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ABSTRACT

Humans acquire and accumulate knowledge through language usage and eagerly exchange their knowledge for advancement. Although geographical
barriers had previously limited communication, the emergence of information technology has opened new avenues for knowledge exchange.
However, it is unclear which communication pathway is dominant in the 21st century. Here, we explore the dominant path of knowledge diffusion
in the 21st century using Wikipedia, the largest communal dataset. We evaluate the similarity of shared knowledge between population groups,
distinguished based on their language usage. When population groups are more engaged with each other, their knowledge structure is more similar,
where engagement is indicated by socio-economic connections, such as cultural, linguistic, and historical features. Moreover, geographical proximity
is no longer a critical requirement for knowledge dissemination. Furthermore, we integrate our data into a mechanistic model to better understand
the underlying mechanism and suggest that the main channel of information distribution in the 21st century is based online.

1. Introduction

Human language and knowledge are fundamentally intertwined and influence one another (Code, 1980). Knowledge, which is
defined as the ability to perceive and comprehend a subject, can be obtained through various sources, including memory, education,
and practice (Grimm, 2014). Epistemologists traditionally investigated the nature and origins of knowledge. For instance, Immanuel
Kant, a prominent epistemologist, claims that human perception is the basis of the general rules of nature that structure all our
experiences (Kant, 2000). Because the experience could be different depending on the environments of population groups, knowledge
structure can vary based on personalities, the country one lives in, or language profile based on a person’s social structure and
education system. Humans conventionally acquire information through language, synthesizing knowledge from a flow of sensory
experience (Schieffelin & Ochs, 1986). Thus, language profiles may influence the knowledge structure.

Researchers have considered that information can be spread through the mobility of people. For example, until the 16th century,
the Silk Road had played an important role in the transmission of knowledge between Europe and Asia (Andrea, 2014, Lu et al., 2016).
Beyond physical contact between groups, modern information technology offers interactive online resources, such as user comments
on a web page, social networks, and internet messengers, which allow knowledge to be transferred. Therefore, the emergence
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of information society raises intriguing questions: do social interactions influence the organization of human knowledge in the
21st century? If yes, what is the main contemporary channel of information distribution that geographical boundaries gradually
diminished thanks to the advance of technology?

In this study, we attempt to answer the aforementioned questions using the knowledge structure for users of each language,
who share their habitus inherited from their antecedents. We compare the knowledge structures between languages. The way in
which language is used reflects the innate knowledge structure of its users. Thus, we consider the usage of each language as a
proxy for its users’ habitus, and hereafter, we use the term “language” to indicate the collective usage of the language users, unless
otherwise specified. Researchers commonly use large scholarly databases as fundamental sources to explore knowledge structure
for investigating the mechanisms of scientific innovations. However, these databases are suitable for examining shared knowledge
within research communities rather than covering the society in general (Qian et al., 2009, Song & Kim, 2013, Su & Lee, 2010, Hu
et al., 2014, Sakata et al., 2012, Fortunato et al., 2018). Although previous studies have achieved the quest of understanding human
innovation to some degree, it also necessitates complementary data with more general coverage, including non-scholars. Wikipedia,
on the other hand, enables us to construct knowledge structures encompassing general society of specific language users and compare
the knowledge structures across different groups.

Here, we use Wikipedia’s multi-lingual linkage to evaluate the similarity of knowledge structures among different language
editions to track the dominant pathway of contemporary information distribution. First, we construct 59 hierarchical knowledge
networks based on the relationship between the pages and categories of each Wikipedia language edition, where each page or
category — known as a rich proxy for the knowledge structure (Nastase & Strube, 2008, Schonhofen, 2009, Yoon et al., 2018) — is
regarded as a scientific concept. Using a personalized page rank algorithm (Jeh & Widom, 2003), we build genealogy vectors for each
subject in the knowledge network. Then, using Wikipedia’s multi-lingual linkage, we determine subject similarity by comparing the
genealogical vectors of each subject among the knowledge networks from different language usage groups. We discover a plausible
modular structure of languages comprising multidimensional factors, such as geographical, cultural, linguistic, and historical factors,
by aggregating multiple topic similarities between languages into a knowledge structure similarity.

Using this massive knowledge graph, we also discover geographically disassociated interactions, such as cooperative scientific re-
search and social ties, by comparing with other socio-economic data, thereby explaining the synchronization of knowledge structures
rather than geographical proximity. Furthermore, we successfully regenerate the similarity of empirical knowledge structures based
on various socio-economic ties, supporting our previous observations, and uncover the potential mechanism underlying the syn-
chronization of knowledge structures with the mechanistic model, inspired by the simple synchronization model (Kuramoto, 1975).
This study enables us to understand the contemporary Silk Road of knowledge dissemination and that virtual social interactions
shape the structure of human knowledge, as indicated by the massive records of online-based collaborative knowledge in the form
of Wikipedia.

