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Abstract

Food recommender systems offer the potential to provide meal suggestions that account
not only for user preferences, but also reflect ideals, such as healthfulness and sustain-
ability. Predicting user food preferences is, however, a challenging problem given the
diverse factors that influence what an individual likes to eat. Culture is known to be one
of the factors. Food across cultures shows differences in many aspects, for example, in
aesthetics. This doctoral work investigates the aesthetic aspects, particularly in terms of
visual appearance and flavour, of food. Focusing on how food looks and tastes in differ-
ent cultures and how human food choices are related to these, this work aims at analysing
and interpreting human food aesthetic preferences across cultures. Based on these obser-
vations, I show implications for the development of food recommender systems. Online
recipe platforms from three distinct cultures, including China, US and German, serve as
data resources for this research, as there are a large amount of data representing the cor-
responding food cultures (e.g., online recipes) and user food preferences (e.g., ratings,
bookmarks). Computer science techniques are employed to extract the aesthetic infor-
mation, including visual features from the online recipe images and flavour compounds
of the ingredients, allowing for successively classification and prediction tasks to be per-
formed on these data by means of machine learning approaches. The algorithmic results
show that online recipes differ in visual appearance and flavour across recipe portals.
This, together with the findings from the follow-up user study demonstrating how culture
biases human interpretation of online recipe images, highlights the impact of culture in
human food choices. The algorithms also confirm that human online food preferences
are aesthetically driven within each culture. Furthermore, stable patterns in aesthetic food
preferences across cultures can be identified, which is supported and justified by means
of further user study and exploratory analyses. The research presented in this doctoral
work increases the understanding of human cross-cultural food preferences. Moreover,
findings from this thesis emphasise the merit of considering the synthetic impact of cul-
ture and aesthetics into food recommendation and provide a promising perspective for
the development of food recommender systems by incorporating stable patterns in cross-
cultural aesthetic food preferences.
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Zusammenfassung

Food-Recommender-Systeme bieten die Moglichkeit Essensvorschlidge zu machen, die
neben Nutzervorlieben auch Kriterien wie Gesundheit und Nachhaltigkeit beriicksichti-
gen. Essensvorlieben von Nutzern und Nutzerinnen vorherzusagen stellt jedoch eine Her-
ausforderung dar, da verschiedene Faktoren Einfluss darauf haben, was eine Person gerne
isst. Kultur ist bekanntermaBen einer dieser Faktoren. Unterschiede zwischen Kulturen
spiegeln sich auch beim Essen wider, zum Beispiel in Bezug auf dessen Asthetik. Diese
Doktorarbeit untersucht dsthetische Aspekte von Gerichten in verschiedenen Kulturen
und konzentriert sich dabei auf deren Aussehen und Geschmack. Zudem wird der Frage
nachgegangen, wie menschliche Entscheidungen beziiglich Lebensmitteln damit zusam-
menhingen. Auf der Grundlage dieser Beobachtungen werden Implikationen fiir die En-
twicklung von Food-Recommender-Systemen aufgezeigt. Aufgrund der grofen verfiig-
baren Menge an Rezepten und Nutzerinteraktionsdaten dienen Online-Rezeptplattformen
aus drei unterschiedlichen Kulturen, darunter China, die USA und Deutschland, als
Datengrundlage fiir die vorliegende Forschung. Um &sthetische Informationen, wie vi-
suelle Merkmale der Online-Rezeptbilder und Geschmacksverbindungen der Zutaten,
zu extrahieren, werden Methoden aus der Informatik eingesetzt. Mittels maschinellen
Lernens werden sukzessive Klassifizierungs- und Vorhersageaufgaben auf diesen Daten
durchgefiihrt. Die Ergebnisse zeigen, dass sich Online-Rezepte auf den verschiedenen
Rezeptportalen in ihrer visuellen Erscheinung und ihrem Geschmack unterscheiden. Eine
anschliefende Nutzerstudie zeigt, wie kulturelle Aspekte die Wahrnehmung von Online-
Rezeptbildern verzerren und unterstreicht ihren Einfluss darauf, wie Menschen Entschei-
dungen zu Gerichten treffen. Die Resultate bestitigen aulerdem, dass Essenspriferen-
zen im Internet innerhalb jeder Kultur dsthetisch geprégt sind. Dariiber hinaus sind kul-
turiibergreifende Muster in dsthetischen Essenspriferenzen erkennbar, was durch weitere
Nutzerstudien und explorative Analysen gestiitzt und begriindet wird. Die in dieser Dok-
torarbeit vorgestellten Forschungsergebnisse tragen zu einem besseren Verstdndnis der
kulturiibergreifenden Essensvorlieben bei. Dariiber hinaus unterstreichen die Ergebnisse
dieser Arbeit den Wert der Beriicksichtigung des synthetischen Einflusses von Kultur und
Asthetik bei der Empfehlung von Essen und bieten eine vielversprechende Perspektive
fiir die Entwicklung von Food-Recommender-Systemen durch die Einbeziehung stabiler
Muster in kulturiibergreifenden dsthetischen Essenspriferenzen.
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Chapter 1

Introduction

1.1 Motivation

In nutritional anthropology, it is well established that food is much more than mere sus-
tenance and serves diverse needs from health and well-being, to control, social contact,
and ritual (Anderson, 2014). Making decisions regarding what to eat is complex, and the
evidence suggests that we have difficulties in dealing with the issue (Palojoki & Tuomi-
Grohn, 2001; Wansink & Sobal, 2007). Substantial effort has been undertaken in diverse
fields to understand the food choices people make.

As all people share a similar physiological basis, individuals have an inherent com-
mon tendency to crave food that provides critical nutrients, such as carbohydrates and fat,
to sustain life. Since ancient times, grains have been generally preferred over the grass
family foods (Anderson, 2014), and meat has traditionally been consumed on a worldwide
basis (Anderson, 2014). Over time, in order to adapt to their environments, humans have
developed varying diets. For example, the Inuit diet consists nearly exclusively of meat
and fats, in contrast to that of farmers in South-East Asia, which contains almost no ani-
mal protein at all (Fischler, 1988). Yet, providing nutrition and ensuring survival are not
the only roles that food plays. It also addresses other human needs, such as health main-
tenance and social interaction (Anderson, 2014). The development of agriculture, along
with food industry marketing (Kearney, 2010), have led to an abundance of diverse foods
chosen and consumed. With so many options, choosing what to eat nowadays has become
an important and complicated issue for many people. The well documented paradox of
choice scenario in the food domain indicates humans have difficulty with making food
choices (Palojoki & Tuomi-Gr6hn, 2001). Moreover, the increasing incidence of lifestyle
related illness (e.g., obesity, diabetes, hypertension, and stroke) suggests that poor food
choices are often being made (Meyer et al., 2000; Morrill & Chinn, 2004; Aburto et al.,
2013; Abbar, Mejova, & Weber, 2015; Mendonca et al., 2017; Organization et al., 2019).

To enable people to make more informed and appropriate food choices, food recom-
mender systems have been developed to predict the preferences of users for unrated food
and to recommend new foods (Trang Tran et al., 2018). These systems have been touted
as both useful and valuable means to support people making choices that are satisfying
(Freyne et al., 2011; Harvey et al., 2013), healthy (Elsweiler et al., 2017; Ge et al., 2015;
A. D. Starke et al., 2021), and sustainable food choices (A. Starke et al., 2017; Tomkins
et al., 2018; A. Starke, 2019). A main prerequisite for a food recommender system is
to accurately predict what people would like to eat, which is extremely challenging due
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to the complexity of human eating habits. As an “evolutionary product of environmen-
tal conditions and of the basic forces, especially social institutions and social relations
that determine their use” (Harris & Ross, 1987), diet is context- and culturally-dependent
(Bellisle, 1999). This suggests that explaining food choices requires a variety of factors,
in addition to the biological and environmental features, the importance of context should
not to be neglected.

One important contextual feature, which has been studied to understand the food
choices is culture. It is shown in the research literature how people have varied diets
in different social milieus (Cantarero et al., 2013; Leu & Banwell, 2016) and ethnic
groups (Chrzan & Brett, 2017). Obvious evidence for this is the representative foods
in the cuisine of each region (P. Rozin, 1996), like wine and baguette for France, and beer
and sausage for Germany (Laufer et al., 2015). However, such differences with regard
to ingredients alone cannot explain the food choices related to different cultures com-
pletely. One cultural aspect, which can help explain what we eat, as well as how much,
is varying aesthetic ideals (Palmer & Schloss, 2010; Taylor et al., 2013). For food, aes-
thetics relates primarily to visual appearance (Linné et al., 2002; Spence et al., 2016),
taste (Sherman & Billing, 1999) and smell (Ehrlichman & Bastone, 1992; Rolls, 2005).
With respect to visual aspects, humans prefer food made “visually beautiful” (Anderson,
2014), which has varying rules across cultures. This can be illustrated by comparing the
Japanese Bento, where food is cut into bite-sized pieces and well-organised, to the casual
plating style preferred by people in the United States and Italy. In terms of taste, anal-
ogous differences exist. For example, in Sherman and Billing’s study (1999) of typical
recipes from different countries, the meat dishes analysed originating from African and
Asian countries all featured at least one spice and often a combination of many, whereas,
in Scandinavian countries, one-third of the recipes used no spices at all. Yet, some prefer-
ences are widespread, such as the taste for spicy, herbal and floral volatile oils (Sherman
& Billing, 1999). All of the above indicate how food choices of a culture are reflected
in its aesthetic ideals, some of them show the cultural boundaries, while others reveal
the cross-cultural aesthetic preferences on food. Humans tend to choose food that align
with the aesthetic characteristics of their cultural upbringings, while that characterises are
likely not to exist when making food choices in other cultural contexts, such as when
travelling, studying abroad or migrating. Fortunately, the aesthetics of food in different
cultures have some common signals, which I assume would help people choose food in
unfamiliar cultures. However, there have been limited studies on aesthetic aspects of food
choice across-cultures.

Anthropologists traditionally learn about food habits using qualitative approaches;
they primarily rely on data from observation, interviews and focus groups, such as the
research in (Farquhar, 2002) and (Chrzan & Brett, 2017). These methods are usually
expensive and time-consuming. In the Digital Humanities, or digitised resources are ex-
ploited using techniques from computer science, which allow the qualitative approaches
traditionally employed in the humanities (close-reading) to be complemented with quan-
titative tools, enabling patterns to be unearthed in much larger samples or collections of
interest (distant-reading) (Moretti, 2005). Such digital methods have been applied to on-
line sources, such as traces from food portals (e.g., Wagner et al., 2014) and social media
(e.g., Abbar et al., 2015; Holmberg et al., 2016). Albeit a relatively slow start compared
to other domains, the digital food studies to date have been extremely fruitful (Leer &
Krogager, 2021), which have provided insights into the food choices people make includ-
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ing how choices are influenced by temporal factors (Wagner et al., 2014; Kusmierczyk
et al., 2015a), gender (Rokicki et al., 2016), geographical location (Wagner et al., 2014;
Laufer et al., 2015) and social relations (Rokicki et al., 2017). Moreover, relying on the
interaction between users and online recipes (e.g. ratings and comments left), researchers
such as Harvey (2013) and Trattner (2018) have successfully understood and predicted
human food preferences, while findings from (Elsweiler et al., 2017) revealed the biases
influencing humans food choices and such biases can be exploited to nudge people to-
wards choosing healthier food. Not only do these studies illustrate how the new medium
has changed human food and eating practices, but also help with the development of food
recommender systems.

To sum up, human food choices are manipulated by a diverse range of factors. It
is hard for humans to make food choices that meet their real needs, some choices they
have made even do harm to their health. Food recommender systems contribute to deal
with the problems. However, building a food recommender system that is able to predict
human food preferences is difficult, new perspectives and methods are required for this
domain. The scholars, especially in anthropology, have shown the great value of cultural
factors in explaining food behaviours, which include aesthetic ideals. However, little is
known about what role aesthetics plays in influencing human food choices as well as to
what extent it can help with improving the performance of food recommender systems.
Building on these, the thesis focuses on the investigation of food choices on the aesthetic
aspects. In addition, the limitations of the traditional methods of studying food choice in
anthropology, with the promising digital food researches combine to motivate the studies
in this doctoral work to depend on the digital resources and advanced data approaches
from computer science.

1.2 Problem Statement and Objectives

The main aim of the thesis is to identify whether aesthetic ideals are culturally depen-
dent. Not only the idiosyncraticities across cultures, but also the unifying aspects, that
is, aesthetic ideals that are culturally agnostic would be investigated. This would be par-
ticularly useful in practical contexts, such as the cross-cultural recommendation systems,
which are developed to be helpful in the situations where people move between cultures
(e.g. travelling). In this thesis, the food aesthetic studies are related to visual aspects
and flavours, which are prominent determinants of food choices regardless of the cultural
background. With these in mind, the following research questions are addressed:

* Issue 1. To what extent is it possible to differentiate the food across cultures based
on the representation of the food relating to visual appearance or flavour?

* Issue 2. To what extent is it possible to identify the differences and ascertain stable
patterns of food preferences across cultures based on the representations of the food
relating to visual appearance or flavour?

» Issue 3. To what extent is it possible to utilise stable patterns of the food prefer-
ences across cultures on visual and flavour aspects to build a cross-cultural food
recommender system?
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1.3 Approach and Methodology

To achieve the aim of understanding food aesthetic ideals with respect to cultures and sub-
sequent research questions, I establish the empirical experiments in this thesis as several
classification and prediction tasks that rely on digital sources and computer science ap-
proaches. After that, the patterns revealed by the algorithms are supported and explained
by user studies and follow-up quantitative analysis. The food aesthetics on the visual and
flavour aspects are first investigated separately, then they are combined and applied to a
cross-cultural food preferences prediction task. The whole process of the experiments in
this work is described below:

Step 1: Data Collection. The data are sourced from three popular recipe portals of
three distinct food cultures - China, The United States (US) and Germany, with recipe im-
ages (for visual analysis), ingredient lists (for flavour analysis) as well as user interaction
data (for preference prediction) is collected. In Chapter 4, the recipe portals and strategies
for obtaining the data will be described in detail.

Step 2: Data Pre-processing & Representation. In this thesis, the step contains bal-
ancing datasets, data cleaning, data mapping, data normalisation. In addition, in this step,
the food data is transformed into multi-dimensional vectors by means of utilising visual
information encoded in the recipe images and flavour compounds of ingredients respec-
tively, in order to represent food on the visual and flavour aspects. Chapter 4 provides the
details.

Step 3: Predictive Modelling. Different algorithms are applied to build classifiers
using the food representation on the visual and flavour aspects. There are two types
of prediction tasks, one for identifying the origin culture of the food and another for
predicting food preferences. In Chapter 5 and 6, the detailed process of modelling and
fine-tuning, as well as the performance of each classifier is presented.

Step 4: Model Validation & Model Explanation. The results obtained from the
classifiers in Step 3 are validated and explained in this step. The visual classifiers are vali-
dated by humans with large-scale user studies, the data acquired from which are analysed
quantitatively and qualitatively. I elaborate the process and findings of the user studies
for validating the classifiers trained using visual information in Chapter 5. The classifiers
trained using the flavour compounds, instead, are explained with a series of exploratory
analyses. These are presented in Chapter 6.

Step 5: Data Fusion. In this step, both the food representation on the visual and
flavour aspects are applied to a cross-cultural food recommendation task. These are com-
bined to test whether the combination of classifiers would outperform the individual ones.

1.4 Outline

Chapter 2: Working Definition

In this chapter, the definition and scope of the research object - food aesthetics - is de-
scribed. It starts from reviewing the controversy about aesthetics of food in philosophy,
including whether food can be seen as an aesthetic object and linking the dimensions of
food aesthetics to several sensory inputs. I then clarify the research scope of this doctoral
work and determine the material and medium for studying food aesthetics in this work.

Chapter 3: Related Work



Chapter 1. Introduction 5

This chapter presents the background for the food studies in detail in three parts. In the
first part, previous food studies for understanding human online food behaviours are re-
viewed. The second reviews the studies that investigated food aesthetics with digital food
traces. The literature with respect to food recommender systems is summarised in the
third part, which presents an up to date overview of the contributions and challenges in
food recommender systems. All three parts are summarised and linked to several open
issues regarding this thesis.

Chapter 4: Data Preparation

The data used in this thesis are described in this chapter. The origins of the data and
the strategy of selecting the data for empirical experiments in this thesis are introduced.
Chapter 4 also describes the steps for data cleaning, pre-processing, as well as the meth-
ods for representing food relating to visual appearance and flavour.

Chapter 5: Cross-Cultural Food Classification and Preferences on the Visual As-
pects

Chapter 5 presents experiments that provide insight into visual aspects of intercultural
food aesthetics. In the first step, differences and similarities of the visual nature of online
recipe images are studied algorithmically. A number of models are trained using food
representation on the visual aspect to identify the origin cultures of the food. The mod-
els are subsequently validated by means of a user study. In the second step, models are
created, validated and compared to shed light on which food are most visually appealing
within and across cultures. In addition, this chapter identifies whether, and to what extent,
stable patterns in visual food preferences across cultures can be ascertained.

Chapter 6: Cross-Cultural Food Classification and Preferences on the Flavour As-
pects

This chapter elaborates the cross-cultural food studies on the flavour aspects. Analogous
to chapter 5, models for differentiating recipes from different cultures as well as iden-
tifying preferred recipes within and across cultures are established, yet the models are
trained using food representation on the flavour aspects. In addition, this chapter iden-
tifies whether, and to what extent, stable patterns in flavour preferences of food across
cultures can be ascertained. The algorithmic results are then explained and justified by
means of two additional exploratory experiments.

Chapter 7: Fusion of Visual Features and Flavour Compounds for Cross-Cultural
Food Preferences Prediction

In chapter 7, an experiment by means of ensemble learning is designed to combine the
food representation relating to visual appearance and flavour for cross-cultural food rec-
ommendation. Moreover, The performance of the representation of food on the aesthetic
aspects will be compared to the commonly used textual information (i.e., ingredients) in
the same recommendation task. These empirical experiments are shown in Chapter 7.

Chapter 8: Discussion
This chapter summarises the main findings from Chapter 5, 6 and 7, and discusses the
theoretical and practical implications of the findings.
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Chapter 9: Conclusion
This chapter concludes the whole thesis.

1.5 Publications Relating to this Thesis

A number of articles relating to this work have been published during my doctoral studies.
Zhang et al. (2019) presented a preliminary work of the cross-cultural food studies on the
visual aspects. In (Q. Zhang, Elsweiler, & Trattner, 2020), the identification of food from
different cultures with visual properties is described. We reported the performance of the
visual classifiers by means of machine learning approaches, and validated them with a
large-scale online survey, which provided more details about how human food choices
are biased by visual cues.



Chapter 2

Working Definition

2.1 Definition and Dimensions of Food Aesthetics

The debate regarding whether food can be considered as aesthetic object have been raging
since the time of the ancient Greeks who argued that the pleasure obtained from eating
food is lower to that from reading poems or listening to music, since the senses like smell
and taste are unreliable, and that the hedonic experience brought by them would hinder
humans pursuing truth and knowledge. Therefore, “only objects of sight and hearing
could be beautiful and that food could not be beautiful because it was something that we
smelled and tasted” (Sweeney, 2017). Future generations of philosophers insisted on this
point of view, excluding food when talking about beauty. The debate about whether food
can be considered beautiful went on for some time with new issues being raised. In the
late eighteenth century, the term “aesthetic” was introduced by Alexander Baumgarten
(Shiner, 2003), and was well-known for being interpreted by Immanuel Kant (1987). Ac-
cording to Kant, aesthetics is a critical category when enjoying something being beautiful
involves a whole process of reflection and imagination, while eating food was only an
immediate response to a stimulus. In addition, taste for food was completely based on an
individual’s preference. In his opinion, valuing something as beautiful or not demanded
universal assent (Sweeney, 2017). It was not until Jean-Anthelme Brillat-Savarin contra-
dicted this in a Kantian way, that the experience of tasting food is not merely a hedonic
response, but arouses reflective enjoyment. He insisted that humans possess a common
physiology of smelling and tasting is a necessity for perceiving aesthetics in Kant’s theory
(Kaplan, 2012), and that food can be an aesthetic object and smell and taste don’t infe-
rior to sight and hearing (Sweeney, 2017). Contemporary philosophers like Emily Brady
(Kaplan, 2012) advocate a similar view and she believes the philosophical aesthetic under-
estimated the value of smell and taste. These facts underline a trend in food philosophy,
that is, the significance of olfactory and gustatory sensation generated by food is being
acknowledged and the aesthetic value of food itself is being accepted (Kaplan, 2012).
After determining food as an aesthetic object, the next issue is to determine the dimen-
sion of food aesthetics. Kaplan (2012) pointed out that food is aesthetic in two senses.
First, it has a taste and it appeals to the senses. This is illustrated in humans’ descriptions
of food like “delicious”, “satisfying” or “disgusting”. Second, food is artful. Humans
describe it in terms of its sensual composition. This argument implies the aesthetic di-
mension of food is closely related to sensory pleasure. It is well-established that eating is
an experience involving multiple senses, including taste, smell, vision, touch and hearing
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(Auvray & Spence, 2008; Kaplan, 2012; Korsmeyer & Sutton, 2011). By means of a
series of psychology, sensory science and experimental aesthetics approaches, the mech-
anisms of the senses in the process of perceiving and judging food are being investigated,
contributing to providing scientific disciplines for culinary practises and food product de-
sign, in order to enhance humans pleasantness ratings on food products (Amerine et al.,
2013; Schifferstein et al., 2022). This doctoral work focuses on three sensory inputs, vi-
sion, taste and smell. Vision is associated with visual appearance of food, whereas taste
and smell are related to the flavour companies of food. On these two aspects, plenty of
findings were proven to be efficient, such as in terms of visual appearance, neat and artis-
tic presentation make food to be perceived more appetising (Zellner et al., 2010; Michel
et al., 2014). With respect to flavour, molecular gastronomy inspires the production of
ingredient combinations with pleasing tastes and aroma like chocolate and caviar and
chocolate and blue cheese (Ahn et al., 2011). Such examples encourage this work to in-
vestigate food aesthetics on these two aspects. In the following sections of this chapter,
the association between visual and flavour aspects and food choices are elaborated in de-
tail respectively. In addition, we also make mention of which media in the digital world
can be used for these studies.

2.2 Visual Appearance of Food

The first sensory contact with food is through the eyes, such as pointed by Apicius: “the
first taste is always with the eyes”. The visual appearance of food provides a lot of infor-
mation. For instance, one of the most prominent visual factors, colour, hints at the taste,
Red is often associated with sweet and fruity flavours, while green is linked to sour flavour
(Koch & Koch, 2003). Moreover, texture, which can be perceived by looking at the sur-
face of a food product (Wilkinson et al., 2000), suggests the mouthfeel (e.g. hard, soft,
crunchy, creamy etc.) (Guinard & Mazzucchelli, 1996) of the food. The means by which
food is presented and arranged (e.g. shape, portion size and plating style) (Reisfelt et al.,
2009; Olsen et al., 2012), as well as the plateware, can play a role in human food prescrip-
tion and judgement (Piqueras-fiszman & Spence, 2011; Piqueras-Fiszman et al., 2012).
Visual attributes of food appearance are various, understanding how they are involved in
human food behaviours requires extensive materials and experiments. Food images have
been proven to be a reliable tool for such research (van der Laan et al., 2011). That is not
only because images convey the same visual cues as the food itself, but they have been
shown to lead to increased salivation and other physiological changes as food itself does
(Spence, 2011).

Nowadays, food is not only displayed on the dining-table, but also on the screen.
Digital media have offered new platforms for humans to share content related to food,
such as images of food that are uploaded to online recipe portals or on social media
platforms such as Instagram and Pinterest (Lupton, 2020). Humans can observe the food
appearance through profusion of online recipe images and make food choices based on it,
the interaction data they leave behind when doing so provides information about their food
consumption and practices (Lupton, 2020). In addition, encouraged by the development
of computer vision, information, the images can be extracted more efficiently. A recent
work from (Trattner et al., 2018) has shown the performance of low-level visual features
like brightness, sharpness, contrast etc., of recipe images in predicting popularity of online
recipes. The authors suggest the future direction of related works should be done on visual
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features of food images due to their great potential. By means of the cutting-edge deep
learning technologies like VGG16, ResNet, deep neural network embeddings of food
images can be derived and the information obtained from that is enough to be applied to
recognizing ingredients (e.g., Joutou & Yanai, 2009; J. Chen & Ngo, 2016), retrieving
recipes (e.g., Min et al., 2016; Salvador et al., 2017) or even estimating the nutrition
contents (e.g., Y. He et al., 2013). Building on the findings that show the great power of
digital materials and methods in the domain of food vision, this doctoral work collects the
recipe images that show visual appearance of food from online recipe portals and apply
computer vision approaches to extract information.

2.3 Smell, Taste and Flavour of Food

The senses of smell, taste and flavour are easily confused (P. Rozin, 1982), while con-
temporary science has helped to reveal the differences and overlap among them. Firstly,
smell and taste are different senses with their own receptors, olfactory sensory neurons
in our noses and taste buds over the tongue, respectively (Buck, 2000). Due to the large
number of different olfactory receptors, humans can sense a large variety of smells, by
contrast, the taste receptors can only distinguish a few tastes, which refer to salty, sweet,
sour, bitter and umami basically (Lindemann, 2001). However, when referring to smells
and tastes of food, their origins are actually the same, that is, the interaction of various
chemical molecules (Buck, 2000). Therefore, these two terms, taste and flavour, are com-
monly interchangeable. It is noticed that even scientific papers or books do not make
clear distinction between them (Schifferstein et al., 2022; Sweeney, 2017). Nevertheless,
there are still scholars who describe flavour as the synthesis of olfactory and gustatory
perception (P. Rozin, 1982; Fisher & Scott, 1997), i.e. a combination of smell and tastes.
The relationship among smell, taste and flavour are shown in a clear structure in Figure
2.1, which is taken from (Vilgis, 2013). I accept the explanation and definition of flavour
from them, and use the term flavour as it comprises smell and taste.

flavour

structure, texture

proteins carbohydrates

ﬂ

scent taste

Figure 2.1: Classification of the food constituents. Taken from (Vilgis, 2013).

Flavour of food is acknowledged as the most prominent determinant of food choices
(Ahn et al., 2011; Kourouniotis et al., 2016; Liem & Russell, 2019), great contributions
have been made to create pleasing aroma and taste. During cooking, chefs compose dif-
ferent kinds of ingredients to make a dish delicious in order to stimulate the consumer’s
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appetite. However, the flavour preference of humans is diverse and complex, and ex-
plaining the differences requires a blend of biological and cultural factors. In the culinary
world, food pairing theory hypotheses that ingredients sharing flavour compounds are
more likely to taste better together than ingredients that do not (Blumenthal, 2008). This
hypothesis makes an effort to align with a Kantian aesthetic appreciation, which tries to
find a common sense of flavour preference of all humans. Nevertheless, a study from
Ahn with online recipes reveals the food pairing theory only seems to hold for western
countries (Ahn et al., 2011). Ahn’s work is a great attempt to explore food flavour aes-
thetics based on synthetic knowledge about chemistry and statistics. The research on the
flavour aspects in this doctoral work is inspired by this, with the online recipes with intact
ingredient lists and reliable flavour molecules database like flavourDB U Twill investigate
the food aesthetics on the flavour aspects across cultures.

'http://cosylab.iiitd.edu.in/flavordb


http://cosylab.iiitd.edu.in/flavordb

Chapter 3
Related Work

3.1 Introduction

This chapter presents an overview of the relevant work and literature in the context of this
thesis, i.e., the research into investigation on online food data with digital approaches.
The aim is to provide readers with the background knowledge of this domain. This will
enable them to understand the research and design decisions in subsequent chapters. The
literature review is structured in three sections:

Section 3.2 presents a review of digital food studies for understanding people’s online
food behaviours. The literature in this section studied digital traces mainly from recipe
portals, which contain online recipes (including ingredients lists, recipe images, etc.) and
log files of the portals recorded user activities indicating their interactions with digital
food objects. These data shed light on human online food choices, and previous work
relied on it inspired this doctoral work.

Section 3.3 provides an overview of studies specialising aesthetic aspects, i.e., visual
and flavour aspects according to the definition in Chapter 2, of online food. The research
summarised in this section focuses not only on how visual, and flavour of food influ-
ence users’ behaviours on recipe portals, but also on the knowledge, technologies and
approaches applied to extract visual and flavour information from corresponding food
data, which provide valuable methodological implication for the research in this work.

A review of research into food recommender systems is given in section 3.4. This sec-
tion focuses on the development of food recommender systems. The aim of this section
does not provide a summarisation of all aspects of food recommender systems, such as
in (Trattner & Elsweiler, 2017a) and (Min et al., 2019). Instead, it underlines the limita-
tions of developing food recommender systems with standard approaches and discusses
the advanced methodologies, such as involving multi-modal food data and incorporat-
ing context-related factors in order to boost the performance of the food recommender
systems in the previous work.

Finally, the implications of the literature reviewed in this section to this thesis will be
elaborated. It explains how the reviewed literature motivates both the research questions
addressed in this thesis and the methods applied. On top of that, the research gaps I would
like to fill between the reviewed literature and my research goals will be summarised in
this section as well.

11
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3.2 Understanding Human Online Food Behaviours

Digital food traces, such as the recipes uploaded on the recipe portals, have been studied
in order to reveal the patterns of human online food choices. For example, it is known
that, regardless of where in the world the recipes stem, the ingredients follow a power-
law distribution, that is, only a small number of ingredients can be found in most recipes
(e.g., sugar, salt, egg etc.), while there are a large number of them (e.g., jasmine, Jamaican
rum, etc.) in very few recipes (Ahn et al., 2011; Wagner et al., 2014). In addition, the
complexity of recipes tend to be similar. It is indicated in the number of ingredients
in online recipes, which ranges from 8 to 11 on average (Ahn et al., 2011; Wagner et
al., 2014). Recipes with very few ingredients (e.g., n = 1) or a very large number of
ingredients (e.g., n = 40) are extremely rare. These are the first hints that commonalities
can be found across food cultures. However, such simple analyses do not convey the
complexity of people’s food behaviours.

Other digital traces documenting user interactions with digital food objects, such as
visiting, uploading, rating, bookmarking and reviewing online recipes, have been valuable
proxies for understanding human food behaviours. Studies on this data have revealed that
users’ online food consumption, choices and production (i.e., generating and uploading
online recipes) patterns are influenced by numerous factors.

One of the factors can be the individual differences between users. For example,
gender. It has been illustrated in (Wagner & Aiello, 2015) and (Rokicki et al., 2016),
women prefer desserts, while men tend to consume more meat and beer. The relationship
between user hobbies and nutritional intake has also been found (Trattner, Rokicki, &
Herder, 2017). People with active hobbies (e.g., biking, hiking and boating), prefer food
with lower energy, fat and carbs. In contrast, people with creative hobbies (e.g., knitting,
sewing), are in favour of high fat, sugar and carbs. User social networks have an impact
on their food choices as well. It was revealed in (Kusmierczyk & Ngrvag, 2016) and
(Trattner et al., 2019) that user friendship on the recipe portals can be a useful predictor
for their future online recipe production patterns, since users prefer to generate and upload
similar recipes with their friends.

In addition to these, users’ preferences to ingredients also explains online food choices,
as reported by Wagner et al. (2014). The preferences for the ingredients, however, are
found to be influenced by several external factors, such as time and geographical loca-
tion. The food choices, for example, changes over the week. Wagner et al. (2014) found
food with meat is chosen more during weekends, while carbohydrate-rich food is more
popular at the beginning of the week. In addition, the consumption of certain ingredients
show evident seasonal prevalence, such as asparagus, which occurs more frequently in
online recipes in spring. This corresponds to the time of the year when asparagus are
harvested. During autumn and winter, user needs for carbohydrate and calorie-rich food
burst significantly (Wagner et al., 2014).

In terms of the geographical patterns of online food behaviours, a hypothesis was
raised is, “regions which are geographically close share similar food preferences”. It has
been confirmed by Wagner et al. (2014) in the German speaking regions. Specifically, in
Germany, Austria and Switzerland, the closer the geographical distance between regions,
the more similar the popular patterns of ingredients and recipes. This kind of geograph-
ical pattern is more obvious in countries with large geographical differences, such as
China (Zhu et al., 2013) and India (Jain et al., 2015). The research from (Sajadmanesh et
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al., 2017) and (Kim & Chung, 2016) went beyond the investigation within one region or
country, the authors collected online recipes of different cuisines and successfully demon-
strated the clusters of worldwide culinary cultures. Their findings suggest that the cuisines
which reside in geographically close countries share more similar ingredient usage pat-
terns to themselves and thus can be grouped together. For example, cuisines East (e.g.
China, Japan, Korea) and South Asia (e.g., Thai, Malaysia) are clustered due to their sim-
ilar ingredients, which is obviously different from the clusters formed by Western (e.g.,
German, French, British etc.) and Eastern European (e.g., Russian, Croatian) cuisines
(Sajadmanesh et al., 2017).

One aesthetic ideal of food, flavour, was found to vary across food cultures. Such
as revealed by Ahn et al. (2011), the food pairing theory, “ingredients sharing chemical
flavour compounds are more likely to taste better together than ingredients that do not”
(Blumenthal, 2008), was proven to be valid in Western cuisines (e.g., North America)
rather than in Eastern cuisines (e.g., Korea). Specifically, in North American recipes,
the more flavour compounds are shared by a pair of ingredients, the more likely they are
used together in recipes, while in East Asian cuisines, the more flavour compounds two
ingredients share, the less likely they appear in a recipe. On the other aesthetic aspects,
visual appearance, online recipes display cultural patterns as well.

It was illustrated in (Min et al., 2017), the authors built topic models with ingredients,
then retrieved corresponding recipe images for each topic. Based on several topics, for
example, topics containing soy-sauce and sesame-oil, and ricotta-cheese and fresh-basil,
recipe images from Chinese and Italian cuisines were retrieved respectively, which show
distinct differences that can be recognized with naked eyes.

Thus, the research literature underlines the complexity of food behaviours. Online
traces provide a lens to study this. Investigation has revealed that various factors, includ-
ing individual difference, ingredients, and context factors such as time and geography,
are involved in driving people’s food behaviours. Among them, geography contributes to
explain food choice patterns across cultures, which is particularly evident in terms of in-
gredient usage. Moreover, the signals of cultural patterns with respect to aesthetic aspects,
such as visual appearance and flavour, can also be traced from previous work. Studies of
food-related aesthetics will be addressed in detail in the following section.

3.3 Digitality Aesthetic Aspects of Food Studies

This section provides a review of related work where digital food traces sourced online,
which have provided insight into how aesthetics of food influenced human food choices.
The section summarises work on visual information encoded in recipes before switching
the focus to flavour. Research is reviewed that shows how the flavour of online recipes
can be modelled and what I have learned from this.

3.3.1 Visual Aspects of Human Food Choices

It is well established in psychology that food choice is visually driven (Leng et al., 2017).
The evidence suggests that humans learn the ability to accept food based on certain vi-
sual inputs, such as colour (Clydesdale, 1993), at an early age, with their visual food
preferences being shaped by cognitive development and living environment (Leng et al.,
2017). The evidence from the cognitive experiments moreover shows that simply viewing
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pictures of food provokes a physiological reaction in the body, which is similar to observ-
ing food items directly (Duszka et al., 2020). It makes food images a good medium to
understand human food behaviours.

Previous work has revealed that whether online recipes are chosen or preferred is
partly explained by their corresponding images with low-level properties extracted from
them. These properties, which were proposed by San Pedro and Siersdorfer (2009), in-
cluding, brightness, sharpness, contrast, etc., have originally shown to work well in ex-
plaining attractiveness of photographs on Flickr, but in recent work, (Elsweiler et al.,
2017) and (Trattner et al., 2018), these features showed great ability in predicting users’
food preferences and online recipe popularity. In addition, the patterns of visually attrac-
tive recipe images were disclosed by means of studying the values of these features. For
example, the images perceived to be visually appealing and let users would like to choose
tend to have higher values of brightness, colourfulness, entropy, and sharpness in general.

These findings suggest food images have the potential to be applied in food recom-
mender systems, one of whose functions is to understand and predict human food pref-
erences. In addition, another advantage taken from food images into food recommender
systems is people were reported to rely on them when making judgements (Elsweiler et
al., 2017; Trattner & Jannach, 2020). It is because compared to textual descriptions of
food, including ingredient lists, cooking instructions, and nutrients, food images contain
more intuitive information (Cordeiro et al., 2015), and downgrade people’s cognitive load
during decision-making (Yang et al., 2015).

However, images might offer misleading cues, such as shown in (Elsweiler et al.,
2017), a dish that looks healthy in an image may be very fat-laden in fact. The information
that is perceived by people doesn’t match the real information the images convey can lead
users to make wrong judgments of food, then make food choices that do not meet their
expectations.

