PLOS ONE

Check for
updates

G OPEN ACCESS

Citation: Jiang M, Shen XY, Ahrens K, Huang C-R
(2021) Neologisms are epidemic: Modeling the life
cycle of neologisms in China 2008-2016. PLoS
ONE 16(2): e0245984. https://doi.org/10.1371/
journal.pone.0245984

Editor: Joshua Snell, Aix-Marseille Université,
FRANCE

Received: April 25, 2020
Accepted: January 12, 2021
Published: February 3, 2021

Copyright: © 2021 Jiang et al. This is an open
access article distributed under the terms of the
Creative Commons Attribution License, which
permits unrestricted use, distribution, and
reproduction in any medium, provided the original
author and source are credited.

Data Availability Statement: The data can be
accessible at DOI 10.17605/0SF.I0/F7XDN.

Funding: The research was supported by the Marie
Sklodowska-Curie Innovative Training Network
project titled “Conversational Brains: A
Multidisciplinary Approach” (grant agreement n°
859588) as well as its matching grant from the
Hong Kong Polytechnic University (#ZG9X). The
research is also supported by the Hong Kong
Polytechnic University and Peking University Joint
Research Gentre on Chinese Linguistics (RP2U2).
The funders had no role in study design, data

Neologisms are epidemic: Modeling the life
cycle of neologisms in China 2008-2016

Menghan Jiang®'?*, Xiang Ying Shen®’, Kathleen Ahrens*®, Chu-Ren Huang®?°*

1 Department of Chinese Language and Literature, Peking University, Beijing, China, 2 Department of
Chinese and Bilingual Studies, The Hong Kong Polytechnic University, Hong Kong, China, 3 Department of
Physics, Chinese University of Hong Kong, Hong Kong, China, 4 Department of English, The Hong Kong
Polytechnic University, Hong Kong, China, 5 HK PolyU-PKU Research Centre on Chinese Linguistics, Hong
Kong, China, 6 Research Centre for Professional Communication in English, The Hong Kong Polytechnic
University, Hong Kong, China, 7 Shenzhen JL Computational Science And Applied Research Institute,
Shenzhen, China

* menghan.jiang @ connect.polyu.hk (MJ); churen.huang @ polyu.edu.hk (CRH)

Abstract

This paper adopts models from epidemiology to account for the development and decline of
neologisms based on internet usage. The research design focuses on the issue of whether
a host-driven epidemic model is well-suited to explain human behavior regarding neolo-
gisms. We extracted the search frequency data from Google Trends that covers the ninety
most influential Chinese neologisms from 2008-2016 and found that the majority of them
possess a similar rapidly rising-decaying pattern. The epidemic model is utilized to fit the
evolution of these internet-based neologisms. The epidemic model not only has good fitting
performance to model the pattern of rapid growth, but also is able to predict the peak point in
the neologism’s life cycle. This result underlines the role of human agents in the life cycle of
neologisms and supports the macro-theory that the evolution of human languages mirrors
the biological evolution of human beings.

Introduction

Awareness of the relevance of neologisms to the discovery of new knowledge can be traced
back to at least 1871, with a series of letters to Nature initiated by Ingleby [1]. More recently,
neologisms have become part of our daily life as people now communicate with others, seek
information, and provide opinions online. Ubiquitous and immediate access to information
with the potential for real-time responses has provided a strong impetus for the creation of
ideas and has allowed such ideas to be spread more broadly and more quickly than ever before.
Neologisms, or newly coined words, are found in all formats, including both traditional and
new media. In fact, research has shown that neologisms nowadays are generated primarily on
the internet [2, 3]. Since these neologisms appear online and are immediately archived with a
time-stamp, these first uses can be easily identified as milestones of language change and varia-
tion [4], unlike the first instance of neologisms in traditional media. However, linguistic
research on these “internet neologisms” has not been extensively conducted and a
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comprehensive theoretical model that can clearly describe a neologism’s life cycle has yet to be
proposed, as recent studies tracking language usage have only focused on post hoc analyses of
behavioral changes over shorter [5] or longer [6] periods of time. Hence, a robust, a priori
model of the life cycle of neologisms is needed. Such a model will have implications as to how
languages change and evolve, as well as how new ideas propagate and influence collective
human behavior.

Modeling language evolution is a challenging issue [7-9], and modeling neologisms is no
exception [10]. Previous empirical studies on neologisms were driven by lexicographic con-
cerns and focused on research issues such as the life cycle of neologisms or the prediction of
which new words would be successfully incorporated into the lexicon of a language [11-14]. A
variety of empirical studies also focused on the conditions or factors that could maximize the
chances of survival of a new word, i.e., to determine whether a neologism would disappear or
become a regular lexical entry [15, 16]. For instance, word frequency and the niche that a new
word fills were often considered to be important factors for the survival rate of a new word
[17, 18].

Internet neologisms evolve much faster and have the potential to spread more widely than
ever before, but at the same time may fade and disappear quickly. Traditional linguistic
approaches to date have lacked a way to deal with either the scale or the speed of the life
cycles of neologisms. In this article, we propose to leverage the aggregated data from Google
Trends, which provides the popularity of a selected word within a flexible range of time
intervals. The granularity of the reported data is accurate to each day and the reported popu-
larity is normalized on a scale of zero to one hundred. In this current study, we focus on the
neologisms found on the internet in Chinese and selected yearly by experts as strong candi-
dates for lexicalization.

Given the close link between the explosion of neologisms and new media and the view that
language is a “culturally transmitted replicator” [19], an obvious model for the life cycle is the
memetic model. This approach models the growth and spread of new words, which are some-
times called lexical memes, similar to cultural memes. The metaphor of genetic evolution is
also relevant as dominant memetic models are genetic replications (and vice versa [20-25]).
That is, these models predict the development of memes in terms of their ability to propagate
just like the ability of genes to self-replicate. Such models are often constrained in terms of
peak time or other resource variables.

Although most recent studies on neologisms focused on this memetic hypothesis, we found
that the memetic model did not provide a good description of the fast rising and decaying pat-
tern of internet neologisms. The memetic model assumes that the evolution of a word lasts a
long period, and that the overall survival rate of a meme can be expressed in terms of the
meme’s fitness F(m), which characterizes the ratio between the expected number of memes at
the next time step or generation and the average number of memes at the present time [26].
This type of model involves a conventional pattern of exponential growth if F(m) > 1 (i.e. for a
meme to spread), exponential decay if F(m) < 1, and stability if F(m) = 1.

