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Abstract 

 

Feature engineering remains one of the most time-intensive and expertise-dependent stages in 

machine learning pipelines, often limiting scalability and reproducibility. Despite advances in 

automated machine learning, existing systems largely emphasize model and hyperparameter 

optimization while leaving feature construction partially manual and task-specific. This reveals a 

critical research gap: the absence of a transferable, experience-driven mechanism capable of 

generalizing feature engineering knowledge across heterogeneous datasets. To address this 

limitation, this study proposes a meta-learning–based automated feature engineering framework 

that models transformation selection as a learnable mapping between dataset meta-characteristics 

and transformation utility. The framework constructs a reusable meta-knowledge layer trained on 

historical task–transformation–performance relationships and applies ranked transformation 

strategies to unseen datasets under computational constraints. Experiments conducted on diverse 

classification and regression datasets demonstrate that the proposed approach achieves up to 4.2% 

improvement in F1-score and 8.3% reduction in RMSE compared to raw-feature baselines, while 

maintaining performance comparable to or exceeding manually engineered pipelines. In addition, 

development time is reduced by up to 55%, and search complexity decreases by approximately 

60% through ranking-based pruning. These findings confirm that feature engineering can be 

formalized as a transferable meta-learning problem, enabling scalable, efficient, and generalizable 

data science workflows. The study advances the automation of representation construction and 

supports the integration of intelligent meta-knowledge reuse in next-generation AutoML systems.  
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Introduction 

 

Feature engineering is a critical step in data science that is also one of the most labor-intensive 

(Ghubaish et al., 2024). Although new algorithms and automation have made certain facets of the 

data pipeline easier and faster, transforming data into relevant features still requires considerable 

domain knowledge, manual effort, and a reliance on trial and error. This has a negative impact on 

scalability and length of the development cycle and is a major source of frustration to those without 

an advanced technical background. In the literature, feature engineering has been cited as the most 

time consuming in a project and is critical to predictive performance. This renders it the most 

important facet of machine learning implementations. 

 

 Existing methods for feature engineering do not generalize well and do not allow for the 

automated construction of a variety of effective features for diverse datasets (Eldeeb & Elshawi, 

2025). Traditional feature engineering methods rely on bespoke domain and task specific data 

manipulation and, as a result, face three major challenges: poor adaptability to new tasks, excessive 

dependence on expert intuition, and poor reproducibility. Current approaches in AutoML still 

center around hyperparameter tuning and model selection. Furthermore, feature engineering 

outside a select number of automated methods is still limited to a handful of transformations. 

 

 There has been some research attempting to tackle the problem using different approaches. 

The problems with filter, wrapper, or embedded methods, or approaches relying on representation 

learning, such as deep neural networks or autoencoders, are that while these techniques can learn 

features on their own, they are dependent on the availability of large volume and quality labeled 

datasets, on substantial computational power, and on specific architectural adjustments. Other 

techniques such as symbolic feature construction and approaches relying on evolutionary methods 

have also been suggested, but these tend to suffer from very high computational costs and are not 

very scalable to medium and large datasets. Furthermore, the vast majority of the previously 

mentioned approaches are looking at a single dataset, completely ignoring the knowledge transfer 

from previously done learning tasks. 

 

 Therein a significant research gap arises, as there are no unified and transferable 

frameworks that can provide design abstractions of feature engineering as reusable meta-

information across heterogeneous tasks. Particularly, most of the existing frameworks do not seem 

to contain meta-level explanations about the best feature transformations to perform given the 

unique characteristics of a dataset. This meta-knowledge gap severely constrains the flexibility 

and scope of automated data science pipelines. 

 

 To close this gap, the current study proposes a novel example of an automated feature 

engineering framework based on meta-learning (Bonidia et al., 2022). The framework learns the 

history of the relationships between a task, feature, and performance, and based on this experience, 

builds task-specific feature transformations for new datasets. This framework allows for modeling 

feature engineering as a flexible, learnable process rather than a one-time, predetermined, 

irretrievable preprocessing step, which adds an 'intelligence' layer to the system that can adapt to 

multiple different tasks (Azhar et at., 2025). The solution aims to remove the manual effort, while 

still achieving a predictive performance equal to, or better than, the performance achieved by 
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human feature engineering. Transferrability is a key focus of the framework, providing the 

potential to support un/seen datasets with little to no additional training required. 

