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ABSTRACT: Social media outlets deliver customers a medium for communication, exchange, and expression of
their thoughts with others. The advent of social networks and the fast escalation of the quantity of data have created
opportunities for textual evaluation. Utilising the user corpus, characteristics of social platform users, and other data,
academic research may accurately discern the personality traits of users. This research examines the traits of consumer
personalities. Usually, personality tests administered by psychological experts via interviews or self-report question-
naires are costly, time-consuming, complex, and labour-intensive. Currently, academics in computational linguistics
are increasingly focused on predicting personality traits from social media data. An individual’s personality comprises
their traits and behavioral habits. To address this distinction, we propose a novel LSTM approach (BERT-LIWC-LSTM)
that simultaneously incorporates users’ enduring and immediate personality characteristics for textual personality
recognition. Long-term Personality Encoding in the proposed paradigm captures and represents persisting personality
traits. Short-term Personality Capturing records changing personality states. Experimental results demonstrate that the
designed BERT-LIWC-LSTM model achieves an average improvement in accuracy of 3.41% on the Big Five dataset
compared to current methods, thereby justifying the efficacy of encoding both stable and dynamic personality traits
simultaneously through long- and short-term feature interaction.
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1 Introduction

The popularity of the Internet is increasing globally due to the rapid advancement in computer
technology. Users have access to social media platforms that give them a venue for interaction, opinion
sharing, and communication [1]. People’s everyday lives have become completely reliant on social network
services, and online communication has become the primary mode of communication. In terms of human
differences in identifiable thought, emotion, and behaviors patterns, we speak of Personality. A person’s
Personality is a blending of emotions, attitudes, and general attributes [2]. Personality traits and qualities
tremendously impact our lives; they influence our preferences for luxuries, culture, healthcare, and various
other needs. The connection of individuals through online platforms has greatly influenced the progress of
information technology [3]. These traces are primarily text-based, such as public posts and comments and
other media types like movies and images. The study of personalities is the cornerstone of psychology, and
personality recognition can be useful in a wide range of different fields, including social network analysis,
recommendation engines, fraud detection, copyright attribution, sentiment analysis/opinion mining, and
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so on. Conventional personality tests are cumbersome and subjective, whereas social media provides a
scalable option. Using NLP and deep learning makes automatic personality inference from texts feasible,
although the complexity of language remains a significant limitation. The deep learning (DL) architecture
and NLP tasks [4] are discussed in numerous research works. Detailed contextual meaning and the ever-
changing character of personality have proven elusive in past studies. Language complexity, such as sarcasm
and ambiguity, is often left unaddressed, and it frequently relies on superficial linguistic elements without
incorporating psychological theory. These articles employ technical language, which can occasionally be
difficult to comprehend. Due to the online documents’ quick growth across numerous languages, there is
now a large demand for their rating [5]. Recent advancements in social media research have uncovered a
multitude of valuable observations on user behavior, especially on sites such as Facebook.

Our work generated several contributions.

o Asapreliminary step, researchers offer Big Five model-based personality prediction for microblogging.

»  Our method uses Social textual and microblog usage data to improve personality prediction. Given this,
we extract textual features for each personality group using short-term and long-term encoding and
apply LSTM algorithms to predict personality accurately.

«  Experimental studies show our personality prediction technique outperforms traditional and advanced
sentiment classifiers. We believe our study is the first to precisely evaluate user personality in social
media analytics utilizing personality prediction.

In Section 2, we discussed the history of the related work and presented the methodology and model
architecture design in Section 3. In Section 4, we clarified and analyzed the experimental setup and basic
outcome. Section 5 outlines the findings and potential areas for further work.

2 Related Work

The study examines the substantial volume of user-generated information on social media platforms
such as Facebook, Google, Twitter, and YouTube, emphasizing how this textual data might provide insights
into people’s personalities. It primarily seeks to find characteristics linked to psychopathy by classifying input
text from both psychopaths and non-psychopaths. The research uses content analysis to identify unique
personality traits that distinguish these two groups [6]. In recent years, ABSA has garnered significant interest
from the scientific world, resulting in an explosion of unique and innovative methods and methodologies
originating from the Sentiment Analysis domain [7].

