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Abstract: From a quantum chemistry standpoint, the
impact of the structural properties of the compounds on
activated carbon’s adsorption ability was specifically
investigated. The compounds whose adsorption behavior
followed the Langmuir isotherm model were selected as the
research objects. An optimal quantitative structure-activity
relationship ( QSAR) model was built by using the multiple
linear regression ( MLR ) method, with the saturation
adsorption capacity @, from the Langmuir adsorption
isotherm as the response variable and the structural
parameters of 50 organic compounds as independent
variables. The results show that the optimal model exhibits
good stability, reliability and robustness, with a regression
coefficient R” of 0. 88, an adjusted regression coefficient Rf,dj
of 0. 87, an internal validation coefficient ¢* of 0. 81, and an
external validation coefficient Q2, of 0.68. The variables
included in the optimal model indicate that the polarity of
the molecule, the molecular potential energy, and the
stability and bonding strength of the organic compound are
the main factors affecting the adsorption on activated
carbon. The results provide key information for predicting
the adsorption capacity of organic compounds on activated
carbon and offer a theoretical reference for adsorption
treatment in water environments.
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0 Introduction

Currently, the problem of environmental pollution is

Received date; 2024-11-21

becoming more and more serious, and organic pollutants
such as dyes'" | pesticides®', solvents and drugs'® have
attracted much attention because of their difficulty in
degradation and potential threat to the ecosystem and
human health. Activated carbon, as an efficient adsorbent
material, plays an important role in removing organic
pollutants from water'*'. This study aims to investigate
the effect of the nature of compounds on the adsorption
performance of activated carbon through the development
of a quantitative structure-activity relationship ( QSAR)
model. In adsorption studies, the Langmuir adsorption
isotherm is commonly used to quantify the relationship
between the adsorbate concentration and adsorption
capacity'”’.  Selecting compounds that follow the
Langmuir adsorption isotherm for QSAR modeling
facilitates a deeper understanding of how molecular
properties influence adsorption performance. This
approach also enhances the model’ s predictive ability.
QSAR models are mathematical models that predict a
compound ’ s biological activity by establishing a
relationship with its structural parameters "', Their
advantages lie in reducing the experimental cost and time.
There have been many studies on QSAR models for
adsorption. Blum et al. '” established a QSAR model
based primarily on molecular connectivity indices for
predicting the adsorption behavior of aromatic and
aliphatic compounds on activated carbon. Zhao et al.'”
developed a QSAR model based on the adsorption affinity
and capacity derived from the treatment of cationic drugs
with activated carbon. The modeling results showed that
the molecular mass, polar surface area ( PSA ), and
octanol-water partition coefficient were the main factors
affecting the adsorption affinity and capacity of cationic
drugs. De Ridder et al.'" developed a model based on
the parameter of the molecular connectivity index
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(MCI ), which was mainly used to predict the
equilibrium adsorption of organic micropollutants with
different properties on activated carbon. However, this
model is limited to the adsorption behavior of a specific
type of activated carbon ( F400) under ultrapure water
conditions. Gong et al.'""’ developed a QSAR model for
predicting the reduction rate of mono-nitroaromatic
compounds catalyzed by activated carbon in an anaerobic
system by using a partial least-squares regression ( PLSR)
method. By summarizing the adsorption models that have
been studied, we find that most of them focus on a single
type of compounds. In addition, the results of the current
study have shown that the MCI and octanol-water
partition coefficient are important factors affecting the
adsorption performance on activated carbon. However,
the structural parameters of the compounds are also
important. Therefore, this study focuses on the structural
parameters of the organic compounds and establishes
QSAR models for various types of substances, such as
dyes, pesticides, solvents, drugs, and odorants. This
approach aims to investigate how molecular structure
affects adsorption performance on activated carbon and to
fill the gaps in existing QSAR studies.

