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Abstract

There is a large and growing literature on how authoritarian regimes use pro-
government propaganda to enhance their survival. However, there has been little
research on how regimes use propaganda to manipulate their citizen’s beliefs about
other regime types. In particular, do state media agencies in autocracies, such as
China, portray the politics of democratic countries as chaotic and corrupt to diminish
the perceived benefits of democracy to their citizens? To measure this propaganda
effect, I employ word embeddings to measure how similar sets of keywords are to
one another across country-publication level subcorpora. With this metric, I assess
whether there is a difference in how the politics of countries are portrayed using fixed
effects regression analysis. I find that the more democratic a country is, the more
China’s state media portrays its politics as chaotic and corrupt relative to a baseline
news publication.1

1Authors note: I would like to thank David Stasavage, Arthur Spirling, Victor Shih, Arturas Rozenas, and
Adam Przeworski for their valuable feedback and advice that contributed to and helped shape this paper.
Additional thanks to colleagues who provided feedback after my presentations at New York University and
the PolMeth 2020 and APSA 2020 conferences.
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Introduction

That authoritarian regimes use their control over state media to influence public opinion is a

well-studied phenomenon in the social scientific literature. But what types of information do

regimes attempt to control? What beliefs of their citizenry are most beneficial to manipulate?

In this paper, I present evidence that China leverages state news monopolies to portray the

politics of foreign liberal democracies as chaotic and ultimately undesirable compared to

those of autocracies. I perform this analysis using a measure of propaganda based on word

embeddings – numeric representations of words in which terms that are used in similar ways

have similar representations.

The literature thus far has been primarily focused on two particular use cases of pro-

paganda: pro-regime propaganda and strength signaling. With pro-regime propaganda, the

government attempts to persuade its citizens that it provides value for the citizenry and that

continued support for the regime is in the citizen’s best interest (Petrova, 2011; Gehlbach

and Sonin, 2014; Adena et al., 2015). Another tactic that autocracies use to maintain power

is strength signaling, or convincing citizens that replacing the government is costly. The

stronger a regime appears to be, the less willing citizens will be to challenge it (Huang,

2015b); therefore, the regime has an incentive to present itself as being resilient to external

challenges (Edmond, 2013).

However, there is some evidence that autocracies are employing an alternative propa-

ganda strategy: negative legitimation. Such a strategy involves an authoritarian regime

using its influence over media to portray alternative regimes as undesirable (Zhong, 1996;

Edel and Josua, 2018).2. Survey data indicate that such a strategy may be effective at

increasing support for authoritarian rulers (Huang, 2015a). There is qualitative data sug-

gesting that the Chinese government has actively employed such a strategy since the 1980s
2This strategy is analogous to candidates using negative campaign ads to target political opponents.

Page 2



(Zhong, 1996). Directive leaks from the former Soviet Union indicate that a similar strategy

may have been employed there as well (Curry, 1984). However, there remains no quantita-

tive evidence for the existence of such a strategy. One of the reasons for the lack of progress

in this area is a fundamental measurement challenge: identifying and quantifying the degree

to which propaganda strategies are being employed in text data.

In the political science literature, most measures of bias and propaganda either depend

on expert coders (see Adena et al. (2015); Rozenas and Stukal (2019)) or on references

to third-party sources like think-tanks (Chiang and Knight, 2011; Groseclose and Milyo,

2005); these approaches are insufficiently flexible or scalable to be applied to large media

datasets generated from a variety of cross-national sources. Moreover, they are not grounded

in natural language, which our theories tell us to be the medium by which information is

transmitted. To measure propaganda, I build on methods developed by scholars across

multiple disciplines that have applied word embeddings to analyze how concepts — such as

racial bias, gender, democracy, etc. — are framed in text data Yang and Roberts (2021);

Rodman (2020); Garg et al. (2018); Caliskan, Bryson and Narayanan (2017). Like these

scholars, I argue we can use word embeddings to measure biases present in text and compare

the strength of these biases across text corpora.

Using word embeddings, I produce a single continuous metric of the degree to which

a pair of dictionaries are used in similar contexts to one another for a given text corpus.

Compared to alternative methods for measuring propaganda, it is language-neutral, does

not rely on human coders, and can be used to make meaningful comparisons across text

databases. All that is required is the following: text generated by the propagandist and

a comparison corpus; a pair of dictionaries that represent a target object and attribute of

interest that one believes the propagandist to be purposefully associating with one another;

and a word embeddings algorithm, such as word2vec (Mikolov et al., 2013).
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To determine whether China’s state media are employing negative legitimation, I gather

over one million news articles from the primary source of international news coverage in

China, Xinhua news, and a comparison news publication, Taiwan’s Central News Agency

(CNA). With this data, I perform statistical analysis to determine whether China’s state

media portrays the politics of democratic countries as more chaotic or corrupt than those

of autocracies after controlling for potentially confounding variables. I find that the more

democratic a country is, the more Xinhua news describes the politics of that country as

chaotic and corrupt relative compared to how CNA describes those same countries. These

findings are robust to alternative measures of democracy, the removal of outliers, and different

operationalizations of the propaganda metric. Generally, the association between corruption

and politics is more robust to alternative model specifications and the use of a three-way

fixed effects regression model. These patterns are consistent with theories of propaganda

that have been described by Huang (2015a).

This paper makes three major contributions to the literature. First, this paper is the first

to provide empirical evidence for the existence of a negative legitimation used by Chinese

media against democratic institutions. Second, it contributes to the growing literature in

which word embeddings are applied to quantifying specific propaganda strategies. Finally, it

showcases a novel algorithm conclust and uses it to generate several new Chinese-language

sentiment and topical dictionaries.

In the remainder of this paper, I first describe my theoretical framework that ties defini-

tions of propaganda to measurement targets and describes why authoritarian regimes may

improve their likelihood of survival with negative legitmation. Second, I describe why there

is good reason to believe that Chinese media is describing the politics of democratic countries

as being chaotic and corrupt. Third, I will describe my measurement methods and empirical
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design. The fourth section reviews my results and evaluates their robustness across different

measurement methods and model specifications. Finally, I assess these findings in light of

the broader literature on this topic.

Theory

To what benefit is it for an authoritarian regime to change its citizens’ beliefs? Also, which

beliefs would a regime wish to manipulate with propaganda? I argue that a self-interested

authoritarian ruler has a strong incentive to promote beliefs among their citizens that en-

hance regime stability. One of the chief threats to regime stability is the emergence of a

popular revolution seeking to install an alternative regime type - typically liberal democracy

(Acemoglu and Robinson, 2006; Freeman and Quinn, 2012). Manipulating their citizens’

beliefs using propaganda and censorship is one means by which the regime can prevent rev-

olution.

From the citizen’s perspective, there are at least three relevant beliefs that inform their

decision to either remove the status quo regime or allow it to continue:3 1) the degree to

which they will derive future benefits from the current regime; 2) the benefits they expect

to receive in future periods should their country change regime types; 3) how costly they

believe it would be to transition to the alternative regime type.

These beliefs inform citizens’ willingness to either support the regime and help it maintain

the status quo or to demand political reform. Given that the regime wishes to maintain

power, it would prefer as many citizens as possible to believe that maintaining the status

quo regime is preferable to transitioning to some alternative regime type. In other words,
3This model is a variant of the classic Downsian voter model (Downs, 1957) with the addition of a

cost parameter, which represents any significant cost associated with transitioning from an autocratic to a
democratic regime, including the costs of repression, social stability, etc.
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the regime would prefer that its citizens hold the following belief:

Much of the extant literature on propaganda has focused on pro-regime propaganda, or

propaganda increases the perceived payoffs of the current regime (Carter and Carter, 2016;

White, Oates and Mcallister, 2005; Adena et al., 2015). Likewise, several studies have dis-

cussed how regimes use propaganda to make themselves appear costly to overthrow (Huang,

2015b; Little, 2017). However, negative legitimation, the use and effects of propaganda to

make alternative regime types appear less desirable is poorly understood.4 This is a signif-

icant gap in the literature because pro-regime propaganda may exhibit diminishing returns

to effort as citizens learn to mistrust state media’s coverage of the government (Chen and

Shi, 2001).

A negative legitimation strategy has several advantages compared to pro-regime propa-

ganda. First, beliefs about the payoffs associated with liberal democracy may be elastic

relative to those about the status quo regime, as most citizens of autocracies have little di-

rect experience with life under foreign governments. Second, authoritarian regimes typically

exert high degrees of control over their domestic media markets, making it fairly straight-

forward to coordinate on an anti-democratic message. Finally, the presence of firewalls and

censorship of foreign media makes it costly for individual citizens to challenge the prevailing

narrative on social media (King, Pan and Roberts, 2013,0).

China’s government is well-positioned to take advantage of a negative legitimation pro-

paganda strategy. In China, state-owned media outlets, such as Xinhua News, The People’s

Daily, or The Global Times, produce much of the news coverage of foreign affairs consumed

in China. While commercialized Chinese media sources also exist in China, their coverage
4There has been significant literature on the portrayal of political outgroups (see Yanagizawa-Drott (2014)

and Adena et al. (2015)). In contrast, my research question explicitly deals with the framing of alternative
regime types, which has been less closely examined in the literature.
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of foreign affairs broadly follows the narrative pattern of state media (Stockmann, 2010).

Moreover, Chinese citizens have limited access to foreign media sources, as their web ad-

dresses are blocked by China’s national internet censorship apparatus, commonly called the

“Great Firewall” (Stockmann, 2013). This control over their citizens’ information environ-

ment allows the regime to influence their citizen’s beliefs towards the efficacy of democratic

institutions by portraying democratic countries in a negative light.

Hypotheses

Given the influence authoritarian regimes have over their citizen’s information environment,

what beliefs might they attempt to instill in their citizens to reduce the perceived benefits

of democracy? The literature on persuasion tells us that not all associations in text are

equally effective at changing beliefs (Nelson and Oxley, 1999). I argue that one association

that may be particularly potent for Chinese media consumers would be portraying foreign

democracies’ politics as “chaotic”. First, there is a well-documented antipathy in mainland

China against social and political instability. Second, this fear of instability appears to

translate into support for the regime. Third, qualitative evidence suggests that Chinese

elites have used such a strategy to maintain their regime stability in the post-1989 era.

The limited polling and survey data of Chinese public opinion indicates that the Chinese

public, by and large, has a strong preference for social stability and fear of socio-political

disorder. In a poll of Beijing residents, Chen, Zhong and Hillard (1997) found that when

presented with a choice between living in an orderly society or a freer society that was more

prone to disorder, 93% of respondents chose the former. These findings are supported by

further polling performed by Chen (2004) and interviews performed by Zhong (1996). While

the cause of this interest in stability is unclear, several of the above authors have speculated
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that it could be the byproduct of both regime propaganda and Chinese historical experience

with multiple periods of social and political instability in the 20th century.5

Another reason why portraying democracy as chaotic may be a successful propaganda

strategy for the Chinese government is that concerns about political stability are associated

with support for the Chinese government. In their respective surveys of Chinese citizens,

Chen, Zhong and Hillard (1997) and Chen (2004) found that the greater the degree to

which a respondent expressed support for political stability, the greater their support for

the regime. Furthermore, it also appears that consuming information about foreign political

instability increases support for China’s government. Huang (2015a) found that Chinese

respondents who are more knowledgeable about political instability in foreign countries are

more inclined to believe that their country will be better off in the future, are more likely to

describe the government as responsive, to express trust in the government, and express faith

in the Chinese political system. This evidence indicates that portraying foreign democracies

as unstable may deliver political dividends for China’s regime.