2. Related work

2.1. Knowledge diffusion originated from interactions and knowledge synchronization

Knowledge diffusion necessitates interactions. For instance, the Silk Road was historically one of the most important channels for
the transmission of knowledge (Andrea, 2014, Lu et al., 2016). In addition to direct physical interaction, modern information tech-
nology enables online interactive materials. Scientific collaboration contributes to the production and dissemination of knowledge
(Lambiotte & Panzarasa, 2009). Global student exchanges have played a vital role in the dissemination of contemporary knowledge
(Bhandari & Blumenthal, 2011). Active social interactions can facilitate the efficient transfer of information between team or com-
pany members (Inkpen & Tsang, 2005, Wu et al., 2007, Ringberg & Reihlen, 2008). Dyadic social capital can promote collaborative
knowledge creation (Tu, 2020), and city-level collaboration networks and knowledge networks have a favorable impact on its cre-
ativity (Ba et al., 2021). Language is also an essential aspect of the process of knowledge diffusion (Welch & Welch, 2008, Ambos &
Ambos, 2009).

One way to understand the mechanism of information spreading (or knowledge diffusion) is a synchronization process (Pluchino et
al., 2005, Arenas et al., 2008, Jalili, 2013, Del Chiappa & Baggio, 2015). As an illustrative example, opinion formation is a fascinating
phenomenon where individuals’ viewpoints can evolve through interactions with others, leading to collective behavior (Boccaletti et
al., 2006). This phenomenon can be interpreted as a process of synchronization (Pluchino et al., 2005). In this context, they consider
a model comprising N agents, each holding an opinion denoted as x; (an integer or real number), and these agents are connected
through contact networks. The probability of an agent assimilating an opinion is higher if they are connected in the network.
This model has proven valuable in comprehending how the underlying network topology influences opinion formation. Similarly,
a consensus phenomenon can also be understood as a synchronization process enabling the capture of many general features of
social systems (Pluchino et al., 2006). The most popular and classic model of synchronization is the Kuramoto model (Kuramoto,
1975) to model how the entire system synchronizes from their interactions (Jalili, 2013). Using the synchronization framework, the
influence of interaction structure on the information-spreading process was also investigated (Kirst et al., 2016, Zhang et al., 2016).
Empirically, in the field of health, it is known that knowledge cannot be transferred without persistent interactions and synchronizing
processes (Cernada, 2019, Havelock, 1979).
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3. Data
3.1. Wikipedia data set

We used Wikipedia SQL dump of 59 different language editions on February 1, 2019. A list of language editions and their ab-
breviation are provided in Table S1. Wikipedia is considered a representative example of collaborative knowledge, growing through
collaboration and competition of contributors; and has been studied to understand the dynamics of collective intelligence (Yasseri,
Sumi, & Kertész, 2012, Yasseri, Sumi, Rung et al., 2012, Yun et al., 2019). Specifically, we used two collections of the Wikipedia
dump: category membership link records (x-categorylinks.sgl.gz) and interlanguage link records («-langlinks.sql.gz).
First, category membership link records contained directed linkage between a category and other items (e.g., page and cate-
gory) in Wikipedia. We filtered page — category and category — category relationship (e.g., page:Complex system —
category:System theory) to extract the reference relationship between scientific concepts. Second, interlanguage link records
contained information of items in other language editions that were identical or reasonably similar to the source article. For instance,
page:Complex system in English Wikipedia has a language linkage with page: Systéme complexe in French Wikipedia, indi-
cating that the two documents on this topic are identical.

3.2. Socio-economic data sets

To verify our hypothesis that social connection yields the similarity in knowledge structure, we collected additional country-
to-country socio-economic datasets. Although we collected 59 language editions, only 52 languages exist in the country-to-country
socio-economic data because it is difficult to find the usage statistics for languages such as Bosnian, Welsh, Croatian, Norwegian
Nynorsk, Scottish, Serbian, and Cantonese. The export data were extracted from two different sources: IMF Data in December 2019
and UN Comtrade export data in January 2020. We obtained the statistics of scientific papers (citations and collaborations) from
SCOPUS’s April 2019 data; patent information was retrieved from PATSTAT’s Spring 2019 data. The international student count
was collected from OECD in December 2019. Please note that only inbound international student numbers in OECD countries were
collected, and thus, the statistics are highly asymmetric and incomplete because it does not provide a number for international
students in non-OECD countries. Facebook Social Connected Index (SCI) is the index indicating the degree of the social connection
between the two regions, which has been used in various disciplines recently (Bailey et al., 2018, 2020, Vahedi et al., 2021, Du et
al., 2021).

All socio-economic data was directed, except the paper/patent collaboration and Facebook SCI. Because socio-economic data
fluctuates and has a wide range of year-to-year variations, we aggregate the available data for compensating issues. For each data
set, SCOPUS data covers 2000 to 2018, PATSTAT data covers 2000 to 2018, IMF Data covers 2000 to 2018, UN Comtrade covers 2014
to 2018, and international student count covers 2013 to 2016. We use the socio-economic data from the country that our language
usage data covers (178 countries). For each data set, SCOPUS data covers 178 countries, PATSTAT data covers 178 countries, IMF
Data covers 166 countries, UN Comtrade covers 169 countries, and international student count covers 168 countries.

