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ABSTRACT 

 

As the dimensionality and complexity of engineering data grows, traditional machine learning systems become increasingly 

difficult to apply, especially when detecting informative features without sacrificing predictive accuracy and computational 

efficiency. In this paper we proposed a Hybrid Quantum-Classical Learning Framework for Intelligent Feature Optimization and 

Predictive Analytics in Engineering Applications. The framework is a combination of classical data preprocessing, intelligent 

feature selection, quantum-enhanced feature representation, parameterized quantum circuits and predictive learning in a unified 
optimization pipeline. Engineering features are first normalized and evaluated to find informative subsets and minimize 

redundancy. These selected features are then mapped onto the quantum feature space and parameterized quantum circuits to 

create improved representations for predictive modeling. The optimization objective takes into account predictive loss, size of 

the feature subset and regularization to achieve an efficient feature configuration. This quantum-classical representation is fed to 

the classical predictive models for classification and evaluation of the models. The framework is assessed based on predictive 

accuracy, ROC properties, feature reduction, convergence behavior, computational time, scalability and prediction error. The 

potential of using intelligent feature optimization combined with quantum enhanced representation for engineering analytics is 

illustrated by comparing it to conventional machine learning and hybrid learning models. This study provides a flexible 
framework that enables the merging of quantum and classic machine learning, and shows how hybrid architectures can be used 

in high-dimensional engineering prediction.  

 

Keywords: Hybrid Quantum-Classical Learning, Quantum Machine Learning, Intelligent Feature Optimization, Feature Selection, 
Parameterized Quantum Circuits, Quantum Feature Encoding, Predictive Analytics, Engineering Applications, Variational Quantum 
Algorithms, Machine Learning. 

 

 
1. INTRODUCTION 

 

Due to the very fast development of sensing, automation, 

cyber-physical systems, intelligent manufacturing, energy 

systems, robotics and other engineering applications, we have 

been inundated with ever-larger and more heterogeneous 

datasets [1]. These data sets often include numerical data, 

categorical attributes, correlated variables, redundant 

information, and nonlinear relationships that need to be 

analyzed to make accurate predictions and decisions [2]. In 

conventional data-driven engineering approaches, patterns are 

typically discovered using machine-learning approaches [3]. 

While these techniques have shown great promise, the value 

of their output is highly reliant on the quality and 
dimensionality of the feature space they are presented with. 

The more features, the more redundant and irrelevant 

attributes can actually lead to greater computational needs and 

can have negative impacts on the generalization capability of 

predictive models [4]. So intelligent feature optimization is 

now an integral part of engineering analytics in today's world. 

Classical machine-learning techniques usually extract 

features, select features, and then conduct prediction modeling 

in the classical computational architecture. For structured data, 
the ensemble learning methods like XGBoost have been 

shown to be scalable and predictive, and are thus appropriate 

benchmarks for engineering prediction problems [5]. When 

the number of the candidate features is large, however, the 

search space grows exponentially, while traditional feature-

selection methods can become computationally prohibitive 

[6]. In addition, engineering systems can contain complicated 

nonlinear relationships that may not be well captured with 

traditional feature transformations [7]. These restrictions have 

led to the development of alternative paradigms of 

computation that have the potential to offer better feature 

representation and more efficient optimization mechanisms 

[8]. 

Selected machine-learning and optimization problems have 

emerged as potential applications of quantum computing as a 

new paradigm for computation [9]. Quantum machine learning 

(QML) uses the ideas of quantum computation and machine-

learning techniques to leverage quantum states, quantum 
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measurements, and parameterized quantum circuits in data 

processing [10].  

The other line of research that is crucial is the use of quantum 

computing in the optimization of features [11]. Feature 

selection is one of the combinatorial optimization problems, 

where the goal is to find an informative set of features with 

minimum redundancy and computational complexity [12]. 

Another way of exploring these huge search spaces is by 

means of quantum optimization methods [13]. Enhanced 

representations can be generated by quantum feature-space 

methods and trainable quantum transformations can be 

optimized using variational quantum algorithms [14] and 

parameterized quantum circuits [15]. Increased interest in 
using quantum resources for not only prediction, but to 

enhance the feature selection stage [16], is also reflected in the 

research to date, which has begun to explore quantum-assisted 

feature selection and hybrid optimization strategies [17]. 

In engineering applications, feature optimization coupled with 

predictive analytics is crucial [18]. There can be many 

measurements from sensors, simulation, monitoring system 

and industrial processes in engineering datasets [19]. Not all 
measured attributes are equally important to the target 

prediction, and highly correlated attributes will not necessarily 

give much extra information but add complexity to the model 

[20]. An effective feature-optimization mechanism should 

therefore identify a compact and informative feature subset 

while preserving predictive information [21]. The resulting 

optimized representation can then be provided to a classical 

predictive model, allowing the quantum component to focus 

on feature transformation and optimization while the classical 

component performs robust prediction [22]. 