 

 The proposed frameworks are rigorously evaluated using a range of cross-hetero datasets, 

and inclusive of both classification and regression tasks (Bhuyan & Chakraborty, 2024). The cross-

hetero nature of the datasets is essential for providing the right variances, to ensure the performance 

gains are not the outcome of a task-specific optimized performance bias or gain. The experimental 

design focuses on the differences when the manually designed feature pipeline is used to construct 

the automated solution's baseline system. The metrics of predictive performance, time, cost, and 

effort scalabilities are assessed and used to evaluate the system. The system's metrics are also 

evaluated on the solution to ensure that the levels of automation do not excessively consume work 

or resources. Empirical results demonstrate that the proposed meta-learning-driven system 

achieves performance comparable to or exceeding manual feature engineering while significantly 

reducing development time. 

 

The main contributions of this study are threefold. First, we formalize feature engineering as a 

meta-learning optimization problem that models task–transformation–performance relationships. 

Second, we design a transferable transformation ranking mechanism that reduces search 

complexity while preserving predictive quality. Third, we empirically demonstrate cross-task 

generalization across heterogeneous classification and regression benchmarks under strict 

validation protocols. The overall architecture of the proposed framework is illustrated in Figure 1, 

which summarizes the meta-learning-driven feature engineering pipeline and its cross-task 

knowledge transfer mechanism. 

 

 
 

Figure 1. Conceptual Overview of the Meta-Learning–Driven Feature Engineering 

Framework 

 

 In terms of automated machine learning and data-centric AI, feature engineering that is 

adaptable and self-improving intelligence is crucial. The most ambitious goal of this study is to 
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further the automation of the data science pipeline by automating data science. The study also aims 

to democratize data science by removing complexity engineering, making data science accessible 

to non-data experts, while not compromising the analytical depth of the data. The combination of 

intelligent automation and meta-knowledge re-use helps the framework show both method and 

practice to the scalable machine learning engineering problem. Ultimately, this work aims to shift 

the paradigm from handcrafted feature design toward adaptive, experience-driven feature 

construction, thereby enabling more efficient, robust, and generalizable data science systems. 

 

 

Methodology 

 

Problem Formulation 

 

Let a supervised learning task be defined as 𝑇 = (𝐷, 𝑌, 𝑓), where 𝐷 = {(𝑥𝑖, 𝑦𝑖)}𝑖=1
𝑛  denotes a 

dataset consisting of input samples 𝑥𝑖 ∈ ℝ𝑑 and corresponding labels 𝒴𝑖 ∈ 𝑦, and f represents a 

predictive model trained to approximate the mapping 𝑥 → 𝑦  (Cheng et al., 2024). Traditional 

feature engineering constructs a transformation function 𝜙: ℝ𝑑 → ℝ𝑑′
, where 𝑑′ ≥ 𝑑, to produce 

enhanced representations =𝑥
~ 𝜙(𝑥) that improve predictive performance. 

 

The objective of this study is to learn an automated transformation policy 𝛷 that can 

generate task-adaptive feature transformation strategies (Xiao et al., 2024). Instead of manually 

specifying 𝜙, the framework learns a meta-function 𝛷(𝑀(𝑇)) → 𝜙𝑇, where 𝑀(𝑇) denotes meta-

features describing dataset characteristics, and 𝜙𝑇 represents the optimal feature transformation 

strategy for task 𝑇. The problem is therefore formulated as a meta-learning optimization task: 

 
where 𝑇 represents a distribution over tasks, and 𝐿 denotes a task-specific loss function 

such as cross-entropy for classification or mean squared error for regression (Kucik & Stokholm, 

2023). The goal is to learn 𝛷 such that feature engineering knowledge transfers effectively across 

tasks. 

 

Overall Framework Architecture 

 

The proposed framework consists of four primary components: dataset characterization, 

transformation search space construction, meta-learning model training, and adaptive feature 

construction for new tasks (Garouani et al., 2023). The architecture formalizes feature engineering 

as a two-level learning process: base-level model training and meta-level transformation 

recommendation. 

 

In the dataset characterization phase, each dataset is summarized using meta-features 

capturing statistical, structural, and distributional properties (Uddin & Lu, 2024). These include, 

among others, the dimension and sample size, type and distribution of features, correlation 

structures, measures of entropy, skewness, and kurtosis, and the indicators of sparsity. The meta-

features 𝑀(𝑇) represent the task descriptors. 
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Candidate feature operators are numerous and include the following: (i) arithmetic 

transformations, (ii) polynomial, logarithmic, and exponential expansions, (iii) interaction terms, 

(iv) discretization methods, (v) aggregation methods, (vi) normalization, and (vii) various 

encoding methods (Yu et al., 2024). Each transformation candidate is parameterized to allow for 

adaptiveness. The transformation search space is designed to be interpretable, systematically 

layout the search space, and control the growth of combinatorial exploration. The categories and 

representative operators are summarized in Table 1. 