The organic compounds selected for this study all

conformed to the Langmuir adsorption isotherm, and the
optimal QSAR model for the adsorption of compounds on
activated carbon was established by applying multiple
linear regression ( MLR )"’ with the saturation
adsorption capacity @, in the Langmuir adsorption
isotherm as the response value. The model is primarily
employed to explore the influence of the nature of
compounds on the adsorption effect in depth and to
provide valuable information for subsequent research and
application.

1 Materials and Methods

1.1 Experimental dataset

The Q_ values of 50 organic compounds selected for
this study, including dyes, pesticides, solvents, drugs,
and odorants, were obtained from Refs. [ 13—24]. The
details are shown in Table 1.

The maximum observed Q, values are 8. 55 (drugs),
28.57 (solvents), 4.18 (odorants), 6.85 (dyes), and
29.00 mg/g ( pesticides ), while the corresponding
minimum values are 1.10, 0.12, 0.21, 1.61, and
3.02 mg/g, respectively. The dataset is further analyzed
after logarithmic transformation (Fig.1), and it is found
that the overall pattern is close to a normal distribution.

Table 1 Adsorption results for 50 organic compounds matching Langmuir adsorption isotherm

Name Chemical formula Q,,/(mg/g) Name Chemical formula Q,/(mg/g)
Amitriptyline C, H;N 1. 81 Pefloxacin C,,H,,FN;0, 2.16
Verapamil C,H;O,N, 1.39 Enrofloxain C,,H,,FN; O, 2.75
Chlorpromazine C,;H,,N,SCI 2.37 Ciprofloxacin C,;H 3 FN; O, 2.89
Clomipramine C,,H,;CIN, 2.07 Ofloxacin C H, FN;0, 2.30
Desipramine C,sHyN, 1.32 Chloroform CHCl, 0.24
Diphenhydramine C,,H,,ON 1.31 Atrazine C H,,CIN; 20.52
Imipraminum C,,H,N, 1.62 Dicamba C;H(Cl,0, 17.39
Procaine C,;H,N,O, 1.34 Aldicarb C,H,N,0,S 4.22
Promethazine C,,H,,N,S 2.40 Dinoseb C,,H,N,Oq 3.02
Propafenone C,,H,,NO, 1. 80 m-Xylene CyH,, 1.85
Propranolol C,¢H, NO, 1.47 2 ,4-Dinitrotoluene C,H(N,O, 2. 86
Thioridazine C,,HyN,S, 3.85 Carbofuran C,H;NO, 4.13
Sulfathiazole C,H,N,0,S, 8.55 (E)-2-Octenal CiH,,0 4.18
Sulfapyridine C,,H,N,0,S 3.41 B-Cyclocitral C,,H,O 5.62
Sulfamethoxazole C,H,,N,0,S 1. 10 Acid blue 113 C,,H,;;N;O( S, 6.85
Sulfamethazine C,H,,N,O,S 8. 14 Acid blue 40 C,H;N;O,SNa 1.61
Norfloxacin C,HFN,0, 2.37 Acid blue 62 C,yH,,OsN, S 1.94
2,4-Dichlorophenol (2,4-DCP) C,H,Cl,0 28.57 2-Methylisoboreneol (2-MIB) C,,H,,O0 0.91
3-Methylindole (3-MLD) C,H,N 1.08 Pentachlorophenol ( PCP) C,Cl;OH 29. 00
Dimethyl trisulfide (DMTS) C,H,S, 1.10 || Dimethy! disulfide (DMDS) C,H,,S, 0.12
2-Isopropyl-3-methoxy pyrazine C,H,N,0 L 47 2,4 ,6-Trichloroanisole C,H,CL,0 0.28
(IPMP) (2.4,6-TCA)
trans , trans-2 ,4-Heptadienal C,H,0 389 trans , trans-2 ,4-Decadienal C,H,O 197
(T,T-2,4-HPDA) (T,T-2,4-DDA)
trans , trans-2 ,4-Octadienal C,H,0 119 Bis (2—chlor01sopropyl) C,H,,CLO 5.09
(T,T-2,4-ODA) ether (Bis)
?,;t f’ -S"l};c;hlorophenoxyacetlc acid C,H.C1,0, 1282 Geosmin C,H,0 0.21

