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Abstract

Background: It is possible that tailoring dietary approaches to an individual’s genomic profile could provide optimal dietary
inputs for biological functioning and support adherence to dietary management protocols. The science required for such nutrigenetic
and nutrigenomic profiling is not yet considered ready for broad application by the scientific and medical communities; however,
many personalized nutrition products are available in the marketplace, creating the potential for hype and misleading information
on social media. Twitter provides a unique big data source that provides real-time information. Therefore, it has the potential to
disseminate evidence-based health information, as well as misinformation.

Objective: We sought to characterize the landscape of precision nutrition content on Twitter, with a specific focus on nutrigenetics
and nutrigenomics. We focused on tweet authors, types of content, and presence of misinformation.

Methods: Twitter Archiver was used to capture tweets from September 1, 2020, to December 1, 2020, using keywords related
to nutrition and genetics. A random sample of tweets was coded using quantitative content analysis by 4 trained coders.
Codebook-driven, quantified information about tweet authors, content details, information quality, and engagement metrics were
compiled and analyzed.

Results: The most common categories of tweets were precision nutrition products and nutrigenomic concepts. About a quarter
(132/504, 26.2%) of tweet authors presented themselves as science experts, medicine experts, or both. Nutrigenetics concepts
most frequently came from authors with science and medicine expertise, and tweets about the influence of genes on weight were
more likely to come from authors with neither type of expertise. A total of 14.9% (75/504) of the tweets were noted to contain
untrue information; these were most likely to occur in the nutrigenomics concepts topic category.

Conclusions: By evaluating social media discourse on precision nutrition on Twitter, we made several observations about the
content available in the information environment through which individuals can learn about related concepts and products. Tweet
content was consistent with the indicators of medical hype, and the inclusion of potentially misleading and untrue information
was common. We identified a contingent of users with scientific and medical expertise who were active in discussing nutrigenomics
concepts and products and who may be encouraged to share credible expert advice on precision nutrition and tackle false information
as this technology develops.
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Introduction

Background
Precision nutrition has attracted a great deal of attention and
investment as a promising direction for scientific and health
care development from many corners of industry, government,
academia, medicine, media, and beyond [1-4]. This research
focuses on the interplay between genetics, personal biology,
microbiome, social and environmental exposures, and dietary
behavior and how this collection of factors relates to health
outcomes. Much of the excitement underlying precision nutrition
rests on the long-understood fact that responses to dietary
behaviors are variable and can depend on individual differences
rooted in both genetic makeup and how genes interact with a
broader environment [5]. It is predicted that tailoring dietary
approaches to an individual’s genomic profile could provide
optimal dietary inputs for biological functioning and support
adherence to dietary management protocols [6]. The anticipated

benefits of implementing precision nutrition approaches range
from general improvement in dietary quality to enhanced weight
loss and long-term weight management, to improvements in
specific biomarker profiles such as cholesterol and HbA1c, to
dietary treatment of diseases such as diabetes and cardiovascular
disease.

Under the broader umbrella of precision nutrition, the use of an
individual’s genetic makeup to make personalized dietary
recommendations has long been known as nutrigenetics [6]. A
related concept, nutrigenomics, is broadly understood as the
study of gene-diet interactions but is most often used to refer
more specifically to the effects of nutrients on the genome, such
as on gene expression [6]. Therefore, in one sense, nutrigenetics
can be subsumed under the broader term nutrigenomics, but in
practice, most often the terms are discussed as complementary
areas of study that both comprise precision nutrition (Figure 1).
We used these terms in the latter way in this study.

Figure 1. Framework depicting concepts included in this study.

Given the potential promise that genomics-based precision
nutrition may improve difficult problems of long-term dietary
management, researchers, practitioners, and industry entities
have worked toward the development of evidence-based
approaches. Although progress has been made in this regard,
trials of nutrigenetics-oriented dietary approaches have been
mixed with regard to their efficacy [7-11]. Similarly, there is
little evidence to support claims made regarding the potential
benefits of nutrigenomics. Few studies have investigated the
role of dietary changes or supplements on epigenetic processes,
and existing studies have often been of lower quality [12].

Overall, reviews of existing evidence and professional
organization consensus statements suggest that the evidence for
the inclusion of genetic data in dietary tailoring is weak and
insufficient at present, and that far more evidence is needed
before DNA-based dietary tailoring could be recommended for

health or medical practice [12-15]. Research has also suggested
that the translation pipeline to bring nutrigenetics into health
care will require a great deal of education and resources before
clinical use is feasible [16]. Globally, most experts assert that
the translation of nutrigenetics and nutrigenomics to patients
and consumers is premature [17-19].

Despite their scientific prematurity, the application of precision
nutrition approaches is appealing to stakeholders because many
current dietary approaches for weight control and disease
management lack efficacy over the long term [20]. As such, the
promise of precision nutrition has received media and public
attention [21-23]. Public interest in engaging in precision
nutrition approaches has been reported to be relatively high
[8,24], reflecting largely positive attitudes about this technology
that tend to eclipse concerns [25,26]. The nature of this attention
has led researchers to deem precision nutrition as a source of
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“hype”; an area where expectations for technology far exceed
reality [27]. This is perhaps unsurprising given the considerable
and continuing hype that has been ascribed to the use of many
genetic technologies in health and medicine [28]. Such
premature translation often occurs under the umbrella of
direct-to-consumer genetic testing, wherein health-relevant
genetic information in areas from disease risk to athletic ability
has been provided to consumers, sometimes in the absence of
a solid evidence base [29]. As such, nutrigenetics and
nutrigenomics can be considered as another piece of the larger
tendency for genomics technologies to be prematurely translated
in consumer settings.

The nutritional arena is also rife with hype. Many individuals
seek dietary approaches and supplements as cures for chronic
diseases, some promising miracle results or magic bullets [30].
Such supplements are typically also offered directly to
consumers and often have high financial costs; claims made
regarding these products rarely address safety [31]. The
combination of genomics, dietary supplements, and the weight
loss industry could create a perfect storm for the rapid growth
of precision nutrition products, regardless of efficacy. Since the
early 2000s, several companies have promised improved health
and wellness outcomes through tailored diets and micronutrient
supplementation based on direct-to-consumer testing [19]. Most
of these offerings are currently based on unregulated tests and
have not been rigorously evaluated [32,33].

The footprint of precision nutrition promotion, information, and
discussion on social media has not yet been investigated. Product
website investigations have found insufficient information or
transparency about precision nutrition products, such that
consumers are unlikely to be able to make informed purchasing
decisions [34-36]. Although product websites are a frequent
source of information, consumers also seek out discussions
about health products on expert sites, mass media, and social
media. Social media is perceived to provide first-hand
testimonials, alternative options, more in-depth information,
and social support [37]. Social media is also a frequent source
of health information because its use is already integrated into
people’s daily lives and routines [37,38]. When individuals seek
independent information on these topics, it is unclear what
information they will encounter, how discussions are framed,
who is involved in these conversations, and how accurate the
information is likely to be. Looking at the related topic of
precision medicine, research has shown information presence
across media platforms with discourse commonly occurring on
social media [39]. Similarly, discourse on nutrition, weight loss,
fitness, and related topics is frequently found on social media
[40]. Thus, when evaluating discourse related to precision
nutrition, social media is a sensible place to begin.

Among the popular social media platforms, Twitter is promising
for health surveillance and research for a number of reasons. It
is one of the most frequently studied social media platforms in
health research and practice [41]. It is also an active venue for
users from a wide variety of contexts, including scientists and
medical professionals [42,43]. Twitter’s sharing of outside
resources contributes to conversations and supports active
discourse in response to resources and information. It is largely

an open network, which increases the sharing of content among
experts, individuals, and communities [44,45]. Twitter is a
readily available tool for increasing education and awareness
of evidence-based information; it has hosted many
health-oriented campaigns in the past [41,46,47]. A systematic
examination of publicly available precision nutrition information
on Twitter can illuminate areas that might benefit from
campaigns to educate consumers or misconceptions that need
to be addressed. Indeed, Twitter and other social media
platforms are known for the spread of misinformation, dubious
marketing, and overblown claims [48], all of which are concerns
in the precision nutrition domain. Information about naturally
arising areas of interest in social media communication related
to precision nutrition can also guide communication approaches
if and when precision nutrition is ready for evidence-based
implementation.

Objective
This study aimed to characterize the landscape of precision
nutrition in the form of nutrigenetics and nutrigenomics
discourse on Twitter through several broad research questions:

1. What is the balance between the various topics that arise
when nutrigenetics- and nutrigenomics-related concepts
are discussed? Do information characteristics such as
credibility, benefit framing, citation of sources, association
with products, and community engagement metrics vary
by topic?

