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Abstract: Two quantitative structure-property relationship (QSPR) models of hindered phenolic
antioxidants in lubricating oils were established to help guide the molecular structure design of
antioxidants. Firstly, stepwise regression (SWR) was used to filter out essential molecular descriptors
without autocorrelation, including electronic, topological, spatial, and structural descriptors, and
multiple linear regression (MLR) was used to construct QSPR models based on the screened variables.
The two models are statistically sound, with R? values of 0.942 and 0.941, respectively. The models’
reliability was verified by the frontier molecular orbital energy gaps of the antioxidants. A hindered
phenolic additive was designed based on the models. Its antioxidant property is calculated to be
20.9% and 11.0% higher than that of typical commercial antioxidants methyl 3-(3,5-di-tert-butyl-4-
hydroxyphenyl) propionate and 2,2’-methylenebis(6-tert-butyl-4-methylphenol), respectively. The
structure—property relationship of hindered phenolic antioxidants in lubricating oil obtained by
computer-assisted analysis can not only predict the antioxidant properties of existing hindered
phenolic additives but also provide theoretical basis and data support for the design or modification
of lubricating oil additives with higher antioxidant properties.

Keywords: QSPR; lubricating oil antioxidant; antioxidant property; MLR; HOMO-LUMO

1. Introduction

Antioxidants are one of the indispensable additives in the field of material chemistry,
which are important for extending the service life of materials [1-3]. Similarly, antioxidants
play an important role in lubricants, which protect lubricants by effectively sacrificing
themselves. The lack or depletion of antioxygen will accelerate the autoxidation of the
lubricating oil, and the oxidation products that follow may interfere with the previously
well-balanced friction system, resulting in an elevated friction coefficient and severe mate-
rial wear [4]. In general, the main types of antioxidants in lubricating oils include hindered
phenols, amines, phenolamines, phosphites, zinc-dialkyl dithiophosphates (ZDDPs), and
sulfides. Hindered phenolic antioxidants have excellent antioxygenic function, are widely
employed, satisfy the needs of green environmental protection and have a higher potential
of application [5]. The high efficiency and safety of antioxidants have always been the
common goal of scientists, and at this stage, the “trial-and-error” experimental method
is the primary way to explore efficient antioxidants; but without scientific and effective
laws to guide the experiment, it is undoubtedly time-consuming, labor-intensive, and
costly. Computer-aided data analysis and molecular design have become a new trend in the
development of lubricating oil additives to shorten the research cycle and lower trial costs.
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The QSPR model is a mathematical model that describes the potential relationship
between the molecular structure information of the compounds and their properties. Cur-
rently, QSPR models have been widely used in fields of medicinal chemistry, toxicology,
biology, and materials, etc. [6-12]. The QSPR model, created using strong machine learning
algorithms and integrated modeling software, can identify and optimize the experimental
direction, reducing needless experimental measurement, shortening the experimental time,
and lowering experiment expenses [13]. This model is quite popular among scientific
researchers and entrepreneurs. At present, the commonly used statistical methods for con-
structing QSPR models include MLR, principal component regression (PCR), partial least
squares (PLS), artificial neural network (ANN), random forest (RF), support vector machine
(SVM), etc. MLR offers the advantages of being simple to use and computationally efficient,
especially when a small number of descriptors are involved. Therefore, MLR is typically
the chosen model to build [14]. Furthermore, MLR can intuitively gain information on the
degree and direction of the influence of the independent factors on the dependent variables,
making the results easier to interpret and predict.

In recent years, many scientists have devoted themselves to applying QSPR technology
to investigate the relationship between the chemical structure and performance of additives
in lubricating oil. For example, Yu et al. [15] used ANN based on the backward propagation
of errors to construct a QSPR model of the maximum nonseizure loads (Pg) and molecular
descriptors of extreme pressure additives in lubricants. Liu et al. [16] attempted to develop
an MLR model to correlate the tribological properties of lubricant additives with their
molecular structure. They found that additives with benzimidazole and xanthate groups
had good anti-wear properties, and the model had high statistical quality. In addition,
researchers have also carried out beneficial exploration on antioxidants. For example,
Abdulfatai et al. [17] designed five novel antioxidant lubricant additives without sulfated
ash, phosphorus, and sulfur (SAPS) by using a QSPR model; the results showed that the
newly designed additives” performance and dynamic binding energy were improved,
and they had better dynamic binding on the simulated steel coated surface than the
commercially sold additives, ZDDP. Furthermore, Abdulfatai et al. [18] successfully linked
the decomposition temperature of thiamine additives with their chemical structure by
various physicochemical descriptors and a genetic function algorithm (GFA), opening up a
new avenue for the discovery of new lubricant additives that can withstand high dynamic
working temperatures while also resisting wear and friction.

