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Abstract

Despite the importance of news exposure to political outcomes, news consumption is notoriously
difficult to measure, and misreporting news exposure is common. In this study, we compare par-
ticipants’ news behaviors measured on a news aggregator website with their self-reported story
selection immediately after exposure. We find that both individual and contextual characteristics—
especially the presence of political cues in news headlines—influence reporting of news story
selection. As a result, the news audience profiles differ using self-reported versus behavioral mea-
sures, creating two different pictures of news exposure. More attention is needed to improve news
measurement strategies to address misreporting and to improve the accuracy of news audience
profiles.
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Research consistently shows that people misreport their exposure to traditional news, online news,
and social media news (Guess, 2015; Prior, 2009a, 2009b; Vraga, Bode, & Troller-Renfree, 2016).
This misreporting often takes the form of overreporting or overestimating our exposure to news in
general and when exposed to news in controlled experiments. Misreporting has not only implications
for validity in research but also broader implications for understanding how news use relates to
outcomes like political knowledge and participation (Chong & Druckman, 2012; Dilliplane, Gold-
man, & Mutz, 2013; Price & Zaller, 1993; Prior, 2009a, 2009D).

Innovations in survey design and digital tools for capturing behavioral data show promise in
improving measures of news exposure (Araujo, Wonneberger, Neijens, & de Vreese, 2017).
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Gathering behavioral data by capturing browsing and web histories (e.g., Araujo et al., 2017;
Dvir-Gvirsman, Tsfati, & Menchen-Trevino, 2016; Revilla, Ochoa, & Loewe, 2017), down-
loading mobile phone logs (e.g., Kobayashi & Boase, 2012), and using eye tracking software
that follows participants’ gaze (e.g., Vraga, Bode, & Troller-Renfree, 2016), combined with
efforts to encourage more accurate self-reporting through survey design (e.g., Andersen, de
Vreese, & Albzk, 2016; Guess, 2015; Nelson & Webster, 2017) enable researchers to more
precisely measure media exposure. These efforts to improve measurement undoubtedly have
implications for media effects research.

With this in mind, this study uses an experimental design that manipulates an online news
environment to compare self-reported news exposure behavior with actual “clicks” on simulated
news aggregator websites. By collecting demographic and individual trait data, self-reported expo-
sure data, and web data, this study addresses how contextual cues on the website and personal
characteristics predict self-reported versus actual news exposure, paying special attention to the
news audience profiles that emerge depending on the measures used. This study is designed to
uncover the conditions under which misreporting of news exposure is more likely to occur and detail
how estimates of news audiences might differ if relying on self-reported data of news exposure
rather than behavioral measures.

Literature Review
Measuring News Exposure: Self-Reports and Behavioral Data

Measuring and understanding news exposure is an essential part of media effects and political
communication research (Chong & Druckman, 2012; Prior, 2009b). News exposure has been
linked to both political knowledge and behaviors (Dilliplane et al., 2013; Price & Zaller, 1993).
As such, accurately measuring news exposure is fundamental to testing these outcomes.
Researchers often rely on self-reports to measure this key variable despite the substantial body
of research that shows self-reports are inaccurate and unreliable for traditional media, such as
newspapers (e.g., Price & Zaller, 1993) or television (e.g., Prior, 2009a, 2009b), and for online
and social media (e.g., Araujo et al., 2017; de Vreese & Neijens, 2016; Vraga, Bode, & Troller-
Renfree, 2016).

A substantial body of work has focused on improving self-reports by designing survey measures
that make it easier for participants to accurately gauge their news behavior, including questions
about news use, political and public affairs knowledge, and exposure to specific current events (e.g.,
Andersen et al., 2016; Guess, 2015; Price & Zaller, 1993; Prior, 2009b). One alternative is to ask
about exposure to a specific story, which avoids conveying information about expected frequencies
that could influence participants’ response or lead to flawed estimation (Prior, 2009b; Schwarz &
Oyserman, 2001). However, even in studies that ask about recent exposure to a specific story or
post—as we do in this study—estimations are often inaccurate (Bode, 2016; Jerit et al., 2016; Price
& Zaller, 1993; Vraga, Bode, & Troller-Renfree, 2016).

Despite the difficulties in accurately measuring media exposure, digital tools and innovative
research designs offer some opportunities for gathering these data and linking them to survey or
experimental data (e.g., Araujo et al., 2017; Dvir-Gvirsman et al., 2016; Guess, 2015; Kobayashi &
Boase, 2012; Vraga, Bode, & Troller-Renfree, 2016; Wells & Thorson, 2017). Unobtrusively
capturing website data provides some measure of Internet use and can be used to accurately measure
the kinds of sites that people visit and their behavior on specific sites (Araujo et al., 2017; Barba,
Cassidy, De Leon, & Williams, 2013). Both capturing media use and connecting it to demographic
and personal characteristics are critical to better understanding who misreports their news behaviors
and under what conditions.
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Misreporting News Exposure

Although underreporting media use and exposure does occur (Guess, 2015; Revilla et al., 2017;
Scharkow, 2016), research has largely focused on overreporting—indicting more exposure than
actually occurred—which is particularly common for news exposure (Dilliplane et al., 2013; Price
& Zaller, 1993; Prior, 2009a, 2009b; Scharkow, 2016). For example, Vraga, Bode, and Troller-
Renfree (2016a) found that participants in an experiment did not accurately recall the content of a
simulated Facebook feed in a question immediately following that exposure and tended to over-
report how many political posts they saw. In addition, Jerit and colleagues (2016) show this
imprecision in reporting extends over time with misreporting and overestimation occurring days
after exposure. In their study, 57% of participants in the control condition responded “yes” to
seeing a news story that they did not see, while 33% in the experimental condition responded “no”
despite being previously exposed to the story. Given what we know about overreporting, we
propose the following hypothesis:

Hypothesis 1: Self-reports of news story selection will be higher than actual story selection.

