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a b s t r a c t

Potassium permanganate oxidation is one of the effective water treatment processes applied to 
remove organic compounds, but structure variances of organic molecules and different water con-
ditions result in different effects. To provide a complete understanding of potassium permanga-
nate oxidation, it is meaningful to develop some relationships between reaction rate constants of 
organic compounds and structure of molecules in three conditions (acid, neutral and alkaline). In 
this study, 22 diverse organic compounds were measured for the reaction rate and Quantitative 
Structure Activity Relationship (QSAR) models were developed based on reaction rate constants of 
organic substances and 17 quantum descriptors. Quantum chemical descriptors were obtained by 
using Gaussian 09 and Material Studio 6.1, including μ, EB3LYP, q(CH+), q(C–), q(H+), ELUMO, EHOMO, 
bond order and Fukui indices. A set of 18 compounds were used as training set to develop models 
and 4 compounds were used as test set for external validation. Three optimal models were selected 
in three conditions, respectively. In the models, energy of the highest occupied molecular orbital 
(EHOMO) and Fukui indices appeared in all the conditions, indicating the two quantum descriptors 
play the important role during the oxidation process. Based on the evaluation criteria, model 4 in the 
acid condition was recommended and exhibited optimum stability and predictive ability. The equa-
tion of model 4 is ln k’ = 0.53 + 0.22 μ + 14.26 EHOMO + 4.89 q(H+) – 18.21 f(0)x, the results also indicate 
that the dipole moment (μ) is much more closely related to the value of ln k’ than other quantum 
descriptors in potassium permanganate oxidation process. 

Keywards: �Organic compounds; Potassium permanganate oxidation; QSAR; Quantum chemical  
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1. Introduction

A variety of organic pollutants have been increas-
ingly emerged in wastewater, the composition of organic 
pollutions is complicated and diverse, the pollutants also 
increase difficulties to degrade them by biological, phys-
ical, and chemical treatment technology [1–3] because of 
their complicated structures, including double bonds, 
activated aromatic rings, specific ring atoms, etc. [4,5]. 
Increasing attention has been paid to the advanced oxi-
dation processes (AOPs) wastewater treatment methods 

in recent years, due to its simple operation, fast reaction 
kinetics and high efficiency for pollution control [6]. But 
the AOPs mainly depend on the hydroxyl radical which 
is produced by the oxidant during the reaction process, 
and it is stricter for the reaction condition. Compared 
with AOPs in water treatment, potassium permanganate, 
as a metal–oxo reagent, has less limitation as an oxidant, 
and may be more practical as an addible oxidant and 
does not apparently rely on generating a hydroxyl rad-
ical to oxidize the organic compounds, and has higher 
efficiency in water treatment. Former researchers focused 
on more than a century to indicate that the double car-
bon-carbon bond could be attacked powerfully by metal–
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oxo reagents [7]. Schnarr et al. [8] observed that more 
than 90% of the TCE and PCE were degraded after using 
aqueous permanganate. Pang et al. [9] found that the 
most widely used brominated flame retardants tetrabro-
mobisphenol A (TBrBPA) could be readily transformed 
to several dimeric products by potassium permanganate. 
Rachel and Paul [10] explored the kinetics of particular 
contaminants by permanganate, their results suggested 
that the MnO4

– had great influence on the 24 contami-
nants they selected. In addition, it is well known that the 
structure of a molecule greatly influences the degrada-
tion of a compound. Ruppert et al. [11] found out that 
the structures of some organic pollutants had obviously 
influenced the results during the way they were miner-
alized by OH-radicals. Ren et al. [12] studied the degra-
dation reactivity mechanism of 116 diverse compounds 
by using structure descriptors. It is of great significance 
to study the degradation of compounds by using their 
structures.

Quantitative Structure Activity Relationship (QSAR) 
analysis as a theoretical predicted method has the advan-
tages of rapid and cost-effective, it is used to alternate 
to traditional analytical methods and has attracted great 
attentions in the last several years [13,14]. It provides 
intuitively understanding of the relationship between 
degradation behaviors and structure of a molecule. 
Moreover, quantum chemical descriptors influence the 
effects of degradation indeed and have been considered 
recently [15]. Energy of the highest occupied molecu-
lar orbital (EHOMO) and energy of the lowest unoccupied 
molecular orbital (ELUMO) were reported to influence the 
oxidation at the molecular orbital level [16]. Fukui indices 
were defined as the derivative of electron density with 
respect to the number of electrons at constant molecular 
geometry, and results showed that Fukui indices were 
the crucial region selectivity indicators in chemical reac-
tions [17,18]. It is meaningful to set up some relation-
ships between the degradation behaviors and structure 
of molecule by using quantum chemical descriptors. In 
fact, several QSAR models were reported to estimate this 
relationship, Li et al. [19] established a model by using 
14 quantum chemical descriptors, dragon descriptors 
and structural fragments. Zhu et al. [20] developed some 
models by using 17 quantum chemical descriptors in ozo-
nation process. Jia et al. [21] built a model by 13 molec-
ular descriptors in Fenton process. But QSAR models 
for the degradation of organic compounds have seldom 
been developed in potassium permanganate oxidation, 
and the relationship between kinetics and the structure 
of molecules in potassium permanganate system is still 
rarely reported. 

