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Abstract 

The research investigates the inhibition of fatty acid biosynthesis of the human Acetyl-CoA Carboxylase 

enzyme by the aromatic-structure inhibitors (also known as ligands) containing variables of substituents, 

contributing an important role in the treatment of fatty-acid metabolic syndrome expressed by the group of 

cardiovascular risk factors increasing the incidence of coronary heart disease and type-2 diabetes. The 

effective interoperability between ligand and enzyme is characterized by a 50% concentration of enzyme 

inhibitor (IC50) which was determined by experiment, and the factor of geometry structure of the ligands which 

are modeled by quantum mechanical methods using HyperChem 8.0.10 and Gaussian 09W softwares, 

combining with the calculation of quantum chemical and chemico-physical structural parameters using 

HyperChem 8.0.10 and Padel Descriptor 2.21 softwares. The result data are processed with the combination of 

classical statistical methods and modern bioinformatics methods using the statistical softwares of Department 

of Pharmaceutical Technology – Jadavpur University – India and R v3.3.1 software in order to accomplish a 

model of the quantitative structure - activity relationship between aromatic-structure ligands inhibiting fatty 

acid biosynthesis of the human Acetyl-CoA Carboxylase. 
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I. Introduction 

Metabolic syndrome (MS) is a series of 

cardiovascular risk factors including 

abdominal fat, glucose intolerance, 

triglycerid increment and hypertension 

related to an increment in crude fat content 

in the human body [1]. This leads to be 

exposure to higher chance of having a stroke, 

type 2 diabetes and cardiac death. According 

to NHANES (The National Health and 

Nutrition Examination Survey), during the 

past decade, the proportion of men and 

women age between 12 and 19 having MS 

has increased by more than 50%. In addition, 

there are approximately more than 200 

million adolescents all over the world who 

have suffered from MS today. In supporting 

treatment of fatty-acid metabolic disorder 

at the molecular level, the inhibition of 

Acetyl-CoA Carboxylase activity plays an 

important role in constraining the synthetic 

biology reaction rate of fatty acids and 

promoting their oxidation process in the 

human body [2]. 

In mammals, ACC exists with the two 

isoforms which catalyse the transformation 

of Acetyl-CoA into Malonyl-CoA. The first 

isoform (ACC1) is mainly expressed in 

lipogenic tissues: liver, adipose, and lactating 

mammary gland and has a crucial role in 

regulating the synthetic biology reaction rate 

of fatty acids. The second isoform (ACC2) is 

highly expressed in mitochondrial membrane, 

heart and muscle which supports the oxidation 

process of fatty acids [3]-[4]-[5]. 

Researchers have developed different 

inhibitors that inhibit the two kinds of ACC 

isoforms, including inhibiting the formation 

of malonyl-CoA by ACC1 and the inhibition 

of ACC2 activity, which promotes the 

oxidation process of fatty acids. However, 

the selection of which inhibitor achieves the 

highest inhibitory effect has not been 

elucidated. Our research is derived from the 

increasing incidence of metabolic syndrome 

in the world, with the purpose of 

investigating and clarifying factors affecting 

ACC inhibitory efficacy, including the two 

isomers ACC1 and ACC2. In addition, the 

research promises to contribute orientation, 

supporting the treatment of fatty acid 

metabolism in the future. 

In our previous articles which are published 

in the Journal of Medical Research of the 

Medicine and Pharmacy University and the 

Journal of Science and Technology of the 

National University at Ho Chi Minh City, we 

applied the computational methods in 

chemistry, including modeling and optimizing 

structures of various ligand molecules by 

using the Semi-Empirical calculation (PM3) 

and the Density Function Theory (DFT), and 

combined with a variety of classical 

statistical and modern bioinformatics 

methods such as linear multivariable 
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regression, genetic algorithm, artificial 

neural network and fuzzy logic to perform 

Quantitative Structural and Activity 

Relationships (QSAR) of multiple organic 

compounds with medicinal properties against 

pathogens, typically Chlorokojic acid 

derivatives having antifungal activity against 

Trichophyton mentagrophytes. In addition, 

we proposed the new compounds which 

were predicted to have the highest 

pharmaceutical activity without being 

investigated by experiment before. 