2. Who is involved in these discussions—what types of
expertise are evident among the communicators? Are these
expertise types associated with variations in the information
characteristics and topics?

3. How often do communications contain potentially
misleading or false information? Do potential misleading
or false communications co-occur with other message
characteristics? What types of communication tend to
contain potentially misleading or false information?

Methods

Codebook
The study team created a codebook for quantitative content
analysis based on the research questions and the open coding
of a random sample of tweets. The codebook was refined during
the coder training process. The codebook contains several items,
including eligibility for the data set, tweet topic, information
about the tweet’s author, content details, and engagement
metrics. To be eligible for coding, a given tweet was required
to be written in English and to contain the concepts of human
genetics and food, eating, or body weight or size. Any quoted
tweets were considered part of the tweet unit and were
considered in light of the focal tweet. Linked material (eg, an
outside website) that was not visible as part of the tweet body
was not included in the tweet unit, although it was considered
for coding items related to the existence of product links and
informational resources. Information from the tweet authors’
bio was not fact-checked and was coded as written. More details
on the codebook can be found in Table 1, and the full codebook
is provided in Table S1 in Multimedia Appendix 1.
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Table 1. Coding categories and definitions.

DefinitionOptionsItem

Main theme of the tweet content; categories are mutually exclusiveTopic • Precision nutrition product
• Nutrigenetics concepts
• Nutrigenomics concepts
• Genes influence eating behav-

ior
• Genes influence body weight

or size
• Other

Author-relevant

On the basis of author-provided biographical information; mutually exclusive
such that authors with both science and medical and wellness were coded in
science and medical. Although wellness expertise is less well-defined, this
category included authors who stated or insinuated special knowledge about
wellness or one of its subcategories (eg, diet and supplements). Example oc-
cupational categories categorized as wellness expertise include naturopath,
personal trainer, and health coach.

Author expertise • Science and medical
• Wellness
• Neither

On the basis of author-provided biographical information; relevant medical
or scientific credentials (eg, MD, PhD)

Referenced professional
credentials

• Yes or no

On the basis of author-provided biographical information; mutually exclusive.
Used bio-provided links where applicable

Author affiliation • Business
• Academic or nonprofit
• Individual (unaffiliated)
• Media outlet
• Other

Content-relevant

States something specific and positive about personalized nutrition products
and concept applications

References advantages of
personalized nutrition

• Yes or no

States something specific and negative or detrimental about personalized
nutrition products and concept applications

References problems of per-
sonalized nutrition

• Yes or no

Contains a direct link to a personalized nutrition productProduct link • Yes or no

Contains a direct link to a secondary information sourceInformation source link • Yes or no

Determined by secondary coding process and fact-checking where neededMisleading or incorrect infor-
mation

• Potentially misleading
• Incorrect information
• Neither

Names of companies or businesses mentioned in the tweet or linked to were
recorded and tabulated

Commercial entity identity • Name of commercial entity
referenced in tweet

Engagement

Number of direct replies to tweet; binned into 3 groups (active tweets only)Replies • None
• <10
• ≥10

Number of retweets present on tweet at time of data capture (active tweets
only)

Retweets • Raw number of retweets; in-
cluding quote tweets

Number of likes present on tweet at time of data capture (active tweets only)Likes • Raw number of likes

Number of followers present in author bio at the time of data capture (active
tweets only)

Followers • Raw number of followers for
tweet author

A total of 4 trained coders assessed all tweets for each item in
the codebook, with the exception of potentially misleading and
incorrect information. All coding variables at this stage achieved
a benchmark of Krippendorff α of .67 or higher on 10% of the
data set. The remaining tweets were assessed for these variables

using a single trained coder. When tweets were still available
on the Twitter platform, they were accessed on the web and
used directly for coding. When tweets were deleted from Twitter
before the coding process, information from Twitter Archiver
was used to execute the coding process. Some categories (eg,
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engagement metrics) cannot be coded when tweets are no longer
present on the platform. Engagement metrics were captured at
the time of coding, ensuring that tweets were at least 2 weeks
old and thus unlikely to receive further engagement.

Following the initial coding, SB and SP, experts on genetics
and nutrition, assessed all tweets for the presence of potentially
misleading information, and further denoted whether the tweet
contained false information. When this was unclear, the tweets
were fact-checked by SB and SP. All disagreements were
resolved through discussion considering scientific literature (or
other applicable sources where nonscientific statements were
addressed). The type of misleading or false information was
also assessed according to a set of 8 categories generated
following the initial coding process (Multimedia Appendix 1).
All tweets were double-coded for these variables, and in all
cases, the κ values for intercoder agreement reached or exceeded
the benchmark value of 0.6.

Data Source
We used Twitter Archiver [49] to capture all tweets over a
3-month period from September 1, 2020, to December 1, 2020,
which contained combinations of keywords represented by the
search string ([genes OR genetics OR DNA OR nutrigenomics
OR nutrigenetics] AND [diet OR nutrition OR eating OR food
OR slimming]) to capture tweets related to the intersection of
genetics and diet. This process resulted in 6366 tweets. A
random sample of 1200 tweets was created by sorting the data
according to a random number. Selected tweets were evaluated
to determine whether they pertained to the relationship between
food and genes; those that did not meet this criterion were
excluded from further coding. This process was executed by
trained coders as part of the coding process and was subject to
intercode agreement benchmarks. Of the 1200 tweets, the final
coding data set contained 504 (42% random sample) tweets.

Ethical Considerations
This study was deemed exempt by the relevant offices at the
National Human Genome Research Institute (000388) and

George Mason University (1726834-1). To support Twitter
users’ anonymity, the current report does not contain any
identifying information or direct quotes in accordance with
published guidelines and recommendations [50].

Data Analysis
All descriptive statistics were generated and some coding
categories containing few tweets were merged or omitted from
the analysis. Differences between groups were assessed using
omnibus chi-square analysis with Bonferroni-corrected planned
contrasts. Engagement metrics coded on a continuous scale
exhibited significant skew and were assessed using
Kruskal-Wallis tests with Bonferroni-corrected pairwise
comparisons.

Results

Results by Tweet Category
Full results are presented in Table 2. Key findings included that
tweets about a precision nutrition product and those about
nutrigenomics were the most common categories, followed by
those about genes influencing body weight, genes influencing
eating behavior, and nutrigenetics concepts (see Table 2 for all
frequencies). Author expertise differed significantly by category,
wherein tweets regarding nutrigenetics concepts were more
likely to come from authors with science and medicine expertise
(Figure 2). Tweets about nutrigenomics and the influence of
genes on body weight were especially unlikely to come from
those with science and medicine expertise. Tweets related to
products were especially likely to discuss advantages of
nutrigenetics or omics and were also more likely to discuss
disadvantages or problems. They were also more likely to be
linked to a product. In terms of engagement, tweets about
genetic influences on weight received more replies and likes
than some other categories.

Figure 2. Percentage of tweet authors claiming each expertise type by content type.
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Table 2. Characteristics by topic category. Superscript symbols denote values that are significantly different from one another within each variable
type.

P
val-
ue

Omnibus chi-
square or
Kruskal-Wal-
lis test (df)

Total, nOtherGenes influ-
ence body
weight or size

Genes influ-
ence eating
behavior

Nutrigenomics
concepts

Nutrigenetics
concepts

Precision nu-
trition prod-
uct

——a50414 (3)112 (22)73 (14)130 (26)47 (9)128 (25)Total, n (%)

Author-relevant, n (%)

<.00157.4 (10)Author expertise

2686

(43)†,‡,§,∆,Ω
81 (72)Ω48 (66)†,Ω50 (39)‡,∆16 (34)§,∆69 (54)†,‡,§,∆Neither

1326 (43)†10 (9)‡17 (23)†,‡38 (29)†23 (49)†38 (30)†Sci or
Med

992 (14)†,‡21 (19)†,‡8 (11)†42 (33)‡8 (17)†,‡21 (16)†Wellness

<.00181.3 (5)1566 (43)†8 (7)‡32 (44)‡63 (49)‡26 (55)‡21 (16)‡Referenced
professional
credentials

Content-relevant, n (%)

<.00145.9 (5)1161 (7)†7 (6)‡9 (12)‡38 (29)†11 (23)†50 (39)‡References ad-
vantages of
personalized
nutrition

.00715.8 (5)190 (0)†2 (2)†1 (1)†2 (2)†2 (4)†12 (9)‡References
problems of
personalized
nutrition

<.00165.1 (5)744 (29)†2 (2)‡0 (0)‡16 (12)†10 (21)†42 (33)‡Product link

<.00163.5 (5)1998 (57)†15 (14)‡37 (51)‡71 (55)‡29 (62)‡39 (31)‡Information
source link

Engagement

.00730.3 (10)Replies, n (%)

37011 (92)†,‡56 (66)‡56 (89)‡102 (86)†36 (88)†,‡109 (90)†None

601 (8)†,‡24 (28)‡5 (10)‡15 (13)†,‡5 (12)†,‡9 (8)†<10

90 (0)†4 (5)†1 (2)†1 (1)†0 (0)†2 (2)†≥10

.395.2 (5)1.042.50

(3.97)†
1.53 (5.24)†0.52 (1.12)†1.01 (3.34)†0.46 (0.98)†1.04 (5.35)†Retweets,

mean (SD)

<.00128.2 (5)4.136.17

(9.98)†,‡,§
8.34 (19.6)§2.51

(7.60)†,‡
3.37

(12.04)†,‡,§
2.8 (6.08)†,§3 (13.5)‡Likes, mean

(SD)

.01014.9 (5)11,449.581864.93

(2386.91)†,‡
4532.07

(20,851.92)‡
4642.86

(14,033.07)†,‡
7737.00

(39,192.48)‡
1491.7

(2170.5)†,‡
30,091.6

(213,075.8)†
Followers,
mean (SD)

aNot available.

