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Abstract

Little is known about how incidental exposure to news, interpersonal discussion, and the
diversity of social networks interact in social media environments and for science-related
issues. Using a U.S. nationally representative survey, we investigate how these features
relate to factual knowledge of gene editing. Incidental exposure to science-related news
interacts with interpersonal discussion and network heterogeneity and reveals that the
relationship between incidental exposure to news and knowledge is strongest among
those who discuss the least. Incidental exposure could alleviate knowledge gaps between
the Facebook users who are the most and least involved in interpersonal discussions
about science.
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1     Learning without seeking: incidental exposure to science news on social media
may fill knowledge gaps

Social media and other online media platforms are an increasingly important part of the
media landscape, particularly for information on science-related issues [Brossard, 2013;
Shearer and Gottfried, 2017]. Yet research is still at the beginning of understanding the
implications of these new media environments for public knowledge and discourse in
general, let alone for science information. In 2019, 72 percent of all adults, and 90 percent
of those aged 19–29, had at least one social media account [Pew Research Center,
2019], up from 50 percent in 2009 [Perrin, 2015]. Of these, Facebook is one of
the most popular, with 69 percent of American adults reporting that they use
Facebook, and 74 percent of those reporting they do so daily [Pew Research Center,
2019].

   Greater social media use also means more Americans report receiving news from social
                                                                             
                                                                             
media [Shearer and Matsa, 2018]. According to recent polls, 68 percent of U.S.
adults report that they see news on social media sites either purposefully or
incidentally [Shearer and Gottfried, 2017]. Online news sources are particularly
important for information on science and science-related issues, as many traditional
outlets such as print newspapers have cut staff at their science desks in the past
decade [Brossard, 2013]. Although many Americans do not actively seek out
science information, most social media users (79 percent — or 55 percent of U.S.
adults) report seeing science-related posts on social media, and 26 percent of
users (18 percent of U.S. adults) follow social media pages or accounts that focus
on science, according to the most recent polling [Funk, Gottfried and Mitchell,
2017].

   The difference between the percent of Americans who reports seeing science
information on social media and the percent who actively seeks it out points to an
important understudied feature of social media: the potential for incidental exposure to
information, particularly science-related information. A growing body of work,
particularly in communication and political science, is examining how social media
facilitates, or not, incidental exposure — or exposure to information that people were not
deliberately seeking out when they went online [Morris and Morris, 2017; Scharkow
et al., 2020; Tewksbury, Weaver and Maddex, 2001]. Research suggests that many
people often find news on social media without directly seeking it out [Morris
and Morris, 2017], and that this incidental exposure has the potential to remedy
gaps in knowledge and engagement on political and social issues [Valeriani and
Vaccari, 2016] (although this is not always the case — e.g., Heiss and Matthes
[2019]).

   None of the work on incidental exposure, to our knowledge, focuses on its potential
relationship to knowledge of science-related issues (though Mueller-Herbst [2019] has
examined the relationship of incidental exposure to science news and awareness of
gene editing). This is despite evidence that incidental exposure might be an even
more important component for how people get science-related news than it is for
more general or political news. While polling data indicates that 55 percent of
Americans mostly get their online news exposure through incidental exposure, this
number increases to 68 percent for science news [Funk, Gottfried and Mitchell,
2017].

   In this study, we present a preliminary exploration of the relationship between
incidental exposure on one of the largest social media sites — Facebook — and its
relationship to knowledge of the emerging science-related issue of gene editing, to address
some of these gaps and contribute to the growing body of literature on the impact of
incidental exposure on knowledge and engagement on societal issues. Gene editing
broadly describes a set of novel technological innovations that allow people to edit the
genetic codes of people with higher precision than past technologies [National Academies
of Sciences, Engineering, and Medicine, 2017]. Potential applications of gene editing exist
in varied fields from medicine to military technology [National Academies of Sciences,
Engineering, and Medicine, 2017], but these applications carry with them a wide range of
ethical considerations, uncertainties, and opinions shaping public discourse on
which applications are acceptable [Scheufele, Xenos et al., 2017]. As the field is
quickly advancing, it is an important and timely scientific issue, particularly for
understanding how online information exposure can shape knowledge people gain on the
topic.
                                                                             
                                                                             

   Because likelihood of incidental exposure on social media depends in part on one’s
social network, we also examine how incidental exposure to science-related information
on Facebook relates to two additional important features of social media in predicting
knowledge of gene editing: 1) the level of heterogeneity within an individual’s online
social network, and 2) the amount of interpersonal discussion on the topic of
gene editing, both on- and offline. Work in political communication has long
acknowledged the interaction of news exposure with network heterogeneity [Mutz, 2002;
Scheufele, Nisbet et al., 2004] and with interpersonal discussion [Ruggiero, 2000;
Hardy and Scheufele, 2005]. We bring these together to provide a first look at how
interactions of news exposure, network diversity, and interpersonal discussion
matter for the potential impact of science-related information through social
media.


