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Abstract

In recent years, with the popularization of large language models such as ChatGPT,
Generative Artificial Intelligence (Generative Al) has exerted a disruptive impact on
information retrieval and distribution models. Traditional Search Engine Optimization
(SEO) is gradually giving way to Generative Engine Optimization (GEO). The core
goal of GEO is to optimize the visibility, credibility, and algorithm adaptability of
content, ensuring that information can be accurately learned and presented in the output
results of generative Al

From an interdisciplinary perspective encompassing journalism and
communication studies, cognitive psychology, and other fields, this paper systematically
analyzes the key mechanisms, ethical dilemmas, and risk characteristics behind GEO
practices—with a particular focus on issues such as intellectual property ownership,
algorithmic bias, interpretability, and disinformation. The study reveals that GEO may
not only reshape the current pattern of information production and communication order
but also exacerbate the risks of imbalance in the information ecosystem and
centralization of power.

In response to the aforementioned challenges, this paper proposes five coping
strategies, including the in-depth integration of technology and ethics, transparency
development, decentralization of the content ecosystem, and enhancement of the
public’s Al literacy. The research presented in this paper not only expands the
theoretical framework in the context of generative communication but also provides

actionable recommendations for GEO practices.

Keywords:Generative Engine Optimization;GEO;Generative Artificial Intelligence;

Human-Machine Trust; Explainability
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1 Park, P. S., Goldstein, S., O’Gara, A., Chen, M., & Hendrycks, D. Al deception: A survey of examples, risks, and
potential solutions [J]. Patterns, 2024, 5(5).

121 Chen M, Wang X, Chen K, et al. Generative Engine Optimization: How to Dominate Al Search[J]. arXiv preprint
arXiv:2509.08919, 2025.

Bl Chen M, Wang X, Chen K, et al. Generative Engine Optimization: How to Dominate Al Search[J]. arXiv preprint
arXiv:2509.08919, 2025.

[4] Park, P. S., Goldstein, S., O’Gara, A., Chen, M., & Hendrycks, D. Al deception: A survey of examples, risks, and
potential solutions [J]. Patterns, 2024, 5(5).
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S| AR (Statistics Addition) [f) GEO J7 8844 W2 AT WAL ST 40%, 17
KA HER] (Keyword Stuffing) A IIAAR1EIC (Unique Words) 7712 ANRE

[5] Aggarwal P, Murahari V, Rajpurohit T, et al. Geo: Generative engine optimization[C]//Proceedings of the 30th
ACM SIGKDD Conference on Knowledge Discovery and Data Mining. 2024:5-16.
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1) Aggarwal P, Murahari V, Rajpurohit T, et al. Geo: Generative engine optimization[C]//Proceedings of the 30th
ACM SIGKDD Conference on Knowledge Discovery and Data Mining. 2024:5-16.

[ Chen M, Wang X, Chen K, et al. Generative Engine Optimization: How to Dominate Al Search[J]. arXiv preprint
arXiv:2509.08919, 2025.
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181 Bender E. M., Gebru T., McMillan-Major A., Shmitchell S. On the dangers of stochastic parrots: Can language

models be too big?[A]. Proceedings of FAccT[C], New York: Association for Computing Machinery, 2021: 610-623.

Pl Martin Kretschmer, Bartolomeo Meletti, Luis H Porangaba. Artificial intelligence and intellectual property:
copyright and patents—a response by the CREATe Centre to the UK Intellectual Property Office’s open co

nsultation[J]. Journal of Intellectual Property Law & Practice, 2022, 17(3):321-326.

1101 Pickard V. Democracy without journalism? Confronting the misinformation society[M]. %% 1 h& . Oxford

University Press, 2022.

U1 Chanakya, C.N. Al and the Newsroom: The Impact of Artificial Intelligence on Journalistic Practices and Ethics

[J]. Journal of Business, IT, and Social Science, 2022.

[12] Samuelson P. Generative Al meets copyright law[J]. Communications of the ACM, 2023, 66(3):30-33.

(131 E] Mestari, S. Z., Lenzini, G., & Demirci, H. Preserving data privacy in machine learning systems[J]. Computers

& Security, 2024, 137:103605.
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A NG5t AT RE 2 AR AL BOWUSE A 81 o S SRS ) T AL s, AT SEA ]
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LU AT AR, AR AT S K A T REAR A 1k, BRI R HERS, H
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ZiA . AR AL BT W 2 R 5 TR AL PR SRS, B RS SRR
5 BB gy, SR, XA AR SLPEAE SC R IR AR SE AR, BN, AT RS
THOL T AT RE 2 BRA 7 AR ST, M0 T i r s AR A 3 0 L1

U4 Lemley M. A., Casey B. Fair learning[J]. Texas Law Review, 2021, 99(4): 743-786.

