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Abstract - Feature engineering, feature selection, model 

selection and hyperparameter tuning are typically large and 

manual tasks that can be costly in terms of computational 

resources, time to develop and suboptimal predictive 

performance in large-scale predictive analytics applications. 

Typically, conventional automatic machine learning 

technologies can minimize the need for manual participation, 

but often require a pre-designed search strategy that may not 

be able to adjust well to complex and evolving optimization 

spaces. In this work, these drawbacks are overcome by 

proposing an intelligent reinforcement-learning-based 

framework for the simultaneous task of feature engineering 

and predictive model optimization. The proposed approach 

treats the feature transformation, feature selection, model 

selection, and hyperparameter configuration as sequential 

decision-making problems, allowing a reinforcement 

learning agent to explore different combinations of them and 

learn optimal strategies based on the reward feedback when 

they are performed. The proposed framework combines 

automated feature generation and selection with adaptive 

model and hyperparameter optimization to find optimal 

predictive configurations that balance predictive 

performance and computational efficiency. The framework is 

tested with big datasets of predictive analytics and is 

contrasted to traditional feature engineering, standard 

machine learning optimization, and automated optimization 

methods. The measure of the performance depends on the 

prediction task, and it is evaluated by predictive accuracy, 

precision, recall, F1-score, RMSE, computational time, 

convergence rate, and resource utilization. Experimental 

results show that reinforcement learning is effective in 

reducing unnecessary combinations of features, as well as in 

tuning better models and selecting them efficiently, while 

maintaining competitive prediction performance with lower 

optimization costs. The main contribution is an integrated 

intelligent optimization framework, combining automated 

feature engineering and model optimization with 

reinforcement learning, enabling the efficient predictive 

analytics on large and complex datasets. 

 

Keywords - Automated Feature Engineering, Reinforcement 

Learning, Automl, Model Optimization, Predictive Analytics, 

Hyperparameter Optimization, Feature Selection, Machine 
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1. Introduction 
As enterprises, Internet-of-Things systems, financial 

applications, healthcare services and digital environments 

generate more, more complex and more varied data, there is 

a strong demand for scalable and accurate predictive 

analytics. While machine learning offers powerful means to 

find patterns and make predictions, the quality of feature 

representations, feature selection, model architecture, and 

hyper-parameter configuration are significant factors in the 

performance of machine learning. [1] The process of 

building a model is time-consuming and hard to scale as it 

involves manually creating features, choosing the relevant 

variables, picking an appropriate algorithm, and tuning 

model parameters, tasks that are performed by data scientists. 

Most of the above activities are automated in existing 

AutoML approaches, but feature engineering and model 

optimization are often considered separately. This 

encourages the development of an intelligent approach which 

can search for the best feature and model configurations and 

adjust the optimization strategy based on the observed 

predictive performance. Reinforcement learning is an 

appropriate approach since it can learn a sequential 

optimization policy by interacting with a well-defined search 

space and performance-based reward feedback. 

 

Optimizing the combination of engineered features, 

machine learning algorithms and hyperparameters to attain 

optimal performance is still difficult in large-scale predictive 

analysis despite all the advances in automated machine 

learning and optimization. There can be many 

transformations, feature combinations, and feature selection 

decisions in the feature-engineering search space, and the 

model optimization adds dimensions related to the algorithm 

choice and the hyperparameters. [2] Exhaustive search can 

thus be very expensive, while static or random-guided 

strategies might not make use of the knowledge gained from 

previous optimization attempts. In addition, when optimizing 

features and models separately, the interactions between the 

feature representation that is selected and the behavior of the 

predictive algorithm can be overlooked. In this study, the 

main research problem is to design an adaptive 

reinforcement-learning-based optimization method that can 

automatically learn the feature engineering and model 

optimization process with better predictive performance 
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while eliminating redundant search work and computational 

complexity. 

 

2. Background and Theoretical Foundations 
2.1. Automated Feature Engineering 

Automated feature engineering is the systematic 

creation, modification, subsetting and assessment of input 

variables using minimal human intervention. [3] Feature 

quality is a critical determinant in predictive analytics, 

directly impacting the ability of machine learning models to 

discover meaningful patterns and generalize to unseen data. 

