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Abstract: In the field of Natural Language Processing and Machine Learning, the automatic recognition of per-

sonality has received increasing research attention. The user expresses their feelings and emotions through social 

media or other platforms.  The content created by users on these platforms is a crucial asset for deducing the 

personalities of the users. The research work efforts in the field of personality recognition not have been reported 

for Indian languages. In India many people survive in rural areas hence they have the problem of understanding 

and speaking the English language and increasing the Indian language content on social media as well. To assess 

human perception and personality accurately, it is essential to gain an understanding of user-generated content 

in the Indian language. In this work, we presented the Machine Learning approach for recognizing users' per-

sonalities from Hindi text by developing the resources translated gold standard dataset Stream-of-consciousness 

essay dataset and Psycholinguistic Dictionary in the Hindi language and experimental results achieved with the 

Machine Learning models. 
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1 Introduction 

 The language psychology theory states that people's word choices reveal who they are [1]. The psychology 

researchers in [2], and [3] studied the verbal behavior and psychological state of people and stated that the way people 

speak is related to physical and mental health problems. In the field of psychology, personality refers to enduring indi-

vidual traits that encompass a blend of emotional, temperamental, and behavioral characteristics. An individual person-

ality influences their life choices, health, and preferences [4], [5]. Predicting the preferences and behaviors of people is 

something we encounter in various aspects of our daily lives. Personality recognition from social network activity per-

mits the prediction of preferences across situations and environments [4]. The recognition of user personality is useful 

in computational applications such as personality recognition would help psychologists to understand patient personal-

ity and its impact on patient behavior for identifying personality disorders. Forensic, is useful in analyzing conversations 

of suspected terrorists. User profiles with predicted personality traits would be used for the recommendation system. 

Personality trait affects one’s suitability for certain jobs, in human resources management. Identifying personality traits 

in forensics helps to reduce the circle of suspects [6-8].   

 

2 Personality Measurements  

  Psychologists aim to comprehend human personality and its influence on human behavior and mental well-

being. The personality is typically described in Big Five Personality Traits [6], [7]: 

 Extraversion- Extraversion pertains to characteristics such as sociability, chattiness, and assertiveness. The 

people scoring high in Extraversion are more socially active, more friendly in public, express positive emotions, and 

show more agreement and complement than an introvert. Extraversion talks louder and more repeatability with fever 

pauses and hesitation. 

 Openness- People who possess openness value novel and unconventional ideas and possess a keen aesthetic 

sense. Openness is related to imagination, creativity, curiosity, political liberalism, and appreciation for culture. Open-

ness people prefer longer words and tentative words as well as the avoidance of 1st person singular pronouns, and 

present tense forms in the conversation.   

 Agreeableness- Agreeableness relates to maintaining positive social relations and being friendly, compassion-

ate, and helpful. Agreeable people show compliance to satisfy others’ demands even at the cost of destroying their 

happiness.  
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 Conscientiousness- Individuals high in conscientiousness prefer to lead an organized life. They are typically 

well-organized, consistent, and dependable. Conscientious people do not prefer to use words related to negations, neg-

ative emotions, and discrepancies.   

 Neuroticism: Individuals with neuroticism often undergo fluctuations in mood and grapple with emotions such 

as guilt, anger, anxiety, and depression. Neurotic people are most likely to use 1st person singular pronouns, more 

negative emotion words, and less positive emotion words.   

 The Big-five factors of personality are important for accessing personality and it is stable across the various 

studies. The big- five factors in the proposed model makes binary predictions of users’ personality. 

3 Related Works 

 This section gives a comprehensive review of automatic personality recognition from the text based on machine 

learning and deep learning models. The basic tasks involved in personality recognition from the text are the preparation 

of a dataset labeled the personality score, psycholinguistic feature extraction, and the construction of the classification 

model and its evaluation.  The research work in personality recognition from text proved that the usage of words reveals 

people's personalities. The researchers have utilized the Linguistic Inquiry and Word Count (LIWC) [9], [10], [11], 

[12], Mairesse features [8], Sentic based emotional features [10] for extracting the psycholinguistic and common sense 

knowledge from the text. These extracted features are then fed into the machine learning and deep learning models such 

as Support Vector Machine (SVM) [13], [14],  Naïve Bayes(NB), Multiple-Layer Perceptron (MLP), and Convolutional 

Neural Network (CNN).   

 The initial form of personality recognition systems [6], [7], [8]  used a combination of machine learning algo-

rithms and feature engineering. In recent years, a deep learning-based approach to personality recognition has increased 

extremely. The deep learning approaches are used by the researcher in their experiments [9], [8], [15], [16].  

 

4         Experimental Approach 

A series of experiments was conducted to examine the performance of ML models to recognize the users' personalities. 

The experimental approach is summarized in the following steps: 

1. Preparation of dataset. 

2. The Hindi text pre-processing  

3. Extraction of the various feature sets from the Hindi text. 

4. Train ML models based on extracted features. 

5. Test the models on unseen Hindi text. 

 

4.1 Preparation of Dataset and Pre-processing 

In this work, a Hindi essay dataset is developed by utilizing an existing stream-of-consciousness essay dataset in Eng-

lish. The dataset encompasses 2468 essays, each annotated with five personality labels. The Text Pre-processing com-

ponent takes each Hindi essay as input, where the average sentence length is 45 and the average essay length is 779 

words. In the Hindi language, sentences typically end with a vertical bar '|' or a question mark '?'. Therefore, the Sentence 

Generator process breaks down the Hindi essay text into a series of sentences, utilizing the vertical bar '|' and question 

mark '?' characters to extract as much information as possible. The next step involves removing all punctuation charac-

ters, such as [!()-[]{};:'"।,<>./?@#$%^&*_~], from the generated sentences to create a sequence of cleaned sentences. 