Note: underlined compounds indicate those in the test set.
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To ensure the quality and applicability of the model,
the data are selected according to uniform criteria; the
experimental temperature is controlled in a range of
20-25 C, and the final data that reach adsorption
equilibrium are selected.
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1.2 Calculation method of structural parameters

In this study, the molecular structures of the organic
compounds were constructed using ChemDraw and
Chem3D. Their structural parameters were then
calculated based on density functional theory ( DFT) ™|
primarily utilizing Gaussian 09 and Materials Studio 2017
software. Specifically, in Gaussian 09, geometry
optimization and frequency calculations were performed at
the BBLYP/6-311 G (d, p) level to obtain the structural
parameters ™ . For calculations in Materials Studio 2017,
the DMol3 module with the GGA/B3LYP method was
employed for geometric optimization and subsequent
energy calculations >, The computational methods used
above are applicable to the selected 50 organic
compounds. The calculated structural parameters and
their connotations are shown in Table 2.

120

~m

Fig. 1 Histogram of Q,, values for the organic compounds

Table 2 Parameters of organic compounds and their connotations

Parameter Connotation Unit
" Dipole moment in vacuum Debye
q(CH") .. Maximum value of the positive partial charge of a hydrogen atom connected to a carbon atom e
q(CH") .. Minimum value of the positive partial charge of a hydrogen atom connected to a carbon atom e
q(C™) Maximum value of the partial charge on a carbon atom e
q(C) Minimum value of the partial charge on a carbon atom e
E Total molecular energy under B3LYP calculations kcal/mol
J(+) Maximum value of the nucleophilic Fukui index in carbon atoms e
J(+) win Minimum value of the nucleophilic Fukui index in carbon atoms e
J(=) Maximum value of the electrophilic Fukui index in carbon atoms e
J(=) win Minimum value of the electrophilic Fukui index in carbon atoms e
F(0) 1 Maximum value of the free radical affinity Fukui index in carbon atoms e
SC0) in Minimum value of the free radical affinity Fukui index in carbon atoms e
Eomo Highest energy of an occupied molecular orbital eV
E umo Lowest energy of an unoccupied molecular orbital eV
Egup Difference between E, o and Eyono eV
B(C—C),.. Maximum value of C—C bond level —
B(C—C),,, Minimum value of C—C bond level —
B(C—H),,  Maximum value of C—H bond level —
B(C—H),,, Minimum value of C—H bond level —
W(C—C),., Maximum value of the Wiberg index for the strongest bond between any two carbon atoms in a molecule —
W(C—C),,, Minimum value of the Wiberg index for the weakest bond between any two carbon atoms in a molecule —
W(C—H) .. Maximum value of the Wiberg index for the strongest bond between any carbon atom and a hydrogen —
atom in a molecule
W(C—H),,, Minimum value of the Wiberg index for the weakest bond between any carbon atom and a hydrogen atom —
in a molecule
V(C) 1 Maximum value of the valence of carbon atoms in the carbon skeleton of a hydrocarbon —
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(Table 2 continued)

Parameter Connotation Unit
V(C) Minimum value of the valence of carbon atoms in the carbon skeleton of a hydrocarbon —
V(H) 1 Maximum value of the valence of hydrogen atoms in a hydrocarbon —
V(H) ,in Minimum value of the valence of hydrogen atoms in a hydrocarbon —
E,(C) Potential energy produced by a single carbon atom in a molecule Ha
E,(H) Potential energy produced by a single hydrogen atom in a molecule Ha
E,(C—H) Potential energy produced by the interaction forces between all the carbon and hydrogen atoms in a molecule Ha
E, Sum of the potential energy produced by the interaction forces between all the molecules Ha
M Molecular mass g/mol

Notes: 1 kcal=4. 184 kJ; 1 Ha=4.36x107" J.

