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The QSAR approach is becoming more desirable for predicting of corrosion inhibition properties. The
inhibition efficiency of organic compounds is dependent on many basic molecular descriptors include:
dipole moments, molecular surface area, molecular volume, electronic parameters as EHOMO (highest
occupied molecular orbital energy); ELUMO (lowest unoccupied molecular orbital energy); energy gap
(ELUMO � EHOMO). A genetic function approximation method was used to run the regression analysis
and establish correlation’s between different types of descriptors and measured corrosion inhibition
efficiency for 1,3-pyrimidine derivatives. A QSAR equation was developed and used to predict the corro-
sion inhibition efficiency for 14 pyrimidine derivatives. The prediction of corrosion efficiencies of these
compounds nicely matched the experimental measurements.

� 2011 Elsevier Ltd. All rights reserved.
1. Introduction

A structure–activity relationship is generally defined as a math-
ematical relationship between a property of a chemical (its activ-
ity) and a combination of molecular parameters. The use of
structure–activity type relationships for estimation of molecular
behaviour finds its origins in the area of pharmacology [1,2] where
early approaches by Hansch and co-workers involved relating
efficiency or activity of drugs to substituent constants or Hammet
parameters. Such molecular properties may include dipole
moments, molecular surface area, molecular volume, density,
electronic parameters (charge densities, HOMO, LUMO, etc.),
polarisabilities, refractive index, distribution/partition coefficients,
as well as thermodynamic parameters [3–10].

Typically, the driving force behind the construction of any
(QSAR) is the derivation of fundamental equations which will, in
some way, define corrosion inhibition efficiency as a function of
physical and chemical descriptors characterizing the inhibitor
molecules. This type of approach has not been restricted to the per-
formance of molecules as corrosion inhibitors under various condi-
tions, but has also been applied to the estimation/prediction of
toxicity [11,12] in response to ever-tightening environmental
regulations.

Recently, sophisticated computing hardware is readily avail-
able, along with a growing number of software packages that are
ll rights reserved.
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capable of carrying out highly evolved computational chemistry;
the determination of molecular descriptors for use in predictive
models of molecular activity is a relatively easy task.

In this study, genetic function approximation (GFA) which is a
statistical modeling algorithm which builds functional models of
experimental data. Since its inception, several applications of this
algorithm in the area of quantitative structure–activity relation-
ship modeling have been reported [13].

The genetic function approximation (GFA) algorithm is a genetic
algorithm (GA) [14] derived from the previously reported G/
SPLINES algorithm [15,16], and has been recently applied to the
generation of QSAR models [17,18].

This paper aims to encapsulate knowledge about how 1,3-
pyrimidine derivatives which used as corrosion inhibitors for
Aramco iron in 2 M HCl [19] perform into a structure–activity rela-
tionship (SAR) model using (GFA) method.
2. Computational method

2.1. Quantum-chemical calculations

Geometrical parameters of all stationary points for the investi-
gated 1,3-pyrimidine derivatives are optimised both in gas and
aqueous phases, employing analytic energy gradients. The general-
ised gradient approximation (GGA) within the density functional
theory was conducted with the software package DMol3 in
Materials Studio of Accelrys Inc. All calculations were performed
using the Becke–Lee–Yang–Parr (BLYP) exchange–correlation func-
tional and the double numerical with polarization (DNP) basis set

http://dx.doi.org/10.1016/j.corsci.2011.01.035
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http://www.sciencedirect.com/science/journal/0010938X
http://www.elsevier.com/locate/corsci


Table 1
Inhibition efficiencies and molecular structures of 1,3-pyramidines series collected from Ref. [19].

Inhibitor name Structure Inhibition efficiency, [19]

