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Abstract

In the past decade, food recipe websites have become a popular approach to �nd a

recipe. Due to the vast amount of options, food recommender systems have been devel-

oped and used to suggest appetizing recipes. However, recommending appealing meals

does not necessarily imply that they are healthy. Recent studies on recommender sys-

tems have demonstrated a growing interest in altering the interface, where the usage of

multi-list interfaces with explanations has been explored earlier in an unsuccessful at-

tempt to encourage healthier food choices. Building upon other research that highlights

the ability of personalized explanations to provide a better understanding of presented

recommendations, this thesis explores whether a multi-list interface with personalized

explanations, which takes into account user preferences, health, and nutritional aspects,

can affect users' evaluation and perception of a food recommender system, as well as

steer them towards healthier choices. A food recommender system was develop, with

which single- and multi-lists, as well as non-personalized and personalized explana-

tions, were compared in an online experiment (N = 163) in which participants were

requested to choose recipes they liked and to answer questionnaires. The analysis re-

vealed that personalized explanations in a multi-list interface were not able to increase

choice satisfaction, choice dif�culty, understanding or support healthier choices. Sur-

prisingly, users selected healthier recipes if non-personalized rather than personalized

explanations were presented alongside them. In addition, users perceived multi-lists to

be more diverse and found single-list to be more satisfying.
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Chapter 1

Introduction

Over the years, food recipe websites containing a variety of options have become an in-

creasingly popular source of inspiration for home cooks. A search on the internet will

retrieve thousands of recipe websites that offer food recipes created by either beginners

or chefs [11], in just a matter of seconds. All the different cuisines, cultures and com-

binations of ingredients provides new ways to prepare a meal which gives an increase

in options for users looking for a recipe online. However, due to the large number of

options it can be challenging for the average user to �nd their preferred recipe, as well

as to make healthy choices. For many people, food selection is driven by bad habits

or poor knowledge on healthy eating which could lead to poor healthy conditions [21].

The focus on healthy eating has become a more central subject in our daily life, as

lifestyle-related illnesses such as obesity and diabetes have become a growing problem

[66]. World Health Organization estimated in 2016 that 39% of adults aged 18 years

and older, were overweight and 13% were obese. In a world where overweight and

obesity kills more people than underweight, it is important to promote healthy food op-

tions [66].

The constant growing array of recipe choices that consumers on the Internet are go-

ing through can be perceived as overwhelming. For guiding the consumers towards a

recipe of their interest, a recommender system can be a helpful tool. Recommender sys-

tems consist of algorithms within a user interface that are designed to suggest relevant

items to users. The relevant items could be identi�ed based on users with similar pref-
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erences, items with similar features, or item features that are similar to the user's pref-

erences. In recent years, recommender systems have been investigated as an effective

solution to help users change their eating behavior and discover healthier recipes [60].

By suggesting a more personal and diversi�ed food recipe selection that is healthy and

may be of interest, one can possibly move them in a healthier direction. Currently, rec-

ommender systems are widely used across different online food recipe websites where

the system serves its purpose to recommend new and similar recipes, but does not nec-

essarily promote the healthiest options [60, 62]. Food recipe websites have a tendency

to promote popular recipes, which in most cases are the ones that are the least healthy

ones. [62, 63]. There are challenges associated with the need for information from the

user in certain aspects such as nutritional needs, ratings of recipes and previous meals

[60] to provide accurate and healthy recommendations. Consumers have a tendency to

select recipes that satisfy their particular preferences, despite the fact that this may not

correlate with the healthiness of the chosen meal and may be in�uenced by poor habits.

There are also misconceptions out there about healthy eating which is associated with

a reduced consumption of food that are usually de�ned as healthy [12].

Traditionally, recommender systems have been evaluated primarily on the accuracy

of the recommendations. In recent years, however, interest in user-centric assessment

metrics [6, 43, 49, 56] have grown where various components of the user interface,

such as explanations and presentation of the recommendations [41, 48, 53, 58] have

been shown to have a signi�cant impact on the user and the quality of the recommender

system. The organization of recommendations has, among other things, shown to alter

the persuasiveness of a system and the satisfaction of its users [43]. When browsing

through various online e-commerce websites and online streaming services, one can

observe that their recommendations are presented to users in multiple lists. These lists

are often optimized on different algorithms with an explanation to each list that says

something about what the list contains and/or why it is relevant for the user. Having

recommendations in multiple lists could possibly serve purposes such as guiding users

towards new items of their interest that they were unaware of and lead to more ef�cient

explorations among a bigger subset of items [28]. As opposed to multi-lists, single-list
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interfaces are also widely used on websites, especially in food recipe websites such

as Allrecipes1 (Figure 1.1), Simplyrecipes2 and Yummly3 to mention a few. Such

lists can however just account for one factor at the time with a more limited selection.

