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Abstract: The study of personalities is a major component of human psychology and with the under-
standing of personality traits, practical applications can be used in various domains, such as mental
health care, predicting job performance and optimising marketing strategies. This study explores the
prediction of Big Five personality trait scores from online comments with transformer-based language
models, focusing on improving model performance with a larger dataset and investigating the role of
intercorrelations among traits. Using the PANDORA dataset from Reddit, RoBERTa and BERT models,
including both base and large variants, were fine-tuned and evaluated to determine their effective-
ness in personality trait prediction. Compared to previous work, our study utilises a significantly
larger dataset to enhance model generalisation and robustness. The results indicate that RoBERTa
outperforms BERT across most metrics, with RoBERTa large achieving the best overall performance. In
addition to evaluating overall predictive accuracy, this study investigates the impact of intercorrela-
tions among personality traits. A comparative analysis is conducted between a single-model approach,
which predicts all five traits simultaneously, and a multiple-models approach, fine-tuning models inde-
pendently, each predicting a single trait. The findings reveal that the single-model approach achieves
lower RMSE and higher R2 values, highlighting the importance of incorporating trait intercorrelations
in improving prediction accuracy. Furthermore, RoBERTa large demonstrated a stronger ability to
capture these intercorrelations compared to previous studies. These findings emphasise the potential
of transformer-based models in personality computing and underscore the importance of leveraging
both larger datasets and intercorrelations to enhance predictive performance.

Keywords: natural language processing (NLP); personality; automatic personality recognition; ma-
chine learning; personality computing; Big Five personality traits

1. Introduction
1.1. Background

Personality traits are stable patterns of thoughts, emotions, and behaviours that indicate a consis-
tent tendency to react in specific ways across different situations [1]. The study of personalities is a
major component of human psychology, and extensive studies have been conducted to understand
human behaviour, emotions, and social interactions. With the understanding of personality traits, the
practical applications can be used in various domains, such as mental health care [1], predicting job
performance [2], optimising marketing strategies [3] and enhancement of recommendation systems [4].

Various personality taxonomies have been developed to comprehend and assess personality. For
example, the Big Five Model [5] and the Myers-Briggs Type Indicator (MBTI) [6]. The Big Five Model
emerged as one of the most widely utilised frameworks for personality evaluation due to its strong
empirical backing and proven applicability across different cultures [7,8]. The Big Five Model consists
of five key dimensions: Openness (OPE), Conscientiousness (CON), Extraversion (EXT), Agreeableness
(AGR), and Neuroticism (NEU).
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Personality trait assessments have traditionally depended on questionnaire-based methods,
self-reports or other reports [9]. Some well-known questionnaires that are used to assess the Big
Five personality traits include the Revised NEO Personality Inventory (NEO-PI-R)[10] and the Big
Five Inventory (BFI) [11]. These questionnaires generally include a set of items or statements that
participants evaluate by indicating their level of agreement or preference on a scale. The answers are
subsequently scored and analysed to generate personality trait scores or profiles for each individual [12].
However, these questionnaire-based methods tend to be labour-intensive and time-intensive [9].

However, in the last decade, social media has revolutionised the way individuals express them-
selves, communicate, and engage with the world. With billions of users actively sharing their thoughts,
experiences, and opinions online, social media platforms have become a rich data source reflecting
diverse human behaviours and characteristics [13]. Researchers have recognized the opportunity to
explore users’ personalities based on their social media posts and profiles using automated personality
assessment methods, giving rise to the field of Personality Computing (PC).

PC is an emerging field that bridges personality research and computer science using compu-
tational methods and machine learning techniques [14]. It aims to identify and analyse personality-
related information, such as Big Five personality trait scores, by utilising techniques such as Natural
Language Processing (NLP) and Machine Learning (ML) algorithm to process information encapsu-
lated in various forms, including written text [15], smartphone interactions [16], speech patterns [17],
and gameplay behaviour [18]. ML algorithms are trained to analyse this information automatically
and predict self-reported personality trait scores or other-reported trait scores using signals detected
by the system [14]. This eliminates the need for human evaluators, decreasing labour and reducing
time consumption.

Previous research used leveraged architectures such as Recurrent Neural Networks (RNN) to
predict personality trait scores and had shown substantial results [19]. However, with the emergence of
transformers such as the Bidirectional Encoder Representations from Transformers (BERT), which were
trained on extensive collections of text, have demonstrated exceptional performance across various
tasks [20]. These advancements have also significantly propelled the development of automated PC.

Although numerous studies have focused on predicting personality trait scores, the intercorre-
lations between traits have not been sufficiently explored, despite being considered essential for a
deeper understanding of the underlying structure of personality [9]. This has led studies to focus on
this gap in the field, deepening the understanding of the intercorrelations of the personality traits [21].
However, no study mentioned has proven the efficiency of the intercorrelations of personality traits.

This paper presents a detailed methodological framework, outlining the preprocessing steps and
the implementation of the models on a larger dataset compared to previous work [21]. Specifically, the
BERT model [20] and the RoBERTa model [22], an advanced version of BERT known for its ability to
comprehend context and semantics in text, were tested. Their results were then analysed to identify
the optimal model for predicting personality trait scores within the chosen models. Furthermore, the
impact of personality trait intercorrelations in improving the prediction of personality trait scores was
investigated to highlight its importance.