Results by Expertise Type
Most tweet authors presented themselves as neither science and
medicine nor wellness experts, followed by those who were
science and medicine experts, and then wellness experts (Table
3). Differences by expertise type were also found for the authors’
stated affiliations, whether the authors referenced any
professional credentials and whether there was a link to an
information source. Analyses also revealed that authors with

neither expertise type were especially unlikely to mention the
advantages of nutrigenetics or omics and tended to post fewer
outside links. There were no differences by expertise type in
terms of mentioning the disadvantages. In terms of engagement,
authors with science or medical expertise had significantly more
retweets and likes than authors without either type of expertise.
There was no difference between the groups in terms of follower
counts or replies.
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Table 3. Characteristics by author expertise. Superscript symbols denote values that are significantly different from one another within each variable
type.

P
val-
ue

Omnibus χ2 or
Kruskal-Wallis
test (df)

TotalWellnessScience and
Medicine

Neither

——a504102 (20)132 (26)270 (54)Total, n (%)

<.00157.4 (10)Topic category, n (%)

12821 (21)†38 (29)†69 (26)†Precision nutrition product

478 (8)†,‡23 (17)‡16 (6)†Nutrigenetics concepts

12842 (41)‡38 (29)†,‡50 (19)†Nutrigenomics concepts

738 (8)†17 (13)†48 (18)†Genes influence eating behavior

11221 (21)†10 (8)‡81 (30)†Genes influence body weight or size

132 (2)†6 (5)†6 (2)†Other

Author-relevant, n (%)

<.001106.6 (6)Affiliation

8331 (30)‡36 (27)‡16 (6)†Business

302 (2)†23 (17)‡6 (2)†Academic or nonprofit

35265 (64)§57 (43)‡230 (86)†Individual (unaffiliated)

354 (4)†16 (12)†15 (6)†Media outlet

<.00161.7 (2)15632 (31)†75 (57)‡49 (18)‡Referenced professional credential

Content-relevant, n (%)

<.00126.6 (2)11632 (31)‡46 (35)‡38 (14)†References advantages of personalized nutrition

.531.3 (2)192 (2)†5 (4)†12 (4)†References problems of personalized nutrition

<.00130.6 (2)7427 (26)‡29 (22)‡18 (7)†Product link

<.00165.1 (2)19954 (53)‡82 (62)‡63 (23)†Information source link

Engagement

.599.1 (4)Replies, n (%)

37082 (84)†,‡117 (92)‡171 (80)†None

6014 (14)†,‡9 (7)‡37 (17)†<10

92 (2)†1 (1)†6 (3)†≥10

<.00128.8 (2)1.040.57 (1.64)‡2.39 (7.06)‡0.45 (1.59)†Retweets, mean (SD)

.019 (2)4.132.11 (4.63)†,‡6.61 (19.89)‡3.58 (11.09)†Likes, mean (SD)

.810.4 (2)11,439.584106.40

(9669.85)†
33,865.11

(211,231.49)†
3148.65

(13,359.80)†
Followers, mean (SD)

aNot available.

Results by Presence of Potentially Misleading or
Untrue Content
Overall, 29% (146/504) of tweets were judged to contain
potentially misleading information, 14.9% (75/504) contained
untrue information, and the remaining 56.2% (283/504) had
neither (Table 4). The presence of potentially misleading and
untrue content both varied significantly by topic category such

that posts about products were especially likely to be potentially
misleading. Posts about nutrigenomics were especially likely
to contain untrue information. The presence of misleading or
untrue information was significantly different according to the
author’s expertise and affiliation. Those with science and
medical expertise had fewer tweets with untrue information
than those with wellness expertise; there was no difference
between the two in rates of potentially misleading information.
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Posts discussing the advantages of personalized medicine were
more likely to contain potentially misleading or untrue
information. There were few differences in the rates of

engagement; the only differences emerged in the number of
retweets. Tweets without misleading or incorrect information
averaged more retweets.

Table 4. Characteristics by potentially misleading and untrue content. Superscript symbols denote values that are significantly different from one
another within each variable type.

P val-
ue

Omnibus chi-
square (df)

NeitherUntruePotentially misleading

——a283 (56)75 (15)146 (29)Total, n (%)

<.00182.85 (10)Topic category, n (%)

59 (21)†,‡19 (25)†,‡50 (34)†Precision nutrition product

30 (11)‡,§7 (9)†,‡10 (7)†,‡Nutrigenetics concepts

41 (15)†32 (43)†,‡57 (39)‡Nutrigenomics concepts

63 (22)§3 (4)†7 (5)‡Genes influence eating behavior

77 (27)§14 (19)†,‡21 (14)‡Genes influence body weight or size

13 (5)§0 (0)†,‡1 (1)‡Other

Author-relevant, n (%)

.0310.90 (6)Author expertise

158 (56)†37 (49)†,‡75 (51)†Neither

80 (28)†14 (19)‡38 (26)†Science and medical

45 (16)‡24 (32)†33 (23)†Wellness

.0214.94 (6)Afflation

36 (13)†17 (23)†30 (21)†Business

25 (9)‡0 (0)‡6 (4)†Academic or nonprofit

202 (72)†,‡52 (70)†,‡98 (68)†Individual (unaffiliated)

19 (7)†,‡5 (7)†,‡11 (8)†Media outlet

.342.176 (2)93 (33)‡18 (24)†45 (31)†Referenced professional credentials

Content-relevant, n (%)

<.00151.34 (2)32 (11)†25 (33)†59 (40)†References advantages of personalized nutrition

.491.45(2)12 (4)†1 (1)†6 (4)†References problems of personalized nutrition

<.00127.16 (2)21 (7)†17 (23)†36 (25)†Product link

.620.97 (2)113 (40)†26 (35)†60 (41)†Information source link

Engagement

.722.08 (4)Replies, n (%)

203 (84)†58 (81)†109 (83)†None

33 (14)†9 (13)†18 (14)†<10

5 (2)†0 (0)†4 (3)†≥10

.036.93 (2)1.36 (5.10)†0.55 (1.57)†0.70 (2.71)†Retweets, mean (SD)

.252.74 (2)4.73 (14.93)†2.37 (5.94)†3.92 (13.35)†Likes, mean (SD)

.075.34 (2)8537.85 (72,623.91)†3560.33 (9747.47)†21,163.83 (176,874.04)†Followers, mean (SD)

aNot available.

J Med Internet Res 2023 | vol. 25 | e43701 | p. 8https://www.jmir.org/2023/1/e43701
(page number not for citation purposes)

Batheja et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Results for Type of Potentially Misleading or Untrue
Content
Potentially misleading content most frequently related to
assertions that personalized nutrition approaches were ready
for application to individuals for dietary tailoring. Other frequent

topics related to the notion that diet or food can cause changes
in one’s genes and that one’s body weight is generally
influenced by a single, overriding factor (Figure 3). Tweets
containing untrue content were mostly related to the assertion
that specific diets or foods can be used to improve DNA (Table
5).

Figure 3. Percentage of tweets from each content type by presence of potentially misleading or untrue content.

Table 5. Categories of potentially misleading or untrue content. Superscript symbols denote values that are significantly different from one another
within each variable type.

