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Abstract

In the past decade, food recipe websites have become a popular approach to find 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 difficulty, 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 find 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 identified 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 diversified 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 influenced by poor habits.

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

a reduced consumption of food that are usually defined 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 significant 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 efficient

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

www.allrecipes.com
www.simplyrecipes.com
www.yummly.com
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When consumers experience difficulty in deciding, explanations may benefit 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 beneficial 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

specific 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-fits-all ap-

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

can benefit 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 field 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 (Netflix, HBO, Amazon Prime) present

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

multi-lists and examined their influence 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 satisfied 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 justification 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 difficulty, 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 difficulty 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 field 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.
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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 find interesting and suit-

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

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 filtering 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-filtering 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 filtering, 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 filtering 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 identified 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-filtering approach was used to eliminate

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

satisfies 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 filtering approach provides the user with

recommended recipes based on comparisons among features in both users profiles and recipes.

Additionally, candidate menus are generated using the selected recipes and finally 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 Justification 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 fits my preferences’ was identified 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 influence 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 difficult 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 identified 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’ confidence 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 efficiency (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 Netflix (Figure

2.4), Amazon Prime Video and HBO Max (Figure 2.1) in their recommendations to the users.
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Figure 2.1: A screenshot of the multi-list interface in HBO Max where explanations are utilized to
provide users with an understanding of the content.

2.3.1 Explanation Types and Interfaces

The explanation may follow the style of the underlying algorithm even though the recom-

mendations have been retrieved or computed differently. In the early stages of research on

recommender systems, a few studies emerged on different ways of explaining recommenda-

tions. One of the first within the field, Herlocker et al. [24], addressed twenty-one different

explanation interfaces for automated collaborative filtering systems. In a number of experi-

ments in a web-based movie recommender system called MovieLens, they found out explain-

ing a collaborative-filtering recommendation in a histogram were the most compelling among

the users. In addition, did explanations in general yield positive feedback amongst users. In

comparison to Herlocker et al. [24], Biligic and Mooney [4] did a study where they also

included content-based and user-history-based explanations and investigated the impact on

users’ satisfaction. Three different explanation types were evaluated by the users; neighbor

style, keywords style and influence style. Neighbor style explanations which explains collab-

orative filtering based recommendations turned out to create overestimation of the quality of

an item which could lead to mistrust from users. However, keywords style explanations which

explain content-based recommendations and user-history-based which presents ratings previ-

ously provided by the user were found to be significantly more effective at helping users make
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more accurate decisions. Symeonidis et al. [54] later combined the two explanation styles in

a hybrid recommendation approach called MoviExplain. They built a feature profile for each

user, grouped the users into biclusters to detect matching preferences and used features in the

explanation to justify the recommendations. Combining the two explanation styles supported

their assumption in a user study that the combination would be more favorable among the users

as it was more informative.

Vig et al. [65] explored the effects of tagsplanations, a way to explain recommendations

through tags. It was evaluated based on its justification, effectiveness and mood compatibility.

The study differentiates between justification and transparency in explanations, where trans-

parency is the understanding of how the systems work and justification is the understanding

of why an item was recommended. As seen in Figure 2.2, the explanations were based on

two tag-components: the degree to which a tag accurately describes an item and the users

preference towards a tag. In addition, four interfaces were designed and evaluated in a user

experiment where they found tagsplanations to positively promote goals of justification, ef-

fectiveness and mood compatibility. Dominguez et al. [13] compared three recommendation

interfaces with different types of explanations in the image domain. The results from the user

experiment shows that explanations of recommendations were useful and increased user satis-

faction, explainability and relevance.

Figure 2.2: The tagsplanations used in Vig et al. [65] that describe item-relevance and its relevance to
a user’s preference.
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2.3.2 Personalized Explanations

The need for explanations tailored to users’ preferences has increased in line with the com-

plexity of recommender systems and individual differences [35]. Users might place different

levels of importance on certain features due to personal preferences [58]. Serving item fea-

tures in an explanation such as: “This low calorie recipe is recommended to you as your diet

goal is to lose weight”, can have a strong persuasive effect when presented with an important

feature (diet goal) [24]. It has been found in the real estate domain that tailored evaluative

arguments had a higher chance of persuading the user to adopt a particular house compared

to a non-tailored evaluative argument [8]. For instance, the argument: the house has a good

location was persuasive to a user that cared about the location.

Since most of the research that had been done was on the persuasive power of personaliza-

tion, Tintarev and Masthoff [58] decided to investigate the impact of a personalized feature-

based explanations ability to help users make good decisions (effectiveness) and its ease of

use/enjoyment (satisfaction). More specifically, they investigated what makes an explanation

effective, how the effectiveness could be best evaluated and if user satisfaction could have an

impact on potential trade-offs. In order to represent the most important features in the ex-

planation, the selection of features were personalized as users may differ in what they find

important and their individual taste. The experiments were done in the movie and camera do-

main with three different types of explanations: A baseline condition where the explanation is

not personalized nor described any item features. A non-personalized feature-based explana-

tion that describes item features, but the features were not tailored to the user. A personalized

feature-based explanation that both describes item features and tailored them to the users in-

terests. Results from the experiment showed that explanations in general can help users in

decision-making. In two domains across three experiments, results showed that personalized

explanations hindered effectiveness, but increased satisfaction. However, satisfaction is only

increased if it results in information that is meaningful to a user. A similar study on person-

alized explanations by Kouki et al. [35] found that personalized content-based explanations

were found to be more persuasive than non-personalized popularity-based explanations.

Chang et al. [9] developed personalized natural language explanations which were in-

spired by how people explain word-of-mouth recommendations through a crowd-sourcing and

computational process. They compared their personalized natural language based explana-

tions to tag-based explanations [65] and examined the impact, finding it to positively affect
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trust and satisfaction among users. Gedikli et al. [22] measured ten different explanation

types (personalized and non-personalized) by its efficiency, effectiveness, persuasiveness, per-

ceived transparency and satisfaction of users in the movie domain. The experiment found

non-personalized content-based tag cloud explanations to be most effective and accepted by

the users in addition to increasing perceived transparency and satisfaction.

A study by Svcrek et al. [53] examined the combined use of basic explanation styles in or-

der to provide an appropriate type of personalized explanation to each user in the news domain.

They developed an interface called ExplORe (Figure 2.3) and made the personalized explana-

tions in either a content-based or collaborative-filtering way, where content-based provided an

explanation containing feature-similarity in the article (..because you like the topic basketball)

whereas collaborative-filtering ones included user-similarity (...because similar user Robo read

it too). Their findings show that users favored content-based explanations over collaborative

filtering explanations, and articles with an explanation are preferred over articles without. In

addition it was found that personalized explanations could increase understandability and at-

tractiveness of recommended articles.

Figure 2.3: The ExplORe interface with personalized explanations developed and evaluated in the
experiment by Svcrek et al. [53].
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2.3.3 Explanations in Food Recommender Systems

Currently, most research on explanations is often done in domains such as products or movies.

Research on the effects of explanations in the food domain have however been scarce [61]

and havent flourished until recent years. A couple of research papers have used explanations

in their frameworks such as a multi-modal recipe fusion framework [36] that were built to

improve the performance of recipe recommendations. The artifact generated explanations

derived from images or videos related to the recommended recipe. Another research paper [45]

made a Food Explanation Ontology that models food and diet recommendation explanations

to answer questions about food recommendations they receive from AI. In [39], Shirai et al.

made a Python framework to recommend healthy food and generate explanations for each step

involved in producing the recommendation. A personalized nutrition recommender system

[38] included explanations for the end user to gain insights to why a recipe was recommended

to them. Although explanations are included in the mentioned research papers, the effects

were not investigated.

Musto et al. [41] explored natural language justifications/explanations ability to persuade

users in food recommendations to make healthier food choices by emphasizing nutritional

facts, health risks and/or benefits to the recommended recipes. Two recommendations were

presented to the user where natural language justifications were generated and personalized

based on user characteristics and the recipes features. Justification strategies that contained

user features such as cooking experience or diet goals were respectively compared up against

recipe features such as level of difficulty or calories. A single style justification on level of dif-

ficulty would say: “Vegetable Soup is very easy to prepare” while a comparative style would

say: “Vegetable Soup is easier to prepare than Spaghetti Cacio and Pepper”. In total, eight

different justification strategies were evaluated in a single or a comparative justification style.

Research results have shown that the comparative justification style was effective at promoting

healthiness while the justification strategy which compares each recipes features and health

risks were able to cater towards a users healthy food preferences.