   
2     Science knowledge through social media


   
2.1     Why focus on science knowledge

Knowledge, and its relationship to incidental exposure to online information, is of
particular interest to understanding people’s views of gene editing. Although just one
factor in decision-making, factual knowledge related to an issue does inform deliberation
on what courses of action we want to take as a society [Gutmann and Thompson, 2009;
Brossard and Lewenstein, 2009]. Gene editing is a complex and value-laden issue that
requires public discourse and deliberation on how we want to move forward
with the technology across a range of potential and current applications [Burall,
2018]. Many of these decisions will depend on ethical judgements and normative
concerns and goals. But factual knowledge about the technology — including
how it works and what is technically possible — will also inform decisions on
potential paths forward and their possible implications [Renn, 1993]. Additionally,
research has found that factual knowledge of gene editing relates to greater support
for gene editing development and, importantly to this study, a desire to that
such development be informed by public consultation [Scheufele, Xenos et al.,
2017].

   As an emerging and complex issue, gene editing is also an example of a science issue
for which online information sources will be particularly important for people who wish
to learn more about the issue. That raises the questions, then, of what the relationship is
between social media use and knowledge of gene editing, and how this relates to
incidental exposure to science news and participation in discussions concerning the
technology.
                                                                             
                                                                             


   
2.2     What is the role of social media in knowledge?

Although social media is an increasingly important source of information for many
Americans, particularly for science news and information on science-related issues, how
this information translates into knowledge and attitudes about science issues is less
understood. Much of the research on online information environments is through the lens
of how online environments either reinforce or alleviate knowledge gaps across groups of
people. Some of the factors found to influence knowledge the most are personal factors
regarding the individuals who might gain knowledge. For instance, much work points to
the motivation or perceived need to learn about a topic as being highly related to
knowledge gain [e.g., Garramone, 1984]. Research in science communication specifically
also points to individual cultural differences between the information content of science
messages and the structure of people’s world views [Skarlatidou, Cheng and Haklay,
2012].

   While much of knowledge gain with respect to science issues is shaped by need,
demand, and acceptance of information within a person’s cultural worldview, work on
knowledge gaps also traces how people with higher education levels or socio-economic
status (SES) are often better able to learn from and retain information they come across
than are those with lower SES. The result is information exposure can increase, rather
than alleviate, knowledge gaps between people with high versus low SES or
education [Tichenor, Donohue and Olien, 1970]. Certain news media, such as
television, can be more likely to decrease knowledge gaps, perhaps by making the
information more accessible to groups with lower SES, while others, such as
print newspapers, often heighten gaps [Tichenor, Donohue and Olien, 1970]. For
online information, studies indicate that online media have the potential to reduce
knowledge gaps, including around science-related issues [Cacciatore, Scheufele
and Corley, 2014; Corley and Scheufele, 2010]. How or why this occurs is less
examined.

   Much of the literature on knowledge and media also focuses on how media choice
can also reinforce divides in knowledge, particularly for political issues and
often with implications for political participation. For example, Markus Prior’s
[2007] work illustrates how knowledge of political issues can affect political
participation by examining the switch from a mainly low-choice broadcast TV
media environment to a high-choice cable environment in the last half of the
20th
century. Central to Prior’s [2007] research was that increasing media choice worsened
knowledge gaps because people chose to not deliberately expose themselves to news as
much in high choice environments. Prior’s [2007] work focused on the impacts of
exposure to information through TV but examined online media use, as well, and found
similar results, with online media use decreasing exposure to news. An important feature
of understanding modern news environments online, however, is how people may be
incidentally exposed to news.


                                                                             
                                                                             
   
2.2.1     Incidental exposure & knowledge gaps online

The internet of the late 1990s and early 2000s that Prior’s work examined, however, is very
different in its structure and social reach than the internet of today, in large part because of
the advent and spread of social media sites. There is increasing evidence that online use
and social media in particular allow for incidental exposure to news [Feezell, 2018;
Fletcher and Nielsen, 2018; Lu and Lee, 2019; Scharkow et al., 2020; Shearer and Gottfried,
2017], and that this relationship between online media use and likelihood of incidental
exposure has greatly increased overtime [Morris and Morris, 2017]. For our purposes, we
are less interested in how incidental exposure to social media relates to particular political
engagement behaviors and more interested in how it may relate to scientific knowledge,
with such knowledge having a role in deliberation of science-related issues in society.
Although prior work on incidental exposure has not focused on science news
and science-related knowledge, based on the consistent findings throughout
literature focused on incidental exposure and increased political knowledge and the
relatively greater importance of incidental exposure for coming across science
information online [Shearer and Gottfried, 2017], we expect the same patterns to
hold for incidental exposure and scientific knowledge. In particular, we focus on
knowledge of gene editing as a contemporary issue that one could expect to
come across in the news and that combines scientific and social concerns. We
predict:
     

     	 H1: Incidental  exposure  to  science-related  information  on  social  media  will  be
     positively associated with greater gene editing knowledge.



