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1

INTRODUCTION AND RELATED WORK

An increasing number of commercial recommender applications present multiple recommendation lists in a single
interface [14]. So-called ‘Multi-list Recommender Interfaces’ present multiple item lists stacked on top of each other,
accompanying each list with an explanation on what the items in the list represent [10, 31]. The algorithms underlying
these lists are typically either based on a variety of recommendation approaches (e.g., using different similarity measures
[10, 14]), or employ a single personalization algorithm that is optimized differently across different lists, by constraining
the presented items to a certain tag [24], or by re-ranking the top-k set on a specific attribute (cf. [33]).
Commercial examples include video streaming services, such as Disney+ and Netflix. They present movie and TV
series recommendations in an explainable multi-list interface [10], typically providing multiple lists that relate to a
user’s preferences but which are limited to or optimized for a specific attribute, tag, or genre. For example, these lists
would be explained as ‘Drama TV Series’ (genre constraint), ‘Oscar-winning movies’ (movies with a specific tag), or
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Fig. 1. Amazon utilizing explanations in a multi-list recommender interface.

‘Recommended for you’ (CF with no constraints). The ‘sub-lists’ presented within a multi-list recommender interface
can be extensive: Netflix presents approx. 40 different lists on a user’s page with up to 75 recommendations per list [10].
Multi-list interfaces may also promote items that are not necessarily personalized. An example taken from Amazon
is depicted in Figure 1, showing two lists. One list is optimized for overall popularity of items, while the other comprises
items that are often put on other users’ wish list. Such lists can be inferred without any user history, yet still lead to
changes in user preferences by presenting a larger number of items in an organized manner (cf. [24]).
The application of multi-list interfaces has particularly expanded in commercial domains. Whereas their use in online
retail and on video streaming platforms has become more prevalent [10, 25], research on its use in domains where users
have specific behavioral goals is missing [9, 31]. Food is such a domain, where multi-list interfaces have the potential to
steer user preferences towards a specific eating goal. In particular, the promotion of healthy food choices has hardly
been examined in food recommender studies [26], because many approaches are popularity-based and lead to unhealthy
outcomes [8, 36]. Since a user’s profile becomes less relevant when she wishes to change her current eating habits
[1, 28], it is often hard to generate relevant recommendations when, for example, a user takes up a new weight-loss
goal or starts to attain a vegetarian diet. While providing more control could be one way to circumvent unhealthy
recommendations (e.g., in the medical domain [18]), other studies have shown that increasing recommendation diversity
could better serve a user’s interests [25]. This can be provided by multi-list interfaces that optimize for different types
dietary restrictions (e.g., lactose-free and vegan) or nutrient intake (e.g., fewer kcal or more fiber).
The commercial multi-list ‘benchmark’ has yet to be evaluated in a user-centric approach [14]. Whereas its merits
are clear in terms of user retention and click-through rates [10], much less is known about how users perceive the
different aspects of multi-list recommender systems and how this is related to their choices. For example, do users
understand the recommendation lists presented to them and does this affect from which list they choose an item? And,
are multi-list interfaces only evaluated more favorably, or do they also lead to healthier choices and choices that match
a user’s eating goals?
This paper presents a novel multi-list food recommender interface that is evaluated through a user-centric approach.
We employ the user experience recommender framework [16, 17] to asses whether the use of multiple lists in a single
2