Inheriting the experienced previous research 

methods, in this paper, we optimize 65 

SMILES structures of aromatic inhibitors, 

which have been studied experimentally in 

determination of the half maximal inhibitory 

concentration (IC50) and cited from the open 

source database of the University of 

California - San Diego [6] based on 

quantum mechanical methods: PM3 and DFT 

using HyperChem 8.0.10 and Gaussian 09W, 

combining with the calculation of quantum 

chemical and chemico-physical structural 

parameters using HyperChem 8.0.10 and 

Padel Descriptor 2.21 softwares [7] 

respectively. The result data are processed 

with the combination of classical statistical 

methods: linear regression and modern 

bioinformatics methods as Genetic Algorithm 

(GA), Artificial Neural Network (ANN), and 

Fuzzy logic using the statistical softwares of 

Department of Pharmaceutical Technology – 

Jadavpur University – India and R v3.3.1 in 

order to accomplish a QSAR model [8] 

between aromatic-structure ligands inhibiting 

fatty acid biosynthesis of the human ACC. 

II. Softwares and Methods

2.1 Modeling, optimizing and calculating 

descriptors 

Gaussian 09w and Hyperchem 8.0.10 are 

utilized to model and optimize the structures 

based on the two quantum mechanical methods: 

PM3 and DFT at the B3LYP/6-31G(d,p) level. 

The calculation of 17 quantum chemical 

descriptors: Approx Surface Area, Grid Surface 

Area, Volume, Hydration Energy, LogP, 

Refractivity, Polarizability, Mass, Lumo, Homo, 

Gap(Homo-Lumo), Total Energy, Binding 

Energy, Heat of Formation, Electron Energy, 

Nuclear Energy, and Total dipole [9]-[10] is 

proceeded. With PaDel Descriptor 2.21, we 

calculate 16018 chemico-physical descriptors 

of the optimized structures including 2D and 3D 

descriptors. 

2.2 Initial data processing and refinement of 

descriptors

 In this research, the best group of 10 

descriptors are selected initially with 

calculation of the correlation coefficients (R) 

and the mean absolute error (MAE) in 

statistical significance (P<0.05) by the Genetic 

Algorithm – Linear Regression (GA-LR) 
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analysis, as shown in Fig. 1. , utilizing the 

open source statistical software of 

Department of Pharmaceutical Technology – 

Jadavpur University – India [11]-[12]. 

2.3 ANN 

R v3.3.1 [13] is utilized to build the 10-1-1 

ANN model (10 inputs as selected 

descriptors – 1 hidden layer – 1 output as 

log(IC50)) based on backpropagation 

algorithm using logistic function to calculate 

the weights for each descriptor which is 

pre-selected by the GA–LR method, thereby 

screening the 10 most influential descriptors 

on the IC50 as shown in Fig. 2-3. 

2.4 Fuzzy logic 

The 65 compounds data with the 10 selected 

descriptors by one-hidden-layer ANN is 

divided randomly into 85% of the data as the 

training set and 15% of the data as the test 

set to build ANN models automatically using 

an looping structure, in R with the stop 

conditions: Correlation coefficient (R) of the 

test set ≥ 0.90, Sum Squared Errors (SSE) < 

9, Mean Squared Errors (MSE) of the test 

set ≤ 0.15. In addition, MSE of the 65 

compounds data (MSEtotal), MSE of the 

training set (MSEtrain), MSE of the test set 

(MSEtest), R2 of the 65 compounds data 

(R2
total), R2 of the training set (R2

train), and R2 

of the test set (R2
test) are calculated. 

