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This research investigates the extent to which the personality trait of Openness-to-Experience can protect
individuals from living in personal echo chambers that create and reinforce a narrow view on the world.
Analyses of 2 large-scale data sets with over 80,000 participants and more than 40,000,000 behavioral
observations demonstrate that individuals scoring high on Openness show higher variability in the
psychological profiles associated with their personal interests—a novel concept termed psychological
interest diversity. Study 1 examines the Facebook profiles of 57,185 users to demonstrate that a person’s
Openness level predicts the degree to which the pages they like are diverse in the political ideologies,
personal values, and personality traits of their followers. Study 2 replicates the findings of Study 1 using
over 28,000,000 GPS-tracked event attendances collected via people’s smartphones. Specifically, the
results show that individuals (N ! 22,953) with higher levels of Openness also show higher levels of
psychological interest diversity in the events they attend, and that this effect is incremental to countylevel variation in psychological interest diversity. The findings empirically support the theoretical
conceptualization of Openness as a preference for variety and exploration and corroborate the role of
personal dispositions in the creation of personal echo chambers. The discussion highlights the need to
further explore psychological interest diversity as the initial basis of algorithmic filter bubbles—for
example, recommendation systems or targeted advertising—which further amplify and reinforce existing
interests and preferences.
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2016; Dubois & Blank, 2018; Flaxman et al., 2016; Spohr, 2017).
Although the structural features of the physical and virtual environments people inhabit play an important role in creating, maintaining, and exacerbating echo chambers (e.g., Bishop, 2009;
Pariser, 2011), it is likely that an individual’s natural propensity to
engage with diverse content is also determined by personal factors
residing within the individual. That is, some people might be more
likely than others to be open to different views, to have friends that
are ideologically diverse, or to have diverse interests exposing
them to different opinions and belief systems. Person A, for
example, might be interested in sports that are predominantly
played and watched by introverted and liberal intellectuals,
whereas person B might engage with a broader range of sports,
some of which appeal to introverted and liberal academics and
others that appeal to extraverted and conservative working-class
individuals.
A personal factor that is likely to impact an individual’s diversity of interests is the personality trait of Openness-to-Experience
(short: Openness). Openness has been conceptualized as the tendency of an individual to favor novelty and variety over convention (McCrae, 1996; McCrae & Sutin, 2009). As part of the widely
established Five Factor Model of personality (Goldberg, 1992;
McCrae & John, 1992), Openness distinguishes individualistic,
curious, and unconventional people from those who are more
traditional and prefer the familiar over the unusual. In line with this

Recent years have seen a growing concern about the negative
implications of “echo chambers,” that is, environments that reinforce people’s existing views by limiting their exposure to alternative beliefs, opinions, and interests (Flaxman et al., 2016; Sunstein, 2004). Echo chambers are most frequently discussed in the
context of political ideologies and beliefs (e.g., Boutyline &
Willer, 2017; Colleoni et al., 2014; Garrett, 2009; Jasny et al.,
2015). However, more broadly defined, echo chambers can relate
to any mechanism that narrows a person’s experience and view of
the world by selectively exposing them to a particular type of
content. The majority of the ongoing public debate as well as
scientific literature on echo chambers has focused on the effects of
social media platforms that shape individual preferences through
peer influence (e.g., Bakshy et al., 2015), as well as filtering
algorithms that select content based on a user’s existing interests
and past behaviors (e.g., Bakshy et al., 2015; Del Vicario et al.,
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definition, the cybernetic model of personality conceptualizes
Openness as part of the metatrait Plasticity and argues that the
trait’s cybernetic function is to cognitively explore and engage
with information (DeYoung, 2015a, 2015b). According to this
definition, highly open-minded people have more complex and
comprehensive interpretations of the world, because they have a
stronger tendency to seek out, understand, and holistically integrate feedback from their environment and senses (DeYoung,
2015a; DeYoung et al., 2012). Although Openness has traditionally been conceptualized as a predominantly intrapsychic trait, it
also has important implications for how individuals interact with
their social surroundings (McCrae, 1996). Given differences in the
tendency to seek out novelty, variety, and complexity, openminded people have been theorized to be less likely than their
more traditional counterparts to “draw sharp lines between ingroup and out-group” (McCrae, 1996, p. 326). Instead, they value
discussion and diversity of opinion. However, despite its strong
theoretical association with exploration and a preference for variety, there is relatively little empirical evidence showing that Openness is indeed related to diversity in interests when it comes to
everyday behaviors and preferences. In fact, there are less than a
handful of studies providing evidence for the link between Openness and interest diversity as measured by actual behavior. These
studies suggest, for example, that Openness is associated with
more diverse musical preferences (Greenberg et al., 2016) and
more frequent engagement with various cultural activities that
require them to process new ideas (Schwaba et al., 2018).
Importantly, the outlined studies have focused on variability in
preferences for specific activities, items, or categories (e.g., sport,
music, food). Although this operationalization of interest diversity
aligns with the general conceptualization of Openness, it provides
only limited insight into the potential connection of Openness with
personal echo chambers that reflect narrow worldviews and perspectives. Given that differences in such worldviews and perspectives are predominantly defined by psychological characteristics—
including personality, values, and political ideologies—rather than
differences in categorical preferences, it is critical to study interest
diversity from a psychological point of view. In other words, the
mere fact that a person is interested in a wide range of topics does
not guarantee that they will be exposed to different perspectives
and opinions. For example, a person who is interested in cooking,
music, the news, and sports, could be considered to have a topically diverse set of interests. However, if the specific cooking
shows, music artists, and sports teams the person follows are all
conservative and traditional in their appeal, the psychological
perspectives of the people and worldviews associated with these
interests might be rather limited and narrow. In contrast, a person
who is mostly interested in music would appear to have a very
narrow set of interests. Yet, they might be exposed to a wider
range of different worldviews than the first individual, if they were
interested in a variety of different genres and artists (e.g., country
music, jazz, rap, techno, and rock), and therefore more likely to
meet a mix of different people at concerts, read news articles about
the upbringing of artists from different walks of life, or simply
listen to lyrics that are diverse in their outlook on the world.
Consequently, developing an understanding of how individual
differences in interest diversity are associated with personal echo
chambers requires a conceptualization of interest diversity that
goes beyond topical preferences (topical interest diversity).