But previous research typically focuses on one of the three 

strands of this research path. Some studies deal mainly with 

quantum feature mapping [23] and others with parameterized 

quantum circuits, hybrid learning [24] or variational 

optimization [25]. Other research assesses quantum enhanced 

learning in particular application fields [26]. Therefore, a 

unified framework that explicitly incorporates intelligent 

feature optimization, quantum enhanced representation 

learning [27] and predictive analytics for general engineering 
applications is still needed. Furthermore, the evaluation should 

include statistical significance, optimization convergence, 

computational cost, and feature reduction as well as predictive 

accuracy [28]. 

In this regard, this work introduces a Hybrid Quantum-

Classical Learning Framework for Intelligent Feature 

Optimization and Predictive Analytics in Engineering 
Applications to overcome these drawbacks. The proposed 

framework integrates classical data preprocessing and 

quantum feature encoding, parameterized quantum circuits, 

intelligent feature selection optimization and classical 

predictive learning. The engineering feature space is then 

normalized and preprocessed for quantum processing. The 

engineering feature space is then normalized and preprocessed 

for quantum processing. Candidates are then tested with a 

quantum-assisted optimization mechanism: a classical 

optimization process runs repeatedly with the quantum circuit. 

The optimized features are then converted to quantum 

enhanced representations and fed to a classical predictive 

model for final prediction. 

The main goal of the proposed framework is to assess if an 

optimized representation that is more compact and informative 

for engineering data can be obtained without compromising 

the predictive capabilities while using quantum assistance. 

The proposed approach is a hybrid one where preprocessing 

and final predictive learning is done in a classical computing 

architecture, and quantum computing is used for feature 

representation and optimization.  

The proposed framework is assessed by various 

complementary metrics, such as the predictive accuracy, the 

percentage of feature reduction, computation time, 

optimization convergence, and statistical comparison with 

conventional machine-learning techniques. As a highly 

scalable algorithm for structured data, XGBoost is regarded as 

one of the classical prediction baselines. A set of statistical 

comparison procedures are embedded, based on the common 

methods used for comparing several classifiers and on 

multiple comparison significance control. This thorough 

assessment should establish whether or not the proposed 
hybrid architecture offers quantifiable benefits over prediction 

alone. 

The main contributions of this work are summarized as 

follows: 

1. A unified hybrid quantum-classical architecture is 

developed for intelligent feature optimization and 

predictive analytics in engineering applications. 

2. A quantum-assisted feature optimization mechanism is 

incorporated to identify informative feature subsets while 

reducing redundant attributes. 

3. A parameterized quantum feature-processing stage is 

integrated with a classical predictive-learning component 

to exploit complementary classical and quantum 

capabilities. 

4. A multi-dimensional evaluation strategy is introduced 
that considers predictive performance, feature reduction, 

computational cost, convergence behavior, and statistical 

significance. 

5. The proposed framework is designed to provide a general 

methodology that can be adapted to different structured 

engineering datasets and predictive-analysis tasks. 

2. LITERATURE SURVEY 

In recent years, efforts have been made to leverage quantum 

machine learning (QML) by combining quantum computing 

with traditional machine learning to enhance the 

representation of features, optimization of models, and 

prediction accuracy. In a comprehensive study of variational 

quantum algorithms (VQAs), Cerezo et al. [1] pointed out the 

need for parameterized quantum circuits and classical 

optimization methods for near-term quantum computers. Their 
work lays the groundwork for hybrid quantum–classical 

learning, where quantum circuits execute problem-specific 
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transformations, and classical optimizers adjust trainable 

parameters. Bharti et al. [2] continued to explore noisy 

intermediate-scale quantum (NISQ) algorithms and the 

constraints/limitations imposed by limited qubit numbers, 

noise, circuit depth, and optimization. 

Another emerging area of interest in QML is quantum feature 

representation. The idea of quantum machine learning in 

feature Hilbert spaces was introduced by Schuld et al. [3] who 

showed that classical input signals could be encoded as high-

dimensional quantum representation using quantum feature 

maps. Havlíček et al. [4] experimentally demonstrated the 

possibility of supervised learning with quantum-enhanced 

feature spaces, and how the quantum feature mapping can be 
combined with classical learning procedures. These methods 

are especially relevant to the case of predictive analytics 

because the quality of feature representations is directly 

related to the ability of the downstream learning models to be 

separated and predict future outcomes. Therefore, quantifying 

the features of the object allows for a possible way to convert 

traditional attributes of engineering into representations for 

hybrid predictive models. 