4. Methods
4.1. Knowledge structure of each language edition

From the linkage between Wikipedia pages and categories, we extracted a hierarchical knowledge network of each language edition.
Categories are generally located at the end of a Wikipedia page and are designed to link related entries under a shared topic to make
navigation easier. For the knowledge network, we designated a node as a category or page, treated as a proxy of a subject or scientific
notion, and if there was a hyperlink from a subject to another subject, we assigned a directed link (Yoon et al., 2018). We considered
categories and pages to be identical when they shared an identical name (e.g., category:science and page:science); thus,
we merged them into a single node with inheriting connected links. As an illustrative example displayed in Fig. 1a, page : Complex
system hyperlinks category:System science, and therefore, we assigned a directed link from the node Complex system to
System science.

Our primary interest was to understand the dissemination of scientific and technological knowledge. We thus sampled a sub-
network derived from an artificial root node named science & technology, which is assigned as a common parent node of “science”
and “technology” for each language edition. Note that “Science” covers all branches of science, such as applied sciences, formal
sciences, natural sciences, and social sciences. A constructed knowledge network is directed and unweighted with several cycles from
complex connections among nodes. Then, we obtained 59 knowledge networks based on their written language. The basic statistics
of the derived networks are listed Table S1.

4.2. Genealogy vector of scientific concept

The obtained knowledge network represents the relationships between the subjects. As shown in Fig. 1b, English Wikipedia
users identify complex systems with complex dynamics and complex system theory, and other language users may consider different
associations. For example, French Wikipedia users identify the complex system with distinct topics such as concept sociologique
(sociological concepts) and analyse des réseaux sociaux (social network analysis). To investigate such differences systematically, we
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Fig. 1. Wikipedia knowledge network and genealogy vector of a subject. a. Example of a page-category hyperlink in English Wikipedia (left). The page : Complex
system page has hyperlinks to several categories to which the page belongs. One can express such relations using the network (graph), where the node represents
an entity (which can be a page, a category, or their union) with the links representing the hyperlink relationship between them. The identical page : Complex
system page is titled page : systéme complexe in French Wikipedia (right). Note that the hyperlink structures of two language editions are different, even for the
identical entities. Between these two language editions, there are dotted and gray lines denoting the existence of language links between them, indicating that the two
subjects are identical. b. Method for calculating the genealogy vector of a focal node. We obtain the genealogy vector using the personalized Page Rank algorithm,
which calculates the probability that a random walker starting from the focal node visits other nodes. The random walker starts at the focal node and traverses with
probability 1 — a to its nearest neighbors. The walker also occasionally returns to the focal node with a teleport probability, a. The focal genealogy vector of the focal
node is the random walker’s stationary distribution for the visited nodes.

introduced the concept of a genealogy vector using personalized PageRank, which depicts how people correlate different subjects with
the focal node regarding both nearest and non-nearest neighbors in the network.

We calculated genealogy vectors of a given subject for each edition using our variant of personalized page rank (PPR) algorithm
(Jeh & Widom, 2003). The PPR is a node ranking algorithm with respect to a specific source node using the random walker on
networks. For every timestep, the random walker moved to a nearby node chosen randomly with a probability proportionate to
the edge weight between them, while the walker could return to the starting node, with a chance of fixed probability «. Thus, the
stationary distribution of the random walker starting from node i, denoted by p; = (p;,) was given by

pi=1—-a)Wp, +av;, M

where W is an adjacency matrix for a given network and v; is a column vector of length N (number of nodes in the network) whose
elements are zero except ith element equals to one. The teleport probability « is a tunable parameter, for which we used « =0.3 in
this study.

For hierarchies of the structure of knowledge itself, we introduced a hierarchical bias on the transition matrix, W. First, we
defined /; as the shortest path of node i from the root node, practically interpreted as the level of node i. Therefore, a given starting
node, i, transition matrix W = (W, ;) was defined as follows:

Ay ki

W= =t @)
i Zinj*klj

where 4;; is the adjacency matrix and k is the tunable hyperparameter that controls the behavior of the random walker toward
the hierarchy. If k > 1, the random walker was more likely to visit lower-level nodes, whereas the random walker tended to visit
the higher-level nodes when & < 1. In this study, we used k = 0.5 considering the hierarchy from the root node for a given subject.
The PPR value of the source node is p; ~ a by definition, although we forcibly assigned p;; =0 to remove the self-preference of the
genealogy vectors. Then, we normalized genealogy vectors so that the sum of the vector is 1.

