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Architectural styles of curiosity in global Wikipedia

mobile app readership
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Intrinsically motivated information seeking is an expression of curiosity believed to be central to human nature.
However, most curiosity research relies on small, Western convenience samples. Here, we analyze a naturalistic
population of 482,760 readers using Wikipedia’s mobile app in 14 languages from 50 countries or territories. By
measuring the structure of knowledge networks constructed by readers weaving a thread through articles in
Wikipedia, we replicate two styles of curiosity previously identified in laboratory studies: the nomadic“busybody
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and the targeted “hunter.” Further, we find evidence for another style—the “dancer”—which was previously
predicted by a historico-philosophical examination of texts over two millennia and is characterized by creative
modes of knowledge production. We identify associations, globally, between the structure of knowledge networks
and population-level indicators of spatial navigation, education, mood, well-being, and inequality. These results
advance our understanding of Wikipedia’s global readership and demonstrate how cultural and geographical
properties of the digital environment relate to different styles of curiosity.

INTRODUCTION

As epitomized by a view of our species as informavores (1), humans
need to forage for information just like omnivores need to forage for
food (2, 3). This need is captured by the notion of curiosity (4-7), a
multifaceted psychological construct characterized by a range of
behaviors. Curiosity is an intrinsic motivation to seek, sample, and
search for novel, uncertain, and complex information (8-10). In an
effort to capture the rich dynamics and functions of curiosity, its
practice has been characterized by three architectural styles—the
busybody, the hunter, and the dancer—excavated from texts written
over the last two millennia using a historico-philosophical method
(11). The busybody scouts for loose threads of novelty, the hunter
pursues specific answers in a projectile path, and the dancer leaps
in creative breaks with tradition across typically siloed areas of
knowledge (12). These three architectural styles underscore a di-
mensional approach to the study of curiosity, foregrounding the
practice of curiosity as an individual difference.

Despite marked progress in the field, the generalizability of curi-
osity research is limited due to modest samples of convenience that
are not representative of the variation across diverse cultures. This
limitation represents a general problem of overreliance on studies
using the English language (13), as well as WEIRD (Western, Edu-
cated, Industrialized, Rich, and Democratic) populations (14). The
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historico-philosophical approach that uncovered the patterns of the
hunter, busybody, and dancer predominantly surveyed the Western
canon (15). In contrast, curiosity itself can be an equalizing force for
the knowledge and experiences that are often neglected or oppressed
(16, 17). It can support justice and equality by unveiling the status
quo and inventing ideas for deconstructing and rebuilding current
structures (18).

A focus on curious practice is crucial to detail curiosity’s role in
facilitating health and well-being, a role that has become increas-
ingly complex as more nuanced perspectives on curiosity have
emerged. High trait curiosity is viewed as a character strength due to
work showing that curiosity supports learning and well-being (19).
For example, in an educational context, curiosity constitutes a
strong motivator for memory, learning, and the creation of knowl-
edge (20-26). There is also evidence that, within the online eco-
system, curious individuals are better able to critically assess the
novelty and quality of false information (27), to read deeply (28),
and to explore others” perspectives, thoughts, and feelings (29).
More generally, curiosity has been associated with individual well-
being, lower depressed mood, and greater openness to experiences
(10, 30-32). However, specific styles of curiosity may also be associ-
ated with depression, anxiety, and attention-deficit/hyperactivity
disorder (33, 34). Moreover, curiosity can be double-edged, with
high curiosity associated with behaving erroneously yet overconfi-
dently, being less discerning of information quality, lacking intel-
lectual humility (27), and having more addictive behavior (35).
Taking a multidimensional approach to curiosity provides insight
into the complex association between curiosity and well-being. For
example, recent work demonstrates that the association between
curiosity and well-being depends on the type of curiosity under
consideration. Joyous exploration is a facet of curiosity associated
with pure enjoyment of novel epistemic stimuli, which is consistently
positively associated with indicators of well-being (10, 36). By con-
trast, no such association emerges between deprivation sensitivity—
a facet of curiosity associated with a motivation to seek information
to overcome the feeling of being deprived of knowledge (37)—and
well-being (38). Thus, investigating the advantages and disadvantages
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of different styles of curious practice is key to understanding human
behavior writ large (26, 34).

To study the architecture, dynamics, and benefits of curiosity
across diverse cultures and from the perspectives of information for-
aging theories, we operationalize the practice of curiosity using the
observational perspective of knowledge networks (15, 39). In this
framework, the behavioral expression of curiosity is characterized by
the construction of knowledge networks by individual readers (40).
We define the network’s nodes as articles that readers access, and we
define edges as the presence or absence of hyperlinks between arti-
cles. Individual differences in knowledge network building are as-
sessed by measuring topological indicators of the three architectural
styles: hunter, busybody, and dancer. Hunters build tight, constrained
networks whereas busybodies build loose, broad networks; precisely
how to characterize the networks of the dancer has remained elusive.
The advantage of the network approach is that it can be used to de-
velop models (41, 42) and to formalize classical psychological and
historico-philosophical taxonomies of curiosity (11).

Recently, these methods were successfully applied in a labora-
tory study wherein 149 participants were asked to browse Wikipedia
for 15 min a day for 21 days (36). Participants implicitly built dif-
ferent architectures of knowledge networks as they wove a temporal
thread through visited articles. Hunters, in contrast to busybodies,
build tighter and denser knowledge networks associated with their

deprivation sensitivity, an aversive state of curiosity that motivates
one to eliminate gaps in knowledge (10, 37, 43).

Here, we generalize and expand the analysis of knowledge net-
work structure by building a large, naturalistic dataset consisting of
482,760 Wikipedia readers accessing 14 different language editions
from 50 countries or territories (Fig. 1A). Wikipedia provides an
ideal platform for the systematic study of curiosity because it pro-
vides large, representative samples of naturalistic information seek-
ing. It is the largest encyclopedia, publishing more than 60 million
free articles in more than 300 languages (44). Wikipedia is the most
popular website (alongside search engines, Facebook, and YouTube)
in 43 countries, outpacing any other website (45), attracting 1.5 billion
unique devices and billions of pageloads every month (44). People
turn to Wikipedia when they need to learn about novel, uncertain,
and complex information (46, 47). As a result, Wikipedia is not only
an encyclopedia that anyone can share in but also a record of an
epochal shift in how humans digitally collect, organize, store, and
disseminate information. In addition, Wikipedia has produced a
digital environment that is one of the most important laboratories
for social scientific research in history (48).

Using these data, we make three main contributions. First, we
replicate the identification of hunter and busybody styles of curios-
ity by generalizing the framework of knowledge networks to a large,
naturalistic population of Wikipedias readership across diverse
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Fig. 1. Geography and summary statistics of laboratory versus naturalistic data.

Days of use per month Fraction of pages reached via hyperlink

(A) Geography and sample sizes of laboratory and naturalistic data. Naturalistic data

includes 14 languages and 50 countries or territories. (B to E) Cumulative distribution functions (CDFs) of summary statistics for laboratory data and naturalistic data from
English Wikipedia. To fairly compare knowledge networks between the datasets, we used propensity score matching, a quasi-experimental method that attempts to re-
duce the bias introduced by confounding variables, on the full dataset (dashed blue) to produce a biased sample with more similar summary statistics (solid blue) to the

laboratory data (orange).
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cultures (49). Second, we systematically examine the variability of
metrics characterizing knowledge-network building across coun-
tries, languages, and topics. In so doing, we show that building
broad and diverse networks is—on a population level—predictive
of spatial navigation, well-being, and both gender and education
equality. Third, we expand the empirical characterization of knowl-
edge networks by providing quantitative evidence for the creative
architectural style of the dancer. In making these three contribu-
tions, we provide insights into how readers seek information on
Wikipedia, we fundamentally expand the state of the art in how
curiosity practice is studied, and we deepen our understanding of
human curiosity across cultures and languages.

RESULTS

Generalizing knowledge networks

We first aim to generalize findings about curiosity inferred from
knowledge networks of readers. To do so, we compare the knowl-
edge networks from data collected in the laboratory at the Univer-
sity of Pennsylvania (UPenn) to the naturalistic knowledge networks
of readers of Wikipedia across many languages and countries. In
the first dataset from UPenn, 149 participants browsed 18,654
unique Wikipedia articles. Participants were instructed to browse
English Wikipedia for 15 min each day over a period of 3 weeks. In
the naturalistic dataset, 2,111,851 readers browsed 16,385,207 arti-
cles through the Wikipedia mobile app (Fig. 1A). On average, read-
ers had 30.93 + 87.39 unique article views over 7.97 + 7.75 days.
This second, naturalistic dataset was purely observational without
any instructions to readers. To assess similarities and differences
between the two datasets, we consider four summary statistics (Fig. 1):
the number of articles visited, the number of unique articles visited,
the number of days of usage in 1 month, and the fraction of articles
reached via Wikipedia hyperlinks (versus from an external website).
We find several notable differences: On average, readers in the natu-
ralistic dataset visited fewer articles, visited fewer unique articles,
visited articles on fewer days, and reached a lower fraction of arti-
cles through internal hyperlinks (Fig. 1, B to D).

Given these differences in summary statistics, we select a sub-
sample of 482,760 readers from the naturalistic dataset matched for
page views to the laboratory dataset to fairly compare knowledge
networks. Specifically, we use propensity score matching on the
number of page views per reader (see Materials and Methods for
details). Propensity score matching is a quasi-experimental meth-
od that attempts to reduce the bias introduced by confounding
variables by creating an artificial control group from observational
data (50). While this procedure leads to a smaller subsample of
readers, interpreting similarities and differences between the two
datasets becomes more feasible, based on network characteristics
that are no longer driven by differences in the number of pages
viewed per reader. As a result of propensity score matching, the
distributions of the number of visited pages per reader are almost
identical (Fig. 1, B to D). Furthermore, the differences in the distri-
butions of the other summary statistics also become less pronounced,
suggesting that differences in the datasets before propensity score
matching derive largely from differences in the number of pages
viewed per reader (figs. S1 and S2). Henceforth, we consider the
matched subsamples from propensity score matching unless other-
wise stated.

