from Users’ Taste Preferences Spoonacular Recipes

Quinoa Enchilada Casserole Quinoa Enchilada Casserole

How To Make Tortilla Crusted Tilapia Tortilla-Crusted Tilapia with Mango Salsa

Chipotle Bean Burrito Recipe Bean Burritos

Mexican Tuna Tacos Grilled Tuna with salsa

BEST QUINOA SALAD RECIPE EVER!
(Colourful mint + turmeric salad)

Quinoa Salad

Italian Sausage Lasagna Lasagna With Sausage Ragu

Table 4.3: Some of the most relevant matches of recipes

Algorithm 1 POS Tagging Mean Probability Algorithm
1: for each recipe in recipeList do
2: Set P(N) = 0 .Set initial noun(N) probability to zero
3: Set P(V) = 0 .Set initial verb(V) probability to zero
4: Set P(A) = 0 .Set initial adjective(A) probability to zero
5: Set P(X) = 0 .Set mean probability to zero
6: Set counter = 0

7: Set most_relevant_recipe = str()
8: Set matching_threshold = 0.7 .Set the minimum probability for matching

nouns, verbs, and adjectives to 0.7
9: Set max_mean_probability = 0.7 .Set the maximum mean probability to 0.7
10: Extract the sets of nouns N1, verbs V1, and adjectives A1 using POS tagging of a recipe
11: Retrieved list of recipes for matching
12: for each rec from the retrieved recipes list do
13: Extract the sets of nouns N2, verbs V2, and adjectives A2 using POS

tagging of a rec
14: Calculate the string similarity coefficient as the probability between N1,

V1, A1 and N2, V2, A2 respectively
15: if noun_probability > matching_threshold then
16: P(N) + = noun_probability
17: end if
18: if verb_probability > matching_threshold then
19: P(V) + = verb_probability
20: end if
21: if adjective_probability > matching_threshold then
22: P(A) + = adjective_probability
23: end if
24: P(X) = (P(N)+ P(V)+ P(A))/3 .Calculate mean probability
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25: if P(X) > max_mean_probability then
26: max_mean_probability = P(X)
27: most_relevant_recipe = rec
28: counter+ = 1

29: end if
30: end for
31: return the most relevant match, most_relevant_recipe
32: end for

Note that in the algorithm 1, we set the maximum mean probability threshold to
0.7 because below this threshold, the matching results achieved were very poor.

The full python source code for finding the most relevant match for recipes or
ingredients using POS Tagging Mean Probability algorithm is shown in Appendix A.3

4.3 Integrating Collaborative Filtering

“A lot of times, people don’t know what they want until you
show it to them [Aro18]”- Steve Jobs .

The taste preferences retrieved from above techniques are users’ own preferences,
which they have liked on various platforms i.e., YouTube and Facebook. We use
collaborative filtering in our recommendation engine to better understand users’ taste
preferences as it helps in predicting the preferences for recipes, which users have not
liked yet.

Collaborative filtering helps in predicting the user’s preferences by compiling pref-
erences from several other users in light of their similarities. Similarities in users are
identified by viewing at their overlap in preferences for the items, which is known as
the user-based method [Sid]. Another method of this technique is item-based, which
looks into a set of items that the user has already liked or rated and predicts user
preferences by compiling preferences from several other items in view of similarities.
With this method, instead of computing the similarity between two users, we focus
on the similarity between two items [LZW13]. The high-level overview of both the
methods are depicted in Figure 4.1.

In recent years, adoption of collaborative filtering has increased [TB14] as it is
proven to be one of the most successful techniques to build personalized recommen-
dation systems [LZW13, BK11, Tec18b]. This technique is widely used in social
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Figure 4.1: High level overview of User-based and Item-based methods [Mar18]

media, e-commerce, or streaming services such as Facebook,1 YouTube,2 Amazon,3

Netflix,4 iTunes,5 IMDB,6 LastFM,7 Delicious8 and StumbleUpon9 [TB14, Tec18b].
For instance, Harshit watched and liked several videos on Facebook. As Facebook

uses collaborative filtering, it can look at other users who liked those same videos and
recommend ones which other similar users liked, but Harshit might not have seen
yet [Kee18].

Algorithm 2 exemplifies the user-based collaborative filtering technique used by
the recommendation engine of CAPRecipes for generating a recipe preferences list
for a user by computing the similarity with other users. To achieve this, we forward
users’ personal dynamic context to this algorithm, which provides a result in JSON
format, the simplified version is shown in the Listing 13. In this method, we first
find a set of the nearest neighbor users for a user whose past likes on recipes have
a robust correlation. Then, this algorithm predicts the scores for unobserved recipes
depending on the combination of scores retrieved from the nearest neighbors [BS97].
The fundamental part of this technique is computing similarity between users, and we
have several popular measures for it such as Cosine Similarity, Spearman Correlation,

1https://www.facebook.com
2https://www.youtube.com
3https://www.amazon.com
4https://www.netflix.com
5https://www.apple.com/ca/itunes
6http://www.imdb.com
7https://www.last.fm
8https://del.icio.us
9https://www.stumbleupon.com

https://www.facebook.com
https://www.youtube.com
https://www.amazon.com
https://www.netflix.com
https://www.apple.com/ca/itunes
http://www.imdb.com
https://www.last.fm
https://del.icio.us
https://www.stumbleupon.com
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and Pearson Correlation [Eks18, WDVR06]. We use Pearson Correlation because it
has been recognized that it provides better accuracy than other measures [WDVR06].
Also, user-based collaborative filtering is the method known for its simplicity and
efficiency [BK11].

{
"collaborativeRecipeLikes": [

"Grilled Fish Tacos",
"Broiled Shrimp Scampi"
"Seductive Salmon With Rainbow Salsa",
"...."

]
}

Listing 13: Simplified version of recommended recipes by Collaborative filtering

For an illustration, Table 4.4 depicts four users, six recipes and their preferences
on it, and in this scenario, we are predicting the preferences for a user, Harshit,
which are retrieved by computing similarity using the Algorithm 2. This algorithm
computes that Harshit is most similar to Logan, and suggests the recipes’ preferences
from the Logan’s preferences list in which Harshit may show interest. The suggested
recipes’ preferences are Grilled Fish Tacos and Seductive Salmon with Rainbow Salsa
as highlighted with red in Table 4.4.

Hot Nicoise
Salad

Grilled Fish
Tacos

Arugula
Lasagna

Grilled Sea
with Tropical

Salsa

Seductive Salmon
with Rainbow

Salsa

Grilled Tuna
with salsa

Harshit

Alice

Logan

Bob

Table 4.4: Suggested recipes’ preferences to Harshit by Collaborative filtering
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Algorithm 2 User-Based Collaborative Filtering Algorithm for User A
1: Set totals = dict()
2: Set simSums = dict()
3: Set recommendedList = list()
4: Set rankings = list()
5: Set counter = 0

6: Set sim_threshold = 0.5 .Setting the minimum threshold value of similarity to 0.5
7: dataset = Query Personal Dynamic Context of All Users
8: for each user in dataset do
9: if user 6= userA then
10: calling pearson correlation function to calculate similarity between users,

sim = pearson_correlation(userA, user)

11: end if
12: if sim > sim_threshold then
13: for each item in dataset[user] do
14: if item is not rated by user A then
15: totals[item] = 0
16: totals[item] = totals[item]+ dataset[user][item] ∗ sim .Calculating average rating

for each item based on other users rating and the similarities
17: simSums[item] = 0
18: simSums[item] = simSums[item]+ sim .Sum of similarities
19: end if
20: end for
21: end if
22: end for
23: for each item, total in totals do
24: rankings[counter] = (total/simSums[item], item) .Create the normalized list
25: counter+ = 1

26: end for
27: for each score, rec_item in rankings do
28: if score>=0.5 then .Return recipes that have average rating >= 0.5
29: recommendedList.append(rec_item)
30: end if
31: end for
32: return the recommended list, recommendedList

Note that in the algorithm 2, the minimum similarity threshold is set to 0.5 to
get the better prediction quality of the missing data.
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4.4 Integrating Dynamic Users’ Preferences

Once we retrieve the recipes’ preferences by exploiting various sources using the ser-
vices and algorithms explained in the previous sections, we need to concatenate them
in the users’ personal context, which has the JSON format. As we are gathering the
preferences from various sources, it is possible that these sources have likes of similar
recipes with distinctive names. Therefore, to eliminate duplicates, we are passing
these preferences to the POS Tagging Mean Probability algorithm (cf. Section 4.2.2)
before concatenating the preferences into the users’ personal dynamic context. For in-
stance, the retrieved recipes’ preferences from YouTube having name Italian Sausage
Lasagna and from users’ personal dynamic context Lasagna With Sausage Ragu, are
similar recipe with different names, then the concatenation process applied by this
algorithm keeps the one retrieved from users’ personal dynamic context. Figure 4.2,
manifests the high-level overview of the concatenation process.

Algorithm 3 illustrates the process of concatenating the taste preferences into the
users’ personal dynamic context. This algorithm is called in situations such as:

• Integrating YouTube Preferences

• Integrating Facebook Preferences

• Integrating Similar User Preferences

Figure 4.2: High level overview of the concatenation process

Algorithm 3 Algorithm to Integrate Taste Preferences into Users’ Personal Context
1: function IntegratingPreferences(recipe_list, per_dyn_context)
2: for each recipe name in recipe_list do
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3: find match in per_dyn_context, match = pos_tag(recipe, per_dyn_context) .Calling
the POS tagging script to find the most relevant match of recipes

4: if match then
5: per_dyn_context.append(recipe)
6: end if
7: end for
8: return per_dyn_context
9: end function
10: function main()
11: Set combined_likes = list()
12: Extract youtube_likes from user’s YouTube JSON file
13: Extract facebook_likes from user’s Facebook JSON file
14: Extract collaborative_likes from user’s Collaboartive JSON file
15: Extract per_dyn_context from user’s Personal Context JSON file
16: combined_likes = youtube_likes + facebook_likes + collaborative_likes
17: per_dyn_context = IntegratingPreferences(combined_likes, per_dyn_context) .Find

and update the most relevant match of recipe in personal dynamic context
18: return per_dyn_context
19: end function

The full python source code of integrating preferences retrieved from various
sources into the users’ personal dynamic context is shown in Appendix A.4.

4.5 Summary

This chapter presented the services and algorithms used to extract users’ preferences.
We first explained how to exploit third-party social media apps, and then apply
collaborative filtering, which computes the similarity matrix for a given user. We
discussed the AYLIEN Text Analysis API that is utilized for identifying users’ recipe
preferences from the list of users’ preferences retrieved from their social media pro-
files. Moreover, we demonstrated POS tagging technique that efficiently addresses the
issues of having multiple names of same recipe or ingredient by finding the most rel-
evant match for each recipe or ingredient. We then explained how we are integrating
all the users’ taste preferences retrieved from various sources that help in providing
relevant recipe recommendations. This chapter is a key contribution to our research
questions 1 and 2 (cf. Section 1.1).
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Chapter 5

Exploiting Users’ Context for
Personalized Recommendations

This chapter illustrates the service and algorithm that exploit users’ kitchen, per-
sonal and temporal context for providing personalized recipe recommendations. This
chapter contributes to our research questions 3, 4 and 5.

5.1 Integrating Recipe Service

This section presents the recipe service which is used as a recipe database in the
recommendation engine of CAPRecipes.

5.1.1 Spoonacular API

The Spoonacular API is the Recipe, Nutrition and Food API that has more than 365K
recipes as data. It is a REST API that offers numerous features and is recognized
as one of the best APIs for recipes [JL18]. Therefore, the Recipe Component of
CAPRecipes uses this API as a recipe database instead of creating one.

To access this API, developers need an API key, which can be generated either
through the Mashape or Rapid platforms. Although the service is paid, it is currently
permitting 50 free requests per day, however for hackathons and academic purposes,
developers can get access at a meager price of $10 for 5000 requests per day [Spo18].

The Spoonacular API provides various endpoints that enable developers to incor-
porate numerous recipe related functionality into their applications. This API sup-
ports several of the most popular programming languages like Java, PHP, Python,
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Objective-C, Ruby, and, .Net to create an HTTP request to the endpoint with query
parameters, and returns the response body in JSON format. For our research, we are
using searchComplex endpoint of this API, illustrated below

GET https://spoonacular-recipe-food-nutrition-v1.p.mashape.com

/recipes/searchComplex?{queryParameters}↪→

The searchComplex endpoint provides various query parameters which can be used
by the developers as per the requirements of their application. Table 5.1 shows the
query parameters we are consolidating in our research.

Query Parameters Description

cuisine

string
one or more (comma separated) cuisines, such as:
african, chinese, japanese, korean, vietnamese, thai,
indian, british, irish or french

diet
string
diet to which the recipes must be compliant, such as:
pescetarian, vegetarian or vegan

intolerances
string
one or more (comma separated) allergies, such as: egg,
shellfish, soy or wheat

addRecipeInformation
boolean
If set to true, get more information about the recipes

fillIngredients
boolean
add information about the used and missing ingredients
in each recipe

maxCalories
number
maximum number of calories the recipe can have

maxCarbs
number
maximum number of grams of carbohydrates the recipe
can have
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maxFat
number
maximum number of grams of fat the recipe can have

maxProtein
number
maximum number of grams of protein the recipe can have

type
string
type of recipes returned, such as main course or lunch

number
number
number of results to return (Min value = 1 and Max
value = 100)

Table 5.1: Query parameters of the Spoonacular API to retrieve recipes [Mas18]

# calling Spoonacular API to retrieve recipes
apicall =

"https://spoonacular-recipe-food-nutrition-v1.p.mashape.com/recipes
/searchComplex?addRecipeInformation=true&cuisine="+cuisineinfo+"&
diet="+diet+"&excludeIngredients=&fillIngredients=true&
includeIngredients="+ingredientsString+"&intolerances="+allergies+"
&limitLicense=false&maxCalories="+maxCalories+"&maxCarbs="+maxCarbs+"
&maxFat="+maxFat+"&maxProtein="+maxProteins+"&number="+recipeCount+"
&offset=0&ranking=2&type="+dishtype

↪→

↪→

↪→

↪→

↪→

↪→

↪→

response = unirest.get(apicall,
headers={
"X-Mashape-Key": "Developer_API_Key",
"Accept": "application/json"
}
)

Listing 14: Code snippet of creating an HTTP GET request to searchComplex
endpoint

The python snippet code of the API call depicted in Listing 14 creates an HTTP
GET request to the searchComplex endpoint with the query parameters shown in
Table 5.1. The developer API key is not included in snippet code due to security
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reasons. The query parameter we are forwarding to this endpoint is the users’ personal
static, kitchen and temporal context.