This research introduces psychological interest diversity as a
novel construct that captures the extent to which individuals show
diversity in the psychological profiles associated with their interests. In other words, how diverse is a person’s set of interests when
it comes to the psychological profiles of the people who are
typically associated with these interests? Does the person have
interests that are mostly associated with one particular type of
psychological profile (e.g., introverted liberals) or a set of interests
that are related to a range of different psychological profiles (e.g.,
introverted liberals and extraverted conservatives)?
Conceptually, psychological interest diversity can be achieved
in two different ways: Diversification across topics as well as
diversification within topics. The former path— diversification
across topics—is predicated on the assumption that even though
topical interest diversity is neither necessary nor sufficient for
psychological interest diversity, the two likely covary empirically.
Specifically, high levels of psychological interest diversity should
be easier to achieve when individuals have their interests spread
across different topical categories. This is because topical categories themselves are often associated with a particular psychological
profile (e.g., Matz et al., 2016). The topical interest category of
books, for example, is broadly associated with introversion, making it harder for individuals who are exclusively interested in
reading to be exposed to more extraverted and outgoing people and
perspectives. The second path— diversification within topics—
suggests that psychological interest diversity can also be achieved
within topics. This requires an individual to exploit the full range
of psychological profiles within a given category (e.g., reading the
most introverted and extraverted books), even if— overall—the
topic itself has a certain psychological affinity. In practice,
the effect of Openness on psychological interest diversity is likely
a combination of the two paths, with open-minded individuals
showing interest in a broader variety of topics as well as a broader
variety of specific interests within those topics.
How does psychological interest diversity matter for the creation and maintenance of personal echo chambers? First, people
with more diverse sets of interests should be more likely to meet
other people who are psychologically diverse, and who have
opinions and experiences that are different from their own. For
example, being interested in both card games and sky diving
makes it more likely that an individual gets exposed to both
introverted and extraverted individuals, who—in turn—might hold
different views on societal issues such as social distancing regulations in times of COVID-19. This effect is likely to be selfreinforcing given that a person’s network of friends has been
shown to have a stronger influence on whether they consume
ideologically diverse content than, for example, algorithmic recommendation systems (Bakshy et al., 2015). Second, high levels of
psychological interest diversity increase the likelihood that people
consume content—for example, news articles, advertising messages, emails, podcasts—that portrays different world views. Specifically, psychological interest diversity can act as a protective
factor against some of the structural drivers of echo chambers,
including personalized recommendation systems and targeted advertising which amplify existing preferences (Steck, 2018). If a
person only visits websites that are tailored to conservatives or
extraverts, the set of recommendations and advertisements that
will be curated for that person will be tailored almost exclusively
toward these traits. If the person, in contrast, visits pages associ-
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ated with conservatives and liberals, or extraverts and introverts,
the recommendation algorithm is less likely to exclusively focus
on the content of either extreme, because there is no distinct profile
to target based on. In other words, recommendation systems and
targeted advertising might exacerbate personal echo chambers, but
they do not necessarily create them in the first place.

This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

Current Research
Using two large-scale, naturalistic data sets with more than 12
million observations of people’s Facebook likes (Study 1, n !
57,185) and more than 28 million observations of GPS-tracked
event attendances (Study 2, n ! 22,953), this research tests
whether open-minded people have a more psychologically diverse
set of interests than their traditional counterparts (i.e., show higher
levels of psychological interest diversity). To provide empirical
support for the proposition that topical and psychological interest
diversity are distinct but related constructs, both studies further
investigate the extent to which the effects of Openness on psychological interest diversity persist, but become attenuated, when
accounting for topical interest diversity. All materials and analyses
scripts can be accessed on OSF (osf.io/9e6jb). Because of privacy
concerns arising from the sensitive nature of the data, raw data
cannot be made publicly available, but might be accessible from
the author upon reasonable request and agreement from the data
providers. Both studies received ethical approval from the Columbia University Ethics Review Board (protocol number: IRBAAAS7365, title: “Openness to Experience Predicts Interest Diversity”).

Study 1
Study 1 tested the association between Openness and psychological interest diversity by investigating the extent to which
people’s Facebook pages vary in the psychological profiles of their
followers.

Method
Data
The myPersonality dataset was collected in the context of a
Facebook application that was active between 2007 and 2012
(Kosinski et al., 2015). The application offered users to take real
psychometric tests and receive immediate feedback on their results. Among other validated tests, users could complete questionnaires to measure their Big Five personality (Goldberg, 1999) and
their personal values (S. H. Schwartz, 2012). Once users had
completed the questionnaires and received feedback, they were
encouraged to provide sociodemographic information (e.g., political ideology) and grant the application access to their personal
profile and social network data. Nearly 7.5 million Facebook users
completed at least one questionnaire and about 40% of users
granted access to their Facebook profiles.
Among other information, including demographic information
or status updates, the personal profile contains a list of Facebook
pages followed by the user. For example, a user might follow the
official page of Lady Gaga or the page of CNN (note that Facebook Pages could reflect individuals, such as “Lady Gaga”; entities, such as “Planned Parenthood”; experiences, such as “read-
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ing”; and more loosely defined interests such as “socializing”).
Importantly, Facebook pages have been shown to vary considerably in their appeal to people of different psychological characteristics, including political orientation, personality, and values
(Kosinski et al., 2013; Matz et al., 2017; Youyou et al., 2015).
Whereas some pages predominantly attract extraverted users (e.g.,
“parties”), others predominantly attract introverted users (e.g.,
“computers”; Matz, Kosinski, et al., 2017). Yet others have a mix
of different followers. This association of Facebook pages with
certain psychological characteristics makes them an ideal proxy
for studying psychological interest diversity. While one person, for
example, might follow only pages that are highly liberal, another
person might follow both liberal and conservative pages. That is,
one can estimate psychological interest diversity as the degree to
which a person follows a diverse set of pages that appeal to
different political ideologies, values, or personality profiles.
The data were obtained as secondary data from the myPersonality project (an overview of publications using myPersonality data
can be found on myPersonality.org). The current sample hence
constitutes a convenience sample in which all U.S. participants
with sufficient self-report and Facebook Likes data were included
in the analyses. The final sample consisted of 57,185 participants
with varying sample sizes across the different outcome measures
(see “Psychological Interest Diversity” section for more details).

Measures
Big Five Personality Traits. The Big Five model of personality (also known as the Five Factor Model) is the most widely
used and validated model of personality to date (Goldberg et al.,
2006; McCrae & John, 1992). It posits five largely independent,
continuous personality traits: Openness to experience (artistic vs.
conservative), Conscientiousness (self-controlled vs. easy-going),
Extraversion (outgoing vs. reserved), Agreeableness (compassionate vs. antagonistic), and Neuroticism (emotionally unstable vs.
stable). The Big Five are conceptualized as a set of relatively stable
traits that explain individual differences in human cognition, emotion, and behavior across situations and contexts (Matthews et al.,
2003). Importantly, the Big Five traits are known to predict a broad
variety of important real-life outcomes and preferences such as
vocational interests or political attitudes (for a comprehensive
overview see: Ozer & Benet-Martínez, 2006)
The Big Five traits were measured using different versions of
the IPIP personality questionnaire (International Personality Item
Pool), an established open-source measure of the Big Five model
(Goldberg et al., 2006). The IPIP requires participants to indicate
their agreement with statements such as “I don’t like to draw
attention to myself” (reversed Extraversion) using a five-point
Likert scale that ranges from 1 (very inaccurate) to 5 (very accurate). The IPIP has been shown to have excellent psychometric
properties, including high reliability, convergent validity, discriminant, as well as robust criterion validity when predicting real-life
outcomes (Goldberg et al., 2006). The personality responses supplied by myPersonality were aggregated to trait scores before
being made available to the researcher. However, the original
authors of the dataset highlight that with an average Cronbach’s
alpha of 0.91, the scale reliabilities were found to be excellent
(Kosinski et al., 2015).
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Schwartz Values. Schwartz’ theory of values argues that
every individual has a set of values that motivate their actions
(Schwartz, 1994), and captures the following 10 values: Security, Conformity, Tradition, Benevolence, Universalism, SelfDirection, Stimulation, Hedonism, Achievement, and Power. Although some researchers have argued that personality traits and
personal values are measuring the same underlying constructs
(A. H. Buss, 1989), meta-analytical evidence indicates that personality traits and values are distinct constructs (Parks-Leduc et
al., 2015). Values were found to be related to political attitude and
behavior (Boer & Fischer, 2013; Caprara et al., 2006), and to
outperform personality traits in the prediction of political orientation and voting behaviors (Caprara et al., 2006).
The Schwartz values were measured using the Schwartz Value
Survey (SVS), which includes 57 items (Schwartz, 1992). Participants were presented with the 10 different values (e.g., “POWER
(social power, authority, wealth)”) and asked to rate how important
these values are to them as life-guiding principles on a 9-point
scale ranging from "1 (opposed to my values) to 7 (supreme
importance). The scores on each of the 10 value dimensions were
calculated as the average of all associated items. With internal
consistencies ranging from # ! .30 for the Security dimension to
# ! .75 for the Achievement dimension (M ! 0.53, SD ! 0.15),
the internal reliabilities of the scale were found to be poor to
acceptable.
Political Ideology. Political ideology was measured as a categorical variable in which people could indicate one of multiple
political orientations. For the sake of simplicity, only participants
who had indicated that they considered themselves “liberal,”
“democrat,” “conservative,” or “republican” were retained in the
analyses. The responses were collapsed to the two categories of
“liberal/democrat” versus “conservative/republican.”