P val-
ue

Omnibus chi-
square (df)

Frequency, n
(%)

Content type and example

<.00142.2 (6)146 (100)Potentially misleading content (statements that could be readily interpreted in ways that result in
misunderstanding or false conclusions)

56 (38)‡Diets can be truly personalized to one’s genes and this makes
them more effective

Readiness of precision nutrition for ap-
plication to individual diets

41 (28)†,§Diet or food changes one’s genesWorkings of nutrigenomics

23 (16)‡Weight is mostly influenced by a single factorInfluence of genes on weight or size

15 (10)‡,§One can have “bad genes”Bad and good genes

6 (4)‡,§Discussing “the obesity gene”A gene for...

4 (3)†,‡,§Precision nutrition companies could sell DNA samples for
nefarious purposes

Specific business practice

1 (1)†—aMiscellaneous

<.00138.5 (6)75 (100)Untrue content (statements that unambiguously state something that is untrue or unfounded)

11 (15)§A personalized diet is the only diet that will be effectiveReadiness of precision nutrition for ap-
plication to individual diets

48 (64)‡Specific dietary approaches can improve one’s DNAWorkings of nutrigenomics

5 (7)†,§Weight is not influenced by genesInfluence of genes on weight or size

3 (4)†,‡,§One’s genes will not allow them to gain weightBad and good genes

3 (4)†,‡,§Precision nutrition companies create diseases and spread themSpecific business practice

5 (7)†,‡—Miscellaneous

aNot available.
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Commercial Entities Referenced
Tweets in this data set referenced 54 unique commercial entities.
Seven of these were referenced 5 or more times in this data set,
and of those GenoPalate and Dynamic D Labs were referenced
more than 20 times. Of the 54 commercial entities mentioned,
25 (46%) were mentioned in conjunction with potentially
misleading information in at least 1 tweet 12 were mentioned
in conjunction with untrue information in at least 1 tweet (Table
S2 in Multimedia Appendix 1).

Discussion

Principal Findings
By evaluating social media discourse around precision nutrition
on Twitter, we made several observations about the nature of
the content available in a key environment through which
individuals can learn about these concepts and products. The
analysis sheds light on who is creating this information
environment and the quality and reach of this information.
Importantly, there is a relatively high rate of false information
in relevant tweets, particularly in the context of nutrigenomic
topics. This concerning finding is balanced by low rates of user
engagement with tweets in our sample, those with and without
false information, suggesting that misinformation is not being
widely spread. Also promising is the finding of a substantial
number of tweet authors with medical or scientific expertise
who may be positioned to address misinformation when it arises
or begins to spread.

Tweet Authors
Overall, users who did not claim any scientific, medical, or
wellness expertise were the most common tweet authors, which
aligns with general usership statistics [51], although this varied
among the tweet categories. Engagement rates with precision
nutrition tweets were generally low across all categories, as
84.3% (370/439) had no replies, and the mean number of
retweets was 1. This is consistent with generally low
engagement tendencies across the wide swath of Twitter content
[52]. A total of 14.9% (75/504) of tweets in this data set were
noted to contain untrue information, which is also in line with
studies that show a high prevalence of health misinformation
on Twitter [40]. In this study, engagement with tweets
containing untrue information did not differ from engagement
with a general sample of tweets. This is encouraging given the
concerns about the spread of health misinformation through
social media [40]. In this case, although misinformation is
certainly present, it did not spread beyond its initial introduction.

Tweets About Products
Similar to previous investigations of scientific hype and
premature translation [30], precision nutrition products were
the most frequent focus of tweets. Although there was some
informational content available in most product tweets, their
ubiquity is likely related to the use of Twitter as a platform for
informal advertising. This occurred despite the fact that data
gathering procedures did not include “promoted tweets,” that
is, paid advertising. In line with general advertising approaches,
precision nutrition product tweets are more likely to link to a
product directly and are framed most often in terms of

advantages. Advantage framing is one component used in the
identification of hype. Although mentions of disadvantages
were fewer, they centered around interesting topics, such as
privacy and misuse of genetic information. Anecdotally,
disadvantage mentions did not tend to focus on the lack of
scientific or clinical evidence to support current personalized
nutrition claims. In fact, this topic rarely emerged at all in the
sampled tweets. This suggests that knowledgeable audiences
do not actively address the misleading tweets in this arena.

Product tweets were more likely to contain potentially
misleading information. This tended to take the form of claims
that one’s genes could be used to craft a truly personalized and
effective diet. Tweets that focused on products were not,
however, more likely to contain information that was untrue,
suggesting that advertisements and discussions about these
products did not tend to make patently false claims. Although
tweets about products were not more likely to come from authors
with a particular expertise profile, users without stated expertise
were unlikely to link to products, suggesting a lack of organic
discussion about precision nutrition products. Notably,
engagement with product tweets was relatively low and did not
differ from other categories. Several companies tweeted
repeatedly and had very low engagement, suggesting spam-type
advertising. In general, this pattern of results seems at odds with
longstanding popular notions that products in this sector are
making rampant false or unsubstantiated claims about benefits
and that the public is actively seeking out these products in
advance of their readiness [53].

Tweets About Nutrigenomics Concepts
Tweets focusing on nutrigenomics concepts were the next most
common in our sample. These tweets were more likely to be
authored by wellness-focused users, as they often used
nutrigenomic content to promote the intake of certain foods,
nutrients, or supplements. These tweets were also more likely
to provide an author’s professional credentials and link to an
information source. In other words, these tweets tended to
include the hallmarks of credibility. This approach is common
among web-based health messages intended to be persuasive.
The inclusion of credibility markers has been identified as a
strategy for spreading health misinformation [54]. In this case,
the largest proportion of untrue information was also found in
nutrigenomics concept tweets, with a full 65% (48/75) of tweets
containing false information falling into this category. Among
all nutrigenomics tweets, 25% (32/128) were deemed to be false.
This figure is somewhat lower than the limited evaluation of
nutrition-focused misinformation on social media. A recent
systematic review revealed that 62.5% of studies investigating
nutritional information quality on social media classified
information quality as “poor” [55]. A study of nutrition tweets
posted in Arabic rated 36% of the sample tweets as “false” [56].

Tweets About Genetics and Body Weight or Size
The other very prevalent category is the discussion of the role
of genetics in body weight or size. This tweet type mostly
authored by users who did not claim science, medical, or
wellness expertise. Although this is more tangential to the
precision nutrition landscape, searches used to seek information
about nutrigenetics or omics will include information on this
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topic. It has also been suggested that discourse on the role of
genetics and lifestyle in weight is an important precursor to
understanding consumer responses to nutrigenetics [57]. More
broadly, the role of genes in weight is a popular topic of public
discussion, and weight loss is a major topic of conversation on
Twitter [58]. This topic is also commonly identified in other
social media outlets and investigations of lay audiences [59,60].
Tweets about genetic influence on body weight or size tended
to be more casual and discussion-based and relied on lay notions
of genetic influences on weight. The prevalence of this topic in
the current analysis suggests that social media users think about
and discuss the role of genes in weight and related processes.
In contrast, the role of genes in eating behavior, was rarely
discussed. This is likely because among lay audiences, the role
of genetics in influencing eating behaviors tends to be less
salient than the role of genes in influencing weight [61]. Twitter
also does not appear to be a major source of information or
discussion about nutrigenetic concepts outside product-based
tweets. This is likely because nutrigenetics (aside from
product-based content) is fairly specific and relies on relatively
complex concepts.

Untrue and Potentially Misleading Content
The number of tweets identified as containing content that was
untrue or potentially misleading appears to be quite high,
although these rates are difficult to contextualize. This topic of
discussion does indeed appear to be fertile ground, given the
complexity of science and the commercial interests involved.
Although misinformation regarding precision nutrition is
therefore prevalent on Twitter, it is mostly aligned with wellness
and nutrigenomics. Many of these tweets focused on the idea
that diet or nutritional supplements influence genes. The
presence of false nutritional information and unsupported claims
on social media has been documented in many other domains
including cancer, diabetes, and pregnancy, and has been linked
with adverse health outcomes among consumers [62-64]. The
potential downstream influences of the misinformation
documented here on consumer health are unclear but should be
considered if and when discourse in this area grows.

We additionally flagged potentially misleading information in
the current analysis to highlight areas that might lead to
confusion regarding the nature of nutrigenetics and
nutrigenomics; however, the nature of Twitter (eg, character
limits) often necessitates imprecise language. As such, instances
of potentially misleading content are expected on this platform
and may not be a cause for serious concern. The most prevalent
examples of potentially misleading content are those suggesting
that diet influences “DNA.” Although this could be considered
a shorthand for describing epigenetic processes (ie, elements
of diet influence gene expression), it could alternatively be
interpreted as diet altering one’s actual DNA. The presence of
untrue information is more concerning as it involves incorrect
“facts.” The potential harm of such misinformation likely relate
to the particulars of each tweet and cannot be generalized across
the data set given the wide range of topics involved. That said,
tweets with incorrect information did not tend to engender any
additional engagement and thus were unlikely to have a broad
influence. This analysis highlights topics that may require
informed voices to correct misconceptions and provide reputable

and correct information to enhance public understanding of
genetics, genomics, and nutrition. Authors with scientific or
medical expertise tended to engender more engagement in the
current analysis, with a higher number of retweets and likes per
tweet. Although there were no significant differences in the
number of followers between categories, this metric was highly
skewed, with some authors in this analysis exceeding a million
followers.