There exists qualitative evidence that this exact strategy has used in China. In interviews

with Chinese officials and residents, Zhong (1996) found that since 1989 the Chinese gov-

ernment has engaged in a propaganda campaign of negative legitimation. This entails using

propaganda to elevate the perceived risk of the chief alternative to CCP rule: Western-style

liberalism and democracy. Additionally, in his interviews, he found that one of the methods

that the CCP does this is by portraying democracy and liberalism as a cause of political

disorder while citing instability in the post-Soviet states as examples. Finally, he finds that

this contrasts nicely with the Chinese government’s legitimation strategy: highlighting the

CCP as essential to the continuation of China’s political stability.

5Examples of social and political instability that have been survived by many living Chinese people
include the Cultural Revolution and the 1989 Tiananmen Square Massacre.
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In sum, a propaganda strategy that portrays foreign democracies as chaotic has the

advantage of targeting salient and strong beliefs among the Chinese people in a way that

is likely to increase support for the status quo. There is also qualitative evidence for the

existence of such a strategy. However, there has been no means by which the strategy’s

existence could be quantitatively verified.

Given this evidence, I expect to observe the following pattern in media produced by

Chinese state-run media:

H1: China’s state media will portray the politics of democratic countries as being more

chaotic than those of non-democracies relative to other media outlets without the same

political objectives

This media strategy would be to induce a belief among the Chinese public that democ-

ratization would lead to political chaos. This would reduce the future benefits of democracy

relative to the status quo perceived by the public and thus decrease their willingness to

overthrow the regime.

However, other rhetorical approaches could be used to dissuade citizens in authoritarian

regimes from holding positive views of democracy. For instance, autocracies could frame the

politics of democratic countries as being wasteful and corrupt.

H2: China’s state media will describe the politics of democratic countries as being more

corrupt than those of non-democracies relative to other media outlets

While there has been little academic research directly on whether authoritarian regimes

or China, specifically, influence media into portraying foreign democracies as corrupt, there
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seems to be no reason why the Chinese government would miss opportunities to do so. So

long as framing democracy as corrupt causes citizens to perceive democracy as less desirable

than the status quo regime type, then it is in the regime’s interest to use that rhetoric in

state media publications.

Methods

Measuring propaganda in text data has been a significant empirical challenge for communi-

cations and social science scholars. Previous attempts to measure bias in media have used

nominal measures of whether or not a media source produces propagandized content (Adena

et al., 2015), exploited references to external ideologically charged content, such as think

tanks (Groseclose and Milyo, 2005; Chiang and Knight, 2011), or applied crowdsourced con-

tent analysis of propagandized or censored text (Rozenas and Stukal, 2019). While these

approaches are perfectly valid in the contexts in which they are used, nominal measures of

propaganda can miss nuance, such as identifying what specific types of propaganda are being

used by a particular source. Additionally, approaches that utilize external sources are only

applicable where ideologically charged external references are included and therefore are not

applicable beyond a small set of use cases. Finally, while content analysis-based approaches

are an excellent gold standard by which other methods can be compared, they remain costly

to implement on large-scale corpora.

An ideal measure of propaganda should be consistent with existing theoretical under-

standings of the term. It should be grounded in natural language as consumers of propa-

gandized media understand it to the extent possible. Additionally, it should be sufficiently

flexible to allow researchers to determine the degree associations between concept pairs exist

in politicized messages. Finally, it should be allow for propaganda to be identified in text in

various national and linguistic contexts.

Page 10



Given these objectives, word embeddings are a valuable tool towards the end of measuring

propaganda. Word embeddings are a class of unsupervised machine learning models that

take as inputs ordered sequences of words as they appear in natural text and output numeric

vectors representing the high dimensional contexts in which words appear. Higher similarities

between these vectors indicate that words co-occur frequently in a given text, while lower

similarities indicate that co-occurrence is rare. The effectiveness of word embeddings at

identifying word associations have been demonstrated across multiple languages and types

of text data (Zhou et al., 2015).

The approach to measuring propaganda I describe in this section draws upon lines of

literature on word embeddings in the political, data, and cognitive science literatures. Recent

articles in political science have applied word embeddings towards measuring how politically

relevant concepts are associated in text (Rodman, 2020; Yang and Roberts, 2021). Yang

and Roberts (2021), in particular, uses word embeddings to measure differences in how

politically-charged concepts are associated with adjectives across the Chinese Baidu corpus

and Chinese-language Wikipedia; the authors interpret these differences as being driven by

propaganda. Additionally, researchers have used word embeddings to identify racial and

gender biases in large text corpora (Garg et al., 2018; Zhang et al., 2020). Finally, scientists

have used word embeddings to compare how language is used differently across text corpora

(Tan et al., 2015). This study builds on the methods used by these scholars, using word

embeddings to compare pairs of concepts across subcorpora to identify between-corpus biases

in media content.

In this section, I first summarize the theoretical literature on propaganda and media bias

and describe how it implies the existence of a quantitative measure of propaganda. Second,

I describe the procedure by which this measure is generated. Third, I discuss the data used
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to generate these propaganda measures and whether it satisfies the assumptions upon which

the measure for propaganda is based. Finally, I discuss an empirical strategy designed to

determine whether one of several propaganda effects is observable in the data.

Definitions

Ideally, a measure of propaganda should match existing conceptualizations in the communi-

cations and political science literature. In this section, I examine and synthesize literature on

propaganda apply it towards the construction of a common conceptualization of propaganda

that is theoretically grounded and measurable.

Prominent theorists on propaganda, Jowett and O’Donnell (2018), describe propaganda

as being “the deliberate, systematic attempt to shape perceptions, manipulate cognitions,

and direct behavior to achieve a response that furthers the desired intent of the propagandist.”

They elaborate further, describing how one of the key objectives of propaganda is to send

messages that change beliefs or “the association between an attribute with an object.” To

persuade their audience, propagandists use messages that contain linguistic associations that

echo the beliefs they wish their audience to adopt. These formulations are consistent with

other prominent researchers on this topic (Kenez, 1985; Walton, 1997).

I expand upon Jowett and O’Donnell’s description of beliefs using terminology grounded

in the political psychology and psychology literature. The terms attributes and target objects,

where the former is some characteristic described by the author of the message, and the

latter is an idea, entity, or event that is the subject of communication, are commonly used

in the cognitive science literature and have been used previously to describe biases present

in text data (Caliskan, Bryson and Narayanan, 2017). More formally, a message intended to

persuade its audience to adopt a particular belief can be said to have a combination of three

Page 12



elements: an attribute, i, a target object, j, and the presence of an association between the

two in the message itself, Cij.

One common thread to definitions of propaganda is that it is a deliberate manipulation

of information to manipulate beliefs (Kenez, 1985; Walton, 1997; Jowett and O’Donnell,

2018). As it pertains to propaganda in the media, this implies the potential existence of two

messages from a propagandist: C ′
ij and C∗

ij, where the former is the manipulated association

between a particular attribute and target object that is intended to bring about the desired

belief, and the latter is the counter-factual association that would have been generated

absent a desire to persuade. Were we to imagine that the associations between attributes

and objects were represented numerically, the difference in the association between C ′
ij and

C∗
ij would represent the change in the message that is brought about by the propagandist’s

willful action. I call this difference the propaganda effect: PEij = C ′
ij − C∗

ij. In other words,

for a given message, the propaganda effect is the deviation in the association between a

particular target object and attribute from the one that would exist absent any political

motivation to persuade the message consumer.

I should note a conceptual difference between what I describe as a propaganda effect

and the common use of the word “propaganda.” The former is commonly used to describe

messages intended to persuade. For instance, one might refer to a news article produced by

Xinhua or China’s Global Times as an example of propaganda. In contrast, the propaganda

effect is the difference in framing observed between a propagandized message and one pro-

duced without the intent to persuade. This term is not used to describe the message itself,

but instead the persuasive component of the message.

For example, suppose Chinese journalists are covering protests in Hong Kong. Also, let us

say that the director of China’s state-run media prefers that the Chinese public believe that
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democratic protests are violent. In an article covering these events, a journalist for a state-

run media agency might selectively describe acts of vandalism and aggression perpetrated

by protesters while omitting any description of violence initiated by police. In the aggregate,

this selective portrayal of events would show a stronger association between the protesters

and violence than most other media outlets covering the same events that lack the same

editorial policies. This differential in framing is what I call the propaganda effect.6

Concept Distance

Earlier, we defined our goal as estimating the difference in how China’s state media covers

autocracies relative to democracies and how a non-propagandized publication covered those

same entities; in other words, estimating the propaganda effect: PEij = C ′−C∗. Accordingly,

I need a numeric measure of how individual countries’ politics are covered differently across

a propagandized and control media outlet to test my hypotheses.

Figure 1 shows the procedure by which I produce a measure for the propaganda effect.

In part 1, sets of articles from the propagandized corpus, a′ , and the comparison corpus, a∗,

are assigned a country label. For part 2, skip-gram word embedding models are fit upon

each publication-country subcorpus of articles. The output is two vectors of word embedding

models – W′ and W∗ – each of which has an element for each country represented in the data.

Finally, the word embedding models and a set of target words and attribute words pairs, D,

are used to generate vectors of cosine similarity scores that represent the similarity between

the pairings of target words and attributes within each publication-country subcorpus.

6Establishing associations between specific target objects and attributes across a corpus of news content
could be achieved through the application of censorship, biased news content, or both.
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Figure 1: Concept Similarity Generation Procedure
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To obtain estimates of C′ and C∗ for democratic and non-democratic nations within both

the Xinhua and CNA corpora, it is necessary to divide the Xinhua and CNA corpora by

country. However, no news articles in these corpora contained country labels. I assigned

country labels to articles using a plurality rule: an article is labeled according to which

country was mentioned more than any other in the article’s text. For instance, if the United

States was mentioned three times in a given article while China was mentioned twice, the

article would be assigned a “USA” label. A dictionary of 201 country labels with both

Taiwanese and mainland name variants compiled from various sources was used to assign

these country labels to articles.7

Once country labels have been assigned to each article, I estimate skip-gram word em-

bedding models on each country-publication subcorpora. These models produce similarity

estimates between sets of keywords across countries with different regime types and publica-

tions. Each model is estimated with windows of size 10 and 300 word embedding dimensions

on the top 10 thousand features of the corpus.8 The skip-gram word embedding model
7This approach was found to identify the correct country approximately 61.5% of the time based on a

set of 200 articles that the author hand-coded. In cases where there were classification errors, they were
typically not egregious. For instance, while an article that was mainly about affairs of the United States but
included multiple references to relations with China might be misclassified as being about China, it would
still be true that the article contained information relevant to Chinese politics.