A successful 200 HTTP request returns a JSON response. For an illustration,
Listing 15 is the simplified version of JSON response, which shows the list of recipes
with the requested information of each recipe obtained for a given user based on her
personal, kitchen and temporal context.

[{
"carbs": "48g",
"title": "Tortilla-Crusted Tilapia with Mango Salsa",
"cuisines": ["mexican"],
"image": "https://spoonacular.com/recipeImages/2714-312x231.jpg",
"calories": 898,
"fat": "38g",
"readyInMinutes": 45,
"usedIngredients": [

{
"name": "cilantro",
"image": "https://spoonacular.com/cdn/ingredients_100x100

/cilantro.png",↪→

"amount": 0.33,
"..."

},{"..."}],
"missingIngredients": [{"name": "lime juice","...."},{"..."}],
"protein": "93g",
"cookingInstructions": [

{
"equipment": [

{
"name": "frying pan"

},{"..."}],
"step": "Place fish in the pan and cook...",
"ingredients": [{"name": "fish"},{"..."}]

}]
},
{

"carbs": "41g",
"title": "Grilled Fish Tacos",
"fat": "73g", "..."

},{"....."}]

Listing 15: Simplified version of the Spoonacular JSON output
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5.2 Personalized Recipes Engine Algorithm

There are several techniques for designing personalized recommendation systems. The
three most important techniques utilized for building these systems are content-based,
collaborative and hybrid-based filtering. It has been discovered from recent research
that hybrid-based filtering is more efficient and provides greater precision. Hybrid-
based filtering is a combination of content-based and collaborative filtering. There
are various ways to implement this technique, such as separately making predictions
from content-based and collaborative and then combine them, adding the capabilities
of content-based filtering into collaborative filtering and vice versa, or both filtering
can be unified into one model. Netflix is one of the world’s most admired compa-
nies [Lau18], and they also use hybrid-based filtering to recommend movies to users.
They use collaborative filtering to match the watching and searching habits of similar
users, and use content-based filtering to offer movies that share characteristics with
movies that a user has highly rated [Rec18].

Our research also exploits hybrid-based filtering by unifying content-based and
collaborative filtering techniques into the CAPRecipes recommendation engine (cf.
Figure 3.13). Moreover, to improve our recommendations, we are also exploiting
various natural language processing techniques such as text analysis and pos tagging
(cf. Section 4.2).

The JSON response retrieved from the Spoonacular API uses content-based fil-
tering, which internally uses natural language processing to provide recipes according
to the users’ health restrictions and nutritional goals and availability of ingredients.
As explained in Chapter 1 and 2, users’ taste preference is a key factor while choos-
ing recipes. Additionally, users’ taste preferences and ingredients’ expiry influence
the problem of food wastage. Therefore, the Algorithm 4 (i.e., Personalized Recipes
Engine Algorithm) further refine and sort the recipes list retrieved from the Spoonac-
ular API for incorporating users’ taste preferences and expiry of ingredients in recipe
recommendations. In the CAPRecipes recommendation engine, the CAPRecipes

Recommender Component utilizes this algorithm (cf. Section 3.3.9).
In this algorithm, three lists in the JSON format, are forwarded as an input, which

are orchestrated by leveraging various components of CAPRecipes. These lists are:

1. Recipes list obtained from the Spoonacular API

2. Users’ kitchen context
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3. Users’ personal dynamic context

Based on these three lists, the Algorithm 4 further sort and refine the Spoonacular
recipes list, which is illustrated with the following steps:

• For incorporating users’ taste preferences to make the recipes list more per-
sonalized, this algorithm initially compares the Spoonacular recipes list against
users’ personal dynamic context and gives a filtered recipes list in JSON format
with the aid of the POS Tagging Mean Probability algorithm (cf. Section 4.2.2).

• Then, to sort the above filtered recipes list, containing the maximum number of
nearly expiring ingredients that help in promoting the reduction of food wastage,
this algorithm:

1. Firstly computes the sorted list of ingredients in JSON format based on
its expiry dates by exploiting users’ kitchen context.

2. Then, the filtered recipes list is further filtered with the sorted list of ingre-
dients expiry with the help of POS Tagging Mean Probability algorithm, to
provide the final personalized recipes list in JSON format, which displays
to users as CAPRecipes personalized recipe recommendations.
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Algorithm 4 Algorithm to Recommend Personalized Recipes List
1: function RefiningWithTaste(sp_recipes_list, recipe_preferences)
2: Set match_recipes_list = list()
3: Set unmatch_recipes_list = list()
4: Set taste_pref_list = list()
5: for each recipe name in sp_recipes_list do
6: find match in sp_recipes_list, match = pos_tag(recipe, recipe_preferences) .Calling

the POS tagging script to find the most relevant match of recipes
7: if match then
8: match_recipes_list.append(recipe)
9: else
10: unmatch_recipes_list.append(recipe)
11: end if
12: end for
13: taste_pref_list = match_recipes_list+ unmatch_recipes_list
14: return taste_pref_list
15: end function

16: function RefiningWithExpiry(taste_rec_list, sr_ingre_list)
17: Set expiry_recipe_list = list()
18: for each recipe in taste_rec_list do
19: Set date = ””

20: Set counter = 0

21: for each used_ingredient in recipe do
22: find exp in sr_ingre_list, exp = pos_tag(used_ingredient, sr_ingre_list) .Calling

the POS tagging script for matching the ingredients of users’ kitchen context with
Spoonacular ingredients

23: if exp then
24: counter+ = 1

25: if date == ""or date > exp then
26: date = exp
27: end if
28: end if
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29: end for
30: if counter == 0 then
31: currentDate = today() .Setting current date with todays date
32: lastAssignedDate = currentDate + timeDelta(days = 11) .Calculating last assigned

expiry date by adding 11 days delay to the current date
33: date = lastAssignedDate
34: end if
35: recipe[exp] = date
36: recipe[exp_ingredients] = counter
37: end for
38: expiry_recipe_list.append(recipe)
39: Sort expiry_recipe_list based on expiry date in ascending order
40: Sort expiry_recipe_list in descending order based on expiring ingredients numbers
41: return expiry_recipe_list
42: end function

43: function main()
44: Set sorted_ingre_list = list()
45: Set spoon_recipes_list = list()
46: Set taste_ref_recipes_list = list()
47: Set final_recipes_list = list()
48: Extract pers_dyn_context and kitchen_context from user’s JSON file
49: spoon_recipes_list = Query Spoonacular API using kitchen, personal static and temporal -

context
50: sorted_ingre_list = SortingIngredientsWithExpiry(kitchen_context) .Calling the

script to sort the ingredients
51: taste_ref_recipes_list = RefiningWithTaste (spoon_recipes_list, pers_dyn_context)
52: final_recipes_list = RefiningWithExpiry (taste_ref_recipes_list, sorted_ingre_list)
53: return final_recipes_list
54: end function

The full python source code for generating an HTTP GET request to the Spoonac-
ular API and to further refine and sort recipes by exploiting users’ taste preferences
and ingredients expiry is shown in Appendix A.5.

5.3 Summary

This chapter illustrated the Spoonacular API service that tackles user’s health-related
issues and poor availability of ingredients by providing recipe recommendations ac-
cording to a user’s health restrictions, their nutritional goals and maximizing the use
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of ingredients available in their kitchen. Then we discussed the Personalized Recipes
Engine algorithm which is a hybrid-based filtering algorithm that unifies content-based
and collaborative filtering algorithms along with NLP techniques. This algorithm is
utilized to further sort and refine the recipes list retrieved from the Spoonacular API
to incorporate user taste preferences and expiry of ingredients in recipe recommenda-
tions. This chapter contributed to our last three research questions (cf. Section 1.1).
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Chapter 6

Results, Analysis and Evaluation

This chapter discusses the overview of evaluation in which we demonstrate the three
quality factors of usability to evaluate the prototype of CAPRecipes using two
experiments. We also illustrate both experiments that include scenarios in which
we explain considerations users face during the selection of recipes, their context as
sensed by CAPRecipes, and the results retrieved based on their considerations. In
addition, we perform analysis on the results and evaluate the level of fulfillment of
the intended goal by CAPRecipes for both experiments.

6.1 Evaluation Approach

The aim of CAPRecipes is to help users improve their experience by providing
personalized recommendations of recipes with minimal manual effort. Figure 3.9
shows the CAPRecipes web interface that comprises four parameters in the form of
toggle buttons which provide users full control over personalization. By default, all
parameters of CAPRecipes are enabled.

The implementation of CAPRecipes prototype is considered to be the part of
evaluation. Moreover, CAPRecipes is evaluated with the help of two experiments
while assessing the three quality factors of usability. The quality factors we used for
the evaluation of CAPRecipes are defined by ISO 9241-11 and are explained in the
next section. However, we did not perform formal user studies.

The two volunteers we have chosen for the experiments were useful because they
could challenge our system as they had complicated health restrictions and numerous
considerations while selecting a recipe. However, for the experiment both decided to
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first disable all the parameters and then enable each parameter one by one to identify
how their personalized recommendations are enhanced gradually, and we had recorded
the result for each parameter to evaluate the usability of CAPRecipes efficiently.
Moreover, both volunteers are regular users of YouTube and Facebook and agreed to
let CAPRecipes exploit their profiles to extract their taste preferences for providing
more personalized recipe recommendations.

Note that, to protect the privacy of each volunteer the names for the experiments
are changed.

6.1.1 Quality Factors of Usability

Usability: is defined as the level to which a product is utilized by particular users
to accomplish specific objectives in a particular context of use [Bev95].

ISO 9241-11 states that usability can be evaluated via user performance and user
satisfaction where user performance is defined in terms of two quality factors, which
are effectiveness and efficiency. Hence, the three quality factors of usability are listed
next [Bev95]:

1. Effectiveness is defined as the level to which the intended goals of use are
achieved. Therefore, to evaluate the effectiveness of CAPRecipes we qualita-
tively analyzed the accuracy and personalization of the results retrieved with
the intended goal. The intended goal is illustrated in the experiment of the first
volunteer. In addition, for identifying effectiveness, we classified the accuracy
of the results into three categories: barely, moderately, and highly.
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2. Efficiency is defined as the resources, such as time or mental effort expended,
to achieve the intended goals. We evaluate the efficiency of CAPRecipes

by identifying the number of steps required by the volunteers to retrieve the
preferred personalized recipes, taking into account their considerations.

3. User Satisfaction is defined as the level to which users find the use of the
product acceptable. For a better understanding of the level of user experience
felt by the volunteers, and the level of objective achieved by CAPRecipes,
we formulated several quick questions which we asked the volunteers after the
completion of each experiment. Also, we then classified user satisfaction into
three categories: dissatisfied, moderately satisfied and highly satisfied.

6.2 Experiment 1

Steve is our first volunteer who is 32 years old and works for an IT firm in Victoria.
He is a diligent employee who leaves for work at 8:00 am in the morning and returns
home at 6:30 pm in the evening. He is a food lover and likes to cook his meals.
Though there are some considerations which limit his meal options while selecting
a recipe: First, he is suffering from obesity and is allergic to peanut and broccoli.
Second, he has certain taste preferences which he does not want to compromise.
Third, he prefers to cook a recipe by maximizing the use of ingredients available in
his kitchen. Fourth, due to his obesity, his specialist asked him to follow the paleo1

diet. Fifth, his preferable cuisines are Italian and Spanish. Lastly, he is aware of the
food crises around the world, therefore aims to not waste food. However, he is tired
of manually searching for healthy recipes, and having to apply filters in light of his
above considerations every time.

Therefore, Steve hopes to use CAPRecipes to leverage his context while exploit-
ing his numerous considerations to enhance his circumstances.

On March 23, 2018, at 7:30 pm in the evening, for this experiment, Steve chose a
recipe to cook for dinner with the assistance of CAPRecipes. CAPRecipes sensed
his current contexts and provided personalized recipe recommendations for Steve as
outlined below:

1The Paleolithic diet consists mainly of fish, grass-fed pasture raised meats, eggs, vegetables,
fruit, fungi, roots, and nuts, and excludes grains, legumes, dairy products, potatoes, refined salt,
refined sugar and processed oils [Chr18a]
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6.2.1 Context

Kitchen Context

It includes the ingredients available in Steve’s kitchen with their expiry dates.

Ingredients Expiry

carrot 14 days

veal shank 12 days

dry red wine -

lamb 5 days

capers 14 days

onion 12 days

tomato 12 days

(a)

Ingredients Expiry

chicken breast 3 days

garlic 15 days

shrimp 9 days

sherry wine -

chicken broth 60 days

red wine vinegar -

olives 60 days

(b)

Ingredients Expiry

eggs 15 days

chorizo sausage 12 days

red snapper 6 days

serrano ham 1 days

shallot 5 days

chicken stock 25 days

red bell pepper 14 days

white wine -

(c)

Table 6.1: Steve’s kitchen context

Note that, for the experiment, it is assumed that herbs and seasoning used in
Italian and Spanish cuisines are available in Steve’s kitchen and have a long shelf life,
and are therefore not included in Table 6.1.

