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ARTICLE INFO ABSTRACT

Keywords: Objective: To develop a research agenda to investigate the effectiveness of Al-tailored advice to support healthier
Artificial intelligence home cooking. It aims to support healthier food choice in the context of hypertension, allergies, and sustainable
Home cooking diets.

Hypertension . . . .

Nutrition Methods: We describe an agenda that has been formed between 2019 and 2022, through multiple rejected grant
Recommender systems applications to the Research Council of Norway. We focus on the case of tailored recipe advice for individuals,
Tailoring formulating research questions and methods for three topics: “Acceptance of Personalized Food Advice”, “Al-

gorithm and Interface Al: App Development”, and “Nutrition Modeling & Clinical Trials”. The overall method-
ology focuses on mitigating health issues among individuals with hypertension.

Conclusion: The design of Al to support healthier home cooking should tap into computational principles, as well
as (psychological) theories of behavioral change. The effectiveness of an Al-driven home cooking app can be
evaluated in a clinical trial akin to ‘regular’ dietary intervention studies.

Innovation: The development of a research agenda requires an integrated effort between scientists from different
domains, during both the development and writeup of ideas. The proposed project is innovative, as most food
technology and Al approaches have yet to be tested in proper trials on changes in eating habits.

we have not been allowed to execute them. To promote our ideas, we
present an outline of our submissions as an agenda for integrating
research in Al and nutrition science. We describe the context of the

1. Introduction

A healthier dietary intake can be achieved through frequent and

enhanced home cooking. While there are food applications available for
purchase that are designed to assist users in improving their home
cooking, for example, by proposing suitable dishes, their health benefits
are uncertain because of their short-term focus and often non-
personalized approaches. Moreover, most food technology and artifi-
cial intelligence (AI) approaches have yet to be tested in proper trials on
changes in eating habits.

This paper reports on grant applications submitted to the Research
Council of Norway between 2019 and 2022, which were all rejected
with good to excellent reviews. Hence, we consider this contribution to
be a ‘Brilliant Failure’, as the ideas have been judged to be excellent, yet

problems that would be addressed, as well as the novel technology that
would be developed. We outline the different tasks that should be
planned, describing general protocols for the main randomized
controlled trials (RCTs) or clinical trials, where Al is used to tailor
nutritional advice.

Taken together, this paper serves as a small-scale research agenda for
performing RCTs with Al-tailored advice. It is based on lessons learned
from our ‘Brilliant Failure’, for we have found out that unifying two
scientific disciplines is challenging, particularly when deciding what to
emphasize in reporting ideas and outcomes. This is, for example,
apparent when proposing the development of a personal health app.
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Computer sciences have previously engaged in ‘user modeling’ to pre-
dict what an end user would like and need, but less commonly so in high-
stake domains such as health. This can lead to the omission of key details
related to end users, including public health outcomes and patient
agency in our case. For example, digital interaction data in an app can be
rather ambiguous: Is a longer interaction indicative of an intention to act
or does it signal confusion? This paper presents a synthesis of two
competing perspectives, formulating research questions and a method-
ology, for which a team with practitioners and scholars from multiple
disciplines is recommended.

1.1. Societal context

Many of today’s diseases (e.g., obesity, cancer, diabetes, cardiovas-
cular) are related to one’s lifestyle choices and dietary habits, the World
Health Organization reports that approximately 80 % cases of cardio-
vascular diseases, stroke, metabolic syndrome, and type-2 diabetes
mellitus could be prevented with healthier dietary practices [1]. West-
ern countries see high levels of body mass index (in kg/mz) that indicate
that the average adult male is overweight. In particular, cardiovascular
diseases and type-2 diabetes mellitus are related to hyperlipidemia after
consuming a meal (i.e., postprandial plasma triglyceride response),
which could be moderated through healthier dietary patterns (e.g., by
increasing fiber intake) [2]. According to dietary intake data in Norway,
the average consumption of saturated fat (SFA) amounts to 14 % of the
total caloric intake, surpassing the recommended intake of maximum 10
%. Added sugar, which should not exceed 5-10 % of the total caloric
intake, accounts for 7.5 % of the total caloric intake. In contrast, the
dietary fiber intake requirements frequently fall below adequate levels.

