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Abstract- Corrosion inhibitors are widely used to reduce metal degradation, although toxicity
and experimental screening costs remain important concerns. In this study, a quantitative
structure—property relationship (QSPR) machine-learning framework was evaluated for
predicting the corrosion inhibition efficiency of quinoxaline derivatives for mild steel in 1 N
sulfuric acid. The supplied modelling dataset contained 15 compounds and 11 density-
functional-theory-derived quantum chemical descriptors. A descriptor-selection procedure
based on simulated annealing was used to identify electronegativity (x), LUMO energy
(ELUMO), fraction of electrons transferred (AN), and energy gap (AE) as the most informative
descriptor subset. Seven regression algorithms—Ilinear regression, Lasso, Ridge, Elastic Net,
decision tree, random forest, and gradient boosting—were compared. To address predictive
validation explicitly, the data were divided reproducibly into 12 training compounds (80%) and
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3 independent test compounds (20%) using random state = 42. All preprocessing and model
fitting were performed using the training set, and final predictive statistics were calculated only
on the held-out test set. The independent test results showed limited generalization because of
the very small sample size; the lowest test MAE was obtained by linear regression (MAE =
4.48%, MSE = 21.14, R?=—0.70). These results indicate that the selected electronic descriptors
are mechanistically informative, but a larger chemical dataset is required before the QSPR
models can be considered externally validated for routine prediction.

Keywords- Algorithm; Inhibitor; Quantum Chemical Studies; DFT; LR/RF/GB;
HOMO/LUMO

1. INTRODUCTION

Mild steel, often referred to as MS, is an iron alloy that is widely used in various sectors,
including chemical production, petroleum refining, and thermal power plants, due to its
excellent mechanical and electrical properties, as well as its affordability and ease of handling.
Additionally, the process of acid pickling, employed to clean metals, has the potential to result
in dissolution [1-4]. It is believed that the addition of compounds that limit corrosion is the
strategy that has proven to be the most successful in addressing this issue, as this technology is
associated with advantages such as high efficiency, practicality, and cost-effectiveness [5-10].
Numerous investigations have been conducted on heterocyclic organic compounds that contain
nitrogen, and the findings of these investigations have demonstrated that these compounds are
particularly effective in inhibiting corrosion in aggressive media, such as those used in
electroplating industries, batteries, and the petroleum sector [11-14]. Most of the literature
reports that quinoxaline derivatives were selected as suitable inhibitors for protecting the MS
in a solution of sulfuric acid at a concentration of 1 N. These compounds are well-known for
their exceptional ability to resist corrosion, as well as their comprehensive range of biological
properties, which include antibacterial, antiviral, antifungal, and antioxidant actions [15-19].
Saranya et al. [20] conducted an examination of recent research on quinoxaline derivatives for
the prevention of corrosion in various metals. The conclusion was that structural properties,
such as nitrogen atoms, aromatic rings, and conjugated double bonds, all contribute to the
inhibitory effectiveness of the compound. This conclusion was reached as a result of
investigations conducted in both experimental and quantum chemical studies. Several reports
have been examined through experimental studies and reported in the scientific literature.
These include spontaneous reactions, adsorption mechanisms, types of inhibitors, functional
groups, and surface roughness. Quantum chemical studies provide exact information regarding
properties such as stability, energy gap, HOMO/LUMO energy levels, electron transport, and
Mulliken atomic charges. All of these qualities contribute to determining the effectiveness of
the inhibitor [21]. The quantitative structure-property relationship (QSPR) modelling approach
helps to scrutinize the suitable chemical compounds. It offers a valuable addition to or

substitute for experimental data collection, which is frequently costly and time-consuming [22].
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By successfully connecting molecular structure characteristics to their functions, QSPR
modeling makes it easier to create novel corrosion inhibitors. Saranya et al. investigated the
ability of 13 quinoxaline derivatives to suppress corrosion in mild steel (MS) in IN sulfuric
acid [23-28].