Story Cues and Misreporting

Less is known about how news exposure in different environments affects the accuracy of self-
reports. Measuring news exposure is further complicated by imprecise categorization of what should
count as “news” (e.g., Dilliplane et al., 2013; Vraga, Bode, Smithson, & Troller-Renfree, 2016).
Some scholars distinguish between “soft” and “hard” news content, which may have different civic
and political relevance (e.g., Bakshy, Messig, & Adamic, 2015; Baum, 2002; Prior, 2003), whereas
others debate whether political content should count as a meaningful subset of hard news or a
separate type of content (Bode, 2016; Dilliplane et al., 2013; Prior, 2013a; Vraga, Bode, Smithson,
& Troller-Renfree, 2016). Thus, more attention needs to be paid to story cues (e.g., headlines,
images, sources) that may influence self-reported exposure.

In the current study, we examine story-level factors that may influence misreporting. First, we
explore how the story type will impact misreporting in different news environments. We examine
reporting of exposure to political news, including partisan content, in one simulated news environ-
ment and exposure to nonpolitical hard and soft news stories in another to assess how story char-
acteristics affect reporting and behavior. While many of the factors that predict overreporting—such
as inaccurate recall or flawed inference in estimating exposure (Prior, 2009b)—may apply for a
range of content, story cues are likely to activate different motivations in responding to questions
about that exposure. Given the research emphasis on overreporting, our hypotheses make predictions
about overreporting, while our research questions focus on misreporting:

Research Question 1a: Will misreporting story selection be higher in a political or nonpo-
litical news environment?

Research Question 1b: Will misreporting story selection be higher depending on the type of
news story (e.g., hard, soft, partisan) presented?

News Media Literacy (NML) and Misreporting

Second, we examine the effect of messages designed to promote critical news consumption on self-
reported exposure. We draw on NML education and research, which promotes critical engagement
with news content and consumption of news from a variety of sources (Craft, Ashley, & Maksl,
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2016; Potter, 2018). NML messages designed to accompany news content on websites and social
media have been shown to influence perceptions of partisan and nonpartisan news and news habits
(Vraga & Tully, 2015, 2016). NML education focuses on building knowledge and skills across a
range of domains including knowledge of journalistic constraints and processes, the financial incen-
tives behind news decisions, and the role of individual biases in coloring news perceptions and
consumption (Craft et al., 2016; Maksl, Ashley, & Craft, 2015; Vraga & Tully, 2016). Designing
effective NML messages that promote the critical news consumption tailored for online environ-
ments, then, requires simplifying and distilling these topics into short messages that can be
embedded on websites and social media platforms (Vraga & Tully, 2016).

In addition, we manipulated the presence or absence of popularity cues in the NML messages.
The cue, which invited participants to “join the more than 12,000 people who like us [Media
Literacy Coalition] on Facebook” and included social media logos (e.g., Twitter, YouTube, Insta-
gram), was intended to suggest popularity of the message and organization sponsoring it. Given the
importance of such cues in influencing credibility and news selection behaviors (Messing & West-
wood, 2014; Metzger, 2007), we examine whether the NML messages with a cue are more effective
at promoting accurate self-reporting than those without a cue.

While NML messages have not been studied for their effect on misreporting news exposure,
there are several potential mechanisms by which this might occur. NML messages that encourage
people to be critical and engaged news consumers may promote careful consideration of their
news behaviors (Vraga & Tully, 2015), therefore leading to more accurate recall of their story
selection. In addition, NML messages may encourage people to actually consume more stories as
these interventions promote news consumption, lessening the opportunity to overreport. In short,
if participants are thinking about themselves through the lens of “news consumer,” they should be
more likely to pay attention to their news behaviors and to report accurately. Conversely, the
opposite may apply: Reminding people of the value of news consumption may heighten social
desirability related to reporting story selection, if it is perceived as a pro-social behavior (Kahn,
Ratan, & Williams, 2014; Revilla et al., 2017), without changing actual behaviors, which are more
difficult to change than intentions or attitudes (Ajzen, 1985), leading to more overreporting.
Therefore, we ask the following questions:

Research Question 2a: How will exposure to different NML messages influence misreport-
ing story selection?

Research Question 2b: How will the presence of a popularity cue in NML messages
influence misreporting story selection?

Individual Factors Predicting Misreporting

A number of demographic factors have been shown to affect the accuracy of reporting across
different media types; however, there is less agreement about the nature of these associations. While
many studies suggest that age, income, and education are linked to misreporting media exposure,
others have found no relationship (e.g., Araujo et al., 2017; Guess, 2015; Kahn et al., 2014; Kobaya-
shi & Boase, 2012; Prior, 2009a, 2009b). For example, Prior (2009b) found that people with higher
education were more likely to overreport news exposure, while Guess (2015) suggests that those
with higher education underreport (see also Araujo et al., 2017). Similarly, whether political orienta-
tions are related to misreporting, and the direction of that relationship, remains a source of debate
(Dilliplane et al., 2013; Guess, 2015; Prior, 2009b). Considering the competing findings on the role
of these individual characteristics in misreporting, we ask the following questions:
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Research Question 3a: Will an individual’s demographic characteristics influence misreport-
ing story selection?

Research Question 3b: Will an individual’s party affiliation and partisan strength influence
misreporting story selection?

Next, we consider three news attitudes and related traits: political news interest, need for cogni-
tion (NFC), and tendency toward selective exposure. Research suggests that high interest and use of
a particular media type is often associated with overreporting exposure to media that may be
considered pro-social, like news, while underreporting is more common for less desirable media,
like video games or certain websites (Kahn et al., 2014; Revilla et al., 2017). Kahn, Ratan, and
Williams (2014) suggest that how people view themselves (e.g., as a video gamer, as a regular news
consumer) will influence self-reports about their behavior, so that their views and actions align as a
means of resolving any potential cognitive dissonance. In addition, the strong association between
political interest, knowledge, and media use has led some to debate as to whether such measures are
in fact distinct (e.g., Dilliplane et al., 2013; Price & Zaller, 1993), which may contribute to over-
reporting of news consumption among the politically interested (Prior, 2009b). Considering this, we
propose the following:

Hypothesis 2: People more interested in news will be more likely to overreport story
selection.

