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Abstract

Place names, or toponyms, play an integral role in human representation and communi-
cation of geographic space. In particular, how people relate each toponym with particular
locations in geographic space should be indicative of their spatial perception. Here, we
make use of an extensive dataset of georeferenced social media posts, retrieved from
Twitter, to perform a statistical analysis of the geographic distribution of toponyms and
uncover the relationship between toponyms and geographic space. We show that the
occurrence of toponyms is characterized by spatial inhomogeneity, giving rise to pat-
terns that are distinct from the distribution of common nouns. Using simple models, we
quantify the spatial specificity of toponym distributions and identify their core-periphery
structures. In particular, we find that toponyms are used with a probability that decays as
a power law with distance from the geographic center of their occurrence. Our findings
highlight the potential of social media data to explore linguistic patterns in geographic
space, paving the way for comprehensive analyses of human spatial representations.

Introduction

When we speak or write about geographic spaces, we generally communicate them using the
names of places, or toponyms. Although any point on Earth can be specified by geographic
coordinates, one would rarely refer to a place in day-to-day conversation as, for example,
“35.7°N, 139.7°E”; instead, we would usually represent it by a toponym, such as Tokyo. The
use of toponyms reflects the way we perceive and mentally structure geographic space. Unlike
geographic coordinates, which are objective and unambiguous, the area a toponym refers to is
often vague and difficult to define; even for the names of administratively defined areas (such
as municipalities), how people use them in colloquial settings may have only a loose corre-
spondence with the officially demarcated boundaries [1,2]. This however does not mean that
the extent that each toponym denotes can be arbitrarily defined by individuals; since the main
function of toponyms is to effectively communicate geographic information, there must be a
shared consensus within the population that determines the areas they represent.
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The objective of this study is to understand such a spontaneous and collective relationship
between geographic space and the use of toponyms. In order to quantitatively examine this
relationship, one needs to collect large-scale data on the locations people associate with each
toponym. The abundance of user-generated content online, especially on social media, offers
a promising opportunity for this purpose. In particular, Twitter (rebranded to X in 2023),
one of the major social media platforms, had provided free access to posts on the platform
through APIs until 2023, allowing researchers to perform statistical analysis and find patterns
and trends in the data. On Twitter, users could opt to attach to each of their post geolocation
metadata (a geotag) that represent the geographic coordinates of the GPS location of their
device. These user-annotated geotags as well as the content of the posts allow us to explore the
spatial dimension of user behavior and language use. For instance, by leveraging the fact that
the set of vocabulary that appears in the text of posts varies according to the whereabouts of
users, studies have found that toponyms in the text can be disambiguated [3] and the location
of individual users can be identified [4,5], although there are limitations to this approach at
high spatial resolution [6]. When aggregated at the population level, the data can be used to
study dialectal variation and language evolution, making it of interest to sociolinguistics and
linguistic geography [7-12].

We note that the geotag attached to a post does not necessarily correspond to the place
referred to in the text [13,14]. This discrepancy can arise from inaccurate tagging [15], but
it can also be a manifestation of the geographic awareness and identity of the user, i.e., how
users perceive and choose to represent their location or the place under discussion [16-18].
Users may (mis)represent their location for various reasons, such as privacy concerns, a desire
to be associated with a particular place, or simply because they are referring to a location that
is not their own.

In this study, we focus on understanding the geographic distribution of geotagged posts
and the toponyms they contain. Our goal is to understand the collective, population-level
knowledge about the relationship between toponyms and geographic locations rather than to
identify patterns of toponym usage at the individual user level. Similar questions have been
addressed in the literature: Hollenstein and Purves [19] used user-annotated geotag data
from the image hosting service Flickr to delineate city centers and neighborhoods; Hu and
Janowicz [20] studied the names of points of interest (such as restaurants and shops) regis-
tered on Yelp, a user-generated local business review platform, in metropolitan areas in the
United States. These studies were primarily focused on urban areas, and therefore the anal-
ysis was limited to a relatively small geographic scale. In addition, the results were rather
descriptive and were not aimed at deriving general laws of toponymic occurrence. In con-
trast, we use a data-driven modeling approach to uncover the underlying principles governing
the occurrence of toponyms of different granularities on a larger geographic scale, aiming to
understand how these distributions reflect collective spatial cognition.

The rest of the paper is structured as follows. We start by introducing the geotagged Twit-
ter dataset and how we collect, preprocess, and subsample it in the Data section. In the Results
section, we first present the inhomogeneity of the geographic distribution of geotagged posts,
and compare it to the population distributions. We then focus on the geographic distribu-
tion of individual toponyms. In the second subsection, we observe that the occurrence of each
domestic toponym follows a characteristic pattern, hinting at its spatial specificity. To for-
malize this observation, we introduce a class of models called binomial models. In the third
subsection, we use the simplest instance of this model to quantify the spatial specificity of
each toponym. In the last subsection, we show that another variant of the binomial model,
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which we call the core-periphery model, reproduces the essential elements of toponym occur-
rence patterns despite its simplicity. In the Discussion and Conclusions section, we discuss the
implications of our work.