Table 1. Structure and Experimental Inhibition Efficiencies
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Table 1 presents the molecular structures of the synthesized quinoxaline compounds and
their experimentally determined inhibition efficiencies at a 10 mM concentration, derived from
weight loss, impedance, and polarization methods. These compounds can exist in different
protonation states, depending on the medium's pH, with fully protonated forms used for
computational analysis in highly acidic environments [29,30]. Experimental and quantum
chemical studies under different corrosive conditions often demand significant time, labor, and
cost resources. To address these drawbacks, machine learning (ML) has emerged as a viable
option, leveraging advancements in technology and data science to develop faster, more

reliable, and cost-effective solutions [31]. ML is increasingly used in materials discovery and
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design, including the identification of potential corrosion inhibitors within materials
informatics. Since material properties can be quantitatively associated with their chemical
structures, QSPR techniques enable the assessment of material performance while uncovering
critical relationships between density functional theory (DFT) parameters and experimental
inhibition efficiencies [32,33].

The formulation of QSPR models to evaluate corrosion inhibitor performance has
extensively utilized various machine learning algorithms, including artificial neural networks,
adaptive neuro-fuzzy inference systems, support vector machines, ordinary least squares
regression, multiple linear regression, partial least squares, and autoregressive models with
exogenous inputs. Optimization techniques such as genetic algorithms, genetic algorithm-
partial least squares, and genetic algorithm-artificial neural networks were also implemented
[34]. Ser et al. [35] used GA-PLS and GA-ANN models to predict the effectiveness of pyridine
and quinoline derivatives in inhibiting corrosion. The RMSECV and average RMSE values
produced by the GA-PLS model were 16.50 and 14.90, respectively. On the other hand, the
GA-ANN model provided RMSECV and average RMSE values of 16.70 and 8.80,
respectively. Quadri et al. [36] used linear OLS and nonlinear ANN models to predict the
performance of 40 quinoxaline derivatives, employing five selected descriptors. The results
indicated that the nonlinear ANN model achieved an RMSE of 5.42, demonstrating superior
predictive accuracy. Anadebe et al. found that both nonlinear ANN (R?=0.91, RMSE = 4.35)
and ANFIS models (R? = 1.37, RMSE = 0.99) exhibited strong performance, with the ANFIS
model demonstrating superior predictive capability for the corrosion inhibition efficiencies of
15 expired salbutamol drug molecules [37, 38]. An ARX model was employed to analyze 250
commercial drugs as corrosion inhibitors, resulting in an RMSE of 7.03. Perez et al. highlighted
the accuracy of machine learning models in assessing corrosion inhibitors among various
chemical compounds [39].

Corrosion studies constitute an important application of machine learning because QSPR
models can reveal relationships between molecular descriptors and experimentally measured
material properties. The present work therefore develops and critically validates QSPR
regression models for quinoxaline corrosion inhibitors. The modelling dataset supplied for this
study contains 15 quinoxaline derivatives. Eleven quantum chemical descriptors were
considered initially, followed by explicit variable selection and independent test-set validation.
Linear regression, Lasso, Ridge, Elastic Net, decision tree, random forest, and gradient
boosting were evaluated using the same training and test compounds. The purpose is not only
to compare model fit, but also to determine whether the resulting QSPR relationships

generalize to compounds that were not used for model fitting.

2. METHODOLOGY

2.1. Quantum chemical parameters (QCP)
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Experimental and theoretical information on quinoxaline derivatives in 1 N H2SO4
medium has been reported previously [23-28]. The supplied QSPR modelling dataset contains
15 quinoxaline derivatives and 11 quantum chemical descriptors. The response variable is
experimental inhibition efficiency (IE%). The modelling dataset includes DQ, FQ, 1Q, AQ,
DQD, HDQD, ODQDU, ODQDTU, ODQDHA, ODQDHT, PDQO, MPDQO, MPIDQO,
PHDQO, and PSDQO. Table 1 summarizes the compounds for which detailed experimental
structure and efficiency information was available in the manuscript source, whereas Table 2
reports the complete 15-compound descriptor matrix used for machine-learning analysis.

Figure 1 illustrates the machine-learning workflow.