Dietary patterns are influenced by numerous factors, such as cooking
experience and food preferences, but also dietary constraints [3],
including food allergies and intolerances. Although changes in dietary
patterns have been examined in the context of recommendations pro-
vided by nutritionists, less is known about the potential of Al to support
behavioral change. In particular, to what extent can personalized food
advice for home cooked meals, presented in an application, affect con-
sumer dietary patterns?

1.2. Problem

Around 50 % of today’s food interactions are online [4]. Various
types of food technologies are on the market [5], including food
checkers (e.g., to check the calorie content of a food product), health
integration applications (e.g., Yazio, LifeSum), food recipe websites (e.
g., ‘BBC Good Food’, AllRecipes.com), and food diaries (e.g., MyFit-
nessPal). While clinical dietitians and nutritionists are able to person-
alize their food recommendations to a client, for example by creating 4-
week meal plans repeatedly over 6 months, this approach is both time-
consuming and expensive. Nonetheless, many food applications,
although proficient in optimizing their algorithms to encourage short-
term recipe selection (i.e., a few days) [5], often overlook the poten-
tial to leverage user data to recommend specific choices that align with
long-term culinary goals and sustained dietary patterns [6]. A striking
feature is that many applications either promote widely favored recipes
(e.g., ‘BBC Good Food’) [3], or assume that dietary goals can be attained
‘linearly’ (e.g., at Yazio, where one can be suggested to lose a similar
amount of weight each week) [15]. Such promotion of popular foods is
problematic, for there seems to be a negative correlation between recipe
popularity and healthiness [3], based on nutritional intake indicators
such as the Food Standards Agency score [5].

These mechanisms reveal that such applications have a limited un-
derstanding of how behavioral change occurs [6,7]. For example, simple
feedback (e.g., “you are too many calories today”) and short-term goals
(e.g., “lose 2kg in 4 weeks”) largely overlook how new eating habits are
gradually learned [6,8]. Instead, Al should not only incorporate one’s
current preferences and dietary constraints, but also consider one’s
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dietary aims, identify any existing deficiencies, and formulate a plan to
achieve one’s dietary goals [10].

An improvement would be to personalize food interactions in a
digital application. One Al-driven approach to do so is through recom-
mender systems, a technology that outperforms non-personalized ap-
plications in terms of accurately predicting a person’s current
preferences [9]. Recommender algorithms typically use historical
interaction, such as purchases of food products or ratings of recipes, to
compute the similarity between recipes and users based on user inter-
action data, reinforcing a user’s current preferences or behavior [10].
For example, if a user currently consumes many unhealthy food products
(e.g., a high potato-based product intake), then current food algorithms
match them with other users who share a similar preference for these
unhealthy dietary options (e.g., potato chips) and impose their prefer-
ences upon the presented food advice [11]. However, if a user’s food
preferences change, current recommender systems often cannot support
these changes beyond a simple algorithmic re-rank based on health [11].

Whether AI can drive behavioral change is understudied [8,10].
Food recommender research focuses on short-term food choices [9],
maximizing the modeled predictive accuracy of a user’s current or past
preferences, without knowing whether this leads to long-term satisfac-
tory suggestions [10,13,14]. In doing so, few studies have explored
relevant psychological constructs that underlie one’s evaluation of such
an Al-driven application [13]. To date, one study has specifically
examined how people change their diet over time using a German, non-
personalized recipe website [15]. Individuals adopting vegetarian or
vegan diets were observed engaging with replacements for their current
diet, such as substituting beef hamburger patties with plant-based al-
ternatives, before further changing their dietary habits. These interme-
diate recipes are touted as ‘transition’ recipes, which may not be part of
a user’s current or end preferences, but seem to play a pivotal role in
supporting behavioral change, suggesting a gradual move towards new
dietary habits.

We propose that theories of psychology and human-computer
interaction can illuminate how to approach this problem. For
example, Prochaska’s transtheoretical model [16] shows that behavioral
change can be split in six stages, discerning between the easy-to-achieve
awareness and contemplation, and the more difficult action and main-
tenance. Similarly, Social Judgment Theory describes how an in-
dividual’s attitude determines their individual’s ‘Latitude of
Acceptance’ for new viewpoints [19], which could be extended towards
the acceptance of advice and suggestions for changes in one’s diet. This
has recently been operationalized through the psychometric Rasch
model [17], which shows that for healthy eating, individuals require a
trajectory of small behavioral steps. For example, one should first
replace high-fat meal options with grain-based alternatives, before
transitioning to different meal components [15].

