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Abstract: A DFT-SOFM-RBFNN method is proposed to improve the accuracy of DFT
calculations on Y-NO (Y = C, N, O, S) homolysis bond dissociation energies (BDE) by
combining density functional theory (DFT) and artificial intelligence/machine learning
methods, which consist of self-organizing feature mapping neural networks (SOFMNN)
and radial basis function neural networks (RBFNN). A descriptor refinement step including
SOFMNN clustering analysis and correlation analysis is implemented. The SOFMNN
clustering analysis is applied to classify descriptors, and the representative descriptors in
the groups are selected as neural network inputs according to their closeness to the
experimental values through correlation analysis. Redundant descriptors and intuitively
biased choices of descriptors can be avoided by this newly introduced step. Using RBFNN
calculation with the selected descriptors, chemical accuracy (<1 kcal'mol ) is achieved for
all 92 calculated organic Y-NO homolysis BDE calculated by DFT-B3LYP, and the mean
absolute deviations (MADs) of the B3LYP/6-31G(d) and B3LYP/STO-3G methods are
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reduced from 4.45 and 10.53 kcal'mol”’ to 0.15 and 0.18 kcal'mol ™', respectively. The
improved results for the minimal basis set STO-3G reach the same accuracy as those of
6-31G(d), and thus B3LYP calculation with the minimal basis set is recommended to be
used for minimizing the computational cost and to expand the applications to large
molecular systems. Further extrapolation tests are performed with six molecules (two
containing Si-NO bonds and two containing fluorine), and the accuracy of the tests was
within 1 kcal'mol™". This study shows that DFT-SOFM-RBFNN is an efficient and highly
accurate method for Y-NO homolysis BDE. The method may be used as a tool to design
new NO carrier molecules.

Keywords: Y-NO bond; homolysis bond dissociation energies; density functional theory;
self-organizing feature mapping neural network; radial basis function neural network

1. Introduction

Over the past two decades, first-principles calculations have become an attractive complement or
alternative to wet chemistry experiments for studying molecular properties and chemical reaction
mechanisms. Great progress has been made: calculation speed has accelerated and the size of the target
molecules has increased, as has the computational accuracy [1-3]. The applications of first-principles
methods are rather extensive. In some studies, they have already gone beyond the level of testing and
verifying experiments to predicting the properties of molecules under experimental circumstances that
have not undergone real-life tests [4—8]. However, current first-principles calculations cannot yet meet
the high accuracy needed for databases with large numbers of medium or large molecules. Deviations
in calculations arise from various sources: some from inherent programs, approximations and
simplifications in formulas and some from the choice of software, methods, basis sets, and so forth.
In addition, we have to admit that each molecule is unique, but computational program cannot fully
cover the uniqueness of each molecule, some deviations induced by unified calculations are
unavoidable. These deviations can be corrected to improve calculations. Computational theory can be
improved, for example, by modifying functions, avoiding approximations, and using an infinite basis
set. However, these corrections are time-consuming, and the effect might be insignificant. An alternative is
to correct calculation results through statistical methods, which may improve the calculations
significantly in a simple and fast way and simplify the prediction of new compounds [9-18]. The
method is quite useful for improving functional molecule design and can guide synthetic chemists in
choosing potential target compounds. In particular, machine learning methods have recently become a
new option to solve wave function problems [12,19].

One first-principles method, hybrid density functional theory (DFT) has become very popular in
recent years because of its efficiency and accuracy. With the introduction of exchange and correlation
functionals, DFT costs much less than other high-level ab initio methods (such as MP2 and CI), and its
accuracy can be as good as those methods. Nevertheless, DFT calculations need further improvement
to achieve highly accurate results, especially for medium or large molecules [7-9]. The DFT-NEURON
method from the Chen group combines neural networks and DFT methods, setting up a quantitative
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relationship between experimental values and DFT calculation results using a neural network to
improve DFT calculation accuracy. The first application of this method was made to the heats of
formation for 180 organic molecules; the root mean square errors were reduced from 21.4 kcal'mol ™
to 3.3 keal'mol™ for B3LYP/6-311 + G(d,p) calculations [9]. In the study, the neural network or
machine learning method showed its substantial potential to improve the efficiency of first-principles
calculations. The method has since been successfully applied to other properties [10—18], and the
concept is applicable to other quantum chemical methods.

However, only a few reports investigate preprocessing molecular descriptors [14,15] (the inputs of a
neural network). These inputs are crucial for calculations because they greatly influence the capability
of the network. Molecular descriptors can be obtained from the structure or properties of systems and
can be diverse, including constitutional, topological, electrostatic, geometrical, and quantum chemical
descriptors [20]. Without a selection procedure, molecular descriptors are usually selected subjectively
according to the knowledge and experience of researchers, who may overlook very important
information related to the quantity of interest or inadvertently overlay this information with noise.
Chemists may think some descriptors are trivial when they are actually critical for the statistical
calculations. With hundreds of molecular descriptors, it is difficult to make prudent choices relying
only on intuition and experience. Therefore, in this study, we introduce SOFMNN clustering analysis
and correlation analysis to refine molecular descriptors as the inputs of neural networks.

Nitric oxide (NO) performs significant physiological functions in human life processes [21-30].
The highly active free radical NO must be carried by a linear molecular precursor, so NO homolysis
(formation/breaking of the bond between NO and the rest of the molecule) BDE is of interest for the
medicinal study of NO-release diseases. Because the experiments are complicated, homolysis BDE
of NO carrier molecules is difficult to measure with high accuracy. Recently, the Cheng group has
focused much effort on measurements of homolysis BDE of the Y-NO bond in solution [31-41],
which has greatly contributed to NO molecular carrier design in silico.

In this article DFT, SOFMNN and RBFNN methods are combined to improve the accuracy of the
calculations of homolysis Y-NO BDE by DFT. The first section describes the neural network methods
SOFMNN and RBFNN; the second section describes calculations using the DFT B3LYP method with
two basis sets, 6-31G(d) and STO-3G, and the collection of the calculated homolysis BDE and relevant
molecular descriptors of Y-NO bond; the third part discusses the calculation results from the DFT,
SOFMNN and RBFNN methods, as well as classifying appropriate molecular descriptors by the
SOFMNN method, setting up RBFNN and optimizing the non-linear model for both B3LYP results. In
the last section, our conclusions are summarized.

2. Methods
2.1. Self-Organizing Feature Mapping Neural Network

Self-organizing feature mapping neural network (SOFMNN) was proposed by Kohonen in 1981
around the concept that an ordered arrangement of neurons could reflect certain physical properties of
sensed external stimuli [42]. The main idea is to gradually reduce the interaction areas of neurons in
the study process and strengthen the activation of central neurons per relevant learning rules, allowing
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the removal of neural connections to achieve a model of the real brain nervous system that “excited the
nearby neurons while retaining the far-away ones.” The structure of SOFMNN consists of input layers
and competitive layers (aka mapping layers) (shown in Figure 1).

