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Abstract: In recent years, the promotion of healthy habits, and especially diet-oriented habits, has
been one of the priority interests of our society. There are many apps created to count calories based
on what we eat, or to estimate calorie consumption according to the sport we do, or to recommend
recipes, but very few are capable of giving personalized recommendations. This review tries to see
what studies exist and what recommendation systems are used for this purpose, over the last 5 years
in the main databases. Among the results obtained, it is observed that the existing works focus on
the recommendation system (usually collaborative filtering), and not so much on the description of
the data or the sample analyzed; the indices used for the calculation of calories or nutrients are not
specified. Therefore, it is necessary to work with open data, or well-described data, which allows
the experience to be reproduced by third parties, or at least to be comparable. In recent years, the
promotion of healthy habits, and especially diet-oriented habits, has been one of the priority interests
of our society.

Keywords: recommendation systems; machine learning; nutrition; m-health

1. Introduction

Obesity is a prominent disease around the world. According to WHO, global obesity
has nearly tripled since the 1970s [1]. This is a topic of concern because gaining weight
is a risk factor for the noncommunicable diseases and the prevalence is still increasing
globally [2].

Despite the efforts and the various strategies outlined by the different agencies and na-
tions, no significant changes have been achieved that contribute to changing this reality [3].

However, healthy lifestyles behavior has become an important strategy to avoid
excessive caloric intake. Having a good level of adherence to a diet, despite the nutritional
strategy, guarantees better results [4–6]. According to Pagoto et al. [6], adherence is defined
as “the degree to which participants continued in the program or met program goals for
diet and physical activity”. Taking into consideration that the use of mobile phones is
rising around the world [7] and people tend to have a strong attachment to them, especially
young people [8,9], Health Mobile Apps could act as a strategic tool to empower consumers’
knowledge in order to support weight loss and reach the desired adherence, at least in the
short term [10].

Computational technologies such as artificial intelligence, machine learning, and deep
learning could help to offer an integrated framework of the patient information, improving
not only the diagnosis but also the recommendations in individuals [11]. Classic dietary
assessment methods are prone to have measurement errors [12], whereas new technologies
could help to measure in a more accurate way as well as reduce costs.

According to a recent review, health professionals do not always tend to recommend
these types of apps because of their limitations: food composition is inaccurate, they do
not have local food composition, there is a need for some technical expertise, poor quality,
poor usability, inaccurate database, inaccurate energy calculations, or because they are not
personalized [13].
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On the other hand, individuals tend to underreport due to poor image quality or
negligence, or because they estimate the portions erroneously [14].

Despite the fact that there is an increasing number of reviews analyzing mobile apps
utility, there is still an important gap in knowledge, since there is a significant heterogeneity
in the types of apps available in the mobile market. Some tend to focus on one nutritional
outcome; others tend to investigate a specific target group or different behaviors [15].

In the present paper, the authors provide a description of the status of the different
recommender systems and analyze the involving machine learning algorithms used, in
order to find out if they accomplish their purpose.

The article is structured as follows: Section 2 explains how the method used in the
systematic review was developed; Section 1 provides an analysis of records; lastly, Section 1
contains the discussion and conclusions about future work.

2. Material and Methods

The purpose of the SRL is to determine the current situation of the different recom-
mender systems used in the nutrition and health areas, also involving machine learning
algorithms. Research manuscripts reporting large datasets that are deposited in a publicly
available database should specify where the data have been deposited and provide the
relevant accession numbers. If the accession numbers have not yet been obtained at the
time of submission, please state that they will be provided during review. They must be
provided prior to publication.

Review Protocol

Firstly, the different objectives and search questions were defined (Table 1), and the
following databases were used: (1) ACM was used as the main digital library of scientific
content in the area of informatics and computing, (2) Scopus was taken into account as a
database that has access to important different research in different areas of knowledge,
and (3) PubMed was used as a more specific dataset related to the health area. No filter
was used for the population filter; all available items were used.