Although investigations on QSPR of lubricating oil additives have been conducted,
there are few reports on the structure-activity relationship of hindered phenolic antioxi-
dants. Therefore, the research team decided to use MLR to establish a QSPR model that
would analyze the relationship between antioxidant efficiency and molecular structure of
hindered phenolic antioxidants, validate the model’s reliability using the frontier molecular
orbital (HOMO-LUMO) energy gaps of these compounds, and then design new hindered
phenolic antioxidant molecules based on the model that have better antioxygenic properties
than common lubricating oil antioxidants on the market. It is evident that the QSPR method
and the structure—property relationship law obtained can provide effective data support
and theoretical advice for the future design and modification of novel phenolic antioxidants
in lubricating oils.

2. Materials and Methods
2.1. Data Sources of Antioxidants

The oxidation onset temperature (OOT) of lubricating oil can reflect the antioxidant
performance of the antioxidant lubricant additives to some extent, so this study attempted
to establish the QSPR model of the OOT and the structure of antioxidants. In this study;
polyalphaolefin (PAO4) was employed as the lubricating base oil, and phenolic antioxidants
were used as the research object, whose structures are shown in Table 1. Among them, the
antioxidants 1-13 were purchased in Wuhan, Hubei Province, China, with a purity of 98%,
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and their OOTs were obtained by experiment. The OOTs of antioxidants 14-30 in the same
base oil were derived from the literature [19-21].

Table 1. Molecular structures and onset temperature of some phenolic antioxidant additives.

Compound Molecular Structure Onset Temperature T (°C) 1gAP
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The OOT of the antioxidant was determined as follows: The lubricant samples were
prepared by blending of 0.5% w/w of each antioxidant into 50 mL of PAO4. The samples
were then analyzed using a Pressure Differential Scanning Calorimeter (a NETZSCH DSC
204 HP instrument (Bavarian, Germany)). An amount of 3-4 mg of sample was added
to an aluminum crucible and pressurized to 30 bars with cylinder oxygen at a flow rate
of 100 mL/min. The temperature was raised to 60 °C and allowed to stabilize before
heating at 60 °C/min to 350 °C. The temperature at which the oxidation exotherm occurred
was reported.

In the modeling calculation, the onset oxidation temperature was converted using
Equation (1) in order to appropriately reduce the influence of molecular weight and syner-
gistic effects of antioxidants for the base oil [22].

26 250.3 3.1862

T-Ty My
T N, '

AP = 1)

where AP (antioxidant percent) represents the inhibition efficiency of antioxidant molecules
in lubricants; T is the oxidation onset temperature of the lubricant; T, which is taken as



Lubricants 2024, 12,3

6 of 16

220.2 °C, is the oxidation onset temperature of base oil PAO4; My is the molecular weight
of antioxidants; and N, is the Avogadro constant. When calculating 1gAP, in order to
convert the IgAP values to their positive form, N4 was taken as 0.06022. The calculation
results are listed in Table 1.

Data including chemical structures, the oxidation onset temperature (°C), and oxida-
tion onset temperature conversion values are recorded.

