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Abstract
Food recommendation systems (RSs) are software systems that make personalized
recommendations form a large range of different options and thus provide a promising solution for
information overload and unhealthy food decisions. In this BSc Thesis a literature review synthesized
findings from three literature reviews and seventy-three articles on food RSs. An overview of the
types and approaches of food RSs, current challenges and solutions, and future research on food RSs
is provided. Furthermore, a link was made between the online consumer decision-making process
and food RSs. It can be concluded that most articles on food RSs for individual users: focus on
recipes, use hybrid approaches, are user preference RSs types, and mainly help consumers with
evaluating alternatives in the consumer decision-making process.

Keywords: literature review, food recommendation systems, online consumer decision-making
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1. Introduction
In today’s society most individuals use the internet to search for information, to communicate with
their social network or to buy goods and services (Ergezer, 2016). Next to this, the amount of
internet users worldwide is constantly increasing and is currently around 4.5 billion, of which 2.1
billion people buy goods and services online (Clement, 2019; Internet World Stats, 2019). In other
words, e-commerce is growing as it provides benefits to companies and consumers. Some
advantages for online consumers are that they can have access to it at any place and at any time; can
purchase the same goods and services from several companies; and can save time, money, and effort
(Anastasiadou, Lindh & Vasse, 2019; Chiu, Lo, Hsieh & Hwang, 2019). Nevertheless, it can also lead to
information overload, meaning an abundance of information that makes it hard to separate useful
from useless information (Häubl & Trifs, 2000; Pedersen, 2000). This results in a more complex and
overwhelming decision-making process for the consumer (Häubl & Trifs, 2000; Pedersen, 2000).

Information overload is a serious problem as consumers can feel overwhelmed and either decide not
to buy anything or do not take all options into account and make a suboptimal decision (Chugh &
Bazerman, 2009; Ghasemaghaei, 2020). To solve this problem, online companies can use
Recommendation Systems (RSs) (Häubl & Trifts, 2000). RS can be defined as a software system that
makes personalized recommendations from a large range of different options by implicitly or
explicitly eliciting the user’s preference for a product, service, or seller (Li & Karahanna, 2015; Tran,
Atas, Felfernig & Stettinger, 2018; Xiao & Benbasat, 2007). A few popular examples of RSs
implementations are, Amazon’s ‘Customers who bought this item also bought’ bar, Netflix’s film
recommendations, and Spotify’s music recommendations that are all based on customers’ search or
viewing history (Li & Karahanna, 2015; Schäfer et al., 2017; Verruck & Nique, 2017). RSs benefit
consumers as they reduce consumers' cognitive effort and search costs by making it faster and easier
to compare alternatives and collect information (Häubl & Trifts, 2000; Pedersen, 2000). This can
improve the consumer’s decision quality and confidence in their decision (Häubl & Trifts, 2000). Next
to this, RSs benefit companies, hence, it is not strange that more and more sectors use RSs, such as
education, healthcare, e-commerce, and food (Nyati, Rawat, Gupta, Aggrawal & Arora, 2019; Xiao &
Benbasat, 2007). With the constant development of web-based technologies, RSs have become more
accurate in predicting customers’ preferences. Therefore, these developments resulted in RSs that
can recommend alternatives and complementary items, and RSs that can give recommendations
even when online consumers are not familiar with the commodity (Yang, Song, Wu, Yang & Wang,
2020; Yang, Ou & Ziying, 2017).
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Recently, RSs are also being developed for the online food sector as more consumers buy food or
search for food related content online. With ‘food’ also food-related items are meant, such as meal
planning, recipes, ingredients, coffee shops, restaurants, restaurant menus, and grocery shopping
(Min, Jiang & Jain, 2019; Trattner & Elsweiler, 2017). “Food RSs recommend food based on the
consumers’ preferences, suggest healthy food choices, keep track of eating behaviour, understand
health problems, and persuade the user to change their behaviour” (Tran et al., 2018, p. 502). There
are different types of food RS, but the majority of researchers focus on healthy food RSs to prevent
and overcome overweight and obesity, which is necessary as at least 39% of people who are 18 years
and older are overweight and of whom 13% are obese (Nyati et al., 2019; WHO, 2020). However,
food RSs are in their infancy and their accuracy, trustworthiness, and reliability need to be improved
(Schäffer et al., 2017). This is why a huge amount of research has been done on this topic in the past
decade. Only a few literature reviews were made to make a good overview of food RSs by Tran et al.
(2018), Trattner & Elsweiler (2017), and Min et al. (2019). That is why another literature review is
necessary as research on e-commerce is constantly and rapidly evolving (Fouskas, Pachni-Tsitiridou &
Chatziharistou, 2020). Furthermore, these reviews predominantly focused on making a
comprehensive summary of the current technical aspects of food RSs and up till now no existing
literature review has classified food RSs according to the consumer decision-making process.
However, getting a better understanding of this connection is important so that food RSs can better
support consumers in different stages of their decision-making (Ghasemaghaei, 2020). In other
words, it improves the performance of food RSs.

To fill these gaps, this paper tries to answer the following research question: How have the
recommendation systems for individual users been applied in the food sector? The following subquestions are defined to tackle this research question:
a) What types and approaches of recommendation systems have been applied in the food
sector?
b) How can these food recommendation systems be classified based on the consumer decisionmaking process?
c) What are the current challenges and solutions for food recommendation systems?
The rest of this paper is structured as follows. Section 2 provides a theoretical framework on RSs and
consumer decision-making. Section 3 describes the method used for the literature review. Section 4
presents the results. The last section discusses the implications and limitations of these findings and
will give suggestions for further research.
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2. Theoretical Framework
2.1 Recommendation Systems
2.1.1 General Introduction
Research on RSs began in the 1990s and gained more attention after the growth of e-commerce
(Alyari & Navimipour, 2018). A variety of terms refer to RSs, such as interactive decision aid system
(Li & Karahanna, 2015), “recommender systems, recommendation agents, shopping agents, shopping
bots, and comparison-shopping agents” (Xiao & Benbasat, 2007, p. 1). The general process of RSs can
be explained using Adomavicius and Tuzhilin’s three-stage process model, which is depicted in Figure
1 (Li & Karahanna, 2015).
1. In the first stage the main aim is to understand the consumer.
a. Consumer information collection: the RSs implicitly or explicitly collects consumer
information (Li & Karahanna, 2015; Verruck & Nique, 2017). An example of an
explicit method is using a questionnaire to elicit personality, past purchases or
demographics, and an implicit method is using clickstream or social media
information from the consumer or their friends. Although the explicit methods
requires effort from the consumer, it results in more accurate recommendations and
it did not lead to dissatisfaction compared to implicit methods. However, it is best to
use both methods to increase the accuracy even more (Li & Karahanna, 2015). An
important aspect to take into consideration is the knowledge of the consumer. If the
consumer has little knowledge about the product, service, or vendor the RS must
elicit consumer’s needs and should show less recommendations (Ghasemaghaei,
2020). However, if the consumer is more familiar with the product, service, or
vendor the RS should elicit the consumer’s preferences of product attributes, such as
price, brand, and reputation (Ghasemaghaei, 2020; Huang, 2016).
b. Building consumer profile: a consumer profile can be built based on the selected
consumer information. Online companies do not use all information since this is not
optimal and realistic. According to Li & Karahanna (2015) social-network information
is likely to be used more together with product attributes and consumer
demographics in the future.
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2. In the second stage the main aim is to identify and delivering recommendations.
a. Matchmaking approaches: different matchmaking approaches can be used to
identify the products or services that matches the consumer’s profile. The
information used to build the consumer profile determines which approach will be
chosen (Li & Karahanna, 2015). In section 2.1.2 ‘Matchmaking Approaches of
Recommendation Systems’ different types of matchmaking approaches will be
discussed in detail.
b. RS presentation: the next step is the RS presentation or interface design of the
recommendations. If the design is not adequate, consumers might not understand
the recommendations or ignore them. Things that need to be taken into
consideration are for example, the number of recommendations shown on one page
(set size), the degree to which the recommendation matches the consumer’s profile
(sorting cue), recommendation instruction facilities, and whether or not to use an
animated persona (avatar) (Li & Karahanna, 2015).
Stage 1 and stage 2 determine the accuracy of the personalized recommendations.
3. In the third stage the impact of the RS on the consumers, companies, and market is
measured. The recommendations are adjusted based on the feedback from the customer (Li
& Karahanna, 2015). More information about this will be given in section 2.1.3 ‘Impact of
Recommendation Systems on Consumers’. Only the impact on consumers will be further
explained, since they are the main focus of this paper.

