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INTRODUCTION

ontrolling the narrative is a commonplace mantra. But its significance is magnified

with the use of online discourse, particularly when authoritarian states are the agents

attempting to influence international narratives. How can we pinpoint the underlying
agenda of these states, identify their methods of persuasion, and evaluate their success in engaging
audiences? This article examines the Chinese Communist Party’s (CCP) efforts to shape international
online discourse and evaluates audience responses. CCP-controlled media outlets operate social media
accounts on international platforms to increase the People’s Republic of China’s (PRC) discourse power
to effectively “tell China’s stories well” (jiang hao zhongguo gushi) (Xinhual2013}; |Huang and Wang
2019; [Tambe and Friedman| 2022} (Cook [2020). With five CCP-controlled media accounts ranked
among the top fifty most followed on Facebook (Social Blade 2023)), their influence is considerable.
Since Facebook and other international social media platforms like Twitter are blocked in the PRC, and
given that the content produced by these CCP-controlled media accounts is predominantly in English, it
is reasonable to assume that these accounts primarily target international users. These Party-controlled
outlets disseminate various controversial and misleading messages toward international audiences,
such as conspiracy theories about COVID-19’s origin (Bright et al.[2020), narratives discrediting
international reporting on Xinjiang’s genocide (U.S. Department of State|2022), and claims that the

US is deliberately prolonging the Russia-Ukraine conflict (Bailey|2023).

Building on the understanding that the CCP seeks to influence international narratives, this article
reveals a dual-tracked agenda: these outlets promote positive narratives regarding the PRC’s domestic
affairs while simultaneously pushing negative narratives about international politics. Within both
narratives, sentiment is employed as a persuasive tool. Sentiment, in this context, is defined as the
emotional tone accompanying a campaign’s messages, subtly shaping public opinion and enhancing
the narrative’s impact. The use of sentiment as a tool is a consistent strategy observed throughout the
twelve years of CCP-controlled media activity on Facebook covered in this study, spanning a wide range
of topics. Previous research on the CCP’s attempts to shape international discourse has often been
limited to specific topics, events, audiences, or moments in time (Min and Luqiu/2021}; Lams|2018)),

typically involving small-scale data analysis or qualitative assessments (Hagstrom and Nordin/2020;
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Nordin| 2016} (Callahan/ 2015} |[Edney 2014). This article’s comprehensive, large-scale analysis builds
on this existing work, exemplifying the CCP’s exercise of statecraft through campaigning and enabling
a deeper understanding of its broader diplomatic objectives. Insights gained from identifying the
CCP’s narratives and sentiment strategies at scale provide a framework for understanding nation-state

objectives and strategies when influencing international audiences.

This article contends that digital public diplomacy campaigns, such as those conducted by the CCP,
can be viewed as a form of statecraft through permanent campaigning, resembling political campaigns
in democratic settings (Blumenthal| 1982; Larsson|2016; Ornstein2000). Both digital public diplomacy
and democratic political campaigns aim to sway public opinion and capture attention, using comparable
communication resources to achieve their respective political objectives. In this context, this article
investigates whether digital public diplomacy campaigns use narrative and sentiment as persuasive
tools in line with campaign literature predictions, or whether they display distinct characteristics. The
campaigning literature notes that narrative and sentiment usage depends on the political actor’s position.
Incumbents typically adopt positive messages, highlighting policy improvements and benefits under
their governance, while challengers often use negative messages to criticise the incumbent’s actions
and the overall state of affairs (Crabtree et al.[2020; Rheault et al.[2016). This article investigates the

extent to which the CCP’s approach aligns with this logic.

The key finding is that CCP-controlled media outlets employ both incumbent and challenger
strategies by positively addressing domestic affairs under its governance and negatively critiquing
international politics, challenging the global political incumbents. Drawing on insights from campaign
literature, this article examines how current political communications theories apply or diverge in the
context of social media, which has broadened the range and variety of political actors conducting

campaigns (Gilardi et al.|2022).

In this study I also explore online audience responses to the CCP’s narrative and sentiment
strategies. Although research on election campaigns indicates that negative messages often capture
more attention and online engagement (Marcus et al. 2000; Lau/1982; Mutz and Reeves|[2005), this
study finds a different pattern. Audiences engage more with CCP domestic affairs posts which feature

positive sentiment and with international politics posts which contain negative sentiment. This finding
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emphasises the apparent effectiveness of the dual-tracked approach. I posit that these findings reflect
differences in messaging content, actors, and targeted audiences in digital public diplomacy, which
may shape audience responses.

The methodology employed in this research presents a novel minimally-supervised approach to
quantifying topic-level sentiment in large-scale text data, building on existing computational sentiment
detection techniques (Rice and Zorn/[2021; Osnabriigge et al.|2021} Weiss et al. 2022} Jerzak et al.
2023). I use machine learning to fine-tune pre-trained Bidirectional Encoder Representations from
Transformers (BERT) embeddings (Devlin et al.2019) on a corpus of 797,793 Facebook posts from
CCP-controlled media outlets between 2011 and 2022. By combining these embeddings with a topic
model, I examine the relationship between various topics and sentiment. This minimally supervised
method can be applied to any large body of text and, unlike traditional dictionary-based sentiment
analysis, incorporates the entire text when calculating document-level sentiment. This method captures
relative sentiment, which enables a comparison of sentiment usage across topics and time periods. I
use this approach to identify the narratives and sentiment strategies employed by CCP-controlled media
in their international digital public diplomacy, as well as the corresponding reactions of international

audiences to each of these narratives and sentiments.

DIGITAL PUBLIC DIPLOMACY CAMPAIGNS

The proliferation of social media has allowed political actors to bypass traditional media gatekeepers,
communicate directly with their audiences, and strategically exercise greater influence over online
discourse to achieve political goals (Jungherr et al.|2020; Persily and Tucker2020; |Lu and Pan|2021)).
This shift has triggered a surge in the diversity and number of actors aiming to sway public opinion
(Bradshaw et al.|2021)).

Nation-state governments have emerged as key actors, adeptly using social media to shape
international public opinion and advance their diplomatic objectives (Kampf et al.[2015}; Cowan and
Arsenault|2008). This strategy, referred to more broadly as public diplomacy, involves shaping foreign
citizens’ attitudes to indirectly sway the actions of their governments (Malone |1985, |1988; (Gilboa

1998, 2001}, [Tuch|1990). Public diplomacy can be used to achieve a variety of political goals, including
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advocating for particular policies or interests, facilitating information exchange, reducing prejudices,
promoting soft power resources and constructing alliances (Cull2008]). Within this broad range of
objectives, the rapid and volatile nature of online discourse necessitates an approach akin to permanent
campaigning. Just as political campaigns in a democratic system often operate continuously to influence
public sentiment, digital public diplomacy campaigns also frequently maintain an ongoing presence to

effectively manage and direct international narratives (Bradshaw and Howard 2018)).