Figure 1. The structure of self-organizing feature mapping neural network (SOFMNN).
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A characteristic of SOFMNN is that the featured topology distribution of the input signal can be
established in terms of an array of one-dimensional or two-dimensional processing units so that
SOFMNN may extract features of the input signal. This is of great importance to correct first-principles
calculations using the neural network because the neural network must extract precisely the essential
information from inputs obtained by first-principles methods. Calculations over the past few decades
have proved that primarily first-principles methods can capture the physical essence of molecules.
These characteristics of SOFMNN are the strength of our DFT-SOFM-RBFNN method to achieve
high-accuracy calculations. The procedures of the SOFMNN learning algorithm are as follows:

(1) Network initialization

The input layer and competitive layer are composed of R and S' neurons, respectively. The initial
values of each neuron in the competitive layer start from a small random number / ng’l (i=12,...,8 1,
j=12,...,R), where Wijl’l represents the connection weight between the i” neuron in the competitive
layer and the /" neuron in the input layer. N, is set as the initial neighborhood, 1 as the initial learning rate,
T as the maximum iterations, and N =1 as the initial iteration.

(2) The winning neuron calculation

A training sample p is selected randomly and the input of neurons in the competitive layer is
calculated according to Equation (1)

R
nz}:_\/Z(pj —IVI/;’I)ﬁ'b;,l‘:Lz,---’Sl (1)
J=l
where n; and b | represent the output and the threshold value of the i" neuron in the competitive layer,
respectively; p/ stands for the value of the /" input variable of sample p.
If the & neuron in the competitive layer is the winning neuron, it should meet the requirements in
Equation (2):
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(3) Weight update
The weights of the winning neuron £ and all neurons in neighborhood N.(¢) will be updated
according to Equation (3):

{IVVJLI :[VI/j_l’l—kn(t)(p_]VV;J):je Nc (t)
3)

W =1w",jeN,(t)

(4) Learning rate and neighborhood neurons update
Once the weights of the winning neuron and the neighborhood neurons are updated, the learning
rate and neighborhood neurons must be updated before the next iteration according to Equations 4,5:

1= 77(1 - ﬁj (4)
T

o)

where the operator |_ —‘ represents rounding up.

(5) Iteration

If the learning process is not finished, another sample will be randomly chosen to continue the
calculation, and the iteration returns to step (2), or if N < 7, then N = N + 1, and iteration also returns to
step (2). Otherwise, iteration concludes.

2.2. Radial Basis Function Neural Network

In 1985, Powell proposed the radial basis function (RBF) method of multivariable interpolation [43].
In 1988, Moody and Darken came up with a neural network structure, i.e., RBFNN, which can
approach any continuous function with various accuracies. RBFNN is a three-layered feed-forward
network. The network structure is shown in Figure 2.

Figure 2. The structure of radial basis function neural network (RBFNN).
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The basic idea of RBFNN uses RBF as the “basis” of neurons in the hidden layer to construct the
hidden layer space. Thus, input vectors can be mapped directly to the hidden layer space without
weights between the input layer and hidden layer. Once the RBF central point is determined, the
mapping relationship is determined. The mapping from the hidden layer space to the output layer space
is linear, i.e., the output is the sum of linear weighted neurons in the hidden layer, where the weight is
the adjustable parameter of the network. Generally, network mapping from input to output is non-linear,
while the output is linear to adjustable parameters. In this way, the weight of the neural network can be
solved directly from linear equations so that learning rate will improve significantly and local
minimum problems will be avoided.

The specific steps of the learning algorithm of the RBFNN are as follows:

(1) Determining the RBF center of neurons in the hidden layer

The input matrix P and output matrix 7" for the training set can be described in Equation (6):

I Ly o tlQ h Ly o tlQ
Ly ty ... tzg Ly ty ... t2Q

P=| . L, T= : . (6)
v tya o tMQ Iyp Iy o tNQ

where p;; represents the i input variable of the /” training sample; t;j represents the i" output variable
of the j” training sample; M is the dimension of the input variables; N is the dimension of the output
variables; and Q is the number of samples in training set.

The corresponding RBF center of Q neurons in the hidden layer is:

C=P (7)

(2) Determining the threshold value of neurons in the hidden layer
The corresponding threshold value of Q neurons in the hidden layer is:

b, :lbllablza"'ablg (8)

where by = b1y = -+ = big = 0.8326/spread, spread is the expanding coefficient of RBF.

(3) Determining weights and threshold values between the hidden layer and the output layer

Once the RBF center and threshold value of neurons in the hidden layer is determined, the output of
neurons in the hidden layer can be obtained by Equation (9):

a, =exp(-|C - p,['5,),i=12,+,0 ©)

where p; = [pi1, pi2, ', pim] 1S the i™ vector of the training set. And the matrix A is set to
A= [a1, a, ---aQ].
The connection weight W between the hidden layer and the output layer is set as Equation 10:

| | 3 )



Int. J. Mol. Sci. 2012, 13 8057

where wj; represents the connection weight between the /™ neuron in the hidden layer and the i neuron
in the output layer.
If the threshold value b, of N neurons in the output layer is obtained Equation (11):

b, =[b21’b229“'5b2N]' (11)

The weight I and threshold value b, between the hidden layer and output layer can be obtained by
the linear Equation (12), where /= [1,1,+-,1]ixq.

(W b][4 ; I]=T (12)
3. Calculations

3.1. Data Set

In total, 98 organic molecules were used in the dataset for this study. Six molecules were added to
the set of molecules used in our previous study [15] to validate the predictive ability of the neural
network. Chemical elements in these molecules include H, C, N, O, F, Si, P, S, Cl and Br, and the
number of non-hydrogen atoms in the molecules varies from 8 to 25 for these small or medium
molecules. The final RBFNN models are attained according to the relatively stable estimation results
of the testing set. Once the neural network is established, the calculations for these data require
negligible time to perform, which shows the efficiency of this correction approach.

3.2. Molecular Descriptor Calculations

Molecular descriptors should represent typical characteristics of molecules and closely correlate to
the quantity of concern. Because we intended to develop an easy-to-use method, simple descriptors
were favored. Because the DFT calculation results are corrected and performed for each molecule,
quantum chemical descriptors are ready-made. In addition to quantum chemical descriptors,
constitutional descriptors such as the molecular weight, number of atoms, and number of electrons are
also better descriptors due to their ease of generation. All DFT calculations were performed using the
Gaussian03 software package [44]. The DFT calculation for homolysis BDE and twelve molecular
descriptors by hybrid functional method B3LYP with 6-31G(d) were described in [15], and the
corresponding calculation results by B3LYP/STO-3G method are shown in the Supplementary materials.

4. Results and Discussion
4.1. Calculating Y-NO Homolysis BDE with DFT Method

The homolysis BDE are calculated using DFT B3LYP method with two basis sets, 6-31G(d) and
STO-3G. The minimal basis set STO-3G consists of 1 function for H, 5 functions for Li to F and 9
functions for Na to CI; the basis set 6-31G(d) consists of 2 functions for H, 15 for Li to F and 19
function for Na to CI. So for most organic molecules, STO-3G only contains less than half of 6-31G(d)
basis functions. Then with the STO-3G basis set much time can be saved during DFT calculations. For
example, the B3LYP frequency calculation for molecule 85 takes 114 minutes with the basis set
6-31G(d), while it only takes 13 minutes with the basis set STO-3G. This offers applications for
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molecules that are quite large. The calculated values of the Y-NO (Y = C, N, O, S) homolysis BDE,
the experimental data and the corresponding molecular descriptors of the 92 molecules are listed in
Tables 1,2 in the Supplementary materials.