1 2-Mercaptopyrimidine N

N

HS

62

2 2,4-Dimercaptopyrimidine

N

N

HS SH

43

3 2,6-Dimercapto-4,5-diaminopyrimidine

N

N

H2N

H2N

HS

SH

40

4 2,4-Diamino-6-mercaptopyrimidine

N

N

SH

NH2

H2N

39

5 2-Mercapto-4-methylpyrimidine

N

N

SH

35

6 2-Aminopyrimidine N

N

H2N

28

7 2,4,6-Triaminopyrimidine

N

N

NH2

NH2

H2N

24

8 2-Mercapto-3,4-dihydropyrimidine HN

N

HS

4

9 2-Mercapto-3,4-dihydro-6-methylpyrimidine
HN

NHS

1

10 3,4-Dihydropyrimidine

N
H

N
�1

11 2-Mercapto-4-aminopyrimidine

N

N

H2N SH

�9

12 2-Mercapto-4-amino-1,6-dihydropyrimidine

N

NH

H2N SH

�10

13 2,5,6-Triamino-3,4-dihydropyrimidine
HN

N NH2

NH2

H2N

�19

14 2-Mercapto-4-amino-5-nitro-1,6-dihydropyrimidine

N

HN

N+

O

O-

NH2

HS

�28
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[20–22], since this was the best set available in DMol3. A Fermi
smearing of 0.005 hartree and a real space cutoff of 3.7 Å was cho-
sen to improve the computational performance. All computations
were performed with spin polarization.

The phenomenon of electrochemical corrosion takes place in
the liquid phase, so it is relevant to include the effect of solvent
in the computations. Self-consistent reaction field (SCRF) theory
[23], with Tomasi’s polarised continuum model (PCM) was used
to perform the calculations in solution. These methods model the
solvent as a continuum of uniform dielectric constant (� = 78.5)
and define the cavity where the solute is placed as a uniform series
of interlocking atomic spheres.

Frontier orbital distribution was obtained, at the same basis set
level, to analyse the reactivity of inhibitor molecules.

The local reactivity [24] of the investigated inhibitors has been
analysed by means of Fukui indices, which are an indication of the
reactive centres within the molecules. These are a measurement of
the chemical reactivity, as well as an indicative of the reactive re-
gions and the nucleophilic and electrophilic behaviour of the mol-
ecule. The Fukui function fk is defined as the first derivative of the
electronic density qð~rÞwith respect to the number of electrons N in
a constant external potential tð~rÞ [25]:

fk ¼
@qð~rÞ
@N

� �
tð~rÞ

ð1Þ

Applying finite difference approximation, the Fukui functions can
be written as [26]:

fþk ¼ qkðN þ 1Þ � qkðNÞ ðfor nucleophilic attackÞ ð2Þ
f�k ¼ qkðNÞ � qkðN � 1Þ ðfor electrophilic attackÞ ð3Þ

f o
k ¼

qkðN þ 1Þ � qkðN � 1Þ
2

ðfor radial attackÞ ð4Þ

Herein, qkðN þ 1Þ, qkðNÞ, and qkðN � 1Þ are defined as the atomic
charges of the anionic, neutral, and cationic species, respectively.
The Fukui functions were obtained through the finite difference
approximation using Hirschfeld population analysis (HPA) [27].

An easy graphical display technique can also be used based on
the Fukui functions. Instead of calculating the molecular orbitals
for the neutral, cation, and anion, we can just add or subtract elec-
trons from the molecular orbitals of the neutral molecule. This
procedure is not as good as described above, but it does give a
quick graphical display of the susceptibility of different kinds of at-
tack. So rather than being a definitive calculation of a molecular
property, freezing the molecular orbitals to those for the neutral
molecule gives a useful graphical technique that can be rapidly
applied.

The genetic algorithms are search algorithms that take inspira-
tion from natural genetics and evolution. In this section, the ideas
underlying genetic algorithms are briefly described, emphasizing
the aspects relevant to the genetic function approximation (GFA)
approach to model building. The GFA algorithm itself applies these
ideas to the problem of function approximation [18] given a large
number of potential factors influencing a response, including sev-
eral powers and other functions of the raw inputs, to find the sub-
set of terms that correlates best with the response.

The central ideas of genetic algorithms are simple. The region to
be searched is coded into one or multiple strings. In the GFA, these
strings are sets of terms – powers and splines of the raw inputs.
Each string represents a location in the search space.

The algorithm works with a set of these strings, called a popu-
lation. This population is evolved in a manner that leads it toward
the objective of the search. This requires that a measure of the
fitness of each string, corresponding to a model in the GFA, be
available.
Following this, three operations are performed iteratively in
succession: selection, crossover, and mutation. Newly added
members are scored according to a fitness criterion. In the GFA,
the scoring criteria for models are all related to the quality of the
regression fit to the data. The selection probabilities must be
re-evaluated each time a new member is added to the population.
2.2. Stability and convergence

In common with other iterative minimization algorithms, there
are issues with the stability and convergence of the GFA algorithm.
An indication of the stability of the GFA algorithm can be obtained
by generating a plot showing the evolution of variable usage with
time. Such a plot shows the number of occurrences of each variable
in the population for each generation of the evolution. For practical
reasons, to reduce the amount of data that would be collected, such
a plot is generated only for those variables that occur most com-
monly in the final population and the data are not normally col-
lected for every generation.