DATASET OF
QUINOXALINE DERIVATIVES

(Random Forest, Gradient Boosting, Lasso Regression,
Ridge Regression, Decision Tree)

[ MACHINE LEARNING ALGORITHMS ]

[ EVALUATION MATRIX J

l

{ BEST MODEL ]
(Based on Accuracy)

Figure 1. Illustration of Machine learning model

Protonated quinoxaline compounds in an aqueous phase were analyzed through quantum
chemical calculations using Gaussian-09 software. The ‘B3LYP/6-311G(d,p)’ method was
employed for these calculations. The solvent effects were considered using the self-consistent
reaction field (SCRF) theory, with water as the solvent, and the Tomasi polarised continuum
model (PCM) was applied. The key quantum chemical parameters (QCPs) examined are energy
gap (AE), hardness (1), softness (o), electronegativity (y), ionization potential (IP), electron
affinity (EA), and the fraction of electrons transferred (AN), as reported in the literature
[28,33,36]. The output files extracted additional parameters, including Enomo, ELumo, dipole
moment (W), and total energy (TE). Table 2 presents the QCPs applied in this study and their

respective values.
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Table 2. Quantum chemical parameters of the quinoxaline derivatives

QcCp DQ FQ 1Q AQ DQD HDQD 0ODQDU ODQDTU ODQDHA ODQDHT PDQO MPDQO MPIDQO PHDQO PSDQO
TE (-) -880.28 -875.83 -703.36 -801.649 -562.6 -604.05 -717.46 -1040.41 -772.81 -1095.76 -779.8 -894.36 -819.13 -835.13 -1559.55
n 0.431 1.651 1.91 1.42 6.21 2.05 6.42 7.6 4.28 4.43 4.77 4.25 4.89 3.76 4.11
Enomo -6.319 -5.892 -6.057 -6.252 -6.37 -5.03 -6.1 -5.36 -6.16 -6.24 -5.64 -5.26 -5.55 -5.05 -6.24
ELumo -2.152 -2.16 -2.181 -2.288 -1.61 -1.23 -1.71 -1.88 -1.91 -2.32 -1.61 -1.5 -1.61 -1.52 -1.78
AE 4.167 3.732 3.876 3.963 4.76 3.8 4.4 3.48 4.25 3.92 4.03 3.76 3.94 3.53 4.46
1 6.319 5.892 6.057 6.25 6.37 5.03 6.1 5.36 6.16 6.24 5.64 5.26 5.55 5.05 6.24
A 2.152 2.16 2.18 2.29 1.61 1.23 1.71 1.88 1.91 232 1.61 1.5 1.61 1.52 1.78
n 2.083 1.866 1.939 1.98 2.38 1.9 2.195 1.74 2.125 1.96 2.015 1.88 1.97 1.765 2.23
© 0.48 0.536 0.516 0.505 0.42 0.526 0.456 0.575 0.471 0.51 0.496 0.532 0.508 0.567 0.448
b4 4.235 4.026 4.119 427 3.99 3.13 3.905 3.62 4.035 4.28 3.625 3.38 3.58 3.285 4.01
AN 0.663 0.797 0.743 0.689 0.632 1.018 0.705 0.971 0.698 0.694 0.837 0.963 0.868 1.052 0.67
2.2. Process of ML model

Seven regression algorithms were compared systematically: linear regression, decision
tree, random forest, Lasso, Ridge, Elastic Net, and gradient boosting. The initial candidate
matrix contained 11 DFT-derived quantum chemical descriptors. To prevent information
leakage, descriptor selection was defined as a pre-modelling step, and the final predictive
assessment was performed on compounds excluded from model fitting. The same selected
descriptor set and the same 12/3 training—test partition were used for all algorithms so that
differences in R?, MSE, and MAE reflected model behaviour rather than different data

partitions.
2.2.1. Variable selection procedure

The complete candidate descriptor set comprised total energy (TE), dipole moment (p),
Enomo, ELumo, energy gap (AE), ionization potential (I), electron affinity (A), hardness (1),
softness (o), electronegativity (x), and fraction of electrons transferred (AN). Descriptor
selection was performed using simulated annealing (SA) as a wrapper-based subset-search
method. In the SA procedure, a candidate state represents a subset of the 11 descriptors. A
neighbouring state is generated by adding or removing a descriptor, and the candidate subset
is evaluated using predictive performance within the training data. Better subsets are accepted,
whereas a worse subset can be accepted with probability P = exp(—A/T), where A is the
deterioration in the objective function and T is the current temperature. The temperature is
gradually reduced so that the search moves from broad exploration to local refinement. The

subset repeatedly retained as the most informative consisted of y, ELumo, AN, and AE. These
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descriptors were therefore used as inputs to the seven regression models. Importantly, the
independent test compounds were not used to calculate the final model coefficients or test
statistics. Lasso, Ridge, and Elastic Net additionally apply embedded coefficient shrinkage

during fitting; this embedded regularization is distinct from the preceding SA subset search.
2.2.2. Linear regression (LR)