Figure 1 Three-stage process model of Adomavicius and Tuzhilin (Li & Karahanna, 2015, p. 77)
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2.1.2 Matchmaking Approaches of Recommendation Systems
There are a variety of matchmaking approaches used to create recommendations for individual
consumers. The following is an overview of the main approaches:
1. The content-based approach predicts the users’ preferences by looking at e.g. their ratings of
product or service attributes and purchase history (Alyari & Navimipour, 2018). The products
or services that are similar to the high-rated items and purchase history are recommended.
2. The collaborative filtering approach predicts the users’ preferences based on the preferences
and ratings of like-minded people (Alyari & Navimipour, 2018; Huang, 2016; Qiu & Benbasat,
2010). A user has to rate implicitly or explicitly some items and based on this; the RS
recommends items that like-minded people also liked (Tran et al. 2018). It is the most
common RS type according to Alyari & Navimipour (2018).
3. The knowledge-based approach uses the information from the user and items, to match the
items to the user’s criteria. This approach explicitly elicits information from the user to build
a user profile. On the one hand it is time-consuming as the user needs to interact with the
RS. On the other hand, it provides an explanation to the user of why the item has been
recommended (Alyari & Navimipour, 2018). One example of a knowledge-based approach is
constraint-based, that tries to satisfy all constraints (e.g., user preferences) given to them
(Tran et al., 2018). Another example is case-based, that keeps a memory of their successful
past recommendations and is able to modify them or base their new recommendations on
them (Hammond, 1986).
4. The demographic approach uses reviews, ratings, and preferences of other people with the
same demographics as the user of the RS. For instance, people with the same age, gender, or
occupation as the user (Alyari & Navimipour, 2018).
5. The context-based approach not only use consumer characteristics and item attributes, but
also contextual information of the user, such as why someone is buying the commodity and
for whom they are buying it (Wang, Lin & Yang, 2016).
6. The social network-based approach base the recommendations on data of the users’ social
networks, such as prior purchases of the users’ Facebook friends (Li & Karahanna, 2015).
7. The hybrid approach combines the techniques of the other RS approaches to generate
recommendations (Alyari & Navimipour, 2018; Huang, 2016). By doing this, they can use the
advantages of each RS approach and can avoid their disadvantages (Alyari & Navimipour,
2018). “For instance, collaborative filtering methods have to face the new-item problem.
Whereas content-based approaches can tackle this problem because the prediction for new
items is usually based on available descriptions of these items” (Tran et al., 2018, p. 5).
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2.1.3 Impact of Recommendation Systems on Consumers
RSs have an impact on the consumer’s intentions and decision-making process (Li & Karahanna,
2015). The intention of using the RS depends on the consumer’s perceived benefits, trust, and risk
(Kim, Ferrin & Rao, 2008). If the perceived benefits are high, the perceived trust is high, and the
perceived risk is low, consumers are more likely to use the RS (Kim et al., 2008). The benefits of RS
were already discussed in the introduction. The perceived trust and risk are influenced by the
relation between the consumer and the company; the company’s reputation; and the site’s security,
privacy, and customer-service (Fouskas et al., 2020). Furthermore, consumers who never shopped
online before perceived it as riskier than people who already have experience with online shopping
(Huseynov & Yildirim, 2016). Trust can be enhanced, for example, by providing clear information and
an easy navigation on the website (Darley, Blankson & Luethge, 2010). Moreover, consumers are
more likely to use RSs in their decision-making process if they see the recommendations early on in
the decision-making process, they perceive it is easy to use, the RS recommendations are similar to
the consumer’s own decision outcome, they heard others use it too, they think the
recommendations are personalized and will satisfy their needs, and they perceive the
recommendations as accurate (Huang, 2016; Li & Karahanna, 2015; Qiu & Benbasat, 2010; Verruck &
Nique, 2017).
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2.2 Online Consumer Decision-Making
2.2.1 General Introduction
As previously stated, consumer decision-making can be complex and difficult. That is why several
models have been created to describe this process. One of the most widely used and accepted core
theories is the Engle, Kollat, and Blackwell (EKB) model founded in 1968 (Ashman, Solomon & Wolny,
2015). This model explains the offline consumer decision-making process in five stages: problem
recognition, searching for information, evaluation of alternatives, purchase, and post-purchase
evaluation (Ashman et al., 2015). However, since the 1990s, more consumers purchased products
and services online, which influenced their decision-making process (Ashman et al., 2015; Chiu et al.,
2019). Although the process did not change much, the actions and decisions within each stage
differed, resulting in online consumer decision-making process models (Maçik, 2016). In the next
section, we further elaborate on this by explaining an online consumer decision-making process
model. After that, the external factors that influence consumer decision-making and the
shortcomings of the model will be discussed. This is required to achieve a better understanding of
why RSs can assist consumers with their decisions, and in which stages they can influence this
process.

2.2.2 Online Consumer Decision-Making Process Model
The models of Maçik (2016) and Darley et al. (2010) will be combined into one model to explain the
consumer decision-making process. Both models use the five stages of the EKB model. In Figure 2 a
visual overview of the model is given.
1. Stage 1 – Problem recognition: where the consumer recognizes an unfulfilled need or want
(Ashman et al., 2015; Darely et al., 2010; Maçik, 2016).
2. Stage 2 – Searching for information: where the consumer uses internal sources such as their
own memory and experiences, and external sources such as websites, (online) word-ofmouth, advertisements, promotional sales, sales persons and social media to identify criteria
and priorities for the product or service and vendor (Ashman et al., 2015; Darley et al., 2010;
Maçik, 2016; Mughal, Mehmood, Mohi-ud-deen, & Ahmad, 2014).
3. Stage 3 – Evaluating alternatives: where the consumer evaluates all alternatives based on
selection criteria. In general, the consumer first compares the products or services based on
their attributes, examples are functional features and brand image or emotions (subjective
10

factors) (Darley et al., 2010; Maçik, 2016). The consumer will do this just as long as the
search costs are lower than the expected utility of collecting more information about one
additional product or service (Pedersen, 2000). They eliminate some options and end up with
a ‘choice set’ (Ashman et al., 2015). After that, the consumer chooses the purchase channel
(online or offline), the purchase platform (e.g., auction, shop, website, mobile application),
and the seller (Maçik, 2016).
4. Stage 4 – Purchasing: where the consumer chooses the delivery and payment method to
purchase the product or service that meets the criteria (Ashman et al., 2015; Darley et al.,
2010; Maçik, 2016). The Theory of Reasoned Action (TRA) of Ajzen and Fishbein can be used
to explain that the purchase decision is influenced by the intentions of the consumer
(Macovei, 2015). These intentions are affected by the belief that he or she is able to do the
behaviour, and the positive or negative attitude towards that behaviour (Darley et al., 2010;
Macovei, 2015). Moreover, as said before, intentions are also influenced by the perceived
benefits, trust, and risk of buying the good or service online. This depends on the consumers
perception of the online environment and characteristics of the individual (Kim et al., 2008).
5. Stage 5 – Post-purchase evaluation: where the consumer consumes the commodity and
evaluates if he or she made the right decision based on their (dis)satisfaction and
experiences (Ashman et al., 2015; Darley et al., 2010). Whether someone is satisfied or
dissatisfied depends on his or her expectations beforehand and his or her perception of a
product or service afterwards. If there is a difference it can lead to cognitive dissonance,
which in this context means that the consumer is satisfied if the perception outperforms the
expectations or dissatisfied if the opposite occurs (Zhu, Ko & Munkhbold, 2016). The last step
in this stage is disinvestment, which means that the consumer resells, recycles, or throws
away the product (Oke, Kamolshotiros, Popoola, Ajagbe & Olujobi, 2016). Consumption,
cognitive dissonance, satisfaction or dissatisfaction, and disinvestment all influence the
beliefs of the consumer about the product, service, or vendor (Darley et al., 2010).
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Figure 2 Online consumer decision-making model based on Maçik (2016) and Darley et al. (2010)

2.2.3 Influence of External Factors
According to Darley et al. (2010) and Maçik (2016) every stage is influenced by external factors, such
as individual characteristics, social influences, situational and economic factors, and the online
environment. Individual characteristics are, for example the motivation and involvement, knowledge,
values, personality type, education level, lifestyle, and demographics of the person (Čavoški &
Marković, 2015; Darley et al., 2010; Kim et al., 2008; Maçik, 2016; Malik & Purohit, 2020). Next to
this, consumers are socially influenced by their own (sub-)culture, social class, reference group,
family, friends, media, and the (online) advice of experts and other consumers when making a
decision (Darley et al., 2010; Maçik, 2016; Malik & Purohit, 2020). For instance, people can read the
opinion and experience of others in online reviews, blogs, or social media posts (Ashman et al.,
2015). This can affect the reputation of the seller and product (Čavoški & Marković, 2015; Kim et al.,
2008). The reason for this, is that these sources are seen as more credible and trustworthy by
consumers, since the producer or seller of the commodity cannot control them (Maçik, 2016). This
social influence not only helps consumers to choose for a certain product or service, but it can also
elicit unrecognized needs or wants (Ashman et al. 2015; Maçik, 2016). Moreover, situational and
economic factors affect the consumer decision-making, these factors usually cannot be controlled by
marketers such as inflation, physical surrounding, personal income, and time pressure (Kalaiarasan,
Govindan & Nasaratnam, 2018; Malik & Purohit, 2020; Mughal et al., 2014). Lastly, consumers are
influenced by the online environment (Darley et al., 2010; Maçik, 2016). For instance, the website
quality and design, quality of product or service information, privacy and security protection, and
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financial risk of the online transaction. This all influences the customer’s satisfaction, evaluation, and
experience with the website (Darley et al., 2010; Maçik, 2016).