1.3. Related work

To delve deeper into our arguments, we highlight a few bodies of
literature from different scientific disciplines. We argue that an effective
research agenda requires insights from multiple domains, including
medicine, psychology, and computer science. For a successful applica-
tion of these ideas, we also recommend to recruit a team with practi-
tioners or scholars from these different domains. Throughout multiple
iterations of formulating this research agenda, we have noticed that the
expertise of domain experts is invaluable when translating findings from
one discipline (e.g., computer science algorithms used in e-commerce)
to another (e.g., nutrition), to design appropriate metrics. For example,
model accuracy in a recommender system (see below) is arguably less
important in the health domain.

1.3.1. Food recommender systems
To assist users in exploring alternative dietary options, automated
meal plans have shown huge potential. Technologies capable of
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generating meal recommendations to users date back to 1986, including
CHEF [18]. More recently, research on AI methods that customize food
recommendations to individual preferences center on food recom-
mender systems, presenting foods or recipes based on the needs and
preferences of end users [9]. Food recommender systems apply tech-
niques that better profile users and deconstruct recipes into several
components [20], computing similarity between recipes based on their
ingredients or names [20,21]. While food recommender systems
commonly begin by suggesting food items similar to the ones a user has
preferred in the past [20], most food recommendation technologies
routinely prioritize current preferences, which can hinder attempts to
encourage healthier dietary patterns [8]. This challenge is also amplified
by the popularity of unhealthier recipe options [3]. In fact, only a
limited number of randomized controlled trials (RCTs) have considered
the healthiness of recipes [17], while none have considered food as a
multi-objective recommendation problem or have studied how to help
users to eat more sustainable food options (i.e., with a reduced carbon
footprint).

Technological support for behavioral change has focused on changes
in recommender algorithms (e.g., increasing the diversity of recom-
mended items [22]) or interfaces (e.g., nudging users to submit longer
search queries [23]). With regard to the former, today’s (food) recom-
mender systems typically generate recommendations using Collabora-
tive Filtering (CF), based on user-user or item-item similarity measures
within historical user data (e.g., ratings [9]). This implies that users with
unhealthy dietary patterns may find it challenging to implement
healthier dietary adjustments, as suggestions tend to be retrieved based
on individuals’ diets that are similar to one’s current diet.

Since recommenders tend to expose users to a somewhat narrowing
set of food items over time (e.g., filter bubbles) [10,12], we argue that
‘behavioral change-aware’ algorithms and interfaces need to be devel-
oped. Recently, a few initial attempts have surfaced. Schafer and Wil-
lemsen [17] present a food recommender system based on a user’s
nutritional intake, in which they use the psychometric Rasch model to
match the user’s ability to eat healthily to the difficulty of different
eating habits. Also work in other domains show that users require a
trajectory of behavioral steps, setting intermediate goals to achieve long-
term behavioral change [24,25].

1.3.2. Nudging and food labels

Besides changing what is recommended, literature on nudging points
out it also matters how options are presented. The field of behavioral
economics suggests using nudges, which are changes in the way choices
are presented that can predictably influence individual preferences,
without hiding or restricting any options [26]. A well-known example is
the use of simple food labels, which affect consumer decision-making by
highlighting a food’s nutritional content. For example, by using a traffic
light system for ‘low’ (green), ‘medium’ (orange), or ‘high’ (red) sugar
content [27,28]. However, such labels might be too simplistic and
confusing in the context of health. Moreover, review studies suggest that
food decision-making is also influenced by other contextual factors, such
as weight control, health, but also convenience and price [29].