Personal Static Context

Steve wants to be healthier, live longer, and avoid developing diseases associated
with obesity. His specialist recommended him to follow the paleo diet and not exceed
certain nutritional values per day in his meals. The following contexts depict his
recommended nutritional values and diet, the ingredients he is allergic to, and the
cuisines he prefers.

• Allergy(ies): Peanut and Broccoli

• Nutritional Goals/day: Calories-1500, Protein-120gm, Carbs-70gm, Fat-40gm

• Diet: Paleo

• Cuisine(s): Italian and Spanish

The current prototype of CAPRecipes is calculating per meal nutritional goals with
the following logic:

NutritionalGoalsPerMeal =
NutritionalGoalsPerDay

3
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Steve’s nutritional goals per meal were: Calories-500, Protein-40gm, Carbs-23gm,
Fat-13gm.

Personal Dynamic Context

It includes Steve’s liked recipes’ preferences extracted by exploiting his Facebook
and YouTube social media profiles and includes recipes’ preferences suggested by
collaborative filtering.

• Facebook Preferences: Easy Lemon Pepper Scampi, Puttanesca Baked Cod,
Spanish Lamb Chops, Salmon And Scallop Skewers With Romesco, Italian Chicken
and Artichokes

• YouTube Preferences: Red Snapper Puttanesca, Quick Braised Red Snapper Put-
tanesca with Pasta, Fish and Zucchini Puttanesca Stew, Spanish Pea Soup with
Crispy Ham, Flavorful Chicken for Empanadas, Zesty Italian Chicken Salad,
Chicken Cacciatore Ii, Arugula Pumpkin Seed Pesto Sauerkraut Lasagna

• Similar Users Preferences: Italian Fish Bake, Filetto Di Pomodoro, Broiled
Shrimp Scampi, Cauliflower “risotto” With Fresh Basil (grain-free And Dairy-
free), Serrano ham, olive & parsely salad

Personal Dynamic Context
Easy Lemon Pepper Scampi, Puttanesca Baked Cod, Spanish Lamb Chops, Salmon And Scal-
lop Skewers With Romesco, Italian Chicken and Artichokes, Red Snapper Puttanesca, Quick
Braised Red Snapper Puttanesca with Pasta, Fish and Zucchini Puttanesca Stew, Spanish
Pea Soup with Crispy Ham, Flavorful Chicken for Empanadas, Zesty Italian Chicken Salad,
Chicken Cacciatore Ii, Arugula Pumpkin Seed Pesto Sauerkraut Lasagna, Italian Fish Bake,
Filetto Di Pomodoro, Broiled Shrimp Scampi, Cauliflower “risotto” With Fresh Basil (grain-
free And Dairy-free), Serrano ham, olive & parsely salad

Temporal Context

It includes the time, sensed by CAPRecipes, at which Steve requested recipe rec-
ommendations.

• 7:30 PM
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6.2.2 Results & Analysis

In this section, we have shown the results retrieved for Steve when he had enabled
each parameter one by one. Moreover, the ingredients that are highlighted in red
are the missing ingredients of each recipe, and the ingredients that are highlighted in
blue are Steve’s allergic ingredients.

Based on Ingredients

Context Exploited

• Kitchen Context (Partial) i.e., name

• Personal Static Context (Partial) i.e., diet and preferable cuisines

• Temporal Context

Table 6.2 shows the top five recipes results with its necessary information, retrieved
when Steve enabled only the Ingredients parameter.

S.No I-R1 I-R2 I-R3 I-R4 I-R5

Recipes

Lamb Osso Buco With
Creamy Polenta

Spanish Lamb
Shanks Jerez

Quick Braised Red
Snapper Puttanesca

Paella on the
Grill

Spanish Tortilla with
Broccoli, Chorizo,

and Onion

Cuisine Italian Spanish Italian Spanish Spanish

Diet Paleo Paleo Paleo Paleo Paleo

Nutritional
Info

Calorie:1039
Protein:39g
Carbs:22g
Fat:75g

Calorie:416
Protein:37g
Carbs:16g
Fat:12g

Calorie:352
Protein:36g
Carbs:7g
Fat:13g

Calorie:461
Protein:39g
Carbs:8g
Fat:12g

Calorie:569
Protein:15g
Carbs:9g
Fat:41g

Used
&

Missing
Ingredients

celery
chicken stock

garlic
Lamb
thyme

tomato paste
yellow onion
rosemary

dry red wine
carrots

bay leaves
garlic cloves

whole ground cloves
lamb stew meat

onions
parsley
stock

sherry wine
carrots

basil leaves
capers
garlic

kalamata olives
white skinless red snapper

diced tomatoes
red pepper flakes

chicken broth
chorizo sausage
curry powder

garlic
greek olives

ground turmeric
plum tomatoes

sherry wine vinegar
shrimp

chicken breasts
artichoke hearts

red wine vinegar
diced chorizo

eggs
onion

broccoli florets

Table 6.2: Steve’s results when only Ingredients parameter was enabled

The recipes retrieved, i.e., I-R1 to I-R5 were listed in the descending order of
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available ingredients. Moreover, the recipe I-R5 contains the ingredient to which
Steve is allergic to, i.e., Broccoli. In addition, the recipes I-R1 and I-R5 violates his
nutritional goals as these two recipes have higher nutritional values than allowed.

Based on Ingredients and Health

Context Exploited

• Kitchen Context (Partial) i.e., name

• Personal Static Context

• Temporal Context

Once Steve retrieved the results by enabling only the Ingredients parameter, he
then enabled the Health parameter to get recipe recommendations which do not vio-
late his health restrictions and nutritional goals. In the Table 6.3, we have shown the
results of the top five recipes (i.e., H-R1 to H-R5 ), which he was presented with by
CAPRecipes.

S.No H-R1 H-R2 H-R3 H-R4 H-R5

Recipes

Spanish Lamb
Shanks Jerez

Quick Braised Red
Snapper Puttanesca

Osso Buco with
Red Wine

Paella on
the Grill

Slow-Braised
Osso Buco

Cuisine Spanish Italian Italian Spanish Italian

Diet Paleo Paleo Paleo Paleo Paleo

Nutritional
Info

Calorie:416
Protein:37g
Carbs:16g
Fat:12g

Calorie:352
Protein:36g
Carbs:7g
Fat:13g

Calorie:364
Protein:40g
Carbs:13g
Fat:7g

Calorie:461
Protein:39g
Carbs:8g
Fat:12g

Calorie:364
Protein:37g
Carbs:13g
Fat:8g

Used
&

Missing
Ingredients

bay leaves
garlic cloves

whole ground cloves
lamb stew meat

onions
parsley
stock

sherry wine
carrots

basil leaves
capers
garlic

kalamata olives
white skinless red snapper

diced tomatoes
red pepper flakes

carrots
celery

chicken stock
garlic cloves
tomatoes
onion

veal shanks
dry red wine
lemon juice

chicken broth
chorizo sausage
curry powder

garlic
greek olives

ground turmeric
plum tomatoes

sherry wine vinegar
shrimp

chicken breasts
artichoke hearts

carrots
celery
onions

tomato paste
veal shank

dry white wine

Table 6.3: Steve’s results when Ingredients and Health parameters were enabled
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While comparing the results of Table 6.3 with Table 6.2, we found that enabling
the Health parameter is beneficial for Steve because by doing this, none of the retrieved
recipes violate his nutritional goals and health restrictions, and at the same time
provides recipes that use the maximum number of ingredients available in Steve’s
kitchen. Moreover, all the recipes retrieved are of Steve’s preferable cuisines (i.e.,
Italian and Spanish) and diet (i.e., Paleo).

Based on Ingredients, Health and Taste Preferences

Context Exploited

• Kitchen Context (Partial) i.e., name

• Personal Static and Dynamic Contexts

• Temporal Context

In this case, Steve also enabled the Taste parameter, which leveraged his taste
preferences from his personal dynamic context to provide him with personalized recipe
recommendations considering his tastes.

The recipes presented in Table 6.4 show the top five recipes (i.e., T-R1 to T-R5 )
provided by CAPRecipes to Steve.
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S.No T-R1 T-R2 T-R3 T-R4 T-R5

Recipes

Quick Braised Red
Snapper Puttanesca

Filetto Di
Pomodoro

Easy Lemon Pepper
Scampi

Red Snapper
Puttanesca

Broiled Shrimp
Scampi

Cuisine Italian Italian Italian Italian Italian

Diet Paleo Paleo Paleo Paleo Paleo

Nutritional
Info

Calorie:352
Protein:36g
Carbs:7g
Fat:13g

Calorie:481
Protein:30g
Carbs:23g
Fat:10g

Calorie:276
Protein:23g
Carbs:19g
Fat:9g

Calorie:431
Protein:36g
Carbs:22g
Fat:12g

Calorie:207
Protein:34g
Carbs:9g
Fat:8g

Used
&

Missing
Ingredients

basil leaves
capers
garlic

kalamata olives
white skinless red snapper

diced tomatoes
red pepper flakes

carrots
fat free chicken stock

fresh basil
garlic
onion

canned tomatoes
lemon juice

garlic
parsley flakes

shrimp
lemon pepper

bay leaf
capers

flat leaf parsley
fresh basil
garlic cloves

olives
onion
oregano

red snapper fillets
tomatoes
anchovies

fresh parsley
garlic

dry shrimp
lemon juice

Table 6.4: Steve’s results when Ingredients, Health and Taste parameters were
enabled

After analyzing the above results, we perceived that the recipes were arranged
in such an order that it first showed the recipes which matched with Steve’s taste
preferences, and at the same time did not violate his nutritional goals and health re-
strictions, and also used the maximum number of ingredients available in his kitchen.

However, when we compared the results of Table 6.4 with Table 6.3, we noted the
following points:

• In Table 6.4, all the recipes retrieved i.e., T-R1 to T-R5 matched with Steve’s
personal dynamic context (i.e., taste preferences)

• In Table 6.3, H-R2 is the only recipe which was included in the top five recipes
of Table 6.4 because only H-R2 matched with Steve’s personal dynamic context.

• CAPRecipes ignored H-R1 even though it contained zero missing ingredients
and showed T-R2 to T-R5 which had one missing ingredient each because the
logic of CAPRecipes had been formulated in such a manner that if users
enable the Taste parameter on top of the Health and Ingredient parameters,
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CAPRecipes assumes that users are more inclined to their taste preferences as
opposed to ingredients used. Therefore, the system shows the recipes first which
are of users’ taste preferences only if they have one or two missing ingredients.

Based on Ingredients, Health, Taste Preferences and Expiry

Context Exploited
• Kitchen Context

• Personal Static and Dynamic Contexts

• Temporal Context

In this case, Steve had also enabled the Ingredients Expiry parameter. By doing
so, all the parameters of CAPRecipes were enabled. Table 6.5 shows the top five
recipes (i.e., E-R1 to E-R5 ) retrieved for Steve.

S.No E-R1 E-R2 E-R3 E-R4 E-R5

Recipes

Spanish Pea Soup
with Crispy Ham

Serrano ham, olive
& parsely salad

Flavorful Chicken
for Empanadas

Zesty Italian
Chicken Salad

Spanish Lamb
Chops

Cuisine Spanish Italian Spanish Italian Spanish

Diet Paleo Paleo Paleo Paleo Paleo

Nutritional
Info

Calorie:336
Protein:16g
Carbs:18g
Fat:12g

Calorie:485
Protein:27g
Carbs:22g
Fat:13g

Calorie:347
Protein:40g
Carbs:12g
Fat:6g

Calorie:338
Protein:31g
Carbs:16g
Fat:10g

Calorie:356
Protein:39g
Carbs:12g
Fat:13g

Used
&

Missing
Ingredients

chicken stock
garlic

serrano ham
shallots
peas

olives
capsicum

italian dressing
serrano ham

onion
fresh parsely

honey

chicken breast
diced garlic cloves

diced fresh parsley leaves
onion

empanadas

red bell pepper
red onions

chicken breasts
cashews

italian dressing
asparagus spears
spinach leaves

whole canned tomatoes
dried basil

dry white wine
fresh parsley

green capsicum
lamb chops

onion
oregano

mushrooms

Table 6.5: Steve’s results when all parameters were enabled

Section 6.2.3 discusses the analysis and comparison of these results.
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6.2.3 Evaluation

Effectiveness: Highly

Intended Goals when all Parameters are Enabled
When users enable all parameters, it becomes challenging for CAPRecipes as it has to
provide recipes which fulfill the objectives of all parameters. Therefore, CAPRecipes

first provides those recipes which contain the ingredients that are expiring soon and
matches with users’ taste preferences. It also takes into account that recipes do not
violate users’ health restrictions and nutritional goals, and uses the maximum number
of available ingredients. Note that this is the ultimate goal of CAPRecipes.

For evaluating the effectiveness in terms of accuracy and personalization of
results retrieved for Steve that shows the level of intended goals achieved by
CAPRecipes, we compared the results of Table 6.5, where all parameters are
enabled with the other results (i.e., Table 6.2 - 6.4) and noted some of the
following points:

• T-R1 was the first recommended recipe when Steve enabled the Taste
parameter (shown in Table 6.4), but it became the sixth recommended
recipe when Steve had also enabled the Ingredients Expiry parameter (not
shown in Table 6.5) because he was presented with the option of those
recipes first that contained the ingredients that were expiring soon (i.e.,
E-R1 to E-R5 ).

• The recipes E-R1 and E-R2 were recommended first because they con-
tained the ingredient Serrano Ham that had the earliest expiry date and
matched with Steve’s personal dynamic context.

• After Serrano Ham, Chicken Breast had the next expiry date. Therefore,
CAPRecipes first showed E-R3 and E-R4 that contained Chicken Breast
and than E-R5, which contained Lamb that had the next expiry date after
Chicken Breast.

