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Abstract - This study explores the use of Broad Learning Systems (BLS) to predict the corrosion
inhibition efficiency (CIE) of heterocyclic compounds, addressing limitations of deep neural
networks (DNNs) such as vanishing gradients and computational inefficiency. BLS prioritizes
network width over depth, enabling faster learning and improved generalization. Trained on
quantum chemical properties (QCPs) of 192 heterocyclic compounds, BLS outperformed
multilayer perceptron neural networks (MLPNN) and random forest (RF) models, achieving
lower mean absolute error (MAE: 1.41), root mean square error (RMSE: 1.79), and higher R?
(0.993). Predicted CIE values for quinoxaline derivatives (95.39% and 94.05%) aligned closely
with experimental data. This study demonstrates the potential of BLS as an efficient, accurate,
and scalable approach for predicting corrosion inhibition capabilities, contributing to
advancements in corrosion science and environmentally friendly solutions.
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1. INTRODUCTION

One of the most widely accepted and cost-effective approaches to mitigating corrosion
involves utilising organic compounds [1], [2]. Nitrogen-based heterocyclic compounds, known
as N-heterocycles, including pyridazine, pyrimidine, pyrazine, pyridine, quinoline, and
quinoxaline, have been extensively studied due to their ability to adhere to metal surfaces via
nitrogen electron pairs and enhance corrosion protection efficiency through polar functional
groups [3]-[19]. This approach is valued for its non-toxic, environmentally friendly, cost-
effective characteristics and straightforward manufacturing process [20]-[22]. However,
experimental evaluation of corrosion inhibitors is resource-intensive, requiring substantial
time and material costs, especially for larger sample sizes and diverse corrosive environments
[23], [24]. Consequently, there is an urgent need for more efficient methodologies to explore
the corrosion inhibition efficiency (CIE) of N-heterocyclic compounds.

Machine learning (ML) and deep neural networks (DNN) have emerged as
transformative tools in addressing these challenges, enabling data-driven predictions that
reduce experimental costs and accelerate the development of corrosion inhibitors [25]-[27].
Techniques such as quantitative structure-property relationship (QSPR) and quantitative
structure-activity relationship (QSAR) have revealed substantial correlations between chemical
structure and CIE [28]-[30], [31]-[33]. Several ML and DNN-based studies, including those
employing genetic algorithm-artificial neural networks (GA-ANN) and multilayer perceptron
neural networks (MLPNN), have demonstrated significant advancements in predicting the CIE
of various heterocyclic compounds. Ser et al. [34] explored the use of the genetic algorithm-
artificial neural network (GA-ANN) to predict CIE from a dataset of pyridine-quinoline
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compounds, achieving a GA-ANN prediction performance with a root mean square error
(RMSE) of 16.74. Assiri et al. [35] utilized an artificial neural network (ANN) for CIE testing with
the pyridazine dataset, demonstrating a model performance of approximately R? = 0.90. The
same dataset and model were also employed by Quadri et al. [36], who found ANN prediction
performances of about 10.57, 111.59, and 10.24 for RMSE, mean square error (MSE), and
mean absolute percentage error (MAPE) values, respectively. In a separate study involving a
pyrimidine dataset, Quadri et al. [37] determined that the multilayer perceptron neural
network (MLPNN) exhibited prediction performance characterized by values of RMSE = 2.91,
MSE = 8.48, MAPE = 2.648, and mean absolute deviation (MAD) = 1.79. Quadri et al. [38]
examined the CIE of the quinoxaline dataset and found that ANN exhibited prediction
performance with values of RMSE = 5.42, MSE = 29.33, MAPE = 5.04, and MAD = 2.38. Despite
these successes, many DNN models rely on increasing network depth and employing
backpropagation, which can lead to issues such as local optimality, vanishing gradients, and
computational inefficiency.

Broad Learning Systems (BLS), introduced by Chen in 2017 [41], present a compelling
alternative by prioritizing network width over depth. This approach avoids iterative weight
updates, enabling faster learning and improved generalization [39], [40], [42], [43]. Unlike
traditional DNNs, BLS has shown promise in various fields, including image classification,
pattern recognition, and power forecasting [44]-[48]. However, its application in predicting
the CIE of N-heterocyclic compounds remains largely unexplored, representing a significant
gap in the field.