Setting up the fuzzy logic models [14], 

corresponding to the descriptors screened 

from the ANN models which have more than 

one hidden layer and are satisfied with the 

above stop conditions, results in the Hybrid 

Neural Fuzzy Inference System (HYFIS), as 

shown in Fig. 4-5. , including the parameters: 

13 Gaussian membership functions, 

DIENES_RESHER implicit function, Hamacher 

t-norm operator, center of gravity 

defuzzification method, 15 iterations for the case 

of ACC1 which has the four greatest impact 

descriptors including GATS2c, JGI5, ETA_EtaP 

and CIC5, as shown in Table 1. , 20 iterations 

for the case of ACC2 which has the four 

greatest impact descriptors including GATS6s, 

GATS1e, MATS3s and GATS3s, as shown in 

Table 2. 

III. RESULTS

3.1 The overview of refined descriptors 

3.1.1 GATS2c 

GATS2c is a Geary autocorrelation descriptor 

[15] which is based on an autocorrelation 

function using Geary Coefficient at lag 2, 

defined as Equation 1. : 

Equation 1. 

Where wi is the atom charge of the ith atom 

and A is the atom number. 3.1.2 JGI5
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JGI5 is a topological charge index [15] 

proposed to evaluate the charge transfer 

between a pair of atoms, and therefore, the 

global charge transfer in the molecule. An 

unsymmetric charge term matrix CT is 

derived from the matrix M. Its terms are 

calculated as Equation 2. : 

CTij = δ(i) if i=j 

CTij = mij - mji if i≠j 

Equation 2. 

Where mij are the elements of the M matrix, 

δ(i) is the vertex degree of the ith atom. 

The charge terms CTij are graph invariants 

that are related to the charge transfer 

between the pair of considered vertices. For 

each path of length k, a topological charge 

index Gk is defined as Equation 3. : 

Equation 3. 

Where δ(k, dij) indicates the Kronecker 

delta: 1 if dij = k, zero otherwise. 

3.1.3 ETA_EtaP

ETA_EtaP is an Extended Topochemical Atom 

(ETA) descriptor [16]-[17]. Definitions of 

some basic parameters used in the ETA 

scheme are given in Equation 4. : 

Equation 4. 

Where α  is the core count of a non-

hydrogen vertex. Z and Zv represent atomic 

number and valence electron number 

respectively while PN stands for period 

number. Hydrogen atom being considered as 

the reference, α for hydrogen is taken as 

zero value. β is the valence electron mobile 

(VEM) count, and δ is a correction factor of 

value 0.5 per atom with lone pair of 

electrons capable of resonance with an 

aromatic ring. For calculation of the VEM 

count, contribution of a sigma bond (x) 

between two atoms of similar 

electronegativity (≤ 0.3) is considered to be 

0.5, and for a sigma bond between two 

atoms of different electronegativity (> 0.3) 

it is considered to be 0.75. Again, in case of 

pi bonds, contributions (y) are considered 

depending on the type of double bond: (i) for 

pi bond between two atoms of similar 

electronegativity (≤ 0.3), y is taken to be 1; 

(ii) for pi bond between two atoms of 

different electronegativity (> 0.3) or for 

conjugated (nonaromatic) pi system, y is 

considered to be 1.5; (iii) for aromatic pi 

system, y is taken as 2. γ i is the VEM 

vertex count of the ith vertex in a molecular 

graph. α i stands for α  value for the ith 
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vertex and β i stands for VEM count 

considering all bonds connected to the atom 

and lone pair of electrons (if any). η is the 

composite index both bonded and non-

bonded interactions have been considered. 

The parameter rij stands for the topological 

distance between ith atom and jth atom. 

3.1.4 CIC5 

The rth order Neighbourhood Information 

Content ICr, is calculated as defined by 

Shannon ’ s entropy [15]. CICr is the 

Complementary Information Content 

descriptor measuring the deviation of ICr, 

from its maximum value, which corresponds 

to the vertex partition into equivalence 

classes containing one element each as 

shown in Equation 5. : 

Equation 5. 