• To recommend the Chicken Breast recipes in Table 6.5, CAPRecipes

ignored H-R4 (shown in Table 6.3) even though it had only one missing
ingredient and showed E-R4 which had two missing ingredients because
the recipe H-R4 did not match with Steve’s personal dynamic context,
whereas E-R4 did.
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• CAPRecipes showed H-R1/E-R5 in Table 6.5 as a recommendation even
though H-R1 did not match with Steve’s personal dynamic context because
H-R1 had the ingredient Lamb that was expiring soon, did not violate his
health restrictions, had no missing ingredients, and none of the recipes in
his personal dynamic context included the ingredient Lamb.

From the above personalized recommendations as shown in Tables 6.2 - 6.5,
Steve commented that he experienced high user satisfaction because with min-
imal effort he retrieved such a good recommendation of recipes that leveraged
his numerous considerations, and he decided to cook recipe E-R1 for dinner.

Based on the above noted points and Steve’s comments, we concluded that
CAPRecipes fulfilled the intended goals for Steve because he was delighted
with the results, and the results retrieved were in the order that it first showed
those recipes whose ingredients were expiring soon and matched with his taste
preferences. Moreover, none of the recipes violated his health restrictions and
nutritional goals, and the recipes provided use the maximum number of ingre-
dients available in Steve’s kitchen.

Efficiency: 0 - 1 Step (i.e., Retrieval of Personalized Recipes)

• Without CAPRecipes, whenever Steve wanted a recipe suggestion he
could cook, he had to open a web browser and apply the filters manually
according to his numerous considerations (cf. Section 6.2). But, this task
required a great deal of time and numerous steps. Regardless of his efforts,
he was not entirely satisfied with the result.

• However, when he used CAPRecipes, he found that the process of retriev-
ing the desired recipe recommendations by CAPRecipes is automated
and took only six seconds for retrieval.

• When Steve opened CAPRecipes, by default all the parameters were
enabled, and he was presented with the final output (depicted in Table 6.5)
of CAPRecipes which leveraged all his contexts. The number of steps
and time required to retrieve this result were zero steps and six seconds,
respectively.

• The results shown in the Tables 6.2 - 6.4 are the results when Steve decided
to get the recommendations based on certain parameters. It took him one
step each and seven seconds to retrieve the results.
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User Satisfaction: Highly Satisfied
To better comprehend the level of user satisfaction felt by Steve and level of
objective achieved bynCAPRecipes, we had asked several quick questions after
the completion of this experiment.

(a) Do you think your recommendations are enhanced by exploiting your Face-
book and YouTube likes?
Answer - Yes

(b) Are you getting the recipes based on your preferences?
Answer - Yes

(c) Are the recipes considering your allergies and nutritional goals?
Answer - Yes

(d) Are the recipes maximizing the use of ingredients available in your kitchen?
Answer - Yes

(e) Are you getting the recipes according to the expiry date of ingredients?
Answer - Yes

(f) Do you think CAPRecipes help in promoting the reduction of food wastage?
Answer - Yes

(g) Will you prefer CAPRecipes over other applications?
Answer - Yes

(h) How satisfied are you with CAPRecipes?
Answer - Highly Satisfied

(i) How will you rate CAPRecipes on the scale of 1 to 10?
Answer - 9

Based on Steve’s answers to the above questions, we concluded that he was
pleased with the results retrieved by CAPRecipes. He commented that he
prefers to use CAPRecipes over other applications because it efficiently in-
corporated his considerations and will help him enhance the recipe choices he
faces daily. He had also commented that it would be great if CAPRecipes

could help him to do grocery shopping directly from its interface for the miss-
ing ingredients. Overall he rated CAPRecipes nine on the scale of one to
ten.
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6.3 Experiment 2

Neha is our second volunteer who is 25 years-old and an international graduate student
at the University of Victoria. She also works part-time at Walmart, Sannich Victoria
for her financial support. Despite her busy schedule, she spends at least half an
hour in the gym as she is a fitness freak and wants to maintain her physique, which
defines her nutritional goals. She has little time for cooking, little cooking experience
and have some considerations, constraining her meal options while selecting recipes
and making it troublesome for her to eat healthy. These considerations are: First,
she is allergic to shrimp. Second, her nutritional goals. Third, she has certain taste
preferences which she does not want to compromise. Fourth, she has pescetarian2 diet
and her preferable cuisine is Indian. Lastly, she wants to cook those recipes which
maximize the use of ingredients available at her home. However, she is exhausted
from manually searching for healthy recipes, and having to apply filters in light of her
considerations every time. She also finds that she has to discard expired food often.
Therefore, she participated to use CAPRecipes, which can leverage her context
while exploiting her considerations to enhance her circumstances.

At noon of March 25, 2018, for this experiment, she decided to choose a recipe to
cook for lunch with the assistance of CAPRecipes. Hence, the contexts sensed by
CAPRecipes to provided her personalized recipe recommendations are illustrated
below:

6.3.1 Context

Kitchen Context

It includes the ingredients available in Neha’s kitchen with their expiry dates.
2Pescetarain is very similar to vegetarian, however it also includes the consumption of fish and

seafood [Tam].
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Ingredients Expiry

coconut milk 12 days

garlic cloves 15 days

onion 17 days

tomatoes 15 days

fish sauce 30 days

ginger 12 days

bokchoy 8 days

(a)

Ingredients Expiry

green onion 3 days

halibut fillets 6 days

red curry paste 20 days

rice 60 days

yogurt 9 days

mango 10 days

tilapia 3 days

(b)

Ingredients Expiry

carrots 14 days

frozen peas 40 days

serrano chilli 18 days

mahimahi 2 days

red bell pepper 8 days

shallots 10 days

cod 5 days

russet potato 16 days

(c)

Table 6.6: Neha’s kitchen context

Note that, for the experiment, it is assumed that herbs and seasoning used in
Indian cuisines are already available in Neha’s Kitchen and have a long shelf life, and
are therefore not included in Table 6.6.

Personal Static Context

The following contexts depict Neha’s nutritional goals, her allergy, and her preferable
diet and cuisine.

• Allergy(ies): Shrimp

• Nutritional Goals/day: Calories-1800, Protein-135gm, Carbs-195gm, Fat-50gm

• Diet: Pescetarian

• Cuisine(s): Indian

The current prototype of CAPRecipes is calculating per meal nutritional goals with
the following logic:

NutritionalGoalsPerMeal =
NutritionalGoalsPerDay

3

Neha’s nutritional goals per meal were: Calories-600, Protein-45gm, Carbs-65gm,
Fat-16gm.
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Personal Dynamic Context

It includes Neha’s liked recipes’ preferences extracted by exploiting her Facebook
and YouTube social media profiles and includes recipes’ preferences suggested by
collaborative filtering.

• Facebook Preferences: Fresh Herb and Tofu Curry,MahiMahi with Green Curry,
Fish Curry with Tamarind

• YouTube Preferences: Thai Red Curry Fish Stew, Red Fish Curry, Grilled
Salmon With Indian Spices And Raita, Bengali Fish Curry, Tilapia Baked in
Green Curry, Coconut Curry Mussels , Creamy Indian-Spiced Halibut Curry

• Similar Users Preferences: Curry Fish Chowder With Crout-tains (paleo Crou-
tons), Mahimahi Coconut Curry Stew with Carrots and Fennel, Zucchini and
Chickpea Green Curry

Personal Dynamic Context
Fresh Herb and Tofu Curry, MahiMahi with Green Curry, Fish Curry with Tamarind, Thai
Red Curry Fish Stew, Red Fish Curry, Grilled Salmon With Indian Spices And Raita, Bengali
Fish Curry, Tilapia Baked in Green Curry, Creamy Indian-Spiced Halibut Curry, Curry Fish
Chowder With Crout-tains (paleo Croutons), Mahimahi Coconut Curry Stew with Carrots
and Fennel, Zucchini and Chickpea Green Curry, Coconut Curry Mussels

Note that, Neha was quite a new user, therefore CAPRecipes had limited taste
preferences in her personal dynamic context.

Temporal Context

This context includes the time, sensed by CAPRecipes, at which Neha requested
recipe recommendations.

• 12:00 PM

6.3.2 Results & Analysis

This section illustrates the results retrieved for Neha when she had gradually enabled
each parameter one by one. The missing ingredients of each recipe are highlighted in
red, and the allergic ingredient in blue.
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Based on Ingredients

Context Exploited

• Kitchen Context (Partial) i.e., name

• Personal Static Context (Partial) i.e., diet and preferable cuisines

• Temporal Context

Table 6.2 shows the top five recipes results with its necessary information, retrieved
when Neha enabled only the Ingredients parameter.

S.No I-R1 I-R2 I-R3 I-R4 I-R5

Recipes

Halibut with
Coconut-Red Curry

Fish N’ Chips
With Curry Sauce

Curry Fish Chowder
With Crout-tains

Fish Curry with
Green Mango

Green Curry
with Bok Choy

Cuisine Indian Indian Indian Indian Indian

Diet Pescetarian Pescetarian Pescetarian Pescetarian Pescetarian

Nutritional
Info

Calorie:250
Protein:32g
Carbs:7g
Fat:10g

Calorie:800
Protein:55g
Carbs:5g
Fat:16g

Calorie:1201
Protein:44g
Carbs:63g
Fat:23g

Calorie:410
Protein:35g
Carbs:25g
Fat:11g

Calorie:658
Protein:35g
Carbs:19g
Fat:15g

Used
&

Missing
Ingredients

fish sauce
fresh basil
fresh ginger
green onions

ground coriander
halibut fillets

light coconut milk
onion

red curry paste
sugar

cod
cornstarch

curry powder
fresh ginger

garlic
coriander seed

onion
red bell pepper
russet potato

brown mustard seeds
coconut milk
cumin seeds

sweet curry powder
cod

garam masala
garlic
ginger
onion

cayenne pepper
curry leaves

ground coriander
green mango

onion
turmeric

cod

bok choy
rice
basil

fresh ginger
garlic cloves

ground coriander
ground cumin
coconut milk
serrano chiles

shallots
sugar
cod

Table 6.7: Neha’s results when only Ingredients parameter was enabled

After analyzing the results shown in Table 6.7, we recognized that the recipes
I-R1 to I-R5 have zero missing ingredient. Thus, fulfill the intended goal of this
parameter. Recipes I-R2 and I-R3 violates her nutritional goals as these have higher
nutritional values than allowed. In addition, Shrimp with Curry Leaves is the eighth
recommended recipe, i.e., I-R8 (not shown in the above Table), contains her allergic
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ingredient, i.e., Shrimp. Therefore, in order to get the recipes, which fulfill her nutri-
tional goals and health restrictions, she had to enabled the Health parameter depicted
below.

Based on Ingredients and Health

Context Exploited

• Kitchen Context (Partial) i.e., name

• Personal Static Context

• Temporal Context

The Table 6.8, shows the results of the top five recipes (i.e., H-R1 to H-R5 ),
which she was presented with by CAPRecipes when she had enabled the Health
parameter.

S.No H-R1 H-R2 H-R3 H-R4 H-R5

Recipes
Halibut with

Coconut-Red Curry
Sauce

Fish Curry with
Green Mango

Red Fish
Curry

Coconut Ginger Curry
with Vegetables
and Halibut

Mahimahi Coconut Curry
Stew with Carrots

and Fennel

Cuisine Indian Indian Indian Indian Indian

Diet Pescetarian Pescetarian Pescetarian Pescetarian Pescetarian

Nutritional
Info

Calorie:250
Protein:32g
Carbs:7g
Fat:10g

Calorie:410
Protein:35g
Carbs:25g
Fat:11g

Calorie:384
Protein:36g
Carbs:21g
Fat:15g

Calorie:262
Protein:12g
Carbs:14g
Fat:14g

Calorie:572
Protein:36g
Carbs:40g
Fat:16g

Used
&

Missing
Ingredients

fish sauce
fresh basil
fresh ginger
green onions

ground coriander
halibut fillets

light coconut milk
onion

red curry paste
sugar

cayenne pepper
curry leaves

ground coriander
green mango

onion
turmeric

cod

canned tomatoes
cayenne

curry leaves
garlic cloves

ginger
ground coriander
salt and pepper

shallots
tamarind

skinless tilapia fillets
turmeric

carrots
cayenne

coconut milk
curry leaves
fresh ginger

ground coriander
halibut
onion
peas

serrano chiles
turmeric
potatoes

carrots
curry leaves
curry powder
fresh ginger
garlic cloves

skinless mahimahi fillets
shallots

coconut milk
fennel bulb

Table 6.8: Neha’s results when Ingredients and Health parameters were enabled

After comparing the results of Table 6.8 with Table 6.7, we found that enabling the
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Health parameter is beneficial for Neha because by doing this, none of the retrieved
recipes violate her nutritional goals and health restriction, and at the same time
provides recipes that use the maximum number of ingredients available in Neha’s
kitchen. Also, all the recipes retrieved are of Neha’s preferable cuisine and diet (i.e.,
Indian and Pescetarian).

Based on Ingredients, Health and Taste Preferences

Context Exploited

• Kitchen Context (Partial) i.e., name

• Personal Static and Dynamic Contexts

• Temporal Context

To get the recipes based on her taste preferences, Neha then enabled the Taste
parameter that leveraged her taste preferences from her personal dynamic context to
provide her with personalized recipe recommendations.