4.3. Modeling multi-lingual linkage data

In Wikipedia, interlanguage link records are a relationship between two items in other language editions that were identical or
reasonably similar to the source article. As shown in Fig. 1b (dotted line), We model the interlanguage link records with a bipartite
network. A bipartite network is a network whose nodes can be divided into two disjoint and independent sets a and b; that is, every
link connects a node in a to one in b. In our definition, set a and b is each language edition and Ti‘l’."” > 0 indicates interlanguage
link between scientific concepts i from language edition « and scientific concepts j in language edition b. In the most simple
case, page: Complex system in English Wikipedia has a language linkage with page:Systéme complexe in French Wikipedia,
indicating that the two documents on this topic are identical. Here, T;a“;:s};j:lfi‘ systempage:Systeme complexe 1S On€ and otherwise
zero. If one subject in the language edition « is connected k multiple subjects in the language edition » (many-to-many case, Fig. S7),
we set Ti‘;."” = i Intuitively, one can understand 7%~ as the translation matrix between two different knowledge networks from
interlanguage link records.
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4.4. Calculation of subject similarity and knowledge structure similarity

We hypothesized that the interlanguage similarities between genealogy vectors of the same subject could be used as cognitive
similarities between them. We presented a simple example to depict the computation of similarity when one subject is solely con-
nected to another subject, and we present more complex cases (e.g. many-to-many) in Supporting Information (Fig. S6). For the most
straightforward and common case, we first defined this similarity as follows:

Ayt =d T p), ®3)

where p and p® are genealogy vectors of subject x in the knowledge network of ¢ language edition and b language edition, respec-
tively, and 79~ is translation matrix between two different knowledge networks from interlanguage link records. For the distance
function d, we used the /, Euclidean distance.

We then defined subject similarities between the same subject in different language editions as

a—b \/E - d;(lﬂﬂ
sl E—,
V2
where \/5 is the theoretical maximum value of the distance between vectors whose elements are positive, and their sum is one.

Finally, we defined the knowledge structure similarity by aggregating the similarities between two language editions by averaging
the similarity of all co-existing concepts as follows:

4

sa—»b — ZXEA S)ac_m (5)
Al 7

where A is the subject that co-exists in both language editions.
4.5. Community detection

We employed Leiden algorithms (Traag et al., 2019) to find community structure from the knowledge structure similarity net-
work, which is a refined version of the well-known Louvain algorithm. We used a quality function QO of the Potts model with the
configuration null mode (Leicht & Newman, 2008) as follows:

k?mk;n
0= | Ay-r—=)é@.0). 6)
ij

where k% and k" are the out-strength and in-strength of node i, respectively, A is the weighted adjacency matrix, m is the total edge
weight, and o; denotes the membership of node i. Here, y is the resolution parameter, where §(c;, o D=1 ifo, =0 ; and O otherwise.
We may control resolution parameter y to vary the number of clusters, and we use y with a default value of 1. Q quantifies the
modularity of the networks, which is high when having dense connections between the nodes within the community but sparse
connections between nodes in different modules. A modularity value of the obtained community is 167.29.

4.6. Mapping the country-level statistics onto the language

The socio-economic data described earlier were county-level data, whereas our similarity measure was language-level statistics.
For our analysis, we projected country-to-country data to language-to-language data using the language profile for each country.

Consider a country-level-statistics, X € R"<*Ne, where N, is the total number of unique countries in the dataset and X,; denotes
the socio-economic quantity between countries i and j. To map this matrix onto the language space, we constructed a country
to a language projection matrix, A € RNe*Ni, where N, is the total number of unique languages. The elements of matrix A were
obtained from the language usage profile of countries. We assigned the proportion of language a in country i onto A,,. For instance,
Agnglish, United States Was 0.821 because the usage share of English in the United States is 82.1%. Using this metric, we constructed
the language-to-language socio-economic data, Y, with simple projection Y = AT X A, where Y,, means projected socio-economic
quantity between languages a and b.

5. Result
5.1. Geographical proximity still influences, but socio-economic interaction shape the knowledge structure

A natural step forward was to find the possible sectors of languages whose members are more closely associated with each other.
For this purpose, we constructed the similarity network from the pairwise knowledge structure similarity, where nodes represent the
language of Wikipedia, and the link’s weight indicates similarity between languages. Considering constructed similarity network is
densely connected, we extracted the backbone of the networks by calculating the ego-centric importance of each link (Waltman et
al., 2020) as follows
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Fig. 2. Geographical proximity affects the similarity of knowledge structure across language usage groups. a. We find five language communities from
similarity networks using the Leiden algorithm (Traag et al., 2019) (see Methods). The node colors indicate community memberships, whereas size indicates the
number of documents of the corresponding Wikipedia edition on the log scale. b. Geographical dispersion of the languages for each community. The location of each
language is estimated from the Wikipedia pageview data with geotags (see S2 Text).
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We then removed links whose normalized weight is under a certain threshold, 7, and chose the minimum value of ¢ that network
remains in a single component. As presented in Fig. 2a, five distinct communities are identified by the Leiden algorithm (Traag et
al., 2019) (see Methods) that indicate that the clusters seem to be affected by geographical proximity (Fig. 2b), which is similar to a
previous study on Wikipedia bilateral ties. In this instance, geography best explains the formation of the cluster (Karimi et al., 2015).
English is in the center and serves as a hub node, while intermediate hub languages such as Spanish, German, French, Russian,
Portuguese, Chinese, and Dutch also function as cluster centroids (Ronen et al., 2014). Four identified clusters (Cluster 2-5) show
close geographical proximity within each cluster, implying geographical proximity affects the knowledge structure similarity.