There are several studies that have explored the use of hybrid 

quantum–classical learning to real-world predictive tasks. Ara 

et al. [6] suggested a hybrid quantum-classical deep-learning 

framework and showed a combination of quantum-processing 

with classical deep learning in multiclass prediction. Gupta et 

al. [7] reviewed the applications of QML systematically and 

emphasized the need to compare the quantum models with 

classical models. 

Another crucial element of hybrid quantum–classical learning 

frameworks are parameterized quantum circuits (PQCs). 

Benedetti et al. [8] studied PQCs as machine learning models, 

and presented their use as trainable quantum components in 

learning pipelines. Sim et al. [10] investigated the 

expressibility and entangling properties of parameterized 

circuits, showing that the overall architecture of the circuit 

affects the representational attributes of hybrid quantum 

algorithms. Mari et al. [9] explored transfer learning in hybrid 

classical–quantum neural networks, in which they show how 

classical NN representations can be integrated with quantum 
layers. The studies show that quantum processing doesn't have 

to supersede classical machine learning but quantum circuits 

can be used as a special feature-processing or learning unit. 

Larocca et al. [15] gave a more general discussion about barren 

plateaus in variational quantum computing, and emphasized 

that a key question is whether scalable variational algorithms 

can be trained. One of the major challenges in variational 
quantum learning is the optimization of quantum circuit 

parameters. Cerezo et al. [16] studied how the barren plateaus 

vary with different cost functions and showed that as the 

circuit properties vary, the optimization landscapes can 

become difficult to train. Trained barren plateau noise and its 

effects on trainability were studied by Wang et al. [17]. 

Arrasmith et al. [18] further studied the effect of barren 

plateaus on gradient-free optimization. The results suggest that 

a successful hybrid model should involve quantum feature 

processing, as well as a suitable classical optimization process 

to deal with noise and non-convexity in quantum optimization 

problems. 

The proposed Hybrid Quantum-Classical Learning 

Framework for Intelligent Feature Optimization and 

Predictive Analytics in Engineering Applications lies at the 

crossroads of these research streams. The framework may 

include both classical preprocessing and feature handling as 
well as quantum enhancement of feature 

transformation/optimisation and a classical prediction stage. 

The literature provided a motivation to study whether 

intelligent quantum-assisted feature optimization could 

decrease feature redundancy without compromising predictive 

ability, computational efficiency, and model robustness, 

compared to traditional machine-learning methods. A QML 

survey of recent research also confirms hybrid architectures, 

optimization strategies, feature representation and 

standardized benchmarking as key areas that require further 

research. 

3. METHODOLOGY 

 

The proposed Hybrid Quantum-Classical Learning 

Framework for Intelligent Feature Optimization and 

Predictive Analytics in Engineering Applications combines 

classical data preprocessing, quantum feature encoding, 

variational quantum optimization, intelligent data feature 

selection and classical data predictive analytics into a single 

stream. The framework is intended for engineering data sets 

that include both numerical and categorical data, and may have 
some redundant and irrelevant features that can make the 

computational task more complex and affect the reliability of 

the data's predictive power. The overall architecture is divided 

into five main steps: Data Preprocessing, Classical Feature 

Preparation, Quantum Feature Optimization, Predictive 

Modelling, and Performance Evaluation. 

 

A. Data Acquisition and Preprocessing 

 

The first stage is an engineering dataset that has input 

attributes and a target variable which is related to the 

prediction task. The data is first checked for inconsistencies, 
missing data, duplicate data, and differences in feature scales. 

Normailization is performed prior to quantum encoding, as the 

numerical range of the quantum feature maps is restricted, they 

tend to work best with a suitable range of numbers.  

 

For an input feature vector 𝑥𝑖 , min–max normalization is 

employed to transform each feature into a bounded interval: 

𝑥𝑖𝑗
′ =

𝑥𝑖𝑗−min⁡(𝑥𝑗)

max⁡(𝑥𝑗)−min⁡(𝑥𝑗)
 (1) 

 

where 𝑥𝑖𝑗indicates the 𝑗-th feature of the 𝑖-th sample, and 𝑥𝑖𝑗
′  

represents the normalized value. This transformation provides 

a consistent input range for subsequent classical and quantum 

processing. 

 

B. Classical Feature Preparation 

 

The initial feature analysis is carried out after the 

preprocessing to remove those features which do not have 
adequate information or are redundant. Correlation analysis 

and statistical relevance can be used to find out attributes that 

are strongly correlated or are not informative at all. The 

proposed framework, however, goes beyond the classical 
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feature-selection methods and then optimizes the features in a 

quantum manner. 

 

Let the preprocessed feature matrix be represented as: 

𝑋 ∈ ℝ𝑁×𝑑  (2) 
 

where 𝑁⁡represents number of observations and 𝑑 indicates 

number of available features. The objective is to identify a 

reduced subset 𝑆 ⊆ {1, 2,… , 𝑑} that maintains predictive 

information while reducing dimensionality. 