Table 6.9 shows the top five recipes (i.e., T-R1 to T-R5 ), presented to Neha by
CAPRecipes.
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S.No T-R1 T-R2 T-R3 T-R4 T-R5

Recipes

Red Fish
Curry

Creamy Indian-Spiced
Halibut Curry

Mahimahi with
Green Curry

Zucchini and Chickpea
Green Curry

Fish Curry
with Tamarind

Cuisine Indian Indian Indian Indian Indian

Diet Pescetarian Pescetarian Pescetarian Pescetarian Pescetarian

Nutritional
Info

Calorie:384
Protein:36g
Carbs:21g
Fat:15g

Calorie:558
Protein:45g
Carbs:30g
Fat:15g

Calorie:589
Protein:39g
Carbs:50g
Fat:12g

Calorie:445
Protein:13g
Carbs:30g
Fat:15g

Calorie:455
Protein:38g
Carbs:22g
Fat:16g

Used
&

Missing
Ingredients

canned tomatoes
cayenne

curry leaves
garlic cloves

ginger
ground coriander
salt and pepper

shallots
tamarind

skinless tilapia fillets
turmeric

rice
cayenne pepper
fresh ginger
garam masala
garlic cloves

ground coriander
skinless halibut fillets

onion
milk yogurt
turmeric

heavy cream

coconut milk
rice

basil leaves
mahimahi

red bell peppers
sugar

fish sauce
eggplant

coconut milk
fish sauce
sugar
basil

red curry paste
onion
garlic

zucchini
chickpeas

coconut milk
coriander seeds
cumin seeds

fresh curry leaves
curry powder
garlic cloves

onion
tomatoes
sugar
salt

tamarind
skinless grouper fillets

eggplant

Table 6.9: Neha’s results when Ingredients, Health and Taste parameters were
enabled

While analyzing the results of Table 6.9, we found that the recipes were arranged
in an order that first showed the recipes, which matched with Neha’s taste preferences
keeping in mind that none of them violated her health restrictions and nutritional
goals, and also maximized the use of ingredients available in her kitchen.

Moreover, when we compared the results of Table 6.9 with Table 6.8, we noted
the following points:

• In Table 6.9, all the recipes retrieved i.e., T-R1 to T-R5 matched with Neha’s
personal dynamic context (i.e., taste preferences).

• In Table 6.8, H-R3 is the only recipe which was included in the top five recipes
of Table 6.9 because only H-R3 matched with Neha’s personal dynamic context.

• CAPRecipes ignored H-R1, H-R2, H-R4 and H-R5 even though they contain
zero or one missing ingredient and presented the recipes, i.e., T-R2 to T-R5
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which had one or two missing ingredients because of the logic of CAPRecipes

(cf. Section 6.2.2).

Based on Ingredients, Health, Taste Preferences and Expiry

Context Exploited
• Kitchen Context

• Personal Static and Dynamic Contexts

• Temporal Context

In this case, Neha had also enabled the Ingredients Expiry parameter. By doing
so, all the parameters of CAPRecipes were enabled. Table 6.10 shows the top five
recipes (i.e., E-R1 to E-R5 ) retrieved for Neha.

S.No E-R1 E-R2 E-R3 E-R4 E-R5

Recipes

Mahimahi with
Green Curry

Bengali Fish Curry
(Doi Maach)

Mahimahi Coconut Curry
Stew with Carrots

and Fennel

Red Fish
Curry

Tilapia Baked in
Green Curry

Cuisine Indian Indian Indian Indian Indian

Diet Pescetarian Pescetarian Pescetarian Pescetarian Pescetarian

Nutritional
Info

Calorie:589
Protein:39g
Carbs:50g
Fat:12g

Calorie:232
Protein:34g
Carbs:6g
Fat:8g

Calorie:572
Protein:36g
Carbs:40g
Fat:16g

Calorie:384
Protein:36g
Carbs:21g
Fat:15g

Calorie:545
Protein:40g
Carbs:41g
Fat:16g

Used
&

Missing
Ingredients

coconut milk
rice

basil leaves
mahimahi

red bell peppers
sugar

fish sauce
eggplant

coriander seeds
cumin seeds
fresh ginger
garlic clove

ground turmeric
mahimahi
onion
salt

skim milk yogurt
sugar

shredded coconut

carrots
curry leaves
curry powder
fresh ginger
garlic cloves

skinless mahimahi fillets
shallots

coconut milk
fennel bulb

canned tomatoes
cayenne

curry leaves
garlic cloves

ginger
ground coriander
salt and pepper

shallots
tamarind

skinless tilapia fillets
turmeric

coconut milk
fish sauce
tilapia
sugar

green curry paste
kaffir lime leaves

Table 6.10: Neha’s results when all parameters were enabled

The analysis and comparison of these results are discussed in Section 6.2.3.
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6.3.3 Evaluation

Effectiveness: Moderately

To evaluate the effectiveness, we compared results of Table 6.10 retrieved for
Neha, where all the parameters were enabled with the other results (i.e., Ta-
bles 6.7 - 6.9) and noted the following points:

• T-R1 was the first recommended recipe when Neha enabled the Taste
parameter (shown in Table 6.9), but it became the fourth recommended
recipe (i.e., E-R4 ) when she had also enabled the Ingredients Expiry pa-
rameter (shown in Table 6.10) because CAPRecipes presented the options
of those recipes first (i.e., E-R1 to E-R3 ) that contained the ingredient
Mahimahi as it had the earliest expiry date.

• By leveraging Neha’s kitchen context, CAPRecipes recognized that Tilapia
had the next expiry date afterMahimahi. Therefore, CAPRecipes showed
E-R4 and E-R5 as they contained the ingredient Tilapia and matched with
Neha’s personal dynamic context.

• As Neha was quite a new user of CAPRecipes, therefore her personal
dynamic context was limited. When CAPRecipes leveraged her kitchen
and personal dynamic contexts, it was identified that after Tilapia, Cod
had the next expiry date and none of the recipes in her personal dynamic
context include the ingredient Cod. Therefore, CAPRecipes showed some
options of Cod recipes that were not violating her health restriction and
goals and were having at the very most two missing ingredients. As the rec-
ommended Cod recipes were not the top five recipes, therefore not shown
in Table 6.10.

From the above personalized recommendations shown in Tables 6.7 - 6.10, Neha
commented that she retrieved acceptable recommendation of recipes with min-
imal effort as it leveraged her numerous considerations. In addition she com-
mented that her experience was satisfactory and decided to cook E-R2 for
lunch.

For the result shown in Table 6.9, Neha mentioned that she was overall satisfied
with this result, but she stated that the recipes T-R4 and T-R5 were missing
the key ingredients (i.e., Zucchini, Chickpeas and Grouper fillets) and advised
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it would be great if in the future, CAPRecipes is capable to analyze that it
should not recommend such recipes which have the key ingredients missing.

Based on the above comparison and Neha’s comments, we concluded that CA-

PRecipes moderately fulfilled the intended goals for Neha, because she was
overall pleased with the results as these results were in the ascending order of
expiring ingredients keeping her taste preferences into account. Also, none of
the recipes violated her health restriction and nutritional goals, and used the
maximum number of ingredients available in her kitchen.

Efficiency: 0 - 1 Step (i.e., Retrieval of Personalized Recipes)

• Without CAPRecipes, whenever Neha wanted a recipe suggestion she
could cook, she had to open a web browser and apply the filters manually
according to her numerous considerations (cf. Section 6.3). But, this task
required a great deal of time and numerous steps for the completion.

• With CAPRecipes, she learned that the process is automated to get the
desired recipe recommendations and took only six seconds.

• By default all the parameters were enabled, when Neha opened CAPRecipes,
and she was presented with the final output (depicted in Table 6.10) of CA-

PRecipes which leveraged all her contexts. The number of steps and time
required to retrieve this result were zero steps and six seconds, respectively.

• Tables 6.7 - 6.9 shows the results when Neha decided to get the recom-
mendations based on certain parameters. It took her one step each and
eight seconds to retrieve the results.

User Satisfaction: Moderately Satisfied

To understand the level of user satisfaction felt by Neha and the level of objec-
tive achieved by CAPRecipes, we had asked several quick questions after the
completion of this experiment.

(a) Do you think your recommendations are enhanced by exploiting your Face-
book and YouTube likes?
Answer - Yes

(b) Are you getting the recipes based on your preferences?
Answer - Yes
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(c) Are the recipes considering your allergies and nutritional goals?
Answer - Yes

(d) Are the recipes maximizing the use of ingredients available in your kitchen?
Answer - Yes

(e) Are you getting the recipes according to the expiry date of ingredients?
Answer - Yes

(f) Do you think CAPRecipes help in promoting the reduction of food wastage?
Answer - Yes

(g) Will you prefer CAPRecipes over other applications?
Answer - Yes

(h) How satisfied are you with CAPRecipes?
Answer - Moderately Satisfied

(i) How will you rate CAPRecipes on the scale of 1 to 10?
Answer -

By Neha’s answers to the above questions, we inferred that she was overall
pleased with the results retrieved by CAPRecipes. She mentioned that CA-
PRecipes had efficiently considered her considerations and will help to improve
the recipe choices she faces daily. Therefore she prefers to use CAPRecipes

over other applications. Overall she rated CAPRecipes eight on a scale of one
to ten.

Note that, currently, CAPRecipes is evaluated based on users’ data such as health
information and taste preferences, where some of the data is entered by users man-
ually. However, in future, we could use smart devices to accumulate users data
automatically and to evaluate further CAPRecipes we can apply machine learning
techniques when there is vast information available which can help in analyzing users’
daily intake and their health for recommending personalized recipes more effectively.

6.4 Summary

This chapter evaluated CAPRecipes usability by two experiments while assessing the
three quality factors: efficiency, effectiveness, and user satisfaction. In this chapter,
we first presented the scenario for the two volunteers chosen for experiments, and the
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context sensed by CAPRecipes for providing personalized recipe recommendations.
Then, we discussed the analysis performed on the recorded results of both experiments
to evaluate the level of intended goal fulfilled by CAPRecipes. Lastly, we discussed
the level of user satisfaction experienced by both volunteers based on answers to the
formulated quick questions.
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Chapter 7

Conclusions

This chapter summarizes this thesis, outlines our contributions and presents ideas for
future potential improvement to CAPRecipes.

7.1 Executive Summary

This thesis investigated the challenges endured by people every day while selecting
healthy recipes, taking into account their dynamic taste preferences and the stock of
ingredients in their kitchen. It also focused on how to minimize food wastage that has
become the leading public concern for this world. We identified that unhealthy eating
is one of the causes, raising health-related concerns such as obesity or diabetes, which
account for 60% of total deaths that can be prevented by healthy eating. Lack of
knowledge about how to choose healthy recipes while addressing their health restric-
tions and taste preferences are some of the reasons driving people to pick convenient
food rather than necessary food, and this is one of the main causes of unhealthy
eating.

We also identified that health, taste, social context, cost and time are the essen-
tial factors weighed by an individual while making food-related choices, and people
manually searching for a recipe on different sites, considering their dynamic contexts
and tailoring the outcomes is challenging and time-consuming.

Therefore, to deal with these various concerns, we proposed CAPRecipes as a
proof of concept, which is the context-aware personalized recipe recommender sys-
tem that exploits users’ dynamically changing contexts to provide personalized recipe
recommendations. CAPRecipes improves the user experience by automating the pro-
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cess of retrieving personalized recipes, and users no longer need to manually search
on the web for recipe recommendations considering their health, taste and ingredient
availability.

Social media context can be utilized to provide a more personalized experience
to users. Therefore, to gather users’ taste preferences, CAPRecipes exploits two
third-party social media applications (i.e., Facebook and YouTube), but the retrieved
preferences from these applications are an eclectic list. Hence, CAPRecipes uses
a natural language processing technique (i.e., text analysis) to identify the recipes’
preferences from this list. We also explored a collaborative filtering algorithm which
provides suggestions for recipes’ taste preferences. This thesis attributed a great deal
of importance to users’ taste preferences because, as explained above, taste preference
is one of the main causes of unhealthy eating and an essential factor in food selection.
Moreover, users’ taste preferences can influence their personal dietary habits and can
also help reduce food wastage.

This thesis addresses the challenges of having multiple names for the same recipe
or ingredient faced during recipe recommendations by finding the most relevant match
using the natural language processing technique (i.e., POS tagging). CAPRecipes

uses the Spoonacular API in its recommendation engine to retrieve recipes based
on users’ health and ingredients availability. We chose Spoonacular API as a recipe
database rather than creating our own recipes database because it provides accurate
results and returns a more diverse collection of recipes.

CAPRecipes provides the ability to end users to set personalization by enabling
or disabling criteria at any time according to their needs, and on the basis of this
personalization, recipe recommendations are updated.

We evaluated CAPRecipes qualitatively for which we conducted the experiments
with two users. We recorded the results for both the experiments and performed the
analysis on them, evaluating fulfilllment of our goals by CAPRecipes. To better
evaluate the degree of success of CAPRecipes, we formulated several quick ques-
tions which we asked to both volunteers after the completion of their experiment.
After investigating their answers, we concluded that they were pleased with their
personalized results as they retrieved results with minimal manual effort, while incor-
porating their numerous considerations.
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7.2 Contributions

This section summarizes the main contributions of this thesis.

• We developed a context-aware personalized recipe recommendation system called
CAPRecipes that leverages dynamically changing user contexts (i.e., health
restrictions, nutritional goals, strict dietary restrictions and moral concerns, in-
gredients they have in stock with their expiry, and their taste preferences) to
provide personalized recipes to users.

• We explored third-party social media applications, such as YouTube and Face-
book, to gather user preferences for providing personalized recipe recommenda-
tions according to user tastes.

• We explored AYLIEN Text Analysis API, which uses a natural language pro-
cessing technique to help identify recipes preferences from the list of preferences
retrieved from a user’s social media profiles.

• To better learn the user’s taste preferences, we also explored collaborative fil-
tering techniques as it helps predict the preferences for recipes users have not
liked yet.

• One limitation faced during recipe recommendations is that recipes or ingredi-
ents retrieved from different sources are lacking similar naming structure. Thus,
we developed the POS Tagging Mean Probability algorithm that explores POS
tagging, which is the natural language processing technique that maps different
names of recipes or ingredients to the most relevant match.

• We tackled health-related issues and poor availability of ingredients by exploring
the Spoonacular API, which is used as a recipe database in the recommendation
engine of CAPRecipes.

• We developed the Personalized Recipes Engine algorithm, which is a hybrid-
based algorithm that unifies content-based and collaborative filtering techniques
along with NLP techniques for recommending personalized recipes that consider
users’ tastes, health and the ingredients available with their expiry information.