In this work, experiments were carried out for the 
kinetics on 22 different kinds of organic compounds with 
various structures in three conditions and QSAR models 
were developed for the relationship between the reaction 
rate constants and quantum chemical descriptors. It is our 
emphasis to develop appropriate models in different condi-
tions, estimate the reaction rates of organic compounds in 
potassium permanganate system, explore the difference of 
degradation mechanism among three conditions and find 
out the best condition for the degradation in potassium per-
manganate system.

2. Experimental and computation methods

2.1. Experimental methods

22 widely used organic compounds were selected as 
experimental materials, including rhodamine B, methylene 
blue, nitrobenzene and other different compounds. They 
were used to study the relationship between reaction rate 
constants and the structural descriptors. All experiments 
were conducted in 2000 mL reactors at the temperature of 
298.15 K at pH = 3 ± 0.1, pH = 7 ± 0.1 and pH = 10 ± 0.1. The 
initial concentration of each organic compound solution 
was 100 mg/L. Potassium permanganate (AR, Sinopharm 
Chemical Reagent Co., Ltd.) was used as oxidant. The mole 
ratio of each organic compound and potassium permanga-
nate was 1:20, and saturated solution of sodium sulfite was 
used for terminating the reaction. All other reagents were 
analytical pure. During the reaction process, we detected 
the concentrations of each organic compound at different 
residence time. Firstly, the samples were filtered through a 
membrane of 0.45 μm filters to remove the manganese diox-
ide precipitates which was formed in the reaction process. 
Then UV spectrophotometer (UV-1600, Shanghai Mapada 
Instruments Co., Ltd.) was used to analyze the concentra-
tions changes of organic compounds at their maximum 
absorption wavelengths. At last, the reaction rate constants 
were obtained from the chemical reaction rate equation.

2.2. Computation details

All calculations of the 22 organic compounds were car-
ried out by Gaussian 09 (DFT B3LYP/6-311G level) and 
Material Studio 6.1 (Dmol3/GGA-BLYP/DNP (3.5) basis). 
The total energy (EB3LYP) calculations of the optimized geom-
etries were based on B3LYP method. The structures of 22 
chemicals were optimized based on density functional the-
ory (DFT) B3LYP/6-311G method using Gaussian 09. The 
frequency calculations were performed to ensure they 
were at the minimum potential energy surface. Exchange 
and correlation terms were considered with a B3LYP func-
tion (6-311G basis set). Then the natural population anal-
ysis (NPA) of atomic charge was obtained by the same 
method, at last, the values of quantum descriptors were 
obtained from the Gaussian 09 output files. The quantum 
chemical descriptors include dipole moment (μ), the total 
energy of a molecule EB3LYP, most positive partial charge on 
a hydrogen atom (qH+), minimum and maximum negative 
partial charge on a carbon atom (q(C–)n/q(C–)x), minimum 
and maximum positive partial charge on a hydrogen atom 
linked with a carbon atom (q(CH+)n/q(CH+)x), EHOMO and 
ELUMO.

Other descriptors including bond order (BO) and Fukui 
indices (f(+), f(–) and f(0)) were calculated by Material 
Studio 6.1. Bond order is the number of chemical bonds 
between a pair of atoms, suggesting the stability of a bond. 
Molecule tends to be more stable if the BO is larger when 
BO is smaller than 4 [22]. BOx and BOn refer to the maxi-
mum and minimum of bond order values in the molecule, 
respectively. Fukui indices are defined as the derivative of 
the electron density with respect to the number of electrons 
at constant molecular geometry [23,24]. They are key factors 
to describe the decomposition sequence of molecular struc-
ture in the oxidation process.
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Eqs. (1)–(3) are three main basis points of Fukui indices.

( ) ( ) ( )1f N r N rρ ρ+ = + − � (1)

( ) ( ) ( )1f N r N rρ ρ− = − − � (2)

( ) ( ) ( )1
0 1 1

2
f N r N rρ ρ= + − −   � (3)

where ρN+1(r), ρN(r), ρN-1(r) are the electron densities of 
the N+1, N, N-1 electron system, respectively.

Fukui indices (f(+)x, f(–)x and f(0)x) express the affinity 
with nucleophilic attack, electrophilic attack and radical 
attack, f(+)n, f(–)n and f(0)n stand for the minimum values 
on main-chain carbon atom, they are significant for anal-
ysis of site reactive selectivity among the oxidation paths. 
All calculations and localized double numerical basis 
set with polarization functional (DNP) were adopted, as 
implemented in DMol3 code in the Material Studio 6.1. The 
self-consistent field procedure was carried out with a con-
vergence criterion of 10–6 Ha. on energy and electron den-
sity. Density mixing was set at 0.2 charge and 0.5 spin. The 
smearing of electronic occupations was set as 5 × 10–3 Ha. 
22 kinds of compounds were geometry optimized with the 
same setup.

2.3. QSAR model construction and validation methods

Stepwise regression procedure was used to build QSAR 
models by SPSS 20.0 for Windows software program. The 
quality of developed QSAR models were evaluated in 
accordance with the squared regression coefficient (R2), 
the standard deviation (SD), the t test, the Fisher test and 
Root Mean Square Error (RMSE). To validate the models, 
both of the internal validation (q2) and the external vali-
dation (Q2

EXT) were performed by the leave one out (LOO) 
cross-validation. Y- Randomization validation and ϒ2

m vali-
dation were also carried out to validate the models. 