Recently, some attempts have been made in order to involve more visual properties,
besides the low-level visual features mentioned above, to study food images. These visual
properties are applied to match the semantic information (ingredients, cuisines, courses,
nutrients, etc.) with corresponding food images. This enables the automatic labelling of
food images, which will help people make correct judgments of food, thus making food
choices that better meet their needs via food images. Applying more advanced computer
vision technologies to extract these visual properties from food images have been an issue
that is receiving increasing attention recently, literature related to this will be reviewed and
how they inspired this doctoral work will be summarised in the following section.

3.3.2 Computer Vision Approaches for Investigating Food Images

Computer vision has been widely applied in studies of food images for over a decade.
In general, it is used to extract visual features from food images, then combined with
machine learning algorithms for tasks such as classification (e.g., M. Chen et al., 2009;
Joutou & Yanai, 2009; Kawano & Yanai, 2014b; Bossard et al., 2014), recognition (e.g.,
Wang et al., 2015; J. Chen & Ngo, 2016; Ciocca et al., 2017), and retrieval (e.g., Salvador
et al., 2017; Min et al., 2016). There are two common sets of visual features derived with
computer vision technologies in the food domain, hand-crafted visual features, and the
state-of-art Convolutional Neural Network (CNN) embeddings.

The hand-crafted visual features can be regarded as several sets of vectors that encode
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particular aspects of images, such as colour, texture, shape etc. (Napoletano, 2018; Alsha-
zly et al., 2019). For example, Colour Histogram represents the colours by calculating the
distribution of colours in an image, and Local Binary Patterns (LBP) (Ojala et al., 2002),
Gabor Texture (Fogel & Sagi, 1989) capture the texture information of an image. These
features describe images globally by taking the value of each pixel into calculation. Dif-
ferent from them, another commonly applied visual features, the scale-invariant-feature
transform (SIFT) (Lowe, 2004) detect and describe salient patches around properly lo-
calised “keypoints” of an image. There are other hand-crafted visual features that have
been applied, examples of food image studies with them are shown in Table 3.1. Re-
searchers often applied more than one of these hand-crafted features in their food recog-
nition or classification tasks, such as in (Farinella et al., 2014; Joutou & Yanai, 2009;
Matsuda et al., 2012; Matsuda & Yanai, 2012). Different sets of features were compared,
or combined to enhance the performance of the models.

Table 3.1: Examples of previous work relating to food recognition with hand-crafted
visual features

Reference Visual Features
Joutou & Yanai (2010) SIFT, Colour Histogram, Gabor Texture Features
Zong et al. (2010) SIFT, LBP
Matsuda & Yanai (2012) SIFT, Histogram of Oriented Gradients (HoG),
Gabor Texture Features
Matsuda et al. (2012) SIFT, HoG, Gabor Texture Features
Ananthimopoulos et al. (2014) SIFT, Colour Histogram
Kawano & Yanai (2014b) Colour Histogram, Bag-of-SURF
Farinella et al. (2015) SIFT, PRICoLBP, Bag of Textons
Zheng et al. (2017) SIFT, colour patch features

The more advanced CNN embeddings are becoming popular in food image studies in
recent work. CNN is an artificial neural network, which has been a dominant method in
computer vision tasks due to its prominent performance on the specialised object recog-
nition competition - ImageNet Large Scale Visual Recognition Competition (ILSVRC)
(Krizhevsky et al., 2012; Russakovsky et al., 2015). Generally, a CNN architecture com-
prises three elementary layers, namely convolutional, pooling and fully connected layers
(shown in Figure 3.1). This architecture can be tuned by applying different sizes of fil-
ter on the convolutional layer, or adding activation functions on convolutional or fully
connected layers, etc. Thus various architectures appeared, several widely used CNN
architectures include AlexNet (Krizhevsky et al., 2012), VGG (Simonyan & Zisserman,
2014), GooglLeNet (Szegedy et al., 2015) (Szegedy et al., 2014; Szegedy et al., 2015),
ResNet (K. He et al., 2016), etc. They have been introduced to food studies especially for
food recognition and retrieval since 2015 (Min et al., 2019).

Generally, both hand-crafted visual features and CNN embeddings are tested on bench-
mark datasets (e.g., Joutou & Yanai, 2009; Matsuda & Yanai, 2012; Meyers et al., 2015),
which contain food images manually annotated with food types, ingredients. Visual fea-
tures are extracted from these images, and input into algorithms, such as Support Vector
Machines (SVM), Random Forest (RF), etc., to test to what extent they are able to recog-
nise the annotated food contents. Most of the features perform well in these tasks. For
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Figure 3.1: A general CNN architecture

example, in (Joutou & Yanai, 2009), the authors trained a SVM classifier incorporating a
combination of SIFT, Colour Histogram and Gabor Texture Features. It achieved 61.34%
classification rate for 50-category of food. In their subsequent work (Hoashi et al., 2010),
a Gradient Histogram was added to the features combination, the accuracy of the classi-
fier was boosted to 62.25% on an expanding dataset, which contains images of 85 food
types. CNNs were found to outperform hand-crafted features in food classification tasks
(Kawano & Yanai, 2014b; Kagaya et al., 2014). For example, on a Food-101 dataset
(i.e., dataset contains 101 categories of food), CNN embeddings provided the best clas-
sification accuracy (approx. 57.87%), significantly better than that provided by the other
two hand-crafted features (approx. 50.14% and 53.04% respectively) (Kawano & Yanai,
2014b). Similar conclusions were also reported by (Bossard et al., 2014; Wang et al.,
2015; Kawano & Yanai, 2014a; J. Chen & Ngo, 2016). In addition, in (Wang et al., 2015)
and (Kagaya et al., 2014), the findings also suggest a fusion of CNN embeddings and
hand-crafted visual features leads to better classification performance. Besides the food
classification tasks, ingredient recognition, nutrient estimation from food images are also
popular research issues, which have been implemented by applying computer visions.
CNN embeddings are applied for these tasks due to their better performance in general.
Compared to these, identifying cuisines and predicting food preferences with these visual
features received less attention, only in limited work. For example, only Min et al., (2017)
tried to map recipe images with corresponding cuisines via jointly using visual features
and textual features (e.g., ingredient, cuisine and courses); and Yang (2015) have designed
a food recommender system with a visual interface, which exploited CNN embedding to
understand users’ visual food preferences.

In summary, visual features extracted by means of computer vision approaches have
been proven to perform well on food classification tasks. However, most of these tasks
focused on the food types (e.g., Hamburg, hot dog, dessert etc.) and ingredients. Evidence
has suggested that food images from different cultures are visually distinct (Min et al.,
2017), while only limited work attempted to identify cuisines with visual features. In
this doctoral work, the low-level visual features, hand-crafted visual features, and CNN
embeddings will all be applied to study the food across cultures on the visual aspects.
Moreover, all these will be applied to predict visual food preferences within and across
cultures. These will be applied individually, thus comparison of their performance in
these tasks can be done, and a combination of these feature sets will also be attempted in
order to see whether it can boost the performance.
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3.3.3 Flavour Aspects of Human Food Choices

Although human food choices are visually driven, flavour has been stated to be the most
prominent determinant of human food choices (Liem & Russell, 2019). It is illustrated in
that olfaction provides clues about whether food is edible, and taste helps people deter-
mine the nutritional quality of a food (McCrickerd & Forde, 2016), for example, food with
sweet flavour are considered to be carb-rich, while salty food is regarded as rich in protein.
In addition to these biological factors, cultural-induced flavour bias has also been proven
to have an impact on food choices (Clark, 1998). As pointed out by Morley (2012), most
of the cuisines across the world are represented by its own “flavour principle”, such as soy
sauce, ginger and rice wine in China; chilli-pepper with lime or tomato in Mexico. These
findings suggest that people flavour preferences indicate their food choices. Traditionally,
the food choices induced by flavour aspects were studied in laboratory (e.g., Mennella &
Beauchamp, 2005; Inui-Yamamoto et al., 2017) or based on surveys with questionnaires
(e.g., Habhab et al., 2009). Recent work has shown a trend of learning flavour patterns
with online recipes. This section will discuss how online recipes offer flavour information
and which contributions these have made in learning human food choices.

There are a couple of sources and ways to obtain the flavour information from online
recipes. One of the most direct is getting it from recipe portals via API. For example,
Yummly API provides the values of six flavours, saltiness, sourness, sweetness, bitter-
ness, savoriness, and spiciness. Each flavour is indicated with a score range from O to
1 (Sajadmanesh et al., 2017). However, Yummly is, to the knowledge of the author, the
only online recipe portal to provide flavour information. An alternative approach is to
derive the flavour information from the ingredients. For example, Nag et al. (2019) were
inspired by the relationship between nutrients and flavours (van Dongen et al., 2012),
and estimated the flavours of recipes through ingredients with specific nutrients. In their
work, they measured four flavours. Ingredients containing sodium, carbohydrate, calcium
and iron, glutamate and protein were applied to calculate saltiness, sweetness, bitterness,
umami respectively. They also measured the richness score for the recipes by considering
saturated fats, cholesterol and total fats.

Both of these approaches shown above have generalised flavours of online recipes
into several basic tastes. Different from these, another practice applied in (Ahn et al.,
2011), has incorporated chemical knowledge. They have mapped ingredients with the
corresponding flavour compounds according to Fenaroli’s handbook of flavour ingredi-
ents (Fenaroli, 2004), so that the quantitative analysis on the flavour aspect can be im-
plemented based on the molecules. A recently released database, FlavorDB (Garg et
al., 2018), is another choice for attaching the chemical flavour information to ingredi-
ents, which contains more ingredients and flavour information than Fenaroli’s handbook.
However, it still contains flavour compounds for a limited number of ingredients (n =
936) since the flavour compounds corresponding to a large number of ingredients (e.g.,
coconut ice cream, caramel topping, etc.) have not yet been discovered. FlavorDB has
been applied by Park and colleagues (2021), who attempted to learn the relationship be-
tween ingredients and flavour compounds and anticipated to predict flavour information
for more ingredients.

Building on the knowledge of food flavours, several patterns of food choices on the
flavour aspect have been revealed. In (Nag et al., 2019), it was found that people pre-
fer food that they perceive to be tasty, sometimes the tastiness is decided by a particular
flavour. For example, an individual who prefers sweet food would rate food they perceive
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to be sweet relatively high. However, flavour preferences are personal and could be really
diverse. Contextualising individuals to their cultural upbringings facilitates understanding
of flavour preferences. Such as revealed by Ahn et al. (2011), that eastern and western
culinary cultures share distinct flavour patterns. It suggests culture background can be
a valuable factor when investigating human flavour preferences. It is also noted that, in
addition to the cultural-related differences, the flavour patterns worldwide also indicate
overlaps. Such as shown in (Sajadmanesh et al., 2017), compared to the obvious cultural
boundaries in terms of ingredient usage, the flavours across cultures are not so discrim-
inative. For example, cuisines from South Asia and Latin America formed as clusters
based on their flavour similarity. This kind of stable patterns should not be overlooked in
exploration of human flavour-based food choices.

Researchers have revealed the signals of both differences and overlaps of food flavours
across cultures, nevertheless, an issue “to what extent the flavour patterns are distinct or
similar across cultures” remains unclear. More quantitative analyses need to be done to
answer this. In addition, the findings in terms of flavour patterns are measured with differ-
ent approaches. Ahn et al. (2011) applied flavour compounds and showed the differences
of flavour patterns across cultures, while Sajadmanesh et al., (2017) relied on flavours
measured from ingredients and displayed the overlaps. These make the results incompa-
rable. In this work, the approach of applying flavour compounds are preferred and will be
utilised to model online recipes. Quantitative analyses include statistical analysis and ma-
chine learning algorithms will be applied to investigate the distinction and commonalities
of human food choices in terms of flavours across cultures.

3.3.4 Summary

This section focused on how aesthetic aspects can be used to explain online food choices.
It is possible to understand food preferences of individuals by studying the visual and
flavour attributes of online food objects. Advanced computer vision technologies and
knowledge from chemistry have supported the investigation of food aesthetic patterns
that are culturally-dependent. This doctoral work will further explore in this direction,
with the aim of revealing the aesthetic preferences patterns across cultures. It is impor-
tant for developing recommender systems, which are facing the challenges of predicting
what people would like to eat. Incorporating the information that suggests humans food
choices, such as cultural backgrounds and aesthetic ideals might be helpful in this regard.
Efforts have been made for improving the performance of food recommender systems in
the previous research will be elaborated in the next section.

3.4 Studies on Food Recommender Systems

In section 3.2, the work for understanding human food behaviours by means of investi-
gating digital traces of online recipe portals has been reviewed. Some of the works, as
claimed by their authors (e.g., Harvey et al., 2013; Rokicki et al., 2018; Kusmierczyk
et al., 2015b; Trattner, Rokicki, & Herder, 2017), were with the aim of applying their
findings to food recommender systems. This section gives an overview of research to
the development of food recommender systems. I discuss the attempts from previous
researchers for developing food recommender systems, including that applying standard
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approaches, and that incorporating the results from quantitative analyses on digital food
traces, then I relate them to the studies in this work.

3.4.1 Early Developments of Food Recommender Systems

Humans are reported to make over 200 food choices per day (Palojoki & Tuomi-Gréhn,
2001). However, making food choices is still challenging for most people due to the
large number of food options available, especially with the proliferation of food-related
contents online. Evidence suggests that online food objects (e.g., online recipes, posts
relating to food on social media) is relatively unhealthy (Trattner & Elsweiler, 2017b),
and people are found to have a tendency to be lured by tempting posts (e.g., with visually
appealing images) to choose fatty or calorie-laden foods (Mejova et al., 2015; Holmberg
etal., 2016). The consequences of making such choices reflect in reality, such as reported
in (Said & Bellogin, 2014) and (De Choudhury et al., 2016). People in regions that suffer
from poor health (e.g., a large percentage of obesity) have more frequent (e.g., more
visiting and sharing) and positive (e.g., higher rating) interaction with unhealthy food-
related contents online. Food recommender systems have been considered to be a good
means to assist people nourish themselves more healthily (Elsweiler et al., 2015; Ge et
al., 2015; Elsweiler et al., 2017; A. D. Starke et al., 2021), whereas with an important
prerequisite of recommending food people would like to eat, i.e., predicting human food
preferences.

In order to develop food recommender systems, standard approaches, i.e., Content-
Based (CB) Methods and Collaborative Filtering-Based (CF) Methods, which have shown
great power in recommending movies (Salter & Antonopoulos, 2006; Reddy et al., 2019),
music (Joyce, 2006), artworks (Messina et al., 2019; Aroyo et al., 2007) and other leisure
and entertainment objects, have been introduced in the food domain. CB method tries to
learn the contents of the items that users have rated positively then predict if other unrated
items would be preferred by them. For food recommendation, ingredients have been the
most commonly studied content. Previous work (e.g., Wagner et al., 2014) has suggested
that ingredients play an important role in explaining food choices. A CB method food
recommendation implementation was shown in (Freyne & Berkovsky, 2010; Freyne et
al., 2011). In these work, the ratings on recipes were transformed to ratings on individ-
ual ingredients, which were applied to predict ratings of further recipes containing these
ingredients. An example given by Harvey et al. (2013) can explain how this approach
works, that is, assuming tomato occurred in a recipe that a user given high ratings, then
other recipes containing tomatoes were predicted to be preferred by this user.

The CF method predicts a target user rating via the ratings given by the similar users.
The similar users were normally determined by applying correlation coefficient on their
rating matrix, such as Pearson. CF performed slightly poorer than CB in the food recom-
mendation domain, such as in (Freyne & Berkovsky, 2010; Harvey et al., 2013). However,
its ideas inspired new recommendation strategies. For example, a popular technique of
CF, matrix factorization, has also been applied and optimised by Ge et al. (2015). They
involved not only the rating matrix, but also the users supplied tags into their food recom-
mender systems, which outperformed the baseline models built by standard CB and CF
methods. In addition, in some cases, a fusion of CB and CF, such as shown in (Forbes &
Zhu, 2011), have enhanced the performance of recommender systems.

Both CB and CF methods have been attempted to develop food recommender systems.
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However, as pointed out by Trattner and Elsweiler (2017a), compared to recommending
items in other domains, standard approaches showed only limited power in food recom-
mendation. This results from the complexity and diversity of food contents and human
food choices. They also suggested future directions integrating new technologies and rel-
evant knowledge for improving food recommender systems. For example, food contents
nowadays are not limited to ingredients, multi-modalities of data such as images, smells,
tastes, should be explored and exploited into food recommender systems (Trattner & El-
sweiler, 2017a). In addition, it is known that human food choices are multi-faceted, and
context-dependent, as discussed in Section 3.2. Thus it is necessary to incorporate context
variables into recommendation models. The previous research to these directions will be
reviewed in the following sections.

3.4.2 Investigation on Food Content for Food Recommender Systems

This section reviews work of investigation on food content for improving the performance
of food recommender systems in two directions. The first one focuses on ingredients of
online food, and the second one focuses on other aspects of food contents.

Ingredients are important information for understanding the content of food. In some
work (e.g., Harvey et al., 2013), the authors refer to recipes as documents, and ingredi-
ents as words, recommending food is analogised as an information retrieval (IR) task, i.e.,
retrieving the preferred recipes for the users. Thus the advanced technologies from IR
domain have been applied to study them. For example, TF-IDF (Salton & Buckley, 1988)
were applied to represent recipes with weighed ingredients in (EI-Dosuky et al., 2012). It
transformed each recipe as a multidimensional vector, allowing the similarity of recipes to
be measured, in order to determine the top recipes that are similar to recipes a target user
preferred. State-of-art word embedding technologies, Word2vec (Mikolov et al., 2013)
and BERT (Devlin et al., 2018), have also been applied in recent work (Pellegrini et al.,
2021). These approaches can not only represent recipes, but also capture the semantic
relationship between ingredients and determine substitution for a target ingredient by lo-
calising the nearest neighbours in the embedding space. It was proven to be efficient in
replacing ingredients which cause user allergens with another one, and it is potential to
be used to replace the ingredient that users dislike in the recipes with that they like. Other
than investigating individual ingredients, a graph-based strategy has been applied by Teng
and colleagues (2012). They built a network based on co-occurrence of ingredients, and
represented recipes with graph representation of ingredients. This was found to be very
powerful in predicting users’ food preferences.

In addition to ingredients, there are other data that indicates food contents, such as dish
type (e.g., carpaccio, spaghetti etc.) and categories (e.g., fast food, snack, dessert), food
recommender systems involving this information were found to perform better than that
utilised ingredients only (Freyne et al., 2011). Another important aspect of food content,
which brings health into the food recommender systems, is nutritional information (e.g.,
energy, fat, carbohydrate etc.). It can be measured from ingredients such as in (Miiller
et al., 2012) or obtained from online recipe portals (e.g., allrecipes.com, kochbar.de). In
some work, the nutritional information was applied to estimate the healthiness of recipes
according to authoritative guidelines, such as WHO and FSA (e.g., Trattner, Elsweiler, &
Howard, 2017; Elsweiler et al., 2017). Incorporating food content on this aspect into food
recommender systems has been mooted as a potential solution for encouraging healthier



Chapter 3. Related Work 21

food choices.

A rising theme for developing food recommender systems is applying food visual
content encoded in recipe images. As discussed in Section 3.3, food choices are visually-
driven, and more digital approaches have been developed, allowing more visual features
from recipe images to be extracted for investigating human visual food preferences. A
promising example of using visual features for recommending food is shown in (Elsweiler
et al., 2017). In a series of pairwise food preferences prediction tasks, the visual features
not only provided prominent and consistent performance, but also showed capability of
promoting users towards choosing healthier food. Moreover, Yang (2015, 2017) sug-
gested a visual based interface is more applicable to food recommender systems, and
their results showed the great power of CNN for automatic visual feature learning. On
top of that, food content in terms of flavour has also been incorporated into the content-
based food recommender system in (Nag et al., 2019), which was found to outperform
that without flavour information. Applying advanced approaches for understanding and
exploiting food ingredients and other aspects of food contents have not merely enhanced
the performance of food recommender systems, but also provided new perspectives for
food recommendation. For example, the aesthetic aspects of food content. Their promis-
ing performance motivated this doctoral work to attempt to develop a food recommender
system incorporating visual and flavour information.

3.4.3 Incorporating Context Information into Food Recommender
Systems

Recommending food based solely on food content is not sufficient, since it is not the
factor that can fully explain human food choices. Challenges of predicting what people
would like to eat are brought by diverse external factors, i.e., the context. In terms of
these, there have been numerous exploratory data analyses, as discussed in Section 3.2.
In this section, work relating to how these context variables were modelled and integrated
into food recommender systems is reviewed.

Context-related factors are often inputted into algorithms in order to test their power
in predicting how recipes were rated (Freyne et al., 2011), bookmarked (Trattner & El-
sweiler, 2017b) or commented (Rokicki et al., 2016, 2018; Trattner et al., 2018). For
example, regression models in (Harvey et al., 2012) and (Rokicki et al., 2016, 2018) have
indicated that popularity of recipes can be successfully predicted by means of external
biases such as time (e.g., the time of a day, or month or season), social networks (e.g.,
friendship on recipe portals), gender and online recipe editorial features. In addition to
these, more sophisticated methods, such as machine learning approaches have also in-
volved in understanding the relationship between context features and user food choices.
Several works limited their algorithm effort to approaches with only one factor. Such as
in (Rokicki et al., 2016), gender was specifically studied. The authors attempted to build
a gender-aware food recommender system based on their findings from the quantitative
analyses relating to differences in food preferences between male and female. According
to their offline evaluation, the gender-aware food recommender system has proven to im-
prove over the baselines. Besides, in (Cheng et al., 2017), the city size (e.g., metropolis,
big-city, medium-city, small-city and town) outperformed temporal factors in predicting
recipe ratings, and was found to boost the performance of food recommender systems.

These findings suggest that incorporating appropriate context factors into food recom-
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mender systems enhances their performance. With the aim of developing recommender
systems based on aesthetic aspects of food (i.e., visual appearance and flavour) in this
work, an important context factor needs not to be overlooked, that is, culture. Such as dis-
cussed in section 3.2, culture plays an important role in influencing human food choices,
and also shaped the food aesthetics (e.g., Min et al., 2017). Therefore, when incorporating
aesthetic features into food recommendation, culture needs to be taken into account. This
work will place food aesthetic preferences prediction within and across cultures, not only
for inspecting the differences of food aesthetic preferences brought by culture, but also
attempting to ascertain stable patterns in aesthetic food preferences across cultures. This
is in order to develop a recommender system for providing aesthetically acceptable food
recommendations for people with different cultural backgrounds.

3.44 Summary

This section shows various promising examples of promoting food recommender systems,
whose aim is to recommend satisfying food for users. Standard recommender algorithms
have been tried and tailored to be more suitable for improving performance of food recom-
mender systems, such as more in-depth studies on food content and the incorporation of
food content on other aspects. In addition, findings from quantitative analyses on digital
food traces, such as how context-related factors influence human food choices have also
been applied to food recommender system developments. This section suggests that food
content on aesthetic aspects would improve performance of food recommender systems,
when culturally relevant food aesthetic ideals are considered.

3.5 Chapter Summary

Literature reviewed in section 3.2 and 3.3 showed human online food behaviours in-
fluenced by various factors. The aesthetic aspects of food, i.e., visual appearance and
flavours, as the determinants of human food choices in the physical world, have played an
important role in influencing online food choices as well. Evidence suggests their impact
is culturally dependent. However, cultural influence on food aesthetics and how it affects
human food choices across cultures have not been studied specifically. For example, the
aesthetic patterns of food across cultures have been visualised and elaborated (e.g., Min
et al., 2017), yet no work has been done to address the problem in terms of fo what extent
the food is different aesthetically across cultures. In addition, literature has tended to em-
phasise differences between food cultures and idiosyncraticities (e.g., Ahn et al., 2011;
Kim & Chung, 2016). However, there is also evidence suggesting commonalities of food
across cultures (e.g., the power-law distribution of ingredient usage, stable recipe com-
plexity and overlaps of food flavours). The issues particularly focus on commonalities in
cross-cultural food preferences have not been investigated yet.

This exploration of cultural-related aesthetic ideals in the food domain will be helpful
for improving the performance of food recommender systems, as discussed in section 3.4.
The aim of this doctoral work is to explore the possibility of developing a cultural-aware
food recommender system incorporating human visual and flavour food preferences. 1
focus on revealing commonalities in aesthetic food preference across cultures, in order to
target users from different, rather than specific, cultural backgrounds.
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Empirical experiments in subsequent chapters will apply the techniques from com-
puter vision and chemical knowledge for investigating food content on visual and flavour
aspects, respectively. User interaction data indicating their food choices will be incorpo-
rated in order to inspect their food aesthetic preferences. Three cultures (i.e., Chinese, US
and German) are selected for this work, all experiments will be conducted in each culture
before food aesthetic preferences are studied and discussed in a cross-cultural context.



Chapter 4

Data Preparation

4.1 Introduction

The literature reviewed in the previous chapter provides insights into how the online food
choices people make are influenced by a variety of factors, particularly by culture and
food aesthetics. Moreover, the evidence suggests that it would be beneficial to incorpo-
rate these two factors into food recommender systems to improve their performance. In
the following chapters, the empirical experiments are designed to investigate whether is it
possible to utilise food aesthetics, namely, the visual appearance and flavour of food, for
the development of food recommender systems when taking culture into consideration. In
order to build the data basis for the experiments, in this chapter, appropriate online food
data is collected from three distinct food cultures, China, The United States (US) and Ger-
many. In the following sections in this chapter, I describe and illustrate the data sources,
and the necessary steps for processing the data such that they can studied appropriately.

This chapter is structured as follows: In Section 4.2, I describe the sources of the data
and provide clarification for the choices. Section 4.3 illustrates the process of selecting
and filtering the data for the experiments. In Section 4.4, I describe how online recipes
are represented with multi-dimensional vectors so that they can be utilised in machine
learning models designed to address the issues raised in Chapter 1.

4.2 Data Sources

In order to construct the data basis for the food studies across cultures, three large and
well-known recipe portals from different cultural backgrounds were selected as the data
sources: Xiachufang (www.xiachufang.com) in China, Allrecipes (www.allrecipes
.com) in US and Kochbar (www.kochbar.de) in Germany. The reasons for determin-
ing these three recipe portals for this work are as follows:

First, all three recipe portals are popular in their countries. According to Similarweb',
they are ranked as at least the national Top-5 websites in the category of Cooking and
Recipes and have a significant number of visits per month. Table 4.1 displays the statis-
tics about their rank and traffic. This ensures the large-scale recipes with corresponding
data, including the ingredient lists, recipe images, as well as the data that records user

'https://www.similarweb.com/
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interactions with the recipes can be obtained from the three portals. Examples of online
recipes and interaction data from users of the recipe portals are given in Figure 4.1 - 4.3.

Table 4.1: The rank and the number of monthly visits of the three recipe portals

Domestic Domestic Category

Recipe portal Countr ] ) Average Monthly Visit
pep y ranking ranking £ Y
Xiachufang China 699 2 3. M
Allrecipes US 187 1 69.7M
Kochbar Germany 415 5 7.TM
Note:
The data was obtained in May 2022
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Figure 4.1: Online recipes and interaction data from Xiachufang. (a) the top of the recipe
detail view with the title, image, brief description and rating; (b) ingredient list of the
recipes; (c) cooking direction of the recipes; (d) comments left by the users.

Second, these recipe portals encourage users to upload and share their own origi-
nal recipes without professional audit. They provide submitting interfaces (an exam-
ple is shown in Figure 4.2 (f)), which allow the users to share recipes as they would
like to. In comparison to other kinds of recipe portals, such as Epicurious (https://
www.epicurious.com/) and Yummly (https://www.yummly.com/), which tend to dis-
play and promote aspirational dishes relying on gourmet editors or professional chefs, the
recipes sourced from the portals I have chosen are more likely to illustrate what people
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Figure 4.2: Online recipes and interaction data from Allrecipes. (a) the top of the recipe
detail view with the title, image, rating and bookmark icon; (b) ingredient list of the
recipes; (c) cooking direction of the recipes; (d) nutritional information of the recipe; (e)
the rating and comments left by the users; (f) the submitting interface.

actually cook and eat in their everyday life and provide a wide range of more authentic
culinary and diet information.

In addition, Xiachufang, Allrecipes and Kochbar serve in Chinese, English and Ger-
man respectively, making the vast majority of their users are native speakers or settle in
the corresponding countries. It is a good signal that the recipes derived from these por-
tals are culturally representative. Furthermore, the three recipe portals have been proven
to be reliable data sources of online food studies in previous work. Such as the data of
recipes from Xiachufang have been applied to build data basis for (J. Chen & Ngo, 2016),
and Allrecipe and Kochbar have been data sources for a series of works from Trattner
and colleagues (e.g., Trattner, Elsweiler, & Howard, 2017; Trattner & Elsweiler, 2017b;
Elsweiler et al., 2017; Trattner et al., 2018, 2019).

In this work, the online recipes with the corresponding data, such as recipe images
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1 Einen groBen Topf mit reichlich Wasser zum Kochen bringen und reichlich salzen. Schwierigkeitsgrad leicht
Das Schweineschmalz in einer Pfanne erhitzen. Guanciale in Streifen schneiden (nicht Vorbereitungszeit 5 minutes
in Wiirfel, da jene ohne Fett beim Diinsten leicht trocken werden) und zum Koch-/ Backzeit 15 minutes
Schwemgscf‘\ma\‘z geben, knus;frlg ausl?raxen. Geggl?enenfalls etwas Fett abschopfen, Pre-l-skate_gone € Nutritional information
dass Gerichtig wird sonst zu méchtg. Die Spaghetti in das kochende Salzwasser geben versffentlicht am 27.08.:2022

und nach Packungsanweisung kochen (je nach Spaghetti-Sorte, ca. 10 Min.). Den
reifen Pekorino-Kése reiben.

Angaben pro 100 g
kJ (kcal) 1620 (387)
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aufteilen, noch etwas Pecorino sowie frisch geriebenen Pfeffer iiber jeden Teller reiben
und sofort servieren. (d)

Anmerkung

3 Fir das Original den Guancialeverwenden. Dieser ist aus der Schweinebacke
(italienisch guancia) hergestellter luftgetrockneter, ungeraucherter Speck aus dem
Latium. Im Gegensatz zu dem bekannteren Pancetta hat der Guanciale einen hdheren
Fettgehalt und einen intensiveren Geschmack. Es ist wohl eines der &ltesten
Pastarezepte Italien. Bie Berghirten konnten bequem die Pasta, Schmalz, Guanciale
und Pecorino mit sich fiihren. Alle notwendigen Zutaten sind nicht leicht verderblich.
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Accumoli. Dort findet jedes Jahr am 18. August die Sagra della pasta alla griscia statt.
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Figure 4.3: Online recipes and interaction data from Kochbar. (a) the top of the recipe
detail view with the title, image, rating and favourites; (b) ingredient list of the recipes;
(c) cooking direction of the recipes; (d) nutritional information of the recipe; (e) the
comments left by the users.

and ingredient lists, and the data records user interaction with the recipes were obtained
in different ways. In order to get the data from Xiachufang, a web crawler was built.
During the period 22 - 26 October 2018, it scraped 25,597 recipes from the portal. While
the data of Allrecipes and Kochbar were obtained from the previous work. The Allrecipes
collection was crawled by Trattner and Elsweiler (2017b) between 20th and 24th of July
20135, it contains 60,983 recipes published between the years 2000 and 2015 on the web-
site. And in 2014, Kusmierczyk and colleagues (2015b) crawled the data from Kochbar
and they built a dataset that includes over 400,000 recipes written in German uploaded
between the years 2008 and 2014.

4.3 Data Selection

According to the origins of the data, I named the collections as Xiachufang collection,
Allrecipes collection and Kochbar collection, respectively. In order to apply the data in
the collections to the empirical experiments in this work, they needed to be filtered and
sampled. The process of it includes: (1) selecting appropriate data to represent food on
the aesthetic aspects, i.e., visual appearance and flavour, (2) choosing the interaction data
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given by users to use as a proxy for their recipe preferences, and (3) ensuring the number
of recipes in each collection is balanced. This is because the data in these collections will
be applied in several classification and prediction tasks designed to answer the questions
set out in Chapter 1. Imbalanced data might lead to biased results.

Selecting Data for Representing Food on the Aesthetic Aspects In this work, I focus
on the visual appearance and flavour of food across cultures. The data derived from the
online recipe portals described above were selected to represent food on these two aspects.
Firstly, I used recipe images uploaded by the users to represent the visual appearance of
food. On the recipe portals, it is normal to find that users share more than one image when
uploading the recipes, leading to one recipe being associated with multiple images. To
deal with this, only the first (default) image was extracted for each recipe.

In terms of representing the flavour of food, I chose the flavour compounds embedded
in the ingredients of the online recipes. Therefore, the ingredient lists of recipes were
kept in the collections. The ingredients were pre-processed and then mapped to their cor-
responding flavour compounds according to FlavorDB. The process will be presented in
Section 4.4 in detail.

Selecting Data to Indicate the Food Preferences of Users A crucial task of this doctoral
work is investigating the food preferences of people across cultures, thus it is important to
select appropriate metrics for indicating the extent to which the recipes are preferred. In
previous work, it has been common to represent the preference for an online recipe by its
number of visits (Wagner et al., 2014), ratings (Rokicki et al., 2017, 2018; Trattner et al.,
2018), bookmarks (Trattner, Rokicki, & Herder, 2017; Rokicki et al., 2018), sentiment of
received comments (Rokicki et al., 2017; Trattner et al., 2018), etc. These metrics were
assumed as indication of the popularity of online recipes. In this work, the preference is
treated as equivalent to appreciation, which is represented by metrics that show how users
appreciated the recipes, such as ratings. I stored the ratings (ranges from 0 to 10) applied
by users of Xiachufang since this is the only option available on the site. In addition,
the ratings of recipes are normally distributed (shown in Figure 4.4 (a)), suggesting it
indicates user preferences to online recipe reasonably.

On Allrecipes and Kochbar, more metrics are available, including ratings information.
However, since the ratings are highly skewed with a low standard error, as described in
(Trattner et al., 2018), the number of a recipe had bookmarked (Allrecipes) or favourite
(Kochbar) was used instead. For the recipes from Allrecipes, the number of bookmarks a
recipe has received within a day, a week, a month and a year were captured. As shown in
(MoBlang, 2017), the recipes received the most bookmarks on the day they were uploaded,
then it decayed as one can expect, and at the approximate day 10 and after, the number of
bookmarks barely increased. Considering the fluctuation of the numbers during the period
thereafter, the number of bookmarks within one year (ranges from 1 to 2605) was selected
as the metric indicating the appreciation of recipes from Allrecipes. The distribution of
it is shown in Figure 4.4 (b). The time span of how many times of the recipes have been
marked as favourites in Kochbar was not captured, therefore, I normalised this metric by
means of dividing it by the times the recipes has been viewed by the users. The metric
can be interpreted as, how many times a recipe was marked as a favourite after it has been
viewed n times. I kept the normalised favourite (ranges from 0 to 0.27) as the appreciation
metric for recipes in Kochbar collection. Its distribution is displayed in Figure 4.4 (c).
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Figure 4.4: The distribution of appreciation metrics of recipes in (a) Xiachufang, (b)
Allrecipes, (c) Kochbar.

Balancing the Collections for the Classification Tasks After determining the prefer-
ence metrics, and deleting the recipes without images and ingredient lists, there are fi-
nally 25,508 recipes in Xiachufang collection, 35,501 in Allrecipes collection and 72,899
in Kochbar collection respectively. In this work, in order to address the issues raised in
Chapter 1, the empirical experiments are established as several classification and predic-
tion tasks, which require balanced classes.

First, a multi-class prediction task was formulated to answer Issue I, which investi-
gates To what extent is it possible to differentiate the food across cultures based on the
representation of the food relating to visual appearance or flavour? In order to build the
basis for this task, 25,000 recipes were sampled from each collection based on the number
of data points in the smallest class, Xiachufang recipes.

Second, the Issue 2, which studies To what extent is it possible to identify the differ-
ences and ascertain stable patterns of food preferences across cultures based on the rep-
resentations of the food relating to visual appearance or flavour? is addressed by means
of several two-class prediction experiments. These prediction tasks were conducted to
classify the preferred and less preferred recipes within and across cultures. In order to
build the data basis for the tasks, I first determined the appreciated and less appreciated
recipes from each recipe collection. The cut-off for the appreciation metric was set as
10% and 90% to identify the recipes that best represent user preferences. To be specific,
the top-10% and bottom-10% of recipes based on the appreciation metrics of each collec-
tion were selected to be appreciation and less appreciated recipes, respectively. The range
of the appreciation metrics of the appreciated and less appreciated recipes in each collec-
tion is shown in Table 4.2. Moreover, in order to ensure the balance of the classes, 2,500
from appreciated recipes and 2,500 from less appreciated recipes were sampled from each
collection. This is nearly all the Xiachufang recipes in this percentile and an undersample
of the other two collections (shown in Table 4.2), which are larger, with the aim being to
draw a fair comparison.