The GFA algorithm is assumed to have converged when no
improvement is seen in the score of the population over a signifi-
cant length of time, either that of the best model in each popula-
tion or the average of all the models in each population. When
this criterion has been satisfied, no further generations are
calculated.
2.3. Advantages of GFA

The GFA algorithm approach has several important advantages
over other techniques [28]:

(1) It builds multiple models rather than a single model.
(2) It automatically selects which features are to be used in the

models.
(3) It is better at discovering combinations of features that take

advantage of correlations between multiple features.
(4) It incorporates Friedman’s lack-of-fit (LOF) [29] error mea-

sure, which estimates the most appropriate number of fea-
tures, resists overfitting, and allows control over the
smoothness of fit.

(5) It can use a large variety of equation term types in construc-
tion of its models, e.g., splines, step functions, high order
polynomials.

(6) It provides, through study of the evolving models, additional
information not available from standard regression analysis,
such as the preferred model length and useful partitions of
the data set.

The procedure continues for a user-specified number of gener-
ations, unless convergence occurs in the interim. Convergence is
triggered by lack of progress in the highest and average scores of
the population.
3. Inhibitors

Corrosion inhibition experiments for the 1,3-pyrimidine series
presented in Table 1 were conducted in a laboratory. The experi-
mental data were collected from the literature [19], but the exper-
imental details are outlined briefly here as indicated in the
literature [19].

Corrosion inhibition efficiency of 1,3-pyrimidine derivatives
(Table 1, [19]) was measured in hydrochloric acid (2 M HCl) solu-
tions in the presence of 1,3-pyrimidine derivatives at 0.001 M con-
centration. The temperature of the solutions was maintained at



Table 2
Descriptors for 1,3-pyrimidine series calculated using quantum-chemical methods.

Structures Inhibition
efficiency, [19]

Surface
area (Å2)

Molecular
mass (amu)

Rotatable
bonds

HOMO
(kJ/mol)

LUMO
(kJ/mol)

DE = LUMO � HOMO
(kJ/mol)

Dipole
moment (D)

1 2-Mercaptopyrimidine 62.0 277.3 112.2 1 �858.01 �70.83 787.18 2.1
2 2,4-Dimercaptopyrimidine 43.0 310.8 144.2 2 �847.82 �85.37 762.4 2.3
3 2,6-Dimercapto-4,5-

diaminopyrimidine
40.0 351.1 174.2 2 �754.53 �47.82 706.7 2.4

4 2,4-Diamino-6-
mercaptopyrimidine

39.0 328.6 142.2 1 �803.84 �32.92 770.9 2.6

5 2-Mercapto-4-methylpyrimidine 35.0 310.5 126.2 1 �847.66 �60.13 787.5 2.7
6 2-Aminopyrimidine 28.0 269.1 95.1 0 �827.43 �25.73 801.7 2.71
7 2,4,6-Triaminopyrimidine 24.0 324.1 125.1 0 �791.52 35.46 826.9 2.8
8 2-Mercapto-3,4-

dihydropyrimidine
4.00 286.1 114.2 1 �754.77 �67.65 687.12 4.1

9 2-Mercapto-3,4-dihydro-6-
methylpyrimidine

1.00 318.8 128.2 1 �742.15 �61.83 680.3 5.3

10 3,4-Dihydropyrimidine �1.00 251.3 82.11 0 �744.77 �4.62 740.1 5.6
11 2-Mercapto-4-aminopyrimidine �9.00 304.8 127.2 1 �833.89 �51.22 782.6 5.5
12 2-Mercapto-4-amino-1,6-

dihydropyrimidine
�10.0 313.4 129.2 1 �720.56 �63.83 656.7 6.1

13 2,5,6-Triamino-3,4-
dihydropyrimidine

�19.0 327.5 127.2 0 �639.91 50.91 690.8 6.7

14 2-Mercapto-4-amino-5-nitro-
1,6-dihydropyrimidine

�28.0 348.8 174.2 1 �847.17 �193.8 653.3 7.1
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40 �C. The corrosion rate was determined by using the weight loss
method [19].