Psychological Interest Diversity. For the purpose of this
study, the dataset was restricted to people who indicated that their
hometown or current residency was in the United States, and who
liked at least 20 pages (the original dataset contains information on
3,061,261 unique pages). To bolster the accuracy of page profiles,
only pages with at least 50 followers were retained for the analyses
of political orientation and personality diversity, and only pages
with at least 20 followers for the analyses of value diversity (due
to the smaller sample size). The number of participants and Facebook pages varied across the three outcome categories (political,
values, and personality), with a maximum of 57,185 participants
and 32,530 pages (see Figure 2 for sample sizes). Sixty-four
percent of participants reported to be female, with an average age
of 26 years (SD ! 11 years).
Psychological interest diversity was measured as the variance in
the average psychological profiles of Facebook pages followed by
an individual (see Figure 1 for a visual illustration of the process).
In a first step, the psychological profile of each Facebook page was
calculated by averaging the political ideology, values, and personality scores of all users connected to that page. For example, the
extraversion score for the CNN page was calculated as the average
extraversion score of all users in the sample who followed the
CNN page. Similarly, the political ideology score of the CNN page
was calculated as the percentage of users connected to CNN who
identified as “liberal/democrat.” In a second step, for each individual in the sample, the variability (standard deviation) in the
psychological profiles of his or her Facebook pages was calculated
to reflect psychological interest diversity. An individual’s extraversion variability score, for example, indicates the extent to which
that individual’s Facebook pages vary in their extraversion appeal.
A high score on any of the psychological interest diversity measures indicates that an individual is connected to both extraverted

Figure 1
Operationalization of Psychological Interest Diversity in Study 1

Note. In Step 1 (left panel), the average personality profile of each Facebook page in the dataset (e.g., Lady Gaga) is calculated by averaging the personality
profiles of all followers associated with that page. In Step 2 (right panel), the variance (SD) in the personality profiles associated with an individual’s unique
set of Facebook pages is calculated to indicate their level of psychological interest diversity. See the online article for the color version of this figure.
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Figure 2
Standardized Beta Coefficients of Linear Regression Models Regressing the Big Five Traits (A–E), Age (F), and Gender (G) Onto
Psychological Diversity of Interests Across 48 Model Specifications (16 Outcomes $ 3 Sets of Control Variables) in Study 1

Note. Error bars indicate 95% confidence intervals. See the online article for the color version of this figure.

and introverted pages, whereas a low score indicates that the
individual predominantly follows extraverted or introverted pages.
Importantly, psychological interest diversity is measured as an
individual’s variance in the average psychological profiles of
Facebook pages (i.e., a person’s SD of page means) and not an
individual’s average of the variance in the psychological profiles
of those pages (i.e., a person’s mean of page SDs). This distinction
is critical to ensure that the psychological characteristics associated with the pages a person follows are salient and relevant for the
given interest. That is, a large standard deviation in the political
ideology scores associated with a particular Facebook page signals
that the interest brings together both conservatives and liberals, but
it does not guarantee that people who follow this page are exposed
to different political views. For example, if political ideology is
irrelevant in the context of cooking, then merely bringing together
people of different ideologies does not guarantee that a person
interested in cooking will experience diversity in political ideologies—the topic might simply never come up. Consequently, in the

majority of cases, a large standard deviation in the psychological
profiles of followers likely indicates that the psychological characteristics do not matter for the particular interest. In contrast, the
current focus on the variance in average psychological profiles
guarantees that the pages contributing to high levels of variance
(i.e., high levels of interest diversity) have a salient psychological
profile that is relevant to the context of the particular interest. That
is, if a Facebook page is assigned with a highly liberal profile,
political ideology must be relevant for the particular interest or
otherwise the page should have attracted both conservative and
liberal individuals. As a result, an individual’s interest diversity
score can only be high, if they followed pages with distinct
psychological profiles on both sides of the spectrum, making it
more likely that they will be exposed to different perspectives
associated with these different political ideologies.
Table 1 shows the means and standard deviations of the 16
different psychological interest diversity outcomes, as well as their
zero-order correlations with 95% confidence intervals. The corre-
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Table 1
Descriptive Statistics (Mean, Standard Deviations, and Zero-Order Correlations) for the 16 Outcome Variables of Psychological Interest Diversity in Study 1
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lations within one of the three outcome categories (i.e., political
ideology, values, and personality), as well as all means and standard deviations are based on the full sample used in the respective
analyses (see Figure 2 for sample sizes). The correlations across
categories are based on the subsample of participants for whom
both outcome measures were available (see Supplemental Tables
S1–S3 in the online supplementary material for all zero-order
correlations specific to the samples for political ideology, values,
and personality). Importantly, the correlations among the different
psychological interest diversity outcomes are predominantly positive and of medium effect size. This suggests that the different
outcome measures all reflect a common latent dimension but are
nonredundant and capture unique variance.