Table 1. Research questions.

Question Purpose

Q1 At what areas of the nutrition are
used the RS?

To learn about those areas in which have
been implemented recommendation systems.

Q2 Do they make different kinds of
nutritional recommendations?

To determine the recommendations that offer
the different platforms.

Q3
What methods/equations do you
use to estimate the daily caloric

needs of users?
To determine if the caloric needs are agreed.

Q4 What type of RS are used
in nutrition? To determine the types of RS that are used.

Considering the mapping of the literature, the keywords were selected; these are the
words that have been used: Nutrition, Recommendation System (recommender system),
and Machine Learning. A more precise search was possible due to the advanced searches
of the different repositories, which enables to search using logical operators. The terms
“Recommendation System” AND “Nutrition” were searched all through the full texts,
AND “Machine Learning” just in the author keywords. Table 2 shows the records obtained
for each database between the years 2016 and 2021.
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Table 2. Database search.

Source Search Chain Records

ACM
[All: nutrition] AND [Keywords: machine learning] AND [All:

recommendation system] AND [Publication Date: (1 July 2016 TO
31 July 2021)]

163

Scopus

ALL (“nutrition” AND “recommendation system”) AND KEY
(“machine learning”) AND (LIMIT-TO (PUBYEAR, 2021) OR

LIMIT-TO (PUBYEAR, 2020) OR LIMIT-TO (PUBYEAR, 2019 ) OR
LIMIT-TO (PUBYEAR, 2018) OR LIMIT-TO (PUBYEAR, 2017) OR

LIMIT-TO (PUBYEAR, 2016))

41

PubMed (((nutrition) AND (recommendation system) AND (1 July 2016:31
July 2021[pdat])) AND (machine learning[Text Word]) 10

The PRISMA guidelines were followed to filter the different articles from the SRL,
which suggests applying four steps: (1) Identification, (2) Filtering, (3) Eligibility, and
(4) Inclusion.

Figure 1 represents the PRISMA-based flow chart, which shows all the details about
the records that were included and excluded.

In total, 214 records were obtained, and the first filter was applied. The aim of this
filter was to eliminate the duplicates; in this case, there was just one text repeated in two of
the databases. After this criterion, there were 213 records still available.

Secondly, the second filter was applied excluding all those text that were non-English,
short papers, abstracts, posters or reviews. Moreover, by the reading of the titles some of
the results have also been discarded, leaving 53 records to analyze in depth.

After the reading of the remaining abstracts, there were another 29 records discarded;
this filter left 24 results to read. Finally, after completely reading all the remaining records,
just 18 studies were included for analysis.

After this analysis, a review of words related to the study that could offer another
point of view to the search was carried out. Among the terms found, a new identification
stage was carried out with two of these (nutrition behavior and calorie tracking) and the
results of the searches can be seen in Tables 3 and 4.

As a conclusion, we can observe that the search by adding the term nutrition behavior
shows that most of the studies stored in ACM are related to nutrition (136). In addition, it
can be seen that the Scopus database does not have any results, which shows that it is a
more technical database. Finally, PubMed shows only six results (Table 3).

If we look at the other search, which added the term calorie tracking, it shows similar
results, although in the ACM database fewer results are obtained, since they are reduced to
slightly more than half (65) (Table 4).

Table 3. Database search AND “nutrition behaviour”.

Source Search Chain Records

ACM
[All: nutrition] AND [Keywords: machine learning] AND [All:
recommendation system] AND [All: nutrition behaviour] AND

[Publication Date: (1 July 2016 TO 31 July 2021)]
136

Scopus

ALL (“nutrition” AND “recommendation system” AND “nutrition
behaviour”) AND KEY (“machine learning”) AND (LIMIT-TO

(PUBYEAR, 2021) OR LIMIT-TO (PUBYEAR, 2020) OR LIMIT-TO
(PUBYEAR, 2019) OR LIMIT-TO (PUBYEAR, 2018) OR LIMIT-TO

(PUBYEAR, 2017) OR LIMIT-TO (PUBYEAR, 2016))

0

PubMed
(((nutrition) AND (recommendation system) AND (nutrition

behaviour) AND (1 July 2016:31 July 2021[pdat])) AND (machine
learning[Text Word])

6
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Figure 1. Systematic review flow chart.