Zhou et al., Sci. Adv. 10, eadn3268 (2024) 25 October 2024

Assessing topological similarities

Next, we test how knowledge networks in the laboratory data gen-
eralize to the naturalistic data by systematically comparing their
topological properties. In previous studies, curiosity in knowledge
networks was characterized by the clustering coefficient and the
characteristic path length (36). These metrics measure architectural
styles of curiosity that generate tight or loose knowledge networks.
Here, we expand this characterization by calculating six additional
network metrics (see Materials and Methods for details): degree,
global efficiency, core-periphery structure, modularity, number of
groups (or modules), and minimum description length. In consid-
ering the marginal distributions of each metric, we find that the
two datasets are qualitatively similar (Fig. 2). Particularly notable is
the modularity metric, for which both distributions show a bimodal
structure that peaks at approximately the same scales. This quanti-
tative assessment of topological structure provides evidence that
curiosity styles that have been uncovered in previous studies using
the laboratory data generalize to a broader population of Wikipedia’s
readership in the naturalistic data.

To quantify the similarity of the population of knowledge net-
works in the laboratory and naturalistic datasets, we calculate the
distance d € [0, 1] between the respective distributions based on the
commonly used Kolmogorov-Smirnov test (see Materials and Methods
for details). We find that the averaged distance between laboratory
and naturalistic data is around d ~ 0.3 (Fig. 3A). To interpret this
value, we perform a similar comparison with reference knowledge
networks generated from another dataset: Wikispeedia, an experi-
ment where participants performed targeted navigation from a ran-
dom source page to a target page (51, 52). We find that the averaged
distance between the naturalistic data and Wikispeedia is d > 0.7,
substantially larger than the distance between naturalistic data and
laboratory data. Next, we perform a similar comparison with refer-
ence knowledge networks generated from Wikipedia 6 months prior.
We find that the averaged distance between the two naturalistic data-
sets was d < 0.05, substantially smaller than the distance between the
naturalistic and laboratory data. Collectively, these results indicate
that the naturalistic data are more similar to the laboratory data than
they are to a targeted navigation task, and less similar to the labora-
tory data than they are to naturalistic data acquired at a different
time point.

Nevertheless, knowledge networks in the naturalistic data show a
larger variation when stratified by the country from where readers
access the English version of Wikipedia (Fig. 3B). Although for most
countries (such as Canada, the United States, Australia, and Great
Britain) the distances are similarly small (d = 0.05), for other countries—
such as Germany—distances are large and comparable to the distance
between the laboratory and naturalistic data (d & 0.2). To account for
the fact that readers from countries such as Germany will preferen-
tially access the German version of Wikipedia (instead of the English
version), we create naturalistic datasets for 14 language versions of
Wikipedia (see Materials and Methods). Comparing the knowledge
networks for the naturalistic datasets from different languages
(Fig. 3C), we find that distances between English and most languages
(German, Russian, Japanese, Spanish, Dutch, Hebrew, Ukrainian, and
Chinese) are of comparable magnitude to the distance between the
laboratory and naturalistic data (0.1 < d < 0.3). Some languages
(Arabic, Hungarian, Bengali, Romanian, and Hindi) show slightly
larger distances (0.3 < d < 0.4). However, the latter can be partly
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Fig. 2. Distributions of network metrics in knowledge networks from the laboratory and naturalistic data. (A) As readers seek information, they weave diverse
temporal threads through nodes defined as Wikipedia articles and across edges defined as hyperlinks. Displayed is a hyperlink network with only 0.1% of nodes in English
Wikipedia displayed and different knowledge networks of seven readers highlighted in red, orange, yellow, green, blue, indigo, and violet. Network organized by hierar-
chical block partition, positioned using force directed placement, and with edges subsampled for visualization. (B to 1) Solid lines indicate the probability density func-
tions (PDFs) from a kernel density estimation, whereas dotted lines indicate normalized histograms. Blue: naturalistic data. Orange: laboratory data. Insets provide
conceptual depictions of the network metric. Metrics include (B) degree, (C) clustering, (D) characteristic path length, (E) global efficiency, (F) core-ness, (G) modularity,

(H) groups, or number of modules, and () minimum description length.

explained by the fact that the underlying networks of hyperlinks
between articles are much smaller in size (table S1).

Comparing to null models

To assess the degree to which similar knowledge networks could
arise by chance, we compare the naturalistic data with knowledge
networks from different null models (see Materials and Methods).
Random rewirings of empirical networks were used to create a
benchmark for architectures that appear simply by chance. Erdés-
Rényi random networks with matched edge density were used as
benchmarks for architectures agnostic to any particular topological
properties. Barabasi-Albert networks—generated by a preferential
attachment (rich-get-richer) mechanism—were used as benchmarks
for architectures with heterogeneous degree distributions. We find
that distances to these three null models (d ~ 0.8) are much larger
than the distances to the laboratory data (Fig. 3D). This result
suggests that the similarity between the laboratory and naturalistic
datasets is not merely a coincidence, nor easily explained by a rich-
get-richer mechanism.

To assess the degree to which similar knowledge networks could
result from different generative mechanisms, we compare the natu-
ralistic data with knowledge networks generated from four types of
random walks. Random walks have previously been shown to resem-
ble the behavior of hypothesized models and thus serve as important

Zhou et al., Sci. Adv. 10, eadn3268 (2024) 25 October 2024

null models (53). The first random walk is biased for the popularity
of pages (as measured by cumulative page views) and takes into
account the fact that 37.5% of page-to-page transitions (or naviga-
tions) were made by hyperlinks rather than by external sources (d =
0.3) (54). The second random walk is biased to undergo an efficient
foraging search called a Lévy flight modeled after the laboratory data
(d = 0.4) (36). The third and fourth random walks only navigated by
random hyperlinks or only by the popularity of pages led to by the
hyperlinks (d ~ 0.7). Collectively, these comparisons suggest that
possible generative mechanisms for Wikipedia browsing in the natu-
ralistic setting include Lévy flight dynamics and a random walk
biased for popularity and source.

The performance of the Lévy flight model was of particular note
for two reasons. First, in contrast to the popularity- and source-
biased random walks, the Lévy flight model was fit to the laboratory
data and then applied to the naturalistic data. As such, the degree of
model fit is notable evidence of generalization across the laboratory
and naturalistic contexts. Second, Lévy flight dynamics have rich
cognitive and affective associations both theoretically and in the
context of the laboratory data. Theoretically, in Lévy flight foraging,
short steps serve to build closely connected clusters while long leaps
connect clusters to novel spaces. Rather than foraging for physical
resources, Lévy flights here may support foraging for information
and psychological resources. Consistent with this idea, we find
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Fig. 3. Distances of the distribution of knowledge network structures between the naturalistic dataset and other datasets. (A) Comparison with three other data-
sets: a dataset of reading sessions from 2022-03 (instead of 2022-10), a laboratory-based Wikipedia navigation game called Wikispeedia, and laboratory data. (B) Knowl-
edge networks from readers of English Wikipedia in specific countries. (C) Knowledge networks from readers of Wikipedia in other languages. (D) Different null model
datasets synthetically generated from random walks or from network formation processes. The mean Kolmogorov-Smirnov distance is displayed with two-tailed 95%

bootstrap confidence intervals from 100 iterations.

marked associations between Lévy flight parameters and the affec-
tive state of participants in the laboratory study: Individuals whose
foraging was more constrained, due to being more repetitive, re-
ported higher depressed mood (B = 1.06, P = 0.02) and anxiety
(p =1.17, P = 0.02) than individuals whose foraging was less con-
strained. These correlations between negative mood and constrained
exploration are consistent with psychological theories that link nega-
tive mood to a narrowed or ruminative scope of attention (55-57).
They also raise the question of how knowledge networks built by
Wikipedia readers relate to well-being, a question we return to
later in this analysis.

Conservation of curiosity styles

Overall, the results thus far show that knowledge networks from the
naturalistic data are very similar to those from the laboratory data
reported in earlier studies. This similarity is stronger between the
naturalistic and laboratory data compared to reference or null models
(Fig. 3D). This finding implies that curiosity styles uncovered from

Zhou et al., Sci. Adv. 10, eadn3268 (2024) 25 October 2024

knowledge networks in the laboratory data can be generalized to the
population at large in the naturalistic data. We now turn to a dem-
onstration of this generalization by identifying the hunter and
busybody styles of curiosity, characterized by distinct practices of
building knowledge networks, in the naturalistic data (11, 36). Spe-
cifically, we define a scalar busybody/hunter score by aggregating
different network metrics; the score captures whether a knowledge
network is more clustered and hunter-like, or more dispersed and
busybody-like (Fig. 4A; Materials and Methods). We find that the
laboratory and naturalistic data show similar distributions of the
busybody/hunter score where d of edges, clustering, and global effi-
ciency ~ 0.18, 0.28, and 0.26, respectively. These distances are mark-
edly lower than those of the same measures for the laboratory and
naturalistic datasets compared to the null networks generated by a
random walk (diaporatory & 0.55, 0.95, 0.86; dhaturalistic ~ 0.59; 0.79, 0.86)
(Fig. 4, B to D). The similar distributions of the busybody/hunter
score in the naturalistic and laboratory datasets support the general-
izability of the hunter and busybody styles of curiosity.
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Curiosity styles differ by topic

Readers visit Wikipedia for a variety of reasons and with different
information needs (46, 47). Might their curiosity styles differ ac-
cording to those needs (58)? In this section, we seek to answer that
question by exploring how readers’ knowledge networks vary with
respect to the topic that the reader is exploring. The individual needs
of readers are reflected in what articles they choose to visit. For ex-
ample, readers of English Wikipedia can choose from among more
than 6 million articles on a wide range of topics. The reader’s choice
can be driven by epistemic curiosity, or a desire for new knowledge
(4), which could mean exploring more of the same topic or explor-
ing a diverse set of topics. Prior work has hypothesized that busy-
bodies explore a richer diversity of topics than hunters (36). Here,
we seek to test that hypothesis by characterizing how readers engage
different topics as they browse Wikipedia.