Limitations
This study had several limitations. First, the sample was limited
to a particular time frame to obtain a manageable sample of
tweets for coding. We judged the timeframe we chose to be
unremarkable in terms of any events or news items related to
the topics at hand. The popularity of topics and nature of
discourse tend to change over time. Although we are unaware
of any events in precision medicine that would likely cause a
great shift in this discourse, the nature of Twitter as a platform
has changed over time given changes in ownership and business
models, which may affect these discussions in unknown ways.
The sampling period also occurred during the COVID-19
pandemic, which may have shifted the conversation away from
non-COVID topics such as nutrigenetics. In general, the
pandemic increased participation on Twitter and other social
media platforms [63], and while much of the increased traffic
pertained to COVID-19, discourse around other health topics
persisted. Data from an analysis of Twitter discourse around
autism spectrum disorder, for example, suggest that non-COVID
autism topic structures remained similar to prepandemic
structures [65]. Second, engagement with precision nutrition
topics was found to be fairly low in this analysis, which is an
important finding as well as a limitation of this study. We
embarked upon this study because there was no existing
literature in this area, and thus, it was not characterized enough
to have a sense of the frequency and reach of these topics on
social media before we began the analysis. The limited number
of tweets identified may be due, in part, to the search terms,
which were relatively technical and scientific. This approach
may have missed more generally worded tweets that addressed
these concepts. Technical terms do tend to work their way into
common language as technologies become more entrenched,
and as such, we believe that the current findings are a useful
benchmark to which future work can compare.

Third, the analysis included over 500 tweets, which is on the
smaller side for social media analysis, but is typical when deep
hand-coding-based content analysis is performed. For categories
with fewer exemplars, the distribution of characteristics may
be less representative of the larger tweet population. Emerging
artificial intelligence analysis approaches may be capable of
deep characterization of tweets in a larger sample. Fourth, we
limited the analysis to include content related to precision
nutrition in the context of genetics and genomics. Other
approaches involving the use of metabolites and biomarkers are
also increasing in popularity, and the discourse around these
approaches may differ. Although this was beyond the scope of
the current analysis, future work should explore these
discussions. Finally, although we fact-checked tweet content,
we took other information types largely as written and did not
question assertions made by tweet authors (although we did
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actively account for sarcasm, humor, etc). As such, some of the
biographical and other information provided by users may not
be factual; anyone can claim expertise on Twitter. In the current
analysis, we were more interested in noting markers of authority
and expertise than in identifying tweet authors’actual identities.

Conclusions
Twitter does not appear to be a major source of discussion
regarding precision nutrition during this time, given low
engagement metrics in the sample analyzed here. It is unclear
whether there are other venues for these conversations or
whether they are generally uncommon. To the extent that these
discussions occur, we were able to distinguish several patterns
that characterize the conversation and identify patterns related
to source expertise, positive or negative framing, commercial
activities, and information quality.

Overall, the tweets that were analyzed had low engagement
across the board; however, there was evidence of engagement
among a contingent of users with scientific and medical

expertise who were active in discussing nutrigenomics concepts
and products. This user population may be encouraged to share
credible expert advice on precision nutrition and tackle false
information. Indeed, there is evidence that reputable health
voices can successfully counter misinformation on social media
[45].

For consumers interested in finding credible information about
products related to health and weight loss, investigation of the
broader topic of precision nutrition is needed. The landscape of
precision nutrition is predicted to change substantially in the
coming years owing to advances in science and medicine. As
this occurs, it is crucial to continue to evaluate the information
environment in which patients, consumers, and other
stakeholders seek and are exposed to nutrigenetics and
nutrigenomics-related concepts. By working to inject credible,
evidence-based content into this environment, we may also help
these stakeholders avoid misunderstanding and the use of
products that are not yet ready to provide actionable dietary
advice.

Acknowledgments
This study was funded by the Intramural Program of the National Human Genome Research Program. Generative AI was not
used in any portion of manuscript writing.

Data Availability
The data sets generated and analyzed during this study are not publicly available because of the identifiable nature of the primary
tweet and author content but are available from the corresponding author upon reasonable request.

Authors' Contributions
SB was associated with the conceptualization, data curation, investigation, formal analysis, writing the original draft, reviewing
the manuscript, and editing. EMS was associated with investigation, writing, review, and editing. S Pappas was involved with
investigation, reviewing the manuscript, and editing. SR helped with the formal analysis, reviewing the manuscript, and editing.
S Persky was involved in conceptualization, data curation, investigation, formal analysis, writing the original draft, reviewing
the manuscript, and editing.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Study codebook and table of commercial entities.
[DOCX File , 42 KB-Multimedia Appendix 1]

References

1. Rodgers GP, Collins FS. Precision nutrition-the answer to "what to eat to stay healthy". JAMA 2020 Aug 25;324(8):735-736
[doi: 10.1001/jama.2020.13601] [Medline: 32766768]

2. The promise of precision nutrition research. National Institute of Child Health and Human Development. URL: https:/
/www.nichd.nih.gov/about/org/od/directors_corner/prev_updates/nutrition-research-Dec2022 [accessed 2023-03-29]

3. Graber E. NIH and ASN see a bright future for precision nutrition. American Society for Nutrition. 2021 Jun 25. URL:
https://nutrition.org/nih-and-asn-see-a-bright-future-for-precision-nutrition/ [accessed 2023-03-28]

4. Piore A. Forget fad diets. AI knows exactly what you should eat for your best health. Newsweek Magazine. 2023 Mar 8.
URL: https://www.newsweek.com/2023/03/17/
forget-fad-diets-ai-knows-exactly-what-you-should-eat-your-best-health-1786153.html [accessed 2023-03-28]

5. de Toro-Martín J, Arsenault BJ, Després JP, Vohl MC. Precision nutrition: a review of personalized nutritional approaches
for the prevention and management of metabolic syndrome. Nutrients 2017 Aug 22;9(8):913 [FREE Full text] [doi:
10.3390/nu9080913] [Medline: 28829397]

J Med Internet Res 2023 | vol. 25 | e43701 | p. 12https://www.jmir.org/2023/1/e43701
(page number not for citation purposes)

Batheja et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=jmir_v25i1e43701_app1.docx&filename=a2751afb03b023af7b9d532f0da4ed57.docx
https://jmir.org/api/download?alt_name=jmir_v25i1e43701_app1.docx&filename=a2751afb03b023af7b9d532f0da4ed57.docx
http://dx.doi.org/10.1001/jama.2020.13601
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32766768&dopt=Abstract
https://www.nichd.nih.gov/about/org/od/directors_corner/prev_updates/nutrition-research-Dec2022
https://www.nichd.nih.gov/about/org/od/directors_corner/prev_updates/nutrition-research-Dec2022
https://nutrition.org/nih-and-asn-see-a-bright-future-for-precision-nutrition/
https://www.newsweek.com/2023/03/17/forget-fad-diets-ai-knows-exactly-what-you-should-eat-your-best-health-1786153.html
https://www.newsweek.com/2023/03/17/forget-fad-diets-ai-knows-exactly-what-you-should-eat-your-best-health-1786153.html
https://www.mdpi.com/resolver?pii=nu9080913
http://dx.doi.org/10.3390/nu9080913
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28829397&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


6. Koromina M, Konstantinidou V, Georgaka M, Innocenti F, Patrinos GP. Nutrigenetics and nutrigenomics: ready for clinical
use or still a way to go? Per Med 2020 May 01;17(3):171-173 [doi: 10.2217/pme-2020-0007] [Medline: 32329405]

7. Celis-Morales C, Livingstone KM, Marsaux CF, Macready AL, Fallaize R, O'Donovan CB, Food4Me Study. Effect of
personalized nutrition on health-related behaviour change: evidence from the Food4Me European randomized controlled
trial. Int J Epidemiol 2017 Apr 01;46(2):578-588 [doi: 10.1093/ije/dyw186] [Medline: 27524815]

8. Nielsen DE, El-Sohemy A. Disclosure of genetic information and change in dietary intake: a randomized controlled trial.
PLoS One 2014;9(11):e112665 [FREE Full text] [doi: 10.1371/journal.pone.0112665] [Medline: 25398084]