2.2. Construction of QSPR Model

The antioxidant dataset was randomly divided into a training set and a test set.
The training set was used to construct the QSPR model, while the test set examined the
predictive capability of the generated model. Usually, almost 80-90% of the samples are
used for training purposes. In this paper, the compounds 7, 13, 19 and 26 were randomly
chosen as test sets while the others as training sets. The model was built according to the
training sets and the test sets which did not participate in the model building process. The
flowchart for establishing the model is shown in Figure 1. An important step in obtaining
a QSPR model is the numerical representation of molecular structural features, that is,
molecular descriptors. A total of 117 groups of molecular descriptors were calculated
using E-Dragon [23]. Each antioxidant was characterized by molecular descriptors as
independent variables and 1gAP values as the dependent variable, but not all independent
variables had a statistically significant effect on dependent variables. Therefore, in order to
establish the regression model with the best prediction performance, SWR [24] was used to
screen out key independent variables with significant effects and eliminate those that do
not influence dependent variables. The types and correlation coefficients of the 9 selected
descriptors are shown in Table 2, including electronic, topological, spatial, and structural
descriptors. It is shown that the antioxidant capacity of the antioxidant is related to its
molecular descriptors Total dipole (X;); Balaban index JX (Xy); Estate keys (sums): S_sOH
(X3); Estate keys (sums): S_dO (X4); Estate keys (sums): S_ssO (X5); Shadow ratio (Xg);
Total energy (Xy); Inversion energy (Xs); and Electrostatic energy (Xy).

3D molecular structure
of antioxidants

Optimize molecular
structures

Compute molecular
descriptors

traini ¢ P IgAP values
raining se est se -

screen out key 5
( descriptors by SWR ) EStdthh@
( Build the model by ) (Predict the IgAP values

MLR of the test set

Select the best model Test the predictive
by evaluation criteria capability of models

Figure 1. Flowchart for establishing the model.

1gAP values
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)
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Table 2. Types and correlation screening results of molecular descriptors.
Independent Variables Molecular Descriptors Species Correlation Coefficient
X1 Total dipole Electronic 0.7193
X5 Balaban index JX Topological —0.9182
X3 Estate keys (sums): S_sOH Topological 0.5827
Xyq Estate keys (sums): S_dO Topological 0.8998
X5 Estate keys (sums): S_ssO Topological 0.8847
Xe Shadow ratio Spatial 0.4474
Xz Total energy Structure 0.6026
Xg Inversion energy Structure 0.5296
Xo Electrostatic energy Structure —0.3133

The screened molecular descriptors related to 1gAP were used to construct a QSPR
model using MLR. MLR is one of the classical QSPR modelling methods; its goal is to
model the linear relationship between multiple independent variables and one dependent
variable. The relationship between independent and dependent variables is shown in
Equation (2).

Y; = Bo + B1Xi + B2Xi2 + -+ - BnXin, 2)

where By is the regression constant, X; is the independent variable, §; is the regression
coefficient, and Y; is the dependent variable.

The adjusted coefficient of determination (R?), the existence of multicollinearity, the
root mean square error (RMSE), and the value of Durbin—-Watson (DW) were used as
evaluation criteria for selecting the best prediction model [25]. It is generally considered
that R? > 0.6 indicates that the model is acceptable and R? > 0.8 indicates that the model
has a high degree of fit. The variance expansion factor (VIF) was used to judge whether
there is multicollinearity among the variables in the model. In fact, the VIF strictly de-
fined as less than 5 implies that there is no collinearity between the variable and one or
more other variables in the model. RMSE was used to reflect the deviation between the
predicted and true values in the model. The Durbin-Watson test is a test for autocorre-
lation of a dataset. Generally, the dataset with DW values between 1.5 and 2.5 meets the
independence requirements.

2.3. Quality Evaluation of the Model

The normal distribution of data is closely related to the quality of the MLR model.
The research results are valid only when the data distribution is relatively normal [26].
The normalized residual P-P plot is a graph drawn based on the relationship between the
cumulative proportions of the variables and the cumulative proportions of the specified
distribution. Whether the data satisfy the normal distribution can be checked by plotting
the P-P plot of the model.

The validation analysis of the model includes internal and external validation. Internal
validation mainly considers the robustness of a model, and external validation mainly
tests the predictive ability of the established model. The leave-one-out cross-validation
(LOO-CV) method was used for internal validation. The test set in the sample was used
for external validation. The LOO-CV evaluates the model by treating each data of the
training set in the sample as the test set data separately. The leave-one-out cross-validation
coefficient (Q%L00) (Equation (3)) and the cross-validation root mean square error (RMSE)
(Equation (4)) were calculated to evaluate the robustness of the model. The external
validation coefficients Q%p; (Equation (5)), Q*m (Equation (6)), and Q%3 (Equation (7))
were used as indicators for evaluating the predictive ability of the model [27]. Their
calculation formulas are shown in (3), (4), (5), (6), and (7), respectively.