Data

We collected 395,268,777 geotagged Twitter posts from the Twitter API. These posts are anno-
tated with coordinates within the bounding box of Japan (latitude between 20.43°N and
45.56°N and longitude between 122.93°E and 153.99°E) during the period from 1 February
2012 to 30 September 2018. Note that this bounding box also includes South and North Korea
as well as parts of China and Russia. We note that the data collection and analysis method in
this study complies with the terms and conditions of all data sources. Twitter’s terms of ser-
vice allow researchers to analyze and publish findings based on Twitter data, but prohibit the
redistribution of raw data, such as the text or geotags of individual posts.

Data collection was followed by several preprocessing stages. First, we excluded posts made
via location check-in services (e.g., Foursquare) as well as those generated by automated bots
or manipulative users. Posts made through Foursquare are in specific text formats, such as
“I'm at [the name of a place/point of interest]” or “[post text] (@ [the name of a place/point
of interest])”. When a user checks in to a place, they select the name of the place/point of
interest, which may include toponyms, from a list of nearby places provided by Foursquare.
However, users do not have independent control over the geographic coordinates tagged to
the post; these coordinates are automatically determined by Foursquare’s location database
based on the name of the place chosen. Although these posts are created by personal users,
they do not represent an organic association between toponyms and geographic coordinates.
Including them in the analysis would bias the findings of this study.

In addition, the geotags attached to bot-generated posts may not reflect the geospatial
behavior of individual users. Many non-personal accounts generate geotagged posts for vari-
ous purposes, not necessarily with commercial or malicious intent; for example, they may be
bots that send out weather or traffic alerts [21]. Most of them are identifiable by the ‘source’
metadata, which indicates the application or device used to make the post. Some accounts
engage in more active geotag manipulation. Zhao and Sui [22] developed a technique to
detect manipulated geotags and concluded that such manipulations accounted for 0.22% of
their sample, with even lower percentages among posts from official Twitter clients for iPhone
and Android.

Based on these considerations, we restricted our dataset to posts originating from offi-
cial or general-use third-party mobile applications using the source metadata. This filtering
process excluded 29.87% of the collected posts—20.06% from location check-in services and
9.81% from other sources. A full list of the applications considered for inclusion in the dataset
is available in S1 Appendix in Supporting Information. We further excluded posts tagged out-
side the geographic range of our study but accidentally included in the collected data; this
reduces the sample size by an additional 0.46%.

Additionally, we found evidence that some users likely manipulated the geotags of their
posts and assigned random geographic coordinates in unnatural rectangular bounding boxes
that partly extend over sea areas (see S1 Appendix in Supporting Information). These posts
can be characterized by containing a large number of mentions to other accounts, typically
seven or more. Although not all posts with many mentions are necessarily manipulated, we
conservatively excluded all posts with seven or more mentions. We confirmed that remov-
ing these posts, which account for 0.06% of the sample, did not significantly alter any of our
findings.
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After these filtering steps, the dataset consists of 275,750,003 posts. The geolocation meta-
data of each post is aggregated into grid cells based on the standard grid square system used
in Japan’s official spatial statistics. Each grid cell spans 30" of latitude and 45" of longitude,
which is approximately a square with a side length of 1 km, although the east-west width of a
grid cell varies slightly with latitude. In total, 293,444 grid cells contain a nonzero number of
posts in the dataset.

As 0f 2019, Japan is divided into 47 prefectures as the first level of administrative division,
and 1741 municipalities (cities, towns, villages, and twenty-three special wards of Tokyo) as
the second level of division. In addition, some large cities, referred to as “designated cities”,
have administrative, non-autonomous subdivisions known as wards. Prefectures are some-
times grouped into seven to thirteen regions, although regions are not official administrative
units, and the name and extent of each region can be ambiguous.

From the full sample of the 276 million geotagged posts, we extract the subset of posts
that contains each of 24 Japanese toponyms that refer to regions, prefectures, cities, and
wards (special wards of Tokyo Metropolis and wards of designated cities) in Japan. The list
of toponyms sampled in this work and the administrative areas they refer to can be found in
Fig 1

Even if the text of a post contains a string that matches a toponym, it does not neces-
sarily mean that the user is referring to the place it denotes. For instance, the name of the
city Hiroshima is a substring of the name of another city Kitahiroshima, which is located
over 1200 km away. As a result, posts containing Hiroshima include not only posts that
refer to Hiroshima but also posts that mention Kitahiroshima. To separate the references
to Hiroshima from the references to Kitahiroshima, we need to exclude the posts contain-
ing Kitahiroshima. For each of the 24 toponyms we study in this paper, we discounted the
posts that include the names of other regions, prefectures, cities with a population larger than
50,000, or wards that contain the toponym as a substring. We provide further details in S1
Appendix in Supporting Information.