9. Frankwich KA, Egnatios J, Kenyon ML, Rutledge TR, Liao PS, Gupta S, et al. Differences in weight loss between persons
on standard balanced vs nutrigenetic diets in a randomized controlled trial. Clin Gastroenterol Hepatol 2015
Sep;13(9):1625-32.e1 [FREE Full text] [doi: 10.1016/j.cgh.2015.02.044] [Medline: 25769412]

10. Gardner CD, Trepanowski JF, Del Gobbo LC, Hauser ME, Rigdon J, Ioannidis JP, et al. Effect of low-fat vs low-carbohydrate
diet on 12-month weight loss in overweight adults and the association with genotype pattern or insulin secretion: the
DIETFITS randomized clinical trial. JAMA 2018 Feb 20;319(7):667-679 [FREE Full text] [doi: 10.1001/jama.2018.0245]
[Medline: 29466592]

11. Granger MJ, Eck PK, Vazquez-Vidal I, Shamloo M, House JD, Mackay DS. Genosets for APOE and CYP7A1-rs3808607
variants do not predict LDL cholesterol lowering upon intervention with plant sterols in a randomized, double-blind,
placebo-controlled trial. Am J Clin Nutr 2022 Mar 04;115(3):717-723 [FREE Full text] [doi: 10.1093/ajcn/nqab378]
[Medline: 34791009]

12. Holzapfel C, Waldenberger M, Lorkowski S, Daniel H, Working Group “Personalized Nutrition” of the German Nutrition
Society. Genetics and epigenetics in personalized nutrition: evidence, expectations, and experiences. Mol Nutr Food Res
2022 Sep;66(17):e2200077 [doi: 10.1002/mnfr.202200077] [Medline: 35770348]

13. Horne J, Gilliland J, O'Connor C, Seabrook J, Madill J. Enhanced long-term dietary change and adherence in a
nutrigenomics-guided lifestyle intervention compared to a population-based (GLB/DPP) lifestyle intervention for weight
management: results from the NOW randomised controlled trial. BMJ Nutr Prev Health 2020;3(1):49-59 [FREE Full text]
[doi: 10.1136/bmjnph-2020-000073] [Medline: 33235971]

14. Braakhuis A, Monnard CR, Ellis A, Rozga M. Consensus report of the academy of nutrition and dietetics: incorporating
genetic testing into nutrition care. J Acad Nutr Diet 2021 Mar;121(3):545-552 [doi: 10.1016/j.jand.2020.04.002] [Medline:
32624395]

15. Kohlmeier M, De Caterina R, Ferguson LR, Görman U, Allayee H, Prasad C, et al. Guide and position of the international
society of nutrigenetics/nutrigenomics on personalized nutrition: part 2 - ethics, challenges and endeavors of precision
nutrition. J Nutrigenet Nutrigenomics 2016;9(1):28-46 [FREE Full text] [doi: 10.1159/000446347] [Medline: 27286972]

16. Roosan D, Wu Y, Tran M, Huang Y, Baskys A, Roosan MR. Opportunities to integrate nutrigenomics into clinical practice
and patient counseling. Eur J Clin Nutr 2023 Jan;77(1):36-44 [doi: 10.1038/s41430-022-01146-x] [Medline: 35444269]

17. Robinson K, Rozga M, Braakhuis A, Ellis A, Monnard CR, Sinley R, et al. Effect of incorporating genetic testing results
into nutrition counseling and care on dietary intake: an evidence analysis center systematic review-part I. J Acad Nutr Diet
2021 Mar;121(3):553-81.e3 [doi: 10.1016/j.jand.2020.04.001] [Medline: 32624394]

18. Ellis A, Rozga M, Braakhuis A, Monnard CR, Robinson K, Sinley R, et al. Effect of Incorporating Genetic Testing Results
into Nutrition Counseling and Care on Health Outcomes: An Evidence Analysis Center Systematic Review-Part II. J Acad
Nutr Diet 2021 Mar;121(3):582-605.e17 [doi: 10.1016/j.jand.2020.02.009] [Medline: 32624396]

19. Camp KM, Trujillo E. Position of the academy of nutrition and dietetics: nutritional genomics. J Acad Nutr Diet 2014
Feb;114(2):299-312 [doi: 10.1016/j.jand.2013.12.001] [Medline: 24439821]

20. Hall KD, Kahan S. Maintenance of lost weight and long-term management of obesity. Med Clin North Am 2018
Jan;102(1):183-197 [FREE Full text] [doi: 10.1016/j.mcna.2017.08.012] [Medline: 29156185]

21. Mathers JC. Paving the way to better population health through personalised nutrition. EFSA J 2019 Jul;17(Suppl 1):e170713
[FREE Full text] [doi: 10.2903/j.efsa.2019.e170713] [Medline: 32626450]

22. Allen CG, Andersen B, Khoury MJ, Roberts MC. Current social media conversations about genetics and genomics in health:
a Twitter-based analysis. Public Health Genomics 2018;21(1-2):93-99 [FREE Full text] [doi: 10.1159/000494381] [Medline:
30466105]

23. Saukko PM, Reed M, Britten N, Hogarth S. Negotiating the boundary between medicine and consumer culture: online
marketing of nutrigenetic tests. Soc Sci Med 2010 Mar;70(5):744-753 [FREE Full text] [doi:
10.1016/j.socscimed.2009.10.066] [Medline: 20022680]

24. Fallaize R, Wilson L, Gray J, Morgan LM, Griffin BA. Variation in the effects of three different breakfast meals on subjective
satiety and subsequent intake of energy at lunch and evening meal. Eur J Nutr 2013 Jun;52(4):1353-1359 [doi:
10.1007/s00394-012-0444-z] [Medline: 22948783]

25. Vallée Marcotte B, Cormier H, Garneau V, Robitaille J, Desroches S, Vohl MC. Nutrigenetic testing for personalized
nutrition: an evaluation of public perceptions, attitudes, and concerns in a population of French Canadians. Lifestyle Genom
2018;11(3-6):155-162 [doi: 10.1159/000499626] [Medline: 31129669]

26. Reinders I, Wijnhoven HA, Jyväkorpi SK, Suominen MH, Niskanen R, Bosmans JE, et al. Effectiveness and cost-effectiveness
of personalised dietary advice aiming at increasing protein intake on physical functioning in community-dwelling older

J Med Internet Res 2023 | vol. 25 | e43701 | p. 13https://www.jmir.org/2023/1/e43701
(page number not for citation purposes)

Batheja et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.2217/pme-2020-0007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32329405&dopt=Abstract
http://dx.doi.org/10.1093/ije/dyw186
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27524815&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0112665
http://dx.doi.org/10.1371/journal.pone.0112665
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25398084&dopt=Abstract
https://europepmc.org/abstract/MED/25769412
http://dx.doi.org/10.1016/j.cgh.2015.02.044
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25769412&dopt=Abstract
https://europepmc.org/abstract/MED/29466592
http://dx.doi.org/10.1001/jama.2018.0245
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29466592&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0002-9165(22)00189-7
http://dx.doi.org/10.1093/ajcn/nqab378
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34791009&dopt=Abstract
http://dx.doi.org/10.1002/mnfr.202200077
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35770348&dopt=Abstract
https://europepmc.org/abstract/MED/33235971
http://dx.doi.org/10.1136/bmjnph-2020-000073
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33235971&dopt=Abstract
http://dx.doi.org/10.1016/j.jand.2020.04.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32624395&dopt=Abstract
https://doi.org/10.1159/000446347
http://dx.doi.org/10.1159/000446347
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27286972&dopt=Abstract
http://dx.doi.org/10.1038/s41430-022-01146-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35444269&dopt=Abstract
http://dx.doi.org/10.1016/j.jand.2020.04.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32624394&dopt=Abstract
http://dx.doi.org/10.1016/j.jand.2020.02.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32624396&dopt=Abstract
http://dx.doi.org/10.1016/j.jand.2013.12.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24439821&dopt=Abstract
https://europepmc.org/abstract/MED/29156185
http://dx.doi.org/10.1016/j.mcna.2017.08.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29156185&dopt=Abstract
https://europepmc.org/abstract/MED/32626450
http://dx.doi.org/10.2903/j.efsa.2019.e170713
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32626450&dopt=Abstract
https://doi.org/10.1159/000494381
http://dx.doi.org/10.1159/000494381
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30466105&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0277-9536(09)00790-4
http://dx.doi.org/10.1016/j.socscimed.2009.10.066
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20022680&dopt=Abstract
http://dx.doi.org/10.1007/s00394-012-0444-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22948783&dopt=Abstract
http://dx.doi.org/10.1159/000499626
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31129669&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


adults with lower habitual protein intake: rationale and design of the PROMISS randomised controlled trial. BMJ Open
2020 Nov 20;10(11):e040637 [FREE Full text] [doi: 10.1136/bmjopen-2020-040637] [Medline: 33444206]