Second, NFC, which measures enjoyment of critical thinking and complex tasks (Cacioppo &
Petty, 1982), may not only influence news behaviors and NML but also accurate reporting on such
behaviors (Hobbs, 2017; Maksl et al., 2015; Tully & Vraga, 2017). Individuals with high NFC have
been shown to think more critically about media messages and tend to respond more positively to
NML messages (Austin, Muldrow, & Austin, 2016; Hobbs, 2017; Tully & Vraga, 2017). Although
one study found no relationship between NFC and overreporting (Jerit et al., 2016), it did not
consider cues in the news environment, suggesting the need for further research.

We introduce a third variable: tendency toward selective exposure, which gauges news prefer-
ences for like-minded content or news that supports our worldviews (Stroud, 2011; Tsfati, 2016).
Although the preference for like-minded news and political content is well established (e.g., Garrett,
2009; Stroud, 2011), to our knowledge, it has not been tested with regard to accuracy in self-reported
news exposure. Given its relationship to news behaviors, as well as its association with other
variables such as NFC and media trust (Tsfati, 2016), it seems reasonable to conclude it may
influence accurate reporting as well. Considering these factors associated with news exposure, we
propose the following questions:

Research Question 3c: Will need for cognition influence the likelihood of misreporting story
selection?

Research Question 3d: Will a tendency toward selective exposure influence the likelihood of
misreporting story selection?

The individual characteristics that matter for overreporting exposure may also depend on the #ype
of story being considered. Examining these potential differences allows us to explore the role of
news cues and individual traits in misreporting. For example, educated individuals may be more
likely to overreport their exposure to “hard” news stories—which we define as referencing public
affairs information or current events—but not their exposure to “soft” news stories that focus on
personal stories or come from entertainment sources (e.g., Bakshy et al., 2015; Baum, 2002; Vraga,
Bode, Smithson, & Troller-Renfree, 2016). Likewise, individual traits, especially political party
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identification, may predict exposure to news stories that are congruent or incongruent with one’s
beliefs. Previous research suggests that Republicans may be more likely to engage in selective
exposure (e.g., Garrett, 2009), although this assumption has not been tested in relationship to
misreporting exposure. With this in mind, we ask the following questions:

Research Question 4a: How will the individual differences that predict misreporting news
story selection depend on the type of news story (e.g., hard, soft, partisan) being reported?

Research Question 4b: How will the individual differences that predict misreporting news
story selection differ for congruent versus incongruent politically partisan news stories?

Method

Participants were recruited from Qualtrics panels in March 2017 using quota sampling based on
gender, age, race, and education to approximate the U.S. population. For the website to function and
load properly, participants were asked in the informed consent to take the survey on a computer,
which created some skew in our stratification, particularly for gender (see below). Participants were
also asked to disable their ad blockers and enable cookies as part of the informed consent, although
this was not required.

Participants answered demographic questions before being asked to review a news aggregator
website under development “as if they found it online.” Participants were asked to spend at least
4 min on the site and told they would answer questions about their experience. The websites featured
eight short video news stories. A pretest in March 2017 was used to select these news stories.
Participants recruited from Mechanical Turk (N = 299) were randomly assigned to view 8 (out
of a possible 26) news headlines with leads, as they would appear on the news website. Participants
rated on 7-point scales whether each headline was liberal/conservative, serious/not serious, infor-
mative/not informative, political/not political, and dull/entertaining (see Online Appendix located in
the online supplement to this article for descriptive statistics). For the nonpolitical news condition,
we selected four “hard” and four “soft” news headlines on the basis of these evaluations, as well as
for a diversity of content. For the political news condition, we choose six political news stories—
which offered clear cues about the political valence (e.g., liberal or conservative) of the story—
across three controversial issues (e.g., gun control, climate change, and abortion). We then identified
whether these stories are congruent versus incongruent with party affiliation (e.g., stories that lean
Democratic are congruent to Democrats and incongruent for Republicans, and vice versa), dropping
the neutral stories and independents from this analysis of the partisan stories. Two neutral stories,
which were about political topics but did not include partisan cues, were selected for comparison.

Participants were randomly assigned to either the political or nonpolitical news website. These
two websites, including story order, were held constant across participants and can be seen in the
Online Appendix. After 4 min, the “continue” button appeared and participants continued the survey
(M = 461 s, median = 344, SD = 636 on portal page).

A second manipulation incorporated the NML message into the websites. As participants entered
the site, they watched one of the five videos as “sponsored content.” Four NML videos were
designed to mimic public announcements (PSAs) and focused separately on (1) news production
practices and journalists’ responsibility to construct accurate stories (“Journalism PSA”), (2) citi-
zens’ role to be critical news consumers and the ways in which personal biases color interpretation of
news stories (“Citizen PSA”), (3) the importance of a free press for democratic society (“Democracy
PSA”), (4) a video that briefly combines these three ideas (“Combination PSA”), or (5) a control
video, which was taken from the Ad Council on the danger of texting and driving (“Texting PSA”).
These videos ran 31-42 s in length, and the four NML videos were pretested to ensure they
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adequately conveyed the targeted messages (Vraga & Tully, 2016). The main NML message was
reinforced in sidebar ads throughout the website. The third manipulation involved the presence or
absence of popularity cues at the end of the NML videos and reinforced on the “about” page of the
website. In total, there were 20 experimental conditions: (1) two website contexts (political vs.
nonpolitical), (2) five PSAs (Journalism, Citizen, Democracy, Combination, and Texting), and (3)
two social media cues (present vs. absent).

Participants’ behavior on the news sites was unobtrusively tracked using website analytics
software to determine which stories they clicked on. After visiting the site, participants rated their
perceptions of the site overall before self-reporting which stories they viewed. Participants were
shown a screenshot of the headline, image, and lead of each of the eight stories on the website and
were asked to answer whether they had clicked on that news story (yes/no), similar to yes/no
measures used by Jerit et al. (2016) and Price and Zaller (1993). A total of 3,211 participants
completed the survey with behavioral data recorded for 2,463 participants.