Researchers have studied users' decision-behavior across single and multi-lists when

browsing movies [28], their perception of the lists and its ability to nudge users towards

healthier food choices [51].

Figure 1.1: A partial screenshot of Allrecipes.com where the recipes are presented in a single-list with
a single explanation.

1www.allrecipes.com
2www.simplyrecipes.com
3www.yummly.com
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When consumers experience dif�culty in deciding, explanations may bene�t them

to clarify why a recommendation was made, what qualities the recommended prod-

uct(s) has, and why the recommendation is relevant to the user. Not only is a good

explanation bene�cial to the users, but they may also serve as an effective resource for

the provider to persuade users in a certain direction, which both the receiver and the

provider may use to improve their performance throughout the communication process

[29]. A good explanation seeks to achieve seven possible aims among users, regard-

less of the domain, which in short is to inspire user trust and loyalty, boost satisfaction,

make it simpler to identify what consumers want, and encourage them to test, buy or

choose a recommended item [56]. However, the goals that the explanations want to

achieve may vary based on the domain in which it is used [50]. A movie recommender

system may emphasize helping users in making good decisions about which movie to

watch, whereas an e-commerce website may prioritize persuading a user to purchase a

speci�c product. Regarding users' demand for explanations, users want to know more

about what makes a particular item worthy of being recommended [57], which has

led to an emphasis on personalized explanations that combine user characteristics and

item features [35, 53, 58]. In food recommender systems, where a one-size-�ts-all ap-

proach is often used, recommendations aimed at personal taste and nutritional aspects

can bene�t consumers to follow a nutritional and healthy diet, especially when it is

closely associated with personal characteristics [59]. Utilizing personal characteristics

in the form of an explanation of why a recommendation was made and how it may be

relevant to the user has proven to be highly persuasive [8, 24] in order to make users try

or buy an item. However, little research has been conducted on how personalized ex-

planations in the food domain, which include nutritional aspects, user preferences, and

personal health, can encourage users to make healthier choices, as well as the effect of

serving multiple personalized explanations at once on users' perceptions.
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1.1 Problem Statement

The ever-growing selection of recipes in various food recipe websites can create chal-

lenges for users when choosing what to eat. A goal that recommender systems seek to

achieve is to help users overcome these challenges by recommending similar or pop-

ular recipes. However, recommending for popularity or similarity might not always

correlate with recipes being healthy [62, 63], which is becoming more and more im-

portant due to the increasing number of overweight in our society [66]. A �eld of

research which has shown to affect users in their decision-making is to make changes

to the presentation of recommendations. While a large number of food recipe websites

use single-list interfaces to present recommendations (Allrecipes, Simplyrecipes and

Yummly), several online streaming services (Net�ix, HBO, Amazon Prime) present

their recommendations in multiple lists. Until now, research has compared single- and

multi-lists and examined their in�uence on users' decision-making in the movie do-

main [28], as well as the persuasiveness of multi-lists and explanations towards healthy

food choices [51]. Users in the food domain were more satis�ed with the choices they

made while users in the movie domain found multi-list interfaces to provide a more

diverse recommendations set due to being divided into several lists optimized for dif-

ferent algorithms. However, neither presenting food recommendations in a multi-list

interface nor providing explanations were able to provide users with a higher under-

standing of the presented recommendations, reduce choice overload or assist them in

making healthier choices [51].

Research on multi-lists within the food domain are still novel where no research

have been conducted on how a personalized type of explanation could affect the users'

perceptions of the multi-list interface and its recommendations, as well as its persua-

sive ability towards healthier food choices. This study aims to personalize the expla-

nations in single and multi-lists by incorporating user preferences, nutritional aspects,

and recipe features. As prior research has found personalized explanations to be highly

persuasive [8, 24, 35] and to provide users with a better understanding of the content

[58], the purpose of this thesis is to utilize personalized explanations to support users

in choosing healthier recipes in multi-lists interfaces. Using personalized explanations
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in the food domain was done in a justi�cation style by [41], but interesting results may

be found when the personalized explanations account for multiple lists and recommen-

dations. This thesis will also investigate how the use of personalized explanations in

a multi-list interface can affect a user's choice satisfaction, choice dif�culty, perceived

diversity, and understanding, in addition to other recipe choice aspects. A compari-

son will be made between personalized and non-personalized explanations, as well as

a multi-list interface and a single-list interface.