U1 Lewis S. C., Westlund O. Big data and journalism: Epistemology, expertise, economics, and ethics[J]. Di
gital Journalism, 2015, 3(3):447-466.

1% Noble, S. U. Algorithms of oppression: How search engines reinforce racism[M]. New York: New York
University Press, 2018.

7l Radanliev, P . Al Ethics: Integrating Transparency, Fairness, and Privacy in Al Development[J]. Applied
Artificial Intelligence, 2025, 39(1).

U8 Barocas, S., Hardt, M., & Narayanan, A. Fairness in machine learning[R]. NIPS Tutorial, 2017.

U9 Tufekci, Z. Algorithmic harms beyond Facebook and Google: Emergent challenges of computational agen
cy[J]. Journal on Telecommunications & High Technology Law, 2015, 13:203-218.

1201 Pariser, E. The filter bubble: What the Internet is hiding from you[M]. London: Penguin Press, 2011.

(211 Noble, S. U. Algorithms of oppression: How search engines reinforce racism[M]. New York: New York
University Press, 2018.
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1221 Tufekci, Z. Algorithmic harms beyond Facebook and Google: Emergent challenges of computational agen
cy[J]. Journal on Telecommunications & High Technology Law, 2015, 13:203-218.

1231 Helberger, N., Karppinen, K., & D'Acunto, L. Exposure diversity as a design principle for recommender
systems[J]. Information, Communication & Society, 2019,21(2):191-207.

(41 Diakopoulos, N. Accountability in algorithmic decision-making[J]. Communications of the ACM, 2016,
59(2):56-62.

By F Ry, BERA, RIEMR, F. LW HESFRKR: W HM AL A E
[EB/OLY]. https://www.thepaper.cn/newsDetail forward 31251274, 2025-07-29.

[26] Chen M, Wang X, Chen K, et al. Generative Engine Optimization: How to Dominate Al Search[J]. arXiv preprint
arXiv:2509.08919, 2025.
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127 Gillespie, T. The relevance of algorithms[A]. Crawford, T., Gillespie, H. (Eds.). Media Technologies: Essays on
Communication, Materiality, and Society[C]. Cambridge: MIT Press, 2014:167-194.

1281 Pasquale, F. The black box society: The secret algorithms that control money and information[M]. Cambridge:
Harvard University Press, 2015.

1291 Tufekei, Z. Algorithmic harms beyond Facebook and Google: Emergent challenges of computational agency[J].
Journal on Telecommunications & High Technology Law, 2015, 13(1):203-218.

1301 Noble, S. U. Algorithms of oppression: How search engines reinforce racism[M]. New York: New York University
Press, 2018.

BY Vosoughi, S., Roy, D., & Aral, S. The spread of true and false news online[J]. Science, 2018,
359(6380):1146-1151.
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B2l Brown, T., Mann, B., Ryder, N., et al. Language Models are Few-Shot Learners[J]. Advances in Neural
Information Processing Systems, 2020, 33:1877-1901.

B3I Rini, R. Deepfakes and the Epistemic Backstop[J]. Philosophy & Technology, 2021, 34(2):349 - 371.

B4 Ferrara, E., Cresci, S., & Luceri, L. Misinformation, manipulation, and abuse on social media[J]. ACM SIGKDD
Explorations Newsletter, 2020, 22(2):1-9.

BS Vosoughi, S., Roy, D., & Aral, S. The spread of true and false news online[J]. Science, 2018,
359(6380):1146-1151.

B¢l Siau, K., & Wang, W. Building trust in artificial intelligence, machine learning, and robotics[J]. ACM Transactions
on Management Information Systems (TMIS), 2018, 9(3):7.

B7) Wardle, C., & Derakhshan, H. Information disorder: Toward an interdisciplinary framework for research and
policy making[R]. Strasbourg: Council of Europe, 2017.

B8 Zhou, X., & Zafarani, R. Fake news: A survey of research, detection methods, and opportunities[J]. ACM
Computing Surveys (CSUR), 2020, 53(5):1-40.

B9 Sundar, S. S. The MAIN model: A heuristic approach to understanding technology effects on credibility[A].
Metzger, M. J., & Flanagin, A. J. (Eds.). Digital Media, Youth, and Credibility[C]. Cambridge: MIT Press,
2008:73-100.
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%01 Couldry, N., & Hepp, A. The mediated construction of reality[M]. Cambridge: Polity Press, 2017.
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