We examine the differences between participants with (N = 2,463) and without (N = 748)
behavioral data. A series of ¢ tests reveal meaningful differences between these groups. Younger
(p = .04), wealthier (p = .04), and more educated (p = .01) participants were significantly less likely
to have behavioral data recorded, as were more Republican individuals (p = .02). Likewise, parti-
cipants without behavioral data reported clicking on more stories total (M = 3.69) than those with
behavioral data (M = 3.46, p = .04). These differences may result from variations in digital literacy
(Hargittai, 2010; Park, 2013), especially as related to use of ad blockers or “do not track” software.
Indeed, we find that people who did not have behavioral data recorded were more likely to report
having used an ad blocker (p = .00) and disabled or blocked cookies (p = .00) and less likely to have
signed into a web browser (p = .01). Limiting our analyses to those participants with behavioral
data, our sample averaged 45 years in age (M = 45.73, SD = 16.41), 54.6% women, 72.2% White,
median education was “some college,” and had a median income of US$25,000-49,000. All
analyses are limited to those for whom we have behavioral data.

Measures

Exposure measures. Our key dependent variable is misreported story exposure, which measures the
gap between self-reported and behavioral click data. First, we created a composite measure of self-
reported exposure by adding the number of stories participants reported clicking on, ranging from
0 to 8. This measure was also subdivided by story type for subsequent analyses (e.g., hard vs. soft
news stories in the nonpolitical condition; liberal, conservative, and neutral stories in the political
condition). We then created a measure of behavioral exposure by summing the total number of
stories a participant clicked according to the website data, ranging from 0 to 8. The measure of
behavioral clicks was subtracted from the self-reported clicks to create a difference score, with a
positive sign signaling more overreporting of story exposure and a negative sign signaling under-
reporting (M = 1.42, SD = 2.34, min = —6, max = 8§).

Personality measures. In addition to the demographic variables noted above, we measure personality
factors that may affect news exposure. NFC was measured using 2 items which rated agreement on a
7-point scale with the statements: “I prefer complex to simple problems” and “I prefer to do
something that challenges my thinking abilities rather than something that requires little thought”
(r=.53,p<.001, M = 4.89, SD = 1.27).

We used 2 items to gauge political news interest, which combined measures of interest in (a)
politics and government and (b) news and current events on 5-point scales (»r = .69, p <.001, M =
3.88, SD = 0.94).
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We also measured tendency toward congruent selective exposure, adapted from Tsfati (2016)
with 2 items measuring agreement on a 7-point scale: “I try to avoid exposure to media outlets
expressing irritating opinions” and “I don’t find much use in reading articles expressing views that
are different from my own” (r = .49, p <.001, M = 4.35, SD = 1.28).

Political orientations. We used a single item on a 7-point scale from strong Republican to strong
Democrat (M = 4.06, SD = 1.87) to measure party affiliation. This was folded to create a measure of
partisan strength, which ranged from “0” for independents to “3” for someone who “strongly”
affiliates with the Democratic or Republican party (M = 1.56, SD = 1.04).

Results
Descriptive Measures of Validity

Before testing our hypotheses and research questions, we explore the validity of participants’ self-
reported behavior compared to their measured behavior. The descriptive statistics for the percentage
of people who self-reported clicking on a news story versus the percentage of people whose
behavioral data confirmed that they clicked on a story demonstrate that self-reported exposure is
consistently higher than behavioral measures (see Online Appendix). This pattern is especially
pronounced for stories that appeared later on the page, largely because the behavioral data suggest
fewer people clicked on these stories.

To better understand this gap between self-reported and behavioral measures, we examine three
types of validation: simple validation, validation of nonclicks, and validation of clicks for each story.
Simple validation (e.g., calculated when the behavioral data match the self-reported data by story)
suggests high levels of reliability across the stories (78%). Subsequent analyses suggest this number
is inflated by high match (91-99%) between self-reported nonclicks (e.g., reporting they did not
click a story) and measured behavior (see Online Appendix). In contrast, self-reported clicks were
validated 33—78% of the time, with most stories closer to 40-50% validation. In other words, people
who self-reported not clicking a story were nearly always accurately reporting their lack of exposure,
whereas those who reported clicking a story were often misreporting their behaviors. The failure to
validate self-reported click data with behavioral data is especially prominent for earlier news stories,
likely because these stories were more often clicked.

Examining the Extent of Misreporting

We formally test the first hypothesis—that self-reported story exposure would be higher than
behavioral exposure—using a paired sample ¢ test. Hypothesis 1 is supported. Across both websites,
people self-reported clicking on 3.51 stories, but behavioral data found an average of 2.01; this
difference is statistically significant (see Table 1). Overall, paired sample # tests show people over-
report their story selection across the nonpolitical and political site and for all types of stories.
However, an independent sample ¢ test demonstrates that the gap between self-reported and mea-
sured behavior (e.g., overreporting) was significantly larger for the political news site than the
nonpolitical site (t = 4.68, p = .00), answering Research Question 1a. While actual story selection
behavior was equivalent across sites (1=.54, p=.59), self-reported story selection was significantly
higher (r=5.06, p=.00) for the political site. In contrast, paired ¢ tests revealed there were no
differences in overreporting for hard versus soft stories (r = 0.82, p = .41) or between congruent
and incongruent stories (t = 0.11, p = .92), therefore suggesting that people are equally likely to
overreport their exposure across story types, per Research Question 1b.

We next compare how three contextual features—whether the site focused on political or
nonpolitical stories, the type of NML message, and the presence of a popularity cue, which we
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Table I. Comparing the Means for Self-Reported Versus Behavioral Measures of Story Choice, by Story
Characteristic.

Story Characteristic ~ Self-Reported  Behavioral Difference t Test Degrees of Freedom p Value

Total 3.46 2.04 1.42 30.06 2,462 .000
Nonpolitical 321 2.02 1.19 18.78 1,210 .000
Political 3.69 2.06 1.63 23.68 1,251 .000
Nonpolitical environment
Hard 1.57 0.99 0.58 17.10 1,210 .000
Soft 1.64 1.03 0.6l 17.46 1,210 .000
Political environment
Congruent 1.56 0.89 0.67 20.17 953 .000
Incongruent 1.42 0.74 0.67 19.21 953 .000

Note. Cells shaded in gray indicate a significant difference between the gap scores across two story types. An independent
sample t test was used to test the difference between the nonpolitical and political story types; hard versus soft and congruent
versus incongruent were tested using a paired sample t test.

experimentally manipulate—and individual characteristics influence misreporting exposure using
a series of linear regression models (see the Online Appendix for the zero-order correlations). We
test overreporting overall, then explore the factors that predict overreporting by story character-
istic—comparing hard versus soft stories in the nonpolitical condition and congruent, incongruent,
and neutral stories in the political condition (Research Question 4).!