Mathematically, the memetic model varies according to the parameter of fitness, which
indicates the self-replicating ability of the meme/word. If fitness is larger than one, the word
will be judged as a survivor who can continuously replicate itself. If fitness fails to reach this
critical value, replication is not sustainable, and the word will fade away. Applying the memetic
model to neologisms assumes that the survival of a neologism depends mostly on its ability to
continue to replicate. This model further assumes that fitness should be independent of time
or remain constant for a long enough time. Hence, the model predicts a monotonic rise or
decay of the popularity of the neologism. However, we know as a fact that the fast evolution of
internet neologisms does not involve a monotonic growth curve. For a neologism, just like any
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other word, there must be an inflection point in its life cycle where the growth of the word pla-
teaus or turns downward. Hence, the full life cycle of internet neologisms clearly cannot be
expressed by a monotonic function. In order to avoid the monotonic prediction that is obvi-
ously incorrect, one has to turn the monotonic memetic model into a piecewise function con-
sisting of several domains with different fitness parameters. However, this step turns the
memetic model into a posteriori model, as the piecewise fitness parameters are assigned to
retrofit known data, which indicates that the model cannot predict the location of the inflec-
tion points. Therefore, we argue that a simple memetic model is not suitable for modeling
neologisms.

One critical difference between genes and words is that genes are part of a living organism
and the sentience of the organisms has no direct bearing on the replication of the genes. Words,
on the other hand, exist independently of the speakers as sentient agents, but can only exist
through the action of these agents. As the life cycle of neologisms involves both the new words
and the speakers who use them, it is also possible to model the life cycle of neologisms in terms
of the speaking population. In this respect, this life cycle spread could also be viewed as an epi-
demic, such as the metaphor of contagion used in [27]. Thus, we propose that the life cycle of
neologisms should be better predicted by a host-driven epidemic model, as this type of model is
best known for modeling the spreading and growth of a disease over a large population.

Most epidemic models are constructed to account for the competition between the trans-
missibility of the virus and the infected populations’ ability to recover. As such, an epidemic
model intrinsically implies the existence of an inflection point where the number of recovered
people exceeds the number of infected ones, or vice versa. Hence, the epidemic model is an a
priori model that can provide a good overall description of the neologisms’ evolution patterns
observed from the data, with a powerful predictive power to locate the inflection point. There-
fore, we suggest that it is more suitable for modeling the life cycle of internet neologisms.

The words selected are from the journal W I Yao3Wen1Jiao2Zi4, an authoritative
journal on lexicology and philology in China. For each year since 2009, i 3CI# ¥ Yao3Wen1-
Jiao2Zi4 has published a list of the most successful neologisms from the preceding year. The
status of these words is similar to Words of the Year selected by the American Dialect Society
(https://www.americandialect.org/woty) for being notable, prominent, and characteristic of
the discourse in the preceding year [15]. In fact, the selection criteria adopted by I SC /-
Yao3WenlJiao2Zi4 [28] can be shown to closely mirror those of the American Dialect Society:
1) Fashionable: The words are able to reflect the characteristics of the language of the media
and social communication in each year (corresponding to the “characteristic of the discourse
of the year just past”); 2) Popular: The words are familiar to the people who read the press reg-
ularly (corresponding to “Notable”); and 3) Expressive: E.g., being creative, humorous, ironic,
vivid, concise, or euphemistic (corresponding to “Prominent”).

Based on the selection by " LW Yao3WenlJiao2Zi4, we have taken 10 new words of the
year from each year between 2008-2016, for a total of 90 new words. We have not taken the
more recent neologisms from the past three years to ensure that there is enough longitudinal
data for the life cycle of each new word. By modeling the life cycle of these neologisms with the
epidemic model, we aim to resolve the following research questions:

1. What is the typical life cycle and what are the most important features of a successful
neologism?

2. Does the epidemic model clearly describe and predict the development of neologisms?

At first glance, the majority of successful internet neologisms have a similar development,
according to their popularity over time. The life cycle tends to begin with a relatively quick
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ascent in terms of popularity and then slowly descends after the peak. This general pattern is
compatible with a host-driven epidemic model; but it is still necessary to empirically verify
whether the epidemic model can satisfactorily describe and predict the life cycle of an internet
neologism. In what follows, we describe our studies of modeling the extracted data using a
host-driven epidemic model.

This article aims to provide a new method to obtain statistical data of neologisms from
internet search engines and utilizes a classical mathematical model to explain variations in a
neologism’s popularity.

Data and methodology
Data source

This study covers 90 neologisms announced by the journal "% S W< Yao3WenlJiao2Zi4,
spanning the nine year period from 2008 to 2016 [29-37]. To model the rapidly rising and
decay-ing internet neologisms, we measure the prevalence of a word by the number of times it
has been searched for on Google. This data sampling choice is based on two important
observa-tions: First, a neologism only comes into existence at its coinage and has not been
attested on the internet before. Thus, it is reasonable to treat its initial search term uses as evi-
dence for the emergence of the new word.

Second, although it is not possible to rule out dictionary searches among all browser usages,
it is reasonable to assume that early dictionary searches of a neologism are prompted by
encountering that word in actual usage, such as while browsing for new information or to
express a new concept. Hence, it is a bona fide use of the word in real context. In other words,
we consider that web-searches of a neologism early in its life cycle are predominantly usage
driven. The probability of a content or linguistic information search of such a word is negligi-
ble as such searches require that the user knows, or knew of this word already, and has some
linguistic knowledge about it.

Relevant web-search data is easily accessible and can be downloaded from Google Trends
for free. We accessed Google Trends to generate a data pool of the search frequencies of the 90
selected neologisms as our source data. The search frequency data is critical to our model-fit-
ting study as it is a reasonable approximation of how the words spread over the internet and
the frequency of its use.

Although there are divergent views on the use of Google-hosted language big data for
research in the humanities and language sciences [38], there are already several studies based
on Google N-gram [39] and the Google N-gram viewer in the literature. These studies typically
focus on longer term trends of lexical variations at the macro- [40] or micro-levels [6], orin a
specific social context [41]. In addition, there are also demographic studies using internet
usage data [42]. However, we believe that our study is the first study on language changes
based on Google Trends.