 

Table 1. Categories of Candidate Feature Transformations 

Category Example Operators Parameterization Purpose 

Arithmetic 

Transformations 

Addition, subtraction, 

multiplication, 

division between 

features 

Pairwise feature 

combinations; 

optional scaling 

factors 

Capture linear 

relationships and 

feature interactions 

Polynomial 

Expansions 
𝑥2,  𝑥3, interaction 

terms 𝑥𝑖𝑥𝑗 

Degree 𝑑 ∈
{2,3, … }; interaction 

order 

Model nonlinear 

dependencies and 

higher-order effects 

Logarithmic & 

Exponential 
𝑙𝑜𝑔 (𝑥),  𝑒𝑥𝑝 (𝑥), 

power transforms 

Base selection; offset 

handling for non-

positive values 

Normalize skewed 

distributions and 

stabilize variance 

Statistical 

Aggregations 

Mean, median, 

standard deviation, 

min–max, quantiles 

Window size or 

grouping criteria 

Summarize 

distributional 

characteristics within 

feature subsets 

Discretization & 

Binning 

Equal-width binning, 

quantile binning 
Number of bins 𝑏; 

strategy type 

Convert continuous 

variables into 

categorical 

representations 

Encoding Techniques One-hot encoding, 

target encoding, 

frequency encoding 

Encoding scheme; 

smoothing parameters 

Transform categorical 

features into 

numerical 

representations 

Normalization & 

Scaling 

Min–max scaling, Z-

score normalization 

Scaling range; 

normalization axis 

Standardize feature 

magnitudes for stable 

model training 

Feature Selection–

Based Generation 

Recursive feature 

elimination, threshold 

filtering 

Selection threshold; 

ranking metric 

Reduce 

dimensionality and 

remove redundant 

features 

Interaction Discovery Cross-feature ratios, 

composite indicators 

Feature pair selection 

criteria 

Capture domain-

inspired derived 

metrics 

Domain-Agnostic 

Transform Operators 

Generic 

transformation 

pipelines applied 

iteratively 

Transformation 

depth; composition 

length 𝑘 

Enable flexible, 

adaptive 

transformation 

composition 
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The meta-learning module learns a mapping between dataset descriptors and 

transformation effectiveness (De Amorim et al., 2025). Historical tasks are used to build a 

performance matrix 𝑃𝑖𝑗, where each entry represents the predictive performance of transformation 

strategy 𝑗 applied to task 𝑖. This matrix is used to train a meta-model capable of predicting expected 

gains from candidate transformations given new dataset characteristics. 

 

Meta-Learning Strategy 

 

The meta-learning stage involves multiple historical tasks. Let {𝑇1, 𝑇2, … , 𝑇𝐾} represent 

previously observed tasks (Wan et al., 2025). For each task, several transformation methods are 

tested, and corresponding performance evaluations are conducted according to fixed validation 

protocols. A meta-dataset is made where each input is a combination of meta-features of the dataset 

and transformation methods, and the output is the performance improvement compared to a 

baseline model. 

 

The meta-model is trained via supervised regression on transformation utility prediction 

(Dagher et al., 2024). Formally, given a meta-instance 𝑧 = [𝑀(𝑇), 𝜃𝜙], where 𝜃𝜙 transformation 

parameters are denoted as meta-models that predict 𝛥𝐿. 𝛥𝐿 is the expected improvement in loss. 

These include gradient boosting or neural meta regressors owing to the ability to model the non-

linear relationships between the characteristics of the dataset and the behaviors of the 

transformations. 

 

Keeping generalization in mind, cross-task validation is used (Lee & Lee, 2022). The tasks 

are split in a way that the meta-model is critiqued on new datasets which were not used during its 

training. This structure avoids leakage of information and guarantees transferability. 
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Figure 1. Meta-Learning Training and Deployment Workflow 

 

Automated Feature Construction Process 

 

When a dataset is new and unseen 𝑇𝑛𝑒𝑤, the system first extracts its meta-features 𝑀(𝑇𝑛𝑒𝑤) 

(Abdallah et al., 2025). The meta-model then predicts utility scores for all candidate 

transformations. Rather than exhaustively evaluating every transformation, the system ranks 

candidates according to predicted performance gains and selects the top k strategies under 

computational budget constraints. 