1.3 Model validation methods

The calculated parameters of organic compounds
were modeled with the experimental results by using the
SPSS software. The following evaluation metrics were
used to assess the quality of their constructed QSAR
model **) | including the regression coefficient R,
standard deviation ( SD), t-statistic and Fisher’ s test,
root mean square error ( RMSE ), internal validation
coefficient ¢*, and external validation coefficient Q7.
The constructed models were finally validated by
Y-randomization.
1.4 Application domains

The Williams plot was employed in this study to
evaluate the range of applicability of the model. The
predictive accuracy of the optimal QSAR model was
evaluated based on the criterion that an ideal range of
standardized residuals (=3, 3) and the leverage value #,

was less than the warning threshold h *.
2 Results and Analyses

2.1 Experimental results of adsorption isotherms of
organic compounds
The adsorption process of the above 50 organic
compounds on activated carbon was described by using
the Langmuir adsorption isotherm,

Q.= (Q,bC)/ (1 +bC,), (1)

where Q. is the equilibrium adsorption amount, mg/g;
C. is the equilibrium concentration, mg/L; b is the
equilibrium constant of adsorption.

Observing Q, values in Table 1, it can be found that
the range of Q,_ values is relatively wide. The adsorption
properties of different kinds of organic compounds vary,
which indicates that the types and structures of
compounds determine their different adsorption effects.
The organic compound studied with the largest Q_ value
is PCP (29.00 mg/g), and that with the smallest Q
value is DMDS (0. 12 mg/g). The difference in their Q
values is 28. 88 mg/g, meaning that the Q  value of PCP
is about 240 times that of DMDS. It indicates that the
adsorption properties are significantly different between

the compounds studied. These differences can better
elucidate the relationship between the properties of the
compounds and the amount of adsorption, which is more
conducive to the application of the constructed QSAR
model to adsorption in different fields.

2.2 Calculation results of compound structures

Quantum chemical parameters of compounds are key
to reflecting the structural properties of compounds in
QSAR modeling. We analyzed the structural parameters
of these 50 organic compounds using computational
software and obtained the following specific results.

In this study, the compound with the largest dipole
moment is pefloxacin, with a value that differs from the
minimum by 14. 47 Debye. This suggests that there is a
great difference in polarity between the organic
compounds' ™" .

The parameter E represents the total energy of the
optimized molecular structure. In general, a larger
absolute value of E indicates a larger molecule size and a
more complex structure of an organic compound. The
absolute value of E for the compound with the maximum
value (acid blue 113, 2 754. 78 kcal/mol) is about 8
times larger than that of the compound with the
minimum value ( m-xylene, 310.10 kcal/mol ),
highlighting the significant structural diversity among the
organic  compounds  studied. The  parameters
q(CH") .., q(CH) 1, q(C7),,,, and ¢(C7) ;, are
mainly used to characterize the atomic charges in the
compounds, which in turn reflect the polar magnitude of
the molecules. In the study, the maximum values of
q(CH") ., and g(CH")  are 0.21 e (acid blue 113)
and 0.18 e (PCP), respectively, and the minimum
values are 0.04 e ( m-xylene ) and 0.01 e
( clomipramine ) , respectively.

The parameter E is a physical quantity that describes
the internal stability and interactions of a molecule. The
maximum and minimum of £, and E,( C—H) correspond
to the same compound, which indicates that the sum of
the energies of the molecules of the compound is basically
determined by the forces between the carbon and
hydrogen atoms in the molecule. E,(C) ranges from
—38. 88 Ha (m-xylene) to —637.27 Ha (DMTS) , with
a difference of 598. 39 Ha.

min
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The Wiberg index, which reflects the bond strength,
is a key indicator of a molecule ’ s stability and
reactivity ™. These properties, in turn, determine how
the compound interacts with surfaces and thereby
influence its adsorption behavior. In this study, the
maximum values of W(C—C) . and W(C—C)  are
4.04 ( geosmin ) and 3.92 ( acid blue 113 ),
respectively, and the minimum values of W(C—C)
and W(C—C) ,, are 3.85 (DMDS) and 1.07 (Bis),
respectively. Based on these results, it is not difficult to
find out the differences in the adsorption effect between
the compounds.