Across the models, we find little evidence that the NML messages altered misreporting for any
story type or context, in response to Research Question 2 (see Table 2). Only one case is significant,
with the combination PSA boosting overreporting exposure to soft news stories.

We do find a range of individual characteristics that predict overreporting across all types of news
content. We support Hypothesis 2: Those who report greater interest in news and politics were
significantly more likely to overreport story selection in five of six analyses. Answering Research
Question 3a, young adults, men, minorities, and wealthier individuals were significantly more likely
to overreport story exposure across the models. In addition, Democrats were less likely to overreport
their exposure across story types, per Research Question 2b, while the relationship between partisan
strength and overreporting is only significant for political news stories. Likewise, we observe that
those with higher selective exposure tendencies also tended to self-report greater story exposure for
both political and nonpolitical stories, per Research Question 3d, with the exception of neutral
political news stories. Only a few characteristics—most notably, education—did not produce con-
sistent effects across story type. However, the direction and magnitude of effects were similar,
suggesting these relationships are largely consistent across story types (even if statistical signifi-
cance differs in some cases). Overall, the factors that contribute to overreporting appear largely
consistent across story type, per Research Question 4.

Audience Profiles for Self-Reported Versus Behavioral Measures

To better understand the mechanisms behind overreporting story selection, we use the same models
to predict self-reported exposure separately from behavioral story selection. These models suggest
our picture of the audience differs depending on whether self-reported versus behavioral measures
are used. A series of t-tests were used to probe whether the differences in the beta coefficients is
significant between conditions (e.g., Hardy, 1993).

Our results suggest that the predictors of self-reported story selection are often distinct from those
predicting actual behaviors. A few findings stand out. First, the models are often more successful in
explaining variance in self-reported as compared to behavioral measures of exposure—except for
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Table 2. Linear Regression Predicting Misreporting Story Selection, Depending on Story Characteristic (All
Participants).

Total Nonpolitical Website Political Website
Congruent Neutral
Total Soft Stories Hard Stories Stories IncongruentStories Stories
B SE B SE B SE B SE B SE B SE
Contextual characteristics
Environment .02 1 — — — — —
(partisan)
Combination .05 .14 .09% .10 .02 .10 .04 .10 .06 .10 .02 .06
Citizen —.00 14 .04 .10 .0l .10 —.03 1 —.03 dr —-02 .07
Democracy 0l .14 .05 dr .02 .10 .03 .10 .00 .10 —.05 .06
Journalist -.02 .14 —.00 A1 —.02 .10 —.05 .10 —.06 .10 —.0lI .06
Social —.0l .09 .00 .07 —.03 07 .04 .06 .03 .07 .00 .04
Individual characteristics
Education —.04¥ .03 —.0lI .03 —.04 02 —.04 02 -.02 .03 —.08% .02
Age — 10" 00 —. 11" 00 —.06% .00 —09 .00 —.|3%F* .00  —. 11" 00
Gender —.09%% 09 —.07% .07 —.09% .07 —.10% .07 —. ¥k .07  —.07% .04
(female)
White — 6% 1] — P 08 —20% 08 —.16%* 07 —. 3% .08 —.1I* 05
Income 0¥ .04 LHI¥F .03 L12¥FF 03 .07 .03 .07* .03 09+ .02
Need for .05% .04 .05 .03 .06 03 .05 .03 .05 .03 .03 .02
cognition
Selective 104 (13 03 .09 .03 .08%F .04 .07* .05 .04 .03
exposure
Political/news 0¥ 05 L10%F .04 LI3¥F 04 .08% .04 .03 .04 07 .03
interest
Party affiliation —.13** .03 —.09* .02 —.|0%* 02 —. 10" .02 —.20%* 02 —13F 0l
(Democrat)
Partisan 09% 05 .04 .03 .04 .03 .12¥ 05 e .05 0% .02
strength
R? .128 .089 .15 .103 .124 .083
N 2,457 1,209 1,209 951 951 1,247

Note. Higher category indicated in parentheses. For congruent and incongruent stories, independents are excluded from our
analysis. Table reports standardized B coefficients and standard errors.
*p < .05. *¥p < .0l. **p < .001.

exposure to incongruent political stories, in which more variance is explained for the behavioral
measure of exposure (see Table 3). Second, the NML PSAs (particularly the citizen and democracy
PSAs) appear to depress story exposure to neutral news stories, both for self-reported and behavioral
measures of exposure. While the NML PSAs did not influence misreporting, the fact that they may
have depressed story exposure is unexpected and merits additional consideration. Third, we find that
the popularity cue boosted exposure to incongruent stories, regardless of measurement.

Finally, the individual factors that explain exposure often differ across the models. Using self-
reported measures of story selection, minorities, wealthy individuals, and Republicans report view-
ing more news stories, as are those who are interested in news and politics and who engage in
selective exposure. However, the behavioral measures suggest that it is older adults and nonpartisans
who click on more news stories. Moreover, the size of the effects of political interest and party
affiliation on story selection may be exaggerated when relying on self-reports. These models
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demonstrate that when researchers rely on self-reports, they may get a very different picture of who
is exposed to news than when behavioral indicators are available.

Discussion

This study set out to investigate the ways in which self-reported and behavioral measures of news
story exposure may be shaped by individual predispositions, contextual cues, and story character-
istics. Using website data, we observe which news stories individuals click and compare these
behaviors with their self-reported exposure to the same stories immediately after the experience.
Our results suggest that overreporting of story selection is rampant and that it is responsive both
to contextual and individual cues. This study confirms the importance of integrating digital trace
data and survey data to more accurately capture news exposure and behaviors, as relying on self-
report data may present a very different picture of the news audience than behavioral data
indicate.

