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ABSTRACT-The Myers-Briggs Personality Indicator has long been regarded as a valuable tool for gaining 

insights into individual personality preferences. Developed with the aim of fostering a deeper understanding 

of diverse personality traits, the MBTI provides a framework that allows individuals to explore their unique 

strengths, limitations, and differences. This study leverages logistic regression to delve into the relationships 

between MBTI indicators and demographic factors, shedding light on the nuances of personality 

preferences. The study involves the collection of data from a diverse sample of individuals, including their 

MBTI types and relevant demographic information. Logistic regression models are constructed to assess the 

probability of an individual having a specific MBTI indicator based on demographic variables. These 

models are trained and validated to determine the significance of each demographic factor in predicting 

personality preferences. This research showcases the utility of logistic regression as a tool for gaining a 

deeper understanding of MBTI personality types in the context of demographic diversity. 
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I. INTRODUCTION 

This project explores the relationship between Myers-Briggs Type Indicator (MBTI) personality 

indicators and demographic factors using logistic regression analysis. By examining how age, gender, 

education, and occupation influence MBTI types, we aim to deepen our understanding of personality 

preferences across diverse demographic groups. Through data collection and logistic regression modeling, we 

seek to highlight the significance of demographic variables in predicting personality types, offering insights 

with implications for psychology, sociology, and human resources. 

1.1 OBJECTIVES 

The primary aim of this project is to revolutionize the landscape of personality prediction by employing 

logistic  regression as a tool for autonomously decoding and forecasting individual personality traits. In a 

time marked by technological advancements, this research endeavors to harness the power of machine 

learning in understanding and predicting the complexities of human behavior and personality. 

1.2PROBLEMSTATEMENT 

 The aim of this study is to investigate the relationships between Myers-Briggs Type Indicator 

(MBTI) personality indicators and demographic factors using logistic regression analysis. Specifically, the 

project seeks to determine the extent to which demographic variables, such as age, gender, education level, 

and occupation, influence individual MBTI types. By collecting data from a diverse sample of individuals 

and constructing logistic regression models, the research aims to elucidate the significance of demographic 

factors in predicting personality preferences. The findings will contribute to a deeper understanding of the 

interplay between personality traits and demographic characteristics, providing valuable insights for various 

fields, including psychology, sociology, and human resources 
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II. SYSYEM ANALYSIS 

     EXISTING METHOD 

Ensemble Learning Methods (e.g., Random Forests): Ensemble methods like Random Forests, despite 

their ability to handle complex relationships and reduce over fitting, might exhibit lower accuracy in 

certain personality prediction tasks compared to logistic regression. Random Forests rely on multiple 

decision trees.  Naive Bayes Classifiers: Naive Bayes classifiers are simplistic and assume independence 

among features, which might limit their accuracy, especially in scenarios where features are not entirely 

independent or when dealing with complex textual data. • K-Nearest Neighbors (KNN): KNN algorithms, 

while intuitive and easy to implement, might struggle with larger datasets and high-dimensional feature 

spaces. In personality prediction KNN's computational inefficiency and sensitivity to noise can lead to 

reduced accuracy compared to logistic regression, particularly when dealing with unbalanced or noisy 

datasets. 

III. PROPOSED METHOD 

We present a novel approach to personality assessment and interview guidance that utilizes logistic 

regression within an elegantly crafted framework. Fundamentally, the system combines various datasets that 

include relevant textual, behavioral, and other features linked to personality traits. Strict preprocessing 

methods, such as feature engineering and cleaning, improve the dataset and set the stage for precise 

predictive modeling. • The method's efficacy stems from its deliberate curation and extraction of relevant 

features that are essential for personality prediction. By using sophisticated Natural Language Processing 

(NLP) techniques, textual data is processed to extract psycholinguistic characteristics and linguistic patterns, 

expanding the feature space for more accurate trait prediction. • The foundation of our model development 

is logistic regression, which uses its strengths in probability estimation and binary classification to 

accurately predict and describe individual personality traits. Beyond prediction, our system flows naturally 

into interview procedures, giving recruiters predictive insights to customize tests and questions according to 

anticipated characteristics, improving interview effectiveness and candidate assessment. 

