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Abstract

The corrosion inhibition properties of pyrimidine derivative inhibitors against iron were
analyzed using the quantitative structure-property relationship (QSPR) method and the Monte
Carlo adsorption simulation technique. The modelling approach sought to establish correlations
between the pyrimidine derivatives’ corrosion inhibition efficiency (IE%) and various electronic
physicochemical properties. A prediction model for the anti-corrosion capabilities of an
additional inhibitor in the pyrimidine family was developed using the experimental data. Using
the QSPR methodology, the model was constructed by connecting the twelve pyrimidine
inhibitors’ unique physicochemical properties to their experimental inhibitory efficacy. These
physicochemical properties were computed using density functional theory at B3LYP/6-
31G(d,p) level of theory. Statistical analyses were performed using three methods: partial least
squares regression (PLS), principal component regression (PCR), and principal component
analysis (PCA). The PCR method yielded the best QSPR modelling results, as evidenced by
validation outcomes (R* =0.985; Razdi =0.966) and collinearity analysis of the data. The PCR
method produces a slight difference between the predicted and the experimented corrosion
inhibition efficiency, confirming the method’s accuracy. Predictions from the PCR modelling
for the four pyrimidine-derived compounds exhibited promising results. It was shown from the
Monte Carlo simulation predictions that the two inhibitors had excellent corrosion inhibition
efficiency.
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Introduction

Metals go through corrosion as a natural process to achieve a more stable state
thermodynamically. Corrosion of metal and its alloys poses a significant challenge to various
industries due to its potential environmental contamination [1, 2]. Consequently, scientists
are tasked with developing strategies to protect these materials and minimize their adverse
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impacts on the ecosystem. One widely employed approach to limit metal degradation is
corrosion inhibitors [3, 4]. Different treatments are utilized depending on the level of
corrosiveness in a specific environment. For instance, organic substances are commonly
used as inhibitors to prevent corrosion in acidic environments. Typically, these compounds
contain heteroatoms such as nitrogen, oxygen, sulphur, and phosphorus embedded within
aromatic rings and double and triple bonds in their chemical structures. This characteristic
can elevate the substance’s reactivity and surface adsorption potential [5-9].

Pyrimidine derivatives are highly promising corrosion inhibitors in acidic conditions
[10, 11]. Research has shown that these substances can attach to metal surfaces by using
lower energy empty orbitals to draw free electrons from those surfaces. Coordination leads
to the creation of covalent bonds when electrons are redistributed onto the metal surface.
Consequently, the inhibitor demonstrates adequate adherence to the metal surface through
adsorption. This adhesion helps block active sites, lowering the dissolution rate, reducing
proton release, and increasing the coverage ratio. The more potent corrosion inhibition
displayed by certain chemicals provides additional evidence to support this proposition.

Applying quantum chemistry technigues has demonstrated significant benefits in
clarifying reactive sites’ molecular architecture, electrical structure, and properties.
Furthermore, this approach aids in understanding the correlation between the effectiveness
of corrosion inhibition and certain molecular indices or quantum properties of corrosion
inhibitors. QSPR analysis has recently gained popularity as a tool for quantitatively studying
corrosion inhibition processes. It allows for establishing a consistent connection between
alterations in molecular characteristics and the inhibitory activity of different compounds
[12-18].

Mathematical methods can yield qualitative and quantitative insights that enhance our
comprehension of the corrosion inhibition process. One of the objectives of this research is
to identify a robust structural characteristic that correlates molecular descriptors with
corrosion inhibition efficiency (IE%). Experimental investigations have focused on studying
these descriptors in an acidic solution containing a 0.001 M or 0.01 M corrosion inhibitor
concentration applied to mild steel [19, 20]. The goal of the current study was to do a
statistical analysis of the data using the PLS, PCR, and PCA mathematical regression models
to gain an understanding of the fundamental mechanisms behind corrosion. Moreover, the
study’s goal was to identify the relevant chemical characteristics that have a major impact
on the variation in corrosion inhibition that the compounds under examination exhibit.
Ultimately, the precise predicted results obtained from the developed mathematical formulas
will enable the estimation of corrosion inhibitor values for associated compounds, thereby
supporting subsequent researchers in synthesizing linked compounds.
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Methodology