A supervised machine learning algorithm learns from labeled datasets and uses this
knowledge to map data points to optimized linear functions. This approach enables the
prediction of outcomes for new datasets by identifying the best-fit line equation, which
estimates values based on the independent variables. The algorithm examines the correlation
between input features (independent variables) and the output (dependent variable), showing
this correlation as a linear function optimized to represent a straight line. The primary objective
of linear regression is to identify the linear equation that provides the best fit and minimizes
the prediction error. The equation is represented as y = mx + ¢, where y represents the
dependent variable, x identifies the independent variable, m indicates the slope of the line,
which expresses the rate of change of y with respect to x, and ¢ marks the y-intercept, reflecting
the value of y when x equals zero. With the use of least squares optimization, the technique
helps to lessen the differences between the actual and anticipated values. The approach
minimizes the sum of squared residuals, which are the differences between the observed and

predicted values, to achieve the best possible compatibility with the data [40].
2.2.3. Decision tree (DT)

DT is a supervised learning algorithm implemented for classification and regression tasks.
Classification problems mainly use their ability to manage categorical data and yield
interpretable results. A decision tree is constructed as a hierarchical model, with core nodes
representing dataset attributes, branches representing decision rules, and leaf nodes expressing
outcomes. Decision nodes facilitate decision-making and possess multiple branches, whereas
leaf nodes, representing the ultimate outcomes of those decisions, do not branch further. The
structure of a decision tree is analogous to an inverted tree, consisting of a root, internal nodes,
branches, and leaf nodes [41]. The root node, situated at the top of the tree and serving as the
point of departure for data segmentation, represents the entire dataset. At each internal node,
which represents the characteristics or attributes of the dataset, there are specific decision rules
that govern each split. There is another name for internal nodes: internal nodes. To connect
the nodes and outline the pathways connected to the branches, the defined decision criteria are
used. In their capacity as terminal nodes, leaf nodes are assigned the responsibility of
generating the ultimate prediction or outcome. Unlike internal nodes, leaf nodes do not
undergo any further division. They are used to represent the predicted value in regression tasks
and the class label in classification tasks. Internal nodes involve further division and are subject

to extra division.
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2.2.4. Random Forest (RF)

RF is a popular supervised learning method for classification and regression problems,
known for its ability to reduce overfitting, handle complex datasets, and make reliable
predictions. This ML technique builds numerous decision trees during training and integrates
their results to make forecasts more accurate. RF uses a process called bootstrap aggregating,
which makes several subsets of the training data by randomly sampling with replacement. For
each subgroup, a different decision tree is created. At each node, a random set of attributes is
used to split the data, which makes trees diversity more while reducing their mutual
dependence. Each tree in the forest is allowed to grow unpruned, enabling it to capture complex
patterns within the data. Each tree generates a class prediction for classification tasks, and the
random forest identifies the class that appears most frequently across all trees. In regression
tasks, each tree produces a numerical prediction, and the Random Forest model computes the

average of these predictions to determine the final output [42].
2.2.5. Lasso regression

Lasso Regression, also known as the Least Absolute Shrinkage and Selection Operator, is
a linear regression method that involves L1 regularisation to enhance model precision and
interpretability. By introducing a penalty based on the absolute value of the magnitude of the
coefficients to the loss function, Lasso shrinks the coefficients of less significant features
towards zero, resulting in a sparse model that automatically performs feature selection by
discarding redundant or irrelevant descriptors. In QSPR modeling of corrosion inhibition
prediction, Lasso is instrumental since it, in addition to extracting linear correlations between
inhibition efficiency and molecular descriptors, also identifies the most relevant descriptors of
the inhibition mechanism, making it perfectly suitable for use when handling high-dimensional
chemical data, where not only should prediction be accurate, but also interpretability and
reduction of descriptors are equally essential. The trade-off achieved by the Lasso between
model simplicity and performance is worthwhile for scientific applications, where
understanding feature importance is necessary for experimental verification and molecular
design [43].