3. Results and discussion

3.1. Experiment results

The potassium permanganate degradation process of 
22 organic compounds can be illustrated as equation below.

Organic compounds + Potassium permanganate →  
Ps (products and intermediates)� (4)

Based on Eq. (4), the potassium permanganate degrada-
tion rate equation can be explained as follows

m nt
t p

dC
kC C

dt
− = � (5)

where Ct (mol/L) and Cp (mol/L) are the concentrations of 
organic compounds and potassium permanganate in aque-
ous solution, respectively; t is the reaction time; k is the reac-
tion rate constant, m and n are the reaction orders of organic 
compounds and potassium permanganate, respectively. 
Since the concentration of potassium permanganate is suf-

ficient during the oxidation process, it can be regarded as a 
constant, assuming that Cp has no influence on the potas-
sium permanganate diffusion rate under stirring in aque-
ous solution. Thus Eq. (5) can be simplified as Eq. (6).

’ mt
t

dC
k C

dt
− = � (6)

where k’ is an apparent reaction rate constants and m is the 
total reaction order.

When the total reaction order m is one, the reaction 
equation can be shown as Eq. (7)

0 ’
t

C
ln k t

C

 
 =
 

� (7)

where C0 is the initial concentration of organic compounds 
in the reaction system 

The relationship between the reaction rate constants 
of colour removal and residence time of 22 organic com-
pounds were investigated during the oxidation process, the 
k’ value of each compound was calculated from the linear 
regression of ln(C0/Ct) versus reaction time. In all condi-
tions, the plots of ln(C0/Ct) versus time were linear, indicat-
ing that the reaction rate followed the first-order reaction. 
The results are shown in the following figures and k’ val-
ues are listed in Table 1. Fig. 1a shows the reaction rate 
constants in acid condition, from the two figures, we can 
easily find that k’ value of each compound is distinguished 

Table 1
k’ values of 22 organic compounds in three pH conditions

Compounds k’

pH = 3 pH = 7 pH = 10
Phloroglucinol 0.094 0.026 0.073
Dibutyl phthalate 0.036 0.032 0.167
Rhodamine B 2.712 0.098 0.456
Isatin 0.098 0.082 0.102
Methylene blue 1.267 0.342 0.385
Eriochrome blue black R 0.482 1.912 0.577
Metanil yellow 0.892 1.985 1.300
Dimethyl phthalate 0.042 0.066 0.054
Bromophenol blue 0.970 0.866 0.525
o-phthalic acid 0.256 0.123 0.179
Crystal violet 2.355 0.797 2.178
3,4-dichloroaniline 2.168 0.734 0.412
Basic fuchsin 3.327 0.699 2.972
Nitrobenzene 0.135 0.126 0.040
Orange G 0.367 2.501 0.572
Methyl orange 0.683 1.150 1.354
2,4-dichlorophenol 0.091 0.860 0.095
Azure i 2.199 0.849 0.277
Diethyl phthalate 0.026 0.124 0.224
5-chloro-2-methylaniline 0.071 0.093 0.124
Indigo 1.355 0.543 2.968
Aniline 0.135 0.333 2.066
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obviously, which is an important parameter to evaluate the 
reaction. It ranges from 0.026 (diethyl phthalate) to 3.327 
(basic fuchsin) among 22 organic compounds. The largest 
reaction rate is more than 127 times larger than that of the 
smallest one. Fig. 1b shows the reaction rate constants in 

the condition of neutral solution, the k’ value ranges from 
0.026 (phloroglucinol) to 2.501 (orange G), the difference 
of k’ value of the two organic compounds is more than 96 
times, Fig. 1c shows the reaction rate constants in alkaline 
condition, the largest reaction rate and the smallest reaction 
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Fig. 1a. The reaction rate constants of colour removal in acid condition.
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Fig. 1b. The reaction rate constants of colour removal in neutral condition.
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Fig. 1c .The reaction rate constants of colour removal in alkaline condition.
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rate constant are 2.972 (basic fuchsin) and 0.040 (nitroben-
zene), respectively. The largest reaction rate is more than 74 
times larger than that of the smallest one. From the changes 
of k’ value in three conditions, we can easily  identify that 
the selected compounds have huge diversity of their struc-
tures, from Table 1, we can also find out each compound 
has different reaction rate values in different conditions, 
some organic compounds have huge or small reaction rate 
in acid condition but have small or huge reaction rate in 
other two conditions. For example, the reaction rate con-
stant of methylene blue in three conditions are 1.267, 0.342 
and 0.385, respectively. On the contrary, the reaction rate 
constant of orange G in three conditions are 0.367, 2.501 and 
0.572, respectively. Since all the compounds we selected are 
different and diverse, and each compound exhibits differ-
ent reaction rate in three conditions, it is meaningful to set 
up a QSAR model with universal applicability to predict 
the reaction rate of compounds with various structures 
in acid, neutral and alkaline conditions, respectively. Sev-
eral studies have been published about QSAR analysis 
in recent years, among their results, most substances are 
homologue or have the similar structures. Sudhakaran et 
al. [16] investigated 22 pharmaceuticals and personal care 
products (PPCPs) using QSAR method, results showed that 
only ELUMO–EHOMO had great influence on the degradation 
of PPCPs. Liu et al. [25] researched 26 kinds of substituted 
phenols by QSAR analysis, and proposed some basic prin-
ciples of related chemical reactions. There is a major lim-
itation in application and promotion, and QSAR model in 
their studies is not appropriate for different compounds 

with different structures. Consequently, we selected 22 dif-
ferent kinds of organic compounds with various structures 
to find out some appropriate QSAR models for potassium 
permanganate oxidative system in different pH conditions.