Within public diplomacy, the emergence of social media has led to the rise of digital public
diplomacy as a prominent new form of engagement. This approach involves nation-states strategically
using digital platforms to shape international public attitudes and thereby promote their diplomatic
goals (Bjola et al.[2019] [2020; Cull2011). Such digital platforms allow governments to reach foreign
audiences directly and more effectively (Entman|2008; Golan and Viatchaninova 2014). Digital public
diplomacy involves the use of a variety of tools, such as state-backed or government-aligned media
outlets (Bright et al.|2020; Rebello et al.[2020; Bradshaw et al.[2022), social media accounts operated
by diplomatic spokespeople (Huang 2022), and paid online advertisements (Tambe and Friedman
2022). More subversively, some operations may employ inauthentic social media accounts (Bailey
and Howard|[2022}; Schliebs et al.|2021alb). Together, these approaches allow governments to directly

influence international audiences.

I contend that digital public diplomacy is best understood as a form of political campaigning,
grounded in the shared aim of influencing public attitudes to achieve political objectives. Much like
political campaigns in democratic settings, digital public diplomacy campaigns can either direct their
efforts toward immediate issues (Salvo and Soula|2017), such as COVID-19 (Bright et al.[2020; Rebello
et al.[2020), or aim at broader, long-term objectives (Kragh and Asberg|2017). Similarly, democratic
political campaigns may focus on an impending election, or function as an ongoing effort, a strategy

often referred to as permanent campaigning (Blumenthal||1982; [Larsson|[2016; Ornstein/[2000).

Operating within the same media-saturated environment, both digital public diplomacy and political
campaigns in a democratic context increasingly rely on online platforms to reach audiences (Jungherr
2023; Bradshaw et al.|2021). The political status of the actor conducting the campaign, either as

a political insider or outsider, is also important in both contexts. In a democratic campaign, this
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likely corresponds with whether the actor is an incumbent or challenger. Meanwhile, in digital public
diplomacy, status may be determined by the actor’s position as an ally or adversary. Another shared
characteristic lies in the substantial budgets and communication resources used by both digital public
diplomacy campaigns and political campaigns within democratic settings (Chester and Montgomery
2017} |Bradshaw and Howard|2019). In light of these shared goals, environments, targeted audiences,
and tools, this article argues that digital public diplomacy can be effectively studied as a form of
political campaigning.

To understand digital public diplomacy as a form of political campaigning one must explore
the strategies that underpin both narratives and sentiments. This article adopts this approach by
investigating: (1) the narratives employed in digital public diplomacy campaigns, and (2) the sentiment
used to convey these narratives. The goal is to determine the extent to which the narratives and the use
of sentiment within digital public diplomacy align with the current literature on campaigning, which

studies campaigns predominantly in democratic contexts.

Narrative and Sentiment in Political Campaigns

Political campaigns are designed to influence and persuade audiences. Central to achieving this goal
are two elements of a political message. The first is the narrative content, which contains the key
themes and messages the campaign wants to convey. The second is the sentiment that accompanies and
enhances the narrative (Osnabriigge et al.|2021; Jung|2020). These two campaign elements are often
strategically tailored to appeal to audiences, and contingent on the political position and objectives of
the campaign actor. This section explores each of these components in detail, and assesses how the
insights drawn from the campaigning literature might apply to the context of digital public diplomacy
campaigns.

The choice of narrative content in a political campaign is pivotal as it steers the audience’s attention
toward the preferred issues of the campaign and away from other issues. This narrative selection
typically depends on the political standing of the campaign actor. The political campaigning literature,
which has mainly focused on democratic contexts, often defines the political standing of a campaigning

political actor as either an incumbent or a challenger. Incumbent political actors tend to emphasize their
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own track record, underlining the incumbent’s accomplishments and competence in governance (Miiller
2022; |Petrocik| 1996} |Geer and Vavreck|2014) p. 219). This approach aims to reinforce their image of
reliability and success, bolstering their claim for continued tenure. Conversely, challengers often orient
their narrative toward the incumbent, aiming to critique, undercut, or expose flaws in the incumbent’s
track record (Dolezal et al.| 2018; |Petrocik||1996; Mayer |1996, p. 451). Absent a governance track
record, challengers tend to focus on the incumbent’s performance, laying out reasons for a change in
leadership. This strategy is particularly prevalent among politicians or candidates trailing in polls, who
are more inclined to position themselves as the underdog relative to the incumbent party (Auter and

Fine/[2016;|Gross and Johnson/ 2016}, [Nai/[2020)).

Alongside the narrative content, sentiment, which is defined as the emotional tone accompanying
a campaign’s messages, plays a critical role in political campaigns. Sentiment is often used to elicit
specific emotional responses from audiences and shape public opinion, thereby enhancing the impact
of the narrative (Osnabriigge et al.[[2021} |Kosmidis et al.[2019; Rheault et al.|2016; Ridout and Searles
2011)). Negative messaging, especially messages that evoke emotions such as anger, fear, and anxiety, is
particularly widespread in modern political campaigns (Lau et al.[|[1999; Fridkin and Kenney|2011; Nai
2021} |Ansolabehere and Iyengar|1995). In the context of a political campaign, the interplay between
emotions and cognitive processing can enhance the persuasiveness of a particular message (Petty and

Brinol| 2015}, |(Chaiken![1987); Sinclair et al.|[1994).

As with narrative choices in political campaigns, the strategic use of sentiment often aligns with the
political standing of the campaign actor. Incumbents, with a governance record to showcase, generally
employ positive sentiment to highlight their achievements while in office (Nai/2020; Crabtree et al.
2020; Miiller|2022). Conversely, challengers frequently use negative sentiment to criticise the status
quo and place blame on the incumbent party (Miller|2022; Auter and Fine|2016; (Gross and Johnson
2016; Nai12020). This approach is also often adopted by smaller, extremist, or populist parties, who
align themselves as political outsiders and echo public grievances (Widmann| 2021} Crabtree et al.

2020).

In short, the existing campaigning literature indicates that in democratic contexts, the choice of

narrative and sentiment in political campaigns aligns with the campaign actor’s political position.
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That is, incumbents often use positive sentiment to highlight achievements, while challengers employ

negative sentiment to critique incumbents.

This article adapts this understanding of narrative and sentiment in political campaigns to digital
public diplomacy campaigns. However, the roles of incumbent and challenger do not fit neatly into the
context of digital public diplomacy conducted by nation-state actors. This prompts the question: how

do these roles manifest in the context of digital public diplomacy?

I theorise that nation-state governments, when conducting digital public diplomacy campaigns,
can adopt the roles of incumbent or challenger, or both. An incumbent strategy, similar to that of an
incumbent in a democratic election, would involve the nation-state government focusing its narrative
on domestic affairs under its governance. This might include highlighting its domestic tourism, culture
or economic accomplishments, accompanied by positive sentiment to underline the positive aspects of
the country under its governance. The aim of this approach could be to promote the nation-state’s soft

power and establish alliances.

In contrast, a challenger strategy in digital public diplomacy may involve the nation-state government
focusing its narrative on the state or political system it seeks to challenge. This could be a rival
nation-state, a group of states, or the wider international political system, depending on the nation-state’s
objectives. In this role, the nation-state would aim to upset or challenge the status quo, much like
a challenger in a democratic campaign. This narrative would likely be accompanied by negative
sentiment, as the challenger nation-state critiques the status quo and places blame on the political entity

it seeks to challenge.