The Fukui index f consists of electrophilic f( =),
nucleophilic f(+), and free radical £(0) parameters™*".
Among them, the average values of f(=).., f(=).u>
S s F(H) s £(0) 1, and £(0),, are 0.17, 0.01,
0.25, 0, 0.18, and 0.01 e, respectively. Bond order is
mainly used to reflect the stability of chemical bonds in
compound molecules . The average values of B(C—C),,,
B(C—C),., B(C—H),. , and B(C—H),, are
-0.50, =1.17, —0.51, and —0. 63, respectively. The
valence connectivity topological parameter is derived from
the topological information of atoms and bonds in a

molecule to predict its physicochemical properties'™ .

The average values of V(C) ., V(C) .., V(H) .., and
V(H) ,, are 6.62, 0.62, 0.79, and 0. 62, respectively.

Eyomo and E, o are used to indicate the charge
transfer that occurs within the molecule of an organic
compound. The larger the value of E,,,,, the more readily
the electrons in the highest occupied molecular orbital can
escape. The larger the value of E, ,,,, the easier it is for
electrons to enter the lowest unoccupied molecular orbital.
E;,, is mainly used to describe the chemical reaction
properties and the kinetic stability of molecules for
compounds'” . The larger the E,,» of a molecule, the more
stable it is during physicochemical reactions.

The molecular mass M values range from a minimum
value of 94. 19 g/mol for DMDS to a maximum value of
637.69 g/mol for acid blue 113, with a mean value of
244.54 g/mol. This distribution suggests that the
majority of the organic compounds have a molecular mass
of around 200—-300 g/mol.

2.3 QSAR model analysis

The 50 organic compounds in this study were used in
a 4:1 ratio for the training set and the test set, and the
compounds in the test set are labeled in Table 1. The
results of this study, according to the SPSS software, are
shown in Table 3.

Table 3 Results of models for the prediction of O, by SPSS

Number

Model R’ R?

SD RMSE F  Sig. ¢ QL 95% CI

| 0,=-0.65+127.03¢(CH") .. 0.43 0.42
6. 69+95. 02¢(CH") . —
, O q(CH) 0.47 0.44
1. 75W(C—C) .
=19.87-180. 83g(CH") -
;3 & q(CH') 0.77 0.75
4.97W(C—C),,,, +0. 09E,(C)
0. =25.35+199.30¢(CH") -
4 6.55W(C—C)_ + 0.83 0.8l
0. 14E,(C—H) -0. 02E,(C)
0. =24.50+181. 15¢(CH") _ ~
5 6.85W(C—C) . + 0.88 0.87

0. 150E,(C—H) -0. 02E,(C) -0. 003E

4.09 1274.32 28.75 0.00 0.01 0.07 (2.57,4.75)

4.00 1498.39 16.45 0.00 0.05 0.59 (2.57,4.75)

2.68 2767.65 39.71 0.00 0.42 0.59 (2.43,4.90)

2.33 2318.52 42.56 0.00 0.63 0.62 (2.15,5.17)

1.96  507.99 51.15 0.00 0.81 0.68 (2.10, 5.22)

Notes: F represents the value of Fisher’ s exact test, which is a specific numerical statistic; sig. is short for significance; 95% CI

represents the 95% confidence interval.