As found in previous research, both non-personalized and personalized explanations are

commonly used in food recommender systems, but little attention has been paid to how users

evaluate these explanations, as well as how they are presented with the recommendations.

Positive user evaluation results have been found when providing a greater number of recom-
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mended options organized in multiple lists [10, 27, 28, 48]. By offering users with more

options in the food domain, one might enable them to select from an increased number of

healthier alternatives. In addition, the explanation could help users identify whats healthy and

not. However, providing users with more options and explanations carries the possibility of

increasing their choice overload [6].

2.4 Multi-list Recommender Systems

The extent of the benefits such as persuasion or satisfaction that users and providers achieve

from a recommender system depends on the quality of the recommendations and their presen-

tation [37, 43]. It has among other things been discovered that grouping movie genre features

in a structured overview, multiple lists, has proven to be a more persuasive and satisfactory

presentation method compared to a top N-items overview [43]. Another similar example of

structuring recommendations in multiple lists is the organization interface designed by Pu and

Chen [48]. Item recommendations are organized into different categories/multiple lists, where

each category is a suggested critique/explanation and the products gathered below share spe-

cific features. After comparing the organization interface to a ranked top N-items interface in

a user study, results showed that users considered the organization-based interface more effi-

cient in making product comparisons. Also, the interface had a positive influence on users’

intention to return which in fact says something about users trust in the system. The same

authors have further been testing the organization interface in an eye-tracking experiment, re-

porting users hotspot and gaze path [10]. This time, the aim of the study was to investigate the

effects of layout change where users were looking. Three different layouts were compared;

a ranked top N-items layout, an organization interface with vertical layout and an organiza-

tion interface with quadrant layout. From the hotspot and gaze path plot, it turns out that users

in the ranked list layout tend to pay more attention to the top candidates while ignoring the

remaining. Whereas in both the vertical and the quadrant organization layouts, users exam-

ined and paid attention to more recommended products. Furthermore, a higher percentage of

users also successfully accomplished the task of finding and selecting a product to buy com-

pared to the ranked list. In a study by Hu and Pu [27], the organization interface was compared

to a standard list interface in order to examine perceived categorical diversity (items being of

different kinds) and item-to-item diversity (items being dissimilar). Results from an in-depth
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user study found that organization interfaces could effectively increase users’ perceived di-

versity of the recommendations results in the categories. This also positively influenced the

perceived ease of use and usefulness of the system. Jannach et al. [28] studied the effects

of multi-list interfaces on users decision-making behavior for similar-item recommendations

in the movie domain. In the multi-list interface, thirty recommendations with labels attached

to each list were compared to a single-list consisting of only one label and the same amount

of recommendations listed below. The outcome of the experiment revealed that users favor

the single-list as it allowed them to make less effort making a choice. On the other hand,

multi-lists were however able to lead to more exploration and gave the user an impression of

diversity and novelty in the recommendations.

Figure 2.4: A screenshot of Netflix’s multi-list interface. As depicted in the Figure, each list is accom-
panied with an explanation that describes its recommendations.

2.4.1 Choice Overload

An important aspect which recommender systems try to mitigate is a users experienced choice

overload. The ever-increasing number of products made available to users via numerous web-

sites may help find something of interest. However, even if the recommender system is at-

tempting to reduce the number of options by recommending items of interest, this does not
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guarantee that making a decision on the next page will be any easier [23]. Studies that have

been done by Bollen et al. [6] on choice overload in conjunction with recommender systems

pose the question if it’s necessarily better to have a large set of recommendations. They inves-

tigated the effects of presenting a large set size (20 items) compared to a smaller set size (5

items) with low versus high set quality and examined different aspects such as perceived diver-

sity, attractiveness, choice difficulty and choice satisfaction. Their findings reveal that a large

set with high quality items does not necessarily result in a higher choice satisfaction, compared

to a smaller set. This is due to the fact that a larger number of high-quality recommendations

is counteracted by an increased difficulty in choosing among them. A study by Beierle et al.

[2] examined choice overload in related-article recommendations in digital libraries through

measuring click-through rate. They found a lower click-through rate for higher numbers of

recommendations and a doubled number of clicks when showing ten related articles instead of

one. Their findings suggest that users quickly feel overloaded by choice.

2.4.2 Multi-list Interface for Healthier Food Choices

Latest and highly relevant work in regards to this thesis, is the research by Starke et al. [51]

on multi-list interfaces. The research addressed the use of multi-list interfaces in addition to

explanations in order to examine to what extent such interfaces could support users in mak-

ing healthier recipe choices. The multi-list interface had a total of 25 recipe recommendations,

where each list contained 5 recommendations based on multiple algorithms, such as similar-

ity to other recipes or a recipe’s fat, calorie, or carbohydrate content, with an explanation for

each list. A comparison was made between the multi-list condition and a single-list condition

optimized for a single algorithm containing a total of five recommendations and a single ex-

planation. It was hypothesized that serving food recommendations in multiple lists would lead

to a more diverse set of recommendations and cater towards eating goals that are not yet part

of the user’s profile [51]. After conducting an online user experiment, the analysis of the re-

sults showed that multi-lists were not able to support users making healthier food choices, but

rather the opposite. Whereas in the single-lists with explanations, users actively chose health-

ier alternatives relative to what they were presented. When it came to what impact multi-lists

had on users, research results showed that users are more satisfied with multi-lists compared

to single-lists. Additionally, users were also more satisfied with the choices they made in the

multi-lists, however, statistical evidence of perceived recommendation diversity among users
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was not found despite Jannach et al. [28] findings on users’ impression of diversity and nov-

elty.

The single- and multi-list interfaces were also compared with and without explanations.

Analyzes of the result did not yield any significant result that explanations could persuade

users to choose healthier alternatives. At the same time, no clear significance was found that

explanations could increase user understandability of what was presented to them or reduce

choice overload.

This thesis will, however, seek to answer the question if personalized explanations in multi-

lists could yield a different result in users’ perceived understandability, diversity, choice over-

load and in helping them make healthier choices. As explanations which includes recipe fea-

tures and health risks have shown to be able to cater towards users’ healthy food preferences

[41], interesting results may be found when including such personalized explanations to a

multi-list interface. In addition, to ensure a more accurate comparison between single- and

multi-lists, this study will provide similar recommendation set sizes, 25 vs 25 instead of 5 vs

25, across both interfaces.

2.5 Summary and Differences

The cited publications have explored the use of recommender systems in the food domain,

taking user preferences, health, and nutritional aspects into consideration. In addition, pa-

pers have explored several approaches of explaining recommendations (textual vs. visual) and

personalizing the explanations by incorporating user preferences and item features. The men-

tioned research papers have also examined the impact of various recommendation presentation

interfaces, as well as multi-list interfaces with explanations in the food domain. Given recent

studies, there are still a number of unexplored or unaccounted-for aspects that this thesis aims

to examine. Although health-aware food recommender systems include explanations for their

recommendations, little research has been conducted on how users in the food domain perceive

and evaluate such explanations as well as its persuasive effect in guiding users towards health-

ier alternatives, especially when personal and nutritional aspects are incorporated. Moreover,

the presentation of food recommendations is still a little explored field where personalized

explanations could have an impact on how users evaluate and perceive multi-list interfaces.

In addition, personalized explanations which account for multiple recommendations at once
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would be a contribution in itself. The following steps will be conducted in order to address the

previously described shortcomings:

• As previous research has not identified a generic explanation type in multi-lists that

merely describes the content of recipes to persuade users towards healthiness or influ-

ence their evaluation of a recommender system, this study will consider user prefer-

ences, health, and nutritional recipe aspects. This is done in order to examine whether

personalized explanations can provide users with a higher understanding of the pre-

sented content, greater satisfaction when choosing a recipe, assist and reduce difficulty

in choosing a recipe, as well as support users in locating healthier alternatives.

• The multi-list interface will be compared to a single-list interface using a more accu-

rate comparison of 25 versus 25 recipes as opposed to 25 versus 5 recipes, as was done

in prior study. This provides a more accurate measurement of whether users perceive

recommendations presented in multiple lists using different algorithms to be more di-

versified than recommendations presented in a single list using a single algorithm. Fur-

thermore, both personalized and non-personalized explanations will be compared.

• An online experiment will be conducted to measure the above mentioned evaluation and

perception aspects across non-personalized and personalized explanations in single- and

multi-lists.



