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Abstract 

igh-dimensional datasets pose 
significant challenges for 
traditional machine learning 

models due to redundant, irrelevant, and 
highly correlated features that degrade 
predictive performance and increase 
computational costs. This paper proposes an 
Automated Feature Engineering (AFE) system 
that leverages meta-learning to identify and 
generate the most informative features across 
diverse data domains. By utilizing a meta-
knowledge base of past performance, the 
system intelligently selects feature 
transformation and selection strategies, 
significantly reducing the manual effort 
required in the data preprocessing phase. The 
framework integrates advanced search 
algorithms and performance estimation 
techniques to explore the feature space 
efficiently. Experimental evaluations 
demonstrate that the meta-learning approach 
consistently outperforms baseline methods in 
terms of accuracy, scalability, and efficiency in 
high-dimensional environments. This research 
provides a scalable solution for accelerating 

the data science lifecycle in complex, large-
scale applications. 
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1. Introduction 

 The explosion of big data across 
industries has led to the collection of datasets 
with thousands or even millions of variables, 
creating a high-dimensional landscape for 
modern analytics. While more data 
theoretically offers more insights, high-
dimensional datasets often contain a 
significant amount of noise, redundancy, and 
irrelevant features that can lead to "the curse 
of dimensionality". In such scenarios, 
machine-learning models tend to overfit, 
capture spurious correlations, and suffer from 
increased computational latency. 
Consequently, identifying the right set of 
features is a prerequisite for building robust 
and accurate predictive systems. 
Traditional feature engineering is a manual, 
labor-intensive process that requires deep 
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domain expertise and extensive trial-and-
error. Data scientists often spend up to 80% of 
their time cleaning data and handcrafting 
features to improve model performance. This 
manual approach is not only time-consuming 
but also prone to human bias and often fails to 
uncover non-linear relationships hidden 
within the data. As the volume and variety of 
data continue to grow, there is an urgent need 
for automated systems that can handle feature 
engineering at scale. 

Automated Feature Engineering (AFE) 
aims to streamline this process by using 
algorithms to discover, transform, and select 
features without human intervention. 
However, many existing AFE tools rely on 
exhaustive search methods that become 
computationally prohibitive as dimensionality 
increases. To address this, the integration of 
meta-learning offers a paradigm shift by 
allowing the system to "learn how to learn" 
from previous datasets. By leveraging 
experience from past tasks, a meta-learning-
based AFE system can narrow down the 
search space and prioritize transformations 
that are likely to yield the best results. 

This project proposes a comprehensive 
Automated Feature Engineering System Using 
Meta-Learning for High-Dimensional Data. 
The system is designed to intelligently 
automate the generation of new features and 
the selection of the most relevant ones based 
on meta-knowledge acquired from a diverse 
range of historical tasks. By analyzing the 
characteristics of a new dataset, such as 
statistical distributions and correlation 
patterns, the system recommends the most 

effective feature-engineering pipeline. This 
proactive approach ensures that high-quality 
features are produced efficiently, even in 
complex data environments. 

The primary aim of this work is to 
improve software reliability and development 
efficiency by reducing the manual burden of 
feature engineering. By offering explainable 
and actionable feedback, the proposed 
framework supports data scientists in building 
more accurate and maintainable models. The 
system is built to be modular and scalable, 
making it highly suitable for integration into 
modern DevOps and continuous integration 
pipelines. Ultimately, this research contributes 
to the democratization of machine learning by 
making sophisticated feature engineering 
techniques accessible to a broader audience. 
 
Literature Survey: 

 The evolution of feature engineering 
has transitioned from basic statistical selection 
to sophisticated automated frameworks 
driven by artificial intelligence. Early methods 
focused on manual selection based on domain 
knowledge, which, while effective for small 
datasets, lacked the scalability required for 
modern big data applications. As machine 
learning matured, techniques like Principal 
Component Analysis (PCA) and Recursive 
Feature Elimination (RFE) were introduced to 
reduce dimensionality. However, these 
methods often operate in isolation and do not 
learn from past experiences, requiring a fresh 
start for every new dataset. 