   
2.2.2     Network heterogeneity

Of course, incidental exposure online is likely shaped by a number of factors, including
one’s previous choices in terms of what information they seek out and/or pay attention to.
Research in modern media environments in particular often looks at how a person’s
information ecology is not just shaped by their explicit choice in content, but also implicit
choices manifested by curation algorithms, or algorithms that shape what comes on
people’s social media pages based on what they have posted or paid attention to in the
past, what those in their networks are sharing, and others factors that the social media site
creators want to prioritize.

   Much of the work focusing on the implications of these interactions between users’
choices and algorithms in online media focuses on the extent to which these interactions
create ideological “filter bubbles” around political issues, or the trend of people to tailor
their news networks to low-quality, highly partisan news with those choices then getting
reinforced by the sites’ algorithms [Pariser, 2011; Flaxman, Goel and Rao, 2016]. There is
evidence to suggest that while curation algorithms do not promote homogeneity as a
rule, they can be designed in such a way that creates homogeneity in networks
[Berman and Katona, 2020; Chitra and Musco, 2020; Li et al., 2019; Min et al.,
2019].
                                                                             
                                                                             

   This concept of network heterogeneity as important for exposure to a diversity of
ideas, and, therefore, as a tool against the dangers of filter bubbles, is a prominent area of
study in regards to online news in particular. Much of the research on network
heterogeneity focuses on what diversity in on- and offline social networks means for how
people engage with political news and discussions. Some studies suggested that people
with more diverse networks would lose political interest because of the threat of
“cross-cutting” disagreements [Mutz, 2002; Feldman and Price, 2008]. However, other
work has suggested that this may not be true if variables such as political knowledge
[Scheufele, Nisbet et al., 2004] and frequency of political discussion [Kwak et al., 2005] are
accounted for.

   The prior research into network heterogeneity is primarily interested in the field of
political communication. Because the main drivers identified in the knowledge and
participation benefits of network heterogeneity are cross-cutting discussion and diversity
of viewpoints [Scheufele, Nisbet et al., 2004] there are challenges in applying
the findings from this body of literature on political communication to other
domains. In science communication, for instance, people may be less likely to
find their friends posting about science issues in the first place. Further, many
measures of heterogeneity that focus on political differences may not capture
the axes of disagreement for science issues for which opinions are not partisan
positions.

   This said, science issues such as gene editing do have disagreement among groups of
people that may be represented in other heterogeneity measures, such as diversity in
levels of religiosity and education in the U.S. [Scheufele, Xenos et al., 2017]. Therefore, we
may expect heterogeneity defined to include these measures of difference to function
similarly for science issues as it has been found to function for political issues. Similarly,
more diverse networks might mean greater likelihood of being connected to
people who pay attention to and share information on different types of topics,
such as science issues, even if oneself does not actively seek out information
on such issues. These connections could increase the likelihood that one comes
across such information in social media. Given as well that evidence from political
communication literature suggests that the likelihood and impact of incidental
exposure through social media depends at least in part on how diverse one’s online
social network is [Lee and Kim, 2017; Ahmadi and Wohn, 2018], we therefore
predict:
     

     	 H2: Network  heterogeneity  will  amplify  the  positive  association  of  incidental
     exposure to science news and knowledge of gene editing.



   
2.2.3     On- and offline discussion

The impact of information encountered online can also depend on the degree to which one
then discusses the information with others in their social network, either on- or offline.
                                                                             
                                                                             
People who frequently engage in discussion about a topic tend to know more about
that topic than those who discuss less often. We see this across science issues
such as climate change [Hannibal and Vedlitz, 2018] and infectious disease [Ho,
2012].

   There are a number of possible explanations for why discussion positively relates to
knowledge. Of course, people who know more might feel more equipped to engage in
discussions on a topic. A reverse causal pathway, however — such that people learn from
each other through discussion — is supported by empirical studies that suggest
interpersonal discussion is associated with issue knowledge even when controlling for
factors such as prior knowledge and news use [Eveland and Thomson, 2006]. Another
explanation for the relationship between knowledge and discussion of a topic comes
from the Uses and Gratifications body of work, which seeks to understand what
attracts people to the media they consume [Rubin, 2009]. Uses and Gratifications
theory is based on the premise that people do not always consume media solely
for information gain but instead can have many separate, often social, reasons
and motivations [Rubin, 2009]. These include perceived uses and gratifications
related to social interaction, political engagement, group identity, or social capital
[Mitchelstein and Boczkowski, 2010; Ruggiero, 2000]. Regardless of the exact
pathways at work in the relationship between discussion and knowledge, we expect
that:
     

     	 H3: Participation  in  interpersonal  discussion  about  science-related  issues,  both
     online and offline, will be positively associated with greater factual knowledge
     about gene editing.


   When it comes to how these knowledge and discussion relate to news use, Uses and
Gratifications theory has also been applied in political communication research to
understand news use via the Differential Gains model. The Differential Gains model
explains why, even if people read the same news stories, some people gain more
knowledge — and by extension become more politically motivated — than others
[Scheufele, 2002]. Differential Gains posits that a key mechanism in this process is
discussion. People who anticipate that they will be discussing an article will read it more
carefully in order to appear more knowledgeable about it and, as a result, gain greater
knowledge through the information exposure [Hardy and Scheufele, 2005; Scheufele,
2002]. Therefore, we also predict:
     

     	 H4: Participation in science discussions will amplify the positive association of
     incidental exposure to science news and knowledge of gene editing.