Chapter 3

Methodology

This study examined whether the use of personalized explanations in a multi-list interface

could affect a user’s evaluation and perception of a food recommender system, in addition

to their decision to select healthier recipes. To be able to answer the posed research ques-

tions, a food recommender system was designed and organized in multiple lists with in total

25 recipes being equally distributed over 5 lists. Each list was served with a personalized ex-

planation aimed at a user’s preferences and health to explain the presented content in each list.

The study compares a multi-list interface, which contains multiple algorithms, to a single-list

interface, which only contains one algorithm. In addition, comparisons are made between per-

sonalized explanations and non-personalized explanations, which explain the content with a

single feature. The recommender system itself used a knowledge-based approach by scoring

explicit input from the users based upon their preferences and knowledge about eating healthy

in order to provide accurate recommendations. This chapter goes deeper into technicalities of

the prototype and the methods used.

• Section 3.1 describes the details of the dataset used in the experiment.

• Section 3.2 gives a deeper insight into the technicalities of the prototype and the proto-

type setup.

• Section 3.4 explains the research design method used.

• Section 3.3 describes the procedure that the user had to go through from start to finish

and various variables that were measured in the study.
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• Section 3.6 describes how participants were recruited to the study and further descriptive

statistics on those that were recruited.

3.1 Dataset

The dataset used in the online experiment is from an Italian food community platform called

GialloZafferano1 which contains around 4671 recipes translated into english and has previ-

ously been used in studies on personalized food recommendation [41, 42]. It contains data

such as the recipes name, image, difficulty, cooking time, nutrients and dietary restrictions

which also were valuable in order to personalize the recommendations. Initially, the dataset

had different categories such as desserts, appetizers and side dishes, but as this study mainly

focuses on main courses, those recipes had to be left out. In addition, recipes that lacked use-

ful data that were relevant to the recommendation process were also omitted. This means that

the dataset eventually ended up having 1190 recipes.

3.2 Prototype

In order to conduct the experiment, two separate single- and multi-list studies with a per-

sonalized and non-personalized explanation interface as well as pre-, post-task and finishing-

questionnaires were developed. A screenshot of the developed single- and multi-list interface

is shown in Figure 3.1 and Figure 3.2. The front-end of the prototype was built from the ground

up using web-technologies such as HTML, CSS in order to organize and present the recipes in

list(s) along with a picture, description and cooking time as well as being compatible for tablet

and computer users. As for the back-end of the prototype, it was built with PHP to recom-

mend recipes and to be connected to PostgreSQL for data storage of recipes and answers. The

whole infrastructure was deployed on the Heroku2 platform, which enables running the web-

site and data storage in the cloud. For reproducibility, the entire prototype code is available on

Github3.

1www.giallozafferano.it
2www.heroku.com
3www.github.com/larsholth97/personalized-exp-multilist

www.giallozafferano.it
www.heroku.com
www.github.com/larsholth97/personalized-exp-multilist
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3.2.1 Technical Overview

In the beginning of each study, the users had to go through a pre-questionnaire in order to

obtain information about their preferences and health. The information given was used in a

knowledge-based approach to score recipes based on general knowledge about healthy eating

and how well it fit the user’s profile. This scoring system was inspired by the work of Cataldo

et al. [41] where a knowledge-aware modifier was used to score a recipe based on a general

understanding of food choices encoded as rules. When a rule is satisfied, the recipes score

will be updated where the recipes with the highest score will be the most relevant for the user.

All the applied health-rules in the prototype were derived from governmental health sites such

as NHS (United Kingdom), USDA (United States) and FHI (Norway). The rules include,

among other things, recommended nutritional guidelines for people who want to lose weight,

diabetics and underweight. The same way of scoring the recipes were also applied for non-

nutrition-oriented rules such as cooking experience or preferred cooking time. Once the score

was calculated, the recipes were shuffled and further split to guarantee that both personalized

and non-personalized explanation interfaces had an unique set of recipes. Each unique set was

re-ranked based on its score where top 350 recipes were included further in the process.

Figure 3.1: Depicted is a partial screenshot from the developed prototype of a multi-list interface with
personalized explanations. Each recipe is presented with a picture, title, cooking time and a short
description in 5 lists.
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3.2.2 Explanations

The explanations in the prototype are related to the information provided in the pre-

questionnaire to ensure that they are of relevance to the user. However, the actual struc-

ture of the explanations differs from non-personalized to personalized explanations. While

a non-personalized explanation describes the content with a single feature such as Low-calorie

recipes, a personalized explanation takes the feature and links it explicitly to the user’s prefer-

ences or health. For instance, if a person enters their diabetes dietary restriction, the person-

alized interface could provide an explanation saying: “Low-calorie recipes that also fit your

diabetes dietary restriction”. It is important to point out that the features that are linked are

in line with knowledge obtained from the governmental health sites. In total, there were 29

personalized and 13 non-personalized pre-made explanations to choose from, where all the ex-

planations are shown in Table 3.1. Depending on how much information the user chooses to

provide, the number of personalized and non-personalized explanations generated in each ses-

sion varied between 5-8 across all conditions. For the purpose of exposing users to different

explanations, all the generated personalized and non-personalized explanations were shuffled.

Users in the multi-list study were shown five explanations in each condition whereas single-list

users were only shown one in each condition.
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Table 3.1: An overview of all the explanations used in the prototype. There were 13 non-personalized
and 29 personalized explanations.

Non-Personalized

Explanations
Personalized Explanations

Low-Calorie Recipes

Low-Calorie Recipes That Also Fit Your Diabetes Dietary Restriction

Low-Calorie Recipes That Match Your Weight-Loss Goal

Low-Calorie Recipes That Match Your Body Mass Index and High Level

of Physical Activity

Low-Calorie Recipes That Match Your Body Mass Index and Low Level

of Physical Activity

High-Calorie Recipes High-Calorie Recipes That Match Your Weight-Gain Goal

Low-Fat Recipes

Low-Fat Recipes That Match Your Body Mass Index and High Level

of Physical Activity

Low-Fat Recipes That Match Your Body Mass Index and Low Level

of Physical Activity

Low-Fat Recipes That Match Your Weight-Loss Goal

High-Fat Recipes

High-Fat Recipes That Match Your Weight-Gain Goal

High-Fat Recipes That Match Your Body Mass Index and High Level

of Physical Activity

High-Fat Recipes That Match Your Body Mass Index and Low Level

of Physical Activity

Challenging Recipes to Try
These Recipes Are Rather Challenging to Prepare,

but Match Your Level of Cooking Experience

Recipes That

Are Easy to Cook

These Recipes Are Very Easy to Prepare, Which Matches Your Low Level

of Cooking Experience

These Recipes are Easy to Prepare, Which Matches Your Low Level

of Cooking Experience

Healthy Recipes That

Meet Dietary Intake Guidelines

Healthy Recipes That Are in Line With Your Healthy Eating Habits

Healthy Recipes That Could Improve Your Unhealthy Eating Habits

Healthy Recipes That Fit Your Lactose-Free Dietary Restriction

Healthy Recipes That Fit Your Gluten-Free Dietary Restriction

Healthy Recipes That Fit Your Vegetarian Dietary Preferences

Recipes With a

Long Cooking Time

Recipes With a Long Cooking Time, but No Longer Than Your Preferred Cooking Time

Recipes With a Long Cooking Time That Match Your Preferred Cooking Time and Your-

Diabetes Dietary Restriction

Recipes With a

Short Cooking Time
Recipes With a Rather Short Cooking Time, Which Matches Your Preferences

Low-Sugar Recipes
Low-Sugar Recipes That Match Your Body Mass Index and Low Level of Physical Activity

Low-Sugar Recipes That Match Your Body Mass Index and High Level of Physical Activity

High-Protein Recipes
High-Protein Recipes That Match Your Weight-Gain Goal

High-Protein Recipes That Match Your Body Mass Index and High Level of Physical Activity

High-Fiber Recipes
High-Fiber Recipes That Match Your Body Mass Index and High Level of Physical Activity

High-Fiber Recipes That Match Your Body Mass Index and Low Level of Physical Activity

Recipes Low in Saturated Fat Recipes Low in Saturated Fat That Match Your Weight-Loss Goal
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Figure 3.2: A partial screenshot from the prototype of a single-list interface with non-personalized
explanations.

3.2.3 Post-filtering Approach

Following the creation of the explanations, a post-filtering method was applied in order to fill

the lists according to the given feature the explanation contains. By using a function to sort

each recipe, the lists could either be sorted and filled from low to high or from high to low.

