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Abstract:

Personality trait detection has a wide range of applications, including marketing, customer rela-
tionship management, and online safety. Machine learning approaches for automatic personality
trait detection based on various user input has attracted much attention in recent years. In this pa-
per, we study the application of deep learning to personality trait detection based on user essays
in text format. Our work outperforms state-of-the-art by 1.03 percent in average personality trait
accuracy, where the previous state-of-the-art was only able to improve its predecessors accuracy
by 0.55 percent in the same metric. Also, our approach is more computationally efficient with a
training time speed up of 450 percent using a combination of classical and deep learning methods.
We provide experimental results for a wide range of deep learning architectures, including various
word-embeddings and different approaches to sentence and document vector representation. Our
best performing architecture combines BERT word embeddings to represent a document and then
uses an SVM classifier for classification. Finally, we get higher accuracy and more efficient mem-
ory usage by splitting each document into several chunks as a preprocessing step. We use majority
vote from each chunk to determine the final class for each document and outperform all prior work

on this task.

Keywords: Personality Traits, Neural Networks, Text Classification, Deep Neural Networks
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