1.3.3. Interaction methods & user modeling

One way to lower behavioral thresholds to encourage healthier di-
etary choices is to simplify interaction methods with recommender
technology, and to model users properly. To date, a number of inter-
action methods have been proposed for food technology [30], which
attempt to improve the user experience when eliciting their preferences
and choices (e.g., what a user eats), as well as the relevant contextual
data (e.g., why and when something is eaten). Although this is typically
done through ratings and tags [9], new methods include spoken-
dialogue systems, immersive environments, and other interfaces that
are part of the ‘multisensory human-food interaction’ [30]. However, as
not all traces of online food behavior represent a user’s true preferences
[5,9,10], robust methods of elicitation are required.
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1.4. Research gaps

What stands out from current apps and studies on Al and recom-
mender systems is a lack of psychological user modeling to account for
behavioral change, a focus on the short-term, and the absence of clinical
studies [10,17]. Moreover, many personalized food interventions suffer
from a profound lack of Al-based methods, still relying on simple
personalization techniques [31]. The current examples in food tech (e.
g., applications) are too simplistic, for they do not consider how
behavioral change can be supported over time. Although nutrition sci-
ence has expertise in analyzing changes in key health indicators, it has
yet to use Al to cultivate dietary adjustments.

The main knowledge need and gap is that Al needs to be developed,
tested and validated that can support changes in food intake through
tailored advice. We seek to do so by incorporating existing or novel
psychological theories of food decision-making and behavioral change
into recommender algorithms. We call this psychology-aware Al algo-
rithms and interfaces that can support its users to attain and sustain new
behavioral goals; Al aimed towards future outcomes rather than present
circumstances. Additionally, we require interfaces that present person-
alized home cooking advice to be aligned with user goals, effectively
explaining why items are suitable for a user.

Finally, there is a distinct lack of longitudinal research on the effects
of Al on behavioral change, including in the context of dietary patterns.
To date, all Al-driven interventions, such as recommender studies on
health [32], could only make assumptions about whether short-term
choices translate to sustained long-term changes. This points out the
most fundamental knowledge needed in this area: Understanding the
long-term dietary effects of Al-driven food choices.

A main challenge to be addressed is to test the effects of Al-driven
personalized home cooking advice in a longitudinal context. We pro-
pose that psychology-aware Al should be implemented in a state-of-the-
art Home Cooking App, testing the effects on nutritional intake. In this
paper, we describe how to do so in two ‘clinical trials’, which we have
not been able to execute due to a lack of funding (i.e., our ‘Brilliant
Failure’).

1.5. Research questions

For our research agenda, we have formulated research questions
based on preceding research. Along with our proposed methodology,
these are the main results of our ‘Brilliant Failure’. The primary objec-
tive is the development and validation of such an app, which not only
involves usability testing, but also a validation of its effectiveness to
support changes in dietary intake in the long-term among users with
different dietary goals and constraints. We specifically focus on three
different types of dietary changes: People suffering from hypertension
(disease based), people with allergies (constraint based), and people
who have a specific dietary goal (intrinsically based).

Main RQ: How can Al interfaces and algorithms alike, be developed
to generate personalized advice that effectively supports different user
groups to attain long-term health diet goals?

For a robust research agenda on Al-tailored advice for dietary
change, this main question should be supplemented by sub-research
questions that represent different areas of research and methodologies.
We propose three different sub-questions that we have identified to be
important to evaluate the effectiveness of Al-driven food advice to
support behavioral change and health outcomes:

e RQI: Which psychological factors can determine acceptance of
personalized food advice, as well as subsequent behavioral change,
and how can they be integrated into Al-driven approaches?

® RQ2: How can user preferences and nutritional needs be modeled in
Al algorithms and how can these be embedded in a Home Cooking
App interface to support behavioral change?
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e RQ3: To what extent is a Home Cooking App that generates
personalized food advice capable of supporting dietary changes, in
the short term and long term, among users with specific health issues
and dietary restrictions: Hypertension (cardiovascular disease), al-
lergies, and intrinsic dietary goals (i.e., weight loss or sustainable
eating)?

2. Proposed materials and methods

We describe our research agenda in more detail, highlighting the
different areas of work. We discuss three sub-research questions that
underlie the main RQ, which each can be executed by a team focused on
either social sciences, computer science technology, or nutrition. Fig. 1
below depicts an overview of the different themes and how match the
research questions. In short, the work on RQ1 should examine user
acceptance of Al-generated food advice and working on the conceptual
development of psychology-aware Al The team for RQ2 should work on
the main development of a Home Cooking App, training and implementing
psychology-aware Al in algorithms and interfaces, and modeling users
and foods (i.e., recipes). Work on RQ3 should seek to test and validate
whether the developed Al and app technology is capable of supporting dietary
changes among users with different dietary constraints. In our rejected
grant applications, we proposed an overall project runtime of approxi-
mately 48 months.

