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Abstract

The objective of this thesis is to study and identify factors that influence behavior and
interest in selecting content related to children's products on social media. Creating engaging and
standout content has become a challenge, especially for children's products where credibility and
quality are paramount. Therefore, the research team conducted a study to determine these factors
across various platforms such as Facebook, Twitter (X), Instagram, YouTube, TikTok, and forums.
The data was collected using Zocial Eye, cleaned and categorized with Visual Studio Code, and
presented using Tableau. The study's findings revealed several key factors influencing interest: 1)
Presenters or celebrities with young children are particularly effective at attracting attention, as the
appeal of children generates interest. 2) Hashtags (#) encourage users to click and explore the
content associated with them. 3) Eye-catching images or videos draw more attention and increase
the likelihood of clicks. 4) Comments and interactions, such as posts with many likes or comments,
arouse curiosity and interest as people wonder why there is high interaction. 5) Campaigns or
activities offering free gifts or prizes from influencers significantly increase interest and
engagement. These factors help brands and businesses understand how to create engaging content
in the social media era and apply these insights to marketing strategies and communication with

target audiences effectively.
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