In the end, the recipe samples that represent the food cultures of China, US and Ger-
many (n = 25,000 from each recipe portal), as well as the preferred and less preferred
recipes of each food culture (n = 2,500 with top-10% & bottom-10% appreciation metrics
from each recipe portal) were selected. These form the basis of all the experiments using
naturalistic data. Each recipe was stored with its corresponding ingredient lists, images,
and appreciation metrics. The data pre-processing, data representation of the recipes re-
lating to visual appearance and flavours will be done on these samples in the next steps.
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The process will be described in detail in the next section.

Table 4.2: The range of the appreciation metrics of top-10% and bottom-10% recipes
in each collection and the number of appreciated and less appreciated recipes in each
collection

Top-10% Bottom-10%
Range of Num. Range of Num.
appreciation metric Recipes appreciation metric  Recipes
Xiachufang [8.7,9.8] 2,925 [5.4,7.2] 2,594
Allrecipes [63.0, 2605.0] 3,542 [1,1] 3,702
Kochbar [2.1e-2, 2.8e-1] 7,296 [0, 1.3e-3] 7,292

4.4 Data Pre-Processing & Representation

This section illustrates the process of pre-processing the data and representing it with
multi-dimensional vectors, so that it can be inputted into machine learning models and
for further quantitative analyses. In this work, food images were selected to represent the
visual appearance of food. In order to transform the images into the format that algorithms
can read and process, the visual information encoded in these were extracted by means
of Computer Vision approaches, which I have applied in my previously published work
(Q. Zhang et al., 2020). Section 4.4.1 describes the extraction of the visual features from
the recipe images in detail. Flavour compounds of ingredients in the online recipes were
selected to represent flavour of food. In the recipe collections, the flavour information of
each recipe was stored as a list of flavour compounds, which was then transformed into
a vector by means of two Natural Language Processing (NLP) techniques. Section 4.4.3
presents the process. However, before the transformation, the data needed to be cleaned.
In section 4.4.2, I clarify the reasons for data-cleaning and explain the process clearly.

4.4.1 Food Representation with the Visual Properties Encoded in Recipe
Images

Each food image in these recipe collections was represented as a multi-dimensional vec-
tor by extracting 5,144 visual features from each image. The idea was to generate as
many features as possible that may capture information from the recipe images. These
features, described in detail below, include the low-level explicit visual features (EVF),
hand-crafted features such as colour histogram, local binary patterns (LBP), Bag of visual
words based on descriptors from the scale-invariant feature transform algorithm (SIFT),
and the deep neural network image embeddings (DNN), VGG16. The following subsec-
tions explain the above listed feature sets in detail.

Explicit Visual Features (EVF) The term of “Explicit Visual Features (EVF)” was first
proposed in a content-based artwork recommendation work of Messina et al. (2019), yet
the term refers to the visual features brightness, sharpness, contrast, colourfulness, sat-
uration and naturalness, which were applied in earlier work (San Pedro & Siersdorfer,
2009) in order to capture the attractiveness of images from Flickr. These features subse-
quently have been used in (Trattner et al., 2018) where the set was expanded by adding
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RGB contrast, sharpness variation, saturation variation and entropy. The expanded EVF
set is used in this doctoral work. In the food domain, EVF has been proven to work well
in predicting the preferences of food images from the online recipe portals (Elsweiler et
al., 2017; Trattner et al., 2018). In this work, the EVF was measured with the freely
available OpenIMAJ Jave Framework 2 in version 1.3.8. OpenIMAJ was developed by
the University of Southampton. It contains a set of libraries and tools for multimedia con-
tent analysis, including the state-of-art computer vision. Below I display the details about
each individual EVF and how it was calculated in OpenIMAJ.

* Brightness. Brightness means the luminance intensity of an image. It is extracted
with the AvgBrightness class with the default NTSC weighting scheme and no mask
in this work. It uses a standard luminance algorithm

brightness = LY Yy, with
N;}; o @.1)
Yip = (0.299 X Ryy +0.587 X Gyy +0.114 X Byy),

where Yy, denotes the luminance value and N is the amount of pixels in an image.
Ryy, Gyy, and By, are the three RGB colour space channels of pixel (x,y).

» Sharpness. This is a highly subjective concept that measures the clarity and level of
detail of an image. It is related to the brightness contrast of edges in an image. The
algorithm utilises the image’s Laplacian, divided by the locale average luminance
(Uxy) around pixel (x,y), the formula in Sharpness class in OpenIMAJ is as:

2 2

sharpness =
;;’ Hex,y)

* Contrast. Contrast is the relative difference in brightness or colour of local features
in an image. There are several algorithms for measuring contrast of images such
as Weber and Michelson (Pelli & Bex, 2013), but for the means of image compa-

rability, the root-mean-square contrast (RMS-contrast) is often used (San Pedro &
Siersdorfer, 2009). The RMS-contrast is calculated as follows:

1
contrast = — Y (I, —1) (4.3)
NS
Where I, is the pixel intensity, I represent the arithmetic mean of pixel intensity and
N is the number of pixels in the image. I measured contrast with the RMSContrast
class in OpenIMAJ.

* Colourfulness. Colourfulness is the “attribute of visual perception according to
which the perceived colour of an area appears to be more or less chromatic”. I
applied the approach proposed by (Hasler & Suesstrunk, 2003). Firstly, the image
needs to be transferred into SRGB colour space using rg,y, = R,y - Gy, and ybyy
=1/2(Ryy + Gyy) - By, and secondly, the formula for calculating colourfulness is

colourfulness = Oygyp + 0.3 + Uygyp, With

/ / 4.4)
Orgyb = G;%g + Gy2b7 Urgyp = Gng + .u}%b

*http://openimaj.org/
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where Ryy, Gy, and B,, are the colour channels of the pixels and are the standard
deviation, respectively the arithmetic mean. The colourfulness of the recipe images
was measured with the ColourfulnessExtractor class in OpenIMAJ.

Entropy. Entropy was proposed and developed by Claude Shannon in (1948). In
information theory, it is known as a measure of randomness of the amount of infor-
mation content provided by a source, which could be an image. The first step for
measuring entropy for an image is to convert it to grey scale, where each pixel has
only an intensity value. Then I count the occurrences of each distinct value. The
formula we apply in this work is

entropy = — Z -log, (px) 4.5)
x€[0.225]

where p, is the probability of finding the grey-scale value x among all the pixels in
the image.

RGB (Red, Green, Blue) Contrast. This is a measurement that is almost identical
to the basic contrast, as explained above. However, it is extended to the three-
dimensional RGB colour space, calculated by class RGBMSContrast in OpenIMAJ.

Sharpness variation. This is similar to the saturation variation, sharpness variation
is calculated via the standard deviation of all pixel sharpness values.

Saturation. Saturation is related to the proportion of the colourfulness of an area
to its brightness. It is used to measure how vivid an image is in terms of colour.
In the HSV colour space the saturation estimation can be calculated via the RGB
approximation of

saturation = %vay S{Cy, with (4.6)
Syy = max(Ryy, Gyy, Bxy) — min(Ryy, Gyy, Byy)

where N is the amount of pixels in an image and R, G and B are the coordinates of
the colour of the pixel in SRGB space. This formula can be found in the Saturation
class in OpenIMAJ.

Saturation variation. This measure estimates the variation in saturation of an image
using the RGB approximation of avg(max(R,G,B) - (min(R,G,B)), defined in the
SaturationVariation class in OpenIMAJ.

Zx,y (Sxy - S_)z
N—-1

Where N is the number of pixels and S is the list of saturation.

4.7)

saturation _variation =

Naturalness. Naturalness measures the degree of differences or similarity between
images and human perception, with respect to colourfulness and dynamic range.
I followed the method from (Huang et al., 2006) and (San Pedro & Siersdorfer,
2009), which is as follows: firstly, considering the measured image in a colour
space, HSL by default. Then picking the pixels with 20 < L < 80 and S > 0.1,
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grouping them into of the three sets ‘Skin’, ‘Grass’ or ‘Sky’, the average saturation
value of the group () is used:

Skin __
Nsgin = e 0SB 27002 705 < e < 70

Grass __
-anms::e_05(ﬁi——iigdz,if95 < hue < 135

053 (4.8)
_ 0.5 Hs —0431)
Ny = e 2 (F55—)7, if 185 < hue < 260
The final naturalness is calculated by the formula:
naturalness = ZwiNi, i€ {/Skin',' Gmss',/Sky’}7 4.9)
i

where w represents the fraction of pixels of the specific group in the whole image.
The naturalness ranges from O to 1, the higher, the more natural. OpenIMAJ offers
the class Naturalness.

In addition to EVF, I also extracted three hand-crafted visual features, including Colour
Histogram that describes colour distribution of images in a specific colour space, Local
Binary Patterns (LBP) that are used to capture the texture features, and the Bag of Vi-
sual Words (BoVW) based on Scale-invariant feature transform (SIFT), which aims to
describe an image with its keypoints. These features have been commonly applied in
food recognition tasks in previous work reviewed in Chapter 3. The process of extracting
these features from images is shown in detail below:

Colour Histogram Colour histogram describes the global distribution of colour in the im-
age. Given an image in Red, Green, Blue (RGB) colour space, in this doctoral work, the
value of each pixel ranges from 0 to 255, which can be split into several bins. The number
of bins in this work is 8, thus the range of each bin is 32. In order to capture the colour
properties of the whole image, the number of times a pixel is in each range is counted. The
colour histogram is built with the function cv2.calcHist in OpenCV?3. It allows the users to
calculate the histogram the colour channels Red, Green and Blue simultaneously. In this
doctoral work, I represented three-colour channels, each with 8 bins, this results in an 8

x 8 x 8 = 512-dimension vector for each image. Figure 4.5 shows a 2D colour histogram®.

Local Binary Patterns (LBP) LBP describes images entirely by computing the local
representations of texture. Proposed by Ojala et al. (1996), LBP has been employed in
several domains including facial recognition (Liao et al., 2007), image retrieval (Yuan et
al., 2011) and object detection and matching (Trefny & Matas, 2010) owing to its ability
to discriminate and isolate changes. LBP ignores colour information. Therefore, original
images are transformed into grey scale before extracting. Traditionally, the LBP his-
togram is calculated as follows: Pixels from the image are selected randomly and the grey
value of p neighbours in a circle with the radius r pixels around these are compared. If

Shttps://docs.opencv.org/4.x/d6/dc7/group__imgproc__hist.html#
gadb2b5£d75503ff9e6844ccd4dcdaed35d
“For display purposes, we show only 2D colour histograms in this work.


https://docs.opencv.org/4.x/d6/dc7/group__imgproc__hist.html##ga4b2b5fd75503ff9e6844cc4dcdaed35d
https://docs.opencv.org/4.x/d6/dc7/group__imgproc__hist.html##ga4b2b5fd75503ff9e6844cc4dcdaed35d
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Figure 4.5: 2D colour histogram of an example image. (a) a 2D colour histogram for the
Green and Blue channels. (b) a 2D colour histogram for the Green and Red channels. (c¢)
a 2D colour histogram for Blue and Red channels.

the grey value of the chosen pixel is greater than or equal to one of its neighbours, the
neighbour point is set to 1. Otherwise, the point gets a value 0. Subsequently, a group
of binary strings are formed, and the LBP value of the chosen pixel is the decimal con-
verted from it. The process is repeated until the LBP value has been computed for every
pixel. The final features describing the texture of the image are obtained by counting the
frequency of LBP values and output as a histogram. In this work, however, the uniform
and rotation-invariant LBP code, which was developed by Ojala et al. (2002), was em-
ployed. It is defined as the LBP with only at most 2 transitions from O to 1 or vice versa
are "uniform", as shown in the top image in Figure 4.6 (c); others are deemed to be "non-
uniform" and treated as one situation, as shown in the bottom image in Figure 4.6 (c).
Here, the number of neighbours p and radius r were set as 24 and 3, which were proven
to be powerful in Ojala’s original work (Ojala et al., 2002), leading to 25 uniform invari-
ant LBP codes and all other codes were classified into 1 non-uniform code. A histogram
of 26 dimensions indicating the frequency of uniform and non-uniform LBP codes were
then calculated as the visual representation relating to texture of images. This approach
is found to be more efficient than the traditional way since it outputs lower dimensional
vectors. Such as with the parameter in this work, where p = 24, traditional LBP calcula-
tion generates a 22 dimensional vector for an image whereas the approach I used outputs
only a 26-dimensional vector. The process of extracting LBP for an image is shown in
Figure 4.6. LBP in this work was implemented with scikit-image> and the LBP histogram
was calculated by applying numpy.histogram® in Python.

Shttps://scikit-image.org/docs/stable/auto_examples/features_detection/
plot_local_binary_pattern.html
®https://numpy.org/doc/stable/reference/generated/numpy.histogram.html


https://scikit-image.org/docs/stable/auto_examples/features_detection/plot_local_binary_pattern.html
https://scikit-image.org/docs/stable/auto_examples/features_detection/plot_local_binary_pattern.html
https://numpy.org/doc/stable/reference/generated/numpy.histogram.html
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P=24,R=3
(o)

Figure 4.6: The process of calculating LBP. (a) The origin image. (b) The grey scale
of the image with 2 pixel examples are selected. (c) The example pixels and their 24
neighbours of radius 3. The top one shows the uniform pattern, and the bottom shows the
non-uniform pattern. (d) The LBP representation of the original image. (e) The histogram
that shows the number of times each LBP pattern occurs.

Bog of Visual Words (BoVW) based on Descriptors of Scale-Invariant Feature Trans-
form (SIFT) SIFT is a robust image representation (Mikolajczyk & Schmid, 2005). The
main idea of using SIFT is to identify and describe the keypoints within images. Key-
points are the scale-invariant and rotation-invariant points that are not sensitive to changes
in image resolution, scale, rotation, changes in illumination (Lowe, 2004). The example
of an image with the keypoints is shown in Figure 4.7.

Figure 4.7: Example of an original recipe images and its keypoints. (a) the original recipe
image. (b) the recipe image with its keypoints.

In this work, the keypoints were generated and described by means of applying OpenCV
with corresponding functions’. Following the approach described in (DeCost & Holm,
2015), each keypoint was applied to 128-dimension descriptors. For all recipe images
across recipe portals in my collections, there were more than 70 million descriptors in
total. However, since each image has a different number of keypoints, the dimensions of
the visual features of each image are not of equal size. As such, an approach motivated by
an analogical method of bag of words used in the NLP domain was developed by Csurka
et al. (2004) and applied in this work, which is known as Bag of Visual Words (BoVW).
The main idea of BoVW is to take each image as a document with "visual words", then a

"https://docs.opencv.org/4.x/da/df5/tutorial_py_sift_intro.html


https://docs.opencv.org/4.x/da/df5/tutorial_py_sift_intro.html
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Figure 4.8: The process of obtaining recipe image representation with BoVW
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codebook needs to be generated by means of a vector quantization algorithm in order to
assign these into their corresponding codewords. Building on this, the K-means clustering
(k=500) was applied on all SIFT descriptors in this work, and the centre of each cluster
was deemed as a codeword and was used to generate a codebook. The final step is to build
a histogram for each image that shows the frequency of the codewords. In the end, each
image was represented by a 500-dimension vector. The BoVW stage is shown in Figure
4.8.

Besides these features, the widely applied Deep Neural Network (DNN) Image Em-
beddings are also used in recipe image representation in this work.

Deep Neural Network Image Embeddings (DNN) There are several well-known DNNs,
such as AlexNet (Krizhevsky et al., 2012), VGG (Simonyan & Zisserman, 2014), Google-
Net (Szegedy et al., 2015), ResNet (K. He et al., 2016), etc., as reviewed in Chapter 3.
In this work, the VGG16, which was developed by Simonyan and Zisserman (2014), was
applied. It has achieved the first and second places in the localisation and classification
tracks respectively in the ImageNet Challenge 2014. Moreover, in (Russakovsky et al.,
2015), VGG16 even reached a human level of performance in the task of image classifi-
cation. In the food domain, VGG16 has been found to perform well in the works such as
(J. Chen & Ngo, 2016; Ege & Yanai, 2017; J.-j. Chen, Ngo, & Chua, 2017; Salvador et
al., 2017) in food classification and image-to-recipe retrieval tasks.

The VGG16 architecture is shown in Figure 4.9. VGG16 uses small (3*3) convolu-
tion kernels on the input images, which form a stack of convolutional layers, followed
by three Fully-Connected (FC) layers. Spatial pooling is carried out by five max-pooling
layers and all hidden layers are equipped with ReLu (Krizhevsky et al., 2012) as the acti-
vation function. The features for representing the images in this work are extracted from
the first FC layer, known as FC1 layer in VGG16. The features are extracted by using the
Keras® framework, resulting in a 4096-dimensional vector for each image.

The original recipe images from the collections were finally represented by 5,144
dimensional vectors, depicted in the example shown in Figure 4.10.

$http://keras.io


http://keras.io
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Figure 4.9: Architecture of VGG16. Taken from (D. Choi et al., 2021)
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Figure 4.10: The visual features extracted from the recipe images

4.4.2 Recipe Ingredients Cleaning & Mapping

In order to map the ingredients to their corresponding flavour compounds, which rep-
resent the flavour of food, it is necessary to first clean the ingredient lists of the online
recipes in my collections. The reasons for doing this are as follows: First, the recipes
derived from online recipe portals are written in free-text format (see the examples shown
in Figure 4.1 - 4.3.), which leads to vocabulary and matching problems. The ingredi-
ent lists of the recipes often contain non-ingredient terms (e.g., punctuation, quantifiers
etc.), which introduced noises when doing the mapping. Second, the database I referred
to map the ingredients to flavour compounds is FlavorDB, which provides only English
ingredient names. However, the recipes in the collections were derived from recipe por-
tals of different languages (i.e., Chinese, English and German), so that the ingredients
needed to be translated into one language. In addition, there are ingredients with different
names but referring to potentially identical entities due to the dialect (e.g., coriander and
cilantro in US recipes; Kartoffel and Drillinge” in German recipes) or personal writing

9"Die Drillinge" was translated with Google Cloud Translation API as "triplets"
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habits (e.g., chili pepper and chile pepper). In order to avoid ambiguity when doing the
mapping, these ingredients were normalised into one certain name according to the ingre-
dient names provided by FlavorDB. The whole process of cleaning the ingredient lists for
mapping is shown in Figure 4.11. In the rest of this section, I describe each phase in this
process in detail with examples to clarify the challenges and how these were solved.

The Process of Data Processing Examples
- 1/4 pound cauliflower
- 1/3 teaspoon cinnamon
- 2L milk
- 4 sheets aluminium foil
- 2 large bowls
Punctuation - 20 cm diameter springform
Removin Number
€ € 1 Measurement units Phase T . jalapeno (1 or 2 depending on how spicy you like it)
Other characteristics - Bake 275 degree for 1 hour

- I'm ready into the songs from the musical "Mamma Mia"
at the moment and rock out while cooking :-)

| Processed Ingredient list I |

English
gredient lists?

® Examples of translation
Chinese Ingredient German Ingredient API translation

) Qo [ Co

o h Salz salt
Translate API Phase IT i Zucker sugar
LTS Ei egg
Processed Ingredient list IT Ty Mehl flour
!
| Part-of-speech tagging | ® Adjectives: ® Verbs:
- fresh parsley - red onion, chopped
Yes ' No - medium-sized sweet potato - softened butter
l - low-fat mozzarella cheese - miced garlic
‘Oai In stop word m [ Nouns:_
list? Phase - bacon in slice
Yes No - cinnamon sticks
l l - pineapple chunks

| remove | | Processed Ingredient list I | ® Ingredients described with varying degree of specificity

il - Goldparméne - chicken breast
- Boskop } — apple - chicken wings } —s chicken
. . - Elstar - drumstick
In FlavorDB ingredient names?
O ® Extract or product from the original ingredients.
Q No Phase IV _,pise powder - orange juice
| - coriander powder - peach juice

Manually processing

® Food products/mixed ingredients in the recipes

-
5= —’| Processed Ingredient list IV | - strawberry yoghourt — strawberry, yoghourt
= - vanilla pudding — vanilla, pudding
@ - Herbes de provence - savory, marjoram, rosemary, thyme
table broth onion, carrot, leek, celery, tomato,
- vegetable bro — green zucchini, parsley, laurel, salt

(@) (b)

Figure 4.11: Data processing on the ingredient lists. (a) represents the flow diagram of
the data processing, including 4 phases. (b) shows several examples of the processed the
ingredients in each phase. The bold terms are the ingredients kept in the datasets and
apply to empirical experiments in the next few chapters.

Phase I: Removing non-ingredient terms from the ingredient lists

The first phase of cleaning the ingredient lists is removing the non-ingredient terms, which
mainly includes punctuation, numbers and measurement units indicating the quantity of
the ingredients. There are also other terms that not related to ingredients, such as tools for
cooking, eating utensils, cooking directions, as well as some words to express the cooks’
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moods and feeling while cooking, as shown in the examples in Figure 4.11 in Phase I.

Phase II: Translating the ingredient lists

The aim of this phase is to translate the Chinese and German recipes into English!'®. In
order to do the translation, I submitted the translation requests to Google Cloud Trans-
lation API v2!!, which is free to translate 500,000 characters per month. The automatic
translation ensured the majority of texts translated correctly, but there were still some in-
gredients that were not translated or were incorrectly translated. In order to handle this, I
checked and modified the translation manually.

Phase III: Filtering the Stop Words

In this phase, I attempted to remove the stop words from the ingredient lists. The stop
words refer to words such as determiners (e.g., the, a, an), coordinating conjunctions
(e.g., for, an, nor, but), and prepositions (in, under, towards), etc., in general text pre-
processing. These words are deemed not useful in further text analyses. In this work, I
identified the stop words in the recipe domain. These words occur in the ingredient lists
commonly, but in fact, they introduce noises in the mapping process. These words often
occur before or after ingredient terms to describe them and are commonly adverbs, ad-
jectives and verbs in past tense. Examples of ingredients with the stop words are "very
ripe bananas" or "chopped onion", in which "very", "ripe" and "chopped" can be recog-
nised as the stop words in the ingredient lists. More examples of verb and adjective stop
words are shown in Figure 4.11 in Phase III. In order to identify the stop words, I first
applied Part-of-Speech Tagger (POS Tagger) released by Stanford NLP Group'? to assign
the POS tag for terms in the ingredient lists. Most of non-nouns can be recognised as stop
words in this task. However, there are also exceptions. For example, there are nouns that
are neither ingredient names nor does it help with the mapping process, such as "slice"
in "bacon in slice", "sticks" in "cinnamon sticks", and "chunks" in "pineapple chucks" as
shown in Figure 4.11 in Phase III. The other exception is the adjectives that occur in the
ingredients names. Removing these words would turn an ingredient into another. Exam-
ples of these words are "green" in "green beans" and "sweet" in "sweet potato". These
words and ingredients were identified manually according to the ingredient names pro-
vided by FlavorDB in this phase.

Phase I'V: Manual processing and mapping

This phase was designed to deal with the ingredients, which have been processed by the
previous phases, but still could not be mapped to their corresponding flavour compounds
in FlavorDB. There are two types of these ingredients. The first type contains the in-
gredients that have not been included in FlavorDB. For example, the herbs occurred in
Xiachufang collection (e.g., Senna tor, Ulmus), and the processed products for cooking
occurred in Allrecipes and Kochbar (e.g., baking mix, stir-fry mix, fix fiir ziwebel sahne
hanchen, maggi fiir nudel schinkengratin). The second type contains the ingredients that
can be mapped but they needed to be normalised or manually processed before that. In
this phase, I dealt with the ingredients of the second type. Below I list a couple of common

10The pre-processing work on Xiachufang recipes were done in Chinese by the native speaker, the trans-
lation API was applied to translate the processed Chinese ingredients to English.

"https://cloud.google.com/translate/docs/basic/translating-text

2https://nlp.stanford.edu/software/tagger.shtml
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situations in this process and how I processed them:

* Ingredients described with varying degree of specificity These ingredients are, for
example, different varieties of the same ingredients, such as different types of apples
- Goldparméne, Boskop, Elstar, and different types of wines - Merlot, Chardonnay,
Chianti. I normalised these with specific varieties into their corresponding general
ingredient names in FlavorDB. In addition, there are also ingredients refer to differ-
ent parts of poultry or animal products (e.g., chicken breast/wings, egg yolk/white),
these were also normalised according to the ingredient names in FlavorDB.

» Extract or product from the original ingredients. It can be found in the online
recipes, the users applied extract or products (e.g., powder or juice) from original
ingredients instead of the ingredients themselves. However, FlavorDB contains
mostly the name of the original ingredient. Thus I transferred the extracts to its
origins. Some examples are shown in Figure 4.11 in Phase IV.

» Food products/mixed ingredients in the recipes. These ingredients are, for exam-
ple, strawberry yoghurt. I modelled strawberry yoghurt as flavour compounds of
strawberry and flavour compounds of yoghurt. This is owing to the facts, straw-
berry yoghurt have both the flavour of strawberry and yoghurt. The flavours of
ingredients such as vanilla pudding, chocolate cream were also modelled this way.
Moreover, this means was also applied to the ingredients, which are mixed spices
and food products, such as Herbes de Provence, Suppengriin. These ingredients
were divided into individual ingredients according to authority recipes or appreci-
ated recipes from the recipe portals, and their flavours were modelled based on the
individual ingredients contain in them. Some examples of them are shown in Figure
4.11 in Phase IV.

Beside these, there are also plenty of manual works such as modifying the typos,
checking and correcting incorrect translation, etc. The codes for the whole process of
data cleaning are uploaded to my github repository'3.

Finally, after the data cleaning and processing, there are approximately 34% ingre-
dients in Xiachufang recipes, 43% ingredients in Allrecipes recipes and 19% ingredients
in Kochbar recipes have been mapped to their corresponding flavour compounds in Fla-
vorDB. The number of raw terms in the online recipes, processed ingredients and the
ingredients with flavour compounds in each collection is shown in Table 4.3.

Moreover, I kept only recipes with full list of flavour compounds for the experiments
on the flavour aspects. Thus, the number of recipes in each collection has changed.
Specifically, the number of recipes in each collection for addressing Issue I and Issue
2 are shown in Table 4.4 and Table 4.5 respectively.

The recipes with full list of flavour compounds entered into the next step, in which
each of these was represented by their ingredients and flavour compounds respectively.

Bhttps://github. com/QingZhang1001/Food_aesthetics/tree/main/Flavour_data
_cleaning
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Table 4.3: The number of terms (before pre-processing) and the number of ingredients
mapped to FlavorDB ingredients names (after pre-processing) in the recipes from each
recipe portal

Origin Num. Raw terms Num. Processed ingredients Num. Ingredients with

in the recipes! in the recipes® flavour compounds
Xiachufang 10,584 973 331
Allrecipes 30,333 824 356
Kochbar 42,022 2,084 401
Note:

! The column Num. Raw terms in the recipes refers to the number of text split with *;
in the raw recipes, including the non-ingredients terms, as described in Phase I.

2 The column Num. Processed ingredients in the recipe refers to the number of ingredi-
ents that have been processed from Phase I - V.

Table 4.4: The number of recipes with full list of flavour compounds for addressing Issue
1 on the flavour aspects

Num. Recipes with

Origin Num. Recipes full list of flavour compounds
Xiachufang 25,000 11,842

Allrecipes 25,000 12,432

Kochbar 25,000 9047

Table 4.5: The number of recipes with full list of flavour compounds for addressing Issue
2 on the flavour aspects

Num. Recipes with

Origin Appreciated? Num. Recipes full list of flavour compounds
Xuchuing (IS e 127
Alwspes (PSS L L1
ot R o s

4.4.3 Food Representation with Ingredients and Flavour Compounds

In this section, the recipes were represented by ingredients'* and flavour compounds, re-
spectively. Two techniques were employed for this purpose, that were TF-IDF (Salton &
Buckley, 1988) and Word2Vec (Mikolov et al., 2013). Both of these can be applied in
representing textual data in order to deal with NLP problems but with different calculation
strategies.

'4the ingredients introduced in this work to build the baseline models. It aims to compare the ability
of the traditional and commonly applied texture information, i.e., ingredients, to that of aesthetic features,
namely, visual appearance and flavour in food classification and preferences prediction tasks. This will be
clarified in Chapter 6 and 7.
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TF-IDF reflects the importance of a word in a document of a corpus. The value of it
is the product of term frequency (TF) and inverse document frequency (IDF). Assuming
there is a corpus containing a number of documents, and there are several terms in each
document, the TF is calculated as:

TF Number of times a specific term occurs in a document

4.10
total number of words in the document ( )

TF assigns each term in a document a weight, that depends on the number of oc-
currence of the term in the documents. However, TF alone does not represent the word
importance in the whole corpus, since it treats all terms equally. This leads to the words
that occur extremely frequently but have no or little discriminative power, such as “the”,

a”, “and” obtain high TF values. In order to weigh down the frequent terms while scale
up the rare ones, IDF was proposed (Jones, 1972), the formula is:

IDF = log( number o f documents

4.11
number o f documents the specific term appears) ( )

The idea of IDF is reducing the TF weight of a term by a factor that grows with its
frequency in the whole corpus.

Finally, TF-IDF calculated as :

TF — IDF = TF x IDF 4.12)

TF-IDF has been a widely applied technique for text classification and information re-
trieval, and it has also been applied in the food studies. For example, in (Zhu et al., 2013),
the authors weighed the ingredients by means of an equation inspired by TF-IDF, which
was applied to penalise ingredients that are very popular but carry little information. And
in (Sajadmanesh et al., 2017), TF-IDF weighting was applied to determine the notable in-
gredients. Moreover, TF-IDF has been applied to the development of food recommender
systems, such as in (El-Dosuky et al., 2012; Harvey et al., 2013), it was applied to measure
the similarity between user previous eating habits and the recipes in order to determine
which unrated recipes to be recommended. In this doctoral work, the representation of
recipes was done by transforming ingredient and flavour compounds lists to matrices of
TF-IDF features, which was completed by applying relevant functions in scikit-learn'.

In comparison to TF-IDF, which is a statistical measure that can be calculated directly
based on the frequency of terms and documents, Word2Vec (Mikolov et al., 2013) em-
ploys a 2-layer neural network model to learn word embeddings. It accepts the inputs as
a corpus of text, and outputs vectors for each word present. Words, which are semanti-
cally similar to each other, result in vectors that are closer in the vector space. In order to
achieve this, Word2Vec provides two different training algorithms, CBOW (Continuous
bag-of-words) and Skip-gram. The main idea of CBOW is to represent a word in a cor-
pus by means of using its surrounding context of words (i.e., the words before and after
the target words). In contrast, Skip-gram uses a target word to predict its surrounding
words. In this presented research, I chose to represent each ingredient/flavour compound
with its surrounding ingredients/compounds in the recipes, thus the CBOW algorithm was
applied. In addition, CBOW was also found to be trained much faster than Skip-gram

Bhttps://scikit-learn.org/stable/modules/generated/sklearn.feature_extraction
.text.TfidfVectorizer.html
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(Mikolov et al., 2013). In order to eliminate the influence brought by the order of ingre-
dients and flavour compounds when applying Word2Vec, I sorted them alphabetically in
each recipe, as in (Rita et al., 2020). The word embeddings in this work were trained with
Gensim'® in Python, which is a free-available NLP toolkit. The hyperparameters required
for the process were fine-tuned as follows:

* size: it determines the dimensions of vectors for each word after training, I applied
the default value of 100 in this work, so that each ingredient was represented by a
100-dimensional vector;

* min_count: it regulates the minimum frequency of words that can be trained in the
model. To be specific, the default value of min_count is 5, which means, only words
that occur more than or equal to 5 times would be trained and represented by word
embeddings. In this work, I set the value as 1, in order to represent every ingredient
and flavour compounds in the datasets;

* window: it decides how many words around the target word are taken into consid-
eration when the model is training. I took the default value 5 in this work, which
means, for each ingredient/flavour compound in the recipe, the model learns its
embeddings by considering 5 ingredients/flavour compounds before and after it.

It is noted that Word2Vec only outputs vectors of the individual ingredients and flavour
compounds, while in this work, what I need is the representation of the recipes. In order to
deal with it, for each recipe with an ingredient list and corresponding flavour compound
list, I summed all word embeddings of ingredients/flavour compounds up and divided
them by the length of recipes in terms of ingredients/flavour compounds.

Finally, each recipe in the collections were finally represented by the TF-IDF and
Word2Vec vectors of ingredients and flavour compounds respectively.

4.5 Chapter Summary

In this chapter, online recipes from three popular Chinese, US and German portals were
gathered and selected as the proxies for the food cultures. Online recipe images and
flavour compounds corresponding to the ingredients were applied to represent the recipes
on the visual and flavour aspects. These vectors of food representations will be involved
into the empirical experiments in the following chapters.

https://pypi.org/project/gensim/
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Chapter 5

Cross-Cultural Food Classification and
Preferences on the Visual Aspects

5.1 Introduction

In the previous chapter, I explained how food images sourced from recipe portals can be
treated as proxies to represent the visual appearance of food. This chapter will present
empirical experiments on the visual appearance of food across cultures. The reviewed
literature in Chapter 3 suggestes that human online food choices can, to some extent, be
explained by visual appearance of the options. It suggests that it is promising to develop
food recommender systems with human food visual preferences. However, in previous
research involving food images for food recommendations, an important context factor
known to impact food choices, culture, has not been focused to be studied. Therefore, to
pave the way to apply food visual appearance in food recommender systems in a cultural
appropriate way, the experiments in this chapter are designed to address the issues raised
in Chapter 1 on the visual aspects, which are specified as follows:

* Issue 1. To what extent is it possible to differentiate the food across cultures based
on the visual representations of the recipes?

* Issue 2. To what extent is it possible to identify the differences and ascertain stable
patterns of food preferences across cultures based on the same visual representa-
tions?

The chapter is divided into two main parts, Study I and Study II, which correspond to
Issue 1 and Issue 2, respectively. Three distinct food cultures, China, US, and Germany
are selected to be studied, with the recipe images being sourced from the corresponding
recipe portals, Xiachufang, Allrecipes, and Kochbar. These images and data associated
with the recipes represent the visual appearance of food, and the food preferences of peo-
ple across the three cultures (as described in Chapter 4). The methodologies applied in
these two studies share many similarities. These are, firstly, classifiers are trained using
visual information encoded in the images. The performance being evaluated using the
accuracy score. Secondly, a user study is used to validate the best performing models by
comparing predictions made by the models to judgements collected from human partici-
pants from three countries.

44
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The chapter is structured as follows: Study I and Study II are presented in Sections
5.2 and 5.3, respectively. In the opening subsections, Section 5.2.1 and 5.3.1, an outline
of each experiment is given. To guide the studies, several research questions are raised
in these sections. Section 5.2.2 and 5.3.2 elaborate the research methodology, includ-
ing the machine learning approaches used to train classifiers, as well as the design and
justification of the user study. Section 5.2.3 and 5.3.3 provide the results of the studies,
the primary findings towards the research questions are presented in 5.2.4 and 5.3.4, with
their implications being discussed. Finally, the conclusions of Study I and Study II are
provided and summarised in Section 5.4.

5.2 Study I: Predicting Food Culture Based on Visual In-
formation

5.2.1 Study Outline

This study investigates the differences in how online recipes are presented in different
cultures. It does so by employing algorithmic methods. The datasets described in Chapter
4 contain the recipe images derived from Chinese, US and German recipe portals, which
assume to represent the food cultures of interest visually. By means of extracting visual
features from the recipe images and training models using these, a prediction task is for-
mulated to predict the source recipe portal for each image, and to answer the Research
Question as follows:

* RQI. To what extent is it possible to differentiate the recipe images from the recipe
portals of different food cultures with machine learning models based solely on
visual properties?

In addition, with the aim of developing food recommender systems for assisting hu-
mans to make food choices, it is important to know how people perceive food images.
Within this context, this study investigates how people perceptions vary across cultures.
Two further research questions guide the user study:

* RQ2. How able are humans to distinguish recipes from the recipe portals of differ-
ent food cultures solely by observing the recipe images?

* RQ3. Which factors, including information cues from the images and user proper-
ties, influence the judgements made by humans?

5.2.2 Methods

5.2.2.1 Classifying Recipes by Means of Visual Features and Machine Learning
Approaches

To establish the extent to which it is possible to use visual information to determine the
portal from which a recipe was sourced (the RQ1), I formulated the problem as a predic-
tion task whereby classifiers were trained to predict the source portal for each image. The
images were represented as a multi-dimensional vector by extracting 5,144 visual fea-
tures from each image as described in Chapter 4. The feature sets include EVF, Colour
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Histogram, LBP, BoVW and VGG16. I then built classifiers using each feature set in-
dividually and then all feature sets combined. Three supervised classification approaches
were applied: Naive Bayes (NB), Logistic Regression (LOG) and Random Forest (RF).
In this prediction task, the recipe collections that contain 25,000 recipe images from each
portal were applied as the data basis. In all experiments for this task, the data were
split randomly into training (70%) and test (30%) sets, with a 5-fold cross-validated Ran-
domised Search CV being applied on the training set to determine the optimal parameters
for LOG and RF. The performance of the classifiers was measured by accuracy (ACC).