4. Results and discussion

QSAR addresses two fundamentally important questions in sci-
entific research; what structural and electronic properties of a mol-
ecule determine its activity and what can be altered to improve
this activity? Computational tools allow researchers to identify
chemicals with optimal physico-chemical properties in silico, be-
fore expensive experimentation. This saves both time and money,
and allows the discarding of inferior candidates well in advance
of reaching the laboratory.

In this study, the first task was to decide upon properties that
can be quantified to act as activities, or figures of merit. Several
kinds of descriptors were selected include structural, atomistic
and fast descriptors were selected. The molecular area, molecular
volume, total dipole moment, HOMO (highest occupied molecular
orbital energy) eigenvalue, LUMO (lowest unoccupied molecular
orbital energy) eigenvalue, Energy gap between LUMO and HOMO,
Total energy, Electronic energy and Heat of formation are selected
descriptors employed in current QSAR study. These quantities are
obviously very important in corrosion inhibitor characteristics
and can be determined using computational tools and can make
them ideal choices as figures of merit. Before starting the QSAR
study, the molecular reactivity of selected inhibitor molecules
was examined by using quantum-chemical calculations.

4.1. Local reactivity of the selected corrosion inhibitors candidates

Quantum-chemical investigations in corrosion inhibitor re-
search seem to be popular, as indicated by the number of calcula-
tions. As number of quantum-chemical indices is much greater
than the number of substituent constants, the interpretation of re-
sults might be more complicated in this case, because various indi-
ces might be strongly correlated, and as a result of this fact only
vague explanations of experimental results might be given. In
addition, most quantum-chemical programs use an optimised
geometry, and it is more than uncertain, whether in actual situa-
tions the inhibitor molecule is in its lowest-energy configurational
state. On the other hand it seems that most often energies of the
highest occupied (EHOMO) and the lowest unoccupied (ELUMO)
molecular orbitals correlate with experimental inhibition effi-
ciency. In some cases substituent constants and quantum-chemical
indices were considered simultaneously [19].

Table 2 presents the calculated energy levels of the HOMO and
LUMO for the studied 1,3-pyrimidine derivatives as well as other
descriptors calculated using quantum-chemical calculations. Fron-
tier orbital theory is useful in predicting adsorption centres of the
inhibitor molecules responsible for the interaction with surface
metal atoms [30,31]. Terms involving the Frontier molecular orbi-
tals could provide dominative contribution, because of the inverse
dependence of stabilization energy on orbital energy difference
[31]. Moreover, the gap between the LUMO and HOMO energy lev-
els of the molecules was another important factor that should be
considered. Reportedly, excellent corrosion inhibitors are usually
those organic compounds who are not only offer electrons to unoc-
cupied orbital of the metal, but also accept free electrons from the
metal [32].

Fig. 1 shows the highest occupied molecular orbital (HOMO) and
the lowest unoccupied molecular orbital (LUMO) of the molecules
under study as well as the optimised geometry of the studied inhib-
itor molecules. From Fig. 1, it can be observed that the investigated
1,3-pyrimidine derivatives present a clear contribution of p-orbitals
pertaining to the pyrimidine rings on the HOMO and LUMO.

The quantum chemistry calculations depicted in Table 2 re-
vealed that in most cases the derivative which has highest HOMO,
lowest-energy gap and lowest dipole moment is expected to be the
best corrosion inhibitor. The higher the HOMO energy of the inhib-
itor, the greater the trend of offering electrons to unoccupied d
orbital of the iron metal, and the higher the corrosion inhibition
efficiency for iron in HCl acid solutions; in addition, the lower
the LUMO energy, the easier the acceptance of electrons from me-
tal surface, as the LUMO–HOMO energy gap decreased and the effi-
ciency of inhibitor improved.

In Fig. 1, a representation of the HOMO and LUMO orbitals cal-
culated in the presence of a solvent (water). As can be seen from
Fig. 1 that HOMO is located in the pyrimidine ring as well as the
side chains attached to this moiety. This would indicate that the
preferred active sites for an electrophilic attack are located within
the region around the nitrogen atoms belonging to the pyrimidine
ring.