ADVANTAGES: 

 

 INTERPRETABILITY: Logistic regression provides straightforward interpretation of results, allowing 

easy understanding of the impact of each feature on the outcome. The coefficients indicate the direction and 

strength of the relationship between independent variables and the probability of the outcome.  

 EFFICIENCY: It is computationally efficient and requires relatively lower computational resources 

compared to more complex   algorithms. This makes it particularly suitable for large datasets or real-time 

applications.  

PROBABILISTIC OUTPUTS: Logistic regression provides probabilities of class membership, enabling 

nuanced decision-making by allowing users to set custom decision thresholds based on the trade-off between 

precision and recall.  

LESS SUSCEPTIBLE TO OVERFITTING: With proper regularization techniques (like L1 or L2 

regularization), logistic regression can effectively handle multi collinearity and prevent overfitting, ensuring 

better generalization to unseen data.  

ROBUSTNESS TO IRRELEVANT FEATURES: It performs well even when some of the independent 

variables are irrelevant or less influential, maintaining predictive accuracy without being overly impacted by 

noise. 
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PROPOSED ARCHITECTURE 

 

 

FEASIBILITY STUDY : 

A feasibility study for personality prediction involves assessing data availability, the reliability of 

personality metrics, and the feasibility of predictive modeling. It requires examining the quality and quantity 

of data sources, such as social media, surveys, or psychological assessments, to ensure they capture diverse 

and representative personality traits. Additionally, evaluating existing models and their accuracy in 

personality prediction aids in determining the feasibility of creating a reliable predictive model. Ethical 

considerations regarding data privacy and biases must also be addressed before implementing such a 

system. Conducting pilot studies to gauge model accuracy and practicality within ethical boundaries is vital 

for a comprehensive feasibility assessment in personality prediction. 

 

SYSTEM IMPLEMENTATION : 

The system after careful analysis has been identified to be presented with the following modules. 

 

 Data Collection 

 Data Pre-Processing 

 Data Training 

 Testing Model 

 Confusion Matrix 

 

MODULE DESCRIPTION 

DATA COLLECTION 

 To collect data for a model based on the Myers-Briggs Type Indicator (MBTI), diverse sources 

capturing individuals' experiences and preferences across the four principal psychological functions—

sensation, intuition, feeling, and thinking— are essential. This could involve designing surveys or 

questionnaires that delve into personal preferences, decision-making approaches, communication styles, and 

reactions to different situations. Certainly, the Myers-Briggs Type Indicator (MBTI) classification system 

categorizes individuals into one of 16 personality types based on four dichotomies: Extraversion (E) vs. 

Introversion (I), Sensing (S) vs. Intuition (N), Thinking (T) vs. Feeling (F), and Judging (J) vs. Perceiving 

(P).  

DATA PRE-PROCESSING 

 Data preprocessing is a crucial phase in preparing raw data for analysis or modeling, ensuring its 

quality, relevance, and suitability for the intended task. For a Myers-Briggs Type Indicator (MBTI) 

classification model, the following steps in data preprocessing might be relevant:  

1. Data Collection: Gather data from diverse sources such as surveys, social media, psychometric 

tests, or textual analysis of written content. Ensure the data captures traits relevant to the four dichotomies 

of MBTI: Extraversion/Introversion, Sensing/Intuition, Thinking/Feeling, and Judging/Perceiving.  

2. Data Cleaning: Handle missing values, inconsistent formatting, or errors in the dataset. This could 

involve imputation techniques for missing data or correcting inconsistencies to ensure data integrity.  

3. Feature Engineering: Extract or create relevant features from the collected data that reflect MBTI 

traits. This might involve text tokenization, sentiment analysis, or encoding categorical variables (such as 

converting textual responses into numerical representations). 
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 4. Normalization/Scaling: Normalize or scale numerical features to a common range, ensuring 

uniformity and preventing certain features from dominating others during model training. 

 5. Handling Categorical Variables: Convert categorical variables (e.g., personality type indicators) 

into numerical representations using techniques like one-hot encoding to enable machine learning 

algorithms to process them effectively. 

DATA TRAINING 

To train a logistic regression model for improved accuracy, several strategies can be employed:  

1. Logistic Model: A logistic regression model is a statistical technique used for binary 

classification, predicting the likelihood of an observation belonging to one of two categories based on its 

features. It operates by applying the logistic function to transform linear combinations of input features into 

probabilities, enabling intuitive interpretation of how each feature influences the prediction outcome. 