This means that a user who wants to lose weight could receive a list with the personalized

explanation: “Low-fat recipes that match your weight-loss goal” and the non-personalized

explanation: “Low-fat recipes”. The lists will thus be filled with recipes retrieved from the

scored set and sorted by fat content from low to high. A single-list would then eventually end

up with 25 sorted recipes under a single explanation, while a multi-list interface would have

25 recipes distributed under 5 lists and sorted according to each explanation.
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3.3 Research Design

To be able to compare and evaluate the effect of the interfaces, a 2x2 mixed research design,

seen in Figure 3.3, was used in the user experiment. This is a type of experimental design that

makes it possible to understand the effect of manipulated independent variables between and

within a group. In this experiment, the users were distributed approximately equally between

the two studies: one group was shown a single-list interface while the other group was shown

a multi-list interface, which was the manipulation between the groups. In addition, a manip-

ulation was performed within each group where users were presented with personalized and

non-personalized explanations along with the list(s). As displaying recipe recommendations

in a single-list with a non-personalized explanation is the most prevalent among various food

recipe websites such as GialloZafferano.it and Allrecipes.com, this was then used as a base-

line for this study. Furthermore, non-personalized explanations in conjunction with single-

and multi-lists have already been researched while personalized explanations are yet to be

explored.

Figure 3.3: The figure above shows the 2x2 mixed research design used for the user experiment. As
depicted, the manipulation between the groups were the types of lists, whereas manipulations within
the group was the type of explanation presented.
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3.4 Procedure

Figure 3.4: An overview of the procedure with four questionnaires and two recipe choice tasks.

The whole experiment was split into a single- and multi-list study where procedures in both

interfaces were similar, consisting of four screens with accompanying tasks. The whole pro-

cedure are depicted in Figure 3.4. In the first task, the users were asked to fill out a pre-

questionnaire which included questions about demographic information such as age and gen-

der in addition to questions regarding height and weight in order to calculate their BMI,

which was taken into account when recommending recipes. Furthermore, the users had to

fill out their importance of eating healthy, their self-reported eating habits, cooking experi-

ence and health consciousness on a 5-point scale. Other questions regarding food preferences

and health-related goals such as their preferred cooking time, physical activity, diet goals and

diet restrictions were also given. Diet goals included losing weight and gaining weight while

diet restrictions included diabetes, gluten-free, lactose-free and vegetarian diets. Most of the

questions in the pre-questionnaire were either obtained or inspired by the work of Cataldo et

al. [42]. Upon completion of the pre-questionnaire, it was random whether a personalized

or non-personalized explanation interface was shown first across single- and multi-list con-

ditions. Both explanation interfaces presented 25 recipes and asked the users to choose only

one recipe that they liked the most and would prepare for tomorrow night, or in the near fu-

ture. Following the recipes, they were given a post-task questionnaire with 13 statements to

rate on a likert scale of 1-7, based on their level of agreement. The statements regarded their

understandability, perceived helpfulness, choice difficulty and choice satisfaction to the inter-

face and their choice of recipe. After selecting two recipes and rating all the statements, a

finishing-questionnaire with four statements was given to address the users perceived diver-
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sity, which was also to be assessed from on a likert scale from 1-7. The statements used in the

post-task and finishing questionnaire were partly based on previous studies, with understand-

ability derived from [1, 33], perceived helpfulness from [26, 52], choice difficulty from [1, 30]

choice satisfaction from [1, 33] and perceived diversity from [1, 30]. All the questions used in

this experiment can be seen in Table 3.2.
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3.5 Measures

To be able to understand the impact personalized explanations and multi-list interfaces have

on users, in addition to which aspects could affect a users choice and evaluation, the following

aspects were measured: healthiness of the chosen recipe, position of the chosen recipe in the

interface, recipe characteristics, user characteristics and user evaluation aspects.

3.5.1 WHO Score

A way to measure the overall healthiness of a recipe is to calculate the WHO score. The score

ranges from 0-7 where a score of 0 is seen as very unhealthy while 7 is very healthy. The

calculation itself was done according to the approach from Howard et. al. [25] where the 7

most important nutrients (i.e. proteins, carbohydrates, sugars, sodium, fats, saturated fats and

fibers) were included in addition to the scale from 0-7. The WHO health score has also been

used in other food recommender system studies [44, 62]. In this experiment, the WHO score

was used in one of the lists showing recipes with a score from high to low. The score was

used in the experiment to see how healthy the recipes chosen by the users were and analyzed

in order to address RQ2.1. Analyses were also conducted to examine its impact on the user

evaluation aspects choice satisfaction and difficulty.

3.5.2 Choice Metrics and List Layout

To be able to keep track of the order in which recipe choice the user makes in the list interfaces,

data about its position were collected in the database. The position variables were denoted as

pos-y and pos-x for the multi-list interface, where pos-y referred to which list/row the recipe

was selected from, with values ranging from 0-4 and pos-x denoted the position of the recipe in

the list, which ranged from 1-5. For the single-list interface, a pos variable denoted the position

of where the recipe was chosen from in a range from 0-24. In addition, the variable pos-x was

used to examine more closely where in the specific list the recipe was chosen from. For each

recipe choice the user makes, data about which explanation-type the recipe was chosen from

and all the other explanations presented were also gathered.
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3.5.3 Personal Characteristics

In the pre-questionnaire, users were asked several personal questions which were used in order

to score recipes based on their preferences and health. The questions addressed their gender,

age, their importance of eating healthy, weight and height. Moreover, users were asked to rate

their eating habits (very unhealthy to very healthy), health consciousness (completely disagree

to completely agree), and cooking experience (very low to very high) on a scale from 1 to 5.

In addition, maximum preferred cooking time, their engagement in physical exercise, weight

goals and any dietary restrictions. The questions regarding eating habits, health consciousness

and cooking experience were further included in the analysis to determine its impact on user

evaluation aspects such as choice satisfaction and difficulty in addition to its impact on the

healthiness of the chosen recipe (WHO Score).

3.5.4 Recipe Characteristics

Beside measuring the overall healthiness of the chosen recipe, it was also addressed if any

other recipe characteristics were affected by the use of personalized explanations and multi-

list interfaces. More specifically, nutrient density of fat, saturated fat, salt, protein, sugar,

carbohydrates and fiber were examined in the chosen recipe to address RQ2.2.

3.5.5 User Evaluation Aspects

To address RQ1.1 and RQ1.2, users were asked about their evaluation and perception of the

interface following each task of selecting a recipe (post-task questionnaire) in terms of how

satisfied they are with the choice they made, difficulty in making a choice, perceived helpful-

ness and their perceived understanding. Furthermore, after completing both tasks (finishing-

questionnaire), users were questioned regarding their perception of the recommendations’ di-

versity. All the questions were assessed on a likert scale from 1-7 (completely disagree to

completely agree) and further included in a factor analysis in order to better understand the

data and identify any underlying dimensions. Eventually, Cronbachs alpha were applied on

the retrieved factors to determine how closely the items are related as a group. The results

from the factor analysis can be seen in Table 3.3.
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Table 3.3: The results from the factor analysis on the post-task questionnaire items and finishing ques-
tionnaire items.

Factor Item Loading

Choice Satisfaction I like the recipe I’ve chosen. 0.8192

α = 0.83 I think I will prepare the recipe I’ve chosen. 0.8712

I know many recipes that I like more than the one I have chosen.

I would recommend the chosen recipe to others. 0.9083

Choice Difficulty The task of choosing a recipe was overwhelming. 0.8465

α = 0.66 I changed my mind several times before choosing a recipe. 0.8217

Comparing the recommended recipes was easy. -0.5899

Perceived Helpfulness I could easily find recipes on this page.

This page helped to discover new recipes.

A page like this helps me make better recipe choices

Understandability I understood why the recipes were recommended to me. 0.8947

α = 0.85 I could understand how the recipes were based on my preferences. 0.8986

The recommendation process was NOT clear to me. -0.8399

Percevied Diversity Several recipes in each list of recommended recipes differed strongly from eachother 0.8768

α = 0.69 The recommendation lists included recipes from many different categories 0.8768

Both interfaces contained recipes that were similar to each other

No two recipes seemed alike

Factor Analysis. The factor analysis was conducted on the post-task questionnaire and

finishing questionnaire items separately due to the post-task questionnaire being answered

multiple times by a single user. The initial analysis on post-task questionnaire items identified

three factors: choice satisfaction, difficulty and understandability. However, one factor which

regarded perceived helpfulness and a questionnaire item regarding choice satisfaction were

left out due to factor loading less than 0.5. Further, Cronbach’s alpha tests were performed to

measure the internal consistency of each factor. The test showed an alpha score of α = 0.85

for items regarding understandability and a score of α = 0.83 for choice satisfaction which

could be considered as good according to [55]. For items regarding choice difficulty, an alpha

score of α = 0.66 were obtained which could be considered as acceptable.