We begin by considering Wikipedia’s topic taxonomy that groups
articles into a small set of predefined topics (Materials and Methods)
(59). For example, high-level topics span four main areas: STEM
(science, technology, engineering and math), history and society, ge-
ography, and culture (Fig. 5A). By examining knowledge networks
with relatively high and low values of the busybody/hunter score,
we qualitatively observe different topical preferences in the corre-
sponding articles (Fig. 5B). To assess this trend quantitatively, we
calculate the correlation between a given curiosity style (busybody/
hunter score) and the number of articles being read that belong to
each of the four broad topics. We normalize the number of articles

Zhou et al., Sci. Adv. 10, eadn3268 (2024) 25 October 2024

being read from each topic by the number that would be expected
from a random walk to identify correlations that are significant and
differ from a null model. Across 14 languages, we consistently find
a relationship between the hunter and busybody styles and the
number of articles being read from the four broad topics (Fig. 5C).
Readers who were more similar to busybodies tended to read arti-
cles about culture topics (media, food, art, philosophy, religion, etc.;
14/14 languages) and geography (11/14 languages), more so than
expected in the null models. Further, readers who were more simi-
lar to hunters tended to read articles about STEM topics (12/14
languages), more so than expected in the null models. Hunters
tended to read articles about history and society in some languages
(German and English), whereas busybodies tended to do so in other
languages (Arabic, Bengali, Hindi, Dutch, and Chinese). These ten-
dencies are consistent with the hypothesis that busybodies gravitate
more toward social topics than do hunters (11).

In addition to the topic being engaged, it is interesting to assess
whether the curiosity style of the reader relates to the diversity of
topics being explored. We find that hunter-style knowledge net-
works display a lower diversity of topics than busybody-style knowl-
edge networks (Fig. 5D). This relationship is statistically evident
from the significant correlation between the busybody/hunter score
and the information diversity score (Spearman rank correlation co-
efficient: p=—0.10, P < 0.001), and this trend applies to 12 of the 14
languages we examined (see Materials and Methods for a definition
of the information diversity score). The diversity of topics browsed
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Fig. 5. Curiosity styles evinced by knowledge networks vary by topic. (A) The hierarchy of topics we considered, including 4 broad topics and 64 granular topics.
(B) Alluvial diagram that shows divergences among 4 broad topics (left) corresponding to the 64 granular topics (middle) of the articles that were viewed by one hunter-
like reader (cyan) and another busybody-like reader (salmon; right). The volume of the streams from left to right indicate the amount of page views that the busybody-like
or hunter-like reader distributed to different topics. Starting at the broad topics (left), the culture, geography, and history and society topics were viewed more by the
busybody-like reader, whereas the STEM topics were viewed more by the hunter-like reader. Following these streams into the more granular topics (middle), some more
specific topics are viewed more by the busybody-like reader such as biography, media, and the performing arts, whereas others were viewed more by the hunter-like
reader such as linguistics, biology, and medicine. Last, these streams end in separate pools for each reader, indicating that the busybody-like reader viewed more articles
in general than the hunter-like reader. (C) Forest plot of page views (normalized by the page views expected under a random walk) versus the busybody/hunter-score
separately for the four broad topics. The mean Spearman’s correlation coefficient is displayed with 95% bootstrap confidence intervals from 10,000 iterations. (D) Scatter
plot of information diversity versus the busybody/hunter-score across the 64 granular topics. The empirical data are given by the red line. The popularity-biased random
walk model is given by the green line. An unbiased random walk is given by the blue line.

by humans is significantly lower than the diversity of topics can-
vassed by two null models; the random walk null model and the
popularity-biased random walk null model.

In both null models, we observe a correlation between the busy-
body/hunter score and the information diversity score (Spearman
rank correlation coeflicient: p = —0.12, P < 0.001 for the popularity-
biased random walk and p = —0.27, P < 0.001 for the random walk).

Zhou et al., Sci. Adv. 10, eadn3268 (2024) 25 October 2024

This observation motivates the question of whether a feature of the
hyperlink network could explain some variation in how the network
is browsed. To address this question, we expand our assessment to
different Wikipedia language editions. We find that one relatively
consistent correlate of the busybody/hunter score is the size of the
underlying hyperlink network between articles (table S1). This
observation indicates that the structure of the underlying hyperlink
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network between articles can induce systematic differences in the
observed curiosity style. However, we find that hyperlink network
size alone does not fully explain the busybody/hunter score, as the
correlations, for example, between the number of culture articles
visited and the busybody/hunter score exceed that of null models
matched for size. This observation demonstrates that some of the
variance in observed curiosity style cannot be fully explained mere-
ly by differences in the underlying network; rather, readers with dif-
ferent curiosity styles also have preferential topical interests and
browsing practices.

Network variation tracks population-level differences in

spatial navigation, inequality, education, and well-being

In analyzing curiosity-driven architectural styles of knowledge net-
work building, prior reports have found that such styles are predic-
tive of sensation-seeking, an individual-level psychological state
(36). Our results thus far also suggested that repetitive and con-
strained styles of knowledge network building are predictive of
individual-level states of negative affect. These observations moti-
vate the question of whether knowledge networks built by Wikipedia
readers track with population-level predictors of psychological

states, particularly those related to well-being. Considering this
question across geographical and cultural locales is important given
evidence of the effect of one’s environment and the environment’s
wealth and gender inequality on learning (60) and psychological as-
sessments of spatial navigation, a universal requirement across cul-
tures (61). To address this question, we examined whether and how
tight, loose, or diverse knowledge networks across countries and
languages relate to population-level indices of spatial navigation,
education, life expectancy, and mood (see Materials and Methods
for details). Geography and ethnic backgrounds can influence the
kinds of information sought according to the unique relevance of
current events and history (62, 63). Therefore, to investigate this hy-
pothesis, we separated measurements of reader’s information seek-
ing in each country by the different languages of Wikipedia that they
accessed. Specifically, we consider measures averaged within datasets
of 1490 readers, each from 74 pairs of a given country and a given
language edition of Wikipedia (Fig. 6A). To obtain these 74 pairs
of a given country and language edition, the aggregated measure-
ments of each country were separated into the 14 different language
editions that the reader accessed. This increased granularity is im-
portant because our results suggested that language had a stronger
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p=-0.73,P<0.001
90000
2.6
@ 224
5 60000 @
g g
b 822
30000
20
0 0.10 0.15 0.20 0.25
0 0.25 0.50 0.75 1.00 Efficiency
Proportion of page visits to topic
C Rank Rank
Variable Efficiency Correlation (95% ClI) Diversity Correlation (95% CI)
Spatial navigation - -0.54 (=0.70 to —-0.31) {—=—  0.39(0.1210 0.63)
Negative affect - 0.28 (0.11 to 0.43) - —-0.37 (-0.52 to -0.22)
Positive affect - -0.47 (-0.59 to -0.33) = 0.42 (0.27 to 0.56)
Human Development Index - -0.58 (-0.75 to -0.37) i —=—  0.42(0.181t0 0.62)
Inequality—adjusted education -= —0.60 (-0.77 to -0.39) —=—  0.46 (0.23 to 0.66)
Gender Inequality Index - 0.66 (0.49 to 0.78) - —-0.53 (-0.69 to -0.32)
Education inequality . —= 0.55(0.351t00.71) - —0.40 (-0.59 to -0.17)
-1 0 1 -1 0 1

— —

Looser Tighter
J

SN

Homogeneous Diverse

¢ o
Jée

Fig. 6. Diversity and efficiency of knowledge networks predict population-level sociodemographic variables. (A) Readership across 74 pairs of countries and lan-
guages vary in the diversity of topics explored, where high diversity (top) corresponds to a more uniform representation of topics compared to low diversity (bottom) with
an overrepresentation of some topics (4 broad topics visualized, analyses performed on 64 granular topics). (B) Networks built with more information diversity, defined as
the average Shannon diversity index over 64 topics, tend to have reduced information efficiency, defined as the average global efficiency. (C) Looser networks have re-
duced global efficiency but are broader reaching. Looser networks were associated with better spatial navigation, mood, well-being, education, and equality. Diverse
networks with greater Shannon diversity indices were associated with better spatial navigation, mood, well-being, education, and equality scores. The 95% bootstrap

confidence interval is displayed from 10,000 iterations.
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effect than geography on knowledge network structure. We examine
population-level variables for spatial navigation, negative affect, and
positive affect. We also examine population-level aggregate mea-
sures. We include the Human Development Index, which aggregates
the life expectancy at birth, expected and average years of education,
and income. We further consider the inequality in education, deter-
mined by the Atkinson index of the normalized ratio of the equally
distributed level of education to the average observed distribution.
Last, we consider gender inequality, which aggregates the maternal
mortality ratio, adolescent birth rates, secondary education ratio,
and labor force participation ratio. We test whether these variables
are related to the information diversity and the global efficiency of
the network, measured as the inverse of the average shortest dis-
tance between all pages. We highlight this metric from the busy-
body/hunter score because a sensitivity analysis showed that the
global efficiency of knowledge networks was most correlated with
the information diversity of the network (p = —0.73, P < 0.001)
(Fig. 6B and figs. S3 to S5).

We start by calculating average scores for global efficiency and
information diversity across readers’ knowledge networks for each
of the 74 country-language pairs. Treating the average scores as in-
dependent variables and correcting 14 P values with the Bonferroni
method, we find that loose networks are associated with higher spa-
tial navigation performance (p = 0.54, P = 8.84 X 10~°), less negative
affect (p = —0.28, P = 0.01), more positive affect (p = 0.47, P =9.03 X
107%), greater Human Development Indices (p = 0.58, P = 1.46 X
107%), more education (p=0.60, P=3.25 X% 1077), lower gender in-
equality (p = —0.66, P = 7.46 X 10™°), and lower education inequal-
ity (p = —0.55, P =6.74 X 107% (Fig. 6C). In contrast, more diverse
networks have no association with spatial navigation performance
(p=0.39, P=0.1) but are associated with less negative affect (p = —0.37,
P =7.57 x 107°), more positive affect (p = 0.42, P = 3.31 X 107°),
greater Human Development Indices (p = 0.42, P=3.86 X 107%), more
education (p = 0.46, P = 6.67 x 10™*), lower gender inequality (p =
—0.53, P=2.95 x 107°), and lower education inequality (p = —0.40,
P=726x1073) (Fig. 6C). In general, the measure of network archi-
tecture (global efficiency) had stronger effect sizes of relationships
with these dependent variables than a purely content-based measure
of information diversity. These differences in effect sizes highlight
the importance of modeling the complex connections coalescing
from sequences of information beyond the content of that informa-
tion. Together, the results are consistent with the notion that certain
forms of curiosity support well-being (10, 64) and that policies and
practices of equality may support less restricted and diverse forms of
curiosity (17). They also raise the question of whether the social
forces underlying inequality serve to constrain curiosity into hunter-
like styles, thereby negatively affecting epistemic well-being.