8These parameter choices were made to maximize model accuracy while minimizing training time based
on the analysis performed by Spirling and Rodriguez (2021).
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version used in this study is from the word2vec package implemented in Python 3.9

The procedure of fitting word embedding models on subcorpora naturally leads to ques-

tions about the quality of the fitted word embedding models. In particular, models fit

on small embeddings tend to be sensitive to the inclusion of individual documents, to the

ordering of articles in the training data, and to the random seed used by the word embed-

ding algorithm (Wendlandt, Kummerfeld and Mihalcea, 2018; Antoniak and Mimno, 2018;

Rodman, 2020). In the case of this study, embedding instability could likely contribute to

random measurement error, biasing coefficient estimates towards zero. However, Antoniak

and Mimno (2018) has found that by using their bootstrapping methodology, it is possible

to generate stable word similarity estimates using embedding models. I follow the procedure

that they and Rodman (2020) describe: first, I randomly sample articles with replacement

from each subcorpus; second, I fit a word embedding model on each article sample; third, I

create word similarity estimates for each bootstrap iteration. For my main analysis and each

model variation, I perform this procedure over 50 iterations, following the recommendations

of Rodman (2020).

A requirement for estimating a measure of propaganda is a set of dictionaries representing

target objects and attributes of interest. The target object will be “politics” and a placebo

“sports,” while the attributes will be “chaos” and “corruption.” No freely-available Chinese-

language dictionaries of these concepts exist, so I use seed words and a novel algorithm

conclust to generate them. The rationale of having robust dictionaries to represent concepts

is that they will represent the concept of interest with less error; i.e., while individual words

may deviate from the intended meaning in a given subcorpus, a dictionary of conceptually

related words should see less random measurement error. The sports target object was

chosen to be a placebo because there is no clear strategic rationale for China’s state media

to portray other countries’ sports as being more corrupt or chaotic than does Taiwan.
9The Chinese characters are all converted to simplified to ensure that the feature sets from the Taiwanese

corpus are comparable with those of the Xinhua corpus.
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The conclust algorithm bears similarities to methods employed by Rothe, Ebert and

Schütze (2016); Hamilton et al. (2016) to extract semantically similar sentiment dictionaries

from word embedding models. What differentiates conclust from Rothe and Hamilton’s

models is that instead of being designed to extract dictionary pairs that represent a latent

polarity in text, it identifies the maximally self-similar word set to the seed words provided by

the user. Unlike Rothe and Hamilton’s models, there is no requirement that the keywords be

adjectives or have any latent polarity dimension, allowing for the extraction of non-sentiment

dictionaries, such as terms associated with the word “politics”. In this application, conclust

takes sets of four seed words, and a skip-gram word embeddings model fit upon the full

Gigaword Xinhua and Central News Agency news corpora. It then outputs four dictionaries

that vary in length from 25 to 63 tokens.10

The skip-gram model used as an input for the conclust function was fit upon the Xinhua

news, Taiwan Central News Agency, and Agence France Press news corpora from the Fifth

edition Gigaword corpus.11 With the fitted word embedding model and seed terms, the

conclust algorithm identified 61 political terms, 63 sports terms, 25 corruption terms, and

40 chaos terms (see Tables 6 - 14 in Online Appendix 2). The minimum similarity threshold

used to identify these terms was fixed at 35%, meaning the model added new members to

the keyword set until no more words had at least an average of 35% similarity to the current

set of members. This threshold was chosen to ensure that the dictionaries were conceptually

homogeneous, as too low a threshold might include words beyond the target object’s scope.

The keywords associated with each attribute and target object pair are used to estimate
10A more detailed description of the algorithm and the keywords used to generate the dictionaries is

available in Online Appendix 1. The dictionaries themselves are available in Online Appendix 2. A brief
analysis of the dictionaries is included in Online Appendix 3. A future paper will further evaluate conclust’s
potential as a tool for extracting dictionaries and compare its performance with existing tools.

11The seed terms used to identify dictionaries using conclust and the fitted embedding model can be seen
in Online Appendix 2 Table 5 .
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a cosine similarity matrix, M, in which every element m is the cosine similarity score between

a word pair from attribute i and target object j. For example, for Xinhua’s coverage of the

United States, there will exist a cosine similarity matrix between the terms associated with

the concepts of Chaos and Politics, where a single element of that matrix represents the

cosine similarity between a particular Chaos and Politics keyword pair, such as upheaval (动

乱) and ruling party (执政党).

In the final stage, I aggregate the elements of each similarity matrix to identify a single

measure of the degree of similarity between a particular target object - attribute pair within

each country-publication, or C′ and C∗. I do so using two approaches: the mean of every

element in the matrix M and the average weighted by term frequency. The latter approach

has the advantage of implicitly controlling for term frequency. I use the weighted average

for my main analysis. The unweighted average is used as a robustness check to ensure that

the results are not contingent on this particular aggregation method.

I define Cij as the harmonic mean of two weighted average cosine similarity scores: m̄i

and m̄j. The first term, m̄i is weighted by the frequency of terms of the attribute, and

the second is weighted by the frequency of terms of the target object. The advantage this

measure offers over the unweighted mean across all elements m ∈ M is that the final result is

weighted by the frequency of terms of both the target object and the attribute; thus, the final

value will be weighted to reflect the similarity between term pairs that occur more frequently.

Consequently, the weighted average similarity score would better reflect the degree to which

these concepts are related from the perspective of a human reader of the text.

Cij =
√
m̄i × m̄j (1)

where
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m̄i =

∑n
k=1 wikmk∑n
k=1wik

(2)

The output of Equation 1, Cpcij, represents the aggregate cosine similarity between at-

tribute i and target object j for the coverage of publication p of country c. This represents

how strong an association exists for this pair of concepts in the text written about a country

by a given publication.

The cosine similarities between concept pairs for each country-publication are presented

in Figure 2. Each cell of Figure 2 contains pairwise scatter plots of country-publication level

cosine similarity scores between pairs of concepts, such as politics and chaos. The country

names are colored by their average polity score for the 1992-2010 period, and I have included

a linear regression line representing the best fit relationship between CNA and Xinhua’s

inter-concept similarities. Here we see that generally, there is large agreement between

Xinhua and CNA about how similar each concept pair is to one another on the country

level. This is more or less what we would expect since journalists, even in authoritarian

contexts, generally produce content grounded in real events. Notably, when we look at the

association between the politics and the chaos and corruption attributes, we see that Xinhua

is more inclined to associate these concepts with countries that have higher polity scores —

such as Denmark, Switzerland, and Belgium — and is relatively less inclined to associate

them with countries with lower Polity scores — such as Egypt and Sudan. While these

observations are consistent with my expectations, further statistical analysis is needed to

confirm the presence of significant relationships between these concept pairs.

There is a considerable limitation of using word embeddings to measure propaganda.

Mainly, it is well established in the literature on word embeddings that the quality of and

outputs derived from word embeddings are strongly influenced by the size of the corpus used
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Figure 2: Publication-level Association between Similarity Scores by Concept Pair

Afghanistan

Albania

Argentina

Australia

Austria

Belgium
Bangladesh

BulgariaBelarus

Brazil

Canada

Switzerland

Chile

China

Colombia
Cuba

Germany

Denmark

Algeria

Egypt

Spain
Finland

United Kingdom Georgia

Guinea

Greece

Guatemala
Haiti

Hungary

IndonesiaIndia

Ireland

Iran

IraqIsrael

Italy
Jordan

Japan

Kazakhstan
Kenya

Kyrgyzstan
Cambodia

South Korea

Kuwait

Laos

Lebanon

LibyaSri LankaMexico
Republic of Macedonia

Mali

Myanmar

Mongolia

Malaysia
Nigeria

Nicaragua

Netherlands NorwayNepal

New Zealand

Pakistan

Panama

Peru
Philippines

Poland

North Korea

Portugal

Paraguay

Qatar

Romania

Russia

Saudi Arabia

Sudan

Singapore

El Salvador

Somalia

Serbia

Sweden

SyriaThailand

East Timor

Turkey
Taiwan

Ukraine
Uruguay

United States

Venezuela

Vietnam

Yemen
South Africa

Afghanistan

Albania
Argentina

AustraliaAustria

Belgium Bangladesh

Bulgaria

Belarus

Brazil

Canada
Switzerland

Chile

China

Colombia
Cuba

Germany

Denmark

Algeria
Egypt

Spain Finland

United Kingdom

Georgia

Guinea

Greece

Guatemala

Haiti
Hungary

Indonesia
India

Ireland

Iran

Iraq
Israel

Italy Jordan

Japan

Kazakhstan
Kenya

Kyrgyzstan

Cambodia
South Korea

Kuwait

LebanonLibya

Sri Lanka

Mexico
Republic of Macedonia

Mali

Myanmar

Mongolia

Malaysia
Nigeria

Nicaragua

Netherlands

Norway

Nepal

New Zealand

Pakistan

Panama

Peru
Philippines

Poland

North Korea

Portugal

Paraguay

Qatar

Romania

Russia

Saudi Arabia

Sudan

Singapore

El Salvador

Somalia

Serbia

Sweden

SyriaThailand

East Timor

Turkey
Taiwan

Ukraine

Uruguay

United States

Venezuela

Vietnam

Yemen

South Africa

Afghanistan

Albania

Argentina

Australia
Austria

Belgium
Bangladesh

Bulgaria

Belarus

Brazil

Canada
Switzerland Chile

China

ColombiaCuba

Germany

Denmark

Algeria
Egypt

Spain

Finland

United Kingdom

Georgia

Guinea

Greece

Guatemala

Haiti

Hungary

IndonesiaIndia

Ireland

IranIraqIsrael

Italy

Jordan

Japan

Kazakhstan

Kenya

Kyrgyzstan

Cambodia
South Korea

Kuwait

Laos

Lebanon

Libya

Sri LankaMexico

Republic of Macedonia

Mali

Myanmar

Mongolia

Malaysia

Nigeria

Nicaragua

Netherlands Norway

Nepal

New Zealand

Pakistan

Panama

Peru

Philippines Poland
North Korea

Portugal

Paraguay

Qatar

Romania

Russia

Saudi Arabia

Sudan

Singapore

El Salvador

Somalia

Serbia
Sweden

Syria

Thailand

East Timor

Turkey
Taiwan Ukraine

Uruguay

United States

VenezuelaVietnam

South Africa

Afghanistan

Albania

Argentina

Australia

Austria

Belgium
BangladeshBulgaria

Belarus

Brazil

Canada
Switzerland

Chile

China

Colombia
Cuba

Germany

Denmark Algeria

Egypt
Spain

Finland

United Kingdom

Georgia

Guinea

Greece

Guatemala

HaitiHungary

Indonesia
India

Ireland

Iran
IraqIsrael

Italy

Jordan

Japan

KazakhstanKenya

Kyrgyzstan

Cambodia

South Korea

Kuwait

LebanonLibya

Sri Lanka

Mexico

Republic of Macedonia

Mali

Myanmar

Mongolia

Malaysia

Nigeria

Nicaragua

Netherlands Norway

Nepal

New Zealand

Pakistan

Panama

Peru
Philippines

Poland

North Korea

Portugal

Paraguay

Qatar

Romania

Russia

Saudi Arabia

SudanSingapore

El Salvador

Somalia

Serbia

Sweden

Syria

Thailand

East Timor

Turkey

Taiwan

Ukraine

Uruguay

United States

Venezuela
Vietnam

South Africa

Politics Sports

C
haos

C
orruption

25 50 75 25 50 75

25

50

75

25

50

75

Similarity (%) for CNA

S
im

ila
rit

y 
(%

) 
fo

r 
X

in
hu

a

−10

−5

0

5

10
Polity

Page 20



to train the word embeddings model (Roberts, 2016; Rodman, 2020; Zhou, Ethayarajh and

Jurafsky, 2021). To address this concern, in the subsequent empirical analysis, I directly

control for both the number of tokens and the number of articles used to fit the skip-gram

model for each country-publication observation. Additionally, as Rodman (2020) describes

this problem as being particularly acute for corpora with between 200 and 500 articles, I

exclude countries from my analysis for which either publication had produced fewer than

400 articles in the 1992-2010 time frame. As a robustness check, I also examine the effect of

changing this threshold.