E(yi —]/p)z

Q%oo =1- —_ 0/
Y (yi — Vi)
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where y; and y, are the experimental and predicted IgAP of the samples, respectively;
Yir and YpxT are the average values of the experimental IgAP of the training set and the
test set respectively; npxt and nrg are the sample numbers of the test set and the training
set, respectively.

In addjition to proving the accuracy of the model using the above validation parameters,
the reliability of the research results was also confirmed from the perspective of quantum
chemistry. According to the frontier molecular orbital theory, the higher is the energy
of the highest occupied molecular orbital (HOMO), the more likely that the orbital is to
lose electrons. Conversely, the lower is the energy of the lowest unoccupied molecular
orbital (LUMO), the easier it is to obtain electrons [28,29]. The frontier molecular orbital
energy gap (AE = ELumo—Enomo) is an important theoretical parameter to characterize
the molecular activity. The smaller the value of AE, the easier it is for electrons in the
molecule to transition, and the stronger the reaction activity. Conversely, the reactivity is
weaker [30]. Psi4 software was used to calculate the frontline molecular orbital energy and
AE of antioxidants to verify their antioxidant effects.

2.4. Molecular Design of Lubricant Antioxidants

The molecular descriptors in the established MLR equations represent the structural
characteristics of the hindered phenolic antioxidants. Based on these structural charac-
teristics, template molecules were selected and structurally modified to design hindered
phenolic antioxidants with better antioxidant properties. The molecular descriptors of the
designed molecules were calculated by using the same method with the dataset molecules,
and then their antioxidant properties were predicted by the models and compared with
typical lubricant commercial antioxidants.

3. Results and Discussion
3.1. Established QSPR Model

In order to avoid overfitting, only a portion of the molecular descriptors is selected
to build the MLR model. In general, the number of compounds in the system (sample
size) should exceed 2" (where n represents the number of descriptors in the model). For
this reason, while considering the balance between MLR model quality and descriptor
quantity, the model containing only four independent variables is chosen to be established.
Finally, by combining the structural information of 26 compounds, two QSPR models are
successfully constructed using the training set. The expressions for models 1 and 2 are
shown as Equations (8) and (9), respectively:

IgAP = 3.5379 — 0.2267 x Balaban index JX + 0.0034 x Estate keys (sums) : S_sOH+

8
0.0031 x Estate keys (sums) : S_dO — 0.0461 x Shadow ratio ®

lgAP = 3.5778 — 0.2362 x Balaban index JX 4 0.0031 x Estate keys (sums) : S_sOH-+

0.0065 x Estate keys (sums) : S_ssO — 0.0482 x Shadow ratio
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The statistical parameters of these models are shown in Table 3. Model 1 is built based
on four independent variables: Xj, X3, X4, and Xg; while model 2 is constructed with Xy,
X3, X5, and Xq. With R? values of 0.942 and 0.941, respectively, both of these two models
explain the data at a very high level (above 90%). Through T-tests, it is found that the
significance index (p-value) of each variable in the models is less than 0.05, which shows
that all variables are statistically significant at the 95% confidence interval. The DW values
of models 1 and 2 are close to 2, and the VIFs of all variables are less than 5, indicating
that there is no collinearity between the variables in the model equations. Taken together,
these statistical parameters indicate that both models 1 and 2 are statistically significant.
Molecular descriptors calculated by quantum chemical methods and the predicted 1gAP
values along with relative deviations for antioxidants calculated based on models 1 and 2
are shown in Table 4. The relative deviations between the predicted IgAP values and the
experimental values for the test sets including compounds 7, 9, 19, and 26, as calculated by
models 1 and 2, fall within 0.18% to 1.16% and 0.29% to 1.08% respectively. The consistency
between the models’ predicted values and the experimental values confirms the reliability
and accuracy of the two models.

Table 3. Statistical parameters of QSPR-MLR model.

Durbin—-
Model R? Watson X NS S p VIF
1 0.9416 1.6962 constant 3.5379
X5 —0.2267 —0.7211 0.0000 4.9330
X3 0.0034 0.1460 0.0222 1.4987
Xy 0.0031 0.3003 0.0035 3.5777
Xe —0.0461 —0.1484 0.0493 2.1675
2 0.9413 1.6603 constant 3.5778
Xo —0.2362 —0.7512 0.0000 4.3860
X3 0.0031 0.1320 0.0421 1.5832
X5 0.0065 0.2863 0.0038 3.2930
Xe —0.0482 —0.1550 0.0403 2.1395

R? is the adjusted coefficient of determination of the models. X is the dependent variable of the models. NS
and S are the non-standardized and standardized regression coefficients of the models, respectively. p is the
significance index.