Analyses
To test whether a person’s diversity in Facebook pages is
associated with their Openness level, all 16 interest diversity
outcomes (one political, five personality, ten values measures)
were regressed onto Openness (Model 1). Model 2 added the other
Big Five traits as well as age and gender as controls, and Model 3
further included the total number of pages followed as well as the
degree to which the personality traits of the person were extreme
(absolute difference from the sample mean). The measures of
personality extremeness were added as controls, as more extreme
profiles might be indicative of how unconventional a person is.
Adding this control makes it possible to rule out the alternative
explanation that higher Openness is linked to greater psychological
interest diversity due to unconventionalism. Given that the standard deviation in the psychological profiles of Facebook pages is
partly a function of the mean, all three models controlled for the
mean level preference (i.e., average Extraversion level of pages
followed) as well as the extremeness of the mean level preference
(i.e., absolute deviation of the average Extraversion level of pages
followed by a person from the mean Extraversion score across all
participants in the sample).
To investigate the extent to which the effect of Openness on
psychological interest diversity is both driven by diversity across
and within topics, additional analyses tested the effect of Openness
on psychological interest diversity within topical categories.
MyPersonality supplies categories for a small portion of pages
observed in the full database (8.4% of all pages). In total, there
were 49,000 unique categories. However, many of the categories
were not meaningful at face value (e.g., Zombie Nights, NOT
EVER) and/or included too few individual pages to be relevant for
the current set of analyses. Therefore, the list was first restricted to
a total of 69 categories with 173,967 unique pages associated with
them. Categories were included in this initial set if they had at least
100 pages associated with them, and if they could be interpreted in
a meaningful way. In addition, categories that represented the
same construct were collapsed into one (e.g., TV shows and TV).
Similar to the main analyses, the data sets were limited in an
iterative process to U.S. residents with at least 20 pages across the
69 categories, and pages with at least 50 followers (20 for value
diversity measures). To estimate psychological interest diversity
within categories, the standard deviation of pages was calculated
separately for each participant and category. For example, if a
participant had followed 10 different pages in the “Food and
Beverages” category, the standard deviation in psychological pro-
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files associated with these pages indicated the psychological diversity of the participant’s interests in this specific category. To
allow for a robust estimation of category-specific diversity measures, we only considered cases in which a participant had followed at least three pages in any particular category. Finally, to
provide enough observations for each category, we only retained
those categories with at least 100 followers (each of which followed at least three pages in this category). This procedure resulted
in 31 categories for personality and political ideology and 29
categories for values (see Supplemental Table S4 in the online
supplemental material for a full list of all categories associated
with each outcome). Before being submitted to multilevel models
with participants nested in categories, all variables were groupmean centered (Raudenbusch & Bryk, 2002). The predictors of
Models 1–3 were equivalent to those of the main analyses.
The extent to which effect sizes change compared to the main
analysis provides insights into whether the relationship between
Openness on psychological interest diversity is driven by higher
levels of diversity across topics, within topic, or both. If both
mechanisms are at play, the effects should persist, but become
smaller in magnitude. If the relationship was exclusively driven by
diversity across topics the effects should disappear. Finally, if the
relationship was exclusively driven by diversity within topics,
effect sizes should remain unchanged.
Importantly, these additional analyses merely shed light on the
mechanisms through which Openness is related to psychological
interest diversity. They do not speak to the importance of Openness in the creation of personal echo chambers more broadly. What
matters for whether an individual gets exposed to different world
views is the extent to which they have psychologically diverse
interests (main analyses). Whether or not those interests fall into
the same topical category or not is irrelevant to the outcome. For
example, an individual might be exposed to both liberal and
conservative viewpoints, because they are interested in a variety of
topics some of which appeal to liberals (e.g., podcasts), and some
of which appeal to conservatives (e.g., hunting). But they could
equally be exposed to different world views if they were only
interested in one topic (e.g., TV series), but engaged with a variety
of subtopics that are both liberal (e.g., Outlander) and conservative
(e.g., the Last Man Standing) in their following.

Results
Effects of Openness on Psychological Interest Diversity
Consistent with the theoretical conceptualization of Openness,
higher levels of Openness were found to be significantly associated with higher levels of interest diversity in 42 out of the 48
model specifications, average(&) ! .046, min(&) ! ".021,
max(&) ! .100 (see Figure 2A). These findings suggest that people
scoring high on the personality trait of Openness also tend to show
greater variability in the psychological profiles associated with
their preferences and interests. On average, the effects were found
to be strongest for interest diversity in personality, average(&) !
.068; followed by personal values, average(&) ! .037; and political ideology, average(&) ! .021. In addition to Openness, Conscientiousness was also found to positively predict interest diversity in 32 out of the 48 model specifications, average(&) ! .018,
min(&) ! ".034, max(&) ! .088 (see Figure 2B). Notably, Conscientiousness was the only Big Five trait that predicted high levels
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of interest diversity in political ideology. None of the other personality traits showed consistent findings (Figure 2 C–E). With an
average effect size of & ! .13, age was found to be the strongest
predictor of psychological interest diversity, min(&) ! ".042,
max(&) ! .32 (see Figure 3F), with older people showing higher
levels of interest diversity than young adults. Women were found
to have lower levels of psychological interest diversity than men,
average(&) ! ".075, min(&) ! ".22, max(&) ! .098 (see Figure
3G). Comparing the effect sizes of Openness to those observed for
age and gender shows that the effects of Openness are about one
third to half in magnitude. Detailed model outputs can be found in
Supplemental Tables S5 to S20 in the online supplementary materials.

Effects of Openness on Psychological Interest Diversity
When Accounting for Topical Interest Diversity
The results of the multilevel analyses show that Openness
remained significantly associated with psychological interest diversity even when nested in topical categories (see Figure 3A). In
line with the proposition that psychological interest diversity is
driven by diversity across as well as within topics, the effects were
substantially smaller, but positive and significant in 36 out of 48
specifications, average(&) ! .013, min(&) ! ".007, max(&) !
.037. The findings also corroborate the unique role of Conscientiousness in the context of political diversity, with the effects being
most pronounced for this combination of outcomes and predictors,

Figure 3
Standardized Beta Coefficients of Multilevel Models With Observations Nested in Categories Regressing the Big Five Traits (A–E),
Age (F), and Gender (G) Onto Psychological Diversity of Interests Across 48 Model Specifications (16 Outcomes $ 3 Sets of Control
Variables) in Study 1

Note. A comparison of the effect sizes presented in Figure 3 with those of Figure 2 illustrate that the effects of Openness on psychological interest diversity
become attenuated, but persist, when accounting for topical diversity, suggesting that the relationship is driven by a diversification across and within
categories. Error bars indicate 95% confidence intervals. See the online article for the color version of this figure.
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max(&) ! .089. Detailed model outputs can be found in Supplemental Tables S21 to S36 in the online supplementary materials.
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Study 2
Study 2 replicated and expanded the findings from Study 1
using GPS-tracked event attendances to capture psychological
interest diversity in people’s everyday lives. Whereas people’s
daily activities have been difficult to assess using traditional selfreport measures, the sensing technologies embedded in people’s
smartphones make it possible to track such activities almost continuously and in high resolution (Harari et al., 2016). Building on
the findings from Study 1, the analyses tested whether a person’s
Openness level is associated with the extent to which they attend
events of different psychological affinities.