Data

To measure the propaganda effect two sources of data are needed: messages produced by

a propagandized media outlet and by a baseline media agency, which are represented by

China’s Xinhua news and Taiwan’s Central News Agency, respectively. Xinhua and CNA’s

news content was gathered from the fifth edition of the Chinese Gigaword from Parker et al.

(2011). The archive included 772,000 and 690,000 international news articles from CNA and

Xinhua news, respectively, covering the period of 1992 through 2010. Despite existing under

different regime types, these two media agencies have several similarities, both superficial

and substantive.

Xinhua News is China’s largest state-owned media outlet with over 170 foreign bureaus

and 1900 journalists in its employ. It is responsible for producing or reprinting much of the

foreign news consumed in China, generating around 700 foreign news items daily (Battistella

and Reporters Without Borders, 2005). The magnitude of the content it generates, combined

with limits on competition from foreign sources imposed by China’s great firewall, ensures

that Chinese citizens, directly and indirectly, consume Xinhua’s publications. These facts

make Xinhua an attractive media agency to examine as a tool of negative legitimation, as
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no other source in China has the same capacity to influence Chinese public perceptions of

foreign countries.

Like Xinhua, Taiwan’s CNA generates much of the Chinese-language foreign news cov-

erage consumed by its domestic audience. While not directly managed by the Taiwanese

government,12 CNA also receives large subsidies and is legally considered Taiwan’s national

news agency. In addition to producing its own content, CNA partners with many other lead-

ing international news sources, such as Reuters, AP, and Agence France-Presse.13 Finally,

CNA’s content has been rated as being highly factual with a slight center-left bias by the

non-profit organization Media Bias Fact Check.14

Figure 3: International Text Volume Published by Publication
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For CNA to be an appropriate comparison media agency for Xinhua news, one would

expect that the two media agencies are broadly similar in how they cover foreign countries.

Figure 3 is a scatter plot of the logged number of tokens written about each country by
12In 1996, Taiwan’s government passed a law making CNA a non-profit corporation, placing it outside of

the Taiwanese government’s direct control.
13https://focustaiwan.tw/aboutus
14The same NGO rated Xinhua as having a mixed record of factual reporting due to a lack of linked

sourcing and prevalent pro-government propaganda.
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Xinhua and CNA. Coloration is determined by the average Polity IV score of each country

over the period of 1992-2010. We can see that the two publications make largely similar

editorial decisions as to which countries they cover. In fact, OLS analysis indicates that a

ten percent increase in CNA’s coverage of a country is associated with a 6.7% increase in

Xinhua’s coverage of the same country. Overall, these two corpora seem to share editorial

priorities, cover the same time period, and are largely similar in scale.

Empirical Strategy

With this new measure of propaganda estimated at the country-publication level, it is now

possible to compare how Xinhua frames democracies’ politics relative to CNA. Of course, a

simple difference in means hypothesis test may fail to control for many potentially confound-

ing variables at the country level and the corpus-size derived model-level error described in

the previous section. Therefore, I employ two-way fixed effects regression with controls for

potentially confounding variables:

Ycp = α + β1GcPp + β2Gc + β3Pp + βPpXcp + βXcp + γc + εcp (3)

The unit of analysis in Equation 3 is the country (c) publication (p).15 The parameter Ycp

represents the mean cosine similarity between concept pairs. This variable’s theoretical range

is [−100, 100], though we do not observe any negative cosine similarity scores in practice.16

The parameter Pp is a binary indicator variable for Xinhua news; Gc is the average Polity

IV score of country c between 1992 and 2010, the same time frame covered by the Xinhua
15A total of 90 countries satisfied the previously stated condition of having a minimum of 400 articles

present across both the Xinhua and CNA corpora.
16Negative cosine similarity values would imply that concepts are negatively correlated, i.e., that increased

frequency of words associated with a target object results in decreased frequency of an attribute, or vice
versa. While negative associations are theoretically possible, we do not observe this for any concept pair, as
the smallest observed similarity score between a pair of concepts for a given country is 9%.
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and CNA corpora (Marshall, Jaggers and Gurr, 2017). The term Xkcp refers to a battery of

control variables (see Online Appendix 4: Table 15 for summary statistics) including model-

level controls, such as the logged number of articles and counts of politics and chaos terms,

as well as country-level variables, such as population and GDP per capita obtained from the

International Monetary Fund’s World Economic Outlook Indicators (International Monetary

Fund, 2019). I also interact the controls with Pp to control for heterogeneous effects across

publications.1718 Country-level and publication-level fixed effects are represented by Pp and

γc.

The parameter of interest in Equation 3 is β1, as it represents the percent change in cosine

similarity between a concept pair one observes for every one unit change in a country’s polity

score for Xinhua’s news coverage relative to CNA’s. The similarity can be interpreted as the

degree to which an attribute is ascribed to the target object. Accordingly, β1 is a measure of

the propaganda effect, or the difference observed between a politicized association between

concepts and a non-politicized association. If China is engaging in a negative legitimation

strategy, I expect that the estimator β̂1 to be statistically significant and positive. This

would indicate that, relative to CNA, Xinhua describes the politics of democratic countries

as being more chaotic or corrupt the more democratic they are.

The parameter β2 represents how the association between the target object and attribute

varies according to regime type within CNA’s news coverage. Given the findings of Goldstone

et al. (2010) that full autocracies and full democracies tend to be the most stable regime

types while partial autocracies and democracies tend to see more instability, one would expect
17All control variables are set at the earliest available value within the 1992-2010 time frame. This was

done to minimize the risk of including bad controls, or variables that are causally linked to the treatment
variable, in my regression model (Angrist and Pischke, 2009)

18Additional controls included inflation, government revenue, government expenditures, debt, GDP
growth, country-level data on imports from China and Taiwan from the Correlates of War project (Bar-
bieri and Keshk, 2016), an indicator for diplomatic relations with Taiwan (Rich, 2009), as well as a measure
of the presence of armed conflict (Gleditsch et al., 2002), and the presence of a bilateral alliance (Gibler,
2009).
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that there would be either a modestly negative or even non-linear relationship between a

country’s polity score and the CNA’s use of the chaotic towards its politics.

One limitation of this empirical design is that unobserved fixed characteristics of countries

and how publications cover them may bias estimates of our coefficient of interest. I address

these concerns in a second line of analysis that incorporates a time dimension and time fixed

effects. However, it’s worth noting the use of word embeddings as a dependent variable poses

a constraint on the degree to which the data can be subdivided. As discussed earlier, word

embeddings fit on subcorpora smaller than 500 articles tend to see increases in measurement

error. To balance these two demands, I divide the CNA and Xinhua corpora by publication,

country, and decade. To ensure balance, this analysis only includes countries for which a

minimum of 400 articles were available in both the 1992-2000 and 2001-2010 decades for both

Xinhua and CNA. Of the 90 countries included in my cross-sectional analysis, 53 countries

have sufficient news coverage by CNA and Xinhua in the two-period analysis.19 Equation 4

shows the three-way fixed effects model:

Ycpt = α + β1GctPp + β2Gct + β3Pp + βPpXcpt + βXcpt + γc + ωt + εcpt (4)

Relative to Equation 3, the parameters are the same with a few significant changes. First,

the unit of analysis for this model is the country (c), publication (p), decade (t). Second,

all variables are aggregated at the decade level instead of across the full 1992-2010 period.

Additionally, I include decade-fixed effects (ωt) to control for events in the 90s and 2000s that

may have been covered differently across Xinhua and CNA. This analysis’s main parameter

of interest remains β1, which I expect to be statistically significant and positive.
19These two samples are notably different, as countries that are covered less frequently tend to be less

developed and therefore less politically stable than countries that are covered more frequently.
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Results

In this section, I first perform several tests of my main hypothesis over a variety of model

configurations. Next, I assess whether the main model’s findings are also present when

using placebo target object. Finally, I evaluate my hypotheses given a two-period regression

model. Generally, I find evidence consistent with both hypotheses 1 and 2 in the cross-

sectional model, but only for hypothesis 2 in the two-period analysis.

For Table 1, I regress my dependent variable – my measure of the cosine similarity between

Politics and Chaos dictionaries – on my main independent variable – the average Polity IV

score associated with a given country interacted with a publication dummy variable. The

variable Polity (CNA) represents the baseline relationship between regime type and the

Politics-Chaos association for CNA, while Polity (Xinhua) represents the change in cosine

similarity observed in Xinhua news relative to CNA.20 I include four model variations with

and without control variables and country fixed effects.

Across all four models, I find consistent evidence that Xinhua associates democracies’

politics as more chaotic than does CNA news. In Model 1, we see that for every one unit

increase in Polity IV, there is a corresponding 0.58% increase in the similarity between

Poltics and Chaos for Xinhua relative to CNA. This effect is significant at the 0.05 level.

The inclusion of controls decrease standard errors by approximately 19% in Model 2, resulting

in a coefficient estimate is statistically significant at the 0.01 level.

The inclusion of publication and country fixed effects strengthen this observed relation-

ship.21 In Model 4, we can see that a one point increase in Polity is associated with a 0.52%

increase in the similarity between the Politics and Chaos concepts in countries covered by
20The variable Polity (CNA) is dropped when fixed effects are included as they are highly collinear.
21The CNA Polity coefficient is dropped in Models 3 and 4, as the country-level effects are collinear with

the baseline Polity (CNA) association.
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Xinhua relative to CNA.22 This is remarkably similar to the effect observed in Model 2;

indicating that fixed effects are not confounding the observed relationship between concept

similarity and Polity. Overall, this evidence is consistent with my first hypothesis, that Xin-

hua preferentially associates the politics of democracies with chaotic language.

A reasonable concern one might have is to what degree these findings are they sub-

stantively meaningful. The Polity IV variable has a range of values of [−10, 10], with -10

indicating a totalitarian autocracy and 10 a full liberal democracy. Given the output of

Model 4, this would translate in to a 11% gap in the similarity between politics and chaos

terms between Xinhua and CNA. This would be roughly equivalent to moving a country

from the 50th percentile (45%) to the 75th percentile (58%).