5.2.2.2 The Classification Task by Means of Human Judgement

To establish human performance on the same task I designed a remotely deployed user
study and recruited participants located in China, US and Germany via crowd-sourcing
platforms and social media. The user study was hosted on a server owned by the Uni-
versity of Regensburg, Germany and in all cases accessed by means of an anonymised
URL. By recruiting participants from different cultures, I was able to investigate human
food choices vary across cultures. This section first describes the design of the study, then
presents the process of recruiting participants. Basic statistics about the participants are
also provided in this section. Finally, I illustrate the methods I applied to analyse the data
collected from this user study.

Study Design In the main part of the study, participants were shown images sourced from
different portals and were required to answer three questions with respect to each image.
On completing the study, participants provided demographic and other background infor-
mation. Participants were each shown nine images, three from each collection, one after
the other. All images were drawn randomly from the same test set used to evaluate our
classifiers (see Section 5.2.2.1). To increase the generalisability of the findings, I max-
imised the number of images used by assigning each image to only one participant. After
showing an image, participants were first asked to decide from which of the three recipe
portals the associated recipe was sourced. The study approach, the selection of the im-
ages, the questions asked, and their wording were tested in a small-scale pilot study prior
to performing these experiments.

Next, participants were asked to report, on a 5-point Likert scale, their confidence in
the label they assigned. In a final question, participants were able to select one or more
items from a list of factors that I believed may have been influential in their judgements.
These included factors relating to food, e.g., recognisable ingredients, type of food, food
colour and shape, as well as non-food factors, such as the food container, eating utensils
or their gut instinct. The reasons for focusing on these factors are that they are commonly
reported in the literature and reflect features of our classification approaches. More con-
cretely:

*» Ingredients: The ingredients of meals have been proven to vary from culture to
culture (L. Pan et al., 2017; J. Chen & Ngo, 2016). In the previous work, e.g.,
(Sajadmanesh et al., 2017), ingredients were commonly used to build food classi-
fiers and show great predictive power. In this user study, participants were allowed
to judge the source of recipes based on ingredients, and I can investigate whether
recognising ingredients was helpful for them to make the right judgements.
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* Type: Type refers to the dish type in this user study, such as Stir Fry, Pizza, Bread
etc. As known in (Kusmierczyk & Ngrvag, 2016), when food type is given, it is
helpful for algorithms in predicting food ingredients. I put the factor Type here to
see if food type has a positive influence for the participants in making the judge-
ments.

* Colour: Colour is often used to classify food automatically (Farinella et al., 2016)
and in this study correspond to the visual features of Colour Histogram. The colour
of food has also been proven to affect human perception of food, sometimes leading
to misrecognition (Spence et al., 2010; Appleton & Smith, 2016).

* Shape: This factor relates to the visual feature LBP. According to (Geirhos et al.,
2018), people rely on shape in classifying objects while algorithms focus on the
texture. Therefore, I put the factor here to see whether and to what extent human
make judgement about food based on it.

While the above listed factors all relate to the food itself, the remaining questions were
associated with supplementary factors, such as the food container, eating utensils, such
as cutlery or chopsticks, and instinct, which derived from the situation where participants
reported that they relied on their "feelings" to make judgements in the pilot study. These
factors were all reported by the participants as important during the pilot survey. Partic-
ipants could also list further factors in a free-text field. An example task and associated
questions are shown in Figure 5.1.

[Task 1/9]
Please have a look at the recipe image below and answer the questions:

[Question 1] Based on the image shown above, which portal do you think the recipe comes from?

The Chinese recipe portal: www.xiachufang.com
The US recipe portal: www.allrecipes.com

The German recipe portal: www.kochbar.de

[Question 2] To what extent do you believe this recipe comes from the following recipe portals?

The Chinese recipe portal: www.xiachufang.com

1 2 3 a4 5
(Completely Disbelieve) (Completely Believe)
The US recipe portal: www.allrecipes.com
1 2 3 4 5
(Completely Disbelieve) (Completely Believe)
The German recipe portal: www.kochbar.de

1 2 3 a
(Completely Disbelieve) (Completely Believe)

[Question 3] Which features of the image influenced your answers to Questions 1and 2?

ingredients of the food - color of the food - shape of the food
container of the food type ofthefood - eating utensils
instinct

other factors:(multiple answers should be separated by comma)

Figure 5.1: Screenshot of an example task from the user study in Study I



48 Chapter 5. Experiments on the Visual Aspects

After labelling the images, participants completed the study by answering 13 ques-
tions, which captured participant demographics as well as other information of interest.
The details are shown in Table 5.1.

Table 5.1: Demographics questions for the participants of the user study in Study I

Question Scale
Personal information
<18, 18-24, 25-34, 35-44, 45-55,

Age >55
Gender Male, Female, Other
Nationality Select from a drop-down list
Experiences with the recipe portals
Familiarity with each recipe portal Likert scale 1 (Not at all) — 5 (Very familiar)

Hardly use, At least once every three months, At least once
per month, At least once per week, Use on a daily basis
Settlement and travel experience
Never visited, I have been there once or a few times, I visit or
Experience in China have visited regularly, I have lived there for many months or
longer, I am a permanent resident
Never visited, I have been there once or a few times, I visit or
Experience in US have visited regularly, I have lived there for many months or
longer, I am a permanent resident
Never visited, I have been there once or a few times, I visit or
Experience in Germany have visited regularly, I have lived there for many months or
longer, I am a permanent resident
Never, Less than once per year, 1-2 times per year, More than
2 times per year
Interests in food/recipes from foreign cultures
Interest in food/recipes from other cultures Likert scale 1 (No interest at all) — 5 (Very interested)
Hardly ever, Less than once per month, At least once per
month, At least once per week, Most days
Free-text field Blank space left for all participants

Frequency of using recipe portals

Frequency of cross-continental travelling

Frequency of trying food/recipes from other cultures

Participants Recruiting The study was originally deployed on Amazon Mechanical
Turk!, a popular crowdsourcing platform, as a means to recruit participants restricted to
individuals from China, the US and Germany. To ensure participants performed reliably,
participation was restricted to only those who had a “HIT accept rate” of more than 98%
in their previous tasks. Participants were paid 50 Cent US dollar for their participation.
This approach quickly provided the sought-after 100 participants from the US, but after
several weeks only 57 German participants were recruited, and no Chinese participants
were found. To recruit German participants, I supplemented the sample by advertising via
university mailing lists (our institution is located in Germany) and social media via the
authors’ personal Twitter and Facebook accounts. I additionally deployed a Chinese ver-
sion of the study (where instructions and questions were translated to Chinese, as shown
in Appendix B) on the platform Wenjuanxing® and advertised this on the Chinese social
media channels Douban?, Xiaomuchong* and Wechat. Participants were reimbursed 1
Yuan for taking part. These approaches combined allowed 100 participants from each
country to be recruited. Figure 5.2 shows the distribution of the participants’ age (Figure
5.2 (a)) and gender (Figure 5.2 (b)) from each location. Participants who were located in

"https://www.mturk. com/
"https://www.wjx.cn/
3https://www.douban. com/
“http://www.xiaomuchong.com/bbs/


https://www.mturk.com/
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https://www.douban.com/
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Germany and China were younger than those in the US. This is because the participants
from Germany and China were recruited with the author’s personal social media account,
leading to most participants are at similar age (i.e., 25 - 34) to the author. Whereas the
participants from US were recruited from Amazon MTurk, in which only approximately
30% users under the age of 30 (Moss, 2020). In addition, the distribution of gender in
each country was also imbalanced. More males took part in the US and Germany, while
this trend is reversed in the Chinese sample.

China China
60 80
40 60
40
0 0
The US
60 The US 80
40 60
40
20 20
0 0
G Germany
erman

60 Y 80
60
40 40
20 20
0
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(a) (b)

Figure 5.2: Participant demographics in the user study of Study I. (a) Age distribution of
participants from each country. (b) Gender distribution of participants from each country.

Methods of Data Analysis After the collection phase was complete, the data were anal-
ysed in different ways. The classification performance of both the prediction models and
human judgements was measured in terms of accuracy (ratio of successfully made classi-
fications to total number of classification decisions, ACC). The performance of both the
prediction models and human judgements was visualised using confusion matrices. These
are useful since they help illustrate in which cases mistakes were made, as well as how
these were made (i.e., which labels were erroneously applied in which cases). Appropri-
ate inferential statistics were used to establish differences across groups (e.g., in terms
of gender, interest in food/recipe from foreign cultures, etc.). Binary logistic regression
analyses were applied to determine if participants’ answers related to demographics or
other factors and ordinal logistic regression models were built with the same factors, as
well as participants’ reported confidence in their labels. This provides an understanding
of which factors help predict confident decisions. Binary logistic regression was used
in cases where the dependent variable had two classes; ordinal logistic regression was
employed when the dependent variable was measured on an ordinal scale. I created nu-
merous different models using groups of feature sets as shown in the tables in appropriate
sections below.

Participant responses to free-text questions were analysed qualitatively using a bottom-
up, inductive approach. Responses were coded in duplicate, similar to related responses
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were grouped together, and the groups were collapsed until a hierarchical structure was
formed. I communicate the results in the form of a coding scheme and provide examples
to illustrate the most important codes.

5.2.3 Results

The results of the study I are reported in the following subsections to answer the research
questions that raised in section 5.2.1

5.2.3.1 Predicting the Origin of Recipes Based on Visual Features with Machine
Learning Approaches (RQ1)

Table 5.2 presents the performance of each classifier. The bottom line of the table illus-
trates that the recipe images from the three recipe portals are sufficiently visually distinct,
such that they can be classified by the algorithms with relatively high accuracy. When
using all the visual features available, all three classifiers offered accuracy (ACC) of ACC
= 0.73 or better, with the logistic regression model achieving the highest accuracy of ACC
=0.89. The DNN features offered the best predictive power while the BoVW was ranked
in second place. Single EVF offered the lowest accuracy, but nevertheless, all performed
slightly better than random (ACC = 0.33). Models utilising combined EVF offered im-
proved accuracy (ACC = 0.47 — 0.55). The performance of the remaining feature sets,
such as colour histogram and LBP, shows no significant difference with that of combined
EVFE

Table 5.2: Results for predicting which portal a recipe image belongs to based on different
visual feature sets. Best performing scores for each classifier are bold. NB = Naive Bayes;
LOG = Logistic Regression; RF = Random Forest.

Features Accuracy

NB LOG RF
EVF(Brightness) 041 041 042
EVF(Sharpness) 041 041 043
EVF(Contrast) 037 037 042
EVF(Colourfulness) 038 038 041
EVF(Entropy) 0.38 0.37 0.40
EVF(RGBContrast) 0.38 0.38 041
EVF(Sharpness Variation) 0.41 041 0.41
EVF(Saturation) 0.39 039 040
EVF(Saturation Variation) 0.39 0.38 0.41
EVF(Naturalness) 0.38 0.38 040
EVF(AII features) 047 054 0.55
Colour Histogram 043 052 054
LBP 048 0.52 0.52
SIFT 0.58 0.72 0.67
DNN 0.67 0.86 0.78

ALL Features 0.73 0.89 0.85
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Figure 5.3 shows the confusion matrix for the best performing model, illustrating
that the classifier was more accurate when identifying recipes from Xiachufang (ACC =
0.95) than classifying those from the other two (ACC = 0.86 and 0.85). The majority
of misclassifications for Allrecipes and Kochbar were labelled as belonging to the other
of these two classes, with very few being misclassified as Xiachufang recipes. In other
words, when applying the same algorithms and visual features to images, the recipes from
the Chinese recipe portals seem easier to differentiate.

In summary, the experiments show that it is possible to distinguish between the recipes
from different recipe portals of China, US, and Germany based solely on the proposed
visual features. Xiachufang recipe images appear to be more visually distinct with images
from the other two portals more likely to be confused.

Xiachufang

Allrecipes

True label

0.4

0.2
Kochbar

AIIre&ipes Kochbar
Predicted label

Xiach'ufang

Figure 5.3: Confusion matrix of the best performing classifier on the samples

5.2.3.2 Analysing Human Labelling Performance (RQ2)

As shown in Figure 5.4, human performance on the same food classification task was
markedly poorer. Figure 5.4 (a) presents the accuracy distribution over all 300 partici-
pants, with most achieving an accuracy of between ACC = 0.40 and 0.60; M = 0.49. Fig-
ure 5.4 (b) depicts how accuracy varied for participants from the three countries across the
different food portals. Performance for the Chinese and American participants was high-
est when they were tasked with classifying recipe images from their own country. Par-
ticipants from China were particularly accurate with Xiachufang recipe images, with the
accuracy ACC = 0.67. Participants from Germany, on the other hand, achieved a slightly
higher accuracy when classifying recipes from Xiachufang than images from Kochbar,
with the ACC = 0.55 and 0.54 respectively. For Chinese and German participants, recipes
from Allrecipes were the most difficulty to classify.

When comparing the performance of the human participants to those achieved by the
algorithms above (i.e., by examining the confusion matrices in Figures 5.3 and 5.5), it is
found that humans make choices biased in the same direction as those generated algo-
rithmically. Figure 5.5, which provides the confusion matrix of their judgements, indi-
cates that participants made more mistakes when classifying recipes from Allrecipes and
Kochbar. More than 30% of recipes from Allrecipes were labelled as being from Kochbar,
while 10% fewer were mistaken for recipes from Xiachufang. Participants behaved sim-
ilarly when classifiying the recipes from Kochbar. At the same time, more than half of
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the recipes from Xiachufang were classified correctly. The human judgements, therefore,
followed the same trend as those provided by the algorithms: the images from Xiachufang
seemed to be most visually distinct, whereas those from Allrecipes and Kochbar seemed
to be most similar.

2.5 i
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0.65 The US
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Figure 5.4: Human performance on food origin classification task. (a) Distribution and
mean value of participant accuracy. (b) Mean value and error bar for participants accuracy
for each recipe portal, grouped by participant origin.

Xiachufang

Allrecipes

True label

Kochbar

AIIreEipes Kochbar
Chosen label

Xiach'ufang
Figure 5.5: Confusion matrix of participants’ judgements

Participants from different locations displayed diverse degrees of confidence in each
recipe portal, as shown in Figure 5.6 (a). In general, participants reported higher confi-
dence when labelling recipes sourced from the country where they reside. This is partic-
ularly true for the participants from the USA and Germany. Moreover, both the German
and US participants reported least confidence when labelling images from Xiachufang.
The findings may shed light on cultural differences with respect to confidence, with the
Chinese exhibiting caution rather than confidence and the participants from the United
States exhibiting high confidence in their judgements other than for images from the Chi-
nese site.

Figure 5.6 (b) presents the correlation matrix for the confidence scores participants
applied to their labels for images sourced from different recipe portals. It demonstrates



Chapter 5. Experiments on the Visual Aspects 53

3.4 1.00
: Location of participants

3.3 China
The US Xiachufang 1 -0.28 -0.39 075
3.2 Germany

o]
831 0.50

c

830

E 20 Allrecipes-  -0.28 0.13 s
2.8
2.7 -0.00

2.6 Kochbar- -0.39 0.13

--0.25
Xiachufang Allrecipes Kochbar ) ‘
Recipe Portals Xiachufang  Allrecipes Kochbar

(a) (b)

Figure 5.6: Participant confidence in labelling recipe images across recipe portals. (a)
Mean value and error bar of participants when labelling the recipe images from different
recipe portals. (b) Correlation matrix for participant confidence.

that participants’ confidence in their labels for Allrecipes and Kochbar images correlated
positively (p < 0.05), while a negative correlation existed between the confidence in labels
for both western portals and Xiachufang images. This finding aligns with those described
above. It seems that when participants assumed a recipe originated from Xiachufang, they
then believed that it was unlikely to come from the other two recipe portals and vice versa.
In other words, participants believed recipe images on the western portals to look similar
to each other, but different to those from Xiachufang.

To summarise, in this section I have shown that participants’ performance in the la-
belling task was significantly poorer than the machine learning approaches in the previous
section. The analyses, moreover, reveal differences in the labels applied and the perfor-
mance of participants from different countries for images sourced from different portals.
Participants typically performed best and were more confident when labelling images
sourced from their home country.

5.2.3.3 Factors Leading to or Influencing Participants’ Judgements (RQ3)

In this section, I explore the labelling decisions made by participants in detail. I do this by
first looking at the visual features, which have been proved to be useful when predicting
the source of an image, to determine if the same information can help predict the labels ap-
plied by participants. Next, I examine the explanations participants gave for their choices
to understand how choices were made and/or biased, as well as to determine which, if any,
helped lead to a correct label being applied. Lastly, I examine how labelling performance
varied across different groups, which provides an insight into how demographic variables
can influence the way images of food are perceived.

Predicting Participant Label Based on Visual Features Table 5.3 presents the utility of
various visual components with respect to (a) predicting a recipe’s origin and (b) predict-
ing the label applied to the image by participants in the experiment. It is found in Table
5.3, firstly, the visual information features tell more about the actual source of a recipe
image than the label applied to it by the participants. The highest accuracy for image
source achieved was ACC = 0.84 with a combined feature set, which was slightly lower
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than with the full test set (see Section 5.2.3.1) achieved when attempting to predict par-
ticipant judgements. The best performance achieved an accuracy of ACC = 0.46, again
using all the visual features available. This is an initial indication that participants were
not using the same visual properties as the algorithms to make their decisions.

Table 5.3: Results for predicting which portal a recipe image belongs to based on different
visual feature sets and other factors. Best performing scores for each classifier are bolded.
NB = Naive Bayes; LOG = Logistic Regression; RF = Random Forest.

Accuracy
NB LOG RF
Recipe’s Participants’ Recipe’s Participants’ Recipe’s Participants’
Origin  Judgements  Origin  Judgements  Origin  Judgements

EVF(Brightness) 0.43 0.36 0.41 0.33 0.41 0.34
EVF(Sharpness) 0.41 0.36 0.43 0.37 0.44 0.36
EVF(Contrast) 0.37 0.34 0.37 0.34 0.35 0.34
EVF(Colourfulness) 0.41 0.34 0.40 0.34 0.40 0.34
EVF(Entropy) 0.38 0.36 0.38 0.36 0.39 0.36
EVF(RGBContrast) 0.37 0.34 0.38 0.35 0.37 0.35
EVF(Sharpness Variation) 0.42 0.36 043 0.36 0.42 0.37
EVF(Saturation) 0.42 0.32 0.42 0.34 0.41 0.34
EVF(Saturation Variation) 0.39 0.36 0.39 0.34 0.39 0.37
EVF(Naturalness) 0.39 0.36 0.40 0.36 0.40 0.34
EVF(All features) 0.50 0.38 0.56 0.38 0.55 0.38
Colour Histogram 0.37 0.34 0.49 0.36 0.54 0.38
LBP 0.47 0.38 0.50 0.38 0.51 0.39
SIFT 0.57 0.40 0.52 0.39 0.65 0.44
DNN 0.66 0.43 0.82 0.42 0.77 0.45
All Features(Visually) 0.69 0.43 0.85 0.43 0.84 0.46
Ingredients 0.34 0.35 0.34 0.35 0.34 0.35
Type 0.34 0.35 0.34 0.35 0.34 0.35
Colour 0.35 0.34 0.35 0.34 0.35 0.34
Shape 0.33 0.33 0.32 0.33 0.32 0.33
Container 0.34 0.36 0.34 0.36 0.34 0.36
Eating utensils 0.35 0.36 0.35 0.36 0.35 0.36
Instinct 0.35 0.36 0.35 0.36 0.35 0.36
All Factors 0.34 0.38 0.35 0.37 0.35 0.36

Participant Explanations for Labelling Choices The lower part of Table 5.3 demon-
strates how classifiers performed using the predefined explanations I provided to partici-
pants to justify their performance as features. As can be read from the table, none of these
features were helpful, either for predicting origin or the labels participants assigned. Most
likely this was because the explanations did not advocate for a specific class, e.g., some
utensils (for example, chopsticks) may have indicated Chinese food, whereas others may
have been a sign of a western dish. Table 5.4 shows the frequency with which the most
common factors and combination of factors were selected by participants to justify the la-
bels they applied. The ingredients featured in the image, type of food and the combination
of these two features were the most commonly reported as influencing decisions. These
findings underline that although participants were only presented with visual information
in the form of an image, the labelling choice was made based on a semantic interpreta-
tion of the image content. Moreover, in 127 cases participants reported making decisions
based on “instinct”, that is, a feeling that the recipe was sourced from a particular recipe
platform. Colour and shape — the two obvious visual properties listed — seem to have
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been supplementary factors, since, as shown in Table 5.4 and Figure 5.7, they were more
likely to be chosen with other factors rather than being chosen alone. Factors such as
container and eating utensil were selected least frequently, although it is important to note
that not every image contained a container or utensil.

Table 5.4: Top-10 factors or combination of factors indicated by participants to have
influenced the label applied

Factors Count Percentage
Ingredients, Type 226 84%
Type 226 84%
Ingredients 164 61%
Instinct 127 47%
Ingredients, Colour, Type 94 35%
Shape, Type 76 28%
Ingredients, Shape, Type 76 28%
Ingredients, Type, Instinct 75 28%
Ingredients, Colour 62 23%
Type, Instinct 62 23%
25%
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Figure 5.7: The percentage of the frequency with each factor being indicated by partici-
pants to have influenced the label applied

Free-Text Explanations Participants were also able to provide additional descriptions to
justify their decisions in their own words using free-text comments. A total of 14 partici-
pants from China, 33 from the US and 22 from Germany provided 166 such explanations,
which were analysed qualitatively in a bottom-up fashion as described above. Duplicate,
similar or related responses were grouped together, and the groups were collapsed until
a hierarchical structure was formed. The coding scheme for the factor is shown in Table
5.5.
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Table 5.5: Coding scheme for factors reported by participants

Categories of factors N! Description

Examples?

Adjective 24

Participants left single adjective to describe

the food in the recipe image

GE_967 good
US_98: healthy

Participants reported how the food

CH_30: Chinese dish is generally not so ugly

Food Style 26 looks like in the recipe image US_85: Plate design
factors GE_1: Size of the food
Participants reported at least one CH_10: There is rice
Ingredients 17 ingredient they have seen from the US_95: The egg on top looks like oriental food.
recipe image GE_58: Contains coriander and Chili?
Cooking l?artlc}pants reg)rtf: dhow to cook the CH_13: Production methods, it’s barbecue
methods food in the recipe image
Participants reported the letters, CH_42: "J&A" is Chinese character
Text 49 characters or water markers, etc. US_77: German writing
they have seen from the recipes images GE_64: Date format: 19.02.2013 is German
. Participants described the objects or CH_30: Stairs
Object/ . .. .
Backeround setting on the recipe image instead US_55: Newspaper
£ of the food itself GE_31: Kitchen utensils
Non-food Participants described the photographic CH_51: A popular filter was used
factors  Photo 9 and post-processing of the recipe image US_72: Angle of the photo, light in the photo
instead of the food itself GE_39: Bad lightning
Personal Participants reported their own experience US_5: I know this type of food
experience with the food in the recipe image CH_41: It seems like I've eaten this
.. CH_41: It could com from any portal
Participants left comments but offer .
Unknown 18 Lo . US_3: not sure what type of food that is
deficient information .
GE_96: nothing
Note:

! Column N indicates how many times this kind of factors were reported by the participants.
2 Column Examples indicated the id of participants and the comments they left.
3 Participant’s id comprised by their location (CH:China, US:the US, GE: Germany) and a number.

Two high-level categories were discovered: food-based and non-food-based. Non-
food factors included watermarks, commonly used date formats for specific countries, or
objects or background aspects surrounding the pictured meals, which helped the partici-
pants make judgements.

Both food and non-food factors featured aesthetic dimensions, which may be related
to the visual aspects represented in the machine learning features. Comments categorised
with Adjective, Style or Photo were somehow related to visual aspects. Several partici-
pants described the recipe images aesthetically and treated photography as the basis for
judgements, e.g., "Angle of the photo, light in the photo" (US_72). On the other hand,
other justifications required abstraction or reflection of the images to derive semantic
properties, including what ingredients a meal contains, how it is cooked, how it may
taste, whether it is healthy etc. Some participants even reported how their personal ex-
periences with this kind of food influenced the label they assigned. All of these factors
underline how the participants” knowledge and background influenced or biased the label
they applied.

The free-text comment box was occasionally used by participants to explain their
uncertainty. I assigned these cases most often to the category “Text”. After examining the
images in these cases manually, I found that they all originated either from Xiachufang
(see Figure 5.8 (a)) or Kochbar (see Figure 5.8 (b)). Most of the texts were added with
post-processing, as shown in Figure 5.8 (a), the uploaders tagged the recipes with the dish
names or their usernames. While the brands on the food packages reveal the information
related to recipes’ origins, like the images on the left of Figure 5.8 (b), those brands are
common in German supermarket but rare in the other two countries. Texts offer concrete
information for humans, and as such the accuracy of participants in such cases increased
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to ACC =0.94.

(b)

Figure 5.8: Examples of images with text. (a) images with Chinese characters from
Xiachufang.com. (b) images with German Characters from Kochbar.de.

Factors Leading to Correct Classification Choices To determine which factors aided
participants classify recipes correctly, I developed further logistic regression models. To
do so, cases where labels were assigned correctly were given a value of 1 and cases where
an incorrect label was given, 0. This value was then used as the dependent variable in the
analysis. The predictors (independent variables) were the predefined explanatory factors
described above. The results are shown in Table 5.6.

Table 5.6: Logistic regression model of participant judgements

Dependent variable
Correct/Wrong Answer

coef(B) 95% CI1 OR
Constant -0.192 [-0.364,-0.020] 0.825
Ingredients 0.069 [-0.085,0.223] 1.071
Type 0.184* [0.031,0.338] 1.202*
Colour 0.031 [-0.134,0.196] 1.031
Shape -0.063 [-0.229,0.102] 0.939
Container 0.013 [-0.170,0.196] 1.013
Eating Utensils  0.394**  [0.132,0.657] 1.483**
Instinct 0.008 [-0.163,0.178] 1.008
McFadden R? 0.004
Log Likelihood -1863.5
AIC 3743

ekok

Note: * p< 0.05; ™ p< 0.01; ™ p< 0.001.

Only food type and eating utensils were proven to have a significant (p < .05) influ-
ence on participants’ ability to label images correctly. I must acknowledge, however, the
fit of the model is not particularly strong, as indicated by the low R? value. That being
said, when participants reported noticing eating utensils, prediction accuracy increases
from ACC = 0.48 to ACC = 0.57. The increase is especially pronounced for recipes from
Xiahucfang where accuracy increases from ACC = 0.53 to ACC = 0.75. To exemplify
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why performance increases in such cases, recipes with eating utensils originating from
Xiachufang are shown in Figure 5.9. These were all classified correctly by our partici-
pants; the traditional Chinese eating utensil chopsticks are obvious in the images, which
increases the probability of participants labelling correctly.

e i

i

Figure 5.9: Examples of images with eating utensils from Xiachufang.com

In a next step, I investigated whether the same factors had an influence on participant
confidence that they were labelling images correctly. For this ordinal regression models
are used, one model per collection, the results of which are shown in Table 5.7.

Table 5.7: Ordinal regression models of predicting participant confidence for images as-
sociated with each recipe portal

Dependent Variable
Confidence on Xiachufang Confidence on Allrecipes Confidence on Kochbar
coef(f) 95% CI1 OR coef(fB) 95% CI OR  coef(B) 95% CI OR
Ingredients 0.009 [-0.126, 0.145] 1.009 -0.098  [-0.233,0.038] 0.907 -0.220** [-0.356,-0.839] 0.803*
Type -0.294%#*  [-0.430,-0.158] 0.745*** -0.030 [-0.167,0.105] 0970  -0.031  [-0.167,0.104] 0.970
Colour 0.156* [0.009, 0.302] 1.168*  -0.147* [-0.294,-0.000] 0.863* -0.102  [-0.249,0.044]  0.903
Shape 0.010 [-0.137, 0.156] 1.010 -0.145  [-0.292,0.001] 0.865  -0.004  [-0.151,0.142]  0.996
Container 0.241*%*  [0.078,0.405]  1.273**  -0.011 [-0.172,0.151] 0.990  -0.143  [-0.306,0.020]  0.867
Eating Utensils ~ 0.365**  [0.123,0.608]  1.440** -0.258* [-0.489,-0.027] 0.772* -0.177  [-0.413,0.060] 0.838
Instinct -0.208**  [-0.306,-0.057] 0.812** -0.198* [-0.349,-0.047] 0.820* -0.093  [-0.245,0.060] 0.912
MacFadden’s R2 0.006 0.003 0.002
Log likelihood -4256.70 -4248.05 -4233.68
AIC 8535.41 8518.09 8489.36
Note: * p<.05; ™ p<.01; ™" p<.001.

The first thing to observe is that different features are found to be helpful for different
collections. Type, Container, Eating Utensils and Instinct were useful predictors for con-
fidence when Xiachufang were to be judged; for Allrecipes, Colour, Eating Utensils and
Instinct were significant features; and, for Kochbar only the presence of Ingredients was
found to be a significant feature.

The only features with positive coefficients, i.e., features that when present increase
participant confidence, were found in the model for Xiachufang. When a participant re-
ported the presence of a Container or Eating Utensil on average this increased their con-
fidence in the label applied. The remaining significant features were indicators, which
reduced confidence. In other words, acknowledging the presence of certain ingredients
in a recipe from Kochbar tended to lower confidence in the assigned label on average. |
also noted that while the presence of Eating Utensils increased confidence for Xiachufang
recipes, the trend was the opposite for images from both other collections. Moreover,
when participants reported making a decision based on Instinct in all three collections
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this resulted in lower confidence ratings on average, which makes sense.

Varying Performance across Participant Groups To understand if participant demo-
graphic information influenced their ability to determine the portal from which a recipe
originated, I examined how the accuracy of participants’ judgements varied on each recipe
portal depending on how they answered the post-experiment questionnaire. Table 5.8
presents the results, revealing that participants with different ages and genders behaved
differently when judging recipes’ origins. Younger participants (< 35) achieved higher
accuracy when labelling recipes from Xichufang (ACC = 0.59 vs. ACC = 0.49) but they
performed significantly worse than older participants in labelling Allrecipes (ACC =0.41
vs. ACC = 0.52). I must interpret the findings regarding age cautiously, though. As the
sample age distribution in the samples varies across countries, it is very possible that the
effects found relating to age are simply a consequence of participants being best able to
identify foods sourced from the portal in their home country. Female participants achieved
higher accuracy on Xiachufang (ACC =0.61 vs. ACC =0.51), while they underperformed
compared to male participants on Kochbar (ACC = 0.44 vs. ACC =0.51).

An additional question invited the participants to share their travel experiences and
experiences of each country. This allows me to understand whether the classification de-
cisions participants made varied according to their experience of being in the other coun-
tries. Analysing the data revealed that accuracy did not increase as a result of frequent
cross-continental travel. People who had lived in a country for a longer time were, how-
ever, significantly better able to classify the recipes from the portal of that country. Other
observations include that participants who had spent time in China were more accurate
when labelling recipes from Allrecipes, whereas those with more experience of the US
were less accurate when labelling Xiachufang images. Less surprisingly, being familiar
with the recipe portal influenced the accuracy of judgements. Participants who reported
being more familiar with Allrecipes provided significantly more accurate judgements on
recipes from this portal. Familiarity with Xiachufang and Kochbar, on the other hand, had
no significant influence on the accuracy of images from these portals. Participants unfa-
miliar with Allrecipes and Kochbar were better at judging the recipes from Xiachufang.

Participants who reported being interested in food or recipes from foreign cultures
achieved higher accuracy overall. Similarly, those participants who reported trying food
from other cultures were also more accurate in the labelling task.

The analyses in this section have shown that it was not only the participants’ culture
that influences the labels that they applied. Individual traits and personal experience also
played a role in the labels that were assigned, and the accuracy achieved.

5.2.4 Summary and Discussion
5.2.4.1 The Primary Findings

* RQI. The classification results of algorithms demonstrate that images of food up-
loaded to recipe portals in China, US, and Germany are visually distinct. The recipe
images derived from the recipe portals representing these food cultures can be clas-
sified by the visual features. Almost all the image features tested provided some
useful signal for this food classification task, the strongest being provided by DNN.
Overall, the images from the Chinese recipe portal were labelled most accurately,
with recipe images from the US and German portals more likely to be confused.
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Table 5.8: Pairwise comparison of accuracy from different groups based on demograph-
ics. Only attributes with significant results are reported.

Overall Accuracy Accuracy Accuracy
Accuracy on Xiachufang on Allrecipes on Kochbar
Mean(+/- std) Mean(+/- std) Mean(+/- std) Mean(+/- std)
Gender
Male 0.49(+/-0.17) 0.51(+/-0.29) 0.44(+/-0.28) 0.51(+/-0.30)*
Female 0.50(+/-0.18) 0.61(+/-0.28)**  0.46(+/-0.28) 0.44(+/-0.31)
Age
Age <35 0.50(+/-0.18) 0.59(+/-0.29)**  0.41(+/-0.27) 0.50(+/-0.30)*
Age > 35 0.48(+/-0.17) 0.49(+/-0.29) 0.52(+/-0.27)*** 0.50(+/-0.30)
Experience of each Country (China)
Never visited - been there a few times 0.49(+/-0.17) 0.51(+/-0.29) 0.47(+/-0.27)* 0.49(+/-0.29)
Visit regularly - permanent resident 0.50(+/-0.18) 0.63(+/-0.28)***  (0.41(+/-0.29) 0.45(+/-0.31)
Experience of each Country (The US)
Never visited - been there a few times 0.49(+/-0.18) 0.61(+/-0.29)***  0.39(+/-0.28) 0.49(+/-0.31)
Visit regularly - permanent resident 0.48(+/-0.17) 0.47(+/-0.27) 0.53(+/-0.26)***  0.46(+/-0.30)
Experience of each Country (Germany)
Never visited - been there a few times 0.48(+/-0.18) 0.56(+/-0.27) 0.46(+/-0.28) 0.43(+/-0.31)
Visit regularly - permanent resident 0.50(+/-0.17) 0.55(+/-0.31) 0.43(+/-0.28) 0.54(+/-0.29)***
Familiarity with each recipe portal (Xiachufang.com)
Not familiar(< 2 on likert scale) 0.51(+/-0.17)**  0.55(+/-0.29) 0.46(+/-0.28) 0.52(+/-0.29)***
Familiar(> 3 on the likert scale) 0.46(+/-0.17) 0.57(+/-0.31) 0.42(+/-0.28) 0.39(+/-0.31)
Familiarity with each recipe portal (Allrecipes.com)
Not familiar(< 2 on likert scale) 0.50(+/-0.17) 0.62(+/-0.28)***  0.40(+/-0.28) 0.50(+/-0.29)
Familiar(> 3 on the likert scale) 0.48(+/-0.17) 0.48(+/-0.28) 0.50(+/-0.27)***  0.46(+/-0.31)
Familiarity with each recipe portal (Kochbar.de)
Not familiar(< 2 on likert scale) 0.50(+/-0.17) 0.58(+/-0.28)* 0.44(+/-00.28) 0.48(+/-0.30)
Familiar(> 3 on the likert scale) 0.48(+/-0.18) 0.50(+/-0.32) 0.46(+/-0.28) 0.48(+/-0.31)
Interests in food from foreign cultures
Not interested(< 2 on likert scale) 0.41(+/-0.23) 0.46(+/-0.28) 0.33(+/-0.33) 0.45(+/-0.39)
Interested(> 3 on the likert scale) 0.50(+/-0.17)*  0.56(+/-0.29)* 0.46(+/-0.27)* 0.48(+/-0.30)
Interests in recipes from foreign cultures
Not interested(< 2 on likert scale) 0.45(+/-0.23) 0.50(+/-0.27) 0.37(+/-0.33) 0.47(+/-0.34)
Interested(> 3 on the likert scale) 0.50(+/-0.17)*  0.56(+/-0.29) 0.46(+/-0.27)* 0.48(+/-0.30)
Frequency of trying recipes from other cultures
Once per month 0.48(+/-0.18) 0.58(+/-0.29)* 0.41(+/-0.28) 0.46(+/-0.29)

Once per month CT: the same once per month  0.50(+/-0.17) 0.52(+/-0.29) 0.49(+/-0.27)**  0.50(+/-0.32)**

Note: * p< .05; ™ p< .01;

sk

p< .001.