 

C. Quantum Feature Encoding 

 

A parameterized quantum feature map is used to map the 

selected classical features to quantum states. Every normalized 

feature is quantized to a rotation angle and represented by one 

or more qubits.Every normalized feature is transformed to an 
angle of rotation and stored in one or more qubits. This allows 

representation of the classical engineering information in a 

quantum Hilbert space, which may be captured by a nonlinear 

relationship in the form of quantum transformation. 

 

For an individual normalized feature 𝑥𝑗
′ , a rotation-based 

encoding can be expressed as: 

 

∣ 𝜓(𝑥𝑗
′)⟩ = 𝑅𝑦(𝜋𝑥𝑗

′) ∣ 0⟩   (3) 

 

where 𝑅𝑦 indicates rotation operator around the 𝑦-axis. For a 

complete feature vector, the encoded state can be represented 

as: 

∣ 𝜓(𝑋)⟩ = 𝑈𝜙(𝑋) ∣ 0⟩
⊗𝑞

 (4) 

 

where 𝑈𝜙(𝑋) indicates data-dependent quantum feature map 

and 𝑞represents the number of quantum resources used by the 

circuit. 

 

D. Parameterized Quantum Circuit 

 

An optimized representation of the encoded features is learned 

using a parameterized quantum circuit. Trainable rotation 
gates and entanglement operations are present in the circuit. 

This is done iteratively using a classical optimizer, which 

yields a hybrid quantum-classical learning mechanism. 

 

The parameterized circuit can be represented as: 

 

∣ 𝜓(𝜃, 𝑋)⟩ = 𝑈(𝜃)𝑈𝜙(𝑋) ∣ 0⟩
⊗𝑞

 (5) 

 

where 𝜃  indicates the trainable circuit parameters. The 

expectation value of an observable is then obtained from the 

quantum circuit as: 

 

𝑓𝜃(𝑋) = ⟨𝜓(𝜃, 𝑋) ∣ 𝑂 ∣ 𝜓(𝜃, 𝑋)⟩  (6) 
 

where 𝑂⁡denotes the chosen measurement observable. The 

resulting expectation values create quantum-enhanced 

representations which are then fed into the classical predictive 

model. The proposed model architecture is given in figure 1. 

 

 
 

Figure 1.Proposed Model Architecture 

 

E. Intelligent Feature Optimization 

 

The main element of the proposed scheme is the intelligent 

subset optimization of the features. Each of the candidate 

features is assigned a binary decision variable. One means that 
the feature is selected, zero means it's not. The optimization is 

then guided to find a subset of features which between them 

achieves a good prediction accuracy and are not too 

complicated. 

 

The feature-selection objective can be formulated as: 

 

𝐽(𝑆) = 𝛼𝐿pred(𝑆) + 𝛽 ∣ 𝑆 ∣ +𝛾𝑅(𝑆)  (7) 

 

where 𝐿pred represents prediction loss, ∣ 𝑆 ∣ represents the 

number of selected features, 𝑅(𝑆) represents feature 

redundancy, and 𝛼, 𝛽, and 𝛾are weighting coefficients. 

 

The optimization process tries to minimize the value of 𝐽(𝑆). 
A smaller objective value would thus be a feature subset with 
smaller prediction error, but without additional or very 

redundant features. 

 

F. Quantum-Assisted Optimization 

 

The feature-selection problem can be converted to a binary 

quadratic optimization problem that is appropriate for 

quantum optimization. Let 𝑧𝑗 ∈ {0, 1} be the selection status 

of feature j. The optimization target can be written as a QUBO 

as: 
 

min
𝑧
(𝑧𝑇𝑄𝑧 + 𝑐𝑇𝑧)  (8) 

 

where 𝑄 represents pairwise feature interactions and 

𝑐represents individual feature contributions. 

 

The QUBO formulation enables the feature-selection problem 

to be represented as an optimization landscape that can be 

processed using a quantum optimization procedure. Candidate 

solutions are evaluated according to their objective values, and 

the selected feature configuration is iteratively refined. 

 

G. Hybrid Quantum-Classical Optimization Loop 

 

The optimization follows a hybrid feedback mechanism. A 

candidate feature configuration is generated and encoded into 

the quantum circuit. The circuit produces an objective 

measurement, after which a classical optimizer updates the 
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circuit parameters or feature-selection variables. This process 

continues until the objective converges or the predefined 

iteration limit is reached. 

 

The optimization objective can be represented as: 
 

𝜃∗ = argmin
𝜃

ℒ(𝑦, 𝑦̂𝜃)  (9) 

 

where 𝑦 represents the actual target and 𝑦̂𝜃 represents the 

prediction generated from the quantum-enhanced feature 

representation. 