This study addresses these limitations by applying a BLS-based model to predict the CIE
of N-heterocyclic compounds, utilizing quantum chemical properties (QCPs) as input features.
The dataset comprises 192 N-heterocyclic compounds, and the results demonstrate that BLS
outperforms state-of-the-art methods such as MLPNN and random forest (RF) in terms of
prediction accuracy, with lower mean absolute error (MAE), root mean square error (RMSE),
and mean absolute deviation (MAD), alongside a higher coefficient of determination (R?).
Furthermore, this study highlights the novelty of BLS in overcoming the challenges associated
with traditional ML models, offering a faster, more robust, and scalable approach for corrosion
research.

By positioning this study within the broader context of corrosion inhibition research, it
directly addresses the gaps left by prior ML-based studies, particularly the inefficiencies of
DNNs. The findings underscore the potential of BLS as an innovative tool for exploring and
predicting the CIE of organic inhibitors, contributing significantly to the advancement of
corrosion science and the development of environmentally friendly anti-corrosion solutions.

2. RESEARCH METHOD

The BLS algorithm was designed to predict CIE values of N-heterocyclic inhibitor
compounds. Figure 1 shows a visual representation of the machine learning model. Leveraging
the dataset containing N-heterocyclic inhibitor compounds, a BLS-based ML model was
constructed to forecast their CIE values.
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Figure 1. BLS-based ML model development

The experimental process is elaborated in the following steps:

Step 1: Dataset Preparation

For this study, we assembled a novel dataset referred to as N-heterocyclic (NH). This dataset
combines data from pyridazine (PD), pyrimidine (PM), pyridine-quinoline (PQ), and quinoxaline
(QX) compounds, all of which were sourced from previously published literature. Each of these
sub-datasets utilizes Quantum Chemical Properties (QCPs) including parameters like LUMO
and HOMO energies, electronegativity (x), electron affinity (A), a fraction of electrons
transferred (AN), ionization potential (l), global softness (o), global hardness (n), energy gap
(AE), electrophilicity (w), and dipole moment (u) as input features for predicting the targets,
represented as CIE values of the inhibitor compounds. The dataset comprises 192 data points
for N-heterocyclic compounds, compiled based on derivative compound datasets. Specifically,
the dataset includes QCPs as features (independent variables) and CIE values as targets
(dependent variables). A detailed summary of the dataset is provided in Table 1.

Table 1. Detail information on datasets

Code Dataset Number of Ref.
Compound
PD Pyridazine 33 [35], [49]
PM Pyrimidine 78 [37], [50]
PQ Pyridine-Quinoline 41 [34], [51]
Qx Quinoxaline 40 [38]
NH N-Heterocyclic 192 Present work

Step 2: Exploratory data analysis (EDA).

During the pre-processing stage, exploratory data analysis was carried out, drawing upon
univariate and multivariate approaches. Univariate analysis involves examining each variable in
isolation without considering its interactions with other variables in the dataset. This analysis

114



JAis

encompasses various procedures, including applying descriptive statistics, which entails the
calculation of summary statistics such as mean, median, mode, quartiles, range, and standard
deviation. These statistics serve to elucidate the inherent characteristics of each variable. In
contrast, the multivariate analysis delves into the relationships between variables within the
dataset. This involves exploring correlations between variables to gauge the extent of their
interdependencies. The combination of both univariate and multivariate analyses in data
exploration is essential for gaining a comprehensive understanding of the dataset's
characteristics, connections, and patterns. Univariate analysis aids in grasping the individual
attributes of each variable, while multivariate analysis provides insights into the relationships
between these variables. The knowledge gained in this process can be instrumental in
comprehending the foundational assumptions of the model under development and for
further refinement in subsequent stages of data processing.

Step 3: Normalize the data using the Min-Max scaler technique.
The Min-Max scaling technique is a crucial tool for data normalization in situations involving
very large or limited-sized datasets. Its purpose is to mitigate issues related to model
sensitivity, which can potentially result in prediction errors [52], [53]. The Min-Max Scaler
normalizes the data using the formula specified in Equation (1).