Data filtering

Although W SCIEE - Yao Wen Jiao Zi is one of the most authoritative periodicals on lexicogra-
phy in Chinese, not all of the 90 neologisms proposed by the journal can be regarded as the
“successful” neologisms in the sense of having entered the common lexicon. This is due partly
to the selection criteria of being relevant for the year, which may not be long enough for some
of the neologisms to fully develop (especially for those emerging in the latter half of the year).
Hence, a number of words have been excluded from further analysis according to the follow-
ing criteria:
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A. Data scarcity, including the following two sub-categories:

a) We noticed that some words did not have enough data provided by Google Trends to
adequately test our model fitting. Seven neologisms were excluded due to this reason: ANl
FAN bud paolqi4 bud fangdqi4 “never cast away and never give up”; N7 bud zhel-
teng0 “don’t bother”; #7 i)l bei4 jiudyed “to be falsely categorized/certified as employed”;
FI PRI da3hu3pailying2 “to beat a tiger and swat a fly (metaphorically refers to the fight

against government corruption)”; 2|5 %% duo4shou3dang3 “shopaholic”; 345 /% huodde2-
gan3 “sense of acquisition”; and H.Hk M+ hudlian2wang3jial “internet+”.

b) The patterns of some words showed only ascending trends, suggesting that they are
still in the emergent stage and should be revisited later. Hence, five words were excluded:
e.g., W& duandshe3li2 “Danshari (KonMari) Method”; Bil{H yan2zhi2 “attractiveness of
appearance”; WZ1 wang3hong2 “internet celebrity”; 1z JREEAX chilgualqun2zhong4 “silent
onlookers”; & L4 ge3youltang3 “slouching on chair (like Ge You)”.

B. Some words share the same word-form with other meanings/interpretations/functions:

Our analysis shows that for most of these neologisms, each word-form stands for multiple
words or has multiple meanings, including established and conventionalized meanings and
new interpretations [43]. As the Google Trends data is word-form based and not disambig-
uated, the actual frequency of the neologisms cannot be teased apart from the usages of the
conventionalized meaning. In these cases, the pattern is a sum of tendencies of more than
one-word meanings and cannot be used for our current study. This category of words
mainly includes the following five sub-categories.

a) We first excluded the words that did not acquire a new meaning, but simply had an
old meaning that gained an increase popularity due to external incidents. Strictly speaking,
these are not neologisms (which must involve either new meaning or new form). For exam-
ple, {114 rendxing4 “willful” was a mid-frequency word. Its usage and frequency surged
when it started to be widely used in formal speeches in the conference of the People’s Con-
gress and Political Association in 2015. Seven words, in addition to fE1%: ren4xing4 “will-
ful”, were excluded based on this criterion: £ diao4yu2 “entrapment”, &% tao4lu4
“tricks”, /N H ¥ xiao3mudbiaol “low-hanging fruit (ironic)”, Fl he2 “peace”, IEfit &
zhengdneng2liangd “positive energy”, 7 lei2 “thunder-struck”, 1% chuangdke4
“entrepreneurs”.

b) We also excluded the nouns that acquired a new function, such as addressing terms
and/or pronominal functions. It is not clear if they acquired “new meaning”. For example,
the word E & bao3bao0 “baby” is a very common word in modern Chinese to address
infants and later in life someone dear to the speaker. However, on the internet beginning in
2015, it acquired the new usage as a stance marker for self-reference, i.e., a special first per-
son (and occasionally second person) pronoun. Based on this criterion, two words are
excluded: & & bao3bao0 “baby”, 5% ginl “my dear”.

c) We further excluded neologisms that retained the same meaning but extended their
usages into different semantic domains as it is not clear if this meaning shift adds a new
meaning or not. Two examples fall in this category: il /=% 11 ding3ceng2shedji4 “top-down
design”, fi145 shen2qi4 “artifact (gaming)”.

d) We excluded neologisms that borrow an existing form but is used less frequently than
the original form. As we mentioned above, since Google Trends provides word-form based
usage data, it is not possible for the current study to differentiate the usages of neologisms.
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Based on this criterion, Y% guanglpan2 “clean the plate or finish the food on your plate”
was excluded as this expression was still predominantly used to refer to compact disc (i.e.,

CD), and only the compound form 43473} guanglpan2xing2dong4 “clean the plate/fin-
ish your food campaign” implies a new meaning.

e) Another subset of neologisms (3 neologisms) sharing old forms but even more chal-
lenging to identify are those involving affixes or bound roots, such as fil weil/wei2 “micro-
”, #% kong4 “fervent fan” and # luo3 “naked, without strings attached”. These forms cannot
stand alone but can productively form new words or compounds. These bound morphemes
could become neologisms if they acquire new meanings without losing their word-forma-
tion potentials, e.g. fill weil/wei2 “micro-”, and # luo3 “naked, without strings-attached”.
A neologism can also be formed when a word acquires a new meaning and the productive
word formation potentials at the same time, e.g. 5 kong4 “fervent fan” has the original
meaning of “to control”. Such forms pose multiple challenges to differentiate, either in text
or in Google Trends. For instance, the criteria to identify bound and non-bound usages are
complicated and highly contentious issues among linguists. In addition, the same com-
pounds often retain both original and novel meanings. For instance, 45 luo3 hunl could
refer to the new meaning of “marriage without traditional ceremonies”, or the original
meaning of “getting married naked”.

Pattern of internet neologisms

After excluding 28 neologisms based on the above criteria, 62 neologisms were included for
model-fitting. In terms of our first research question, our initial analysis of the data from Goo-
gle Trends shows that the popularity P(f) over time ¢ of these 62 internet neologisms (see the
wordlist in S1-S9 Tables in S1 File) have similar sharp rise and decay patterns (Fig 1(a)).

The prevalence of the 62 neologisms shows a clear rise-decay pattern with four stages. In
the first stage, the neologism starts to be popular, and the search frequency increases. In the
second stage, the word’s popularity reaches its peak at the normalized value of 100 and sustains
that for a short while. The decaying begins in the third stage, as the popularity finally drops to
a low value that is typical of a non-frequently used word. In the fourth stage, there is a sign that
it is no longer popular, as shown in Fig 2.

Data processing

The default range of the timescale is set from the year 2004 to the present. However, the usage
index of some of the words around the peaks may jump from 0 to 100. When this occurred, we
reduced the time span between sampling points to obtain more details for fitting purposes; i.e.,
we focus on the period when the neologism became popular. For instance, if a word was
included in " SCIE - Yao3WenlJiao2Zi4 as a successful neologism in 2013, the range of the
data’s timescale is set from January 1st of the preceding year (2012) to December 31st of the
following year (2014).