   Further, because the central premise of the Differential Gains Model is that people
generally want to be seen favorably in the eyes of their social network, not all
interpersonal discussion may be equal in its effects on information gain. The tendency of
discussion anticipation to drive closer reading of news may be especially true if a person
anticipates their discussion partner will have a very different opinion from their own
[Hardy and Scheufele, 2005]. In other words, if a person expects a challenging
argument when they discuss they may be more prone to reading their news
                                                                             
                                                                             
carefully than if they expect friendly banter [Hardy and Scheufele, 2005]. Thus, we
predict:
     

     	 H5: Facebook  Feed  network  heterogeneity  will  interact  with  participation  in
     science  discussions  to  amplify  the  positive  relationship  between  incidental
     exposure to science news and knowledge of gene editing.



   
3     Methods

To examine these hypotheses, we use survey data from a sample of 1,160 social media users
taken from a nationally representative survey of U.S. respondents focused on gene editing
attitudes (n=1600)
conducted by YouGov from December 2016 to January 2017.

   Because these are secondary data gathered for a purpose other than the present study
there are limitations to our work that are explained at length in the discussion section. This
being said, these data still provide a useful means to start exploring incidental exposure to
science news in novel ways.

   Only social media users were analyzed for this study because this study is
interested in the association of knowledge on social media in particular, based on
how users differ across exposure to science-related information, heterogeneous
networks, and discussion. Respondents were matched to a sampling frame on
gender, age, race, education, political ideology, party affiliation, and political
interest to ensure national representativeness based on those characteristics. The
completion rate (AAPOR RR6) of this survey was 41.7%; [Callegaro and DiSogra,
2008].


   
3.1     Analysis

We used hierarchical ordinary least squares (OLS) regression to test the hypotheses
generated for this study. Independent variables were sorted into blocks ordered by
theoretically derived expected causal order. Block 1 contained demographic variables (age,
gender, race, income, and education). Block 2 contained the measure of total attention to science
news. Block 3 contained network heterogeneity based on diversity of people who appear on
one’s Facebook News Feed. Block 4 contained frequency of incidental exposure
to science news on social media. Block 5 contained the measure of frequency of
discussion of science issues with others. Finally, Blocks 6 and 7 contained interaction
                                                                             
                                                                             
variables to examine 1) heterogeneity moderating the effect of incidental exposure on
social media to knowledge (H2), 2) frequency of discussion moderating the effect of
incidental exposure on social media to knowledge (H3), and 3) the three-way interaction
between network heterogeneity, incidental exposure, and frequency of discussion on
knowledge.


   
3.2     Measures

The dependent variable is knowledge of gene editing, and it is based on a composite of
responses to the following factual statements related to gene editing, using a five-point
scale of perceived likelihood that that statement is true (1 = “Definitely true”, 2 = “Likely
true”, 3 = “Likely false”, 4 = “Definitely false”, 9 = “Don’t know”). The battery had nine
knowledge items capturing science knowledge and knowledge of advances and news in
gene editing at the time of the survey in 2016 across different areas relevant to gene
editing:
     

     	“Over time, human DNA has picked up pieces of DNA from different species
     and viruses that naturally mixed in with human DNA.” (True)
     
	“Personal  behavior  or  environmental  factors  cannot  change  human  DNA.”
     (False)
     
	“Ordinary  tomatoes  do  not  carry  genes,  but  genetically  modified  tomatoes
     do.” (F)
     
	“Scientists have changed more than 30 genetic characteristics of commercially
     available plants with gene editing.” (T)
     
	“Genetically modified crops can be legally grown in all parts of Europe.” (F)
     
	“Genetically modified foods are currently sold in supermarkets.” (T)
     
	“To date, no scientists have started human gene editing trials.” (F)
     
	“Some  U.S.  universities  are  currently  fighting  in  court  over  who  owns  the
     patent for the gene editing technology CRISPR-Cas9.” (T)
     
	“According  to  scientists,  human  beings  developed  from  earlier  species  of
     animals.” (T)


                                                                             
                                                                             
Questions 1, 4, 6, 8, and 9 were dichotomized such that those that answered either “Definitely
true” or “Likely true” were considered correct answers. Questions 2, 3, 5, and 7 were
dichotomized such that those that answered either “Definitely false” or “Likely false”
were considered correct answers. These 9 items were summed into an index
(M = 4.44, s.d. = 2.58, Cronbach’s alpha = 0.78).