The primary goal of this study is to investigate how utilizing Twitter (dataset) for personality assessments
can improve user experience. Research proposes a method for predicting a user’s Personality [8] using
publicly available information on their Twitter account and the evaluation of the DISC (Dominance, Influ-
ence, Steadiness, and Conscientiousness) model. This research aimed to develop a method for identifying
psychopaths using a convolutional neural network model [9,10] combined with an LSTM approach.

2.1 The Dark Triad: Beyond the Big Five Personality Traits

The dark triad, often known as antisocial personality, can be accurately predicted by machine learning
and data mining methods [11] rather than psychologists. Based on the SD3 model, we surveyed a sample size
of Facebook users for this study. People produce a lot of text information, and that text’s grammatical and
semantic information can reveal much about the author’s personality [12]. The next work dataset comprises
the personality profiles and information from 180,000 Facebook accounts [13,14]. Approximately 6000 tweets
are posted to Twitter per second on average. The average daily time spent on Facebook is 35 min, and around
317,000 status updates are posted on the social media platform [15] every minute. Such social media data [16]
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is frequently used to forecast user personalities [17]. In [I8], age, gender, personality traits, occupation,
political inclination, and other user variables can all be predicted using prediction models [19] that have been
developed effectively [20,21].

2.2 Personality Prediction Using Deep Learning

Lietal. [22] demonstrated that the HG-PerCon model improves personality prediction by incorporating
historical semantic information and psychological knowledge through a transformer-based module and con-
trastive learning. This method extracts enduring personality characteristics from user postings and utilises
a psychological knowledge network to shape user profiles based on language patterns and psychological
principles. Lin [23] introduces a framework called DLP-Personality identification, which makes numerous
important advances in personality identification. The meta-analysis offers a thorough investigation of the
connections between obsessive-compulsive disorder (OCD) and the Big Five personality characteristics by
combining data from 23 studies that included 30,138 people. The study establishes a clear link between OCD
and neuroticism, with a significant effect size of 0.34. The study’s strict adherence to PRISMA principles
ensures a high level of methodological rigour, and the explicit recognition of the original data sources
underscores the collaborative effort in advancing this specific area of research [24]. The MuPTA corpus
integrates speech, video, and text for Big Five trait prediction, supporting richer multimodal personality
analysis [25].

Taghvaei et al. [26] proposed a hybrid framework for Big Five personality recognition using FNN
and DNN models. A two-stage decision fusion scheme combines multiple FNNs with a DNN to improve
accuracy. Simulation results confirm the model’s enhanced performance. In [27], the Multimodal Group
Gated Score Fusion Network (GSEN) is a groundbreaking advancement in personality trait prediction. It
successfully combines video, audio, and text modalities to achieve this integration. In [28], the suggested
model utilizes a comprehensive approach to represent features across several modes and scales, including
text, audio, and picture data. Studying brain function and disease processes increasingly relies on research
into brain networks. However, current brain network design technologies are dependent on empirical
users, inconsistent in repeated tests, and time-consuming. This allows for an effective capture of the
subtle variations in emotion. The OCEAN-AI framework introduces an efficient EmoFormer model with
a novel cross-hemiface attention fusion strategy for assessing the Big Five personality traits [29]. It also
includes an open-source implementation and a mid-level emotional feature extractor to enhance multimodal
personality inference.

3 Equations and Mathematical Expressions

DL algorithms, namely LSTM networks, efficiently tackle the task of personality prediction from social
media content by using their capacity to catch and evaluate intricate sequential patterns. Utilizing specialized
psycholinguistic knowledge, we have developed a comprehensive personality lexicon that encompasses
LIWC (Linguistic Inquiry and Word Count) terms, as well as specific adjectives. Every term in this lexicon
is associated with distinct personality attribute categories, effectively incorporating knowledge obtained
via inadequate supervision. Expanding upon the existing personality dictionary and provide a method
incorporating personality information into word embeddings. Fig. | provides a comprehensive depiction
of the step-by-step procedure involved in this technique, which includes the Input Layer, the intermediate
Personality Encoding Layer, and the Final Aggregation Layer. The proposed model has three fundamental
layers: the Initial Layer, the Personality Encoding Layer, and the Aggregation Layer. Overall, the architecture
is carefully crafted to handle and combine both consistent and changing personality characteristics, resulting
in a strong and comprehensive depiction of user personalities.
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Figure 1: Proposal framework diagram

Linkage Value Computation

In textual personality identification, work might be characterized as a classification issue involving
several documents and multiple labels. The formal collection of user-generated posts is represented as P =
{p1> P2 - - -» pn }- In this collection, each post (p) pi = {t1;> tai, . . ., ti } represents the i-th post that contains
L tokens. The objective is to make a prediction about the personality qualities, which are denoted by the
Equation Y = {y1, y2, ..., yr}, where each y; refers to a particular personality feature.