1.2. Problem Definition

Understanding personality traits from social media data has garnered significant attention due
to its broad applications in fields such as psychology [23] and marketing [3]. However, in previous
work [21], only a subset of the dataset was used, which limited the model’s ability to generalise to
the broader online population. By utilising the full dataset, this study aims to enhance the model’s
robustness and improve its applicability to diverse user-generated content. The performance of several
models was evaluated to identify the most effective approach for accurately predicting personality
trait scores from text data.

Furthermore, while many studies focus on predicting individual personality trait scores, the
intercorrelations between traits remain relatively underexplored [9]. This gap limits our understanding
of the structure of personality and its influence on prediction accuracy.
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To address this issue, this paper examines how incorporating intercorrelations among traits
impacts predictive accuracy, demonstrating that leveraging these relationships enhances model perfor-
mance and contributes to the development of more robust personality prediction models.

2. Literature Review
2.1. The Big Five

The Big Five Model, also referred to as the OCEAN model, is a widely accepted taxonomy that
represents personality traits along a dimensional structure. [5]. Independent research groups have
investigated this taxonomy [5,24,25], which have consistently identified five distinct dimensions (traits)
that account for inter-individual differences in personality [9]. The five different traits include [26] :

1. Openness: characterised by a keen intellectual curiosity and a desire for new experiences and
diversity.

2. Conscientiousness: demonstrated through traits such as discipline, organisation, and achievement-
orientation.

3. Extraversion: marked by increased sociability, assertiveness, and talkativeness.
4. Agreeableness: refers to being helpful, cooperative, and sympathetic towards others.
5. Neuroticism: refers to the degree of emotional stability, impulse control, and susceptibility to

anxiety.

These five traits, while distinct, often exhibit meaningful intercorrelations, forming a cohesive
personality profile. Additionally, these personality dimensions play a crucial role in forecasting
individual behaviours and life outcomes. For instance, Conscientiousness has consistently been linked
to job performance across all occupations [27]. On the other hand, Neuroticism is strongly associated
with challenges in psychological adjustment and emotional stability, indicating individuals with
high Neuroticism are more prone to experiencing negative moods and physical issues [28]. Thus,
understanding these traits and their interrelations can provide valuable insights into predicting various
aspects of an individual’s behaviour, career success, and overall well-being.

2.2. Intercorrelation of Big Five Personality Traits

The Big Five personality traits, though categorised separately, are not entirely independent;
instead, they show meaningful intercorrelations that reflect underlying patterns in personality, a
finding consistently highlighted by questionnaire-based approaches. For example, Digman [29]
reported a mean correlation of 0.26 across all traits after analysing data from 14 studies, examining the
inter-scale correlations among the Big Five personality traits. Similarly, J. Philippe Rushton et al. [30]
conducted a meta-analysis highlighting significant intercorrelations among the Big Five personality
traits. For instance, Extraversion and Openness exhibit a strong positive correlation with a coefficient of
0.413. Similarly, Agreeableness and Conscientiousness also show an equally strong positive correlation,
with the same coefficient of 0.413.

Van der Linden et al. [31] also examined the intercorrelations among the Big Five personality
traits, revising the correlation between Extraversion and Openness to 0.43. Additionally, they reported
a strong positive correlation of 0.43 between Conscientiousness and Agreeableness. In contrast, they
identified a negative correlation of -0.43 between Conscientiousness and Neuroticism and a negative
correlation of -0.36 between Agreeableness and Neuroticism.

Research such as the ones mentioned above suggests that certain pairs of Big Five traits often show
positive correlations. For instance, individuals high in Openness frequently display sociable and out-
going behaviours, which are characteristic of Extraversion. Similarly, those high in Conscientiousness
are often cooperative and considerate, behaviours associated with Agreeableness.

Conversely, some traits tend to exhibit negative correlations. High Neuroticism is often asso-
ciated with lower Conscientiousness, which suggests difficulties in maintaining organisation and
self-discipline. Likewise, individuals with high Neuroticism scores tend to have low Agreeableness,
indicating possible difficulties in cooperating and being considerate toward others.[30][31].
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While such intercorrelations and patterns are commonly observed in research, they should not
be regarded as absolute. Moreover, the study of these intercorrelations remains under-explored in
the emerging field of personality computing [9]. Given the importance of intercorrelations to the
foundation of personality trait theory, further research and integration in this area could significantly
enhance the understanding of how personality traits interact and influence one another.

2.3. Personality Computing

Personality computing, an interdisciplinary field that bridges psychology and computer science,
has its roots in traditional personality assessments, based primarily on questionnaires [10,11]. However,
these traditional methods tend to be labour-intensive, time-intensive and susceptible to biases such
as social desirability or lack of self-awareness [9]. As the field advanced, researchers began to seek
alternative data sources and methodologies that could overcome these limitations and provide richer,
more dynamic insights into personality. This shift was catalysed by the rapid expansion of the internet,
which emerged as a potentially rich source of behavioural data.