   A principal component analysis was conducted on these knowledge items. The
solution to this principal component analysis was rotated to produce a simpler and more
interpretable set of results. These results indicated three components with eigenvalues
greater than one, with questions 4, 6, 8, and 9 loading onto component 1 (22.94% of total
variance explained), questions 3, 5, and 7 loading into component 2 (18.82% of total
variance explained), and questions 1 and 2 loading onto component 3 (13.33% of total
variance explained). Investigation in the component matrix did not reveal any obvious
trend of questions belonging to components with respect to topic area. Instead, sorting
might be by question difficulty, or possibly by an unknown trend or random
chance. Because these questions were meant to capture a wide range of the types of
knowledge across different levels of difficulty, it is not surprising that multiple
factors can be extracted from these answers. There are limitations from using a
summated scale of such knowledge questions to capture “knowledge of gene
editing”, and the items may in fact be capturing a multidimensional construct
with dimensions along unknown lines. For the purposes of this study, however,
these existing items can provide a useful starting point for testing how incidental
exposure can relate to factual knowledge relevant to understanding the topic of gene
editing.


   
3.2.1     Demographics

For age, respondents were asked to give their year of birth. This item was then coded into years by
subtracting from 2016 (M = 46.74, s.d. = 16.75).
Gender is a dichotomized item coding “female” as 1, “male” as 0, and all other
responses as missing (52% female, 48% male). Race is also dichotomized, coding
“white” as 1, and all other responses as 0 (67% white, 33% nonwhite). Education
captures respondents’ highest level of school completion: “No high school”,
“High school graduate”, “Some college”, “2-year”, “4-year”, and “Post-grad”.
This item was then coded as a continuous variable from 1 to 6, respectively
(M = 3.28, s.d. = 1.46).
Income asked respondents to identify their annual household income from
the following list: “Less than $10,000”, “$10,000–19,999”, “$20,000–29,999”,
“$30,000–39,999”, “$40,000–49,999”, “$50,000–59,999”, “$60,000–69,999”, “$70,000–79,999”,
“$80,000–99,999”, “$100,000–119,999”, “$120,000–149,999”, “$150,000–199,999”,
“$200,000–249,999”, “$250,000–349,999”, “$350,000–499,999”, “$500,000 or more”.
This item was then coded as a continuous variable from 1 to 16, respectively
(M = 5.60, s.d. = 3.25). To
fill in missing values, we imputed income using hotdecking [Myers, 2011], with education,
race, and gender as donors [Andridge and Little, 2010].


   
3.2.2     Attention to science news

To capture total news attention to science-related issues, respondents were asked the
following question: “Here are a few questions about your typical use of media. In general,
how much attention do you pay to news stories about the following topics? a) Science and
technology; b) Political or ethical implications of emerging technologies, such as gene
editing; c) New scientific tools or developments, such as CRISPR-Cas9.” They were
asked to identify their use on a five-point scale (1 = “None”, 2 = “Very little”,
3 = “Some”, 4 = “Quite a bit”, 5 = “A lot”) and their responses were coded 1
through 5. These items were then averaged into an index of science news attention
(M = 2.69, s.d. = 0.92, Cronbach’s alpha = 0.84).

   For incidental exposure to science news on social media in particular, respondents
were asked the following question about the frequency at which they encounter
science news on social media when using it for a different purpose: “When you use
social networks/social media platforms (e.g., Facebook, Twitter, YouTube, etc.),
how often do you come across news and information on each of the following
when you may have been going online for a purpose other than to get the news?:
Recent scientific developments, such as human gene editing.” Respondents
answered on a five-point scale (1 = “Never”, 2 = “Sometimes”, 3 = “Often”, 4
= “Always or very often”, and 5 = “I don’t know”) and their responses were
coded 1 through 4, with those that responded “I don’t know” being excluded
(M = 1.80, s.d. = 0.84).


   
3.2.3     Facebook network heterogeneity & frequency of discussion

Respondents (out of those that identified that they used social media) were asked
the following to indicate their agreement on a seven-point scale with the
following items pertaining the heterogeneity of their Facebook News Feed: “In my
Facebook news feed there are people who have different levels of education
from me (i.e., high school or less, college or some college, people with advanced
degrees).” 
(M = 5, s.d. = 1.41), “In my Facebook news feed there are people who are extremely interested in politics, people who couldn’t care less, and people in between.” (M = 5.59, s.d. = 1.36), “Many people in my Facebook news feed have political opinions that are very different from mine.” (M = 5.01, s.d. = 1.54), “In my Facebook news feed there are a number of political types, including liberals, conservatives, and moderates.” (M = 5.14, s.d. = 1.58), “In my Facebook news feed there are a lot of people from different age-groups, ranging from young people, to people who are middle-aged and retirement-age.” (M = 5.53, s.d. = 1.44), and “In my Facebook news feed there are people from a diverse mix of racial and ethnic groups.” (M = 5.15, s.d. = 1.53). These responses were then averaged into an index M = 5.33, s.d. = 1.15, Cronbach’s alpha = 0.86).



   Respondents were asked the following question about the frequency
of discussion of science-related issues with other individuals either on- or
offline. Respondents were asked to give their answer on a five-point scale
(from “Never” to “Very often”) and responses were coded from 1 to 5
(M = 2.49, s.d. = 1.07).