2.2.4 Shortcomings of the Online Consumer Decision-Making Model
Although this model is already very extensive, it still has a few shortcomings. First of all, the model
shows a linear process, while consumers often move back and forth between the stages (Wang et al.,
2016). Next to this, the model assumes that the consumer mainly uses system 2 to maximize their
decision, which is rational, slow, conscious, and costs energy and effort (Chugh & Bazerman, 2009).
However, most consumers make suboptimal decisions to satisfy their decision (Simon, 1972). For
example, if people are hungry, emotional, or stressed, they tend to eat more unhealthy food that in
the end can lead to overweight or obesity (Elsweiler, Trattner & Harvey, 2017). They use system 1,
which is intuitive, emotional, fast, automatic, and effortless (Chugh & Bazerman, 2009). The frequent
use of System 1 can be explained by the bounded rationality theory of Simon (1972). According to
the theory people can only process information up to a certain limit and they are not able to
calculate the optimal choice since they often lack information and/ or time (Chugh & Bazerman,
2009; Simon, 1972). This is especially true for complex decision with a lot of alternatives (Häubl &
Trifts, 2000). That is why people also use heuristics, which are rules of thumb to simplify their
decision-making process. For example, the Lexicographic heuristic, where the consumer ascribes a
value to all attributes of a product or service and determines which one is the most important, e.g.
colour or price. After that, the consumer chooses the option with the highest value on that attribute
(Bettman, Johnson & Payne, 1991). Lastly, since this is a general model for the online consumer
decision-making process, food related characteristics are not included. However, these
characteristics will be discussed in the ‘Results’ section.
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3. Research Method
In this section, the method of this literature review is presented to answer the research question and
sub-questions. A literature review was chosen as this is more feasible than a systematic literature
review. The reason for this, is that food RSs research is a relatively new and multidisciplinary research
area. For instance, it is covered by nutrition, sociology, consumer research, marketing, computer
science, and food science research fields (Min et al., 2019; Xiao & Benbasat, 2007). This would have
resulted in a variety of keywords that retrieve too many search results to conduct a systematic
literature review. The following sections describe the steps taken to ensure that this literature review
retrieved a comprehensive overview of relevant researches.

3.1 Designing the Review
The aim of this literature review is to answer the research question: How have the recommendation
systems for individual users been applied in the food sector? With the following sub-questions:
a) What types and approaches of recommendation systems have been applied in the food
sector?
b) How can these food recommendation systems be classified based on the consumer decisionmaking process?
c) What are the current challenges and solutions for food recommendation systems?
First, an umbrella review was done to summarize the literature reviews on food RSs, to answer subquestions a and c. Next for sub-question b, the types of food RSs were categorized based on the
online consumer decision-making model of Figure 2. For this, the original articles that were used as
examples of food RSs in the tables and texts of the literature reviews were used as starting point.
After that, more recent papers were added by searching for literature on this topic published in the
last 5 years (see section 3.2).

For the literature reviews the inclusion criteria were:
1. The studies are about RSs in the food sector, as this study focuses on this sector.
2. The studies are literature reviews.
3. The studies are published in the last 5 years (2015-2020), since it is a new research field and
research in the e-commerce is developing quickly (Fouskas et al., 2020).
4. The studies are written in English, as most articles are written in this language.
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For the original articles and more recent papers the inclusion and exclusion criteria were:
1. Only studies on RSs in the food sector were included.
2. Literature reviews were excluded because the focus is on articles about a specific food RS.
3. Only studies on food RSs for individual users were included. Group decision-making food RSs
are excluded as it would result in even more search results for this literature review.
4. Only articles written in English were included.

3.2 Searching for Literature
The literature search was conducted from May 25th 2020 – June 12th 2020. The databases Scopus,
Web of Science, and Google Scholar were used. These databases were chosen, because they are
accessible for more people than the WUR database and they all include studies from different
scientific fields. This is an advantage as food RSs are researched in different disciplines. For the
literature review, sources with the key words ‘literature review’, ‘recommendation systems’, and
‘food’ or synonyms in the title or abstract were added. Three literature reviews were found (Min et
al., 2019; Tran et al., 2018; Trattner & Elsweiler, 2017).

For the original studies included from the literature reviews, only studies that were used as example
within the text or in the tables were looked at, see Supplementary Materials. It was decided to
include studies from all publication years, since the literature reviews used older studies in their
whole research, meaning that it would have been impossible to refer to the literature reviews as they
are based on studies older than 2015. Furthermore, it gives a better overview of the food RSs over
the past few decades. The key words ‘food’, ‘recommendation system’ and ‘consumer’ or synonyms
in the title or abstract were used. The synonyms used for RSs are derived from Xiao & Benbasat
(2007) and Li & Karahanna (2015): ‘recommendation agents, ‘recommender systems’, ‘shopping
agents’, ‘shopping bots’, ‘interactive decision aid systems’, and ‘comparison shopping agents’. The
synonyms for ‘food’ are derived from Min et al. (2019) and Trattner & Elsweiler (2017): ‘meal
planning’, ‘recipes’, ‘ingredients’, ‘coffee shops’, ‘menus’, and ‘grocery shopping’. Lastly, consumers
can be called ‘users’, so this was also included in the search term (Min et al., 2019; Tran et al., 2018;
and Trattner & Elsweiler, 2017).

For the more recent studies, also the key words ‘food’, ‘recommendation system’ and ‘consumer’ or
synonyms in the title or abstract were used. The only difference with the original studies from the
literature review is that publications of the last 5 years (2015-2020) were included. Figure 3 provides
an overview of all studies included.
15

Figure 3 Overview of search for studies- add flowchart
*= 13 articles were used by more than one literature review, so those are only counted once

3.3 Synthesis
After collecting all articles their data was extracted. First, the texts of the literature reviews were
merged to make an overview of the types of food RSs, the challenges and solutions, and future
research suggestions. A colour code was used to make this process easier, see Supplementary
Material. After that, a table was made with the descriptive information of the total amount of studies
per: publication year, food type, RS approach, decision-making stage, RS type, and type of study (see
Table 1) (Snyder, 2019). Lastly, a thematic analysis was done per article see Tables 2-4 (Transfield,
Denyer & Smart, 2003). Those tables were divided per food RSs type and contained further details
on: author, publication year, topic of the study, type of food, type of study, RS approach(es), and
which decision-making stage it influences (see Figure 2). It was decided to separate the tables per
food type, as this gives additional information about the kind of food RSs made in that specific
research area. The data of the articles were compared to each other to identify themes and
categories that can be useful to answer the sub-questions (Transfield et al., 2003).
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4. Analysis & Results
In this chapter, the three literature reviews on food RSs by Min et al. (2019), Tran et al. (2018), and
Trattner & Elsweiler (2017) are summarized. Min et al. (2019) is a literature review of 67 articles that
proposes a framework for food RSs. Tran et al. (2018) is a literature review of 62 articles that gives a
state-of-the art in food RSs that focuses on food types and approaches used. Trattner & Elsweiler
(2017) is a literature review of 72 articles that focuses on technical aspects of food RSs, such as
algorithms, evaluation methods, and resources or databases used for food RSs. All three literature
reviews discuss the current challenges, current solutions, and future directions. After colour coding
the articles (see Supplementary Material) they were merged together to easily identify the different
topics of interest. First a general introduction of the development of food RSs is given. Thereafter,
the types of food RSs, and the challenges and solutions of food RSs are discussed.

4.1 General Introduction of Food Recommendation Systems
Since the 1990s, food RSs were implemented to solve the problems of information overload of
multimedia food content (e.g., food websites, videos and social media) and of inappropriate eating
behaviour that can lead to chronical diseases (Min et al., 2019; Tran et al., 2018; Trattner & Elsweiler,
2017). One example of a food RSs is RecipeKey that “filters recipes based on the user’s favourite
ingredients, allergies and item descriptions (e.g., meal type, cuisine, preparation time, etc.)” (Tran et
al., 2018, p. 507). According to Tran et al. (2018) and Trattner & Elsweiler (2017) recommendations
for food items or recipes are the main focus in this research field. Also, popular recommendation
approaches are content-based, collaborative filtering, constraint-based, and hybrid approaches.