“Serving Each User” in a Multi-List Food Recommender Interface

RecSys ’21, September 27-October 1, 2021, Amsterdam, Netherlands

interface, along with explanations, leads to changes in user choices and whether these are linked to changes in how users
perceive and experience the multi-list interface. To date, only a few studies have examined the relation between user
evaluation aspects and multi-list interfaces. Pu and Chen [24] compare a single-list interface with simple explanations
to a category-based interface in the personal computer domain, accompanying each list with an explanation on its
contents. They show that a multi-list interface is perceived as more helpful, as users could compare items more easily,
even if time spent on making a decision was equal across both interfaces. Moreover, follow-up studies using eye-tracking
methods show higher levels of intention to re-use the interface [4], while a related study by Nanou et al. [20] shows
that a genre-grouped movie recommender interface is evaluated as easier to use, due to a reduced cognitive load.
The premise of earlier work on multi-list recommender interfaces is to increase diversity while reducing choice
overload [11]. For the food domain, we expect that a multi-list recommender system can overcome algorithmic biases
towards unhealthy foods and lead to more satisfactorily choice outcomes by increasing the diversity of the presented
recipes. Since many people lack the sufficient nutritional knowledge to make healthy food choices [12, 19], the
introduction of list-specific explanations is expected to boost its understandability, also given earlier findings on the
reduction of cognitive load [20, 25]. Moreover, attribute framing theory [2] suggests that nutrition-based explanations
could make users pay more attention to healthy or nutrition-related aspects when choosing a recipe.
We expect that a multi-list interface, bringing forth a more diverse recommendation set, is more likely to cater
towards eating goals that are not yet part of the user’s profile. In terms of the interface, the most important contribution
is that we can highlight different nutrient-specific eating goals, by presenting lists that optimize for recipes with fewer
calories, less fat, or more fiber. For the user-centric evaluation of our multi-list food recommender system and whether
it can support healthy eating goals, we propose the following research questions:
[RQ1]: To what extent is a multi-list recommender interface with explanations evaluated more favorably in the
context of the user experience recommender framework, compared to a single-list interface without explanations?
[RQ2]: To what extent can a multi-list recommender interface with explanations support different user goals and
healthy food choices, compared to an interface without explanations and a single list?
2

METHOD

2.1

Dataset

We developed a food recommender system to address our research questions. It employed recipes from Allrecipes.com,
a popular recipe website on which users can upload their own recipes. From a larger database of around 58,000 recipes
(which was also used in [35, 37–39]), we determined five different categories from which we sampled a total of 935
recipes:1 Casseroles, Roasts, Salads, Pasta, and Chicken dishes. In turn, a subset of 28 recipes was randomly selected from
this dataset (5 to 6 per dish type) to serve as ‘reference recipes’ in our study, on which the different recommendation
lists would be based.
2.2

Recommendation Approach and Lists

The recommendation approach we implemented was based on the similar item principle [38]. Hence, given a recipe 𝑟𝑖 ,
we find all top-k most similar recipes 𝑟 𝑗 . Formally, this can be expressed as follows:
𝑘

𝑟𝑒𝑐@𝑘 (𝑟𝑖 ) = argmax{𝑠𝑖𝑚(𝑟𝑖 , 𝑟 𝑗 )},
𝑟 𝑗 ∈𝑅\𝑟𝑖
1 The

full list of recipes, including features, can be obtained here: https://osf.io/cpfwj/.
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where 𝑅\𝑟𝑖 denotes the set of all recipes without 𝑟𝑖 and 𝑠𝑖𝑚(𝑟𝑖 , 𝑟 𝑗 ) is a similarity function. In our case, similarities were
calculated based on recipe titles, as these are rather representative of human similarity judgments [38], using Term
Frequency-Inverse Document Frequency (TD-IDF). We implemented the test-bed as a PHP online application, using the
Zend framework and Apache’s Lucene search framework [23]. This framework indexed all recipes in our dataset to
allow for similar-item retrieval and recommendation, based on a given reference recipe (see above). For each trial in our
user study, we randomly selected a reference recipe that matched the predetermined search queries for that trial.
To create explainable sub-lists for the multi-list interface, we first retrieved the top-40 recipes in terms of title-based
similarity. Subsequently, we applied a post-filtering approach (cf. [35]), by re-arranging the retrieved recipes on a specific
feature per list and presenting the top-5, i.e., 𝑘 = 5. In total, we designed and displayed five different recommendation
lists with feature-based explanations (e.g., ‘Similar, but with fewer calories’), with the following re-sorting criteria:
• Similar Recipes: Similar recipes sorted from most to least similar (without resorting).
• Fewer Calories: Recipes were re-sorted on their calorie content, from lowest to highest.
• Fewer Carbohydrates: Recipes were re-sorted on their carbohydrate content (per 100g), from lowest to highest.
• Less Fat: Recipes were re-sorted on their fat content (per 100g), from lowest to highest.
• More Fiber: Recipes were re-sorted on their fiber content (per 100g), from highest to lowest.
2.3

Participants

A total of 366 participants (𝑀𝑎𝑔𝑒 = 34.24 years, 𝑆𝐷 = 13.23; 52% male) completed our user study. 182 participants with
no dietary restrictions were recruited from the crowdsourcing platform Prolific, who were compensated with 1.25 USD.
The 184 other participants were recruited from Amazon Mechanical Turk, who had completed more than 500 HITs and
were compensated with 0.75 USD.2
2.4