 

Developed transformations are applied sequentially and are referred to as a composed 

transformation function. 

 
An iterative refinement process reviews the performance of intermediate models and ceases 

when performance improves only marginally compared to a set value (Rulff & Evins, 2025). This 

process seeks to achieves an optimal balance between the value of the work done and the time 

taken to complete the work. This mechanism ensures an effective balance between performance 

gain and computational cost. Such activities are defined in the formalized work process in 

Algorithm 1. Algorithm 1 combines the offline meta-training with the online deployment phase 

into a single procedure. 
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Algorithm 1. Meta-Learning–Based Feature Engineering 

 
 

Experimental Design 

 

Experiments are performed on a variety of datasets to assess the robustness and 

generalizability of the model, with an emphasis on the different data types, volumes, dimensions, 

and types of data noise (Suawa et al., 2023). 

 

The datasets have been separated into training, validation, and test subsets (Ameen et al., 

2023). Stratified sampling was used for the classification task, while random partitioning was used 

for the regression task. The training set is used for transformation learning and model fitting, the 

validation set for transformation ranking, and the test set for final performance reporting. 

 

Baseline comparisons include manually engineered feature pipelines, typical preprocessing 

workflows, and traditional AutoML methods that lack meta-learning direction (Correia et al., 

2024). Evaluation metrics include Accuracy, F1 score, ROC-AUC and RMSE and 𝑅2 for the 

classifications and regression tasks, respectively. Aside from predictive performance, the 

assessment also recorded the computational overhead, run time, and memory consumption to 

evaluate the scale. 

 

In order to be consistent and to have fair results, all experiments are done using the same 

hardware configuration (Hu et al., 2025). Hyperparameter tuning of predictive models is done 

using grid search with k-fold cross-validation. Since reproducibility is a goal, random seeds are 

set and the experiments are run multiple times, with the results being cited as the average and 

standard deviation. 
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Computational Complexity and Scalability Analysis 

 

Let 𝑘 be the historical tasks, m be the candidate transformations, and n be the number of 

samples per task (C. Wang et al., 2023). The key factor that determines the meta-training 

complexity is the performance evaluation of transformations across tasks and the training of the 

meta-model. With an assumed cost of training a base learner being 𝐶𝑡𝑟𝑎𝑖𝑛, the meta-training 

complexity can be estimated as: 

 
When the meta-model is deployed, it determines and ranks utility scores for all m 

transformations and chooses the top 𝑘 (Hassani, 2025). The ranking process takes: 

 
Choosing the 𝑘 transformations result in an additional cost that is estimated as 𝐶𝑎𝑝𝑝𝑙𝑦, 

which contributes to the overall complexity of deployment (P. Wang et al., 2023): 

 
The meta-training and deployment cost (Zhang et al., 2024) combined is the total 

computational cost of the framework. This cost takes into account the historical tasks and 

evaluation of transformations for meta-training. This cost is also done offline. The highest cost 

that is associated with deployment is the ranking and selective application of transformations. This 

cost is determined to be linear with respect to the number of candidate transformations when there 

is a budget constraint. 

 

Empirical runtime analysis shows that ranking-based selection significantly decreases 

search complexity when compared to exhaustive feature generation (Lausser et al., 2022). This 

method is applicable for medium and large datasets. 

 

Reproducibility Protocol 

 

To provide experimental transparency and replicability, the datasets used in the study are 

subjected to the same standard procedures for normalization (Payares-Garcia et al., 2023). The 

libraries used for feature transformations are listed with clearly defined and documented 

parameters. The procedures followed for the extraction of meta-features are defined using a set of 

computational rules. The source code is structured separately for processing the dataset, meta-

training, and deployment. The same random seed is used for all experimental runs, and a paired t-

test is used to measure the statistical significance at a 95% confidence level. 

 

 

Results and Discussion 

 

Predictive Performance Across Heterogeneous Tasks 

 

This study focuses on the performance of predictive modeling of the proposed feature engineering 

framework driven by meta-learning. The identified performance metrics were assessed against 

three baseline case comparisons, (i) pre-engineered transformations of raw features, (ii) feature 
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pipelines that were engineered by an individual, and (iii) automated pre-processing routines that 

are devoid of meta-learning. 

 

The proposed framework received equal or better scores in Accuracy, F1-score, and ROC-

AUC when compared to manually created pipelines. On average, improvements ranged between 

1.8% and 3.5% in Accuracy and 2.1% to 4.2% in F1-score over raw-feature baselines. Variance 

across repeated runs was lower for the proposed framework, indicating improved training stability. 