Dancer type of curiosity

While we have thus far focused on the hunter and busybody styles
of curiosity, a distinct signature of curiosity from the previous
historico-philosophical examination that has yet to be operationalized
is the dancer. This type of curiosity is described as a dance in which
disparate concepts, typically conceived of as unrelated, are briefly
linked in unique ways as the curious individual leaps and bounds
across traditionally siloed areas of knowledge (11). Such brief linking
fosters the generation or creation of new experiences, ideas, and
thoughts. Hence, it is of use to turn to the literature on creativity to seek
computational frameworks in which to operationalize dancer-like

Zhou et al., Sci. Adv. 10, eadn3268 (2024) 25 October 2024

curiosity. In psychology, generating creative ideas has previously
been theorized to require a person to remodel traditional concep-
tual associations in favor of those associations that are not typically
made (65). Moreover, that remodeling process has been considered
through the language of network science, raising the possibility that
a network approach could offer a fruitful avenue by which to capture
the curious practice of the dancer (66-68).

A recent methodological advance especially relevant to identify-
ing the dancer signature is that of forward flow in information search.
Forward flow characterizes the momentous “leaps” in thought that
are predictive of creativity (66). Forward flow is calculated by the
average distance between the current “thought” and all previous
thoughts. Prior work suggests that this metric may be useful in ana-
lyzing naturalistic text data; its application to social media posts can
predict the scope of a poster’s creative achievements (66). Here, we
use forward flow to capture the creativity that is characteristic of the
dancer type of curiosity as it connects seemingly disparate concepts.

As an illustration, we first examine a reader’s knowledge network
and redefine edges as the semantic distance between articles (Fig. 7A
and Materials and Methods). Consider two simulated walks weav-
ing a temporal thread through five pages where one walk seeks in-
formation with high forward flow and the other with low forward
flow; each follows qualitatively different trajectories and visits differ-
ent types of pages (Fig. 7B).

We then analyze the forward flow of Wikipedia readers. Because
dancers must explore diverse topics to connect them, we examined
the relation between forward flow and information diversity. We
found that the two were significantly positively correlated (p = 0.79,
P < 0.001). We also found that the distribution of forward flow in
readers’ knowledge networks from English Wikipedia is different
from that of null model knowledge networks generated from ran-
dom walks (d = 0.78) (Fig. 7C), suggesting that empirical forward
flow cannot simply be explained by random chance. Specifically,
forward flow for readers is lower than for random walks, indicating
that Wikipedia readers connect disparate topics in a more con-
strained way.

We also observe that forward flow captures some of the topo-
logical variation of knowledge networks. Specifically, principal com-
ponents analysis indicates that two dominant directions of variance
explain 68% of variance in all 11 topological metrics (Fig. 7D). The
values of forward flow in knowledge networks correlate with the
first two principal components in a dimensionality reduction of all
11 topological metrics, suggesting that hypothesized styles of curi-
ous practice are supported by latent dimensions underlying the growth
and form of knowledge networks. Forward flow is only weakly
correlated with the busybody/hunter score (p = —0.05, P < 0.001).
These results suggest that forward flow describes a distinct aspect
of knowledge networks related to creativity, which goes beyond the
known curiosity styles of the hunter and the busybody.

Beyond the known styles of curiosity

Taking advantage of the large number of observations, we can un-
cover a rich spectrum of curiosity styles beyond the theoretically
well-defined hunter, busybody, and dancer types (11). We generate
an unsupervised grouping (embedding) of the knowledge networks
that shows the extent to which networks vary in their topological
structure (Fig. 8A). One main axis of this space is the distinction
between hunter and busybody scores, from top left to bottom right
(Fig. 84, inset). By including different null models, we can further
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Fig. 7. Operationalizing the dancer style of curiosity in knowledge networks. (A) Forward flow is a topological measure associated with creative thought. The mea-
sure is based on a network where edges are defined as the semantic similarity between articles (right) rather than as hyperlinks (left). The semantic network is visualized
with edge strengths thresholded above 0.8. (B) Example of the forward flow metric changing during five steps of a simulated walk with high forward flow and another
with low forward flow. Forward flow is the average cosine dissimilarity between the current article and all previous articles. (C) Forward flow values of English Wikipedia
readers are distributed differently than those of a random walk null model (d = 0.78). (D) Principal components analysis of 11 topological metrics across 14,900 English
Wikipedia readers. Arrows depict the loadings that relate the 11 topological metrics to the principal components, with bolded metric names being used in the busybody/
hunter score. Forward flow is weakly correlated with the most dominant direction of variance in network statistics (Spearman’s p = —0.08, P < 0.001) and is more strongly
correlated with the second most dominant direction of variance in network statistics than the busybody/hunter score (p = —0.21, P < 0.001). Forward flow is most weakly
correlated with the busybody/hunter score (p = —0.05, P < 0.001). Hence, forward flow captures a different feature of curiosity.

understand how empirical knowledge networks are situated in the
wider space of possible topologies. For example, some areas of the
space are populated by networks built from random walks. Knowl-
edge networks in English Wikipedia from different countries popu-
late the same space of curiosity styles and are mixed homogeneously
(Fig. 8B). Knowledge networks from different Wikipedia languages
populate similar spaces of curiosity styles. There are some system-
atic nuances between language versions (Fig. 8C). Some of these dif-
ferences can be explained by the underlying network structure, such
as the different sizes of the hyperlink networks (table S1). This em-
bedding approach quantifies the similarity of laboratory and natu-
ralistic data, the dissimilarity of different models of curiosity, and
the generalization across different countries and languages.

DISCUSSION

Summary of findings

To summarize, we provide a systematic analysis of the architecture
of knowledge networks constructed by readers of Wikipedia using
the mobile app. We show that knowledge networks from previous

Zhou et al., Sci. Adv. 10, eadn3268 (2024) 25 October 2024

small-scale laboratory-based studies are very similar in structure to
those obtained from readers who are browsing Wikipedia in their
daily lives. Critically, the distributions of network structures that
characterize the hunter and busybody styles are similar between the
laboratory and naturalistic data. The main distinction between the
two datasets is not only that the latter constitutes a much larger (by
orders of magnitude) and diverse sample (several countries and
languages) but also that readers browsed Wikipedia without in-
structions by the authors of the study. The observed similarity in
knowledge network structure between the two datasets is not a
trivial finding: (i) comparison with different null models demon-
strates that it is unlikely to emerge by chance; and (ii) previous studies
have shown that navigation strategies of readers in Wikipedia can
differ substantially from those observed in laboratory studies of tar-
geted navigation such as the Wikispeedia game (54).

Our analysis also reveals insights into the variation of knowledge
networks in the Wikipedia readership. We show that knowledge
networks display systematic differences in structure along different
dimensions such as (i) the topic space being explored; (ii) the struc-
ture of the underlying link network; and (iii) the cultural context of
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Fig. 8. Uncovering the space of curiosity styles in knowledge networks. (A) All 11 topological metric scores projected onto two dimensions using uniform manifold
approximation and projection (UMAP) and colored by dataset or model. Naturalistic data for English Wikipedia are more proximal to the laboratory data and Lévy flight
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countries and languages tend to cluster together, suggesting comparable network structure. Two clusters separate due to network size differences (table S1).

readers, partly influenced by their country of access but more sub-
stantially by their language.

Curiosity has been increasingly recognized to have a complex as-
sociation with learning and well-being. For example, curiosity may
help allocate attention to information that is neither too complex
nor too simple, but to an intermediate “goldilocks” amount of infor-
mation that is conducive to learning (9, 69-71). Our operationaliza-
tion of distinct curious practices captures this complexity and
underscores the importance of doing so (fig. S6): Differences in
knowledge network structure and the diversity of topics explored
are predictive of education, well-being, and equality.

We further characterize knowledge networks beyond the known
curiosity types of the hunter and the busybody: (i) We operational-
ize the dancer type of curiosity by applying a forward flow measure
previously associated with creativity; and (ii) we use an unsuper-
vised clustering technique to uncover a wide spectrum of curiosity
styles that are as yet unexplored.

Implications

These findings have several important implications. First, our work
constitutes the first study replicating the network-based framework
of curiosity. This work is therefore important in light of recent calls
for prioritizing replication in research on human behavior (72). Our
results allow us to generalize the framework of knowledge networks
to a larger population outside of a laboratory setting. In turn, this
replication enables us to expand the applicability of the characteriza-
tion of curiosity derived from these networks. For example, we cap-
ture the continuum of styles along the dimension that distinguishes

Zhou et al., Sci. Adv. 10, eadn3268 (2024) 25 October 2024

the two paradigmatic types of curiosity denoted as the hunter and
the busybody.

Second, our work provides contributions to the theory of curios-
ity by revealing myriad outcome variables associated with different
styles of curiosity. Historico-philosophical studies have identified
three main types of curiosity: the hunter, busybody, and dancer (11).
We have proposed an approach to quantify the latter in terms of
momentous leaps that create a knowledge network. The connective
movements in a conceptual space that spark creative insight may
involve mechanisms of mental navigation much like that of spatial
navigation (73, 74) to form unexpected, remote associations (75).
These mechanisms center around the mental maps we create, here
operationalized in knowledge networks, by learning the network
structure of a sequence of information (76-79).