Experimental data

This study used 12 pyrimidine derivative compounds to establish QSPR models between
potential corrosion inhibitors and their molecular structures (Figure 1). The corrosion
inhibition potentials of four other pyrimidine derivatives were also estimated using the best
QSPR equation derived from the analysis. This research serves as a complementary
statistical investigation and builds upon previous studies examining corrosion inhibitors
derived from pyrimidine compounds, which have been experimentally tested. Table 1
provides an overview of the pyrimidine-derived compounds selected for QSPR analysis,
while Table 2 lists the pyrimidine derivatives for which predicted corrosion inhibitor values
will be determined.

Table 1. Pyrimidine derivatives, the values of which have been experimentally determined as corrosion
inhibitors.

IUPAC Name Abbreviation IE exp % [19]
2,4,6-Triaminopyrimidine C1 24
2,4-Diamino-6-mercaptopyrimidine Cc2 39
2,4-Dimercaptopyrimidine C3 43
2,5,6-Triamino-3,4-dihydropyrimidine C4 -19
2,6-Dimercapto-4,5-diaminopyrimidine C5 40
2-Aminopyrimidine C6 28
2-Mercapto-3,4-dihydro-6-methylpyrimidine Cc7 1
2-Mercapto-3,4-dihydropyrimidine C8 4
2-Mercapto-4-amino-1,6-dihydropyrimidine C9 -10
2-Mercapto-4-amino-5-nitro-1,6-dihydropyrimidine C10 -28
2-Mercapto-4-aminopyrimidine C11 35
3,4-Dihydropyrimidine C12 -1

Table 2. Compounds generated from pyrimidine with estimated corrosion-inhibiting values.

IUPAC Name Abbreviation Ref.
4,6-Diaminopyrimidine-2-thiol C13 [21]
6-Amino-2-sulfanylpyrimidin-4-ol Cl4 [22]
2-Sulfanylpyrimidine-4,6-diol C15 [22]
4-Phenylpyrimidine C16 [23]

2,6-Dimercapto-4,5-diaminopyrimidine C17 [24]
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Figure 1. 2D structure of seventeen pyrimidine derivatives for the construction of the QSPR
model and estimated values of corrosion inhibitors.
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Theoretical calculation

All molecular geometries were optimized using Gaussian 09 Software [25]. Geometry
optimization was performed at the DFT/B3LYP/6-31G(d,p) level. B3LYP/6-31G(d,p) was
chosen because it is computationally cheap without sacrificing accuracy [26, 53].

Koopman’s theorem [27] establishes a relationship between the highest occupied
molecular orbital energy (Enomo) and the ELumo, Which can be utilized to determine the
ionization potential (IP), electron affinity (EA), electronegativity (), hardness (n) and
transferred electrons (AN). Equation 1, 2, 3 and 4 can be used to calculate the ionization
potential, electron affinity, electronegativity, chemical hardness, and number of transferred
electrons respectively [27-31]:

IP=—Enomo 1)
A=—ELumo 2)
IP+ EA
== (3)
IP—A
n= R (4)
AN = ﬁ (5)

The AN was calculated by bulk iron’s electronegativity (Fe=7.00 eV) [32] and ng=0,
assuming that for a metallic bulk, IP =EA [33]. In this case, nre and nin, Stand for the inhibitor
molecule’s and iron’s respective absolute hardness and electronegativity, while yre and yinn
represent their respective energies.