The researchers started investigating using social media text to predict personality traits based
on the Big Five traits and have seen the success of using information on social media platforms as
a valuable data source. Some of the earlier works involve using smaller sources of data such as
essays [15,32] and blogs [33]. The release of the MyPersonality dataset [34], which contains information
such as user profiles and labels for the Big Five model, from the widely used social media platform
Facebook 1, was very successful and became a turning point for the field of personality computing.
However, due to privacy concerns, most of the dataset was removed.

The automatic personality trait detection methods from texts generated by online users are divided
into two categories: the lexical method and the open vocabulary machine learning method [35].

The lexical method is most commonly represented by Linguistic Inquiry and Word Count
(LIWC) [36,37]. LIWC is a text analysis tool that classifies words into psychological, linguistic, and
cognitive categories. Its purpose is to analyse individuals’ emotional, social, and psychological states
based on their written language. It works by matching words to a predefined dictionary and measuring
the frequency of words in specific psychological or linguistic categories. These psychological features
have been widely used as inputs for machine learning models in personality detection studies [14,23].
However, despite its popularity, LIWC has several limitations. One major drawback is its limited
language support, as it only covers a small selection of languages [38]. Furthermore, LIWC relies
solely on basic dictionary look-ups and word matching, making it unable to understand the context or
interpret metaphorical language [39].

In contrast, the open vocabulary method analyses text data using machine learning and NLP
techniques without relying on a predefined dictionary. This approach identifies patterns and linguistic
features linked to psychological traits in the text
[40]. Open-vocabulary methods have demonstrated the ability to uncover more precise patterns
across various content domains, handle ambiguous word meanings more effectively, and are less
prone to misinterpretation. These advantages make open-vocabulary methods particularly effective in
capturing the subtlety of everyday psychological processes [41].

Recently, deep neural networks (DNN) and large language models (LLM) have gained consider-
able attention for their ability to model complex relationships within textual data, leading to significant
advances in NLP applications [42]. These techniques have also been applied to personality computing.
Tadesse et al. [43] used methods such as multilayer perceptron, Long Short-Term Memory (LSTM),
Gated Recurrent Unit (GRU), and 1-Dimensional Convolutional Neural Networks (1-DCNN) to predict
personality traits based on user behaviour on the Facebook platform. These methods helped to extract
behavioural patterns from social media activity and text. Similarly, Xue et al. [42] employed deep
learning-based methods to recognise personality traits from text posts on online social networks,

1 Facebook (https://www.facebook.com)
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utilising DNNs and LSTMs to capture complex relationships in the data and uncover complex patterns
linked to personality traits.

In another study, Arijanto et al. [44] leveraged BERT to analyse Twitter data and predict personality
traits. Additionally, Mehta et al. [45] highlighted the value of integrating psycholinguistic and language
model features, such as BERT, to enhance personality prediction performance. BERT excels in this task
due to its ability to process complex language structures and semantic meanings [20], allowing it to
detect subtle psychological traits embedded within the text.

The range of studies and approaches demonstrates the versatility and potential of the open
vocabulary method in advancing automated personality computing.

3. Methodology
3.1. Dataset

The PANDORA dataset [46], sourced from Reddit 2, was utilised in this study’s experiments.
It comprises over 17 million comments on subreddits from over 10,000 users (authors), each anno-
tated with self-reported personality labels. It provides three personality models: the Big Five, the
Myers–Briggs Type Indicator (MBTI) [6], and the Enneagram [47]. However, only the Big Five data was
used for the experiments in this study. Additionally, the PANDORA dataset includes demographic
information of some authors such as gender, age, and country. Table 1 provides an overview of the
dataset attributes, while Table 2 details the total number of authors with complete personality labels
along with their corresponding comments.

Table 1. PANDORA dataset details. *Note: Demographic labels were not available for all authors. Only the three
most common languages in the dataset are listed.

Attributes Details

Source Reddit
Period 2015-2020
Total authors 10,295
Total comments 17,640,979
Demographic labels Age, Gender, Location*
Language English, Spanish, French*

Table 2. Number of comments and authors with complete personality labels

Personality taxonomy Number of authors Number of comments

MBTI 9,067 15,555,974
Big Five 1,568 3,006,567
Enneagram 794 1,458,816
Big Five + MBTI 377 1,045,375
Big Five + Enneagram 64 235,883
MBTI + Enneagram 793 1,457,625
Big Five + MBTI + Enneagram 63 234,692

The MBTI9k dataset, based on the Pushift Reddit dataset with comments dating back to 2015,
served as the foundation for the PANDORA dataset. Flairs—short descriptions users add to their
profiles on various subreddits—and occasionally comments were used to collect MBTI and Enneagram
labels, as these were easier to identify compared to Big Five personality trait scores.

In contrast, Big Five scores were more challenging to gather due to their varied reporting formats
depending on the test taken. Unlike MBTI and Enneagram labels, Big Five scores were typically not
included in flairs but rather found in comments replying to posts about specific online tests.

To extract Big Five personality scores from Reddit comments, a semi-automatic process was
employed to address the unstandardised formats and lack of flairs. Comments mentioning traits

2 Reddit (https://www.reddit.com)
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were first retrieved and linked to posts referencing specific tests, identified through provided links.
Comments tied to text-based prediction services were discarded, and scores were extracted using
test-specific regular expressions.

