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The rapid advancement of machine learning (ML) techniques has facilitated the 

development of robust models for various classification tasks. This study explores 

the application of PyCaret, an open-source, low-code machine learning library, to 

perform feature importance analysis and binary classification using the Titanic 

dataset from Kaggle. The dataset underwent preprocessing to convert categorical 

features into numerical values and to remove irrelevant columns. Multiple 

classification models were compared, with the Gradient Boosting Classifier 

achieving the highest performance, marked by an average accuracy of 81.52%. 

Detailed evaluation metrics, including precision, recall, F1 score, and AUC, further 

validated the model's effectiveness. Feature importance analysis identified gender 

(sex), fare, and age as the most significant predictors of survival, aligning with 

historical accounts. The results demonstrate PyCaret's capability to streamline the 

ML workflow, providing valuable insights and enabling rapid experimentation. This 

study highlights the potential of binary classification and feature importance analysis 

in handling large-scale datasets, where the identified important features can serve as 

a baseline for implementing advanced algorithms such as deep learning. 
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1. INTRODUCTION 

In recent years, the rapid advancement of machine learning 

(ML) techniques has enabled the development of powerful 

models for a variety of applications, including classification 

tasks. Binary classification, which involves distinguishing 

between two classes, is a fundamental problem in the field of 

machine learning and has broad applications in areas such as 

medical diagnosis, fraud detection, and spam filtering.  

Features are one of most important aspect for doing a 

classification especially on uncertain dataset. These features 

are typically represented as variables or attributes and provide 

information about the data points or samples being classified. 

With a good selection of features, it will helps the model for 

achieve a better result. 

Feature importance plays a crucial role in the performance 

and interpretability of binary classification models. 

Understanding which features are most influential can help 

improve model accuracy, reduce overfitting, and provide 

insights into the underlying data. Traditional methods for 

assessing feature importance include statistical tests and 

simple models, but recent developments in ML libraries have 

made it easier to calculate and visualize feature importance 

using more sophisticated approaches. 

In classification, features are the measurable or observable 

characteristics of the data that are used to make predictions 

about the class or category to which an instance belongs. 

Features can take various forms depending on the nature of the 

data and the problem at hand. They can be numerical, such as 

age, temperature, or income, representing continuous or 

discrete values. They can also be categorical, such as gender, 

color, or type, representing distinct categories or labels. 

Additionally, features can be binary, representing presence or 

absence of a certain attribute, or even text-based, representing 

words or phrases. 

PyCaret, an open-source, low-code machine learning library 

in Python, has emerged as a valuable tool for simplifying and 

streamlining the end-to-end ML workflow. It provides a 

comprehensive suite of functionalities for data preprocessing, 

model training, hyperparameter tuning, and model evaluation, 

with a particular focus on ease of use and rapid 

experimentation. PyCaret's built-in tools for feature 

importance analysis and binary classification make it an ideal 

choice for researchers and practitioners looking to leverage 

state-of-the-art techniques without extensive coding. 

In this paper, we explore the application of PyCaret for 

feature importance analysis and binary classification. We 

demonstrate how PyCaret can be used to preprocess data, train 

and evaluate models, and interpret the results through feature 

importance metrics. By leveraging PyCaret, we aim to provide 

a practical guide for researchers and practitioners to efficiently 

implement and understand binary classification models and 

their key features. 
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2. LITERATURE REVIEW 
 

The task of binary classification and the analysis of feature 

importance have been extensively studied within the field of 

machine learning. Numerous approaches have been proposed 

to improve the accuracy and interpretability of classification 

models. 

One of the seminal works in feature importance analysis is 

the introduction of decision tree-based methods. Breiman 

(2001) developed Random Forests, an ensemble learning 

method that leverages multiple decision trees to enhance 

classification accuracy and provides an inherent measure of 

feature importance. This technique has become a standard 

benchmark for feature importance analysis due to its 

robustness and interpretability . 

Building on decision tree methods, Chen and Guestrin 

(2016) introduced XGBoost, an optimized distributed gradient 

boosting library designed to be highly efficient, flexible, and 

portable. XGBoost has been widely adopted for various 

machine learning competitions and applications due to its 

performance and scalability. It also includes mechanisms for 

calculating feature importance, which has contributed to its 

popularity in the research community . 

The interpretability of machine learning models has been 

further advanced by the development of SHAP (SHapley 

Additive exPlanations) values, proposed by Lundberg and Lee 

(2017). SHAP values provide a unified approach to 

interpreting model predictions by attributing the contribution 

of each feature to the final prediction. This method has gained 

traction for its solid theoretical foundation and its applicability 

to a wide range of model types . 

PyCaret, introduced by Mooney (2020), has made 

significant strides in democratizing machine learning by 

providing a low-code environment that simplifies the end-to-

end ML workflow. PyCaret integrates various state-of-the-art 

algorithms, including Random Forests and XGBoost, and 

offers built-in tools for feature importance analysis. This ease 

of use and comprehensive functionality have positioned 

PyCaret as a valuable resource for both researchers and 

practitioners . 

Moreover, the use of automated machine learning 

(AutoML) tools has surged in recent years. AutoML 

frameworks like H2O.ai and Google's AutoML provide 

automated feature engineering, model selection, and 

hyperparameter tuning. These frameworks have been 

instrumental in accelerating the development and deployment 

of high-performing models, making advanced ML techniques 

accessible to a broader audience. PyCaret stands out by 

offering a balance between automation and user control, 

allowing for customized and efficient model development . 

In summary, the related work in binary classification and 

feature importance encompasses a range of methodologies 

from ensemble learning and gradient boosting to 

interpretability techniques and automated ML tools. PyCaret 

represents a convergence of these advancements, providing a 

user-friendly platform that facilitates the application and 

understanding of complex ML models. 

