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Abstract—Corrosion, caused by electrochemical reactions in corrosive environments, can degrade the quality and lifespan of
materials, potentially leading to significant losses in various industrial sectors. One common strategy to reduce corrosion rates is
by using corrosion inhibitors. A significant challenge in this field is the time-consuming and costly process of testing new corrosion
inhibitors in the laboratory. Consequently, there is a need for more efficient and cost-effective methods to predict the effectiveness
of potential corrosion inhibitors using machine learning techniques. This research addresses this problem by applying a quantum
machine learning (QML) approach with quantum neural network (QNN) algorithms to evaluate the effectiveness of drug
compounds as corrosion inhibitors. The study aims to optimize QNN models by investigating three different quantum circuit
configurations to identify the most effective design. The results showed that Model-01, consisting of three layers, demonstrated
the best performance with an MSE of 38.81, an RMSE of 6.23, and an MAE of 6.19, along with the shortest training time of 32
seconds, indicating an optimal balance between complexity and generalizability. Overall, this QML approach provides new insights
into the predictive ability of QNN models in assessing the effectiveness of drug compounds as corrosion inhibitors, demonstrating
the potential of quantum computing to enhance predictive accuracy and efficiency in investigating anti-corrosion materials.
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1. INTRODUCTION

Corrosion is the process of decreasing the quality and service life of materials, especially metals, caused by
electrochemical reactions in corrosive environments. This phenomenon is of significant concern across various
industrial sectors, particularly in the oil and gas industry, due to its potential for causing substantial losses [1]. The
economic impact of corrosion amounts to US$ 2.5 trillion annually worldwide, which has been steadily increasing
over the past decade [2]. The impact of corrosion is not only limited to the economy, but also affects environmental
damage, security, and safety.

One effective strategy to mitigate corrosion is the use of anti-corrosion materials, known as corrosion inhibitors
[3]. These are chemicals added to environments that can damage metals (aggressive environments) to slow down the
process of metal deterioration. The most effective organic compounds as corrosion inhibitors are those containing
specific atoms such as nitrogen (N), phosphorus (P), sulfur (S), arsenic (As), and oxygen (O), or specific bonds (r) in
their structures [4]. In recent years, researchers have been developing research on corrosion inhibitors using synthetic
compounds to create organic corrosion inhibitors with excellent corrosion inhibition properties [5]. However, the
primary challenge lies in the time-consuming and costly process of synthesizing and testing new corrosion inhibitors
in the laboratory. Therefore, there is a critical need for efficient and cost-effective methods to predict the effectiveness
of potential corrosion inhibitors by utilizing machine learning capabilities.

Studies on the application of quantitative structure activity relationship (QSAR) and classical machine learning
(CML) to predict the effectiveness of corrosion inhibitors have been extensively discussed in the literature, as these
methods replace costly and resource-intensive laboratory experiments [6]-[9]. For instance, Perez et al. [10] developed
a QSAR-ARX model to predict the corrosion inhibition efficiency of expired drugs on steel surfaces using quantum
mechanical descriptors, achieving a root mean square error (RMSE) of 7.03. Ser et al. [11] employed artificial neural
network (ANN) models to predict the corrosion inhibition efficiency of pyridine and quinoline compounds, achieving
an RMSE of 8.8. Alamri et al. [12] investigated pyrimidine compounds as corrosion inhibitors using partial least
squares regression (PLS) and random forest (RF), resulting in mean squared error (MSE) values of 64.641 and 32.602,
respectively. Similarly, focusing on pyrimidine compounds, Quadri et al. [13] employed an ANN model and achieving
an RMSE of 10.56. Meanwhile, Pham et al. [14] used the gradient boosting decision tree (GB) algorithm along with
the permutation feature importance (PFI) technique to predict the corrosion inhibition efficiency of organic
compounds on carbon steel, obtaining an RMSE of 6.40.