   
3.2.4     Interactions

Four interactions were created for this study: 1) incidental exposure to science news *
frequency of science discussions, 2) incidental exposure to science news * Facebook feed
heterogeneity, 3) frequency of science discussions * Facebook feed heterogeneity, and 4)
incidental exposure to science news * frequency of science discussions * Facebook
feed heterogeneity. We standardized the component variables prior to making
the interactions to reduce multicollinearity between the interactions and the
variables capturing the main effects [Aiken, West and Reno, 1991]. To graph the
interactions, we used the SPSS PROCESS Macro by Hayes [2017, Model 4], which tests
moderation and mediation models and produced values of dependent variable at
− 1, 0, and + 1
s.d.
for the independent and moderating variables [Hayes, Montoya and Rockwood, 2017].
The macro uses bootstraping (5000 samples) and provided the values in Table 1, which we
then plotted to create the interactions in Figures 1 and 2.
                                                                             
                                                                             
   

                                                                             
                                                                             
   


                                                                             
                                                                             
 Table 1: Variable distributions. 
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Figure 1:  Frequency  of  science  discussions  moderating  incidental  exposure  and
knowledge. 
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Figure 2: Network heterogeneity moderating incidental exposure and knowledge. 

                                                                             
                                                                             
   



   4     Results

The results of the Hierarchical OLS regression are in Table 2. The model performed well on
tests of normality of residuals, homostochasticity, and normality, using as cut-offs
3.3 and − 3.3
 as
suggested by Tabachnick and Fidell [2007]. The model explains approximately 31 percent
of the variance in knowledge of gene editing.
   

                                                                             
                                                                             
   


                                                                             
                                                                             
 Table 2: Results of hierarchical OLS regression. 
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   The first result to discuss is that incidental science news exposure on
social media was significantly related to gene editing knowledge upon entry
(β = 0.08, p < 0.01),
even after accounting for hard news use. This relationship was not significant in
the final model, however. This result suggests that there may be an association
between incidental exposure to science news and knowledge of gene editing,
but when accounting for other variables in the model there is not evidence for
a direct relationship. This result suggests conditional support for hypothesis
1.

   Frequency of science discussions was significantly related to knowledge of gene editing in the
final model 
 (β = 0.26, p <  0.001).
This
relationship remained significant even when accounting for all other variables in the
model and suggests evidence of a direct relationship between science discussion
frequency and knowledge of gene editing. This result suggests support for hypothesis
3.

   In addition to the direct effect of science discussions, frequency of science discussion
significantly interacted with incidental news exposure in predicting gene editing knowledge
(β = −0.136, p < 0.001).
While we hypothesized a moderating relationship among these variables in hypothesis 4,
the converging direction of relationship is the opposite of what we predicted (Figure 1).
Rather than discussion frequency amplifying knowledge among those who were
incidentally exposed to information on Facebook, incidental exposure seems to alleviate
the gap between those who engage in high and low levels of discussion. In particular, the
relationship between incidental exposure to news and knowledge of gene editing was
strongest among people who discussed science issues less. This result does not support
hypothesis 4.

   Facebook feed heterogeneity was significantly related to gene editing knowledge in the final
model 
(β = 0.09, p < 0.001). In addition to this direct relationship, network heterogeneity significantly interacted with incidental exposure in predicting gene editing knowledge (β = 0.06, p < 0.05),
supporting hypothesis 2 (Figure 2). Incidental exposure to news was more strongly
associated with increases in gene editing knowledge for individuals with more
heterogeneous Facebook news feeds. The three-way interaction between frequency of
science discussions, incidental exposure to science news on social media, and
Facebook feed heterogeneity was not significant, however, so the results do not
support hypothesis 5. These results are presented after controlling for race
(β = 0.16, p < 0.001), education level (β = 0.13, p < 0.001), income (β = 0.06, p < 0.01), and hard science news use (β = 0.17, p < .001), which collectively explained a large, significant amount of variance in the final model (23.4%).
   
5     Discussion

Social media sites are a relatively new and popular source of news for Americans, and
people often stumble across news stories in their newsfeed that they otherwise would not
have sought out. Our study examined how issue knowledge of gene editing might be
shaped by incidental exposure to the topic on Facebook — the most popular social media
site in the U.S. — focusing as well on how this relationship varies depending on
interpersonal discussion and on network heterogeneity.

   Before moving to discussion of the results, some limitations to the data and
analyses are important to keep in mind. First, as described earlier, this study uses
survey data that were collected for a separate original purpose. The data are
cross-sectional, and therefore all the relationships captured are correlational — we cannot
determine whether they are also causal. Further, some question wording was not
tailored to our research questions. For example, our interpersonal discussion
item does not differentiate between online and offline discussion. Instead of
asking people about their online discussion habits (that could be juxtaposed to
online incidental exposure to news), the item captured how much people reported
being a discussant in conversations on science-related issues in their day to day
lives. This wording, however, had the benefit of allowing us to capture a broader
range of potentially relevant behavior and experiences. More useful for future
research, then, would be not to focus exclusively on only online behavior, per se,
but to include measures that capture and distinguish between on- and offline
behavior separately to understand their unique effects and any interactions between
them.