However, cultural and historical backgrounds also play an important factor in the cluster, particularly for those of Cluster 4 (light
green). For example, Afrikaans, a language mostly spoken in South Africa, Namibia, and Botswana, evolved from European Dutch
dialects (Pithouse et al., 2009, Heese, 1971) during the era of imperialism. One may note that geographic proximity does not appear
to be a key determinant for Cluster 1 (orange), which spans the globe from the Far East to the Americas, and includes English as the
de facto international language. The result above echoes with the user’s geo-location distribution of each language edition (Yasseri,
Sumi, & Kertész, 2012). For example, English or Spanish Wikipedia shows widespread geographical distributions and page-view data
in Fig. S2 and Fig. S3. On the other hand, the French Wikipedia displays a distribution concentrated in Europe and Western Africa in
Fig. S4. In Fig. 2, English and Spanish Wikipedia belong to Cluster 1, which is the most globally dispersed cluster, whereas French
Wikipedia belongs to Cluster 2 (light blue), which is agglomerated toward Europe. These findings imply that knowledge distribution
is still influenced by geographical proximity, which impacts the synchronization of knowledge structures between languages, while
knowledge dissemination could also be influenced by other factors.

Nowadays, advances in technology provide new channels for interaction. For instance, modern information technology enables us
to communicate with thousands, and even millions, of people in real time. One can also physically reach distant countries faster than
ever before, with high-speed trains and air transportation being widely available. The cost of travel has also reduced significantly
over time, owing to globalization (Hummels, 2007). Thus, such new routes can be new pathways for knowledge dissemination.
Accordingly, we expand our analysis to include various language socio-economic connections to verify these new knowledge dis-
semination pathways. Because most socio-economic data focus on the interaction between countries, we first extract the language
usages statistics of each country from the language database (Ethnologue global dataset, 2019). Then, we compare the projected
socio-economic connection to a paired knowledge structure similarity, to identify potential contemporary Silk Roads for knowledge
dissemination. First, we find that geographical distance no longer plays a central role in knowledge dissemination in the 21st century
(Fig. 3a). The geographical distance shows a weak and insignificant correlation with the knowledge similarities between countries
(coefficient of determination is R?> = 0.01, and regression coefficient § = —0.005). This implication is consistent with a previous study
that the influence of geographic distance on information flows was minimal at the continental level and even irrelevant at the inter-
continental level (Abramo et al., 2020a, 2020b). As we expect, there might be a new route, and the importance of the geographical
proximity diminished in the knowledge exchange (Murray et al., 2020).

We observe positive and more significant correlations from the non-geographical interactions (Fig. 3). For example, the scientific
interaction reflected in paper collaboration shows a higher coefficient of determination (Fig. 3e; R? = 0.16, # = 0.009) than those with
geographical proximity (Fig. 3a; R?> = 0.01, § = —0.005). Indirect scientific interactions also show a positive correlation, although
comparably lower than direct interactions (Fig. 3c; R*> = 0.13, § = 0.007). Because we consider the structure of knowledge denoted
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in Wikipedia under the science and technology topic, a strong connection in scientific collaboration will reasonably result in coun-
tries to have similar knowledge structures. This result also supports the previous evidence, which suggests internationally mobile
scientists could help knowledge transmission (Aman, 2022). Similarly, the soft power movement, which is counted as the number
of international students, shows a high coefficient of determination because more than half of international students return to their
homelands (OECD, 2011) (Fig. 3d; R> =0.15, § = 0.008). Furthermore, we find non-intellectual interactions positively correlate with
knowledge similarity. For instance, the amount of export values, which are not directly related with the knowledge interchange, also
correlates with knowledge structure to some degree (Fig. 3b, R* =0.10, § = 0.005, IMF), and the result is robust for export values
from different data sources (Fig. S10 R? = 0.09, = 0.005, UN Comtrade). In other words, two language usage groups with strong
socio-economic linkages are more likely to have similar knowledge structures. It is, nonetheless, a natural phenomenon because all
these linkages are somehow related to knowledge exchange, which ultimately entails knowledge synchronization.

By contrast, personal friendship is not necessarily associated with knowledge structure because it is not directly related to knowl-
edge exchange; instead, it may be related to knowledge similarity through their information exchanges. Therefore, one might expect
a weak or non-existent connection between friendship and knowledge. However, we find unanticipated significant and strong corre-
lations between knowledge similarity and personal friendships, measured by the number of mutual friends in social media (Facebook
social connectedness index (SCI); see Fig. 3f, where their coefficient of determination R? = 0.17). This social link, which is reflected
by the number of mutual friends in social networks, is the leading candidate for the Silk Road of the twenty-first century, which
encompasses several levels of direct and indirect links among people on the web, although it is not widely considered the main
channel of knowledge dissemination today.