X—Xmin

(1)

X =
scaled Xmax—Xmin

Each attribute X's lowest and highest values are represented as Xmin and Xmax, respectively. The
maximum value for each component is established as 1, the base estimation is designated as 0,
and all other values are scaled to decimals ranging between 0 and 1.

Step 4: Dataset division.
The dataset is divided into training and testing sets with different split ratios, as indicated in

Table 2.

Table 2. Metric performances of BLS in different divisions of the dataset

Split (train-test) R? RMSE
90% : 10% 0.979 2.22
80% : 20% 0.993 1.79
70% :30% 0.989 1.57
60% : 40% 0.981 2.08

Step 5: The BLS modelling includes a search for the best parameters or hyperparameters.
Specific details regarding the parameters assessed for the BLS model and other models can be
found in Table 3.

Table 3. Hyperparameters in algorithms

Model Parameters Range of Variations Best Value
Num_neurons 40, 50, 60 50
BLS Num_win 9,10,11 10
Num_enhan 10,11, 12 12
C 2*-30, 2*-31, 2*-32 2*-30
RE n_Estimators 50, 100, 300, 500 100

Max_depth none, 50, 10, 20 5
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Min_samples_split 2,5,8,10 2
Min_samples_leaf 1,2,4,6 1
Max_features auto, sqrt sqrt
Solver adam, sgd, lbfgs Ibfgs
Alpha 0.0001, 0.001, 0.01 0.01
MLPNN Hidden_layer_size (50), (50, 50), (50, 50, 50) (50, 50)
Activation relu, tanh tanh
Leraning_rate constant, adaptive, invscaling invscaling
Max_iter 100, 500, 1000 100

The fundamental structure of the BLS algorithm is illustrated in Figure 2, and the procedure
involves the following steps:

(a). It begins assuming that X and Y represent the training data in the feature mapping group,
where X € R, (b). Using a random transformation matrix, the BLS algorithm transforms the
input data into mapped features. (c). The feature nodes are subsequently divided into n
windows, with each window containing k feature nodes. (d). Z" signifies all feature mapping
groups, while Z represents the feature mapping of the i-th group. This framework serves as the
foundation for the operation of the BLS algorithm.

Zi = si(WZi X + IBZL'),I: = 1,2, ey n (2)
Zn = (Z]_JZZ' ,Zn) (3)

where W, and B, stand for the input layer's weights and bias, respectively, to the mapping
feature node layer. The feature node's activation function, or §;, is typically linear.

Through functional mapping transformation, the mapping feature group is converted into the
enhancement node group. In this context, Hm signifies all of the enhancement nodes, and H;
represents the j-th enhancement node.

Hj=&j(Wpj - Z™ + Brj)i=1,2,..,m (4)
Hm = (H]_'HZ""IHm) (5)

where the weight and bias of the j-th group of mapped feature nodes to the enhancement
node layer are represented, respectively, by Wy and Brn. Furthermore, ¢; represents the
activation function of the enhancement nodes. Equation 6 is employed to ascertain the
composition of feature and enhancement nodes that constitute the input pattern matrix and
the output Y.

Y =C"H™MW™ = (Z1,Z, ..., Zy|Hy, Hy, .., Hp) )W (6)

where W™ which may be computed using the following formula is the output coefficients
matrix:

Wm = (Z"H™)* Y (7)
Following the core concept and computation formula of BLS, the BLS algorithm exclusively

calculates W™ without necessitating iterative updates to the parameters of specific neural
networks. This leads to a substantial reduction in computational time and enhances
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computational efficiency when compared to deep neural networks and ensemble learning.
Moreover, BLS can partially alleviate the impact of noise in measured data.
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Figure 2. The basic structure of the BLS model
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A systematic hyperparameter tuning process was conducted to optimize the BLS model. The
selection of hyperparameter ranges, such as the number of neurons, enhancement nodes, and
regularization parameters, was informed by prior studies and experimental validation. The
hyperparameters tuned included the following:

e Num_neurons: The number of neurons in the mapping layer varied between 40, 50, and
60. The optimal value of 50 was selected as it provided a balance between computational
efficiency and predictive accuracy.