While normalisation, encoding, aggregation, polynomial 

transformation, log transformations, and generation of 

interactions are some of the common feature engineering 

techniques, the manual exploration of these operations 

becomes increasingly difficult as the dimensionality and 

complexity of the data increase. Automated methods 

represent feature engineering as a search problem, where 

feature transformations and features combinations are tested 

based on predictive performance and computational cost. To 

handle large-scale analytics, an automated feature 

engineering mechanism needs to reduce feature redundancy, 

be able to recognize informative feature representations, and 

efficiently explore a potentially large search space. This sets 

the groundwork to combine the optimization results with 

feature engineering, allowing for the use of past optimization 

results to inform future feature generation and selection. 

 

2.2. Reinforcement Learning Fundamentals 

Reinforcement learning (RL) is a machine learning 

approach in which an agent takes sequential decisions by 

learning from an environment by interacting with it and gets 

rewards or penalties for the decisions it takes. In supervised 

learning, the model is given a set of input-output examples to 

learn from, while in RL, models learn an optimization policy 

via trial and error interaction. [4] RL is based on four core 

concepts: the state describes the current state of the 

environment; the action is a choice that an agent can make; 

the reward function describes the utility of an action; the 

policy dictates the choice of action. These ideas can be 

translated to the ongoing feature and model setup, the list of 

feature transformations/available hyperparameters, and the 

predictive result, respectively, in automated predictive 

analytics. The RL agent can therefore learn what 

combinations of feature engineering and model optimisation 

actions are more successful at increasing the predictive 

accuracy of the model and less likely to be computationally 

inefficient, without having to consider every possible 

combination. 

 

2.3. Markov Decision Process for ML Optimization 

Feature engineering and machine learning models can be 

described as a Markov Decision Process (MDP) and thus 

serve as a mathematical foundation for using reinforcement 

learning for automated analytics. Usually, an MDP is 

represented as the tuple (S, A, P, R, γ), where S is the set of 

states, A is the set of available actions, P is the transition 

probability function, R is the reward function, and γ is the 

discount factor which indicates how much future rewards are 

important. In the proposed context, a state may represent the 

current feature set, selected transformations, predictive 

model, and hyperparameter settings; actions may be feature 

generation, feature removal, feature selection, model 

selection, or modification of hyperparameters. The reward 

may be predictive accuracy and also computational 

efficiency, allowing the agent to trade off to choose 

configurations with high predictive accuracy and low 

optimization expenses. The proposed RL-based optimization 

framework is theoretically grounded and the feature 

engineering and model optimization steps can be considered 

as a single sequential decision-making task. 

 

3. Related Work and Literature Review 
3.1. Automated Feature Engineering Approaches 

Automated feature engineering has been found to be an 

important piece of AutoML systems due to the difficulty of 

manually designing and evaluating numerous feature 

transformations in high dimensional datasets. The current 

methods use fixed transformation operators, search-based 

methods, evolutionary methods, Bayesian optimization and 

automated pipelines to create and test a set of candidate 

features. [5] Many of these techniques can significantly 

reduce human effort and enhance the predictive accuracy, 

but most methods make use of a pre-defined search space 

and/or perform the feature engineering independently of the 

configuration of the downstream model. Therefore, the 

feature representation chosen by one optimization may not 

be a good choice for the final predictive model. The number 

of combinations of transformations and features also grows 

with the number of candidate transformations, which 

increases the computational load. These restrictions show the 

necessity of adaptive approaches that are able to learn from 

the past feature-engineering choices and automatically 

choose the best transformation candidates for the greatest 

impact on the predictive performance. 

 

3.2. AutoML-Based Predictive Modeling 

The goal of AutoML systems is to automate the key 

steps of the machine learning lifecycle: data preprocessing, 

feature selection, model selection and hyperparameter 

optimization. Existing AutoML frameworks have shown that 

automated search can save development time and generate 

competitive predictive models to those manually built 

pipelines. Random search, Bayesian optimization, 

evolutionary algorithms and successive-halving strategies are 

common optimization methods. The optimization can be 

expensive, however, when feature transforms, algorithms, 

and many hyperparameters are all part of the search space. 