According to Min et al. (2019) and Trattner & Elsweiler (2017), food RSs differ in several ways from
RSs in general. First of all, there are other factors that influence food preferences than user
preferences of products or services. Secondly, more and different types of contextual real-time
information is required. Thirdly, the user’s nutritional needs, weight goals, and health problems can
be taken into consideration. More information on these three differences can be found in the next
section. Fourthly, different domain knowledge and food databases are needed to recommend
healthier food, such as nutritional, medical, and dietary knowledge. Lastly, food has unique
characteristics, “such as cooking methods, ingredient combination effects, preparation time,
nutritional breakdown, and nonrigid visual appearance” (Min et al., 2019, p. 3). In sum, food RSs thus
base their recommendations on user information, nutrition and health resources, and recipe or food
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database(s). These information sources are important, as their quality directly affects the accuracy of
the food RSs and indirectly affects user satisfaction. Next to the accuracy of the RSs, user satisfaction
can be improved by providing a nutritional value table or explanations of why the food item is
recommended. This will encourage users to comply to healthy eating behaviour (Min et al., 2019;
Tran et al., 2018; Trattner & Elsweiler, 2017).

The user’s preferences, contextual factors, and the user’s nutritional and health situation mentioned
above, can be used to build a user profile. The user’s food preferences are elicited from the user
explicitly (e.g. via a survey or food journal) or implicitly (e.g. online ratings, reviews or browsing
history) (Min et al., 2019). Food preferences change over time, as it is influenced by many factors
such as biological (e.g., allergy constraints and genes), psychological (e.g., attitudes and beliefs, and
cognitive restraints), diets and lifestyles (e.g. gluten-free, vegan or vegetarian), social (e.g., friends
and family), cultural (e.g., favourite cuisines; familiarity of the food), hobbies, and historical factors
(e.g., past experiences and previous eating behaviour). Secondly, contextual factors are required
such as environmental changes (e.g., air quality, time, location, temperature), user’s body conditions
(e.g., physical activity, sleep per day, heart rate, and blood pressure), and food/ ingredient availability
in the household. Thirdly, user’s nutritional and health problems can be useful, so that the
recommendations are nutritionally appropriate for the user. Lastly, user’s demographics are
important to consider, such as age, height, weight, gender, occupation (Min et al., 2019; Tran et al.,
2018; Trattner & Elsweiler, 2017). Based on all these factors, constraints or rules can be made to
filter out irrelevant food items. Furthermore, mobile or sensing devices, such as a watch or fitness
bracelet, or health and fitness mobile apps (e.g. MyFitnessPal, Endomondo and Fitbit) can be used to
measure personal or contextual real-time factors (Min et al., 2019; Tran et al., 2018). A recent
development in sensing devices is a visual food analysis, that can measure the food intake of a meal
based on a photo the user made (Min et al., 2019).

4.2 Types of Recommendation Systems in the Food Sector
There are different ways to categorize food RSs. For example, Trattner & Elsweiler (2017) decided to
divide food RSs into recommendations for recipes, meal plans, groceries, and menus. However, this
study will divide the food RSs based on the study of Tran et al. (2018), as this categorization focuses
more on the function and the food RSs in general. Furthermore, there are more types of food related
things (e.g. restaurants, food items, ingredients, and coffee shops) that are not covered by the
division of Trattner & Elsweiler (2017). According to Tran et al. (2018) food RSs can be divided into
four types, based on the information they use for their recommendations.
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The first type of food RSs focuses on user preferences. These RSs focus on the user’s food
preferences derived from for example, the user’s food ratings or eating history (Min et al., 2019; Tran
et al., 2018; Trattner & Elsweiler, 2017). An example is Fatchum from Cruz, Alpay, Depeno, Altabirano
& Bringula (2017), that recommends recipes based on the user's search terms or ingredient input
(see Figure 4).

Figure 4 Lay-out Fatchum recipe RS (Cruz et al., 2017, p. 13)

The second type of food RSs focuses on health and nutritional needs of users. For example, by
substituting unhealthy ingredients by healthy ingredients or by generating a healthy food plan (Min
et al., 2019). According to Trattner & Elsweiler (2017), this is the most studied food RS type. The
recommendations are, for instance, based on user’s health information and contextual information
(Min et al., 2019; Tran et al., 2018). To estimate the healthiness of a meal nutrition and health
resources (e.g., USDA or BLS), a visual food analysis (e.g. recognizes food and estimates food quantity
from a photo) and/or nutritional food standards (e.g., Food Standards Agency’s (FSA) and World
Health Organisation’s (WHO)) are used in the recommendation approach. Also, a traffic light system
can be used to inform the users about the healthiness of the food item, with red being unhealthy,
green being healthy, and orange being neither unhealthy nor healthy (Min et al., 2019; Trattner &
Elsweiler, 2017). One example of this food RS type is the RS from Alian, Li & Pandey (2018). It
recommends healthy meals to American Indians with diabetes based on the user’s health situation,
and food and nutrition guidelines (see Figure 5 and 6). Furthermore, it keeps track of the physical
activity and food intake and gives a daily food summary.

19

Figure 5 Lay-out Meal Recommendation

Figure 6 Lay-out Daily Summary

(Alian et al., 2018, p. 73047)

(Alian et al., 2018, p. 73048)

The third type is a trade-off food RS, that considers both user preferences and health and
nutritional needs. According to Tran et al. (2018) this type leads to more optimal food
recommendations. The reason for this is that by considering user preferences the recommended
food items are more attractive and relevant for the user. This in turn makes the user more engaged
and interested in using the food RSs. Furthermore, by considering the user’s nutritional needs,
physical activity, demographics, and health problems the recommended food items are healthier for
the user. An example of a trade-off RS is SousChef from Ribeiro, Vasconcelos, Vieira & de Barros
(2018). SousChef is a meal planner for the Portuguese elderly that keeps track of the user's food
intake, user food preferences through meal ratings, and activity monitoring (see Figure 7). It also
serves as grocery list.

Figure 7 Lay-out Meal Planner SousChef (Ribeiro et al., 2018, p. 120)
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The fourth type is group food RSs, as people often make food decisions with friends, families, or
colleagues. For instance, people often decide together what they are going to eat during a Christmas
dinner (Tran et al., 2018; Trattner & Elsweiler, 2017). However, this type will not be discussed in this
paper, since there is a lack of research in this area and this paper focuses on food RSs for individual
users.

4.3 Classification of Food Recommendation Systems on the Online Consumer DecisionMaking Process
In total seventy-three articles were analysed, of which thirty-five articles were from the reference
lists of the three literature reviews, and thirty-eight articles were from own research. Although it was
possible to look at all search results from Scopus and Web of Science, Google Scholar retrieved too
many search results (10.800). So only the first twenty pages of the search results were used, due to
time constraints. The descriptive information of the included articles can be found in Table 1 and the
thematic analysis can be found in Tables 2-4.

As can be seen in Table 1, most studies in this analysis were from 2019, followed by 2015, 2017 and
2018. Furthermore, most food RSs were used to recommend recipes and after that meal planning.
The main approach used was the hybrid approach, followed by knowledge-based and context-based
approaches. Next to this, no studies used a demographic or social-network based approach.
However, eight studies included demographic characteristics (Ali et al., 2018; Cruz et al., 2017;
Elsweiler & Harvey, 2015; Ge et al., 2015; Harvey & Elsweiler, 2015; Ho & Chang, 2018; Rehman et
al., 2017; Subramaniyaswamy et al., 2019) and three studies included information from a social
media network in their RS (Chu & Tsai, 2017; Freyne et al., 2011; Jiang et al., 2019; Rathi et al., 2017).
Next to this, almost all studies recommended alternatives to the user, which helped them with stage
3: evaluating alternatives. Moreover, the most used RS type was user preference, followed by the
trade-off RS type. Lastly, there are more articles that did an experiment with their RS, than articles
that explained their RS. All experiments tested the performance (e.g. prediction accuracy, quality or
effectiveness), except for the following three studies: Adaji, Sharmaine, Debrowney, Oyibo &
Vassileva (2018), tested if there was a connection between personality types and recipe categories;
Cruz et al. (2017), tested if there was a relation between the demographics of the participants and
how they rated the RS; and Freyne, Berkovsky, Baghaei, Kimani & Smith (2011), tested the effect of
personalized and non-personalized tools on user interaction, information access and user motivation
with the RS.
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As can be seen in Table 2-4, all restaurant RSs are user preference RS types and only the trade-off RS
types are focused more on meal planning than recipes. Furthermore, the main approach for user
preference and trade-off RS types was the hybrid approach, and for the health and nutrition RS type
it was the knowledge-based approach. Also, collaborative filtering was only found for the user
preference RS type. For all food RSs types stage 3: evaluating alternatives, was used the most. Next
to this, only grocery stores helped the user with stage 1: problem recognition. Moreover, the user
preference food RS type had more experiments than explained models, while for the other two food
RS types it was the other way around. In the ‘Discussion & Conclusion’ section more information will
be given about these findings.