Electrophilicity is a reactivity descriptor that allows one to evaluate a molecule’s
overall electrophilic nature on a relative basis. To quantify the energy lost as a result of the
maximum electron flow between the donor and acceptor, Parr et al. [28] established the
electrophilicity index. Equation 6 describes it as follows:

2
o=1- (6)
2n

The negative value of one-fourth of n represents the energy of back donation (AEg_p).
Additionally, other physical-chemical descriptors crucial for QSPR analysis were
determined — the Material Studio application conducted Monte Carlo simulations of
pyrimidine derivatives [34]. The study focused on iron (Fe) crystals with a (110) surface.
The simulation box contained a 20 vacuum layer on the C axis and an 8x8 supercell. In the
crystal settings, a vacuum thickness of 15 A was employed. Subsequently, a COMPASS
force field simulation was performed by selecting the adsorption location option. Water
molecules were assigned a value of 100, whereas the number of inhibitor chemicals was
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fixed at 1. Atomic targets located at the top of the Fe layer were used in the simulation to
improve the precision of the results.

Statistic analysis

Twelve pyrimidine-derived compounds were subjected to statistical analysis using the
XLSTAT premium 2021 application [35] to determine the QSPR between the corrosion
inhibitor value and the molecular descriptors of these compounds. PLS and PCR were two
of the three statistical analyses used in this study to create the QSPR model [13, 36—39].
Furthermore, PCA was used to evaluate redundancy and collinearity among the examined
descriptors and investigate their correlations. This procedure aimed to ascertain which
statistical analysis would be best for the QSPR investigation of these pyrimidine derivative
molecules.

Validation

The effectiveness and predictive capability of the QSPR modelling were evaluated through
validation testing, with internal validation being the sole method employed in this study.
Internal validation relies on various statistical metrics, including the coefficient of
determination (R?), adjusted coefficient of determination (Razdj), prediction coefficient of
determination (Rjred), PRESS value, and standard deviation (SD). Furthermore, the
significance of this technique was assessed by scrutinizing the coefficient of determination

cross-validation (Rfv) [40, 41]. R? is expressed as follows (Equation 7):

L (e e

2 (1B~ IE,,)

In Equation 7, IEe, represents the experimental corrosion inhibitor values, while 1Ec,
denotes the calculated ones. IEayg stands for the average |Eey, value.

(7)

Results and Discussion

DFT/B3LYP/6-31G(d,p) was used to optimize the geometry parameters of the molecules
under study [42, 43]. The geometry is qualified as acquired by the least energy of the
molecular structure, and the absence of imaginary frequencies corroborates this. Figure 2
displays the final optimized geometry.

In this study, the QSPR method is employed to explore the correlation between the
inherent properties of individual molecules and their ability to mitigate corrosion.
Researchers have developed various models that link corrosion inhibitors to specific
chemical properties, thereby enabling the prediction of their efficacy and elucidating their
mechanism of action through molecular descriptors. Key characteristics that significantly
influence the absorption of inhibitor compounds onto metal surfaces include lipophilic,
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structural, and electronic indices. Table 3 provides a representation of the studied pyrimidine
molecular descriptors.
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Figure 2. Experimental (1-12) and predicted compounds (13—17) derived from pyrimidine
that have had their geometry optimized using B3LYP/6-31G (d,p).
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Table 3. The studied pyrimidine molecular descriptors.

Compound 1B (1 G ey @y @ e f o em e N @y @)
C1l 24 54071 0.6217 6.0288 1.7254 54071 -0.6217 2.3926 0.3317 3.0144 6.9442 4.4870 -0.7536