RQ2. Humans are less able to perceive the visual difference of food sourced from
Chinese, US, and German recipe portals. The evidence suggests that, unlike the ma-
chine learning approaches, humans abstract or interpret the visual features to derive
semantic features, such as the ingredients a meal contains or how it may taste. As
this process is based on personal knowledge or experience, the act of classification
becomes biased, which evidently negatively influences accuracy. When humans
made classification errors, however, the trend in their mistakes was the same as for
the machine learning approach. Specifically, for the participants, the recipes orig-
inating from the Chinese recipe portal are the easiest to be identified based on the
images, while recipes from the US and German portals tend to be confused. The
confidence levels associated with the labels applied to confirm that the participants
were aware of this trend.

RQ3. The collected data from the user study shed the light on which factors influ-
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ence participants’ judgement on the origins of food. In general, participants classi-
fied recipes from the portals of their culture more accurately and confidently than
the participants from other cultures. The evidence suggests that familiarity with the
food cultures and the recipe portals play a role in the process. In addition, partici-
pants reported several features of the images as being influential when making their
decisions although some justifications were more useful than others. For example,
the obvious visual clues in the recipe images, such as colour, and shape of food
were less important than the ingredients present and the type of dish. The results
show that if the participants recognised the dish type from the image, it was more
likely that they made the right choice. Moreover, participants were able to improve
their performance by identifying factors in the image which had nothing to do with
the food itself but offered discriminative power. Eating utensils, such as cutlery or
chopsticks, or text being present in the image were prominent examples. These se-
mantic interpretations of the recipe images were biassed by human personal knowl-
edge and experience, such as the experience and interests of the relevant culture
(e.g., residence or travel), and familiarity with the recipe portals.

5.2.4.2 Implications of Study I

The algorithmic results have shown that the food from different cultures is sufficiently
visually distinct such that they can be differentiated by a combination of visual features
automatically extracted from the recipe images.

The Chinese-sourced recipe images were more visually distinct than those from US
and German portals, which were harder to distinguish visually. These findings are in line
with those from previous work, such as in (Sajadmanesh et al., 2017), in which the food
originated from North America and Western Europe was easier to be misclassified than
that from Chinese when ingredients were used to train the models.

The findings from participants’ responses to the questions on the user study underlined
that the way people perceive images of food differs fundamentally based on different
factors. The primary factor revealed was the participant’s country of residence, which
was discovered in this study to directly influence the labels applied to images. While this
study did not study food preference directly, the findings do have consequences for the
development of food recommendation systems since familiarity with food - and visual
familiarity in particular - is strongly related to food preference (Aldridge et al., 2009;
Heath et al., 2011). The foods people find desirable - and to what extent they are willing
to try something new - are tightly bound to their cultural upbringing and to physical and
emotional reactions to food experiences in the past (Aldridge et al., 2009), but also depend
on individual traits, such as openness to experience (Tan et al., 2016), which are exactly
corresponding to the demographic factors shown in this study, familiarity with the recipe
portals and interests in food and recipes from foreign cultures.

This reinforces the need for food recommender systems to model and account for con-
textual variables when making personalised food recommendations, and culture should be
taken as a dimension of them. There have been several successful examples of incorpo-
rating culture with other demographic factors into music recommendations (Schedl et al.,
2015), but no equivalent research exists for the recommendation of food.

The results of Study I have shown how visual cues differ across culture and how partic-
ipants’ cultural backgrounds influence their judgement in food origin classification tasks.
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However, in order to develop a cultural-aware food recommender system, it is important
to know what people from different cultures would like to eat. Building on this, Study
IT in the next section will explore whether similar cross-cultural differences are present
when users apply subjective labels to recipes. A similar experimental setup is planned
to, firstly, investigate the food visual preference within and across cultures with machine
learning approaches, the same visual feature sets as in this study will be exploited; and
secondly, another online survey will be employed to collect data on participants’ subjec-
tive impression of recipe images (e.g., their attractiveness, how willing the participants
are to cook and eat them, etc.). This would complement the findings on the visual aspects
of food presented in Study I nicely, and would offer concrete utility with respect to the
design of food recommendation systems.

5.3 Study II: Predicting Food Preferences Based on Vi-
sual Information

5.3.1 Study Outline

In previous work (Elsweiler et al., 2017; Trattner et al., 2018), visual properties such as
EVF has been proven to be able to predict user food preferences. The evidence suggests
that preferred foods are visually distinct from non-preferred foods. In (A. D. Starke et al.,
2021), the authors found preferred food images to differ in terms of EVE. However, the
previous work was limited to specific food cultures, meaning that whether food prefer-
ences differ across cultures remains unclear. Study II is designed to address this problem.
In addition, in order to suggest appealing food for people in the situation where they move
between cultures (e.g., when travelling or emigrating), this study is anticipated to ascer-
tain commonalities in visual food preferences across cultures. With the aim in mind, the
study starts by algorithmically identifying food preferences within each food culture with
visual features applied in Study I, before a transfer learning strategy is applied to deter-
mine stable patterns of visual food preferences across cultures. Two research questions
are raised to guide the experiments:

* RQla. To what extent is it possible to use visual information to differentiate the
appreciated and less appreciated recipes within each food culture with machine
learning approaches?

* RQIb. To what extent is it possible to ascertain stable patterns of visual food pref-
erences across cultures using the same machine learning approaches?

Moreover, a user study is designed and performed, with the aim of investigating how
participants from different food cultures (i.e., China, US, and Germany) perceived food
images across recipe portals subjectively. The response from participants is used to val-
idate the models derived during the analyses with machine learning approaches but can,
moreover, answer the following questions:

* RQ2a. Which factors, derived from recipe images, influence the food choices of
human users in different food cultures?

* RQ2b. Is it possible to ascertain the visual features that help identify food prefer-
ences across food cultures?
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5.3.2 Methods

5.3.2.1 Intra and Inter - Cultural Food Preferences Prediction Based on Visual
Features by Means of Machine Learning Approaches

To determine if it is possible to distinguish between appreciated and less appreciated
recipes in each collection (RQIa), 1 formulated the problem as a binary classification
task. The data basis for this study were formed by the sample of 5,000 images from
each collection, of which 2,500 from the top-10% and 2,500 from the bottom-10% based
on the appreciation metric (as described in Chapter 4). Firstly, each image was repre-
sented by extracted automatically visual features. Here I applied the same features used
in Study I, which include Explicit Visual Features (EVF) - Brightness, Sharpness, Con-
trast, Colourfulness, Entropy, RGB contrast, Variation in Sharpness, Saturation, Varia-
tion in Saturation and Naturalness, VGG16 embeddings, LBP, Colour Histogram and
BoVW calculated from descriptors of SIFT (Scale Invariant Feature Transform). Each
recipe image was transformed into a 5,144-dimensional vector. Using these representa-
tions the classifiers were trained for recipes from each collection with the appreciation
metric used as the target value. I trained the classifiers with each feature set individually
and eventually with all features combined, three supervised machine learning approaches:
Naive Bayes (NB), Logistic Regression (LOG) and Random Forest (RF) were applied.
In all experiments the data was split randomly for training (70%) and testing (30%), and
the Randomized Search CV was utilized on the training sets to determine the optimal pa-
rameters with a 5-fold cross-validation for LOG and RF. The prediction accuracy (ACC
of the classifiers was measured to indicate the performance of the classifiers. After that,
in order to answer RQ1b, I identified the classifiers with the highest ACC for each collec-
tion and tested their predictive ability on the other two collections. The process is shown
in Figure 5.10. This offers a chance to establish if the same visual features are effective
across the respective cultures.

5.3.2.2 Design of the User Study

To further validate the prediction task findings and determine if the patterns identified are
representative of cross-cultural visual food preferences beyond the food-portal users, a
controlled online study was designed and performed. 150 participants from each of the
three countries, recruited via crowd-sourcing platforms and social media, were asked to
rate various aspect of recipe images from all three platforms.

Study Design The study consisted of three parts. In the first, participants were tasked
with ranking sets of three recipe images (one from each portal selected based on the
classifier outputs - see below) that were presented side by side according to how appealing
they found the recipes. I refer to these groups as triplets. Participants were able to rank
recipes via a drag and drop interface as illustrated in Figure 5.11. After ranking the
images, 19 follow-up questions were answered to learn about how participants justified
the rankings they derived. This process was repeated for three sets of recipe images
(triplets). The final part of the study invited participants to complete a questionnaire
capturing demographic and other background information.
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Figure 5.10: The process of applying the best performed classifiers for each collection and
testing their predictive ability on the other two collections. Taking the classifier trained
on the Xiachufang collection for example, the classifiers was trained on the training set of
Xiachufang collection, then it was applied to predict whether the recipes are appreciated
or less appreciated in the test sets of Allrecipes and Kochbar collections.

Food Appreciation Survey

Please rank the recipe images according to how appealing you find the recipes are. You can do this by dragging them into
the corresponding grey boxes below. You can click Redo ranking to rerank them and click Continue (I am done with my
ranking) to the next page. If for any reason you cannot differentiate the recipes in this group, pleas click Continue
(cannot establish a ranking).

Redo ranking Continue (cannot establish a ranking) Continue (I am done with my ranking)

Figure 5.11: Screenshot of an example task from the user study in Study II

Sampling Strategy for The Recipe Images As described above, recipes were shown
to the participants in groups of three. The recipe images used in the study were selected
from the top-10% and bottom-10% of recipe images in terms of appreciation from each
recipe portal, which were used to train the classifiers. Moreover, the groups of recipe
images had to meet 2 further conditions. To minimise the influence of other, non-visual
factors on participant judgments, I grouped recipes that were from the same category
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(Main Dish) and were similar in terms of the contained ingredients. Using the same
approach as in (Elsweiler et al., 2017), recipes were represented by TF-IDF weights of
ingredients, whereby the cosine similarity between every two of them were calculated.
Then recipe pairs with similarity was within top 1% were chosen to form a triple. This
step ensured that the recipes to be ranked were comparable. That is, the main ingredients
were the same e.g., chicken and noodles.

The final condition for grouping related to the outcome of the classifiers. The best
performing appreciation classifiers for each culture were applied to the images, leading to
three predicted appreciation labels for each recipe image (i.e., one for each culture). To
achieve sufficient variation in our data I removed recipe triplets where all three recipes
assigned the same label by any one of the classifiers. I, moreover, filtered the triplets,
such that no recipe image featured in multiple groups. Eventually there are 30 triplets
sampled from each recipe collection, leading to 270 recipe images (3 images * 30 triplets
* 3 recipe portals) for the user study. Finally, to achieve stable rankings for the triplets for
each food culture, the experiment was designed such each was ranked by five participants
from each country.

Questionnaire After ranking each recipe image triplet the participants were required
to answer 19 questions that offer insight into their decisions. These were inspired by
the literature on the factors influencing human food choice and could be observed from
the recipe images. I grouped the factors into four key dimensions as four main factors:
appearance, perceived flavour, health and familiarity. More detailed sub-dimensions ques-
tioned participants on several supplementary factors are shown in Figure 5.12 and justified
below:

* Appearance - The appearance of food is well established to influence food choice.
I focus on three prominent aspects in this study: Colour, presentation and texture.
Colour - People are known to form preference of food with certain colours. For
example, food with more red brightness (Foroni et al., 2016) or with chromatic
colours (Lee et al., 2013) tends to be preferred. Yellowy and brown foods are often
perceived negatively (Palmer & Schloss, 2010). Moreover, colours are associated
with expectation of flavors (Spence et al., 2010). For example, white food is consid-
ered to be salty, while green food is perceived to be sour (Wan et al., 2014). Some
principles of colour mixture have been shown to be stable across food cultures. For
example, in (Zampollo et al., 2012), humans prefer dishes containing 3 or 4 mix-
ing colours; yet preferences for colour palettes vary across cultures. It is shown in
that the typical preferred colour palette of an Austria’s combines brown and beige,
in Britain it tends to be red, white and green (Pyszne, 2021). Presentation - The
way food is presented on a plate, referred to as plating, can influence how food
is perceived in terms of attractiveness (Michel et al., 2015). For example, dishes
presented in a neat and balanced manner, are perceived to be tastier and more ex-
pensive (Michel et al., 2014). Beyond the food itself, the tableware utilized can be
influential with respect to perceived aesthetics quality of food (Piqueras-Fiszman et
al., 2012). Texture - The make up of food, such as proteins, carbohydrates, water
and oils, determine the food texture (Vilgis, 2013), which can be described as hard,
soft, rough, creamy, crumbly, crispy etc. Such characteristics can be perceived
in images of food (J. Chen, 2007) and offer people a means to prejudge how the
food will feel in their mouths (Martinez et al., 2002; Montouto-Graiia et al., 2002).
Quality of image - As the recipes and recipe images are user provided on the food
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portals, their quality in terms of lighting and composition various considerably. Im-
age quality can certainly contribute to the way an image is perceived (Ding et al.,
2019; Khosla et al., 2014). For this reason, I asked the participants to evaluate the
quality of images in terms of resolution and lightning.

Perceived taste - Taste has been stated to be the most prominent determinant of
human food choice (Ahn et al., 2011; Liem & Russell, 2019). Humans instinctively
pursue food that they perceive to be tasty (Chamoun et al., 2018). As with texture,
visual cues allow the taste of food to be predetermined. For instance, certain colours
are linked to specific tastes, such as the relationship between redness and sweet,
ripened foods (Maga, 1974). In this user study, participants were queried with
respect to their perception of four basic tastes by asking them to judge how salty,
sweet, sour and bitter they expect the dish in the image to be. These four basic
tastes were noted by Aristotle 2,000 years ago but I utilise these on account of their
reliability and continued wide use in food science (N.-E. Choi & Han, 2015). I
decided to exclude umami, the fifth basic flavour (Lindemann et al., 2002), since
people have difficulty recognising this dimension and it is regularly confused with
salty in European countries (Cecchini et al., 2019) and the US (Ninomiya, 2015).
Instead, I included spiciness, a stimulating oral sensation (Spence, 2018), in the
survey. Spicy food has the additional advantage that it can be found in diverse
cuisines with spices causing "spiciness", such as capsicum being used widely all
over the world (Spence, 2018).

Perceived health - Food is necessary to sustain human life and although a healthy
diet is an efficient way to minimise disease and maximise vitality (Organization
et al., 2019), for diverse reasons humans often tend to prefer fatty and calorific
meals, which are often perceived to as unhealthy foods (Elsweiler et al., 2017).
Again, visual attributes can be indicators of the healthiness of food. For example,
food colour has been found to be a good signal for perceiving nutrients, such as
foods with darker colours are perceived to be nutritive (Bender, 1981). However,
due to the wide application of artificial colours on food, determining the nutritional
contents relying solely on colour is unreliable (Foroni et al., 2016). That being said,
from images alone, people are not particularly effective in predicting the nutritional
properties of food (Elsweiler et al., 2017). To determine to what extent visual-
perceived nutrients influence human food choices, I questioned users about their
perception of several macronutrients. I chose energy, fat, sugar, fibre and protein
which form the basis of are of World Health Organization (WHO) and the UK
Food Standards Agency (FSA) standards and have been used in previous recipe
evaluations (Elsweiler et al., 2017; Howard, Adams, & White, 2012).

Familiarity - Exposure to specific foods in childhood can prevent food neopho-
bia and enhance human acceptance and willingness to try new foods (Aldridge et
al., 2009). People prefer to eat food originating from their own or similar cul-
tures (Silva et al., 2014; Sajadmanesh et al., 2017). However, the attitude towards
food from foreign cultures can be positively influenced via increased exposure (Seo
et al., 2013). People from different cultural backgrounds tend to react differently
when shown familiar food (Torrico et al., 2019). For these reasons, I questioned
participants on their familiarity with the dish in the images.



Chapter 5. Experiments on the Visual Aspects 67

- Salty

Colour -

- Sweet
Texture -

- Sour

Appearance AT TETE S L Spicy Taste
- Bitter
- Eating
Health Experience Familiarity

- Cooking
Experience

Figure 5.12: The main factors and their corresponding supplementary factors

Participants I recruited the participants from China, US and Germany by means of
major survey and crowd-sourcing platforms in the different countries. To recruit partic-
ipants from the US I used Amazon Mechanical Turk (MTurk)’. To help ensure serious
participation, I only invited the workers located in US at that time with more than 98%
"HIT accept rate’. German participants were recruited from another crowd-sourcing plat-
form, Prolific®. Again, to ensure reliable performance, I restricted participants to those
with more than 95% approval rate in Germany. To attract Chinese participants, the study
was translated into Chinese (see Appendix D) and deployed via the platform Tencent
survey’. Additional advertising was done on Chinese social media channels including
Wechat and Douban®. The participants were compensated financially for their participa-
tion in line with the guidelines and norms for the platforms. MTurk participants received
1 US dollar, prolific participant received 1.25 Euro and Chinese participants received a
5-Yuan Wechat red packet. Using these methods I was able to recruit 150 participants
from each country. The distribution of the participant age and gender is shown in Figure
5.13. Most of our participants in China and Germany are between 25-34 years old, while
in the USA, the participant’s age is slightly older. The situation is similar to that of the
user study in Study I and results from the same reason. The number of male participants is
more than the female in the USA and Germany, while the Chinese sample is more gender
balanced.

Analysis of Survey Outcomes I analysed the collected image rankings and questions
answers with the joint aims of identifying stable patterns in cross-cultural visual food
preference and identifying influential factors in mind.

* Factors influencing human rankings To verify to what extent factors associated
with the 4-dimensions (appearance, taste, health and familiarity) influenced how
participants ranked the recipe images, I built ordinal regression models. A one-
way ANOVA and a Tukey’s HSD post-hoc test was performed to identify the most
influential factors. Moreover, I derived ordinal regression models for each factor
that was found to significantly influence the ranking. This allows me to identify
supplementary factors.

Shttps://www.mturk. com
®https://www.prolific.co/
"https://wj.qq.com/
$https://www.douban. com
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Figure 5.13: Participant demographics in the user study of Study II. (a) Age distribution of
participants from each country. (b) Gender distribution of participants from each country.

* Selecting appreciated and less appreciated recipe images across cultures Each

triplet of recipe images was ranked by 5 participants from each country. Rank posi-
tions were transformed to scores, i.e., 1st rank = 3 points, 2nd rank = 2 points, 3rd
rank = 1 point. These scores were then averaged for each recipe, grouped by the
participants’ country of origin. For each triplet, the recipe image with the highest
average score as appreciated and the one with the lowest score was not appreci-
ated. There were triplets, for which images received the same average scores. If
there were two images with the same score which was higher than the remaining
recipe, then these two images were both marked as appreciated, while the other
one marked as less appreciated. In the case where triplets containing two images
with same score that was lower than the remaining image, then these were taken as
less appreciated and the other was marked as appreciated. Triplets where all three
images were scored equally (n=1) were not used in the final analysis. Taking this
approach allowed me to create a dataset of recipes that were judged to be either
appreciated and not by participants from three food cultures. As a next step, I com-
pared the score of each recipe images across cultural contexts and selected those
which were appreciated and not appreciated by all three food cultures.

Comparative analyses of appreciated and less appreciated recipes across food
cultures After establishing this data basis, I used various techniques to learn about
the visual characteristics of food preferences across different cultures. Specifically,
I represented each recipe as a vector consisting of the same automatically extracted
visual feature as used in the machine learning tasks, and generated image grids in a
2D space by means of t-SNE, a popular approach used for visualizing images in a
low-dimensional space, such as in (Yang et al., 2015).

In a next step, I established if the visual features, applied in the prediction task,
could help describe the cross-cultural visual food preferences. A comparative anal-
ysis began with a wilcoxon singed-rank test on the EVF features. While for other
high-dimensional visual feature sets, including VGG16, Colour Histogram, LBP
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and BoVW based on SIFT, they were used to calculate how similar the appreciated
and less appreciated recipe images across cultures, respectively. The similarity of
recipes were then compared to see to what extent human visual food preferences
align across cultures. Different methods for calculating the images similarity were
applied for the different feature sets. For VGG16 and BoVW, I used cosine simi-
larity, which is widely used in image retrieval, such as in (D. Zhang & Lu, 2003).
For the histogram-based features, such as Colour Histogram and LBP, I measured
the similarity by comparing the distribution of the histograms. The calculation was
done by applying compareHist in OpenCV?. In addition, to understand whether the
visual appearance of preferred recipes display a more similar pattern, I compared
the similarity of images within groups of each other. The groups studied included:
(a) the identified appreciated recipes across cultures, (b) the identified less appreci-
ated recipes across cultures, (c) recipe images in (a) and (b), (d) all candidate recipe
images in this user study.

5.3.3 Results

5.3.3.1 Identifying Intra- Cultural Visual Food Preference with Machine Learning
Approaches (RQ1a)

The first analysis investigates the extent to which it is possible to differentiate appreciated
and less appreciated recipes using the extracted visual features within each collection.
The performance of all classifiers in Table 5.9.

Table 5.9: Result for identifying the appreciated and less appreciated recipes in each
recipe portal with different visual feature sets. Best performing scores for each classifier
are bold. NB = Naive Bayes; LOG = Logistic Regression; RF = Random Forest.

Xiachufang Mean Accuracy | Allrecipes Mean Accuracy | Kochbar Mean Accuracy
Features NB LOG RF | Features NB LOG RF | Features NB LOG RF
EVF(Brightness) .55 .54 .56 | EVF(Brightness) 52 .50 .52 | EVF(Brightness) 50 49 .50
EVF(Sharpness) 59 .60 .61 | EVF(Sharpness) 52 .52 .53 | EVF(Sharpness) 52 49 .50
EVF(Contrast) 55 .54 .54 | EVF(Contrast) 53 49 .55 | EVF(Contrast) 51 50 .50
EVEF(Colourfulness) 53 .53 .52 | EVF(Colourfulness) 55 .54 .58 | EVF(Colourfulness) S50 .51 49
EVF(Entropy) 51 48 .51 | EVF(Entropy) .52 .56 .56 | EVF(Entropy) 49 48 49
EVF(RGBContrast) .55 .55 .55 | EVF(RGBContrast) .53 .50 .54 | EVF(RGBContrast) 51 50 .53
EVF(Sharpness Variation) .59 .62 .61 | EVF(Sharpness Variation) .52 .50 .53 | EVF(Sharpness Variation) .50 .49 .49
EVF(Saturation) .57 .59 .58 | EVF(Saturation) .54 .55 .56 | EVF(Saturation) 51 .51 .50
EVF(Saturation Variation) .47 .47 .51 | EVF(Saturation Variation) .55 .55 .55 | EVF(Saturation Variation) .48 .49 .51
EVF(Naturalness) 54 56 .56 | EVF(Naturalness) 55 .56 .56 | EVF(Naturalness) 49 52 51
EVF(ALlI features) 59 .64 .64 | EVF(All features) 56 .59 .58 | EVF(AI features) S50 51 53
Colour Histogram .53 .61 .63 | Colour Histogram 51 .58 .62 | Colour Histogram S50 52 54
LBP 57 .60 .59 | LBP .56 .58 .58 | LBP S50 51 sl
BoVW 54 51 .55 | BoVW 57 .53 .60 | BovW 53 54 55
VGGI16 59 62 .66 | VGGI6 58 .56 .64 | VGGI6 55 57 .60
All Features 59 .62 .67 | All Features 59 .56 .65 | All Features S5 57 .60

The bottom row in Table 5.9 demonstrates that the classifiers are able to identify ap-
preciated and less appreciated recipes in the three recipe portals with an average accuracy
of 64%. This underlines that visual information extracted from recipe images can help
explain which recipes are preferred for each food culture. Comparing the classifiers with
the highest accuracy on each data collection reveals that the accuracy of Kochbar (ACC
= .60) collection is slightly lower than that of Xiachufang (ACC = .67) and Allrecipes

‘https://docs.opencv.org/3.4/d8/dc8/tutorial_histogram_comparison.html
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(ACC =.65), suggesting that the visual characteristics of appreciated and less appreciated
recipes in Kochbar are not so pronounced as in the other two recipe portals.

Almost all visual feature sets show positive predictive power for this task (ACC >
.50). Notably, when compared with other individual visual feature sets, the VGG16 em-
beddings provide the highest accuracy for the classifiers in all collections. Moreover,
VGG16 embeddings achieve similar performance to all features when combined in a sin-
gle model. Other feature sets exhibit varying abilities across the collections. For example,
the performance of combined EVF is higher on Xiachufang collection than on the others.
Colour Histogram offers an accuracy close to that of VGG16 embeddings on Xiachufang
and Allrecipes collections, but on Kochbar, there is a relatively large gap in the accuracy
achieved by these two feature sets. The performance of the remaining features, LBP and
BoVW, show no significant differences across the collections, while these do not achieve
as strong a performance as VGG16 embeddings, these features perform better than one
would expect by random chance, i.e., the features do contain a useful signal.

Overall, it is possible to distinguish between the appreciated and less appreciated
recipes in all three recipe portals with the feature sets extracted from the recipe images.
However, the accuracy of the classifiers in this study suggests that predicting appreciated
recipes with visual features is a more challenging task than identifying the food origin of
the recipe as shown in Study I.

5.3.3.2 Identifying Stable Patterns of Visual Food Preferences Across Cultures (RQ1b)

Building on the outcomes of the previous analyses, I selected the classifier with the high-
est accuracy for each collection, and tested its ability to identify appreciated recipes in the
other two collections. Figure 5.14 shows the results. The results show that the Xiachufang
classifier performs well only when classifying the recipes in its own collection, but very
poorly (worse than random) in the other two collections. The Allrecipes and Kochbar
classifiers, in contrast, both perform best when they are used on their own recipe im-
ages, perform reasonably on each others’ recipe images (better than random), but perform
poorly on the recipes sourced from Xiachufang.

Xiachufang Allrecipes Kochbar
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Figure 5.14: The classifier with the highest accuracy for each collection and their perfor-
mance on the other two collections

These results hint that the same visual signals can be applied across cultures, at least
between the Allrecipes and Kochbar collections. The visual food preference learned from
these two collections to Xiachfuang do not transfer. These findings align with the results
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of recipe origins prediction task revealed in study I, which shows recipes in Xiachufang
to be more visually different compared to those in the other two recipe portals.

In summary, I found the possibility of ascertaining stable patterns of visual food pref-
erences across cultures. In the next step, I designed a user study to investigate whether the
overlaps of visual food preferences exist based on participant perception of the recipe im-
ages. In addition, I also investigated which factors derived from recipe images influencing
food choices, and whether any of these factors apply across cultures.

5.3.3.3 Factors Derived from Recipe Images that Influence Participant Food Pref-
erences (RQ2a)

In this section, I explore how factors derived from the recipe images influence food pref-
erences as determined by the rankings applied to recipe images. I started by analysing
participant responses to establish how the four key dimensions, i.e., appearance, taste,
health and familiarity, influenced the rankings. In a next step, I identified the most sig-
nificant factors among the four main factors, and examined how these interact with their
corresponding supplementary factors. For example, whether participant perception of the
colour, presentation, texture of food and the quality of food images influence their ap-
preciation of the visual appearance of food? This offers the potential to see whether the
detailed features derived from the recipe images also apply across cultures.

The Influence of the Four Main Factors on the Ranking of The Recipe Images Table
5.10 presents the association between the Likert-scale values for the four main factors
and the rankings of the recipe images. This was done by means of an ordinal regression
model. Appearance and taste are observed to be the two consistently significant factors in
influencing the recipe ranking, irrespective of the participants’ cultural background. As
one would expect, the coefficient indicates that recipes reported to be visually appealing
and tasty were more likely to be ranked higher. Health, in contrast, had a negative impact
on the rankings provided. The influence, however, is only significant (p < 0.01) for
participants from US and Germany. This finding aligns with past food recommender
research (Elsweiler et al., 2017; Harvey & Elsweiler, 2015), which uncovered overall
preferences for unhealthier (mainly fattier) food. Lastly, the results show that irrespective
of food culture, experience with eating or cooking the depicted foods did not influence
the rankings provided.

Table 5.10: Association between participants’ rankings on recipe images with the four
main factors

Dependent variable

Ranking from Ranking from Ranking from
the Chinese participants the US participants the German participants
coef(f) 95% CI OR coef(f) 95% CI OR coef(f3) 95% CI OR
appearance -0.87#** [-1.02,-0.73] 0.42%** -0.59%** [-0.72,-0.46] 0.55%** -0.99*** [-1.13,-0.86] 0.37***
tastes -0.65%** [-0.82,-0.48] 0.52%** -0.65%** [-0.79,-0.50] 0.52%** -0.41*%** [-0.56,-0.26] 0.67***
health 0.31 [-0.10,0.16] 1.03 0.21#**  [0.10,0.33] 1.24%**  (0.13* [0.00,0.26] 1.14%*
experience of eating 0.02 [-0.11,0.16] 1.02 0.06 [-0.10,0.22] 1.06 -0.13 [-0.32,0.05] 0.88
experience of cooking  0.012 [-0.11,0.15] 1.02 0.02 [-0.13,0.16] 1.02 -0.02 [-0.19,0.16] 0.98
Mc Fadden RA2 0.23 0.18 0.23
AIC 2292.84 2455.82 2287.18

Participants’ self-reported reliance on the factors to rank the recipe images are shown
in Figure 5.15 (a). It was found that, the participants, regardless of their cultural back-
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ground, reported appearance and taste of food as the most influential factors when they
are ranking the recipes. Furthermore, the result of the statistical analysis with one-way
ANOVA and post-hoc test (Figure 5.15 (b-d)), revealed that there was no significant dif-
ference between participants’ reported influence of appearance and taste. This suggests
that participants believe the appearance and taste of food play an equally important role
in ranking recipes, and this applies across cultures. Interesting result can be found when
relating the outcomes of the regression model to participants’ self-report. For example,
appearance and taste did influence participant rankings on the recipes and they are aware
of it. On the other hand, participants claimed familiarity influenced their choices, but
in fact, whether they are familiar with the food did not influence their rankings, signifi-
cantly. However, the perceived healthiness significantly influences the rankings from US
and German participants, but they do not really realise its impact.
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Figure 5.15: Factors which are indicated to have impact on participants’ food choice be-
haviours (a) Influence of the factors (means and std. errors). (b) Pairwise comparisons
of the influence of the factors from Chinese participants’ self-reports. (c) Pairwise com-
parisons of the influence of the factors from US participants’ self-reports. participants’
choices. (d) Pairwise comparisons of the influence of the factors from German partici-
pants’ self-reports.

The analyses presented in this section have revealed commonalities in the ranking and
justifications provided by participants from different cultures. These are mainly illustrated
in participants’ reliance on their subjective visual impression of the recipes and how they
will taste.

Factors Influenced Participant Perceptions of Recipe Images on Different Dimen-
sions In the previous subsection, three of the four main factors were shown to influence
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the rankings of recipes significantly. These were, namely, appearance, taste and health.
In order to determine whether there are commonalities in the perception of recipe images
on the three dimensions across cultures, additional ordinal regression models were ap-
plied to reveal the relationships between the three main factors and their corresponding
supplementary factors. The results are shown in Table 5.11 - 5.13.

First, with respect to visual aesthetics (shown in Table 5.11), for participants from
all food cultures, all the visual supplementary factors are shown to exhibit significant
positive influence on their perception of the visual appearance of recipe images. This
indicates that, the more positively people perceive the colour, presentation, texture of the
food and the quality of the images, the more visual appealing the recipe images to them.

Table 5.11: Association between the visual appealing perceived by participants with the
visual factors

Extent of visual appealing

The Chinese participants

The US participants

The German participants

coef(f) 95% CI OR coef(f3) 95% CI OR coef(f) 95% CI OR
colour 1.04%%% [0.86,1.23] 2.84*** 1.05%** [0.89,1.21] 2.85%** (0.97*** [0.81,1.13] 2.64%**
presentation 0.61%** [0.44,0.79] 1.85%*%* 1.00%** [0.84,1.16] 2.72%** [.16%** [0.99,1.34] 3.20%**
texture 0.83*** [0.65,1.01] 2.29%*%* 1.67*** [0.52,0.82] 1.95%*%*% 0.78%** [0.62,0.94] 2.18***
quality 0.86*** [0.71,1.02] 2.37#%* 0.74*** [0.58,0.90] 2.10%** 0.95%** [0.79.1.12] 2.60%***
Mc Fadden R? 0.43 0.44 0.48
AIC 2410.50 2369.57 2183.70

The sub-dimensions of perceived taste and their relationship to the overall perception
of tastiness is more complicated (shown in Table 5.12). Overall, only "spicy" and "bitter"
have significant impact in all cultures. These two dimensions play opposite roles in in-
fluencing participants’ ratings regarding the perceived tastiness of the food in the images.
Specifically, foods considered to be spicy were generally rated as being tastier, whereas,
foods perceived to be bitter tended to be rated lower. The remaining taste dimensions
only affected overall taste rankings in some cultures. For example, foods perceived to be
salty or sweet were rated more positively by US and German participants, yet these did
not significantly influence the Chinese ratings of food tastes. Perceived sourness only had
a negative impact on German participants’ evaluations.

Table 5.12: Association between the tasty extent of recipes perceived by participants with
the five tastes

Extent of tasty
The US participants

The Chinese participants The German participants

coef(B) 95% CI OR coef(B) 95% CI OR coef(B) 95% CI OR
salty 0.03 [-0.08,0.14] 1.03 0.15%%  [0.05,0.25]  L.17#%  0.12*%*  [0.00,0.24]  1.13%*
sweet 0.03 [-0.07,0.14] 1.04  041%%  [0.30,0.53] 1.50%F% 026%%  [0.14,0.38] 1.30%%*
sour -0.07  [-020,0.07]  0.94 -0.12  [-0.26,0.02]  0.89  -0.26%%% [-0.39,-0.12] 0.77%%*
spicy 0.28%%*  [0.18,0.39]  1.33%%F (36%**  [0.26,0.47] 1.44%kx  052%%F  [042,0.62] 1.68%%*
bitter -0.46%#%  [-0.63,-0.30] 0.63%%* _0.46%** [-0.59,-0.33] 0.63%** -0.35%%% [-0.49,-0.21] 0.70%**
Mc Fadden R? 0.01 0.04 0.04
AIC 3900.83 3975.39 3943.24

Finally, I show the association between participants’ ratings on healthiness of food
and certain nutrition contents in Table 5.13. The model’s coefficients indicate, for all food
cultures, the recipes that appear to be highly calorific and high in fat contents were rated
to be unhealthy. In contrast, high protein and fibre are good signals for healthy recipes.
These findings suggest participants across cultures show a common understanding when
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identifying healthy recipes. Nevertheless, there is one nutrition content, sugar, shows a
difference between participants from US and other two cultures. Chinese and German
participants considered recipes with more sugar are unhealthy, but US participants show
no such tendency.

Table 5.13: Association between the health of recipes perceived by participants with the
nutrition contents

Extent of healthiness

The Chinese participants The US participants The German participants
coef(P) 95% CI OR coef(f) 95% CI OR coef(B) 95% CI OR

energy -0.21%*  [-0.36,-0.05]  0.81**  -0.53%*%* [-0.69,-0.38] 0.59*** -0.59%*%* [-0.75,-0.44] 0.55%**
fat -0.50%**  [-0.65,-0.36] 0.60%** -0.55%** [-0.69,-0.41] 0.58*** -0.67*** [-0.82,-0.52] 0.51%**
protein 0.35%**  [0.24,0.47]  1.43%  0.57*¥*  [0.46,0.67] 1.76%** 0.48***  [0.37,0.59] 1.62%**
sugar -0.15%#*  [-0.25,-0.04] 0.86%** 0.06 [-0.05,0.16] 1.06 -0.21%%  [-0.34,-0.09] 0.81%*
fiber 0.75%**  [0.64,0.86]  2.12¥** 0. 72%%*  [0.62,0.83] 2.06*** 0.53%%*  [0.42,0.64] 1.70%**
Mc Fadden R? 0.11 0.15 0.15

AIC 3286.87 3312.83 3104.64

In this section I have demonstrated how and to what extent different dimensions, espe-
cially the visual appearance, taste and health of food influenced the ranking and perception
of recipe images by participants from different cultural backgrounds. I found that most
of the factors I listed had significant impact on the rankings and apply across cultures.
This suggests that cross-cultural commonalities exist when perceiving the recipe images.
These may, in turn, lead to similar visual food preferences, as revealed by the algorithms
in section 5.3.3.2. In the next section, I identify the appreciated and less appreciated recipe
images across cultures according to participants’ rankings, and investigate the character-
istics of these images by comparing the visual features, which have been employed to
train the classifiers.

5.3.3.4 Visual Features of Stable Food Preferences Across Cultures (RQ2b)

Using the participants’ recipe image rankings, I was able to identify 77 from 270 can-
didate recipe images, which show a common rating across cultures. 38 recipe images
(appreciated recipes) were highly ranked by the participants from China, US and Ger-
man, and 39 (less appreciated recipes) were ranked poorly by them. A t-SNE image grid
of these recipes is shown in Figure 5.16.