   Our heterogeneity item was also limited but in the opposite direction, where it
narrowly captured only Facebook news feed heterogeneity specifically, even while
our incidental exposure variable focused on online incidental exposure overall.
There may be some concern that this does not capture total online information
diversity, which may vary by platform. But focusing on Facebook could also serve
as a decent proxy, and as the most popular social media platform, it allows us
to understand online heterogeneity for a large part of many Americans’ social
media experience. The drivers for the hypothesized benefit of heterogeneity for
issue knowledge are diversity of opinions and the occurrence of cross-cutting
discussions [Scheufele, Nisbet et al., 2004]. Because our heterogeneity measure included
areas where there are notable disagreements in regard to human gene editing, in
particular race and education [Scheufele, Xenos et al., 2017], this measure should
                                                                             
                                                                             
work to somewhat simulate diversity of attention to and opinions about gene
editing. As we saw in our results, Facebook heterogeneity does seem to relate to
and interact with the important variables of focus for the purposes of this study
— namely knowledge of gene editing and incidental exposure to science news
online.

   Additionally, our knowledge variable is similarly narrow and is likely missing
important aspects of knowledge of gene editing. Focused particularly on factual
knowledge of biological processes and contemporary advances in research and
applications related to gene editing, we captured only part of the range of relevant
science-focused knowledge for insights and discussion into gene editing and
its potential implications. Further, knowledge about related topics concerning
policymaking, ethical concerns, and the other wide range of ethical, legal, and
social aspects of gene editing are relevant to understanding the complex societal
issue.

   The knowledge composite also likely covers knowledge across a range of dimensions
— such as factual specific science knowledge, general science knowledge, and
policy-related knowledge, to name just a few. This was an intentional choice in the initial
plan for these data to capture knowledge related to gene editing across a number of
different topic areas and levels of specificity, but this presents a challenge in this work as
the summated knowledge scale appears to show multiple dimensions without a clear,
discernable pattern. It would be of interest in future research to develop and test a larger
battery of knowledge measures, across different dimensions relevant to gene editing, such
as advances in gene editing technology, policy issues, and basics of genetics. This is
particularly necessary to better understand what kinds of information might be
particularly related to discussion and incidental exposure on science-related topics
through Facebook and social media, and see if such work reproduces the relationships we
find between incidental exposure and higher knowledge levels. A limitation
of our measurement overall in this study also is our reliance on Likert scales.
Despite Likert scales being abundant in the field of communication, they may
create issues such as forcing equal distances of participant answers for ordinal
categories.

   A final concern in this study is missing values, based in part on the wording issues
described above and the challenges of working with secondary data. While we were
interested in social media users specifically, we used an existing nationally representative
survey and did not include individuals that did not have social media or Facebook
accounts. This cut reduced our original sample size of 1,600 to 1,255. We did this because
although measures like incidental exposure to news would make sense to set to 0 for those
who do not use social media (because these individuals are not stumbling across news on
social media by definition), other values like network heterogeneity would make very
little sense to treat as 0 (because these individuals presumably do not all have
completely homogenous networks). This many missing values could be a cause
for concern of a biased sample, but the samples before and after the cut was
relatively similar. The only significantly different means, as found by t-tests at
α = 0.05,
between social media users and non-social media users were attention to science news
(2.72 and 2.50, respectively), gender (0.53 and 0.42, respectively), and education (3.32 and
3.02, respectively).
                                                                             
                                                                             

   While our work has a number of limitations as described above, it also offers
substantial insights into the potential of social media as a vehicle of science issue
knowledge acquisition. The results of this exploratory study presents a strong case for the
value of incidental exposure to news as it extends to science-related issues, a previously
unexamined area in the larger body of research on incidental exposure on social media,
and connects incidental exposure and knowledge to the larger literatures on frequency of
discussion and network heterogeneity. We found that heterogeneity of Facebook
news feeds and interpersonal discussion of science issues are both significant
predictors of gene editing knowledge, even after controlling for both science news
attention and incidental exposure to science news. Incidental exposure to science
news loaded as a significant predictor of gene editing knowledge (even when
controlling for science news attention) but was no longer significant in the model
when interpersonal discussion of science issues was included, perhaps because of
the converging interaction effect between discussion and incidental exposure.
Incidental exposure to science news did significantly interact with both interpersonal
discussion of science issues (Figure 1) and Facebook feed heterogeneity (Figure
2).

   The interaction between incidental exposure to science news and network
heterogeneity shows an amplification relationship. Incidental exposure to science news is
most strongly associated with knowledge of gene editing for individuals with more
diverse Facebook news feeds. This result was predicted and is more in-line with
Scheufele, et al.’s [2004] and Kwak, et al.’s [2005] theoretical framework of network
heterogeneity than Mutz’s [2002] in finding that heterogeneity seems to relate to
outcomes that encourage rather than discourage knowledge gain. It also supports the
argument that network diversity is important for news quality, in line with the
literature on filter bubbles and the negative effects of network homogeneity on
information environments [Pariser, 2011; Flaxman, Goel and Rao, 2016]. This
result is unique, however, in that it is evidence of the importance of network
diversity for news that is found unintentionally, while previous work has focused
on the effects of network heterogeneity on how people intentionally seek out
news.