• We are promoting the reduction of food wastage by integrating user taste pref-
erences and the expiry of available ingredients while recommending personalized
recipes.
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• We encouraged users to lead a healthy life without compromising their taste
preferences as CAPRecipes considered users’ allergies, nutritional goals and
taste preferences in their recommendations.

• We minimized manual searching and saved a great deal of time by automat-
ing the process of retrieving personalized recipes according to numerous user
considerations.

7.3 Future Work

Food is an integral part of human sustenance. However, food recommendation is
the under-researched domain as compared to other domains. CAPRecipes is the
proposed prototype designed to demonstrate the approach adopted to tackle concerns
of users while minimizing food wastage. There is a great deal of work that can still
be done to further enhance user experience and improve personalization, which helps
people to live healthily while consuming the food they like. Some of them are:

• To understand user taste preferences, at present, CAPRecipes leverages two
of the most popular third-party social media applications (i.e., YouTube and
Facebook). CAPRecipes could be extended to leverage other social media sites
such as Twitter 1 or Pinterest, 2 which helps in further learning taste preferences
for providing more personalized experience to users.

• Currently, CAPRecipes supports manually entering the ingredients and ex-
piry date when gathering kitchen context. However, CAPRecipes could be
expanded to use a technique by which an ingredient and its expiry is automat-
ically added. We have already discussed two such techniques in Section 3.2.4.

• Other than the factors explored in this research, cost and time are the two most
important factors that play an essential role in the selection of recipes [FCB+96,
FBS96, CBSD01]. Therefore, we could incorporate a user’s daily budget and
ready time in minutes (i.e., the time needed to prepare a recipe) in their per-
sonalized recipe recommendations along with their taste preferences, health,
ingredients they have in the kitchen and their expiry dates.

1https://twitter.com
2https://www.pinterest.ca

https://twitter.com
https://www.pinterest.ca
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• Ordinarily, people do not know the amounts of nutritional values they should
consume according to their working habits. Moreover, we are in the era of
Smart IoT devices such as mobile and Fitbit, which tracks users’ daily routines,
and based on that, could recommend nutritional values that users should con-
sume [Kos18]. Thus, CAPRecipes could use such data to automatically add to
personal static context (with consent) to improve their personalized experience.

• Currently, CAPRecipes does not track the quantities of ingredients of such
recipes, which are not chosen from CAPRecipes. In such a scenario, CA-

PRecipes still recommends those recipes whose ingredients are already con-
sumed. Hence, CAPRecipes could embed FridgeCam and FridgeMat, which
are Smart IoT devices launched by Smarter3 that track the quantities of ingre-
dients left in users’ refrigerators at runtime [Cri18a].

• At present, the CAPRecipes prototype is designed to recommend personalized
recipes for a single user by leveraging her dynamic contexts. However, we could
expand CAPRecipes for a group of users, meaning it allows users to add family
members or friends to retrieve recipes that leverages the contexts of a group.

3https://smarter.am

https://smarter.am
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Glossary

API Application Programming Interface (API), is a set of defined methods of com-
munication for building computer software.

Eclectic likes The term eclectic likes refer to heterogeneous likes, which means it
consists of likes of multiple categories.

GUI Graphical User Interface that allows users to interact with electronic devices.

HTTP HyperText Transfer Protocol (HTTP) is an application-layer protocol, which
defines for collaborative, distributed, and hypermedia information systems.

JSON JavaScript Object Notation for storing and exchanging data.

NLP Natural Language Processing (NLP), is the realm of artificial intelligence that
enables computer softwares to analyze and comprehend human language.

Ontology In computer science domain, Ontology is the medium to represent enti-
ties, ideas, and events, with all their interdependent properties and relations,
according to a system of categories.

REST REpresentational State Transfer (REST), is an architectural style for imple-
menting standards between computer systems on the web to make it easy for
communicating with each other.

Ubiquitous computing Ubiquitous computing is a concept in software engineer-
ing and computer science where computing is made to appear anytime and
everywhere.

XML eXtensible Markup Language for storing and exchanging data.
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Appendix A

Source Code

Source Code A.1: Python code to retrieve users’ YouTube likes and to identify the
category of each YouTube like. Explanation of this code is in Section 4.1.1 and 4.2.1.

1 # Implementation as de s c r ibed in YouTube Developer API guide
2 # −∗− coding : utf−8 −∗−
3 import os
4 import j son
5 import goog l e . oauth2 . c r e d e n t i a l s
6 import ppr int
7 import google_auth_oauthlib . f low
8 from go o g l e a p i c l i e n t . d i s cove ry import bu i ld
9 from go o g l e a p i c l i e n t . e r r o r s import HttpError
10 from google_auth_oauthlib . f low import Instal ledAppFlow
11 from a y l i e n a p i c l i e n t import t ex tap i
12

13 # The CLIENT_SECRETS_FILE va r i ab l e s p e c i f i e s the name o f a f i l e that conta in s
14 # the OAuth 2 .0 in fo rmat ion f o r t h i s app l i c a t i on , i n c l ud ing i t s c l i e n t_ id and
15 # c l i e n t_ s e c r e t .
16 CLIENT_SECRETS_FILE = " c l i e n t_ s e c r e t . j s on "
17

18 # This OAuth 2 .0 a c c e s s scope a l l ows f o r f u l l read / wr i t e a c c e s s to the
19 # authent i ca ted user ' s account and r e qu i r e s r eque s t s to use an SSL connect ion .
20 SCOPES = [ ' https : //www. goog l e ap i s . com/auth/youtube . f o r c e−s s l ' ]
21 API_SERVICE_NAME = ' youtube '
22 API_VERSION = ' v3 '
23

24 de f get_authent i cated_serv ice ( ) :
25 f l ow = Instal ledAppFlow . f r om_c l i en t_se c r e t s_ f i l e (CLIENT_SECRETS_FILE, SCOPES)
26 c r e d e n t i a l s = f low . run_console ( )
27 r e turn bu i ld (API_SERVICE_NAME, API_VERSION, c r e d e n t i a l s = c r e d e n t i a l s )
28

29 de f pr int_response ( re sponse ) :
30 pr in t ( re sponse )
31

32 # Build a r e sou r c e based on a l i s t o f p r op e r t i e s g iven as key−value pa i r s .
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33 # Leave p r op e r t i e s with empty va lues out o f the i n s e r t e d r e sou r c e .
34 de f bu i ld_resource ( p r op e r t i e s ) :
35 r e s ou r c e = {}
36 f o r p in p r op e r t i e s :
37 # Given a key l i k e " sn ippet . t i t l e " , s p l i t i n to " sn ippet " and " t i t l e " , where
38 # " sn ippet " w i l l be an ob j e c t and " t i t l e " w i l l be a property in that ob j e c t .
39 prop_array = p . s p l i t ( ' . ' )
40 r e f = re sou r c e
41 f o r pa in range (0 , l en ( prop_array ) ) :
42 i s_array = False
43 key = prop_array [ pa ]
44

45 # For p r op e r t i e s that have array values , convert a name l i k e
46 # " sn ippet . tags [ ] " to sn ippet . tags , and s e t a f l a g to handle
47 # the value as an array .
48 i f key [ −2 : ] == ' [ ] ' :
49 key = key [ 0 : l en ( key ) −2:]
50 i s_array = True
51

52 i f pa == ( l en ( prop_array ) − 1) :
53 # Leave p r op e r t i e s without va lue s out o f i n s e r t e d r e sou r c e .
54 i f p r op e r t i e s [ p ] :
55 i f i s_array :
56 r e f [ key ] = p r op e r t i e s [ p ] . s p l i t ( ' , ' )
57 e l s e :
58 r e f [ key ] = p r op e r t i e s [ p ]
59 e l i f key not in r e f :
60 # For example , the property i s " sn ippet . t i t l e " , but the r e s ou r c e does
61 # not yet have a " sn ippet " ob j e c t . Create the sn ippet ob j e c t here .
62 # Set t ing " r e f = r e f [ key ] " means that in the next time through the
63 # " f o r pa in range . . . " loop , we w i l l be s e t t i n g a property in the
64 # re sou r c e ' s " sn ippet " ob j e c t .
65 r e f [ key ] = {}
66 r e f = r e f [ key ]
67 e l s e :
68 # For example , the property i s " sn ippet . d e s c r i p t i o n " , and the r e sou r c e
69 # already has a " sn ippet " ob j e c t .
70 r e f = r e f [ key ]
71 r e turn r e sou r c e
72

73 # Remove keyword arguments that are not s e t
74 de f remove_empty_kwargs (∗∗ kwargs ) :
75 good_kwargs = {}
76 i f kwargs i s not None :
77 f o r key , va lue in kwargs . i t e r i t em s ( ) :
78 i f va lue :
79 good_kwargs [ key ] = value
80 r e turn good_kwargs
81

82 # Function to r e t r i e v e l i k e s from Users ' YouTube P r o f i l e
83 de f videos_list_my_rated_videos ( c l i e n t , ∗∗kwargs ) :
84 kwargs = remove_empty_kwargs (∗∗ kwargs )
85
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86 re sponse = c l i e n t . v ideos ( ) . l i s t (
87 ∗∗kwargs
88 ) . execute ( )
89

90 r e turn response
91

92 # To i d e n t i f y r e c i p e l i k e s r e t r i e v e d from the e c l e c t i c l i s t o f YouTube l i k e s us ing
Ayl ien Text Ana lys i s API

93 de f ay l i enTextAna ly s i s ( jsonData ) :
94 c l i e n t = tex tap i . C l i en t ( "API_ID" , "API_KEY" )
95 r e c ipeV ideo s = [ ]
96 f o r eachVideo in jsonData :
97 # pass ing d e s c r i p t i o n a t t r i b u t e o f each YouTube l i k e as t ext query parameter and

iab−qag taxonomy a t t r i b u t e as a path parameter
98 c l a s s i f i c a t i o n s = c l i e n t . ClassifyByTaxonomy ({ " text " : eachVideo [ " d e s c r i p t i o n " ] .

encode ( ' ut f−8 ' ) , "taxonomy" : " iab−qag" })
99 f o r category in c l a s s i f i c a t i o n s [ ' c a t e g o r i e s ' ] :

100 i f category [ " l a b e l " ] == "Food & Drink" :
101 # Add as a r e c i p e l i k e i f d e s c r i p t i o n be longs to Food and Drink category
102 t i t l e = eachVideo [ " t i t l e " ] . encode ( ' ut f−8 ' )
103 r e c i p eAt t r = t i t l e . s p l i t ( " | " )
104 r e c ipeV ideo s . append ( r e c i p eAt t r [ 0 ] . r s t r i p ( ) )
105

106 r e turn rec ipeV ideo s
107

108 i f __name__ == '__main__ ' :
109 # When running l o c a l l y , d i s ab l e OAuthlib ' s HTTPs v e r i f i c a t i o n . When
110 # running in product ion ∗do not∗ l eave t h i s opt ion enabled .
111 os . env i ron [ 'OAUTHLIB_INSECURE_TRANSPORT' ] = ' 1 '
112 c l i e n t = get_authent i cated_serv ice ( )
113 # c a l l i n g func t i on to r e t r i e v e u s e r s ' l i k e s by pas s ing query parameters
114 j sonResponse = videos_list_my_rated_videos ( c l i e n t , part=' sn ippet ' , myRating=' l i k e ' ,

maxResults=50)
115 # f i l t e r i n g the r e s u l t to keep only de s c r i p t i on , t i t l e and id o f each l i k e d video .
116 j sonVideos = [ ]
117 f o r eachVideo in jsonResponse [ " items " ] :
118 eachjsonVideo = {}
119 eachjsonVideo [ " id " ] = eachVideo [ " id " ]
120 f o r key , va lue in eachVideo [ " sn ippet " ] . i tems ( ) :
121 i f ( key ==" t i t l e " ) :
122 eachjsonVideo [ " t i t l e " ] = value
123 e l i f ( key == " tags " ) :
124 eachjsonVideo [ " tags " ] = value
125 e l i f ( key == " de s c r i p t i o n " ) :
126 eachjsonVideo [ " d e s c r i p t i o n " ] = value
127 j sonVideos . append ( eachjsonVideo )
128 # c a l l i n g Ayl ien text an a l y s i s f unc t i on to i d e n t i f y l i k e s
129 r ec ipeJsonVideos = ay l i enTextAna lys i s ( j sonVideos )
130

131 youtubeLikes = {}
132 youtubeLikes [ " youtubeRecipeLikes " ] = rec ipeJsonVideos
133 with open ( ' youtubeRecipeLikes . j son ' , 'w ' ) as o u t f i l e :
134 j s on . dump( youtubeLikes , o u t f i l e )
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135 with open ( ' youtubeEc l e c t i cL ike s . j son ' , 'w ' ) as o u t f i l e :
136 j s on . dump( jsonVideos , o u t f i l e )

Source Code A.2: Python code to retrieve users’ Facebook likes and to identify the
category of each facebook like. Explanation of this code is in Section 4.1.2 and 4.2.1.