There are multiple peaks for some neologisms such as JEIZI 4L feilcheng2 wudrao3 “Seri-
ous Suitors Only” (neologism in 2008), as shown in Fig 3(a). The multiple peaks may be trig-
gered by relevant social events. For example, the release of a movie with the title JE1K 71T
feilcheng2 wudrao3 “Serious Suitors Only” may have caused the prevalence of this word in
2008. Then, the famous dating TV show with the same title and the sequel of the movie may
trigger the next two peaks in 2010 and 2011 respectively. For such cases, we select the peak of
the year when the neologism first became popular (indicated by the journal "% S I < Yao3-
WenlJiao2Zi4) for modeling purposes.
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Fig 1. Interface of Google Trends. (a) The graph shows the search result of a sample neologism ¥4 f% woljul “living
within a snail’s shell” in Google Trends with a typical sharp rise and decay pattern. (b) The snapshot of the search
result for the neologism & lei2 “thunder, describing a person getting shocked by something absurd”. This word’s
search frequency variation cannot be included in the paradigm of the sharp rise and decay pattern. The spatial
distribution of the search frequency all over the world are also provided on the web page.

https://doi.org/10.1371/journal.pone.0245984.9001

It is noted that even though the rising and the decaying tendency can be observed, there are
fluctuations (or noise) in some data sets (such as #0 7% miao3shal “seckill” as shown in Fig
3(b). To address such problems, we performed the data smoothing operation using the data
processing software (Origin) to smooth the curve for fitting purposes.

The fluctuating pattern of ¥ 7% miao3shal “seckill” can be explained by its high correlation
with online sales events. Any big traditional sales dates (such as November 11th: the biggest
sales date on TaoBao, China’s biggest e-commerce website) may bring large spikes, and there-
fore cause the fluctuations and noises in its overall tendency. The example demonstrates that
carefully chosen words can offer good evidence for collective human behavior. In fact, ¥ 7%
miao3shal “seckill” showed clear spikes around big dates for online commerce activities,
such as 11/11. Hence, it can be used to corroborate and/or discover patterns of commercial
activities.

Results
Model fitting

The homothetic P(t) pattern of the majority of internet neologisms is very similar to the real
life cycles of living organisms, which suggests a correlation between language development
and biological evolution [44, 45]. Given that the life cycle of neologisms involves the spread of
words among the human population, we have postulated to model it as an epidemic model.
When comparing the spread of words to the model of epidemics, there are several similari-
ties between the spreading of neologisms and the spreading of diseases that can be observed: a
sudden spike in infections/usage, infectious diffusion among the population/speakers, and a
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Fig 2. Four stages of neologisms’ lifetime. A schematic graph showing the four stages of an internet neologism’s lifetime, including a rise in
popularity, a retaining of popularity, a process of decay in popularity, and a subsequent retention of a low level of popularity.

https://doi.org/10.1371/journal.pone.0245984.9002

short lifetime after the peak. For the current study, we adopt a simple and powerful computa-
tional model of epidemiology to represent the observed P(t) of neologisms. The SIR (Suscepti-
ble Infectious Recovered) model is a host (population) based model as it takes into account
three variables that are directly dependent on the population: the susceptible, the infected, and
the recovered individuals [46]. The SIR model interprets the development of a certain virus in
terms of predictions related to the numbers of infected persons at arbitrary time nodes. It is
also reliable in predicting the peak period for the infection.

The model assumes there are three classes of people: susceptible ones, infectious ones, and
recovered ones. All of these are functions of time ¢, and can be written as S(t), I(t) and R(¢).
Thus, the differential equations to describe the virus transmission are expressed as:

asie)

SO _ _proso).

MO _ pioys(e) - (o). (1)
djiT(tt) — (1),

where o and f3 are parameters to characterize the increasing rates of recovery and infectious
people respectively. It should be noted that the equations above have no analytical solutions.
However, we can estimate the @ and the f by fitting the I(¢) derived from Eq (1) with the real
popularity of a given neologism obtained from Google Trends numerically. Essentially, the
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Fig 3. Data processing samples. (a) shows the data of the 2008 neologism JE1HZI ) feilcheng2 wudrao3 “Serious
Suitors Only” with multiple peaks at January of 2009, May of 2010, and December of 2010 respectively. (b) gives an
example of data smoothing, where the raw data and the smoothed data are indicated by the color blue and red
respectively. The smoothing process helped us to pick up the main evolution tendency of the word’s popularity by
eliminating the disturbances caused by data noise.

https://doi.org/10.1371/journal.pone.0245984.9003

SIR model involves competition between the hosts’ immunity o and the level of infectivity of
the virus 3 leading to an inflection point where the increasing number of recoveries starts to be
bigger than the number of infected people and the evolution pattern of the neologism turns
from the rising stage to the decaying stage.

Henceforth, we acquire the P(f) data from Google Trends and fit them with the fitting func-
tions given in Eq (1) by setting I(¢) = P(t). In Fig 4, we illustrate the fitting results of three neol-
ogisms with a typical rise and decay pattern. To estimate the fitting effects, we adopt the fitting

parameter R> = 1 — X(f, — x,)?/Z(x—x,)". In the expression, x;, f; are the i values of the data
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Fig 4. The performance of the model fitting. The SIR model fitting results are as illustrated. In the picture, the P(t)
data obtained from Google Trends are grey stars. The SIR model fitting functions are denoted by the red lines. (a),(b),
(c) gives the data of ¥ 7% lan2shoudxianglgul “too sad to cry”, Wi i woljul “living within a snail’s shell/small
room”, #t3it 2 77 hong2huanglzhilli4 “the force from primitive period” respectively, as well as the SIR fitting
functions.

https://doi.org/10.1371/journal.pone.0245984.9004
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set and fitting function respectively, and xis the average value of the whole data. If R* — 1, the
fitting function is in good agreement with the actual data. We then ran the statistics of all of
the neologisms with the rise and decay pattern and obtained a mean value R* = 0.8975 for the
SIR (epidemic) model (See S10 Table in S1 File for more details).

Summary of model fitting results

To answer the second research question, the fitting parameter R* of the SIR epidemiological
model indicates that mathematically the model successfully describes the neologisms’ life
cycles.

Recall that we mentioned that the epidemic model is an a priori model in the Introduction.
The epidemic model is derived from the competition between the recovery rate & and the
infection rate f and the position of the inflection point where the number of recoveries exceeds
the number of infections associated with the ratio B/a. This allows the epidemic model to pre-
dict the inflection point, unlike the memetic model, which does not inherently indicate the
emergence of an inflection point.