In addition to these domestic toponyms, we extracted posts that contain twelve common
Japanese nouns and six Japanese toponyms that refer to places outside Japan to construct
reference datasets. We refer to the samples for individual keywords (toponyms and nouns)
as keyword subsamples. In the following, we only use the information about the number of
posts tagged inside each grid cell for each sample, and disregard the content of the text or user
information. Refer to Table 1 for the notation and definition of variables used in this work.

Results

Spatial distribution of geotagged posts

Let us first study the geospatial distribution of the full sample of geotagged posts before
looking at the distribution of each toponym subsample (Fig 2). The geolocations to which
the sampled posts are tagged are not uniformly distributed within the observed area, as
shown in Fig 2A. A large number of posts are concentrated in relatively few grid cells in large
metropolitan areas, such as the city centers of Tokyo and Osaka, while few posts are found in
most of the grid cells. The heterogeneity of the spatial distribution of geotagged posts is also
evident from the heavy-tailed probability distribution of the number of posts sampled in each
grid cell (Fig 2D). Namely, it is characterized by two power laws with different exponents: the
bulk part is characterized by an exponent of approximately —1.2 while the tail part follows a
steeper power law with an exponent of about -2.8.

To investigate the origin of this heterogeneous distribution, we compare the geotagged
post statistics with census data for the resident population in 2015 [25] and the employed
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Fig 1. Places in Japan denoted by the toponyms studied in this paper. In this study, we sample 24 toponyms: the names

of (A) six regions, (B) six prefectures, (C) six major cities, and (D) six wards (submetropolitan/submunicipal districts). The
colored areas in each panel show the administratively defined geographic area (except for cities) denoted by each toponym.
(A) The extent of each region is not uniquely defined. Here we show one of the commonly used classifications of regions. (C)
The colored area shows the metropolitan employment area [23,24], which is considered to be more representative of urban
activity than administratively defined city areas. Note that Kyoto, Hiroshima, and Fukuoka are used both as the names of the
cities and as the names of the prefectures of which the cities are the capitals. (D) Prefectural boundaries are shown for visual

guidance. Maps made with Natural Earth (https://www.naturalearthdata.com/).

https://doi.ora/10.1371/journal.pone.0325022.9001

population in 2016 [26]. The employed population is defined as the number of permanent
or temporary employees, self-employed individuals, contractors, and unpaid staff in family-
owned businesses, whose main working site is located in each grid cell. From Fig 2B and
2C, one can see the similarity in the spatial distribution between the densities of geotagged
posts, resident population, and employed population. In fact, the geotagged post density is
strongly correlated with the population densities (Fig 2E, 2F). The correlation with the post
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Table 1. Variables used in this work. Subscript ¢ for the grid cell index may be omitted when it is clear.

Symbol Definition

w Keyword on which the dataset is subsampled

c Index of grid cell

Ml Number of all posts tagged to grid cell ¢

T, Number of posts containing w and tagged to grid cell ¢

Naii Total number of geotagged posts in the dataset

Ny Total number of geotagged posts containing keyword w; Ny, = D1y

A Area of grid cell ¢

Call,c Density of all posts tagged to grid cell ¢; O := nay/Ac

Ores,c Resident population density in grid cell ¢

Oemp,c Density of employed population (number of personnel working at business sites) in grid cell ¢
Ow,e Density of posts containing keyword w and tagged to grid ¢; Gy,c := fw,c/Ac

Puw,c Occurrence ratio of keyword w among all posts tagged to grid cell ¢; P, = w,c/ 111

Oy “Center” of the distribution of toponym w, defined by Eq (1)

dy,c Distance between the center O,, and grid cell ¢

Pwie Probability that keyword w is contained in a post tagged to grid cell c in the binomial model

https://doi.org/10.1371/journal.pone.0325022.t001

density is stronger for the employee population density than for the resident population den-
sity, both in terms of Pearson’s correlation and Spearman’s rank correlation. This may suggest
that social media posts are made more in the daytime than at night. Fig 2G shows the prob-
ability density functions of the geotagged post density, the resident population density, and
the employee population density collapse to one another when they are scaled by the aver-

age density, strongly suggesting that the uneven distribution of population gives rise to the
heterogeneity in the spatial distribution of geotagged posts.

Spatial distributions of toponym subsamples

We now turn to our main question: How are geotagged posts containing each toponym, i.e.,
each toponym subsample, spatially distributed? To address this question, we show the results
for Fukuoka, a toponym referring to the sixth largest city in Japan as of 2019, located in the
southwestern part of the country, as an illustrative example.

