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46 < Deconstructing the “Information Cocoon”: The Dynamic Interaction of

Algorithms User Preferences and the Information Ecosystem

* Qu Runze Xu Jinghong

This study integrates structural equation modeling and fuzzy-set qualitative comparative
analysis to test an “algorithm-user preferences-information ecosystem ” model of
information cocoon formation. Results show that perceived algorithmic personalization
and cognitive bias resonate along the pathway and deepen information cocoons while
perceived algorithm transparency attenuates cocoons both directly and indirectly by
stimulating active information seeking and increasing informational and social-interaction
diversity. Fuzzy-set qualitative comparative analysis further identifies multiple equifinal
configurations for cocoon formation and mitigation highlighting information diversity
and social network interaction diversity as pivotal levers and transparency as a boundary
condition across pathways. These findings inform actionable interventions that combine

transparency design diversity enhancement and nudges for active seeking.

71 + Constructing a Hierarchical Model of Human-Machine Trust Ecology:

Narrative Analysis of LLM User Interviews

» Li Xiaojing Zhang Min Wang Yuchen

The rapid development of new-generation artificial intelligence ( AI)  represented by
large language models ( LLMs) has impacted the existing information ecology and trust
systems of human society. Technology has become a new object of human trust
integrating human-machine trust into the broader framework of media trust and social
trust. This study grounded in media trust and information ecology theory employed

narrative analysis of in-depth interviews with 46 LLM users to define human-machine

157