Despite its simplicity and assumption of a linear decision boundary, logistic regression remains a widely 

used and efficient method, offering insights into relationships between features and class probabilities in 

various fields such as finance, healthcare, and marketing. 

 2. XGBoost (Extreme Gradient Boosting): XGBoost (Extreme Gradient Boosting) is an optimized 

gradient boosting library which is designed for high efficiency and flexibility. It is an implementation of 

gradient boosting algorithms that is specifically designed for speed and performance. Gradient boosting is 

an ensemble technique that builds trees sequentially. It starts with a single tree and then adds trees one at a 

time, where each new tree corrects the errors of the previous one. XGBoost adds a few extra features to the 

gradient boosting algorithm. It uses a more standardized model formalization to control over fitting, and it 

incorporates a mechanism for handling missing values. 

3. Feature Engineering and Selection: Identify and engineer relevant features that strongly correlate 

with the target variable (MBTI personality types) while removing redundant or less impactful features. This 

process enhances the model's ability to learn essential patterns. 

 4. Hyper parameter Tuning: Experiment with different hyper parameters of the logistic regression 

algorithm using techniques like grid search or randomized search. Adjust parameters such as regularization 

strength (e.g., L1 or L2 regularization), solver algorithms (e.g., 'lib linear' or 'sag'), and convergence 

tolerance to find the optimal configuration that maximizes accuracy. 

 5. Addressing Class Imbalance: If there's an imbalance in the distribution of MBTI types in the 

dataset, consider techniques like oversampling, under sampling, or using algorithms that handle class 

imbalance (e.g., SMOTE) to ensure the model learns equally from all classes. 

 

TESTING MODEL 

Testing a logistic regression model involves evaluating its performance on unseen data to assess its accuracy 

and generalizability. Here's a brief overview of the testing process:  

1. Prepare Test Data: Separate a portion of the dataset that the model has not encountered during 

training for testing purposes. Ensure this data follows the same preprocessing steps as the training set.  

2. Predictions: Use the trained logistic regression model to predict the outcomes or probabilities for 

the test data.  

3. Evaluation Metrics: Assess the model's performance using various evaluation metrics suitable for 

classification tasks. Common metrics include accuracy, precision, recall, F1-score, and area under the ROC 

curve (AUC-ROC). 

4. Confusion Matrix: Construct a confusion matrix to visualize the model's performance, displaying 

the true positive, true negative, false positive, and false negative predictions. 

 5. Threshold Adjustment (if needed): Depending on the specific requirements (e.g., sensitivity vs. 

specificity trade-offs), adjust the classification threshold to optimize the model's performance.  

6. Validation Testing: If applicable, perform cross-validation testing to ensure the model's 

consistency and reliability across different subsets of the data. 

 7. Interpretation: Analyze the results to understand how well the model generalizes to new data and 

how effectively it discriminates between the classes. 
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IV. CONCLUSION  

 

While logistic regression showed competitive performance in personality prediction, its superiority over 

other algorithms varied based on the dataset's characteristics. While it demonstrated good interpretability 

and general accuracy, it didn't consistently outperform all other algorithms across different datasets. 

Algorithms like random forests or gradient boosting occasionally exhibited slightly higher accuracy, 

especially in handling non-linear relationships in the data. The choice of the most accurate algorithm proved 

to be data-dependent, emphasizing the need to select models based on specific data complexities. Overall, 

logistic regression remains a reliable choice due to its interpretability and decent performance, but 

considering different algorithms based on dataset nuances is crucial for optimal predictive accuracy in 

personality prediction tasks. 

 

V. FUTURE WORKS 

The use of sophisticated algorithms becomes essential in the quest for machine learning-based personality 

prediction that is more accurate. The project intends to greatly improve accuracy and predictive capabilities 

by integrating LightGBM, enhancing the user experience in the process. Tasks requiring high accuracy and 

efficiency are areas where LightGBM excels. It is a perfect fit for personality prediction because of its 

amazing speed at handling large and diverse datasets. Furthermore, LightGBM's innate capacity to identify 

complex patterns in textual data jives well with personality traits' subtle variations, opening the door to more 

accurate predictions. 
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