The last finding is that although most studies focus on food or users in general, five articles are made
for a specific regional cuisine: Calabrian food items RS (Agapito et al., 2017), Filipino recipes RS (Cruz
et al., 2017), Chinese regional recipes RS (Guo, Yuan, Mao & Gu, 2017), Balinese food stalls RS
(Kadyanan, Dwidasmara, Mahendra, Mogi & Sudarma, 2019), and Indian recipes RS (Maheshwari &
Chourey, 2019). Furthermore, eleven articles are specially made for certain users: meal plan RS for
elderly (Aberg, 2006; Espín, Hurtado & Noguera, 2015; Ribeiro et al., 2018), recipe RS for American
Indians with diabetes (Alian et al., 2018), restaurant RS for tourists (Effendy, Nuqoba & Taufik, 2019),
recipe RS for users that suffer from a chronic disease (Ivaşcu, Diniş & Cincar, 2018), meal plan RS for
obese youth (Jung & Chung, 2016), recipe RS for toddlers (Ng & Jin, 2017), food item RS for people
suffering from common diseases (Rehman et al., 2017), food item RS for travellers
(Subramaniyaswamy et al., 2019), and recipe RS for people with health problems (Ueta, Iwakami &
Ito, 2011).
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Table 1 Descriptive information of the included articles

Year

Type of

1986-2010

2011

2012

2013

2014

2015

2016

2017

2018

2019

2020

8

3

4

1

3

11

3

11

13

14

2

Food item

Groceries

Meal

Recipes

Restaurants

food*

RS

planning
6

5

17

39

8

CB

CF

CxB

Hybrid

KB

6

2

11

30

24

Problem

Searching

Evaluating

Purchasing Post-

recognition

for

alternatives

approach1

Stage

purchasing

information

RS type

evaluation

4

4

65

User

Health &

Trade-off

0

0

preferences nutrition
37

11

Type of

Explain

Experiment

study

model
31

25

42

*: there is one study that is both a food item and meal planning RS and one study that is both a recipe and meal planning RS, those are counted double
1

: content-based= CB; collaborative filtering= CF; CxB= context-based; KB= knowledge-based
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Table 2 Thematic analysis of user preference food RSs

Author(s) (number)1

Year

Adaji et al. (4)

2018

Bushra & Hasan (4)

2019

Chu & Tsai (1)

2017

Cruz et al. (4)

2017

Effendy et al. (4)

2019

Elahi et al. (2)

2015

Forbes & Zhu (1)

2011

Freyne & Berkovsky (1, 2, 3)

2010

Fu, Liu, Yong, Yao & Hui (1)

2014

Topic of the study
Their recommendations are based on the personality types of the user and
users/ online recipe reviews with the same personality type. They tested if there
was a connection between personality types and recipe categories
QuickyCook recommends recipes that contain (almost) all ingredients that the
user want to include. They use the recently developed database called Recipe
1M. They measured the performance of the RS
RS that predicts user's preference of restaurants by combining metadata,
textual and visual information (photos) in blogs. They tested the performance of
their RS
Fatchum recommends Filipino recipes based on the user's search terms or
searches recipes by ingredients. Participants tested the usability of the RS based
on design-related factors. The researchers also looked if there was a relation
between the demographics of the participants and how they rated the RS
The RS ranks culinary destinations for tourists based on user positive and
negative criteria. The user can apply a weight of importance for each criteria.
They test the performance of their RS
RS that interacts with the user and recommends recipes based on the user’s
long-term preferences (ratings and tags of familiar recipes) and short-term
preferences (ingredients that the user wants to include). They evaluated the
accuracy of the recommendations
RS that combined content information of the ingredients with the collaborative
filtering method. They tested the prediction accuracy of their RSs
Users evaluated the accuracy of two RSs with different data gathering strategies
to recommended recipes based on the user's positive ratings. The first one
gathers food items ratings and the second one gathers recipe ratings
They tested the performance of their RS that base the recommendations on
user restaurant ratings on multiple factors (geographical, user and restaurant
information) to improve restaurant recommendations

Type of
study

RS
Stage3
approach2

Recipes

Experiment

Hybrid:
CB, CF

3

Recipes

Experiment

KB

3

Restaurants Experiment

Hybrid:
CB, CF

3

Recipes

CB

3

Restaurants Experiment

CxB

3

Recipes

Experiment

3

Recipes

Experiment

KB
Hybrid:
CB, CF

Recipes

Experiment

Hybrid:
CB, CF

3

CxB

2

Type of
food

Experiment

Restaurants Experiment

3
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Gao et al. (1)
Ge, Elahi, FernaándezTobías, Ricci &
Massimo (1, 3)

2019

Guo et al. (4)

2017

2015

Hammond (3)

1986

Hinrichs & Kolodner (3)

1991

Kadyanan et al. (4)

2019

Kawano, Sato, Maruyama &
Yanai (1)

2013

Kodali, Dabbiru & Rao (4)

2019

Kuo, Li, Shan & Lee (2, 3)

2012

Lawrence, Almasi, Kotlyar,
Viveros & Duri (3)

2002

The RS predicts user's food preference based on user's ingredient preference,
photos of dishes, and preferences of similar users. They compared the
performance of their RS with other food RSs
Their RS extends CF method by including user’s positive/ negative tags and
recipe ratings. They tested the effect of using tags in their RS algorithm increase
prediction accuracy and compared this to algorithms that do not use tags
The RS recommends recipes from Chinese regional cuisines with similar flavours
as the user's flavour preferences (is determined with the user's recipe ratings).
Professional chef's evaluated the RS performance
CHEF builds new recipes and finds recipes that satisfies (almost) all of the user's
requests. It can detect faulty recommendations and can build a restriction to
avoid this in the future. It stores failure and successful recommendations in its
memory
JULIA is an interactive RS that recommends meals based on constraints from the
user. They tested the effectiveness of JULIA when solving different types of
problems
They test the accuracy of their Balinese food stalls RS made for Bali. The
recommendations are based on user data, food stall ratings, and food ratings
RS that recommends recipes from an online recipe database based on the
ingredients the user wants to include. The user points the camera to the
ingredient and the RS recognizes it with a visual food analysis
They recommend restaurants based on their similarity between the user's
previous food eaten/ places visited, and cuisine the user prefers. The prediction
accuracy of their RS is tested
Menu planning based on both requested ingredients by the user and a
knowledge graph (that shows the relationship between recipes of whether or
not they can be used in one menu)
Recommends new grocery products based on purchase history of the user and
other users and expected appeal of the product to the user. They measured the
performance by calculating how many people bought the recommendations
with the current RS compared to the older version

Recipes

Experiment

Hybrid:
CB, CF

Recipes

Experiment

Hybrid:
CB, CF

3

Recipes

Experiment

CxB

3

Recipes

Explain
model

KB: CaB

3

Recipes

Experiment

KB: CaB
Hybrid:
CB, CF

3

KB

3

Hybrid:
CB, CF

3

Explain
model

KB

3

Experiment

Hybrid:
CB, CF

1

Restaurants Experiment

Recipes

Explain
model

Restaurants Experiment

Meal plan

Groceries

3

3

25

Li et al. (4)

2018

Lin, Kuo & Lin (1)

2014

Maheshwari & Chourey (4)

2019

Pratibha & Kaur (4)

2019

Rathi, Rander & Sanghvi &
Shah (4)

2017

Saito, Asada, Ysohitomi, Kato
& Tabuse (4)
2018

Sano, Machino, Yada &
Suzuki (3)

2015

Skjold, Øynes, Bach &
Aamodt (4)

2017

Svensson, Laaksolahti, Höök
& Waern (2)

2000

Teng, Lin & Adamic (1, 3)

2012

The RS bases the restaurant dish recommendations on the user dish ratings,
user information, contextual factors, and food attributes. They test the
performance of their RS with Chinese foods
Based recommendations on recipe, user ratings, and recipe features information
(e.g. preparation, course, cuisine)
Their system pairs food and ingredients to innovate new dishes or suggest
alternative ingredients for people who are allergic for a certain ingredient. They
focus on the Indian cuisine
The RS recommends recipes based on user information and contextual factors
e.g. the food items available in the kitchen, preparation time of the user, and
weather
Data from online reviews, likes, social media content, and comments are
collected from different online sources to recommend local food eateries that
match the user profile preferences
RS that recommends a recipe based on yesterday's dinner recipe, impression
words chosen by the user (e.g. sweet, spicy, warm), past successful
recommendations, and recipes with the same ratings. They also tested the
performance of their recommendations
They propose two RSs that recommends products on discount by e-mail, one
based on transaction data and the other based on transaction data and store
manager data. They evaluated the performance of 5 recommendation methods
and found out that singular value decomposition is appropriate for the 1st RS
and CF for the 2nd RS
IntelliMeal recommends recipes based on the ingredients the user (dis)likes. The
RS continuously learns the user's preferences as the user can give feedback.
They evaluated the performance of the RS
Recipe recommendations based on the ingredient categories, ingredients, and
user clubs (formed by a 'club owner', that recommends recipes to its members).
It allows users to interact with each other
Recommendations are based on nutritional information and the complement
and substitution ingredient networks (from a recipe-sharing website). They
tested the prediction accuracy of their RS