The Input Layer is responsible for gathering contributions P = {py, ps, ..., pn} and an external LIWC
Psychological Knowledge Base. The network is composed of a matrix M € RX* that represents entity
embeddings and a matrix A € RK x K that captures the associations between entity nodes. In this situation,
the symbol K indicates the number of entities, whereas d, signifies the dimension of the features. To create the
psychological graph G(M, A), it is necessary to acquire the characteristics of units for every user. The entities,
represented as E,, = {wy, w,, ..., wg }. These are terms the user specifies and are automatically retrieved from
the user’s post collections using the LIWC Linguistics extraction. Subsequently, we use GloVe to transform

these entities into node characteristics in Eq. (1).
é; = GloVe (w;) e R4, 1)
with this architecture, w; represents the user’s i-th entity node, and GloVe(-) corresponds to the GloVe

word vector format. The result of this operation is the node feature matrix M, which consists of M =

{e,ez,...,ex}.
However, it is necessary to connect the obtained entity nodes using the external LIWC Psychological
Knowledge Base. More precisely, an edge is formed between two things when they fall under the same LIWC

category in Eq. (2).
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= 2)
N 0, otherwise

_ {I,C(e,-) N C(CJ) O
The notation A;; = 1 represents an edge between node i and j, where as A;; = 0 indicates the absence of
an edge.

The function C(-) collects LIWC categories for a psychological entity. To determine category mem-
bership, each word from the input text is checked against the LIWC dictionary using the following
matching Formulas (3) and (4):

1, lfW, ED(Ck)

0, otherwise

M(Wi,Ck):{ (3)

M (w;, Cx) indicates if the word w; matches LIWC category Cy.
D (Cy) is the dictionary of words belonging to the category Cy.

The connection strength between entities is calculated using the frequency of matched words within the
same category:

_ Zf\;M(thk)

Fe, N

(4)

F¢, is the frequency of words in the LIWC category Cy.
N, this is the total number of words analyzed.

This module analyses users’ long-term personality trait representation by examining their use patterns of
psychological entities using the psychological graph. To capture use trends, we utilize a Graph Convolutional
Neural Network (GCN) to propagate entity information inside the psychological graph G (M, A). In each
layer of the GCN, the output M'~! from the previous layer is used as the input to learn the representation
W' of the current layer. Eq. (5) presents the learning formula for each GCN layer.

M=o (AM"'W')
A=DiAD: (5)

The symbol o(-) denotes the LeakyReLU activation function, and W' e R?*“ indicates the transforma-
tion matrix that may be learned. The degree matrix, D, is defined as having elements. D;; = }7; A;;. The
normalized adjacency matrix is denoted as A.

The Short-term Personality Encoding module represents the user’s short-term personality states using
the semantic representations of each of the user’s postings. Explicit and implicit aspect extraction in ABSA,
highlighting contemporary methodologies such as pre-trained models like BERT, which adeptly recognize
nuances of implicit sentiment in informal language, especially within social media environments.

In order to acquire the contextual description of each post, we implement the pre-trained language
model BERT. Eq. (6) presents the method for obtaining the contextual representation of each post, indicated
as p;, as follows:

h; = BERT (p;) e R} (6)
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Short-term Personality Encoding successfully captures the user’s relevant post depictions, resulting in
enhanced and informative short-term state representations.

First, we create a bipartite graph called G(M, A). The node matrix M, which belongs to the set of
real numbers M € R(*N)*@ i formed by combining the long-term personality representations M' and
the short-term representations H'. The adjacency matrix A shows the relationship between user posts and
entities. CapA;; is equal to 1 if entity e; exists in post p;, and 0 otherwise. Using the bipartite graph G(M, A)
as a basis, we use a different Graph Convolutional Network (GCN) to enhance the user’s long-term and
short-term aspects in Eq. (7). This process is defined as follows:

M=o (KMHW’)

A=D1AD: ?)
Ultimately, we acquire the revised long-term personality representations. M' = {éf N %} and the
revised short-term personality representations H' = {fll, hi,..., flll\]} This reciprocal contact enhances their

bond, enabling us to accurately record evolving changes while acquiring a rather consistent personality pro-
file.