Collectively, these findings indicate that Xinhua frames the politics of democracies as

being more chaotic than does CNA in both a relative and absolute sense. This pattern

is consistent with the hypothesis that China’s state media is using a negative legitimation

strategy: a news consumer who exclusively read Xinhua news would come away with an

impression that the politics of democratic countries is far more chaotic than would a reader

of CNA.

22I use the Model 4 specification as the base-line model in subsequent regressions, as it is the most robust
to omitted variable bias.
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Table 1: OLS with Politics-Chaos (%) Regressed on Regime-Type (Polity IV)

(1) (2) (3) (4)
Polity (CNA) −0.341 −0.249

(0.324) (0.221)
Polity (Xinhua) 0.575∗∗ 0.528∗∗∗ 0.575∗∗ 0.519∗∗∗

(0.235) (0.190) (0.234) (0.160)
Fixed effects No No Yes Yes
Controls No Yes No Yes
DV Mean 46.56 47 46.56 47
R2 0.11 0.89 0.34 0.92
N 180 164 180 164

Notes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01 White robust standard errors
clustered at the country level in parentheses.

Another relevant question is what countries are driving these effects. Is the discrepancy

in coverage being driven by a particular country, such as the United States, a region, such

as Europe, or is a systematic pattern across geographic and cultural blocs? Figure 4 shows

how the similarity between Politics-Chaos changes across regime type and publication after

controlling for potentially confounding variables. Fixed effects were not included to allow

for a clearer comparison of the differences between CNA and Xinhua’s coverage of countries

across regime types. As such, the fitted lines are analogous to Model 2 in Table 1.

Page 28



Figure 4: Association between Politics-Chaos and Polity Conditioned on Observables
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One clear takeaway from close examination of Figure 4 is that the overall differences

in concept associations observed between Xinhua and CNA cannot be attributed to any

single country or region. The politics of some authoritarian countries, such as Egypt, Syria,

Singapore, and Belarus are portrayed as far less chaotic by Xinhua than they are by CNA.

Conversely, Xinhua tends to portray some democracies as being more chaotic, including

Denmark, Paraguay, and Belgium.

One potential concern with these findings is whether these results an artifact of the meth-

ods used to measure propaganda. Another potential issue is that China’s state media covers

all affairs in democratic countries in a negative light, not just their politics. To address

both of these concerns and to test whether the hypothesized relationship between politics

and corruption exists, I estimated four separate OLS models in which the dependent vari-

ables were the similarity of four attribute-object pairs: Politics-Chaos, Politics-Corruption,

Page 29



Sports-Chaos, Sports-Corruption. Given hypotheses one and two, we would expect that the

Polity coefficient for Xinhua will be significant in the cases of Politics-Chaos and Politics-

Corruption. However, we have no theoretical reason to expect a similar relationship between

Polity and the object sports and the chaos and corruption attributes.

Table 2: OLS by Target Object-Attribute Pair

Pol-Chaos (1) Pol-Cor (2) Sport-Chaos (3) Sport-Cor (4)
Polity (Xinhua) 0.519∗∗∗ 0.908∗∗∗ 0.265 0.583∗∗

(0.160) (0.175) (0.243) (0.225)
Fixed effects Yes Yes Yes Yes
Controls Yes Yes Yes Yes
DV Mean 47 48.12 35.48 39.54
R2 0.92 0.93 0.89 0.84
N 164 163 163 162

Notes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01 White robust standard errors clustered at the country level in
parentheses.

Table 2 shows the marginal effect of Polity on Xinhua’s coverage relative to CNA’s over

the four separate attribute and object pairs. For each model the full set of control variables

and fixed effects used in Table 1 Model 4 were included.23 We can see that the relationship

between Politics-Corruption and Polity (Xinhua) is statistically significant (P < 0.01) and

positive, as anticipated by Hypothesis 2. Counter to expectations, we also see that Xinhua is

also significantly more likely than CNA to frame the sports of democratic countries as corrupt

than does CNA. However, there is no statistically significant difference between CNA and

Xinhua’s framing of sports and chaos.

Finally, I present the results of the three-way fixed-effects analysis, using the decade as

a temporal dimension. As was the case for the two-way model, I expect that Xinhua should
23For the full set of coefficient estimates, including control variables see Online Appendix 4: Table 16
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associated chaos and corruption with the politics of democracies to a greater degree than

CNA. Table 3 contains the results of this analysis.

Table 3: Three-way fixed effects OLS by Object-Attribute Pair

Pol-Chaos (1) Pol-Cor (2) Sport-Chaos (3) Sport-Cor (4)
Polity (CNA) −0.258 −0.606 −0.852 0.022

(0.325) (0.484) (0.621) (0.482)
Polity (Xinhua) 0.138 0.639∗∗∗ 0.275 0.463

(0.194) (0.215) (0.250) (0.355)
Fixed effects Yes Yes Yes Yes
Controls Yes Yes Yes Yes
DV Mean 48.72 48.87 37.13
R2 0.97 0.94 0.95 0.94
N 190 189 190 189

Notes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01 White robust standard errors clustered at the country level in
parentheses.

In contrast to our results from the publication-country level analysis, the three-way fixed-

effects model only identifies a significant difference between Xinhua and CNA for the Politics-

Corruption concept pair. In Model 2, we see that for every one unit increase in Polity that the

similarity between Politics and Corruption increases by 0.64% for Xinhua relative to CNA;

this effect is significant at a P < 0.01 level. Additionally, there is no longer a significant

relationship between Politics-Chaos and Sports-Corruption. Overall, these results provide

additional support for hypothesis 2, but raise questions about the robustness of existing

support for hypothesis 1.
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Robustness Checks

Before we examine the implications of these findings, it is first necessary to determine whether

they are robust to alternative empirical model specifications, parameterizations of the word

embedding model, and the exclusion of potentially poorly measured articles and countries. In

this section, I first examine whether alternative measures of democracy change the observed

effects. Second, I determine whether my findings are sensitive to changing the window-size

parameter used in the skip-gram models. Third, I evaluate the impact of excluding news

articles that may contribute to measurement error. Fourth, I try alternative sets of words

to represent the four concepts relevant to this analysis. Fifth, I test whether adding or

removing countries with low levels of news coverage changes the results in a meaningful way.

Next, I examine how using an alternative dependent variable specification and standard error

algorithm affects my findings.24 Finally, I benchmark my word embedding results against

dictionary-based analysis.

Alternative Specifications

Some researchers have expressed concern about Polity IV’s validity due to its ordinal design

and arbitrariness in how the overall score is aggregated from sub-components (Reich, 2002).

To address this concern, I re-estimate the OLS model from Table 1 with three alternatives to

Polity IV: Acemoglu and Robinson’s binary measure of democracy (Acemoglu et al., 2019),

and the Polyarchy and Libdem variables from the V-Dem project (Teorell et al., 2016).25 For

each regime-type metric, the scores of each country were averaged over the period covered,

1992-2010, as was done for Polity IV. Tables 17 and 18 in the online appendix present the

results of this analysis.
24Additional robustness checks run but not shown include dropping potentially influential countries, such

as China, Taiwan, and the United States, to determine whether they were driving the main results. These
alterations did not significantly change the direction or significance of any of my findings.

25Both of V-Dem’s measures range in value from [0, 1] where one would be a liberal democracy and zero
a full autocracy.
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Figure 5: Robustness Checks by Target Object-Attribute Pair
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For each regime type measure, I find that Xinhua portrays the politics of democratic

countries as more chaotic, and this effect is consistently significant at less than a 1% level.

Likewise, I find robust evidence with Xinhua portraying democracies as corrupt across all

parameterizations of democracy. These alterations did not significantly change any of my

findings’ direction or statistical significance.

Figure 5 shows the results of the remaining robustness checks. Each interval represents
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the 90% and 95% confidence intervals for the relationship between Polity and the respective

concept pair for Xinhua relative to CNA.26 The coefficient estimates for the baseline model

are shown using a gray dashed line, while the line representing the null hypothesis is repre-

sented with a solid gray line. The first set of checks — Figure 5 Part A — involve reevaluating

the skip-gram embedding models using window sizes of 5, 10, and 15 words. This entails

varying the number of words considered to be the “context” for any word. Larger windows

give weight to more distant words from the target word, while smaller windows only give

weight words that appear within a narrow distance. Were we to find that the association

between our objects and attributes was only present for larger windows, one could argue that

the association between these terms is incidental. However, we see no such trend when we

vary window size. The only relationship that meaningfully changes when we vary window

size is the association between Sports and Corruption, as it is no longer significant at a 95%

level. This tells us that the association between Politics, Corruption, and Chaos is present

whether we take a narrow or a broad definition of what words are considered the context of

a target word.

In Figure 5 Part B, I evaluate the performance of my model while varying the minimum

number article threshold from 300 to 600. In the baseline model, I use a threshold of 400, as

Rodman (2020) finds that word embedding models fit with fewer than 200-500 articles tend

to be of lower quality, so choosing a higher threshold reduces the likelihood of indecently

including a model that is prone to measurement error. However, increasing the threshold is

not cost-less: a high threshold may exclude subcorpora relevant to this analysis.

I find that increasing the minimum article number threshold does not meaningfully change

the Polity coefficient estimates for the Politics-Corruption concept pair. However, there is

a reduction in the magnitude of the coefficient for the remaining three concept pairs. Most
26This is analogous the coefficient estimates for Polity (Xinhua) in Table 4.
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notably, the coefficient estimate for Polity decreases to the point that it is only significant at

a 90% confidence level in the case where the minimum threshold is set to 600. This pattern of

declining coefficient estimates for the Politics-Chaos concept pair is potentially interesting.

One plausible explanation is that infrequently covered countries may be only of interest to

news consumers during periods of political unrest and instability. Accordingly, infrequently

covered democracies may provide valuable examples of political chaos that Xinhua dispro-

portionately covers.

Additionally, I evaluate a potential concern about my strategy for creating country sub-

corpora (see Figure 5 Part C). For the baseline model, I assign a country label to a news

article if that country’s name is mentioned more than any other in the text of that article;

I call this assignment protocol the “plurality rule”. One limitation of the plurality rule is a

non-trivial risk of false-positive labels, i.e., articles may be assigned a country label when

another might be more appropriate. Where this occurs, it can contribute to measurement

error. Using stricter assignment rules may reduce the likelihood of mislabeling articles. Of

course, there is a tradeoff: strict assignment rules may result in the exclusion of articles that

contain relevant information. Alternative algorithms for assigning articles to a given country

include a majority rule and a consensus rule. For the majority rule, for a country label to

be assigned to a given article, at least 50% country dictionary occurrences must be of that

country; for the consensus rule, a country label is only assigned to an article if that country’s

name is the only one that appears in the article text.

We can see that the majority rule results in coefficient estimates largely in line with those

of the plurality rule. While there is a decline in the magnitude of the association between

Politics and Corruption, the association remains statistically significant at a 95% confidence

level. However, the effects become statistically insignificant when we use the consensus rule.

This decline in significance is likely due to the loss of 55% percent of the original articles
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and 37 of the original 171 observations seen in the baseline model. We see that changing the

criteria used to assign country labels to articles is relevant to this article’s findings. However,

they are only relevant for the strictest rule, for which over 50% of the corpus is discarded.