Table 1. Deviations between experimental and calculated values of 92 organic molecules
from different methods, reported in kcal-mol™.

DFT-RBFNN DFT-SOFM-RBFNN
No.  B3LYP/6-31G(d) B3LYP/STO-3G
6-31G(d)  STO-3G 6-31G(d)  STO-3G
1 ~17.17 —6.89 —0.12 ~1.84 —0.04 ~1.18
2 ~7.88 2.66 0.46 0.12 0.38 0.22
3 931 0.85 -0.48 —0.65 -0.38 -0.58
4 -9.29 1.27 -0.03 -0.02 —0.01 —0.01
5 —9.77 0.14 0.00 —0.01 0.00 0.00
6* -9.13 1.04 —0.40 -0.53 —0.34 —0.46
7 —9.01 1.11 0.05 —0.01 0.03 0.01
8 ~12.53 0.28 -0.03 0.00 —0.01 0.00
9 ~13.13 -3.06 0.00 0.00 0.00 0.00
10 -10.9 -0.51 —0.01 —0.01 0.00 0.00
11 2.16 12.31 0.07 0.02 0.04 0.01
12 2.70 13.23 0.58 0.81 0.55 0.68
13 1.72 12.17 —0.34 0.42 —0.34 0.23
14 -0.39 10.26 -0.10 0.03 ~0.06 0.01
15 ~1.56 10.1 0.00 0.01 0.00 0.01
16 1.69 11.63 0.00 0.01 0.00 0.00
17 2.00 12.39 -0.20 0.25 -0.23 0.13
18 -8.37 2.73 -0.16 0.05 ~0.06 0.03
19 ~7.30 4.12 -0.28 —0.02 —0.21 -0.01
20° -6.93 4.16 -0.22 -0.47 -0.21 —0.41
21 ~7.68 3.96 0.29 0.01 0.27 0.00
22 ~10.58 0.56 0.00 0.00 0.00 0.00
23 .11 8.33 0.01 -0.93 0.06 -0.75
24 3.45 12.33 0.35 0.67 0.19 0.45
25 -8.07 3.05 —0.53 —0.21 —0.51 -0.18
26 ~7.90 3.23 0.28 0.18 0.29 0.17
27° -8.60 2.58 —0.42 —0.01 —0.38 ~0.01
28 -8.22 4.07 0.01 0.00 0.00 0.00
29 —4.97 6.77 0.00 0.00 0.00 0.00
30 1.87 ~112 0.00 0.02 0.00 0.01
31° 1.97 ~11.27 —0.05 0.00 —0.04 0.00
32 0.33 ~12.53 —0.01 -0.03 0.00 ~0.02
33° 1.91 —6.79 0.04 -0.03 0.03 -0.03
34 0.74 ~11.6 0.00 0.00 0.00 0.00
35 1.92 ~10.83 0.18 0.01 0.15 0.01
36 0.62 ~14 -0.18 0.00 -0.15 0.00
37 1.16 10.52 0.00 0.00 0.00 0.00

38 0.76 11.2 0.14 0.12 0.10 0.10
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Table 1. Cont.

DFT-RBFNN DFT-SOFM-RBFNN
No. B3LYP/6-31G(d) B3LYP/STO-3G

6-31G(d)  STO-3G 6-31G(d) STO-3G
39 0.29 11.06 -0.05 ~0.09 ~0.07 ~0.08
40 ~0.36 10.68 ~0.06 ~0.39 -0.05 ~0.36
41 —0.41 11.52 0.00 0.00 0.00 0.00
42 —0.04 11.72 0.02 0.40 0.01 0.37
43 ~0.26 10.28 0.04 -0.05 0.04 -0.03
44° -1.14 11.08 1.01 0.95 0.92 0.84
45 ~0.97 9.89 0.00 0.00 0.00 0.00
46 0.03 12.03 0.00 0.00 0.00 0.00
47 0.87 10.84 0.02 0.04 0.01 0.02
48 ~1.67 8.65 0.00 0.00 0.00 0.00
49 -3.41 8.59 —0.01 -0.03 0.00 ~0.02
50 7.47 -0.71 ~0.01 0.01 0.01 0.01
51 5.60 -0.55 0.00 0.00 0.00 0.00
52 7.03 ~1.38 0.03 0.00 0.01 0.00
53 6.33 -2.14 —0.01 —0.01 —0.01 ~0.01
54 ~2.62 15.71 0.00 0.00 0.00 0.00
55 -2.88 15.23 0.12 0.28 0.08 0.25
56 ~3.88 14.1 ~0.12 -0.28 ~0.08 -0.25
57 ~3.89 13.76 0.00 —0.01 0.00 ~0.01
58° ~7.57 9.35 0.00 0.00 0.00 0.00
59 ~4.88 12.76 1.26 1.19 1.20 1.14
60 -7.33 9.84 ~1.20 -1.15 -1.16 -1.12
61 ~6.90 10.9 0.17 0.26 0.20 0.28
62 6.39 18.5 0.00 0.00 0.00 0.00
63 4.12 17.94 0.00 0.38 0.00 0.35
64 ~9.96 16.41 0.00 ~0.37 0.00 ~0.34
65 4.19 15.06 0.00 —0.01 0.00 ~0.01
66 0.55 14.42 0.00 0.00 0.00 0.00
67 -3.51 19.3 ~0.60 ~0.52 —0.47 -0.43
68 ~2.46 21.15 -0.93 -0.93 -0.85 ~0.90
69 0.27 22.96 0.51 0.57 0.44 0.54
70 0.05 22.7 0.07 0.50 0.04 0.47
71° 2.43 22.6 0.19 0.18 0.16 0.14
72 0.20 19.63 0.01 0.00 0.00 0.00
73 ~0.88 20.53 ~0.16 -0.52 ~0.09 —0.48
74 7.91 19.5 0.02 0.03 0.01 0.02
75 ~0.36 22.56 0.38 0.39 0.39 0.40
76 2.96 21.38 0.00 0.00 0.00 0.00
77 1.69 22.06 0.83 0.53 0.61 0.43
78 2.77 21.23 0.00 0.01 0.00 0.01
79 2.52 20.27 0.21 0.00 0.13 0.00
80 0.84 19.65 0.01 ~0.01 0.00 ~0.01

81 1.17 21.22 0.00 0.00 0.00 0.00
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Table 1. Cont.