Method
The methodology of Study 2 differed from that of Study 1 in
two important ways. First, Study 2 investigated the psychological
profiles associated with different event categories (e.g., yoga
classes) rather than individual events (i.e., a particular yoga class
that happened on 72nd Street in Manhattan on May 8th, 2018; see
Data and Measures section for more detail). Second, Study 2 relied
on recent advances in the automatic prediction of psychological
traits from digital footprints—rather than self-reported survey
measures—to assess participants’ personality. As outlined in more
detail below, these novel types of personality assessments make it
possible to observe individual differences at scale without requiring participants to complete questionnaires. In the context of
natural behavioral observations—such as the examination of daily
event attendances in this study—predictive approaches to personality assessments are often the only viable option for capturing and
exploring individual differences in large samples. Although predictive personality assessments are not without drawbacks (Azucar
et al., 2018), they have been shown to provide accurate representations of personality (e.g., Kosinski et al., 2013; G. Park et al.,
2015; Youyou et al., 2015) and to allow for the investigation of
new phenomena that otherwise would not have been possible
(Youyou et al., 2017).
The main hypotheses and analyses were preregistered on AsPredicted and can be accessed on OSF (osf.io/9e6jb).1

Data
The data used in the analyses is a combination of two independent sources: (a) Big Five personality scores and (b) GPS-tracked
event attendances (see Measures section for more details). The
personality data were provided by the predictive analytics company Pinpoint Predictive, which uses machine learning to predict
the personality traits of people from their digital footprints. The
event attendance data were obtained from Gravy Analytics, a
consumer insights provider that translates raw GPS signals from
mobile devices into meaningful event attendances. The two data
sets were matched by the researcher based on device ID, a unique
identifier associated with an individual’s smartphone device. The
original dataset provided by Gravy Analytics included event information from n ! 168,604 individuals who had attended at least
20 events between January 1st and June 30th of 2018. Of these
users, n ! 23,462 could be matched to a unique personality profile
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in the Pinpoint Predictive sample. This combined sample was
further reduced after filtering out events that could not be reliably
rated on the psychological traits (see Measures for more detail).
Given that the reliability of event ratings is specific to each trait,
the final sample sizes varied across the different sets of outcome
measures (e.g., judges might agree on whether they perceive a
yoga class to be more or less agreeable, but they might not agree
on whether a yoga class is more or less conscientious). On average,
the analyses were based on a sample of n ! 14,386 participants
(SD ! 4,766; min(n) ! 5,298 for interest diversity in Openness;
max(n) ! 18,728 for interest diversity in Neuroticism) and
865,598 event attendances. Given the sensitive nature of the data,
no information other than personality traits and event attendances
was available for analyses.

Measures
Big Five Personality Traits. Pinpoint Predictive’s assessment procedure is based on a growing body of work suggesting
that people’s psychological characteristics, including their Big
Five personality traits, can be accurately predicted from a wide
range of digital footprints (Azucar et al., 2018). These include
people’s Facebook likes (Kosinski et al., 2013; Youyou et al.,
2015), their Facebook status updates, and Tweets (Park et al.,
2015; Quercia et al., 2011; H. A. Schwartz et al., 2013), credit card
spending (Gladstone et al., 2019), pictures (Segalin et al., 2017), or
smartphone sensing data (Stachl et al., 2019). That is, instead of
requiring participants to complete a questionnaire to measure their
personality profiles, their digital footprints are used to predict them
using machine learning. The proprietary Pinpoint assessment algorithms are based on the data-driven methods suggested in prior
work (Kosinski et al., 2013; Park et al., 2014; H. A. Schwartz et
al., 2013; Youyou et al., 2015). Pinpoint Predictive uses thousands
of anonymized online and offline behavioral data points as the
input of their predictive models. These include transactional data
points, subscriptions, hobbies, and registration data. Importantly
they do not contain any GPS-tracked information. In a first step,
these raw behavioral data are processed using unsupervised machine learning algorithms, such as Latent Dirichlet Allocation
(Blei et al., 2003), alternating least square matrix factorization
(Koren et al., 2009), and Word2vec (Mikolov et al., 2013) to
reduce the dimensionality of the input feature matrix used to
predict the personality traits. In a second step, a range of supervised machine learning algorithms are trained that learn the statistical relationships between the behavioral dimensions and firstparty psychometric data, which includes a version of the IPIP
extended Five Factor Model. The models’ accuracy is evaluated
using standard out-of-sample cross-validation procedures (for a
more detailed explanation of the process see Park et al., 2014;
Youyou et al., 2015). The predictive accuracy of the proprietary
Pinpoint models is comparable to those of published work in the
field (Kosinski et al., 2013; Park et al., 2014; H. A. Schwartz et al.,
2013; Youyou et al., 2015). Pinpoint makes predictions of person1
Based on reviewer feedback, the analyses presented in this paper
slightly deviate from the preregistered analyses. Specifically, the current
manuscript expands the preregistered analyses in that it controls for
county-level interest diversity and repeats all analyses controlling topical
interest diversity. Given the additional constraints, the sample sizes and
cut-offs for inclusion deviate from the preregistered analyses.
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ality on the level of personality facets, which allows one to
distinguish between different aspects of Openness. Specifically,
they predict the six facets of Imagination, Artistic Interests, Emotionality, Adventurousness, Intellect, and Liberalism. Given that
the last three dimensions are more closely related to aspect of
Openness that is concerned with a preference for variety and
exploration, the preregistered analyses focus on the average of
those three aspects (the results replicate when using the overall
Openness score).
GPS-Tracked Event Attendances and Their Psychological
Profiles. Gravy Analytics translates raw GPS signals from mobile devices into event attendances using a three-step procedure.
First, locations/venues across the United States are manually geofenced using polygons (a geo fence refers to a virtual perimeter for
a real-world geographic area). Second, longitude and latitude coordinates are mapped against the available geo-fenced venues
across the United States to determine whether and when a particular user visited a particular venue (e.g., a yoga studio in Manhattan). Third, the time-stamped visitation data are mapped against
venue information available on the Internet, such that visitations of
a particular venue are associated with events that happened at that
specific venue at that specific time. For example, if a yoga class
(event) happened in a specific dance studio in Manhattan (location) at 4 p.m. on Friday, May 8th, 2018 (timestamp), then the data
point was registered as a “yoga class.” The consumer insights
provider preclassified these events according to 597 broad categories such as “comedy,” “museums & attractions,” or “meditation”.
The event data used in the following analyses include GPS data
from U.S. mobile device users over the period of six months
between January 1st and June 30th, 2018. All entries were appended with date and zip code information.
To approximate the appeal an event category has to different
types of people, 177 participants on Amazon Mechanical Turk
rated the 597 event categories based on their perceived personality
and political orientation. Event categories were not rated on personal values as pilot analyses suggested that personal values could
not be rated reliably across judges. For each participant, 50 event
categories were randomly selected from the overall pool of 597
categories. Participants were given the following instructions,
which have been previously validated in the context of brands, and
products (e.g., Aaker, 1997; Matz et al., 2016):
On the following pages we are going to show you 50 different event
categories that people can attend (e.g., travel or entertainment). We
would like you to think of each category as if it were a person. This
may sound unusual, but think of the set of human characteristics
associated with each event category. What are the characteristics of a
person who would typically attend such events? We’re interested in
finding out which personality traits or human characteristics come to
your mind when you think of a particular event. There are no wrong
or right answers.” Each rating was subsequently prompted by: “If the
event category X was a person, which characteristics would it have?
In other words, what is the psychological profile of the typical person
attending events related to X?”