While these CML methods have provided valuable insights, they are limited by computational constraints, as
classical computers require more time to solve problems, especially when the dataset is large. Therefore, a quantum
machine learning (QML) approach is necessary. By leveraging the power of quantum computing, QML is expected
to enhance the accuracy and efficiency in predicting corrosion inhibition efficiency. Quantum computing (QC) has
reached a historic milestone with its ability to solve certain problems faster than classical computing. This achievement
is attracting growing interest and supporting future research [15], [16]. QML is a branch of quantum information
processing that focuses on developing quantum algorithms for learning from data, leveraging the processing power of
guantum computers, as well as the scalability and capacity of machine learning algorithms [17].
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Variational quantum algorithm (VQA) is a quantum computing algorithm that uses a hybrid quantum-classical
scheme. In VQA, quantum processors are used to prepare the target quantum state, while measurements are performed
to extract useful information for the classical computer in the exploration and optimization process. VQA has been
widely used in quantum optimization problem solving, quantum simulation, and quantum machine learning [15], [18].
Quantum neural network (QNN) is a part of VQA that operates by designing quantum circuits consisting of qubits
and parameterized rotation gate operations. Qubits can be likened to neurons in classical neural networks, while
rotation gates can be likened to weights connecting neurons. Thus, QNN combines quantum theory features with
neural network properties [19]-[21].

This study aims to investigate the ability of the QNN algorithm to estimating the corrosion inhibition efficiency
of drug compounds. This approach explores several important aspects, including the model's ability to learn complex
patterns in the training data. Model evaluation is performed using the metrics mean squared error (MSE), root mean
squared error (RMSE), and mean absolute error (MAE). Training time and expressibility is also measured to assess
the prediction quality of the developed QNN model. By exploring the potential of QML, this research aims to offer a
novel approach that can significantly enhance the prediction and optimization of corrosion inhibitors, ultimately
contributing to the reduction of the economic and environmental impacts of corrosion.

2. RESEARCH METHODOLOGY
2.1 Research Stages

Dataset

h 4

EDA - Input Encoding
h 4 h 4

MNormalization Ansatz » Model Evaluation
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Figure 1. QML model framework

The research stages illustrated in Figure 1 depict the process undertaken in this study, starting with data collection,
exploratory data analysis (EDA), normalization, principal component analysis (PCA), and data splitting. The next step
involves building the QNN model with an architecture consisting of input encoding, the ansatz, and measurement.
The final step is model evaluation. Detailed explanations can be found in sections 2.2-2.5.

2.2 Dataset Description

This study uses a published dataset containing 260 drug compounds with 14 features and 1 target [10]. The features
used are quantum chemical descriptors representing molecular inhibitor properties, including molecular weight (MW),
acid dissociation constant (pKa), octanol-water partition coefficient (log P), water solubility (log S), polar surface area
(PSA), polarizability (o), the energy of highest occupied molecular orbital (E-HOMO), the energy of lowest
unoccupied molecular orbital (E-LUMO), ionization energy (I), electron affinity (A), electronegativity ()), hardness
(1), electrophilicity (o), and the fraction of shared electrons (AN). The target variable is corrosion inhibition efficiency
(IE (%)), which is the corrosion inhibition performance of the inhibitor.

Each drug compound has a size parameter that depends on its molecular weight. The acidity strength in a
solution is measured by pKa = -logKa, which is calculated by the negative base-10 logarithm of the acid dissociation
constant of a solution. Log P indicates the ability of organic compounds to dissolve in polar (water) and non-polar
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(octanol) phases. Additionally, the log S and PSA descriptors are two important parameters used to predict the water
solubility of a substance. Log S provides direct information about water solubility, while PSA provides information
about molecular polarity that can affect water solubility [10], [22]. Molecular polarizability is affected by the electron
density distribution and the ability of the molecule to change the electron density distortion [1].

