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Abstract  With the rise of mobile internet usage, the importance of social media in information
dissemination has become increasingly prominent. At the same time, substantial evidence shows
that social media optimization has been widely applied in fields such as commercial marketing,
political propaganda, and opinion dissemination. Notably, large language model technologies, re-
presented by ChatGPT, are being utilized as tools to further lower the threshold for social media
optimization. Researchers focus on these optimization techniques and their potential risks contin-
ues to grow. For instance, in 2023, Meta published four landmark papers in Science and Nature ,
exploring the impact of social media on stances, attitudes, and behaviors during the 2020 U. S.
election. However, existing research on social media optimization, conducted from three perspec-
tives—revealing and quantifying phenomena, analyzing implementation processes, and discussing

application impacts—has mainly focused on confirming the existence of malicious optimization. It
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This has led

to a lack of systematic and comprehensive summarization and organization, offering limited guid-

has also concentrated on revealing and quantifying such behaviors in specific events.

ance for understanding research in this field or addressing the risks and harms posed by optimiza-
tion. To address this gap, this paper systematically reviews research on social media optimization
by synthesizing insights from computer science, media studies, law, and industry, examining the
issue from both macro and micro perspectives. At the macro level, this paper organizes relevant
cases and research on social media optimization, providing a clear definition of the concept for the
first time. Social media optimization refers to the organized and deliberate dissemination or sup-
pression of specific information or viewpoints through social media platforms, with the aim of
shaping or damaging the image or arguments of specific interests, thereby influencing public
opinion. Furthermore, this paper identifies three core elements of social media optimization: op-
timized content, controllable accounts, and optimization activities, and summarizes the relation-
ships among them. The combination of these three elements enables the implementation of a so-
cial media optimization campaign. At the micro level, this paper first examines each of the three
core elements—optimized content, controllable accounts, and optimization activities—in light of
the development of emerging technologies such as large language models, delving into their defi-
nitions, classifications, acquisition methods, and identification techniques. Next, the paper dis-
cusses methods for measuring social media optimization from four perspectives: the scale of ex-
posed optimization behaviors, the degree of impact on real-world events, the extent of influence
on group cognition, and the platform’s ability to counteract optimization, summarizing the cur-
rent progress in quantitative research on social media optimization. Additionally, from both tech-
nical and social governance perspectives, the paper analyzes measures to address malicious social
media optimization, including the use of artificial intelligence to identify optimization behaviors,
fact-checking to verify information authenticity, evaluating and enhancing algorithmic reliability,
government policy-making and regulation, platform norms and information transparency, and
public oversight. Finally, the paper concludes by summarizing social media optimization, high-
lighting the challenges in the field, and proposing directions for future research. This provides
valuable references and insights for the in-depth analysis of social media optimization behaviors
and addressing the issues arising from malicious optimization.

Keywords  social media optimization; disinformation; social media bots; computational propa-

ganda;lardge language model
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ing research lacks a systematic analysis and comprehensive
understanding of social media optimization. This paper pro-
vides a systematic review of the theories and research related
to social media optimization, aiming to offer strong guidance
for analyzing optimization behaviors on social media and ad-
dressing the issue of malicious social media optimization.

By conducting in-depth research in the field of social
media optimization, this paper begins by defining relevant

terms and concepts of social media optimization based on ex-
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isting discourse. Social media optimization refers to the or-
ganized and intentional dissemination or suppression of spe-
cific information on social media platforms to create favorable
or unfavorable images or arguments that influence public
opinion. The paper clearly defines social media optimization
and proposes three elements of social media optimization:
optimized content, controlled accounts, and optimization ac-
tivities. It deeply analyzes the issue of social media optimiza-
tion from the perspectives of classification, generation, and

identification of these three elements. At the same time, in

order to keep up with the latest developments in optimization
research, the paper organizes measurement methods of social
media optimization from four perspectives: the scale of expo-
sure of optimization actions and the degree of impact on real-
world events. Furthermore. to address malicious social
media optimization, the paper introduces countermeasures
against it from two perspectives: technical measures and so-
cial governance. In addition, the paper offers some thoughts
on the challenges and development trends faced by research

on social media optimization.