8060

DFT-RBFNN DFT-SOFM-RBFNN
No. B3LYP/6-31G(d) B3LYP/STO-3G
6-31G(d) STO-3G 6-31G(d) STO-3G
82 0.68 20.49 -0.21 0.00 —0.13 0.00
83° -2.03 16.73 —-0.27 —-0.57 —0.26 —0.56
84 ° -0.24 18.15 0.27 0.57 0.26 0.56
85* —7.63 2.33 —0.04 0.02 —-0.03 0.02
86 —4.58 6.59 0.00 0.00 0.00 0.00
87 -7.16 5.16 0.48 0.16 0.36 0.12
88 —-8.00 2.5 0.02 0.10 0.01 0.07
89 -3.70 11.26 0.00 0.00 0.00 0.00
90 —10.85 0.62 —-0.49 -0.26 —-0.37 —0.18
91° -8.77 5.98 —0.16 —-0.17 —0.13 —0.13
92 —8.61 1.34 0.00 0.00 0.00 0.00
* The molecules belong to the test set.
Table 2. SOFMNN clustering analysis results for twelve molecular descriptors.
DET Training Clustering Analysis
Steps  AHpomoe Qv Qn Qo, Nx p @  Euowoi  Enomo Ervmo Eruvmon  AE
10 24 1 1 1 24 4 24 1 1 1 1 1
30 5 13 13 13 24 19 24 13 13 13 13 13
50 4 12 6 12 1 21 1 12 12 12 12 12
B3LYP/6-31G(d) 100 19 12 10 12 3 22 1 12 12 11 11 10
200 16 1 8 1 11 19 24 1 1 2 2 8
500 16 13 1 19 12 8 24 19 19 20 20 1
1000 16 13 20 13 23 2 24 13 13 14 14 20
10 2 1 1 1 24 1 24 1 1 1 1 1
30 23 1 7 1 24 5 24 1 1 1 2 7
50 21 1 1 1 6 13 12 1 1 1 1 1
B3LYP/STO-3G 100 21 7 19 7 24 3 12 7 7 14 19 19
200 5 7 19 1 24 3 22 1 1 13 14 15
500 4 16 19 21 24 8 12 21 21 20 19 13
1000 10 13 15 19 24 2 12 19 19 20 15 21

By analyzing the molecular descriptors, we find that, in the B3LYP/6-31G results, the charge on the

N atom of NO does not change with the charge on Y. The electronegativity of Y itself is most likely

the key factor determining the amount of charge on N because the charge on the N atom only changes

with the type of Y atoms. Neither the structure of molecular fragments that connect to Y nor the

amount of charges on Y has much effect on the charge value of N. When Y = N, O, S, C, the
charges on the N atom of Y-NO are between 0.21-0.25e, 0.38-0.44e, —0.01-0.08¢ and 0.13-0.17e,
respectively; the charges on Y change in the range from —0.63-0.33e, as determined by the rest of

molecules. The charges on the O atoms do not fluctuate very much and have no clear pattern. In Table

2 of the Supplementary Materials, the patterns of calculated charges on Y, N and O atoms shown with

the STO-3G basis set are consistent with 6-31G(d), although the magnitude of the atomic charges are
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different. In addition, there are some exceptions for charges on the N atom of N-NO bond (molecules
30-36 and 50-53 have about half charges for the same Y-NO molecules), when N is bonded to S.

Structural analysis indicates that the conformation of the molecules and functional groups on the
aromatic rings are shown to affect the homolysis BDE. Conformational effects reported by the Guo
group show that syn and anti conformations induce BDE differences between isomers [45]. In our data
set, most molecules contain aromatic rings and functional groups that include —CH3, —CH;0, —Cl, —Br
and —NO,, among which —CH; and —CH30 are electron-donating groups and —Cl, —Br and —NO, are
electron-withdrawing groups. The electron-donating groups on the meta- and para- positions of the
benzene ring decrease the BDE of the Y-NO bond, while electron-withdrawing groups on these
positions increase the BDE. Electron-donating groups at the ortho-position decrease the BDE of the
Y-NO bond, but the effects of electron-withdrawing groups are stronger than electron-donating groups.
The substitution effects are smaller for molecules with multiple rings (e.g., indole, dibenzo-azepine)
than for benzene rings due to the longer distance between the substituent group and the Y-NO bond.

To study the correlation between the molecular descriptors and the Y-NO experimental homolysis
BDE, a correlation analysis was performed. The results show that the B3LYP/6-31G(d)-calculated
homolysis BDE values (AHyomo) are the most relevant to the experimental homolysis BDE and the
correlation coefficient is 0.64, which proves that DFT calculations indeed capture the essence of
physics. This is the reason that DFT-calculated homolysis BDE (AHuomo) are considered the primary
descriptor. The correlation coefficients of other strong related molecular descriptors are as
follows: Epomo(0.51), Qn(0.49), Qy(0.46) and Epomo-1(0.43). The remaining descriptors have
numerically weaker relationships with the experimental homolysis BDE, and the correlation
coefficients are a(0.28), AE(0.27), w(0.18), ELumo(0.17), Nx(0.12), Erumo+1(0.05) and Qp(0.02). For
the molecular descriptors calculated by B3LYP/STO-3G, the correlation coefficients in decreasing
order are Epomo(0.48), Qn(0.43), Exomo-1(0.40), Qy(0.39), AHhomo(0.35), AE(0.34), a(0.31), Nx(0.12),
ELumo(0.06), ELumo+1(0.05), Qo(0.05) and n(0.03). The coefficient shows that the calculated AHpomo
by B3LYP/STO-3G has a weaker relationship with the experimental homolysis BDE than that of
B3LYP/6-31G(d) due to its poor accuracy. In addition, it can be seen that the types of molecular
descriptors strongly related with the experimental homolysis BDE do not change greatly. This suggests
that the B3LYP/STO-3G calculation results essentially agree with the B3LYP/6-31G(d) results, but
with large deviations.

The deviations of all the methods are listed in Table 1. The total MADs for two basis sets 6-31G(d)
and STO-3G are 4.45 and 10.53 kcal'mol ', respectively. For the results of B3LYP/6-31G(d), the
deviations between the DFT calculated and experimental homolysis BDE for all four types of carriers
span a wide range, from —17.17 to 7.91 kcal'mol ™. The calculated homolysis BDE vary according to
the type of Y atoms in the Y-NO bond, and the deviation distributions also change with different types
of Y-NO bond. The DFT-calculated homolysis BDE of the S-NO bond carrier molecules agree best
with the measured values: the MAD is 1.83 kcal'mol '. The DFT calculation results are in particularly
good agreement with the experimental data for molecules with amino acid groups (78-84), although
the introduced amino acid groups make these molecules the largest in the dataset, and the MAD is only
1.46 kcal'mol . This may be good news for theoretical studies on the mechanism of physiological
release of NO in the human body. The MAD of DFT-calculated homolysis BDE for N-NO bond
carrier molecules is 4.75 kcal'mol”', which is much larger than that of the S-NO bond carrier
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molecules; and the deviation distribution shows two extremes: deviations of 20 molecules exceed
7 kecal'mol ™' whereas the deviations of the other 27 molecules are less than 3 kcal'mol ' (There are
53 N-NO bond molecules in total). In addition, for some calculations, the homolysis BDE are
dramatically underestimated (the absolute deviations of the DFT calculated homolysis BDE exceed
10 kcal'mol ™). The deviations of the calculated and experimental homolysis BDE for the O-NO bond
carrier molecule homolysis BDE are relatively large, and the MAD is 5.01 kcal'mol ™. The deviations
for the C-NO bond homolysis BDE of the carrier molecules are the largest and all of the homolysis
BDE are underestimated (MAD is 7.41 kcal'mol '). This is consistent with the results of the Guo
group [45], who found that the DFT calculations in a vacuum tend to underestimate the homolysis
BDE of Y-NO bond carrier molecules. The results from B3LYP/STO-3G are obviously worse than
those from B3LYP/6-31G(d), especially for the S-NO and O-NO bond molecular carriers. The results
for the S-NO homolysis BDE have the largest MAD (20.67 kcal'mol "), which is exactly opposite to
the results from 6-31G(d), which has the smallest MAD among the four types of Y-NO bonds. This
indicates that the polarization function may be obligatory for the S-NO BDE calculations.