1.2 Research Questions

The goal of this thesis is to investigate the impact of personalized explanations in a

multi-list food recommender system on users perception and evaluation, in addition to

its ability to persuade users towards healthier recipes. In order to do so, the following

research questions are raised:

• RQ1.1: To what extent is a users perception of a food recommender system

affected by the use of personalized explanations and a multi-list interface?

• RQ1.2: To what extent do personalized explanations affect choice satisfaction

and dif�culty across multi-list and single list interfaces?

• RQ2.1: To what extent do personalized explanations and multi-list interfaces

support healthier recipe choices?

• RQ2.2: Do personalized explanations and multi-list affect other recipe choice

aspects, compared to non-personalized explanations and single list interfaces?
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1.3 Thesis Outline

Figure 1.2: A brief overview over the remaining chapters in the thesis.

The four coming chapters are visualized in Figure 1.2 and are as follows:

• Chapter 2 provides an overview over conducted research on the �eld of food

recommender systems in addition to related works on explanations and multi-list

interfaces.

• Chapter 3 gives a full overview of the dataset used in the experiment, as well as

technicalities and the approach used to develop the prototype. In addition, there

are descriptions of the research design, experiment procedure, and participant re-

cruitment.

• Chapter 4 provides the results of the conducted online experiment in conjunc-

tion with the research questions.

• Chapter 5 provides a discussion of the results, limitations and future research.



8 Introduction



Chapter 2

Background

2.1 Recommender Systems

The primary goal of a recommender system is to provide items that are useful and/or

of interest to the user [49] and is commonly utilized in various e-commerce websites,

streaming services and social media where it serves different purposes. Such purposes

may include increasing sales in e-commerce by recommending items that will most

likely suit the user, increasing diversity in movie recommendations for streaming ser-

vices or increasing users satisfaction in the form of relevant and interesting recommen-

dations in social media [49]. Most of these systems are often personalized to the users

needs where implicit data such as clicks, time spent or purchases, as well as explicit

data such as ratings or likes are typically considered in the recommendation process

[53]. To be able to identify and predict what the users would �nd interesting and suit-

able for their needs, several different approaches could be used. Collaborative �ltering

is considered as the most popular and used one amongst the techniques [7]. Its main

goal is to exploit gathered data about a user's past interactions and/or about opinions

from existing users in the community to provide recommendations that the current user

of the system would be interested in [29]. In most cases, ratings are often used as an ex-

pression of preference whereas the calculations are based on similarity in rating history

between two users [53]. MovieLens is an example of a collaborative �ltering movie

recommender which takes the users rating and ratings from the community to predict

how that user will rate future movies of interest [49]. Content-based recommenda-
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tions, on the other hand, are based on item-similarity rather than user similarity. This

means that users will receive recommendations on items similar to the ones that they

have liked in the past. The assumption is that items with similar features will be rated

similarly [7] where the calculations are made on the feature similarity between the com-

pared items [49]. A knowledge-based recommendation would, however, recommend

items based on explicit knowledge of certain features, user needs and preferences, as

well as knowledge on how the features meet the users needs [53]. The greatest strength

of a knowledge-based recommender compared to a collaborative-�ltering and content-

based recommender is that it can overcome the cold start problem (the performance

of the system on new items and on new users) [49]. However, a knowledge-based

recommender may suffer from knowledge acquisition bottleneck, which means that

knowledge engineers who can encode knowledge from domain experts into a formal

and feasible representation are required [18]. Incorporating domain knowledge into a

knowledge-based recommendation process was done by Khan and Hoffmann with a

system called MIKAS, a diet recommender system for changing eating habits. The

purpose of the system is to recommend a menu personalized to a user's requirements

by modifying it along the way. In case of a recommendation that does not meet the re-

quirements for a healthy diet, a domain expert (dietitian) could intervene and provide

additional knowledge which would then be added to the knowledge-base to ensure its

adaptation [32].

2.2 Food Recommender Systems

Food recommender systems aim to recommend new recipes in various ways based on users

interest, similarity to chosen recipe, taste or certain dietary goals provided by the user. In the

healthy food domain, recommender systems have proven to be effective in helping users to

cope with the vast amount of data related to recipes [60]. By utilizing recommender system

techniques such as collaborative �ltering, content-based, knowledge-based or hybrid recom-

mender systems, one can create personalized recommendations for the users. In recent years,

research contributions have investigated methods to guide users towards healthier recipes with

these techniques.