 

The iterative process allows the classical optimizer to exploit 

information obtained from the quantum circuit while the 

quantum component performs feature transformation and 

objective evaluation. 

 

H. Predictive Analytics 

 

After obtaining the optimized feature subset and quantum-

enhanced representation, the resulting features are supplied to 

a classical predictive-learning model. The classical component 

may employ algorithms such as XGBoost, support vector 

machines, random forests, logistic regression, or neural 

networks depending on the engineering prediction problem. 

For a regression problem, the prediction objective can be 

expressed as: 

𝑦̂ = 𝑓𝜔 (𝑋𝑆
, Φ𝑄(𝑋𝑆))  (10) 

 

where 𝑋𝑆 denotes the optimized classical feature subset, 

Φ𝑄(𝑋𝑆)represents the quantum-enhanced representation, and 

𝑓𝜔denotes the classical predictive model with parameters 𝜔. 

For classification, the predicted class is determined from the 

learned probability distribution: 

 

𝑦̂ = argmax
𝑘

𝑃(𝑦,= 𝑘 ∣ 𝑋𝑆Φ𝑄(𝑋𝑆))  (11) 

This hybrid arrangement enables the quantum component to 

concentrate on feature representation and optimization while 

the classical component performs the final predictive task. 

 

I. Model Training and Validation 

 

Optimized feature representation is used to train the model, 

and the test set is kept aside for an unbiased evaluation. The 

features used to train the predictive model are optimized and 

suitable cross validation methods are used to validate the 
model.  

The main evaluation measures used for classification are: 

accuracy, precision, recall, F1 score, and area under the 

receiver operating characteristic curve. For regression based 

engineering applications the mean absolute error, root mean 

square error, and coefficient of determination can be used. 

The F1-score is defined as: 

𝐹1 = 2
Precision×Recall

Precision+Recall
 (12) 

 

For regression, the root mean square error is calculated as: 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (

𝑁

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2
 (13) 

 

These measures provide complementary information 

regarding predictive accuracy and generalization. 

 

J. Optimization and Computational Evaluation 

 
The framework also measures the performance of feature 

optimisation in addition to predictive performance. The 

percentage reduction in dimensionality is determined by the 

number of features used in the original data set and the number 

of features after the optimisation. 

𝐹𝑅 = (1 −
∣𝑆∣

𝑑
) × 100  (14) 

 

where 𝑑 is the original number of features and ∣ 𝑆 ∣ is the 

number of retained features. 

 
The computational behavior of the proposed framework is also 

analyzed by logging optimization iterations, optimization 

time, convergence and prediction accuracy. This is because the 

accuracy of the predictions using this approach should not only 

be considered, but also the computational cost of the hybrid 

optimisation procedure. 

 

K. Statistical Validation 

 

The predictions from several models can be statistically 

compared to see if statistically significant differences are 

observed when comparing the proposed framework to baseline 
models. For evaluating multiple classifiers over multiple 

datasets or multiple setups it is possible to use Demšar's 

methodology [24] and for multiple pairwise comparisons, 

Holm's procedure [25] can be used to adjust the significance 

levels. 

 

This evaluation is not just based on one metric, but offers a 

statistically sound comparison between the proposed hybrid 

framework and conventional machine-learning methods. 

 

L. Overall Framework 

 

All of this is hence an example of closed-loop learning 

framework in which classical pre-processing is used for 

preparing the engineering data, quantum encoding for 

obtaining an enhanced version of that data, quantum-assisted 

optimization for selecting a relevant feature subset, and 

classical predictive learner for extracting the output.  

The proposed architecture can consequently be summarized 

as: 

𝑋 → 𝑋pre → Φ𝑄(𝑋) → 𝑆∗ → Φ𝑄(𝑋𝑆∗) → 𝑓𝜔 → 𝑦̂  (15) 

 

where 𝑋pre represents the preprocessed data, Φ𝑄 denotes 

quantum feature transformation, 𝑆∗ denotes the optimized 

feature subset, and 𝑦̂represents the final prediction. 

 

Algorithm 1: Hybrid Quantum-Classical Intelligent 

Feature Optimization and Predictive Analytics 

Algorithm 1: Hybrid Quantum-Classical Learning Framework 

 

Input: 

    D = Engineering dataset 

    y = Target variable 

    d = Number of input features 

    q = Number of quantum resources 
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    T = Maximum optimization iterations 

    α, β, γ = Objective weighting parameters 

 

Output: 

    S* = Optimized feature subset 
    θ* = Optimized quantum parameters 

    M* = Trained predictive model 

    ŷ = Final predictions 

    E = Evaluation metrics 

 

1:  Load engineering dataset D 

2:  Identify input features X and target y 

3:  Remove duplicate and invalid records 

4:  Handle missing values 

5:  Encode categorical attributes if required 

6:  Normalize numerical features 

7:  Split D into training and testing sets 
 

8:  Perform preliminary feature analysis 

9:  Remove features having insufficient information 

10: Construct candidate feature set S 

 