   Given the interactions we described earlier between users’ past personal choices and
what social media site algorithms prioritize showing to users, it is likely that some of the
incidental exposure that participants reported was due to their past purposeful exposure
to science news and information on social media. That incidental exposure’s
relationship to knowledge varies depending on the diversity of one’s Facebook
network, however, also points to the likelihood that people with heterogeneous
networks are coming across science-related information they otherwise would not
see.

   The significant interaction between incidental exposure and network discussion was in
a more surprising direction. We hypothesized that, like network heterogeneity,
interpersonal discussion of science news would have an amplification relationship with
incidental exposure to science news on gene editing knowledge. This hypothesized
relationship would be in-line with previous work on Differential Gains models that
suggest people read news more carefully if they anticipate interpersonal discussion about
the topics covered in the news articles [Scheufele, 2002; Hardy and Scheufele, 2005]. This
relationship is thought to be especially true if someone expects disagreement because
they have a more heterogenous social network [Hardy and Scheufele, 2005].
                                                                             
                                                                             
Thus, we hypothesized a three-way interaction among incidental exposure to
news, interpersonal discussion of science issues, and network heterogeneity on
gene editing knowledge. This interaction did not end up being significant in our
model.

   Although the two-way interaction between interpersonal discussion of science issues
and incidental exposure to news was significant, it did not reveal an amplification effect
(Figure 1). Instead, the relationship between incidental exposure to news and gene editing
knowledge was strongest among people who discussed the least about science issues
— resulting in convergence among people who reported high and low levels
of interpersonal discussion about science issues. There is a substantial body of
work that suggests a consistent positive relationship between discussion and
knowledge [Holbert et al., 2002; Eveland and Thomson, 2006; Hannibal and Vedlitz,
2018; Ho, 2012], as captured also by Uses and Gratifications and the Differential
Gains models [Scheufele, 2002; Hardy and Scheufele, 2005]. What this result may
suggest is that instead of heightening knowledge gaps, incidental exposure to news
may fill in an existing knowledge gap between frequent and rare discussants of
science.

   This result is again an argument for the importance of incidental exposure to news.
Knowledge gaps exist along a number of axes, and people who are traditionally
uninformed (in this case people who do not often discuss issues) may learn about issues
by accident. The results also highlight how models focused on deliberate information gain
— such as Differential Gains models — might be less appropriate for anticipating the
effects of incidental information gain.

   Of course, here as well we need more research in these areas to start to better
understand the many intertwined factors shaping what people see on social media,
particularly work that allows us to trace causal pathways, including to see to what extent
incidental exposure is determined by past purposeful information seeking. Importantly,
however, the significant interaction between incidental exposure and interpersonal
discussion suggests that although being incidentally exposed to news does not necessarily
translate to more knowledge for those already engaged with an issue, it may fill in a
knowledge gap between individuals who frequently discuss issues and those that seldom
do. The results could provide insight, as well, into how internet use could be alleviating
knowledge gaps, as others have found to be the case, particularly for science issues
[Corley and Scheufele, 2010; Cacciatore, Scheufele and Corley, 2014]. Perhaps not
everyone learns from news that they just so happen to run into on the internet, but,
with diverse networks in particular, incidental exposure could be a significant
source of science information and knowledge for traditionally less science-seeking
people.


   
6     Conclusion

Incidental exposure can be a vital part of people’s information environments, particularly
                                                                             
                                                                             
for knowledge outcomes, and social media appears to be conducive to creating
opportunities for such exposure. Evidence suggests this is especially the case for
information on science-related issues, much of which is increasingly available only online
and which people might be less likely to actively seek out than they are for other news
topics and entertainment. The incidental exposure, in turn, seems to be a possible
mechanism for reducing knowledge gaps between the more- and less-engaged in
discussions on a topic. Its relationship to knowledge also appears to relate to how diverse
one’s network on a social media site is.

   Research is increasingly finding how social media, and online media in general, are
neither a poison nor a panacea for access to accurate knowledge. Despite being ignored by
much of the body of work contending with science issues, incidental exposure seems to be
a particularly important aspect of these environments. Given the dearth of research on
science-related information in particular and the importance of online, and incidental,
exposure for science information, we especially need work expanding from this study to
understand how incidental exposure online matters for knowledge and engagement in
science-related issues. With how intertwined many urgent and complex societal issues are
with science and technology — such as gene editing, artificial intelligence, and the
COVID-19 pandemic — work on what information we all stumble across online
and what this means for our understandings and engagement on these issues is
especially timely and necessary. With this first exploration, we present what we hope
to be a seed for such work. Incidental exposure to science news is a relatively
unexplored course of study, but our results suggest that it may yet be a fruitful
one.
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deviation
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Europe.” (F)
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“Some U.S. universities are currently fighting in court over who 54.9% 45.1%
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species of animals.” (T)
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