 

 

3. METHODOLOGY 
 

 In this section, we outline the steps taken to analyze feature 

importance and perform binary classification using the 

PyCaret library. The Titanic dataset from Kaggle is used as the 

primary dataset for this analysis. The dataset contains 

information about the passengers of the Titanic, including 

demographic details, ticket information, and survival status. 

 

3.1 Data Collection and Preparation  

 The Titanic dataset was obtained from Kaggle, which 

provides a comprehensive collection of datasets for various 

machine learning tasks. 

 

3.1.1 Loading the Data 

 The dataset was loaded into a Pandas DataFrame for initial 

exploration and preprocessing. 

 

3.1.2 Data Cleaning and Preprocessing 

The initial preprocessing involved converting categorical 

features to numerical values and dropping irrelevant columns. 

Converting Categorical Features: The "sex" column, which 

contains categorical values ("male" and "female"), was 

converted to numerical values (0 for "male" and 1 for 

"female"). 

Dropping Irrelevant Columns: The "PassengerId" column 

was dropped as it does not contribute to the prediction of 

survival. 

 

3.2 Binary Classification Using PyCaret 

  

 PyCaret was utilized for feature importance analysis and to 

build and evaluate the binary classification model. The 

workflow involved setting up the PyCaret environment, 

comparing multiple models, and interpreting the results. 

 

3.2.1 Setting Up PyCaret 

The PyCaret classification module was initialized with the 

preprocessed data. The "survived" column was designated as 

the target variable. 

 

3.2.2 Model Training and Evaluation 

 PyCaret was used to compare various classification models 

and select the best-performing model based on accuracy and 

other performance metrics. 

 We set the data for binary classification with our data 

frame (df) and the target column is “Survived”. Now, we run 

all the PyCaret model, fit the dataset, and compare all the 

models. All of the other processing (k-fold, train_test_split) is 

automatically done by PyCaret with default value. 

 

3.3 Feature Importance 

3.3.1 Feature Importance Analysis 

After identifying the best model, PyCaret's feature importance 

function was used to analyze the significance of each feature 

in predicting the target variable. 

 

3.3.2 Model Interpretation and Validation 

The selected model was further interpreted to understand the 

contribution of individual features. Cross-validation was 

performed to ensure the model's robustness. 

 

The methodology outlined above demonstrates the use of 

PyCaret for efficient feature importance analysis and binary 

classification. By leveraging PyCaret's low-code interface, the 

workflow from data preprocessing to model evaluation and 

interpretation was streamlined, allowing for rapid 

experimentation and insight generation. 
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4. EXPERIMENT AND RESULT  

 

In this section, we present the results of the binary 

classification analysis and feature importance evaluation using 

the PyCaret library on the Titanic dataset. 

 

 

4.1 Model Performance 

 

After comparing multiple classification models using 

PyCaret, the Gradient Boosting Classifier emerged as the best-

performing model for this dataset. The model achieved an 

average accuracy of 81.52%, indicating a high level of 

predictive performance. PyCaret's comprehensive evaluation 

metrics further corroborate the model's effectiveness. 

These metrics suggest that the Gradient Boosting Classifier 

not only accurately distinguishes between survivors and non-

survivors but also maintains a good balance between precision 

and recall, as evidenced by the F1 score. The classification 

result can be seen in figure 1.  

 
 

Figure 1. Model Performance Result 
 

4.2 Feature Importance Analysis 

 

Feature importance analysis was conducted to identify 

which features had the most significant impact on the model's 

predictions. The analysis revealed the following key insights: 

Gender (Sex): The most influential feature in determining 

survival. The model indicates that gender (with women having 

a higher survival rate) is the primary predictor of survival. 

Fare: The second most important feature, suggesting that 

passengers who paid higher fares had a higher likelihood of 

survival. 

Age: The third significant feature, implying that younger 

passengers had a better chance of survival compared to older 

ones. 

The feature importance plot generated by PyCaret visually 

illustrates these findings, highlighting the relative importance 

of each feature used in the model. The feature importance list 

can be seen in figure 2. 

 
 

Figure 2. Feature Importance 
 

The results demonstrate that the Gradient Boosting 

Classifier is highly effective in predicting the survival of 

passengers on the Titanic dataset, with an average accuracy of 

81.52%. The feature importance analysis provided valuable 

insights, indicating that gender, fare, and age are the most 

critical factors influencing survival outcomes. These findings 

align with historical accounts and provide a robust basis for 

further research and analysis using similar methodologies. 

 

 

5. CONCLUSION AND FUTURE WORK 

 

5.1 Conclusion 

 

This study demonstrates the application of PyCaret for 

feature importance analysis and binary classification on the 

Titanic dataset. By leveraging PyCaret's low-code 

environment, we efficiently preprocessed the data, trained 

various classification models, and identified the Gradient 

Boosting Classifier as the best-performing model with an 

average accuracy of 81.52%. The feature importance analysis 

revealed that gender (sex), fare, and age are the most critical 

features in predicting survival, providing insights that are 

consistent with historical accounts of the Titanic disaster. 

 

The results highlight the utility of PyCaret in simplifying 

the machine learning workflow, enabling rapid 

experimentation and robust model evaluation. The findings 

emphasize the importance of feature selection and the 

effectiveness of gradient boosting techniques in binary 

classification tasks.  

 

5.2 Future Work 

 

While the current study provides valuable insights, several 

avenues for future work could enhance and expand upon these 

findings.   

The binary classification and feature importance can be 

useful for determining the most optimum feature from big data 

or massive dataset. The result of the feature importance can 

become the baseline for implementing more advance 

algorithm such as deep learning. 
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