3.2. Computation results

22 organic compounds and their 17 respective quantum 
descriptors are listed in Table 2. q(H+) is obtained by NPA 
method, which refers to maximum positive partial charge 
on a hydrogen atom. The value of q(H+) ranges from 0.217e 
(methyl orange) to 0.497e (eriochromeblue black R) with 
the average value of 0.367e. q(C–)x and q(C–)n are the most 
negative partial charge on a main-chain carbon atom in 
the molecule, q(C–)x and q(C–)n have the average values of 
0.293e and –0.330e, respectively. Specifically, the maximum 
of q(C–)x and q(C–)n are 0.511e and –0.177e, while the mini-
mum of them are 0.061e and –0.591e. The average of dipole 
moment (μ) is 5.527 Debye, it should be noticed that the dif-
ference between the largest and the smallest value is 14.686 
Debye, suggesting the polarity has the huge difference in 
each organic compound. The larger dipole moment is, the 
larger polarity is. EHOMO and ELUMO are acronyms for energy 
of the highest occupied molecular orbital and the lowest 
unoccupied molecular orbital, respectively. As shown in 
Table 2, the average of EHOMO and ELUMO are –0.232 eV and 
–0.058 eV, respectively. EHOMO value ranges from –0.284 eV 
(methyl orange) to –0.151 eV (crystal violet), while ELUMO 
value ranges from –0.140 eV (nitrobenzene) to 0.010 eV 

Table 2
17 quantum descriptors of 22 kinds of organic compounds

Organic compounds μ(Debye) q(CH+)x(e) q(CH+)n(e) q(C–)x(e) q(C–)n(e) ELUMO(eV) EHOMO(eV) q(H+)(e)

Phloroglucinol 2.686 0.228 0.193 0.376 –0.411 0.010 –0.222 0.462 
Dibutyl phthalate 0.791 0.221 0.174 0.423 –0.560 –0.059 –0.266 0.221 
Rhodamine B 8.788 0.280 0.190 0.438 –0.581 –0.012 –0.229 0.482 
Isatin 4.622 0.219 0.206 0.217 –0.254 –0.105 –0.249 0.409 
Methylene blue 12.083 0.239 0.191 0.256 –0.360 –0.127 –0.173 0.239 
Eriochromeblue black R 7.110 0.248 0.176 0.453 –0.271 –0.009 –0.276 0.497 
Metanil yellow 3.686 0.240 0.199 0.197 –0.248 –0.072 –0.196 0.382 
Dimethyl phthalate 1.244 0.238 0.177 0.164 –0.201 –0.073 –0.269 0.238 
Bromophenol blue 7.656 0.245 0.212 0.290 –0.257 –0.068 –0.252 0.479 
o-phthalic acid 0.077 0.234 0.208 0.153 –0.177 –0.081 –0.275 0.478 
Crystal violet 14.763 0.271 0.186 0.261 –0.383 –0.101 –0.151 0.271 
3,4-dichloroaniline 5.034 0.219 0.204 0.201 –0.279 –0.027 –0.215 0.381 
Basic fuchsin 8.116 0.205 0.166 0.203 –0.591 –0.087 –0.183 0.383 
Nitrobenzene 4.541 0.238 0.208 0.061 –0.191 –0.140 –0.276 0.238 
Orange G 3.932 0.262 0.196 0.350 –0.265 –0.071 –0.195 0.458 
Methyl orange 8.801 0.217 0.136 0.254 –0.287 –0.009 –0.284 0.217 
2,4-dichlorophenol 1.140 0.235 0.223 0.306 –0.243 –0.040 –0.243 0.476 
Azure i 14.245 0.226 0.166 0.477 –0.296 –0.016 –0.279 0.384 
Diethyl phthalate 1.511 0.234 0.180 0.469 –0.584 –0.072 –0.266 0.234 
5-chloro-2-methylaniline 3.827 0.216 0.199 0.205 –0.291 –0.010 –0.208 0.383 
Indigo 5.235 0.219 0.203 0.511 –0.257 –0.099 –0.204 0.388 
Aniline 1.715 0.198 0.193 0.190 –0.266 0.001 –0.198 0.376 
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(phloroglucinol). EB3LYP stands for the total energy of a mole-
cule, it has an increasing tendency when the relative molec-
ular mass getting lower. Specifically, the values of EB3LYP for 
phloroglucinol (molecular masses 126.11) and nitrobenzene 
(molecular masses 123.11) are much lower than those of 
other organic molecules.