Procedure

Participants were invited to join a study in which they could find interesting recipes to cook, including suggestions
for healthier choices. After disclosing demographics, their self-reported health, and cooking experience, users were
instructed to imagine that they had used five different search terms to look for recipes: ‘Casserole’, ‘Roast’, ‘Salad’,
‘Pasta’, and ‘Chicken’.3 Subsequently, they were presented five trials in our recommender interface, of which an example
is depicted in Figure 2. In each trial, users were presented a ‘reference recipe’ at the top of the screen that matched one
of the five search queries. Underneath it, a recommendation set was presented that contained recipes that were similar
to the reference recipe at the top, either presented in a single list or across multiple lists (cf. Figure 2). For each trial,
users were asked to choose the recipe they liked most and would like to prepare at home. In addition, they were asked
to evaluate how much they liked the chosen recipes and the presented recommendations. After going through five
trials, users were then asked to evaluate the recipe sets recommended to them, in terms of their experienced choice
difficulty, and perceived diversity and understandability.
2.5

Research Design

The recommender interface’s list design and the inclusion of explanations was subject to a 2x2-between user design. Per
trial, users were either presented a single list of 5 recipes or an interface that comprised 5 lists of 5 recipes (25 in total).
Moreover, the presented recommendations were either annotated with an overall explanation ‘Similar Recipes’ (which
2 The
3 The

research conformed to the ethical standards of the Norwegian Centre for Research Data (NSD).
order in which recipes were presented was counterbalanced to mitigate order effects.
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Fig. 2. Partial screenshot of our recommender interface. Depicted at the top is the reference recipe, for which a similar-item
recommendation set is retrieved. Depicted here is the multi-list condition with explanations, presenting multiple lists simultaneously.

was considered as a ‘no explanation’ baseline), or shown with list-specific explanations. For the single-list condition,
each of the 5 lists in our system were presented once to a user, in a randomized order. For the multi-list condition, all 5
lists in our system were presented simultaneously on each trial, but the vertical order was randomized.
2.6

Measures

2.6.1 User Evaluation Metrics. To examine whether a multi-list interface was evaluated more favorably than a single-list
interface (RQ1), we asked users to reflect on their chosen recipes, the presented recommendations, and the overall
interface. Per list of recommended recipes, we asked users whether they liked the recipes they’ve chosen (i.e., Choice
Satisfaction; items adapted from [29, 32]). At the end of each study, we inquired on their perceived choice difficulty
(items adapted from [17]), their perception of the diversity among presented recipes (items adapted from [17]), and how
understandable each list was. All items, listed in Table 1, were evaluated through 5-point Likert scales.
5
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2.6.2 Choice Metrics & User Characteristics. To examine possible changes in user choices (RQ2), we represented the
healthiness of each recipe through its ‘FSA score’. This score, ranging from 4 (healthiest) to 12 (unhealthiest), was
based on nutritional guidelines of the UK Food Standards Agency [21] and was used in earlier studies [22, 30, 33, 37]. In
short, a recipe’s FSA score was higher if the fat, saturated fat, sugar, or salt content was higher per 100g (cf. [33] for
computational details). Since there were slight variations in the average FSA score across conditions, we considered the
FSA score of chosen recipes relative to the mean of the recipes presented (i.e., the FSA score of the chosen recipe minus
the mean FSA score of the presented recipes).
To relate users’ choices to their eating goals, we considered from which list a recipe was chosen. In addition, we
asked users whether they had one or more specific goals when choosing a recipe. They could indicate to look for similar
recipes, recipes they liked, recipes with more fiber, or recipes with lower fat and kcal. In our analysis, we tallied the
number of lists for which the chosen recipes matched a user’s recipe or eating goal. For example, a choice was counted
as a match if a user had indicated to look for recipes with more fiber and chose a recipe from the ‘More Fiber’ sub-list.
Finally, we asked users to rate their self-reported health and cooking experience, which were captured on 5-point scales,
as well as to disclose some demographical details, such as age and gender.
3
3.1

RESULTS
Confirmatory Factor Analysis

We compared a user’s evaluation of our single and multi-list interfaces through the recommender system user experience
framework [17]. We submitted the responses to our questionnaires to a confirmatory factor analysis (CFA) using ordinal
dependent variables. Table 1 shows that we could reliably distinguish between four different aspects: Choice Difficulty,
Perceived Diversity, Understandability, and Choice Satisfaction. Items that did not explain sufficient variance of their
respective latent aspects were removed from further analysis. Eventually, the resulting aspects all met the guidelines
for convergence validity, as the average variance explained of each aspect was larger than 0.5 [16].4
3.2