Table 4. Molecular descriptors calculated by quantum chemical methods and IgAP of antioxidants
predicted by models 1 and 2 along with relative deviations.

Compound X2 X3 X4 X5 X6 lgAP lgApl RD1 (%) lgAP2 RDZ (%)
1 3.3405 10.2600 0.0000 0.0000 1.7560 2.6749 2.7346 2.20 2.7360 2.30
2 3.2750 9.8363 0.0000 0.0000 1.6750 2.7531 2.7517 —0.08 2.7540 0.05
3 3.4805 10.3845 0.0000 0.0000 1.7496 2.6845 2.7035 0.67 2.7036 0.73
4 3.6529 10.6502 0.0000 0.0000 1.6965 2.7081 2.6678 —1.52 2.6662 —1.52
5 3.5486 10.6390 0.0000 0.0000 1.7935 2.6389 2.6869 1.78 2.6861 1.81
6 3.4284 10.6050 0.0000 0.0000 1.8455 2.7343 2.7117 —0.86 2.7119 —0.80
7 3.2467 10.6164 11.3441 4.7024 2.0444 2.7466 2.7789 1.16 2.7759 1.08
8 2.6007 10.7909 12.1106 5.4007 3.2199 2.8290 2.8741 1.59 2.8769 1.70
9 2.3075 10.8488 12.2588 5.4762 29273 2.8950 2.9547 2.06 2.9609 2.28
10 2.0994 10.8854 12.3357 5.5133 4.7248 2.9546 29194 —-1.19 2.9238 —1.04
11 2.5597 21.6358 0.0000 0.0000 1.9074 2.9916 2.9433 —1.64 2.9483 —1.45
12 2.7146 22.1110 0.0000 0.0000 1.4815 2.9588 2.9294 —1.02 2.9337 —0.84
13 1.7033 21.8336 24.8405 10.8766 3.1520 3.1525 3.1577 0.18 3.1619 0.29
14 1.7619 33.5276 40.0022 17.2228 2.3389 3.1874 3.2687 2.58 3.2648 2.40
15 2.1141 22.1536 39.2605 17.0618 2.9880 3.1461 3.1179 —0.86 3.1140 —1.04
16 2.9421 11.0231 38.5657 16.9106 1.6429 2.9996 2.9522 —1.55 2.9478 —-1.73
17 1.6315 33.4346 39.2911 17.1374 3.0121 3.2858 3.2647 —0.61 3.2623 -0.75
18 1.7386 33.6506 40.3083 17.9739 3.1610 3.1998 3.2374 1.21 3.2359 1.10
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Table 4. Cont.
Compound X2 X3 X4 X5 X6 lgAP lgApl RD1 (%) lgAPZ RDZ (%)
19 1.9735 22.1344 25.8748 11.4882 3.1717 3.0801 3.0998 0.66 3.1021 0.70
20 2.0784 22.2411 26.4243 11.9754 2.6829 3.1692 3.1006 —2.15 3.1043 —2.06
21 2.1794 22.2293 40.1104 17.2650 2.6044 3.1769 3.1237 —1.64 3.1186 —1.85
22 1.6867 45.7926 85.8960 42.8523 2.2933 3.4686 3.4718 0.18 3.4893 0.54
23 1.6854 11.0853 40.0083 17.1862 2.5119 3.1575 3.2017 1.44 3.2047 1.48
24 1.6597 11.0787 39.8197 17.1236 2.7595 3.1629 3.1955 1.07 3.1984 1.11
25 1.7172 11.1257 40.6188 17.4085 3.1046 3.0485 3.1692 4.00 3.1702 3.98
26 1.6497 11.1065 40.0747 17.2220 2.5195 3.1862 3.2097 0.78 3.2131 0.83
27 1.6824 11.1154 40.3005 17.2993 3.1033 3.1980 3.1762 —0.64 3.1777 —0.64
28 1.6130 11.1086 39.9162 17.2076 2.8364 3.2413 3.2030 —1.14 3.2064 —1.09
29 1.5786 11.1108 39.8302 17.2032 2.7446 3.2630 3.2148 —1.44 3.2189 —1.36
30 1.6066 11.1176 39.9594 17.2474 3.2148 3.2607 3.1872 —222 3.1899 —2.18

Expected cumulative probability

LgAP is the true value. LgAP; and IgAP; are the predicted values by models 1 and 2, respectively. RD% is the
relative deviation between the predicted and true values.