Bond order (BOx and BOn) and fukui indices of 22 
organic compounds in this study were calculated by Mate-
rial Studio 6.1. It can be seen from Table 2, the largest BOx 
value is 1.620 (basic fuchsin) while the smallest value is 
0.985 (dimethyl phthalate), with the difference of 0.635. 
And the largest and smallest BOn values are 1.377 (dimethyl 
phthalate) and 0.878 (isatin). As for f(+)x, the largest value 
reaches 0.124e (aniline), while the smallest value is 0.034e 
(azure l ), the average value is 0.077e. The average values 
of f(–)x and f(0)x are 0.059e and 0.063e, respectively, the larg-
est values of f(–)x and f(0)x are 0.125e (aniline) and 0.102e 
(phloroglucinol), respectively, while the smallest values are 
0.032e (methyl orange) and 0.033e (azure I), respectively. 
The average values of f(+)n, f(–)n and f(0)n are 0.020e, 0.016e 
and 0.022e, respectively. The differences of the largest and 
smallest f(+)n, f(–)n and f(0)n are 0.095e, 0.073e and 0.098e, 
respectively. From Table 2, it is easy to find out that ani-
line and phloroglucinol always have high values in the six 
Fukui indices.

3.3. Construction of QSAR models

22 investigated organic compounds were divided into 
two groups: training set and test set. As the ln k’ values in 

this study were different, and ln k’ values of the compounds 
in two sets should cover a range as wide as possible. In view 
of our previous study , the test set was randomly selected 
with interval of five [21]. Therefore, we chose four com-
pounds as the test set which have both large and small val-
ues in different pH conditions, and others as the training 
set. The calculated quantum descriptors of 18 compounds 
in training set and ln k’ were taken as independent vari-
ables and dependent variable, respectively. Consequently, 
12 QSAR models were obtained by using MLR analysis and 
listed in Tables 3–5.

The models along with the associated statistical indi-
ces (squared regression coefficient R2, standard deviations 
SD, LOO cross-validation (q2), F value, sig. values and root 
mean square error (RMSE)) are listed in the Table 3 to Table 
5. The optimum equation is testified by comparing R2 and 
q2. In the acid condition, the values of R2 increase with the 
number of variables from 0.616 to 0.800. And internal vali-
dation q2 has the same tendency of R2, with the values rang-
ing from 0.499 to 0.626. In the neutral condition, R2 of four 
developed models are 0.279, 0.592, 0.705 and 0.747, respec-
tively. The internal validation q2 ranges from 0.163 to 0.406. 
In the alkaline condition, the largest R2 value and the small-
est R2 value are 0.803 and 0.373, while q2 values are 0.529 
and 0.239, respectively. Both of the largest q2 values in acid 
and alkaline conditions are larger than the standard value 
(0.5). All the F values have the opposite tendency with the 
increase of variables. The smaller F value is, the more rea-
sonable equation is. The sig. values of all the models are 
less than 0.05, which indicates the equations are accurate. 

Table 2
17 quantum descriptors of 22 kinds of organic compounds

Organic compounds BOx BOn f(+)x(e) f(+)n(e) f(–)x(e) f(–)n(e) f(0)x(e) f(0)n(e) EB3LYP(kcal/mol)

Phloroglucinol 1.336 1.310 0.090 0.087 0.098 0.058 0.102 0.074 –458.040 
Dibutyl phthalate 1.380 0.960 0.074 0.002 0.044 0.003 0.057 0.003 –924.130 
Rhodamine B 1.530 0.962 0.063 –0.005 0.038 –0.007 0.062 –0.006 –1881.430 
Isatin 1.392 0.878 0.119 0.026 0.076 0.017 0.096 0.025 –513.200 
Methylene blue 1.418 1.038 0.037 0.009 0.037 0.010 0.036 0.012 –1643.400 
Eriochrome blue black R 1.532 1.187 0.046 0.001 0.039 0.005 0.046 0.007 –1807.770 
Metanil yellow 1.468 1.296 0.048 0.001 0.042 0.004 0.042 0.003 –1645.010 
Dimethyl phthalate 0.985 1.377 0.076 0.019 0.045 0.011 0.058 0.020 –688.160 
Bromophenol blue 1.405 0.950 0.095 –0.008 0.039 –0.010 0.053 0.002 –11801.150 
o-phthalic acid 1.377 0.989 0.078 0.045 0.077 0.011 0.061 0.037 –609.540 
Crystal violet 1.503 1.103 0.053 0.002 0.050 0.007 0.051 0.007 –1595.460 
3,4-dichloroaniline 1.425 1.272 0.113 0.035 0.081 0.038 0.090 0.050 –1206.920 
Basic fuchsin 1.620 1.006 0.073 0.006 0.046 0.008 0.056 0.008 –937.930 
Nitrobenzene 1.390 1.323 0.094 0.035 0.060 –0.002 0.077 0.016 –436.860 
Orange G 1.514 1.198 0.063 0.010 0.047 0.005 0.055 0.006 –2373.120 
Methyl orange 1.459 1.312 0.046 0.015 0.032 0.016 0.038 0.015 –1485.780 
2,4-dichlorophenol 1.401 1.259 0.119 0.041 0.079 0.049 0.092 0.060 –1226.790 
Azureⅰ 1.579 1.045 0.034 0.014 0.033 0.012 0.033 0.012 –1597.480 
Diethyl phthalate 1.380 0.983 0.075 0.008 0.044 0.010 0.057 0.009 –766.820 
5-chloro-2-methylaniline 1.379 1.003 0.117 0.026 0.116 0.022 0.085 0.024 –786.630 
Indigo 1.421 0.964 0.058 0.013 0.050 0.012 0.044 0.016 –875.880 
Aniline 1.414 1.288 0.124 0.048 0.125 0.063 0.099 0.092 –287.680