In order to do this, we first use a simple but efficient method of average pooling inspired by previous
works. This method allows us to enhance the long-term and short-term representations by transforming
them into two low-dimensional user vectors, U, € R>™4_ and U, € R™4 which are sparse in Eq. (8).

w:%Zd

i

U—lZill (8)
S_Ki i

We use a controlled integration technique to balance the impact of long-term trait and short-term state
representations on personality prediction. This controlled integration technique enables flexible learning
from both representations and ultimate personality prediction in Eqs. (9) and (10):

U=aU +(1-a) U
a=0([U;U;]W +b) 9)

W e R29%1ig a trainable weight matrix, whereas b € R is a bias term. A linear transformation and softmax
function forecast each personality feature using the final user representation U.

9 = softmax (UW, + b,) (10)
y is the predicted output.

4 Results and Discussion

Two personality models are used most often in personality identification. These are the Big Five. Since
the Big Five model is consistent with the psychological theoretical framework that we have developed,
our study is centered on it. Furthermore, the widespread availability of Big Five labels makes it especially
well-suited for developing personality recognition models specifically customized to social media. This
paper utilizes authentic Facebook data to build the personality recognition model. The experimental data is
obtained from two primary sources: the corpus, which comprises microblog information and users’ Big Five
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personality ratings, and the findings retrieved using the LIWC tool, followed by Physiological linguistics to
create a knowledge graph. The GloVe approach, a variant of word2vec, is used to produce word vectors. These
vectors are then included as input for the Long-term Personality Encoding. The outcome of this method is
the input matrix used for the LSTM model.

4.1 Evaluation Metrics

The input data for the Short-term Personality Encoding layer consists of information that a pre-trained
BERT model has processed. This model has been trained on the entire Facebook corpus and numerous
social media postings. As a result, it can successfully capture the subtle aspects of short-term personality
characteristics. The experimental data is partitioned into training and test sets, following a 7:3 ratio. The
training set has 6893 data points, whereas the test set has 3024. The experiments in this study are performed
using Python, with Python Notebook as the development tool. Performance assesses the model’s ability to
accurately identify all relevant instances within a certain category, as outlined in Eqs. (11)-(14).

TP + TN
Overall Accuracy = (11)
TP + TN + FP + FN
. TP
Precision = ———— (12)
TP + EN
TP
Recall = (13)
TP + FP
Fl-Score = 2. Precision x Recall (14)

Precision + Recall

Table 1 provides an overview of the findings obtained by the baseline models and the BERT-LIWC-
LSTM algorithm. The results show that our suggested BERT-LIWC-LSTM model beats the other models, as
it achieved the highest average F1 score on the MyPersonality dataset. The efficiency of BERT-LIWC-LSTM
in personality recognition is shown by the fact that there is a relative improvement of 5% compared to the
prior state-of-the-art models.

Table 1: Comparison of previous results and proposed model for personality prediction

Models Dataset Accuracy Precision Recall F1
UMLFIT [24] Essay dataset 58.85 58.88 5790 5785
Deep learning Text [24] Facebook 64.80 63.50 58.50  57.98
ensemble RoOBERTa [30] Youtube 63.2 60.2 80.4 74.1
ensemble BERT [30] Twitter 66.0 64.0 80.7 73.0
BPT + TF-IGM Twitter dataset 70.89 69 71 71.5
BILSTM [31] Essay dataset 71.48 68.81 78.75 73.43
BPT + TF-IGM Instagram 86.06 85.05 872  86.48
BERT-LIWC-LSTM myPersonality 91.67 93 92 91
(Our proposed model) dataset