Appl. Sci. 2021, 11, 12069 5 of 11

In the end, we realized that the two complementary searches that were performed
were included in the main search carried out in the first place; therefore, taking into account
that the search did not obtain many results, we used the main search to analyze the articles.

Table 4. Database search AND “calorie tracking”.

Source Search Chain Records

ACM
[All: nutrition] AND [Keywords: machine learning] AND [All:
recommendation system] AND [All: nutrition behaviour] AND

[Publication Date: (1 July 2016 TO 31 July 2021)]
65

Scopus

ALL (“nutrition” AND “recommendation system” AND “nutrition
behaviour”) AND KEY (“machine learning”) AND (LIMIT-TO

(PUBYEAR, 2021) OR LIMIT-TO (PUBYEAR, 2020) OR LIMIT-TO
(PUBYEAR, 2019) OR LIMIT-TO (PUBYEAR, 2018) OR LIMIT-TO

(PUBYEAR, 2017) OR LIMIT-TO (PUBYEAR, 2016))

0

PubMed
(((nutrition) AND (recommendation system) AND (nutrition

behaviour) AND (1 July 2016:31 July 2021[pdat])) AND (machine
learning[Text Word])

1

Certain inclusion and exclusion criteria have been used in the filtering of documents
found in the searches, and are defined in Table 5.

Table 5. Inclusion and exclusion criteria.

Criteria

Inclusion Exclusion

Complete documents Publications in languages other than English
Publications in journals or congresses Publications such as: letters to the editor, reviews, etc.

Title and abstract with words used in the search Publications in areas other than nutrition
Unavailable publications

To measure the quality of the analyzed articles, 10 indicators have been defined. The
first 7 are related to the content of the article and to publication quality metrics. The M8
metric was used to differentiate those articles that have published in conferences from the
journals. We thought it would be interesting to point out the articles that give the possibility
to obtain the data used in the research, so that the experiment might be reproduced, which
is why M9 was included. Lastly, M10 gives importance to those articles that use diagrams
and images to help with the explanation (Table 6).

Table 6. Quality measure metrics.

Metrics Value Weight

About the text of the article itself

M1: The abstract provides information and a balanced
summary of what was carried out and what was found 0/1 1

M2: Give the eligibility criteria and the sources and methods of
selection of participants 0/1 1

M3: Provides system architecture and details of components 0/1 1

M4: Provides details on the validation of the system 0/1 1

M5: Provides results according to objectives, constraints,
and analysis 0/1 1

M6: Provides an accurate and unbiased discussion 0/1 1

M7: References 0/1 1.5

Other quality metrics

M8: Publication type (Conference/Journal) 0/1 1

M9: Available data 0/1 1

M10: Provides images and diagrams of the developed work 0/1 1.5
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The results of the review of the articles will be obtained using the criteria shown
in Table 6.

3. Results

In the analyzed cases, we can see that most of the recommendation systems are
designed to recommend different diets; some of them do not recommend whole diets but
some specific foods. Rarely do we see systems that offer physical activity recommendations
in addition to diet.

On the other hand, most of the analyzed systems have made use of collaborative
filtering. However, content-based, hybrid, and knowledge-based filtering have also been
used. As for the type of platforms used, in most studies this was not specified, and in those
where it was, online platforms were used.

Finally, it should be noted that most studies and platforms have been motivated to
help patients with a disease that may improve as a result of maintaining a healthier diet.