Finally, one potential critique of the main analysis is that they are a byproduct of the

particular dictionary terms selected to represent the two objects and attributes of interest.

My main results were generated using dictionaries produced by the conclust algorithm, which

took as inputs a small selection of seed words and a word embeddings model fitted on the

full Xinhua and CNA news corpus. To determine whether my findings are dependent on

this particular dictionary, I examine how they vary when I use two alternative dictionaries:

the original seed terms and dictionaries obtained from Facebook’s fasttext word embeddings

model27.

In Figure 5 Part D, we can see that the results of the fasttext dictionary and the seed

dictionary are largely consistent with those of the baseline model. While we do see that

the fasttext shows a significant decrease in the coefficient estimates for the Politics-Chaos

concept pair, the overall effect of Polity (Xinhua) is still positive and significantly different

from zero at a 95% confidence level. When we look at the seed dictionary estimates, we see

that the coefficient estimates are largely identical to those of the baseline model. Notably,

the standard error estimates of the seed word model are larger than those observed in the

baseline model, though they remain statistically significant at the 0.05 level. It’s also worth

noting that the coefficient estimates for the Sports-Corruption concept pair, while similar

in magnitude to those of the baseline, have far larger standard error estimates resulting in

statistical significance even the 90% confidence level.

In addition to these robustness checks, I have also evaluated whether alternative standard
27This model was fit on the Chinese-language text from the Common Crawl corpus and Wikipedia (Bo-

janowski et al., 2017)
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error specifications and methods of measuring my dependent variable resulted in significant

changes to my results. I found that using robust standard errors results in estimates that are

29% smaller relative to the baseline model, though they tend to be larger when fixed effects

and control variables are not included in the model (see Online Appendix Table 19). In sum,

clustered standard errors in the models relevant to my analysis are more conservative than

robust standard errors.

Finally, recall that the dependent variable used in my baseline model is a measure of

similarity across terms between concepts that is weighted by term frequency. One potential

concern is whether this weighted concept similarity score is driving my main findings. In

Online Appendix 20, I rerun the models estimated in Table 1 using an alternative measure

of my dependent variable: the unweighted average of cosine similarity scores of terms across

concept pairs. While the coefficient estimates using this alternative measure of similarity

are more variable across model specifications, they do not differ from my main findings in

direction or significance. The relative lack of change seen across model specifications with

the weighted measure of similarity is suggestive that this aggregation approach may result

in more stable similarity estimates than the simple mean.

From these results, we can infer that main findings are not dependent on the particular

word embedding model used to identify dictionary terms, the corpus upon which the model

was fit, nor the conclust algorithm. Moreover, we can see that the coefficient estimates

between the seed dictionary model and the baseline model are largely the same while the

standard error estimates are larger. This suggests that the dictionaries produced by the

conclust algorithm are filling their intended role: reducing random measurement error caused

by the use of a small number of terms.
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Benchmark

It is customary for new measurement methods to be validated through comparisons with

existing better-understood methodologies (Quinn et al., 2010; Stewart, 2013; Ying, Mont-

gomery and Stewart, 2021). Identifying a benchmark with which to compare word embedding

analysis is a significant empirical challenge. One reason for this is that there are few other

methods available that allow researchers to identify latent associations between terms in the

text. However, one can assume that if there exists an association between a concept pair

in the text that this association should be reflected in changes of term frequency. In par-

ticular, we would expect that terms associated with Chaos and Corruption would be used

frequently in Xinhua’s coverage of democracies relative to CNA. Table 4 shows the results

of OLS regressions with the logged frequency of dictionary terms as the dependent variable

and Polity (Xinhua) as the independent variable.

Table 4: Differential in Logged Dictionary Term Frequency across Publications by Regime
Type

Politics (1) Sports (2) Chaos (3) Corruption (4)
Polity (Xinhua) −0.012 0.006 0.017 0.040∗∗

(0.014) (0.022) (0.013) (0.019)
Fixed effects Yes Yes Yes Yes
Controls Yes Yes Yes Yes
DV Mean 7.43 6.49 4.31 4.31
R2 0.88 0.76 0.87 0.75
N 164 164 164 164

Notes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01 White robust standard errors clustered at
the country level in parentheses.

In Table 4 Model 1, we can see that corruption terms are more frequently used to describe

democracies by Xinhua and that this difference is statistically significant at the 0.05 level.

However, while the coefficient associated with the chaos dictionary is positive, it is not
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statistically significant at any level. Moreover, we see no difference between CNA and Xinhua

in the degree to which they associate politics and sports terms with democracies. Overall,

Xinhua’s association of corruption terms with democracy is consistent with the larger effect

size associated with corruption in my main findings. The null effect associated with the chaos

dictionary is counter to expectations but not inexplicable. The limitation of the dictionary

approach is that non-political articles are included in this analysis. This can contribute to

random measurement error, which is known to bias regression coefficient estimates towards

zero. If that were the case, then we would only observe relationships that are strong enough

to be detected given the measurement error. Given that the effects observed for the Politics-

Corruption concept dyad were the largest in the baseline model, then one would expect that

they would also be the easiest to detect given a noisier measurement strategy.

Overall, changing model parameters, dictionaries, and other facets of my analysis gener-

ally paints a consistent picture with those presented in my baseline model. There appears to

be consistently robust evidence that the authoritarian media outlet, Xinhua news, portrays

democratic politics as more corrupt than CNA, as was anticipated. This finding persisted at

a minimum of a 95% significance level across virtually all model specifications and robustness

checks. I also find some evidence that Xinhua tends to portray democracies as chaotic; this

pattern was evident across the vast majority of model specifications and robustness checks.

However, when analyzed over two time periods, I find that there is little difference between

how Xinhua and CNA associate the politics of democracies with chaos terms. One potential

explanation for this change is that countries with less coverage, which are dropped in the

two-period model, tend to experience more chaotic events, which are highlighted by Xinhua

in their coverage. This conclusion is supported by the robustness checks shown in Figure

4 Part B, where we see that limiting the analysis to only countries with a minimum of 600

articles results in a reduction in the degree to which Xinhua portrays the politics of democ-

racies as chaotic relative to CNA. One interesting revelation is that coefficient estimate for
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Polity given the Sports and Corruption concept pair is not particularly robust to alternative

model specifications.

Conclusion

In sum, I find strong evidence consistent with the argument that China’s state media tends

to portray the politics of liberal democracies as being corrupt. Moreover, there is some

evidence that China’s state media portrays democracy as chaotic; however, this effect appears

to be driven by countries that are covered infrequently, and the support for this finding is

less robust. These findings have significant substantive, theoretical, and methodological

implications.

First, the discovery that Xinhua portrays democratic countries as more chaotic may

help explain a paradox of Chinese public opinion described by Wang (2007): while Chinese

citizens broadly believe democracy to be good and suitable for Chinese society – 96% in a

2002 East Asia Barometer survey – a sizable proportion of the population (45%) expressed

concerns that expanding democracy would decrease social stability and 65% of respondents

were worried that allowing too many political parties to compete would lead to chaos. While

this study cannot causally link the framing strategies used by Chinese media to particular

beliefs of held by its consumers in China, this is an enticing avenue of exploration for future

researchers.

Second, this study has significant implications for our understanding of how propaganda

functions in authoritarian countries. This new evidence for negative legitimation is consistent

with the propaganda strategy described by Zhong (1996) and with the role that bench-

marking plays in belief formation as described by Huang (2015a). However, it is notable

that a similar negative portrayal of foreign countries does not appear to be employed by
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China’s online army of social media influencers (King, Pan and Roberts, 2017). Further

study is needed to determine under what conditions this strategy is employed. Moreover, it

remains to be seen whether the use of a negative legitimation strategy is limited to China

or is broadly practiced by other authoritarian countries.

Finally, the procedure used by this paper to measure propaganda may have a wide va-

riety of applications beyond the limited study of propaganda in Chinese media. Using the

approach pioneered by researchers like Rodman (2020) and expanded upon in this paper, it

is possible to examine to what degree political actors are using specific rhetorical strategies.

All that is required are dictionaries for the target object and attributes, politicized text, and

a control corpus. Moreover, the algorithm conclust makes the generation of requisite dictio-

naries possible with only a small number of seed words. Cumulatively, this approach opens

up the possibility of testing a new array of hypotheses in the field of political communication.

In the beginning, I asked a question: does Chinese media portray democracies as chaotic

and corrupt? Analysis of Xinhua’s coverage of democracies appears to answer in the af-

firmative. This finding offers a potential explanation for why a significant percentage of

Chinese survey respondents have described democracy as unstable (Wang, 2007). However,

more experimental research is needed before we can conclude that describing democracy as

chaotic and corrupt influences public opinion and enhances stability in autocracies.
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1 Appendix 1: conclust

Concept Measurement

Before identifying the existence of an association between a particular attribute and target

object in text, it is first necessary to identify a measure of both concepts. One intuitive

approach would be to use a dictionary of interrelated words that collectively represent the

meaning associated with the target object. Accordingly, Chinese-language dictionaries for

the core concepts relevant to our hypotheses, such as politics and corruption, are needed.

While there are no such dictionaries freely available, multiple methods exist for identifying

keywords in the extant literature. However, some of these approaches - such as topic models

- give limited control to the researcher over what “topics” or keyword clusters are produced

(Yang et al., 2016). Others based on deterministic algorithms, such as those that use tf-idf

weights, fail to consider the context in which words are used (Lee and Kim, 2008). I propose

a new algorithm, conclust, to address this gap.

The conclust function takes a fitted word embeddings model28 and a set of seed words

as inputs and estimates a similarity matrix between each pair of words in the corpus. Next,

the model identifies the word most similar to the existing seed words. In each subsequent

step, the next most similar word to the current set of words is added to the group. The

algorithm ends once either a maximum dictionary size has been reached or no word exists in

the corpus that has an average cosine similarity score to the current group members greater

than a user-chosen similarity threshold. The intuition behind this function is that at each

stage, it adds new members to the dictionary that are most similar to the current set of

members until a user-determined co-similarity or dictionary-size threshold is satisfied.

28The specific model used in this project is the Skip-gram word embeddings model as implemented in
Python’s Gensim package (Rehurek and Sojka, 2010). In a Skip-gram model, a feed-forward neural network
maximizes the probability of other words for each given word in the corpus.
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Algorithm 1: conclust
Input: Seed words: S; Distance matrix: M ; Size threshold: n;
Similarity threshold: t
Result: Keyword set: K
K = S;
while |K| ≥ n do

m̄ = ∀m ∈ M max(sim(K,m));
if mean(sim(K, m̄)) ≥ t then

K = K ∪ m̄;
else

break;
end

end
Four concepts of interest were targeted using the conclust function: politics, sports,

chaos, and corruption. The former two are considered to be target objects, as they represent

concepts that can and do frequently appear in the news. The latter two are attributes that

target objects may possess to some degree. Politics, chaos, and corruption were selected to

evaluate hypotheses 1 and 2. In contrast, sports was selected as a placebo.29

The seed words that were used to identify each concept are listed below (see Table 5).