I argue that the incumbent-challenger roles within a democratic campaign can be adopted by
nation-states within digital public diplomacy campaigns. Moreover, by examining the narratives and
sentiment used by nation-states in digital public diplomacy campaigns, we can identify which roles
they are adopting and the political objectives they are aiming to achieve. Are they seeking alliances, or
are they seeking to challenge the status quo? Analysing the narratives and sentiment in a digital public
diplomacy campaign provides a framework for understanding the broader statecraft objectives and

strategies of the nation-state conducting the campaign.
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Audience Response

In addition to examining the narratives and sentiment strategies employed in digital public diplomacy
campaigns, it is equally important to understand how online audiences respond to these messages.
Audience’s responses to a political campaign can serve as an indicator of the campaign’s ability to
engage its target audience.

Negative messaging often dominates political campaigns, particularly online (Klinger et al.[2022;
Bobba 2019). This negativity captures audience attention and encourages engagement, leading to more
shares and likes (Fridkin and Kenney 2011; [Laul{1982; Mutz and Reeves|2005)). Affective intelligence
theory provides a possible explanation for this phenomenon, suggesting that fear-inducing messaging
can motivate individuals to seek new information and challenge existing beliefs, whereas positive and
enthusiastic messaging merely reinforces an individual’s commitment to their prior beliefs (Marcus

and MacKuen!|1993}; [Brader 2005, 2020).

I extend this premise to digital public diplomacy campaigns, investigating whether audiences
respond similarly to negative messages in these types of campaigns. The key question is, do audiences
engage more with negative digital public diplomacy messages than positive ones? Or does the unique
context of digital public diplomacy elicit different audience responses? Understanding how audiences
engage with these campaigns provides valuable insights into the effectiveness of different narrative and

sentiment strategies.

CHINA’S DIGITAL PUBLIC DIPLOMACY

To investigate the dynamics of digital public diplomacy campaigns and audience responses, I examine
the CCP’s digital public diplomacy efforts. The period for this study spans from 2011 to 2022, a time
during which the CCP significantly expanded its online public diplomacy capacities and amassed a
large international audience for its online messaging (Walker et al.2021; |[Martin|2021}; Chang 2021)).

CCP-controlled media outlets have substantial followings on international social media platforms
such as Facebook and Twitter (Olesen|2015; [Tambe and Friedman|2022; |The Economist|2019). Since

these platforms are blocked within the PRC, they serve primarily as a channel for the CCP to reach
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and influence international audiences. The scale, funding, and reach of these campaigns signal their
potential for wide impact, however, the motivations and objectives underpinning these efforts remain

unclear.

Under Xi Jinping’s leadership, the CCP’s public diplomacy efforts have gained momentum. Xi’s
2016 call for a “flagship media with strong international influence” (Central People’s Government
of the People’s Republic of China/2016), coupled with the guiding principle “tell China stories well”
(jiang hao zhongguo gushi) further reflects this focus (Xinhua/2013;/[Huang and Wang 2019}, Tambe
and Friedman!2022; Cook 2020). This commitment is also evident in the CCP’s substantial public
diplomacy investment. In 2020, the CCP’s estimated annual expenditure on public diplomacy was

around $8 billion, or four times that of the US (Walker et al.[2021; Martin/[2021)).

Part of this hefty investment has been directed toward expanding the CCP’s global media reach
through Party-controlled outlets. These include China Daily, Xinhua News Agency, China Global
Television Network (CGTN), China Daily Group, and Global Times (Brady 2009). In a notable
example, China Central Television’s international arm underwent a rebranding to CGTN in 2016.
Now broadcasting in five languages from three countries, this move has significantly extended its
global reach (Reporters Without Borders|2019; Hamilton and Ohlberg 2020, p. 168). Adding to
this media landscape, the Global Times, established in 2009, plays a distinct role by amplifying the
Party’s more assertive messages (Hamilton and Ohlberg|2020|p. 168). All these outlets are supervised
by the State Council Information Office (Shambaugh|2007; |Creemers|2015)), and have successfully
garnered substantial followings on international social media platforms. For instance, on Facebook,

five CCP-controlled outlets are among the top fifty most ’liked” accounts (Social Blade|[2023)).

Here, I explore the narratives and sentiment strategies employed by CCP-controlled media outlets
on international social media platforms. The key question is whether these outlets, in conducting
digital public diplomacy campaigns, use narratives and sentiment in a manner similar to political
campaigns in democratic settings. Specifically, do they adopt the roles of incumbent or challenger?
Given what we know about the CCP’s diplomatic objectives, we might expect these outlets to employ
both strategies. As an incumbent party within its nation-state, the CCP might aim to positively promote

its national achievements toward international audiences and showcase its governance capabilities in

10
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a bid to curry favour and seek alliances. As the ruling party of a nation-state that has only recently
risen to world-power status, the CCP may also take on the role of a challenger within the international
political system. In doing so, the CCP might negatively critique and seek to undermine the status-quo

international political system within its public diplomacy campaigns.

The literature thus far indicates that the CCP is likely engaging in both incumbent and challenger
strategies in its public diplomacy campaigns. One perspective argues that the CCP uses positive
messaging to promote harmony, enhance the PRC’s soft power, and improve relations with other
nation-states (Hagstrom and Nordin|[2020; Mingjiang |2008; Nordin| 2016} [Heng |2010). This was
evident during instances such as Russia’s initial invasion of Ukraine and the COVID-19 outbreak,
where CCP-controlled outlets projected peace-promoting CCP spokespeople and discussed aid efforts
from the PRC, respectively (Bailey 2023; Bright et al.[2020). From this perspective, the CCP’s digital
public diplomacy seeks to construct a positive image of the nation and government, thereby exercising
soft power and conforming with its tradition of harmony (Brady|2015). This would align with an

incumbent strategy.

The second perspective is that the CCP adopts negative, nationalist sentiment to challenge the
Western-led world order. This strategy involves asserting the CCP’s goals within this system, often
through criticism of Western nation-states, while simultaneously reinforcing domestic nationalist
narratives. Domestic nationalism is, in part, rooted in resentment toward the Western-led international
political system, a sentiment stemming from the so-called “Century of Humiliation” (Gries|2004, p. 47,
Weiss||[2014; Wang|2004; [Zhao 2004). Anti-US rhetoric is a common theme in these narratives (Brady
2006; Min and Luqiu/2021). The CCP perceives itself as facing a hostile foreign enemy with greater
influence within the international political system (Lams [2018; |Brady, 2009, p. 151). Its foreign
propaganda activities are designed to combat this perceived enemy and garner international support,
while undermining the domestic foundations of support within Western nation-states themselves
(Callahan|2015, p. 219-220). Certain instances of this challenger strategy are evident in the CCP’s
digital public diplomacy. For example, CCP-controlled outlets blamed Western nations for perpetuating
the Ukraine conflict (Bailey 2023) and criticised democratic states’ COVID-19 responses, questioning

their leadership abilities (Bright et al.|2020).
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Empirical evidence for these two perspectives is thin. It remains unclear which of these two
strategies is prioritized, whether either or both of these strategies have changed over time and under
Xi Jinping’s leadership, and importantly, whether the these two strategies are in conflict or whether
they might comprise a single, coordinated public diplomacy strategy. I investigate these uncertainties
and pose three key research questions: (1) How does the CCP employ narratives and sentiment in its
digital public diplomacy campaigns? (2) Does the CCP’s strategy align with those used in political
campaigns conducted in democratic settings? (3) How do audiences react to the CCP’s strategic use of
narratives and sentiment?