Two examples are given in Fig 5 to illustrate the predictive power of the SIR model. As the
number of initial patients I(0) is very small compared to the total number susceptible people,
the rising part of the SIR model can be analytically described by the function I(¢) = I(0)Exp[ (83
— a)t]. By fitting with this testing function we can determine the values of & and § with a small
amount of data before reaching the inflection point as shown in Fig 5(a) and 5(c), in which
small fractions of data of &4 I she2jianlshang4 “on the tip of the tongue” and iXHk diltan4
“low-carbon” denoted by red circles are selected to be fitted. The testing exponential function
is indicated by black squares.

After obtaining the & and 3, we can use the differential equations of the SIR model to pre-
dict the complete evolution pattern based on a small part of the data at the early rising stage.
As demonstrated in Fig 5(b) and 5(d), based on the selected data, denoted by red circles, we
can derive the predicted popularity over time, which is indicated by black diamonds. For com-
parison, the SIR fitting curve derived from the full data denoted by the color green is also
given. We can see that the predicted popularity evolution based on a small fraction of data is
very close to the fitting result based on the full data, which indicates that the epidemic model
has the ability to predict the location of the inflection point.

Discussion

We have demonstrated that the propagation and life cycle of neologisms can be a priori
described by a host-driven SIR epidemic model. Our model fitting study demonstrated that
the SIR model has a good fitting effect for describing the trajectory of the neologisms and can
make good predictions of the location of the peak inflection point. Thus, the SIR model
allowed us to gain insight into the epidemic-like spreading patterns behind the prevalence of
internet neologisms.

The SIR (epidemic) model is known to be a dynamic model. The dynamic nature of the
model follows from the fact that the numbers S, I, and R represent subsets of potential hosts,
which is fixed in total. In addition, these subsets have both competition and co-development
relations among them. In either scenario, the changes of the variables are in fact the result of
interaction of the sentient hosts with the non-sentient spreading of words/virus. In other
words, when modeling events as the result of the interaction between sentient and non-sen-
tient actors, it is possible to implicitly model the impact of the non-sentient actors by tracking
variations of the sentient actors alone, but it is much harder (if not impossible) to do so in the
other direction.
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Fig 5. The predictive power of the SIR model. One can use the SIR model to predict the popularity evolution of a neologism based on a small amount of data before
reaching the inflection point. A fraction of data to be fitted and the remaining data are denoted by red and blue circles respectively. In order to derive & and S, the
testing exponential functions denoted by black squares are used to fit with the data of 75X I she2jian1shang4 “on the tip of the tongue” and {&# diltan4 “low-
carbon” as shown in (a) and (c) respectively. By utilizing the parameters derived from this step, we can obtain the predicted popularity evolution over time, indicated
by the black diamonds, according to the small amount of data, which is very close to the green fitting curves yielded by fitting the full data, as illustrated in (b), (d).

https://doi.org/10.1371/journal.pone.0245984.9005

What the SIR model tries to model is the dynamic relation among S (Susceptible), I (Infec-
tious), and R (Recovered). For an epidemic to spread widely, in general the susceptible and
infected population should be maximized; which means that the recovered population should
be relatively small (or at least would take longer to recover). However, if the recovered popula-
tion is minimized, it means that fewer of the infected people have recovered. This, in turn,
quickly decimates the infected population. Yet a very small infected population means that the
susceptible population is also proportionally smaller as there are fewer to spread the disease. In
sum, for an epidemic to spread effectively, it requires that the pathogen, such as a virus, achieves
some degree of symbiosis with the host (the human). To maximize the life-span as well as the
spread of the epidemic, the pathogen needs to effectively infect the susceptible individuals, and
to last long enough on the host without killing him/her to allow for effective propagation.
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Similarly, for a new word to be spread, the host (i.e., the person who reads/hears the new
word) must accept and integrate it in his/her mental lexicon in order to use it again (and to
use it frequently). Moreover, the infected (those who encountered the new word) must be
ready to pass it on to the others (the susceptible individuals). If the infected individual is not
ready to use the new word, then the individual “recovers” and is no longer a host in the life
cycle of the neologism. In this case, it is not the robustness of the host (the speaker), but the
robustness of the new word that is more important. If a new word is heard but not used, or
used but receives no attention, then it cannot spread effectively and therefore will have a short
life cycle. That is, whether the neologism can enter and “live” in the speaker’s mental lexicon is
similar to whether a pathogen can achieve a degree of symbiosis with the host. In other words,
a long-life cycle (i.e., being “successful”) for an epidemic/neologism requires symbiosis
between the virus and the host (for an epidemic) as well as sustainable inclusion in the mental
lexicon of the host (for a neologism).

Given that the life cycle of a neologism is the result of dynamic human interaction, we
could try to interpret our modeling results with the S-curve frequency development predicted
for most complex systems involving cognitive behaviors [47-49]. Note that the S-curve model
of complex systems expect a change to start slowly, followed by a period of rapid development,
and then a plateau with possible residues when the change is completed. The two relative slow
periods of change are the two legs of the S, and the rapid rise (or fall) is often described as the
snowball effect [50, 51]. The epidemic model should be able to model the sharp rising snowball
effect portion of the life cycle.

However, note that one salient discrepancy between the S-curve model and our neologism
data based on internet searches is the sharp decay soon after reaching a stable stage (i.e., being
conventionalized), instead of a leveling-off stage described in the S-curve. We suspect that
there are two possible reasons for this discrepancy. First, the literature [51] shows that the S-
curve model best describes the replacement changes where a new form replaces an old form,
and only when the replicator selection condition is met. Most of the neologisms that we stud-
ied do not belong to this category, including the neologisms with the potential to lead to a
replacement change. A good example is [ Jf£ wei2bo2 “scarf/micro-blog”, which competes
with its near-homophone f{(1# weilbo2/wei2bo2 “micro-blog”, and settled as a tongue-in-
cheek euphemism, but did not serve as a replacement term. This is probably due to the strong
daily usage meaning of scarf. Second, it may be attributed to the difference between search
behavior and language use behavior. That is, once a word is conventionalized and speakers
have certain familiarity with the word, there is no need for “dictionary look up” queries to
determine the meaning of the words. To the best of our knowledge, there is no way to differen-
tiate “word-meaning search” from “content search” but it is reasonable to assume that a drastic
drop of “word-meaning search” could contribute to the decay of frequency of the internet
usage data after it has reached its peak.