2.1. Acceptance of personalized food advice (RQ1)

First, literature on psychological determinants of Al-generated
advice acceptance should be reviewed (RQ1). This is invaluable for
setting up a RCT with technology. For example, one might find that
people who are experienced in home cooking are more likely to comply
with advice that is framed in terms of health benefits rather than risks.
The output should be a framework with factors that affect user accep-
tance of personalized advice, which can be used subsequently to develop
a psychology-aware algorithm. This should address both how advice is
presented, as well as which advice is shown, focusing on an individual’s
latitude of acceptance for new foods.

We expect that research on RQ1 can leverage psychological theories
of behavioral change (e.g., Prochaska [16]), along with validated psy-
chometric models (i.e., social judgment theory and Rasch model
[17,19,25]). These should help to address the challenge of user prefer-
ences changing over time, leading up to a (healthy) eating goal. In line
with [15,17], we assume that users will initially make incremental di-
etary changes, as this might be perceived as manageable, before tran-
sitioning towards habitual healthy eating. This should lead to two types
of outputs. First, a framework for how advice should be presented to
individuals to clearly communicate the possible nutritional benefits.
Second, design guidelines for how to balance two important factors of

[] Theoretical Foundation
|:| Technical Foundation

p
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Fig. 1. General overview of the research agenda, in which an app is developed,
validated and tested to address three different research questions.
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determining what advice should be presented, considering individual
preferences for food, as well as dietary or nutritional constraints for
specific participant groups.

Integration of psychological theories in recommender algorithms is
relatively new [24]. A good example is the use of the psychometric
Rasch model to determine an individual’s behavior-based attitude to-
wards specific nutrients and eating goals more holistically, while
assigning difficulty parameters to different foods. This way, probabili-
ties for each individual as to how likely they are to engage with or
consume specific nutrients or recipes can be inferred. According to the
Rasch model, an item with a difficulty equal to an individual’s attitude
leads to a consumption probability of 50 %, deeming it somewhat
feasible but also novel. This approach has been previously used in the
energy conservation domain [24,25], as well as in food choice studies
[17]. Whereas those studies used models with only two parameters,
more complex models have been developed in Item Response Theory
[24].

2.2. Algorithm & interface AI: app development (RQ2)

A second step is to implement the technological fundamentals (i.e.,
algorithms, interfaces) of a Home Cooking App. The effectiveness of this
app should be assessed in clinical trials related to RQ3. First, however,
novel kinds of food-psychology informed algorithms should be devel-
oped using deep neural networks (DNNs). These can be employed to
present accurate and personalized food advice based on historical pre-
vious food interactions. The algorithm should build upon psychological
insights obtained from RQ1, for example by being explainable and ac-
counting for a user’s dietary constraints. Subsequently, it should be
trained (e.g., through a method called active learning), predominantly
on user preferences data, along with dietary constraints.

For RQ2, a model based on a person’s current preferences should
initially be validated using offline simulation, a common method in
computer science [20]. This involves training a model based on user-
item data (e.g., ratings of recipes) that can predict which items (i.e.,
foods, recipes) a user may like, and validate that using a test set. This
involves the method k-cross-validation, where different parts of the
dataset are used in each step to train (e.g., 80 %) and test (e.g., 20 %) a
model, after which the averages of estimated parameters can be used.

For datasets, we recommend to access large databases of online food
recipes. For example, combined datasets of Allrecipes.com, Xiachufang.
com, and Cookpad.com include interaction data for than 1.5 million
recipes [4,11].

Technical work related to the app should also examine how an
interface should be designed to effectively present personalized food
advice. This analysis should be made in terms of interaction design, as
well as in terms of how advice should be explained (e.g., nutritional
content). In the context of a research project, teams working on the
different research questions should work together to integrate food
choice interface design principles. For example, this could be in the form
of explicit and implicit food nudges such as food labels. Finally, before
submitting the App for in-depth testing and validation to the Clinical
Trials, research teams should perform a series of controlled lab studies to
pre-test the App in terms of their functionality and short-term behavioral
change capabilities. These can be grounded in a user-centric evaluation
framework [13].