C2 39 57826 -0.1436 5.6389 24724 57826 0.1436 29631 0.3546 2.8194 5.6908 8.6173 -0.7048

C3 43 -6.6189 -1.3091 5.3097 19149 6.6189 1.3091 3.9640 0.3766 2.6548 4.0301 4.8675 -0.6637

C4 -19 4.2724 0.7357 50081 3.2231 4.2724 -0.7358 1.7683 0.3993 2.5040 6.5503 13.006 -0.6260

C5 40 -6.0893 -0.6234 5.4658 6.5891 6.0893 0.6234 3.3563 0.3659 2.7329 49789 59.3270 -0.6832

C6 28 —6.1421 -0.7654 53767 0.6303 6.1421 0.7654 3.4538 0.3719 2.6883 4.7667 0.5340 -0.6720

C7 1 53261 -0.1904 5.1356 1.9955 5.3260 0.1904 2.7582 0.3894 25678 5.4459 51125 -0.6419

C8 4 54265 -0.3466 5.0798 2.3652 5.4264 0.3466 2.8865 0.3937 25399 52238 7.1043 -0.6349

C9 -10 -4.8180 0.0206 4.8387 1.7481 4.8180 -0.0206 2.3986 0.4133 24193 55661 3.6966 —0.6048
C10 -28 -5.9133 -1.6819 42313 59334 59133 16819 3.7976 0.4726 21156 3.3876 37.2412 -0.5289
Cl1 35 —6.5095 -1.1698 5.3396 3.2891 6.5095 1.1698 3.8396 0.3745 2.6698 4.2188 14.4411 -0.6674
C12 -1 52502 | -0.2152 5.0349 3.4075 52501 0.2152 2.7327 03972 25174 53713 14.6152 -0.6293
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QSPR Study
Partial least square (PLS)

PLS handles numerous explanatory and response variables simultaneously. It is commonly
utilized, especially when many molecular descriptors are involved in analyzing a molecule
[44].

PLS aims to quantitatively predict the corrosion inhibitor activity of the chemicals
under investigation. The following equation typically represents the PLS modelling
approach:

IEcal(%) = aO + aIEHOMO + a2ELUMO + aSEL—H + a4“ + aSIP + a6EA+ a7X +
+a,0 +an+a,AN +a,,0+a,,LogP +a,Mr +a,V_+a,AE;
Regression coefficients for Enomo, ELumo, EL-n, 1, IP, EA, %, 6, 1, AN, o, LogP, Mr,
Vm, and AEg p are represented by the numbers a; 15, where ay is the regression constant.

The PLS modelling, analyzed from descriptor data along with statistical parameter
values, is presented below:

|Eexp(%):—18l485—6254 XEnomo—1.528XE L umo+10.742%E _y—
—0.5790xu+6.254 xIP+1.528xEA+4.138xy—138.519%c +21.484 xn—
—0.439xAN—8.409%x 10 *x®»—85.936xAEg_p

N=12; R?=0.925; SD=7.148

Additional validation values are provided in Table 4. Predicted values and PLS
modelling residuals are illustrated in Table 5.

Table 4. PLS validation.

Observations 12.000
Sum of weights 12.000
DF 10.000

R? 0.925

Std. deviation 7.148
MSE 42.581
RMSE 6.525

Based on the PLS modelling in Equation 2, Figure 3 displays each descriptor’s
relevance in relation to the standard regression coefficient.
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Table 5. PLS modelling residuals and predicted values.

Std. dev. on
Observation Weight IEexp (%0) IEca (%0) Residual Std. residual pred.
(Mean)
C1 1 24.000 38.440 —14.440 -0.637 3.086
C2 1 39.000 32.210 6.790 0.299 2.695
C3 1 43.000 37.774 5.226 0.230 3.042
C4 1 —19.000 -21.647 2.647 0.117 3.745
C5 1 40.000 29.894 10.106 0.446 2.565
C6 1 28.000 31.267 -3.267 -0.144 2.641
C7 1 1.000 5.141 -4.141 -0.183 2.182
Cs8 1 4.000 4.897 -0.897 -0.040 2.189
C9 1 —-10.000 -16.133 6.133 0.270 3.341
C10 1 —-28.000 -20.723 —7.277 -0.321 3.676
Ci11 1 35.000 35.835 -0.835 -0.037 2.916
C12 1 -1.000 —-0.955 -0.045 -0.002 2.417
0.5
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Figure 3. The standard’s coefficients to the variables in the given PLS model.
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Figure 3 shows how the choice of descriptor affects the application of corrosion
inhibitor values based on molecular structure. The standard coefficients obtained are
estimates rather than true scales, as the PLS modelling’s descriptors don’t use the same units.
It implies that using these standardized coefficients will make it impossible to accurately
determine the relative significance of each descriptor in the regression analysis. Its
application is, therefore, limited to assessing the effect of the molecular index on the
anticorrosive property being studied [45—47].