Z. Cheng et al. / Desalination and Water Treatment 87 (2017) 257–267 263

According to previous studies of our team, a good QSAR 
model usually had three or four independent variables 
[26]. Besides, the equations with four variables have the 
minimum SD values and RMSE values in three pH condi-
tions, which demonstrated the equations we selected have 
the smallest deviation and dispersion and high statistical 
significance. Thus, the equations with four variables were 
selected as the optimum equations. Based on the evaluation 
criteria above, we can consider the model 4, model 8 and 
model 12 in the following tables are reasonable although 
the q2 value of model 8 cannot satisfy the internal evalua-
tion criteria. In addition, the difference between predicted 
values and experimental values for reaction rate constants 
of the most suitable models in three conditions can be seen 
from Fig. 2a, Fig. 2b and Fig. 2c, respectively. 

3.4. Analysis and discussion of derived models

For the acid condition, the derived model contains four 
variables μ, EHOMO, q(H+) and f(0)x. Each descriptor plays an 
important role in the degradation process. According to the 
equation of model 4, lnk’ increases with μ, EHOMO and q(H+), 
the larger the former three descriptors are, the larger ln k’ 
will be. And it is easier for 18 compounds to be degraded 
with larger μ, EHOMO and q(H+) values, and vice versa. EHOMO 
is one of the frontier molecular orbitals, which is widely 
used in developing QSAR models for studying the various 
mechanisms of organic compounds [27]. Compounds with 

high EHOMO values indicating that the electrons of molecu-
lar orbital are instability, and easier to lose. The descriptor 
q(H+) reflects the characteristic of the charge distribution 
of a molecule. It is related to the maximum positive partial 
charge on a hydrogen atom in the molecule that is usually 
connected to the electron withdrawing [28]. Furthermore, 
ln k’ decreases with f(0)x. When f(0)x is larger, it is harder 
for C–H bonds of aliphatic hydrocarbons and N–H bonds 
of amines to be ruptured. Compounds with high f(0)x val-
ues have strong tolerance to be oxidized because they have 
a higher barrier to be attacked. Hence, when the f(0)x val-
ues of organic compounds are larger, they are harder to be 
attacked and then degraded slowly.

In the neutral condition, the selected model also con-
sists of four variables (BOx, q(C–)n, f(+)n and EHOMO), BOx 
means the maximum of chemical bonds between a pair of 
atoms in a molecule, we can contrast Table 1 and Table 2, the 
larger BOx value is, the larger k’ value will be, expect basic 
fuchsin, the BOx value of basic fuchsin is 1.620, while the 
k’ value is 0.699. q(C–)n means characteristic of the charge 
distribution of C–C bond and has a bearing on the most 
negatively charged atom in a molecule. When the q(C–)n is 
lower, the carbon atom has more negative values than that 
of other carbon atoms and degraded slowly. For instance, 
basic fuchsin has the smallest q(C–)n value, leading to its low 
reaction rate(0.066). EHOMO is positively correlated with ln k’, 
while f(+)n is negatively correlated with ln k’. 

In the alkaline condition. The optimum model includes 
four variables, EHOMO, f(0)x, q(CH+)x and ELUMO. From model 

Table 3
Regression models for calculating lnk’ of organic compounds in acid condition

No. Model R2 SD q2 F Sig. RMSE

1 ln k’ = –2.73 + 0.31 μ 0.616 1.063 0.499 25.701 0.000 1.132
2 ln k’ = 0.65 + 0.29 μ + 13.74 EHOMO 0.715 0.947 0.482 18.775 0.000 0.898
3 ln k’ = –1.11 + 0.28 μ + 11.97 EHOMO + 3.79 q(H+) 0.764 0.891 0.562 15.132 0.000 0.794
4 ln k’ = 0.53 + 0.22 μ + 14.26 EHOMO + 4.89 q(H+) – 18.21f(0)x 0.800 0.851 0.626 13.029 0.000 0.724

Table 4
Regression models for calculating lnk’ of organic compounds in neutral condition

No. Model R2 SD q2 F Sig. RMSE

5 ln k’ = –8.94 + 5.49BOx 0.279 1.212 0.163 12.211 0.008 1.469
6 ln k’ = –9.83 + 7.52BOx + 5.84q(C–)n 0.592 0.942 0.202 11.128 0.001 0.888
7 ln k’ = –7.09 + 6.57BOx + 5.91q(C–)n – 21.42f(+)n 0.705 0.829 0.208 10.861 0.000 0.699
8 lln k’ = –3.86 + 5.84BOx + 6.13q(C–)n – 24.88f(+)n+8.01EHOMO 0.747 0.795 0.406 9.620 0.000 0.681

Table 5
Regression models for calculating lnk’ of organic compounds in alkaline condition