As seen in Table 3.3, a factor analysis were also conducted on the finishing-questionnaire

items which regarded users perceived diversity in the recommendations from single- and multi-

list interfaces. The factor analysis was conducted on four questionnaire items, where a single

factor was identified for perceived diversity. The factor loadings for two questionnaire items

did not have a loading over 0.5 and were further omitted. By including the remaining ques-

tionnaire items in a Cronbachs alpha test, a score of α = 0.69 were retrieved, which is also
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considered acceptable.

3.6 Participants

All the participants in the study were recruited via Prolific, an online web-recruitment ser-

vice that allows researchers to recruit from all over the world which yields high-quality data,

according to Peer et al. [47]. The single- and multi-list studies were published separately

on Prolific; however, to prevent people from taking part in both experiments, the multi-list

study was conducted first. In both studies, a total of (N=163) participants were recruited, with

(N=81) in the single-list condition and (N=82) in the multi-list condition. From the total num-

ber of participants, 54,6% identified as female and 44,7% as male. The mean age was 30,1

with a standard deviation of 10,8.

Prolific allows participants to be pre-screened before the survey is published. Because

the survey was conducted in English, a filter based on English fluency was used to guarantee

that all participants understood the task. To eliminate any individuals with bad intentions,

a 98 percent approval rate was used. In addition, users were also filtered out on whether

they have any dietary restrictions. This filter was applied since omitting a large number of

recipes (desserts, appetizers, and side dishes) could result in relatively few recommendations

when users select more than two or three dietary restrictions in the prototype. Moreover, each

participant was rewarded £1.11 for their involvement in both single- and multi-list studies,

which took on average 7 minutes to complete.

3.6.1 Descriptive Statistics

In the preliminary questionnaire, participants were asked to evaluate their own eating habits.

On a scale ranging from very unimportant to very important, 53.3% of recruited participants

(N=163) across both conditions evaluated the importance of eating healthily as important. In

contrast, 49.7 percent of respondents self-assessed their own eating habits as neither healthy

or unhealthy, which was also the middle option. Moreover, given the statement, "My health

depends on the foods I consume", 61.3% of respondents agree on a scale ranging from entirely

disagree to completely agree. In terms of physical activity and diet goals, 52.1% of respon-

dents reported 3 hours of weekly physical activity, while 40.5% reported 6 hours, which was

also considered average in the study. In addition, slightly more than half of the participants
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(50.9%) had a diet goal of weight loss, whereas 36.8% had no diet goal. In terms of personal

preferences related to cooking, 39.2% of respondents rated their experience as medium, while

37.4% rated it as high. The average cooking time requested by participants was 53.37 minutes.

Participants could tick a box if they had any dietary limitations, although a filter for dietary

restrictions were applied in Prolific, 18.4 percent of participants did have a restriction, with

lactose-free diet being the most ticked option.
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Chapter 4

Results

The following chapter describes the analysis methods conducted for this research and its find-

ings. Each section is structured along the posed research questions where the following method

and its results are reported below. It was examined if the usage of personalized explanations

which incorporates user preferences, health and nutritional aspects in a multi-list interface

could affect a users perception and evaluation of a food recommender system in addition to

supporting healthier choices.

• Section 4.1 provides an overview of the results from the analysis performed in order to

answer the research question if a users perception is affected by the use of personalized

explanations and multi-list interfaces.

• Section 4.2 provides an overview of the results from the analysis performed in order to

answer the research question regarding if personalized explanations can affect choice

satisfaction and difficulty across multi- and single-list interfaces.

• Section 4.3 presents the findings of the analysis conducted to answer the question if

personalized explanations and multi-list interfaces can support healthier recipe choices.

• Section 4.4 present the findings of the analysis conducted to answer the question if

personalized explanations and multi-list interfaces can affect any other recipe choice

aspects.

• Section 4.5 reports additional findings to identify frequent presented explanations as

well as favorable explanations and recipes.
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To be able to answer the research questions, a two-way ANOVA test was conducted to

examine the differences in the effects of two independent variables, combined, (lists and ex-

planations) had on a single dependent variable (understandability, WHO Score). Additionally,

a two-sample t-test was performed on the lists to examine its impact on perceived diversity.

Further, a regression analysis was performed on the independent variables lists, explanations

and their interaction, as well as other various user aspects to examine its effect on choice sat-

isfaction and difficulty, separately.

4.1 User’s Perception (RQ1.1)

To answer 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?”, a two-sample t-test on the

predicted variable of perceived diversity was performed to examine how diverse users perceive

the recommendations in multi-lists. In addition, a two-way ANOVA test on the predicted vari-

able of perceived understandability was performed to investigate if personalized explanations

in a multi-list interface could increase users understanding of what was presented to them.

Perceived Diversity. A two-sample t-test on perceived diversity was used as it was solely

measured between the list conditions and its results are reported in Table 4.1. The results from

the t-test showed higher levels of perceived diversity in the multi-list condition (M = 0.18, SD

= 0.85) compared to the single-list condition (M = -0.18, SD = 1.10): t(164) = -3.32, p < 0.05.

This suggests that presenting recommendations in multiple lists where each list is optimized

for different algorithms makes the users perceive the recommendations as more diverse.

Table 4.1: Results from the two-sample t-test on perceived diversity between lists.

Condition Observations Mean Std. err. Std. dev.

Single-list 162 -0.182 0.086 1.106

Multi-list 164 0.180 0.066 0.847
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Perceived Understandability. In addition to measuring the users perceived diversity, their

perceived understandability of the presented recommendations were also measured. Since

understandability was measured across all four experimental conditions, a two-way ANOVA

test was therefore conducted on the independent variables with the reported results in Table

4.2. The results from the analysis showed a marginally higher, but non-significant, increase

of perceived understandability in multi-lists (M = 0.08) compared to single-lists (M = -0.08):

F(1,322) = 2.15, p = 0.143. This marginal increase can also be seen in Figure 4.1. As for the

explanations, no significant results were found F(1,322) = 0.29, p = 0.587 nor any interaction

effect between lists and explanations F(1,322) = 0.00, p = 0.991.

Table 4.2: Results from the two-way ANOVA on users perceived understandability between lists and
explanations.

Condition df SS MS F p-value

Explanation 1 0.294 0.294 0.29 0.587

List 1 2.153 2.153 2.15 0.143

Explanation:List 1 0.0001 0.0001 0.00 0.991

Residual 322 322.55 1.0017

Figure 4.1: Marginal effects of understandability across lists and explanations.
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4.2 Choice Satisfaction and Choice Difficulty (RQ1.2)

In order to answer RQ1.2, “To what extent do personalized explanations affect choice satisfac-

tion and difficulty across multi-list and single-list interfaces?”, a multiple regression analysis

was conducted separately on the post-task questionnaire items regarding choice satisfaction

and choice difficulty based on the experimental conditions (lists and explanations), in addition

to user perceptions, personal characteristics and interaction data. The results on all the vari-

ables are shown in Table 4.3.

Choice Satisfaction. A multiple regression analysis was conducted on choice satisfaction

to examine if multi-lists and personalized explanations could affect users satisfaction in mak-

ing a choice. As seen in Table 4.3, the results from the analysis found no statistical significance

on the explanations (β = 0.009, p = 0.893), which indicates that personalized explanations

could not affect users choice satisfaction across single- and multi-lists. The list conditions, on

the other hand, differed unexpectedly, as multi-lists led to a lower level of choice satisfaction

compared to a single-list interface (β =−0.172, p = 0.027), which also can be seen in Figure

4.2. However, no interaction effect was found between the explanations and lists (β = 0.063,

p = 0.440).

Figure 4.2: Marginal effects of choice satisfaction between lists and explanations. Lower levels of
choice satisfaction were found in multi-lists compared to single-list.
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Choice Difficulty. Regarding if personalized explanations could affect the choice diffi-

culty among users across multi- and single-list interfaces, a multiple regression analysis was

performed on the predictors, lists and explanations, and are listed in Table 4.3. The results from

the analysis did not yield any statistical significance between the explanations (β = −0.008,

p = 0.918), nor any statistical significance between the list conditions (β = 0.012, p = 0.891).