Once the comparative table of the studies (Table 7) had been made, articles 1 to 11
were graded taking into account the criteria defined in Table 6 so that an overview of the
quality of each article could be obtained. For this purpose, three levels of quality have been
defined: High (H) the articles with a score between 8 and 11, Medium (M) between 5.1 and
7.9, and Low (L) less than 5. After the qualification, we can affirm that within the metrics
used in this study, the articles [16–31] are of high impact.

Table 7. Selected articles.

Ref. Year Country Type of Nutrition Type of User Recommendation
Element

Developmental
Approach Type of Platform

Design and Development of
Diabetes Management
System Using Machine

Learning [16]

2020 Ghana Nutrition for diabetes
sufferers

Diabetes
sufferers Diet Collaborative Online

Hybrid clustering-based
health decision-making for

improving dietary
habits [17]

2019 Korea Normal Everybody Diet Collaborative Online/Offline

Lifestyle Classification for
Recommendation of

Excessive Sugar
Consumption in Thai

Teenagers [18]

2021 Thailand Excessive sugar
consumption Teenagers Daily Sugar

Consumption Decision Tree N/O

E-Health Monitoring System
with Diet and Fitness

Recommendation using
Machine Learning [19]

2021 India USDA Food
Composition

Patients of
Diabetes, Blood

Pressure or
Thyroid

Diet and Exercise Collaborative Online

Enhanced predictive
learning approaches for
tweaked diet proposal

system in health care [20]

2020 India Depending on the
objective

Patients of
illnesses

(Everybody)
Diet Collaborative N/O

Realizing an Efficient
IoMT-Assisted Patient Diet
Recommendation System

Through Machine Learning
Model [21]

2020 England Normal (Healthy) Everybody Diet Knowledge-
based N/O

A modular cluster-based
collaborative recommender

system for cardiac
patients [22]

2018 Pakistan Normal (Healthy) Cardiac patients Healthy habits Collaborative N/O

Intelligent Nutrition in
Healthcare and Continuous

Care [23]
2019 Portugal Normal (Healthy) Everybody Diet Knowledge-

based N/O

A DASH Diet
Recommendation System for
Hypertensive Patients Using

Machine Learning [24]

2019 Mauritius Normal (Healthy) Hypertensive
patients Diet Content-based Online

Food and Therapy
Recommendation System for

Autistic Syndrome using
Machine Learning

Techniques [25]

2019 India Normal (Healthy)
Children

suffering from
autism

Food and
Therapy Collaborative N/O
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Table 7. Cont.

Ref. Year Country Type of Nutrition Type of User Recommendation
Element

Developmental
Approach Type of Platform

Optimizing Nutrition using
Machine Learning

Algorithms-a Comparative
Analysis [26]

2019 India Normal (Healthy) Everybody Diet Knowledge-
based Online

Food Recommendation
using Machine Learning for

Chronic Kidney Disease
Patients [27]

2019 Bangladesh Normal (Healthy) Chronic kidney
disease patients Diet Collaborative N/O

From Reflection to Action:
Combining Machine
Learning with Expert

Knowledge for Nutrition
Goal Recommendations [28]

2021 United
States Normal (Healthy) Diabetes type 2

patients Diet N/O N/O

Towards a transfer learning
approach to food

recommendations through
food images [29]

2019 Pakistan Normal (Healthy) Everybody Food Content-based N/O

Yum-Me: A Personalized
Nutrient-Based Meal

Recommender System [30]
2017 United

States Normal (Healthy) Everybody Diet Hybrid N/O

Human-in-the-loop
Learning for Personalized

Diet Monitoring from
Unstructured Mobile

Data [31]

2019 United
States Normal (Healthy)

Everybody,
prevention of
many chronic

diseases.

Diet Content-based N/O

3.1. Geographical Distribution

As for the geographic distribution of the different articles written, it can be seen that
the majority of these have been written in Asia (56.3%) and North America (18.8%); the
remaining articles come from Europe (12.5%) and Africa (12.5%) (Figure 2).
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In total, nine of the articles have appeared in conferences and the other seven in
journals (Figure 3).
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Figure 3. Journals per year.