Cost Function: RSS + A * Z|Bi|, where RSS is the Residual Sum of Squares, A is the
regularisation parameter, and i are the coefficients. Shrinks coefficients towards zero and can

set them to zero, leading to feature selection.
2.2.6. Ridge Regression

Ridge Regression is a linear regression method that uses L2 regularisation to handle
multicollinearity and overfitting in datasets with correlated or multiple features. It alters the
ordinary least squares loss function by incorporating a penalty term that is proportional to the
square of the absolute value of the coefficients. In contrast to Lasso Regression, Ridge doesn't

set coefficients to zero but instead pulls them towards zero, keeping all features in the model,
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making Ridge appropriate for cases where all input variables are potentially helpful and should
be retained, albeit with diminished influence. In the case of QSPR modeling for corrosion
inhibition prediction, Ridge Regression will stabilize the model in the presence of complex
DFT descriptors that may have strong intercorrelations[44]. However, its performance
degrades in small datasets or when the correspondence between the features and the target
variable is highly nonlinear. Still, Ridge offers a linear method with control and interpretability,
which is very useful for understanding the combined effect of descriptors on inhibition
efficiency. Cost Function: RSS + A * XBi? is the effect that shrinks coefficients towards zero,

but rarely sets them to zero.
2.2.7. Gradient boosting (GB) and Elastic Net

By learning from residuals (the gaps between actual and predicted values), gradient
boosting is a supervised ensemble strategy that constructs models one after the other, intending
to minimize errors from the preceding model. It works exceptionally well for managing
complex datasets and achieving high precision. The core concept of GB is to progressively
reduce the loss function by building a model through a series of weak learners, often decision
trees [45].

Elastic net linear regression applies the lasso and ridge penalties to regularise regression
models. The method combines the Lasso and ridge regression methods by learning from the
weaknesses of the former two approaches to enhance statistical model regularisation. The
Elastic Net addresses the deficiency of Lasso, particularly in cases where Lasso requires a large
number of samples for high-dimensional data. The elastic net algorithm allows for the addition
of "n" variables until the point of saturation is reached. If the variables are groups of highly
correlated variables, Lasso will select a variable from such sets and omit the rest completely.
To address the shortcomings encountered with Lasso, the Elastic Net introduces a quadratic
term (||B||[*) to the penalty, which, when applied separately, yields ridge regression. The
quadratic term in the penalty pushes the loss function closer to being convex. The elastic net

combines the strengths of both worlds —i.e., Lasso and ridge regression.

2.3. Model evaluation

The performance of the models was evaluated using standard metrics, including the
coefficient of determination (R?), mean squared error (MSE), and mean absolute error (MAE).
A value of R? closer to 1 indicates a better fit of the model to the data [46]. MSE and MAE, on
the other hand, measure the difference between the observed and predicted values, providing
insight into the model's accuracy. Lower error values suggest a more effective predictive
model. The specific formulas for R?, MSE, and MAE, as provided in Equations 1, 2, and 3,

help quantify these measures and guide the optimization of the predictive model.
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2.4. Model Validation

The modelling dataset contained 15 compounds. A reproducible hold-out validation
scheme was used to answer the requirement for an explicit test set. Twelve compounds (80%)
were assigned to the training set and three compounds (20%) to the independent test set using
a fixed random seed (random_state = 42). The test compounds were ODQDHT, MPDQO, and
DQ; the remaining 12 compounds were used for training. Descriptor scaling, where required
for the linear regularized models, was fitted on the training data and then applied to the test
data. The seven regression models were trained only with the 12 training compounds. R?, MSE,
and MAE reported in Table 3 were then calculated from predictions for the three held-out
compounds. Because R? is statistically unstable when calculated from only three test
observations, MSE and MAE are also emphasized, and the small sample size is explicitly
recognized as a limitation. This independent test-set procedure provides a stricter assessment

of generalization than reporting training-fit statistics alone.

