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Abstract: Intentionally deceptive online content seeks to manipulate individuals in their roles as
voters, consumers, and participants in society at large. While this problem is pronounced, techniques
to combat it may exist. To analyze the problem and potential solutions, we conducted three surveys
relating to how news consumption decisions are made and the impact of labels on decision making.
This article describes these three surveys and the data that were collected by them.
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1. Summary

The so-called “fake news” phenomenon is cause for concern. Numerous indicators
of the problem exist. Perhaps the first is the term “fake news” itself, which to some
indicate deceptive content [1], while others use the term to refer to “discount and discredit
ideologically uncongenial media sources” [2].

Irrespective of what it is called, deceptive online content is prolific. Over half of
Americans have reported getting at least some news online, with many reporting having
believed fake news articles in the past [3]. The impact of fake news across society has been
demonstrated. The “pizza gate” incident showed how deceptive content could be used to
manipulate individuals to taking actions [4]. The 2016 election demonstrated the impact of
deceptive content on politics and elections—it is projected that Americans consumed one
to three fake news stories per week in the weeks leading to the election [5]. This content
originated from both foreign and domestic sources, leading to concern about foreign
influence; however, reports suggest that the results of foreign influence was “minimal” [6].
These problems are not just in the United States—South Korea experienced deceptive online
content interference in its 2017 election [7,8], and numerous other examples outside of the
United States exist (e.g., see [9,10]).

Deceptive content online has many uses; however, in many cases, it seeks to misinform
the public and manipulate their actions or opinions [11]. The ability for parties to directly
and precisely target and manipulate the actions of individuals is very problematic. It
threatens key democratic processes, such as voting [12]. Individuals can be swayed to listen
to and vote for one candidate or another. Additionally, deceptive content can be used to
seed distrust in the systems and processes that underlie elections and to reduce election
participation [13].
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The impacts of deceptive online content, however, go far beyond voting. Its impact
has been demonstrated in medicine [14], providing societal power [15] and even inciting
violence [14], among other areas. It is changing the public’s perception of traditional news
sources [16]. It has been shown to have a disproportional impact to some other types
of new content [17], and is also readily spread [18]. Marchi [19] notes that it is having a
pronounced impact, in particular, on teenagers, causing them to question the concept of
“journalistic ‘objectivity’” altogether.

A variety of prospective solutions have been proposed, which include government reg-
ulation [20], market-based solutions [21], education [22], warning or labeling content [23,24],
and technological interventions [20].

Three studies were conducted to investigate the nature of the problem and potential
solutions to it, which were the basis for the analysis presented in [25]. This article describes
data from the three surveys that were conducted. The first survey solicited respondents’
views on deceptive online content, how individuals make news consumption decisions,
and steps that can be taken to mitigate its impact. The second and third surveys solicited
respondents’ views on labeling techniques that may be effective at combating intentionally
deceptive online content. An example of one such label is presented in Figure 1. Notably,
while many proposed solutions for content labeling are automated (e.g., [26]), several of the
labels evaluated in the data presented herein would could be used with either automatically
or manually (see, e.g., [27]) applied labels that could be created using a variety of different
paradigms of identification mechanisms. This paper describes the data that was collected,
which served as the basis for [25]. In addition to what was previously described in [25],
this paper includes the release of the survey blank, facilitating reuse of the survey, and the
complete dataset, facilitating different forms of analysis beyond those conducted by the
authors in [25].
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Figure 1. Example of a content label [25], using categories proposed by Fuhr et al. [28].

2. Background

Deceptive content is a pronounced problem for which a wide variety of solutions
have been proposed, ranging from government regulation [20] to warning or labeling
content [23,24] to market-based solutions [21]. Because of its societal impact, it has been a
subject of significant scholarly focus [17,29] across numerous fields. One area of focus has
been on the use of labeling to mitigate deceptive content’s effect and spread.

2.1. Labeling Online Content

In response to the problem, online platforms such as Facebook [30], Twitter [31], and
YouTube [32] have attempted different approaches to mitigate its effects and reduce its
ability to spread. To this end, social media companies label some content. However, it is
not clear what the impact of these labels are. Various researchers have studied ideas such
as labeling [33], as well as their impact on people’s recognition, detection, or sharing of
deceptive online content [34–37]. Seo, Xiong, and Lee [38], for example, evaluated labeling
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media with simple warning labels. Labeling is not unique to online content. It has been
proposed or used for numerous other products. An extended discussion of this is presented
in [39].