Additionally, there was not found any interaction effect between the lists and explanations.

The following results indicate that personalized explanations could not affect choice difficulty

in either multi- or single-list interfaces in any significant way.

Other Aspects

Several other aspects such as users perceptions, personal characteristics and interaction data

was also included in the multiple regression analysis to examine whether it could affect a

users choice satisfaction and difficulty. The variable on users’ perceptions includes perceived

diversity and perceived understandability, whereas personal characteristics consists of eating

habits, cooking experience and health consciousness. In addition, interaction data consists of

the healthiness of the chosen recipe (WHO score) and the position of the chosen recipe. All

the variables used in the analysis and its results are shown in Table 4.3.

Table 4.3: The results from the separately conducted regression analysis on the dependent variables
choice satisfaction, choice difficulty and several independent variables.

Choice Satisfaction Choice Difficulty

Choice Aspects Beta Std. Err. p-value Beta Std. Err. p-value

Multi-list -0.172 0.155 0.027 0.012 0.177 0.891

Personalized 0.009 0.134 0.893 -0.008 0.152 0.918

Multi-list & Personalized 0.063 0.188 0.440 0.039 0.214 0.674

Cooking Experience 0.120 0.059 0.019 0.193 0.067 0.001

Health Consciousness 0.131 0.072 0.009 -0.096 0.082 0.091

Eating Habits 0.030 0.061 0.548 -0.076 0.069 0.180

List Position 0.025 0.043 0.729 -0.151 0.048 0.035

Who Score 0.027 0.029 0.591 0.030 0.033 0.585

Perceived Diversity 0.200 0.050 0.000 0.067 0.057 0.239

Understandability 0.341 0.049 0.000 -0.135 0.060 0.026

Choice Difficulty -0.103 0.381 0.037
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User Perceptions. A multiple regression analysis was used to examine the impact of

choice evaluation aspects from RQ1.1, perceived understandability, and perceived diversity

on choice satisfaction and difficulty. It was found that users who indicated a higher under-

standability were more satisfied with their choices (β = 0.341, p < 0.001) and reported less

difficulty in making them (β = −0.135, p = 0.026). Furthermore, users who perceived the

presented items as more diverse reported higher levels of choice satisfaction (β = 0.200, p =

< 0.001), however, it was not found to affect choice difficulty significantly (β = 0.067, p =

0.239).

Personal Characteristics. The following personal characteristics: cooking experience,

health consciousness and eating habits were included in a multiple regression analysis to ex-

amine its impact on choice satisfaction and choice difficulty. As seen in Table 4.3, users with

higher levels of cooking experience indicated higher levels of choice satisfaction (β = 0.120, p

= 0.019) as well as higher levels of choice difficulty (β = 0.193, p = 0.001). In addition, higher

levels of health consciousness was found to positively affect choice satisfaction (β = 0.131,

p = 0.009), however, no statistically significance was found for its impact on choice difficulty

(β = −0.096, p = 0.091). Moreover, no statistical significance was found on eating habits

impact on choice difficulty (β = −0.076, p = 0.180) and choice satisfaction (β = 0.030, p =

0.548).

Interaction Data. Regarding interaction data, the following variables were included in a

multiple regression analysis to examine their impact on choice satisfaction and choice diffi-

culty: list position, which defines the vertical position of the chosen recipe, and WHO score,

which determines the healthiness of the chosen recipe. For the list position seen in Table

4.3, it was found that users who selected their recipe higher up in the interface, experienced

higher levels of choice difficulty (β − 0.151, p = 0.035), but no effect on choice satisfac-

tion (β = 0.025, p = 0.729). The WHO score could not positively affect choice difficulty

(β = 0.030, p = 0.585) and choice satisfaction (β = 0.027, p = 0.591).
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4.3 Personalized Explanations & Multi-lists for Healthier

Choices (RQ2.1)

In order to answer RQ2.1, “To what extent do personalized explanations and multi-list in-

terfaces support healthier recipe choices?”, the WHO score, which determines the overall

healthiness of a chosen recipe, was included in a two-way ANOVA test between list and ex-

planation conditions. As reported in Table 4.4, the findings from the analysis indicated that

the WHO score of the chosen recipe was lower in the personalized explanation interface (M =

2.21) compared to a non-personalized explanation interface (M = 2.78): F(1, 322) = 10.16, p =

0.0016. This suggests that providing explanations that take nutritional aspects and users health

into account unexpectedly encouraged users to make less healthy choices. Further, there was

not found any statistical significance between the list conditions F(1,322) = 0.04, p = 0.837,

nor any interaction effect between explanations and lists F(1,322) = 0.65, p = 0.420.

Table 4.4: The results of the two-way ANOVA on the WHO Score between lists and explanations.
Findings show a significant result between non-personalized and personalized explanations.

Condition df SS MS F p-value

Explanation 1 26.61 26.61 10.16 0.0016

List 1 0.11 0.11 0.04 0.837

Explanation:List 1 1.70 1.70 0.65 0.420

Residual 322 843.15 2.61
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Figure 4.3: Marginal effects of the WHO Score between list and explanation conditions.

Personal Characteristics. As there was found statistical significance between the expla-

nation conditions, it was also examined if any of the personal characteristics from the pre-

questionnaire and the explanations had an impact on the WHO score of the chosen recipe.

Following characteristics such as cooking experience, eating habits and health consciousness

were computed as continuous variables and examined in multiple two-way ANOVA tests be-

tween the explanations on the WHO score. Results from the analysis, reported in Table 4.5,

found an interaction effect between eating habits and explanations F(1, 322) = 6.01, p = 0.015.

By taking a closer look at the WHO score in the different user answers across the explanation

conditions, one can observe that users who self-reported ’very unhealthy’ eating habits chose

healthier recipes (M = 3.77) compared to users with ’very healthy’ eating habits in the non-

personalized explanation condition (M = 1.93): F(1, 322) = 6.01, p = 0.015. This suggests that

users with rather unhealthy eating habits could make healthier choices with non-personalized

explanations. For the remaining personal characteristics, there was no statistically significant

interaction effect between explanations and cooking experience F(1,322) = 3.62, p = 0.058,

nor any statistical significant interaction effect between explanations and health consciousness

F(1,322) = 0.22, p = 0.641.
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Table 4.5: Results from the two-way ANOVA test on the WHO Score between explanations and eating
habits.

Condition df SS MS F p-value

Explanation 1 25.85 25.85 10.13 0.001

Eating Habits 1 8.13 8.13 3.19 0.075

Explanation:Eating Habits 1 15.34 15.34 6.01 0.015

Residual 322 871.5 2.68

4.4 Other Recipe Choice Aspects (RQ2.2)

To answer RQ2.2, “Do personalized explanations and multi-list affect other recipe choice as-

pects, compared to non-personalized explanations and single list interfaces?”, an analysis was

performed on the density of the following nutrients in the chosen recipe: fat, saturated fat,

sugar, carbohydrates, proteins, fiber and sodium. As some of the lists and explanations not

only addressed the healthiness of the presented recipes, but also more specific nutrients, inter-

esting findings were made when examining the impact of the lists and explanations on various

nutrients in the chosen recipe. A two-way ANOVA analysis was conducted on each of the

mentioned nutrients between explanations and lists. Significant results were identified for the

nutrients fat, saturated fat, salt, and protein, but not for sugar, carbohydrates, or fiber.

Fat. Reported in Table 4.6, the initial two-way ANOVA test on fat density of the chosen

recipe found statistical significance in the main effect of explanations, where chosen recipes

in the personalized explanation interface had a higher fat density (M = 48.25) compared to the

non-personalized explanation interface (M = 38.79): F(1, 322) = 3.93, p = 0.048. No interac-

tion effect was found between lists and explanations F(1,322) = 0.55, p = 0.460.
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Table 4.6: Results from the two-way ANOVA test on fat density between lists and explanations.

Condition df SS MS F p-value

Explanation 1 7319.39 7319.39 3.93 0.048

List 1 2129.07 2129.07 1.14 0.285

Explanation:List 1 1018.19 1018.19 0.55 0.460

Residual 322 599873.29 1862.96

Figure 4.4: Marginal effects of fat density of the chosen recipes across list and explanation conditions.
Higher levels of fat were found when served personalized explanations.

