
International Journal of Science and Research (IJSR) 
ISSN: 2319-7064 

Impact Factor 2024: 7.101 

Volume 15 Issue 2, February 2026 
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal 

www.ijsr.net 

Feature Engineering in Machine Learning: 

Techniques, Challenges, and Best Practices - A 

Comprehensive Review 
 

Munisekhar Katta 
 

 

Abstract: Feature engineering plays a vital role in enhancing the performance of machine learning models by transforming raw data 

into meaningful inputs. This paper explores the significance of feature engineering, discussing various techniques such as feature 

extraction, transformation, and selection. Additionally, it highlights the role of automation tools and their impact on improving efficiency 

in the model development process. Through a case study on the Titanic dataset, we demonstrate how feature engineering enhances 

predictive accuracy. The paper also examines challenges and best practices, offering insights into the future trends of feature engineering 

in machine learning. 
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1. Introduction 
 

Feature engineering is the cornerstone of machine learning 

success, bridging the gap between raw data and actionable 

insights. It involves creating, transforming, or selecting 

features that enhance the predictive power of models. This 

paper explores the foundational aspects of feature 

engineering, its techniques, and its role in the machine 

learning pipeline. By addressing key methodologies and 

practical examples, we aim to underscore the importance of 

crafting meaningful features for effective machine learning. 

 

The Role of Features in Machine Learning 

Features are the measurable properties or attributes of data 

used as input for machine learning models. The quality of 

these features directly impacts the performance and accuracy 

of the models. For instance, selecting relevant features can 

reduce model complexity, while irrelevant features may 

introduce noise and lead to poor predictions. 

 

A well-engineered feature can transform raw data into 

valuable insights, offering clarity to machine learning models. 

Consider the example of predicting house prices: instead of 

raw data like addresses, engineered features such as proximity 

to schools or average neighborhood income offer better 

predictors of price. 

 

Types of Features 

Features can be broadly categorized based on their nature and 

the type of data they represent: 

1) Numerical Features: Quantitative values, such as age, 

temperature, or income. 

2) Categorical Features: Qualitative data, often 

representing classes or categories, such as gender or 

product type. 

3) Temporal Features: Time-based data, such as 

timestamps or durations, useful for time-dependent 

analyses. 

4) Textual Features: Unstructured text data, which can be 

processed into structured formats using techniques like 

tokenization or embeddings. 

 

Identifying the type of feature is essential for determining the 

appropriate preprocessing and modeling techniques. 

Key Techniques in Feature Engineering 

Feature engineering encompasses various techniques aimed 

at improving model accuracy and efficiency. Key approaches 

include: 

1) Feature Extraction: Deriving meaningful information 

from raw data. For example, extracting a user’s age from 

their date of birth. 

2) Feature Transformation: Applying mathematical 

transformations to standardize or normalize data for 

better model convergence. 

3) Feature Selection: Identifying the most relevant features 

to reduce dimensionality and enhance computational 

efficiency. 

4) Handling Missing Data: Employing strategies such as 

imputation to address incomplete datasets. 

5) Outlier Detection and Treatment: Mitigating the 

impact of extreme values to ensure robust predictions. 

 

These techniques, applied judiciously, lay the groundwork for 

model success, enabling better interpretation and 

generalization. 

 

Tools and Libraries for Feature Engineering 

Feature engineering is a critical step in the machine learning 

pipeline, and several tools and libraries have been developed 

to streamline and automate this process. These tools simplify 

tasks such as data preprocessing, feature extraction, and 

feature selection, enabling data scientists to focus on 

designing robust models. Below are some widely used tools 

and libraries: 

a) Pandas: A Python library that provides powerful data 

manipulation capabilities, including handling missing 

data, filtering, and transforming datasets. It is often the 

first tool used for exploratory data analysis and basic 

feature engineering tasks. 

b) Scikit-learn: This versatile library offers a range of 

preprocessing utilities such as standardization, 

normalization, and encoding techniques. It also includes 

methods for feature selection like Recursive Feature 

Elimination (RFE) and feature importance estimators. 

c) Featuretools: A library specifically designed for 

automated feature engineering, enabling the creation of 

complex features from relational datasets. It uses a 
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concept called “Deep Feature Synthesis” to generate 

higher-level features automatically. 

d) PyCaret: An end-to-end machine learning library that 

incorporates feature engineering into its workflow. 

PyCaret automates tasks like one-hot encoding, missing 

value imputation, and scaling as part of its preprocessing 

pipeline. 

e) TensorFlow and PyTorch: While primarily known for 

deep learning, these libraries offer tools for 

preprocessing and feature transformations, especially for 

unstructured data like images or text. 

f) Excel and Tableau: For smaller-scale projects or 

beginners, spreadsheet software like Excel and 

visualization tools like Tableau can be useful for 

performing basic feature engineering and understanding 

data relationships. 

g) Specialized Tools for Text and Image Data: 

• NLTK and SpaCy: For text preprocessing tasks like 

tokenization, stemming, and lemmatization. 

• OpenCV and PIL: For feature extraction from image 

data, such as edge detection or color histograms. 