Fig 3A shows the spatial distribution of the occurrence of Fukuoka, while Fig 3C shows the

probability density functions of the gridwise occurrence density o,,. Both figures suggest that
the Fukuoka occurs heterogeneously across different grid cells. The same observation can be
made for other toponyms, as shown in S1 Fig in Supporting Information. It is noteworthy that
toponym subsamples of different sizes follow the same scaling, which implies that the spatial
heterogeneity does not depend on the popularity of toponyms. On the other hand, each dis-
tribution is characterized by a single power law, which is a clear deviation from the scaling
observed for the full sample.

While the spatial density (occurrence per unit area) of posts containing the word Fukuoka
is high in Fukuoka and neighboring areas, it is also high in other large metropolitan areas
such as Tokyo and Osaka, which are geographically distant from Fukuoka. However, this is
presumably just by chance due to the large total number of posts tagged in these areas. To
account for the difference in total sample size n,y in each grid cell, we normalize the toponym
subsample size n,, by 1, and obtain the fraction of occurrence of the toponym. We clearly see
that posts contain the word Fukuoka with higher probabilities in the region around the city of
Fukuoka (Fig 3B).

To further understand the relationship between the full sample and the toponym sub-
samples, we create a scatter plot for each toponym as in Fig 3D, where the horizontal axis
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Fig 2. The spatial densities of geotagged posts, resident population, and employed population. (A-C) Geographic distribution of the three densities. Note that
the population data are geographically limited inside Japan, while the geotagged posts are sampled in the bounding box of Japan, which also includes neighboring
countries. Maps made with Natural Earth (https://www.naturalearthdata.com/). (D) Probability distribution of density (the number of geotagged posts per unit
area). (E, F) Scatter plots showing the correlation between each of the population densities and the geotagged post density. Pearson and the Spearman correlation
coeflicients are shown below the plot. (G) Probability distributions of the three densities, each rescaled by its mean.

https://doi.org/10.1371/journal.pone.0325022.q002

represents 11, and the vertical axis corresponds to n,,. Apart from the general trend that n,,
increases with n,y, we see that there are two distinct branches of scaling, with one increasing
faster than the other. That is, n,, increases as a function of #,) in two different ways. This two-
branch scaling behavior is not specific to Fukuoka but is widely seen for different toponyms
across various degrees of popularity and granularity (S2 Fig in Supporting Information). In
contrast, keyword subsamples for common nouns such as wallet and toponyms that refer to
places outside the observed area such as Hawaii do not exhibit heterogeneity in spatial distri-
bution, and the relationship between n,; and n,, only shows a single scaling (see Fig 4B and
4D; see also S2 Fig for the scatter plots for all keywords sampled in this study). This suggests
that the two-branch scaling is unique to the toponyms that refer to places within the observed
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Fig 3. Occurrence pattern of Fukuoka. (A) Geographic distribution of density ,,. (B) Geographic distribution of occurrence ratio

¢w. (C) Probability distributions of spatial density for all geotagged posts (in gray) and for Fukuoka (in blue). (D) Scatter plot show-

ing the relationship between the total number of geotagged posts 1, and the number of posts containing Fukuoka n,, in each grid cell.
The lines represent contours along which the density of points (kernel density estimate) on the double logarithmic scale is constant. The
region inside each contour, from dark to light colors, contains 90.0%, 99.0%, and 99.9% of the data points, respectively. (E) The same
scatter plot as panel D, but with points colored by the distance between the grid cell and the center O,,. Maps made with Natural Earth
(https://www.naturalearthdata.com/).

https://doi.ora/10.1371/journal.pone.0325022.0003

area and is not present in other types of words. Naturally, we expect that such a pattern stems
from the geospatial specificity of toponym use.
In particular, we hypothesize that one of the two scaling branches observed for toponym
subsamples corresponds to the distribution of the toponym that is spatially specific to the area
it refers to, while the other branch represents the use of the toponym that is not spatially spe-
cific, similar to that of common nouns. To test this hypothesis, we first need to identify the
area that the toponym refers to. Instead of relying on external sources such as gazetteers, we
do this in a data-driven way: we define the center of the geographic distribution of toponym w
as the grid cell with the highest frequency of w:

O, = argmax n,,,

cESy

(1)
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Fig 4. Relationship between #,, and 7, in empirical and model distributions. (A) Scatter plots for different keywords. (B, C) Kernel density profiles of empirical and
model distributions. In each panel, the red contours show the density profile obtained from the location-independent model (B) or the core-periphery model (C), fitted
to the empirical occurrence pattern of each word, represented by the blue contours. As in Fig 3D, the region inside each contour, from dark to light colors, contains
90.0%, 99.0%, and 99.9% of the data points, respectively. Note that the scatter plot of empirical data and its density profile for Fukuoka are identical to those in Fig 3D.
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where S,, = {c| ¢ > €} is the set of cells with an occurrence ratio equal to or greater than
¢. This condition prevents a cell from being selected as the center merely due to the large
total number of posts. Here we set € = 0.01, i.e., toponym w must appear in at least 1% of all
posts tagged to a cell for the cell to be included in §,,. As we can see in Fig 3E, the grid cells
that constitute the two branches are clearly distinct in terms of distance from the center of
the toponym subsample. The branch with faster scaling is geographically closer to the center
while the branch with slower scaling is relatively far from the center. This corroborates our
hypothesis that the two-branch scaling arises from the spatial specificity of the toponym.