Saturated Fat. Moreover, a two-way ANOVA test was performed on saturated fat den-

sity which also found statistical significance in the main effect of explanations, showing a

higher level of saturated fat in the chosen recipes with personalized explanations (M = 12.93)

compared to non-personalized explanations (M = 10.21). An interaction effect was not found

between lists and explanations F(1,322) = 0.06, p = 0.812.

Sodium. A two-way ANOVA test on sodium density across explanations and lists was

performed, finding that users in the single-list chose recipes with higher levels of sodium (M

= 649.64) compared to multi-list users (M = 495.91): F(1,322) = 3.89, p = 0.05. However, no

interaction effect was found between lists and explanations F(1,322) = 1.60, p = 0.207.
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Protein. A two-way ANOVA test was conducted on the density of protein in a chosen

recipe across lists and explanations. Results showed that recipes chosen in the single-list

condition had higher levels of protein (M = 34.79) compared to recipes chosen in the multi-

lists (M = 26.25) F(1, 322) = 4.58, p = 0.033. No interaction effect was found between lists

and explanations F(1,322) = 0.00, p = 0.986.

4.5 Other Findings

Besides the analyzes related to the research questions, some smaller, but interesting findings

were also made in order to uncover any favorable and frequently presented explanations or

recipes across the conditions. It was measured which recipe was the most popular, from which

list/explanation the majority of users selected their recipe, and which explanation(s) was/were

provided the most. The abovementioned measurements were counted in each of the conditions

(single- and multi-list, non-personalized and personalized), where each user had to choose a

recipe two times.

In the single-list condition, ’chicken in soy sauce’ was chosen the most (7 times). In terms

of explanations, single-list users could only choose from a single explanation, implying that

the counting only applied to the most presented one. The most presented non-personalized

explanations in the single-list was: ’Healthy Recipes That Meet Dietary Intake Guidelines’

(14 times), which ranked the overall healthiness of the recipes (WHO Score) from high to low

and ’Low-Calorie Recipes’ (14 times), which ranked the recipes calorie content from low to

high. As for personalized single-list, the explanation ’These Recipes are Rather Challenging

to Prepare, but Match Your Level of Cooking Experience’ which ranks recipes from high

difficulty to low were presented the most (10 times).

In the multi-list condition, the most chosen recipe amongst users was ’Omelette (Basic

recipe)’ (8 times). For the non-personalized multi-list condition, when examining how many

times a recipe has been chosen from a certain list in relation to how many times the list ap-

peared to the user, one can observe that users chose a recipe from ’Recipes Low in Saturated

Fat’ 9 times out of 23 appearances (39.1%). However, similarly to the non-personalized single-

list, most of the choices in the non-personalized multi-list condition were made in the lists/ex-

planations: ’Low-Calorie Recipes’ (12 times, 20%) and ’Healthy Recipes That Meet Dietary

Intake Guidelines’ (12 times, 19.7%). When it comes to personalized explanation lists with
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the greatest number of chosen recipes in relation to the overall amount of appearances, users

chose a recipe from the list: ’Recipes With a Long Cooking Time, but No Longer Than Your

Preferred Cooking Time’ 9 times out of 26 appearances (34.6%). However, for the lists where

the most recipes were chosen from was: ’Recipes with a rather short cooking time, Which

Matches Your Preferences’ (12 times, 29.2%) and ’Healthy Recipes That Are in Line With

Your Healthy Eating Habits’ (12 times, 21.8%).



Chapter 5

Discussion

Finding a preferred food recipe while making a healthy choice can be a challenging task due

to the increasingly large number of recipes available online and the frequent presence of un-

healthy foods. In addition, there is a trend among various online recipe websites, where it is

common to present recommendations in a single list interface that can only account for a single

algorithm and explanation. Despite the fact that various online streaming services present rec-

ommendations in multiple lists, taking into account multiple algorithms and explanations, little

study has been conducted on the impact of integrating multi-list interfaces in the food domain.

In addition, no research has been conducted on the effect of different types of explanations in

such an interface on the user’s perception and preference towards healthier choices. The goal

of this thesis is to investigate the usage of personalized explanations in a multi-list food recom-

mender system that links user preferences and health to nutritional aspects. More specifically,

it will be examined how such explanations and interfaces could affect users’ choice satisfac-

tion, difficulty, perceived understandability, and diversity, in addition to supporting them in

making healthier choices. Previous research have already examined structuring recommenda-

tions in multiple lists on effectiveness, intention to return and cognitive effort [48] in addition

to comparing multi-lists to a top-N view on user satisfaction and persuasion [43]. Further-

more, a single-list interface have been compared to a multi-list interface and its impact on

choice difficulty, choice satisfaction, perceived similarity and diversity [28]. Most recently,

multi-lists with explanations have been examined in the food domain on its persuasiveness to-

wards healthier choices, as well as its effect on users’ perceived diversity, understandability,

choice satisfaction and choice difficulty [51]. As much of the mentioned research on single-

and multi-lists are mainly based around its interface, no research has been done on the impact
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of different types of explanations in such interfaces, especially not when linking users prefer-

ences and health to nutritional aspects.

Users Perception (RQ1.1). For the RQ1.1, regarding the impact of personalized expla-

nations and multi-list interfaces on users perception, it was conducted a two-sample t-test on

perceived diversity between the list conditions and a two-way ANOVA analysis on perceived

understandability between the lists and explanations. For perceived diversity, the results from

the analysis found that users in the multi-lists condition perceived their recommendations as

more diverse compared to the single-list condition. This implies that presenting recommen-

dations in multiple lists, where each list is optimized for different algorithms makes the user

perceive recommendations as more varied. A food recommender system with a diverse set

of options allows users to explore more options while also discovering potentially healthier

options [14]. These results are consistent with the findings by Jannach et al. [28], where

multi-lists gave the users an impression of diversity and novelty in the recommendation. Ad-

ditionally, Hu and Pu [27] have also discovered in their study on organization-based interfaces

that users perceive items divided in categories/lists as more diverse.

One of the aims of explanations is to provide users with transparency, which involves

assisting them in understanding how the system works [56]. However, this study seeks to an-

swer if personalized explanations and multi-list interfaces could affect users understanding in

why an item was recommended. Based on the results, no significant evidence was found in

this study that non-personalized and personalized explanations alone or in combination with

single- and multi-lists, could help users achieve a greater understanding of the presented rec-

ommendations. Furthermore, multi-list users showed a slight, but non-significant increase in

understandability. In a prior study on multi-lists and explanations by Starke et al. [51], there

was also no increased understanding among users. However, Svrcek et al. [53] argued that

personalized explanations led to greater understandability in the news domain, whereas Vig

et al. [65] discovered that tag-explanations in the movie domain, which combine item fea-

tures and user preference information, assisted users understand why a recommendation was

made through a visual and textual format. When it comes to providing nutritional information

through explanations, the insignificant findings of explanations in multi-lists may be specific

to the food domain, where the results could be associated with lack of food literacy, which

involves how a user understands nutritional information and how they are acting upon that
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knowledge [5]. A possible avenue of exploration could be to include a more visual explana-

tion type as in [65] to ensure a broader understanding among users.

Choice Satisfaction and Difficulty (RQ1.2). A regression analysis was performed to ana-

lyze the impact of personalized explanations in a multi-list interface on choice satisfaction and

choice difficulty. There was no significant evidence that personalized explanations alone or in

conjunction with multi-lists, had a significant impact on users choice satisfaction. Previous re-

search on personalized explanations has focused on users’ satisfaction with the system, rather

than their satisfaction with the choices they make, leading to Tintarev and Masthoff’s [58]

findings that personalized explanations were found to be satisfying among users, especially

if the user found it meaningful. Dominguez et al. [13] found that explanations in general

contributed to an increase in user satisfaction with the interface. The non-significant results

may be due to how users perceive the quality of the explanations and recommendations, as

personalized recommendations have been shown to increase the perceived quality of recom-

mendations and further positively affect choice satisfaction [34]. Users may have considered

the personalized explanations and recipes unrelated to their taste, preferences, or health, caus-

ing them not to express any satisfaction with their choices. Interestingly, statistical significant

evidence was identified between single- and multi-lists, where users experienced much lower

satisfaction in the multi-lists compared to the single-list interface. In comparison to several

similar studies, the findings were rather surprising as Starke et al. [51] observed the exact op-

posite, that users were more satisfied with their choice in the multi-lists. In addition, Nanou

et al. [43] found that a structured overview, similar to a multi-list interface, proved to be the

most satisfying among users while Pu and Chen [48] found their organization-based interface

to be highly effective in increasing users overall satisfaction. The dissimilar set sizes across

single- and multi-list interfaces in this study and the research by Starke et al. [51], which is

highly comparable, may account for the contradictory findings. This study had the same num-

ber of recommendations in both single- and multi-list conditions (25 vs. 25), whereas Starke

et al. [51] had an unequal number of recommendations in both conditions (5 vs. 25). When

comparing sets of equal size, it appears that the increase in satisfaction disappears. Another

possibility is that users might have perceived a multi-list interface with such lengthy expla-

nations to be a bit overwhelming. Strangely, this did not increase choice difficulty, as it has

previously been discovered to negatively impact choice satisfaction [6].
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Further analyses were done to examine if personalized explanations could have an impact

on choice difficulty in single- and multi-list interfaces. One purpose that explanations seek to

achieve is to assist users in recognizing useful options while discarding irrelevant ones, as well

as to shorten the time it takes to perform a task [49, 56]. From the analysis, it was not found

that non-personalized and personalized explanations itself or in combination with single- and

multi-lists could affect choice difficulty. This is contrary to previous studies who did find a

similar interface with explanations to improve users perception of the interfaces competence,

resulting in users spending less time in selecting an item [48] whereas Tintarev and Masthoff