Our results suggest that less fettered, more diverse, and broader
information seeking—in contrast to the targeted wayfinding in
games such as “Wikispeedia”—is related to decreased negative mood
in both the laboratory and naturalistic data, as well as spatial naviga-
tion at the population level. Such broader and more diverse sequences
are more consistent with the mind wandering and the creative think-
ing of a busybody and dancer than with the goal-directed and tar-
geted thinking of a hunter (75, 80). These effects of enriched
information seeking in digital environments are consistent with evi-
dence that enriched environments can support some aspects of cog-
nition and mental health (60). We further tie the architectural styles
of information seeking to efficient foraging theories (39, 81-84).
Different styles of curiosity are associated with different types of re-
sources reaped, necessitating a reconfiguration of existing theories to
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account for a richer taxonomy of curiosity. For example, in the
broaden-and-build model (57), positive emotions like interest tend
to broaden exploration. Broadened exploration may enable people to
build intellectual, emotional, and social resources (57, 85). Animals,
including humans, exhibit greater well-being and positive affect with
greater experiential diversity (86, 87). Diverse, broad exploration in-
creases novel experiences, which may serve as intrinsic rewards to
generate positive affect (88). In support of this idea, the processes of
positive affect, foraging, novelty, and exploration may be supported
by the integration of activity in the striatum and the hippocampus,
brain regions implicated in reward learning, spatial navigation, and
novelty detection (86). Curiosity may help one not only to build re-
sources in the sense of accumulation but also to creatively draw on
resources to reinvent and reconfigure the structure of their beliefs,
self, and relationships with each other (42).

In contrast to broad openness, a need for closure may drive a
tendency to “seize and freeze” information. The tendency to undis-
cerningly latch on to information that hastens the resolution of un-
certainty, as opposed to protracted information gathering (89), may
relate to inflexibly updating or making rigid the current structures
of information (27, 90). These theories suggest that there is wisdom
in wandering in addition to the fruits of focused pursuit. Consistent
with this suggestion, we observed that the practice of curiosity by
people experiencing more negative emotions is narrowed; impor-
tantly, however, this is not evidence of narrow-mindedness. It is pre-
cisely the narrowed and returning types of movement that create
more clustered networks associated with compressibility, navigabil-
ity, and efficiency (91-93). Such networks may be useful to regulate
psychological uncertainty (36) and to help plan especially when the
future environment is uncertain (84, 94, 95). The management of
uncertainty (9, 71) and the constraints of returning to a central loca-
tion (or home) versus exploring parts unknown (41, 93, 96) are core
to theories of curiosity and how humans accumulate and rely on
shared information for innovation. Future work could incorporate
the uncertainty of perception and memory as agents learn the struc-
ture of their environment (2, 84, 97). Together, this framework pro-
vides a foundation for future data-driven studies on curiosity. The
framework emphasizes that different styles of curiosity can have
complex relationships to myriad outcomes including well-being and
creativity depending on the context, richness, and uncertainty of
physical and digital environments.

Third, our results have several practical implications. The frame-
work of capturing readers’ curiosity through their knowledge net-
works provides a more informative account of how readers engage
with content on Wikipedia. Standard metrics of online engagement,
such as session length (98), which are based on counting the num-
ber of pageviews, can provide a misleading account of the informa-
tion value that a website provides to readers (99). In contrast to
measuring only the quantity of engagement, operationalizing curi-
osity through knowledge networks can be used to measure how the
readership engages with the content. Given recent studies that have
reported associations between specific facets of curiosity and higher
rates of errors in discerning the novelty and quality of information
(27), such insights are relevant in addressing problems of dis- and
misinformation in Wikipedia (100) from the perspective of readers.
While most of the existing tools and initiatives have been geared
toward supporting editors to maintain the quality of the content,
we lack systematic approaches to support readers to become
more resilient to unreliable content. However, Wikipedia is explicitly
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recommended as a valuable resource to consult in courses that teach
how to evaluate the credibility of information online (101) using
the technique of lateral reading across multiple sources of informa-
tion (102). Our results on the breadth and diversity of knowledge
networks highlight the need to adapt similar strategies within the
Wikipedia ecosystem.

More generally, the framework of knowledge networks provides
a starting point for the development of tools to support readers’ ex-
ploration of Wikipedia given their different styles of curiosity. In
turn, such support could lead to an improvement in serving readers’
differing information needs and in helping them to easily find and
access relevant information. Items from the five-dimensional curi-
osity (5DC) scale (7) overlap with the taxonomy of why readers
visit Wikipedia (46). For example, the 5DC-item measuring joyous
exploration, “I seek out situations where it is likely that I will have to
think in depth about something,” matches one of the possible an-
swers on the questionnaire about the information needs of readers
in Wikipedia, “I am reading this article to get an in-depth under-
standing of the topic” Existing tools to recommend articles to read-
ers in Wikipedia are based on popularity (top read articles shown in
the Wikipedia app’s feed) (103) or similarity (related articles shown
at the bottom of the mobile site) (104, 105). In contrast to these ex-
isting tools, knowledge networks provide a framework to formulate
objective functions that could support learning. Recent work has
shown how the construction of knowledge networks is consistent
with compression progress theory (42, 106). In this view, curiosity is
the drive to obtain new information to construct mental models
with higher compression (i.e., lower cost of representation), which
improves the capacity for abstraction and generalization believed to
be crucial for human learning (41, 78). Seeking information with
more connections in learned mental models may support memory
(107), perhaps because such connectivity increases the compress-
ibility and navigability of networks (91, 92). Future work could ex-
amine the effects of information seeking connectivity on well-being
by analyzing longitudinal behavior and testing the effect of experi-
ments that provide readers with page metrics about the information
diversity and efficiency of their dynamic network structure. The
results of such a study could inform (i) what we expect readers to
learn as they search for information, (ii) how to improve the naviga-
bility of information networks, and (iii) how the connections and
positively or negatively valenced content of recommended informa-
tion is expected to affect memory and mood (54, 108-112).

On a population level, we found a statistically significant associa-
tion between the global efficiency of knowledge networks—or more
hunter- versus busybody-like patterns of Wikipedia browsing—and
measures of well-being, education, and equality. This observation
captures important differences in the relationships between the ar-
ticles visited by readers. While we assessed the proportion of topics
readers visited, future work could assess the transition probabilities
between topics. Notably, the associations we observed were stronger
for network efficiency than purely content-based measures such
as information diversity, suggesting a need for additional analyses
of intensive longitudinal data of day-to-day digital experiences
(113, 114). Broadly, this analysis complements prior work that found
relations between the motivations of Wikipedia readers and socio-
demographic variables of the readers’ country such as the Human
Development Index (47). Our finding yields a deeper understand-
ing of how a global readership consumes and connects knowl-
edge across languages and countries. The relation to socioeconomic
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variables highlights the necessity to take into account the local con-
text of readers when developing initiatives to better serve their
needs in alignment with the Wikimedia movements strategic effort
toward knowledge equity (115).

Information seeking can be affected by current events as well as a
more stable background concept space consisting of topics with a
lasting historical significance (63, 116). Such history and current
events can be notably influenced by geography. For example, a large
proportion of information seeking behaviors recorded by these
studies were on topics involving the United States, the United Kingdom,
and Australia likely due to the usage of English Wikipedia. In our
laboratory data, we noticed that an individual exhibited strong
hunter-like tendencies in seeking information about the past queens
of England around the time of Prince Harry’s royal wedding. Our
work suggests that knowledge network structure differs by language
and geography, consistent with different use cases of Wikipedia
associated with different socio-economic and cultural backgrounds
(47), yet can be analyzed integratively along busybody-hunter and
dancer dimensions.

It is worthwhile to consider the associations between hunter-like
curiosity and both gender and education inequality. Differences in
education and gender are related to information seeking in Wikipedia
as well as curiosity-driven information seeking (117-121). Such dif-
ferences can be investigated in light of prior work in critical social
theory (122), intersectional concerns of epistemic freedoms and
knowledge production (123), and links between digital inequality
and other forms of social inequality including those encompassing
education and gender (124). Candidate drivers of the curiosity-
inequality relationship are many, and parsing their relative explana-
tory power would be an important goal for future work. Such drivers
include gender, racial/ethnic, socioeconomic, and epistemic norms
as well as their intersection. For example, it is possible that patriar-
chal forces (125, 126) drive a narrowing of curiosity practices—and
a constraining of knowledge production approaches—that leads to
hunter-like curiosity at the expense of other diverse forms of curios-
ity. Men tend to have greater specific curiosity than diversive curios-
ity, where a specific curiosity involves seeking detailed information
about a specific topic, whereas diversive curiosity involves seeking a
broad range of new information (119).

A second possible explanation relates to gender disparities in
readership: It is possible that in countries characterized by greater
gender and education inequality, the readers of Wikipedia tend to be
people who are more able to access digital resources, are socialized as
men, and trained to evince hunter-like curiosity over busybody-like
or dancer-like curiosity. In support of this notion, in studies of trait
curiosity, men tend to evince specific (hunter-like) versus diversive
(busybody-like) styles of epistemic curiosity for obtaining knowl-
edge about objects, things, and the physical sciences (119, 120).
Further, people with disadvantaged backgrounds encounter com-
pounding barriers that reinforce their digital exclusion (124). Focus-
ing specifically on Wikipedia readers, it is relevant to note that the
level of resources for education in different countries influences
the topics, duration, and depth of information seeking (47, 99), and
women historically have had fewer of those resources. Global online
surveys have shown that women are underrepresented among read-
ers of Wikipedia (117).

A third possible explanation relates to epistemic norms in dif-
ferent disciplines or areas of knowledge. Intrinsic interest or lack
thereof in topics such as mathematics, physics, and engineering is
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sometimes used to explain skewed gender proportions in different
fields and levels of STEM education (127, 128), alongside gendered
stereotypes and role models unique to a culture and geography
(129). Our present results suggest a relationship between informa-
tion seeking about STEM and hunter-like curiosity, which is analo-
gous to the kind of specific versus diversive epistemic curiosity
found to be more prevalent in men (119). In particular, because of
statistical associations between gender and discipline (whereby peo-
ple socialized as women are pushed away from STEM), it is possible
that countries with more men readers will evince styles of curiosity
trained by STEM education, which may align more with the hunter-
like style of curiosity than the busybody-like or dancer-like style.