With the gradual introduction of the number of
independent variables, the R* and R, of models 1-5
gradually increase, and the SD values gradually become
smaller, which indicates that the models show better
regression effects and are statistically significant.
Generally speaking, the regression coefficient of the
optimal model requires R’ =0. 6, from which models 1
and 2 can be excluded; the coefficients of internal and
external validation require that ¢° and Q7 are both higher
than 0.5, so models 3, 4, and 5 satisfy the above
requirements. The regression coefficients of model 5
(R*=0. 88, Ridj =0.87), and the coefficients of internal

and external validation (¢* = 0.81, Q> = 0.68) are
higher, and SD (1.96) and RMSE (507.99) are the
smallest. Model 5 has a more accurate and reliable
predictive ability compared to the other models.
Therefore, model 5 is identified as the optimal model for
the prediction of Q_ (denoted as Q_-model).

The comparison of the predicted Q,, of model 5 with
the experimental Q_ is shown in Fig. 2. The overall
distribution of the predicted results under this model is
more concentrated, which indicates that model 5 has a
good predictive ability. There are five outliers; 2,4-DCP,
Bis, 2,4,6-TCA, chlorpromazine, and clomipramine.
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Most of these organic compounds are insoluble or slightly
soluble in water, making them less prone to adsorption
and leading to underestimated adsorption capacities.
Furthermore , their structures are more complex than those
in the training set, often featuring chlorine substituents or
ether bonds. This structural complexity prevents the
model from accurately capturing their adsorption
behavior, consequently leading to prediction deviations.
However, these deviations remain within an acceptable
range. In conclusion, model 5 demonstrates a superior
fit, as evidenced by the dense distribution of most
predicted data points along the 1:1 line, with only a few
outliers falling outside the 95% confidence interval of the
residuals.
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Fig.2 Scatter plots of predicted Q,, versus experimental Q,, for Q, -model

3 Discussion and Comparison

3.1 Mechanism explanation

According to the results of the O _-model, it can be
seen that an increase in ¢(CH") ,, and E,(C—H) has a
facilitating effect on Q, , while an increase in W(C—C)
E,(C), and E has an inhibitory effect.
analysis was conducted between Q
parameters for these 50 organic compounds,
results shown in Fig. 3.

The parameter g( CH")
molecule. As the g(CH") . value increases, the polarity
of the molecule decreases, which results in the easier
adsorption of the compound on activated carbon. Figure 3
shows that Q, is significantly positively correlated with

min
A correlation
and structural
with the

reflects the polarity of the

min

q(CH"),,.. For example, PCP exhibits the maximum
q(CH") . value (0.18 e) and the highest Q_
(29.00 mg/g), whereas clomipramine has the minimum
q(CH")_.. (0.01 e) and the lowest @, (2.07 mg/g).

When W (C—C) ., is large, it means that the
bonding strength between carbon atoms is greater and the
electron cloud inside the molecule is more stable, thus
reducing the interaction between the molecule and
activated carbon. On the contrary, a smaller W(C—C)
value, indicative of a weaker bond and greater molecular
flexibility, appears to facilitate adsorption on activated
carbon. For example, acid blue 62, amitriptyline,
verapamil, procaine, propafenone, and propranolol all
have large W ( C—C ), values, and their adsorption
capacities are less than the average level (4. 44 mg/g).
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example, 2,4,5-T has a smaller £,(C) (—-174.02 Ha)
and the corresponding Q, (12.82 mg/g) is much larger
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than the average value (4.44 mg/g); the same is true
for atrazine and 2,4-DCP.

E,(C—H) is related to the strength of the carbon-
hydrogen bonding in the molecules, and larger values
imply that there is a stronger interaction between the
carbon and hydrogen atoms in the compounds, which
may contribute to more stable adsorption between the
molecules and activated carbon. However, we found an
interesting phenomenon; T,T-2,4-ODA, T,T-2,4-DDA,
and m-xylene with larger values of E (C—H) (-19.37,
—17.93, and —17.28 Ha) have smaller values of Q
(1.19, 1.97, and 1. 85 mg/g). This also shows that it is
not comprehensive to judge the adsorption capacity of a
compound only by a single parameter in the model.