e Num_win: The number of windows for dividing feature nodes was set to 9, 10, and 11.
The best value of 10 ensured adequate feature mapping without excessive computational
complexity.

e  Num_enhan: The number of enhancement nodes was explored with 10, 11, and 12
values. The selected value of 12 allowed the model to capture the non-linear relationships
in the data effectively.

e C: The regularization parameter was tested with 2e-30, 2e-31, and 2e-32 values. The
optimal value of 2e-30 minimized overfitting while maintaining high prediction accuracy.

Each parameter combination was evaluated using cross-validation, and the configuration

yielding the lowest mean squared error on the validation set was selected for the final model.

This rigorous tuning process ensured that the BLS model was optimized for accuracy and

efficiency.

Step 6: Predict CIE values and evaluate the model based on evaluation metrics.

The model's performance is assessed using reliable metrics such as RMSE and R%. When R?
approaches 1, it signifies a strong alignment between the model and the data properties.
RMSE, on the other hand, quantifies the disparity between the actual and predicted values. As
RMSE decreases, prediction errors diminish, reflecting the model's predictive accuracy. Since
an accurate model yields fewer statistical errors, this metric gauges the model's predictive
capability [54]-[56]. Additionally, mean absolute error (MAE) and mean absolute deviation
(MAD) are complementary metrics that are aligned with RMSE when evaluating predictive
model performance or comparing different models in terms of their precision and their ability
to predict target values. These metrics are presented sequentially in equations (8) through
(212).
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RMSE = \/ﬁzlﬂzlm’ —Y))? (9)
MAE = =37, |V — Y| (10)
MAD = —¥,|Y/' — ¥ (11)

Where n represents the number of samples, Y; stands for the actual values, Y; signifies the
mean of actual values and Y;' represents the anticipated values.

3. RESULTS AND DISCUSSION

3.1. EDAresults

An essential initial step is Exploratory Data Analysis (EDA), which aims to comprehend
patterns and relationships within a dataset before delving into further processing or analysis.
EDA offers a comprehensive understanding of the statistical characteristics of each feature
within the dataset. In statistical analysis, data variability and dispersion are critical
considerations. Moreover, these statistical characteristics offer preliminary insights into the
distribution and interrelations between features (e.g., AE, LUMO, HOMO, A, |, n, o, AN, w, W,
and x) and targets (e.g., CIE). Univariate and multivariate analyses can be employed in this data
exploratory analysis technique. The outcomes of univariate analysis furnish a comprehensive
overview of data properties for each target and feature, serving as the foundational
knowledge for constructing the QSPR model used to assess the CIE of inhibitor materials.

Table 4. Descriptive statistic results for features and target

Descriptors Mean Variance Standard Deviation
Features

HOMO -6.110 0.307 0.554
LUMO -27.710 67367.958 259.553
AE 4934 7.477 2.734
7] 3.948 3.73 1.931
I 5.806 4.677 2.163
A 1.099 6.491 2.548
X 3.674 1.634 1.278
n 2.58 1.822 1.35
o] 0.442 0.068 0.261
Q 2.279 6.003 2.45
AN 0.51 0.049 0.222
Target

CIE 81.115 466.479 21.598
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The univariate analysis in this study employed descriptive statistics, and the results are
displayed in Table 4. The descriptive statistics reveal that the CIE values for the N-heterocyclic
compounds, which are the target in the dataset, exhibit high variability. This is evident from
the notably high mean, variance, and standard deviation values of 81.115, 466.479, and
21.598, respectively. High variability in CIE values suggests that the corrosion protection
efficiency varies in different situations or tests, indicating adaptability or responsiveness to
varying conditions. In some cases, this variability can imply that corrosion protection remains
effective in various situations or environments, which is desirable in certain industrial
applications.