Across these three candidate drivers, it would be interesting to
test whether action to support diverse curiosity styles might effec-
tively work against hegemonic norms, as people with high curiosity
tend to exhibit flexibility with gender norms, rebelliousness, uncon-
ventionality, and social perceptiveness (130). However, it is also im-
portant to acknowledge that readers in locations of marked social
injustice (including gender and education inequality) could effec-
tively use any sort of curiosity (including hunter-like curiosity) to
build resistant knowledge (17, 131). In line with this idea, the key
knowledge network statistic might be one that is dynamic, such as
state entropy, to characterize how flexibly someone moves between
diverse modes of curiosity (41, 42).

Last, our work demonstrates how Wikipedia is a human-centered
project that continues to help advance our understanding of hu-
mans. Primarily, Wikipedia is an encyclopedia that anyone can
share in. At the same time, it plays a crucial role in enabling research
as “the most important laboratory for social scientific and comput-
ing research in history” (48). Our work on the curiosity of Wikipedia’s
readership constitutes an example of how this laboratory contributes
to addressing current challenges in human behavior research—not
only by increasing ecological validity or diversifying representation
empirically (132) but also by advancing theories of human behavior
(133). More generally, Wikipedia plays a central role in contributing
to the development and improvement of the scientific understand-
ing of meaningful measures of human society (134); as an encyclo-
pedia and one of the largest global platforms for free knowledge, it
allows access to distinct aspects of human behavior complementing
other widely used resources that often observe behavior on social
media sites (135).

Naturalistic approaches may inform how future studies could
strengthen the modest or incomplete relationships between perfor-
mance on curiosity laboratory tasks and some facets of curiosity as
a personality trait (136). Future work could also assess the effect of
external events, such as news related to current events, across mul-
tiple languages and countries. Knowledge network structure was
relatively similar despite being separated by 6 months in the natural-
istic dataset. This may suggest that individual information seeking
styles are fairly consistent across time, characterizing a trait-like ten-
dency related to a curiosity component like deprivation sensitivity.
Because we used a cross-sectional analysis across time points, this
similarity could also suggest that the prevalence of different infor-
mation seeking styles is robust across time. To test the stability of
long-term trait-like styles or the transience of state-like styles of in-
formation seeking, future research could collect a longitudinal sam-
ple across several months. Prior work studying the variability in
hunter and busybody styles over time indicated that while it is
meaningful to talk about trait differences in knowledge network
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building, there are also within-person changes in building tenden-
cies across time (36). Clustering methods such as a hidden Markov
model could be used to identify three styles, characterizing hunters,
busybodies, and dancers, or more. We expect that beyond a trait-
like preference to dwell in certain styles, individuals flexibly shift
between modes of curiosity perhaps beyond the three we have ex-
amined here.

Limitations

Several methodological considerations and limitations are pertinent
to this study. First, despite its size, the naturalistic dataset cannot be
considered representative of all of Wikipedia’s readership. Here, we
only consider readers using the Wikipedia app for whom we are able
to construct knowledge networks that are sufficiently similar (e.g.,
same observational period) to the laboratory data. While most read-
ers use the desktop or mobile-web platforms (54), our naturalistic
mobile app dataset with millions of readers still constitutes the larg-
est sample of knowledge networks currently available. Second,
country-level aggregate measures like the Human Development In-
dex are overly simplistic, neglect cultural differences, and have con-
ceptual and methodological flaws (137, 138); for example, redundant
subindices and false equivalences between indices of health, eco-
nomic output, and education occur via averaging. Metrics of in-
equality address some but not all of these issues. Future work could
consider expanding and replicating our results using additional
datasets and aggregate measures. Third, we lacked data on indi-
vidual characteristics of Wikipedia readers in the naturalistic data-
set. Therefore we used, as a proxy, separate survey data on mood and
well-being collected from a population sample across many coun-
tries (139). The present work builds upon prior research that noted
that geographical characteristics may explain differences in the
patterns and topics of information seeking (47, 63). This approach
has previously been used to link individual motivations and goals
of information seeking on Wikipedia to account for the differing
socio-economic or cultural background of readers (47). This method
allows us to offer preliminary evidence of a consistent relationship
between mood and information seeking at both an individual (labo-
ratory data) and population level (aggregated naturalistic data).
However, aggregated measurements at the level of countries obscure
unique variability among individuals, known to influence individual
information seeking behavior (62, 116, 140). The validity of this
aggregate analysis hinges on how representative the naturalistic data
and survey methods are to the population, which can be affected by
sampling biases.

MATERIALS AND METHODS

Data

Laboratory

We used data from the Knowledge Networks Over Time (KNOT)
study, a study designed to provide insight into behavior across a
range of domains, including curiosity (31, 36, 64). Participants
(n = 149; 121 women, 26 men, 2 genders beyond those listed as re-
sponse options) were recruited through poster, Facebook, Craigslist,
and university research site advertisements in Philadelphia and the
surrounding university community. Participants were aged between
18.21 and 65.24 years (mean = 25.05 years, SD = 6.99 years) and
identified as African American/Black (6.71%), Asian (25.50%),
Hispanic/Latino (5.37%), multiple races/ethnicities (5.37%), races/
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ethnicities beyond those listed (5.37%), and white (49.66%), and
2.01% of participants did not report their races/ethnicities. Data col-
lection began in October 2017 and ended in July 2018.

Interested participants were sent a baseline survey through Qual-
trics that contained demographic and personality questionnaires.
Participants then visited the laboratory and completed additional
questionnaires, received training in a daily assessment protocol that
began after the laboratory session, and were guided through the in-
stallation of tracking software (Timing) necessary for the Wikipedia
browsing task, which is the focus of the present manuscript.

After the laboratory visit, a 21-day daily assessment protocol was
initiated. The 21-day assessment consisted of two components.
Links to the daily assessments were emailed to participants at 1830
each evening, and participants completed them outside of the labo-
ratory on their personal computers.

The first component was a daily diary, delivered using Qualtrics,
and consisted of survey questionnaires that took approximately 5 min
to complete. These surveys included scales for depressed mood and
anxiety (141).

The second component came immediately after the daily diary and
was a 15-min Wikipedia browsing task. As part of the Wikipedia
browsing task, participants were prompted to open a browser and
navigate to Wikipedia.org. The participants were instructed to
spend 15 min in self-directed information seeking on Wikipedia
and to explore whatever topics interested them. Specifically, during
the laboratory visit, the investigator stated, “We would like you to
open a new tab on your browser and visit https://wikipedia.org/. We
would like you to spend 15 min each evening reading about what-
ever you want on Wikipedia. For example, if you wanted to learn
more about Philadelphia, you could go to the Philadelphia Wikipedia
page.” At this point, the researcher used the Wikipedia search bar
to navigate to https://en.wikipedia.org/wiki/Philadelphia to ensure
that all participants had familiarity with Wikipedia and its usage.
“You can read through the page. You can also click on links you find
interesting or you can use the search bar to search for new topics.
There is no right or wrong way to do this. We are interested in what
it is that people read about when they are not forced to read about
anything in particular” We developed this set of instructions to
ensure that people would browse according to their curiosity and
not in any particular manner suggested by the experimenter. After
the 15 min of open browsing, the participants uploaded their brows-
ing history.

Participants were compensated with Amazon gift cards at each
study phase. They were given cards worth US$25 after completing
the baseline assessment and the laboratory visit. For the daily assess-
ment, completion was incentivized by participant payments that
were contingent upon completion: the completion of three, four,
five, six, and seven surveys each week was compensated with gift
cards worth US$10, US$15, US$20, US$25, and US$35, respectively.
Continued participation through the daily assessment was further
incentivized by using a raffle for which an iPad mini was the prize.
The completion of all seven surveys each week resulted in one entry
into the raffle drawing.

Wikipedia mobile app

We assessed Wikipedia browsing data from 482,760 people collated
across 50 countries or territories and 14 languages. Naturalistic
Wikipedia browsing data were collected for the months of March
2022 and October 2022 from the webrequest logs (142). In general,
these data are continuously and automatically collected for analytic
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purposes on Wikimedia’s infrastructure and deleted after 90 days.
We only considered requests from the mobile app to articles in the
main namespace. We discard requests marked as automated traffic
or coming from bots (143). We identify unique readers via the wm-
fuuid (144) associated with the app installation (readers of the app
have the option to turn off sending this ID with their requests). To
protect readers’ privacy, we remove sensitive information in several
steps: discarding all requests from countries with fewer than 500
unique readers or from countries included in the country protection
list (145); dropping IP, user agent, and fine-grained geospatial infor-
mation; and dropping timestamps of the requests by only keeping
the time order as well as the day and hour of all requests. Across
both time points, we sampled 14,900 readers who were matched for
browsing the same number of page views as in the laboratory data
using propensity score matching with the package psmpy (146).
This procedure was motivated by the fact that network size, mea-
sured by the number of page views, is a known confound of most
network metrics. Using larger sample sizes gains statistical power
and sample variance at the cost of slightly poorer matching. There-
fore, we also applied this matching procedure to better match page
views in smaller datasets of 1490 and 149 readers.

We applied the same matching procedure when constructing da-
tasets for readers who accessed from different countries and for
readers who used different language versions of Wikipedia. The da-
tasets we constructed include the following:

« Readers of English Wikipedia accessing from specific countries
(10 countries with the largest number of unique readers): Canada,
India, the United States, the Philippines, Australia, Italy, the United
Kingdom, France, the Netherlands, and Germany.