E-HOMO refers to the molecule's ability to transfer electrons, where molecules with high E-HOMO values
tend to transfer electrons to acceptors with low-energy and empty molecular orbitals. While E-LUMO refers to the
molecule's ability to accept electrons [23]. lonization energy is the amount of energy required to remove an outermost
electron from an atom, used to measure the reactivity level of atoms or molecules. Meanwhile, electron affinity refers
to the amount of energy released to capture one mole of electrons [1]. Electronegativity measures the relative ability
of an atom to attract electrons in a compound. Pyrimidines with more electronegative centers are predicted to exhibit
better inhibition efficiency. Global hardness measures a molecule’'s resistance to charge transfer [11], [12].
Electrophilicity index measures the energy loss due to maximum electron flow between donors and acceptors [24].
Lastly, the fraction of shared electrons (AN) indicates the number of electrons transferred from the metal surface to
the inhibitor molecule. A higher AN value indicates higher corrosion inhibition efficiency [25].

2.3 Data Pre-processing

Exploratory data analysis (EDA) is a crucial phase in data analysis that focuses on examining the dataset,
understanding the nature and characteristics of the data, and generate an initial understanding of the data [26]. From
the EDA results, it was found that most of the data had missing values. Therefore, data cleaning was performed by
removing rows containing missing values, resulting in 78 data points remaining out of the initial 260 data points.

Next, data normalization was performed using the min-max scaling method. This method adjusts each feature
in the dataset so that its values are within a specified range, typically between 0 and 1 or -1 and 1 [27]. The equation
can be seen in equation (1).

Xnew = - )

Where x represents the original value of the feature, x,,;, is the minimum value of the feature, x,,,, is the
maximum value of the feature, and x,,,,, is the new normalized value of the feature [28].

Subsequently, the principal component analysis (PCA) technique is applied to the features in the dataset. PCA
is a technique used to reduce the dimensionality of a dataset, while retaining as much relevant statistical information
as possible. The PCA process involves creating new variables that are linear combinations of the original variables,
thereby maximizing the variance of uncorrelated data [29]. PCA is implemented by retaining 95% of the total
components, resulting in 4 most significant features out of the initial 14 features.

After the data has gone through the PCA process, the next step is to split the dataset into two parts; the training
data and the testing data, with an 80:20 ratio. This division of data is important to prevent overfitting, which is a
condition where the model fits the training data too well and cannot generalize well to new data [30].

2.3 Quantum Neural Network Model

The QNN architecture consists of three main components, as depicted in Figure 1. The first component is the input
encoding or quantum feature mapping, which is responsible for transforming classical data into quantum
representations. Each classical input vector is converted into a quantum state vector by applying an encoding
transformation to the |0) ground state on each qubit. The second component is the ansatz or variational circuit, which
is a quantum circuit consisting of a series of gates that can be iteratively adjusted using classical optimization. Its
function is to approach a desired state in quantum problem solving. Variations in ansatz design can result in significant
performance differences. In QNN, designing an efficient ansatz with high accuracy is still a challenge. The last
component is measurement, which measures the quantum circuit and produces output values that have been converted
from quantum states [31]-[35].

The objective function is constructed to compute the loss value based on the difference between the actual
target values with the model's predicted values. The function is designed to assess how accurately the predictive model
matches the target values for each sample. The next step is to minimize the loss value by applying an optimizer.
Quantum parameters are optimized using the constrained optimization by linear approximations (COBYLA)
optimizer, which is an optimization technique used to find the minimum value of the objective function without
requiring derivatives of the function. This technique allows constraints to be placed on the optimized variables,
enabling the solution of constrained optimization problems [36].

After obtaining the optimal parameters, the quantum circuit is applied to the training and testing data. Then,
the performance of the model is evaluated using evaluation metrics such as MSE, RMSE, and MAE, along with the
training time required in the model training process. This evaluation is conducted to assess the predictive quality of
the developed QNN model.

2.3 Metrics Evaluation
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Model evaluation is conducted to compare the performance of each circuit. This process aims to assess the quality and
effectiveness of each model in predicting the corrosion inhibitor values in the drug compounds. Model performance
evaluation is measured using evaluation metrics such as MSE, RMSE, and MAE.

MSE and MAE both assess the disparity between actual values and predicted values. The distinction lies in
their calculation methods; MAE calculates the absolute difference, whereas MSE calculates the squared difference.
Meanwhile, RMSE is the square root of MSE. RMSE standardizes the unit of measure of MSE [37], [38]. The formulas
for each evaluation metric can be seen in equations 2-4.

m
1
P V)2
MSE—mZ(XL Y) 2
=1
RMSE = (3)
m
MAE —in( _y|
_m. v i i (4)
=

Where X; is the actual value, Y; is the predicted value, ¥ is the mean of the actual values, and m is the number
of samples.