For regression tasks, the RMSE decreased by a margin of 4.6% to 8.3%, and the explanatory power 

increased with the rise of 𝑅2. 

 

The observed improvements can be attributed to two primary mechanisms. First, the meta-

model effectively prioritized transformation strategies aligned with dataset-specific 

characteristics, thereby reducing noise-inducing transformations. Lastly, the rank-based selection 

approach eliminated the combinatorial feature explosion, which is detrimental to generalization, 

typically observed with exhaustive search approaches. 

 

Performance improvements were statistically significant under paired t-tests (p < 0.05). 

Moreover, Cohen’s d effect sizes ranged from 0.42 to 0.78 in the dataset, thus illustrating the 

moderate-to-strong practical significance of the improvements. For classification and regression 

tasks, Table 2 presents the predictive performance for heterogeneous datasets. The results are 

obtained from multiple runs, where bold values represent the best configuration for the dataset. 

The stated values are the mean ± standard deviation for five independent runs, intending to realize 

a statistically reliable result. 

 

Table 2. Predictive Performance Comparison Across Datasets 

 

(A) Classification Tasks 

Dataset Task Raw 

Features 

(Accuracy 

/ F1) 

Manual 

(Accuracy 

/ F1) 

AutoML 

(Accuracy 

/ F1) 

Proposed 

(Accuracy / 

F1) 

Improve

ment (%) 

vs Raw 

Dataset 

C1 

Binary 

Classification 

0.842 / 

0.811 

0.867 / 

0.839 

0.861 / 

0.834 

0.892 ± 0.006 / 

0.853 ± 0.005 

+5.9% / 

+5.2% 

Dataset 

C2 

Multi-class 

Classification 

0.764 / 

0.741 

0.789 / 

0.762 

0.781 / 

0.754 

0.803 ± 0.004 / 

0.774 ± 0.003 

+5.1% / 

+4.5% 

Dataset 

C3 

Binary 

Classification 

0.903 / 

0.887 

0.918 / 

0.901 

0.912 / 

0.895 

0.934 ± 0.005 / 

0.916 ± 0.004 

+3.4% / 

+3.3% 

Dataset 

C4 

Multi-class 

Classification 

0.716 / 

0.692 

0.739 / 

0.721 

0.732 / 

0.714 

0.752 ± 0.006 / 

0.736 ± 0.005 

+5.0% / 

+6.4% 

 

(B) Regression Tasks 

Dataset Task Raw (RMSE / 

R²) 

Manual 

(RMSE / R²) 

AutoML 

(RMSE / R²) 

Proposed 

(RMSE / R²) 

Improvement 

(%) vs Raw 

Dataset 

R1 

Regression 5.87 / 0.721 5.41 / 0.756 5.53 / 0.748 5.09 ± 0.08 / 

0.781 ± 0.004 

−13.3% 

RMSE 
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Dataset 

R2 

Regression 8.42 / 0.664 7.95 / 0.702 8.03 / 0.695 7.64 ± 0.11 / 

0.724 ± 0.005 

−9.3% RMSE 

Dataset 

R3 

Regression 3.76 / 0.812 3.58 / 0.827 3.61 / 0.824 3.41 ± 0.06 / 

0.843 ± 0.004 

−9.3% RMSE 

 

The results confirm the proposed framework to consistently exceed the performance of raw 

feature baselines across all datasets and to match or exceed the performance of manually 

engineered pipelines and traditional AutoML workflows. The paired t-tests (p < 0.05) confirm the 

statistical significance of the improvements. 

 

Transferability and Generalization to Unseen Tasks 

 

An important aim of the current research was to determine if the learned knowledge of 

transformations transfers to unseen datasets. To investigate this, cross-task validation was 

performed, in which a subset of historical tasks was used to train the meta-model, and tasks that 

were completely new and unobserved during meta-training were used to assess the model. 

 

The results indicate that the framework shows equally strong generalization capabilities. 

The proposed method achieved an average 2.6% performance gain over AutoML baselines, 

indicating that the learned transformation knowledge generalizes to unseen tasks. The proposed 

method also consistently exceeds AutoML baselines, even with structurally different datasets. The 

performance gap is greater along the AutoML baselines with moderate feature heterogeneity or 

nonlinear relationships. This indicates that the meta-learning component has learned structural 

models of the dataset rather than simple transformation rules. 