By conducting a comprehensive quantitative analysis of the narratives and sentiment used by CCP-
controlled media outlets, this article makes two valuable contributions. First, it offers an empirically
based analysis of the underlying statecraft objectives pursued by the CCP. Second, it assesses the impact

of this public diplomacy campaign by examining the responses of global audiences to these messages.

DATA

To test the strategic use of narratives and sentiment by CCP-controlled media, and the responses
of audiences to these narratives, I build a comprehensive dataset of Facebook posts produced by
internationally-focused CCP-controlled media outlets between 2011 and 2022. It’s important to note
that while inauthentic or paid accounts are a known issue on social media, Facebook asserts such
accounts constitute a small fraction of total followers of these CCP-controlled media pages (The
Economist 2019). Given the opaqueness of Facebook’s account authenticity data, this analysis is
unable to verify the authenticity of the engaging accounts.

The data begins in 2011, since data on CCP-controlled media prior to this are limited in terms
the number of Facebook posts and audience engagements, thus constraining any meaningful natural
language processing analysis. This dataset includes Facebook posts from prominent CCP-controlled
media outlets that: (a) have an active Facebook presence; (b) target global audiences; (c) do not have
a specific subject area focus; and (d) post primarily in English. The media outlets that fulfil these
criteria at the time of data gathering in January 2023 are: China Xinhua News; CGTN; China Daily;

Global Times; People’s Daily; CCTV; Beijing Review; and China.org.cn. The post text and metadata
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from the Facebook pages operated by these outlets are extracted using the Facebook CrowdTangle API

(CrowdTangle n.d.; Schliebs 2020).

Here I focus on Facebook, as it a platform where CCP-controlled media have amassed particularly
large followings. Facebook is also one of the most popular social media platforms for internet users in
predominantly English-speaking countries (YouGov|2022;|Auxier and Anderson|2021), and is therefore

a valuable source of data on the responses of these audiences to CCP narratives.

Table |1 summarises the data on CCP-controlled media Facebook posts. In total, these outlets
created 797,793 posts, receiving over 1.9 billion likes, 111 million shares, and 30 million comments.

The volume of posts steadily increased over this period, with a notable surge between 2014 and 2016.

However, the pattern of audience engagement, as measured through likes, shares, and comments,
did not consistently follow the same trend. It rose between 2014 and 2016, dipped in 2017 and 2018,
then peaked in 2020 with over 377 million likes, 17 million shares, and 7 million comments. Despite
a record 121,972 posts in 2021, engagement fell sharply and continued to decline in 2022. This
suggests that factors other than post frequency, such as perhaps the post content, or Facebook’s internal

algorithms might influence engagement. Further descriptive information is available in Appendix A.

TABLE 1. Data on Posts by CCP-Controlled Media on Facebook Between 2011-2022
Year Number of Posts  Number of Likes = Number of Shares  Number of Comments
2011 4,031 12,016 1,236 2,961
2012 2,918 4,625 1,167 560
2013 8,627 427,634 7,635 4,207
2014 14,699 7,921,443 650,901 117,952
2015 59,055 171,767,442 12,348,730 1,578,927
2016 85,568 299,271,313 20,979,221 2,984,914
2017 83,403 278,069,150 17,630,105 3,296,549
2018 91,818 199,156,298 14,501,538 2,707,625
2019 100,929 295,004,389 17,175,072 4,735,162
2020 116,974 377,032,583 17,988,976 7,011,143
2021 121,972 200,842,536 5,614,839 3,800,113
2022 107,799 144,128,405 4,665,474 4,058,806
Total 797,793 1,973,637,834 111,564,894 30,298,919
Note: The values for likes, shares and comments refer to the sum of the likes, shares and comments received
by all Facebook posts issued in the specified year.
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MEASURING SENTIMENT

My approach to assessing the CCP’s use of narrative and sentiment in its digital public diplomacy
campaigns requires the measurement of data on these two components in the text produced by
CCP-controlled media. I introduce a novel method for quantifying sentiment within topic narratives in
large-scale textual data, enabling the evaluation of sentiment usage within topics. The proposed novel
approach consists of two steps: (1) building a topic model to identify distinct narratives; and (2) training
word embeddings and merging these embeddings with the topic model to measure sentiment within
distinct topic narratives. This section provides the rationale for adopting the proposed methodology,
examines its relationship to existing literature, and highlights its contribution to narrative and sentiment
analysis in large-scale text data.

Two approaches are commonly used to measure sentiment in a corpus of text: machine learning
and dictionary methods. Supervised machine learning approaches use text annotated with sentiment
information to train a classifier, which then predicts the sentiment of unlabeled text. (e.g.,|Pang and
Lee/[2004, Maas et al.| 2011, [Tang et al.| 2014). Dictionary methods use pre-defined lists of positive and
negative sentiment words and count their frequency in the corpus (McCarthy and Boonthum-Denecke
2012). Both approaches have limitations. Supervised machine learning is costly and dependent
on human annotation. Pre-defined dictionaries may falter outside their development domain due to
contextual inaccuracies (Grimmer and Stewart 2013, p. 274). Both methods lack the ability to adapt to
specific text contexts, which can then affect the accuracy of the sentiment analysis.

This paper contributes to a growing field of research aimed at reconciling these two approaches by
developing minimally supervised methods for detecting sentiment (Widmann and Wich/[2022} |Gennaro
and Ash|[2022; Esberg and Siegel|[2022; Jerzak et al.2023). Specifically, I build a sentiment vector
tailored to the corpus by using word embeddings trained on CCP-controlled media Facebook posts.
This customised vector represents both positive and negative sentiment, and is used to measure changes
in sentiment expression in CCP-controlled media over time.

Uniquely, this evolving, customized sentiment vector accurately tracks sentiment over time within
the corpus of CCP-controlled media Facebook posts. This novel method not only captures sentiment

changes in individual documents but also across broader topics, marking a significant innovation in
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sentiment analysis.

Sentiment in Word Embeddings

Language representation models convert text meanings into numerical representations for analysis,
serving as a powerful tool for various natural language processing tasks (Pennington et al. 2014;
Bengio et al.|2003). In these models, words are represented as dense real-value vectors, or word
embeddings, produced by a neural network model (Devlin et al.|2019). These embeddings capture
semantic and syntactic relationships among words in the corpus by predicting a word’s likelihood
based on its context. The distances between vectors indicate word or phrase similarity in the corpus
context (Collobert and Weston|2008; Mikolov et al.|2013), aligning with the distributional hypothesis
that a word’s meaning can be inferred from its context (Firth||1957, p. 11). This context-based approach
makes embedding models well-suited to sentiment analysis, as the sentiment attached to a word can
typically be determined from the context in which it appears.

Political scientists have used word embeddings to capture and quantify latent concepts, such as
ideology in parliamentary corpora (Rheault and Cochrane 2020)), track concepts such as human rights
and equality over time in newspaper corpora (Rodman|2020), and examine how lexical markers of social
class shift over time (Kozlowski et al.|2019). In several cases, social scientists use word embeddings to
develop minimally supervised methods for the detection of specific concepts, emotions, or sentiment
(Rice and Zorn|2021}; |Rodriguez et al.|2023} Osnabriigge et al.[2021} Choi et al.2022). The supervisory
element of this method involves identifying seed words to target a particular point in the vector space of
the corpus that represents a desired concept. After identifying the vector for the concept, the researcher
can use it to measure the proximity of the concept to any other word or concept in the corpus vector
space. This article develops a novel method that builds on the above cited earlier work by combining
minimally supervised concept detection with topic modeling to identify sentiment expression at the
topic level, and track changes in topic-level sentiment over time.