4.2 Comparison with Baseline Methods

In the personality recognition task, we evaluate BERT-LIWC-LSTM in comparison to the following
models, which are considered to be state-of-the-art.
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Table 2 provides the performance assessment of the proposed BERT-LIWC-LSTM model. Experimental
findings on four datasets—Facebook, Twitter, Essay, and myPersonality—are shown to illustrate the flexibility
of the recommended BERT-LIWC-LSTM model. It produced the best accuracy of 91.67% on the myPerson-
ality dataset and outperformed other methods on all platforms consistently. These results verify the model’s
strength to analyze varied social media content and user activities. It gets 91.67% of the answers right on
the myPersonality dataset, which is a big improvement over earlier models. For example, the BPT + TF-
IGM model on the Instagram dataset achieves an accuracy of 86.06%, which is more than 5.6% better than
the previous result. In the same way, the BERT-LIWC-LSTM model does much better than older models,
such as BILSTM (71.48% accuracy on the Essay dataset) and ensemble BERT (66.0% accuracy on Twitter).
This improvement can also be observed in other metrics, such as accuracy (93% for BERT-LIWC-LSTM vs.
85.05% for BPT + TF-IGM), memory (92% vs. 87.2%), and F1 score (91% vs. 86.48%).

Table 2: Comparison of different dataset results with the proposed model for personality prediction

Models Dataset Accuracy Precision Recall Fl1
Facebook dataset 89.80 87.50 850  86.8
BERT-LIWC-LSTM (Our Twitter dataset 88.89 88 87 875
proposed model) Essay dataset 90.12 89.7 881 8915
myPersonality dataset 91.67 93 92 91

Fig. 2a shows the Receiver Operating Characteristic (ROC) curve for the proposed model beside
alternative models, allowing for a direct comparison. The graph illustrates the superior performance of
the suggested BERT-LIWC-LSTM model compared to the other models being evaluated. The ROC curve
proves that the proposed model performs better or equivalent in differentiating personality characteristics,
confirming its accuracy and reliability in personality identification tests.

ROC Curves for Proposed Model and Previous Models Training and Validation Accuracy
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Figure 2: (a): ROC curve for proposed and comparison models; (b): Accuracy performance

Figs. 2b and 3a present the accuracy and loss metrics for the suggested model. The graphs provide
valuable insights into the model’s temporal performance, illustrating its accuracy in predicting personality
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characteristics and its proficiency in minimizing training mistakes. Fig. 3b displays a bar chart comparing
various models.
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Figure 3: (a): Loss performance for proposed model; (b) Comparison across various models with other datasets

A batch size of 32 compromises computing efficiency and generalization, whilst a learning rate of 0.0001
facilitates consistent convergence without overshooting. A dropout rate of 0.3 efficiently mitigates overfitting
by promoting improved generalization, providing robust performance across varied data inputs, as shown
in Table 3.

Table 3: Efficiently parameter overfitting by promoting an improved posed model

Parameter Best values (Selected) Alternativel Alternative2 Alternative 3
Batch size 32 16 64 128
Learning rate 0.0001 0.001 0.0005 0.00005
Dropout rate 0.3 0.2 0.5 0.4
Epochs 30 20 50 40
Optimizer Adam SGD RMSProp AdamW
Hidden layer size 256 128 512 1024
Activation function LeakyReLU ReLU Tanh ELU
Accuracy 91.67% 88.24% 90.10% 89.75%
Precision 93% 89.56% 91.25% 90.45%
Recall 92% 87.91% 89.12% 88.76%
Fl-score 91% 88.73% 90.15% 89.10%

Experimental validation employing the BERT-LIWC-LSTM model on the myPersonality dataset
validates the proposed framework.

The worst-case time complexity of the proposed BERT-LIWC-LSTM framework is:

O(N-L-C+E*+T-E* H*+N-L*-d+N-L-H?)
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where N: Number of user posts, L: Average length of each post, C: Number of LIWC categories, E: Number
of entity nodes, T: Number of GCN layers, H: Hidden units in LSTM and d: Embedding dimension.

Performance dropped significantly with alternate parameter values, proving the configuration’s effi-
ciency. These consistent findings across folds and parameter settings prove the models practicality
and dependability.

Table 4 shows that the model achieves a regular accuracy of 77.64% across various personality traits.
Openness has the highest accuracy at 94.8%, making it the easiest trait to predict. Conscientiousness has the
lowest accuracy at 71.2%, indicating room for improvement. Extraversion, agreeableness, and neuroticism
fall between these two, with scores of 76.7%, 71.8%, and 73.7%, respectively. Overall, the model performs well
in predicting different traits, with some variation in accuracy across them. Ablation studies were utilized to
estimate component contributions. Eliminating the LIWC module resulted in the greatest performance loss,
underscoring its importance in absorbing psychological information. The highest performance was achieved
by integrating BERT, LIWC, and LSTM, proving that semantic, psychological, and sequential modelling
are compatible.