This sequence of cleaned sentences serves as the input for the tokenization process. 

To optimize the performance of the text processing and feature extraction process, the tokenization step splits sentences 

into tokens. However, some tokens in the token list may not provide any personality-related information, thus impacting 

the overall performance. These tokens, often referred to as stop words, are words that have little or no semantic signif-

icance in sentences and do not carry any personality clues. To improve the system's performance, a Stop Word Removal 

task is executed, utilizing a pre-existing Hindi Stop Word List. 

 

4.2  Extraction of the various feature sets from the text 

For personality recognition from the Hindi text, various features have been extracted from the Hindi text. The features 

utilized in this study are inspired by previous psychological findings [16], [18]. The features used in this work are 

discussed in the below section. 

1. Psycholinguistic Features (PF) 

2. Sentiment Features ( PP/NP) 

3. Word Count (WC) 

4. Term Frequency and Inverse Document Frequency (TF-IDF) 
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 The creation of a psycholinguistic dictionary for Hindi text was conducted in this study, by utilizing the LIWC 

English dictionary [19] and the lexical resource Indowordnet [20], [21]. The psycholinguistic features were extracted 

using the developed dictionary and utilized for the personality recognition task based on earlier psychological studies 

[6], [17] [18]. These studies have shown “a correlation between psycholinguistic features and personality traits”. The 

extracted features are then combined with emotional features extracted by HindiSentiWordNet (H-SWN).  The study 

in the work [7] has reported that emotional clues in the text provide more insights into personality traits and assist in 

detecting personality from the text. For negation handling, the rules proposed by the researchers and defined in the work 

[9].  

The words in the language utilized by the user reveal the personality clues and thus, it is important to find how the word 

is important in the text, also representation of this feature is needed in the numerical form for the further classification 

task employing machine learning algorithms. To address this, techniques such as TF-IDF have been utilized for feature 

extraction. 

  

In this experiment, we extracted 71 Psycholinguistic Features (PF) from the psycholinguistic dictionary, Word Count 

(WC) features extracted from the essay, Negative Polarity (NP), and Positive Polarity (PP) word scores from the essay 

using H-SWN. To improve the performance, the feature set has undergone a feature selection process employing Jaccard 

similarity measures. After removing redundant and irrelevant features, 60 feature set has been prepared. Hence, the final 

psycholinguistic and sentiment feature set contains WC, 60 psycholinguistic features, NP, and PP features. The chosen 

features are afterward input into an Machine Learning (ML) classification model to recognize the user’s personality 

traits. We achieved improved accuracy on the selected feature set. In the next Section, the classification model is dis-

cussed. 

 

4.3 Classification Model 

After conducting the feature extraction and selection process, a feature vector is generated and subsequently utilized as 

input for the classification model to classify personality traits. In this work, the ML classifiers, such as MNB [22], [23], 

[24] and SVM [25], [22] algorithms are employed for the classification process. The five Binary SVM Classifiers and 

five MNB classifiers are trained, one for each personality trait. The performance of the classification model was assessed 

through a series of experiments utilizing different feature sets, including PF, WC, PP and NP, which were employed to 

train the classification models.  

Several experiments were conducted to examine the changes in results based on different characteristics and by adjust-

ing the MNB hyperparameter ‘alpha’ and SVM hyperparameters ‘c’, ‘gamma’, and ‘kernel’. The impact of the hyperpa-

rameter on the five MNB and five SVM classification models was examined by experimenting with distinct hyperpa-

rameter values, with the results being observed for any variations. The finding of the optimal hyper-parameters is done 

by using the GridSearchCV method. The effect of the optimal value of the alpha on the model (EXT, OPN, NEU, CON, 

ARG) MNB and SVM model performance is shown in Figures- 4.1 and 4.2 respectively. 

 

Table- 4.1 F1- score for the five MNB and SVM classification model 

 
* The best result for each trait is indicated in bold. 

 

Table 5.1 illustrates the impact of utilizing distinct feature sets on the classification performance of each trait, as demon-

strated by the training of the MNB and SVM classification models. The experimental results suggest that the inclusion 

of the WC feature improves the classification model's performance for the EXT trait. The SVM classifier for the AGR 

trait achieved the highest F1-score 0.65 amongst the other trait classifiers, whereas the MNB classifier achieved the F1-
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score of 0.69 with the feature set TF-IDF, 60 PF, WC, PP, and NP. Therefore, from the experimental results, it has been 

concluded the feature selection process features increase the classification performance compared to previous settings 

of the 71 PF with WC features.  Based on the experiment results, it has been noted that incorporating LIWC and senti-

ment features yields the most favorable outcome for the SVM classifiers. For AGR traits, the AGR SVM classifier's 

F1-score is 0.65  which is highest among the NEU and CON SVM classifiers.  

 

5 Conclusion 

This work discusses the ML based approach for recognizing personality traits from the Hindi text, which is the key 

objective of this research. To achieve this objective key resources such as a psycholinguistic dictionary and a dataset 

are designed and developed. Earlier studies have demonstrated a link between personality traits and both linguistic and 

psychological characteristics, so we 71 PF extracted features and then performed feature selection techniques to elimi-

nate redundant and irrelevant features to improve the classification model performance. Furthermore, the SVM and 

MNB classifiers are supplied with the sentiment, TD-IDF, and word count. The five classifiers MNB and SVM, one for 

each trait are trained based on different feature sets. The personality recognition from the Hindi text model utilizes 

resource development, preprocessing, feature extraction, feature selection, and classification model components. After 

conducting a series of experiments using MNB and SVM classifiers with various feature sets, we attained the highest 

F1-score of 0.65 for the AGR trait. 
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