PLS can predict corrosion inhibitor value based on statistical measures, such as
coefficient of determination (R>=0.925) and standard deviation (SD=7.148). Although the
R? value data obtained in the statistical analysis of PLS is good, the results of the
mathematical equations should be used after a while. First, the data must be checked to
determine whether there is a collinearity problem. If the data is collinear, PLS cannot be
used. Data collinearity testing will be discussed in the PCA section.

20
A=ad

20 + -

-40 -60 =40 =20 P 20 40 60 8D
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Fd _,50 -+

A0
o

IEcal (%)

Figure 4. Correlation between IEexp (%) and 1Eca (%) with PLS modelling results.

Principal component regression (PCR)

The general equations employed in PCR are the same as those used in PLS regression
analysis [44, 48]. The results of PCR modelling are expressed in the following equation:
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Eexp=—606.153+20.892 % Efjomo+50.741 xE ymo+88.483 xE _1+0.867xn—20.892 % IP—
—50.741 xEA—40.808 x5 +1184.490 x5 +176.967 xn—158.716 x AN+6.888x 103 x o —

—707.868 ><AEB,D
N=12; R?=0.985; R2

adj

=0.966 ; PRESS=2022.057

Other validation values can be seen in Table 6. Predicted values and residuals from

PCR modelling are depicted in Table 7.

Table 6. PCR validation.

Observations 12
Sum of weights 12
DF 5
R2 0.985
Adjusted R? 0.966
MSE 20.883
RMSE 4.570
MAPE 16.862
DW 2.067
Cp 7.000
AIC 39.961
AlCC 67.961
SBC 43.356
PC 0.058
Press 2022.057
Q? 0.702
Table 7. Predicted values and residuals from PCR modelling.

Observation  Weight  IEep (%)  IEca (%)  Residual re;‘étal psrzdd.(imgg)
C1 1 24.000 26.044 -2.044 -0.447 4.266
C2 1 39.000 32.664 6.336 1.387 2.584
C3 1 43.000 40.348 2.652 0.580 2.892
C4 1 -19.000 -16.477 -2.523 -0.552 3.475
C5 1 40.000 39.401 0.599 0.131 4.533
C6 1 28.000 30.420 -2.420 -0.530 3.667

1469
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Observation Weight | Eexp (%0) IEcal (%) Residual ressitc?ﬁal pSrtedd.méZQ)
C7 1 1.000 1.347 -0.347 -0.076 2.803
Cc8 1 4.000 1.907 2.093 0.458 2.662
C9 1 -10.000 -11.125 1.125 0.246 3.646
C10 1 —28.000 —28.085 0.085 0.019 4531
Cl11 1 35.000 40.881 -5.881 -1.287 3.319
C12 1 -1.000 -1.326 0.326 0.071 2.662

The statistical validation results show that PCR is a more accurate method than PLS for
assessing the corrosion inhibitor value of pyrimidine derivative compounds. Strong

validation results support it, including the R?
Figure 5, all computation results are close to the data.

IE exp (%)

86

adj

=0.985 and the R2% =0.966. As seen in

20 —+

60

-40

40 -+

%0 —+

/0
=t

20

Principal component analysis (PCA)

IEcal (%)

Figure 5. Correlation between IEexp and I1Eca with PCR modeling results.

Big data sets can have their dimensionality reduced by using PCA, which works by
condensing a large number of connected variables into a smaller, uncorrelated set of
variables [49]. Primary components are the term for these new variables. Through data
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streamlining, the practitioner can minimize the number of variables [50]. The principal axis,
or principal component, is the name given to the new variable. The researcher can simplify
difficult data and lower the number of variables with its help. This work determined the
relationships between the descriptors using PCA analysis. The optimal data analysis
technique for quantitative structure and property relation modelling may then be determined.
Figure 6 depicts the outcomes of the PCA analysis of 12 pyrimidine derivatives and their
descriptors.