Generating temporal word embeddings presents a further challenge, as conventional models are
trained on the entire corpus and are not inherently sensitive to time. To overcome this, researchers

use diachronic word embedding models, which generate separate embeddings for each word in each
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time period (Kutuzov et al.2018; Tahmasebi et al.[2021)). Typically, this method involves generating
independent vector space models for each period and aligning them onto a common vector space
(Szymanski2017). However, this approach can be unreliable if the corpus for each period is small and
is dependent on the researcher to determine the ideal positioning of the corpus time periods.

To address the difficulties posed by the conventional method of constructing diachronic embeddings
through alignment, I expand on the continuously evolving embedding technique introduced by Horn
(2021). The method proposed by Horn (2021)) involves training the entire corpus while calculating a
weighted running average of contextualized embeddings produced by the transformer model BERT
(Devlin et al.||2019). This method enables researchers to examine semantic shifts in the embeddings at
preselected snapshot intervals. For the present analysis, this is particularly useful as the size of the
corpus of CCP-controlled media posts varies over time, with earlier periods (i.e., between 2011 and
2014) having considerably fewer posts relative to later periods. The continuously evolving embedding
approach enables embedding snapshots within these earlier time periods without compromising the
reliability of the embeddings.

To implement this approach, I train continuously evolving embeddings computed using a pre-trained
BERT model. Within this model, I take embedding snapshots every three months between January 2011

and December 2022. For details on the cleaning, fine-tuning and snapshot processes, see Appendix B.

Corpus Specific Sentiment Vectors

To quantify sentiment expression within the corpus of CCP-controlled media posts, I use these word
embeddings to create a corpus-specific dictionary of positive and negative words. This leverages the
ability of word embedding models to identify words within the corpus of study that are similar to any
chosen word or concept.

Constructing this dictionary requires several steps. First, I use two sets of four unambiguously
positive and negative seed words to form the basis of the sentiment dictionary. The positive

29 ¢ 99 ¢

seed words are Spos = {“great”, “amazing”,“good”,“excellent”}, and the negative words are

2 ¢

Sneg = {“bad”, “negative”, “wrong”, “horrible”}. These seed words are selected based on their

similarity to those used in sentiment dictionaries for word embedding analysis by Rice and Zorn (2021},
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and Bellodi (2022)). Owing to the corpus’s small size in earlier periods, some seed words do not appear
until July 2011. As a result, the sentiment analysis begins in July 2011.
Second, I calculate a centroid positive and negative vector at each snapshot period. Let v/, indicate

the word embedding for word w at snapshot ¢, and | A| denote the number of elements in set A. The

t

positive centroid vector, represented as vpos’

is generated by subtracting the average of the embeddings

of the negative seed words from the average of the embeddings of the positive seed words:

e t N t
N ZWESP()S VW ZWGSneg vw (1)
1% = = - = .
| Spos| | Snee|

t

The negative centroid vector, represented as ¥y, is the negative of the positive centroid vector:

At
1%

— _";,l‘ (2)

neg — pos*

I denote the cosine similarity between embeddings a and b by cos(a, b). For all words w at each
snapshot, I compute the cosine similarity with respect to the seed centroid embedding. For the positive

seed centroid, I compute the cosine similarity by:

ot t
Vpos * Vw

 Pposl X VAL

3)

05 (Pposs Vi)

where “a - b” denotes the dot product between a and b, and ||a|| denotes the norm of a.

From here, I identify the 28 words with the highest cosine similarity to the positive centroid
vector and another 28 to the negative centroid vector, across all snapshot intervals[T] For additional
methodological details and replications using different seed words and number of neighbors, refer to
Appendices C and D.

The two final sets of corpus-specific positive and negative sentiment words, each containing 28

1Adhering to the convention outlined by Pierrejean and Tanguy (2019), which involves selecting the 25 nearest
words to each centroid vector, I apply the same count per snapshot interval. As the nearest 25 neighbour words
vary across snapshot intervals, this gives a larger list of words that appear as a nearest neighbour within any
snapshot interval. From these, words appearing consistently in the data across all intervals were retained,

resulting in two final sets of 28 words.
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words, are denoted as Spos, and Syeq, respectively. Figureemploys a t-distributed stochastic neighbour
embedding (t-SNE) plot to visualize these words in the vector space at the data’s temporal midpoint
(2017-01-31). This plot compresses the 768-dimensional vector space into a two-dimensional graph,
providing a visual approximation of the word-embeddings’ proximity to each other. With negative
words on the top-right and positive words on the bottom-left, it reveals distinct sentiment clusters. This

clustering is consistent across snapshot periods (see Appendix E).

FIGURE 1. lllustrative t-SNE Plot of Corpus-Specific Sentiment Word Embeddings in the
Midpoint Temporal Vector Space (2017-01-31)
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Building on the distinct sentiment clusters observed, the final sentiment vector, v

using Spos and Syeg as follows:

DweSp Vi LiweSneg Vi
|Spos| | Sneg|

t —
sent —

“4)

1%

This single sentiment vector uses the corpus-specific nearest neighbour sentiment words to generate a
single measure for sentiment, such that word vectors that have a higher cosine similarity relative to the

sentiment vector are more positive, and words that have a lower cosine similarity are more negative.
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Measuring Sentiment in Documents

Having identified a single corpus-specific sentiment vector, in the following sections I demonstrate how
this vector can be used to quantify sentiment: (1) at the document level (i.e., in an individual Facebook
post); and (2) at the topic level.

To measure topic-level sentiment, each Facebook post first must be assigned a sentiment score. This
score is obtained by computing the average embedding for all the words in each document at the nearest
snapshot interval to the publication date of the post. This simple calculation is a common method
for calculating document embeddings as it outperforms more complicated methods and accurately
summarises the overall document sentiment (Arora et al.|2017; [Rossiello et al.|2017)).

Here, I let ‘W, denote the set of words in document d. The corresponding word embedding model
snapshot at the document’s Facebook posting time is denoted by #,. The centroid vector of the words

in the document, v 4, is computed as follows:

t
_ ZWGWd va

= 5
v | Wal ©)

This calculation assigns each Facebook post a single embedding in the corpus embedding space
that summarises the words contained in post.

In order to better understand the sentiment present within each post, I compare the calculated

ta

document embeddings with the sentiment vector v.¢

from the post’s publication snapshot. Let S,

represent the sentiment score for document d. S is equal to the cosine similarity between the document

ta .

centroid and the corresponding snapshot sentiment vector vl :

Sy =cos(vy, vé‘ém). (6)

Document sentiment scores are normalised between zero and one, where values closer to zero or

one indicate more negative or positive sentiment, respectively[?] Though effective, this approach doesn’t

2While the theoretical range of sentiment scores is between zero and one, the real-world range within this dataset
is constrained, owing to documents being a mixture of positive, negative, and neutral words, rather than being

entirely positive or negative. As such, the cosine similarity scores vary over a more condensed range, with a
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account for intricate word interplay, like double negatives. Despite limitations, this method, tailored
to the specific text, offers higher precision than standard approaches like the dictionary method. The
impact of these limitations on results is minimal.