Participants rated the psychological profiles of event categories
using the following 7-point bipolar scales ranging from conservative/republican to liberal/democrat (Political Ideology), conventional/uncreative to open-to-new-experience/artistic (Openness),
disorganized/careless to dependable/self-disciplined (Conscien-

tiousness), reserved/quiet to extraverted/enthusiastic (Extraversion), critical/quarrelsome to sympathetic/warm (Agreeableness),
and anxious/easily upset to calm/emotionally stable. On average,
each event category was rated 14.8 times. The psychological
profile of each event category was measured as the average of all
ratings obtained for the particular category. Interrater agreement
for each trait and category was calculated using rwg (James et al.,
1993). rwg captures interrater reliabilities in settings in which a
group of judges rates a single target (i.e., an event category) on a
single variable (i.e., Extraversion). The rwg coefficient is a function
of two values: (a) the observed, empirical variance in the judge’s
ratings, and (b) the estimated variance in ratings if the judges’
ratings were random. Subtracted from 1, this fraction can be
interpreted as the proportion of variance that can be attributed to
agreement (O’Neill, 2017). The agreement coefficient can range
anywhere between 0 (complete disagreement) and 1 (complete
agreement). rwg was calculated using the “multilevel” package in
R (Bliese, 2016), We excluded all event categories that had an rwg
score lower than .5, leaving us with an average of 168 event
categories across the six psychological traits (173 for political
ideology, 62 for Openness, 244 for Conscientiousness, 128 for
Extraversion, 137 for Agreeableness, and 253 for Neuroticism
ratings). Supplemental Tables S37 to S42 in the online supplementary materials display the average ratings for each category, the
number of raters, and the respective rwg scores.
Psychological Interest Diversity. Interest diversity in political orientation and personality traits was calculated as the variability in event profiles for each person. For example, a person’s
interest diversity in the political affinity of the events they had
attended was calculated as the standard deviation of the MTurk
rated event profiles associated with their events. The same procedure was applied for the personality profiles associated with their
events. To increase the reliability of the measures, only participants with more than 10 events over the course of the 6 months
tracking period were retained for the analyses.2 Given that the
number of event categories differed across outcome measures, the
number of participants with more than 10 events varied across
analyses. On average, the analyses included data from 14,386
participants (SD ! 4,766; min ! 5,298; max ! 18,728) and a total
of 865,598 event attendances (see Figure 3 for sample sizes). As
the same person could attend the same events repeatedly, there is
a small proportion of users (approx. 5% of the overall samples) for
which there was no variance in the psychological profiles of
attended events for a given outcome variable (e.g., a person who
only attended multiple yoga classes, but no other events). The
current analyses include these observations and consider them an
indicator of the most narrow psychological interest diversity profile. However, the findings replicate in both direction and magnitude of effects when excluding these individuals from the analyses.
Table 2 shows the means and standard deviations of the six
different psychological interest diversity outcomes, as well as their
zero-order correlations (see Supplemental Table S43 in the online
2
This number deviates from the preregistration, which indicated a
minimum of 20 events per person. The lower threshold was implemented
due to the lower number of categories considered for each outcome, which
was the results of reviewer feedback received during the review process.

11

OPENNESS AND PSYCHOLOGICAL INTEREST DIVERSITY

Table 2
Descriptive Statistics (Mean, Standard Deviations, and Zero-Order Correlations) for the Six Outcome Variables of Psychological
Interest Diversity in Study 2
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Variable

M

SD

1

2

3

4

5

1. Political
2. Openness

.39
.32

.20
.35

3. Conscientiousness

.39

.18

4. Extraversion

.22

.15

5. Agreeableness

.37

.23

6. Neuroticism

.38

.18

—
.41!!
[.38, .44]
.22!!
[.20, .23]
.19!!
[.17, .21]
.40!!
[.38, .41]
.24!!
[.22, .26]

—
.36!!
[.33, .39]
.28!!
[.25, .31]
.10!!
[.06, .13]
.46!!
[.43, .48]

—
.30!!
[.28, .32]
.25!!
[.23, .27]
.51!!
[.50, .52]

—
.23!!
[.21, .25]
.15!!
[.13, .16]

—
.21!!
[.19, .22]

Note. Values in square brackets indicate the 95% confidence interval for each correlation.
p % .01.

!!

supplementary materials for zero-order correlations across all variables)
County-Level Psychological Interest Diversity. To estimate
the extent to which a person’s environment affords high levels of
interest diversity in political orientation and personality, the variability in event profiles was calculated for U.S. counties. Narrowing the window in which to evaluate variability to a meaningful
time frame, data were first processed on a monthly level (i.e.,
standard deviation of scores across all events in a given county and
month). To further increase the reliability of the measures, only
months with more than 50 total events and five unique events per
county were retained. In a second step, the variability measures
were averaged across the six months to obtain an estimate of a
county’s interest diversity. Only those counties which had enough
data (50 total events, five unique events) for at least three out of the
six months were considered in the analyses (the results were stable
when using different thresholds for inclusion). The total sample
used in the analyses consisted of 28,005,585 event attendances
across 1,621 counties (52% of U.S. counties)
Topical Interest Diversity. Given that Study 2 focuses on the
psychological profiles of event categories (rather than unique
events), the analyses cannot account for topical interest diversity
by nesting observations in broader topical categories analogous to
Study 1. However, the focus on event categories makes it possible
to calculate an alternative measure of topical interest diversity for
each participant, which can be used as a fixed effect control
variable. Specifically, the topical diversity in participants’ interests
was calculated as the number of unique event categories in relation
to the overall number of observations, with higher scores indicating higher levels of topical diversity. If a person, for example, had
attended a total of 20 total events across 17 different categories, the
person’s topical diversity score (17/20 ! .85) would be higher than
that of a person who had also attended a total of 20 events across
only 2 categories (2/20 ! .10). The topical interest diversity
measure is based on the full range of 597 categories, because it is
independent of the psychological profiles attributed to these categories.

Analysis
Linear regression models were run using the same three specifications as in Study 1. Model 1 regressed the six interest diversity

outcomes (Big Five personality and political ideology) on Openness as the sole predictor. Model 2 added the other Big Five traits
of a participant, and Model 3 the total number of events and
personality extremeness scores for each participant as controls. All
three models controlled for the mean level preference (i.e.,
average Extraversion level of attended events per participant) as
well as the extremeness of the mean level preference (i.e.,
absolute deviation of average Extraversion level of events attended from the mean Extraversion score across all participants). To test the extent to which the relationship between
Openness and psychological interest diversity is a function of
the affordances provided by an individual’s environment, exploratory analyses estimated the effect of Openness when controlling for the psychological interest diversity levels of the
individuals’ home county (Model 4; note that this limitation
does not apply to Study 1 as the ability to follow a Facebook
page does not depend on a person’s physical location).
Building on the theoretical conceptualization of psychological
and topical diversity as well as the findings from Study 1 (i.e.,
reduced effects Openness on psychological interest diversity when
nesting within categories), additional exploratory analyses tested
whether the effects of Openness on psychological interest diversity
persist, but become attenuated, when accounting for differences in
topical interest diversity. Specifically, all outlined analyses (Models 1– 4) were repeated controlling for the fixed effects of topical
interest diversity. The deviation from the analytical procedure of
Study 1 (multilevel models) is due to the nature of the data.
Specifically, psychological interest diversity in Study 2 is calculated for event categories rather than unique events, preventing the
use of multilevel models with events nested in categories. However, the fact that— by definition— categories are available for all
observations (in contrast to Study 1) makes it possible to calculate
a topical interest diversity index for each participants and to
control for topical interest diversity as a fixed effect.