The lower the value of the total energy E, the more
stable the molecule is and the more readily it is adsorbed
on activated carbon. From the correlation analysis, it can
be seen that E is negatively correlated with Q_. Although
the correlation (0.39) is not strong, the model suggests
that the compound ’ s stability still influences the
adsorption capacity to a certain extent.

Take the example of atrazine, as shown in Fig. 4. The
triazine ( C,N, ) in this compound ensures adsorption
stability, and g ( CH" ), corresponds to a possible
adsorption site, which is susceptible to electrostatic
attraction with oxygen-containing functional groups on the
surface of the activated carbon. The smaller W(C—C) ..
attests to the structural flexibility provided by the
diethylamino group, which makes the molecule more
susceptible to adsorption on activated carbon. The alkyl
chain is bound to the surface of the activated carbon by the
van der Waals force, further expanding the adsorption
contact area. In conclusion, it is the combined effect of
electrostatic adsorption and van der Waals force that
causes atrazine to have a high adsorption capacity.

q(CH"),,=0.03 ¢
xAdsorption site

| E==1047.54 keal/mol |

w(C—C), =122

‘min

@CcIdH1H @ N @«

Fig. 4 Adsorption mechanism of atrazine on activated carbon

In summary, the intrinsic factors affecting the
adsorption capacity of compounds on activated carbon
include the molecular polarity (g (CH" ), ), the
molecular potential energy (E£,(C—H) and E,(C) ), the
molecular structure ( W(C—C) . ), and the molecular
stability (E).

3.2 Model validation

To test the stability of the optimal model, the optimal

model is tested as shown in Table 4. The sig. values of all

independent variables in the model are less than 0.05,
which meets the requirements. The absolute value of ¢
( the r-statistic for testing the significance of each
parameter) is higher than 2. 18, which indicates that these
five variables are acceptable, and the significant order is
q(CH") .., W(C—C) E,(C—H), E,(C), and E.
The variance inflation factor ( VIF) is used to test the
multicollinearity between the independent variables in the
model, and its standard requirement of less than 10 means
that the model equation is acceptable ™ .

min >

Table 4 Statistical values of parameters for O, -model

Regression

Parameter coofficient VIF t Sig.
q(CH") .. 181. 15 2. 66 9.77 0
w(C—C) .. -6.85 3.37 -9.40 0
E,(C—H) 0.15 9.65 9.49 0
E,(C) -0.02 3.62 -4. 65 0
E -0. 003 1. 40 -3.93 0
Criterion — <10 >2. 18 <0. 05

All the parameters included in the model meet the
requirement, which indicates that the @ _-model is
statistically  significant. In addition, the external
validation ( Q> =0.68) satisfies the criterion of being
greater than 0.5, which suggests that the model has a
good predictive potential.

3.3 Y-randomization validation

Y-randomization validation is mainly used to
determine the stability of a model by testing the chance
relationship between the dependent and independent
variables. For a stable and reliable optimal model, the

randomized regression coefficient Rimd and external

validation coefficient Q;md of the new model obtained
after random shuffling should be much lower than those
of the original model (R® and Q®). As shown in Fig. 5,
it is found that the R}, and Q) values from multiple
randomization tests are consistently lower than those of
the Q,-model. This result confirms that the Q_-model

developed in this study is robust and stable.

*
0.6 * Optimal model
+ New model
04F
* *
1) .
0.2F
g *
¢ R .
L)
ot
ol ®e% &
1 1 1 1
0 02 0.4 0.6 0.8 1.0

R?

yrand

Fig.5 Y-randomization validation of Q,,-model
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3.4 Application domain

To define the applicability of the @, -model for
predicting the adsorption of other organic compounds,
Williams plots were employed to visualize the applicable
performance domain (APD) of the O, -model. The detailed
results are presented in Fig. 6. A reliable prediction for a
compound is generally achieved only when its standardized
residual falls within a range of —3 to 3 and its leverage value
is below the critical threshold /.