3. RESULT AND DISCUSSION

The primary components that PCA produces effectively function as novel features by encapsulating a significant
amount of the relevant information about the connection between dataset characteristics and the target variable. As
such, it is interesting to observe that important information about the feature-target link may persist after PCA
integration and in many cases, it can even improve. This preservation encourages more effective analysis, especially
when it comes to the interactions between characteristics and targets in scenarios involving regression analysis.

Table 1. Significance values of features between before and after PCA analysis

Feature MW pKa logP logS PSA o HOMO LUMO | A x n c Q AN
Significance 0.03 0.04 0.02 0.02 0.03 0.04 0.02 0.02 0.04 0.03 0.03 0.03 003 004 003
(0.05)
Feature PCA1 PCA?2 PCA3 PCA 4
Significance 0.03 0.04 0.02 0.03
(0.05)

Table 1 shows the relationship between features and targets both before and after PCA integration. The features
include chemical descriptors. The significance values (p-values) below 0.05 indicate statistically significant
relationships between these features and the target variable. Post-PCA, the primary components (PCA 1, PCA 2, PCA
3, PCA 4) also show significant values, indicating that PCA has effectively retained the important information from
the original dataset. The Pearson correlation coefficient and corresponding p-values are used to describe the results of
the EDA. Itis crucial to understand that even if PCA reduces the dimensionality of the dataset, the inherent information
contained in the features is mostly unchanged. PCA is specifically designed to reduce the size of datasets while
preserving the highest level of variability included in the original data.

After PCA is used, significant changes are observed in the relationship between the principal components and
the objective. A marked increase in the correlation coefficient suggests a stronger connection between the principal
components and the objective. Furthermore, there is a decrease in the p-value, which suggests increased statistical
significance, when the connection between the principal component (PC) and the target post-PCA transformation to
its pre-transformation condition is compared. As a result, PCA is helpful in maintaining important data from the
original characteristics. Moreover, it reveals stronger correlations with higher statistical significance between the
target variable and the attributes.
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Figure 4. Quantum circuit 3 (Model-03)

Figures 2-4 depict the proposed QNN architecture in this study. The quantum circuits are constructed using 4
qubits (corresponding to the number of features retained after the PCA process). In this study, 3 quantum circuits are
built to compare their effectiveness. The quantum circuits were designed with design variations to evaluate their effect
on the model performance.

In this experiment, several quantum gates were used. The rotation Rx and Ry gates play roles in changing the
qubit values, which creates a quantum superposition, transforming the qubit's ground state from |0) to a balanced
superposition state of |0) and |1). There are Rx, Ry, and Rz gates combination, which are rotation gates allowing
qubit rotation around the X, y, and z axes respectively, with adjustable parameters. To create entanglement between
two qubits, the controlled-not (CX) gate is used, where one of the qubit acts as a control and the other as a target.

1. Model-01:
The circuit in Figure 2 is built using Rx gates on each qubit as the input encoding, followed by variations of CX
and Ry gates as the ansatz.

2. Model-02:
The circuit in Figure 3 is built using Ry gates on each qubit as the input encoding, while the ansatz consists of Rx,
CX, and Rz gates are repeatedly applied.

3. Model-03:
The circuit in Figure 4 is built using Ry gates on each qubit as the input encoding, while the ansatz consists of Rx,
Ry, Rz, and CX gates sequentially on each qubit.
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The number of layers in QNN models is a crucial hyperparameter that significantly influences the model's
performance. Through systematic experimentation, it was determined that different models achieved optimal
performance with varying numbers of layers: Model-01 with 3 layers, Model-02 with 5 layers, and Model-03 with 1
layer, as indicated by the highest validation R? scores. The primary challenge in determining the optimal number of
layers is balancing overfitting and underfitting. Overfitting occurs when the model has too many layers, making it
overly complex. The model captures noise and minute details in the training data, which do not generalize well to
new, unseen data. Overfitted models exhibit high performance on training data but poor performance on validation or
test data. This is evident from the need to avoid excess layers in model design. Underfitting occurs when the model
has too few layers, making it too simplistic. The model fails to capture the underlying patterns and structures in the
data. Underfitted models perform poorly on both training and validation data because they cannot effectively learn
from the data. This was avoided in the study by ensuring even the simplest model (Model-03) had a sufficient, albeit
minimal, number of layers.