The extracted scores were manually verified to ensure the accuracy of the data and its association
with the correct comments. For comments lacking identifiable links, a test identification classifier,
with an F1-macro score of 81.4%, was used to determine the referenced tests. The score extraction
procedure was then repeated for these comments, yielding a total of 1,608 authors’ Big Five personality
trait scores.

The dataset was distributed in two separate CSV files: one containing author information and
the other containing their generated text. Some authors had missing information, which, as noted in
the PANDORA paper, may have been excluded from the dataset upon request. Additionally, authors
with incomplete Big Five scores were removed to ensure data consistency for the experiments. These
exclusions resulted in fewer authors included in this study compared to the number reported in the
original paper.

From the first file, authors with complete Big Five scores were identified. Their correspond-
ing comments from the second file were then extracted and combined into a single dataset. After
processing, the final dataset included 1,568 authors, yielding a total of 3,006,567 comments.

The dataset is divided into three subsets: the training, validation, and test sets. First, the dataset
is split into a training set and a test set, with 70% of the data allocated to the training set and the
remaining 30% to the test set. This ensures that the test set remains independent and is used solely
for the final evaluation of the model. To maintain reproducibility, the split is performed using a fixed
random state of 42.

Next, the training set obtained from the initial split is further divided into a smaller training set
and a validation set. The validation set accounts for 20% of the original training set, which corresponds
to 14% of the total dataset. The remaining 56% of the total data is used as the final training set. Similarly,
the random state is fixed at 42 during this second split to ensure consistency.

3.2. Data Cleaning and Preprocessing

Data cleaning and preprocessing for the dataset were minimal, as BERT is designed to understand
the contextual meaning of words, eliminating the need for traditional preprocessing steps such as
lemmatisation, stemming, stopword removal, and text case conversion [21] [20]. BERT’s tokenizer
uses WordPiece tokenization to break words into subwords, allowing it to handle out-of-vocabulary
words effectively by mapping them to smaller, meaningful units. This enables better representation
and generalisation across diverse vocabulary.[48].

Furthermore, BERT incorporates special tokens such as "[CLS]" and "[SEP]" to mark the start
and end of sentences, allowing the model to process text contextually rather than treating words
in isolation. This ability to capture context-dependent meanings makes BERT highly adaptable to
linguistic variations [20].

3.3. Experiments

Two experiments that have been conducted will be described in the following section. The models
used, the flow of the training process and their hyperparameters will be outlined in this section.

3.3.1. Comparative Analysis of RoBERTa and BERT Models for Predicting Big Five Personality
Trait Scores

In the previous work [21], fine-tuned and evaluated two models—RoBERTa base and Bidirectional
Long Short-Term Memory (Bi-LSTM)—using a random sample of 20,000 comments from 134 authors.
Building on this, the present study adopts a broader approach by including all authors with complete
Big Five personality scores, a total of 3,006,567 comments from 1,568 authors, thereby expanding the
dataset for fine-tuning and evaluation. This larger dataset allows for a more comprehensive assessment
of model performance with a more generalised dataset.
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In the previous work [21], RoBERTa, an improved version of BERT, and Bi-LSTM were chosen to
predict the Big Five personality trait scores. Although RoBERTa shares the same transformer-based
architecture as BERT, utilising multiple layers of self-attention mechanisms, it sets itself apart with its
extensive pretraining corpus [22]. This enables RoBERTa to effectively capture the underlying structure
of language and the contextual meaning of words [21]. In the previous work [21], the results showed
that RoBERTa base significantly outperformed Bi-LSTM across all evaluation metrics, demonstrating
the superiority of transformer-based architectures in capturing linguistic nuances and contextual
relationships in a text.

The models used in this study is a pre-trained model accessible through the Hugging Face library. 3

Raw text from the dataset is input into the model and the model then processes it and outputs a
vector representation for each input text. The vector representation is then passed through a dropout
layer to reduce overfitting by randomly disabling a portion of the inputs during fine-tuning, helping
the model learn more generalised and robust features. The dropout rate is set to 0.3.

After the dropout layer, the vector representation is passed through a fully connected linear
layer, where it is transformed from a high-dimensional space into a lower-dimensional space that
corresponds to the Big Five personality traits. The output size of this linear layer is set to 5 to match
the multitask regression problem, which is appropriate for this regression task, personality prediction.

The models are fine-tuned using the AdamW optimiser, a variant of Adam that includes weight
decay for better regularisation and has a learning rate of 1e-5. The loss function used is Mean Squared
Error (MSE) and models are fine-tuned over 10 epochs with a batch size of 16.

Additionally, to explore potential improvements, the RoBERTa large model is fine-tuned and
evaluated alongside the base variant. To further assess the suitability of transformer-based models for
this task, BERT base and BERT large are also included in the study.

The hyperparameters are referenced from the previous work [21], which identified them as the
most optimal through a grid search strategy. Moreover, to ensure fair and reliable comparisons,
the fine-tuning process, experimental environment, and hyperparameters are kept consistent across
all models. This controlled setup allows for an objective evaluation of the relative strengths and
weaknesses of each model.

3.3.2. Investigating the Impact of Intercorrelations Among Big Five Personality Traits

To investigate the impact of the intercorrelations of the Big Five personality traits, two fine-tuning
approaches were employed and tested.