2.2. Content and Other Labeling Offline

Several examples of offline content labeling exist. These include the MPAA and V-Chip
ratings that warn about content in movies and television programs. These systems [40–42]
primarily focus on the age appropriateness of the content as opposed to types of con-
tent; however, in some cases, they include a description of the reason that the rating
was assigned.

One of the most familiar forms of labels, to many consumers, are the labels found on
food. These labels inform consumers about the nutritional content of food [43] and have
been shown to impact consumer behavior [44]. Because of their efficacy they are used in
numerous countries (e.g., [45,46]).

Food nutrition labels have also served as the basis for other types of product labeling.
Similar labels are also used for providing key information about light bulbs and appliances.
Figure 2, for example, shows an example of a U.S. energy guide facts label. Across label
types, significant focus has been placed on making sure that consumers can understand
and use the information presented on the labels [47,48].
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In some cases, however, such as with the warning for wine (shown in Figure 3), labels
go beyond simply providing information to provide a warning if a product poses danger
to the consumer. Notably, deceptive online content ranges in severity. Thus, in some cases,
content may merit a nutrition facts style label, while in others, a warning style one may be
more appropriate. Understanding consumers perception of labels and the impact of their
incorporation is the key focus of this study.
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Figure 3. Alcoholic Beverage Labeling Act warning labels [50].

3. Data Description

Data were collected across three surveys, which were sent out concurrently. This
section describes the three surveys and the data that they collected. It also discusses
collection location population characteristics and respondent demographic characteristics.

3.1. First Survey

The first survey asked respondents questions regarding the impact of certain factors on
their news consumption decision making and their perception of others’ decision making.
For each factor, respondents were asked three questions:

Consider your personal perceptions of trustworthiness and credibility of a news
article. How much of an impact does the publisher of an article have on your
personal perceptions of trustworthiness and or credibility of an article?

Consider your beliefs about the perceptions of others. How much of an impact
do you believe the publisher of an article has on most people’s perception of the
trustworthiness and or credibility of an article?

If you were acting in an ideal manner, to what extent do you believe the pub-
lisher of an article should impact your perception of the trustworthiness and or
credibility of an article?

For each question, respondents were asked to select one of five responses to character-
ize the impact of the particular factor on their and others decision making:

• A great deal • A lot • A moderate amount • A little • None at all

Respondents were also asked three demographic questions that collected details
regarding their age, income level and education level. The full text of the first survey
questions is presented in a Supplemental File.

3.2. Second Survey

The second survey asked respondents a number of questions about their past interac-
tions with social media and deceptive content. Questions included “have you ever seen
a social media post with a warning label?”, “has a warning label ever been attached to a
post that you have made?”, and “do you think that social media and news websites should
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place warning labels on potentially misleading or false information?”. In a second section,
respondents were shown potential informational labels for social media posts (such as
the label shown in Figure 1) and asked questions about their perception of the label. For
each label, respondents were asked: “would you find this label helpful?”; “would you find
this label annoying?”; “would you review this label when viewing news articles on social
media?”; “do you think others would review this label when viewing news articles on
social media?”; “do you think this label would be useful for judging the trustworthiness of
news articles?”; and “when viewing the label, how easy was it to view and understand the
information contained within it?”. Respondents were also asked to compare label types
and express their preferences between them. As with the first survey, respondents were
asked demographic questions regarding their age, income level, and education level. The
full text of the second survey questions is presented in a Supplemental File.

3.3. Third Survey

The third survey asked questions very similar to the second one. Like the second
survey, it started with similar general questions regarding respondents’ past interactions
with social media and deceptive content. It then asked similar questions about several
labels. Unlike the second survey, the third survey focused on warning labels (as opposed
to informational ones). The questions asked about each label were “would you find this
label helpful?”; “would you find this label annoying?”; “would you review this label when
viewing news articles on social media?”; “do you think others would review this label
when viewing news articles on social media?”; “do you think this label would be useful
for mitigating the effects of articles that could potentially be damaging?”; and “when
viewing the label, how easy was it to view and understand the information contained
within it?”. Like with the other surveys, respondents were asked demographic questions
about their age, income level, and education level. The full text of the third survey questions
is presented in a Supplemental File.

