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Abstract 

 

Adaptive Neuro-Fuzzy Inference System-Applied QSAR for 

Antioxidant Activities of Food Phytochemicals 

 

 
Department of Food and Nutrition 

Seoul National University 

Changho Jhin 

 

Antioxidant is a chemical substance that significantly delays, reduces or 

prevents target molecules from oxidative stress-induced damages. One of the 

characteristics of phytochemicals is antioxidant activity. Dietary 

phytochemicals can contribute to human antioxidant system for scavenging 

free radicals. In addition to their physiological properties, phytochemical 

antioxidants affect stability, safety and quality of foods. Antioxidant activities 

of phytochemicals were evaluated in numerous studies. Although the 

structural characteristics of phytochemicals strongly affect the antioxidant 

activities, most of previous studies did not rationally explain the relationship 

between chemical structures and antioxidant activities in a physicochemical 
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manner. Therefore, structure-related analyses are needed to better understand 

and predict the antioxidant activities of phytochemicals. Quantitative 

structure-activity relationship (QSAR) is a methodology that quantitatively 

correlates chemical structural descriptors of molecules and their biological 

activities. Selecting chemical structural descriptors and modelling methods 

are important for developing reliable QSAR models. Hydrophobic constant, 

numerical structural variables, quantum chemical descriptors and 3D 

molecular interaction fields can be used as structural descriptors for QSAR. 

Among them, quantum chemical descriptors can explain chemical reactions 

such as redox reactions. Selecting QSAR modelling method is also important 

for QSAR studies. Common QSAR modelling methods are linear regression 

and partial least square methods. Recently, as an advanced modelling method, 

machine learning methods are applied in chemometric studies. Nonlinear 

relationship between variables can be fitted by optimisation process of 

machine learning methods. Adaptive neuro-fuzzy inference system (ANFIS), 

one of machine learning methods, is a QSAR modelling method for fitting 

nonlinear relationship with high accuracy.  

The objective of this study was to develop accurate predictive QSAR 

models for antioxidant activities of prominent phytochemicals indigenous to 

foods, using quantum chemical descriptors. This study is composed of three 

parts. ANFIS-applied prediction models for antioxidant activities of 

anthocyanins (including anthocyanidins) and carotenoids were developed in 

the first and second parts of this study. In the third part, QSAR models for the 
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antioxidant activities of various phenolic compounds were developed, and the 

prediction efficiencies of linear regression and ANFIS-applied QSAR models 

were compared. 

In the first part of the study, since anthocyanins have various chemical 

structures depending on pH of their solutions, quantum chemical descriptors 

of flavylium cation, quinoidal base, carbinol pseudo-base and chalcone 

structures of anthocyanins were calculated. Quantum chemical descriptors 

were calculated by semi-empirical PM6 and PM7 methods. Correlation 

analysis between calculated quantum chemical descriptors and antioxidant 

activities was performed to select descriptors for QSAR. Electron affinity and 

electronegativity of flavylium cation, and ionisation potential of quinoidal 

base were significantly correlated with radical scavenging activities of 

anthocyanins, and these descriptors were selected as independent variables for 

QSAR models. ANFIS-applied QSAR models were developed by using the 

selected quantum chemical descriptors. The developed ANFIS models had 

two triangular-shaped input fuzzy functions for each independent variable, 

and the models were optimised by backpropagation method. The constructed 

models using descriptors calculated by both PM6 and PM7 had good 

prediction efficiencies with Q square of 0.819 and 0.862, respectively.  