Scree plot
— 100

Eigenvalue
Cumulative variability (%)

+ 20

F1 F2 F3 F4 F5 F6 F7
axis

Figure 6. Principal components and variants.

Table 8 shows the contribution of descriptors to the major components F1, F2, and F3.
ELumo, EA, m, o, %, and AN are important contributors to F1. Exomo, EL-n, IP, o, 1, A and
Es_p substantially contribute to F2. However, in F3, o and u made significant contributions.
The projection of the first three main component variables (F1, F2, and F3) based on each
variable’s percentage contribution in the two correlation graphs is displayed in Figure 8. As
much of the variation in the data as possible is accounted for by the axes. They account for
48.59%, 38.60%, and 12.02% of the variation overall, for a total information percentage
estimated at 99.21%. This figure is sufficient to characterize the information.
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Table 8. Descriptor contribution to the F1, F2, and F3 major components.

Descriptors

F1

F2

F3

Correlation Contribution (%) Correlation Contribution (%) Correlation Contribution (%)
|Eexp (%) 0.100 0.158 0.968 18.690 0.078 0.388
Enomo (eV) 0.588 5.468 —0.805 12.920 0.057 0.211
ELumo (eV) 0.945 14.123 -0.301 1.811 0.129 1.068
EL-H(eV) 0.652 6.729 0.745 11.075 0.125 0.994
u(eV) —0.532 4.482 -0.177 0.623 0.820 42.975
IP (eV) —0.588 5.468 0.805 12.920 —0.057 0.211
EA (eV) —0.945 14.123 0.301 1.811 -0.129 1.068
Y -0.812 10.449 0.573 6.551 —0.099 0.633
Y (eV) -0.665 7.003 -0.737 10.820 -0.093 0.555
H (eV) 0.652 6.729 0.745 11.075 0.125 0.994
AN 0.970 14.908 -0.176 0.615 0.151 1.467
Q (eV) -0.479 3.631 —-0.027 0.015 0.870 48.443
AEg_p (V) —0.652 6.729 —0.745 11.075 -0.125 0.994
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Table 9. Pearson matrix correlation.

Variables IEexp Enomo Erumo  EL-H n IP EA y c ] AN o AEB-D
[Eexp 1 -0.705 -0.184 0.784 -0.166 0.705 0.184 0459 -0.795 0.784 -0.073 -0.002 -0.784
Eromo —-0.705 1 0.806 -0.213 -0.125 -1.000 -0.806 -0.947 0.194 -0.213 0.717 -0.208 0.213
ELumo -0.184  0.806 1 0.406 -0.344 -0.806 -1.000 -0.954 -0.419 0406 0988 -0.331 -0.406
EL-H 0.784 -0.213  0.406 1 -0.374 0.213 -0.406 -0.113 -0.991 1.000 0.524 -0.226 -1.000
u -0.166 -0.125 -0.344 -0.374 1 0.125 0344  0.251 0.409 -0.374 -0.359  0.959 0.374
IP 0.705 -1.000 -0.806 0.213 0.125 1 0.806 0947 -0.194 0.213 -0.717 0.208 -0.213
EA 0.184 -0.806 -1.000 -0.406 0.344  0.806 1 0954 0419 -0.406 -0.988 0.331 0.406
X 0.459 0947 -0.954 -0.113 0.251  0.947 0.954 1 0.129 -0.113 -0.902 0.286 0.113

) -0.795 0194 0419 -0991 0409 -0.194 0.419 0.129 1 -0.991 -0.526  0.257 0.991
H 0.784 -0.213  0.406 1.000 -0374 0.213 -0.406 -0.113 -0.991 1 0524 -0.226 -1.000
AN -0.073  0.717 0.988 0524 -0.359 -0.717 -0.988 -0.902 -0.526 0.524 1 -0.330 -0.524
Q -0.002 -0.208 -0.331 -0.226 0.959  0.208 0.331 0.286 0.257 -0.226 -0.330 1 0.226

AEB b -0.784 0.213 -0.406 -1.000 0.374 -0.213 0.406 0.113 0991 -1.000 -0.524 0.226 1
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Figure 7. The correlation circles between principal compounds F1-F2 and F1-F3.