Results
Effects of Openness on Psychological Interest Diversity
In line with the findings of Study 1, higher levels of Openness
were found to be significantly associated with higher levels of
interest diversity in 23 out of the 24 model specifications,
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average(&) ! .055, min(&) ! .025, max(&) ! .078 (see Figure
4A). These findings suggest that people scoring high on the personality trait of Openness also have a tendency to show greater
variability in their preferences and interests as captured by the
events they attend in daily life. Contrary to Study 1, Conscientiousness was no longer positively associated with psychological
interest diversity, highlighting the unique role of Openness in
predicting preference for variability across different outcome measures. Detailed model outputs can be found in Supplemental Tables S44 to S49 in the online supplementary materials.

Effects of Openness on Psychological Interest Diversity
When Accounting for Topical Interest Diversity
As expected, Openness and topical interest diversity were
positively correlated, r ! .05, p % .001, indicating that Openness predicts both topical and psychological interest diversity.
Figure 5 shows the effects of Openness on psychological interest diversity across the 24 model specifications when controlling for topical interest diversity. Detailed model outputs can be
found in Supplemental Tables S50 to S55 in the online supple-

Figure 4
Standardized Beta Coefficients of Linear Regression Models Regressing the Big Five Traits Onto Psychological Diversity of Interests
Across 24 Model Specifications (6 Outcomes $ 4 Sets of Control Variables) in Study 2

Note. Error bars indicate 95% confidence intervals. See the online article for the color version of this figure.
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Figure 5
Standardized Beta Coefficients of Linear Regression Models Regressing the Big Five Traits Onto Psychological Diversity of Interests
Across 24 Model Specifications (6 Outcomes $ 4 Sets of Control Variables) in Study 2

Note. Error bars indicate 95% confidence intervals. All models control for topical interest diversity. See the online article for the color version of this figure.

mentary materials. In line with the theoretical expectations and
results of the multilevel analyses in Study 1, the effects were
attenuated when accounting for topical interest diversity. In
contrast to Study 1, the direct effect of Openness on psychological
interest diversity persisted in only about half the model specifications (11 out of 24). Importantly, however, Openness was the only
Big Five trait that showed consistently positive coefficients and a
higher-than-chance likelihood of significant effects. These findings support the proposition that Openness is associated with

psychological interest diversity both directly, and indirectly
through topical interest diversity. The difference between Studies
1 and 2 in the degree to which the direct effect of Openness on
psychological interest diversity is attenuated when accounting for
topical interest diversity might be explained by different aspects in
the study design, including (a) the focus on virtual versus physical
contexts, (b) the specific interest target (liked Facebook pages vs.
attended events), as well as (c) the way in which topical interest
diversity was controlled for.
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Discussion
The findings highlight the role of individual differences in the
creation of echo chambers. Specifically, they show that the extent
to which people are exposed to diverse worldviews and perspectives partially depends on their level of Openness. The results were
stable across two different contexts (virtual vs. physical), and two
different behavioral measures of psychological interest diversity.
The findings also highlight the relationship between topical and
psychological interest diversity, showing that the two are empirically related and that Openness is linked to psychological interest
diversity both directly, and indirectly through topical interest diversity.
By introducing the novel concept of psychological interest diversity and relating it to the personality trait of Openness, the
current research contributes to the existing psychological literature
in multiple ways. First, the findings contribute to the personality
literature by providing the first large-scale, behavioral evidence
corroborating the theoretical conceptualization of Openness as a
preference for variety. Although this has been a fundamental
theoretical component of the personality trait since its inception
(McCrae & John, 1992; McCrae & Sutin, 2009), there has been
little empirical support for this claim using real behavioral outcomes collected in natural settings and large samples. The findings
hence strengthen our theoretical understanding of the personality
trait of Openness and are in line with recent calls for personality
research that sheds light on the ways in which personality traits get
expressed in everyday behavior (Funder, 2009).
Second, the results are aligned with recent research showing that
open-minded, older, and male individuals report consuming a
larger number of news sources, making them less prone to filter
bubbles and echo chambers (Sindermann et al., 2020). Similar to
the findings presented in this prior work, the effect sizes for age
and gender in the current study were found to be larger than those
for Openness. Although this suggests that these sociodemographic
variables might play a bigger role in the creation of personal echo
chambers than the personality trait of Openness, the fact that
Openness predicted psychological interest diversity incremental to
age and gender highlights the unique predictive power of personality. Importantly, however, the findings also raise important questions with regard to the boundaries of this effect. Indeed, the
relationships between Openness and interest diversity in political
ideologies were extremely small and inconsistent across studies.
Hence, it is possible that liberals are tolerant to different ideas,
perspectives and world views, unless these ideas, perspectives and
world views are diametrically opposed to their core value of
tolerance and open-mindedness (i.e., conservative). Instead, the
two predictors that showed the strongest effects on political interest diversity in Study 1 were Conscientiousness and age, suggesting that a responsible and deliberate approach to interacting with
opposing political ideologies might be more important than a
general tendency for open-mindedness. The fact that there was no
positive effect of Conscientiousness on political interest diversity
in Study 2 might be explained by the different nature of interests
(online preferences vs. offline events) as well as the fact that
Conscientiousness—as an intrapersonal trait—is harder to predict
from digital footprints than Openness as a more visible interpersonal trait (e.g., Park et al., 2014; Youyou et al., 2015). Future
research should further investigate the particular context of polit-