4.2. SOFMNN Calculation Results

Descriptor selection is a significant step for neural networks, but reports on this topic are scarce [14,15].
In this study, twelve molecular descriptors for each molecule are used. Twelve may seem a small
number, but if we exhaust all combinations of these descriptors, there are C,, +C---+C/; = 4095

options. Therefore, if there are hundreds of descriptors (n), it is impossible to consider all of the
combinations (2" — 1) without the appropriate methods. The SOFMNN clustering analysis is able to
classify similar molecular descriptors into a group; one or several typical molecular descriptors will be
selected to represent the group according to the correlation analysis for descriptors and experimental
values, considerably reducing the number of descriptors. Through SOFMNN clustering analysis and
correlation analysis, subjective selection and bias on molecular descriptors can be avoided and
molecular descriptors with the same properties will not be chosen repeatedly. Signals extracted from
molecular descriptors can stand out from the noise; therefore, the neural network is more efficient and
accurate than the neural network with full molecular descriptors.

SOFMNN clustering analysis for the molecular descriptors is illustrated by the B3LYP/6-31G(d)
calculation results. When twelve molecular descriptors (AHpomo, Qv, Qn, Qo, Nx, U, o, Exomo-1,
Enomo, Erumo, ELumo+1 and AE) are taken as the input of SOFMNN, the input layer of SOFMNN
contains twelve neurons, and a 6 x 4 pattern is adopted in the network structure of the competitive
layer (Figure 3a). The number of neurons grows gradually from the bottom left to the top right, i.e., the
number of the neurons at the bottom left is 1, and the number on the top right is 24. In Figure 3b, the
blue neurons are those that won in competition, and the numbers refer to how many times the neuron
has won. The clustering analysis results are reported in Table 2. When the training step is set to 10,
AHpomo, Nx and a belong to one group, p itself becomes one group, and all other molecular descriptors
are clustered into one group. Similarly, when the training step is set to 30, 50, and 100, the preliminary
clustering is performed for the descriptors, but the cluster is not accurate enough because the training
steps are not sufficient and the results are not stable. When the number of training steps increases to
1,000, the calculated results of SOFMNN only show small differences when compared to 200 or 500
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training steps, i.e., when the training step reaches 500, the clustering results by SOFMNN become
steady, and the corresponding clustering number of the twelve molecular descriptors computed by
SOFMNN are 16, 13, 1, 19, 12, 8, 24, 19, 19, 20, 20 and 1, respectively. This suggests that the
SOFMNN classifies twelve descriptors into eight groups in total: AHpomo, Qyv, Nx, p and a as five
independent groups, Qn and AE as one group, Qo, Exomo-1 and Egomo as one group, and Epumo and
Erumo+1 as another group. For groups with more than one descriptor, selection is made according to
the correlation analysis results, so Qn, Enomo and Erumo, are chosen because of their higher correlation
coefficient. These three descriptors, together with the five independent molecular descriptors (AHpomo,
Qy, Nx, 1 and a) are chosen to represent the major characteristics of the Y-NO bond homolysis BDE
and are taken as the final inputs of RBFNN. With the same procedure, the nine descriptors AHpomo, Qv,
Qn, Enomo, Nx, 1, o, ELumo and AE obtained by B3LYP/STO-3G are selected for the final inputs
of RBFNN.

Figure 3. (a) The topology structure of the competitive layer; (b) Distances of neighbor neurons.
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In the SOFMNN calculation, only one neuron wins each time. Its weight and the corresponding
weights of its peripheral neurons are adjusted synchronously, and the weights of the neurons change in
favor of winning the competition. At the same time, SOFMNN reduces the neighborhood area
gradually and starts to repulse its neighbor neurons. The mode combining cooperation with competition
allows SOFMNN to acquire superior performance and significantly improves the learning ability and
generalization of the neural network. After running the SOFMNN program, the resulting labels are
likely different because the excited neurons are different each time, but the final clustering result does
not change no matter which neuron is excited.

4.3. RBFNN Calculation Results

As mentioned above, eight descriptors (AHpomo, Qy, Nx, WU, o, On, Enomo and Epymo) for
B3LYP/6-31G(d) and nine descriptors (AHhomo, Qv, Qn, Enomo, Nx, W, o, Erumo and AE) for
B3LYP/STO-3G selected by SOFMNN clustering analysis and correlation analysis were taken as the
RBFNN final inputs. These inputs of RBFNN must be normalized to make the learning and training
process easier because the magnitude of the raw data may vary widely if very different raw data are
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input directly into the neural network. Data with large fluctuations might monopolize the RBFNN
learning process, and the network may fail to reflect small changes in data.

In RBFNN, the value of spread is increased from 0.2 to 3 by the constant with a variation of 0.2.
The optimal neural network output can be decided during the variation of spread. For DFT-RBFNN
and DFT-SOFM-RBFNN methods, the best results of regression estimation are achieved when the
values of spread are 0.6 and 0.8, respectively.

Figure 4 shows the histograms of deviations between the computed homolysis BDE values and the
experimental BDE values. The Figure 4(a—) presents the histograms of deviations for B3LYP/6-31G(d),
B3LYP/6-31G(d)-RBFNN and B3LYP/6-31G(d)-SOFM-RBFNN, respectively, and Figure 4(d—f) are the
corresponding deviations of the B3LYP/STO-3G calculations. The deviation in Figure 4a distributions
for the homolysis BDE of 92 organic molecules from B3LYP/6-31G(d) calculations are broad and
have large systematic deviations, but most are distributed near 0 (34 molecules), which suggests that
the accuracy of the results obtained by B3LYP/6-31G(d) is not poor (MAD 4.45 kcal‘mol ). However,
the deviations for the homolysis BDE by B3LYP/STO-3G in Figure 4d are much worse (the MAD is
10.53 kcal'mol™") than those of the B3LYP/6-31G(d) calculation, and most of the deviations are
approximately 12 kcal'mol”' (27 molecules). The results shown in Figure 4(b,e), denoted by
DFT-RBFNN, are the DFT results corrected by RBFNN with twelve molecular descriptors (without
selection) as inputs. The deviations of the DFT-RBFNN results are remarkably reduced
after RBFNN correction. The MADs for the basis sets 6-31G(d) and STO-3G decrease to 0.17 and
0.21 kcal'mol™, respectively; the deviation ranges are narrowed to —1.2-1.3 kcal'mol’ and
—1.8-1.2 kcal'mol™'; and the deviation distributions are Gaussian curves, indicating that systematic
errors have been removed. The DFT-RBFNN effectively improves the accuracy of the DFT calculations.