3.2. Reliability of Model

If the scatter points in the P-P diagram are closer to a diagonal linear distribution,
it indicates that the data is more satisfied with the normal distribution [25]. The points
in the P-P plots (Figure 2) of models 1 and 2 are approximately distributed in a diagonal
straight line, and the dispersion of both models is diagonally distributed, which proves that
the two models are reliable. In order to further verify the reliability of the QSPR models,
Q%00 and RMSE values are calculated by using the training set for internal validation.
The external validation of the models is performed with the test set, and Q?r1, Q%p, and
Q?p3 are calculated. The results of the calculations are listed in Table 5. The Q%00 values
for models 1 and 2 are 0.8674 and 0.8723, respectively, which are both greater than 0.8,
indicating that the established models have strong stability. The three external validation
coefficients for both models are all greater than 0.8 and numerically similar, and the results
all prove that the predictive abilities of the models are very good and can be used to predict
the antioxidant capacities of new antioxidants.

Model 1 Model 2

1.0

0.8 ()

0.6

0.4

0.2 .

Expected cumulative probability

Measured cumulative probability

0.2

0.0
04 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0

Measured cumulative probability

Figure 2. P-P Plot of normalized residuals for models 1 and 2. The dependent variable is IgAP.
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Table 5. Validation coefficients of models.
Model Q%Loo RMSE Q’m Q’p; Q%p3
1 0.8674 0.0555 0.983 0.983 0.889
2 0.8723 0.0557 0.983 0.982 0.886

Q%100 is the leave-one-out cross-validation coefficient. RMSE is the cross-validation root mean square error. Q%
Q?p,, and Q23 are the external validation coefficients.

It has been shown that the AE of polyphenols is related to their reactivity. The lower
the AE of a compound, the more unstable its molecules are and the higher its reactivity,
which indicates a stronger antioxidant capacity [31,32]. The HOMO and LUMO energies of
antioxidants 1-30, as well as their AE values, can be found in Table 6. The reliability of the
predictive ability of the QSPR models is further demonstrated by analyzing the correlation
between the AE of 1-30 and the 1IgAP predicted by the models. The relationship between AE
and the predicted IgAP of phenolic antioxidants is shown in Figure 3. The predicted values
for models 1 and 2 are 1gAP; and 1gAP;, respectively (Table 4). The Pearson correlation
coefficient (R1) between AE and IgAP; of 1-30 is —0.793, and 0.6 < IR; | < 0.8, indicating
that there is a strong correlation, but not a high one. Figure 3a shows that there are eight
outliers (represented by black dots), which correspond to compounds 23-30. This result
may be related to the fact that 23-30 contain aniline groups. The aniline groups of 23-30
are also located in the HOMO and LUMO orbitals, which leads to their low AE values.
This indicates that they are not suitable for the analysis of AE together with phenolic
antioxidants. Model 2 is the same as model 1. Compounds 1-22 are selected for correlation
analysis of AE and 1gAP;, and the results are shown in Figure 3b. R, = —0.878, indicating
that AE is highly negatively correlated with 1gAP;. The correlation of AE with IgAP, for
1-22 is shown in Figure 3d. R4 = —0.875, indicating that AE is also highly negatively
correlated with IgAP,. The reliability of models 1 and 2 is further verified.

Table 6. Frontier molecular orbital energy and energy level difference value of antioxidants.