Location-independent model

The results in the previous section give us an intuitive understanding of the geographic dis-
tribution of toponyms. In the next two subsections, we present a model-based analysis to
validate our intuition and to characterize the empirical observation in a quantitative way.
Specifically, we introduce a model where each post tagged to location ¢ contains word w with
probability p,, . that may depend on c. We assume that the occurrence of word w in each post
is an independent event, i.e., a Bernoulli trial. In this model, the number 7, of posts in grid
cell ¢ that contains word w out of n, . total posts follows a binomial distribution:

Nall,c

P(f’lw,c | Mall,c» pw,c) = ( )Pﬁf’;(l _pw)c)nall,c—nw,c_ (2)

Ny,c

This model essentially posits that the underlying mechanism of the occurrence of a word
can be summarized by probability p,, . specific to each grid cell c. Importantly, it relies on
the simplifying assumption that the occurrence of a word in one post is independent of its
occurrence in other posts, and that the dependence between the occurrence of different words
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within the same post can also be neglected. Variations of this binomial model are obtained by
adopting different formulations of occurrence probability p,,.

We first examine if the empirical pattern can be explained by the simplest version of the
binomial model which assumes that p,, . = p,, for all grid cell ¢; that is, the toponym occurs
with a constant probability independent of location. The unbiased and maximum likelihood
estimator for p,, can be obtained simply by dividing the size of the toponym subsample by the
number of all geotagged posts: p,, = N,,/Nqy.

Fig 4A shows the distribution of occurrence of Fukuoka against n,; in empirical data and
the expectation from the location-independent binomial model. We observe that the empir-
ical distribution is not consistent with the model. In particular, the model does not repro-
duce the two-branch scaling behavior seen in the empirical data and exhibits a single scaling
instead. We confirm the same kind of discrepancy for all the domestic toponyms we studied
(see S3 Fig in Supporting Information for the full results).

The implication of this observation becomes apparent through juxtapositions against
patterns for common nouns and foreign nouns. The location-independent model shows a
close agreement with the empirical data for wallet (Fig 4B), implying that the word indeed
occurs at a constant rate in every grid cell. In general, we find that the empirical data and
the location-independent model are in fairly good agreement for many common nouns that
refer to objects (e.g., telephone) or abstract concepts (e.g., society). For a comparison between
the model and the empirical distributions for these words, see S3 Fig in Supporting Infor-
mation. On the other hand, there is a large deviation between the empirical and model dis-
tributions for the word airport (Fig 4C), suggesting that the occurrence at a constant rate is
not a shared characteristic among all common nouns. This can be explained by the fact that
common words such as airport are often used in combination with toponyms (e.g. Narita Air-
port), and are therefore more likely to be used in specific places. Finally, for foreign toponyms,
such as Hawaii shown in Fig 4D, we observe the single scaling pattern in both the empirical
and model distributions, although the empirical distributions generally show slightly greater
variance than the model. While these toponyms are not semantically associated with a spe-
cific place in the observed area, they may occur with higher probability around international
airports from which people travel to the places these toponyms refer.

Beyond visual inspection, the discrepancy between the location-independent model P and
the data can be quantified using relative entropy, also known as the Kullback-Leibler (KL)
divergence. Intuitively, relative entropy measures the dissimilarity from one probability dis-
tribution to another. Here, we wish to quantify the dissimilarity of the empirical data from
the model, each of which is a probability distribution on the total number of posts in each cell
and the number of posts with word w in each cell. Specifically, we employ a modified version
of relative entropy, denoted by Dx1.(Q,, || P,,), that takes into account the cells with at least
one occurrence of w. We elaborate on this particular definition and provide the rationale for
our choice in S1 Appendix in Supporting Information.

As shown in Fig 5, relative entropy Dxi(Q,, || P,y) clearly differentiates domestic toponyms
and place nouns from foreign toponyms and common nouns without place connotations.

All domestic toponyms except Kanto and all place nouns (park, university, hotel, airport, and
shrine) are characterized by relatively large values of relative entropy, namely Dy1 (Q,, || Pyy)
> 4, implying that the empirical distribution is highly dissimilar from the location-
independent binomial model for these words. Common nouns such as trip and vegetable are
on the borderline (Dgp (Q, || P,) = 4); relative entropy for other common nouns and foreign
toponyms are significantly smaller.