27. Stenne R, Hurlimann T, Godard B. Are research papers reporting results from nutrigenetics clinical research a potential
source of biohype? Account Res 2012;19(5):285-307 [doi: 10.1080/08989621.2012.718681] [Medline: 23009269]

28. Caulfield T. Is direct-to-consumer genetic testing reifying race? Policy Options. 2018 Mar 23. URL: https://policyoptions.
irpp.org/magazines/march-2018/direct-consumer-genetic-testing-reifying-race/ [accessed 2023-03-28]

29. Haga SB. The Book of Genes and Genomes. New York, NY: Springer; Jan 22, 2022.
30. Betts JA, Gonzalez JT. Personalised nutrition: what makes you so special? Nutr Bull 2016 Nov 15;41(4):353-359 [doi:

10.1111/nbu.12238]
31. Ansari RM, Omar NS. Weight loss supplements: boon or bane? Malays J Med Sci 2017 May 30;24(3):1-4 [FREE Full text]

[doi: 10.21315/mjms2017.24.3.1] [Medline: 28814927]
32. Ordovas JM, Ferguson LR, Tai ES, Mathers JC. Personalised nutrition and health. BMJ 2018 Jun 13;361:bmj.k2173 [FREE

Full text] [doi: 10.1136/bmj.k2173] [Medline: 29898881]
33. Pavlidis C, Lanara Z, Balasopoulou A, Nebel JC, Katsila T, Patrinos GP. Meta-analysis of genes in commercially available

nutrigenomic tests denotes lack of association with dietary intake and nutrient-related pathologies. OMICS 2015
Sep;19(9):512-520 [doi: 10.1089/omi.2015.0109] [Medline: 26348710]

34. Sterling R. The on-line promotion and sale of nutrigenomic services. Genet Med 2008 Nov;10(11):784-796 [FREE Full
text] [doi: 10.1097/GIM.0b013e31818c0441] [Medline: 18941418]

35. De S, Pietilä AM, Iso-Touru T, Hopia A, Tahvonen R, Vähäkangas K. Information provided to consumers about
direct-to-consumer nutrigenetic testing. Public Health Genomics 2019;22(5-6):162-173 [doi: 10.1159/000503977] [Medline:
31779000]

36. Tutty E, Hickerton C, Adamski MM, Metcalfe SA. Personal genomic testing for nutrition and wellness in Australia: a
content analysis of online information. Nutr Diet 2019 Jul;76(3):263-270 [doi: 10.1111/1747-0080.12516] [Medline:
30693631]

37. Benetoli A, Chen TF, Aslani P. Consumer health-related activities on social media: exploratory study. J Med Internet Res
2017 Oct 13;19(10):e352 [FREE Full text] [doi: 10.2196/jmir.7656] [Medline: 29030326]

38. Gupta P, Khan A, Kumar A. Social media use by patients in health care: a scoping review. Int J Healthc Manag 2020 Dec
21;15(2):121-131 [doi: 10.1080/20479700.2020.1860563]

39. Marcon AR, Bieber M, Caulfield T. Representing a "revolution": how the popular press has portrayed personalized medicine.
Genet Med 2018 Sep;20(9):950-956 [FREE Full text] [doi: 10.1038/gim.2017.217] [Medline: 29300377]

40. Suarez-Lledo V, Alvarez-Galvez J. Prevalence of health misinformation on social media: systematic review. J Med Internet
Res 2021 Jan 20;23(1):e17187 [FREE Full text] [doi: 10.2196/17187] [Medline: 33470931]

41. Chen J, Wang Y. Social media use for health purposes: systematic review. J Med Internet Res 2021 May 12;23(5):e17917
[FREE Full text] [doi: 10.2196/17917] [Medline: 33978589]

42. Soleymanpour M, Saderholm S, Kavuluru R. Therapeutic claims in cannabidiol (CBD) marketing messages on Twitter.
Proceedings (IEEE Int Conf Bioinformatics Biomed) 2021 Dec;2021:3083-3088 [FREE Full text] [doi:
10.1109/bibm52615.2021.9669404] [Medline: 35096472]

43. Della Giusta M, Jaworska S, Vukadinović Greetham D. Expert communication on Twitter: comparing economists' and
scientists' social networks, topics and communicative styles. Public Underst Sci 2021 Jan;30(1):75-90 [FREE Full text]
[doi: 10.1177/0963662520957252] [Medline: 32933450]

44. Côté IM, Darling ES. Scientists on Twitter: preaching to the choir or singing from the rooftops? FACETS 2018 Oct
01;3(1):682-694 [doi: 10.1139/facets-2018-0002]

45. Walter S, Lörcher I, Brüggemann M. Scientific networks on Twitter: analyzing scientists' interactions in the climate change
debate. Public Underst Sci 2019 Aug;28(6):696-712 [FREE Full text] [doi: 10.1177/0963662519844131] [Medline:
31027461]

46. Ahmed W, Bath PA, Sbaffi L, Demartini G. Measuring the effect of public health campaigns on Twitter: the case of world
autism awareness day. In: Proceedings of the 13th International Conference, iConference 2018. 2018 Presented at: 13th
International Conference, iConference 2018; March 25-28, 2018; Sheffield, UK [doi: 10.1007/978-3-319-78105-1_2]

47. Chung JE. A smoking cessation campaign on Twitter: understanding the use of twitter and identifying major players in a
health campaign. J Health Commun 2016 May;21(5):517-526 [doi: 10.1080/10810730.2015.1103332] [Medline: 27115179]

48. Alamsyah A, Sonia A. Information cascade mechanism and measurement of Indonesian fake news. In: Proceedings of the
9th International Conference on Information and Communication Technology (ICoICT). 2021 Presented at: 9th International
Conference on Information and Communication Technology (ICoICT); August 3-5, 2021; Yogyakarta, Indonesia [doi:
10.1109/icoict52021.2021.9527415]

49. Tweet archiver. Google Workspace Marketplace. URL: https://workspace.google.com/marketplace/app/tweet_archiver/
976886281542 [accessed 2023-09-18]

50. Ford E, Shepherd S, Jones K, Hassan L. Toward an ethical framework for the text mining of social media for health research:
a systematic review. Front Digit Health 2021 Jan 26;2:592237 [FREE Full text] [doi: 10.3389/fdgth.2020.592237] [Medline:
34713062]

J Med Internet Res 2023 | vol. 25 | e43701 | p. 14https://www.jmir.org/2023/1/e43701
(page number not for citation purposes)

Batheja et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=33444206
http://dx.doi.org/10.1136/bmjopen-2020-040637
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33444206&dopt=Abstract
http://dx.doi.org/10.1080/08989621.2012.718681
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23009269&dopt=Abstract
https://policyoptions.irpp.org/magazines/march-2018/direct-consumer-genetic-testing-reifying-race/
https://policyoptions.irpp.org/magazines/march-2018/direct-consumer-genetic-testing-reifying-race/
http://dx.doi.org/10.1111/nbu.12238
https://europepmc.org/abstract/MED/28814927
http://dx.doi.org/10.21315/mjms2017.24.3.1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28814927&dopt=Abstract
https://europepmc.org/abstract/MED/29898881
https://europepmc.org/abstract/MED/29898881
http://dx.doi.org/10.1136/bmj.k2173
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29898881&dopt=Abstract
http://dx.doi.org/10.1089/omi.2015.0109
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26348710&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1098-3600(21)03552-8
https://linkinghub.elsevier.com/retrieve/pii/S1098-3600(21)03552-8
http://dx.doi.org/10.1097/GIM.0b013e31818c0441
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18941418&dopt=Abstract
http://dx.doi.org/10.1159/000503977
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31779000&dopt=Abstract
http://dx.doi.org/10.1111/1747-0080.12516
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30693631&dopt=Abstract
https://www.jmir.org/2017/10/e352/
http://dx.doi.org/10.2196/jmir.7656
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29030326&dopt=Abstract
http://dx.doi.org/10.1080/20479700.2020.1860563
https://linkinghub.elsevier.com/retrieve/pii/S1098-3600(21)01775-5
http://dx.doi.org/10.1038/gim.2017.217
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29300377&dopt=Abstract
https://www.jmir.org/2021/1/e17187/
http://dx.doi.org/10.2196/17187
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33470931&dopt=Abstract
https://www.jmir.org/2021/5/e17917/
http://dx.doi.org/10.2196/17917
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33978589&dopt=Abstract
https://europepmc.org/abstract/MED/35096472
http://dx.doi.org/10.1109/bibm52615.2021.9669404
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35096472&dopt=Abstract
https://journals.sagepub.com/doi/abs/10.1177/0963662520957252?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/0963662520957252
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32933450&dopt=Abstract
http://dx.doi.org/10.1139/facets-2018-0002
https://journals.sagepub.com/doi/abs/10.1177/0963662519844131?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/0963662519844131
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31027461&dopt=Abstract
http://dx.doi.org/10.1007/978-3-319-78105-1_2
http://dx.doi.org/10.1080/10810730.2015.1103332
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27115179&dopt=Abstract
http://dx.doi.org/10.1109/icoict52021.2021.9527415
https://workspace.google.com/marketplace/app/tweet_archiver/976886281542
https://workspace.google.com/marketplace/app/tweet_archiver/976886281542
https://europepmc.org/abstract/MED/34713062
http://dx.doi.org/10.3389/fdgth.2020.592237
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34713062&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