The main criteria used to select terms was that each seed word should be an example of

the key concept as it would be used in human language. For instance, articles that have

political topics frequently describe actors such as presidents (总统) and prime ministers

(总理). Likewise, examples of sports - such as soccer, basketball, and baseball - were used

to identify other words used in similar contexts. To identify chaos and corruption, I used

adjectives with similar definitions to one another.

29Sports was chosen as a placebo, because it is not clear how citizens would associate sports performance
with the quality of a country’s political system; therefore, an authoritarian regime would benefit little for
portraying the sports of democracies as being excessively corrupt or chaotic.
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Table 5: Seed words

Seed word English definition Concept
1 民主 Democracy Politics
2 选举 Election Politics
3 宪法 Constitution Politics
4 总统 President Politics
5 总理 Prime Minister Politics
6 混乱 Chaos Chaos
7 乱象 Chaotic situation Chaos
8 不安 Unsettled Chaos
9 争论 Argue Chaos

10 腐败 Corruption Corruption
11 贪腐 Corruption Corruption
12 受贿 Accept bribe Corruption
13 行贿 To bribe Corruption
14 足球 Soccer Sports
15 篮球 Basketball Sports
16 棒球 Baseball Sports
17 游泳 Swimming Sports

The skip-gram model used as an input for the conclust function was fit upon the 10

thousand most frequently occurring terms in the Xinhua news, Taiwan Central News Agency,

and Agence France Press news corpora from the Fifth edition gigaword corpus. The model

estimated the probability of observing each term within a 10-word window of each target

term. This model generated a 300×10000 word embedding matrix with 300 word embedding

dimensions and 10,000 columns representing each unique term used to fit the model.

From the word embedding matrix and seed terms, the conclust algorithm identified 61

political terms, 63 sports terms, 25 corruption terms, and 40 chaos terms (see Tables 6 - 14

in Online Appendix 2). The minimum similarity threshold used to identify these terms was

fixed at 35%, meaning the model added new members to the keyword set until no more words

had at least an average of 35% similarity to the current set of members. This threshold was

chosen to ensure that the dictionaries were conceptually homogeneous, as too low a threshold

might include words that are beyond the scope of the target object.
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Based on examination of the English-language definitions of terms and some basic prin-

cipal component analysis, the terms identified by conclust appear to be consistent with

the target objects. The political concept included terms, like election (选举), ruling party

(执政党), and the names of several political parties, which is consistent with expectations.

The sports concept included volleyball (排球), gymnastics (体操), and many other examples,

while the output for chaos and corruption were virtually all either synonymous or directly

related to the original seed words. In fact, there appear to be few if any words identified by

the algorithm that were not in some way related to the target object. Further examination

of the quality of these dictionaries is available in Online Appendix 2.

In sum, I used the conclust function to identify four sets of keywords that are intended to

represent the target objects of politics and sports and the attributes of chaos and corruption.

The terms identified appear to be closely related in meaning and behave how one would

expect when examined using principal component analysis. This evidence is consistent with

these keywords being reasonable approximations of the target objects and attributes.
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Appendix 2: Chinese Dictionaries

Concept Cluster Algorithm

Table 6: Keywords generated by conclust for Politics (1-25)

Term Definition Similarity (%)

1 执政党 ruling party, the party in power 54.37

2 政党 political party 51.05

3 在野党 opposition party 49.62

4 反对党 opposition (political) party 49.24

5 该党 the party 48.78

6 两党 two party 48.34

7 在野 to be out of (political) office, to be out of power 46.85

8 民主党 Democratic Party 46.47

9 联合政府 coalition government 46.18

10 各政党 each ruling party 46.03

11 各党 each party 45.95

12 社会党 socialist party 45.66

13 三党 three parties 45.47

14 党内 within the party (esp. Chinese communist party) 45.12

15 人民党 People’s party (of various countries) 44.80

16 社民党 Social Democratic party 44.75

17 大选 general election 44.20

18 选举 to elect, election 43.86

19 党派 political party, faction 43.74

20 阵营 group of people, camp, faction, sides in a dispute 43.54

21 民进党 Democratic Progressive Party (Taiwan) 43.28

22 国民党 Guomindang or Kuomintang (KMT) Nationalist Party

(Taiwan)

43.00

23 自由党 Liberal Party 42.83

24 执政 to hold power, in office 42.30

25 自民党 Liberal Democratic Party (Japanese political party) 42.15 Page A-5



Table 7: Keywords generated by conclust for Politics (26-50)

Term Definition Similarity (%)

26 新党 New Party (Republic of China) 41.69

27 社会民主党 Social Democratic Party 41.68

28 各党派 each party, faction 41.62

29 泛蓝 pan-blue 41.55

30 国会 Parliament (UK) Congress (US) Diet (Japan) 41.13

31 国大党 Indian Congress party 41.06

32 联盟党 Lega Nord (Italian political party) 40.81

33 组阁 to form a cabinet 40.81

34 自由民主党 Liberal Democratic Party 40.28

35 右派 (political) right, right-wing, rightist 40.14

36 保守党 conservative political parties 40.07

37 派系 sect faction 40.06

38 新政府 new government 39.75

39 工党 worker’s party, labor party 39.58

40 国亲 coalition between the Taiwanese Guomindang and Peo-

ple’s First Party

39.40

41 选后 post-election 39.37

42 反对派 opposition faction 39.07

43 总统大选 presidential election 38.90

44 选前 pre-election 38.50

45 胜选 to win an election 37.66

46 朝野 all levels of society, the imperial court and the ordinary

people

37.63

47 议会选举 parliamentary or legislative election 37.61

48 选民 voter, constituency, electorate 37.48

49 修宪 to amend the constitution 37.03

50 内阁 (government) cabinet 36.82
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Table 8: Keywords generated by conclust for Politics (51-61)

Term Definition Similarity (%)

51 共和党 Republican Party 36.80

52 泛绿 pan-green 36.76

53 亲民党 People First Party (Taiwan) 36.65

54 非国大 African National Congress (South Africa) 36.51

55 候选人 candidate 36.34

56 左派 (political) left, left-wing, leftist 36.32

57 党魁 faction leader, head of political party 36.29

58 宪法 constitution (of a country) 32.97

59 民主 democracy 32.01

60 总统 president (of a country) 31.80

61 总理 premier, prime minister 28.28

Notes: Similarity (%) is the average cosine similarity of a term to other terms in the same dictionary. English

definitions were obtained from the MDBG Chinese to English dictionary.
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Table 9: Keywords generated by conclust for Sports (1-25)

Term Definition Similarity (%)

1 排球 volleyball 47.68

2 射箭 archery, to shoot an arrow 46.32

3 篮球 basketball 46.02

4 跆拳道 taekwondo (Korean martial art) 45.97

5 体操 gymnastic, gymnastics 45.37

6 羽毛球 shuttlecock, badminton 45.12

7 手球 team handball 44.89

8 曲棍球 field hockey 44.34

9 桌球 table tennis, table tennis ball (Tw), billiards, pool,

snooker (HK, Singapore, Malaysia)

44.32

10 垒球 softball 44.32

11 棒球 baseball 44.14

12 乒乓球 table tennis, ping-pong table, tennis ball 43.83

13 举重 to lift weights, weight-lifting (sports) 43.54

14 击剑 fencing (sport) 43.50

15 足球 soccer ball, a football, soccer, football 42.94

16 羽球 badminton 42.86

17 柔道 judo 42.84

18 保龄球 ten-pin bowling (loanword), bowling ball 42.81

19 选手 athlete, contestant 42.72

20 田径 track and field (athletics) 42.67

21 拳击 boxing 42.06

22 橄榄球 football played with oval-shaped ball (rugby, American

football, Australian rules etc)

41.80

23 竞技 competition of skill (e.g. sports), athletics, tournament 41.79

24 网球 tennis, tennis ball 41.71

25 撞球 billiards, billiards ball, pool (game) 41.34
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Table 10: Keywords generated by conclust for Sports (26-50)

Term Definition Similarity (%)

26 赛艇 boat race, racing ship or boat, rowing (sport) 41.07

27 国手 (sports) member of the national team, national repre-

sentative (medicine, chess etc)

40.82

28 女足 women’s soccer 40.72

29 中华队 Chinese team 40.66

30 比赛 competition (sports etc), match, to compete 40.66

31 中国队 China’s team 40.64

32 运动员 athlete 40.38

33 女队 women’s team 40.21

34 男队 men’s team 40.07

35 女排 women’s volleyball abbr. for 女子排球 39.96

36 国家队 the national team 39.73

37 球队 sports team (basketball, soccer, football etc) 39.60

38 游泳 swimming, to swim 39.57

39 冰球 ice hockey, puck 39.43

40 体育 sports, physical education 39.40

41 教练 instructor, sports coach, trainer 39.29

42 代表队 delegation 39.28

43 体育运动 sports, physical culture 39.22

44 女篮 women’s basketball 39.20

45 摔跤 to trip and fall, to wrestle wrestling (sports) 38.29

46 女选手 female player 37.57

47 赛事 competition (e.g. sporting) 37.49

48 皮划艇 canoe, kayak 37.49

49 桥牌 contract bridge (card game) 37.44

50 球员 sports club member: footballer, golfer etc 36.88
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Table 11: Keywords generated by conclust for Sports (51-63)

Term Definition Similarity (%)

51 围棋 the game of Go 36.84

52 国际象棋 chess 36.73

53 男篮 men’s basketball, men’s basketball team 36.67

54 参赛 to compete, to take part in a competition 36.66

55 武术 military skill or technique (in former times), all kinds

of martial art sports (some claiming spiritual develop-

ment)

36.52

56 团体赛 team competition 36.35

57 参赛选手 contestant 36.09

58 象棋 Chinese chess 35.93

59 体坛 sporting circles the world of sport 35.83

60 跳水 to dive (into water) (sports), diving, to commit suicide

by jumping into water (fig.), (of stock prices etc) to fall

dramatically

35.64

61 花样滑冰 figure skating 35.52

62 足球运动 soccer 35.27

63 速滑 speed skating 34.84

Notes: Similarity (%) is the average cosine similarity of a term to other terms in the same dictionary. English

definitions were obtained from the MDBG Chinese to English dictionary.
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Table 12: Keywords generated by conclust for Corruption (1-25)

Term Definition Similarity (%)

1 受贿 to accept a bribe 51.24

2 贪渎 (of an official) corrupt and negligent of his duty 50.18

3 行贿 to bribe, to give bribes 49.25

4 贪污 to be corrupt, corruption, to embezzle 48.23

5 违法 illegal, to break the law 47.43

6 贿赂 to bribe, a bribe 45.93

7 不法 lawless, illegal, unlawful 45.14

8 挪用 to shift (funds) to (legitimately), to embezzle, to mis-

appropriate

45.13

9 收受 to receive, to accept 42.86

10 图利 to seek one’s benefit 42.27

11 公款 public money 41.48

12 涉案 (of a perpetrator, victim, weapon, sum of money etc)

to be involved in the case

40.75

13 违纪 lack of discipline, to break a rule, to violate discipline,

to breach a principle

40.14

14 舞弊 to engage in fraud 40.14

15 失职 to lose one’s job, unemployment, dereliction of duty 40.10

16 违法行为 illegal behavior 39.85

17 腐败 corruption, to corrupt, to rot, rotten 39.66

18 涉嫌 to be a suspect (in a crime), to be suspected of 39.30

19 诈欺 fraud, deception 39.17

20 勾结 to collude with, to collaborate with, to gang up with 39.16

21 查办 to investigate and handle (a criminal case) 38.94

22 违规 to violate (rules), irregular, illegal, corrupt 38.67

23 弊案 scandal 37.71

24 侵占 to invade and occupy (territory) 37.44

25 贪腐 corruption 36.73

Notes: Similarity (%) is the average cosine similarity of a term to other terms in the same dictionary. English

definitions were obtained from the MDBG Chinese to English dictionary. Page A-11



Table 13: Keywords generated by conclust for Chaos (1-25)