These two groups of images display obvious differences in visual sense. A compara-
tive analysis of EVF of images in Figure 5.16 (a) and 5.16 (b) help to explain the visual
differences between the appreciated and less appreciated recipe images. The results are
shown in Table 5.14. I compared the basic statistics of the EVF of the images, including
the min, max, median and the mean values, and reported the p-values and effect size (r)
in the last two columns to show whether the differences of the EVF between these two
groups of images are significant. It was found that, almost all EVF, except for brightness,
are significantly different. Specifically, the mean values of almost all EVF are higher in
appreciated recipe images than in less appreciated ones. The differences are indicated
particularly significant on the Saturation Variation (Mean = 0.17 vs 0.13; p < 0.001; r =
0.44), entropy (Mean = 0.95 vs 0.91; p < 0.001; r = 0.42), colourfulness (Mean = 0.25 vs
0.20; p < 0.01; r = 0.36) and naturalness (Mean = 0.87 vs 0.77; p < 0.01; r = 0.34).
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Figure 5.16: t-SNE image grid of (a) appreciated recipe images of all three food cultures
(b) less appreciated recipe images of all three food cultures.

Table 5.14: EVF statistics and comparative analysis

Feature Appreciated Recipe Images Less Appreciated Recipe Images p-value r
Mean(£Std.) Min. Median Max. Mean(xStd.) Min. Median Max.

Brightness 0.50(x0.11)  0.29 0.51 0.70 0.51(x0.12) 022 0.51 0.76  >0.1 0.00
Sharpness 0.25(¢0.14) 0.05 0.20 0.61 0.18(x0.12) 0.03 0.15 0.68 <0.01%** 0.30°
Contrast 0.06(x0.02) 0.02 0.05 0.13  0.05(x0.03) 0.01 0.04 0.14 <0.1* 0.26°
Colourfulness 0.25(x0.07) 0.14 0.25 044 0.20(x0.07) 0.06 0.20 038 <0.01%** 0.36°°
Entropy 0.95(x0.04) 0.79 0.96 1.00  0.91(x0.05) 0.78 0.91 0.98  <0.001#** (.42°°
Sharpness Variation 0.33(x0.19) 0.16 0.33 093 0.30(x0.19) 0.05 0.26 097 <0.1* 0.27°
Saturation 0.27(£0.12) 0.08 0.24 0.53  0.22(x0.12) 0.04 0.19 0.58 <0.1* 0.22°
Saturation Variation 0.17(x0.04) 0.09 0.17 0.28 0.13(x0.05) 0.03 0.12 0.28  <0.001#** (.44°°
RGBContrast 0.19(x0.07) 0.04 0.19 043  0.15(x0.09)0 0.02 0.13 044 <0.1* 0.25°
Naturalness 0.87(x0.10) 0.65 0.89 1.00  0.77(x0.14) 0.46 0.79 1.00  <0.01** 0.34°°

In a next step, [ measured the similarity of recipe images that represent human visual
food preferences by applying the visual features, including VGG16, Colour Histogram,
LBP and BoVW. The outcomes are shown in Figure 5.17. The appreciated recipe images
(group (a)) are more similar than the less appreciated ones (group (b)) in all cases (p
< 0.001). Moreover, compared to the images in other groups, i.e., the similarity of (c)
the identified appreciated and less appreciated recipes across cultures (n = 77), (d) all
candidate recipe images (n = 270) in this user study, the similarity of the appreciated
recipes are significantly more visually similar (p < 0.001) in terms of all visual features
except LBP. This finding suggests that the cross-cultural appreciated recipes tend to be
visually similar instead of different.

The images studied in this section - those rated consistently across all three collections
- demonstrated the existence of common visual food preferences. 1 have highlighted the
obvious visual differences between appreciated and less appreciated recipe images and
validated these statistically using EVF.
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Figure 5.17: Distribution and Comparison of recipe images similarity based on different
visual features

5.3.4 Summary and Discussion

In this section, I first summarise the findings from Study II with respect to the research
questions raised in section 5.3.1. Afterwards, I discuss the findings in the context of the
literature and with respect to food recommender system development.

5.3.4.1 The Primary Findings

* RQIa. For the food cultures studied in this work, i.e., China, US and Germany, it
is possible to identify the appreciated and less appreciated recipes with algorithms
based on the visual features extracted from the online recipe images. However, the
ACC (at best 67%) of the classifiers suggests that predicting food preferences with
recipe images is a challenging work.

* RQIb. By means of transferring the classifier with the highest accuracy to each
collection, I found the classifier trained on Allrecipes can make useful predictions
for Kochbar collection and vice-versa. The Xiachufang, nevertheless, is an outlier.
The classifier trained on the Chinese recipes performed well only this collection and
very poorly on the other two collections. The other two classifiers were also unable
to achieve high accuracy on Xiachufang collection. However, the results hinted that
stable patterns may exist in visual food preferences across cultures.

* RQZ2a. Three of the four main factors, i.e., appearance, taste and health perceived by
the participants, have influenced participants’ food preferences significantly. Some
of these, such as appearance and taste, have comparable impact on rankings of
recipe images across cultures. Specifically, the more the participants were satisfied
with the appearance and taste they perceived from the images, the more they were to
rate the recipes highly. In addition, participants can realise the impact of appearance
and taste when they are ranking the recipe images. Health, however, influenced the
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rankings of users only from US and Germany significantly. Recipes perceived to be
healthier were ranked lower by these participants. Nevertheless, these participants
did not consider health when ranking the images. The investigation of the associa-
tion between the three main factors and their corresponding supplementary factors
also revealed a common tendency in perceiving the recipe images across cultures,
which might lead to similar visual food preferences and support the presence of
stable patterns revealed by the algorithms.

* RQO2b. 1 identified 77 recipe images indicating human visual food preferences
across cultures, of which 38 are appreciated and 39 are less appreciated. I showed
obvious visual differences between these by displaying them in a two-part im-
age grid. A followed-up comparative analysis of EVF uncovered that the cross-
cultural appreciated images generally have higher values of all EVF with exception
to brightness. This is a strong indication that the EVF is the set of visual features
that can help identify food preferences across food cultures. Moreover, in terms of
other visual features, i.e., VGG16, Colour Histogram, LBP and BoVW, the appreci-
ated recipe images across cultures are more similar than those are less appreciated,
suggesting the visual food preferences across cultures tend to be similar rather than
different.

5.3.4.2 Implication of Study II

There are several contributions of this study. The first one is to show that it is possible
to predict if the online recipes are appreciated or not using only information contained
within their corresponding images. The work was motivated by previous findings includ-
ing those of Trattner and colleagues who reported the importance of visual aspects in food
choices (Elsweiler et al., 2017; Trattner et al., 2018), but also the challenging nature of
predicting which foods will be chosen (Trattner & Elsweiler, 2017a). Building on works
that have uncovered the involvement of visual signals in food choices and applied the
discovered knowledge in food recommender systems (A. D. Starke et al., 2021; Yang et
al., 2017), 1 examine these aspects in detail to determine the important role the visual
appearance plays and learn how similar (or different) this is across cultures. The contri-
bution of this study lies not only in that I demonstrate that visual information contained
in recipe images can be used to predict food preferences in all the cultures studied, but
also that visual preferences transfer, in the case of Germany and the US, across cultures.
To the best knowledge of the author, this is the first work with these findings in the food
domain. Although most of previous research, such as (Cantarero et al., 2013; Ahn et al.,
2011; Zhu et al., 2013; Kim & Chung, 2016; Sajadmanesh et al., 2017), emphasises how
preferences vary between cultures, this study reveals stable patterns in visual preferences
across culture. Building on this finding, I offer a new perspective in developing cross-
cultural food recommender systems, that is, taking the knowledge I have regarding the
visual food preferences in one food culture and applying it to another. The benefits of
being aware of and employing this approach are analogous to those brought by transfer
learning (S. J. Pan & Yang, 2009).

A second contribution, provided by this study, was that I am able to recreate the same
patterns as the naturalistic data despite participants providing ratings from images both
from their own culture and others, which was not the case in the original data. This pro-
vides us with increased confidence that would generalise to large samples. These findings
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suggest the future work should be done to model and transfer human rating behaviours
in the domain of food preferences within a multi-cultural context. Other work, such as
from (Li et al., 2009) and colleagues, has explored the comparable idea applying transfer
learning to cross-domain collaborative filtering problems with good results on benchmark
datasets. In the food domain, however, this method has not been explored. The results of
this study are promising, but should be validated with larger datasets.

The findings in the study also have implications for the visual nudging of food choices.
Trattner and colleagues (Trattner et al., 2018) have shown that the low level visual fea-
tures, i.e., EVF in this study, are important features in predicting popularity of recipes.
Consistent with those findings, I have also shown the predictive power of these features in
classifying recipes with different appreciation. More than that, the comparative analysis
in Section 5.3.3.4 makes the visual patterns of appreciated recipe images across cultures
clear. In this analysis, all the EVF with exception to brightness were significantly higher
in the set of appreciated recipes. Such visual biases can be used to nudge healthier food
choices, as Elsweiler (Elsweiler et al., 2017) and Starke (A. D. Starke et al., 2021) have
proven. I have demonstrated that the visual biased hold across cultures, which not only
speaks for the generalisability of past work, but is promising for the feasibility of develop-
ing cross-cultural food recommender systems that promoting healthier eating habits. For
example, my finding once again reveal the paradox of health and human food choices. As
has been noted in past work, humans tend to like, consume and share unhealthy, but attrac-
tive food (Holmberg et al., 2016). It seems that, on the recipe portals, healthy foods are
neither attractive on the eye, nor look palatable enough on average for users to choose.
This finding from this study is promising in terms of improving visual appearances of
healthy food online, such as modifying the unattractive recipe images by increasing their
EVF to make these more visually appealing and more likely to be chosen consequently.

Study II focused on food preference on the visual aspect, nevertheless, participants’
responses to several questions relating to food flavours have revealed the importance of
flavours in influencing human preferences. In addition, the association between human
perceived tastiness and tastes of food have suggested the possibility of identifying stable
patterns of food preference across cultures on the flavour aspects. Empirical experiments
will be designed to validate whether stable patterns exist on the flavour aspects in Chapter
6.

5.4 Chapter Summary

This chapter has studied one aesthetic aspect of food, the visual aspect, especially focused
on the visual differences of food across cultures, and that of food with different appreci-
ation levels. Experiments with machine learning approaches and user studies have been
designed and conducted. The experiments by means of machine learning have proven the
existence of visual differences of food vary across cultures and between appreciated and
less appreciated recipes. The user studies have been designed to collect human judge-
ments, which have been compared to the outcomes from the classifiers, and additionally
revealed more information about human food visual perception that are helpful for the
development of food recommender systems.

In Study I, the performance of the classifiers provides an answer to the first issue that
was raised in section 5.1, that is, the recipes across cultures can be differentiated based on
the representation of the food relating to visual appearance with algorithms. Human an-
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notators, on the other hand, performed much worse in perceiving the visual cultural food
differences. Further analyses on participants’ responses in the user study have revealed
the reasons for human participants’ poor performance in labelling the recipes images. The
reasons, for example, is that the participants’ labelling behaviours are influenced by their
past experience and knowledge, which are shaped by their cultural upbringings. This
finding suggests that it is necessary to take the context-related factor, culture, into consid-
eration when developing food recommender systems, in order to provide more culturally
acceptable food recommendations.

In Study II, the visual food preferences have been detected within and across the cul-
tures. In addition to detecting the visual preference patterns of food within each culture,
this study has ascertained stable patterns of visual food preference across cultures. In
addition, by investigating the visual features of recipe images that identified as appreci-
ated and less appreciated recipes across cultures, commonality of visual food preferences
across culture has been further underlined. Findings from Study II indicate the promise of
developing cross-cultural food recommender systems with visual information. The next
chapter will investigate similar problems of food on the other aesthetic aspect of food,
1.e., flavour.



Chapter 6

Cross-Cultural Food Classification and
Preferences on the Flavour Aspects

6.1 Introduction

The previous chapter focused on the visual aesthetics of recipes, in this chapter, I in-
vestigate cross-cultural food differences and similarities in human food preferences with
respect to flavour. The aim is to shed light on how to develop food recommender systems,
which exploit flavour information. To make the results comparable with those of exper-
iments on the visual food appearance, the recipe collections, i.e., Xiachufang collection,
Allrecipes collection and Kochbar collection are still employed as the proxies of Chinese,
US and German food cultures. The issues raised in this chapter corresponding to those in
Chapter 5, which are listed below:

» Issue 1. To what extent is it possible to differentiate the food across cultures based
on flavour representations of the recipes?

» Issue 2. To what extent is it possible to identify the differences and ascertain stable
patterns of food preferences across cultures based on the same flavour representa-
tions?

These two issues are addressed by means of machine learning approaches with recipes
represented by flavour compounds, comparable to those presented in the previous chap-
ter. Unlike the experimental methodology in Chapter 5, no user study is performed as a
validation step. The practicalities of having participants actually code and taste food to
ascertain flavour make such an approach on a large scale infeasible. Instead, recipe ingre-
dients are used to train models, which are used as a baseline. This provides a means to
establish the power of flavour information in differentiating recipe origins and predicting
food preferences, since ingredients have proven to be discriminative across cultures, and
classifiers trained with ingredients have achieved reasonable accuracy in cuisine predic-
tion tasks (Su et al., 2014; Kim & Chung, 2016; Sajadmanesh et al., 2017). The issues
are correspondingly formulated as the following research questions:

* RQI. To what extent is it possible to differentiate recipes from the recipe portals of
differentiate food cultures with machine learning approaches based on ingredients
and flavour compounds, respectively?

80
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* RQ2a. To what extent is it possible to differentiate the appreciated and less appre-
ciated recipes within each food culture with machine learning approaches based on
ingredients and flavour compounds, respectively?

* RQO2b. To what extent is it possible to ascertain stable patterns of food preferences
across cultures using machine learning approaches based on ingredients and flavour
compounds, respectively?

The machine learning experiments to address these questions are supplemented by
several additional exploratory analyses, which aim to justify the results. These are mainly
quantitative analyses of the flavour compounds and ingredients, including using ingredi-
ent complement networks and semantic descriptions of flavour compounds. The method-
ological details are described in Section 6.2. The results of these address the RQ3:

* RQ3. To what extent can revealed patterns of flavour-related cross-cultural food
preferences be justified by the exploratory analyses?

This chapter is structured as follows: Section 6.2 describes the methodology of the
study including how the machine learning models are trained using ingredients and flavour
compounds, respectively, as well as the design of the exploratory experiments. The results
are presented in Section 6.3. Section 6.4 discusses the findings and shows the implications
of the study. Section 6.5 summarises this chapter.

6.2 Methods

6.2.1 Predicting Food Culture based on Ingredients and Flavour In-
formation

The methodology in this study is similar to that of the experiments applying the visual in-
formation in Chapter 5. RQ1 was formulated as a multi-class prediction problem, in which
ingredient and flavour compounds were employed to train classifiers to predict the source
of the recipes, respectively. In this step, classifiers were trained using ingredients and
flavour compounds vectors, which were generated by applying TF-IDF and Word2Vec, as
described in Chapter 4. Three supervised classification algorithms were applied: Naive
Bayes (NB), Logistic Regression (LOG) and Random Forest (RF). Moreover, a 5-fold
Randomised Search CV was used to determine the optimal parameters for LOG and RF.
The performance of the classifier was reported by measuring the accuracy (ACC), and a
confusion matrix was applied to visualise the misclassification of the classifier.

6.2.2 Predicting Intra- and Inter-Cultural Food Preferences Based
on Ingredients and Flavour Information

In order to address RQ2a, which involves identifying the appreciated and less appreciated
recipes based on ingredients and flavour compounds in each recipe collection, I formu-
lated several binary classification tasks on the recipe samples that were drawn from the
top-10% (appreciated) and bottom-10% (less appreciated) based on the appreciated metric
of each recipe portal. Here, the classifiers were trained using the vector of ingredients and
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flavour compounds. The same algorithms for predicting sources of recipes (as described
in 6.2.1) were applied again, and ACC was used as performance metric for the classifiers.
After differentiating the appreciated and less appreciated recipes within each culture, |
identified the best performed classifier on each collection, i.e., the one with the highest
accuracy, and tested their predictive ability on the other two collections. The aim here
is to detect stable patterns of flavour-related, cross-cultural food preferences and address
RQ2b.

6.2.3 Design of the Exploratory Analyses

In this study, I designed two exploratory analyses to validate the patterns of cross-cultural
food preferences revealed by the algorithms. The methodology of these two exploratory
analyses is, firstly, establishing description systems for food flavour. The description
systems, for example, a well-known one is the five-basic tastes, i.e., sweet, sour, salty,
bitter and umami. These were used in the user study in Study II in Chapter 5, and hint the
flavour preferences across cultures (e.g., a common tendency of preferring spicy food).
Then, after the description systems of flavour being established, these were applied to
investigate and describe the flavour preferences across cultures. The methods and process
of the experiments is described in the following subsections.

6.2.3.1 Identifying Savoury and Sweet Recipes by Means of Ingredient Comple-
ment Networks

This experiment is inspired by the work of Teng et al. (2012), in which the authors
built an ingredient complement network based on the co-occurrences of ingredients. The
network displays two distinct subcommunities of recipes on the ingredient level: one
corresponding to savoury dishes, the other to sweet ones, which is shown in Figure 6.1.
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Figure 6.1: The ingredient complement network constructed by Teng et al. Taken from
(Teng et al., 2012).

Building on this, in this work, I labelled the recipes as savoury and sweet by means of
node embedding (Node2Vec) and unsupervised learning approach (K-Means clustering).
After which, I calculated the proportion of savoury/sweet recipes in appreciated and less
appreciated recipes in each collection, respectively. The aim is to detect, for example,
whether a culture prefers savoury or sweet dishes and whether other food cultures show
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the similar or opposite trend. The steps and methods of the experiment are described as
follows:

Step 1: Generating ingredient complement networks

In this network, each node denotes an ingredient. Two nodes share an edge if the likeli-
hood of these two ingredients occurring in one recipe exceed a threshold, which is defined
by the pointwise mutual information (PMI). The PMI indicates the probability of a pair
of ingredients co-occurring p(a,b) against the probability that they occur separately p(a),
p(b). The formular of PMI is:

p(a,b)
PMI(a,b) =log ———~ 6.1)
p(a)p(b)
where
__ #of recipe where a and b co-occur
p(a’ b> - #of reZipes
# of reci h
pla) = = e (6.2)

__ # of recipes where b occurs
p(b) - # of recipes

PMI underlines the complementary ingredients, which tend to occur together far more
often than would be expected by chance. In this work, I normalized the PMI (NPMI)
according to Bouma (2009) in order to limit its range to between -1 and 1, where -1
means that a pair of ingredients would never occur together, and 1 means they would
definitely co-occur. NPMI is measured with:

B PMI(a,b)
NPMI(a,b) = —h(a,b) (6.3)
where
h(xay) = _logp(aab) (64)

To generate the complement networks containing highly complementary ingredients
in the network, I set threshold to select the candidate ingredients and ingredient pairs.
Firstly, the ingredients appear more than 10 times and a pair of them appeared more than
5 times were selected. In addition, the ingredient pairs, whose NPMI is over 0.10 were
then kept to generate the complementary network.

Step 2: Representing ingredients and recipes by means of Node2Vec
Once the ingredient complement networks were constructed, the nodes in these were rep-
resented by applying Node2Vec, which was proposed by Grover and Leskovec (2016).
The main idea of this algorithm is to map the nodes in a network to a feature space while
preserving the initial structure of the network. To be specific, if two nodes are neighbours
or share a similar role in a network, then similar embeddings will be yielded for these in
the feature space. An example is shown in Figure 6.2.

The working principle of Node2Vec is, for a given node, a set of random walks start
from it and traverse the whole graph along the edges. During the process, the algorithm
explores the relationship between the node and its neighbours. Then the random walks
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Figure 6.2: Example of mapping Node2Vec embeddings to low-dimensional space. Taken
from https://snap.stanford.edu/proj/embeddings-www/.

are passed into a skip-gram model, inspired by Word2Vec (Mikolov et al., 2013), in order
to yield embeddings for the nodes. The process repeats until the embeddings are yield
for each node in the network. Node2Vec uses a biased random walk controlled by a
series of parameters. In this work, the node embeddings were generated with Node2Vec!
implemented in Python. The parameters in the algorithm were fine-tuned as follows:

* dimensions: This parameter refers to the dimension of the generated node embed-
dings. I chose the default value 128, so that each ingredient in the networks is
represented as a 128-dimensional vector.

* num_walks: this parameter determines the number of random walks per node. The
default value of the parameter is 10. In this work, when generating node embed-
dings for the ingredients in the complement networks of recipes in Xiachufang, All-
recipes and Kochbar collection, different values were tried and tested to make the
node embeddings in the feature space better capture the structure of the networks.
The range of the parameter were tested is from 10 to 25.

» walk_length: this parameter refers to how many nodes each walk traverse. The
default value of it is 80. In this work, the selection of this parameter was similar to
that of num_walk, i.e., different values for different recipe collections. The range
of the parameter were tested is from 10 to 20.

* p and ¢: These 2 parameters are important for Node2Vec, of which p is the Return
hyperparameter, determining the possibility of revisiting a former node in a walk
after visiting a node. Setting a higher value of p ensures lower chance of revisiting a
node. The default value of p is 1, and I set it as 2 in this work to make the exploration
of the graph broader. g is the Inout hyperparameter, determining the probability of
exploring undiscovered nodes. A high value of g (¢ > 1) allows the random walk
towards the closer neighbours of the previous nodes, which leads to a local view
of the network with respect to the start node in the walk and approximate Breadth
first Sampling (BFS) behaviour. In contrast, a lower value of g (¢ < 1) encourages
the walk to explore the network with a Depth first Sampling (DFS) behaviour and
offers a macro-view of the network. The differences of BFS and DFS is shown in
Figure 6.3. The default ¢ is 1. In this work, I set the ¢ as 0.25 in order to get a
macro view of the ingredient complement networks.

"https://github.com/eliorc/node2vec
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Figure 6.3: An Example of BFS and DFS. The start node is u. s1, 52, s3 are the sample
nodes of BFS, s4, 55, s¢ are the sample nodes DFS. Taken from (Grover & Leskovec,
2016).

After each node, namely each ingredient in the complement networks was represented
by a vector, it can be applied to downstream prediction works with machine learning ap-
proaches. Such as in (Park et al., 2021), the node embeddings were applied to predict
good food pairs (i.e., a pair of ingredients which tastes better) and the relationship be-
tween ingredients and flavour compounds. In this work, after representing each ingredient
in the complement network, the embeddings were applied to obtain the representation of
recipes. This process is similar to that of getting recipe representation with the word em-
beddings of ingredients/flavour compounds by means of Word2Vec (described in Chapter
4), which is, for each recipe, I summed up all ingredient embeddings and divided them by
the length of recipes.

Step 3: K-Means on the recipe representation

After representing each recipe with a multi-dimensional vector, an unsupervised learning
algorithm, i.e, K-Means clustering was applied. I set the value of k as 2 since accord-
ing to Teng (2012), there are two subcommunities shown in the ingredient complement
network, one for savoury and another for sweet recipes. The aim of this step is to apply
K-Means on the representation of recipes to get two recipe clusters and label each cluster
of recipes as savoury and sweet. For each cluster of recipes, I weighted their ingredients
with their frequency of occurrences and visualised them with WordCloud?, which helped
to determine which cluster represents the savoury recipes and which one represents the
sweet ones.

Step 4: Calculating the proportion of savoury/sweet recipes in appreciated and less
appreciated recipes

Up until now, the first description system for food flavour was built, which describes
recipes as savoury and sweet. In order to show the differences and similarities of flavour
food preference across cultures, the proportion of the savoury and sweet recipes in appre-
ciated and less appreciated recipes of each recipe collection was calculated and compared
to each other.

*https://amueller.github.io/word_cloud/
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6.2.3.2 Building Semantic Clusters for Flavour Compounds Based on their Corre-
sponding Flavour Profiles

In this exploratory experiment, the flavour profiles of flavour compounds were applied to
build the description system of food flavour. In FlavorDB, the flavour compounds have a
list of flavour profiles, which describe the flavour compounds semantically with a series of
words, the relationship between flavour compounds and flavour profile is shown in Figure
6.4. I also showed the relationship between ingredients and their corresponding flavour
compounds. It is found that a flavour compound can be shared by multiple ingredients.
Thus although some ingredients do not account for food of certain culture, they might
share similar flavour compounds, leading to overlaps in terms of flavour across cultures.
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Figure 6.4: Relation network of <ingredients - flavour compounds> and <flavour com-
pounds - flavour profiles>

The basic idea of this experiment is to cluster the flavour compounds with similar
flavour profiles into one group, and assigning semantic description for each cluster based
on the flavour profiles. Next, I examined the ratio of each cluster of flavour compounds in
the appreciated and less appreciated recipes in each recipe collection. This ratio was then
compared across recipe collections to see whether the ratio reveals the similar or different
trend of flavour preferences across cultures. The whole process was described as follows:

Step 1: Representing flavour compounds with their corresponding flavour profiles
In this step, I filtered the flavour compounds without flavour profiles out and kept only
flavour compounds appear in more than three ingredients (n = 927). For each flavour
compounds, I converted it into a Boolean bag of flavour profile vector, which marks the
presence of flavour profile as a Boolean value, O for absent and 1 for present. Therefore,
each flavour compound was represented as a vector with a length equal to the total num-
ber of flavour profiles, which is 927.

Step 2: K-Means on the representation of flavour compounds

K-Means algorithm was applied in this step to partition flavour compounds with similar
flavour profiles into k distinct clusters. In order to determine the optimal number of clus-
ters, i.e., the value of k, the elbow method was applied. This method plots the value of
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the cost function produced by different value of k (range from 1 to 9 in this study). The
optimal £ lies on the point (i.e., the elbow) where the value of the cost function becomes
relatively flat after it decreases sharply. The elbow methods determined the optimal value
of k as 4, as shown in Figure 6.5.
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Figure 6.5: Elbow method for the optimal k. 4 should be the optimal number of clusters
for the flavour compounds.

Step 3: Assigning semantic description for each cluster
After determining the number of clusters for the flavour compounds, I assigned the se-
mantic description for each cluster based on the representative of their flavour profiles.
To be specific, for one of the flavour compounds clusters, I first measured the prevalence
of a flavour profile p for describing the flavour compounds in cluster ¢ with:
Ne

where nj, is the prevalence of p for describing flavour compounds in cluster ¢, and N,
is the total number of flavour compounds in cluster c.

Then the representative of the flavour profiles in cluster ¢ was measured with the
formula®:

(6.5)

Py =Py — (P)) o sc (6.6)

where <P§’ ) is the average prevalence of the profile p for describing the flavour com-
pounds in other clusters except ¢. This shows the difference between the prevalence of a
profile p for describing the flavour compounds in one cluster ¢ and the average prevalence
of the p for describing the flavour compounds in other clusters. For each cluster, I chose
the top 50 representative flavour profiles and visualised them with WordCloud, which
helped to determine the semantic description for each cluster of flavour compounds.

3This formula was first applied in (Ahn et al., 2011) for measuring the authenticity of ingredients in
different cuisines.
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Step 4: Calculating the ratio of each cluster of flavour compounds in the appreciated
and less appreciated recipes

As a next step, I measured the ratio of each cluster of flavour compounds in the appreci-
ated and less appreciated recipes for each recipe collection in order to investigate flavour
preference. Instead of applying all ingredients occurrences in the appreciated and less
appreciated recipes, the distinct ingredients for appreciated and less appreciated recipes
were determined and applied to represent the recipes. This is because, according to Rozin
(2018), it is possible to represent regional cuisines with a few key ingredients, such as
soybean sauce in Chinese recipes, and paprika, onion, and lard in Hungarian cuisine (Ahn
etal., 2011). In this work, I attempted to rely on this finding and apply several key ingredi-
ents to represent the appreciated and less appreciated recipes. The distinctive ingredients
in the appreciated recipes, for example, are those appear more frequently in appreciated
recipes than in less appreciated recipes. The weighted log odds ratio was applied to de-
termine the distinctive ingredients. It can be calculated with:

[ n+1

m] Appreciated Recipes )

log odds ratio=1In( 6.7)

1
W]Less Appreciated Recipes

where n is the frequency of an ingredient appears in appreciated and less appreciated
recipes, and fotal indicates the total number of ingredients in the appreciated and less
appreciated recipes. The weighted log odds ratio was proposed by Monroe (2008), who
weighs the log odds ratio by an informative Dirichlet prior. In this work, the package
tidylo* was used to calculate the weighted log odds ratio for the ingredients. The higher
the weighted log odds ratio of an ingredient, the more distinctive it is in the recipe col-
lections. I determined the top 50 ingredients according to the value of the weighted log
odds as the distinctive ingredients in appreciated and less appreciated recipes for each
recipe collection. After determining the distinctive ingredients, the ratio of each cluster
of flavour compounds in the appreciated and less appreciated recipes were calculated and
compared to validate the patterns revealed by the algorithms in terms of flavour prefer-
ences across cultures.

6.3 Results

The results of the study are presented in the following subsections to address the research
questions raised in Section 6.1.

6.3.1 Predicting the Origin of Recipes Based on Ingredients and Flavour
Compounds with Machine Learning Approaches (RQ1)

Table 6.1 illustrates the performance of the classifiers trained using ingredients and flavour
compounds vectors for classifying the origin portals of the recipes. Overall, based on the
ACC of all the classifiers, both ingredients and flavour compounds show reasonable ability
for differentiating recipes from Chinese, US and German recipe portals, especially when
representing the recipes with TF-IDF weightings. The ACC of the classifiers trained with

“https://github.com/juliasilge/tidylo


https://github.com/juliasilge/tidylo

Chapter 6. Experiments on the Flavour Aspects 89

TF-IDF ingredients vectors and flavour compounds vectors are 0.81 and 0.77, respec-
tively, showing that the recipes across cultures are sufficiently distinct on both ingredient
usage and flavour, thus they can be differentiated algorithmically. Moreover, ingredients
outperformed flavour compounds in this classification task slightly. It suggests that, in
comparison to the ingredient usage, there are more similarities in terms of flavour across
different food cultures. This finding is in line with that in (Sajadmanesh et al., 2017),
which revealed that flavour is not as much discriminative as ingredients.

Table 6.1: Results for predicting which portal the recipes belong to based on ingredient
and flavour compounds vectors (TF-IDF and Word2Vec). Best performing scores for each
classifier are bold. NB = Naive Bayes; LOG = Logistic Regression; RF = Random Forest.

Features Accuracy

NB LOG RF
Ingredient (TF-IDF) 0.77 0.81 0.73
Flavour Compounds (TF-IDF) 065 0.77 0.74
Ingredient (Word2Vec) 056 073 0.72

Flavour Compounds (Word2Vec) 0.35 0.66 0.70

In all cases in this experiment, TF-IDF vectors outperform Word2Vec embeddings.
This is not surprising since Word2Vec is more capable of classifying documents by means
of capturing the context of a word in a document and the semantic similarity of the word
with the others (Mikolov et al., 2013). However, in general, a recipe is a list of ingredients,
and in this study, it was represented with flavour compounds, which share little in the way
of semantic relationships. In addition, Word2 Vec treats each word equally, while TF-IDF
indicates how important a word by weighing its frequency of occurrence in a document
and how often the word occur in the whole document corpus. In this study, taking the
importance of the ingredients into consideration is apparently more helpful for the recipe
classification task.

Confusion Matrix--LOG Confusion Matrix--LOG
Classifier trained using Ingredients TF-IDF vectors Classifier trained using Flavor Compounds TF-IDF vectors
ACC = 0.81 Accuracy:0.77 0.8

0.11

Xiachufang Xiachufang

Allrecipes Allrecipes

True label
True label

Kochbar 0.2 Kochbar .
0.1
Xiachufang Allrecipes Kochbar Xiachufang Allrecipes Kochbar 0.1
Predicted label Predicted label
(a) (b)

Figure 6.6: Confusion matrix of (a) the classifier trained using ingredients TF-IDF vectors
and (b) the classifier trained using flavour compounds TF-IDF vectors.

Figure 6.6 (a) and (b) present the confusion matrices of the classifiers trained using
TF-IDF ingredients vectors and flavour compounds vectors. These confusion matrices
illustrate that, the classifier, regardless of whether trained using ingredients or flavour
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compounds, is more accurate when identifying the recipes from the Chinese recipe portal
(ACC =0.84 & 0.81) than from the other two portals (ACC =0.79 & 0.75 and ACC =0.80
& 0.72). The recipes from the US and German portals were more likely to be confused by
the classifiers, while only few Chinese recipes were misclassified. This finding suggests
that recipes from the US and German are more similar in terms of ingredient usage and
flavour, whereas the Chinese recipes appear to be more distinct on these two aspects. This
align with the findings from the visual aesthetic experiment (in Chapter 5) where Chinese
recipes were found to be the most visually distinct, while the recipes from US and German
portals are prone to be misclassified to each other.

Overall, building on these findings of the experiments, the RQ/ can be addressed: it
is possible to distinguish the recipes from different recipes portals with ingredients and
flavour compounds vectors and machine learning approaches. Ingredients performed bet-
ter than flavour compounds in differentiating the recipes from different sources (ACC =
0.81 vs. ACC =0.77), indicating that compared to ingredient usages, there are more over-
laps of food on the flavour aspects across the Chinese, US and German cultures. The
Chinese recipes are the most distinctive in terms of both ingredient and flavour compared
to the recipes from US and German portals, which are more likely to be confused algo-
rithmically. Moreover, it was found that TF-IDF performed better than Word2Vec in the
recipe classification task.

6.3.2 Identifying Intra- Cultural Food Preferences Based on Ingre-
dients and Flavour Compounds with Machine Learning Ap-
proaches (RQ2a)

After classifying the recipes from different portals, the vectors of ingredients and flavour
compounds were applied to differentiate between the appreciated and less appreciated
recipes within each recipe collection. Table 6.2 shows the performance of the classifiers.
The accuracy of the classifiers (0.51 < ACC < 0.70) indicates, again, that appreciated and
less appreciated recipes in each recipe portal can be distinguished using ingredients and
flavour compounds. TF-IDF outperformed Word2Vec in all cases, which is the same as
in the recipe sources prediction task in Section 6.3.1. Overall, as was also the case in the
visual experiments, predicting food preferences with ingredients and flavour compounds
is more challenging compared to classifying the sources of recipes with the same informa-
tion. This is illustrated in the comparison of the accuracy of the best performing classifier
for recipe sources prediction (ACC = 0.81 & 0.77) and the average accuracy of the best
performing classifiers for predicting the flavour preferences for each food culture (avg.
ACC =0.67 & 0.66).

Comparing the best performing classifier on each recipe collection reveals that ingre-
dients offered only slightly better predictive power than flavour compounds in identifying
appreciated recipes from the Chinese and US portals, and they perform rather worse in
identifying appreciated recipes from the German portal. This finding suggests that flavour
has almost equal capability with ingredient in terms of explaining the food preferences and
it is promising to involve flavour compounds into the development of food recommender
systems, which take the users’ flavour preference into consideration.

In summary, with respect to RQ2a, the findings from these machine learning tasks
indicate that, it is possible to differentiate the appreciated and less appreciated recipes
within each food culture using ingredients and flavour compounds with machine learning
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Table 6.2: Results for identifying appreciated and less appreciated recipes in each recipe
portal with ingredient and flavour compound vector (TF-IDF & Word2Vec). NB = Naive
Bayes; LOG = Logistic Regression; RF' = Random Forest.

Xiachufang Allrecipes Kochbar

Features Accuracy Accuracy Accuracy
NB LOG RF NB LOG RF NB LOG RF
Ingredient (TF-IDF) 0.62 0.65 0.67 0.67 0.70 0.68 0.62 0.63 0.61
Flavour Compounds (TF-IDF) 0.60 0.61 0.66 0.64 0.66 0.67 059 0.65 0.64
Ingredient (Word2Vec) 060 0.64 0.64 058 0.65 067 054 057 054

Flavour Compounds (Word2Vec) 0.56 0.61 0.63 0.51 0.65 0.64 048 0.61 0.60

approaches. Flavour compounds showed a very close predictive power to that of ingre-
dients for predicting food preferences for all cultures. Moreover, TF-IDF outperformed
Word2Vec again.

6.3.3 Identifying Stable Patterns of Food Preferences Across Cul-
tures Based on Ingredients and Flavour Information (RQ2b)

After determining the power of ingredients and flavour compounds in predicting food
preferences within each food culture, I selected the best performing classifier on each
recipe collection, which were those, according to the results shown in Table 6.2, trained
using vectors generated with TF-IDF, and tested their ability in identifying the appreciated
and less appreciated recipes in the other two collections. Figure 6.7 present the results.