Table [2]lists a selection of Facebook posts produced by CCP-controlled media that have the highest
and lowest sentiment scores at various snapshot time periods. The highly negative and positive
posts in Table 2] demonstrate the ability of word embeddings to quantify sentiment in text. The most
negative posts in Table [2{discuss intuitively negative topics, such as “bloody crimes” and an “imported
coronavirus variant case reported in Shanghai”. The most positive posts similarly discuss topics
associated with positive sentiment, such as a “outstanding natural beauty” and “splendid aerial shots”,
using positive descriptors. Appendix F provides further examples of negative and positive posts within

the corpus at a variety of snapshot time periods, and further context for the posts listed in Table [2]

TABLE 2. Examples of Negative and Positive Posts

Date Most Negative Posts Document Sentiment Score
2011-07-31 Bloody crimes prompt debate over savage 0.494
justice
2013-01-31 Shenzhen Universiade causes $1.9b loss 0.470
2015-01-31  Court rules against, fines 'gay conversion’ 0.477
clinic

2017-01-31  Koreans protest against #THAAD deployment  0.491

2019-01-31  Goodbye, Maruko. 0.475
2021-01-31 Imported coronavirus variant case reported in ~ 0.488
Shanghai
Date Most Positive Posts Document Sentiment Score
2011-07-31 Xinjiang’s outstanding natural beauty gives 0.666
it enormous tourism potential
2013-01-31  Beautiful China 0.646
2015-01-31 10 impressive panda moments in 2014 0.652
2017-01-31  Amazing active #volcano 0.681

2019-01-31 Sydney welcomed 2019 in a spectacular style  0.664
with huge fireworks display

2021-01-31  Speldid aerial shots in 2020 0.679

Having established that this method for measuring sentiment corresponds to our intuitive conception
of sentiment, Figure [2] shows how sentiment use in Facebook posts published by CCP-controlled
outlets varies over time. Each point signifies a post, its colour intensity reflecting scatter point density.

Higher values denote a more positive sentiment, while lower ones suggest negativity. A surge in post

minimum value of 0.418 and maximum value of 0.771.
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concentration towards later time periods illustrating the increasing volume of posts from CCP-controlled
outlets between 2015 and 2022. Although sentiment score fluctuations exist, average sentiment remains
fairly steady without a distinct upward or downward trend. A plot of the overall distribution of Facebook
post cosine similarity to the sentiment vector can be found in Appendix G.

Figure [2 provides a comprehensive temporal sentiment analysis, but does not explore the topics
experiencing these sentiment shifts. The following sections examine the topics discussed within these
Facebook posts, their alignment with challenger or incumbent campaign strategies, and pinpoint trends

in within-topic sentiment variations.

FIGURE 2. CCP-Controlled Media Facebook Post Sentiment, 2011-2022

—— Mean Facebook Post Sentiment Score per Month
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Note: Colour intensity signifies scatter point density with red indicating higher and yellow lower. The y-axis
measures each document’s proximity to the sentiment vector: higher values for positive sentiment, lower for
negative. The black line denotes average post sentiment.
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Measuring Sentiment in Topics

Sentiment has, thus far, been measured at the document level. This section extends this investigation to
explore sentiment within specific topics, linking these to the document-level sentiment scores. This
novel approach extends sentiment detection into specific topics, offering insights into how sentiment is
used within specific topic narratives in a large body of text. In the context of this analysis, this method
offers insights into the use of sentiment within specific narratives in the CCP’s digital public diplomacy.

To identify sentiment topic-level sentiment, I combine the document sentiment scores with a
Structural Topic Model (STM) with 100 topics of CCP-controlled media Facebook posts (Roberts et al.
2014). STMs are a category of topic modeling that applies unsupervised machine learning to organize
textual data into topics, generating semantically coherent themes within the documents (Ble12012).
Additional information on topic model training and topic number selection can be found in Appendix
H.

To examine the narrative approach taken within CCP digital public diplomacy messaging, I divide
the topics into three categories: domestic, international politics, and miscellaneous. As noted earlier,
an incumbent strategy in public diplomacy would be expected to emphasise domestic affairs under the
political actor’s governance, while a challenger strategy would be expected to target the state or political
system it seeks to challenge. For the CCP this is likely the Western-led international political system.

Here, these two strategies are operationalised by categorising topics into domestic and international
politics groups. These labels are assigned by manually examining the fifty posts that most closely align
with each topic. Topics predominantly discussing PRC events, people or locales are assigned to the
domestic group, while those that overwhelmingly focus on international politics or the PRC’s global
relations are tagged international politics. All remaining topics fall under the miscellaneous “other”
category. Complete topic lists, prevalence, and group assignments can be found in Appendix I.

Figure 3| shows the yearly average topic proportions per group. Topics discussing domestic affairs
and miscellaneous other topics account for a much larger share of CCP-controlled media posts than
international politics topics. Since mid-2018, CCP-controlled outlets have also heightened their
focus on domestic topics, posting a higher volume of content on domestic affairs than either other

miscellaneous topics or international politics.
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FIGURE 3. Mean Yearly Topic Proportions For International Politics Topics, Domestic Topics,
and Other Topics
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To measure sentiment within topic groups, I compute an annual sentiment score for each topic via a
weighted average of documents from the respective year. Let D, be the document set for year y, and 7

be a topic. The sentiment score for topic 7 at year y is S3. The is computed as follows:

v 2aep,Sa- P(7|d)
" Zyep, P(r]d)

(7)

where each weighting, P(7 | d), is the probability that document d is assigned to topic 7 according to
the topic model. To generate 95 percent confidence intervals for each topic-level sentiment score, |
apply a bootstrap approach, resampling yearly document populations with replacement, and calculate
topic-level sentiment scores. I repeat this process 10,000 times per year.

Figure {] shows the 2017 sentiment scores for the most prevalent 50 percent of topics, arranged by
decreasing sentiment, where again, the larger scores denote relatively more positive sentiment. This
year is chosen as it is the temporal midpoint in the data; graphs for earlier and later years reveal similar
patterns and can be found in Appendix J.

Figure [d]also illustrates the distinction between the sentiment used to discuss domestic topics versus
international politics topics. Five of the six most negatively portrayed topics discuss international

politics: “Military Events in the Middle East”, “US Politics”, “Relations Between North and South
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FIGURE 4. Topic-Level Sentiment Scores for the Most Prevalent Topics in 2017
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Note: This plot displays the sentiment scores for the top 50 percent of most prevalent topics in 2017, arranged in
descending order of sentiment value. Error bars illustrate 95% confidence intervals.

2

Korea”, “PRC Foreign Ministry Statements”, and “Conflicts Involving Russia”. For context, the topic
“PRC Foreign Ministry Statements” often refers to inflammatory or accusatory comments made by the
Foreign Ministry, or other diplomatic representatives on international affairs. In contrast, the other
prevalent topics mainly address domestic issues or other topics, with only two exceptions: “Xi Jinping’s
Diplomatic Engagements” and “PRC-Led International Cooperation”. Unlike the previously mentioned

international topics, these more positive topics describe the PRC’s actions in the international sphere.