Term Definition Similarity (%)

1 衝突 conflict 55.28

2 纷争 to dispute 54.82

3 冲突 conflict, to conflict, clash of opposing forces, collision

(of interests), contention

54.76

4 动乱 turmoil, upheaval, unrest 53.74

5 流血冲突 bloody conflict 53.50

6 政治危机 political crisis 49.54

7 武装冲突 armed conflict 49.24

8 争执 to dispute, to disagree, to argue opinionatedly, to wran-

gle

48.86

9 暴乱 riot, rebellion, revolt 48.49

10 危机 crisis 46.96

11 内战 civil war 45.58

12 紧张局势 tense situation 45.32

13 争端 dispute, controversy, conflict 45.25

14 战事 war, hostilities, fighting 44.52

15 动荡 variant of 動蕩 |动荡 [dong4 dang4] 43.57

16 动荡 unrest (social or political), turmoil, upheaval, commo-

tion

43.57

17 骚乱 disturbance, riot, to create a disturbance 43.46

18 对立 to oppose, to set sth against, to be antagonistic 43.15

19 暴动 insurrection, rebellion 42.96

20 暴力事件 violent event 42.73

21 争议 controversy, dispute, to dispute 42.20

22 摩擦 friction, rubbing, chafing, fig. disharmony, conflict 41.05

23 对峙 to stand, opposite to, confront, confrontation 40.89

24 动荡 unstable 40.45

25 分歧 divergent, difference (of opinion, position) disagreement 39.88
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Table 14: Keywords generated by conclust for Chaos (26-40)

Term Definition Similarity (%)

26 争论 to argue, to debate, to contend, argument, contention,

controversy, debate

39.73

27 战争 war, conflict 39.53

28 矛盾 contradiction, conflicting views, contradictory 39.00

29 战乱 chaos of war 38.89

30 纠纷 dispute 38.85

31 经济危机 economic crisis 38.19

32 风波 disturbance, crisis, disputes, restlessness 38.04

33 僵局 impasse deadlock 38.01

34 歧见 disagreement, differing interpretations 37.57

35 敌对 hostile, enemy (factions), combative 37.28

36 紧张 nervous, keyed-up, intense, tense, strained, in short sup-

ply, scarce

37.00

37 混乱 confusion, chaos, disorder 36.49

38 战火 conflagration, the fire of war 36.23

39 不安 unpeaceful, unstable, uneasy, disturbed, restless, wor-

ried

34.50

40 乱象 chaos, madness 34.04

Notes: Similarity (%) is the average cosine similarity of a term to other terms in the same dictionary. English

definitions were obtained from the MDBG Chinese to English dictionary.
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Appendix 3: Analysis of dictionaries

A qualitative examination of dictionaries’ English definitions is insufficient to determine

whether they are valid measures of the target objects. So, I also perform principal component

analysis to identify whether concepts that we would expect to cluster together, in fact do so.

In particular, given that the terms are plotted according to the first and second principal

components, one would expect two patterns to emerge. First, words from the same concept

should roughly cluster together. Second, because corruption and chaos terms are more

generally more likely to describe political events than sports events, one would expect that

they would be more closely aligned with the cluster of political terms than sports terms. I

perform this principal component analysis using the 300×10, 000 dimension word embedding

matrix derived used to identify the dictionary terms.

Figure 6: Concepts over First and Second Principal Components

Figure 6 displays the four dictionaries plotted against their first and second principal
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components. The first and second principal components represent approximately 3.3% and

2.9% of variation observed in the term-word embeddings matrix. The clustering of these

words conforms to expectations. First, terms in each dictionary cluster with other terms

within the same dictionary. Second, the chaos and corruption terms cluster closely with the

terms from the politics dictionary. These patterns also hold when the terms are evaluated

over the third principal component (see Figures 7 and 8). Generally, this suggests that

descriptive words that are often to be used to describe politics tend to cluster with politics

but not an unrelated concept.

Figure 7: Concepts over First and Third Principal Components
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Figure 8: Concepts over Second and Third Principal Components
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Appendix 4: Supplemental Analysis

Table 15: Covariate Summary Statistics and Sources

N Mean SD Min Max Source

Cosine similarity - Politics-Chaos (%) 180 46.56 15.43 18.89 84.73 Chester (2022)
Polity IV 180 3.94 6.36 −10.00 10.00 Marshall et al. (2014)
Imports (log) 174 4.29 2.52 0.00 10.22 Parker et al. (2011)
Articles (log) 180 8.05 1.35 6.04 13.30 Parker et al. (2011)
Tokens - All (log) 180 13.50 1.41 11.27 18.99 Chester (2022)
Tokens - Politics (log) 180 7.45 1.38 4.08 13.19 Chester (2022)
Tokens - Chaos (log) 180 6.18 1.45 2.79 10.92 IMF (2019)
GDP Growth (%) 176 3.33 10.81 −14.80 82.81 IMF (2019)
GDP (log) 176 3.59 2.07 −0.86 8.79 IMF (2019)
GDPPC (log) 174 7.73 1.70 4.28 10.59 IMF (2019)
Price Index 174 3.30 2.85 −5.81 23.05 IMF (2019)
Population (log) 174 2.80 1.44 −0.71 7.07 IMF (2019)
Government Revenue (%GDP) 176 28.75 14.80 1.94 95.93 IMF (2019)
Government Expenditure (%GDP) 174 33.68 17.52 6.94 97.05 IMF (2019)
Government Debt (%GDP) 168 4.05 0.71 2.26 6.12 IMF (2019)
Current Account Balance 176 −1.11 15.94 −51.61 112.39 IMF (2019)
Conflict with Government (years) 180 0.32 1.51 0 10 Gleditsch et al. (2002)
Conflict with Non-government (years) 180 3.81 6.40 0 19 Gleditsch et al. (2002)
Ally 180 0.04 0.19 0 1 Gilber (2009)
Recognizes Taiwan 180 0.11 0.32 0 1 Rich (2009)
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Table 16: OLS with Politics-Chaos (%) Regressed on Regime-Type (Polity IV)

(1) (2) (3) (4)
Constant 52.546∗∗∗ (2.402) 227.412∗∗∗ (78.609)
Publication (Xinhua) −11.552∗∗∗ (1.811) −273.829∗∗∗ (81.842) −11.552∗∗∗ (1.801) −200.689∗∗∗ (61.745)
Polity (CNA) −0.341 (0.324) −0.249 (0.221)
Polity (Xinhua) 0.575∗∗ (0.235) 0.528∗∗∗ (0.190) 0.575∗∗ (0.234) 0.519∗∗∗ (0.160)
Articles log 0.546∗ (0.291) 0.128 (0.305)
Tokens log −1.072 (2.573) 5.360 (3.505)
Politics dict log 13.128 (10.814) 1.959 (9.178)
Chaos dict log −17.976∗ (10.293) −7.696 (8.763)
Imports log 1.064 (1.685) −1.342 (2.149)
Alliance −7.247∗∗∗ (1.601) −7.017∗∗∗ (1.990)
GDP growth % −0.105 (0.073)
GDP log 0.333 (9.968)
GDPPC log −0.257 (9.991)
Inflation % 0.065 (0.234)
Population log 0.383 (10.087)
Government revenue % GDP −0.120 (0.139)
Government expenditure % GDP 0.079 (0.100)
Government debt % GDP −0.872 (1.283)
Current account balance USD 0.042 (0.065)
Interstate conflict years −0.064 (0.499)
Intrastate conflict years −0.220∗ (0.126)
Recognizes Taiwan −6.647∗∗ (2.571)
Articles log (Xinhua) −29.606∗∗ (13.078) −9.871 (9.927)
Tokens log (Xinhua) 31.930∗∗∗ (11.636) 12.464 (8.869)
Politics dict log (Xinhua) −4.357∗∗ (2.014) −4.277∗∗ (1.675)
Chaos dict log (Xinhua) 2.772∗ (1.566) 1.765 (1.263)
GDP growth % (Xinhua) 0.017 (0.085) −0.021 (0.071)
GDP log (Xinhua) −12.911 (10.097) −18.625∗∗ (7.790)
GDPPC log (Xinhua) 12.211 (10.404) 17.566∗∗ (8.032)
Inflation % (Xinhua) −0.187 (0.160) −0.130 (0.129)
Population log (Xinhua) 12.681 (10.157) 19.014∗∗ (7.914)
Government revenue % GDP (Xinhua) 0.117 (0.164) 0.024 (0.138)
Government expenditure % GDP (Xinhua) 0.009 (0.125) 0.100 (0.108)
Government debt % GDP (Xinhua) −0.130 (1.173) −0.483 (0.916)
Current account balance USD (Xinhua) −0.041 (0.045) −0.022 (0.024)
Interstate conflict years (Xinhua) 0.273 (0.519) −0.075 (0.328)
Intrastate conflict years (Xinhua) 0.287∗ (0.150) 0.183 (0.133)
Recognizes Taiwan (Xinhua) 11.253∗∗∗ (3.317) 7.030∗∗ (2.985)
Fixed effects No No Yes Yes
Controls No Yes No Yes
DV Mean 46.56 47 46.56 47
R2 0.11 0.89 0.34 0.92
N 180 164 180 164

Notes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01 White robust standard errors clustered at the country level in parentheses.
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Table 19: OLS with Politics-Chaos (%) Regressed on Regime-Type (Polity IV) with Robust
Standard Errors

(1) (2) (3) (4)
Polity (CNA) −0.341 −0.249

(0.324) (0.221)
Polity (Xinhua) 0.575 0.528∗ 0.575∗∗∗ 0.519∗∗∗

(0.390) (0.290) (0.165) (0.113)
Fixed effects No No Yes Yes
Controls No Yes No Yes
DV Mean 46.56 47 46.56 47
R2 0.11 0.89 0.34 0.92
N 180 164 180 164

Notes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01 White robust standard errors
in parentheses.

Table 20: OLS with Unweighted Average Politics-Chaos (%) Regressed on Regime-Type

(1) (2) (3) (4)
Polity (CNA) −0.454 −0.174

(0.339) (0.154)
Polity (Xinhua) 0.617∗∗∗ 0.428∗∗ 0.617∗∗∗ 0.393∗∗

(0.235) (0.175) (0.234) (0.178)
Fixed effects No No Yes Yes
Controls No Yes No Yes
DV Mean 54.51 54.81 54.51 54.81
R2 0.11 0.93 0.38 0.94
N 180 164 180 164

Notes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01 White robust standard errors
clustered at the country level in parentheses.
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