11: Initialize quantum circuit U(θ) 

12: Initialize quantum parameters θ 

13: Initialize feature-selection variables z 

14: Set iteration t ← 1 

 

15: while t ≤ T do 
 

16:      Generate candidate feature subset S_t 

17:      Select features according to z 

18:      Encode selected features into quantum states 

19:      Apply quantum feature map Uφ(X) 

20:      Apply parameterized quantum circuit U(θ) 

21:      Measure quantum circuit 

22:      Obtain quantum-enhanced feature representation 

 

23:      Construct optimization objective 

24:      Calculate prediction loss 

25:      Calculate feature-selection penalty 
26:      Calculate feature-redundancy penalty 

 

27:      Compute: 

            J(S_t) = 

            αLpred + β|S_t| + γR(S_t) 

 

28:      Evaluate candidate solution 

 

29:      if J(S_t) < Jbest then 

30:          Sbest ← S_t 

31:          Jbest ← J(S_t) 
32:          θbest ← θ 

33:      end if 

 

34:      Update quantum parameters using classical optimizer 

35:      Update feature-selection variables 

36:      Check convergence 

 

37:      if convergence criterion is satisfied then 

38:          break 

39:      end if 

 

40:      t ← t + 1 

 

41: end while 

 

42: Set S* ← Sbest 
43: Set θ* ← θbest 

 

44: Generate optimized quantum-enhanced representation 

45: Train predictive model M* using S* and quantum features 

46: Generate predictions ŷ on the test set 

 

47: Calculate: 

        Accuracy / Precision / Recall / F1 

        or 

        MAE / RMSE / R² 

 

48: Calculate feature-reduction rate 
49: Measure computational time 

50: Measure optimization convergence 

51: Compare M* with classical baseline models 

52: Perform statistical significance analysis 

 

53: Return S*, θ*, M*, ŷ, and E 

4. RESULTS AND DISCUSSIONS 

A. Predictive Performance Comparison 

The proposed Hybrid Quantum-Classical Intelligent Feature 
Optimization (HQC-IFO) framework was evaluated against 

conventional machine-learning models, including Logistic 

Regression, Support Vector Machine (SVM), Random Forest, 

and XGBoost, together with a Quantum Feature Model (QFM) 

and a conventional Hybrid Quantum-Classical (HQC) model 

that is depicted in Figure 2. The comparison was performed 

using accuracy, precision, recall, F1-score, and receiver 

operating characteristic area under the curve (ROC-AUC). 

The results indicate that the incorporation of optimized 

features and quantum-enhanced representations provides a 

stronger predictive configuration than using the classical 

models alone. 

 

Figure 2. Accuracy comparison of classical, quantum, and 

hybrid learning models. 

The accuracy comparison demonstrates the relative predictive 

behavior of the evaluated models. Classical models provide a 

baseline for assessing the contribution of quantum-enhanced 

processing, while the QFM introduces nonlinear quantum-

inspired feature transformations. The HQC model combines 
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the optimized classical features with quantum representations, 

whereas the proposed HQC-IFO architecture additionally 

incorporates the intelligent feature-optimization stage.  

B. Multi-Metric Predictive Analysis 

Accuracy alone does not provide sufficient information about 

the reliability of a predictive model, particularly when 

engineering datasets contain complex class distributions. 

Therefore, precision, recall, F1-score, and ROC-AUC were 

simultaneously analyzed that is shown in Figure 3.  

 

Figure 3. Multi-metric predictive performance comparison of 

the evaluated models. 

The multi-metric comparison further illustrates the difference 
between conventional and hybrid architectures. XGBoost 

provides a strong classical reference because of its ability to 

model nonlinear relationships, while SVM provides a kernel-

based nonlinear baseline. The QFM benefits from nonlinear 

quantum-inspired transformations, but the hybrid architectures 

combine these transformations with classical predictive 

learning.  

C. ROC-Based Discrimination Analysis 

The receiver operating characteristic curves were used to 

evaluate the discrimination capability of the models across 

different classification thresholds as depicted in Figure 4. A 

larger area under the ROC curve indicates stronger separation 

between the two target classes. The curves provide an 

additional evaluation beyond fixed-threshold accuracy 

because they examine the trade-off between the true-positive 

and false-positive rates. 

 

Figure 4. ROC curve comparison of classical, quantum, and 

hybrid predictive models. 

The ROC analysis indicates that the hybrid approaches can 

provide improved class discrimination when quantum-

enhanced nonlinear representations are combined with 

classical learning. In particular, the proposed HQC-IFO 

architecture benefits from selecting a compact feature subset 
before constructing the final representation. This reduces the 

influence of redundant attributes and allows the predictive 

model to operate on features with greater relevance to the 

target variable. The ROC analysis therefore supports the use 

of multiple evaluation criteria when assessing the proposed 

framework. 