No. Model R2 SD q2 F sig. RMSE

9 ln k’ = 4.36 + 22.34EHOMO 0.373 1.155 0.239 14.530 0.007 1.335
10 ln k’ = 7.24 + 25.38EHOMO – 33.60f(0)x 0.653 0.887 0.446 14.129 0.000 0.788
11 ln k’ = 12.84 + 26.39EHOMO – 39.02f(0)x – 21.60q(CH+)x 0.744 0.789 0.518 13.572 0.000 0.623
12 ln k’ = 13.62 + 27.88EHOMO – 41.19f(0)x – 20.96q(CH+)x + 8.10 ELUMO 0.803 0.710 0.529 13.228 0.000 0.517
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12, we can discover that ln k’ increases with EHOMO and 
ELUMO, while decreases with f(0)x and q(CH+)x. It means that 
there is a negative correlation relationship between ln k’ and 
q(CH+)x. For example, the calculated q(CH+)x value of ani-
line is the lowest (0.198e), resulted the fast reaction rate with 
k’ value of 2.066.

Compared with the optimum models we selected, all 
of the three models contain EHOMO and Fukui indices, indi-
cating that the energy of the highest occupied molecular 
orbital and the electronic layout are the most important fac-
tors in potassium permanganate degradation process, even 
though there is a little difference, they are all a part of Fukui 
indices. f(0)x appears in both acid condition and alkaline 
condition, indicating that the whole radical was attacked 
by potassium permanganate in acid and alkaline condi-
tions, while f(+)n influences the reaction rate in the neutral 
condition, suggesting that nucleophilic attack is preferred 
in neutral condition. We can also see from the equations 
that all of the Fukui indices have negative correlation with 
the reaction rate and EHOMO has positive correlation with 
the reaction rate. Besides, Table 6 to Table 8 show the pair-
wise correlation coefficients of lnk’ and independent vari-
ables, and the correlation coefficients of each independent 

0 2 4 6 8 10 12 14 16 18 20 22 24

-4

-3

-2

-1

0

1

2

3

         Model 4
 Observed lnk’
 Training Set

      Test Set

ln
k’

Number
(a)  

0 2 4 6 8 10 12 14 16 18 20 22 24

-4

-3

-2

-1

0

1

2

ln
k’

Number
(b)

         Model 8
 Observed lnk’
 Training Set

      Test Set

-2 0 2 4 6 8 10 12 14 16 18 20 22 24
-4

-3

-2

-1

0

1

2

ln
k’

Number
(c)

         Model 12
 Observed lnk’
 Training Set

      Test Set

Fig. 2. Predicted values vs. experimental values of ln k’ for selected models.

Table 6
Correlation coefficient matrix for variables of model 4

ln k’ μ EHOMO q(H+) f(0)x

ln k’ 1.000
μ 0.761 1.000
EHOMO 0.419 0.292 1.000
q(H+) 0.233 –0.106 0.054 1.000
f(0)x –0.466 –0.530 0.052 0.273 1.000

Table 7
Correlation coefficient matrix for variables of model 8

ln k’ BOx q(C–)n f(+)n EHOMO

ln k’ 1.000  
BOx 0.553 1.000
q(C–)n 0.291 –0.316 1.000
f(+)n –0.416 –0.318 0.285 1.000
EHOMO 0.207 0.280 –0.183 –0.063 1.000
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variable. From the tables, we can find that the correlation 
coefficients order between ln k’ and independent variables 
in three conditions are different, for the acid condition, 
the order is μ (0.761)> f(0)x (–0.466) > EHOMO (0.419)> q(H+) 
(0.233), the order in neutral condition is BOx (0.553)> f(+)n 
(–0.416)>q(C–)n (0.291)>EHOMO (0.207), the order in alkaline is 
as follows: EHOMO (0.537)> f(0)x (–0.431)>q(CH+)x (0.052)>ELUMO 
(0.038). The most important factors in three conditions are 
μ, BOx and EHOMO, respectively. Generally, electric charge 
also influences the degradation in three conditions, specif-
ically, the positive partial charge on hydrogen atom affects 
the degradation in acid condition, for the neutral condition 
the negative partial charge on a carbon atom is important, 
while the positive partial charge on a hydrogen atom linked 
with a carbon atom influences the degradation in alkaline 
condition. 

3.5. Validation of models

To test the significance and stability of each variable in 
each model, the standard regression coefficients and t test 
were carried out by SPSS 20.0. The results are displayed in 
Table 9. All the absolute t values are larger than the stan-
dard one (1.740) except the t value of EHOMO in model 8 and t 
value of q(CH+)x in model 12. All the sig. values are smaller 
than 0.05. Moreover, multicollinearity between the variables 
of each model was checked by calculating their variation 
inflation factors (VIF) to evaluate the correlation degree of 
each independent variable in the models [29]. The equation 
of VIF is VIF=1/(1–r2), in which r is the correlation coeffi-
cient of multiple regression between one variable and the 
others in the equation. If VIF = 0, there is no inter correlation 
in each variable; If VIF ranges from 1.0 to 5.0, the relevant 
equation is acceptable; If VIF is larger than 10.0, the regres-
sion equation is unstable and need to recheck. According to 
Table 9, all VIF values of variables are larger than 1.0 but far 
less than 5.0, the max-VIF values for each model are 1.623, 
1.260 and 1.188, respectively, which suggest that the vari-
ables of models do not have multicollinearity. 