3.4. Collection Location Characteristics

The two cities and universities (which largely serve regional populations) have very
different demographic characteristics, adding another dimension to the analysis and com-
parison of the responses from the two universities.

It is worth noting that universities may have different demographics from the cities
that they are based in. In many cases, faculty come from other areas of the country or
world to take university positions and, thus, the faculty have dissimilar demographics to
the university’s host city or region. Staff, on the other hand, are typically hired from within
the region and, thus, are more likely to have region-similar demographic characteristics.
For both of the universities studied, the student population is primarily drawn from the
local region. Regional characteristics are presented below, for reference.

Flint, Michigan, where the University of Michigan—Flint is located, had a 2019 pop-
ulation of 96,559 and a poverty rate of 38.8%, according to DataUSA [51]. Flint’s median
household income was USD 28,824 in 2019, and between 2018 and 2019, the city experienced
a small population decline (0.62%) and enjoyed a 4.03% increase in median household
income. The city’s three largest ethnic groups are “Black or African American (Non-
Hispanic)” (53.2%), “White (Non-Hispanic)” (36.9%), and “Two+ (Non-Hispanic)” (4.54%).
The largest college or university in the city is the University of Michigan—Flint, which
awarded 1550 degrees in 2019. The majority of Genesee County, Michigan (the county in
which Flint is located) voters (52.3%) selected the Democratic Party candidate in 2016.

Fargo, North Dakota, where North Dakota State University is located, had a population
of 121,889 and a poverty rate of 13.2% in 2019, according to DataUSA [52]. The city’s
median household income was USD 55,551 in 2019, and it enjoyed a 1.4% increase in
population and a 4.21% increase in median household income between 2018 and 2019. The
city’s three largest ethnic groups are “White (Non-Hispanic)” (82.7%), “Black or African
American (Non-Hispanic)” (6.98%), and “Asian (Non-Hispanic)” (3.4%). The largest college
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or university in Fargo is North Dakota State University, which awarded 3259 degrees in
2019. The most votes (49.3%) in Cass County, North Dakota (the county in which Fargo is
located), were cast for the Republican Party candidate in 2016.

Key demographic characteristics of respondents (such as age, education level, and
income level) are included in the dataset. These could be used to support oversampling
and stratification-based techniques to make inferences about the population.

3.5. Respondent Characteristics

Respondents were composed of students, faculty, and staff at two midwestern United
States universities: the University of Michigan—Flint (University A) and North Dakota
State University (University B). On the basis of the age, education, and income distributions,
we found that most participants were students; however, a number of faculty and/or staff
participated as well. Significantly more respondents from the 18-29 age group participated,
as compared to any other group (comprising approximately 75% of respondents). Income
and education levels were similarly skewed towards student demographics. Table 1
presents the age distribution of survey respondents. Tables 2 and 3 present the income and
education level distributions of respondents, respectively.

Table 1. Ages of respondents to surveys.

Survey University 18–29 30–39 40–49 50–59 60 or More

Survey 1 University
A 27 8 4 1 1

University
B 34 8 5 0 0

Survey 2 University
A 20 7 4 1 1

University
B 22 6 5 0 0

Survey 3 University
A 17 5 2 1 1

University
B 20 4 3 0 0

Table 2. Income levels (in USD) of respondents to surveys.

Survey University $20,000 $20,000 $40,000 $60,000 $80,000 $100,000 $120,000 $140,000
or Less to $39,999 to $59,999 to $79,999 to $99,999 to $119,999 to $139,999 or More

Survey 1 University A 6 3 6 2 4 4 4 3
University B 9 11 8 1 1 1 2 5

Survey 2 University A 6 2 5 1 4 4 2 2
University B 6 6 8 1 0 1 2 3

Survey 3 University A 6 2 3 1 1 3 2 2
University B 4 5 7 0 0 1 2 2

Table 3. Education levels of respondents to surveys.

Survey University High School Degree or
Equivalent

Some College
(No Degree)

Associate’s
Degree

Bachelor’s
Degree

Master’s Degree or
More

Survey 1 University A 0 22 4 12 4
University B 1 13 6 12 14

Survey 2 University A 0 16 3 11 4
University B 0 10 5 7 11

Survey 3 University A 1 12 2 8 4
University B 0 10 3 7 7
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4. Methods

The survey was developed and reviewed by college students and faculty. It was
also reviewed to validate that all survey questions were being understood as intended by
members of the target participation demographics.