First, this study suggests that the context in which news consumption habits are measured matters
for estimates of exposure. While overreporting occurs both in nonpolitical and political environ-
ments, it is more prominent when people confront political stories rather than nonpolitical topics.
Although other research has suggested that social desirability biases are not the best predictor of
inflated news exposure measures (e.g., Jerit et al., 2016; Prior, 2009b), the presence of political cues
may enhance social desirability pressures to engage in a perceived pro-social behavior such as
consuming political news. Alternatively, these salient political cues may hinder accurate recall
given the importance of political beliefs to personal identity (Green, Palmquist, & Schickler,
2002) creating pressures toward group conformity (Guilbeault, Becker, & Centola, 2018), although
the lack of differences in overreporting for congruent versus incongruent stories may undermine this
explanation. Pairing digital trace data with qualitative interviews that explore motivations may
provide insight into these mechanisms.

The other contextual cues—the NML messages, with or without popularity cues—did not affect
misreporting but may have influenced actual news consumption. Videos that reference the popu-
larity of the message on social media platforms boosted exposure (both self-reported and behavioral)
to incongruent political stories, in line with previous research suggesting these cues can be powerful
for overcoming selective exposure biases (Messing & Westwood, 2014). This study demonstrates
such cues may not only guide choices about whether to read a particular story but affect behaviors on
the platform more broadly. As such, popularity cues may be an important avenue to mitigate
selective avoidance of incongruent political content.

In contrast, several of the NML messages depressed exposure to neutral political stories, an
unanticipated effect. Previous research suggests these NML messages can reduce selective exposure
to congruent election stories among Republicans (Vraga & Tully, 2017), but the relationship here is
significant only for neutral political stories. Future efforts to use NML messages to promote diverse
news consumption and accurate self-reported behaviors should consider these difficulties and tailor
their messages to the intended audience and context. If NML messages do not promote more news
consumption, critical engagement with news, or accurate reporting of news exposure, they fail to
deliver on their intended goals of promoting the application of media literacy skills (Bulger &
Davison, 2018; Potter, 2018).

Our study allows us to speak to the mechanisms by which misreporting news exposure can occur.
Our results echo previous research: Young adults, men, wealthier individuals, minorities, and those
interested in news and politics overreported the number of stories that they clicked on the news
aggregator site (Guess, 2015; Prior, 2009b). But for some—Ilike younger adults—overreporting was
driven by their lower levels of actual exposure as measured by behavioral data rather than higher
self-reported exposure. In other words, these individuals self-report clicking on the same number of
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stories as older adults but do not actually do so. For other characteristics—like income and race—it
is a combination of inflated self-reports and unreported behaviors that contributes to misreporting.
Considering how overreporting occurs provides valuable insight into the mechanisms of misreport-
ing and may help resolve disputes about the nature of these effects (Dilliplane et al., 2013; Guess,
2015; Prior, 2009b).

We explore the political predispositions that contribute to misreporting. Of particular note is the
relationship between a tendency toward congruent selective exposure (Tsfati, 2016) and overreport-
ing news exposure. Our results found those who report they engage in select exposure are less likely
to click on incongruent news stories, although this relationship is not significant for self-reported
data. Amid concerns about selective exposure and its influence on democratic society (Prior, 2013b;
Stroud, 2011), these results suggest that those relying on self-reported measures may be overesti-
mating the amount of news and political content these individuals are exposed to and potentially
overstating the magnitude of the problem of selective exposure. This may also be reflected in the
difference in the amount of polarization in news consumption uncovered by studies using self-
reports (e.g., Garrett, 2009; Rodriguez, Moskowitz, Salem, & Ditto, 2017; Stroud, 2011) versus
those relying on aggregate data (Nelson & Webster, 2017; Webster & Ksiazek, 2012; see Dvir-
Gvirsman et al., 2016, for a similar argument).

Our results also raise questions about how political beliefs contribute to misreporting. We find
that Democrats were generally less likely to overreport their story selection compared to Repub-
licans. Notably, Democrats appear more likely to click on incongruent political stories and less
likely to click on congruent political stories (Prior, 2013b; Stroud, 2011). Additionally, partisan
strength tends to consistently produce overreporting for political news stories, driven by a com-
bination of higher self-reported exposure and lower actual exposure. Moving away from self-
reported data appears especially important for answering questions of selective exposure and
inequalities in political news consumption (e.g., Guess, Nyhan, & Reifler, 2018; Nelson & Web-
ster, 2017; Webster & Ksiazek, 2012).

Our study has several limitations. First, although efforts were made to recruit a nationally
representative sample using stratified quota sampling, combining survey responses with trace data
limited generalizability. While we may not be able to precisely estimate population parameters for
demographic variables (although many of our relationships echo previous research; see Guess, 2015;
Prior, 2009; Stroud, 2011), this study provides insights into the contextual cues likely to matter for
overreporting and indicates when self-reported and behavioral measures of exposure are likely to be
substantively different.

Second, participants were asked about their news exposure on a simulated news website created
for this study. To create a consistent experience across conditions, we selected enduring and timeless
news stories and avoided breaking news events. We attempted to produce realistic content by using
actual news stories presented on a site that claimed to be in progress. As such, participants were
aware they would be asked about their experience immediately after their exposure—likely under-
stating the extent of misreporting. Future research should also test whether the same factors that
predict overreporting are maintained over a longer time frame.

Additionally, we acknowledge the need to respect people’s privacy and personal data. Partici-
pants consented to participating in this study, and no personally identifiable data are connected to a
specific individual. The data are used in aggregate. Studies that collect personal web or mobile data
from participants should uphold the highest ethical standards.

This study confirms the importance of integrating digital trace data and survey data to more
accurately capture news exposure and behaviors. The difficulty of obtaining digital trace data
leaves many reliant on self-reports to estimate news exposure; our study helps show that self-
reported data may present a very different picture of the news audience as compared to behavioral
measures of actual exposure and provides guidance on when such self-reported data may be more
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accurate. Moreover, overreporting news exposure occurs frequently, and such overreporting
depends on personal differences and contextual cues. Specifically, those interested in political
news should exercise special caution when relying on self-reported measures of exposure.
Research needs to consider the type of news content being examined, especially its political
nature, when evaluating the validity of self-reported data and constructing interventions to
improve accurate reporting.