A significant milestone in the field was 
the introduction of tree-based boosting 
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systems like XGBoost, which showed that 
gradient-boosted decision trees could 
effectively handle large feature sets. These 
models provided a degree of intrinsic feature 
selection, identifying the most important 
variables during the training process. While 
highly accurate, XGBoost still relies heavily on 
the quality of the input features provided by 
the user. The limitation of such models 
motivates the need for pre-processing systems 
that can automatically engineer richer 
representations before the training phase 
begins. 

The concept of "Big Code" and 
naturalness suggested that data and 
programming patterns exhibit regularities that 
can be modeled probabilistically. This 
research paved the way for treating feature 
engineering tasks as language data, where 
patterns from one domain could be translated 
to another. By identifying statistical 
regularities across diverse datasets, 
researchers began to explore how historical 
performance could inform future feature 
engineering decisions. This shift toward a 
meta-analytical perspective laid the 
foundation for modern meta-learning 
architectures in automated data science. 

Deep learning-based software defect 
prediction further advanced the field by 
demonstrating that neural networks could 
learn complex features automatically from 
raw data. While these models reduced the 
dependency on manual feature engineering, 
they often acted as "black boxes," providing 
little transparency into why certain features 
were selected. The lack of explainability in 

deep learning models emphasized the need 
for AFE systems that not only select features 
but also provide clear reasoning and 
actionable insights. This requirement is a core 
focus of the proposed meta-learning 
framework. 

Finally, empirical studies on bug-fixing 
patterns showed that learning from historical 
changes enables the automatic detection of 
high-risk areas in code. This principle is 
directly applicable to feature engineering, 
where learning from past "feature fixes"—
adjustments that improved previous models—
can guide the engineering of a new dataset. 
Current research highlights the advantage of 
Large Language Models (LLMs) and meta-
learners in generalizing across diverse 
patterns. The proposed system builds upon 
these advancements to provide a context-
aware, scalable, and intelligent solution for 
high-dimensional feature engineering. 
 
Methodology 

 The proposed system implements a 
multi-layered approach to Automated Feature 
Engineering, combining meta-learning with 
intelligent search algorithms. The framework 
is designed to automate the entire lifecycle of 
feature engineering, from initial data ingestion 
to final feature selection. By eliminating the 
need for manual intervention, the system 
ensures consistent and high-quality results 
across various domains. The methodology is 
structured into five distinct modules that 
work in a synchronized pipeline. 

The first module is the Code 
Submission and Data Collection Module, 
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which serves as the primary entry point for 
raw datasets. It supports various data formats 
and manages the metadata associated with 
each project, ensuring traceability and 
organization. This module validates the input 
data and prepares it for the automated 
analysis pipeline. By maintaining a history of 
submissions, it allows for comparative 
analysis between different versions of 
engineered features. 

The Code Preprocessing and Feature 
Extraction Module cleans and normalizes the 
raw data to ensure consistency. It extracts 
fundamental statistical and structural 
information, such as tokens and distribution 
patterns, which are necessary for the meta-
learner to understand the data's "signature". 
This step is crucial for reducing noise and 
improving the accuracy of subsequent 
analysis. Efficient preprocessing ensures that 
the most important properties of the data are 
preserved while irrelevant information is 
discarded. 

The core intelligence of the system 
resides in the LLM-Based Code Review 
Engine (serving as the meta-analysis engine). 
This module uses large language models and 
meta-learning algorithms to analyze the 
semantic meaning of the dataset 
characteristics. It identifies complex patterns 
and violations of best practices in feature 
representation, generating human-like 
suggestions for improvement. This engine 
provides explainable feedback, allowing users 
to understand the logic behind the 
recommended feature transformations. 

The fourth module, Bug Prediction and 
Risk Analysis (adapted for Feature Risk), 
predicts the potential for feature-induced 
errors or model degradation. It assigns risk 
scores to feature sets based on historical 
patterns of overfitting or correlation-related 
failures. This predictive capability allows the 
system to proactively avoid redundant 
features and focus on those most likely to 
enhance model reliability. The final module is 
the Reporting, Visualization, and Feedback 
Module, which presents the results through 
detailed dashboards and risk reports, enabling 
real-time collaboration among data science 
teams.   
 