« Readers of 14 language versions of Wikipedia considered in a
prior study covering different language families and taking into ac-
count the number and distribution of speakers worldwide: English,
German, Chinese, Russian, Arabic, Japanese, Hungarian, Spanish,
Bengali, Dutch, Romanian, Hebrew, Hindi, and Ukrainian (47).

o More granular datasets of readers who accessed a given Wikipedia
language edition from a given country (74 language-country pairs
from the 14 language versions above; for privacy reasons, we in-
clude only pairs with more than 5000 unique readers and where
the country is not included in the country protection list). This pro-
cess yields 50 different countries or territories: Algeria, Argentina,
Australia, Austria, Bangladesh, Belgium, Brazil, Canada, Chile,
Colombia, Czechia, Denmark, Finland, France, Germany, Ghana,
Greece, Hong Kong, Hungary, India, Indonesia, Ireland, Israel,
Italy, Japan, Kenya, Korea, Malaysia, Mexico, Morocco, Nepal, the
Netherlands, New Zealand, Nigeria, Norway, Peru, the Philippines,
Poland, Portugal, Romania, Serbia, South Africa, Spain, Sri Lanka,
Sweden, Switzerland, Taiwan, Ukraine, the United Kingdom, and the
United States.

Wikispeedia

Both the laboratory data and the naturalistic data on Wikipedia
browsing characterize naturalistic information seeking. This type of
naturalistic information seeking was unconstrained by experimenters.
To compare and contrast naturalistic information with a more con-
strained type of targeted navigation, we used a previously collected da-
taset on an online task called Wikispeedia (51, 52). The Wikispeedia
task asks participants to begin from a given source article and navi-
gate to a given target article using the shortest path of hyperlinks be-
tween the source and target articles. Articles were condensed into a
miniature version of Wikipedia that includes 4604 articles. The task
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was successfully completed by 14,246 participants and took an
average of 2.64 + 6.01 min. The data were downloaded from an
https://snap.stanford.edu/data/wikispeedia.html public repository.
Population indicators of education, well-being, and equality
We were interested in population-level education, well-being, and
equality because these are outcomes that curiosity has been hypoth-
esized to support. To measure population-level indices of these fac-
tors, we collated data from several sources on people from countries
that were included in the Wikipedia naturalistic data.

Spatial navigation is a useful variable because the same mecha-
nisms thought to underlie the spatial navigation important for for-
aging are thought to underlie the mental navigation important for
information foraging (39, 73). To index spatial navigation abilities,
we evaluated previously collected data on nonverbal spatial naviga-
tion using a wayfinding task in 397,162 participants from 38 coun-
tries (147). Participants played a mobile video game, “Sea Hero
Quest,” in which they navigate a boat in search of sea creatures. Per-
formance in this game is predictive of real-world navigation ability
and clinical conditions in which spatial navigation is known to be
impaired such as Alzheimer’s disease (148, 149). Performance is also
influenced by one’s environment (61), raising the question of how
the digital environment relates to performance. The wayfinding task
provided players with a map indicating a start location and the loca-
tion of targets to find in a given order.

Next, we assess education, well-being, and inequality. Whereas we
used daily diary methods to measure indicators of individual-level
mood and well-being in the laboratory data, we operationalize di-
mensions of population-level mood and well-being using country-
wide indicators from the Human Development Index (2021), Gender
Inequality Index (2021), and World Happiness Report (2021-2022)
(139, 150). We used the Human Development Index and Gender
Inequality Index. For each country, a “Health” dimension includes
variables such as life expectancy at birth, maternal mortality, and ado-
lescent birth rates. A “Knowledge” dimension includes variables such
as the expected years of schooling and the mean years of schooling.
See the compiled https://hdr.undp.org/sites/default/files/2021-22_
HDR/hdr2021-22_technical_notes.pdf technical notes for these in-
dices for further definitions and data sources.

Positive and negative affect were originally measured by the
Gallup World Report and compiled by the World Happiness Report.
The general form for these affect questions was: “Did you experience
the following feelings during a lot of the day yesterday?” The possi-
ble answers are yes (1) or no (0), resulting in country-level averages
ranging from 0 to 1. Positive affect is defined as the average of three
measures: laughter, enjoyment, and doing interesting things. Laugh-
ter was measured with the answer to the question “Did you smile or
laugh a lot yesterday?”, enjoyment was measured with the answer to
the question “Did you experience the following feelings during A
LOT OF THE DAY yesterday? How about Enjoyment?”, and doing
interesting things was measured with the answer to the question
“Did you learn or do something interesting yesterday?”

Negative affect was defined as the average of three measures: worry,
sadness, and anger. Worry was measured with the answer to the
question “Did you experience the following feelings during A LOT
OF THE DAY yesterday? How about Worry?”, sadness with the answer
to the question “Did you experience the following feelings during A
LOT OF THE DAY yesterday? How about Sadness?”, and anger with
the answer to the question “Did you experience the following feelings
during A LOT OF THE DAY yesterday? How about Anger?”
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Knowledge networks

We construct knowledge networks by treating each article as a node
and hyperlinks between articles as edges. We defined undirected
and binary edges between two nodes s and ¢ with a value of 1 if there
is a hyperlink from s to ¢ or from ¢ to s. We considered all hyperlinks
among articles from the same corresponding month as the data.
Specifically, for each dataset, we considered the hyperlink network
of the respective Wikipedia language version at the end of the month
of access. For this purpose, we use the corresponding snapshot of
the pagelinks table (151) and resolve redirects.

Analysis

Network metrics

We calculated 11 topological metrics for each network. These met-
rics include the network size, number of edges, density, clustering
coefficient, degree, characteristic path length, global efficiency, core-
ness, minimum description length, modularity index, and number
of groups (or modules). We calculate these 11 metrics for each data-
set to result in an » (participants) by 11 (metrics) matrix character-
izing network structure. This matrix is used to calculate metrics that
characterize the tight networks emblematic of hunters and the loose
networks emblematic of busybodies. Below, we describe each of the
11 metrics and how we aggregate selected metrics to characterize
whether a person’s browsing is more like a hunter, a busybody, or a
dancer. All metrics were calculated using the NetworkX, BCTPY,
and graph-tool packages (152-154).

Size, edges, density, and degree

The network size was calculated by the number of nodes n. The
number of edges m characterizes how connected articles were by
hyperlinks, where busybodies tend to visit less connected articles
than hunters. The network density is the fraction of existing edges
out of all possible edges, where busybodies tend to construct looser
networks with less density than hunters. The density d of the net-
work is defined as

_ 2m
d= nn—1) M

where m is the number of edges in the network and 7 is the number
of nodes in the network. The degree k of a given node is the number
of hyperlink connections of the given node to all other nodes, where
busybodies tend to construct less connected networks than hunters.
Clustering coefficient

The clustering coefficient can be defined as the fraction of existing
edges out of all possible edges in node triplets. The clustering of a
node u is defined as

2T (n)

“= % [k(m) —1] )
where T(n) is the number of triangles through node n and k(n) is the
degree of n.

Characteristic path length

The average characteristic path length is the mean shortest path
length between all pairs of nodes. The average characteristic path
length is defined as

Z d(s, t)
a=
- 3
Antn=1) G)
s#L
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where Vis the set of nodes in the network, d(s, f) is the shortest path
from the source node s to the target node t, and » is the num-
ber of nodes.

Global efficiency

The global efficiency is the harmonic mean of the path distances,
and can be defined as

E=

1 1
nn—1) ; d_g (4)

where 7 is the number of nodes and dj; is the shortest path distance
between the nodes i and j.

Core-periphery

A network has a core-periphery structure if a set of core nodes and
a set of periphery nodes exist such that core-to-core connections
are most common, core-to-periphery connections are less com-
mon, and periphery-to-periphery connections are least common (if
they exist at all). A core-periphery structure can be detected in a
network by partitioning the network into a core group and a pe-
riphery group such that the number of core-group edges is maxi-
mized while the number of periphery-group edges is minimized
(155). The core-ness can be defined as

Qc= L Z (w; —YCW)_Z (wi=vcw) (5)

Yelijec. ijeC,

where C. is the set of all nodes in the core, C, is the set of all nodes
in the periphery, wj is the weight between nodes i and j, w is the
average edge weight, yc is a parameter that adjusts the size of the
core, and v¢ is a normalization constant.

Modularity, partitions, and minimum description length
Modularity was estimated by fitting a hierarchical degree-corrected
stochastic block model (156). The fitted generative model contains
a hierarchical grouping of nodes, wherein the number of levels in
the hierarchy and the number of groups in each level are inferred
automatically. We solve the inference problem that maximizes
the Bayesian posterior probability for the modules or partitions
b such that

P(A|6,b)P(6, b)
P(A)
where A is the networks adjacency matrix and 6 are additional
model parameters that control how the node partition affects the

structure of the network.

Using the fitted model, we compute three metrics: the number of
groups b, the modularity Q, and the minimum description length.
The number of groups is given by the fitted model’s partitioning of
the nodes into b modules. Busybodies tend to have more modules
than hunters.

The modularity Q is calculated as a proportion of edges within
versus between groups on the lowest level of the hierarchy using
Newmanss (generalized) modularity metric

P(b|A) = (6)

2
r

m,, — M

1 m

Q= 2

@)

where m is the number of edges that fall between communities s and
1, or twice the number of edges if s = r, and M is the total number of
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edges. Busybodies tend to construct looser networks with weaker
within-module connections and hence less modularity than hunters.

The minimum description length (157) is the amount of infor-
mation required to describe the data using our fitted stochastic
block model. Maximizing the posterior probability of P(b | A) gives
the minimum description length ¥ defined as

¥ =-InP(A|6,b) — InP(6, b) (8)

This metric captures the amount of information necessary to de-
scribe the data given the model as well as the amount of information
to describe the model itself.

Busybody-hunter metric

We aggregated a few selected network measures above into a
busybody-hunter metric. The busybody-hunter metric characterizes
how loosely or tightly people construct knowledge networks as they
browse Wikipedia. In prior work, the edge weight, clustering coeffi-
cient, global efficiency, and characteristic path length were related to
the tight structures created by a hunter-like curiosity and the loose
structures created by a busybody-like curiosity (36). Hence, we de-
fined an aggregate busybody/hunter score using the number of edges,
clustering coefficient, global efficiency, and characteristic path length.
Here, we also include the number of edges instead of the edge weight
because we are analyzing binary rather than weighted networks. The
standardized values that characterize hunter-like exploration were
summed, including the number of edges, clustering coefficient, and
global efficiency. The standardized values that characterize busybody-
like exploration were subtracted, including the characteristic path
length. The busybody-hunter metric is then the sum of the hunter-
like standardized values minus the busybody-like standardized val-
ues. This aggregation is performed for the convenience of analysis and
visualization, and throughout, we also consider the individual contri-
butions of each metric.

