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Systems that involve exploration in large environments can cause users to experience anxiety and uncertainty due to disorientation,
This issue 1is resolved in conventional screen-based systems by incorporating navigation aids in the user interface, such as displaying
a mini-map or an arrow on the screen. However, implementing the same approach in Virtual Reality (VR) systems can decrease the user's
sense of immersiveness, which is a main component of VR,

This independent study gathers datasets of head changes and movement speeds to explore whether participants feel discoriented or not.
The methodology in this study consists of two steps. First, collect behavioral data from participants using Unity Engine, with an
Oculus Quest 3 as the data collection device. Second, use the datasets to develop a Long-Short Term Memory (LSTM) model.

The model was trained using head movement and movement speed datasets from 22 participants can classify whether users experienced
anxiety due to disorientation.

Introduction

Virtual Reality 1is 1implemented 1in both gaming and specialized applications by creating
immersive environments that users can naturally interact with. Users can control their
viewpoint through intuitive head movements, making it feel more like exploring the real world.
This natural interaction helps users better understand and process their virtual surroundings.
Traditional applications rely on constant UI to guide users. but UI overlays in VR can break
immersion by blocking the user's view and pulling attention away from the virtual world. To
solve this 1issue, researchers are developing prediction models to detect whether users are
feeling lost.

(Alghofaili, 2019) have created models that use gaze direction to determine when navigation
assistance should be provided to users., Studies have shown these models can effectively
predict moments when players are feeling lost in virtual environments. Additional factors like
head orientation and movement speed have been represent as indicators of user disorientation.
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I. Data Gathering: Collect Data while participants play VR II. Data Preprocessing & Model Training
™ The VR %imulation i§ created Original Data Sliding Window
B to  monitor  behaviour  of DBEB0EO0E The collected datasets convert into
33 s participant to explored to sequences with sliding window technique.
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