Correlation coefficients show the strength of the association between the descriptors
within the matrix [49-51]. Highly correlated descriptors (R>0.75) are often eliminated to
reduce redundancy in the dataset. Perfect negative collinearity (R=-1) is shown in Table 9
between E__y and AEg p, IP and Exomo, EA and E_umo, and 1. Furthermore, significant
negative collinearities are noted for o and n (R=-0.991), AN and EA (R=-0.988), and AN
and y (R=-0.902). E._n and m exhibit perfect positive collinearity (R=1), whereas other
positive collinearities (R=0.991) are seen in AEg_p and o, E_umo and AN (0.988), and so on,
suggesting redundancy among these variables. The projection of the first three primary
component variables, F1, F2, and F3, based on each variable’s percentage contribution in
the two correlation graphs, is displayed in Figure 7. As much of the variation in the data as
possible is accounted for by the axes. They account for 48.59%, 38.60%, and 12.02% of the
variation overall, for a total information percentage estimated at 99.19%. The information in
the data collection can be adequately described by this number.

According to the descriptive data results from PCA, strong collinearity exists between
descriptors, rendering the matrix (X'X)~* non-invertible due to perfect collinearity among
many variables. Consequently, certain statistical analyses, such as PLS, MLR, and Multiple
Polynomial Regression (MPR), cannot be effectively employed for predicting the corrosion
inhibitor values, as they would lose crucial information necessary for constructing the
desired model.
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Monte Carlo Simulation

The prior statistical analysis led to the provisional conclusion that the PCR analysis produced
the best quantitative structure and property relation modelling results. These findings led to
the search for the prediction inhibitor efficiency (IEc,) values for four chemicals whose
corrosion inhibitor values were unknown. Table 10 shows IE., value information for the five
compounds.

Several encouraging IEyeq Vvalues are displayed in Table 10, including the C16
(IEca=91.223%) and C17 compound (1E¢4=98.031%). Moreover, the adsorption energy of
each inhibitor chemical for iron (Fe) in a water medium was determined using Monte Carlo
simulations [52, 53]. The outcomes of the Monte Carlo simulation are displayed in Figure 8
(viewed from the side) and Table 10.

Cle6 Cl7

Figure 8. Visualization from Monte Carlo simulation of 5 prediction compounds.
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Table 10. Prediction compounds IE and adsorption energies.

No. Compounds IEca (%) [Eexp (%0) Ads&g‘;ﬁp&ﬁﬂ‘;rgy (kc\;\llé:r?ctl—l)
1 C13 76.3550 74.8 —42.9050 —4.0000
2 Cl14 74.6090 72.7 —40.5020 -3.6797
3 C15 86.2950 86.7 -49.0818 -3.4989
4 C16 91.2230 91.7 —70.2823 -3.4682
5 C17 98.0310 -98.7010 -3.5395
Conclusion

In conclusion, utilizing the DFT quantum method to calculate molecular descriptors enables
the correlation of corrosion inhibition efficiency (IE%) with these descriptors via the QSPR
approach. The regression analysis reveals that the investigated molecules’ anticorrosive
activity can be elucidated based on their electronic and structural characteristics.
Quantitative analysis indicates that Principal Component Regression PCR outperforms PLS,
as evidenced by validation results (R?=0.985; RZ.=0.966) and collinearity analysis. The
QSPR modelling analysis employing PCR is proposed to predict the corrosion inhibitor
value of novel pyrimidine derivative compounds. Promising prediction outcomes are
observed, particularly for the C16 and C17, among the four new derivative compounds
studied.
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