Furthermore, our regression analysis demonstrates significant overall effect sizes for socio-economic indicators (Table S4). Specifi-
cally, Cohen’s f2 shows marginal but significant effects for variables like an international student, paper collaboration, and Facebook
SCI, while Cohen’s d, and d, consistently indicate medium effects across all socio-economic indicators, supporting the notion of their
substantial impact on knowledge structure similarity. Note that the effect size increases in a comparable order as R?, confirming
our observations. We further examined the robustness of the degree of association to support our findings statistically (see S6 Text).
We estimate R? using out-of-sample prediction and demonstrate that our finding is not simply a correlation between observed pairs
(Fig. S8). These findings corroborate and elucidate our primary findings and claims.

We also perform a multivariate analysis to examine the relationship between socio-economic characteristics and knowledge
similarity (see S7 Text). The results consistently indicate that while other socio-economic interactions contribute marginally to
knowledge synchronization, the social link (specifically, Facebook SCI) is the most significant correlate. Additionally, we examine
the effect of language relatedness on knowledge synchronization. The result indicates that language relatedness is also associated
with the knowledge structure similarity (R? = 0.023), yet the degree of association is insignificant compared to other socio-economic
interactions. Moreover, we prove that international students or Facebook SCI partially encodes the language relatedness already
shown by the explanatory power gain of the model (see Fig. S9).

In summary, we find the degree of association between socio-economic interactions and knowledge structure to occur in the
following order: geographical distance (Fig. 3a, R> = 0.01) < export (Fig. 3b, R* =0.10) < weak knowledge dissemination—paper
citation (Fig. 3¢, R? =0.03) < soft-power movement—international students (Fig. 3d, R?> = 0.15) < strong knowledge dissemination—
paper collaboration (Fig. 3e, R> =0.16) < mutual friendship on the web—Facebook SCI (Fig. 3f, R*> = 0.17). Taken together, the
results demonstrate that social connections shape the collective knowledge structures of language users, regardless of whether it
is explicitly connected to the knowledge transmission process. The possible mechanism behind the transmission will be discussed
below, through our stochastic modeling.

5.2. Mechanistic model for the knowledge dissemination

Our empirical analysis described in the previous sections reveals that i) knowledge structures are more likely to be similar if
interactions exist between language usage groups and ii) the degree of association in knowledge structures varies based on the
types of interactions. To understand the hidden mechanism of the observed correlation patterns, we identify the key factors driving
the synchronization of knowledge structures. First, we assume that people are more likely to be similar when they interact more
frequently and vice versa (Guéguen et al., 2011). Second, the channel of interaction is progressively moving from a physical route to
an online media space, which enables people to interact with overseas countries in real-time (Wasko & Faraj, 2008). We consider a
subject as a vector representation, which can be viewed as similar when they are close to each other. This is a similar concept to neural
embedding (Peng et al., 2021); however, we avoid declaring the embedding explicitly. Instead, we develop a mechanistic model to
reproduce the synchronization of the knowledge structure with proximity among the language usage groups, using randomized initial
vectors, motivated by the classic model to elucidate synchronization phenomena (Kuramoto, 1975).

By incorporating the aforementioned factors, we build a mechanistic model of knowledge spreading and synchronization. A simple
mechanistic model has been widely used to understand microscopic dynamics which produce macroscopic observations and has
achieved prominent achievements across a wide range of the topics such as network science (Barabasi & Albert, 1999), public policy
(Lempert, 2002), financial market (Feng et al., 2012), consumer energy choice (Rai & Henry, 2016), inequalities in Wikipedia (Yun
et al., 2019), information seeking process (Lydon-Staley et al., 2021), and mobility related to COVID-19 (Chang et al., 2021). For
simplicity, we only simulate the synchronization of a single subject’s genealogy vector. The model comprises N, agents representing
artificial language usage groups. Every agent has the capacity to store d different subjects, and each digit represents their knowledge
perception toward a target subject. Thus, each agent has a knowledge structure of d dimensional vector similar to the genealogy
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Fig. 3. Interrelationship of knowledge structure across language usage groups reveals the impact of socio-economic interactions. The correlation between
structural similarity of knowledge and socio-economic factors: a. Geographical distance for the centroids of language pairs, b. Amount of exported goods for language
pairs (IMF), c. Number of citations on papers for language pairs (SCOPUS), d. Number of co-authorship on paper for language pairs (SCOPUS), e. Number of the
international students for language pairs (OECD), and f. Facebook Social Connected Index, the strength of connectedness between areas by represented by Facebook
friendship ties, for language pairs. An increasing pattern of association is observed in the result. The red line is the line of regression results. Black dots are the mean
similarity for each bin where the error bar denotes the standard error.

vector discussed in the previous section. We then define the genealogy matrix, V € RN*¢ by stacking the genealogy vectors of
agents so that its row, V; € R?, represents the genealogy vector of agent i.