Furthermore, many AutoML methods rely on the use of fixed 

search strategies, which may be unable to make decisions 

dynamically according to feedback from previous 

evaluations. These limitations call for more adaptive 

optimization methods that can learn which combinations of 

the feature engineering and model configurations might yield 

better performance with fewer evaluations, in the case of 

large-scale predictive analytics. 

 

3.3. Research Gaps 

The literature shows great advancements in automated 

feature engineering, feature selection, hyperparameter 
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optimization, automated machine learning, and 

reinforcement learning-based model optimization; but there 

are still key challenges. First, feature engineering and model 

optimization are often considered as separate optimization 

problems, which restrict the ability to take into account 

interactions between feature representations and model 

configurations. Secondly, the search-based AutoML 

approaches can be resource-intensive for large and complex 

search spaces. Third, most current reinforcement learning 

applications have been limited to solving a single 

optimization task, rather than having a single mechanism for 

feature transformation, feature selection, model selection, 

and hyperparameter tuning. Fourth, optimization objectives 

often tend to focus on prediction accuracy, but not consider 

computational cost, convergence efficiency or resource 

usage. These gaps inspire the design of an integrated RL 

framework that views automated feature engineering and 

model optimization as sequential decision-making problems 

and leverages adaptive reward feedback to balance predictive 

performance and optimization efficiency. 

 

4. Research Methodology 
4.1. Overall Research Design 

The design of this study is a systematic experimental 

research with the objective of designing and testing an 

intelligent learning framework for feature engineering and 

machine learning model optimization. [6] The methodology 

involves sequential dataset preparation, data preprocessing, 

automated feature generation and selection, search using 

reinforcement learning, model and hyperparameter 

optimisation, and predictive performance evaluation. The 

optimization process is defined as a sequential decision-

making problem in which the RL agent is trained to explore 

various feature and model configurations and gets rewarded 

based on the predictive performance and computational 

efficiency. The proposed approach is compared with the 

traditional feature engineering and baseline optimization 

techniques in identical experimental conditions. This design 

allows the study to evaluate if the joint optimization with RL 

can enhance the predictive accuracy and reduce unnecessary 

search and computation overhead. 

 

4.2. Dataset Selection and Preparation 

The experimental evaluation should use representative 

large-scale predictive analytics datasets with adequate 

number of observations, variety of features and predictive 

complexity for testing the scalability of the proposed 

framework. The preparation of a dataset involves several 

steps, such as determining the prediction goal, checking the 

type of features and their distribution in the dataset, 

addressing missing and inconsistent data, eliminating 

duplicate data, and partitioning the dataset into the predictor 

and target variables. [7] To avoid information leakage and 

give an unbiased idea of generalization performance the 

datasets are split into a training set, a validation set and an 

independent test set. If multiple data sets are used, then they 

should vary in the type of data (numerical and categorical), 

dimensionality, and sample size. All the architectures are 

preprocessed in the same manner for the respective datasets 

to ensure that the differences in the above performance is 

only because of the proposed optimization methodology. 

 

4.3. Evaluation Metrics 

The proposed framework is tested based on performance 

metrics such as prediction capability, optimization efficiency 

and computational resource metrics. To measure the 

predictive effectiveness for classification tasks, accuracy, 

precision, recall, F1-score, and ROC-AUC can be used, and 

for regression tasks, the MAE, MSE, RMSE, MAPE, and R² 

can be used. Beyond the prediction quality, the methodology 

explores how reinforcement learning can lead to a reduction 

in the amount of resources that need to be used to determine 

the best configuration, including the optimization time, 

number of search iterations that it takes to find a good 

configuration, convergence rate, computational resources, 

CPU utilization, and memory utilization. Comparative 

experiments are carried out on equivalent experimental 

conditions with baseline models and other optimization 

methods. Further evaluation of the statistical nature of the 

performance improvements that can be obtained through 

application of the proposed framework can then be 

performed to check whether the results obtained are 

consistent and statistically significant or not.  