The first approach is a single-model approach, fine-tuning a single model to predict all five traits
simultaneously. This model received all Big Five personality trait scores as inputs and was trained
to predict all five scores at once. Table 3 provides a sample of the data used for fine-tuning with the
single-model approach. The first column, labelled "body," contains comments written by the authors,
while the five columns on the right represent the corresponding Big Five personality trait scores. As
shown in the table, all five personality trait scores are used together to fine-tune a single model.

3

RoBERTa base https//huggingface.co/FacebookAI/roberta-base
RoBERTa large https://huggingface.co/FacebookAI/roberta-large
BERT base https://huggingface.co/google-bert/bert-base-cased
BERT large https://huggingface.co/google-bert/bert-large-cased
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Table 3. Sample input data and corresponding Big Five trait scores for single-model fine-tuning

body agr ope con ext neu

I admit having
fallen into the
trap myself..

0.3 0.7 0.15 0.15 0.5

thats a great
business idea,
why didn’t i....

0.09 0.59 0.05 0.73 0.07

Hey, at least you
lost something
that’s......

0.09 0.61 0.13 0.04 0.72

In contrast, the second approach is a multiple-models approach, fine-tuning five separate models
separately, each dedicated to predicting only one specific trait. In this approach, each model received
input data where irrelevant trait scores were removed to ensure a focused learning process. Table 4
visually represents the data used for this fine-tuning method. The "body" column contains the authors’
comments, while the "agr," column represents the corresponding authors’ Big Five personality trait
scores that the model is being fine-tuned on, and in this table, the Agreeableness personality trait
scores were displayed.

Table 4. Sample input data and corresponding Agreeableness scores for multiple models fine-tuning

body agr

I admit having fallen into the trap myself. As
much as I know.... 0.3

thats a great business idea, why didn’t i think of
that!! 0.09

Hey, at least you lost something that’s still
currently made. I’ve.. 0.09

Both approaches used the same models (RoBERTa base model 4), parameters, dataset, and fine-
tuning process as described in Section 3.3.1 to ensure comparability. The only difference was in the
output size of the linear layer: in the single-model approach, the linear layer following the dropout
layer had an output size of 5, consistent with the multitask regression setup. In contrast, the multiple-
models approach set the output size to 1 for each model, as each was trained to predict a single
personality trait independently.

4. Results
This section begins by introducing the evaluation metrics used to assess model performance in

Section 4.1. Then, Sections 4.1 and 4.3 present the results of the two experiments described in Section
3.3, along with a comparison to the findings from previous work [21], highlighting key differences and
insights.

4.1. Evaluation Metrics

The evaluation metrics chosen for this study are Root Mean Square Error (RMSE) and the Coef-
ficient of Determination (R2). These metrics were selected for their complementary perspectives on
model performance, offering a comprehensive evaluation framework. Additionally, using these metrics
facilitates a clear and direct comparison of results between this study and the findings presented in the
previous work [21]. A lower RMSE signifies greater accuracy by reducing prediction errors.

RMSE quantifies the average prediction error, providing insight into how much the predicted
values typically deviate from the actual ones on average. It is an important metric for evaluating model

4 RoBERTa base (https//huggingface.co/FacebookAI/roberta-base)
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performance and is widely used as a benchmark in numerous studies within the field of personality
computation.

In contrast, R2, or the coefficient of determination, assesses the extent to which the model’s
predictions align with the actual values by measuring the explained variance [49]. It reflects the
proportion of variance in the dependent variable that can be attributed to the independent variable,
thereby indicating the model’s overall goodness of fit. A higher R2 reflects better model performance
by indicating a stronger alignment between predicted and actual values.

Equations (1) and (2) illustrate the calculations for RMSE and R2, respectively.

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2 (1)

R2 = 1 − ∑(yi − ŷi)
2

∑(yi − ȳ)2 (2)

• n : Number of data points
• yi : The actual value for the i-th data point
• ŷi : The predicted value for the i-th data point
• ȳ : The mean of the actual values

4.2. Comparative Analysis of RoBERTa and BERT Models for Predicting Big Five Personality Trait Scores

Table 5 presents the performance of four transformer-based models: RoBERTa base, RoBERTa
large, BERT base, and BERT large. The table includes a comparison of evaluation metrics covered in
Section 4.1, to assess how well each model predicts the Big Five personality traits. The results provide
insight into the impact of model size and architecture on performance, helping to determine the most
effective model for this task.

Table 5. Personality trait predictions with RoBERTa and BERT

Big Five
personality
traits

RoBERTa (base) RoBERTa (large) BERT (base) BERT (large)

RMSE R2 RMSE R2 RMSE R2 RMSE R2

Openness 0.2345 0.2201 0.2315 0.2403 0.2391 0.1895 0.2386 0.1926
Conscientiousness 0.2669 0.2161 0.2653 0.2255 0.2739 0.1743 0.2730 0.1797
Extraversion 0.2625 0.2604 0.2602 0.2734 0.2694 0.2212 0.2702 0.2168
Agreeableness 0.2743 0.2288 0.2727 0.2379 0.2803 0.1949 0.2805 0.1939
Neuroticism 0.2737 0.2223 0.2732 0.2248 0.2796 0.1884 0.2800 0.1859

The average RMSE values across all models in this paper were similar, approximately 0.26,
indicating comparable levels of prediction error. However, the RoBERTa models outperformed the
BERT models in terms of R2, with the RoBERTa large model achieving the highest average R2 value of
0.2404. Furthermore, the large model of the RoBERTa demonstrated slightly better performance than
its base counterpart, suggesting that the dataset size is sufficient to effectively leverage the increased
capacity of larger models. However, both the base and large BERT models exhibited nearly identical
performance, showing no improvement despite the increased model capacity.