D. Intelligent Feature Optimization 

Feature optimization constitutes a central component of the 
proposed framework. The original synthetic engineering 

dataset contains 20 input attributes, while the optimization 

stage identifies a smaller subset of informative features as 

indicated in Figure 5. Feature importance is initially estimated 

using the classical optimization stage, after which the highest-

ranked features are retained for quantum-enhanced 

processing. This reduces the dimensionality of the input space 

while maintaining the attributes that contribute most strongly 

to the prediction task. 

 

Figure 5. Feature-space reduction and representation during 

intelligent feature optimization. 

The reduction in the number of input features decreases the 

dimensionality presented to the subsequent quantum-

processing stage. This is particularly important for hybrid 

quantum-classical architectures because the number of 

available quantum resources is constrained in practical 
implementations. Reducing the feature space before quantum 

encoding can consequently reduce circuit requirements and 

simplify the subsequent optimization process. The feature-

reduction stage therefore provides a practical connection 

between intelligent feature selection and quantum learning. 

E. Feature Importance and Selected Engineering 

Attributes 

The contribution of individual engineering attributes was 

further examined using the feature-importance distribution as 

indicated in Figure 6. The ranking provides an indication of 

which variables contribute most strongly to the predictive 

target in the synthetic engineering dataset.  
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Figure 6. Importance ranking of the selected engineering 

features. 

The feature-importance analysis demonstrates that not all 

engineering variables contribute equally to the prediction task.  

F. Optimization Convergence 

The convergence behavior of the proposed optimization 

process was investigated after successive iterations, which is 

represented on Figure 7. The objective function starts to drop 

quickly as the optimization process finds better configurations 

of the features. The optimizations seem to converge towards a 

solution in subsequent iterations, with the improvements 

becoming increasingly subtle. 

 

Figure 7. Convergence behavior of the hybrid quantum-

classical feature optimization process. 

The observed convergence behavior demonstrates the iterative 

interaction between quantum evaluation and classical 

optimization. During each iteration, a candidate feature 

configuration is evaluated and its objective value is used to 

guide the subsequent parameter update. The decreasing 

objective value indicates that the optimization process 

progressively identifies feature configurations with improved 

combinations of predictive performance and feature 

compactness. The eventual stabilization of the objective 

function indicates that further iterations provide limited 

improvement under the selected optimization configuration. 

G. Computational Cost Analysis 

Computational time was evaluated to determine the additional 

processing requirements associated with the hybrid framework 

as depicted in Figure 8. Conventional models generally require 

lower computational overhead because their operations are 

executed entirely using classical processors. The quantum-

feature and hybrid configurations introduce additional feature-

transformation and optimization operations, resulting in 

higher computational requirements in the illustrative 

experiment. 

 

Figure 8. Computational-time comparison of the evaluated 

learning models. 

The computational-time results highlight an important 

consideration for quantum-enhanced learning. An 

improvement in predictive performance should be interpreted 

together with the computational resources required to obtain 

that improvement.. 

H. Scalability Analysis 

The scalability of the learning architectures was investigated 

by progressively increasing the number of samples used 
during processing as presented in Figure 9. The computational 

time increases as the dataset size increases for all evaluated 

approaches. The classical XGBoost model maintains a 

comparatively lower computational requirement, whereas the 

hybrid models introduce additional processing associated with 

quantum feature generation and optimization. 

 

Figure 9. Scalability analysis with increasing engineering 

dataset size. 

This observation emphasizes the importance of efficient 

feature reduction before quantum processing. By reducing the 

number of features supplied to the quantum component, the 

proposed architecture can limit the growth of the quantum-

processing workload. Future implementations on actual 

quantum processors should therefore investigate circuit depth, 

number of qubits, measurement shots, and optimization 

iterations as additional scalability parameters. 

I. Prediction Error Analysis 

Prediction error provides a complementary perspective to 

accuracy-based evaluation. The error rate is obtained from the 
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proportion of incorrectly classified test samples and is 

compared across the investigated models as shown in Figure 

10. A lower error indicates that the corresponding model 

produces fewer incorrect predictions on the evaluation set. 

 

Figure 10. Prediction-error comparison among classical, 

quantum, and hybrid models. 

The error comparison follows the general behavior observed 

in the accuracy analysis. The proposed HQC-IFO architecture 

is intended to minimize prediction errors through the joint use 

of feature optimization and quantum-enhanced nonlinear 

representations.  

J. Progressive Feature-Optimization Analysis 

The progression of the optimization objective was also 

examined across successive optimization stages as depicted in 

Figure 11. As the framework finds more and more acceptable 

configurations of features, the objective value gets lower. This 

behaviour suggests that the optimization mechanism is also 

looking at the predictive performance and feature complexity. 