Where g runs over the G equivalence classes, 

Ag, is the cardinality of the gth equivalence 

class, A is the total number of atoms, and pg is 

the probability of randomly selecting a vertex 

of the gth class. It represents a measure of 

structural complexity per vertex. 

3.1.5 GATS6s 

GATS6s is a Geary autocorrelation descriptor 

[15] which is based on an autocorrelation 

function using Geary Coefficient at lag 6, 

defined as Equation 6. : 

Equation 6. 

Where wi is the intrinsic state of the ith atom 

and A is the atom number. The intrinsic 

state of the ith atom is calculated by 

Equation 7. : 

Equation 7. 

Where Li is the principal quantum number (2 

for C, N, 0, F atoms, 3 for Si, S, Cl ...), δv
i is 

the number of valence electrons (valence 

vertex degree) and δi is the number of sigma 

electrons (vertex degree) of the ith atom in 

the H-depleted molecular graph. 

3.1.6 GATS1e 

GATS1e is a Geary autocorrelation descriptor 

[15] which is based on an autocorrelation 

function using Geary Coefficient at lag 1, 

defined as Equation 8. : 

Equation 8. 

Where wi is the Sanderson electronegativity of 

the ith atom and A is the atom number. The 

Sanderson electronegativity of the ith atom is 

proportional to the ratio of the atomic number 

to theatom volume [18]. 3.1.7 MATS3s 
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MATS3s is a Moran autocorrelation descriptor 

[15] which is based on an autocorrelation 

function using Moran Coefficient at lag 3, 

defined as Equation 9. : 

Equation 9. 

Where wi is the intrinsic state of the ith atom 

and A is the atom number. 

3.1.8 GATS3s 

GATS3s is a Geary autocorrelation descriptor 

[15] which is based on an autocorrelation 

function using Geary Coefficient at lag 3. 

3.2 ANN – Fuzzy logic 

Fig. 1. GA-LR method 

Table 1. HYFIS for the case of ACC1 – PM3 

optimization 

Inde

x 

Log(IC5

0) 

Obs. 

Log(IC5

0) 

Cal. 

Inde

x 

Log(IC5

0) 

Obs. 

Log(IC5

0) 

Cal. 

1 1.8 1.8 34 1.0 1.1 

2 2.4 2.2 35 3.4 3.6 

3 1.8 1.8 36 1.9 1.8 

4 2.2 2.2 37 2.7 2.6 

5 2.3 2.2 38 4.0 3.6 

6 1.6 1.5 39 0.8 0.7 

7 3.8 4.0 40 1.0 1.0 

8 2.1 2.3 41 4.1 3.7 

9 2.0 2.3 42 1.2 1.2 

10 1.2 1.2 43 1.3 1.3 

11 1.0 1.4 44 3.3 3.3 

12 2.3 3.6 45 3.1 3.1 

13 1.5 2.0 46 2.5 2.4 

14 3.6 3.6 47 3.1 2.8 

15 1.9 1.5 48 1.8 1.8 

16 2.6 2.7 49 1.9 2.2 

17 3.5 2.3 50 2.0 1.8 

18 1.5 1.5 51 3.5 3.5 

19 2.6 2.7 52 3.6 2.6 

20 2.8 3.1 53 3.4 3.3 

21 2.0 2.0 54 1.8 2.4 

22 3.0 3.5 55 4.0 3.9 

23 3.8 4.0 56* 3.1 3.1 

24 1.7 1.8 57* 3.1 3.1 

25 1.7 1.8 58* 3.3 3.1 

26 3.9 4.0 59* 3.5 3.1 

27 2.2 2.1 60* 3.0 2.4 

28 3.0 3.1 61* 2.7 2.8 

29 1.3 2.3 62* 1.1 1.2 

30 3.1 3.1 63* 0.7 1.3 

31 3.8 3.5 64* 3.0 3.1 

32 1.8 2.0 65* 2.3 1.6 

33 3.6 3.6 
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(Index*: the test set) 