Figure 6.7 (a) and (b) show the best performing classifiers trained using ingredients
and flavour compounds vectors and their ability to make prediction on the other two col-
lections. Some similar trends in terms of ingredients usage and flavour were revealed. For
example, the classifiers trained on Xiachufang and Allrecipes collections performed well
not only on their own, but also performed reasonably when differentiating the appreciated
and less appreciated recipes from each other collections, at least achieving an accuracy
higher than 0.50. In addition, they both perform very poorly on the Kochbar collec-
tion. The classifiers trained on recipes from Kochbar, the German portal, however, show
something different. Specifically, the classifier trained using ingredients of the German
recipes performed only well on Kochbar collection, but its performance is poor when
applied on Xiachufang and Allrecipes collections. While the Kochbar classifier trained
using the flavour compounds performed slightly better on Allrecipes collection (ACC >
0.5), but still very poorly on Xiachufang recipes. These results hint that, the Chinese
and US share more similarity of preference in terms of ingredient usage and flavour than
those of German. This finding is surprising, since it shows discrepancy with previous
work (Sajadmanesh et al., 2017), which suggests food choices on the flavour aspects of
Western countries are more similar to each other than that of Oriental cultures. Moreover,
the trends of food preference across cultures on the flavour aspects revealed by this study
are also different from that revealed by the experiments on the visual aspects, from which
the US and German share more similarities, while the Chinese visual preference is the
outlier.
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Figure 6.7: The best performing model for each collection and their performance on the
other two collections. (a) the classifier trained using ingredients TF-IDF vectors. (b) the
classifier trained using flavour compounds TF-IDF vectors.

To summarise, the RQ2b can be addressed as: It is possible to ascertain stable pat-
terns of food preference across cultures in terms of ingredient usage and flavour, at least
between Chinese and US cultures. In the next step, I present the results of the two ex-
ploratory experiments, which provide explanation for the patterns revealed by the algo-
rithms.

6.3.4 Justifying the Discovered Patterns in Cross-Cultural Flavour
Preferences with the Exploratory Analyses (RQ3)

In this section, I demonstrate the results of the two exploratory analyses that were de-
signed to provide explanations for the patterns of the cross-cultural food preference on
the flavour aspects revealed by the machine learning approaches. In the following subsec-
tions, I first show the description systems I built for describing the flavour, then illustrate
their abilities for explaining the patterns. The extent to which these can address RQ3 are
summarised at the end of the section.

6.3.4.1 Preferences for Savoury and Sweet Recipes Across Cultures

The first exploratory analysis attempts to construct a description system for flavour by
means of labelling the recipes as savoury or sweet based on the ingredient complement
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Figure 6.8: Ingredient complement network of recipes from (a) Xiachufang (b) Allrecioes
and ¢ Kochbar. The nodes represent the ingredients coloured by the categories they belong
to. Two of them share an edge if they occurred together and the NPMI between them
exceeds 0.10. The size of the node label reflects the frequency of the ingredients appeared

in the recipes.



94

Chapter 6. Experiments on the Flavour Aspects

oOO©
005
@ o

%C{‘P

(@)

o o

g

Additive/Spice
Animal Product
Bakery

Beverage
Cereal/Maize
Dairy

Dish
Fish/Seafood
Fruit

Fungus

Herb

Plant/Plant Derivative
Seed/Nut/Legume
Vegetable

Additive/Spice

Animal Product
® Bakery

Beverage

Cereal/Maize

Dairy

Dish

Fish/Seafood

O .
oo OO Fruit
o

(©

Fungus

Herb

Plant/Plant Derivative
Seed/Nut/Legume
Vegetable

Additive/Spice
Animal Product

® Bakery

Beverage
Cereal/Maize
Dairy

Dish
Fish/Seafood
Fruit

Fungus

Herb

Plant/Plant Derivative
Seed/Nut/Legume
Vegetable

Figure 6.9: The Node2Vec embeddings of ingredients in the ingredient complement net-
works of recipes from (a) Xiachufang (b) Allrecipes and (¢) Kochbar.



Chapter 6. Experiments on the Flavour Aspects 95

network. Figure 6.8 (a) - (c) present the ingredient complement network for appreciated
and less appreciated recipes, sourced from each recipe portal. These show clear subcom-
munities of savoury and sweet recipes, similar to that published in (Teng et al., 2012).

By applying Node2Vec algorithm, I attained the embeddings of the nodes in the in-
gredient complement networks and visualised them in 2D spaces by mean of UMAP, as
shown in Figure 6.9 (a) - (c). Node2Vec learned the role of the nodes play in the networks
and mapped them to the feature space, thus the structure of the original networks were
kept in these 2D spaces.
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Based on the node embeddings representing the ingredients, I attained the representa-
tion of the recipes, which were then inputted into K-Means and grouped into 2 clusters.
Figure 6.10 shows the WordClouds, which visualise the TF-IDF weight of the ingredients
in each group of recipes clustered by K-Means. According to the ingredient lists of recipes
in each group, I labelled the recipes as either savoury or sweet. The results of clustering
seem plausible since the obvious distinction between savoury and sweet recipes from each
recipe collection in terms of ingredients can be identified. For example, in the savoury
recipes, salt and its complement ingredients, such as soybean sauce, garlic, ginger in the
Chinese recipes, and the pepper, onion in the recipes from US and German recipes, have
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higher weight. While in the sweet recipes, sugar and the ingredients that are more likely
to occur together with it, such as butter, egg, flour, are shown to have higher importance.

Figure 6.11 shows some images of savoury and sweet recipes from the Chinese, US
and German portals. It is found that the savoury recipes are more likely to be main dishes,
such as stir-fries, Lasagne etc., while sweet recipes are desserts. However, there are also
several recipes those are difficult for algorithms to cluster, such as the recipe from Xi-
achufang, the salted lychee, which is marked with red frame in Figure 6.11. This recipe
describes pickling lychees in salt water, that gives the sweet lychee a salty flavour. Thus,
whether the recipe is savoury or sweet is difficult for the algorithms to establish. This
example suggests the methodology of generating ingredient complement networks can
only cluster savoury and sweet recipes roughly. Human judgement is necessary for more
accurate savoury and sweet recipe classification.

Savoury Recipes Sweet Recipes

7N

Figure 6.11: Some examples of savoury and sweet recipes labelled according to K-Means
clustering. The left part shows the examples of savoury recipes from each recipe portal,
and the right part displays the sweet ones. The dish that was marked by a red frame is
salted lychee from Xiachufang, which is hard to be determined as savoury or sweet.

Overall, I constructed a description system for the food flavours by means of building
ingredient complement networks and unsupervised learning approaches. Up to now, all
appreciated and less appreciated recipes in each collection can be described as savoury
or sweet recipes. As a next step, I measured the proportion of savoury and sweet recipes
in the appreciated and less appreciated recipes in each recipe collection, in order to in-
vestigate whether the food cultures have the same tendency to prefer savoury or sweet
food. The result is shown in Figure 6.12. In the Chinese recipe collection, sweet recipes
are more prevalent than savoury recipes in both appreciated and less appreciated groups.
In other words, Chinese users show no obvious preference for either savoury or sweet
recipes. In the US collection, the savoury recipes account for almost 60% appreciated
recipes, while 75% of the recipes in the less appreciated group are sweet. This finding
suggests US users prefer savoury recipes to the sweet ones, at least in terms of metric
I selected as the proxy of food preference, # bookmarks. In contrast, according to the
proportion of savoury and sweet recipes in Kochbar collection, I found that, the propor-
tion of savoury and sweet recipes is almost equal in appreciated recipes (50%), while in
the less appreciated recipes, the savoury recipes (60%) are much more than the sweet
recipes (40%). It suggests an opposing trend of flavour preferences between the US and
German, which is mainly demonstrated in the less appreciated recipes, that is, US peo-
ple prefer sweet food less while German people show less preference for savoury dishes.
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This observation could account for the findings in Section 6.3.3, where the Allrecipes and
Kochbar classifiers did not perform well on the other’s recipe collection. Nevertheless,
I found no strong signal to support the relatively better performance of Xiachufang and
Allrecipes classifiers on each other collections.
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Figure 6.12: The Proportion of Savoury and Sweet Recipes in Appreciated and Less
Appreciated Recipes in Each Collection

6.3.4.2 Preferences for Sweet and Non-sweet Flavours Across Cultures

The second exploratory analysis attempts to construct the description of flavour with the
semantic description of flavour compounds, namely, flavour profiles. By means of ap-
plying K-Means clustering on the flavour compounds represented by their corresponding
flavour profiles, I grouped them into four distinct clusters, which are shown in Figure 6.13
(a). The ratio of flavour compounds in each cluster is shown in Figure 6.13 (b). Almost
the half of the flavour compounds were clustered into the cluster 1, while the other half
were clustered into the other three clusters.

cluster 1

Cluster 3

Cluster 4

Cluster 15 cluster 2

23% cluster 4
cluster 3

(a) (b)

Figure 6.13: The result of K-Means clustering of flavour compounds. (a) The 4 clusters
displayed in a 2D space by means of UMAP. (b) The ratio of flavour compounds in each
cluster.
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The 50 representative flavour profiles of the flavour compounds in each cluster were
then determined by Equation 6.6. 1 visualised these with WordClouds shown in Figure
6.14. The larger the size of the flavour profile in the WordClouds, the more representative
they are. The flavour compounds in cluster 1 are represented by the flavour profile such as
bitter, odourless, etc., while in the other three clusters, the flavour profiles contain fruity,
sweet and other similar words. According to this finding, I grouped the flavour com-
pounds into 2 categories, which are non-sweet compounds (i.e., those in the cluster 1),
and the sweet compounds (i.e., those in the cluster 2 - 4). This is the second description
system I constructed, and it would be applied to investigate the patterns of food pref-
erences across culture on the flavour aspects. The ratio of non-sweet and sweet flavour
compounds in the appreciated and less appreciated recipes in each collection would be
calculated. The overall ratio of non-sweet (45%) and sweet flavour compounds (55%)
were treated as baseline to see whether the Chinese, US and German food cultures have
the same or different trends towards non-sweet/sweet flavours.

(a) Cluster 1 (b) Cluster 2

(c) Cluster 3 (d) Cluster 4

Figure 6.14: The Wordclouds of the representative flavour profiles of the flavour com-
pounds in (a) Cluster 1, (b) Cluster 2, (¢) Cluster 3 and (d) Cluster 4.

The top 50 distinctive ingredients of appreciated and less appreciated recipes were
determined according to their weighted log odds and applied to represent the appreciated
and less appreciated recipes in each collection. Figure 6.15 (a) - (c¢) show the top 20
distinctive ingredients of each group. The distinctive ingredients, to some extent, show a
similar trend to that revealed by the ingredient complement networks. For example, in the
appreciated recipes sourced from Allrecipes, there are more ingredients from the savoury
cluster (e.g., garlic, pepper, etc.), while more ingredients from the sweet cluster (e.g.,
flour, sugar etc.) are found in the less appreciated recipes. In contrast, ingredients in sweet
cluster such as chocolate and almond, are distinctive in appreciated recipes in Kochbar
collection. Whereas in the less appreciated recipes, there are more distinctive ingredients
in savoury recipes, such as lake trout and beef. These findings suggest that savoury foods
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Figure 6.15: The distinctive ingredients of appreciated and less appreciated recipes from
(a) Xiachufang, (b) Allrecipes and (c¢) Kochbar.

are more likely to be appreciated by US while sweet foods might be appreciated by the
German users. This indicates the opposing trends in the flavour preference of US and
German users. The flavour description system constructed in the experiment validated the
finding, and the results are shown in Table 6.3.

Table 6.3 presents the ratio of non-sweet and sweet flavour compounds in the dis-
tinctive ingredients of appreciated and less appreciated recipes in Xiachufang, Allrecipes
and Kochbar collections. In the recipes appreciated and less appreciated by the users of
Xiachufang, the ratio of non-sweet and sweet flavour compounds is very close to the base-
line, which is the original ratio of non-sweet (0.45) and sweet compounds (0.55) obtained
from the cluster analysis. However, obvious differences are illustrated in the appreci-
ated recipes sourced from Allrecipes and Kochbar. To be specific, the ratio of non-sweet
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Table 6.3: The ratio of non-sweet and sweet flavour compounds in the appreciated and
less appreciated recipes in each recipe collection

Xiachufang Allrecipes Kochbar
non-sweet sweet non-sweet sweet non-sweet sweet
flavour compounds flavour compounds flavour compounds flavour compounds flavour compounds flavour compounds
Appreciated recipes 0.45 0.55 0.47" 0.53~ 0.42~ 0.58"
Less appreciated recipes 0.46 0.54 0.45 0.55 0.45 0.55

Note: The baseline ratio of non-sweet to sweet flavour compounds is 0.45 and 0.55. + means the ratio is above the baseline, and - means the ratio is
below the baseline.

flavour compounds in appreciated recipes from Allrecipes is slightly higher than the base-
line (ratio = 0.47), and that of sweet flavour compounds is lower than the original ratio
(ratio = 0.53). But the opposite is true for the appreciated recipes in Kochbar collection, in
which the ratio of non-sweet flavour compounds is 0.42, lower than the baseline, and that
of sweet compounds is 0.58, higher than the baseline. These findings support the patterns
revealed by the algorithms as reported in Section 6.3.3, which is, US and German food
preferences are different and do not transfer.

To summarise, both of the exploratory analyses provide descriptive systems, which di-
vide flavours of recipes into two types: savoury/non-sweet and sweet, providing a means
to address RQ3: both system help explain the cross-cultural flavour preferences that were
revealed by the algorithms. The evidence helps to explain the poor performance of All-
recipes and Kochbar classifiers on differentiating appreciated and less appreciated recipes
in each other collection, yet there are no findings that justified the stable patterns in flavour
preference shared by the Chinese and US users.

6.4 Summary and Discussion

6.4.1 The Primary Findings

* RQI. The performance of machine learning models shows that the recipes from
Chinese, US and German portals are distinct, both in terms of ingredients and
flavour. Classifiers trained using ingredient and flavour compounds vectors both
perform with relatively high accuracy. Overall, the recipes from the Chinese por-
tal were classified most accurately, while recipes from US and German portals are
more likely to be confused. The predictive power of ingredients is slightly better
than that of flavour compounds (ingredient ACC = 0.81; flavour ACC = 0.77) in this
classification task. In addition, TF-IDF vectors outperform Word2Vec embeddings
in all cases of the food classification task.

* RQZ2a. It is possible to distinguish between appreciated and less appreciated recipes
algorithmically for all food cultures in this work, although the prediction accuracy
is lower than that in the recipe origin classification task. The classifiers using ingre-
dients and flavour compounds do not show significant differences in this task. Still,
TF-IDF outperforms Word2Vec embeddings.

* RQ2b. This study indicates the existence of cross-cultural stable patterns in flavour
preference by transferring the classifier with the highest accuracy on each collec-
tion. The Chinese and US flavour preferences seem to be more similar to each other
than to those of the German users. Specifically, the classifier trained on Allrecipes
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made useful predictions for Xiachufang collection and vice-versa (ACC > 0.50),
whereas both perform poorly on the Kochbar collection. This was the case, regard-
less of whether the classifiers were trained using ingredients or flavour compounds.
In addition, the classifier trained on Kochbar recipes with ingredients performed
reasonably only on its own datasets, but very poorly on the other two datasets (ACC
<0.50), while the classifiers trained on Kochbar with flavour compounds performed
slightly better on the Allrecipes collection, but still poorly on the Xiachufang col-
lection.

* RQ3. The two exploratory analyses, which generated ingredient complement net-
works and clustered flavour compounds based on their corresponding flavour pro-
files, provide descriptive systems for food flavour. These help explain the patterns
of cross-cultural food preferences revealed by the algorithms, and in particular why
classifiers trained on Allrecipes and Kochbar collections performed poorly on each
other. Both the experiments suggest opposing trends in the flavour preferences of
US and German users. Specifically, US users show higher appreciation for recipes
with savoury or non-sweet flavours overall, but sweet recipes are more likely to be
less appreciated by them. In contrast, there are more recipes with sweet flavour in
German users’ appreciated recipes, but they show lower appreciation on the savoury
Or non-sweet recipes.

6.4.2 The Implication of this Study

This section discusses the findings and lists several practical implications and limitations
of the findings of the results presented above.

I first underline the implications of the study with respect to the development of cross-
cultural food recommender systems. The results reveal that flavour information can be
modelled using favour compounds. The classifiers trained using the vectors of flavour
compounds are able to distinguish recipes sourced from different portals and predict, for
recipes in each portal, whether recipes will be appreciated. This suggests, in addition to
visual information in recipe images, a further aspect of food aesthetics, flavour, can be
used to explain human food choices within and across cultures. This is a strong indication
that the flavour information has the potential to be exploited to make acceptable food
recommendations, and culture should be accounted for the development of the systems.
The outcomes of the transfer learning indicate the existence of stable patterns in cross-
cultural flavour preferences. To the best of my knowledge, this is the first attempt to
study cross-cultural food preferences in this way. This study can be seen as an initial,
and promising step to provide food recommendation with flavour information in a cross-
cultural context.

In addition to the implications for developing food recommender systems, the study
also demonstrates some other practical implications. The first is with respect to recipe
representation. By comparing the two approaches applied for representing recipes with
ingredients and flavour compounds for food classification, it was found that TF-IDF trans-
forms outperformed Word2Vec algorithm. Word2Vec captures and learns the association
of words, which have been proven to be useful in tasks involving the relationships among
ingredients, such as ingredient substitution for food recommendation (Pellegrini et al.,
2021) and cuisine style transformation (Kazama et al., 2018), but it did not improve the
performance of food classification. This suggests that Bag of Word approaches are more
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suitable than word embeddings in representing recipes for food classification. Besides
word embeddings, the node embeddings algorithm, Node2Vec, was also applied to recipe
representation in one of the exploratory analyses. Although the node features of recipes
have not been involved in the food classification tasks, applying the unsupervised learning
algorithm on these showed promising results in terms of recipe flavour description. This
is only an initial attempt of introducing node embeddings for studies in the food domain.
Recent work from Park et al. (2021) have applied Node2Vec for food recommendation
based on the relationship between ingredients and flavour compounds. They have cap-
tured the connected relations of recipe-ingredient, recipe-recipe, recipe-user within a het-
erogeneous graph with node embeddings in order to develop food recommender systems.
This investigation suggests node embeddings technique is a prospective means at the ap-
plication level. According to the findings in this doctoral work, I assume culture would
be a valuable node that can be embedded into graphs and represented by means of node
embeddings for developing food recommender systems. The other implication from the
exploratory experiments is the systems I constructed to describe the flavour of recipes and
flavour compounds. I attempted to make the flavour information, especially that provided
by the flavour compounds, more interpretable with their corresponding flavour profiles.
This would provide understandable flavour description when flavour information is incor-
porated in food recommender systems. However, these are preliminary investigation of
flavour description with computational approaches, whether the results work in applica-
tion scenarios requires further analysis, such as evaluating the flavour description systems
by means of human perception and judgements.

Up to now, I summarised the findings and underlined their contributions with re-
spect to food recommender systems. However, the study remains several open questions.
Firstly, I tried to cluster recipes into savoury and sweet groups by means of ingredient
complement networks, and these worked in suggesting the opposite trends of food pref-
erences between US and German people. Nevertheless, it is found that the savoury group
is more likely to contain dishes served as main dishes such as meatloaf, stir-fries etc. In
contrast, there are more desserts, such as cakes, cookies etc. in the sweet group. Thus, the
type of dishes becomes a noise for investigating food preferences in terms of flavour. This
leads to questions such as "To what extent the savoury and sweet recipes can be classified
if the dish type is limited to main dishes?" If the answer is yes, "Whether the differences
of preferring savoury and sweet still exist between US and German users?" is still needed
to be clarified. Making these questions clear would be helpful to prove the robustness of
the explanation with this exploratory experiment. Furthermore, the outcomes of my two
exploratory experiments suggest that Allrecipes users have relatively low appreciation for
sweet recipes. This goes beyond the knowledge that US people consume much or even too
much sweet food, which causes severe issues related to public health, such as high rates of
obesity, diabetes, and heart disease (USDA, 2020). Hence, whether US people show low
appreciation in sweet food on Allrecipes requires further analysis. In this doctoral work,
the number of bookmarks was selected from Allrecipes as the proxy to indicate whether
the recipes were preferred. However, there are also other metrics such as the number of
ratings and comments the recipes received during a period (e.g., one week/month/year),
which indicates the popularity of the recipes (Wagner et al., 2014; Trattner et al., 2018)
and the sentiment in the comments, which show users’ attitude towards the recipes, etc.
The association among these metrics needs to be investigated in order to understand users
bookmarking behaviours, especially whether it indicates their preference to the recipes,
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and whether would it be a situation such as “Users rate sweet recipes more often and com-
ment more positively, while bookmaking them less frequently”. Figuring this out would
be beneficial to understand US users’ flavour preference for non-sweet and sweet recipes,
and provide more acceptable food recommendations in terms of flavour.

6.5 Chapter Summary

In summary, the performance of machine learning models indicates that the flavour infor-
mation is promising to be applied into cross-cultural food recommender systems. How-
ever, in order to better understand the food preferences across cultures with the computa-
tional approaches, further analysis is necessary, such as minimising the influence of other
factors except flavours (e.g., dish types), and incorporating more interaction data (e.g.,
ratings and comments) between users and food items online.



Chapter 7

Fusion of Visual Features and Flavour
Compounds for Cross-Cultural Food
Preferences Prediction

7.1 Introduction

In the previous empirical chapters, i.e., Chapter 5 and 6, visual features and flavour com-
pounds were investigated to predict online food preferences, respectively. The outcomes
show that human food preferences can be explained by the aesthetics of food to some
extent, suggesting the promise of incorporating aesthetic features in the development of
food recommender systems, one crucial function of which is providing food that users
would like to eat. In addition, stable patterns of aesthetic food preferences across cultures
were revealed, suggesting the possibility of developing cross-cultural food recommender
systems by applying food representations relating to visual appearance and flavour.

In this chapter, an experiment to fuse visual features encoded in the online recipe im-
ages and the flavour compounds of online recipe ingredients for predicting cross-cultural
food preferences is designed. It is an initial attempt of employing the findings from pre-
vious empirical work to develop food recommender systems. The experiment aims to
address the following research question:

* RQ. To what extent is it possible to combine the decision made by the classifiers
trained using visual features and flavour compounds to improve the performance of
cross-cultural food prediction model?

Answers to this research question would be beneficial to address the Issue 3, which
was raised in Chapter 1.

This chapter is structured as follows: Section 7.2 describes the methods for the exper-
iment, the results are presented in Section 7.3. In Section 7.4, a summary of the results is
given.

7.2 Methods

This section describes the data preparation for the experiments before demonstrating the
approaches applied to classifiers fusion.
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7.2.1 Data Preparation

All the appreciated and less appreciated recipes (i.e., top-10% and bottom-10% recipes
based on the appreciation metrics) from Xiachufang, Allrecipes and Kochbar collection
are combined as the cross-cultural recipe data basis for this experiment. In the experi-
ments on the visual aspects, there are the same number of top-10% (n=2,500) and bottom-
10% (n=2,500) recipes based on the appreciation metric sampled from each collection.
However, there are some recipes from this group that do not have full flavour informa-
tion. These were filtered out in the experiments on the flavour aspects. In this chapter, I
kept only recipes with both full visual and flavour information. Finally, there are 6,363
recipe images involved in this experiment, in which there are 2,909 appreciated recipes
and 3,454 less appreciated ones. The number of appreciated and less appreciated recipes
is similar, indicating the classes are balanced.

7.2.2 Classifiers Combination

In order to fuse the visual features and flavour compounds in predicting cross-cultural
food preferences, ensemble learning techniques are applied. The main idea of ensemble
learning is to fuse the decision made by the individual classifiers trained using different
feature sets to determine whether it classifies samples more accurately. To be specific,
visual features and the vector of flavour compounds were applied to train classifiers to
identify appreciated and less appreciated recipes separately, then these classifiers were
combined by means of several fusion schemes (describe in step 3 in detail). Then the per-
formance of the individual classifiers and the combination of classifiers were reported and
compared. In addition, in order to compare the performance of aesthetic information with
the traditional text information in the same task, the vector of ingredients was involved to
train the baseline model. The steps are described as follows:

Step 1: Splitting the training and test set
The dataset containing the appreciated and less appreciated recipes from all three recipe
portals was split for training (70%) and testing (30%), respectively.

Step 2: Training the individual classifiers

In this step, I trained the classifiers using visual features, flavour compounds and ingredi-
ents on the training set respectively, with the target value being the appreciation metric.
A combination of all visual features, namely, the EVF, Colour Histogram, LBP, BoVW
and VGG16, were applied to train the visual classifiers. This is because in Chapter 35,
in the most cases, the combination of visual features performed better. In order to train
the classifiers using flavour compounds and ingredients, TF-IDF was applied to generate
the vectors, since in Chapter 6, TF-IDF outperformed. Three algorithms, Naive Bayes
(NB), Logistic Regression (LoG) and Random Forest (RF) were applied to train the
models. A five-fold Randomised Search CV was employed to determine the optimal pa-
rameters for LoG and RF. The accuracy (ACC) of the classifiers on the training set was
measured and compared to identify the best performed individual classifiers, which were
then applied to make prediction on the test set. For each recipe in the test set, I recorded
the probability given by the individual classifiers for predicting whether the recipe is ap-
preciated. The threshold of the class probability is 0.5 due to it is a binary classification
task. Thus, the value of the class probability should be greater than 0.5 if the recipes were
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predicted to be appreciated, otherwise it should be less than 0.5. The class probability is
an important variable for combining the classifiers, which were described in the next step.

Step 3: Combining the individual classifiers

In this step, I applied two schemes, voting, and stacking, to combine the individual classi-
fiers from the previous step. The process of voting scheme is shown in Figure 7.1. Firstly,
the classifiers trained using visual features, flavour compounds and ingredients were ap-
plied to make prediction on each recipe in the test set, respectively. Then I recorded the
class probability provided by each individual classifier for each recipe. The decision of
the individual classifiers was fused by averaging the class probability. This is a common
approach in ensemble learning, particular for bagging and boosting strategies (Zenko,
Todorovski, & Dzeroski, 2001). The averaged class probability indicates the likelihood
of the combined model for predicting whether the recipes are appreciated ones. According
to this, the predicted class of the recipes based on the combined model can be obtained.
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Figure 7.1: The process of fusing the individual classifiers by means of voting. P,;s,a1,
Ptiavour and Pygreqiens Tefers to the class probability of each recipe in test set obtained
from the classifiers trained using visual features, flavour compounds and ingredients re-
spectively.

The second scheme I applied is stacking. The process is shown in Figure 7.2. The
basic idea of stacking is to train multiple classifiers and obtain their predictions, which
then applied as features to train the meta model. The output of the meta model indicates
the predictions made by the combined classifiers. In this experiment, in order to get fea-
tures for each recipe to train the meta model, I trained each individual classifier, i.e., that
trained using visual features, flavour compounds and ingredients in 5 folds. Specifically,
in this experiment, the training set was split into 5 folds, the classifier was trained on
the four folds and made predictions on the holdout set (the 5th fold). This process was
repeated for 5 times until each sample in the whole training set got the prediction. I kept
the class probability of each individual classifier as the features, and the appreciation met-
ric of the recipes as the target value for training the meta model. From the process, the
features for the recipes in the test set were also obtained, which were the averaged prob-
ability got from each fold of training. The LoG algorithm was applied to train the meta
model. The predictions for this meta model were considered as the final prediction made
by the combined models. An advantage taken of stacking compared to voting is it weights
the performance of each individual models during the ensemble learning, while the vot-
ing strategy weights each individual classifier equally, regardless of its performance on
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the food preference prediction task. The aim of applying both strategies is to compare
them and determine a better means for involving visual and flavour information to food
recommendation at the same time.
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Figure 7.2: The process of fusing the individual classifiers by means of stacking. P,;g,a1,
Ptiavour and Pygreqiens Tefers to the class probability of each recipe in test set obtained
from the classifiers trained using visual features, flavour compounds and ingredients re-
spectively.

Step 4: Evaluating the models

The performance of all individual and combined classifiers was evaluated with ROC curve
(receiver operating characteristic curve) and AUC (Area under the ROC Curve) score. The
ROC curve is plotted with True Positive Rate (TPR) against False Positive Rate (FPR),
where TPR is

TP
TPR= ——— (7.1)
TP+FN
and FPR is
FP
FPR= —— (7.2)
FP+TN

AUC refers to the area under the ROC Curve. It ranges from O to 1. Generally, the
higher the AUC (close to 1), the better ability of the model to classify the samples. 1|
visualised the performance of the models with ROC Curves and reported the AUC in the
next section.

7.3 Results

The performance of the individual classifiers, and the combination of classifiers with two
strategies is shown in Figure 7.3, which can help with addressing the RQ raised in Section
7.1. Firstly, when differentiating the appreciated and less appreciated recipes derived from
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the Chinese, US and German recipe portals, flavour compounds outperformed the visual
features slightly. The AUC of the classifiers trained using visual features and flavour com-
pounds is 0.618 and 0.640, respectively. It is in line with the results of predicting food
preferences within each culture, where flavour compounds offer slightly stronger predic-
tive power in the most cases. Neither visual features nor flavour compounds outperformed
the baseline feature, ingredients (AUC = 0.646), but the predictive power of these three
feature sets is comparable. This finding suggests that both visual features and flavour
compounds can perform reasonably in predicting food preference in a cross-cultural con-
text.
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Figure 7.3: ROC Curve of the individual models and the combination of models for dif-
ferentiating the appreciated and less appreciated recipes derived from the recipe portals

The combination of the classifiers performed significantly better than the individual
classifiers in all cases, and in comparison of the two strategies of ensemble learning,
stacking performed slightly better than voting overall, which is shown in Figure 7.3. In
addition, a combination of the classifiers trained using visual features and flavour com-
pounds outperformed not only the classifiers trained using these two feature sets sepa-
rately, but also the baseline model that trained with ingredients. The AUC of the combined
classifier trained using visual features and flavour compounds is 0.669 (with voting strat-
egy) and 0.677 (with stacking strategy), respectively. This result is truly promising for
the development of the cross-cultural food recommender systems with food representa-
tions relating to aesthetics. Moreover, a combination of all three classifiers provides even
higher AUC (AUC = 0.678 and 0.693), indicating the combination of visual features and
flavour compounds not only outperformed the baseline, but also enhance the performance
of the baseline model. These results can address the RQ, that is, it is possible to improve
the performance of cross-cultural food prediction model when combining the predictions
provided by visual features and flavour compounds.
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7.4 Implication of this Study

The outcomes of this experiment demonstrate the ability of the aesthetic information in
differentiating appreciated and less appreciated recipes across recipe portals, either ap-
plying them individually or as a combination. Combining the decisions made by classi-
fiers trained using both feature sets performed much better and outperformed the base-
line model, which trained using the semantic information, i.e., ingredients of food. This
finding suggests the promise of developing food recommender systems by involving the
cross-cultural food preferences on the visual and flavour aspects, which are anticipated
providing food recommendations for people who move between cultures.

However, this experiment is just an initial attempt of utilising the findings from Chap-
ter 5 and 6 for cross-cultural food recommendation, and the possibility of developing the
food recommender systems is only illustrated with algorithms. Further analysis, espe-
cially a user study for testing the performance of the aesthetics-based food recommender
system in application scenario is in demand.

7.5 Chapter Summary

In this chapter, I attempted to predict food preference in a cross-cultural context by ap-
plying the food representations on the aesthetic aspects, i.e., the visual appearance and
flavour. The models show reasonable performance, and I also found that applying a com-
bination of visual and flavour information of food improve the performance of cross-
cultural food preferences prediction. The findings from this chapter are beneficial to
developing cross-cultural food recommender systems, however, a test in a practical appli-
cation setting is needed.



Chapter 8

Discussion

8.1 Introduction

In this chapter, I review and discuss the results in the main empirical chapters of this
thesis: Chapter 5, 6 and 7. Chapter 5 and 6 investigated cross-cultural human food pref-
erence, as modelled by two aesthetic aspects of food, visual appearance and flavour. The
results display how and to what extent the visual appearance and flavour are different
across cultures, but also reveal stable patterns in human food preferences with respect to
these aesthetic aspects across cultures. In Chapter 7, I attempted to fuse the visual and
flavour information for cross-cultural food recommendation. Results from the empirical
chapters have addressed the Issues outlined in Chapter 1:

» Issue 1. To what extent is it possible to differentiate the food across cultures based
on the representation of food relating to visual appearance or flavour?

* Issue 2. To what extent is it possible to identify the differences and ascertain stable
patterns of food preferences across cultures based on the representation of food
relating to visual appearance or flavour?

* Issue 3. To what extent is it possible to utilise the stable patterns of food preference
across cultures on visual and flavour aspects to build cross-cultural food recom-
mender systems?

In this chapter, I discuss the answers to these issues by comparing these to previous
work in related domains. Besides summarising the theoretical implications of the results, I
also discuss what the discoveries from the empirical work mean with respect to developing
food recommender systems.

This chapter is structured as follows: Section 8.2 discusses the theoretical implications
of the results from this work, and the practical implications of these are discussed in
Section 8.3. The limitations of this work are presented in Section 8.4.

8.2 Theoretical Implications of this Work

In this work, it is revealed the aesthetic differences both in terms of the food across cul-
tures, and in terms of the preferences for food within the cultures with online recipes and
relevant interaction data from different online recipe portals.
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Firstly, In Chapter 5 and 6, online recipes, derived from three recipe portals, Xiachu-
fang.com, Allrecipes.com and Kochbar.de, were gathered and selected as the proxy of the
three distinct food cultures - China, US and Germany. By modelling the visual features of
the recipe images uploaded to these platforms and the flavour compounds associated with
the ingredients, I showed that the online recipes from different cultures are sufficiently
distinct in terms of visual appearance and flavour, that they can be differentiated with
high accuracy (ACC = 0.89 and 0.77, respectively), suggesting the existence of aesthetic
patterns of food across cultures. It is known that culture is an important factor in influ-
encing what and how humans eat (Bellisle, 1999; Eertmans, Baeyens, & Van Den Bergh,
2001; Furst, Connors, Bisogni, Sobal, & Falk, 1996; P. Rozin et al., 2002; Vabg & Hansen,
2014), hence, the differences of food across cultures can be observed, such as in terms
of ingredients usage (Fischler, 1988; P. Rozin, 1996; Laufer et al., 2015), culinary arts
(Anderson, 1988; Sweeney, 2017). Whereas in this work, I broaden the scope by re-
vealing the cross-cultural differences in its visual appearance and flavour patterns. This
finding is in line with the observation from (Anderson, 2014), who proposed the aesthetic
rules of food are culturally dependent. Moreover, although the evidence from the empir-
ical analyses in this work suggests that the food across cultures is significantly different
in aesthetics, it revealed that compared to a more distinct food culture (i.e., China), the
relatively similar cultures (i.e., US and Germany) are more likely to share more similar-
ities in aesthetic patterns of food. It is illustrated in that regardless of on the visual or
flavour aspect, online recipes from US and German portals are more likely to be confused
than those from the Chinese portal. This finding indicates the correlation between cultural
difference and aesthetic differences in food. As stated by Sproesser et al. (2022), US and
German share the same European cultural origins, hence they share more similarity in
food cultures. While China is different, as a representative of Eastern culture, it shows
larger difference in food than that between US and Germany, which reflected clearly in
how food looks and tastes. These findings might not be new, as traditional anthropolog-
ical studies have revealed the differences of food appearance (e.g., Palmer & Schloss,
2010; Taylor et al., 2013; Anderson, 2014) and flavour (e.g., Sherman & Billing, 1999)
in different cultural groups relied on observation and interviews, this work confirms these
findings with a large-scale dataset derived online by means of computational analyses.

Apart from revealing the aesthetic differences in food itself, this work also demon-
strates the aesthetic differences of food preferences in each culture. In the empirical
experiments in Chapter 5 and 6, the models trained using visual features and flavour com-
pounds could identify the appreciated and less appreciated recipes from each recipe portal
with reasonable accuracy (the ACCs at best 0.67 with both aesthetic information). It is
well established in previous work that the sensory appeal, including visual appearance and
flavour, is one of the most significant drivers of food preferences (Wadolowska, Babicz-
Zielinska, Czarnocinska, et al., 2008; Steptoe, Pollard, & Wardle, 1995; Schifferstein et
al., 2022), and the algorithmically results add more weight to this argument. In addition,
in comparison to the previous work that studied the correlation between sensory inputs
and food preferences, such as in psychological and cognitive domains (Druz & Baldwin,
1982; Spence et al., 2016; Michel et al., 2014; Zampollo et al., 2012; Koch & Koch, 2003;
Druz & Baldwin, 1982; Johnson & Clydesdale, 1982), researchers were limited to inves-
tigate only one aspect of food aesthetics, or even focused only on individual aspects of
food visual appearance (e.g., colour, texture, packages, plating) and flavour (salty, sweet,
sour, bitter, umami), this work shed light on a perspective of the holistic food aesthetics



112 Chapter 8. Discussion

in influencing food preferences by relying on online recipes and computer science.