 

Figure 11. Progressive improvement in the feature-

optimization objective. 

The objective value is steadily decreasing, which clearly 

shows the basic concept of the proposed framework: feature 

optimization is not regarded as an independent processing 

step, but as an iterative step during the learning process. The 

contribution to prediction and dimensionality are used to 

evaluate a candidate feature subset and in turn, the 

optimization procedure looks for an improved configuration. 
This formulation allows the framework to select feature 

subsets that contain information that is useful for the predictive 

model, but also do not add too much dimensionality. 

 

K. Overall Discussion 

The experimental analysis demonstrates the potential of 

combining intelligent feature optimization with quantum-
enhanced representation learning for engineering predictive 

analytics. The classical models establish the baseline 

performance, while the quantum feature model demonstrates 

the contribution of nonlinear quantum-inspired feature 

transformations. The conventional hybrid model further 

combines classical and quantum representations, whereas the 

proposed HQC-IFO architecture introduces feature 

optimization before the final predictive stage. The resulting 

architecture therefore integrates the three principal 

components of the proposed research: feature optimization, 

quantum-enhanced learning, and predictive analytics. 

The feature-reduction and convergence analyses are 

particularly important because they demonstrate that the 

proposed framework is not solely focused on maximizing 

prediction accuracy. Reducing the feature space can decrease 

the complexity of the downstream quantum representation, 

while convergence analysis provides evidence concerning the 

stability of the optimization process. Computational-time and 

scalability analyses further establish that the benefits of hybrid 
learning must be considered alongside the additional 

computational requirements introduced by quantum 

processing. 

5.  CONCLUSION 

This paper introduced and applied a hybrid approach of 

quantum-classical learning for intelligent feature optimization 

and predictive analysis in engineering applications. The 

classical-preprocessing, intelligent-feature-selection, 
quantum-enhanced-feature-representation, parameterized-

quantum-circuit, and classical-predictive-learning steps are all 

part of a single optimization pipeline. The goal of the 

framework is to eliminate unnecessary information, and to 

enhance the quality of feature representations for predictive 

modeling. For comparison, the experimental evaluation 

included classical machine learning models, quantum inspired 

feature models and hybrid quantum-classical models. The 

results show that intelligent feature optimization can 

significantly decrease the dimensionality of representation of 

the input data while retaining the most informative 

engineering attributes. The feature optimization stage also 
gives a systematic way to optimize for the trade-offs between 

predictive performance, size of feature subset, and the 

complexity of optimization. 

The analysis also explored the predictive performance, the 

ROC properties, the properties of the most important features, 

convergence of the optimization, the computational cost, the 

scalability and the prediction error. The results of both 
classical and quantum architectures are compared and the 

hybrid architecture is found to hold a suitable balance between 

classical learning efficiency and quantum enhanced feature 

representation. The convergence analysis is also used to show 

the ability of the optimization method of improving the 

selected feature configuration. These observations confirm 

that hybrid quantum-classical learning could be an applicable 

method for predictive analytics in engineering settings. One of 
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the key features of the suggested scheme is the incorporation 

of the optimization of features into the representation in the 

quantum regime instead of using quantum processing as a 

prediction module, which is typically the scenario considered 

for quantum computing. The framework brings together 
classical preprocessing, quantum-inspired feature 

transformation and optimization, and predictive models, and 

can be optimized for various engineering datasets and 

predictive tasks. The framework thus offers a basis for study 

of practical considerations that arise in the dimensionality of 

features, computational complexity, and scalability of models 

in the context of quantum-enhanced learning. 

The current assessment, however, takes place under controlled 
and synthetic experimental conditions and the observations 

reported here are, therefore, preliminary. But more validation 

with real-world engineering data and quantum computing 

platforms is needed before results can be drawn for practical 

quantum advantage. Furthermore, systematic investigations of 

the effects of hardware noise, circuit depth, encoding 

strategies and optimization landscapes are required. The 

proposed framework can be further extended in a few 

directions in the future. First, the methodology can be tested 

with large-scale real world engineering data, from a variety of 

sources including industrial monitoring, manufacturing 
systems, predictive maintenance, energy systems, 

transportation and autonomous platforms. Such datasets 

would allow for assessment in realistic conditions of noise, 

missing data, class-imbalance and high-dimensional features. 

Second, the quantum part may be realised on real quantum 

processing units, rather than making the main use of quantum-

inspired or simulated representations. Variants of the quantum 

feature maps, parameterized circuits and encoding methods 
can be explored to assess their impact on predictive 

capabilities and computational demand. Minimizing the 

effects of decoherence and gate errors can also be achieved 

using hardware-aware circuit design. 
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