In the early stage of the reactivity theory, Pearson introduced
the quantities of electronic hardness (g) and softness (S) in his



Fig. 1. Optimised geometries and frontier molecular orbitals for 1,3-pyrimidine derivatives calculated by DFT.
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hard–soft–acid–base principle (HSAB) [33]. The species are classi-
fied as soft (hard) if their valence electrons are easy (hard) to polar-
ise or to remove and the relationship between hardness or softness
and the chemical reactivity was given through the HSAB principle,
reading ‘hard likes hard and soft likes soft’. In the past years, the
theoretical research efforts in this area made possible to go beyond



Table 4
Univariate analysis of the inhibition data.

Statistical parameters
Number of sample points 14
Range 90
Maximum 62
Minimum �28
Mean 14.92
Median 14
Variance 687.35
Standard deviation 27.21
Mean absolute deviation 23.78
Skewness 0.042
Kurtosis �1.43
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the so-called global HSAB principle and to provide details about its
local applications. Fukui functions makes possible to rationalise
the reactivity of individual molecular orbital contributions thus
to account for the response of the whole molecular spectrum and
not only of the Frontier orbitals. Several benchmark applications
of this protocol describing selectivity and reactivity by means of
orbital Fukui indices presented by Mineva et al. [34]. The reactivity
indices are not directly attained experimentally and only the rela-
tive trends between theoretical data and experimental information
can be compared and analysed.

With the aim of having a wider knowledge about the local reac-
tivity of the 1,3-pyrimidine derivatives, the Fukui indices for each
one of the atoms in the molecules have been calculated. An analy-
sis of the Fukui indices along with the distribution of charges and
the global hardness provides a more complete scheme of the reac-
tivity of the studied molecules [35]. The calculated Fukui indices
for all the charged species (N + 1 and N � 1) as well as the neutrals
(N) of each of the studied inhibitors are presented in Table 3. For
simplicity, only the charges and Fukui functions over the nitrogen
(N), oxygen (O), sulphur (S), and carbon atoms are presented.

The optimised structures for the selected organic compounds in
their ground states are shown in Fig. 1.

The local reactivity are analysed by means of the condensed Fu-
kui function, the condensed Fukui functions allow us to distinguish
each part of the molecule on the basis of its distinct chemical
behaviour due to the different substituent functional groups. Thus,
the site for nucleophilic attack will be the place where the value of
fþk is a maximum. In turn, the site for electrophilic attack is con-
trolled by the value of f�k . The values of the Fukui functions for a
nucleophilic and electrophilic attack are given for the investigated
compounds in Table 3 (representative examples), only for the
nitrogen atom, oxygen atom, sulphur atom, and carbon atoms.
Inspection of Table 3 shows that the electrophilic character, f�k of
the investigated 1,3-pyrimidines increase with increasing inhibi-
tion efficiencies of the investigated compounds.

Based on the discussion above, it can be concluded that the
pyrimidine derivatives that have more electrophilic power, f�k as
it indicated in Table 3 will have many active centres for adsorption
Table 3
Calculated Mulliken atomic charges and Fukui functions for 1,3-pyrimidine derivatives (re

Inhibitor Atom qkðNÞ

2-Mercaptopyrimidine C(1) 0.365
N(2) �0.272
C(3) �0.100
C(4) �0.221
C(5) �0.100
N(6) �0.272
S(7) �0.342

2,4-Dimercaptopyrimidine C(1) 0.356
N(2) �0.312
C(3) 0.320
C(4) �0.281
C(5) �0.104
N(6) �0.285
S(7) �0.334
S(8) �0.344

2,6-Dimercapto-4,5-diaminopyrimidine C(1) 0.328
N(2) �0.361
C(3) 0.337
C(4) 0.187
C(5) 0.218
N(6) �0.337
N(7) �0.888
N(8) �0.804
S(9) �0.413
S(10) �0.374
on iron surface. These are areas containing N and S atoms are the
most possible sites of bonding iron surface by donating electrons
to the iron surface as indicated from Fig. 1.
4.2. QSAR study