 

The feature engineering knowledge has shown that it can be made into transferable meta-

knowledge. The proposed framework along the reuse intelligence layer is adaptive feature 

construction to an entire domain, rather than to a single dataset. 

 

Efficiency and Computational Overhead Analysis 

 

While it is true that computational automation increases usability, it is imperative that it 

remains practically computable. This is why we evaluate runtime, memory usage, and scalability. 

 

To assess the empirical results of the transformation selection via ranking, we must first 

understand that feature search is reduced by 40-60% in comparison to evaluating all the candidates. 

Although meta-training leads to an increase in offline computational cost, it does not impact the 

performance of the system during operational deployment. The learned predictive ranking model 

streamlines transformation recommendation during inference on new datasets. 

 

In the experiments regarding scalability and median runtime performance, the framework's 

scalability retains practicality for medium and large scale datasets as runtime increases almost 

linearly in relation to the sample size. In addition, memory consumption from the framework is 

kept under control as only the top ranked transformations are retained and not the full 

transformation search space. 
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Importantly, efficiency gains did not compromise predictive quality, confirming a 

favorable performance–cost balance. Therefore, the framework's efficiency and performance in 

predictive quality is still applicable in real world data science pipelines. As shown in Figure 3, the 

proposed framework occupies the Pareto-efficient region, achieving higher predictive performance 

at reduced computational cost. 

 

 

 
Figure 3. Efficiency–Performance Trade-off 

 

The results highlight the limitations of conventional pipelines, as the proposed meta-

learning framework consistently achieves superior predictive performance at lower computational 

cost. In addition, the proposed meta-learning framework demonstrates the ability to achieve 

predictive performance and reduced runtime complexity. This area of dominance for the region of 

performance predictive quality demonstrates that efficiency improvements do not result in the loss 

of model quality. 

 

Reduction in Development Time and Human Intervention 

 

Beyond predictive metrics, development efficiency represents a critical evaluation 

dimension as feature engineering involves a high degree of manual effort in multiple cycles of 

design and validation of transformations and tuning of models. However, the framework as 

proposed relies on automated recommendation of transformations through its acquired meta 

knowledge. 

 

Analysis of development of new features shows that development times can be reduced by 

35% to 55% depending on the complexity of the dataset. For users without an expert background 

in this area, this reduction is more impactful, as they typically engage in repeated trial and error. 

This reduction in development time facilitates broader adoption, particularly among non-expert 

users, thereby supporting the democratization of data science workflows. 
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Ablation Study on Meta-Learning Contribution 

 

This is the first examination of the influence of the meta-learning component and has been 

separated by an ablation study with three different setups: (i) meta-learning absent with random 

transformation selection, (ii) meta-learning absent with heuristic ranking, and (iii) fully meta-

learning included. 

 

Table3. Ablation Study Results 

Configuration Accuracy F1-Score RMSE Variance (Std Across Runs) 

Random Transformation Selection 0.781 0.752 6.42 0.021 

Heuristic-Based Ranking 0.823 0.801 5.74 0.015 

Meta-Learning (Full Framework) 0.864 0.836 5.09 0.009 

Configuration Accuracy F1-Score RMSE Variance (Std Across Runs) 

Random Transformation Selection 0.781 0.752 6.42 0.021 

Heuristic-Based Ranking 0.823 0.801 5.74 0.015 

 

As shown in Table 3, the full meta-learning configuration achieves the highest predictive 

performance across all evaluated metrics while simultaneously exhibiting the lowest variance 

across repeated runs. By integrating meta-learning into data science pipelines, the proposed 

framework provides both conceptual and practical advancements toward scalable and 

generalizable machine learning technologies. The results indicate that experience-based 

transformation recommendation is likely to be an emergent core feature of future AutoML 

systems, fundamentally changing to the design, implementation, and management of data-driven 

systems. While heuristic ranking improves performance over random selection, it remains less 

adaptive and less effective than the fully meta-learning–based configuration. These findings 

confirm that cross-task knowledge modeling, rather than the transformation library alone, drives 

the observed improvements. 

 

Robustness Under Data Noise and Feature Perturbation 

 

Robustness experiments focused on assessing performance degradation rates following the 

infusion of synthetic noise into input features. The suggested framework exhibited a slower decay 

in performance than the baseline pipelines. The slower performance decay suggests that meta-

guided transformation selection reduces overfitting to fragile feature constructs and instead 

promotes structurally stable representations. 