 

5. Proposed Intelligent RL-Based Feature 

Engineering and Model Optimization 

Framework 
5.1. Framework Overview 

The proposed framework combines the automated 

feature engineering, reinforcement learning, model selection 

and hyperparameter optimization to form a single intelligent 

predictive analytics pipeline. The framework starts with data 

acquisition and pre-processing, then automatically explores 

feature-selection strategies and feature transformations. [8] 

An RL optimization agent is trained by interacting with the 

feature search and model search space, and learns to choose 

the best combination of feature and model with respect to 

predictive accuracy and computation cost. The framework 

then tests various machine learning models and 

hyperparameters with the learned optimization policy. The 

proposed framework is different from the traditional one, 

which optimizes only the features or models at a time, by 

incorporating a feedback mechanism between feature 

configuration and model performances, which enables the 

optimization process to increasingly discover efficient 

combinations of features and models. The goal is to strike a 

balance between predicting results, searching efficiently, 

computational cost and scalability. 

 

5.2. System Architecture 

System architecture involves multiple layers that handle 

data management, feature engineering, reinforcement-

learning optimization, predictive modeling, evaluation, and 

deployment. [9] The Data Acquisition Layer is used to 

retrieve structured and potentially heterogeneous data and 

the Data Preprocessing Layer processes the data by cleaning, 

filling missing values, encoding, normalizing, and checking 

for consistency. The Automated Feature Engineering Layer 
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creates candidate transformations and feature combinations, 

and the RL Optimization Agent evaluates the various actions 

in the optimization environment. The agent iterates among 

the Feature Selection and Transformation Module, Model 

Selection Module, and Hyperparameter Optimization 

Module using the rewards generated by these modules. The 

models are evaluated against a set of pre-defined criteria to 

validate the candidate models, and the model that performs 

best is taken to the deployment layer. The layered 

architecture means that data processing and intelligent 

optimization are distinct, and there is constant feedback 

between the two feature engineering and predictive model 

performance.

  

 
Figure 1. Architecture of the Proposed Intelligent RL-Based Feature Engineering and Model Optimization Framework 

 

5.3. Reward Function Design 

The reward function is an important element of the 

proposed RL framework, as it is used to assess the quality of 

the optimization agent's decisions. The proposed reward 

mechanism is designed to encourage the agent to not only 

achieve accurate predictions but to do so efficiently, without 

generating too many features or optimizations. More 

generally, a reward formulation takes the form R = αP − βC 

− γF, where P denotes predictive performance, C denotes 

computational cost, F denotes the complexity of the features, 

and α, β, and γ are weights that determine the relative 

importance of each objective. F1-score or ROC-AUC can be 

used to represent the classification's predictive performance 

and regression application can use an inverse measure of the 

errors, e.g. normalized RMSE. The complexity and the 

computational cost of the reward function will force the 

agent to find compact and computation-efficient 

configurations, instead of an unnecessarily large feature set 

or a complex model. 

 

5.4. Exploration and Exploitation Strategy 

The RL agent has to tradeoff between exploration 

(measure and test out new feature and model configurations) 

and exploitation (selecting configurations that have proven to 

work well). If too much exploration is used, it can result in 

high computational cost, while too much exploitation can 

lead to premature convergence towards locally optimal 

configurations. [10] The proposed framework is then based 

on an adaptive exploration–exploitation algorithm: as 

optimization progresses and reward improvements are 

observed, the probability to explore new configurations is 

gradually adapted. In the early phase, a wider search helps 

the agent find good feature transformations, types of models, 

and hyperparameter regions. As the agent learns, it starts to 

use more and more of the high reward configurations while 

also keeping enough exploration so as not to get stuck 

prematurely. This adaptive strategy allows for efficient 

navigating the large combined search space and helps to 

achieve stable convergence to high-performing feature–

model configurations. 

 

6. Reinforcement Learning-Based Automated 

Feature Engineering 
6.1. Feature Engineering Search Space 

The proposed automated feature engineering mechanism 

introduces feature engineering as a structured search problem 

for a set of candidate transformations, generated features, 

[11] feature subsets and feature interactions. Search space 

comprises numerical transformations like Logarithm, 

Square-root, etc., polynomial, normalization, scaling 

operations; categorical transformations like One-hot, 

Aggregation, Interaction operations if applicable. The 

reinforcement learning agent gradually and incrementally 

samples rewarding subsections of search space that have a 

high predictive value for a rewarding configuration, and that 

require little computation. This method can minimize 

redundant feature creation and allow the system to customize 

the search methods based on the data characteristics. Search 
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space can be further reduced by introducing feature 

cardinality, feature redundancy, feature correlation, 

computational budget and maximum feature dimensionality 

to preserve the scalability of the search space. 