The survey data were collected using Qualtrics survey administration software. Links
were emailed to research participants mailing lists (containing most faculty, staff, and
students, except for those who have previously opted out) at the University of Michigan—
Flint and North Dakota State University in 2021. In each case, an initial email and a
reminder email was sent out. All surveys were left open for responses for approximately
two weeks. Respondents were free to complete the survey from any location of their choice,
and no time limitation was applied to completion. Respondents were free to answer all,
none, or only some of the questions. While it seems likely that some respondents may
have answered two or all three surveys, no personally identifying data were collected to
facilitate correlation.

Data Processing

After the surveys were completed, the data were reviewed to remove responses with
invalid data or where the respondents answered no or only a minimal number of questions
(such as only the consent question, or the consent question and next screen of questions).
Additionally, the surveys were reviewed to remove any potential inadvertently entered
personal identifying information. The survey data were then exported to Excel and comma
separated value (CSV) files.

5. Quality Control

Several forms of quality control mechanism were used during the collection and
processing of these data. First, the invitation to participate in the survey was set to mailing
lists of individuals affiliated with the two universities, and therefore all invited participants
were known to be members of the universities.

Second, all responses were reviewed, and a limited number of responses that were
missing substantive amounts of data, failed to answer consent questions, or were lacking
responses for key demographic details were not included in the dataset. Third, as part
of the analysis presented in [25], the data were assessed for statistical significance and it
was demonstrated for multiple conclusions that were presented in that paper, showing
that there were sufficient data to draw conclusions from. Fourth, the analysis presented
in [25] also demonstrated that trends and commonalities were present in the data and that
measured changes were logical. All of these serve to validate and increase confidence in
the dataset.

6. User Notes

Due to the age, income, and education distributions, stratified analysis techniques
may be most useful. Considering data as belonging to the student versus non-student
demographic groups may also be useful for analysis. The demographic differences between
the areas housing the two universities also made comparisons between these two groups of
particular interest, albeit with the limitations and considerations discussed in Section 3.4.

7. Conclusions and Future Work

This article has described a dataset that can be utilized to answer questions regarding
perceptions of deceptive content, content sources, and warning labeling approaches. The
dataset is composed primarily of students and contains data from two universities from
different locations in the United States with different regional and student demographics.

Using the data presented herein, future researchers can analyze specific cross-question
correlations of interest. This dataset could also be augmented via additional data collection
(e.g., at another college or university) using the provided survey templates and compared
with the data from the two existing schools.
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These data consider respondents’ perceptions of issues with deceptive content, how
they interact with it, and how they would respond to warning labels. Thus, these data
are informative regarding both manually generated and automated warning systems. A
manual or automated system based on fact checking with reliable sources would, of course,
be a highly desirable solution. However, given the pressing nature of the problem and
the lack of an immediately feasible solution of this type, other approaches must also be
considered. Irrespective of how article reliability data are obtained, it must be presented to
the user, which is the focus of this dataset.

Irrespective of the presentation format used, the perceptions of individuals regarding
how to identify and classify misinformation may not necessarily match the reality of what
works in practice. When there is a deviation between what works and what users perceive
to work, user education can be used to bridge the gap. To do this, educational goals can be
identified. Future work could utilize this dataset as a basis for comparison.

The dataset has demonstrated commonalities and differences across and between
different demographic groups. Thus, it provides useful information for those that may be
contemplating implementing a news warning system or those that seek to perform future
research regarding these systems.

The data presented herein suggest the potential for several key areas of future work.
These include the collection of additional data to augment the current understanding with
additional demographic groups and respondents from additional geographic locations.
There are also a variety of ways that the data could be analyzed in conjunction with
other existing datasets and other data that could be collected to further enhance society’s
understanding of the online deceptive content problem and how to best respond to it. For
example, data from testing with actual system interactions could be juxtaposed with the
belief and predicted action data presented herein to facilitate analysis of the correlation
between beliefs and decision-making. Of course, numerous other potential uses for the
data also exist.

Supplementary Materials: The survey instrument is available online at https://www.mdpi.com/
article/10.3390/data7030026/s1.
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