To test the robustness of our findings, in the future we could extract the most popular neol-
ogisms that eventually did not successfully enter the lexicon. By fitting these presumably less
successful neologisms with the epidemiology model, we can test whether this model can also
predict unsuccessful neologisms in spite of their high frequency of use. This result would com-
plement our current result and help us to explicate more completely the features contributing
to the life cycle of neologisms. Another issue for future research is the role of the linguistic fea-
tures of neologisms in determining its vitality. For instance, previous studies in English often
showed that word-length (in terms of the number of syllables) plays a role in the lifespan of a
neologism [15]. However, it is well-established that the majority of Chinese words (both in
terms of type and token) are either mono- or di-syllabic [52]. In addition, mono-syllabic
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words have higher token frequency, but bi-syllabic ones are ahead in type frequency [52, 53].
Other features, such as tonal motif or rime patterns [54] may also be explored.

Conclusion

In this paper, we adopted internet-based data from Google Trends for the temporally marked
popularity of neologisms in Chinese in order to model their propagation and life cycle. We
argued that the memetic model was not suitable for modeling the fast evolution of internet
neologisms and proposed, instead, to model the collected data by a host-driven epidemic
model. We found the SIR model, a host-driven dynamic computational model for epidemiol-
ogy, provided not only a good description of the life cycle of the neologism, but also a powerful
predictive ability to locate the inflection points. Our study provides a new method to obtain
statistical data for neologisms from an internet search engine, and proposes a classical mathe-
matical model used for epidemics to describe the life cycle of neologisms. This model indicates
that the propagation of words is similar to the propagation of diseases. Moreover, our results
also suggest that a host-driven dynamic model is well fitted to model cognitive behaviors for a
large population.

Previous research showed that language evolution data and modeling can be used to sup-
port models of genetic and biological evolution [44, 55, 56]. Our paper supports this line of
modeling as we have shown that the life cycle of neologisms fits well within an epidemic
model. Another new research approach has been recently proposed in [57] to correlate signifi-
cant typological variations of weather words to meteorological patterns. The basic hypothesis
is that the environmental impact, as measured by kinesis, would be reflected in the linguistic
system of weather expressions [58]. Future work may investigate if it is possible to model the
development of an epidemic by measuring the use of epidemic-related words, including not
only neologisms but also words that are conceptually related to the epidemic such as symp-
toms, methods for prevention, as well as treatment. This will be crucial in at least two contexts:
either at the early stage of an emergent epidemic when there is not enough clinical data (or
when the clinical data is not released for whatever reason). The second context has to do with
historical epidemics, such as in the history of China, where there is no clinical data. Since
China had many local gazetteers in different cities (1 /7 & didfanglzhid “local gazetteers”),
modeling the cycle of changes of symptomatic, preventative, or medicinal terms based on his-
torical data of local gazetteers over a period of time and from different places in the same
region, it may be possible to establish the model of the spread of major epidemics in a histori-
cal context. Either research direction can be enriched by correlational analysis with environ-
mental changes, such as major weather events, based on language data analysis [57].

Last, but not least, our study has shown that, with regard to the spread of novel ideas involv-
ing internet-based language mediated behaviors, an epidemic model is well suited to model
human behavior. We have mentioned above that the epidemic model is dependent on data
obtained as the result of the actions of hosts. Thus, the role of hosts, i.e., human beings, and
their complex interactions are included as potential variables. This is different from memetic
models which are based on the assumption that memes are selfish and hungry [21, 22] in the
sense that their only goal is to maximize their growth and life-span. Interestingly, the standard
epidemic model of modeling susceptible, infectious, and recovered persons in fact allows for
altruistic behavior and not just the natural drive for survival of the fittest. That is, by inclusion
of the “recovered” as a variable, it allows the society to collaborate in some way, and not just
act as the sum of competing individuals, as predicted by other models, such as the memetic
model. In this way, the epidemic model predicts the life cycle of neologisms with novel forms
and/or meaning because their growth and spread require collaborative efforts from the hosts
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as they are not near-facsimiles of existing words, and thus, cannot rely on frequency alone to
propagate. This interpretation crucially implies that language data provides potentially critical
empirical evidence for collective human behavior changes and should be explored as a fertile
ground for future research.

Supporting information

S1 File.
(PDF)

Author Contributions

Conceptualization: Menghan Jiang, Xiang Ying Shen, Chu-Ren Huang.
Data curation: Menghan Jiang, Xiang Ying Shen.

Formal analysis: Menghan Jiang, Xiang Ying Shen.

Funding acquisition: Chu-Ren Huang.

Investigation: Menghan Jiang, Xiang Ying Shen.

Methodology: Menghan Jiang, Xiang Ying Shen, Kathleen Ahrens, Chu-Ren Huang.
Software: Menghan Jiang, Xiang Ying Shen.

Supervision: Kathleen Ahrens, Chu-Ren Huang.

Validation: Kathleen Ahrens.

Visualization: Menghan Jiang, Xiang Ying Shen.

Writing - original draft: Menghan Jiang, Xiang Ying Shen.

Writing - review & editing: Menghan Jiang, Xiang Ying Shen, Kathleen Ahrens, Chu-Ren
Huang.

References
1. Ingleby C. Recent Neologisms. Nature. 1871; 4: 201. https://doi.org/10.1038/004201b0

2. Jing-Schmidt Z, Hsieh. Chinese neologisms. In: Huang CR, Jing Schmidt Z, and Meisterernst B, editors.
The Routledge Handbook of Chinese Applied Linguistics. Routledge; 2019. pp. 514-534.

3. LiuTJ, Hsieh SK, and Pr—vot L. Observing features of PTT neologisms: A corpus-driven study with n-
gram model. In: Yang HD., Hsu WL, and Chen CP, editors. Proceedings of The 25th Conference on
Computational Linguistics and Speech Processing. The Association for Computational Linguistics and
Chinese Language Processing; 2013. pp.250-259.

4. Sonnad N. How brand-new words are spreading across America. Quartz. 2015 July 30. Available from:
https://qz.com/465820/how-brand-new-words-are-spreading-across-america/

5. Brady WJ, Wills JA, Jost JT, Tucker JA, and Van Bavel JJ. Emotion shapes the diffusion of moralized
content in social networks. Proceedings of the National Academy of Sciences. 2017; 114: 7313-7318.
https://doi.org/10.1073/pnas.1618923114 PMID: 28652356

6. LiLX, Huang CR, and Wang VX. Variations and Human Behavior Changes: A Corpus assisted Investi-
gation of GAMBLING and GAMING in the Past Centuries. SAGE Open. 2020.