1 # Implementation o f e x t r a c t i n g r e c i p e s ' l i k e s us ing Facebook Graph API and Ayl ien
Text Ana lys i s API

2 import os
3 import j son
4 import u r l l i b
5 import ppr int
6 from a y l i e n a p i c l i e n t import t ex tap i
7

8 g l oba l ACCESS_TOKEN
9

10 # To i d e n t i f y r e c i p e s ' l i k e s from e c l e c t i c l i s t o f Facebook ' s l i k e s us ing Ayl ien Text
Ana lys i s API

11 de f ay l i enTextAna ly s i s ( jsonData ) :
12 c l i e n t = tex tap i . C l i en t ( "API_ID" , "API_KEY" )
13 r e c ipeV ideo s = [ ]
14 f o r eachLike in jsonData [ "data" ] :
15 # r e t r i e v i n g add i t i o na l in fo rmat ion f o r each l i k e us ing Facebook Graph API
16 host = " https : // graph . facebook . com"
17 path = "/"+eachLike [ " id " ] . r s t r i p ( )
18

19 params = u r l l i b . ur l encode ({ " access_token " : ACCESS_TOKEN, " f i e l d s " : "about , d e s c r i p t i o n
" })

20 u r l = "{ host }{path }?{params}" . format ( host=host , path=path , params=params )
21 re sp = u r l l i b . ur lopen ( u r l ) . read ( )
22 with open ( ' FacebookEachLike . j son ' , 'w ' ) as o u t f i l e :
23 j s on . dump( resp , o u t f i l e )
24 pageDes = j son . l oads ( re sp )
25 f o r key , va lue in pageDes . i t e r i t em s ( ) :
26 c l a s s i f i c a t i o n s ={}
27 # id e n t i f y i n g i f l i k e conta in d e s c r i p t i o n or about
28 i f key == " de s c r i p t i o n " or key == "about" :
29 # pass ing d e s c r i p t i o n a t t r i b u t e o f each Facebook l i k e as t ext query parameter

and iab−qag taxonomy a t t r i b u t e as a path parameter
30 c l a s s i f i c a t i o n s = c l i e n t . ClassifyByTaxonomy ({ " text " : va lue . encode ( ' ut f−8 ' ) , "

taxonomy" : " iab−qag" })
31 break
32 i f l en ( c l a s s i f i c a t i o n s ) >=1:
33 f o r category in c l a s s i f i c a t i o n s [ ' c a t e g o r i e s ' ] :
34 i f category [ " l a b e l " ] == "Food & Drink" :
35 # Add as a r e c i p e l i k e i f the d e s c r i p t i o n or about be longs to Food and Drink

category
36 r e c ipeV ideo s . append ( eachLike [ "name" ] )
37 r e turn rec ipeV ideo s
38

39 # bui ld the URL f o r the API endpoint
40 host = " https : // graph . facebook . com"
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41 path = "/{ user−id }/ l i k e s "
42 ACCESS_TOKEN = "ACCESS_TOKEN"
43 params = u r l l i b . ur l encode ({ " access_token " : ACCESS_TOKEN})
44

45 u r l = "{ host }{path }?{params}" . format ( host=host , path=path , params=params )
46

47 # open the URL and read the re sponse
48 re sp = u r l l i b . ur lopen ( u r l ) . read ( )
49

50 f a cebookEc l ecL ike s = j son . l oads ( re sp )
51 # c a l l i n g ay l i enTextAna lys i s f unc t i on to i d e n t i f y r e c i p e s ' l i k e s
52 f acebookRec ipeLikes = ay l i enTextAna lys i s ( f acebookEc l ecL ike s )
53 # wr i t i ng re sponse data to f i l e s
54 with open ( ' f a c ebookEc l e c t i cL i k e s . j son ' , 'w ' ) as o u t f i l e :
55 j s on . dump( facebookEc lecL ikes , o u t f i l e )
56 f acebookLikes = {}
57 f acebookLikes [ " facebookRec ipeLikes " ] = facebookRec ipeLikes
58 with open ( ' facebookRec ipeLikes . j son ' , 'w ' ) as o u t f i l e :
59 j s on . dump( facebookLikes , o u t f i l e )

Source Code A.3: Python code of POS Tagging Mean Probability algorithm to find
the most relevant match for recipes or ingredients. Explanation of this code is in

Section 4.2.2.
1 from nl tk import pos_tag , word_tokenize
2 import sys
3 import j son
4 import u r l l i b 2
5 import r eque s t s
6 import xml . e t r e e . ElementTree as ET
7 from xml . e t r e e . ElementTree import XML, f romstr ing , t o s t r i n g
8 import d i f f l i b
9 import a s t
10 import re
11

12 # To apply POS tagg ing and ex t r a c t nouns , verbs and ad j e c t i v e s
13 de f posTagResponse ( r e c i p e ) :
14 posResult = pos_tag ( word_tokenize ( r e c i p e ) )
15 posTagJSON = {}
16 noun = [ ]
17 verb = [ ]
18 ad j e c t i v e = [ ]
19 f o r tagTuple in posResult :
20 i f ( tagTuple [ 1 ] == "NN" or tagTuple [ 1 ] == "NNS" or tagTuple [ 1 ] == "NNP" or

tagTuple [ 1 ] == "NNPS" ) :
21 noun . append ( tagTuple [ 0 ] . lower ( ) )
22 e l i f ( tagTuple [ 1 ] == "VB" or tagTuple [ 1 ] == "VBD" or tagTuple [ 1 ] == "VBG" or

tagTuple [ 1 ] == "VBN" or tagTuple [ 1 ] == "VBP" or tagTuple [ 1 ] == "VBZ" ) :
23 verb . append ( tagTuple [ 0 ] . lower ( ) )
24 e l i f ( tagTuple [ 1 ] == "JJ" or tagTuple [ 1 ] == "JJR" or tagTuple [ 1 ] == "JJS" ) :
25 ad j e c t i v e . append ( tagTuple [ 0 ] . lower ( ) )
26 i f ( l en ( noun )>=1) :



122

27 posTagJSON [ "Noun" ] = noun
28 i f ( l en ( verb )>=1) :
29 posTagJSON [ "Verb" ] = verb
30 i f ( l en ( ad j e c t i v e )>=1) :
31 posTagJSON [ " Adjec t ive " ] = ad j e c t i v e
32

33 r e turn posTagJSON
34

35 # To c a l c u l a t e the p r obab i l i t y between nouns , verbs and ad j e c t i v e s o f both the l i s t
o f r e c i p e s

36 de f p r obab i l i t yCa l c u l a t i o n ( tag , f i rstRecipesJSON , secondRecipesJSON ) :
37 counter = 0
38 sum = 0.0
39 prob = 1 .0
40 i f ( tag in f i r stRec ipesJSON and tag in secondRecipesJSON ) :
41 f o r tagR1 in f i r stRec ipesJSON [ tag ] :
42 f o r tagR2 in secondRecipesJSON [ tag ] :
43 p = d i f f l i b . SequenceMatcher (None , tagR1 , tagR2 ) . r a t i o ( )
44 i f (p>0.7) :
45 sum += p
46 counter+= 1
47 i f ( counter >0) :
48 prob = sum / counter
49

50 r e turn prob
51

52 i f __name__ == "__main__" :
53 recipeName = sys . argv [ 1 ]
54 # c a l l i n g func t i on to get s e t o f nouns , verbs amd ad j e c t i v e s
55 recipeNameJSON = posTagResponse ( recipeName )
56 response_body = eva l ( sys . argv [ 2 ] )
57 sum = 0.0
58 counter = 0
59 pa i r s = {}
60 # se t t i n g max mean p r obab i l i t y to 0 .7
61 maxProbabi l i ty = 0 .7
62 nounProbabi l i ty = 0
63 ve rbProbab i l i t y = 0
64 ad jProbab i l i t y = 0
65 s im i l a rRec ip e = ""
66 f o r eachRecipe in response_body :
67 # c a l l i n g func t i on to get s e t o f nouns , verbs amd ad j e c t i v e s
68 eachrecipeJSON = posTagResponse ( eachRecipe )
69 # ca l c u l a t i n g the noun , verb and ad j e c t i v e s p r obab i l i t y
70 nounProbabi l i ty = p robab i l i t yCa l cu l a t i o n ( "Noun" , recipeNameJSON , eachrecipeJSON )
71 ve rbProbab i l i t y = p robab i l i t yCa l cu l a t i o n ( "Verb" , recipeNameJSON , eachrecipeJSON )
72 ad jProbab i l i t y = p robab i l i t yCa l c u l a t i o n ( " Adjec t ive " , recipeNameJSON ,

eachrecipeJSON )
73

74 t o t a lP r ob ab i l i t y = ( nounProbabi l i ty + ve rbProbab i l i t y+ ad jProbab i l i t y ) /3
75

76 i f ( t o t a lP r obab i l i t y > maxProbabi l i ty ) :
77 maxProbabi l i ty = t o t a lP r ob ab i l i t y
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78 s im i l a rRec ip e = eachRecipe
79

80 pr in t s im i l a rRec ip e

Source Code A.4: Python code to integrate preferences retrieved from users’ social
media profiles and collaborative filtering into the users’ personal dynamic context.

Explanation of this code is in Section 4.4.
1 import sys
2 import j son
3 import subproces s
4

5 # Function to f i nd the most r e l e van t match us ing POS tagg ing
6 de f findMostRelevantMatch ( r ec ipe , personalContextData ) :
7 # c a l l i n g POS tagg ing s c r i p t to f i nd the match
8 match = subproces s . check_output ( [ sys . executable , " . / posTaggingRecipeMatch . py" ,
9 r e c ipe , s t r ( personalContextData ) ] )
10 match = match . r s t r i p ( )
11 i f ( l en (match )<1) :
12 # appending the matched r e c i p e s
13 personalContextData . append ( r e c i p e )
14 r e turn personalContextData
15

16 # To update the pe r sona l dynamic context based on s o c i a l media and other s im i l a r
u s e r s l i k e s

17 i f __name__ == "__main__" :
18 # load ing youtube r e c i p e l i k e s
19 YTRecipeLikesJSON = json . load ( open ( ' . / youtubeRecipeLikes . j son ' ) )
20 YTRecipeLikes = YTRecipeLikesJSON [ " youtubeRecipeLikes " ]
21 # load ing per sona l dynamic context
22 personalContextJSON = json . load ( open ( ' . / Personal_context . j son ' ) )
23 # load ing facebook r e c i p e l i k e s
24 FBRecipeLikesJSON = json . load ( open ( ' . / facebookRec ipeLikes . j son ' ) )
25 FBRecipeLikes = FBRecipeLikesJSON [ " facebookRec ipeLikes " ]
26 # load ing suggested l i k e s based on s im i l a r u s e r s
27 col lRecipeLikesJSON = json . load ( open ( ' . / c o l l a b o r a t i v eRe c i p e sL i k e s . j son ' ) )
28 c o l lRe c i p eL i k e s = col lRecipeLikesJSON [ " c o l l obo r a t i v eRe c i p eL i k e s " ]
29 persona lContextRec ipeLikes = [ ]
30 r e c i p eL i k e s = YTRecipeLikes + FBRecipeLikes + co l lRe c i p eL i k e s
31

32 f o r key , va l in personalContextJSON . i t e r i t em s ( ) :
33 i f key == "Dynamic Context" :
34 persona lContextRec ipeLikes = va l [ "Recipe Pr e f e r enc e s " ]
35

36 f o r eachRecipe in r e c i p eL i k e s :
37 i f ( l en ( persona lContextRec ipeLikes )>=1) :
38 # c a l l i n g func t i on to f i nd the most r ev e l an t match to e l im ina t e dup l i c a t e s

be f o r e i n t e g r a t i n g
39 persona lContextRec ipeLikes = findMostRelevantMatch ( eachRecipe ,

per sona lContextRec ipeLikes )
40

41 # In t e g r a t i n g r e c i p e l i k e s o f s o c i a l media and s im i l a r user in u s e r s ' pe r sona l
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dynamic context
42 personalRecipeJSON ={}
43 personalRecipeJSON [ "Recipe Pre f e r enc e s " ] = l i s t ( s e t ( persona lContextRec ipeLikes ) )
44 personalContextJSON [ "Dynamic Context" ] = personalRecipeJSON
45 with open ( ' . / Personal_context . j son ' , 'w ' ) as o u t f i l e :
46 j s on . dump( personalContextJSON , o u t f i l e )

Source Code A.5: Python code of Personalized Recipes Engine algorithm that
provides the final personalized recipes list. Explanation of this is in Section 5.2.

1 # !/ usr /bin /python27
2

3 # Usage f o r g e t t i n g r e c i p e l i s t : http :// l o c a l h o s t :3020/ CAPRecipes/ r e c i p e l i s t ? type=&
cu i s i n e=&userHealthContext=True&userKitchenContext=True&userTasteContext=True&
use rAva i l ab l e Ing r ed i en tExp i ry=True

4 # Usage f o r g e t t i n g cook ings tep : http :// l o c a l h o s t :3020/ CAPRecipes/ cook ings t eps ? id
=547899

5

6 import psycopg2
7 import ppr int
8 import un i r e s t
9 import i o
10 import j son
11 import re
12 from bo t t l e import Bott le , route , run , request , r e sponse
13 from Queue import Queue
14 from thread ing import Thread
15 import sys
16 from d i f f l i b import SequenceMatcher
17 from datet ime import datet ime
18 import subproces s
19 import datet ime as DT
20 import operator
21

22 app = Bott l e ( )
23

24 @app . hook ( ' a f t e r_reque s t ' )
25 de f enable_cors ( ) :
26 """
27 You need to add some headers to each reque s t .
28 Don ' t use the wi ldcard '∗ ' f o r Access−Control−Allow−Orig in in product ion .
29 """
30 re sponse . headers [ ' Access−Control−Allow−Orig in ' ] = ' ∗ '
31 re sponse . headers [ ' Access−Control−Allow−Methods ' ] = 'PUT, GET, POST, DELETE, OPTIONS

'
32 re sponse . headers [ ' Access−Control−Allow−Headers ' ] = ' Origin , Accept , Content−Type , X

−Requested−With , X−CSRF−Token '
33

34 @app . route ( ' /CAPRecipes/<name>' , method=[ 'GET' ] )
35 de f recdata (name) :
36 i f name == " r e c i p e l i s t " :
37 # read ing d i shtype as query parameter
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38 di shtype = reques t . query . type
39 # i f d i shtype not s e l e c t e d then reads from use r s ' temporal context
40 i f ( l en ( d i shtype )<=1) :
41 # c a l l i n g func t i on to get d i sh type accord ing to u s e r s ' temporal context ( i . e . ,

cu r r ent meal time )
42 di shtype = getDishType ( )
43 rec ipeCount = "40"
44 # read ing query parameters from ur l
45 c u i s i n e i n f o = reques t . query . c u i s i n e
46 userTastePre f = reques t . query . userTasteContext
47 userHea l thPre f = reques t . query . userHealthContext
48 userKitchenContextPref = reques t . query . userKitchenContext
49 use r IngrExp i ryPre f = reques t . query . u s e rAva i l ab l e Ing r ed i en tExp i ry
50 maxProteins = ""
51 maxCarbs = ""
52 maxFat = ""
53 maxCalories = ""
54 a l l e r g i e s = ""
55 i n g r e d i e n t s S t r i n g= {}
56