2.3. Nutrition modeling and clinical trials (RQ3)

RQ3 should be addressed if work on RQ1 and RQ2 has largely been
completed. To test the short and long-term dietary effects of Al-tailored
advice on different user groups, it should tap into the psychological
insights obtained from work on RQ1, as well as use the developed
technology (i.e., the Home Cooking App) related to RQ2. It is anticipated
that Al-generated advice will lead to healthier food choices, which will,
in the long-term, affect risk factors for non-communicable diseases like
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cardiovascular disease, hypertension, obesity, and diabetes.

To examine RQ3, we propose to first review literature on food la-
beling and nutrition in online or digital contexts. This supports the
development of health labels, founded in both nutrition and environ-
mental sciences. Thereafter, the effectiveness of the Al and App pro-
totypes should be examined in two different longitudinal clinical trials,
by comparing its effectiveness to support dietary changes in the short-
term across different user groups (i.e., first trial), as well as by
comparing the developed app to a relevant industry benchmark food app
(i.e., second trial).

We present the design of our envisioned clinical trials here to show
how our research agenda could be deployed. In the first trial, the dietary
intake for hot meals (i.e., dinner) should be assessed among different,
comparable participant groups. Fig. 2 shows this can be measured before
and after users have received dietary advice in a controlled study; a
control group should not receive personalized dietary advice. To
examine the impact on participants’ health, we propose to include three
groups: People with hypertension, participants who suffer from al-
lergies, and people with a goal to attain more sustainable eating habits.
We define a sustainable diet in line with [33,34], examining the impact
on a diet on health and the environment, even though additional pa-
rameters (e.g., economy) could studied. Health indicators of interest
should be selected based on problem areas in a population. However, we
recommend to include self-reported saturated fat intake (SFA), sugar
intake, as well as dietary fiber intake, which is frequently reported as
below recommended levels [35]. For environmental sustainability, we
argue that Greenhouse Gas Equivalents Emission (GHGE) is a feasible
option.

We further exemplify the proposed methodology using the hyper-
tension participant group (see Fig. 2). The dietary advice is generated by
the psychology-aware Al in the Home Cooking App. It should produce
lists of hot meal recipes that aim to reduce harmful nutrition intake and
boosting fiber intake, which reduces hypertension, while also commu-
nicating the rationale and specific health benefits behind each recipe
recommendation. This should deem the recipes to be attainable and
compelling at the same time. Increasing fiber intake is generally bene-
ficial for mitigating cardiovascular diseases, but would also be beneficial
to those who seek a sustainable diet.

The app should be used to keep dietary records over an 3-day period,
before and at the end of the study period. 3-day dietary records are an
established method to measure dietary intake with a moderate impact
on effort and time use of the participants [36]. For groups with car-
diovascular disease and hypertension, we anticipate that personalized
home cooking advice can lead to an increase of dietary fiber of 4 g per
day, while fiber intake is not expected to change in the control group.
Assuming a standard deviation of 12 g and 90 % power, this would
require a sample size of 100 participants (25 per intervention group and
25 in the control group).

A second clinical trial should thereafter focus on longer-term effects
of the AI, monitoring a smaller participant group (N = 30) that suffers
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from cardiovascular diseases. The effectiveness of the developed app
should be compared to an industry baseline. To this end, the participant
group should be split in two, with one group using the Home Cooking
App in a similar way as depicted in Fig. 2, but over a longer time period
(three weeks rather than three days). The other group follows the same
protocol, but should use an industry benchmark app, after which the
nutritional intakes before and after the trial can be compared.