The comparison with the location-independent model reveals how sensitive and specific
the occurrences of toponyms and common nouns are to geographic locations. For toponyms,
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Fig 5. Dissimilarity of empirical data from the location-independent model. The dissimilarity is evaluated by relative entropy Dx1,(Qw || Pw). For each word, 3000
grid cells are randomly sampled 50 times. The error bar shows the 95% confidence interval.

https://doi.org/10.1371/journal.pone.0325022.9005

the spatial specificity may be readily observable by visualizing the geographic distribution of
occurrence ratio ¢,,, as in Fig 3B. However, identifying location-specific common nouns may
be more subtle, as these nouns are usually associated not with a single place but with multiple
places across the observed area. As a result, their geographic distributions may appear visu-
ally indistinguishable from those of non-place nouns. In such cases, quantifying the dissim-
ilarity from the binomial model through Dy1 (Q,, || P,,) can serve as a good indicator of the
geospatial specificity of word occurrence.

Core-periphery model

So far, we have shown that the location-independent binomial model cannot reproduce the
large variance and two-branch scaling behavior seen in the empirical distribution of domes

tic toponyms. Let us now take a step toward realism and discuss a more flexible modeling
framework to account for the empirically observed geographic distribution of toponyms.
We consider the location-dependent binomial model, that is, we assume that the occurrence
probability p,, . in Eq (2) can vary for different grid cells.

Let us recall that the results in Fig 3E suggest that a post in grid cell ¢ is more likely to con-
tain a toponym w if ¢ is within the area that w refers to. Indeed, the occurrence ratio ¢,
plotted against the geodesic distance d,, . between the center O,, and cell ¢ shows an overall
decreasing trend (Fig 6A). The binned averages of ¢,, . imply that the occurrence probability
decays as a power-law function of distance from the center, especially at long distances. More-
over, by grouping toponyms according to their administrative level as shown in Fig 6B, one
can see that the onsets of the power law differ according to the granularity of each toponym.
For toponyms referring to higher-level units, such as regions and prefectures, which are typi-
cally larger in area, the power-law decay starts at larger distances while the average occurrence
ratios are relatively stable at smaller distances. Conversely, toponyms denoting small admin-
istrative units, such as wards, exhibit power-law behavior starting at short distances with no
noticeable plateau regime.

Motivated by these observations, we propose a simple location-dependent variant of
the binomial model that assumes the presence of a core, the area in which the occurrence
probability p,, . is high, and a periphery, grid cells that are geographically distant from the
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meaningfully visualized. (D) The fitted core-periphery model compared to the administrative/metropolitan area. The innermost circles in dark
green represent the core boundary (distance r,, from the center O,) and the two outer circles in lighter green denote the distance at which the
occurrence probability p,, . is equal to one half and one third of the probability in the core g, respectively. The areas shaded in purple indicate the
administrative area of each prefecture (top row) and the metropolitan employment area of each city (bottom row). Maps made with Natural Earth
(https://www.naturalearthdata.com/).

https://doi.org/10.1371/journal.pone.0325022.0006

center and characterized by lower p,, .. Namely, the occurrence probability p,, . in Eq (2) is
assumed to be a function of d,, . that is constant within a certain distance from the center and
to decrease as a power law as a function of distance from the center outside of this range:

qw for d,. <ry,
o= I
Pwe qw [ W’C] ford, . >r,.

Ty

3)

This model has three free parameters: r,, is the radius of the core, g, is the occurrence
probability in cells within distance r,, from the center O,,, and a,, denotes the exponent of the
power-law decay outside the range. Fig 7 shows a schematic diagram of this model.

For each toponym w, the values of these parameters can be estimated by maximizing the
log-likelihood function

L:(qu Tws aw) = Zlogp(nw,c | Nall,c» pw,c)- (4)

To perform maximum likelihood estimation, numerical optimization is carried out using
SciPys scipy.optimize.minimize function with the Nelder-Mead algorithm as the
solver. To reduce the risk of the solution being trapped in a local minimum, the parameter
1y s initialized with four distinct values: 10 km, 20 km, 40 km, and 80 km. An example of
the fitted model is visualized in Fig 6A, along with the values of ¢,, and the fitted location-
independent model.

The fitted model shows, in general, a better agreement to the data in terms of the relation-
ship between n,y and n,,, as shown in Fig 4B. For the results for all domestic toponyms stud-
ied in this work, see 5S4 Fig in Supporting Information. In particular, this model reproduces
the two-branch scaling behavior of the empirical data. This significant improvement from the
location-independent model is also evidenced quantitatively by the decrease in the Akaike
Information Criterion (AIC) for all the toponyms studied in this work (Fig 8).