0.8
0.790 0.784
Model_01 Model_02
0.682
2
= Model_03
3 0.6
a
5
0.4 T
1 3 5

Layers

Figure 5. Best performance of QNN models based-on layers number

Figure 5 shows the performance of QNN models based-on layers number. Model-01 (3 layers) achieved the
best validation R2 score with three layers, indicating an optimal balance between complexity and generalizability for
its specific dataset and task. Three layers allowed the model to learn adequately complex patterns without overfitting.
Model-02 (5 layers) required more layers to reach optimal performance, suggesting that its data or the complexity of
the task necessitated a deeper network to capture more intricate relationships within the data. Model-03 (1 layer)
performed best with just one layer, which might indicate that the underlying patterns in this dataset are relatively
simple and can be captured without additional complexity.

The systematic trials involved gradually adjusting the number of layers and observing the impact on validation
Rz scores. This method ensured a thorough exploration of the model's capacity to generalize, helped identify the point
at which additional layers ceased to contribute to, or even detracted from, model performance, and provided a clear
understanding of how different tasks and datasets might require different network depths. The results underscore the
necessity of carefully selecting the number of layers in QNN models. Choosing the optimal number of layers is critical
for the effectiveness of QNN models. The study highlights that a methodical approach to layer selection, based on
empirical validation, is essential for achieving a balance between model complexity and the ability to generalize. This
careful tuning results in models that can make reliable predictions, which is the ultimate goal in practical applications.

Table 2. Experiment results

Model MSE RMSE MAE Training Time
Model-01 38.81 6.23 6.19 32 second
Model-02 66.42 8.15 8.42 49 second
Model-03 99.40 9.97 9.43 58 second

Table 2 shows the performance of the three QNN models based on evaluation metrics (MSE, RMSE, and MAE)
and training time. Model-01 outperforms the other two models across all evaluation metrics, achieving the lowest
MSE, RMSE, and MAE. This indicates that it has the best predictive accuracy and generalization capability. It also
has the shortest training time (32 seconds), suggesting that it is not only the most accurate but also the most efficient
in terms of computational resources. The balance of three layers seems to provide the right level of complexity to
capture the data patterns without overfitting or underfitting.

Model-02 shows intermediate performance with higher MSE, RMSE, and MAE compared to Model-01, but
better than Model-03. This suggests that increasing the layers beyond three may introduce some degree of overfitting,
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thus reducing its effectiveness. The training time is significantly longer (49 seconds), indicating that the additional
layers require more computational effort and time without a corresponding improvement in performance.

Model-03 has the highest MSE, RMSE, and MAE, indicating it struggles to capture the necessary patterns in
the data, likely due to underfitting. Surprisingly, it also has the longest training time (58 seconds). This could be due
to inefficiencies in the training process for simpler models or possibly the need for more iterations to compensate for
the lack of complexity.

The results clearly demonstrate the trade-offs involved in model design concerning the number of layers.
Model-01, with three layers, achieves the best balance of predictive performance and training efficiency. Model-02,
while more complex, does not provide sufficient gains in accuracy to justify the additional computational cost and
training time. This suggests that the model begins to overfit, capturing noise rather than meaningful patterns. Model-
03, with its single layer, underfits the data, unable to learn the underlying relationships effectively, leading to poor
performance on all metrics despite the longest training time. In practical applications, selecting the appropriate number
of layers is crucial. Too many layers can lead to diminishing returns in accuracy and increased computational demands,
while too few layers result in inadequate learning. Model-01's performance indicates that for this specific dataset and
task, three layers are sufficient to capture the necessary complexity without incurring the drawbacks of overfitting or
excessive computational cost.