51. Semertzidis K, Pitoura E, Tsaparas P. How people describe themselves on Twitter. In: Proceedings of the ACM SIGMOD
Workshop on Databases and Social Networks. 2013 Jun Presented at: SIGMOD/PODS'13: International Conference on
Management of Data; June 22-27, 2013; New York, NY [doi: 10.1145/2484702.2484708]

52. Brataas AE, Stothers RA. Consumer engagement behavior in social media: why members of Generation Y decide not to
engage. Inland Norway University. 2020. URL: https://brage.inn.no/inn-xmlui/bitstream/handle/11250/2767905/
21_05584-1%20Andrea%20E.%20Brataas%20og%20Robin%20A%20578098_1_1.PDF?sequence=1&isAllowed=y
[accessed 2023-03-29]

53. Institute of Medicine, Food and Nutrition Board. In: Yaktine AL, Pool R, editors. Nutrigenomics and Beyond Informing
the Future: Workshop Summary. Washington, DC: National Academies Press; 2007.

54. Peng W, Lim S, Meng J. Persuasive strategies in online health misinformation: a systematic review. Inf Commun Soc 2022
Jul 13;26(11):2131-2148 [doi: 10.1080/1369118x.2022.2085615]

55. Denniss E, Lindberg R, McNaughton SA. Quality and accuracy of online nutrition-related information: a systematic review
of content analysis studies. Public Health Nutr 2023 Jul;26(7):1345-1357 [FREE Full text] [doi:
10.1017/S1368980023000873] [Medline: 37138366]

56. Alqahtani N. The preciseness of nutrition recommendation and information published in Twitter accounts. Curr Res Nutr
Food Sci 2021 Apr 27;9(1):11-19 [doi: 10.12944/CRNFSJ.9.1.02]

57. Komduur R, Te Molder H. The role of genes in talking about overweight: an analysis of discourse on genetics, overweight
and health risks in relation to nutrigenomics. Public Underst Sci 2014 Nov;23(8):886-902 [doi: 10.1177/0963662512472159]
[Medline: 23825280]

58. Waring ME, Schneider KL, Appelhans BM, Simas TA, Xiao RS, Whited MC, et al. Interest in a Twitter-delivered weight
loss program among women of childbearing age. Transl Behav Med 2016 Jun;6(2):277-284 [FREE Full text] [doi:
10.1007/s13142-015-0382-4] [Medline: 27356998]

59. Persky S, Sanderson SC, Koehly LM. Online communication about genetics and body weight: implications for health
behavior and internet-based education. J Health Commun 2013;18(2):241-249 [FREE Full text] [doi:
10.1080/10810730.2012.727951] [Medline: 23194059]

60. Su Y, Xiao X, Shu W. The effect of message cues on stigmatization and support: an examination of obesity-related
conversations on weibo. Online J Commun Media Technol 2020 Apr;10(2):e202004 [doi: 10.29333/ojcmt/7831]

61. Persky S, Bouhlal S, Goldring MR, McBride CM. Beliefs about genetic influences on eating behaviors: characteristics and
associations with weight management confidence. Eat Behav 2017 Aug;26:93-98 [FREE Full text] [doi:
10.1016/j.eatbeh.2017.02.003] [Medline: 28199907]

62. Freeland-Graves J, Nitzke S. Position of the American Dietetic Association: total diet approach to communicating food
and nutrition information. J Am Diet Assoc 2002 Jan;102(1):100-108 [doi: 10.1016/s0002-8223(02)90030-1] [Medline:
11794489]

63. Watson A. In-home media consumption due to the coronavirus outbreak among internet users worldwide as of March 2020,
by country. Statista. 2022 Jul 27. URL: https://www.statista.com/statistics/1106498/
home-media-consumption-coronavirus-worldwide-by-country/#statisticContainer

64. Lobo S, Lucas CJ, Herbert JS, Townsend ML, Smith M, Kunkler E, et al. Nutrition information in pregnancy: where do
women seek advice and has this changed over time? Nutr Diet 2020 Jul;77(3):382-391 [doi: 10.1111/1747-0080.12589]
[Medline: 31749295]

65. Corti L, Zanetti M, Tricella G, Bonati M. Social media analysis of Twitter tweets related to ASD in 2019-2020, with
particular attention to COVID-19: topic modelling and sentiment analysis. J Big Data 2022;9(1):113 [FREE Full text] [doi:
10.1186/s40537-022-00666-4] [Medline: 36465137]

Edited by G Eysenbach, T Leung; submitted 20.10.22; peer-reviewed by X Zhao, D Bondage, M Allman-Farinelli, E Denniss; comments
to author 09.03.23; revised version received 29.03.23; accepted 28.08.23; published 12.10.23

Please cite as:
Batheja S, Schopp EM, Pappas S, Ravuri S, Persky S
Characterizing Precision Nutrition Discourse on Twitter: Quantitative Content Analysis
J Med Internet Res 2023;25:e43701
URL: https://www.jmir.org/2023/1/e43701
doi: 10.2196/43701
PMID: 37824190

©Sapna Batheja, Emma M Schopp, Samantha Pappas, Siri Ravuri, Susan Persky. Originally published in the Journal of Medical
Internet Research (https://www.jmir.org), 12.10.2023. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and

J Med Internet Res 2023 | vol. 25 | e43701 | p. 15https://www.jmir.org/2023/1/e43701
(page number not for citation purposes)

Batheja et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1145/2484702.2484708
https://brage.inn.no/inn-xmlui/bitstream/handle/11250/2767905/21_05584-1%20Andrea%20E.%20Brataas%20og%20Robin%20A%20578098_1_1.PDF?sequence=1&isAllowed=y
https://brage.inn.no/inn-xmlui/bitstream/handle/11250/2767905/21_05584-1%20Andrea%20E.%20Brataas%20og%20Robin%20A%20578098_1_1.PDF?sequence=1&isAllowed=y
http://dx.doi.org/10.1080/1369118x.2022.2085615
https://europepmc.org/abstract/MED/37138366
http://dx.doi.org/10.1017/S1368980023000873
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37138366&dopt=Abstract
http://dx.doi.org/10.12944/CRNFSJ.9.1.02
http://dx.doi.org/10.1177/0963662512472159
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23825280&dopt=Abstract
https://europepmc.org/abstract/MED/27356998
http://dx.doi.org/10.1007/s13142-015-0382-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27356998&dopt=Abstract
https://europepmc.org/abstract/MED/23194059
http://dx.doi.org/10.1080/10810730.2012.727951
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23194059&dopt=Abstract
http://dx.doi.org/10.29333/ojcmt/7831
https://europepmc.org/abstract/MED/28199907
http://dx.doi.org/10.1016/j.eatbeh.2017.02.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28199907&dopt=Abstract
http://dx.doi.org/10.1016/s0002-8223(02)90030-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11794489&dopt=Abstract
https://www.statista.com/statistics/1106498/home-media-consumption-coronavirus-worldwide-by-country/#statisticContainer
https://www.statista.com/statistics/1106498/home-media-consumption-coronavirus-worldwide-by-country/#statisticContainer
http://dx.doi.org/10.1111/1747-0080.12589
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31749295&dopt=Abstract
https://europepmc.org/abstract/MED/36465137
http://dx.doi.org/10.1186/s40537-022-00666-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36465137&dopt=Abstract
https://www.jmir.org/2023/1/e43701
http://dx.doi.org/10.2196/43701
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37824190&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


reproduction in any medium, provided the original work, first published in the Journal of Medical Internet Research, is properly
cited. The complete bibliographic information, a link to the original publication on https://www.jmir.org/, as well as this copyright
and license information must be included.

J Med Internet Res 2023 | vol. 25 | e43701 | p. 16https://www.jmir.org/2023/1/e43701
(page number not for citation purposes)

Batheja et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/