If we use fewer molecular descriptors, how many descriptors should we choose and which ones
should be chosen? These questions can be answered by SOFMNN coupled with correlation analysis.
Figure 4(c,f) shows the histograms of deviations for B3LYP with two basis sets corrected by RBFNN
with the SOFMNN classified descriptors as inputs, and the method is denoted DFT-SOFM-RBFNN.
Calculations are performed to improve DFT calculations, employing these selected descriptors as
inputs of RBFNN. In Figure 4(c,f), the deviations of DFT-SOFM-RBFNN are further improved
compared with DFT-RBFNN, although the difference is slight. The ranges of deviations are
—1.2-1.2 kecal'mol™" and —1.2-1.1 kcal'mol™" and the MADs are 0.15 and 0.18 kcal'mol™" for the
6-31G(d) and STO-3G basis sets, respectively. When regarding only improvements to the accuracy,
the significance of SOFMNN is unclear because DFT-RBFNN is already sufficiently accurate, but
SOFMNN increases the calculation efficiency and solves mass descriptor problems, very well when
many descriptors are used. Although the improvement of accuracy compared with DFT-RBFNN is
slight, chemical accuracy (1 kcal'mol™) is achieved for all 92 Y-NO homolysis BDE calculation
results, which is a very important result. Surprisingly, the homolysis BDE by B3LYP/STO-3G after
correction are comparable to those by B3LYP/6-31G(d), even with the raw MAD (10.53 kcal'-mol ') of
STO-3G being much worse than that (4.45 kcal'mol™') of 6-31G(d). With the minimal basis set
STO-3G, we can save much time and many resources while retaining the ability to perform calculations
for large molecules.
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Figure 4. The histograms of deviations between the different calculated homolysis BDE

and the experimental values

for 92 organic molecules,

(a) B3LYP/6-31G(d);

(b) B3LYP/6-31G(d)-RBFNN; (¢) B3LYP/6-31G(d)-SOFM-RBFNN methods; (d—f) are
the deviations when changing the corresponding basis set from 6-31G(d) to STO-3G.

40
35t
30t
25}
20
15}

15:.—_1.15|—‘. ﬂ ’_5| L]

-10 -5 0 10
Deviations (B3LYP/6-31G(d)) kcal mol”

(a) DFT

Number of molecules

60

() DFT-RBFNN
501

40t
301
201

10+ H
0 PR |51 HI_LH B
-20 -15 -10 -05 00 05 10 15

Deviations (B3LYP/6-31G(d)) kcal mol”

Number of molecules

60 L(c) DFT-SOFM-RBFNN
50+
40
301
20¢
10

0 - l.—||_l|_| L |_|E—Iv—.| -
-15 10 -05 00 05 10 15
Deviations (B3LYP/6-31G(d)) kcal mol”

Number of molecules

Number of molecules Number of molecules

Number of molecules

30

25
20+
15¢
10

o

(d) DFT

60

%5

10 5 0 5 10 15 20 25
Deviations (B3LYP/STO-3G) kecal mol”’

50+
40}
30+

20+

10+

(e) DFT-RBFNN

0
=2.

60

0 -15 10 -05 00 05 10 1.5
Deviations (B3LYP/STO-3G) kcal mol'

50}
40t
30}
20}
10}

() DFT-SOFM-RBFNN

e AemllEm__ .

0
-1.

5 -10 -05 00 05 10 15
Deviations (B3LYP/STO-3G) kcal mol’

During this study, we considered the extrapolation of the method to larger molecules and molecules
with more types of elements as well as to different Y-NO bonds in addition to the four types in this

dataset, so we preferred descriptors that were independent of the elemental types. After establishing
the DFT-SOFM-RBFNN method, some molecules were used to test the ability to extrapolate. The
structures of the molecules and the calculation results are shown in Table 3. Six extrapolation test

molecules contained Si-NO bonds and fluorine, which were not included in original dataset. The
DFT-SOFM-RBFNN results show that deviations of the DFT calculations for test molecules are
reduced dramatically and reach the same accuracy as the 92 organic Y-NO bond molecules,
particularly for B3LYP/STO-3G calculation results with large calculation deviations, which gives us

more confidence in the predictive ability of this method.
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Table 3. The extrapolation test for the DET-SOFM-RBFNN method. (kcal'mol ™).

DFT-SOFM-RBFNN DFT-SOFM-RBFNN
No. Structures Expt. B3LYP/6-31G(d) B3LYP/STO-3G
6-31G(d) STO-3G
S\NO
1 O/ 31.6 29.02 30.49 48.10 30.56
2 Hsc——NO 41.1 38.55 40.95 49.4 40.59
3 F3C——NO 39.9 37.67 39.90 32.47 39.90
3
4 50.5 50.34 50.48 60.6 51.12
F F
5 HsSi NO 37.8 27.04 37.85 48.8 37.98
CHy

6 CH3|Si—NO 44.8 34.65 44.76 50.58 44.62

CHs

The excellent performance of the DFT-SOFM-RBFNN method benefits from the combined
advantages of all the methods. DFT molecular descriptors represent the physical essence of the
homolysis BDE; the RBFNN is independent of the initial weights and thresholds, converges quickly to
global minima, has few parameters that must be adjusted, shows great capacity for reverse redundancy
and fault tolerance and possesses a built-in nonlinear model capable of carrying out calculations with a
partial response. As a result of the SOFMNN cluster analysis, the significant features of the descriptors
have been discovered and the number of descriptors can be narrowed down, so that the accuracy and
efficiency of RBFNN calculations are improved. The combined DFT-SOFM-RBFNN method
improves the DFT calculations and develops new applications in chemistry for SOFMNN and RBFNN.

To compare the DFT-SOFM-RBFNN calculations with more sophisticated DFT calculations with
a larger basis set, the M06-2X/6-311 + G(2d,p) calculations with or without the solvent effect are
performed for the four smallest molecules from each type of Y-NO molecule. The results are listed in
Table 4. As shown in Table 4, the BDE calculations are improved by the M06-2X/6-311 + G(2d,p)
calculation compared to the B3LYP/6-31G(d) calculations, but high accuracy cannot be reached. The
solvent effect by the polarizable continuum model (PCM) on the BDE is adopted. The results show
that the solvent effects are small (<2 kcal'mol") and uncertain for improvement of BDE calculations,
and the chemical accuracy cannot be reached even when considering the solvent effects. This further
exhibits the high efficiency and accuracy of the proposed DFT-SOFM-RBFNN method.

Table 4. The deviations of calculation methods (kcal-mol ™).