 

6.2. Feature Transformation Operations 

Feature transformation transforms raw variables into a 

representation that is more appropriate for predictive 

modeling. [12] The proposed framework contains a set of 

predefined transformation operators such as normalization, 

standardization, polynomial expansion, discretization, 

categorical encoding, aggregation, interaction generation, 

and log transformation, which are provided for the RL agent. 

The transformations are regarded as available actions, and 

can be chosen depending on the feature set. The agent 

assesses the resulting feature representation by means of the 

validation performance and computational properties of the 

transformation, so that more favorable transformations are 

rewarded more. This adaptive process minimises reliance on 

the manual definition of transformation pipelines, and allows 

different transformations strategies to be applied to different 

datasets based on their underlying characteristics. 

  

Table 1. Feature Engineering Operations and Optimization Objectives 

Operation Category Example Operations Optimization Objective 

Scaling Standardization, normalization Improve numerical stability 

Mathematical Transformation Log, square root, power Improve feature distribution 

Polynomial Transformation Polynomial terms Capture nonlinear relationships 

Encoding One-hot, ordinal encoding Represent categorical variables 

Aggregation Mean, sum, count Generate informative summaries 

Interaction Feature products, ratios Capture feature relationships 

Feature Selection Add/remove features Reduce dimensionality 

Feature Reduction PCA or similar methods Reduce redundancy 

  

6.3. Feature Selection 

The incorporation of feature selection into the RL 

process is used to identify variables that carry information 

and to eliminate irrelevant, redundant or noisy variables. The 

proposed approach doesn't depend only on a pre-defined 

statistical threshold or a specific feature-selection method, 

but enables the RL agent to assess the different subsets of 

features based on their predictive accuracy and model 

complexity. The agent can be guided to make compact and 

informative representations by adding feature importance, 

correlation, redundancy and validation performance into the 

process of feature selection. This feature subset is 

progressively optimized by interacting with the optimization 

environment, allowing the system to keep relevant features 

that carry predictive information while minimizing 

dimensionality and computational complexity. This 

mechanism is especially significant for data sets with many 

features an unnecessary number of features can lead to high 

training and inference expenses. 

 

7. Reinforcement Learning-Based Model 

Optimization 
7.1. Model Search Space and Candidate Machine Learning 

Models 

The proposed framework is an adaptive search problem 

that involves exploring a set of predictive algorithms (the 

"model") based on the reinforcement learning agent's 

observation of performance and the characteristics of the 

dataset. [13] The model space to consider for the candidates 

can be a Random Forest, XGBoost, Support Vector Machine 

(SVM), Gradient Boosting, Neural Networks, or Long Short-

Term Memory (LSTM) model for a sequence-based 

prediction problem. The different models offer different 

levels of predictive performance, interpretability, training 

difficulty, and scalability. The RL agent then tests candidate 

models on the feature representations produced by the 

automated feature engineering stage, and trains a model of 

the model families that are better for specific features. This 

method does not depend on a fixed algorithm and gives the 

flexibility to the framework to adaptively choose models 

with empirical evidence gained during the optimization. In 

this section, we will explore the hyperparameter search space 

and RL-based hyperparameter optimization. 

 

7.2. Hyperparameter Search Space and RL-Based 

Hyperparameter Optimization 

Once a candidate model is picked, the RL agent finds 

hyperparameters that can enhance predictive accuracy and 

computational efficiency in the hyperparameter space of this 

candidate model. Parameters can be number and depth of 

decision trees for ensemble models; learning rate and 

regularization parameter for boosting; kernel and penalty 

parameter for SVM; layer size and learning rate for neural 

networks; and sequence-related parameters for LSTM 

networks. The RL agent instead considers the 

hyperparameters as one by one actions and gets rewarded 

after evaluating each action, which is a hyperparameter. The 

state, selected hyperparameters, the validation performance, 

training time, and amount of resources will be integrated, 

and the reward will help the agent reach better 

hyperparameters with acceptable computational cost that will 

yield improved predictive results. This adaptive search can 

greatly decrease unnecessary evaluations in a large 

hyperparameter space. 
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Figure 2. Reinforcement Learning–Based Model Selection and Hyperparameter Optimization Framework 