The remaining topics relate to domestic or miscellaneous issues. Domestic topics cluster at the
top of the figure, many displaying highly positive sentiment scores. The most positive 2017 topics
include “Northwest Areas of the PRC”, “Archaeological Finds in the PRC”, “Floral Attractions in the
PRC”, and “PRC Social and Economic Reforms”. Overall, Figure 4| shows that CCP-controlled outlets
demonstrate a tendency towards positive language for domestic topics and negative language for topics

discussing the actions of other nation-states within the context of international politics.
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Figure [5|extends this analysis, using a violin plot to compare sentiment in CCP-controlled outlets
across the three topic categories: international politics, domestic topics, and miscellaneous other
topics. In this figure, I conduct an independent t-test to compare sentiment scores for domestic topics
and international politics for each year from 2011 to 2022 The figure shows the yearly difference
in mean sentiment scores (Au) between these groups, along with corresponding p-values. There is
a statistically significant difference in sentiment, with domestic topics consistently conveying more

positive sentiment than international politics topics.

FIGURE 5. Topic Sentiment Shifts Between 2011 and 2022

I |nternational Politics Topics
Other Topics
I Domestic Topics

[ : i I il

Topic Sentiment Score

Y

0.56

i

0.55 |

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
Ap=0.004  Ap=0.007 Ap=0.003  Ap=0.007  Ap=0.004 Ap=0.007 Au=0.005 Ap=0.006 Ap=0.007 Au=0.007 Au=0.008  Ap=0.008
p<<0.001 p<<0.001 p<<0.05 p<<0.001 p<<0.01 p<<0.001 p<<0.001 p<<0.001 p<<0.001 p<<0.001 p<<0.001 p<=<0.001

Note: This plot illustrates the difference in sentiment scores for domestic topics, international topics, and other
topics. Here, Au represents the mean of domestic topics minus international politics topics. The p-values refer
to the t-test on the mean sentiment scores between domestic topics and international politics for each year.

The large negative tails in domestic topics from 2020 to 2022 relate to domestic COVID-19 outbreak
topics, detailed in Appendix J. In short, Figure [5|indicates a consistent trend: CCP-controlled media
maintain significantly more positive discourse on domestic topics than on international politics, a
pattern that holds throughout the presence of these outlets on Facebook.

Supplementing Figure [5] Table [3|provides some practical context to the topic sentiment scores by

3The miscellaneous other topic group is visually included in the plot, but not in the t-test.
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featuring examples of highly negative international politics posts and highly positive domestic posts.

TABLE 3. Examples of Highly Negative International Politics Posts and Highly Positive Domestic
Posts

International Politics Posts

Date Post Text Document Sentiment Score

2020-07-28  Mike #Pompeo: Lies & slanders 0.462
#WelLiedWeCheatedWeStole

2016-09-12  #Editorial: Carter wrong to blame China for 0.478

#NorthKorea nuclear issue

2013-04-23  Op-ed: Unyielding stance deadlocks Iran-US talks 0.482

2021-10-22  EU, US send wrong signals on Taiwan, risking 0.483
miscalculation

2021-11-09  #ChinaDailyCartoon Imaginary enemy 0.486

Domestic Posts

Date Post Text Document Sentiment Score

2016-08-17  Magnificent Shenxianju Mountain in eastern China’s  0.648
Zhejiang province Shenxianju is a typical rhyolite
landform

2018-09-04  #ChinaTravelGuide Spectacular scenery of Mount 0.646

Huangshan

2019-12-19  Eggshell carving is a delicate and exquisite art! 0.646
#ChinaStory

2015-02-28  The vast, majestic scenery of #Turpan, #Xinjiang 0.645

#Uygur Autonomous Region. #UygurCulture
#AmazingChina

2016-09-08  Magnificent view of Kuitun Grand Canyon Photos 0.643
show the magnificent landscape of Kuitun Grand
Canyon at the northern foot of Tianshan Mountain
in Kuitun, Yili Prefecture, Xinjiang Uyghur
Autonomous Region. #AmazingPlacesinChina

These findings offer support for theorising that the CCP is employing a dual-track strategy in
its digital public diplomacy discourse, depicting the PRC as both an incumbent and a challenger.
CCP-controlled outlets typically use more positive language to highlight CCP’s governance in domestic
affairs, while also using more negative language in international politics discourse to challenge and
critique the existing international order. Notwithstanding, the CCP places greater emphasis on domestic

affairs, as reflected by the larger volume of content on this topic produced by these outlets.

AUDIENCE ENGAGEMENT WITH SENTIMENT

The focus thus far has been on messages published by CCP-controlled media on Facebook. Yet, what is
left to be determined is the extent to which audiences engage with these narratives and their associated

sentiments. To investigate this, I use regression analysis to examine the relationship between Facebook
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post sentiment and online audience engagement. Table ] summarises the results from four regression
models, each with different specifications. Appendix K provides further model details and robustness
checks.

Each model incorporates separate dependent variables to quantify the effect of sentiment on: (1) user
likes; (2) user comments; (3) post shares; and (4) overall engagement[*] Exploring varied engagement
measures as dependent variables ensures robustness of the results. Owing to overdispersion, I apply
a log transformation to each of these dependent variables. The four models assess the relationship
between a distinct measure for audience reaction and domestic and international topic proportions,
as well as the interaction between these proportions and the document sentiment scores. Model
controls include the number of media attachments (e.g., images or videos) in the post, the number of
URLSs contained in the post, post length (in words), the Facebook account’s subscriber count for the
CCP-controlled media outlet (scaled in units of 100,000 for interpretability), and a linear time trend.
Full model output is provided in Appendix K. Standardised coefficients are presented in the model
results, enabling a clear comparison of the effect magnitudes across different explanatory variables.
Figure [6] visualises these standardised coefficients.

Within each of the models, I focus on the interaction terms between domestic and international
politics topic proportions and sentiment, as these variables best capture the combined impact of
narrative and sentiment on audience engagement. The variables “Domestic TopicxSentiment” and
“Intl. Politics TopicxSentiment” respectively represent these interactions.

These interaction terms highlight a key nuance, that is, that the influence of topic on audience
engagement is modulated by the sentiment within the post. In all four models, positive sentiment
regarding domestic topics leads to higher audience engagement, while positive sentiment on international
politics tends to decrease engagement.