Recipes

Experiment
Explain
model

Hybrid:
CF, CxB
Hybrid:
CB, CF

Recipes

Explain
model

KB

3

Recipes

Explain
model

CxB

3

Explain
Restaurants model

Hybrid:
CB, CF

3

Recipes

Experiment

Hybrid:
CB, CF

3

Groceries

Experiment

Hybrid:
CB, CF

1

Recipes

Experiment

KB: CaB

3

Recipes

Explain
model

Hybrid:
CB, CF

3

Recipes

Experiment

CB

3

Recipes

3
3
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They tested the performance of RSs algorithms that can be used to predict user
preferences by extracting positive/ negative food words from menu reviews and Food item
Trevisiol, Chiarandini &
ratings. These algorithms can be applied in several RSs that suggest food items
& Meal
Baeza-Yates (3)
2014 or menus from restaurants
plan
Experiment CF
Recommends recipes based on the user's mood (6 aspects: body, mental, taste,
Ueda, Morishita, Nakamura,
time, price, and modification). Students rated recipes on each mood aspect, and
Explain
Takata & Nakajima (4)
2016 this data was used to make a connection between recipes and user's mood
Recipes
model
CxB
Varatharajan, Guruprasad &
RS that recommends restaurants based on the user food preferences, restaurant
Explain
Hybrid:
Mathumitha (4)
2020 ratings, the user's current location, and ratings of users with the same taste
Restaurants model
CB, CF
They compared the performance of an RS that uses a user based CF approach
(similarity between users and user ratings) and of an RS that uses an item based
CF approach (similarity between recipes) RS method. The user based method
Vivek, Manju & Vijay (4)
2018 performs better
Recipes
Experiment CF
RS recommends recipes that users will choose based on their cooking history,
Yamamoto, Kando & Satoh
ingredient preferences and how challenging a recipe is for them. They test the
(4)
2016 prediction performance of their recipe RS
Recipes
Experiment CxB
PlateClick is an RS that learns user's food preferences via a visual quiz to
recommend recipes. They use a recipe network to learn the similarity between
Yang et al. (1, 3)
2015 the food images. They evaluate the performance of the RS
Recipes
Experiment CxB
Zeng, Nakano, Morita,
RS dialogue system that explicitly elicits user taste and texture preferences
Kobayashi &
through human-robot interaction. The knowledge base is based on a recipe
Explain
Yamaguchi (1)
2018 database and an analysis of taste and texture derived from Twitter messages
Recipes
model
KB
They compared the performance of their multi-view RS with that of single-view
RSs. They used multiple images (drink, food, inside & outside of the restaurant)
Hybrid:
Zhang, Luo, Chen & Guo (4)
2020 to recommend restaurants to the user
Restaurants Experiment CF, CxB
1
: 1= article from Min et al. (2019); 2= article from Tran et al. (2018); 3= article from Trattner & Elsweiler (2017); 4= recent article from own research

3

3
3

3

3

3

3

3

2

: case-based= CaB; content-based= CB; collaborative filtering= CF; CoB= constraint-based; CxB= context-based; KB= knowledge-based

3

: decision-making stages: 1= problem recognition; 2= searching for information; 3= evaluating alternatives; 4= purchasing; 5= post-purchasing evaluation
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Table 3 Thematic analysis of health & nutrition food RSs

Author(s) (number)1

Agapito et al. (4)

Year

2017

Alian et al. (4)

2018

Jiang et al. (4)

2019

Jung & Chung (4)

2016

Maia & Ferreira (4)
Mankoff, Hsieh, Hung, Lee &
Nitao (3)
Müller, Mika, Harvey &
Elsweiler (3)

2018

2002
2012

Nag et al. (1)

2017

Ohata, Nishihara &
Yamanishi (4)

2019

Rehman et al. (4)

2017

Topic of the study
DIETOS recommends healthy and diet-related Calabrian food for healthy users
and users with a chronic disease. It is based on the users health profile. The RS
shows the user the nutritional information and locality of the food
The RS recommends a healthy lifestyle to American Indians with diabetes based
on patient profile, food & nutrition guidelines, physical activity log, and food
intake log. It gives a daily food summary
Market2Dish recommends healthy food based on the user's health profile
(elicited from their social media texts and videos) and a recipe dataset. It
interacts with the user and also calculates the user's calorie intake
They tested the performance of their RS that suggests dietary menus for obese
youth. They include the user's health, personal and contextual information and
use the SeeMe5 nutritional dataset
Their RS uses the user's current location, recipe attributes (cuisine type,
ingredients), and user's dietary group. They test the performance of the RS with
three different recipe datasets (derived from food.com, kochbar.de, and
epicurious.com)
Use shopping receipts to keeps track of the nutritional content of foods they
have eaten and suggest healthier food alternatives that the user can buy next
time
System that uses the BLS nutritional database to automatically calculate the
nutritional content of recipes sourced from the internet
Use restaurant and nutrition databases, expert knowledge, user health
information, and contextual factors to recommend a healthy dish
This RS recommends meals-out (restaurant dish or pre-cooked food) that
supports a balanced nutritional intake based on what the user has eaten that
day (user's food log). They let people evaluate the effectiveness of their RS
Diet-Right recommends food to people suffering from common diseases that
must fulfil their nutritional needs requirements. They create a user profile

Type of
food

Type of
study

RS
Stage3
2
approach

Food items

Explain
model

KB

3

Recipes

Explain
model

KB

2

Recipes

Explain
model

3

Meal plan

Experiment

KB
Hybrid:
CF, KB,
CxB

Experiment

Hybrid:
CxB, CF

3

KB

1

KB

2

CxB

3

Recipes

3

Recipes

Explain
model
Explain
model
Explain
model

Recipes

Experiment

CB

3

Food items

Experiment

KB

3

Groceries
Recipes
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based on demographics. They tested the accuracy, performance, and
convergence time
They use nutritional information and the user's health profile to recommend
recipes that can solve the user's health problems. The user does not need to
have nutritional knowledge and can use natural language (e.g. I want to cure
Ueta et al. (2, 3)
2011 my acne). They measured the performance of their RS
Recipes
Experiment KB
1
: 1= article from Min et al. (2019); 2= article from Tran et al. (2018); 3= article from Trattner & Elsweiler (2017); 4= recent article from own research

3

2

: case-based= CaB; content-based= CB; collaborative filtering= CF; CoB= constraint-based; CxB= context-based; KB= knowledge-based

3

: decision-making stages: 1= problem recognition; 2= searching for information; 3= evaluating alternatives; 4= purchasing; 5= post-purchasing evaluation

Table 4 Thematic analysis of trade-off food RSs

Author(s) (number)1

Aberg (2, 3)

Ali, Amin, Kim & Lee (4)
Bianchini, De Antonellis &
Melchiori (1)

Year

2006

2018
2015

El-Dosuky, Rashad, Hamza &
El-Bassiouny (2, 3)

2012

Elsweiler & Harvey (1, 3)

2015

Topic of the study
Meal planning system that provides healthy food recipes for elderly dealing
with malnutrition. The recommendations are based on the advice of healthcare professionals, but also includes user's food taste
RS that provides educational, diet menu plans, and physical activity
recommendations. They use expert knowledge as guidelines and include user
information (e.g. health, preferences, demographics) and contextual
information
PREFer is a menu RSs that matches users’ preferences and recipe features while
also improving the nutritional habits of the user
They recommend food items to the user based on their user profile, healthy
heuristics (to include more healthy food), and food databases from the USDA.
They compared the performance of their RS algorithm with that of traditional
RSs algorithms (TF-IDF, B. Cosine, Jaccard, and SemRel)
RS that predicts the user's food preference based on their profile. It creates
daily meal plans that meet both user food preference (recipe ratings and

Type of
food

Type of
study

RS
Stage3
2
approach

Meal plan

Explain
model

Hybrid:
CB, CF

3

Hybrid:
CxB, KB

3

Meal plan

Explain
model
Explain
model

CB

3

Food items

Experiment

KB

3

Meal plan

Experiment

CB

3

Meal plan
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Elsweiler, Harvey, Ludwig &
Said (2, 3)

2015

Espín et al. (4)

2015

Freyne et al. (3)

2011

Ge, Ricci & Massimo (1, 3)

2015

Gutiérrez, Verbert & Htun (4) 2018
Harvey & Elsweiler (2, 3)

2015

Ho & Chang (4)

2018

Ivaşcu et al. (4)

2018

demographics) and nutritional guidelines from international health agencies.
They tested the performance of their RS
They discussed two ways (one recipe or a meal plan) to incorporate both user
preferences and healthy nutritional aspects in a food RS. Integrate both user
preferences and nutritional aspects into recipe and meal plan
recommendations
NutElCare is an RS for elderly where they can create a healthy diet plans that
satisfy their nutritional needs and taste preferences. The system uses WHO
nutritional databases and nutritionists can monitor if the user follows the
recommendations
eHealth portal is a diet compliance system that has 3 tools: a meal planner,
social network activity feed, and a social comparison tool. They tested the
effect of personalized and non-personalized tools on user interaction,
information access and user motivation
Their RSs recommend recipes that uses a user profile based on user
demographics, user's long-term and short-term preferences and user's health.
They use a calorie count in their recommendation algorithm. The computer
interacts with the user
PHARA is a mobile app RS that gives the user nutritional information (e.g.
calorie intake and nutrition guide) about products in the grocery store and they
recommend similar or healthier product alternatives. It recognizes the food
products based on their visual components
A web-based system that creates daily meal plans based on the user’s taste
profile, recipe ratings, demographics, and nutritional requirements
Healthy diet RS that uses the users information (preferences, demographics,
exercise habits, health situation) to classify users into categories. Based on the
category, meal packages are supplied to the user every week. Users evaluate
the performance of the RS
The RS recommendations for users suffering from a chronic disease are based
on the user's health information (e.g. past diseases, allergies) derived from the
health care institution and user's food preferences
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Khan & Hoffmann (3)