7. Nowak MA, Komarova NL, and Niyogi P. Computational and evolutionary aspects of language. Nature.
2002; 417:611-C617. https://doi.org/10.1038/nature00771 PMID: 12050656

8. Lieberman E, Michel JB, Jackson J, Tang T, and Nowak MA. Quantifying the evolutionary dynamics of
language. Nature. 2007; 449: 713—-C716. https://doi.org/10.1038/nature06137 PMID: 17928859

9. Seoane LF, and Sol— R. The morphospace of language networks. Sci. Rep. 2018; 8: 1-14. hitps://doi.
org/10.1038/s41598-018-28820-0 PMID: 29993008

PLOS ONE | https://doi.org/10.1371/journal.pone.0245984  February 3, 2021 15/17


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0245984.s001
https://doi.org/10.1038/004201b0
https://qz.com/465820/how-brand-new-words-are-spreading-across-america/
https://doi.org/10.1073/pnas.1618923114
http://www.ncbi.nlm.nih.gov/pubmed/28652356
https://doi.org/10.1038/nature00771
http://www.ncbi.nlm.nih.gov/pubmed/12050656
https://doi.org/10.1038/nature06137
http://www.ncbi.nlm.nih.gov/pubmed/17928859
https://doi.org/10.1038/s41598-018-28820-0
https://doi.org/10.1038/s41598-018-28820-0
http://www.ncbi.nlm.nih.gov/pubmed/29993008
https://doi.org/10.1371/journal.pone.0245984

PLOS ONE

Modeling the life cycle of neologisms in China 2008-2016

10.

11.

12

13.

14.

15.
16.

17.

18.

19.

20.

21,

22,
23.

24,

25.
26.

27.

28.

29.
30.
31.
32.
33.
34.
35.
36.
37.
38.

39.

40.

4.

Cook CP. Exploiting linguistic knowledge to infer properties of neologisms. Ph. D. Thesis, University of
Toronto. 2010.

Schmid HJ. New words in the mind: Concept-formation and entrenchment of neologisms. Anglia-Zeit-
schrift f—r englische Philologie. 2008; 126: 1-C36. https://doi.org/10.1515/angl.2008.002

Renouf A. A finer definition of neology in English: The life-cycle of a word. In: Hasselgard H, Ebeling J, and
Ebeling SO, editors. Corpus Perspectives on Patterns of Lexis. John Benjamins; 2013. pp.177-C207.

Kerremans D. A web of new words: a corpus-based study of the conventionalization process of English
neologism. English and American Studies in German. 2015; 1: 8-10. https://doi.org/10.1515/east-
2016-0007

Baayen RH, and Renouf A. Chronicling the Times: Productive lexical innovations in an English newspa-
per. J. Language. 1996; 72: 69-96. https://doi.org/10.2307/416794

Metcalf AA. Predicting New Words: The Secrets of their Success. Houghton Mifflin Harcourt; 2004.

Renouf A. Tracing lexical productivity and creativity in the British media. Lexical creativity, texts and
contexts. 2007; 58: 61-89. https://doi.org/10.1075/sfs|.58.12ren

Altmann EG, Pierrehumbert JB, and Motter AE. Niche as a determinant of word fate in online groups.
PLoS ONE. 2011; 6: €19009. https://doi.org/10.1371/journal.pone.0019009 PMID: 21589910

Altmann EG, Whichard ZL, and Motter AE. Identifying trends in word frequency dynamics. Journal of
Statistical Physics. 2013; 151: 277-288. https://doi.org/10.1007/s10955-013-0699-7

Pagel M. Human language as a culturally transmitted replicator. Nature Reviews Genetics. 2009; 10:
405—C415. https://doi.org/10.1038/nrg2560 PMID: 19421237

Blackmore S. Evolution and memes: The human brain as a selective imitation device. Cybernetics
&amp; Systems. 2001; 32: 225-255. https://doi.org/10.1080/019697201300001867

Blackmore S. Those dreaded memes: The advantage of memetics over “symbolic inheritance”. Behav-
ioral and Brain Sciences. 2007; 30: 365—366. https://doi.org/10.1017/S0140525X07002233

Dawkins R. The Selfish Gene. Oxford University Press; 1976.

Hull DL. The naked meme. In: Plotkin HC, editors. Learning, Development and Culture: Essays in Evo-
lutionary Epistemology. Wiley; 1982. pp.273-327.

Hull DL. Taking memetics seriously: Memetics will be what we make it. In: Aunger R, editor. Darwinizing
Culture: The Status of Memetics as a Science. Oxford University Press; 2000. pp. 43-67.

Dennett D. Consciousness explained. Little Brown and Co; 1991.

Heylighen F, and Chielens K. Cultural evolution and memetics. In: Meyers RA, editor. Encyclopedia of
Complexity and Systems Science. Springer; 2009. pp. 3205-3220.

Constantino S. Psychology: Moral contagion online. Nature Human Behaviour. 2017; 1: 1-1. https:/
doi.org/10.1038/s41562-017-0159

Hao MJAnnual language report. In: Hao MJ, editors. Yao Wen Jiao Zi Green Book of 2009. Shanghai
Fairview Articles Press; 2009. pp. 25-26.

Yao Wen Jiao Zi editorial office. Top ten neologisms of 2008. Yao Wen Jiao Zi. 2009; 2: 4-6.
Yao Wen Jiao Zi editorial office. Top ten neologisms of 2009. Yao Wen Jiao Zi. 2010; 2: 4-6.
Yao Wen Jiao Zi editorial office. Top ten neologisms of 2010. Yao Wen Jiao Zi. 2011; 2: 4-6.
Yao Wen Jiao Zi editorial office. Top ten neologisms of 2011. Yao Wen Jiao Zi. 2012; 2: 4-6.
Yao Wen Jiao Zi editorial office. Top ten neologisms of 2012. Yao Wen Jiao Zi. 2013; 2: 4-6.
Yao Wen Jiao Zi editorial office. Top ten neologisms of 2013. Yao Wen Jiao Zi. 2014; 2: 4-6.
Yao Wen Jiao Zi editorial office. Top ten neologisms of 2014. Yao Wen Jiao Zi. 2015; 2: 4-6.
Yao Wen Jiao Zi editorial office. Top ten neologisms of 2015. Yao Wen Jiao Zi. 2016; 2: 4-6.
Yao Wen Jiao Zi editorial office. Top ten neologisms of 2016. Yao Wen Jiao Zi. 2017; 2: 4-6.

Nunberg G. Humanities research with the Google Books corpus. Language Log. 2010 December 16.
Available from: https://web.archive.org/web/20160310035741/http://languagelog.ldc.upenn.edu/nll/?p=
2847 (2010).

Lin'Y, et al. Syntactic annotations for the google books ngram corpus. In: Association for Computational
Linguistics, 2012, editors. Proceedings of the ACL 2012 system demonstrations; 2012. pp. 169-C174.