When examining the prediction of individual traits, Openness consistently exhibited the lowest
RMSE values across all models, indicating that it is the easiest trait to predict. Similarly, Extraversion
achieved the highest R2 values across all models, highlighting its relative ease of predictability. In
contrast, the models struggled with the prediction of Conscientiousness, Agreeableness, and Neuroti-
cism. Conscientiousness posed significant challenges, as three models (RoBERTa base, BERT base, and
BERT large) recorded the lowest R2 values for this trait. Agreeableness was also difficult to predict,
with two models yielding the highest RMSE values for this trait. Neuroticism proved particularly
challenging for the RoBERTa large model, which recorded both the highest RMSE and the lowest R2

values for this trait.
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These findings highlight that while a larger model such as RoBERTa large, generally outperforms
smaller models with this dataset, the prediction difficulty varies significantly across traits. Traits
like Openness and Extraversion are more predictable, while others, such as Conscientiousness and
Neuroticism, present persistent challenges even for advanced architectures.

Figure 1 presents the training loss progression for the models, while Figure 2 depicts the validation
loss trends.

Figure 1. Train loss of models.

Figure 2. Validation loss of models.

Based on the validation loss graphs, RoBERTa large consistently outperforms the others, achieving
the lowest validation loss across all epochs, which indicates superior generalisation capabilities.
Similarly, its training loss is the lowest, reflecting its efficiency in learning from the training data while
minimizing overfitting. RoBERTa base follows closely, maintaining lower validation and training losses
than both BERT base and BERT large, though it falls short of matching RoBERTa large’s performance.

In contrast, the BERT models demonstrate relatively higher training and validation losses. While
BERT large performs slightly better than BERT base, both are outperformed by the RoBERTa models.

These results further highlight the advantages of the RoBERTa large architecture in effectively
capturing linguistic nuances and context for this task.
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Table 6. Personality trait prediction results of RoBERTa large in comparison with previous work [21]

Big Five
personality
traits

Mean Baseline RoBERTa RoBERTa (large)

RMSE R2 RMSE R2 RMSE R2

Openness 0.2314 -0.0002 0.1742 0.4333 0.2315 0.2403
Conscientiousness 0.2633 0.0000 0.2046 0.3964 0.2653 0.2255
Extraversion 0.3574 -0.0001 0.2469 0.5229 0.2602 0.2734
Agreeableness 0.3036 -0.0004 0.2423 0.3964 0.2727 0.2379
Neuroticism 0.3074 -0.0002 0.2527 0.3248 0.2732 0.2248

Table 6 compares the results of a previous study [21], models fine-tuned on a subset of the dataset
used in this study, and the best-performing model in this paper—RoBERTa large—fine-tuned on a
larger dataset. The columns labelled "Mean Baseline" and "RoBERTa" present the results from the
reference study [21], with "Mean Baseline" serving as a simplistic benchmark and "RoBERTa" showing
the performance of the RoBERTa base model. In contrast, the column labelled "RoBERTa (large)"
represents the best performing model in this paper, the RoBERTa large model.

The RoBERTa large model, which was fine-tuned on a larger dataset, outperformed the Mean
Baseline in all five Big Five personality traits, demonstrating superior predictive accuracy across the
board. In comparison to the Mean Baseline, the RoBERTa large model consistently achieved lower
RMSE values and higher R2 scores, indicating improved model performance, especially in the R2

evaluation metric.
However, when comparing RoBERTa large to the RoBERTa model used in the previous work, we

observe that the larger dataset used to fine-tune RoBERTa large did not translate into better performance
in the evaluation metrics used. Despite its larger training data, RoBERTa large underperformed
relative to the RoBERTa model from the previous work in terms of both RMSE and R2 across all
traits. Specifically, the RoBERTa model from the previous work achieved an average RMSE of 0.2241
and an average R2 of 0.4148, both of which are generally better than those of RoBERTa large, which
achieved an average RMSE of 0.2606 and an average of R2 0.2404. This suggests that even though a
larger dataset was used for fine-tuning RoBERTa large, it did not necessarily improve its predictive
capabilities compared to the RoBERTa fine-tuned on a smaller dataset in the previous work.

Despite these differences, the two models exhibited similar trends in terms of trait prediction.
Both RoBERTa models showed the lowest RMSE in predicting Openness, suggesting that the models
were more accurate in this trait. Additionally, both models showed the highest R2 for Extraversion,
indicating relatively stronger performance in predicting this trait. However, both models struggled
with Neuroticism, as it was associated with the highest RMSE and the lowest R2 in both cases. This
suggests that predicting Neuroticism is particularly challenging for these models, regardless of the
dataset size.