2003

Khan, Rushe, Smyth & Coyle
(4)

2019

Llerena, Rodriguez, GómezAbajo & Castro (4)

2017

Ng & Jin (1)

2017

Nouh, Lee, Lee& Lee (4)

2019

Ntalaperas, Bothos, Perakis,
Magoutas & Mentzas (4)

2015

Ribeiro et al. (1)

2018

Salloum (4)

2018

Subramaniyaswamy et al. (4)
Talekar, Raghavendra &
Vaddatti (4)

2019

2019

MIKAS base recommendations on user health requirements and food
preferences. The user can interact with a hospital dietitian. They evaluate the
performance of the RS
They compared the performance of their RS (includes contextual factors, user
preferences and user health information) with a content-based RS. Their RS can
also predict the user's preference of recipes the user has not rated before
Prototype RS that makes a user profile (from a questionnaire about personal,
medical, and contextual factors). The RS adjusts the recommendations based
on the user's menu ratings
TodRec assist parents with feeding their toddlers by suggesting recipes. They
use both user preferences and nutrition guidelines of the US. They compare the
performance of TodRec with commonly-used recipe websites
Healthy food items are recommended based on the user's health profile,
feedback, and food preferences. They evaluated the performance of their RS; it
improves by including user feedback
DISYS recommends dishes in a restaurant that are both healthy and tasty for
the user. It considers user preferences, user diet, physical activity, and health
indices. The user can interact with the DISYS
SousChef recommends healthy meals for Portuguese elderly based on the
Portuguese nutritional guidelines. It keeps track of the user's food intake, user
food ratings, and activity monitoring. It also serves as grocery list
PIN is an RS based on user's health information and food preferences. The RS
also looks at the meal-food compatibility (e.g. eggs are compatible with
breakfast). They evaluated the performance of their RS
ProTrip recommends food to travellers with a disease or diet based on user
information (demographics, preferences health situation), preferences of other
users, and nutritional value. ProTrip interacts with the user and provide
nutritional information to the user. They evaluate the performance of ProTrip
NutriSmart recommends healthy food items in the grocery store based on other
user reviews and the user profile (made after the user fills in a questionnaire
about food habits, nutrition, and user preferences)
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They made an RS based on user preferences and nutritional information. The RS
has a pre-filtering stage in which they exclude foods that do not match the
2019 current user's situation (e.g. daily exercise). They tested their RS performance
Meal plan
Experiment KB
Yum-me is an RS that include both user's health goals (diet and nutritional
needs) and user's food preferences (based on a visual quiz). The RS adjust the
recommendations based on the user's feedback (Yummy or No way). They
Yang et al. (1, 3)
2017 evaluated the effectiveness of Yum-me
Recipes
Experiment KB
1
: 1= article from Min et al. (2019); 2= article from Tran et al. (2018); 3= article from Trattner & Elsweiler (2017); 4= recent article from own research
Toledo, Alzahrani & Martínez
(4)

3

3

2

: case-based= CaB; content-based= CB; collaborative filtering= CF; CoB= constraint-based; CxB= context-based; KB= knowledge-based

3

: decision-making stages: 1= problem recognition; 2= searching for information; 3= evaluating alternatives; 4= purchasing; 5= post-purchasing evaluation
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4.4 Challenges and Current Solutions for Food Recommendation Systems
There are several challenges and solutions for food RS discussed in the literature reviews.
1. Predicting the user’s food preferences: according to Min et al. (2019), Tran et al. (2018) and
Trattner & Elsweiler (2017) solutions to predict user food preferences are using psychology
and neuroscience research methods; user food data from social media and recipe-sharing
website (e.g., Yummly, Allrecipes, Meishijie, Foodspotting); user ratings; mobile and sensing
devices; and user food journal. However, the accuracy of food RSs is poorer than RSs in other
domains, as food preferences are complex and influenced by (contextual) factors that can be
hard to obtain or model.
2. Food journal: food journals are a solution to better predict user’s food preferences. In a food
journal users can keep track of their eating history, for example their portion size and
calories. Yet, a food journal costs a lot of the user effort to keep track of what they eat, and
users easily forget or give wrong information (Min et al., 2019; Tran et al., 2018). To decrease
the user effort a visual analysis can be made of a photo the user made, to recognize the food
ingredients, food categories, cooking instructions and estimate food intake (Min et al., 2019).
However, more research is needed to improve the food recognition of the visual analysis.
3. User ratings: user ratings are also a solution to better learn the user’s food preference.
Unfortunately, it is challenging to collect enough user’ ratings while keeping the food RSs
convenient and saving the user effort. Furthermore, it is difficult to persuade users to keep
rating dishes, recipes, or food items (Tran et al., 2018).
4. Accurately measuring the nutritional value: one solution is to standardize the names and
quantities. Nevertheless, different names and units or quantities are still used for the same
recipe, ingredient, or food item. Furthermore, food can be prepared in different ways, which
influences the nutritional value (Tran et al., 2018; Trattner & Elsweiler, 2017).
5. Food availability: including the availability of food in the household is a solution to save the
user money and prevent food waste. However, this requires a lot of effort from users to
register all food items they consume and have in stock (Min et al., 2019; Tran et al., 2018).
6. Balancing between a big database and user satisfaction: a big database is an advantage as
the food RSs has more food items to recommend that better match the user’s health
situation or food preferences. Nevertheless, food RSs should find a balance between the
amount of food items included in the database and user satisfaction with the system’s
response time. For example, if the database is too large, the RSs has to check more
constraints or rules, which will take longer and can lead to user dissatisfaction (Tran et al.,
2018).
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5. Discussion & Conclusion
5.1 Discussion
This literature review created an overview of three recent literature reviews and seventy-three
studies in the field of food RSs for individual users and how they influence consumer decisionmaking. With this overview the research question can be answered: How have the recommendation
systems for individual users been applied in the food sector? The analysed articles were mostly
applied in the recipe domain, which is in line with the research from Trattner & Elsweiler (2017).
However, no studies were found on RSs for coffee shops or ingredients. An interesting finding was
that all restaurant RSs focused on the user preference, as they do not consider health in their
recommendations. Also as mentioned before, almost all food RSs can be applied for all different
types of cuisines or users, except for sixteen articles. The majority of the studies in this analysis were
from 2015, 2017, 2018 and 2019, which can be the result of the search strategy, as for the current
studies only studies from 2015-2020 were allowed.

5.1.1 What Types and Approaches of Recommendation Systems have been Applied in the
Food Sector?
The types of RSs are user preferences, health and nutrition, trade-off, and group food RSs types (Tran
et al., 2018). The user preferences and trade-off types are implemented most frequently in food RSs.
This finding was not expected, as Nyati et al. (2019) stated that most researchers focus on healthy
food RSs. Nevertheless, according to Ghasemaghaei (2020) it is important to understand the
consumer decision-making to improve food RSs, so this can explain why many researchers are
focused on the user’s food preferences.

In terms of RS matchmaking approaches, the hybrid, knowledge-based and context-based approach
were used the most, which was predictable as they are common approaches to be used (Alyari &
Navimipour, 2018; Tran et al., 2018; Trattner & Elsweier, 2017). Nevertheless, the content-based
approach was only used six times, and the collaborative filtering approach was only used twice. This
was not expected since they are also popular recommendation approaches. It is interesting to say
that both collaborative filtering approaches were used for user preferences. However, eighteen
hybrid approaches use the content based approach and twenty-three hybrid approaches use the
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collaborative filtering approach. So, it can be assumed that those two approaches are combined
more often with other approaches, than that they are used individually. Another finding was that no
studies were found that solely used a demographic or social network-based approach (Alyari &
Navimipour, 2018; Li & Karahanna, 2015). Nevertheless, it might be better to develop hybrid
approaches that include demographic and social network information, as there are more (contextual)
factors that need to be taken into account (Min et al., 2019; Tran et al., 2018; Trattner & Elsweiler,
2017).

5.1.2 How can these Food Recommendation Systems be Classified Based on the Consumer
Decision-Making Process?
After analysing all studies with the online consumer decision-making model based on Darley et al.
(2010) and Maçik (2016) it can be concluded that the majority of food RSs help the user with stage 3:
evaluation of alternatives. This finding can be explained with the model in Li & Karahanna (2015)
since RSs in general collect user information (e.g. preferences or health situation) to build a
consumer profile. Based on this information a food RS can recommends food that matches the
criteria of the user profile (Li & Karahanna, 2015). Next to this, only grocery food RSs created new
needs or wants for grocery products that the user has not bought before. These RSs thus aid the
consumer with stage 1: problem recognition. Lastly, a few food RSs helped the user in stage 2:
searching for information. This food RSs then provides the user with information that helps them
select or rank their selection criteria.