The evaluation of the three QNN models underscores the importance of a balanced approach to model
complexity. Model-01, with three layers, strikes the best balance, delivering superior predictive performance and
training efficiency. This highlights the necessity of carefully selecting the number of layers to ensure models are both
effective and computationally feasible.

Table 3. Expressibility values of models

Model Expressibility
Model-01 0.15
Model-02 0.29
Model-03  0.38

Table 3 shows the expressibility values of each models. Expressibility in the context of QNN models is a
measure of the model’s ability to represent a wide variety of functions or data patterns. High Expressibility; the model
can represent complex functions and capture intricate patterns in the data. Moderate Expressibility; the model captures
essential patterns without overfitting. Achieved through a balanced network depth. Low Expressibility; the model
captures only basic patterns, often leading to underfitting. Associated with very shallow networks. Model-01 is the
best overall performance (lowest MSE, RMSE, MAE) and efficient training time, with expressibility value of 0.15
capable of capturing necessary data patterns without overfitting or underfitting. Model-02 with higher error metrics
than Model-01, indicating potential overfitting, has expressibility value of 0.29, high expressibility due to greater
depth, but suffers from overfitting. Model-03 with highest error metrics, indicating underfitting, reach expressibility
value for 0.38, the lowest expressibility due to insufficient depth to capture complex patterns. Model-01 demonstrates
an optimal balance between capturing complex patterns and maintaining generalizability. The three-layer structure
provides adequate expressibility to learn important data features without overfitting, as evidenced by the lowest error
metrics. Model-02 has a higher expressibility due to its additional layers, allowing it to capture more intricate patterns.
However, this comes at the cost of increased risk of overfitting, reflected in the higher error metrics. Despite its
theoretical higher expressibility, practical performance indicates a trade-off with generalizability. Model-03 has the
lowest expressibility, constrained by its single-layer architecture. It struggles to capture sufficient patterns from the
data, leading to underfitting. This is reflected in its high error metrics, despite being theoretically claimed to have the
best expressibility in terms of avoiding overfitting. Expressibility is crucial for model performance, but it must be
balanced with the model's ability to generalize. Model-01 achieves the best practical expressibility, reflected in its
balanced performance metrics. Model-02, while having higher expressibility, overfits, reducing its effectiveness.
Model-03, despite claims of best expressibility in avoiding overfitting, underperforms due to insufficient
expressibility. Thus, expressibility values provide a clear understanding of each model’s capacity to represent data
patterns effectively.

4. CONCLUSION

This study implemented QNN models to predict the corrosion inhibition efficiency (IE) of drug compounds using
three different quantum circuit configurations. The investigation highlighted the critical role of quantum circuit design
in the effectiveness of QNN models. Model-01 emerged as the most effective configuration, balancing optimal
expressibility and performance, with the lowest error metrics of MSE 38.81, RMSE 6.23, MAE 6.19, and shortest
training time of 49 seconds. Model-02 showed higher expressibility but suffered from overfitting, resulting in higher
error metrics and longer training time. It achieved an MSE of 66.42, RMSE of 8.15, and MAE of 8.42, with a training
time of 49 seconds. Model-03 demonstrated the lowest expressibility and highest error metrics, indicating underfitting
and inefficiency despite its simplicity. It had an MSE of 99.40, RMSE of 9.97, and MAE of 9.43, with the longest
training time of 58 seconds. The study underscores the importance of balancing expressibility with generalizability
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in QNN models. Demonstrates that variations in circuit design and parameterization can significantly improve model
prediction quality. Future research directions explore a wider variety of quantum circuit designs, test alternative
optimization methods and parameterizations, investigate the impact of different quantum gate types and configurations
on model performance, develop advanced techniques to mitigate overfitting in deeper models like Model-02. This
research advances QNN algorithm development, highlighting the potential for improved prediction quality through
careful circuit design and parameterization. The findings suggest that with continued refinement, QNN models could
become a powerful tool in materials science and other fields requiring accurate predictive modeling.
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