After establishing the impact of culture on food aesthetics and the predictive power of
aesthetic information in food preferences within each culture, I investigated food aesthetic
preferences across cultures. In Chapter 5 and 6, by selecting classifiers with the highest
accuracy in each collection and testing its performance for predicting food preference on
the other two collections, i.e., learning the knowledge with respect to food preferences
of a culture then used it for predicting food preferences of the other cultures, I revealed
that aesthetic food preferences can be transferred across cultures, at least between US and
Germany on the visual aspects, and between US and China on the flavour aspects. This
finding points to a fact, that is, stable patterns in cross-cultural food preferences exist. In
contrast to previous work investigating large-scale online recipes with computational ap-
proaches (e.g., Ahn et al., 2011; Laufer et al., 2015; Su et al., 2014; Kim & Chung, 2016;
Sajadmanesh et al., 2017), which underlined the differences in cross-cultural food pref-
erences, this work demonstrates commonalities instead. It suggests the food preferences
are not totally culturally dependent, these are, at least on the aesthetic aspects, cultur-
ally agnostic to some extent. This finding supports the discovery that indicates a general
tendency of human food preferences. For example, it was concluded that human across
cultures have only few differences in perceiving the flavours (Prescott & Bell, 1995). It
was also found that, food that looks “natural” (Anderson, 2014), or with specific colour
patterns, such as more red brightness (Foroni et al., 2016), or chromatic colours (Lee et
al., 2013) is more visually appealing to humans irrespective of cultural background. Com-
mon aesthetic food preferences result from human common psychophysical responses to
the sensory inputs (Prescott & Bell, 1995). Reasons for differences in cross-cultural food
preferences were inferred to be linked to level of familiarity (Jaeger et al., 1998), i.e.,
when humans recognizing the food from their own cultures, they are more likely to prefer
it. When users in the context of cultural agnostic - such as in the user study of Study II
in this work, the participants were invited to rank the unlabelled recipe images with the
premise that they have limited ability to recognize the origin of the images (as revealed
by user study in Study I) - stable patterns of food preference are identified. Owing to the
communicative value of food, I assume these findings would contribute to improve the
understanding of human food choice behaviours in cross-cultural contexts and make the
cross-cultural food choices more predictable.

In summary, this doctoral work investigates the role culture plays in influencing food
aesthetics and human aesthetic-related food preferences. Human food choices are com-
plex, with multiple factors intertwined and collaborating in the process. The previous
research in the food choices, as pointed by Vabg (2014), does not pay enough attention
to cultural aspects. This work is conducted to fill this gap. In addition, as an example of
interdisciplinary research, by means of computer science techniques and computational
analyses, this work supports the findings from the traditional anthropological studies and
generates new knowledge for understanding human food choices. I believe this work
would be helpful for researchers in related domains, such as the food policymaker who
need an insight into how people make food decisions in order to promote healthy and
sustainable eating. Integrating the knowledge that learned from this work into application
is under way. What would be accomplished and valuable for the related fields is incor-
porating the findings into the development of food recommender systems. This will be
discussed in the next section.
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8.3 Practical Implications of this Work

This work provides insight into the development of food recommender systems in two
ways. Firstly, it sheds light on incorporating aesthetic information into content-based food
recommender systems. In comparison to the content-based food recommender systems,
which relied on the ingredients as reviewed in Chapter 3, I show which aesthetic infor-
mation can be extracted from online recipe data and how it performs in food preference
prediction tasks. On the visual aspects, although this work is not the first to incorporate
the visual features into food preference prediction task, I attempt to derive as much infor-
mation as possible to capture the visual characteristics of food for the same task. Apart
from the low-level visual features (i.e., the EVF in this work), which have been proven
to be useful in predicting human preference in the food domain (Elsweiler et al., 2017;
Trattner et al., 2018), I also included the pre-trained DNN embeddings (VGG16 in this
work) in this work. These have been extracted and used for predicting human preferences
to items in other domains (e.g., artworks) in recent work (Messina et al., 2019; Messina,
Cartagena, Cerda-Mardini, del Rio, & Parra, 2020). In addition, the hand-crafted visual
features (Colour Histogram, LBP and BoVW), which have been applied in other tasks,
such as food image classification and retrieval (e.g., Joutou & Yanai, 2009; Zong et al.,
2010; Matsuda et al., 2012), were incorporated into food preference prediction task in
this work as well. All sets of visual feature sets performed reasonably in the food prefer-
ence tasks, and a combination of them can achieve comparable predictive power to that
of ingredients. On the flavour aspects, the flavour information - although it was pointed
out to be one of the most important factors in influencing human food choices (Ahn et
al., 2011; Kourouniotis et al., 2016; Liem & Russell, 2019) - has rarely been used to pre-
dict human food preferences with machine learning approaches. The commonly applied
flavour information is the flavour compounds, the main application of these is to explain
the flavour patterns across regions by means of food pairing theory (Ahn et al., 2011; Jain
et al., 2015). In this work, I applied the flavour compounds in a new way, i.e., repre-
senting online recipes on the flavour aspects. Models trained with the flavour compounds
also preformed reasonably in predicting human food preferences. In addition, in the ex-
ploratory analyses in Chapter 6, I tried to generate understandable description systems
of flavour with the flavour compounds. Although the systems were limited to describ-
ing the flavours as savoury/non-sweet or sweet, I demonstrate a new method to integrate
flavour information into food recommender systems, which was claimed to improve their
performance (Nag et al., 2019).

Overall, both visual features and flavour compounds performed well in food prefer-
ence prediction tasks. Moreover, the empirical experiments in Chapter 7, which combined
the ingredient, visual and flavour information for predicting user cross-cultural food pref-
erences, have again, demonstrate the promise of incorporating the aesthetic information
for the future development of food recommender systems. It is illustrated that the combi-
nation of visual features and flavour compounds can not only provide stronger predictive
power than ingredients, but also enhance the performance of the models trained using the
ingredients.

The second practical implication from this doctoral work is that it provides a new per-
spective of incorporating the context feature, culture, in particular, into the development
of food recommender systems. The importance of taking context into account when pro-
viding food recommendation has been recognised in previous work. It was also stated
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that what is lacking for building context-aware food recommender system is recognis-
ing the most important context variables and accounting for these algorithmically in an
appropriate way (Trattner & Elsweiler, 2017a). Multiple context variables have been in-
vestigated in the related work (reviewed in Chapter 3), such as gender (Rokicki et al.,
2016), time (Kusmierczyk et al., 2015b), location (Cheng et al., 2017), etc., to improve
the performance of food recommender systems. However, culture, which is known as
one of the important context features, has not been specifically investigated in the food
recommendation scenario. In this work, I focused on food cultures. Moreover, in compar-
ison to previous work, which often employed simple techniques to filter users and items
according to the relevant context factors, and only recommend food that are in the same
circumstance to the users, such as recommending only cosmopolitan (or rural) recipes
to people lives in metropolis (or rural area) (Cheng et al., 2017), or recommending food
only appealing to female (or male) to female (or male) users (Rokicki et al., 2016), what
I attempted in this work is providing the food recommendation for the users in a cross-
cultural context. This can be realised based on the foundation that people with different
cultural backgrounds have similar food preferences, which have been revealed by using
aesthetic information in Chapter 5 and 6. The existence of stable patterns in aesthetic food
preferences across China, US and German indicates that, for the users come from these
three cultures, it is possible to provide aesthetically acceptable food recommendation that
originated from any of these cultures. An initial attempt to make cross-cultural food rec-
ommendation is shown in Chapter 7, the performance of the classifiers (at best AUC =
0.69) suggests that this experiment can be seen as a promising example of algorithmically
incorporating cultures into the development of context-aware food recommender systems.

The food recommender systems developed based on the findings from this work would
be applicable in several use cases. For example, guiding travellers in their food choices. It
is reported that in the short-term mobility, travellers might have difficulty in making food
decision due to their willing of trading off boundary crossing (e.g., experience the foreign
culture) and boundary maintenance (e.g., keep a connection to home) (Bardhi, Ostberg,
& Bengtsson, 2010). The food recommender systems would assist users to choose the
food, which not only originated from the culture of destination, but also corresponds to
the users’ cultural-shaped aesthetic food preferences. It would help the local restaurants,
which intend to appeal more people from other cultures to taste their food as well. Simi-
larly, it is also possible for the food recommender systems to help people in migration to
fit in local culture by means of recommending acceptable local food.

8.4 Limitations of this Work

The previous section in this chapter summarises the main findings of the empirical exper-
iments and discusses their theoretical and practical implications. The main contributions
of this work, including improving the understanding with respect to human food choices
(especially in cross-cultural context) and providing a new perspective for the develop-
ment of food recommender systems, would be promising for the community. This work,
however, is subject to a major limitation.

The major limitation of this work is lacking datasets, where people from different cul-
tures not only provide ratings to the recipes from their own cultures, but also to the recipes
from the others. Although I have generated such a dataset, which contains the ratings of
270 recipe images from 450 participants across cultures, gathered via the user study in
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Chapter 5, compared to the original data derived from the recipe portals, it is hardly to be
seen as a large-scale one. Larger datasets are in demand and would be helpful for building
more reliable classifiers in order to improve the performance of future cross-cultural food
recommender systems. Moreover, stable patterns in aesthetic food preferences may not
exist only across Chinese, US and German cultures, datasets incorporating other cultures
are also required. Models generating from these datasets are promising to be applicable
to more cross-cultural contexts. Further work, especially gathering the ratings from users
with different cultural backgrounds to the recipes from different cultures, is not feasible
during the given time. This will be considered as the starting point for future work.

8.5 Chapter Summary

This chapter has summarised and discussed the findings of the main empirical chapters
of this thesis. The implications of the findings and the limitations of the work have also
been described. The following chapter concludes the thesis.



Chapter 9

Conclusion

In this doctoral work I have investigated cross-cultural food aesthetics, particularly relat-
ing to visual appearance and flavour, and the food preferences associated with them. In
this chapter, I relate the main findings to the primary aim of this thesis, which is to incor-
porate aesthetic aspect of cultural-related food preferences into the development of food
recommender systems.

In this work, the online recipes from the recipe portals of China, US and Germany
were collected to represent the corresponding food cultures. Data carrying the informa-
tion of food visual appearance and flavour, specifically, the visual features encoded in the
recipe images and the flavour compounds corresponding to the ingredients were extracted
and processed to represent the visual and flavour components of recipes. By means of
training classifiers with these feature sets, I found, firstly, food across cultures is different
significantly with respect to how it looks and how it tastes. It is illustrated in the high
accuracy of differentiating the online recipes from the three portals with the visual fea-
tures and the flavour compounds algorithmically. Moreover, due to the impact of culture
in influencing human perception on food visual appearance revealed by the user study,
it is necessary to take both cultural backgrounds of food and users into consideration
in developing food recommender systems. In order to achieve this, rather than further
emphasising the idiosyncraticities of food and human food choices across cultures, as
most of previous work has done, the remaining of this doctoral work focused on deter-
mining commonalities in the aesthetic aspects of food preferences and applying these
to cross-cultural food recommendations. With this aim in mind, I first tested and veri-
fied the predictive power of the visual features and flavour compounds in predicting food
preferences within each culture. After that, by applying transfer learning approaches, I
ascertained stable patterns of food preference across cultures on both visual and flavour
aspects, which were then supported and explained by user study and post-hoc exploratory
analyses. These findings support the presence of unifying food aesthetic ideals. Subse-
quently, as a preliminary step of applying stable patterns in aesthetic food preferences
to the development of cross-cultural food recommender systems, I formulated a cross-
cultural food preferences prediction task on the data basis, which consists of appreciated
and less appreciated recipe samples from all three recipe portals. The results show that
both the visual features and flavour compounds performed reasonably in this task, and
show comparable predictive power to that of ingredients, which have been commonly
applied in food prediction tasks. In addition, in this task, the classifiers trained using vi-
sual features and flavour compounds were combined by means of ensemble learning. The

116



Chapter 9. Conclusion 117

combined classifiers outperformed the individual classifiers, including the baseline model
trained using the ingredients. This is a promising finding with practical implications in
the cross-cultural food recommendation domain. It suggests a new perspective of devel-
oping the context-aware food recommender systems, which would provide aesthetically
acceptable food recommendation for people move across cultures, such as in travelling or
emigrating.
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Welcome to the "Online Recipe Origin" Survey

You are invited to take part in this online recipe survey! In this survey, you will see 9 recipe images from popular recipe
portals in China, Germany and the United States. Your task is to look at the images and help us identify which recipe portal
the images come from. Please answer Question 1 to give us your choice. Then you will tell us to what extent do you believe
the recipe comes from the recipe portals(Question 2). In Question 3 we have listed several factors, you can check one or
more of them as long as they help you make choice for Question 1and 2. You are also welcome to list other factors that
you think make effort in your choice making. Below you can see an example of the survey.

[Task 1/9]
Please have a look at the recipe image below and answer the questions:

[Question1] Based on the image shown above, which portal do you think the recipe comes from?

The Chinese recipe portal: www.xiachufang.com
The US recipe portal: www.allrecipes.com

The German recipe portal: www.kochbar.de

[Question2] Towhat extent do you believe this recipe comes from the following recipe portals?
The Chinese recipe portal: www.xiachufang.com

1 2z 3 a 5

(Completely Disbelieve) (Completely Believe)
The US recipe portal: wwwallrecipes.com

1 2 3 4 5

(Completely Disbelieve) (Completely Believe)
The German recipe portal: www.kochbar.de

1 2 3 a 5
(Completely Disbelieve) (Completely Believe)
[Question 3] Which theimage i your answers to Questions 1and 27

ingredients of the food | color of the food  shape of the food
container of the food type of the food eating utensils
instinct

other factors:(multiple answers should be separated by comms)

Example survey

We suggest you to use desktop computer, tablet or notebook, since devices with small screen like smartphone cannot
guarantee the proper scaling of the interface. It will takes you approximately 5-10 minutes to complete the whole survey.
At the end of the survey, you will be asked some demographic questions. But don't worry, you won't be asked to provide
information such as your name or address. The data you provide will be saved in secure computer files, and will only be
used for academic research. There are no konwn risks or discomforts associated with this survey. Taking part in this
survey is completely voluntary, you can withdraw at any time if you are in this study. If you have questions or want a copy
or summary of this study's results, you can contact the researcher at the email address below. If you are ready, please
click the "Start Survey" below.

Contact: Assoc. Prof. Dr. Christoph Trattner, University of Bergen, Norway.

Email: christoph.trattner@uib.no
Click to start the survey

Figure A.1: The welcome page of the user study in Study I (English Version)
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[Task 1/9] This is the first of nine tasks in this user study

Please have a look at the recipe image below and answer the questions:

The images in the rest tasks are different,
but questions relating to the images are
the same.

[Question 1] Based on the image shown above, which portal do you think the recipe comes from?

© The Chinese recipe portal: www.xiachufang.com
© The US recipe portal: www.allrecipes.com

© The German recipe portal: www.kochbar.de

[Question 2] To what extent do you believe this recipe comes from the following recipe portals?

The Chinese recipe portal: www.xiachufang.com

o o) o) ®

e}

1
(Completely Disbelieve)

o

1
(Completely Disbelieve)

o

1
(Completely Disbelieve)

~0

5
(Completely Believe)
The US recipe portal: www.allrecipes.com
o] o] o] fe]
4 5
(Completely Believe)
The German recipe portal: www.kochbar.de
(e} (o) o) O
4 5

(Completely Believe)

[Question 3] Which features of the image influenced your answers to Questions 1 and 2?

ingredients of the food  (color of the food  [shape of the food
Jcontainer of the food type of the food  [eating utensils
Jinstinct

other factors:(multiple answers should be separated by comma)

If there are other features influenced your answers, please enter them here.

Click to the next task

Figure A.2: The task page of the user study in Study I (English Version)
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Please complete the questionnaire below to finish the survey.

Whatisyouragez  Lhis page will be displayed after the participants
O Younger than 18 have completed all 9 tasks of this survey.

018-24

025-34

O 35-44

O 45-54

O 55 or older

O I'd rather not say

What is your gender?

O Male
O Female
O Other

What is your nationality?(Please select)
I»- select one -- VI

On a scale from 1-5, to what extent are you familiar with these online recipe portals?

the Chinese recipe portal: www.xiachufang.com

o O O O O
1 2 3 4 5
(Not at all) (Very familiar)

the US recipe portal: www.allrecipes.com

o (@] (o] O (@]
1 2 3 4 5
(Not at all) (Very familiar)

the German recipe portal: www.kochbar.de

o o (0] o o
1 2 3 4 5
(Not at all) (Very familiar)

Which of the following statements best describes your use of online recipe portals (including,
but not limited to allrecipes.com, kochbar.de, xiachufang.com, etc.) ?

O I hardly use them at all

O | use them at least once every three months
Ol use them at least once per month

O luse them at least once per week

O | use them almost on a daily basis

Which of the following describes your experience with China:
O Never visited

O | have been there once or a few times

Ol visit or have visited regularly

O I have lived there for many months or longer

Ol am a permanent resident

Which of the following describes your experience with Germany:
O Never visited

O I have been there once or a few times

Ol visit or have visited regularly

O I have lived there for many months or longer

Ol am a permanent resident

Which of the following describes your experience with the United States:
O Never visited

O 1 have been there once or a few times

O visit or have visited regularly

O have lived there for many months or longer

Oam a permanent resident

How often do you travel cross-continental (e.g., from Asia to Europe, from Europe to America,
etc.)?

O Never

O Less than once per year

O 1-2 times per year

O More than 2 times per year
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How would you rate your interest in food from other cultures?
(¢] () () (o) (o)
1 2 3 4 5
(Not interested at all) (Very interested)

How often do you often eat food from other food cultures?

O Hardly ever

O Less than once per month
O At least once per month
O At least once per week

O Most days

How would you rate your interest in trying out recipes from other food cultures?

o (¢] o o O
1 2 3 4 5
(Not interested at all) (Very interested)

How would you describe the frequency with which you cook food from other cultures?

O Hardly ever

O Less than once per month
O At least once per month
O At least once per week

O Most days

Any other comments?

| Click to finish

Figure A.3: The demographic questionnaire of the user study in Study I (English Version)
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FRIMEE] " R ARR K05 !

847! RWESS5WREERE, HZEEFR, CHRBADFRBITER (FE, XE, BE) WRIEMIEAI9K
KA, SREANME—NMES, SMVESTESSELM. BREEFEANEES, ABNZSEEE kST
PMEROFGEMLE, HEME—PEHSEE, BEF, REEBENEMNFERE L EIRE Z508E ke & 55N
i, BAVERB=hFIRT —LnR, XETRAIESVNEENRAE—FRE Z0%E, YRz 0T &
BERTER, A NERE ZNEEAMASEIANR, MEREESREINMITE. R T BB — T BE1MEE
BE, BRNETART MZEDENRFES:

[f£5 1/9]
EFAME THIXIEEE K HEZS T8

[a—] RiE EENFEER, AR TRERE FETTERES?

REFEMS: www.xiachufang.com
EEPEM G www.allrecipes.com
EEMLA: www.kochbar.de

[EMZ] M1--5, MIBHEREE E@IAJ SRR A T &RiMME?
FREISR B R 34: www.xiachufang.com

1 2 3 4 5

GERTEE g
REFRBMIE: wwwallrecipes.com

1 2 3 4 5

RS EREE)
WE BRI wwwkochbarde

1 2 3 4 5

R GERETE

(=] B EAOMPLEASERZA T R o) B —H i) 8 — i 422

'/ O RUHE - ’UWER  RYSEs R EA
HE
HER (RUEAS SRR, WA "5

MBEEEMEREE T ROEE, BESERA

218 T

BTN ERaRm, ETARMNETIRERN, BEANFENRFREFTESHAGEIERFENAR. ARG
BHEANBELBEE--100HH0M H, EEREFTAERKEEREXNERE, BERGEAS—7 REESE
AiEXRIEE, ZEEASEEE AR BRREEUFIAALR, BRENESHSRTSHRE ERNOBIEE
2, MERBTEARR. NREHEESEENTEFEE T AN EFERREENBLOAREAR, WHEIT
ERREFEBAEHITER R IR, WREBELREFHAEEEE, Bal FEN FHASHRE.

BER A KE
MRS BRAERY (EEFE, £E)
E-mail: ging.zhang@ur.de

Ere M | Click to start the survey

Figure B.1: The welcome page of the user study in Study I (Chinese Version)
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[E% 1I9] This is the first of nine tasks in this user study

BT AMER T EXIEREE A H O E T 5 ER:
[ e N

The images in the rest tasks are different,
but questions relating to the images are
the same.

[EE—] 1RiE EERRIEES, RIARRNRIERE TR EG?

o FREIBME: www.xiachufang.com
o EEFIEMIE: www.allrecipes.com
O FEFEML: www.kochbar.de

[EEZ] M1--5, AMIBHMFZEELEIANZEERE T & RIEMIE?

FREISEIEMIE: www.xiachufang.com
1 2 3 4 5
(FFFARAELE) e
REFEIBML: www.allrecipes.com

2 3 4

i 5
(HEFAHEIE) EET:)
BERIEMLE: www.kochbar.de
1 2 3 4 5
(AFEAEIE) (HEIERE)

[EE=] E R LAEPLEAHERN 7 R EE— M hEE?
OB ORMEE CRYWIZR OR¥WEE  ORYMX ®ER

OBER

HittER: IREBAE SR, A", "HE)

MRARMEARTN TEMNEE, BEXEHN
Click to the next task

Figure B.2: The task page of the user study in Study I (Chinese Version)
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B TIEE This page will be displayed after the participants
e have completed all 9 tasks of this survey

018%58NF18%
018%—24%
025%--34%
036%--44%
045%--564%
0555 ATFE6%
O I'd rather not say

IBENERIR?
o} ]

oX

O 5t

fBMERER?(HEE)
HEmER

{BX LA E TR RIS RB R E N [?
Hh[E ML www.xiachufang.com

1 2 3 4 5
(MROTIE) (HERRE)
B FEME: www.allrecipes.com
(0] O (0] O (0]

1 2 3 5
(MKIFiE) ()
BE RiBMi4: www.kochbar.de

EN

2 3 4

1 5
(MROTiE) [Clio)]

T MERE RS RN ERER (SFEEFRTF THEE, allrecipes.comfllkochbar.de) ?

O BHIEMRRER
OHEL=TRER-R
OBEL—TREA—R
O BEL—BEA—R

O BNFBRER

IR NEIRAESS A G R B2
O MRz

O BBOEBE

O REBEDE

O REBEETRZ) AREEK

O HEREKAER

IR NEIMAESS A G E MR
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O BROEHRE

O REBEDE

O BEBR(EIRS N ANEEK

O HEREKAER
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O MRz

O BROEHRE

O REBEDE

O REBEETRB) ARFEK

O HEREKAER

ERMRTRMRRERY (EEAMMIEMEIER, MBECHEISEN) 2
O MABLXMEZH

OPF—E—R

O—%F1--2%
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HRE--5VER, WADEHRE LRI RILNBREB B
1 2 3 4 5
(BF4E) (JEBENE)

BRI AN RYMARREHL?
O NEMFS

OHF—1E-R

OES—1A-R

OES—A—R

OABHHEBEST

WRA--5DER, WINHENRE R ANFIENMBLEB N RBIE?

1 2 3 4 5
(BFo%l) [Elx370 ]

TERIEIRIAMRIBROAR R EHH9?
O NFMFSIT

OSF—1A—R

OEHD—TB—R

OEHV—B—R

O ABHHEBESL

WETHERNERL

i1l | Click to finish the survey

Figure B.3: The demographic questionnaire of the user study in Study I (Chinese Version)
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Welcome to 'Online Recipe Preference' Survey

Hey! & You are invited to take part in our online recipe preference survey! Please read the text below before you decide
to start the survey.

In this survey, you will see 3 groups of recipe images collected from popular recipe portals in China, Germany and US,
with 3 images in each group. The first task for you is to rank the recipes in each group based on how appealing the food
is. Next, you will be asked several questions about each recipe image to explain your ranking. You are also welcome to
write down your own reasons for ranking the images. Below you can see an example of the surevy.

Food Appreciation Survey

Please rank the recipe images according to how appealing you find the recipes are. You can do this by dragging them into
the corresponding grey boxes below. You can click Redo ranking to rerank them and click Continue (I am done with my
ranking) to the next page. If for any reason you cannot differentiate the recipes in this group, pleas click Continue
(cannot establish a ranking),

@)\

LA

Redo ranking Continue (cannot establish a ranking) Continue (I am done with my ranking)

It will take approximately 10-15 minutes to complete the whole survey at your computer. At the end of the survey, you will
be asked some demographic questions. The questions relate only to basic information like age, gender, food habits, and
no identified personal information e.g., your real name, contact details will be asked for or stored. The collected data will
be stored securely, and will only be used for academic research. There are no known risks or discomforts associated with
this survey. Taking part in this survey is completely voluntary, you can withdraw at any time if you are in this study. If you
have questions or wish a copy or summary of this study's results, you can contact the researcher at the email address
below.

Contact: MA. Qing Zhang, University of Regensburg
Email:Qing.Zhang@ur.de

Start

Click to start the survey
Survey

Figure C.1: The welcome page of the user study in Study II (English Version)
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Food Appreciation Survey

Please rank the recipe images according to how appealing you find the recipes are. You can do this by dragging them into
the corresponding grey boxes below. You can click Redo ranking to rerank them and click Continue (I am done with my
ranking) to the next page. If for any reason you cannot differentiate the recipes in this group, pleas click Continue
(cannot establish a ranking).

Here is the first of all three

triplets for a participant

The next triplet will be shown after the

participants ranked images in this triplet
9 and completed the follow-up questions 0
.‘ relating to the images in this triplet “
Redo ranking Continue (cannot establish a ranking) Continue (I am done with my ranking)
Participants are allowed to re-rank Participants are allowed to skip the

Click to the next triplet
the images by clicking this button triplet if they can not rank the images © extriple

Figure C.2: The ranking page of the user study in Study II (English Version)
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‘You are looking at the [1/3] images in the first group
This is the first of all three images in the triplet

oy

| You ranked this image at position 1. |
Justify this decision by answering the following questions:
) The ranking of this image by the
4] participants is marked here.

The questions for participants to justify the ranking are listed below:
Q1. To what extent do you like the Color of the dish?

o] (o] (o]

(o] . (o]
Extremely dislike Neutral Extremely like

Q2. To what extent do you like the Presentation of the dish?

o O O O
Extremely dislike Neutral Extremely like

Q3. To what extent do you like the Texture (described as soft, hard, dry, greasy, corse, smooth, etc.) of the dish?

o o

O O (o]
Extremely dislike Neutral Extremely like

Q4. How do you evaluate the Quality (including resolution, lighting, distortion, etc.) of the recipe image?

o o O O o
Very poor Ok Very good

Q5. To what extent is the recipe image visually appealing to you?

O O O (o]
Extremely unappealing Neutral Extremely appealing

Q6. Based on the image, how Salty do you think the dish would be?

©] O O o
Not salty at all Slightly salty Extremely salty

Q7. Based on the image, how Sweet do you think the dish would be?

o) o} O o} O
Not sweet at all Slightly sweet Extremely sweet
Q8. Based on the image, how Sour do you think the dish would be?
o) o} O o} O
Not sour at all Slightly sour Extremely sour
Q9. Based on the image, how Spicy do you think the dish would be?
o) o} O O O
Not spicy at all Slightly spicy Extremely spicy
Q10. Based on the image, how Bitter do you think the dish would be?
(o} O

O O O
Not bitter at all Slightly bitter Extremely bitter

Q11. Based on the image, to what extent would you like to eat dish with this taste?

O O O e} O
Extremely dislike Neutral Extremely like
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Q12. On a scale from 1-5, to what extent do you think this recipe is rich in Calories?

) o)

Very low Modest Very high

Q13. On a scale from 1-5, to what extent do you think this recipe is rich in Fat?
Very high

J C
Very low Modest

Q14. On a scale from 1-5, to what extent do you think this recipe is rich in Protein?
o C o) o)
Very low Modest Very high
Q15. On a scale from 1-5, to what extent do you think this recipe is rich in Sugar?
O C s o}
Very low Modest Very high
Q16. On a scale from 1-5, to what extent do you think this recipe is rich in Fiber?
o C o o)
Very low Modest Very high

Q17. According to your life style and health goals, to what extent do you agree whit this dish is healthy for you?

O 8 C o}
Extremely disagree Neutral Extremely agree

Q18. Please recall your eating experience, how often do you eat this type of dish in the image?

O C o)
I've never tried it | eat it occasionally | eat it regularly

Q19. Please recall your cooking experience, how often do you cook this type of dish in the image?
I've never cooked it

| cook it oécasionally 1 cook it ;egularly

If you have any other reasons for giving the recipe this ranking(e.g. like certain ingredients very much/avoid certain ingredients), please feel free to write them
down.

Click to the next image

Figure C.3: The question page of the user study in Study II (English Version)
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This page will be displayed
after participants completed
ranking all triplets and all
follow-up questions.

Please complete the questionnaire below to finish the survey.

Please answer the following four questions according to your personal situation:
When ranking the dishes, to what extent did the appearance of the dish influence your ranking?

It had no influence on my ranking It had a strong influence on my ranking

When ranking the dishes, to what extent did the taste of the dish influence your ranking?

It had no influence on my ranking It had a strong influence on my ranking
When ranking the dishes, to what extent did the nutritional content of the dish influence your ranking?

It had no influence on my ranking B It had a strong influence on my ranking

‘When ranking the dishes, to what extent did your familiarity with the dish influence your ranking?

It had no influence on my ranking It had a strong influence on my ranking

What is your gender?
O Male

O Female

O Other

What is your age?
O Less than 18

8-24

02534

03544

04554

© 55 and over

O 1'd rather not say

What is your nationality?(Please select)

[~ select one — V]

How are you interested in trying food from other food cultures?

Not interested at all Very interested

How often do you eat the food from other food cultures?

O Atleast once per month
O Atleast once per week
O Most days

How are you interested in trying out recipes from other food cultures?

Not interested at all Very interested

How would you describe the frequency with which you cook food from other cultures?
O Hardly ever

O Atleast once per week
O Most days

Which of the following describes your experience with China:
O Never visited

Ol have been there once or a few times.

O lvisit or have visited regulary

Ol have lived there for many months or longer

O lam a permanent resident

Which of the following ibes your i with y:
O Never visited

have been there once or  few times

Ol visit or have visited regularly

O have lived there for many months or longer

©'lam a permanent resident

Which of the following describes your experience with the United States:
O Never visited

have been there once or a few times

O lvisit or have visited regulary

Ol have lived there for many months or longer

©'am a permanent resident

Any other comments?

Click to finish the survey

Figure C.4: The demographic questionnaire of the user study in Study II (English Version)
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X2 5" EMEF ELRERE
5 BRSBTS R EHIERS, BERES 52 N EMANTE:

#ZRED, WHEI=ENTE, XENEENRNRETE CRKINREE,, SE0S3KES. SNE—TESRRERENEHR3IE
B NSAPNREEGHTHE. K5, HHE KBS, GREEZ10MER, FR LS EE SR T BIRN SKEBHFOML.
BRI A S EHE MR M B SR MA1ER, TEARETAE:

B IFEEEE

TARIECAT B 5 e SENIEATHE . S B ATEE (RERMMF) UAT
—RUREAF, ARCBEWES, AT ERAF". ARETERRE, CRENREPO=KEETHF, BR
H R (REMEAHRF) ", ANREH—EFNE kA,

LK

ERHF R (TOARBAAF) i (HEFRLHIF)

SERRIZIEENE SRE10-150 B E. HEENEE, MRERSELEXTFEPAERNEE, XLFRUKEENERESM: M5, FH, K
RIRE. CARBSREOATHR, RERASXSTEERERLOES. GRS IENMEHESSHERSMMEFERNN BSRE, ARA
FERMR. BAFEFESZBENSEXNRR. S50 BREXRSHTENER, £S5 IRPHAMMIGRY, WREHHENLEREE
EIRANBIFNERE, RS EA T AR RREA RN

BRRA: KK, BIRETEAS
E-mailitifit: Qing.Zhang@ur.de

Click to start the survey

Figure D.1: The welcome page of the user study in Study II (Chinese Version)

BMREFEERE

TRIEI FE A P2 A RS RN S AT . B A MBI MAOTE St (RESRMF) "BAT
—PUGERE, WRGEERT, Hat B, IRETSMEE, AN SR = KERTHT, Ha
TR (OATREH) ", B SR — AR A1, Her i the first of allthree

triplets for a participant

The next triplet will be shown after the
9 participants ranked images in this triplet e
m and completed the follow-up questions .‘

relating to the images in this triplet.

EHE B (TTVENT AR HEF) Y (RETRHAHF)

Participants arc allowed to re-rank Participants are allowed to skip the ;
Click to the next triplet
the images by clicking this button triplet if they can not rank the images

Figure D.2: The ranking page of the user study in Study II (Chinese Version)
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RIMEBFINRE 1B PAYEE [1/3] 3KE

This is the first of all three images in the triplet

The ranking of this image by the

4 -
r BAGILE R HHE 3L g)artici ants is marked here.

) EEIE U TIER BRI HZE A REh L :

The questions for participants to justify the ranking are listed below:
(801 EE KB R B FG?
o) (o] o] o

O O
FRRE —& FRER

[Af2: EEIRIXIERAIZRT?

(o] o o O

O
FRRE —i FRER

EE=: RERXERRALORY (LARIERTERN: &, B, F, B, 85 8% 1?2

(e} O o

O O
FRRE —® FERER

[Ef4: BMEITXKEEANRE (BESWE, X%, R2TKAS) k?

(o] (o] o

o] (0] o)
FRE —® FRLF
[R5 MEIARIXEKRAE E A ERR LXEH S RNRS11?
o O O O o)
RERZ RS —® RAB3|H
86 RIEES, HANREREESE?
@] o] O (e} [¢]
—RILERREL BRI FRRL
87 RIEER, TANXERRHZH?
O O O O o)
—RILt R AR I
[8: RIFEER, WANXEREHSH?
O o O (] o
—RIL A BRILE FRE
[E9: RIFEER, WANXEREHESZR?
@] (o] O (o] (°]
—RILBRR BRILR FER
[BR10: RIFE S, BANRERSESE?
O (o] O (o] o
—RILRE —R FHE

[ RIBE S, BRGEREVRXEROMKIG?

O (o] O (o] O
FRBRE —R FRER



Appendix D. The User Study of Study II in Chapter 5 (Chinese Version)

137

12 GADRERE S D ERE?
R )
13 EANKEREAE SRS

HRE )
EEe: EANKERA SO EER?

HRE ) &

[BR15: MIARRERESOME (WARGFRERRNBY, KR, DHHIRENRIWRNA) ?

HRE )

[EE16: FIANXEREZDMRTH?

HRE s

[BRN7: HRIBEESNEEIRTREBR, EOARIXERI R 2T RE?

SRR -

[Bf18: HRIEEESZMH, EERTETEXHRENESIIZ—RE.

BMKIZTER ?ﬁi&ﬁ‘\ﬂi;?ﬂiziﬁﬁ

[BR19: RIEEES2EH, BERTRETEXMHRENESIRIE—RE.

BMRE DD REREDIER

FEE

REBFEIER

MREHRMAXERABOER (FII0: REERREIEREPOEIEN) , BRSETHRESR,

Figure D.3: The question page of the user study in Study II (Chinese Version)

Click to the next image
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This page will be displayed after

BEENTER: participants completed ranking
w . I all triplets and all follow-up
WRIBCHE S REENTaE: s tons

EXREERBTHFN, GARRMISMRIIEET SARPIN?

EREWANRFETR ‘ - BRERERA
EXNFBERHTHFR, SARBRMOOKIIE~ET 2 KOPN?

E,’?Q?ﬁﬁi’zﬁiﬁiﬂim i ’ °© (Biﬁﬁl‘ﬁiﬁ‘ﬂiiiﬁ
EXRBEA LT, GANRDOERRSNETET SR

EREWENRFETR - B - EREWERA
EXREER#THFR, SANGHZRVOMBEEN LT SAO0?

ERSRENASLEEN i B N ENREBERA

TEiBH R R?
os

o%

O Rft

BIEIERR?
OuhF18%
01824

02534

03544

04554
OAFs5%

O I'd rather not say

WEEHERE (BEE) 2
£z 7 E—

M SR AR R SASE?
R2TENE - : - ERBE
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ONFMF

OHF—PA—R
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FER

T R B SR ARV B A
RN ‘ - ERBE

BEESAEERRERMI A RY?
ONFMF
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ONFBR

IS THUBA R R RGP EIRZH
O Mk
O BEETI1-2R
BRE
O BEMER) B RABE
O BBRENKRER

e FHBMEA RN S CERENZH:
O MR
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ORgRE

O REHRILEESANSE

O RERENARER

e TR MEARN S CERENZH:
O MRz
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ORERE
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Click to finish the survey

Figure D.4: The demographic questionnaire of the user study in Study II (Chinese Ver-
sion)
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