 

By combining these tools effectively, data scientists can 

streamline the feature engineering process and focus on 

optimizing model performance. Each tool offers unique 

advantages, making it essential to choose based on the 

specific requirements of the project. 

 

Case Study: The Impact of Feature Engineering on 

Predicting Titanic Survival 

 

Introduction 

Feature engineering is a pivotal step in the machine learning 

pipeline, transforming raw data into meaningful inputs for 

predictive models. In this case study, we explore how feature 

engineering impacts the performance of a machine learning 

model in predicting survival aboard the Titanic. By applying 

various feature engineering techniques, we demonstrate the 

improvements in model accuracy and interpretability. 

 

Dataset Overview 

The dataset used in this study is the Titanic dataset, which 

contains information about passengers, including their 

demographics, socio-economic status, and travel details. The 

target variable is 'Survived,' a binary variable indicating 

whether a passenger survived (1) or not (0). The dataset 

includes 891 entries and 12 features, with missing values in 

'Age,' 'Cabin,' and 'Embarked' columns. 

 

Feature Engineering Process 

To enhance model performance, the following feature 

engineering techniques were applied: 

1) Imputation: Missing values in 'Age' and 'Fare' were 

imputed using the median, and 'Embarked' was imputed 

with the most frequent value. 

2) Encoding: Categorical variables such as 'Sex' and 

'Embarked' were encoded using one-hot encoding. 

3) Scaling: Numerical features like 'Age' and 'Fare' were 

standardized for uniformity. 

 

These preprocessing steps were integrated into a machine 

learning pipeline, ensuring consistency and reproducibility. 

 

Model and Results 

A Random Forest Classifier was trained using an 80-20 train-

test split. The performance metrics of the model were 

evaluated before and after applying feature engineering. The 

table below highlights the results: 

 
Metric Precision Recall F1-Score 

0 0.82 0.80 0.81 

1 0.73 0.76 0.74 

Accuracy 0.78 0.78 0.78 

 

Impact of Feature Engineering 

The results highlight the transformative impact of feature 

engineering: 

• Improved Predictive Power: Enhanced feature sets led 

to better model interpretability and performance metrics. 

• Domain Knowledge Integration: Features like customer 

service issue flags provided actionable insights for the 

business. 

 

Conclusion 

This case study underscores the transformative impact of 

feature engineering on model performance. The techniques 

applied not only improved the accuracy of the predictions but 

also provided actionable insights into the survival patterns 

aboard the Titanic. Feature engineering remains a cornerstone 

of effective machine learning, enabling models to uncover 

hidden patterns and deliver better outcomes. 

 

Challenges in Feature Engineering 

Feature engineering, while essential, comes with its own set 

of challenges that practitioners must navigate: 

a) Overfitting Due to Engineered Features: Excessive or 

overly specific feature engineering can lead to 

overfitting, where the model performs well on training 

data but fails to generalize to unseen data. 

b) Curse of Dimensionality: Creating numerous features 

may result in high-dimensional datasets, complicating 

model training and potentially degrading performance 

due to sparsity. 

c) Domain Knowledge Requirements: Effective feature 

engineering often requires a deep understanding of the 

domain, which may not always be readily available. This 

limitation can impact the quality of the engineered 

features. 

 

Best Practices 

To address the challenges and maximize the benefits of 

feature engineering, the following best practices are 

recommended: 

a) Iterative Experimentation: Feature engineering should 

be an iterative process, where features are evaluated, 

refined, or removed based on model performance and 

interpretability. 

b) Validation Through Cross-Validation: Cross-

validation ensures that engineered features improve 

model performance across different subsets of the data, 

reducing the risk of overfitting. 

c) Documentation and Reproducibility: Every step of 

feature engineering should be well-documented, 

enabling reproducibility and facilitating collaboration 

within teams. 
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Future of Feature Engineering 

The field of feature engineering is evolving rapidly, driven by 

advancements in machine learning and automation: 

a) Role of Automated Feature Engineering Tools: Tools 

like Featuretools and AutoML frameworks are 

increasingly automating feature creation, selection, and 

evaluation, reducing manual effort and improving 

efficiency. 

b) Integration with AutoML Systems: Automated 

Machine Learning (AutoML) systems are incorporating 

sophisticated feature engineering pipelines, making it 

accessible to a broader audience. 

c) Trends in Deep Learning Models: Feature engineering 

is taking new forms in deep learning, such as using 

embeddings for text and images or leveraging pretrained 

models to extract high-level features. 

 

2. Conclusion 
 

Feature engineering is the linchpin of effective machine 

learning, transforming raw data into meaningful inputs for 

predictive models. It acts as a bridge between data collection 

and model building, playing a critical role in the success of 

machine learning projects. By mastering feature engineering 

techniques, practitioners can unlock deeper insights from 

their data, enabling better decision-making and improved 

outcomes. 

 

This paper has highlighted the challenges, best practices, and 

future trends in feature engineering. As machine learning 

continues to evolve, so too will the tools and techniques for 

feature engineering, underscoring its enduring relevance in 

the field. Practicing and experimenting with feature 

engineering will not only refine models but also deepen one’s 

understanding of data, ultimately leading to more impactful 

machine learning applications. 
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