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1. Introduction 4. Results

In 2025, ~3.6 billion people play digital games[1] 4.1 In-game Profiles 4.2 Linking with Psychosocial data
Playing games can have advantages like stress
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| | | 5. Discussion 6. Limitations and Future Work
Fig. 1. Profile memberships

where N, is left and N s right » Difficult to make any causal claims with current study, but learned insights * Initial sample used to seed and create the game dataset is not

+  5/8 profiles have significantly fewer members proportionally can guide further research like more targeted hypothesis testing and necessarily representative of the global player base

(<10) with self-report data (N.), so we focus on interpreting causal modelling to inform policies on gaming and wellbeing The dataset was collected over a shorter period -- can’t

the profiles that have more members: Flex, PFrag, Social Commonly argued that certain games/genres are most determine deep causes or long-term effects
harmful/problematic [10], but findings show that it’s more about the Stability of player profiles over time is unknown i.e. would the
context of how, when, why, and with whom you play profiles stay the same in a different “meta”

Refe rences i _:.1- _ Methodologically provides an approach to generate insights without fully Methodology is reliant on publicly-accessible APls, but not all
s labeled datasets genres of games have them



	Untitled Section
	Slide 1