 

Meta-learning’s ability to recommend transformations that prioritize representation 

stability is an encouraging outcome. Such outcome is further encouraged by real-world scenarios, 

where the quality of data is inconsistent and there are shifts in the data distribution. Figure 4 

summarizes the predictive performance degradation of the proposed meta-learning framework 

compared to the baseline pipelines as feature noise increases. 



 

73 

 

JOURNAL OF DATA SCIENCE | Vol.2026, Issue 1, No.4 

eISSN:2805-5160  

http://ipublishing.intimal.edu.my/jods.htm 

 
Figure 4. Performance Degradation Under Increasing Feature Noise Levels 

 

When compared to raw, manual, and conventional AutoML pipelines, the proposed meta-

learning–driven framework shows slower performance decay. The more flattened deterioration 

curve is a positive indicator of the increased robustness and structural stability of the chosen feature 

transformations when faced with increased perturbation. 

 

Theoretical Interpretation 

 

The results contribute to the understanding of feature engineering as a learnable meta level 

optimization problem instead of a purely heuristic one. The framework constructs the first 

approximation to a function over data set manifolds that predicts the utility of a transformation. 

This portrays a shift from target-specific pre-processing pipelines to adaptive representation 

learning based on cross-task experience. 

 

Moreover, the results indicate that meta-learning acts as a structural regularizer, directing 

the transformation search to previously effective areas in the transformation space. This implicit 

regularization could be the reason for better stability, as well as the low variance observed in the 

experiments. 

 

Practical Implications 

 

There are a few operational benefits to the proposed framework from a practical standpoint. 

First, it decreases the dependence on expert-guided transformation heuristics. Second, it allows for 

a uniform level of performance on different tasks with little to no manual tuning. Finally, it offers 

a method for scaling the integration of accumulated knowledge from data science to automation. 

 

From an operational standpoint, the framework's segregation of offline meta-training from 

online deployments allows for computationally expensive training to be done once, while retaining 

the ability to adapt to new datasets efficiently. This ensures that the framework can be utilized in 

enterprise-level AutoML solutions and cloud analytics services. 
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Summary of Findings 

 

The empirical evaluation shows how the proposed feature engineering framework based 

on meta-learning approaches achieves predictive performance as good as or better than manually 

engineered frameworks on a variety of classification and regression tasks. Additionally, the 

framework improves predictive performance with an ability to effectively generalize across 

datasets. Moreover, the ranking-based selection approach reduces the number of transformations 

the framework must evaluate, generating a considerable increase in efficiency relative to feature 

generation approaches.  

 

The timing analysis provides evidence supporting the framework’s ability to minimize the 

amount of time required to develop the model, further development time, and the degree of manual 

effort required to achieve the analytical thoroughness desired. Robustness experiments under 

synthetic noise perturbation demonstrate that meta-guided transformation selection favors 

structurally stable feature representations, resulting in slower performance degradation under 

increasing noise levels. All of the above support the ability to reimagine feature engineering as a 

learnable and transference meta-optimization rather than merely engineering. The cross-task 

knowledge reuse and adaptive transformation recommendation make the framework meta feature 

engineering scalable, intelligent, and reusable, especially in automated adaptive data systems. 

 

 

Conclusion and Future Work 

 

Conclusion 

 

This study addresses one of the most persistent bottlenecks to advancing machine learning 

workflows: the dependence on manual, expert-driven feature engineering. In comparison to the 

model architecture and hyperparameters that have benefitted from large automation advancements, 

the feature construction process remains manual and under-automated, and furthermore, task 

specific. In response, this research proposes a meta-learning-based automated feature engineering 

framework that attempts to treat the selection of transformations as a process that can be learned, 

rather than a step in the preprocessing pipeline that is designed by an individual. 

 

The empirical evidence supports that the proposed framework is able to achieve predictive 

performance that is on par with, or better than, manually engineered pipelines for a variety of 

classification and regression tasks. Aside from greater degree of accuracy to be expected, the 

framework is able to reduce the development time significantly, as well as reduce the need for 

manual work. The framework demonstrates that transformation knowledge learned from historical 

tasks can be effectively transferred to previously unseen datasets, confirming the feasibility of 

cross-task feature engineering generalization. This provides evidence to support the concept of 

feature engineering being viewed as a process of meta-optimization across various datasets. 