Table 4: Comparison of previous results and proposed model for personality prediction using mypersonality dataset

Accuracy
Models Open-  Conscientiou-  Extraver- Agreeable- Neuro- Average
ness sness sion ness ticism
CNN + LSTM [26] 76.8 59.68 73.45 59.0 60.9 65.98
SNA, LIWC SPLICE [32] 73.1 63.2 59.0 62.4 74.2 66.74
HMAttn-ECBIL [33] 84.57 68.65 73.94 70.7 62.1 72.0
HPMN GloVe [34] 80.2 81.6 81.1 70.7 81.3 78.9
HPMN BERT [34] 82.3 82.6 82.5 72.7 82.7 80.5
BPT + TF-IGM 921 69.2 75.8 70.6 72.9 76.12
BERT-LIWC-LSTM 94.8 71.2 76.7 71.8 73.7 77.64

(Our proposed model)

The BERT-LIWC-LSTM model is the most accurate overall, at 77.64%. It does especially well at
identifying Openness, at 94.8%. With an accuracy rate of 80.5%, HPMN BERT does better than it, doing
especially well in Openness and Neuroticism. HPMN GloVe and BPT + TF-IGM, on the other hand, do well
for some traits but not for others consistently. The average accuracy of the SNA, LIWC SPLICE, and CNN
+ LSTM models is lower, which shows that they cannot handle multiple traits. Overall, BERT-LIWC-LSTM
and HPMN BERT are the best at identifying personality traits. This shows how important it is to pick models
based on your goals.

The suggested BERT-LIWC-LSTM model has considerable efficacy on modern datasets compared to
conventional benchmark datasets. It is evident from its assessment of the myPersonality dataset, a modern
and varied dataset that reflects authentic social media interactions. Compared to that, various models
assessed on platforms such as Twitter, YouTube, Instagram, and Facebook demonstrate worse performance,
with accuracies varying from 58.85% to 86.06%.
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Fig. 4 compares the suggested model’s Big Five personality characteristics to those of other models.
The suggested BERT-LIWC-LSTM model either equals or slightly surpasses the different models (HMAttn-
ECBiL and BPT + TF-IGM). The BERT-LIWC-LSTM model demonstrates significant enhancements in
qualities like Openness and Conscientiousness, indicating its efficacy in precisely capturing important
aspects of personality. The findings confirm that the suggested model provides a distinct advantage in iden-
tifying personality traits, thereby confirming its method of combining enduring personality characteristics
with immediate user actions.

Accuracy Comparison Across Traits for All Models

SNA, LIWC SPLICE
CNN+LSTM
HPMN Glove

I HPMN BERT

80 . HMAN-ECBIL
BPT+TF-IGM
BERT-LIWC-LSTM (Our Proposed Model)
60
40
20

Openness Conscientiousness Extraversion Agreeableness Neuroticism
Traits

Accuracy

=)

Figure 4: Comparison across various models with mypersonality dataset

5 Conclusion

This research presents BERT-LIWC-LSTM, a model that successfully combines short-term behavioural
cues with long-term personality traits to enhance the accuracy of personality prediction. The model took
advantage of the stability and dynamic nature of personality through the incorporation of contextual
embeddings (BERT), psychological dictionaries (LIWC), and sequential learning (LSTM). It effectively
identified user-specific language patterns and dependencies between phrases. Experimental testing on the
MyPersonality dataset showed that the model attained a 3.41% improvement in accuracy compared to state-
of-the-art baselines, verifying its efficacy in personality recognition tasks. The model also helped to advance
computational linguistics by enhancing lexical-based psycholinguistic hypotheses.

In future research, we intend to generalise the use of the BERT-LIWC-LSTM framework to other
personality frameworks other than the Big Five, like the Myers-Briggs Type Indicator (MBTI), MuPTA and
ChaLearn First Impressions V2 in order to test its robustness and generalizability across different theoretical
frameworks. Future studies may also investigate incorporating multimodal input data, e.g., images and video,
along with text, in order to create a richer and more detailed understanding of user personalities within
real-world online settings.
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