The advantage of the core-periphery model is that it conforms to an intuitive interpreta-
tion: the radius r,, can be seen as the extent of the area to which the toponym refers, i.e. the
core. Outside this core area, users refer to the place less often, but the decrease in probability
is gradual as a function of distance and slow enough to be modeled as a power law (compared
to, e.g., an exponential decay). To verify this interpretation, we compare the estimated core
(the area within the estimated radius 7,, from the center O,,) of each toponym with the extent
of the administrative unit or metropolitan area to which it refers (Fig 6D). For all toponyms,
the model identifies the center within the area to which each toponym refers, although the
sizes of the cores vary and do not necessarily coincide with the administrative boundaries. For
many toponyms, the core area detected by the model is smaller than the administrative area.
This may indicate that users are more likely to make geotagged posts with these toponyms
when they are in the central city of a prefecture or in the central area of a city. For Fukuoka
and Sendai, the core has a geographic scale similar to the metropolitan area, suggesting that
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the use of these two toponyms is aligned with the extent of the corresponding metropolitan
area. In the case of Sapporo, the core is larger than the metropolitan area. This could indi-
cate that users tend to associate the toponym with a larger area; however, it is also possible
that this is because the estimated parameter represents one of the many local maxima in the
likelihood landscape.

In Fig 6C, we show the estimated values of the radius and exponent for each of the 24
domestic toponyms we study. The radii of the toponyms vary according to the size of the area
they denote. Region names are associated with larger cores, typically ranging from 50 km to
100 km in radius, which is consistent with the spatial scale of regions. In contrast, ward names
are characterized by much smaller cores, with radii less than 5 km. Prefectures and cities fall
in between, with core radii typically between 10 km and 30 km. The value of the exponent
of the decay outside the core also varies from one toponym to another; however, it does not
seem to correlate clearly with other quantities, such as the frequency of toponym occurrence.

Discussion and conclusions

In this article, we investigated the geographic patterns of toponym occurrence in social media
using a dataset of geotagged Twitter posts. We found that the heterogeneous geographic dis-
tribution of geotagged posts is highly correlated with the population, especially with the
employed population. This implies that the geotagged posts are, on the whole, representa-
tive of the language use in the population. The occurrence of each toponym in these geo-
tagged posts is also characterized by geographic heterogeneity. Moreover, we found that

the relationship between the total number of posts and the number of posts containing
toponyms shows a distinctive scaling pattern. Comparison with patterns for common nouns
and foreign toponyms suggests that this scaling pattern originates from the spatial speci-
ficity of toponym occurrence, which is successfully quantified by the dissimilarity from the
location-independent model. Finally, we presented the core-periphery model, which assumes
a location-dependent occurrence probability of toponyms. Despite its simplicity with only
three fitting parameters, this model can reasonably reproduce the empirically observed geo-
graphic distributions of toponym occurrence. This implies the following: First, each toponym
has a core, i.e., a geographic area in which the toponym occurs with the highest probability,
which can be regarded as the area that users collectively identify with the toponym. This inter-
pretation is supported by the fact that the core is larger for the names of regions than for the
names of cities and wards. Second, outside this core, the occurrence probability decreases
slowly with distance following a power law.

Our findings may indicate that human attention, cognition, and representation of geo-
graphic space respond nonlinearly to distance [27]. It is reminiscent of Tobler’s first law of
geography: “everything is related to everything else, but near things are more related than dis-
tant things” [28]. In this context, our findings can be seen as another example of the distance
decay phenomenon, which has been observed in various aspects of human behavior such as
commuting [29-31], tourism [32-34], and crime [35-37]. The concept of distance decay, and
its more sophisticated formulation, the gravity model, have also been used in archaeology and
history [38,39], attesting to its universal applicability in describing human activities. Inspired
by developments in geography, distance decay and gravity models have been adopted in lin-
guistics to explain variations in pronunciation between different dialects [40,41] and language
evolution via lexical replacement [42]. However, unlike other language elements that are gen-
erally geography-neutral, each toponym is intrinsically associated with a specific geographic
point or area. As such, our results represent a unique variant of Tobler’s first law in language,
one that cannot be characterized by autocorrelation or other similarity measures [43,44].
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Our findings point to the need for research that addresses the micro-foundations (such as
individual behavior) of the emergence of empirically observed patterns of toponym occur-
rence. Namely, a relevant question is: what prompts individuals to use a particular toponym
(i.e., to make a post that contains a toponym)? One obvious factor is the location of the indi-
vidual, or more precisely, the name of the place as perceived by the individual. Indeed, the
high occurrence probability inside the core, which coincides with the geographic area to
which the toponym refers, implies that the mere fact that an individual is in the place makes
them more likely to use the toponym. However, this alone cannot explain the power-law
decrease of the occurrence probability outside the core.