57 # read ing us e r s ' pe r sona l s t a t i c and dynamic context v a r i a b l e s
58 userPersonalContextJSON = json . load ( open ( ' . / har sh i t−python/Personal_context . j son '

) )
59 # i f hea l th t ogg l e button i s enabled
60 i f ( bool ( use rHea l thPre f ) == True ) :
61 a l l e r g i e s = userPersonalContextJSON [ " S t a t i c Context" ] [ " A l l e r g i e s " ]
62 maxProteins = s t r ( ( userPersonalContextJSON [ " S t a t i c Context" ] [ " Nu t r i t i ona l Goals

" ] [ " Prote in s " ] ) /3)
63 maxCarbs = s t r ( ( userPersonalContextJSON [ " S t a t i c Context" ] [ " Nu t r i t i ona l Goals " ] [

"Carbs" ] ) /3)
64 maxFat = s t r ( ( userPersonalContextJSON [ " S t a t i c Context" ] [ " Nu t r i t i ona l Goals " ] [ "

Fat" ] ) /3)
65 maxCalories = s t r ( ( userPersonalContextJSON [ " S t a t i c Context" ] [ " Nu t r i t i ona l Goals

" ] [ " Ca l o r i e s " ] ) /3)
66 d i e t = userPersonalContextJSON [ " S t a t i c Context" ] [ "Diet " ]
67 # i f c u i s i n e not s e l e c t e d then reads from use r s ' pe r sona l s t a t i c context
68 i f ( l en ( c u i s i n e i n f o )<=1) :
69 c u i s i n e i n f o = userPersonalContextJSON [ " S t a t i c Context" ] [ " Cuis ine " ]
70

71 # i f I ng r ed i en t s t ogg l e button i s enabled
72 i f ( bool ( userKitchenContextPref ) == True ) :
73 ingredientsJSON = {}
74 # read ing us e r s ' k i t chen context ( i . e . , a v a i l a b l e i n g r e d i e n t s )
75 ingredientsJSON = json . load ( open ( ' . / har sh i t−python/ kitchen_context . j son ' ) )
76 # c a l l i n g the s c r i p t to s o r t the i n g r e d i e n t s
77 ingredientsSortedJSON = subproces s . check_output ( [ sys . executable , " . / har sh i t−

python/ sort_date . py" , s t r ( ingredientsJSON ) ] )
78 i n g r ed i en t sAr r =[ ]
79 f o r r e f in ingredientsJSON [ "Kitchen Context" ] :
80 f o r i ng r in r e f [ " I ng r ed i en t s " ] :
81 i n g r ed i en t sAr r . append ( ing r )
82

83 i n g r e d i e n t s S t r i n g = '%2C+' . j o i n ( i ng r ed i en t sAr r )
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84 i n g r e d i e n t s S t r i n g = i n g r e d i e n t s S t r i n g . r ep l a c e ( " " , "%20" )
85

86 di shtype . r ep l a c e ( "%20" , "+" )
87 c u i s i n e i n f o . r ep l a c e ( "%2C" , " , " )
88

89 # c a l l i n g Spoonacular API to r e t r i e v e r e c i p e s
90 a p i c a l l = " https : // spoonacular−r e c ipe−food−nut r i t i on−v1 . p . mashape . com/ r e c i p e s /

searchComplex ? addRecipeInformation=true&cu i s i n e="+c u i s i n e i n f o+"&d i e t="+d i e t+"&
exc l ude Ing r ed i en t s=&f i l l I n g r e d i e n t s=true&in c l ud e I n g r ed i e n t s="+in g r e d i e n t s S t r i n g+"
&i n t o l e r a n c e s="+a l l e r g i e s+"&l im i tL i c e n s e=f a l s e&maxCalories="+maxCalories+"&
maxCarbs="+maxCarbs+"&maxFat="+maxFat+"&maxProtein="+maxProteins+"&number="+
recipeCount+"&o f f s e t=0&ranking=2&type="+dishtype

91

92 re sponse = un i r e s t . get ( a p i c a l l ,
93 headers={
94 "X−Mashape−Key" : "Developer_API_Key" ,
95 "Accept" : " app l i c a t i o n / j son "
96 }
97 )
98 with i o . open ( ' r e c j s onone . j son ' , 'w ' , encoding=' utf−8 ' ) as f :
99 f . wr i t e ( unicode ( j son . dumps( re sponse . body , en su r e_asc i i=Fal se ) ) )

100

101 with open ( ' r e c j s onone . j son ' ) as da ta_f i l e :
102 data = json . load ( da ta_f i l e )
103

104 f o r va l in data :
105 i f va l == ' r e s u l t s ' :
106 l i s t r e cm = [ ]
107 f o r r e c i p e in data [ va l ] :
108 i f l en ( r e c i p e ) <=13:
109 cont inue
110 i f l en ( r e c i p e [ ' ana l y z ed In s t ru c t i on s ' ] ) > 0 :
111 r e c i p e l i s t g e n ( r ec ipe , l i s t r e cm , r e c i p e [ ' p r i c ePerSe rv ing ' ] )
112 with i o . open ( ' r e c r e spons e . j son ' , 'w ' , encoding=' utf−8 ' ) as f :
113 f . wr i t e ( unicode ( j son . dumps( l i s t r e cm , ensur e_asc i i=Fal se ) ) )
114 f o r item in l i s t r e cm :
115 de l item [ ' c o ok i ng In s t r u c t i on s ' ]
116

117 # i f Taste t ogg l e button i s enabled
118 i f ( bool ( use rTastePre f ) == True ) :
119 # c a l l i n g func t i on to r e f i n e s and s o r t s r e c i p e s based on use r s ' t a s t e

p r e f e r e n c e s
120 l i s t r e cm = rec ipesRe f in ingWithTaste ( l i s t r e cm , userPersonalContextJSON )
121

122 # i f I ng r ed i en t s Expiry t ogg l e button i s enabled
123 i f ( bool ( use r IngrExp i ryPre f ) == True ) :
124 # c a l l i n g func t i on to r e f i n e s and s o r t s r e c i p e s based on Ing r ed i en t s Expiry
125 l i s t r e cm = rec ipesRe f in ingWithExpi ry ( l i s t r e cm , ingredientsSortedJSON )
126 r e turn d i c t ( data=l i s t r e cm )
127

128 # To generate r e c i p e i n s t r u c t i o n page
129 e l i f name == " cook ing s t eps " :
130 with open ( ' r e c r e spons e . j son ' ) as da ta_f i l e :
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131 l i s t r e cm = json . load ( da ta_f i l e )
132 r e c i p e i d = reques t . query . id
133 l i s t r e cm1 = [ ]
134

135 f o r item in l i s t r e cm :
136 i f s t r ( item [ ' id ' ] ) . s t r i p ( ) != s t r ( r e c i p e i d ) . s t r i p ( ) :
137 l i s t r e cm1 . append ( l i s t r e cm . index ( item ) )
138

139 f o r v in l i s t r e cm1 [ : : − 1 ] :
140 de l l i s t r e cm [ v ]
141

142 r e turn d i c t ( data=l i s t r e cm )
143

144 # Function to get so r t ed r e c i p e s l i s t based on us e r s ' t a s t e
145 de f rec ipesRe f in ingWithTaste ( r e cL i s t , personalDynContextJSON ) :
146 us e r sRec ip ePre f e r enc e s = personalDynContextJSON [ "Dynamic Context" ] [ "Recipe

Pre f e r enc e s " ]
147 s o r t edRec ip eL i s t = [ ]
148 notMatchedRecList = [ ]
149 f o r eachRecipe in r e cL i s t :
150 # c a l l i n g the POS tagg ing s c r i p t to f i nd the most r e l e van t match o f r e c i p e s
151 match = subproces s . check_output ( [ sys . executable , " . / har sh i t−python/

posTaggingRecipeMatch . py" ,
152 eachRecipe [ " t i t l e " ] , s t r ( u s e r sRec ip ePre f e r enc e s ) ] )
153 match = match . r s t r i p ( )
154 i f ( l en (match )>5) :
155 s o r t edRec ip eL i s t . append ( eachRecipe )
156 e l s e :
157 notMatchedRecList . append ( eachRecipe )
158 r e turn so r t edRec ip eL i s t + notMatchedRecList
159

160 # Function to r e f i n e r e c i p e s l i s t based on i n g r e d i e n t s exp i ry
161 de f rec ipesRef in ingWithExpi ry ( r e cL i s t , e xp i r i n g I n g r e d i e n t s ) :
162 f i n a lR e cL i s t = [ ]
163 f o r eachRecipe in r e cL i s t :
164 cntr = 0
165 date = ' '
166 f o r u sedat t r in eachRecipe [ ' u s ed Ing r ed i en t s ' ] :
167 # c a l l i n g the POS tagg ing s c r i p t f o r matching the i n g r e d i e n t s o f u s e r s ' k i t chen

context with Spoonacular i n g r e d i e n t s
168 date Ingr = subproces s . check_output ( [ sys . executable , " . / har sh i t−python/

posTaggingIngrdMatch . py" ,
169 usedat t r [ 'name ' ] , e xp i r i n g I n g r ed i e n t s ] )
170 i f ( l en ( date Ingr ) > 2) :
171 cntr += 1
172 i f ( date == ' ' or date > date Ingr ) :
173 date = date Ingr
174 i f ( cnt r == 0) :
175 today = DT. date . today ( )
176 week_after = today + DT. t imede l ta ( days=11)
177 date = datet ime . s t rpt ime ( s t r ( week_after ) , '%Y−%m−%d ' ) . s t r f t ime ( '%m/%d/%y ' )
178 eachRecipe [ ' date ' ] = date
179 eachRecipe [ ' e xp i r i n g I n g r e d i e n t s ' ] = cntr
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180 f i n a lR e cL i s t . append ( eachRecipe )
181 #ORDER BY date ASC, e xp i r i n g I n g r e d i e n t s DESC ( us ing SQL notat ion ) f o r a l i s t o f

d i c t i o n a r i e s can be done l i k e t h i s :
182 f i n a lR e cL i s t . s o r t ( key = operator . i t emge t t e r ( ' e xp i r i n g I n g r e d i e n t s ' ) , r e v e r s e=True )
183 f i n a lR e cL i s t . s o r t ( key = operator . i t emge t t e r ( ' date ' ) )
184 r e turn f i n a lR e cL i s t
185

186 # Function to get d i sh type accord ing to u s e r s ' temporal context ( i . e . , cu r r ent meal
time )

187 de f getDishType ( ) :
188 currentDishType = ""
189 currentMealTime = in t ( datet ime . now( ) . s t r f t im e ( '%H' ) )
190 i f ( currentMealTime>=3 and currentMealTime <=10) :
191 currentDishType = " br eak f a s t "
192 e l i f ( currentMealTime>=11 and currentMealTime <=16) :
193 currentDishType = " lunch"
194 e l s e :
195 currentDishType = "main%20course "
196 r e turn " b r eak f a s t "
197 # Function that gene ra t e s f i n a l p e r s ona l i z ed r e c i p e s l i s t
198 de f r e c i p e l i s t g e n ( o r i g r e c i p e , r e c l i s t , p r cpe r s e rv ing ) :
199 r e c = {}
200 r e c [ ' id ' ] = o r i g r e c i p e [ ' id ' ]
201 r e c [ ' co s tPerServ ing ' ] = round ( p r cpe r s e rv ing /100 ,2)
202 r e c [ ' t i t l e ' ] = o r i g r e c i p e [ ' t i t l e ' ]
203 r e c [ ' m i s s ed Ing r ed i en t s ' ] = o r i g r e c i p e [ ' m i s s ed Ing r ed i en t s ' ]
204 r e c [ ' s e r v i n g s ' ] = o r i g r e c i p e [ ' s e r v i n g s ' ]
205 p r i c e = 0 .0
206 r e c [ ' c a l o r i e s ' ] = o r i g r e c i p e [ ' c a l o r i e s ' ]
207 r e c [ ' carbs ' ] = o r i g r e c i p e [ ' carbs ' ]
208 r e c [ ' p ro t e in ' ] = o r i g r e c i p e [ ' p ro t e in ' ]
209 r e c [ ' f a t ' ] = o r i g r e c i p e [ ' f a t ' ]
210 r e c [ ' readyInMinutes ' ] = o r i g r e c i p e [ ' readyInMinutes ' ]
211 r e c [ ' image ' ] = o r i g r e c i p e [ ' image ' ]
212 r e c [ ' u s ed Ing r ed i en t s ' ] = o r i g r e c i p e [ ' u s ed Ing r ed i en t s ' ]
213 f o r u sedat t r in r ec [ ' u s ed Ing r ed i en t s ' ] :
214 l ength1 = len ( usedat t r )
215 usedat t r [ ' amount ' ] = round ( usedat t r [ ' amount ' ] / o r i g r e c i p e [ ' s e r v i n g s ' ] , 2 )
216 de l u sedat t r [ ' o r i g i n a l S t r i n g ' ]
217 de l u sedat t r [ ' metaInformation ' ]
218 de l u sedat t r [ ' unitLong ' ]
219 de l u sedat t r [ ' un i tShort ' ]
220 r e c [ ' c u i s i n e s ' ] = o r i g r e c i p e [ ' c u i s i n e s ' ]
221 r e c [ ' c o ok i ng In s t r u c t i on s ' ] =o r i g r e c i p e [ ' ana l y z ed In s t ru c t i on s ' ] [ 0 ] [ ' s t ep s ' ]
222 r e c l i s t . append ( r ec )
223

224 run ( app , host=' l o c a l h o s t ' , port =3020 , debug=True )
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