Compound Egomo (eV) Erumo (eV) AE (eV)
1 —4.6690 —0.1545 4.5145
2 —4.7185 —0.2672 4.4513
3 —4.4956 —0.1131 4.3826
4 —4.5163 —0.2292 4.2871
5 —4.5194 —0.1205 4.3989
6 —4.2683 —0.1487 4.1196
7 —4.6543 —0.7434 3.9109
8 —4.5852 —0.6348 3.9504
9 —4.6105 —0.6260 3.9845
10 —4.5795 —0.6422 3.9372
11 —4.2939 —0.5011 3.7927
12 —4.4267 —0.3731 4.0535
13 —4.7269 —1.0246 3.7023
14 —4.6105 —1.0300 3.5806
15 —4.5967 —1.0378 3.5588
16 —4.6897 —0.9724 3.7173
17 —4.5853 —0.8846 3.7007
18 —4.3167 —0.8064 3.5103
19 —4.2479 —0.7582 3.4896

20 —4.0158 —0.6519 3.3639
21 —4.5637 —1.0154 3.5483
22 —4.4459 —1.0850 3.3609
23 —4.5799 —1.8055 2.7744
24 —4.5878 —1.6386 2.9492
25 —4.4673 —1.8783 2.5890
26 —4.6075 —1.4051 3.2023
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Table 6. Cont.

Compound Enomo (eV) ErLumo (eV) AE (eV)
27 —4.4912 —1.8784 2.6128
28 —4.4272 —0.9747 3.4524
29 —4.3505 —1.1136 3.2369
30 —4.2340 —1.1280 3.1059

Enowmo is the highest occupied molecular orbital energy. Ej ymo is the lowest unoccupied molecular orbital energy.
AE is the frontier molecular orbital energy gap.
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Figure 3. Correlation between (a) AE and 1gAP; for 1-30, (b) AE and 1gAP; for 1-22, (c) AE and 1gAP,
for 1-30, and (d) AE and IgAP, for 1-22. AE is the frontier molecular orbital energy gap. LgAP; and
1gAP, are the predicted values by models 1 and 2, respectively. R is the Pearson correlation coefficient.
The red and green dots refer to compounds 1-22 in models 1 and 2, respectively.

3.3. Interpretation of Model

Models 1 and 2 consist of molecular descriptors: Balaban index JX, electrical topo-
logical state keys (Estate keys), and Shadow ratio. The Balaban indices JX are highly
discriminating descriptors whose values do not increase substantially with molecule size
or the number of rings present. The Balaban index measures the ramification, and it tends
to increase with molecular ramification [33]. The longer the main chain and the shorter
and fewer the branched chain of the molecule, the smaller its Balaban index JX. The stan-
dardized regression coefficient (Beta value) refers to the standardized unit of change in the
dependent variable when the independent variable changes by one unit. By comparing
Beta values, it is possible to determine the influence of the independent variables on the
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model predictions. The Beta values of X; for models 1 and 2 are —0.721 and —0.751, respec-
tively. The absolute value of the Beta value of X; is larger than that of other independent
variables, indicating that X, contributes the most to the QSPR models. The negative corre-
lation between X, and IgAP indicates that longer main chains, shorter substituent chains,
and fewer branches are conducive to improving the antioxidant properties of phenolic
antioxidants. Estate keys are numerical values, computed for each atom in a molecule,
which encode information about both the topological environment of that atom and the
electronic interactions due to all other atoms in the molecule [34]. X3, X4, and X5 are the
sum of Estate keys of hydroxyl (-OH), double-bonded oxygen (=0O), and single-bonded
oxygen (-O-) in the molecular structure, respectively. Extensive studies have shown that the
antioxygenic properties of phenolic antioxidants are inextricably linked to the number of
phenolic hydroxyl groups contained in their structures. Effectively increasing the number
of phenolic hydroxyl groups will significantly enhance the antioxidant properties of these
compounds [35]. In models 1 and 2, X3 is positively correlated with 1gAP, which is consis-
tent with the above views. X4 in model 1 and X5 in model 2 contribute positively to the
results, indicating that double-bonded oxygen (=0O) and single-bonded oxygen (-O-) groups
can enhance the antioxygenic properties of hindered phenolic antioxidants. The shadow
ratio is a space descriptor that is the ratio of the maximum dimension of a molecule to its
minimum dimension. The shadow ratio presents a negative contribution to the prediction
result. The smaller the shadow ratio of the molecule, the larger the IgAP, indicating that
the more concentrated the spatial structure of the antioxidant molecule, the stronger the
antioxidant capacity.