We further assume that the initial status for agents is independent (thus, each row is orthogonal to the others), aiming to get
insight into the situation in which the agent adjusts their differences from the most radical status. We assigned the dimension of the
vectors to be a multiple of the number of artificial user groups. Otherwise, the simulation result was biased toward a set of vectors
that were not orthogonal or had more nonzero elements. Accordingly, we set each row with an equal number of equally weighted
nonzero values (e.g., 1). From the orthogonal condition, each column had only one nonzero value so that Rank(V') was equal to the
number of user groups. Then, we normalized each row similar to the empirical genealogy vectors. We simulated the model with 52
language usage groups and using 520 dimensions, resulting genealogy matrix ¥ = R0 for the results.

We additionally introduce proximity p(i, /) from agent i to agent j to describe the degree of interaction between the agents. We
use log-transformed empirical data (e.g., Facebook SCI and paper citations) as the proximity p(i, j) and normalize them by dividing
proximity p(i, j) by the total sum of proximity for agent i, to use the proximity as the selection probability. Hence, the normalized
proximity weight between agents i to j is given by p(i, j) = %.

For every simulation step, the genealogy vector of agent i is updated as the following process. First, agent i chooses its neighbor
agent, j, with the probability of (i, j), considering proximity. Then, the genealogy vector of agent i, V; is updated as follows:

Vit+ D) =V,@)+1r-[V,(t) - V,()], ®

where V;(r) and V(1) is the genealogy vector of group i and chosen reference neighbor, j, at time ¢, respectively. Ir is the fixed
learning rate for updating, and we use /r =0.001 for the results displayed in the main text. In this process, an agent’s pair with high
proximity has a higher chance of being influenced and is more likely to become similar genealogy vectors as a consequence.

As more iteration ¢ passed by, genealogy vectors were synchronized according to the proximity matrix. In the real world, new
concepts are consistently introduced to society, and thus the synchronization is hard to reach, yet we neglected the introduction
of a new concept. As a result, the simulation ended with an identical vector after all. Our motivation was to obtain a general
insight from various proximities. Hence, we captured the most optimized synchronization case by calculating the modeled similarity
Ssmodel 1y € RNi¥Ni with a pairwise Euclidean distance with normalization for every iteration ¢ (the distance is expressed by eq. (4)).
Then, we chose the final simulation result for the given proximity S"°?¢/ (t*) as

Smr)del (l‘*) — argmin ||Smode[ (l‘) _ Sc’mpirical | |F’ (9)
t

where S¢"Pirical is the empirical knowledge structure similarity from Wikipedia’s knowledge network, and || - || is the Frobenius
norm of a vector. For example, a Frobenius norm between the reconstructed similarity and actual similarity has a minimum value at
t =399, as depicted in the snapshot of Facebook SCI proximity in Fig. 4b. Therefore, we choose %% (399) as the final state of the
simulation.
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Fig. 4. Simple synchronization model for the knowledge similarity with various proximity indicators a. Schematic diagram describing the model. For each
time step, #, each agent selects one of their neighbors based on the probability proportional to the given proximity. As shown in the example, the English agent chooses
the French agent as a neighbor for synchronization. b. Criteria for choosing the best model. The model begins with the randomly initialized orthogonal vectors, which
are synchronized as more iterations occur. For each proximity, we choose the best model similarity at time step 7 that shows the minimum Frobenius distance from
the empirical knowledge similarity matrix. c. As an illustrative example, we present the snapshot of the best model similarity matrix for Facebook Social Connected
Index (r = 0.257, left) and empirical knowledge structure similarity from Wikipedia (right). d. The Pearson correlation between the best model similarity and empirical
knowledge similarity indicates how well each proximity can reproduce the empirical knowledge similarity. To compensate for any randomness impact, we test 100
different initializations, repeated ten times for each.

We test the model with the six socio-econmic empirical proximities (geographical distance, export, paper citations, paper collab-
oration, international student, and Facebook SCI, See Data), along with one random proximity as a null model. As the geographical
distance is not a proximity measure, we use its log-transformed reciprocal as the geographical proximity. For all other cases, we
use log-transformed proximity, similar to the empirical analysis. As an illustrative example of our model results, we present the
knowledge similarity matrix of the Facebook SCI from our model and empirical data in Fig. 4c, which shows similar structures.