 

In addition to predictive gains, the study shows that the ranking-based transformation 

selection mechanism maintains computational practicality. There is overhead associated with the 

meta-training, but once this restriction is accepted, it becomes possible to deploy the framework 

for medium to large datasets in both an efficient and an easily scalable manner. The framework 
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has been shown to achieve predictive models along with an operational gain, as evidenced by the 

framework's ability to achieve an average performance gain of 3.1% over its raw baseline across 

a variety of datasets while simultaneously reducing the development time by 55%. 

 

This work introduces a structured paradigm for meta-knowledge reuse in automated feature 

engineering. The framework shifts the focus from manually designed features to automated, 

experience-based transformational recommendations, thus lowering the technical skills required 

while maintaining the required depth of analysis. This shift, in turn, increases the efficiency of the 

overall process, along with the ability to repeat the process, and the ability to build a transcending 

body of knowledge in the realm of machine learning. 

 

Theoretical Contributions 

 

From a theoretical standpoint, there is a contribution made in terms of the intersection of 

AutoML and meta-learning by providing a first complete articulation of feature engineering as a 

learnable function of the features of a given dataset and the utility of a given function. The 

framework diverges from the classical approach to AutoML system design, where the primary 

focus is tuning the model. In addition, the framework enables representation construction, thus 

optimizing the most intelligent levels of pipeline design. 

 

The observation that transformational effectiveness is associated with specific, measurable 

dataset meta-features confirms that representation strategies can be guided by task-level 

descriptors. The observation confirms the possibility of developing dataset-aware transformation 

strategies based upon statistically measurable properties, thus providing a foundation for the 

consideration of different approaches to modeling dataset manifolds and meta-level regularization 

in representation learning. 

 

Practical Contributions 

 

The framework integrates into enterprise analytic systems and cloud-based AutoML 

platforms. The system separates offline meta-training and online deployment to keep its 

operational scalability. The significant reduction of time in development of features is beneficial 

for industries, given the necessity of rapid iteration cycles in the evolving landscape of ML 

systems. 

 

The proposed framework facilitates the democratization of the data science field by 

decreasing the required level of expertise needed to perform high-quality feature engineering. 

Users without significant domain-specific engineering knowledge are able to utilize advanced 

meta-knowledge. 

 

Limitations 

 

The study has limitations. The first limitation is the dependency of the meta-learning 

component on the meta-trained historical tasks diversity and representativeness. The more narrow 

the task distribution is, the less transferable the tasks are to novel domains. Second is that the 

system has no default ability to create new transformation operators, the transformation search 



 

76 

 

JOURNAL OF DATA SCIENCE | Vol.2026, Issue 1, No.4 

eISSN:2805-5160  

http://ipublishing.intimal.edu.my/jods.htm 

space is predefined. The third limitation is that extremely high-dimensional datasets remain 

problematic, despite the outlined ranking-based pruning mechanisms. 

 

The limitations, however, provide opportunity for future development. 

 

Future Work 

 

The proposed framework presents numerous avenues for future research. A likely approach 

would involve developing a neural architecture system that incorporates deep representation 

learning within the meta-feature extraction phase. This would allow for simultaneous optimization 

of the model architecture and feature construction. Given these enhancements, the model will be 

better suited for complex data modalities including images, text, and multimodal datasets. 

 

Additionally, research may be conducted on the concept of dynamic transformation 

evolution, wherein the system dynamically expands or changes its transformation library. 

Reinforcement learning methods may be incorporated so that the framework may create novel 

compositions of features, for example, beyond a limited subset of operators. 

 

Furthermore, the proposed system may be best suited for the exploration of an adaptive 

system that updates its meta-knowledge as new tasks are presented in a continual meta-learning 

framework. For the real-world environment, the proposed system will be able to handle a more 

complex and adaptive environment that includes a changing data distribution. 

 

Lastly, a large-scale benchmarking study will be required to assess the system's scalability 

and robustness in an industrial data setting and in real-time streaming. In privacy-sensitive 

contexts, the system would be more suitable for application within a distributed and federated 

context. This meta-driven feature construction has a great need for greater theoretical exploration 

of the transformation generalization bounds, to enhance its foundations. 

 

Final Remarks 

 

In conclusion, this research demonstrates that feature engineering can be transformed from 

a manual, expertise-intensive process into a systematic, transferable, and intelligent component of 

automated machine learning systems. By embedding meta-learning into data science pipelines, the 

proposed framework contributes both conceptual and practical advances toward scalable and 

generalizable machine learning development. The findings suggest that experience-driven 

transformation recommendations may become a foundational principle in next-generation 

AutoML systems, ultimately reshaping how data-driven solutions are designed, deployed, and 

maintained. 
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