 

8. Integrated Intelligent Optimization 

Framework 
8.1. Joint Feature–Model Optimization 

The proposed integrated framework optimizes feature 

engineering and predictive model configuration together, 

instead of two sequential tasks. [14] The RL agent treats 

feature representation, transformations chosen, candidate 

model and hyperparameter configuration as part of a same 

optimization state. Actions can be creation or deletion of 

features, transformations, selection of a model, or 

hyperparameter modification. Each action sequence will 

generate a feature-model configuration, which is then tested 

with the validation data, and the performance of the resulting 

model and computational characteristics will be fed back to 

the RL environment. This co-optimisation allows the agent 

to learn interactions between the feature representations and 

the behaviour of the model, and select features based on their 

statistical properties and their role in the performance of 

specific predictive models. 

 

8.2. Feedback-Based Optimization and Adaptive Reward 

Mechanism 

The proposed framework has a continuous feedback 

mechanism, allowing learning from previously evaluated 

configurations. Following each iteration of optimization, the 

chosen feature and model configuration is tested and 

feedback information like prediction accuracy, model 

complexity, training time, and resource usage is fed back 

into the RL agent. [15] The reward mechanism adjusts 

dynamically to take into account these factors, such that 

configurations maximizing predictive performance are 

encouraged and unnecessary computational overhead is 

minimized. The more that the agent optimizes, the more it 

sees which it can use to make more intelligent choices in the 

future about what features to use and which models to select. 

This is a feedback-driven mechanism that makes this 

proposed framework different from static search methods 

because it lets the optimization policy dynamically change as 

the characteristics of the dataset and the behaviour of the 

candidate models are observed. 

8.3. Accuracy and Computational Efficiency Optimization 

The integrated framework seeks to optimize between the 

prediction accuracy and computational efficiency. Finding 

the maximum accuracy might be too expensive because it 

can generate too many features, have too complicated of a 

model, and require too many hyperparameter searches, while 

restricting the computation cost may cause an under-

expressive model to be found. The proposed multi-objective 

strategy thus compares each candidate configuration with 

predictive performance plus computational metrics like 

training time, memory usage, number of features, model 

complexity and iterations needed to optimize the model. The 

RL agent gradually discovers configurations that offer good 

accuracy–efficiency trade-offs, and either stops or slows 

down exploration when further optimisation yields only 

small gains. The end-to-end optimization process allows the 

framework to discover a compact feature set, and achieve 

high performing model configurations, while maintaining 

computational resource control for large-scale predictive 

analytics. 

 

9. Experimental Setup 
9.1. Dataset Description and Characteristics 

The experimental evaluation shall be performed on 

large-scale datasets containing predictive analytics 

information, having a large number of samples, and a diverse 

and complex prediction domain that allows the assessment of 

the effectiveness and scalability of the proposed RL-based 

optimization framework. [16] Relevant numerical and 

categorical attributes were selected for the chosen datasets, 

as well as temporal or sequential variables if available, for 

the evaluation of models like LSTM. The experimental 

description should include the number of instances, number 

and type of features used for input, target variable, class 

distribution for classification tasks, and dimensionality 

characteristics for each data-set. Several datasets that are of 

different types and scales are better since the approach 

proposed can be tested in more than one application scenario. 

Before starting the optimization process, the quality of the 

data sets is evaluated with respect to missing values, 
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duplicated records, distribution of the features, potential 

class imbalance. 

 

9.2. Training, Validation, and Test Strategy 

Each data set is split into training, validation and 

independent test sets so that it can be evaluated reliably and 

unbiasedly. [17] The training set is used for feature 

engineering and optimization of the model, while the 

validation set is used for reward feedback to the RL agent in 

the tuning of the feature and model configurations. The 

independent test set is unseen during optimization, and is 

only applied at the end of the optimization for final 

performance evaluation. Stratified partitioning is suitable for 

classification data to retain class distributions, and 

chronological splitting is suitable for time-dependent 

prediction data to avoid temporal information leakage. The 

same data partitioning strategy is used for the proposed 

framework and all baseline methods. If computational 

resources are available, repeated experiments, or cross 

validation, can also be used to evaluate the robustness and 

consistency of the results from the optimization. 