The features used in the analysis demonstrate varying levels of variability. Features like
HOMO, ¥, o, and AN exhibit low variability, characterized by relatively small variance and
standard deviation values, and tend to cluster closely around the mean. Low variability
signifies a relatively uniform distribution, which can be considered favourable. It suggests that
low fluctuations can indicate stability and consistency in the features, enabling reliable and
consistent CIE predictions and easier interpretation. Features with moderate variability, such
as AE, |, 4, and n, indicate that the data shows moderate variation with a spread that is neither
too low nor too high, which is acceptable. This moderate variability may reflect natural
variations in molecular properties and different situations or assays. On the other hand,
features with high variability, such as LUMO, A, and w, exhibit a broad distribution, with values
varying significantly from the mean. This is a natural characteristic of the molecular properties
in the dataset. A wider range of variability suggests substantial variations in different
scenarios, resulting in a broader range of predictions. Therefore, it is important to consider
modelling techniques appropriate for handling such variability.

Table 5. Wald test results
Wald (chi?) p-value df_denom
23,104 9.620e-06 2

During the multivariate analysis phase of EDA, the research examines how various
factors in the dataset interact and contribute to the CIE of N-heterocycle compounds. To
determine the relationships between the independent variables (features) and the dependent
variable (target), the William Sealy Gosset Approximation of the Likelihood Ratio (Wald) test is
employed. The results of the Wald test are presented in Table 5. The Wald test yields a
substantial statistical value (23.104) and an extremely small p-value (9.620e-06) when
compared to the significance level (0.05). These results suggest a significant relationship or
effect within the regression or analysis model. In other words, there is compelling evidence
that the feature being examined substantially impacts the target in the regression model. The
exceptionally small p-value allows for the strong rejection of the null hypothesis, which
typically assumes no significant effect or relationship. This signifies that the features used in
the model do have a genuine impact. These outcomes indicate that the regression model being
tested holds statistical significance in explaining the relationship between the features and the
target.

3.2. ML performance evaluation

The prediction performance of the BLS model on the NH dataset is detailed in Table 6.
The RMSE, MAE, and MAD values are reported as 1.79, 1.41, and 1.20, respectively, and these
values are relatively low. Additionally, the resulting R? value of 0.993 is relatively high. These
results indicate that the BLS model demonstrates strong predictive ability for the CIE value of
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N-heterocyclic compounds. To further assess the effectiveness of BLS, a comparison was
conducted with other algorithms, specifically MLPNN and random forest (RF), as indicated in
Table 2. A dataset with 80% of training data and 20% of testing data was used for this
comparison. The best parameters for BLS, MLPNN, and RF are presented in Table 3.

Table 6. Predictive performance of models for the NH dataset
Model R? RMSE MAE MAD
BLS 0.993 1.79 1.41 1.20
RF 0.942 5.05 3.33 1.89
MLPNN  0.917 6.01 3.67 2.67
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Figure 3. Distribution plots of data point prediction (top) and residual error (down) of BLS, RF,
and MLPNN for the NH dataset
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data for the NH dataset

It is evident that MLPNN exhibits the least favourable prediction performance, with
RMSE, MAE, and MAD values of 6.01, 3.67, and 2.56, respectively, and an R? value of 0.917. On
the other hand, RF demonstrates better prediction performance than MLPNN, with RMSE,
MAE, and MAD values of 5.05, 3.33, and 1.89, respectively, and an R? value of 0.942. In
contrast, BLS stands out with the lowest RMSE, MAE, and MAD values, which are 1.79, 1.41,
and 1.20, respectively. Furthermore, it achieves the highest R? value of 0.993. The strengths of
the BLS model are notably reflected in both the distribution plot of data points and the
residual error plot showcased in Figure 3. Compared to the other two models, the data points
within the BLS model exhibit a closer distribution to the prediction line (fitting line). Similarly,
the residual error plot demonstrates a distribution around the axis 0. This indicates that BLS
boasts the highest prediction accuracy and the lowest statistical error. Additionally, Figure 4
reinforces the superior performance of the BLS model, as it clearly shows that the CIE values
predicted by BLS closely align with the actual CIE values compared to the other two models.
This reaffirms the BLS model's reliability as a predictive tool for assessing the CIE of N-
heterocyclic compounds.