NO. DFT-SOFM-RBFNN* M06-2X/6-311 + G2d,p) M06-2X/6-311 + G(2d,p) B3LYP/6-31G(d)

(PCM)
39 -0.1 3.6 2.4 0.29
59 1.2 1.5 0.8 —4.9
76 0.0 4.2 4.2 3.0
91 -0.1 ) 4.1 8.7

* DFT-SOFM-RBFNN is based on B3LYP/6-31G(d) calculations.
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5. Conclusions

Recently, artificial intelligence, or “machine learning,” has begun to be employed to solve
first-principles/quantum chemical calculation problems in a simple and efficient manner; therefore,
they can reach statistically interesting problems rather than simply solving wave functions. In this
study, the accuracy of the DFT calculations for the homolysis BDE of 92 organic NO carrier molecules
was improved by the proposed DFT-SOFM-RBFNN method, which combines first-principles
DFT and artificial intelligence SOFMNN and RBFNN. The DFT computes the molecular
descriptors/quantum mechanical descriptors, the SOFMNN performs cluster analysis to classify
molecular descriptors, and the correlation analysis selects descriptor from each classified group; thus,
subjective opinions on and the biases of molecular descriptors can be avoided. Thereafter, RBFNN
uses these selected molecular descriptors as inputs to correct the DFT-calculated homolysis BDE. The
DFT calculations are performed by B3LYP with two basis sets, the minimal basis set STO-3G and the
medium size basis set 6-31G(d). In total, twelve descriptors are obtained, eight and nine groups are
categorized by SOFMNN for descriptors acquired with the B3LYP/6-31G(d) and B3LYP/STO-3G
basis sets, respectively. After the final RBFNN calculations, chemical accuracy (<1 kcal'mol ™) is
achieved for all DFT-calculated homolysis BDE of 92 NO carrier molecules. The overall MADs of the
homolysis BDE calculated by the B3LYP method with the 6-31G(d) and STO-3G basis sets decrease
from 4.45 to 0.15 kcal'mol™" and from 10.53 to 0.18 kcal'mol ', respectively. Although the raw MAD
by B3LYP/STO-3G was much worse than that of B3LYP/6-31G(d), high accuracy for B3LYP/STO-3G
has yet to be obtained. The minimal basis set DFT-SOFM-RBFNN could apply to fairly large
molecules; additionally, the molecular descriptors used are general, which makes the method easy to
use and further extrapolate to various system; extrapolation tests proved that high-accuracy results can
be achieved for molecules with different types of Y-NO bond and systems including atoms not already
in the database. In particular, the high-accuracy result obtained in the study is practically important for
the design of new types of NO-releasing drug molecules. We firmly believe that DFT-SOFM-RBFNN
can calculate not only the homolysis BDE but also other interesting properties such as bond heterolysis
energy, optical properties, power conversion efficiency, and further research is ongoing.

Acknowledgements

The authors gratefully acknowledge financial support from the Program for Changjiang
Scholars and Innovative Research Team in University (IRT0714), the National Basic Research
Program of China (973 Program-2009CB623605), the National Natural Science Foundation of China
(20903020), the Science and Technology Development Planning of Jilin Province (20100114,
20110364 and 20125002), and the Fundamental Research Funds for the Central Universities
(11QNJJ008 and 11QNJJ027).

References

1.  Sumowski, C.V.; Ochsenfeld, C. A convergence study of QM/MM isomerization energies
with the selected size of the QM region for peptidic systems. J. Phys. Chem. A 2009,
113,11734-11741.



Int. J. Mol. Sci. 2012, 13 8068

10.

11.

12.

13.

14.

15.

16.

17.

18.

Hu, L.H.; Eliasson, J.; Heimda, J.; Ryde, U. Do quantum mechanical energies calculated for small
models of protein-active sites converge? J. Phys. Chem. A 2009, 113, 11793—-11800.

Hu, L.H.; Soderhjelm, P.; Ryde, U. On the convergence of QM/MM energies. J. Chem. Theory.
Comput. 2011, 7, 761-777.

Ku, J.; Lansac, Y.; Jang, Y.H. Time-dependent density functional theory study on
benzothiadiazole-based low-band-gap fused-ring copolymers for organic solar cell applications.
J. Phys. Chem. C 2011, 115, 21508-21516.

Meng, S.; Kaxiras, E.; Nazeeruddin, M.K.; Gritzel, M. Dsign of dye acceptors for photovoltaics
from first-principles calculations. J. Phys. Chem. C 2011, 115, 9276-9282.

Rablen, P.R.; Lockman, J.W.; Jorgensen, W.L. Ab-initio study of hydrogen-bonded complexes of
small organic-molecules with water. J. Phys. Chem. A 1998, 102, 3782-3797.

Bond, D. Computational methods in organic thermochemistry. 1. Hydrocarbon enthalpies and free
energies of formation. J. Org. Chem. 2007, 72, 5555-5566.

Riley, K.E.; Op’t Holt, B.T.; Merz, K.M., Jr. Critical assessment of the performance of density
functional methods for several atomic and molecular properties. J. Chem. Theory Comput. 2007, 3,
407-433.

Hu, L.H.; Wang, X.J.; Wong, L.H.; Chen, G.H. Combined first-principles calculation and
neural-network correction approach for heat of formation. J. Chem. Phys. 2003, 119, 11501-11507.
Wang, X.J.; Hu, L.H.; Wong, L.H.; Chen, G.H. A combined first-principles calculation and neural
networks correction approach for evaluating Gibbs energy of formation. Mol. Simul. 2004, 30, 9—15.
Wang, X.J.; Wong, L.H.; Hu, L.H.; Chan, C.Y.; Su, Z.M.; Chen, G.H. Improving the accuracy of
density-functional theory calculation: The statistical correction approach. J. Phys. Chem. A 2004,
108, 8514-8525.

Zheng, X.; Hu, L.H.; Wang, X.J.; Chen, G.H. A generalized exchange-correlation functional: The
Neural networks approach. Chem. Phys. Lett. 2004, 390, 186—192.

Li, H.; Shi, L.L.; Zhang, M.; Su, Z.M.; Wang, X.; Hu, L.; Chen, G.H. Improving the accuracy of
density-functional theory calculation: The genetic algorithm and neural network approach.
J. Chem. Phys. 2007, 126, 144101-144108.

Gao, T.; Sun, S.L.; Shi, L.L.; Li, H.; Li, H.Z.; Su, Z.M.; Lu, Y.H. An accurate density functional
theory calculation for electronic excitation energies: The least-squares support vector machine.
J. Chem. Phys. 2009, 130, 184104—184107.

Li, H.Z.; Tao, W.; Gao, T.; Li, H.; Lu, Y.H.; Su, Z.M. Improving the accuracy of density
functional theory (DFT) calculation for homolysis bond dissociation energies of Y-NO bond:
Generalized regression neural network based on grey relational analysis and principal component
analysis. Int. J. Mol. Sci. 2011, 12, 2242-2261.

Wu, J.; Xu, X. The X1 method for accurate and efficient prediction of heats of formation.
J. Chem. Phys. 2007, 127,214105-2141058.

Balabin, R.M.; Lomakina, E.I. Neural network approach to quantum-chemistry data; Accurate
prediction of density functional theory energies. J. Chem. Phys. 2009, 131, 74104-74108.