3.4. Molecular Structure Design of Antioxidants

QSPR research aims to design the molecular structure based on the relationships be-
tween the molecular structure information and the properties implied in the constructed
models. From the analysis in Section 3.3, it is clear that double-bonded oxygen (=O) and
single-bonded oxygen (-O-) groups are conducive to improving the antioxidant proper-
ties of hindered phenolic additives. So, the molecular structure of Figure 4a serves as a
template for the structural design of hindered phenolic antioxidants. The models’ conclu-
sions show that increasing the number of hindered phenolic hydroxyl groups effectively
improves the antioxygenic properties of hindered phenolic antioxidants. Therefore, a tri-
nary structure containing three hindered phenolic hydroxyl groups is selected to design
hindered phenolic antioxidants. The new antioxidant structure 31 is designed by appro-
priately increasing the length of the main chain of the molecule based on controlling the
small shadow ratio of the molecule, as shown in Figure 4b. Five molecular descriptors
(X2—Xg) for 31 are calculated, and the 1gAP of this antioxidant is predicted using models
1 and 2. The results are listed in Table 7. Compared to a typical commercial monophenol
antioxidant methyl 3-(3,5-di-tert-butyl-4-hydroxyphenyl)propionate (7) and a bisphe-
nol antioxidant 2,2’-methylenebis(6-tert-butyl-4-methylphenol) (11), the antioxidant
properties of 31 are improved by 20.9% and 11.0%, respectively. Therefore, when de-
signing new antioxidant molecules, it can be considered to introduce double-bonded
oxygen (=0) and single-bonded oxygen (-O-) groups, effectively increase the number of
hindered phenolic hydroxyl groups, and appropriately increase the length of the main
chain of molecule on the basis of controlling the shadow ratio of the molecule.

Table 7. Molecular descriptors calculated by quantum chemical methods and antioxidant property
parameters of antioxidant 31 predicted by models 1 and 2.

Compound

X

X3 Xq Xs X6 1gAP; 1gAP,

31

1.5444

33.3964 38.9782 17.2138 2.2545 3.3194 3.3188
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Figure 4. Structures of (a) template and (b) antioxidant 31.

4. Conclusions

With the increasing demand for lubricating oil, the development of high-quality lu-
bricants through the combination of computer-assisted and experimental approaches is
becoming a future trend. In this work, 117 molecular descriptors of each lubricant antioxi-
dant in the dataset are calculated using E-Dragon. Two QSPR models for predicting 1lgAP
values are established to describe the relationship between the chemical structure of hin-
dered phenolic antioxidants and their antioxygenic capacity. The models are also validated
internally and externally, and the analysis of relevant statistical parameters confirms the
models’ stability and good predictive ability. Compared with existing literature, the novelty
of this research lies in the fact that in addition to the usual model validation methods, the
density functional theory is also used to calculate the frontier molecular orbital energy gaps

of antioxidants to verify the accuracy of the models.

The results of the models demonstrate that the antioxidant properties of hindered pheno-
lic additives can be enhanced by (1) suitably increasing the length of the main chain and de-
creasing and shortening the branch chain, and (2) introducing hydroxyl (-OH), double-bonded
oxygen (=0) and single-bonded oxygen (-O-) groups. Based on the QSPR models, a lubricant
antioxidant with improved structure and performance is designed. The calculated results
show that the antioxygenic property of the designed antioxidant is 20.9% and 11.0% higher
than that of typical commercial antioxidants methyl 3-(3,5-di-tert-butyl-4-hydroxyphenyl)

propionate and 2,2’-methylenebis(6-tert-butyl-4-methylphenol), respectively.

In conclusion, the QSPR model developed in this study can predict the antioxidant
capacity of phenolic additives and can guide the molecular design of antioxidants using
the information on the structure—property relationship obtained by the model, which can
reduce the cost of trial-and-error during the development of lubricating oil antioxidants.
However, this paper still has deficiencies due to the limitations of the time cycle, simulation
technology, and small sample size. Subsequently, a series of works, such as synthesis and
performance testing of the designed antioxidant, can be carried out, and the predictive
ability and reliability of the QSPR models can be confirmed further. Other categories of
additives can also be designed to develop diversified additives that are more environmen-
tally friendly, greener, and with better performance. This work also provides the theoretical
basis and data support for the future design or modification of lubricating oil additives

with higher antioxidant properties.
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