Structural Equation Modeling

We organized objective constructs, subjective constructs, and relevant interactions into a path model using Structural
Equation Modeling (SEM). As suggested by Knijnenburg and Willemsen [16], we first tested a fully saturated model and
performed stepwise removal of non-significant relations afterwards. Figure 3 depicts the resulting model, which had
good fit statistics: 𝜒 2 (100) = 177.130, 𝑝 < 0.001, 𝐶𝐹 𝐼 = 0.982, 𝑇 𝐿𝐼 = 0.977, 𝑅𝑀𝑆𝐸𝐴 = 0.021, 90% − 𝐶𝐼 : [0.015, 0.025].
Our path model met the guidelines for discriminant validity, as the correlations between latent constructs were larger
than the square root of each aspect’s AVE (cf. Table 1) [16].5
3.2.1 User Experience of Multi-List vs Single-List Interfaces (RQ1). Figure 3 depicts two types of ‘main’ paths between
the objective changes in our interfaces (i.e., multi-list vs single list, use of explanations) towards our evaluation aspects
(i.e., choice difficulty, choice satisfaction). The first path, running at the top of Figure 3, showed that multi-list interfaces
(with and without explanations) led to higher levels of perceived diversity (𝛽 = .780, 𝑝 < 0.001). This indicated that
presenting more recipes (from multiple lists) to users led them to perceive a list as being more varied.
4 Although

some SEM guidelines recommended to use at least three items per latent aspect for small SEM analyses (e.g., [16]), Kline [15] describes that
the use of two items per latent aspect is sufficient, as long as the model’s degrees of freedom are sufficiently high; which was the case here.
5 This model was inferred using all users. We also tested a model in which we excluded users who had not passed the attention check, but this did not lead
to significant changes in the path model.
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Table 1. Results of the confirmatory factory analysis on user experience aspects. The analysis was clustered at the user level, as the
items for choice satisfaction had five observations per user. All aspects met the requirements for convergent validity (𝐴𝑉 𝐸 > 0.5).
Items in grey and without factor loading were omitted from the final Structural Equation Model.

Aspect
Choice Difficulty
𝐴𝑉 𝐸 = .53
𝛼 = .71

Item
I changed my mind several times before choosing a recipe.
I think I selected the most attractive recipe from each list.
I was in doubt between multiple recipes.
The task of choosing a recipe was overwhelming.

Loading
.755

Perceived Diversity
𝐴𝑉 𝐸 = .58
𝛼 = .69

The lists of recommended recipes were varied.
The recommendation lists included recipes from many different categories.
Several recipes in each list differed strongly from each other.
Most recipes were of the same type.

.689
.655

Understandability
𝐴𝑉 𝐸 = .61
𝛼 = .67

I understood why recipes were recommended to me.
The explanations of recipes, such as ‘similar recipes’, were clear to me.
I did not understand the presented explanations.

.825
.652

Choice Satisfaction
𝐴𝑉 𝐸 = .72
𝛼 = .85

I like the recipe I’ve chosen.
I think I will prepare the recipe I’ve chosen.
I like the list of recommended similar recipes.

.804
.751
.610

.769
.548

Fig. 3. Structural Equation Model (SEM). Numbers on the arrows represent the 𝛽-coefficients, standard errors are denoted between
brackets. Effects between the subjective constructs are standardized and can be considered as correlations, other effects show
regression coefficients. Aspects are grouped by color: Personal characteristics are red, objective system aspects are purple and
behavioral indicators are blue. Experience aspects are orange, perception aspects are green. ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05.

In turn, diversity affected two user experience aspects. First, higher levels of diversity came at the cost of higher
levels of choice difficulty: 𝛽 = .249, 𝑝 < 0.001. A test of indirect effects showed that the path from multi-list to choice
difficulty was mediated by diversity (𝑐𝑜𝑒 𝑓 . = .194, 𝑝 < 0.01). This effect is also depicted in Figure 4: choice difficulty
was significantly higher in the multi-list condition (compared to single lists), while no interaction effect of explanations
7
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Fig. 5. Standardized scores for the choice satisfaction experience
aspect across conditions. Errors bars represent 1 S.E.