As a conclusion, we can see that an increase in conferences has a direct impact on the
publication of articles on the subject; this is due to the time required to publish an article in
journals, whereas conferences have shorter publication times.

3.3. Different Recommendation System Used in the Article

In addition, the percentage of the different recommendation systems used in the
studies was analyzed (Table 8).

Table 8. Different recommendation system used in the article.

Developmental Approach Number of Articles % of Articles

Collaborative 7 43.75%
Content—Based 3 18.75%

Knowledge—Based 3 18.75%
Decision Tree 1 6.25%

Hybrid 1 6.25%
N/O 1 6.25%

4. Discussion

Nutrition mobile apps are an emerging field that could act as a cost-effective tool that
can instruct different type of populations in improving their nutritional habits. However,
there is a high variability in the recommendations. Some tend to focus on diets, others on
specific food, and they rarely offer physical activity recommendations. At the same time,
differences exist between apps in the nutrition tools and the type of technology used.

Answering question Q4 defined in Table 1, if we focus on the different filtering
methods used by the analyzed systems, we can see a tendency in the use of the collaborative
filter. This is not a common result; normally content-based filters are used as starting
filtering methods [32–47], and once a considerable amount of data from the users are
obtained, collaborative filters are launched. This might be because some studies were
started with some initial data about the users.

Additionally, the methods used for the caloric and nutrients need are not explained in
depth, which is the reason why Q3 could not be answered.

On the one hand, in Q1, which talks about the areas of nutrition used in SR, most of
the systems are related to health problems linked to nutrition or that can be improved by
certain specific diets, and some studies focus on improving the diet regardless of whether
the user suffers from a disease or not.
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Finally, question Q2, which is focused on answering whether different recommenda-
tions are used for the different systems developed, is linked to Q1, since depending on the
target user group, certain recommendations are offered or others.

Almost all the data used by the different research are not available. In some cases
(which can be seen in Table A1), the obtained data have been made available under request.
On the other hand, some research cited the data used for the investigation.

For the future, it would be interesting to include both the methods used for the
nutrient or caloric needs calculation and the data obtained in the investigation; with this
information, given the easiness to reproduce it should considerably improve.

Finally, the population involved in the different articles is different from each other.
Depending on the specific subject of the research, the study has chosen people related to
the research, either because they are young, patients of certain pathologies, or without
considering any other criteria.

Given that the population is highly heterogeneous, confusing data makes it challeng-
ing to interpret the available data, because the results change considerably depending
on the population analyzed. There are no “one size fits all” diet, requirements and nu-
tritional needs, as they differ in the entire population. It is difficult to analyze the data
collected when there is such disparity between the individuals. In fact, collecting people’s
caloric intake is in itself complex, since people, regardless of their body weight, tend to
underestimate the calories they consume [48].

At the same time, there is a high variability in diets responses and personalized nutri-
tion programs tend to show better results than standardized approaches [11]. Although
some people tend to lose weight with a specific diet, this does not guarantee that the same
method will work for other people. In part, this is explained by adherence and motivation.
When people are comfortable with the type of diet they follow, they tend to find better
results and respect the nutritional recommendations [7,49,50].

As with diets, users find positive results if they are motivated, since this reinforces
their degree of adherence, a key aspect when trying to lose weight. Despite the practicality
and usefulness of health mobile apps, users tend to lose adherence and motivation over
time. In part this is because each user is different: although some may be motivated by
uploading the data to the app, others may need to constantly receive encouraging messages
or be helped to modify their behavior [51].

Measuring caloric intake is quite difficult and calorie reporting often contains errors.
Additionally, the caloric report in mobile applications is influenced by the motivational
level of the subjects and many of the available studies were carried out in heterogeneous
populations. Consequently, analyzing the collected data becomes complex, making it
difficult to draw general conclusions for the entire population.

Other limitations observed in the studies is that they do not always precisely define
the type of diet, food, preparation methods, or nutrient composition. In fact, these are some
of the limitations that health professionals highlight in these types of applications [14].