Research by Mika [40] states that there are two types of food recommender systems. One
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type is to recommend recipes by considering user preferences (type 1) while the other type

is to recommend recipes by considering nutritional needs of users (type 2). Recommend-

ing recipes by considering user preferences can be done through content-based methods to

tailor recommendations to the individual tastes. Research on personalized recipe recommen-

dation by Freyne et al. [19] used a content-based algorithm to predict the rating of a target

recipe by breaking the target recipe and ingredients. The predicted rating was calculated by

the users rating of the individual ingredients in the target recipe and was tested against a col-

laborative �ltering algorithm. Results have shown that the content-based algorithm turned out

to provide more accurate recommendations than the collaborative one. Another research pa-

per [16] focused on gathering user-preferences through an interaction process that elicits users

short-term and long-term recipe preferences. Combining both types of preference elicitation

methods yielded positive results among users.

Research by Trang et al. [60] also identi�ed one more recommendation type to balance

user preferences and nutritional needs of users (type 3). The Health-aware recommender sys-

tem by Ge et al. [21] provides recipe recommendations that takes both users preferences and

health into account. The system allows users to balance both their taste and health to receive

personalized recommendations. Considering nutritional information and user preferences has

also been researched by Toledo et al. [59]. A pre-�ltering approach was used to eliminate

food that does not �t the users characteristics to further generate a meal plan with food that

satis�es a users preferences and their daily nutritional requirements. Another recommender

system [3] takes both user preferences and medical prescriptions to provide personalized and

healthy menus through three steps. A content-based �ltering approach provides the user with

recommended recipes based on comparisons among features in both users pro�les and recipes.

Additionally, candidate menus are generated using the selected recipes and �nally ranked tak-

ing the users prescriptions into account.

Musto et al. [42] created a knowledge-aware recommender system that combines knowl-

edge about food and personal user aspects such as nutritional content, cooking experience,

physical activity, BMI etc. to generate personalized recipe suggestions. Users were served

three dishes from the knowledge-aware recommender (main course, second course, dessert)

which was compared to dishes from a popularity-based recommender. The same authors did

a Natural Language Justi�cation study [41] which were also based on user characteristics

and recipe features. From examining what drives a user towards healthier recommendations,
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they found that the recipes chosen based on popularity were related to taste motivations while

choices in the health-aware recommendation were related to health-related reasons. Further-

more, 'because it �ts my preferences' was identi�ed as a cause for selecting healthier recipes.

An interesting comparison between the three types of recommending recipes was done by

[46] where each recommendation was either optimized for user preferences, healthiness or a

combination of both. The users were asked to select their preferred recipe from a list in order

to determine if a healthy bias and a healthy tag could in�uence users decision-making. Their

research showed that users are generally more inclined to select recommendations from the list

optimized for user preferences than the hybrid list, while both lists were more accurate than

the list optimized for healthiness. However, the users who explicitly cared about healthiness

were more likely to choose recipes from the list optimized for healthiness and the hybrid list.

2.3 Explanations in Recommender Systems

Throughout the existence of food recommender systems, its main purpose has been to suggest

relevant recipes to users. However, from a user's perspective, it might be dif�cult to determine

which recipes are healthy among a large selection of recipes. In addition, most recommender

approaches are popularity-based which could lead to unhealthy recommendations. While rec-

ommender systems traditionally have been evaluated on its recommendation accuracy, recent

years have shown an increasing interest in user-centered aspects [58]. One factor that can af-

fect the user is the use of explanations along with the recommendation. The goal is to give the

user some sort of context as to why an item was recommended and why it could be of interest

for the user. N. Tintarev and J. Masthoff [56] has identi�ed seven possible aims of explana-

tions in recommender systems: Transparency (1) is explaining how the system works while

helping users understand how a recommendation was chosen whereas scrutability (2) allows

users to provide feedback. Trust (3) is about increasing users' con�dence in the system while

persuasiveness (4) is about convincing users to either try or buy a product. In addition to per-

suading users to either try or buy an item, an explanation may also assist users to make better

decisions from its effectiveness (5) and faster decisions from its ef�ciency (6). Finally, an ex-

planation may improve users overall satisfaction (7) with the system. Nowadays, explanations

are frequently used in popular online movie and streaming services such as Net�ix (Figure

2.4), Amazon Prime Video and HBO Max (Figure 2.1) in their recommendations to the users.
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