4.3. Investigating the Impact of Intercorrelations Among Big Five Personality Traits

Table 7 summarises the results of Big Five personality trait score predictions in Section 3.3.2 in
comparison to the previous work [21]. The columns labelled "Mean Baseline" and "RoBERTa" present
the results from the reference study [21]. In contrast, the columns labelled "RoBERTa (Single)" and
"RoBERTa (Multiple)" reflect the results of this study. "RoBERTa (Single)" represents the results of
the single-model approach, fine-tuning a single model to predict all five traits simultaneously, while
"RoBERTa (Multiple)" refers to the average performance of the separate models in the multiple-models
approach, fine-tuned individually for each trait.
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Figure 3. Distribution of Big Five personality trait scores
(Note: Extraversion(EXT), Neuroticism(NEU), Agreeableness(AGR), Conscientiousness(CON), Openness(OPE))

Table 7. Results of Big Five personality trait score predictions with single model and multiple models approach in
comparison to previous work [21]

Big Five
personality
traits

Mean Baseline RoBERTa RoBERTa (Single) RoBERTa (Multiple)

RMSE R2 RMSE R2 RMSE R2 RMSE R2

Openness 0.2314 -0.0002 0.1742 0.4333 0.2345 0.2201 0.2655 0.0008
Conscientiousness 0.2633 0.0000 0.2046 0.3964 0.2669 0.2161 -0.3016 -0.0005
Extraversion 0.3574 -0.0001 0.2469 0.5229 0.2625 0.2604 0.3033 0.0131
Agreeableness 0.3036 -0.0004 0.2423 0.3964 0.2743 0.2288 0.3124 -0.0001
Neuroticism 0.3074 -0.0002 0.2527 0.3248 0.2737 0.2223 0.3103 -0.0001

When the overall performance of the single-model RoBERTa approach in this study is compared
with the results of RoBERTa in the previous work, it is observed that the model fine-tuned in this study
underperformed despite being fine-tuned on a larger dataset. However, the trends in the results are
mostly consistent between the two models.

For both models, Openness achieved the lowest RMSE (0.1742 for the model from the previous
work and 0.2345 for the single-model approach), while Neuroticism had the highest RMSE (0.2527
for the model from the previous study and 0.2737 for the single-model approach). This indicates that
Openness is relatively easier to predict, whereas Neuroticism is more challenging. In terms of R2, both
models also agree that Extraversion is the easiest trait to predict with the model from the previous
work scoring 0.5229 and the single model approach scoring 0.2604. However, the model fine-tuned in
this study recorded the lowest R2 for Conscientiousness (0.2161), whereas the previous work reported
Neuroticism as having the lowest R2 (0.3248). This suggests differences in trait-specific performance,
despite some alignment in trait predictability trends.

In contrast, the results for the multiple-models approach, where separate models were fine-
tuned for each trait, were closer to the mean baseline results. These models exhibited higher RMSE
values overall and R2 values close to zero, indicating poor predictive performance. This suggests
that fine-tuning separate models for each trait is less effective and produces inconclusive results than
the single-model approach. It highlights the significance of the intercorrelations among the Big Five
personality traits in enhancing predictive performance.

5. Discussion
Figure 3 illustrates the distribution of the Big Five personality trait scores that were used in

the experiments conducted in this paper. Although the distribution does not appear to have many
outliers or extreme bias, the dataset predominantly comprises authors from English-speaking countries,
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specifically the United States and Canada, as reported by Matej Gjurkovic et al. [46]. Consequently, the
dataset may not fully represent the distribution of the global online population, which could limit the
generalisability of the findings.

The average number of comments per author is approximately 1,917, with the range varying
from a single comment to as many as 52,406 comments. The author column was removed during the
fine-tuning process, which prevented the models from distinguishing between repeated authors. This
may cause the models to overfit certain authors who have a fixed set of Big Five personality scores.
Such overfitting could lead to a lack of generalisation and poorer performance on unseen data.

Table 8 presents the personality traits correlations between the Big Five personality traits derived
from the dataset and those predicted by the RoBERTa large model. Slight differences can be observed
between the two sets of correlations. Notably, the largest differences occur in the trait pairs AGR-CON
(−0.1290) and EXT-OPE (−0.0653). However, these variations are relatively minor. A paired t-test
analysis of the actual and the predicted personality trait correlations yielded a p-value of 0.9367, which
is significantly greater than the commonly accepted significance threshold of 0.05. This result indicates
that the observed differences are not statistically significant, suggesting that the variations between the
predicted and actual correlations can be attributed to random variation rather than systematic error.