Previously, we displayed the association between the knowledge similarity and the socio-economic proximities, which is high for
the countries that exchange more. The results of our simple synchronization model are consistent with the empirical observations.
We show a pairwise Pearson correlation r between the similarity matrix of the model and empirical observation, as an indicator of
how well the association pattern has been reproduced in our model. We found a similar increasing pattern of the association with
our empirical observations above (Fig. 4d). Specifically, we observed the lowest Pearson correlation for the geographical distance
(r = 0), followed by the amount of export (r = 0.091), the paper citation number (r = 0.174), and the paper collaboration number
(r=0.225).
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One exception was the order between the number of international students and Facebook SCI, which showed the third highest as
well as the highest coefficient of determination respectively, in our empirical observations (Fig. 3a). From our model, Facebook SCI
showed a Pearson correlation r = 0.239, while the international student proximity number showed a Pearson correlation of r = 0.269.
Note that the international student numbers are highly asymmetric originating, because it has been collected for only the inbound
international students studying in OECD countries. To compensate for this asymmetry impact, we also tested the model with the
symmetrized count of international students, by averaging the number of inbound and outbound students. The symmetrized model
showed a significantly lower correlation than that of the asymmetry model (r = 0.216), which is in-between the paper citation and
the paper collaboration as similar as the empirical observation.

Because of the knowledge structure synchronization through multiple channels, the current state of similarity is the result of an
accumulated exchange process through many routes, which even include factors we have neglected. Our model is the simplest replica,
using only a single route of exchange, but implies that social interaction can shape the structure of human knowledge. Moreover, the
observed similarity was more robust for virtual connections, which may overcome geographical barriers in contemporary society.

6. Discussion

Humankind has accumulated and exchanged knowledge through various channels over time, facilitated by the technology of
the time. Society has gradually progressed toward more efficient commutation, from physically proximate communication routes
to virtual online interactions. In this study, we explore the similarity of knowledge structures between users of different languages.
We compare the similarities with socio-economic proximities, to identify the main route of contemporary knowledge exchange.
Our results indicate the importance of both scientific and social connectedness in knowledge exchange, which shows the significant
association between knowledge structures. Thus, this observation indicates that the changes in the main channel of knowledge
exchange are from physical contact to online interactions. Our mechanistic model was motivated by the synchronization phenomena
proposed to investigate the hidden mechanism behind the current state of knowledge similarity. The model replicated the interactions
between language usage groups and reproduced the trend of knowledge similarities. Both the empirical data and model revealed a
key factor of knowledge exchange: that is, socio-economic interaction led to a synchronization of the knowledge structures between
different cultural areas. Our approach has important implications for science studies, as online collaborative knowledge can provide
non-experts with valuable insight into knowledge dissemination. This is a difficult assignment for traditional data set (e.g., papers or
patents), which focus primarily on the knowledge structure of professionals, who make up just a small part of society overall.

Our study has several limitations, mainly from the restrictions on data collection. First, one may argue that Wikipedia’s accessi-
bility (or inaccessibility in some regions) can affect results. The Chinese people living in mainland China have been unable to access
Wikipedia since 2015 (it remains inaccessible). Nonetheless, the Chinese version of Wikipedia is one of the website’s most active
language editions, and it plays an important role in the similarity network. These findings make it difficult to attribute knowledge
structure to a specific geographical region. Second, the quality of Wikipedia is not flawless. Despite the platform’s extensive efforts
to maintain accuracy and reliability, it remains susceptible to occasional inaccuracies, bias, and vandalism due to the open-editing
nature of Wikipedia. To address this issue, our study exclusively utilizes category link data, which offers a more robust and consis-
tent approach compared to relying solely on raw texts. Third, OECD international student data did not include data for non-OECD
countries. Fourth, various data dimensions between similarities in knowledge structure and socio-economic data restricted a direct
comparison between the data and the model. Our derived knowledge structure from Wikipedia was also focused on language users
rather than a specific nation because of the nature of the Wikipedia dataset. Nonetheless, the majority of socio-economic data is
collected at the national level. In our study, we projected languages onto countries based on language usage statistics, yet it may be
imperfect statistics. If a direct comparison were possible, it would provide additional information; however, we decided to leave this
for future research. Fifth, the co-editing behavior of multi-lingual users plays an essential role in information sharing of Wikipedia
articles and pathways of the cultural transfers (Karimi et al., 2015). Hence, investigating individual-level co-editing behavior across
different language editions could be an interesting subject, yet we left it for further study.

We believe that Wikipedia data have considerable potential for future research. We investigated only the relationships between
categories, pages, and language editions; nevertheless, there are billions of records with article content or user statistics that could be
explored, interlanguage link records and Wikidata’s curated collection provide well-structured, high-quality multilingual linkages that
connect semantically similar objects. We show that language usage groups have diverse knowledge structures, indicating that, even if
people face the same issue, they may have different perspectives on it. Quantifying the differences in interest changes based on their
spoken language may be beneficial. Furthermore, unprecedented contemporary global problems, such as the COVID-19 pandemic,
threaten to cause significant changes in how people work worldwide (Brynjolfsson et al., 2020, Yang et al., 2021) and collaborate
(Lee & Haupt, 2021). Such changes may accelerate non-physical interactions for knowledge exchange. By pinpointing the primary
paths of knowledge diffusion, we want to shed light on the unknown mechanism of general rules of knowledge evolution. Therefore,
we would like to emphasize that our study is not simply restricted to Wikipedia, but has the potential for broader applications in
contemporary society.
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