Simply put, CCP-controlled media outlets exhibit greater online engagement when they discuss

4In this study, “overall engagement” refers to all interactions received by each Facebook post, such as likes,
comments, shares, and all types of emoji reactions. However, emoji reactions, introduced on February 24, 2016
(Facebook|2016), were not available for the entirety of the study period. The model using overall engagement
primarily serves as a robustness check. The results from this model align with other models that consider

engagement types available throughout the entire study (likes, shares, comments).
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TABLE 4. Regression Analysis of User Engagement with Topic and Sentiment

Dependent Variables

log(Like Count) log(Comment Count) log(Share Count) log(Total Engagement)
Independent Variables 1) (2) 3) (4)
Document Sentiment Score 8.418*** 1.958*** 10.450*** 7.983***
(0.404) (0.306) (0.342) (0.402)
[0.070] [0.022] [0.104] [0.067]
Domestic Topic Proportion -7.789*** -6.259*** -6.577*** -8.221***
(0.404) (0.306) (0.343) (0.403)
[-0.788] [-0.836] [-0.794] [-0.834]
Intl. Politics Topic Proportion 11.346*** 17.726** 20.182*** 12.333***
(0.473) (0.358) (0.401) (0.471)
[1.004] [2.072] [2.131] [1.094]
Domestic TopicxSentiment 14.396*** 11.021** 12.021*** 15.057***
(0.702) (0.532) (0.595) (0.700)
[0.852] [0.862] [0.849] [0.894]
Intl. Politics TopicxSentiment ~ -20.252*** -30.081*** -36.333*** -21.974*
(0.825) (0.624) (0.699) (0.819)
[-1.022] [-2.007] [-2.190] [-1.168]
Controls X X X X
Linear Time Trend X X X X
Constant -2.063*** -1.408*** -5.152*** -1.761***
(0.232) (0.176) (0.197) (0.231)
N 781,260 781,260 781,260 781,260
R? 0.160 0.159 0.140 0.160

Note: * p < 0.05, ** p < 0.01, *** p < 0.001. Standard errors in parentheses and standardised coefficients in
square brackets. 'Controls’ include media attachments, URLs, post length, and subscriber count; see Appendix
K, Table K.2 for detailed results.

FIGURE 6. Standardized Coefficients of Predictors for Like Counts
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Note: The standardised coefficients for all variables and their confidence intervals are taken from Model 1.
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domestic affairs more positively and international politics more negatively. Other factors, such as the
number of media attachments, URL links, post text length, account subscriber count, and the linear

time trend are statistically significant in all models.

Collectively, all four models suggest that likes, comments, shares, and other reactions to CCP-
controlled Facebook posts hinge on both the discussed topic and its associated sentiment. In previous
sections, I discussed the dual strategy messaging of these outlets: positive sentiment for domestic
affairs and negative for international politics. The results from Table {| and Figure [6|indicate that online
audiences reward both of these approaches with higher levels of online engagement. Notably, the
interaction terms between topics and sentiment have larger standardised coefficients than the control
variables, underscoring their relative importance. This suggests that the persuasive strategies employed
by the CCP in its digital public diplomacy are effective in garnering attention and engagement from its

target audience.

These findings offer an intriguing departure from expectations from by campaigning literature,
which proposes that audiences engage more with negative campaign content that criticises rivals. In the
context of the CCP’s digital diplomacy campaigns, however, audience engagement levels are elevated
not only in response to negative messaging, but also positive sentiment about domestic conditions under
CCP governance. Three plausible distinctions between digital public diplomacy and typical democratic
campaigns may explain the elevated engagement with discussions of domestic affairs painted in a
positive light: (1) the audience for this campaign, (2) the nature of the nation-state conducting the

campaign, and (3) the nature of the message content. I briefly discuss each of these here.

First, while measuring audience engagement with Facebook posts lends insight into audience
responses to different messaging, it is important to note that these online audiences are not a
representative sample of the international population. Many individuals who are exposed to CCP-
controlled Facebook posts likely self-select into this exposure by liking or following these media
accounts. Moreoever, there are also concerns that the engagement statistics may not reflect genuine
user engagement due to potential inauthentic or paid accounts. Facebook have responded to these
concerns by reporting that inauthentic accounts represent less than 0.001 percent of the total followers

of CCP-controlled media pages, suggesting that the majority of engagement likely reflects genuine user
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interaction (The Economist|2019). While it would be beneficial to independently verify this claim,
unfortunately the opaqueness of Facebook data access presents challenges for outside researchers in
determining user authenticity. However, it is important to note that any engagement, authentic or not,
amplifies the content via social media algorithms and enhances the visibility of these messages to
wider audiences.

Second, the nature of the political actor conducting the campaign may influence audience engagement.
Here, an authoritarian nation-state’s ruling party, rather than a democratic political party, leads the
campaign, potentially affecting how audiences interact with positive content on international platforms.

Third, the positive content produced by this campaign is subtly different from that typically seen
within democratic contexts. It emphasises the nation-state’s domestic conditions, focusing on soft power
resources like language and culture. In democratic contexts, incumbents may highlight improvements
under their governance, such as economic advancements. This subtle difference in focus may account
for varied audience behaviour.

While beyond this article’s scope, future research could explore these campaign features to
understand why audience reactions to sentiment within digital public diplomacy campaigns are different

from the reactions observed from campaigns in a democratic context.

CONCLUDING REMARKS

The novel data and methods presented in this article offer important insights into the strategies and
goals of the CCP’s large-scale international influence campaign, advancing our understanding beyond
previous, topic-limited studies (Nordin|2016; (Callahan/[2015; Min and Luqiu 2021; Edney 2014).
These results uncover both the persuasive strategies employed by CCP-controlled media outlets, and
international audience responses to this campaign.

Analogous to political campaigns, digital public diplomacy shares the ambition of swaying public
opinion for political gain. I have argued that digital public diplomacy campaigns should be understood
as a form of political campaigning, and have tested whether these campaigns use narratives and
sentiment similarly to campaigns studied within democratic contexts (Nai2020; Crabtree et al.|2020;

Miiller|2022; | Auter and Fine|2016). In digital public diplomacy campaigns, sentiment choice mirrors
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the campaign actor’s political position: incumbents spotlight achievements via positive sentiment while
challengers criticise incumbents negatively.

The roles of incumbents and challengers are, however, less defined in public diplomacy, thereby
allowing nation-states flexibility in role adoption. By analysing public diplomacy strategies, this article
pinpoints the adopted roles and associated objectives in the context of the CCP’s ongoing campaign.
Here, the CCP emerges as both incumbent and challenger, using positive sentiment to extol domestic
conditions under its governance and negative sentiment to criticise international politics. Despite this
duality, CCP-controlled media place greater focus on domestic affairs, signalling the CCP’s intent to
portray itself predominantly in a positive manner as a competent incumbent.

Intriguingly, international audiences appear to reward both strategies with higher engagement,
attesting to the efficacy of the CCP’s approach. Unlike conventional wisdom from campaign literature,
positive sentiment about domestic conditions under CCP governance also raises engagement levels.
Future research might investigate this discrepancy by examining features that distinguish digital public
diplomacy campaigns from campaigns in a democratic context, such as the nature of the audience, the
political actor conducting the campaign, and the message content.

Methodologically, this article has introduced a novel minimally-supervised method to quantify
topic-level sentiment in text data. This technique combines word embeddings with a topic model to
capture relative sentiment, thus enabling cross-topic and temporal comparisons. Uniquely, this method
accommodates entire text for document-level sentiment calculation, thereby providing more precision
and versatility than dictionary-based approaches.

As online campaigning becomes a key statecraft tool, other nations may well also deploy sustained
online public diplomacy campaigns. The campaign literature proves insightful but insufficient, as
nations may adopt campaign strategies that differ from those used in democratic contexts. The evidence
from the CCP suggests that audiences react differently to digital public diplomacy campaigns, relative
to campaigns studied in a democratic context. By identifying authoritarian objectives in digital public
diplomacy narratives and demonstrating their ability to engage audiences, this study offers a robust

framework for future research.
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