Authors’ Note

For access to the SPSS syntax used in this project, please contact Emily Vraga at evraga@gmu.edu.

Declaration of Conflicting Interests

The author(s) declared no potential conflicts of interest with respect to the research, authorship, and/or pub-
lication of this article.

Funding
The author(s) disclosed receipt of the following financial support for the research, authorship, and/or publica-

tion of this article: This research was supported by funding from the University of Iowa Internal Funding
Initiatives from the Office of the Vice President for Research and Economic Development.

Note

1. To ensure these numbers are not artificially inflated by individuals who substantially under or overreport
exposure, a logistic analysis compared those who had perfect match between self-reported and behavioral
data (e.g., reported clicking on “4” stories and have behavioral data confirming clicking on “4” stories)
versus those who had a mismatch of any amount. These analyses largely replicate those reported in the paper
(see Online Appendix).

Supplemental Material

Supplemental material for this article is available online.

References

Ajzen, L. (1985). From intentions to actions: A theory of planned behavior. In J. Kuhl & J. Beckman (Eds.),
Action control (pp. 11-39). Berlin, Germany: Springer.

Andersen, K., de Vreese, C. H., & Albzk, E. (2016). Measuring media diet in a high-choice environment—
Testing the list-frequency technique. Communication Methods and Measures, 10, 81-98.

Araujo, T., Wonneberger, A., Neijens, P., & de Vreese, C. H. (2017). How much time do you spend online?
Understanding and improving the accuracy of self-reported measures of internet use. Communication
Methods and Measures, 11, 173-190.

Austin, E. W., Muldrow, A., & Austin, B. W. (2016). Examining how media literacy and personality factors
predict skepticism toward alcohol advertising. Journal of Health Communication, 21, 600-609.

Bakshy, E., Messing, S., & Adamic, L. A. (2015). Exposure to ideologically diverse news and opinion on
Facebook. Science, 348, 1130-1132.

Barba, 1., Cassidy, R., De Leon, E., & Williams, B. J. (2013). Web analytics reveal user behavior: TTU
libraries’ experience with Google Analytics Journal of Web Librarianship 7 389—400

Baum, M. A. (2002). Sex, lies, and war: How soft news brings foreign policy to the inattentive public. American
Political Science Review, 96, 91-109.

Bode, L. (2016). Political news in the news feed: Learning politics from social media. Mass Communication
and Society, 19, 24-48.

Bulger, M., & Davison, P. (2018). The promises, challenges, and futures of media literacy. Data & Society
Research Institute. Retrieved from datasociety.net


mailto:evraga@gmu.edu
http://datasociety.net

564 Social Science Computer Review 38(5)

Cacioppo, J. T., & Petty, R. E. (1982). The need for cognition. Journal of Personality and Social Psychology,
42, 116-131.

Chong, D., & Druckman, J. N. (2012). Dynamics in mass communication effects research. In H. A. Semetko & M.
Scammell (Eds.), The Sage handbook of political communication (pp. 307-323). Thousand Oaks, CA: Sage.

Craft, S., Ashley, S., & Maksl, A. (2016). Elements of news literacy: A focus group study of how teenagers
define news and why they consume it. Electronic News, 10, 143—160.

de Vreese, C. H., & Neijens, P. (2016). Measuring media exposure in a changing communications environment.
Communication Methods and Measures, 10, 69—80.

Dilliplane, S., Goldman, S. K., & Mutz, D. C. (2013). Televised exposure to politics: New measures for a
fragmented media environment. American Journal of Political Science, 57, 236-248.

Dvir-Gvirsman, S., Tsfati, Y., & Menchen-Trevino, E. (2016). The extent and nature of ideological selective
exposure online: Combining survey responses with actual web log data from the 2013 Israeli Elections.
New Media & Society, 18, 857-877.

Garrett, R. K. (2009). Politically motivated reinforcement seeking: Reframing the selective exposure debate.
Journal of Communication, 59, 676—699.

Green, D., Palmquist, B., & Schickler, E. (2002). Partisan hearts and minds: Political parties and the social
identities of voters. Hartford, CT: Yale University Press.

Guess, A. M. (2015). Measure for measure: An experimental test of online political media exposure. Political
Analysis, 23, 59-75.

Guess, A. M., Nyhan, B., & Reifler, J. (2018, January 9). Selective exposure to misinformation: Evidence from
the consumption of fake news during the 2016 U.S. presidential campaign. European Research Council.
Retrieved from http://www.ask-force.org/web/Fundamentalists/Guess-Selective-Exposure-to-Misinforma
tion-Evidence-Presidential-Campaign-2018.pdf

Guilbeault, D., Becker, J., & Centola, D. (2018). Social learning and partisan bias in the interpretation of
climate trends. Proceedings of the National Academy of Sciences, 115, 9714-9719. DOI: https://doi.org/10.
1073/pnas.1722664115.

Hardy, M. A. (1993). Regression with dummy variables. Newbury Park, CA: Sage.

Hargittai, E. (2010). Digital na(t)ives? Variation in internet skills and uses among members of the “net
generation.” Sociological Inquiry, 80, 92—113.

Hobbs, R. (2017). Measuring the digital and media literacy competencies of children and teens. In F. C.
Blumberg & P. J. Brooks (Eds.), Cognitive development in digital contexts (pp. 253—274). London, England:
Academic Press.

Jerit, J., Barabas, J., Pollock, W., Banducci, S., Stevens, D., & Schoonvelde, M. (2016). Manipulated vs.
measured: Using an experimental benchmark to investigate the performance of self-reported media
exposure. Communication Methods and Measures, 10, 99—114.

Kahn, A. S., Ratan, R., & Williams, D. (2014). Why we distort in self-report: Predictors of self-report errors in
video game play. Journal of Computer-Mediated Communication, 19, 1010-1023.