3. RESULTS AND DISCUSSION
3.1. Selection of Descriptors

According to the results thus far, attempts have been made to correlate specific quantum
chemical properties with the observed inhibitory efficiency of the inhibitors. The quantitative
structure-property relationship (QSPR) methodology integrates a range of quantum chemical
parameters to create a composite index that correlates with experimentally determined
inhibition efficiency. The adsorption mechanism significantly influences the choice of the
appropriate model equation. The present study demonstrates that the inhibition mechanism
predominantly entails the transfer of electrons from the inhibitor to the iron in mild steel.
Observations indicate that the inhibitor operates by donating electrons to the metal and
accepting electrons from the lone pairs of iron, thereby forming a feedback bond. The linear

model for approximating corrosion inhibition potential, as presented by Lukovits et al. [48].

IE7heo(%) = (AX;C; + B) (4)
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A and B denote the regression coefficients derived from regression analysis, Xj indicates a
quantum chemical index associated with molecule j, and C; represents the experimental
concentration of the inhibitor. As shown in Equation 4, the linear model did not exhibit a strong
correlation between the experimental and theoretical inhibition efficiencies. A non-linear
model (Equation 5), initially proposed by Lukovits et al. [49], was introduced to analyze the
interaction between corrosion inhibitors and metal surfaces in acidic environments. The non-
linear model, which is derived from the Langmuir adsorption isotherm, can be articulated as
follows:

(AXj+B)C;

[ETneo (%) = T+ (AX45)C;

x 100 (5)

IETheo% represents the theoretical inhibition efficiency, A denotes a regression coefficient, B
signifies a regression constant, Cj indicates the experimental concentration of the inhibitor, and
X refers to a quantum chemical index of the molecule. The relationship between quantum
chemical parameters (Enomo, ELumo, AE, and AN) and experimental inhibition efficiency for
the protonated forms of quinoxaline derivatives has been previously discussed and documented
in the literature [24,25]. The QSPR study identified essential molecular descriptors that
significantly affect the corrosion inhibition efficacy of quinoxaline derivatives. The simulated
annealing algorithm identified the most pertinent global descriptors as follows:
Electronegativity determines the electron-donating or withdrawing capacity of compounds
[50]. ELumo reflects the electron affinity of the compound, influencing its interaction with the
metal surface [51]. The fraction of electrons transferred indicates the amount of charge
transferred from the inhibitor to the mild steel surface, which is crucial for effective adsorption
[52]. The energy gap, AE, is an essential component that determines how effectively the
inhibitor adheres to the metal surface. As AE decreases, the inhibitor becomes more reactive,
which enhances its effectiveness. A large AE (HOMO-LUMO) gap means that the molecule
is more stable, which makes it less effective at stopping other molecules. A lower HOMO
energy and a narrower energy gap suggest that the adsorption potential is more substantial and
the inhibitor is more effective [53]. The characteristics indicated that electronic properties play
a crucial role in preventing corrosion, supporting the idea that molecular interactions,
particularly adsorption, are vital. The QSPR analysis reveals the importance of chemical
descriptors such as AE, Enomo, ELumo, and AN in determining the effectiveness of an inhibitor.
The non-linear Langmuir model fits the experimental data better than the linear model. The
findings underscore the importance of adsorption mechanisms and electronic interactions in

understanding and enhancing the effectiveness of corrosion inhibitors.

3.2. Model performance

Model performance was assessed exclusively on the independent three-compound test set

after fitting each model with the 12 training compounds. Table 3 reports the resulting R?, MSE,
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and MAE values. The test compounds were ODQDHT, MPDQO, and DQ. The results show
that training-set fit should not be interpreted as predictive validation in this small dataset.
Linear regression produced the lowest test MAE (4.48%) and MSE (21.14), although its test
R? remained negative (—0.70). The regularized linear models produced similar MAE values of
approximately 4.59—4.62%. Decision tree showed the largest test error (MAE = 7.91%), while
random forest and gradient boosting produced MAE values of 4.74% and 5.39%, respectively.
Thus, none of the evaluated models demonstrated strong independent predictive generalization.
The negative test-set R? values indicate that the current models do not explain the variation of
the held-out compounds better than the test-set mean baseline. This result is consistent with the
unfavorable ratio between the number of compounds and the number of candidate descriptors.
The descriptor analysis nevertheless remains useful for mechanistic interpretation: ¥, ELumo,
AN, and AE describe electron acceptance/donation and charge-transfer behaviour relevant to
adsorption on the mild-steel surface. Predictive claims are therefore restricted to the present
chemical domain, and expansion of the dataset is required before a robust externally predictive
QSPR model can be established.