2.4. Interdisciplinarity

One of such a project’s unique contributions and challenges is its
interdisciplinary partnership, bringing together researcher partners
with broadly different research credentials. This requires continuous
communication, such as through weekly technical meetings, as well as
through co-designed and co-tested experiments. Researchers that
examine RQ1 would apply psychology and other social sciences, while
‘RQ2 researchers’ would apply expertise in computer & information
science and ‘RQ3 researchers’ tap into insights from medicine, nutrition
science and public health. Even though this could lead to ‘the best of
three worlds’, we have also experienced challenges that could lead to
‘failure’. For example, by developing an app that impacts in computer
science fields due to the human-informed design and advanced Al, the
human dimension might be simplified too much. As computer science
methods have been naive in translating human behavior to computation
methods [24], planned randomized controlled trials should adhere to
the design requirements of nutrition studies. This should be leading in
the design of studies, where Al would simply determine the advice
presented to users.

3. Discussion

The earliest version of the research agenda outlined in this paper was
formulated in 2019. At the time, there was less focus on home cooking
and a greater emphasis on the possibilities of Al to optimize predictive
accuracy. Progressively, the project description has become more
interdisciplinary, requiring expertise from various scientific disciplines.
Although we feel this has made the research agenda far more interesting,
the programs that would be able to fund such a proposal seem to have
been reduced.

We consider this ‘adjusted summary’ of rejected grant proposals,
which were submitted between 2019 and 2022 to the Research Council
of Norway, the main product of our brilliant failure. At the moment, we
remain hopeful that this research agenda can be executed by ourselves in
the future, but we also encourage other researchers to step in. It would
provide rich data to understand the processes of stages of change in diet
and how Al-tailored advice can help. It can help to discover the patterns
of changes in health behavior in a target population, thus positively
influencing awareness of public health, behavioral changes and public
health protection.

¢H

— Non-
e Body Weight Communicable
e Postprandial Diseases

Glycemia

Fig. 2. Procedure of the first clinical trial, here mainly targeting participants with hypertension as an example. The clinical trial intervention addresses the area

inside the dashed box.
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3.1. Reflection

The research agenda presented in this paper has benefited from re-
views received over the course of multiple years when submitting grant
proposals. Quite often, feedback focused on monodisciplinary details,
which highlighted aspects that had been overlooked by one part of the
project team. For example, the team that wrote the proposal to develop
the app (RQ2), initially took a top-down approach that focused on
technological methods, rather than considering the possibilities of
bottom-up methods that included potential users, such as co-creation.
This has led us to reconsider the collaborative structure in the team.
Our initial approach was to generate ideas and formulate end goals, after
which we distributed the work between monodisciplinary ‘nutrition’
and ‘technical’ teams. Now, we better understand that methodologies
for an Al tool in the context of food and health go beyond ‘standard’
computer science methods, and require collaboration from the start.
Conversely, we can imagine that other reviewers could also scrutinize
technologically-naive approaches proposed by nutritionists.

Hence, what could still be improved is how to communicate our
ideas across the borders of different scientific domains. Between grant
applications, we noticed that expanding on the details in our area (e.g.,
computer science), would lead to confusion among reviewers in another
area (e.g., nutrition science). A significant challenge is to effectively
communicate one’s ideas in a manner that highlights both the scientific
relevance and societal implications. For example, by emphasizing home
cooking, the impact should be geared towards problems in one’s
household context, which might also involve some group decision-
making problems when it comes to AI advice acceptance. While
enhancing specificity in one area may increase project feasibility, it
might jeopardize the scientific foundations that support it, if other areas
lack clarity.

3.2. Innovation

The work presented here is innovative due to its interdisciplinary
nature. It taps into methods of computer science (i.e., recommender
systems) that are typically used for other domains of personalization and
tailoring, such as e-commerce and video streaming. These methods,
however, have the potential to also steer user preferences and subse-
quent behavior when used in appropriate domains. We feel that a project
as described here would be fruitful to move an interdisciplinary project
forward, due to its novelty. We firmly believe that a more data-driven or
automated future for public health should be designed in a collaborative
effort, for innovation is most likely to be achieved by a multidisciplinary
team.

4. Conclusion

We have presented a research agenda for the design and evaluation
of a Al-driven nutrition application to present tailored home-cooking
advice. Our ‘Brilliant Failure’ is the outcome of multiple rejected grant
applications, submitted to the Research Council of Norway. We have
learned that developing such an agenda requires an integrated effort
between scientists from different domains, during both the development
and writeup of ideas. The resulting agenda presents an innovative idea,
being among the first to propose how an Al-driven technology can be
evaluated using nutrition science methods.
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