We can envisage several hypothetical mechanisms, which are not necessarily mutually
exclusive, to explain the distance decay behavior. The social network is one of the plausible
explanations; when users interact with each other, they may refer to each other’s location in
their conversations. It has been repeatedly shown that social ties are strongly influenced by
geographic proximity in social networks, and that the probability of forming a tie decreases
as a power-law function of distance [45-48], suggesting a possible link with toponym occur-
rence patterns. Place identity and place attachment may also play a major role [18,49-51].
Identity and attachment may extend to places far from the person’s current residence, such as
the hometown where they grew up. In this case, the use of toponyms outside the core is driven
by individuals who have emigrated from the place, i.e., their long-term mobility. Another pos-
sible mechanism is related to the activity space of individuals. Activity space is defined as “a
spatiotemporal construct that captures the set of places individuals encounter as a result of
their routine activities in everyday life”, which “include—Dbut are typically not limited to—
individuals’ residential areas” [52]. The more interaction an individual has with a place in
their day-to-day activities, the more detailed information about the place they have in their
cognitive map, which in turn can increase the likelihood of mentioning the toponym that
refers to that place. This mechanism is driven by the short-term mobility of individuals. In
this sense, mentioning the destination of a trip that an individual takes before arriving there
could also be seen as a variation of this mechanism. The role each mechanism plays in shap-
ing individual and population-wide patterns of toponym use would require text analysis of
geotagged posts; we leave this for future work.

We note that our modeling approach does not aim to precisely replicate empirical obser-
vations of toponym occurrence. Rather, our models serve as a reference against which empir-
ical data can be compared. As such, they simplify some aspects of the real-world toponym
occurrence patterns. For example, in the core-periphery model, the model is isotropic, that
is, the core has a circular boundary and the occurrence probability decreases uniformly in all
directions. In reality, however, the area denoted by the toponym may have elongated or irreg-
ular shapes and the decay outside the core may not be isotropic because of geographic entities
(such as the sea, mountains, and rivers), administrative boundaries, and transportation net-
works (such as roads and railways). We also assumed no correlations between the occurrence
of different toponyms, although there may be competitive or synergistic interactions between
them that influence their occurrence patterns. It is because of these simplifications that our
approach is able to provide an interpretable framework that allows us to identify the essen-
tial elements underlying the geospatial distributions of toponyms. Nevertheless, extending the
model to capture the impact of these additional ingredients remains an open challenge that
could be addressed in future work. Prior research has explored how natural landscapes shape
the evolution of population distributions and transport networks [53], suggesting that similar
approaches could be applied to the study of toponym distributions.

We also remark on the possibility that geotagged posts on Twitter may not be an unbiased,
representative sample of the language use of the general population. This issue can be divided
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into two questions: whether the geotagged Twitter users can be considered a good proxy for
the population at large [13,54-56], and whether the language use in geotagged Twitter posts
is consistent with language use in other contexts [57,58]. The effect of the first problem on
our results is presumably relatively small compared to other work using geotagged Twitter
posts to study language use, for two reasons: (i) we focus only on the text of the posts with-
out correlating it with user demographics, and (ii) the age and socioeconomic status of users
are unlikely to significantly affect their use of toponyms. It is however possible that urban
toponyms are overrepresented due to population biases, which could affect the geographic
distribution of toponyms. In this work, we focused on relatively large cities and wards within
them, but whether our findings generalize to the names of smaller towns and villages needs to
be carefully examined in future research.

The second question concerns the generalizability of our findings to the use of toponyms
in other contexts of language use. While capturing the totality of language use is challenging,
this question can be partly addressed, for example, by comparing language use on different
social media platforms. Our analysis focuses solely on Twitter data, which presents a limi-
tation of our study. To the best of our knowledge, only a few previous works have addressed
if there are significant differences in the language used in different contexts or platforms.
One of them documents that descriptions of natural landscapes can vary between different
data sources, finding that Flickr (a photo-sharing social media platform) tends to contain a
higher proportion of toponyms than free lists obtained through field interviews and hiking
blogs [58]. Another study suggests that the same user may exhibit different styles on differ-
ent social media platforms for certain linguistic features, such as emoji and hashtags [59].
However, neither study addresses whether individual toponyms are used differently across
contexts and platforms. We speculate that, while contextual differences may affect the overall
volume of toponyms, they do not strongly influence their geographic patterns of occurrence.
However, this is a hypothesis that needs to be tested in future research.

Lastly, we note that gaining a comprehensive understanding of the use of toponyms—how
they reflect the interaction between people and the environment, how they shape and rein-
force people’s identity, and how they are affected by urban planning and place branding—
would require historical, ecological, cultural, and economic analyses [49,60-66]. These
aspects are abstracted away in the present study, where our focus is to establish general empir-
ical laws that govern the spatial distribution of toponyms. The simplified models we propose
are designed to serve the purpose of quantitative, so-called extensive analysis [67]. Future
work should aim to integrate these qualitative factors with our quantitative framework to
investigate the dynamics underlying toponym distribution.
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