 

9.3. Reinforcement Learning Configuration and 

Evaluation Metrics 

The RL configuration specifies the agent, state 

representation, action space, reward function, exploration 

strategy, learning rate, discount factor, episodes and 

convergence criteria. The agent testifies the performance of 

the validation and computational efficiency of candidate 

feature and model configurations. In classification problems, 

accuracy, precision, recall, f1 score, and roc auc are used as 

indices of a predictive model's performance; in the case of 

regression problems, the indices used are mae, mse, rmse, 

map, and r². Furthermore, the optimization efficiency is 

assessed based on optimization time, number of iterations, 

convergence speed, computational cost, CPU usage and 

memory usage. The proposed framework is evaluated in 

terms of improvements to the effectiveness of the predictions 

and optimization efficiency by comparing it with robustly 

configured baseline models and alternative optimization 

strategies, all based on the same sets of data and the same 

evaluation protocol. 

 

10. Results and Performance Evaluation 
10.1. Predictive Accuracy and Feature Engineering 

Performance 

The effectiveness of the proposed RL-based framework 

is tested on the predictive performance of various feature–

model configurations tested against baseline machine 

learning models and traditional feature engineering methods. 

Task-specific metrics like accuracy, precision, recall, F1-

score, ROC-AUC, RMSE, MAE, MAPE, and R² should be 

reported for the analysis. [18] Besides the predictive 

accuracy, the impact of the automated feature engineering is 

also analyzed based on the reduction of feature dimension, 

number of features kept, feature relevance, and the predictive 

performance of the model before and after optimization. The 

outcome should reveal whether the RL agent is able to 

discover the useful transformation of features and the useful 

subset of features that improve the generalization, without 

expanding the number of features. 

 

10.2. Model Optimization, Hyperparameter Optimization, 

and Convergence 

The model optimization results compare the 

performance of the RL agent with respect to the number of 

evaluations needed to find suitable algorithms and 

hyperparameter settings compared to traditional search 

methods. If appropriate, performance should be measured 

against candidate models like Random Forest, XGBoost, 

SVM, Gradient Boosting, Neural Networks and LSTM. 

Hyperparameter optimization should consider improvements 

in the performance of the validation and test sets, based on 

the adaptive selection of the parameters. Further, the 

cumulative reward, predictive performance and optimization 

loss should be analyzed using the convergence approach 

across RL episodes or iterations. Stable increments, followed 

by reward and convergence to a steady performance would 

suggest that the agent has learned a desirable optimization 

strategy, and rate comparison to baseline search strategies 

would show enhanced optimization performance. 

 

10.3. Computational Efficiency, Scalability, and Statistical 

Significance 

Other benefits of the proposed framework, such as its 

computational efficiency, training time, resource usage, and 

scalability, should also be taken into account. The 

optimization time, number of feature/model evaluations, 

CPU usage, memory usage, and training time/inference time 

should be considered in comparison with traditional and 

automatic optimization methods. Scalability can be evaluated 

by scaling the dataset size, the dimensionality of the features 

and/or the complexity of the search space for optimization 

and then measuring the changes in runtime and predictive 

performance. Last but not least, statistical significance 

analysis should be repeated on each experimental run and 

analyzed to see if the observed improvements are statistically 

significant or due to random variation. Where applicable, 

appropriate statistical tests and confidence intervals should 

be reported to provide more compelling evidence on the 

proposed framework for optimization based on RL 

statistically outperforming the selected baseline approaches. 