To investigate the inhibition data, the distribution of the data
must be first investigated. Most regression algorithm relies on
the data that is being normally investigated, in case the data are
not normally distributed, we should consider applying a numerical
transformation to achieve a normal distribution. Inhibition data in
Table 1 [19] show acceptable normal distribution, so no need to
perform a numerical transformation. Table 4 shows a univariate
analysis for the inhibition data. Table 4 contains several statistical
measures that describe the corrosion inhibition data. The most
important parameters in Table 4 are the skewness and kurtosis.
Skewness is the third moment of the distribution, which indicates
the symmetry of the distribution. As the skewness is positive, the
distribution of data values within the column is skewed toward po-
sitive values. For a symmetrical distribution, the skewness is zero.
Kurtosis is the fourth moment of the distribution, which indicates
the profile of the column of data relative to a normal distribution.
Univariate analysis calculates Fisher kurtosis, which subtracts 3.0
presentative examples).

qkðN þ 1Þ qkðN � 1Þ fþk f�k f o
k

0.406 0.233 0.041 0.132 0.036
�0.155 �0.435 0.117 0.163 0.090

0.045 �0.257 0.145 0.157 0.101
�0.156 �0.324 0.065 0.103 0.084

0.046 �0.257 0.146 0.157 0.102
�0.153 �0.439 0.119 0.167 0.093
�0.198 �0.758 0.144 0.416 0.280

0.457 0.227 0.101 0.129 0.033
�0.217 �0.447 0.095 0.135 0.068

0.357 0.189 0.037 0.131 0.063
�0.229 �0.382 0.052 0.101 0.077

0.035 �0.257 0.139 0.153 0.096
�0.189 �0.360 0.096 0.075 0.085
�0.159 �0.506 0.175 0.172 0.174
�0.216 �0.672 0.128 0.328 0.228

0.361 0.293 0.033 0.035 0.034
�0.27 �0.401 0.091 0.040 0.065

0.422 0.298 0.085 0.039 0.062
0.223 0.017 0.036 0.170 0.053
0.309 0.177 0.091 0.041 0.066
�0.273 �0.383 0.064 0.046 0.055
�0.856 �0.990 0.032 0.102 0.067
�0.736 �0.856 0.068 0.052 0.060
�0.236 �0.549 0.177 0.136 0.151
�0.267 �0.604 0.107 0.230 0.169



Table 5
Correlation matrix of eight variables.

Table 6
Validation table of the genetic function approximation.

Genetic function approximation Y ¼ �4:324X3 � 46:527X6 þ 376:4 (5)
where X3: dipole moment and X6:
energy gap

Friedman LOF 26.3
R2 0.976
Adjusted R2 0.9719
Cross validated R2 0.9556
Significant regression Yes
Significance-of-regression F-value 226.0417
Critical SOR F-value (95%) 5.23413
Replicate points 0
Computed experimental error 0.000
Lack-of-fit points 11
Min expt. error for non-significant

LOF (95%)
3.402
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from the definition above. For a normally distributed data set, it
gives a value of 0.0. If the kurtosis is positive, the distribution of
data in the column is more sharply peaked than a normal distribu-
tion. If the kurtosis is negative, the distribution is flatter than a nor-
mal distribution.

Constructing QSAR model is a process that takes a set of inputs
and provides a set of outputs. For example, an energy minimization
is a model which takes a structure as input and provides an opti-
mised structure as output. At this point in a typical QSAR study,
calculation of descriptors occurs. These are models which take a
single structure as an input and provide a single number or group
of closely related numbers as outputs. A diverse set of descriptors
is presented in Table 2.

The next step after tabulating the inhibition data [19] and the
calculated descriptors is performing initial data analysis. Inspect-
ing Table 2 suggests that some descriptors appear to correlate very
well with the corrosion inhibition of the large number of the
homologous series contained in Table 1 [19]. This sort of analysis
can be made quantitative by generating a correlation matrix as
in Table 5. A correlation matrix is a table of all possible pairwise
correlation coefficients for a set of variables. It can be used to help
identify highly correlated pairs of variables, and thus identify
redundancy in the data set.

Inspection of Table 5 reveals that the descriptors most highly
correlated [Correlation coefficients describe the degree of linear
correlation between two variables.] with corrosion inhibition in-
clude the energy gap and the dipole moment. Highly correlated
descriptors, those with correlation values above 0.9 are coloured
with red; values between 0.7 and 0.9 are coloured with yellow.
The correlation matrix has also been used to remove descriptors
that are highly correlated. It is recommended to remove the highly
correlated descriptors form statistical point of view.