ical interest diversity and its association with Conscientiousness
and age.
Third, the findings complement previous research suggesting
that open-minded individuals expose themselves to a wider set of
opinions and perspectives through the social networks they create.
Specifically, metaanalytical evidence has shown that open-minded
people are more likely to act as “brokers” in their social networks
by building bridges between otherwise disconnected groups (Fang
et al., 2015). The current research points toward another important
way in which Openness interacts with the extent to which individuals are exposed to different people and opinions: Being more
or less open-minded can increase or decrease an individual’s
likelihood of self-selecting into virtual and physical environments
that are psychologically diverse.
Finally, the current paper introduces a novel conceptualization
of interest diversity that goes beyond a preference for variety in
topics or broad categories. Instead, it focuses on the extent to
which a person’s interests are psychologically diverse (i.e., diverse
in the psychological profiles of people associated with those interests). This shift from topical to psychological interest diversity
is critical in the context of personal echo chambers. Although
topical interest diversity can help foster psychological interest
diversity, it is not sufficient to guarantee that people will be
exposed to diverse perspectives and world views. This novel
concept of psychological interest diversity offers a new perspective on the creation of echo chambers and polarization. Whereas
most of the existing research on the topic focuses on structural
features of physical and digital environments such as geographic
sorting or filter bubbles (e.g., Flaxman et al., 2016), the current
research shifts focus to the role of personal dispositions. In line
with interactionist accounts that emphasize the joint role of both
environmental and personal factors in driving human behavior
(Lewin, 1935), the current research provides a starting point for
investigating personal factors, which are likely to lay the foundation for structural drivers of echo chambers. Understanding the
extent to which individuals differ in their natural tendencies to
pursue psychologically diverse interests is critical because recommendation engines and targeting algorithms do not operate in a
vacuum. In the absence of user preferences, they cannot make any
reliable predictions. Instead, they reinforce existing preferences by
serving content that is aligned with the user’s initial set of interests.
This mechanism is an inherent feature of recommendation algorithms known as calibration: “When a user has watched, say, 70
romance movies and 30 action movies, then it is reasonable to
expect the personalized list of recommended movies to be comprised of about 70% romance and 30% action movies as well”
(Steck, 2018, p. 154). Translated to the context of psychological
interest diversity, this means that a person whose Facebook pages
are 20% liberal, 50% politically neutral, and 30% conservative,
will be recommended content from all three categories such that
the proportions reflect the person’s underlying interests. In contrast, a person who follows 50% politically neutral pages and 50%
liberal pages will not be recommended conservative content. Combined with the fact that recommender systems are known to
amplify and narrow the interests of users over time (Nguyen et al.,
2014), this means that a user who is predisposed to limit themselves to a relatively small selection of interests, will— by nature
of the recommendation engines and targeting algorithms— be exposed to an increasingly narrow set of interests. In contrast, such
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algorithms will find it more difficult to limit a person’s exposure
to different content, if their a priori likelihood of being interested
in a variety of content is high. If a person predominantly follows
Facebook pages for liberals, for example, the algorithm will
quickly latch onto that, and make the individual’s newsfeed increasingly liberal. If the person, however, follows both liberal and
conservative pages, then the algorithm will sometimes recommend
liberal content and sometimes conservative, depending on which
specific interests are being used to target that individual. Importantly, this selection does not have to be based on explicit psychological targeting (Matz, Kosinski, et al., 2017) but can take the
form of common look-alike approaches and collaborative filtering
algorithms that are based on behavioral similarity among users
(Linden et al., 2003). Although the current research has focused on
the relationship between Openness and interest diversity, future
research should investigate other—potentially stronger—predictors of psychological interest diversity (including those of age and
gender) and examine the downstream consequences of individual
difference in interest diversity as well as its interactive mechanisms with structural drivers of echo chambers (i.e., recommendation systems and targeted advertising).

Limitations and Future Directions
The current work has a number of important limitations that
should be addressed by future research. First, the relationships
between Openness and psychological interest diversity are robust
but small, max(&) ! .11. Although traditional psychological research oftentimes discards effect sizes of this magnitude as “too
small to matter,” there are multiple reasons why the effects described here can still be considered meaningful when trying to
understand a complex and multifaceted construct like psychological interest diversity. First, both studies capture interest diversity
using observations of actual behavior rather than self-reports, and
Study 2 additionally approximates personality using predictive
models. Given that such behavioral data collected “in vivo” do not
suffer from the same response biases associated with self-reports
which can inflate relationships between variables (e.g., common
method bias), effect sizes cannot be directly compared across
methods (Matz et al., 2017). Indeed, detecting any signal when
using real-world data and behavioral approximations of psychological constructs, requires an effect that is larger than what
becomes visible in the analyses.
Second, the directionality of the relationship between Openness
and interest diversity remains speculative. Although personality
theory posits that higher levels of Openness underlie the preference for variety, it is also plausible that people who are exposed to
a greater variety of viewpoints and experiences become more
open-minded over time. For example, open-minded people might
selectively move to geographic regions that have a broad variety of
events on offer (D. M. Buss, 1987). However, it is also likely that
an area that encourages exposure to different events makes people
more open-minded over time (Asendorpf, 2009). Although psychological research has traditionally been focused on explaining
human behavior, there have been recent calls for more research
that is focused on prediction and agnostic to causality (Yarkoni &
Westfall, 2017). In fact, the current findings— despite being purely
correlational in nature— could provide a useful avenue for identifying individuals who (a) have a higher likelihood than others to
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fall prey to echo chambers (low Openness) or who (b) could act as
mediators to bridge the divide between different groups (high
Openness).
Third, all analyses were conducted on U.S. samples, and it
remains unclear to what extent the results generalize to other
countries and cultural contexts. In particular, Openness in the
United States is highly correlated with political affinity (i.e., liberals scoring high, and conservatives scoring low on Openness),
which might explain the fact that Openness did not significantly
predict interest diversity in political ideology. Given that political
views are highly polarized in the United States (Finkel et al.,
2020), open-minded—and therefore highly liberal—individuals
might struggle to break out of their own ideologies even if their
Openness generally predisposes them to seek out variety. Future
research should investigate the links between Openness and psychological interest diversity in other countries and more diverse
samples.
Fourth, as outlined in the introduction, there are multiple mechanisms through which psychological interest diversity can protect
individuals from a narrow outlook on the world. Psychological
interest diversity likely creates social networks that are more
diverse and result in exposure to online content that conveys
different perspectives and world views. Whereas the current research has focused on Openness as a personal factor that is related
to psychological interest diversity, future research should test the
full theoretical model to complement the current analyses with
evidence that high levels of psychological interest diversity are
associated with more psychologically diverse social networks and
news consumption. In addition, future research should also aim to
shed light on the specific motivations that lead open-minded
people to show higher levels of psychological interest diversity.
Although the preference for variety and exploration likely plays a
role in this relationship, there might be other contributing factors.
For example, Openness has previously been related to the need for
uniqueness (Dollinger, 2003) which reflects the extent to which an
individual desires to be distinct from—rather than similar to—
others. Building on this association, highly open-minded individuals might be less interested in following content or pursuing
specific interests that are followed by everyone. Instead, they
might follow more unique interests which would likely result in
higher levels of interest diversity.
Finally, the analyses are limited with regard to important sociodemographic and economic control variables that are not available for either of the two data sets used in the analyses. Although
the personality trait of Openness is significantly related to psychological interest diversity, future research needs to establish whether
this effect is stable against controlling for individual differences in
education, socioeconomic status, or political ideology, all of which
are associated with Openness. In addition, a more comprehensive
comparison set of sociodemographic variables might help put the
findings into context and facilitate the interpretation of effect sizes.

Conclusion
Taken together, the findings provide robust evidence that the
personality trait of Openness is related to psychological interest
diversity in large-scale behavioral data. That is, open-minded
people are more likely to have a psychologically diverse set of
interests than their traditional counterparts. The shift from topical
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to psychological interest diversity is critical when studying individual differences in relation to personal echo chambers, because
people’s world views and perspectives are predominantly shaped
by psychological characteristics rather than mere categorical preferences. Understanding which individuals might be predisposed to
exhibit lower levels of psychological interest diversity makes it
possible to identify and support those who are most likely to fall
victim to self-reinforcing filter bubbles and recommendation systems.
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