Table 7. Predictive performance of models for the PD, PM, PQ, and QX datasets

Dataset Model R? RMSE MAE MAD
PD BLS 0.97 1.95 1.73 1.48
ANN - 10.56 10.24 -
ANN 0.90 - - -
PM BLS 0.99 1.82 1.59 1.35
ANN - 291 2.65 -
RF - 5.71 - -
PQ BLS 0.98 1.87 1.62 1.40
GA-ANN - 16.74 - -
MLR 0.93 - - -
Qx BLS 0.98 1.89 1.65 1.44
MLPNN - 5.42 5.04 -

Furthermore, the effectiveness of the BLS model was tested on a dataset comprising
four types of N-heterocyclic compounds: PD, PM, PQ, and QX. To validate the performance of

121



JAis

the BLS model on a smaller dataset, the model was employed to predict CIE values for all four
N-heterocyclic types. The performance of the BLS model, assessed through evaluation metrics
on the PD, PM, PQ, and QX datasets, is presented in Table 7. The BLS model demonstrates
competitive prediction accuracy compared to other models from recent literature, boasting
the lowest MAE, MAD, and RMSE values and the highest R? value. These results underscore the
BLS model's robust predictive capabilities for the CIE values of various compounds derived
from N-heterocycles. The findings also highlight the BLS algorithm's efficacy in training on
smaller datasets. Furthermore, Table 5 underscores the applicability of the proposed
methodology compared to prediction methods employed in recent literature, such as ANN, RF,
and multilinear regression (MLR). The proposed BLS model outperforms these methods by
achieving lower RMSE, MSE, and MAD values and a higher R? value. These results indicate that
despite its more straightforward structure, the proposed BLS model yields impressive results
and can serve as a potent and promising tool for predicting the CIE of N-heterocyclic inhibitor
compounds.

3.3. Model application

To assess the corrosion inhibitory potential of novel N-heterocyclic compounds,
specifically quinoxaline-6-carboxylic acid (Q6CA) and methyl quinoxaline-6-carboxylate
(MQ6CA), Masuku et al. [16] recently employed the potentiodynamic polarization
experimental method. According to their findings, MQ6CA exhibited a slightly greater
corrosion inhibition capacity than Q6CA, boasting a CIE value of 97.11, as opposed to Q6CA's
95.86. In this study, we harness a machine learning approach based on the BLS to predict the
CIE values of these two compounds as corrosion inhibitors. As per the data in Table 8, MQ6CA
surpasses Q6CA in terms of corrosion inhibition, with a CIE value of 95.39, as opposed to
Q6CA's 94.05. These results affirm the viability of our proposed strategy as a competitive,
accurate, efficient, and productive approach. Furthermore, they align with the experimental
results, exhibiting identical values and supporting the same trend.

Table 8. CIE value of BLS prediction and experimental study

Compound Structure CIE (%)
BLS Exp.
Methyl quinoxaline-6- 95.39 97.11
carboxylate (MQ6CA) o N
YN
O r\:
Quinoxaline-6-carboxylic acid oH 2 94.05 95.86
(Q6CA) 72 3
a@"

4. CONCLUSION

This study showcased using BLS to predict the CIE of N-heterocyclic derivative
compounds. Compared to the MLPNN and RF, the BLS algorithm outperforms them with the
best performance, as indicated by RMSE, MSE, MAD, and R? values of 1.79, 1.41, 1.20, and
0.993, respectively. The proposed approach further demonstrates that the newly predicted N-
heterocyclic derivative compounds, namely Methyl quinoxaline-6-carboxylate and
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Quinoxaline-6-carboxylic acid, exhibit a significant CIE, with values of 95.39 and 94.05,
respectively. Moreover, strong statistical evidence suggests that QCP features used in the
analysis significantly correlate and impact CIE targets. This work highlights the potential of BLS
as an innovative avenue for exploring anti-corrosion materials. Future research endeavours
will be essential to predict novel anti-corrosion materials, expanding the scope of datasets to
ensure the universality of predictions. Despite its limitations, this study establishes a
foundation for further investigations into applying machine learning algorithms to predict anti-
corrosion properties.
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