Distribution of experimental inhibition efficiency
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Figure 2. Point distribution of experimental inhibition efficiency for the 15 quinoxaline
derivatives used in the QSPR modelling dataset

Figure 2 displays every compound as an individual point so that the distribution of the
experimental inhibition-efficiency data can be inspected directly. The response values span
approximately 79.97-98.69%, with most compounds concentrated in the mid-to-high
efficiency range. This narrow response range and the small number of compounds make
independent prediction difficult and also make test-set R? sensitive to individual compounds.
Accordingly, the model comparison is interpreted using R? together with MSE and MAE rather
than relying on a single statistic.
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The independent test-set statistics confirm that none of the seven models is sufficiently
validated for routine prediction. Linear regression had the lowest MAE (4.48%), followed
closely by Lasso and Elastic Net (approximately 4.60%). Random forest produced an MAE of

4.74%, whereas gradient boosting and decision tree had larger errors. The negative R? values

for all models must be reported rather than replaced by training-set goodness-of-fit values.

These findings demonstrate the importance of held-out validation in small QSPR datasets and

prevent overstatement of model performance.
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Figure 4. The effect of virtual samples on histograms of feature data
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Table 3 summarizes the independent test-set results. The model ranking based on MAE
differs from conclusions that would be obtained from training-fit statistics alone. Therefore,
the present study does not claim that gradient boosting or random forest establishes a
benchmark model. Instead, the test-set analysis shows that the current 15-compound dataset is
insufficient for reliable predictive validation. The principal contribution of the modelling
analysis is the identification of mechanistically relevant electronic descriptors and the
demonstration that larger, chemically diverse datasets are necessary for a stable predictive
QSPR model.

Table 3. Model validation

Model Test R? Test MSE Test MAE (%)
Linear Regression -0.70 21.14 4.48
Lasso -0.74 21.58 4.60
Ridge -0.75 21.73 4.62
ElasticNet -0.73 21.54 4.59
Decision Tree -4.77 71.72 7.91
Random Forest -0.92 23.83 4.74
Gradient Boosting -1.63 32.70 5.39

Independent test-set predictions: Linear Regression
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Figure 5. Observed versus predicted inhibition efficiency for the three independent test

compounds using Linear Regression, the model with the lowest test MAE

3.3. Practical implications for the Inhibitor design

The selected descriptor—property relationships provide qualitative guidance for inhibitor

design, but the independent test-set results require cautious interpretation. The association of
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inhibition efficiency with y, ELumo, AN, and AE supports the role of electron transfer and
adsorption in the interaction between quinoxaline derivatives and the mild-steel surface. These
descriptors may therefore be used to prioritize candidate molecules for further computational
and experimental study. However, because none of the seven models achieved strong
predictive generalization on the held-out test compounds, the current models should be treated
as exploratory QSPR tools rather than validated screening engines. Future studies should
expand the number and structural diversity of quinoxaline derivatives and perform external

validation on compounds obtained independently from model development.

4. CONCLUSION

This study evaluated QSPR machine-learning models for predicting the corrosion
inhibition efficiency of quinoxaline derivatives on mild steel in acidic medium. The supplied
modelling dataset contained 15 compounds and 11 DFT-derived quantum chemical
descriptors. Simulated-annealing-based descriptor selection identified electronegativity (y),
Erumo, fraction of electrons transferred (AN), and energy gap (AE) as the most informative
descriptor subset. Seven regression models were compared using an explicit 80:20 hold-out
validation design comprising 12 training compounds and 3 independent test compounds. The
held-out compounds were ODQDHT, MPDQO, and DQ. On the independent test set, linear
regression yielded the lowest MAE (4.48%) and MSE (21.14), but its R was negative (—0.70);
the remaining models also produced negative R? values. Consequently, none of the evaluated
models can yet be regarded as reliably validated for unseen compounds. The electronic
descriptors remain useful for interpreting adsorption and electron-transfer effects, but a larger
and more diverse dataset, followed by external validation, is required before strong predictive

claims can be made.
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