Kobayashi, T., & Boase, J. (2012). No such effect? The implications of measurement error in self-report
measures of mobile communication use. Communication Methods and Measures, 6, 126—143.

Maksl, A., Ashley, S., & Craft, S. (2015). Measuring news media literacy. Journal of Media Literacy
Education, 6, 29-45.

Messing, S., & Westwood, S. J. (2014). Selective exposure in the age of social media: Endorsements trump
partisan source affiliation when selecting news online. Communication Research, 41, 1042—1063.

Metzger, M. J. (2007). Making sense of credibility on the web: Models for evaluating online information and
recommendations for future research. Journal of the American Society for Information Science and Tech-
nology, 58, 2078-2091.

Nelson, J. L., & Webster, J. G. (2017). The myth of partisan selective exposure: A portrait of the online
political news audience. Social Media & Society, 3. Retrieved from https://doi.org/10.1177/20563
05117729314


http://www.ask-force.org/web/Fundamentalists/Guess-Selective-Exposure-to-Misinformation-Evidence-Presidential-Campaign-2018.pdf
http://www.ask-force.org/web/Fundamentalists/Guess-Selective-Exposure-to-Misinformation-Evidence-Presidential-Campaign-2018.pdf
https://doi.org/10.1177/2056305117729314
https://doi.org/10.1177/2056305117729314

Vraga and Tully 565

Park, Y. J. (2013). Digital literacy and privacy behavior online. Communication Research, 40, 215-236.

Potter, W. J. (2018). Media literacy (8th ed.). Thousand Oaks, CA: Sage.

Price, V., & Zaller, J. (1993). Who gets the news? Alternative measures of news reception and their implica-
tions for research. Public Opinion Quarterly, 57, 133—164.

Prior, M. (2003). Any good news in soft news? The impact of soft news preference on political knowledge.
Political Communication, 20, 149-171.

Prior, M. (2009a). The immensely inflated news audience: Assessing bias in self-reported news. Public Opinion
Quarterly, 73, 130-143.

Prior, M. (2009b). Improving media effects research through better measurement of news exposure. The
Journal of Politics, 71, 893-908.

Prior, M. (2013a). The challenge of measuring media exposure: Reply to Dilliplane, Goldman, and Mutz.
Political Communication, 30, 620—634.

Prior, M. (2013b). Media and political polarization. The Annual Review of Political Science, 16, 101-127.

Revilla, M., Ochoa, C., & Loewe, G. (2017). Using passive data from a meter to complement survey data in
order to study online behavior. Social Science Computer Review, 35, 521-536.

Rodriguez, C. G., Moskowitz, J. P., Salem, R. M., & Ditto, P. H. (2017). Partisan selective exposure: The role of
party, ideology and ideological extremity over time. Translational Issues in Psychological Science, 3,
254-271.

Scharkow, M. (2016). The accuracy of self-reported Internet use—A validation study using client log data.
Communication Methods and Measures, 10, 13-27.

Schwarz, N., & Oyserman, D. (2001). Asking questions about behavior: Cognition, communication, and
questionnaire construction. American Journal of Evaluation, 22, 127-160.

Stroud, N. J. (2011). Niche news: The politics of news choice. Oxford, UK: Oxford University Press.

Tsfati, Y. (2016). A new measure for the tendency to select ideologically congruent political information: Scale
development and validation. International Journal of Communication, 10, 26.

Tully, M., & Vraga, E. K. (2017). Effectiveness of a news media literacy advertisement in partisan versus
nonpartisan online media contexts. Journal of Broadcasting and Electronic Media, 61, 144-162.

Vraga, E. K., Bode, L., Smithson, A. B., & Troller-Renfree, S. (2016). Blurred lines: Defining social, news, and
political posts on Facebook. Journal of Information Technology & Politics, 13, 272-294.

Vraga, E. K., Bode, L., & Troller-Renfree, S. (2016). Beyond self-reports: Using eye-tracking to measure topic
and style differences in attention to social media content. Communication Methods and Measures, 10,
149-164.

Vraga, E. K., & Tully, M. (2015). Media literacy messages and hostile media perceptions: Processing of
nonpartisan versus partisan political information. Mass Communication and Society, 18, 422—448.

Vraga, E. K., & Tully, M. (2016). Effective messaging to communicate news media literacy concepts to diverse
publics. Communication and the Public, 1, 305-322.

Vraga, E. K., & Tully, M. (2017). Engaging with the other side: Using news media literacy messages to reduce
selective exposure and avoidance. Paper presented to the National Association for Media Literacy Educa-
tion, Chicago, IL.

Webster, J. G., & Ksiazek, T. B. (2012). The dynamics of audience fragmentation: Public attention in an age of
digital media. Journal of Communication, 62, 39-56.

Wells, C., & Thorson, K. (2017). Combining big data and survey techniques to model effects of political
content flows in Facebook. Social Science Computer Review, 35, 33-52.

Author Biographies

Emily K. Vraga is an associate professor in the Department of Communication at George Mason University.
Her research focuses on how individuals process news and information about contentious political, health, and
science issues, particularly in response to disagreeable messages they encounter in digital media environments.



566 Social Science Computer Review 38(5)

She is especially interested in testing methods to limit biased processing, to correct misinformation, and to
encourage attention to more diverse content online. She can be contacted at evraga@gmu.edu

Melissa Tully is an associate professor in the School of Journalism and Mass Communication at the University
of Towa. Her research focuses on digital and social media with a particular emphasis on news media literacy
messages designed to be consumed as part of regular news consumption. She is particularly interested in
understanding how news media literacy can be used to address the spread of misinformation on social media.
She can be contacted at melissa-tully@uiowa.edu


mailto:evraga@gmu.edu
mailto:melissa-tully@uiowa.edu


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 266
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 175
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50286
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 266
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 175
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50286
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 900
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 175
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50286
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /CreateJDFFile false
  /Description <<
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9
      /MarksWeight 0.125000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
  /SyntheticBoldness 1.000000
>> setdistillerparams
<<
  /HWResolution [288 288]
  /PageSize [612.000 792.000]
>> setpagedevice