We see that nutritional applications are associated with numerous sources of error, both
internal (of the app itself) and external (of human behavior). Therefore, it is recommended
to be careful when interpreting the data collected.

Although many people can benefit from the use of these types of applications, some-
times it may be linked to eating disorders. It is not clear if eating disorders develop from
using these apps or if those who have eating disorders tend to use them. In any case, due to
the great variability that exists, it is advisable to take these data with caution and educate
people before encouraging their use [52].

However, our review has limitations. Firstly, we evaluate scientific research where
different types of apps were analyzed. Perhaps there is a different degree of effectiveness
between them that we could not detect in this review.

Secondly, it is possible that our limited sample size obscured a larger size effect. The
size and duration of the different studies were not the same; this may have affected the
data collected. Additionally, not all investigations used the same intervention criteria and
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population. Having different data sources may have biased us in being able to identify the
potential impact they really have or if they act differently in any particular population.

Thirdly, perhaps there is a different degree of adherence in the strategies that use
technological support compared with traditional diets; therefore, by not considering these
data, we could not find significant differences.

Fourth, we may have incurred certain bias when selecting the types of studies, affect-
ing the quality of the data collected. However, after the qualification, we can affirm that
within the metrics used in this study, the articles are of high impact.

5. Conclusions

In conclusion, although there is a massive and widespread use of Health Mobile Apps,
there are still doubts about their effectiveness in improving nutritional habits, in what type
of population they work best, and what type of information usually produces better results.
Although these types of apps can be useful due to their growing interest and popularity in
the public that wants to eat healthily, more information is still needed.

However, they can become a useful tool for developing personalized nutritional
recommendations if AI and ML support is enhanced. By improving the methodology and
procedures used in different scientific investigations, could help us to understand more
accurately how these technologies can contribute to improve the nutritional health of the
population. Although there are certain gaps and problems to be solved, the use of this
technology shows encouraging results in promoting health and disease management.

The importance of nutrition during the pandemic caused by COVID-19 is noteworthy.
There is clear evidence that the prevention of diseases such as obesity and type 2 diabetes
reduces the risk of serious COVID-19 outcomes [53]. A proper and healthy diet can ensure
a robust immune system that can resist any onslaught by the virus; individuals consuming
well-balanced diets appear to be safer with better immune systems and lower incidence of
chronic diseases and infections [54]. Apps can help in this task, as users are looking for
simple options to help them with their diets, for example, and the importance of these is
becoming more and more crucial.

Finally, we believe that it would be also important to consider ethical and legal issues
as these applications often store, process, and share personal information. We do not know
if there are any regulations so far.
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Appendix A

Table A1. Selected articles.

REF M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 Total Impact

[16] 1 0 1 1 1 1 0 1 1 1 8.5 H
[17] 1 0 1 0 1 1 1 1 0 1 8 H
[18] 1 0 0 0 1 0 0 1 0 0 3 L
[19] 0 0 1 0 1 1 0 1 0 1 5.5 M
[20] 1 0 1 0 0 1 0 1 0 1 5.5 M
[21] 1 0 1 1 1 1 1 1 0 1 9 H
[22] 0 1 1 0 1 1 1 1 0 1 8 H
[23] 0 0 1 0 1 0 0 1 0 1 4.5 L
[24] 0 0 1 0 0 1 1 1 0 1 6 M
[25] 0 0 0 0 1 1 0 1 0 0 3 L
[26] 0 0 1 0 0 1 0 1 0 1 4.5 L
[27] 0 0 1 0 1 1 0 1 0 1 5.5 M
[28] 1 0 1 0 1 1 1 0 0 1 6.5 M
[29] 1 0 0 0 1 1 0 0 0 1 4.5 L
[30] 1 1 1 1 1 1 1 1 1 1 11 H
[31] 1 0 1 1 1 1 1 1 0 1 9 H
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