Wang, J.N.; Xu, H.L.; Sun, S.L.; Gao, T.; Li, H.Z.; Li, H.; Su, Z.M. An effective method for
accurate prediction of the first hyperpolarizability of alkalides. J. Comput. Chem. 2011,
33,231-236.



Int. J. Mol. Sci. 2012, 13 8069

19.

20.

21.

22.
23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Rupp, M.; Tkatchenko, A.; Muller, K.R.; Lilienfeld, O.A. Fast and accurate modeling of
molecular atomization energies with machine learning. Phys. Rev. Lett. 2012, 108,
058301:1-058301:5.

Katritzky, A.R.; Lobanov, V.S.; Karelson, M. Physical Properties from Structure. Chem. Soc. Rev.
1995, 24, 279-287.

Butler, A.R.; Williams, D.L.H. The physiological role of nitric oxide. Chem. Soc. Rev. 1993,
22,233-241.

Averill, B.A. Dissimilatory nitrite and nitric oxide reductases. Chem. Rev. 1996, 96, 2951-2964.
Palmer, R.M.J.; Ferrige, A.G.; Moncada, S. Nitric oxide release accounts for the biological
activity of endothelium-derived relaxing factor. Nature 1987, 327, 524-526.

Ignarro, L.J. Biosynthesis and metabolism of endothelium-derived nitric oxide. Annu. Rev.
Pharmacol. Toxicol. 1990, 30, 535-560.

Feldman, P.L.; Griffith, O.W.; Stuehr, D.J. The surprising life of nitric oxide. Chem. Eng. News
1993, 71, 26-38.

Fukuto, J.M.; Ignarro, L.J. In vivo aspects of nitric oxide (NO) chemistry: Does peroxynitrite
(OONO) play a major role in cytotoxicity? Acc. Chem. Res. 1997, 30, 149-152.

Moncada, S.; Palmer, R.M.J.; Higgs, E.A. Nitric oxide: Physiology, pathophysiology, and
pharmacology. Pharmacol. Rev. 1991, 43, 109-142.

Ignarro, L.J. Signal transduction mechanisms involving nitric oxide. Biochem. Pharmacol. 1991,
41, 485-490.

Gnewuch, C.T.; Sosnovsky, G.A. Critical appraisal of the evolution of N-nitrosoureas as
anticancer drugs. Chem. Rev. 1997, 97, 829—-1014.

Whited, C.A.; Warren, J.J.; Lavoie, K.D.; Weinert, E.E.; Agapie, T.; Winkler, J.R.; Gray, H.B.
Gating NO release from nitric oxide synthase. J. Am. Chem. Soc. 2012, 134, 27-30.

Cheng, J.P.; Wang, K.; Yin, Z.; Zhu, X.; Lu, Y. NO affinity. The driving force of nitric oxide
(NO) transfer in biomimetic N-nitrosoacetanilide and N-nitrososulfoanilide systems. Tetrahedron
Lett. 1998, 39, 7925-7928.

Cheng, J.P.; Xian, M.; Wang, K.; Zhu, X.; Yin, Z.; Wang, P.G. Heterolytic and homolytic Y-NO
bond energy scales of nitroso-containing compounds: Chemical origin of NO release and NO
capture. J. Am. Chem. Soc. 1998, 120, 10266—10267.

Xian, M.; Zhu, X.Q.; Lu, J.; Wen, Z.; Cheng, J.P. The first O-NO bond energy scale in solution:
Heterolytic and homolytic cleavage enthalpies of O-nitrosyl carboxylate. Compd. Org. Lett. 2000,
2,265-268.

Zhu, X.Q.; He, J.Q.; Li, Q.; Xian, M.; Lu, J.; Cheng, J.P. N-NO bond dissociation energies of
N-nitroso diphenylamine derivatives (or analogues) and their radical anions: Implications for the
effect of reductive electron transfer on N-NO bond activation and for the mechanisms of NO
transfer to nitranions. J. Org. Chem. 2000, 65, 6729-6735.

Li, J.M.; Wittbrodt, J.M.; Wang, K.; Wen, Z.; Schlegel, H.B.; Wang, P.G., Cheng, J.P.
NO affinities of S-nitrosothiols: A direct experimental and computational investigation of RS-NO
bond dissociation energies. J. Am. Chem. Soc. 2001, 123, 2903-2904.



Int. J. Mol. Sci. 2012, 13 8070

36.

37.

38.

39.

40.

41.

42.

43.

44.
45.

Zhu, X.Q.; Hao, W.F.; Tang, H.; Wang, C.H.; Cheng, J.P. Determination of N-NO bond
dissociation energies of N-methyl-N-nitrosobenzenesulfonamides in acetonitrile and application in
the mechanism analyses on NO transfer. J. Am. Chem. Soc. 2005, 127, 2696-2708.

Zhu, X.Q.; Zhang, J.Y.; Cheng, J.P. Mechanism and driving force of NO transfer from
S-nitrosothiol to cobalt(Il) porphyrin: A detailed thermodynamic and kinetic study. /norg. Chem.
2006, 46, 592—-600.

Li, X.; Zhu, X.Q.; Wang, X.X.; Cheng, J.P. Determination of N-NO bond dissociation energies of
N-nitrosoindoles and their radical anions in acetonitrile. Chem. J. Chin. Univ. 2007, 28, 2295-2298.

Li, X.; Zhu, X.Q.; Cheng, J.P. Determination of NO chemical affinities of benzyl nitrite in
acetonitrile. Chem. J. Chin. Univ. 2007, 29, 2327-2329.

Li, X.; Cheng, J.P. Determination of S-NO bond dissociation energies of S-nitroso-N-acety-D,L-
penicillamine dipeptides. Chem. J. Chin. Univ. 2008, 29, 1569-1572.

Li, X.; Deng, H.; Zhu, X.Q.; Wang, X.; Liang, H.; Cheng, J.P. Establishment of the C-NO Bond
dissociation energy scale in solution and its application in analyzing the trend of NO transfer from
C-nitroso compound to thiols. J. Org. Chem. 2009, 74, 4472—4478.

Teuvo, K. Self-organizing formation of topologically correct feature maps. Biol. Cybern. 1982,
43, 59-69.

Powell, M.J.D. Radial Basis Function for Multivariable Interpolation: A Review. In Proceeding of
the IMA Conference on Algorithms for the Approximation of Functions and Data, RMCS,
Shrivenham, UK, July, 1985; Clarendon Press: Oxford, UK, 1987; 143—-167.

Gaussian 03. Revision C.02; Gaussian, Inc: Pittsburgh, PA, USA, 2003.

Fu, Y.; Mou, Y.; Lin, B.L.; Guo, Q.X. Structures of the X-Y-NO molecules and homolytic
dissociation energies of the Y-NO bonds (Y = C, N, O, S). J. Phys. Chem. A 2002, 106,
12386—-12392.

© 2012 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access article

distributed under the terms and conditions of the Creative Commons Attribution license

(http://creativecommons.org/licenses/by/3.0/).




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