Fig. 4. Standardized scores for the choice difficulty experience
aspect across conditions. Errors bars represent 1 S.E.

could be observed. Second, diversity was also positively related to choice satisfaction: 𝛽 = .362, 𝑝 < 0.001, leaving users
more satisfied with the recipes they had chosen if the recommendation sets were perceived as diverse. The path from
multi-list towards choice satisfaction was also significantly mediated by diversity (𝑐𝑜𝑒 𝑓 . = 0.282, 𝑝 < 0.01), which can
be understood by inspecting Figure 5. Whereas choice satisfaction levels were higher for multi-lists, both with and
without explanations, we did not observe an interaction effect with the use of explanations.
3.2.2 Choice Metrics (RQ2). The second main path in Figure 3 stemmed from both objective system aspects and
followed through choice metrics towards perception and evaluation aspects. We observed two contrasting effects of
our research design on the healthiness of chosen recipes (relative to the mean in a recommendation set): while the
addition of explanations led users to choose relatively healthy recipes (i.e., with lower FSA scores): 𝛽 = −.267, < 0.05,
an interaction effect between multi-list (vs single list) and explanations led to relatively unhealthy choices (i.e., recipes
with higher FSA scores): 𝛽 = .301, 𝑝 < 0.05. This effect was understood by inspecting Figure 6, which on the one
hand depicts that the addition of list-specific explanations (instead of ‘Similar Recipes’) led to lower, healthier FSA
scores of the chosen recipe in the single-list conditions. On the other hand, it shows that recipe choices in the multi-list
conditions were unhealthier than in the single-list conditions, which was not further affected by the use of explanations.
Furthermore, Figure 3 shows that the chosen FSA score was negatively related to the number of choices that matched
a user’s goal: 𝛽 = −.053, 𝑝 < 0.05. This meant that users who had chosen relatively healthy recipes were also more likely
to have chosen recipes that matched their recipe goals. Since this only applied to the multi-list conditions, we depicted
the distribution of lists from which a recipe was chosen per multi-list condition in Figure 7. The presence of explanations
led users to choose fewer ‘Similar’ and low-calorie recipes, but more recipes that were rich in fiber. Since the FSA score
of most fiber-rich recipes was higher (𝑀 𝑓 𝑖𝑏𝑒𝑟 = 7.94) than the recommendation set’s average (𝑀𝑀𝑢𝑙𝑡𝑖−𝐿𝑖𝑠𝑡 = 7.44),
it seemed that users had chosen healthier recipes from other lists. Although there were little changes in the relative
chosen FSA score for ‘Similar’, ‘Fewer Calories’ and ‘More Fiber’ recipes, the addition of explanations led to lower FSA
scores for the ‘Fewer Carbs’ list (a drop from +.50 to +.15) and the ‘Less Fat’ list (going down from +.21 to -.42).
The last part of the path (cf. Figure 3) shows that more choices that matched a user’s goal led to a higher understandability: 𝛽 = .204, 𝑝 < 0.001. This, in turn, was positively related to higher levels of choice satisfaction through two
pathways: one direct path and one mediated by perceived diversity. However, a test of indirect effects showed that the
total path towards this experience aspect was not significantly mediated by the aforementioned interaction metrics,
indicating that they were related but not causally mediated.
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Fig. 6. FSA score of chosen recipes, relative to the mean FSA score
of the presented recommendations. Negative values indicate that
a relatively healthy recipe was chosen, vice versa for positive
values. Errors bars represent 1 S.E.

Fig. 7. Distribution of individual lists from which recipes were chosen – for the Multi-List condition only. In the Single List condition,
the distribution was flat (0.2 for each list).

3.2.3 User Characteristics. Finally, two user characteristics (in red) also significantly affected a user’s choices, perception,
and evaluation.6 First, a user’s self-reported health was negatively related to the FSA score of chosen recipes (𝛽 = −.128,
𝑝 < 0.05), showing that users who rated themselves as healthy had also chosen healthier recipes. Second, a user’s
cooking experience was positively related to the perceived understandability (𝛽 = .282, 𝑝 < 0.001) and experienced
choice satisfaction (𝛽 = .202, 𝑝 < 0.001). This suggested that our recommender interface, averaged across all conditions,
was more suitable for experienced users than novices. A test of indirect effects indicated that this path was significantly
mediated by both understandability and perceived diversity, indicating that experienced users better understood our
interfaces and, in turn, perceived them as more diverse and were more satisfied with the recipes they had chosen.
4