As shown in Fig. 6, the standardized residuals of
most of the organic compounds satisfy the above
requirements, but PCP and 2,4-DCP are not in the range
of the application domain. The structural properties of
PCP are significantly different from those of the organic
compounds in the training set. Therefore, the optimal
model may not provide reliable predictions for this
compound. For 2,4-DCP, it is only slightly out of the
critical value range and is still within reasonable limits.
In conclusion, the optimal model still has good stability
and prediction ability for the compound with a similar
structure to those in the training set.

T
I
I

€1 1] S R Freeeneees
A Training set I
Test set h'=045 |
15h :
g I
=] 1
8 1
e ok A I
(53 ‘Q* P‘ A |
3 ap i I
S -15F ]
A f

. PCP
B R R fiacaeminsd
0 2,4-DCP A
I
" 1 " kK " 1 1 1 1
0 0.1 0.2 0.3 04 0.5

Leverage

Fig. 6 Williams plot for Q,,-model

3.5 Comparison with models in literature
This study compares the @, -model with related

studies on activated carbon adsorption, as summarized in
Table 5. The comparison shows that the compound types
in the datasets of the existing studies are relatively
homogeneous. For instance, Blum et al.'® only focused
on aromatic and aliphatic compounds, Gong et al. '
focused on mono-nitroaromatic compounds, and Zhao
etal.”” only studied cationic  pharmaceuticals.
Consequently, such models may have limited
applicability and are difficult to generalize to other types
of pollutants. There is a lack of model performance
validation in the above studies, and the predictive ability
of the models is only evaluated by indicators such as R’
and external validation coefficients, which may not be
able to adequately describe the reliability and applicability
of the models. In addition, the structural parameters of
the compounds are rarely considered when investigating
the factors affecting activated carbon adsorption, whereas
the present study focuses on the influence of the quantum
chemical properties of the compounds on the adsorption
mechanism.

Unlike existing modeling studies, this study breaks
through the limitation of a single category and examines a
wide range of pollutants, including dyes, pesticides,
solvents, drugs, and odorants, to increase the
applicability of the model. The Wiberg index and
molecular potential energy are introduced in the selection
of structural parameters of compounds. For the
established model, we conduct not only internal and
external validation but also Y-randomization test and
Williams plot analysis to ensure its robustness. Compared
with the existing studies, the model not only significantly
improves the prediction accuracy but also provides a more
comprehensive physical explanation of the adsorption
mechanism on activated carbon, especially in the
quantitative analysis of the molecular polarity and bond
strength, which fills the gap in the literature.

Table 5 Modeling studies in the literature similar to this study

Ref. (author, year) Methods

Type of dataset

R’ Key impact factor

[8] (Blum et al., 1994)

[10] (De Ridder et al.,
2010)

[11] (Gong et al., 2015)

MLR  Organic micropollutants

[9] (Zhao et al., 2018)

MLR  Aromatic and aliphatic compounds 0.92

PLSR  Mono-nitroaromatic compounds

MLR  Cationic pharmaceuticals

Molecular connectivity indices

Hansen

0.61-0. 84 solubility

parameter  for
hydrogen bonding, and polarizability

0. 898 Molecular orbital, and atomic net charge

0. 80 Octanol-water  partition  coefficient,

polar surface area, and molecular mass

4 Conclusions

In this study, an optimal QSAR model was
developed by using the MLR method: QA = 24.50 +

181. 15¢(CH") ,,—6. 85W(C—C) . +0. 15E,( C—H) —

0.02E,( C) — 0.003E. The results indicate that the
polarity of the molecule, the molecular potential energy,
and the stability and bonding strength of the compound
have important effects on the adsorption by activated
carbon. This model serves as a valuable tool for
predicting and optimizing the adsorption treatment of
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organic pollutants in water.
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