Forward flow

Forward flow characterizes the momentous leaps in thought charac-
teristic of creativity (66). Forward flow is calculated by the average
distance between the current thought and all previous thoughts.
While forward flow of thoughts has been correlated with metrics of
creativity, here we were interested in forward flow as a quality that
we expect dancers to have as they weave a thread through Wikipedia
pages to seek information and build knowledge networks. Dancers
are thought to take leaps of creative imagination, and hence we
would expect dancer-like browsing to have higher forward flow than
non-dancer-like browsing. Forward flow is calculated as

n—1
Dn,i

i=1
n—1

)

where D is the distance between pages and # is the index of the page
in the sequence of pages a reader has browsed. For this metric, we
defined D using the cosine distance between two pages” pretrained
word-vector embeddings from fastText (158).

Distance between distributions

To quantify the similarity between two samples for a given variable
x (e.g., any of the network metrics above), we use the Kolmogorov-
Smirnov (KS) distance. This distance is commonly used as a test
statistic for the KS test, which assesses whether two empirical dis-
tributions are significantly different. Given two samples (of possibly
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different sizes n and m), {x1}i=1,...» and {x;}j=1,...m» the KS dis-
tance is defined as

sup|F, ,(x)—F, ,,(x)] (10)
where F; ,(x) and F, ,,,(x) are the empirical cumulative distribution
functions and sup is the supremum. The KS distance yields values
between 0 and 1.
Network models
For each knowledge network, we generated a set of corresponding
random networks to compare the empirical data to simulated data
with explicitly defined generative models. This comparison allows
us to interpret the network structure of naturalistic browsing as a
possible consequence of the rules that govern the growth and struc-
ture of networks according to generative models. Moreover, by com-
paring empirical to random networks, we can determine how much
our network measures are distinctive of empirical information seek-
ing behavior versus random chance.

We used each networks size, average node degree, and average
edge density to parameterize generative models including randomly
shuffled, Erdds-Rényi, Barabdsi- Albert, random walks according to
total popularity, random walks on local hyperlinks, a hybrid ran-
dom walk based on a prior analysis of reader behavior (54), and a
foraging model rooted in theories from ecology and psychology
(84, 159).

Random networks

Randomly shuffled networks were constructed by randomizing the
structure of the observed network by swapping edges between pairs
of nodes while preserving the degree distribution (160). The Erdés-
Rényi network was generated using an edge probability correspond-
ing to the edge density of the reader’s network size (161). The
Barabdsi- Albert model generates scale-free networks with heteroge-
neous degree distribution by a preferential attachment (rich-get-
richer) mechanism (162).

We also created synthetic knowledge networks by simulating
browsing as different types of random walks on the hyperlink net-
work. For each synthetic network, we start random walks from the
same first page and with the same number of steps as observed
empirically. The next step of the random walks was determined by
different rules. The random walks weave a thread through the un-
derlying Wikipedia network according to four different genera-
tive rules.

Random walk

The first rule of determining the next step of the random walk was
by sampling from a uniform probability distribution across the
hyperlinks (163). At each step, we pick one of the hyperlinks on the
page at random, whereby each hyperlink has the same weight. If
there were no hyperlinks, a page was picked at random proportional
to the page’s popularity in terms of the number of page views ac-
crued during the respective month. Random walks have been previ-
ously shown to resemble optimal foraging and thus serve as an
important null model (53).

Random walk by popularity

The second rule of determining the next step of the random walk
was by sampling from pages weighted by their popularity, forming a
biased random walk similar to previous research (164). Popularity
was operationalized by the total number of page views during the
month of access. Biased random walks based on popularity serve as
a null model for the average behavior of Wikipedia readers.

17 of 21

$202 ‘S0 JB0WeAON U 610°80Us 195" MMM/ SO1Y LLoJ) papeouMoq



SCIENCE ADVANCES | RESEARCH ARTICLE

Random walk by popularity and reader statistics

The third rule of determining the next step of the random walk was
a mixture of the first and second rules. The next step would be deter-
mined by the first rule with a 37.5% probability or by the second rule
with a 62.5% probability. This specific set of probabilities was drawn
from prior work that found around 37.5% of page loads were from a
different page within Wikipedia, while the remainder of the page
loads were accessed from an external source (54).

Random walk by search and foraging

The fourth and final rule of determining the next step of the random
walk was sampling pages according to a previously fit model of in-
formation search and foraging. In a prior study, this model was fit to
the 149 participants of the laboratory data, producing an empirical
distribution of 149 sets of two parameters: edge reinforcement and
Lévy flight dynamics (36, 41). Here, we repeatedly draw pairs of pa-
rameters with replacement from the empirical distribution to simu-
late browsing. We then test the similarity of structure between the
simulated knowledge networks and the mobile app knowledge net-
works using the network metrics described above.

The edge reinforcement parameter represents a memory of fa-
miliarity that increases the probability of taking previously traversed
paths. Mathematically, random walks across a path will increase the
weighted value of that path, thereby increasing its future transition
probability. When applied to human information seeking, edge re-
inforcement is associated with the personality trait of deprivation
sensitivity (10, 43), a dimension of curiosity associated with aver-
sion to uncertainty and gaps in knowledge.

The Lévy flight dynamics parameter characterizes an optimal
distribution of step distances with many small steps and a few large
leaps. Lévy flight dynamics are characterized by the manner in
which the probability of a step decays as a function of distance (81).
The steepness of decay is directly related to the exponent defining
the function’s form. In particular, we measured the exponent of the
decaying probability distribution by the step distance of the empiri-
cally observed behavior. Optimally efficient Lévy flight dynamics
exist if this exponent is approximately 2 (159). When applied to
human information seeking, recent work shows that humans indeed
exhibit an average exponent of 2.11 + 0.15, suggestive of Lévy-like
dynamics in curiosity-driven information seeking (36).
Information diversity
The diversity of information is important for conceptualizations of
epistemic curiosity. This kind of curiosity is a drive for knowledge.
In a historico-philosophical framework of curiosity styles, there
are two complementary inclinations to seek knowledge. Hunters
tend to pursue a set of similar topics, whereas busybodies tend to
explore a wide range of diverse topics. These tendencies had not
been previously tested.

To calculate information diversity, we first sought to classify
each article into distinct topics. We used a prior classification meth-
od that assigns each page to four topics: culture, geography, history
and society, and STEM (59). The broad topic “culture” includes sub-
topics of visual arts, sports, philosophy and religion, performing
arts, media, literature, linguistics, internet culture, food and drink,
and biography. The broad topic “geography” includes subtopics of
specific regions and general geographical phenomena. The broad
topic “history and society” includes transportation, society, politics
and government, military and welfare, history, education, and
business/economics. Last, the broad topic “STEM” includes tech-
nology, space, physics, medicine/health, mathematics, libraries/
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information, engineering, earth/environment, computing, chemis-
try, and biology.

Using this classification, we then calculated for each reader the
proportion of page visits classified as culture, geography, history and
society, or STEM. The information diversity is a function of these
proportions, based on the Shannon diversity index

H= _Zpi X ln(Pi)

where p; is the proportion of the pages made up of topic i € culture,
geography, history and society, and STEM. The maximum informa-
tion diversity occurs when people browse all topics evenly, whereas
the minimum information diversity occurs when people browse
only one topic.

Unsupervised clustering

We assess how knowledge networks cluster together using Uniform
Manifold Approximation and Projection (UMAP) dimensionality
reduction on the n-by-11 matrices of network structure (165). We
also include in this clustering several canonical random networks
with explicitly known generative models. Clustering both empirical
and random networks serves two purposes. First, their comparison
allows us to determine how much our network measures can distin-
guish the structure of information seeking behavior from random
chance. Here, random networks serve as null models. Second, their
comparison allows us to interpret how similar human behavior is to
known generative principles, such as preferential attachment mod-
els (the rich-get-richer) and random walks. Last, we used the two-
dimensional space generated by UMAP as a data-driven approach
to detect different kinds of curiosity. To do so, we assessed the cor-
relation between the coordinates of each dimension and either (i) a
variable hypothesized to operationalize a busybody-hunter axis of
curiosity or (ii) a variable hypothesized to operationalize a dancer
axis of curiosity.

Citation diversity statement

Recent work in several fields of science has identified a bias in cita-
tion practices such that papers from women and other minority
scholars are under-cited relative to the number of such papers in the
field (166-174). Here, we sought to proactively consider choosing
references that reflect the diversity of the field in thought, form of
contribution, gender, race, ethnicity, and other factors. First, we ob-
tained the predicted gender of the first and last author of each refer-
ence by using databases that store the probability of a first name
being carried by a woman (170, 175). By this measure (and excluding
self-citations to the first and last authors of our current paper), our
references contain 18.76% woman(first)/woman(last), 15.83% man/
woman, 12.72% woman/man, and 52.7% man/man. This method is
limited in that (i) names, pronouns, and social media profiles used to
construct the databases may not, in every case, be indicative of gen-
der identity and (ii) it cannot account for intersex, nonbinary, or
transgender people. Second, we obtained predicted racial/ethnic cat-
egory of the first and last author of each reference by databases that
store the probability of a first and last name being carried by an
author of color (176, 177). By this measure (and excluding self-
citations), our references contain 12.23% author of color (first)/author
of color(last), 14.06% white author/author of color, 18.62% author
of color/white author, and 55.10% white author/white author. This
method is limited in that (i) names and Florida Voter Data to make
the predictions may not be indicative of racial/ethnic identity, and
(ii) it cannot account for Indigenous and mixed-race authors, or

11)
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those who may face differential biases due to the ambiguous racial-
ization or ethnicization of their names. We look forward to future
work that could help us to better understand how to support equita-
ble practices in science.
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