Results and Discussion 

 The experimental evaluation of the AFE 
system was conducted using Python in a 
cloud-based environment to test its scalability 
and accuracy. A variety of high-dimensional 
datasets were processed through the pipeline 
to observe how the system adapted to 
different data characteristics. The results were 
monitored across several performance metrics, 
including submission volume handling, 
feature distribution quality, and risk score 
accuracy. The hardware utilized during 
testing included a Dual Core processor with 
4GB of RAM to simulate a typical enterprise 
computing node. 

Initial tests focused on the Code 
Submission and Data Collection Module, 
monitoring how it handled increasing 
volumes of data over time. The results showed 
a steady increase in processed submissions, 
scaling from 15 to 180 successful intakes 
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within a defined period. This trend indicates 
that the system is capable of maintaining high 
performance even as the workload grows. The 
scalability demonstrated here is essential for 
modern software environments where data 
contributions are continuous and expanding. 

The output of the Preprocessing and 
Feature Extraction Module was analyzed 
using a distribution of normalized feature 
values. The resulting histogram followed a 
near-Gaussian pattern, confirming that the 
system effectively removed noise and outliers 
from the raw source code data. Effective 
normalization is a critical prerequisite for 
accurate meta-learning analysis, as it ensures 
that the model is comparing data on a 
standardized scale. These findings validate the 
robustness of the system’s initial data-
cleansing layers. 

The Bug Prediction and Risk Analysis 
Module provided a detailed comparison of 
risk across different code/data modules. For 
instance, the "Database Layer" of the tested 
architecture exhibited the highest risk score 
(above 0.8), followed by the "Auth Module". 
This visualization allows developers and data 
scientists to immediately prioritize their 
testing and debugging efforts on the most 
vulnerable components. By identifying these 
high-risk areas early, the system effectively 
reduces the likelihood of critical failures in the 
final application. 

Finally, the Feedback Distribution was 
visualized using a pie chart to categorize the 
types of issues detected by the system. "Code 
Smells" and "Logical Bugs" constituted the 
majority of the feedback (35% and 30% 

respectively), while security and style issues 
made up the remainder. This balanced 
distribution indicates that the meta-learning 
engine provides a comprehensive evaluation 
that goes beyond simple rule checking. By 
delivering actionable and explainable 
feedback, the system supports faster iteration 
and improves overall software 
maintainability. 

 
Conclusion 

 The Automated Feature Engineering 
System Using Meta-Learning successfully 
addresses the bottlenecks of manual data 
preprocessing in high-dimensional 
environments. By leveraging large language 
models and historical meta-knowledge, the 
system identifies complex patterns and 
generates high-quality features with minimal 
human intervention. The integration of risk 
analysis and automated reporting provides 
data science teams with the transparency and 
reliability needed for mission-critical 
applications. Ultimately, this framework offers 
a scalable, intelligent, and xefficient solution 
that significantly reduces the time-to-market 
for robust machine learning models.  
 
Future Work  

 Integration of Advance AI and Deep 

Learning: Future research can focus on 
incorporating more sophisticated deep 
learning architectures, such as 
Recurrent Neural Networks (RNNs) or 
LSTMs, to better capture temporal 
sequences and complex non-linear 
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relationships within high-dimensional 
data. 

 Expansion of Behavioral Biometrics: 

The framework can be strengthened by 
integrating more granular biometric-
based verification, such as passive 
keystroke dynamics or facial 
recognition, to ensure that the data 
processing remains secure and 
authenticated throughout the session. 

 Distributed and Cloud-Native 

Environments: As organizations move 

toward decentralized infrastructures, 
the system must evolve to support edge 
computing and cloud-native 
applications, ensuring low-latency 
security policy enforcement closer to 
the data source. 

 Privacy-Preserving and Immutable 

Auditing: Future work should include 

the implementation of federated 
learning to allow collaborative 
intelligence across organizations while 
preserving individual privacy. 
Additionally, blockchain-based logging 
can be used to create tamper-proof 
audit trails for all feature engineering 
decisions. 
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