DISCUSSION

Recommender interfaces that present multiple item lists in a single interface are being used in an increasing number of
commercial applications [10]. Nonetheless, studies on how they are evaluated by users are limited to specific domains
[24, 25], while its current use in consumer and leisure domains (e.g., e-commerce, movies) do not correspond to domains
where behavioral change plays a role. In fact, the interplay between multi-list interfaces and user goals, such as healthy
eating, has not yet been examined empirically [31].
The current study is the first to empirically examine multi-list interfaces in the food domain. Moreover, it is also
the first to have investigated to what extent a multi-list recommender interface is evaluated more favorably than a
single-list interface, in the context of the user experience recommender framework of Knijnenburg and Willemsen [16].
In performing such a user-centric evaluation, we have examined whether a multi-list interface can support healthier
recipe choices and user food goals, which we have examined by designing nutrient-specific recommendation lists.
Whereas other studies are based on single-item evaluations [14] or analyses in which latent aspects are evaluated
separately [24, 25], we have linked different latent evaluation aspects in a path model.
With regard to [RQ1], we find that users are more satisfied with recipes they have chosen from a multi-list interface,
compared to a single interface. Moreover, they also report higher levels of perceived diversity. At the same time, we
6 We

had also explored possible interaction effects between user characteristics and interaction metrics and evaluation aspects, but found none.
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find that users experience higher levels of choice difficulty when using a multi-list interface, compared to a shorter list
that does not trigger choice overload (cf. [3, 27]). These findings are consistent with earlier studies on choice overload
[13], which describe that people evaluate larger choice sets more favorably, but also have a harder time in making a
decision, which sometimes leads to choice deferral [6]. An important finding is that the addition of explanations to an
unlabeled multi-list interface does not reduce this experienced choice overload, nor does it significantly increase choice
satisfaction. This partially contrasts with earlier findings that an ‘organized view’ of multiple item lists reduces the
perceived cognitive effort or load [20, 24]. It is possible that the addition of explanations does not have an impact if
numerous other modalities are presented in the interface, such as a recipe’s title, photo, and description.
With regard to the chosen recipes, we have observed a variety of choices from non-similar lists, suggesting that
different users seek out different types of recipes. Although food choices in our multi-list interface were relatively
unhealthier than in single lists, we also found that the number of unhealthy ‘similar recipe’ choices in the multi-list
conditions were significantly reduced due to the use of explanations, as many users had chosen fiber-rich recipes. We
argue that the increase in recipe diversity in the multi-list condition enabled users to find the recipes they are looking
for. Moreover, we found that healthy recipe choices were associated with users making more choices that match their
eating or recipe goals. These findings suggest that the availability of unhealthy foods will lead to relatively unhealthy
choices by users who do not have any healthy eating goals, but will support users with healthy eating goals nonetheless.
Moreover, one observed shift in user choices was from recipes that were optimized for similarity, to fiber-rich recipes
that had a relatively high FSA score. Future studies should attempt to pin this down more precisely, by incorporating
explicit user goals in a recommendation approach, possibly through a critiquing approach (cf. [5]).
Although we do not find clear advantages of the use of explanations in multi-list interfaces, it must be noted that
current study only put forth recommendation sets of 25 items. This is much smaller than the number of items presented
in multi-list interfaces in the movie domain, where each sub-list comprises 40 items [10]. Such a recommendation set
size arguably better lends it itself for a well-explained multi-list interface. In a smaller ‘large sets’, however, explanations
may only increase user trust as in previous studies [24, 34], but might not significantly affect choice-related outcomes.
Furthermore, it could be argued that the use of a recommendation approach that is not user-personalized is a
limitation. However, many recipe websites and recommender systems use similar-item recommendation approaches
that are much like our study design [38]. Moreover, the findings from our similar-item approach is useful for domains
where personalization is harder to apply, such as on platforms where most users do not have an interaction history or
user account, such as news and recipe websites that attract many users from general search engines (i.e., Google).
A limitation to the current study is that we have not controlled for image attractiveness. Two recent studies show
that users are more likely to choose recipes that are accompanied by attractive photos [7], which can even lead to
healthier choices [33]. Due to our controlled between-subject design, however, we do not expect this to have affected
our results in terms of user evaluation aspects and aggregate choice metrics. Nonetheless, by unpacking an image into
its underlying attributes (e.g., contrast, colorfulness) [33], image attractiveness can be added as an additional feature to
a recipe database and be used to further personalize recommendations, as also done in industry applications [10].
Future studies should test our findings in a more naturalistic setting. The number of recipes recommended should
not necessarily be limited to 25, while the evaluation of a personalized scenario would add to both the recommender
system literature, as well as to the digital food literature. Moreover, the current study has merely focused on lists that
optimize for a single recipe nutrient (e.g., fat), while multi-list interfaces that consider dietary restrictions would also be
relevant for users with specific eating goals.
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