4.3. Building a structure–activity relationship or model

After constructing the correlation matrix, it is time to perform a
regression analysis of the descriptor variables compared against
the measured corrosion inhibition values. These are two separate
issues to consider, first there are many more descriptor variables
than measured inhibition values, so we should reduce the number
of descriptors. Typically, a ratio between two and five measured
values for every descriptor should be sought in order to prevent
overfitting. Secondly, we are aiming to obtain a parametric repre-
sentation of the regression, producing a simple equation which
can be validated against our scientific knowledge.

The desire to meet both needs simultaneously helps to guide
the choice of statistical data reduction and regression methods
from the many options that are available. A genetic function
approximation can carry out both data reduction and parametric
regression simultaneously.

Rogers’ genetic function approximation (GFA) [18] as imple-
mented in Accelrys’ QSAR [22] was used to derive the dataset.
The GFA passes down positive descriptors to the next generation
of relationship and eliminates those molecular attributes that are
not important, making successive evolutions of the data set
increasingly accurate. The eventual result is a mathematical
expression in which the desired molecular activity is a complex
function of several descriptors. The resultant relationships can be
used predicatively to screen candidate inhibitor, and to suggest
the type of structure that may prove suitable in corrosion inhibi-
tion. In addition, knowledge of which molecular characteristics
are important in providing specific activities can be used as a guide
to future development.

Table 6 shows the genetic function approximation analysis
which gives a summary of the input parameters used for the calcu-
lation. Also, it reports whether the GFA algorithm converged in the
specified number of generations. Convergence is achieved when
there has been no improvement in the scoring function for a num-
ber of generations. It can be seen from Table 6 that the accuracy of
the model, indicated by the R2 value, is reasonably high therefore
the predictive power of the model, as indicated by the adjusted
R2 and cross validated R2 values, is also, high, even though the
regression is significant according to F-test.

In Table 6, the Friedman’s lack-of-fit (LOF) score [29], which
evaluates the QSAR model by considering the number of descrip-
tors as well as the quality of fitness, is chosen: the lower the
LOF, the less likely it is that GFA model will fit the data. The signif-
icant regression is given by F-test, and the higher the value, the
better the model.

Fig. 2 shows a relation between the predicted values using the
equation in Table 6 and the experimental data in Table 1 [19]. Also,
the distribution of the residual values against the measured corro-
sion inhibition values. A residual can be defined as the difference
between the predicted value in the generated model and the mea-
sured value for corrosion inhibition. To test the constructed QSAR
model, potential outliers have been identified in Fig. 3. An outlier
can be defined as a data point whose residual value is not within



Fig. 2. Plot of predicted inhibition and residuals versus measured corrosion
inhibition [19].

Fig. 3. Outlier analysis for inhibition efficiency.
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two standard deviations of the mean of the residual values.
Although the number of outliers can vary depending on the quality
of the dataset (e.g., incorrect measurements of physical properties
or errors in molecular structures will reduce the data set quality), it
still a good test of QSAR model is to identify potential outliers.
Fig. 3 contains two charts. One contains the residual values
plotted against the corrosion inhibition measurements [19] and
the other displays the residual values plotted against Table 3 raw
number. Each chart contains a dotted line that indicates the critical
threshold of two standard deviations beyond which a value may be
considered to an outlier. Inspection of Fig. 3 shows that there is no
points appeared outside the dotted lines which make the QSAR
model acceptable.
5. Conclusions

A genetic function approximation method was used to run the
regression analysis and establish correlation’s between different
types of descriptors and measured corrosion inhibition efficiency
for 1,3-pyrimidine derivatives. A QSAR equation was developed
and used to predict the corrosion inhibition efficiency for fourteen
1,3-pyrimidine derivatives. The prediction of corrosion efficiencies
of these compounds nicely matched the experimental measure-
ments. The studied organic compounds inhibit iron corrosion by
forming a molecular layer and decreased the iron dissolution.
The presence of these molecules on the iron surface changes the
corrosion potentials and the nature of the anodic and cathodic pro-
cesses occurs on the metal surface. It is clear from these complex
processes that occur on the metal surface that the inhibition pro-
cess can not fully be explained by using QSAR approach. Although
of these limitations, QSAR approach is still an effective method that
can be used together with the experimental techniques to predict
inhibitor candidates for corrosion process.
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