MSEtotal = 0.14; MSEtrain = 0.14; MSEtest = 0.15; 

R2
total = 84.1%; R2

train = 84.6%; R2
test = 82.9% 

Fig. 2. The 10-1-1 ANN model with the best 

10 selected descriptors for the case of 

ACC1 – PM3 optimization 

Table 2. HYFIS for the case of ACC2 – DFT 

optimization 

Inde

x 

Log(IC5

0) 

Obs. 

Log(IC5

0) 

Cal. 

Inde

x 

Log(IC5

0) 

Obs. 

Log(IC5

0) 

Cal. 

1 1.9 1.9 34 2.8 3.0 

2 1.9 2.0 35 1.6 1.6 

3 2.9 3.2 36 3.6 3.5 

4 1.5 1.4 37 0.8 1.0 

5 2.5 2.7 38 1.8 2.0 

6 2.3 2.4 39 1.8 1.9 

7 2.8 2.7 40 3.1 3.2 

8 4.3 4.2 41 2.6 2.7 

9 -0.5 -0.7 42 1.7 1.9 

10 1.2 1.4 43 0.8 1.0 

11 2.2 2.4 44 2.9 2.7 

12 1.1 1.3 45 1.5 1.4 

13 2.0 2.2 46 1.2 1.7 

14 1.9 1.9 47 2.8 2.7 

15 3.1 2.8 48 1.6 1.4 

16 2.9 2.7 49 3.2 2.2 

17 2.2 2.0 50 2.4 1.5 

18 2.9 3.2 51 1.6 2.2 

19 2.2 1.9 52 1.9 1.9 

20 -0.5 -0.2 53 2.2 2.4 

21 3.3 3.2 54 2.8 2.7 

22 2.1 1.7 55 3.4 3.2 

23 2.7 2.5 56* 2.8 3.5 

24 1.4 1.4 57* 3.1 3.1 

25 1.3 1.8 58* 1.8 1.9 

26 2.4 2.3 59* 3.0 3.2 

27 -0.7 -0.7 60* 1.5 1.9 

28 3.4 3.5 61* 2.7 2.3 

29 2.3 2.4 62* 3.5 3.2 

30 1.5 1.4 63* 1.2 1.8 

31 1.5 1.4 64* 1.0 1.1 

32 3.2 3.1 65* 1.6 1.6 

33 2.3 2.3 
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(Index*: the test set) 

MSEtotal = 0.09; MSEtrain = 0.08; MSEtest = 0.14; 

R2
total = 90.8%; R2

train = 92.1%; R2
test = 83.2% 

Fig. 3. The 10-1-1 ANN model with the best 10 

selected descriptors for the case of ACC2 – 

DFT Optimization 

Fig. 4. Membership functions of HYFIS for the 

case of ACC1 – PM3 optimization 

Fig. 5. Membership functions of HYFIS for the 

case of ACC2 – DFT optimization

IV. Conclusions

The ACC inhibitory activity of the aromatic 

compounds has the high correlation with the 

descriptors calculated by Padel Descriptor 2.21. 

The results are the two models set up by the 

fuzzy logic method in R software combined with 

pre-selecting descriptors using GA-LR followed 

by ANN. 

In the case of ACC1, the HYFIS model of the 

compounds optimized by the PM3 method 

shows that the four descriptors including 

GATS2c, JGI5, ETA_EtaP, and CIC5 correlate 

closely with log IC50 (R2 = 84.1%). 

In the case of ACC2, the HYFIS model of the 

compounds optimized by the DFT method 

shows that the four descriptors including 
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GATS6s, GATS1e, MATS3s, and GATS3s 

correlate closely with log IC50 (R2 = 90.8%). 
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