Y- Randomization test was also used to examine whether 
the models are robust and statistical or not. The ln k’ values 
were randomly shuffled and as the dependent variable, a 
new model was developed using original independent vari-
able matrix. After ten times of repetition, the derived R2 and 
q2 values are expected to be lower than those of the original 
models. As shown in Table 10, all of the R2 and q2 values are 
much smaller than the original values. From the results, we 
can consider that the original models in this study have no 
possibility of chance correlation and show good robustness.

Besides, four organic compounds were selected as the 
test set, including methylene blue, o-phthalic acid, orange 
G and 5-chloro-2-methylaniline. External validation (Q2

EXT
 ) 

was employed for evaluating the predictive potential of the 
developed models. Research [30] showed that if the values 
of Q2

EXT were larger than 0.5, the model can be considered 
as predictive, robust and acceptable. The Q2

EXT values of the 
three models are 0.997, 0.314 and 0.264, respectively. 

Another metric r2
m was calculated to validate the predic-

tion ability of the models as well. Roy et al. [31] suggested 
that we can use the stricter statistical parameters (r2

m, r2
m, r’2

m 

and rm
2) to avoid over estimation of the models. If Δr2

m <0.2, 
r2

m, r’2
m, and rm

2
 are all larger than 0.5, the models we devel-

oped have good prediction, otherwise the models cannot 
be accepted [32]. The results are showed in Table 11, we can 
clearly see that only model 4 satisfy the verification. 

Therefore, from the validations we mentioned above, 
we can cognizance that only the model in acid condition 
can be considered as qualified.

Table 8
Correlation coefficient matrix for variables of model 12

ln k’ EHOMO f(0)x q(CH+)x ELUMO

ln k’ 1.000      
EHOMO 0.537 1.000
f(0)x –0.431 –0.052 1.000
q(CH+)x 0.052 0.099 –0.312 1.000
ELUMO 0.038 –0.188 0.261 –0.159 1.000

Table 9
Checking statistical values for model 4, model 8 and model 12

Regression 
coefficients

t sig. VIF

Model 4 μ 0.22 ± 0.991 3.847 0.001 1.623
EHOMO 14.26 ± 0.039 1.861 0.008 1.170
q(H+) 4.89 ± 0.100 2.837 0.011 1.084
f(0)x –18.21 ± 0.023 –1.750 0.030 1.581

Model 8 BOx 5.84 ± 0.573 3.867 0.001 1.260
q(C–)n 6.13 ± 0.617 4.316 0.000 1.174
f(+)n 24.88 ± 0.398 –2.795 0.012 1.164
EHOMO 8.01 ± 0.175 1.263 0.024 1.100

Model 12 EHOMO 27.88 ± 0.648 4.315 0.000 1.060
f(0)x –41.19 ± 0.620 –3.902 0.001 1.188
q(CH+)x –20.96 ± 0.266 –1.714 0.005 1.129
ELUMO 8.10 ± 0.278 –1.800 0.009 1.126

Table 10
Y-Randomization results of three models

Iteration Model 4 Model 8 Model 12

R2 q2 R2 q2 R2 q2

Original 0.800 0.626 0.747 0.406 0.803 0.529
1 0.017 0.135 0.372 0.077 0.091 0.263
2 0.056 0.317 0.248 0.016 0.095 0.230
3 0.362 0.013 0.438 0.131 0.360 0.027
4 0.263 0.005 0.278 0.012 0.437 0.105
5 0.079 0.281 0.018 0.280 0.156 0.171
6 0.099 0.176 0.060 0.308 0.104 0.396
7 0.092 0.223 0.065 0.339 0.086 0.385
8 0.129 0.139 0.127 0.046 0.112 0.289
9 0.130 0.154 0.115 0.062 0.146 0.156
10 0.076 0.295 0.128 0.057 0.080 0.218
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4. Conclusions

Based on the experimental data, reaction rate constants of 
22 organic compounds were calculated in acid, neutral and 
alkaline conditions, the reaction rate was determined as the 
first-order reaction, QSAR models for potassium permanga-
nate system were constructed by 17 quantum descriptors of 
22 organic compounds which were calculated by Gaussian 
09 and Material Studio 6.1 using multiple linear regression 
analysis. μ, EHOMO, ELUMO, q(H+), q(C–)n, q(CH+)x, BOx and 
Fukui indices were important factors in QSAR models in 
different conditions. EHOMO and Fukui indices appeared in 
all the selected models which indicated that the two factors 
were the most important properties in potassium perman-
ganate oxidation process. However, among the 12 models, 
model 4 which was developed in acid condition satisfied all 
the criteria with R2=0.800, q2=0.626, F=13.029, SD=0.851, 
Q2

EXT=0.997. The results of t test, VIF test, Y-Randomization 
validation and r2

m  validation also suggested that model 
4 exhibited good robust and predictive. The equation of 
model 4 is lnk’=0.53+0.22μ+14.26EHOMO+4.89q(H+) –18.21f(0)x. 
Among the four quantum descriptors in model 4, μ is the 
most significant influence on the reaction rate constants, fol-
lowing by EHOMO, f(0)x, q(H+). Furthermore, according to the 
models in different conditions, the recommended model 
provides some suggestions that we can get better results in 
acid condition for the degradation of organic compounds in 
potassium permanganate system and using the proposed 
model, we can estimate the reaction rate constants with less 
time and effort.
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