Table 8. Comparison of Big Five personality trait intercorrelations between dataset and predicted correlations by
RoBERTa large (Note: Extraversion(EXT), Neuroticism(NEU), Agreeableness(AGR), Conscientiousness(CON),
Openness(OPE))

Trait Pairs Dataset RoBERTa large

EXT-NEU -0.2905 -0.4252
EXT-AGR -0.0615 -0.0803
EXT-CON 0.0689 0.0923
EXT-OPE 0.2344 0.2782

NEU-AGR 0.0491 0.1027
NEU-CON -0.2474 -0.2377
NEU-OPE 0.0433 0.0583
AGR-CON 0.1350 0.1823
AGR-OPE 0.1178 0.1132
CON-OPE -0.0655 -0.0861

Table 9. Comparison of Big Five personality trait intercorrelations between dataset and predicted correlations by
RoBERTa from previous work (Chen 2023). (Note: Extraversion(EXT), Neuroticism(NEU), Agreeableness(AGR),
Conscientiousness(CON), Openness(OPE))

Trait Pairs Dataset RoBERTa

EXT-NEU -0.5471 -0.7611
EXT-AGR -0.4373 -0.6480
EXT-CON -0.0484 -0.1260
EXT-OPE 0.2428 -0.4436

NEU-AGR 0.0309 0.3321
NEU-CON -0.1578 -0.0346
NEU-OPE -0.0572 -0.1750
AGR-CON 0.3486 0.6360
AGR-OPE -0.1860 -0.4895
CON-OPE -0.4200 -0.6385

Table 9 compares the intercorrelations of the Big Five personality traits from the dataset used in
experiments with the intercorrelations predicted by RoBERTa models from the previous work [21].
Although the RoBERTa fine-tuned with a larger dataset underperformed compared to the model from
previous work, it demonstrated a lower average absolute difference in intercorrelations between actual
and predicted values. Specifically, the absolute average difference in this paper is 0.0372, compared
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to 0.2540 for the previous work. This finding indicates that, while overall performance was lower on
the evaluation metrics used in this paper, the RoBERTa large model was able to better capture the
intercorrelations of the Big Five personality traits after being fine-tuned on a larger dataset.

6. Conclusions and Future Works
This study highlights the impact of dataset size on model performance, revealing that while larger

datasets can lead to greater generalisation, they may also lower predictive accuracy. However, this
trade-off allowed the model to better capture the intercorrelations among the Big Five personality
traits—an essential factor in accurately predicting personality trait scores.

Among the models evaluated, the RoBERTa large model outperformed its base counterpart,
achieving the lowest RMSE and highest R2. In contrast, the BERT large model showed minimal
improvement over its base counterpart, despite its more complex architecture designed for large
datasets. While the RoBERTa large model underperformed in evaluation metrics compared to the
previous work [21], it effectively modelled trait intercorrelations, achieving an average absolute
difference of just 0.0372.

Interestingly, all tested models demonstrated stronger predictive accuracy for Openness and
Extraversion but struggled with Neuroticism, Agreeableness, and Conscientiousness. This study also
reinforces the importance of intercorrelations among the Big Five personality traits, an aspect often
overlooked in previous research.

Another key finding was the advantage of fine-tuning models simultaneously on all five traits
rather than training separate models for each trait. While separately fine-tuned models exhibited high
RMSE values and an average R2 close to zero—similar to the mean baseline—the simultaneous fine-
tuning approach significantly reduced RMSE and increased R2, demonstrating superior performance.

These results highlight the potential of RoBERTa, particularly its large model variant, to enhance
personality trait prediction. They also underscore the under-explored influence of intercorrelations
among the Big Five traits, which could improve both prediction accuracy and model interpretability.

Despite the strong performance in capturing the intercorrelations of the Big Five personality traits,
future work should focus on addressing potential dataset biases and enhancing model generalisability
to improve the accuracy of personality trait predictions. Given the large range of comments per author,
balancing the dataset by imposing constraints on the number of comments or number of words per
user can help prevent overfitting to specific score patterns. Additionally, incorporating demographic
labels from the original dataset as features will provide valuable context, allowing the model to account
for variations across different population groups. Expanding the dataset to include multiple languages
and a broader representation of countries and regions would further enhance the model’s applicability,
ensuring it better reflects the diversity of the global online population.

To further boost performance, testing various hyperparameter configurations or exploring newer
LLMs like LLaMA, which may be better at capturing the intercorrelations of the traits, could improve
accuracy and better predict personality trait scores. Future research can advance the field of personality
trait prediction by addressing these key areas. This will ensure that models are not only more accurate
but also equitable and generalisable across diverse contexts and populations.
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Abbreviations
The following abbreviations are used in this manuscript:

AGR Agreeableness
BERT Bidirectional Encoder Representations from Transformers
BFI Big Five Inventory
Bi-LSTM Bidirectional Long Short-Term Memory
CLS Classification Token
CON Conscientiousness
CSV Comma-Separated Values
DNN Deep Neural Network
EXT Extraversion
GRU Gated Recurrent Unit
LIWC Linguistic Inquiry and Word Count
LLaMA Large Language Model Meta AI
LLM Large Language Models
LSTM Long Short-Term Memory
MBTI Myers-Briggs Type Indicator
ML Machine Learning
MSE Mean Squared Error
NEO Neuroticism, Extraversion, Openness
NEU Neuroticism
NLP Natural Language Processing
OCEAN Openness, Conscientiousness, Extraversion, Agreeableness, Neuroticism
OPE Openness
PC Personality Computing
RoBERTa Robustly Optimized BERT Pretraining Approach
RMSE Root Mean Square Error
RNN Recurrent Neural Network
R2 Coefficient of Determination
SEP Separator Token
1-DCNN 1-Dimensional Convolutional Neural Network
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