Montemurro MA, and Zanette DH. Coherent oscillations in word-use data from 1700 to 2008. Palgrave
Communications. 2016; 2: 1-9. https://doi.org/10.1057/palcomms.2016.98

Twenge JM, VanLandingham H, and Keith Campbell W. The seven words you can never say on televi-
sion: Increases in the use of swear words in American books, 1950-2008. Sage Open. 2017; 7:
2158244017723689. https://doi.org/10.1177/2158244017723689

PLOS ONE | https://doi.org/10.1371/journal.pone.0245984  February 3, 2021 16/17


https://doi.org/10.1515/angl.2008.002
https://doi.org/10.1515/east-2016-0007
https://doi.org/10.1515/east-2016-0007
https://doi.org/10.2307/416794
https://doi.org/10.1075/sfsl.58.12ren
https://doi.org/10.1371/journal.pone.0019009
http://www.ncbi.nlm.nih.gov/pubmed/21589910
https://doi.org/10.1007/s10955-013-0699-7
https://doi.org/10.1038/nrg2560
http://www.ncbi.nlm.nih.gov/pubmed/19421237
https://doi.org/10.1080/019697201300001867
https://doi.org/10.1017/S0140525X07002233
https://doi.org/10.1038/s41562-017-0159
https://doi.org/10.1038/s41562-017-0159
https://web.archive.org/web/20160310035741/http://languagelog.ldc.upenn.edu/nll/?p=2847
https://web.archive.org/web/20160310035741/http://languagelog.ldc.upenn.edu/nll/?p=2847
https://doi.org/10.1057/palcomms.2016.98
https://doi.org/10.1177/2158244017723689
https://doi.org/10.1371/journal.pone.0245984

PLOS ONE

Modeling the life cycle of neologisms in China 2008-2016

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Bokanyi E, et al. Race, religion and the city: twitter word frequency patterns reveal dominant demo-
graphic dimensions in the United states. Palgrave Communications. 2016; 2: 1-9.

Thornton BF, and Burdette SC. The neodymium neologism. Nature chemistry. 2017; 9: 194. https://doi.
org/10.1038/nchem.2722 PMID: 28282053

Cavalli-Sforza LL, Piazza A, Menozzi P, and Mountain J. Reconstruction of human evolution: bringing
together genetic, archaeological, and linguistic data. Proceedings of the National Academy of Sciences.
1988; 85: 6002—-6006. https://doi.org/10.1073/pnas.85.16.6002 PMID: 3166138

Azumagakito T, Suzuki R, and Arita T. An integrated model of gene-culture coevolution of language
mediated by phenotypic plasticity. Sci. Rep. 2018; 8: 1—11. https://doi.org/10.1038/s41598-018-26233-
7 PMID: 29795297

Kermack WO, and McKendrick AG. A Contribution to the Mathematical Theory of Epidemics. Proceed-
ings of the Royal Society A. 1927; 115: 700-C721.

Freeman DL, and Cameron L. Research methodology on language development from a complex sys-
tems perspective. The modern language journal. 2008; 92: 200—-213. https://doi.org/10.1111/j.1540-
4781.2008.00714.x

Ellis NC, and Larsen-Freeman D. Language emergence: Implications for applied linguistics—Introduc-
tion to the special issue. Applied linguistics. 2006; 27: 558-589. https://doi.org/10.1093/applin/am|028

Fagyal Z, Swarup S, Escobar AM, Gasser L, and Lakkaraju K. Centers and peripheries: Network roles
in language change. Lingua. 2010; 120: 2061-2079. https://doi.org/10.1016/j.lingua.2010.02.001

Ogura, M, and Wang WSY. Snowball effect in lexical diffusion: the development of -s in the third person
singular present indicative in english. In D. Britton (Ed.), English historical linguistics 1994: papers from

the 8th International Conference on English Historical Linguistics, Edinburgh, 19—-C23 September 1994.
Amsterdam: John Benjamins.1996; 119-141.

Blythe RA, and Croft W. S-curves and the mechanism of propagation in language change. Language.
2012; 88: 269-304. https://doi.org/10.1353/lan.2012.0027

Huang CR, Chen CJ, and Shen CC. The nature of categorical ambiguity and its implications for lan-
guage processing: a corpus-based study of Mandarin Chinese In: Nakayama M. editor. Sentence Pro-
cessing in East Asian Languages. CSLI Publications; 2002. pp. 53—83.

Huang CR, and Chang RY. Categorical ambiguity and information content: A Corpus-based study of
Chinese. Journal of Chinese Language and Computing. 2004; 14: 157—165.

Hou R, and Huang CR. Robust stylometric analysis and author attribution based on tones and rimes.
Natural Language Engineering. 2020; 26: 49-71. https://doi.org/10.1017/S135132491900010X

Cavalli-Sforza LL, and Feldman MW. Cultural Transmission and Evolution: A Quantitative Approach.
Princeton University Press; 1981.

Christiansen MH, and Chater N. Towards an integrated science of language. Nature Human Behaviour.
2017; 1:1-3. https://doi.org/10.1038/s41562-017-0163

Huang, CR, Dong S, Yang Y, and He R. From Language to meteorology: Kinesis in weather events and
weather verbs across Sinitic languages. To appear in Humanities and Social Sciences Communica-
tions-Nature. 2021.

Dong, S, Huang CR, Yang Y, and He R. Directionality of Atmospheric Water in Chinese: A Lexical
Semantic Study Based on Linguistic Ontology. To appear in SAGE Open. 2021.

PLOS ONE | https://doi.org/10.1371/journal.pone.0245984  February 3, 2021 17/17


https://doi.org/10.1038/nchem.2722
https://doi.org/10.1038/nchem.2722
http://www.ncbi.nlm.nih.gov/pubmed/28282053
https://doi.org/10.1073/pnas.85.16.6002
http://www.ncbi.nlm.nih.gov/pubmed/3166138
https://doi.org/10.1038/s41598-018-26233-7
https://doi.org/10.1038/s41598-018-26233-7
http://www.ncbi.nlm.nih.gov/pubmed/29795297
https://doi.org/10.1111/j.1540-4781.2008.00714.x
https://doi.org/10.1111/j.1540-4781.2008.00714.x
https://doi.org/10.1093/applin/aml028
https://doi.org/10.1016/j.lingua.2010.02.001
https://doi.org/10.1353/lan.2012.0027
https://doi.org/10.1017/S135132491900010X
https://doi.org/10.1038/s41562-017-0163
https://doi.org/10.1371/journal.pone.0245984