[58] found that explanations in general can help users in decision-making. Even when leveling

the amount of recommendations (25 vs 25), there was no significant evidence that single- or

multi-lists seemed to have any impact on choice difficulty between users. Given Willemsen et

al. [67] findings that diversification might be an effective way to lower choice difficulty and

the fact that users in this study evaluated multi-lists as more diverse, one could have expected

a decrease in choice difficulty in multi-lists.

It was also investigated which factors (user perceptions, personal characteristics and inter-

action data) could potentially have an impact on choice satisfaction and difficulty. The analysis

revealed that users who had a better understanding of what was presented to them were more

satisfied with their recipe choices and experienced less difficulty in making them. In addi-

tion, users who perceived the recommendations as more diverse did also report higher levels

of choice satisfaction. These results partly reflect those of Starke et al. [51] who found users

with higher understanding to perceive the recommendations as more diverse and be more sat-

isfied with their choices. Users with more cooking experience, on the other hand, had more

difficulty making a decision, which could be explained by Kamis and Davern [31] finding that

users with greater degree of domain knowledge perceive recommender systems to be more dif-

ficult to use than novices. An interesting discovery reveals that users who selected their recipe

higher up in the interface saw greater levels of difficulty in making their choice.

Personalized Explanations & Multi-lists for Healthier Choices (RQ2.1). To be able to

answer RQ2.1, a two-way ANOVA analysis was performed on the WHO score between expla-

nations and lists. The results from the analysis found that users chose unhealthier recipes when

presented with personalized explanations compared to non-personalized ones. In other words,

explanations emphasizing user’s health and preferences were unable to persuade users towards
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healthiness; rather, users deliberately chose unhealthier recipes, which was a quite surprising

result. The unexpected result could be explained by Nynke van der Laan and Orcholska [64]

findings that highlighting a healthier alternative to an unhealthy choice leads to healthier pur-

chase behavior, but that emphasizing the alternatives healthiness cancels the effect out. On

the other hand, previous research on personalized explanations suggests that serving explana-

tions with features of importance to the user could have a strong persuasive effect [24] as users

place different levels of importance on certain features [58]. It was therefore expected that

providing personalized explanations that ties nutritional factors to users health would boost

the likelihood of users finding an explanation/list of importance and further persuade them to-

wards healthier alternatives. Another potential factor that could have had an impact between

the conditions, which also could be considered a limitation, is the unequal amount of explana-

tions across non-personalized and personalized conditions. This resulted in some explanations

being presented more frequently than others. As observed in Section 4.5, the list optimized for

recipes with the highest WHO Score occurred the most (12 times) in the non-personalized con-

dition across single- and multi-lists, which in fact increases the likelihood of users choosing a

recipe from a list with high WHO Score in the non-personalized condition.

In terms of the user interface, it was not found that multi-lists alone or in combination

with explanations, could support healthier food choices which is contrary to Starke et al. [51]

findings, that multi-list users chose unhealthier recipes than single-list users. A possible expla-

nation may again point to the differences in set sizes (5 vs 25) between single- and multi-lists

in [51], which could affect the availability of healthy versus unhealthy recipes. Once the set

sizes were similar, the healthiness of the chosen recipe appeared to be more balanced between

the conditions.

It was also checked if any of the personal characteristics (cooking experience, eating habits,

health consciousness) could have an impact on the WHO score of the chosen recipe. An in-

teresting finding was made in the non-personalized explanation condition, where users who

self-reported their eating habits as very unhealthy made healthier choices compared to users

with very healthy eating habits. This suggests that users with unhealthy eating habits actually

were able to choose healthy recipes without having to be assisted by personalized explanations.
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Other Recipe Choice Aspects (RQ2.2). In RQ2.2, it was checked if recipe choices with

personalized explanations and multi-list interfaces were affected by various nutrients (fat, sat-

urated fat, sugar, carbohydrates, proteins, fiber and sodium). It was found that users tend to

select recipes that are high in fat and saturated fat when presented with personalized explana-

tions compared to non-personalized ones. This discovery may also be one of the determinants

for the lower WHO Score findings in the personalized explanation interface (RQ2.1). Al-

though there were explanations indicating recipes with low fat and low saturated fat, users

were still led towards fatty foods. It is possible that users’ decision may be due to the use of

recipe images, as research indicates that users’ perceptions of fat content might be influenced

by the information they have access to, such as the title and images [17]. For the list inter-

faces, higher levels of sodium and protein were found in the single-list compared to multi-list

interfaces.

5.1 Limitations

This study holds a couple of limitations which could potentially have had an impact on the out-

come. First, in the produced prototype, recipes were scored based on their nutritional content

in grams, not their nutrient density. Commonly, the nutritional density of foods is described as

the amount of selected nutrients per 100 kcal, 100g, or a serving size [15]. By evaluating the

amount of nutrient content rather than its density, the scoring system becomes unequal as meal

portions can vary across different recipes in the dataset. As indicated in this chapter under

RQ2.1, another drawback of the prototype was the big gap in the number of pre-made expla-

nations between non-personalized and personalized explanation conditions. This may have

resulted in an increase in the occurrence of some lists, which may have affected the degree of

healthiness between non-personalized and personalized explanations.

This study recruited participants via a crowdsourcing platform, which has some inherent

disadvantages, such as the possibility that some users may submit incorrect information about

themselves, which may affect how well they understand the tasks, or that they provide unen-

gaging and hasty answers. What could, however, have controlled for users not rushing through

is the use of attention checks during the experiment to eliminate any hurried answers. Another

factor is that some users may not have been motivated, as they were not actively seeking food
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recipes or were generally uninterested in them. In addition, while this study recruited partic-

ipants from a wide variety of countries, there may have been mismatches in cuisine for some

participants, as this study was based on Italian recipes.

5.2 Future Research

Based on the findings of this study, it would be interesting to investigate further several changes

and aspects to the research on personalized explanations in multi-list interfaces. A change in

the prototype could take into account the mentioned shortcomings such as nutritional density,

a more equal number of pre-made explanations in both conditions and further obtaining even

more detailed information about the users. The information could include contextual factors

such as users’ current mood which have previously shown to affect food choice [20] or other

factors such as sleep patterns, stress and feelings of hunger.

Reducing the number of explanations offered at the same time could be another interest-

ing area for future research. As [35] discovered that users prefer no more than three to four

explanations at once in the music domain, it would be interesting to examine whether reduc-

ing the number of personalized explanations and lists in multi-lists from five to three or four in

the food domain would produce different results in terms of choice satisfaction and difficulty.

By lowering the number of explanations and lists, one must determine the optimal number of

recommendations for each list. This opens up the possibility of determining the most suitable

amount of recommendations below each explanation and list, as recommendations should not

necessarily be restricted to 25. Additionally, future research might investigate delivering var-

ied numbers and types of explanations to different users, given that past research has shown

different human types to be persuaded by varying numbers of explanations [35] and that there

are variances in perceptions between beginners and experts [31]. There could also be substan-

tial alterations to the explanations, where future research on explanations in multi-lists could

focus on comparing differences in showing textual versus visual explanations or a combina-

tion. As visual explanations in previous research [24, 65] yielded positive results, it would

be interesting to examine if such results are transferable to the food domain and multi-list

interfaces.
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