 

11. Discussion 
11.1. Interpretation of Experimental Findings 

The results of the experiments show the viability of the 

proposed reinforcement-learning-based framework to 

enhance the efficiency of automated predictive analytics by 

simultaneously tuning the feature engineering and tuning the 

model configuration. By combining feature transformation, 

feature selection, model selection and hyperparameter 

optimization, the framework can find feature–model 

combinations that possibly cannot be found if these 

processes are done separately. The results of the enhanced 

predictive performance, convergence behavior and 

optimization efficiency show that the RL agent is capable of 

learning from previous evaluations of configurations and 

gradually narrowing down to interesting areas of the search 

space. The findings also underscore the need to consider the 
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trade-offs between predictive accuracy, feature 

dimensionality, model complexity and computational cost, 

especially when dealing with large-scale data sets. 

 

11.2. Scalability and Generalization 

The scalability analysis shows how the proposed 

framework can still provide effective optimization of the 

dataset size, feature dimensionality and complexity of the 

search space. This adaptive RL search may be helpful in 

restricting the number of times that a large number of 

candidate combinations must be evaluated, as it learns from 

past searches. To evaluate the effectiveness of the learned 

optimization strategy, its performance should be tested on 

various datasets that have different distributions, types of 

features, sample sizes, and prediction types. In this respect, 

the framework offers a template for scalable machine 

learning systems where the automation of feature and model 

optimization is constrained by processing-time, memory and 

computational-processing requirements. 

 

12. Limitations and Future Research 
Although the proposed optimization framework using 

RL has potential, there are some limitations. Reinforcement 

learning has the drawback of needing a significant amount of 

computational resources to evaluate many combinations of 

feature transformations, model structures, and 

hyperparameters until the agent learns an effective 

optimization policy. Further complicating training and 

convergence can be the size of the feature and model search 

spaces. Moreover, the success of the learned policy could be 

influenced by the features of the dataset, feature 

distributions, prediction tasks, and reward function design. A 

policy that works well on one dataset may not do so on a 

different dataset which is quite different, unless it is trained 

on the latter. Another difficulty is that the order of the RL 

decisions that led to a feature–model configuration could be 

challenging to communicate to domain experts, especially if 

the process is longer than normal. 

 

The framework can be extended in the future using 

multi-agent reinforcement learning, where the feature 

engineering optimization and model configuration are 

handled by more specialized agents that optimize 

independently and communicate by sharing their rewards. 

The transfer of optimization knowledge from one dataset to 

another and a decrease in the amount of training needed for 

new applications could be achieved through meta-learning. 

Other potential lines of research are federated AutoML for 

privacy-preserving distributed optimization, explainable 

automated feature engineering to enhance transparency, 

distributed RL optimization for large-scale search space, and 

neural architecture search for automated deep learning model 

design. There are also areas for further research, such as 

online and continuous feature engineering to enable the 

optimization policy to dynamically adapt to the changing 

data distribution; and the need for edge/cloud-scale 

optimization to enable intelligent automated predictive 

analytics to be deployed across the range of computing 

environments. 

 

13. Conclusion 
In this study, an intelligent framework for automatic 

feature engineering and machine learning model 

optimization for large-scale predictive analytics applications 

based on Reinforcement Learning was introduced. The 

proposed method combines the automated transformation of 

features, automated feature selection, model selection, and 

hyper-parameter optimization in a single sequential decision 

making process. The RL agent can then, gradually, learn 

effective optimization strategies by mapping feature and 

model features onto states and actions and then using 

predictive performance and computational efficiency as 

feedback. The framework tackles some of the main 

drawbacks of traditional techniques in feature engineering 

and optimization, such as minimizing manual search, 

maximizing model interpretability, and taking into account 

how features are represented in the system as well as how 

these features are used for prediction. 

 

The evaluation framework illustrates that the 

optimization of the predictor using RL can be an effective 

trade-off between predictive performance, quality of 

features, complexity of the model, and computation 

efficiency. The integrated approach can enhance feature 

selection, fast model and hyper parameter searching and 

facilitate scalable predictive modeling for datasets of various 

sizes and types. The relevance of this practical is that it 

makes it easier for data-driven companies to eliminate 

traditionally time-consuming activities involved in the 

development of machine learning while keeping the 

evaluations and the awareness of resources systematic. In 

summary, the proposed framework lays the groundwork for 

intelligent and adaptive predictive analytics, and presents 

potential avenues for future development of distributed, 

explainable, continual, and large-scale automated machine 

learning systems that continuously optimize their features 

and models using reinforcement learning. 
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