5.1.3 What are the Current Challenges and Solutions for Food Recommendation Systems?
As can be seen, there were six solutions and challenges found. The main challenge is accurately
predicting the user’s food preferences, which is in agreement with Schäffer et al. (2017). The main
reason given by Tran et al. (2018) and Trattner & Elsweiler (2017), is that food decisions are complex,
continuously changes, and is influenced by different (contextual) factors. Moreover, online consumer
decision-making is also complex as it is influenced by many external factors (Darley et al., 2010;
Maçik, 2016). This challenge can be the reason, why most research is still focused on the user
preference food RS type. A solution to solve this challenge is to use psychology and neuroscience
research methods. Other challenges according to Tran et al. (2018), Trattner & Elsweiler (2017) and
Min et al. (2019) are incorporating a food journal, as it costs a lot of the user’s effort and the user can
easily forget or give wrong information. This can be solved with a visual food analysis. Next to this,
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including food availability saves the user money and prevents food waste, but requires user effort.
Furthermore, a trade-off needs to be made between user satisfaction (e.g. saving users effort and
convenience) and a big database or a lot of user ratings. Lastly, accurately measuring the nutritional
value is still difficult as the names and quantities of recipes, ingredients and food items need to be
standardized.

5.2 Implications
This paper provides a comprehensive overview of the current researches on food RSs. This is useful
information for researchers, as they can use the challenges and future research suggestions as
inspiration for their own research. For instance, the researchers can focus on developing a good
quality and standardized evaluation method for the performance of food RS. Next to this, the results
can help (e-commerce) food companies with designing new and improved food RSs. Companies can
look at the list of food RSs available and implement those ideas and useful designs in their own food
RS. For instance, grocery stores can use the information of Nutrismart from Talekar et al. (2019) to
develop a food RSs for their own supermarket. This will lead to less losses in potential sales and
higher revenues for the company (Ghasemaghaei, 2020). Moreover, nutritionists or dietitians can use
Tables 2-4 to see what current food RSs exist that can aid their patients in eating healthier. For
example, the food RS from Ali et al. (2018) makes diet menu plans, educates its users, and
recommend physical activity based on expert knowledge and sensory devices. Lastly, the improved
food RSs that can be made with this literature overview will benefit the consumer. For instance, an
effective RSs in general can improve the customer’s shopping experience; the user’s satisfaction with
the system and search process; the loyalty and relationship with the company and product or
service; and the confidence of consumers in their decision (Häubl & Trifts, 2000; Huseynov & Yildirim,
2016; Verruck & Nique, 2017; Yang et al., 2017). In other words, it will improve the user’s decision
quality by reducing the user’s cognitive effort and search costs (Pederson, 2000). A specific
advantage of a food RSs is that they provide information on food and recommend food that is both
healthy and tasty for the user, which can change the user’s eating behaviour in a positive way (Tran
et al., 2018).
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5.3 Limitations
There are some limitations that need to be considered. First of all, the method used was not a
systematic literature review, which can make it less comprehensive, more biased and subjective, and
less easy to replicate (Alyari & Navimipour, 2018; Siddaway, Wood & Hedges, 2019; Snyder, 2019).
Also, the literature review was done by one person. This means that there was no inter-rater
agreement on the interpretation of the articles (Siddaway et al., 2019). This can harm the reliability
and internal validity of the research, since two researchers can discuss and double check the
interpretation of the other. Nevertheless, the steps for the literature review were explained
thoroughly to achieve transparency, which improved the quality and credibility of this research.

Moreover, as a result of writing this paper in only two and a half months’ time, it was decided to
exclude unpublished research, as it seemed unattainable within this short time frame. However,
according to the publication bias this can threaten the internal validity of the conclusion, since
published studies are more likely to have significant results (Siddaway et al., 2019). For example,
there could be meal planning or grocery food RSs that are not published. That is why a future
systematic literature review might be useful to including also unpublished research.

Furthermore, it was decided in the ‘Analysis & Results’ section to refer to the three literature reviews
of Tran et al. (2018), Trattner & Elsweiler (2017) and Min et al. (2019) instead of the original articles,
except for section 4.3. This can make this paper less transparent, as people cannot immediately see
in which original article these assumptions or results were found. However, this strategy was used to
make it easier to compare the information of the literature reviews. Furthermore, due to the limited
time of this research it was decided to spend more time on searching for more recent articles than
reading the original articles.

Finally, this research only focused on the food RSs types, approaches, categorisation of studies based
on the online consumer decision-making process, challenges and solutions, and future research
suggestions. Nonetheless, due to the limited time the external factors, such as individual, social
influence, situational, and economic variables that influence the consumer decision-making process
and other contextual factors that can be used to build a user profile for food RSs were not analysed
(Darley et al., 2010; Maçik, 2016). The same holds for the types of evaluation methods that were not
incorporated in the article analysis. Moreover, as explained before, group food RSs were also not
covered in this paper. That is why another literature review can be useful that will include these
interesting topics in their research.
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5.4 Future Research
The future research directions in the food RSs based on this research are as followed:
1. Food types: more food RSs are needed to be developed in other areas than recipe RSs. For
example, food RSs for grocery shopping, coffee shops, ingredients, restaurants, and food
items. Something that might be interesting is to develop a restaurant RS that takes the
healthiness of restaurant menus into consideration.
2. Evaluation methods: a more standardized and specialized method must be developed to
evaluate food RSs on prediction accuracy and diversity. Furthermore, full-online evaluations
need more attention, as there are very limited researches that do this (Trattner & Elsweiler,
2017). The experimental researches included in this literature review can be used to make an
overview of what current evaluation methods exist.
3. Literature review: another literature review can be useful that includes topics such as group
food RSs, external and contextual factors of current food RSs, unpublished research, and all
current evaluation methods of food RSs. Especially the external and contextual factors are
interesting, as no research has focused on identifying the most important contextual
variables (Tran et al., 2018; Trattner & Elsweiler, 2017). This in turn, will improves the
understanding of how food RSs can change eating behaviour.
4. Food RSs: more food RSs can be developed that focus on other decision-making stages than
stage 3: evaluating alternatives. For example, a food RS can be developed that provide
product information or suggests different selection criteria that the user can use when
choosing (healthy) grocery products. This helps people with stage 2: searching for
information.

The future research direction in the food RSs based on the three literature reviews (Min et al., 2019;
Tran et al., 2018; Trattner & Elsweiler, 2017):
1. User preference: according to Min et al. (2019) and Trattner & Elsweiler (2017), further
research should improve the development of user profiles and the performance of the food
RSs. One topic that asks for more attention is implicit methods (e.g., recipe reviews) to elicit
user’s food preferences, as explicit methods require user effort and cannot fully capture user
preferences.
2. Sensing devices: the current sensing devices that measure the real-time user’s state cannot
measure everything. Some topics that need further research are fusing discrete and
continuous contextual variables together in a joint model; innovating sensors to measure or
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methods to quantify hard or up to now not available variables (e.g., smell and taste); and
making more accurate sensors (Min et al., 2019).
3. Food item database: according to Min et al. (2019), Tran et al. (2018) and Trattner &
Elsweiler (2017) there are only a few publicly available databases, for example Kaggle for
grocery products and MIT recipe database. Furthermore, there are not many databases that
combine recipes, food images, user comments, expert knowledge, food items or ingredient
data. That is why researchers typically make their own dataset, which are often patented and
non-standardized making their findings difficult to validate, and their research difficult to
reproduce and less reliable (Trattner & Elsweiler, 2017). Thus, a publicly available database is
needed that combines different data.
4. Visualization of food items: visual food analysis can serve as a solution for food journals,
however, they need to be improved as most visual analysis are only effective for RSs in
general. The reason for this is that food is nonrigid and has no distinctive or structured form,
which makes it harder to visually analyse it (Min et al., 2019; Trattner & Elsweiler, 2017).
5. Group food RSs: according to Tran et al. (2018), more research needs to be done to achieve
fast consensus in group decision-making and to make meal planning recommendations for
one or more than one day (bundled recommendations). Especially group constraints, such as
a food allergy of one individual is important to take into consideration. Next to this, more
research should focus on the influence of social situations on (group) food choices (Trattner
& Elsweiler, 2017).
6. Other resources: some resources that might improve food RSs have not yet been
implemented, such as the Health Eating Index as nutrition and health resource; Foodsubs as
food substitution database to replace unhealthy food items, meals or ingredients with
healthy alternatives; Foodlog as information source to learn the user’s food preferences;
Enchantedlearning and Wikipedia as food word databases to normalize the ingredient
process; Centers for Disease Control and Prevention as health database to implement food
RSs in different geographical regions in America (Min et al., 2019; Trattner & Elsweiler, 2017).
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