In the second part of the study, quantum chemical descriptors of neutral and 

monovalent cationic carotenoids were calculated by semi-empirical PM6 and 

PM7 methods. Cross-product terms between quantum chemical descriptors of 

neutral and cationic carotenoids were calculated. The relationship between 
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quantum chemical descriptors of carotenoids and their radical scavenging 

activities was determined by correlation analysis. Ionisation energies of 

neutral and monovalent cationic carotenoids and the product of chemical 

potentials of neutral and monovalent cationic carotenoids were significantly 

correlated with their radical scavenging activities, and consequently these 

descriptors were used as independent variables of QSAR models. ANFIS-

applied QSAR models were also developed for predicting and comparing 

radical scavenging activities of carotenoids. ANFIS-applied QSAR models 

were developed with two triangular-shaped input membership functions made 

for each of the independent variables and optimised by backpropagation 

method. High prediction efficiencies were achieved by the ANFIS-applied 

QSAR. R square values of the developed QSAR models with the variables 

calculated by PM6 and PM7 methods were 0.921 and 0.902, respectively. The 

results of this study demonstrated reliabilities of the selected quantum 

chemical descriptors and significance of QSAR models. 

In the third part of the study with phenolic compounds, bond dissociation 

energy of O-H bond (BDE) was calculated by semi-empirical PM6 and PM7 

quantum chemical methods. Previous studies reported negative correlations 

between the lowest BDE (BDEmin) and antioxidant activities. However, not 

only the lowest BDE but also BDEs of other hydroxyl groups may affect 

radical scavenging activities of phenolic compounds. In addition, calculated 

BDEs of phenol and enol groups were lower than those of alcohol groups. 

Considering these points, sum of reciprocals of BDE of enol and phenol 
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groups (XBDE) was calculated as a new descriptor for QSAR models. 

Significant correlations were observed between XBDE and antioxidant activities. 

XBDE was introduced as a descriptor for developing QSAR models. The QSAR 

models by both of linear regression and AFNIS achieved high prediction 

accuracies. Among the developed models, ANFIS-applied models achieved 

better prediction accuracies than linear regression-applied models. The 

correlation coefficients of linear regression and ANFIS-applied QSAR models 

were 0.907 and 0.919, respectively. From these results, the proposed 

descriptor of XBDE was confirmed to be an appropriate variable for predicting 

and analysing antioxidant activities of phenolic compounds. Also, the ANFIS 

could be applied to QSAR models to improve prediction accuracy. 

In this study, appropriate chemical structural descriptors of food 

phytochemicals for QSAR models were calculated by rational processes. And 

accurate prediction models for antioxidant activities of the phytochemicals 

were developed by ANFIS-applied QSAR. The developed ANFIS-applied 

QSAR models could be used for establishing rational strategies for developing 

plant-derived functional foods and bio-materials with high antioxidant 

activities.  

 

Key words: phytochemical, antioxidant activity, radical scavenging activity, 

QSAR, ANFIS. 

Student number: 2011-23690 
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1.1. Literature review 

 

1.1.1. Antioxidant 

Antioxidants are any chemical compounds that significantly delay, reduce 

or prevent target molecules from damage induced by oxidative stress 

(Halliwell, 2007). Oxidative stress can be occurred by increased level of free 

radicals with low antioxidant activity. Free radicals, such as reactive oxygen 

species (ROS) and reactive nitrogen species (RNS), are generated by 

intracellular mitochondrial activity (Cadenas and Davies, 2000) or external 

stress such as ultraviolet ray (Jackson, 1999; Logani and Davies, 1980). 

Antioxidants can be used as food preservatives for preventing food products 

from undesirable changes which occurred by oxidation. Lipid oxidation 

declines the quality of lipid-containing food complex by giving rancid odours 

of oxidation products (Gray, 1978). The lipid oxidation is inhibited by α-

tocopherol, ascorbic palmitate and other antioxidants (Frankel, 1996). Del 

Carlo et al. (2004) reported a significant positive correlation between phenolic 

antioxidant content and oxidative stability of extra virgin olive oil. Frankel et 

al. (1996) reported that carnosic acid, carnosol and rosmarinic acid show high 

antioxidant activities on corn oil and oil-in-water emulsion. Antioxidants have 

also effects on physiological system. Small amount radicals of reactive 

oxygen and nitrogen species are required for normal physiological functions 

such as signal transduction (Valko et al., 2007). However, due to high 

reactivity of free radicals, physiological biomolecules can be damaged by 
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oxidative stresses induced by free radicals. ROS can cause DNA damaged, 

and the DNA damage has been postulated to promote carcinogenesis, 

coronary heart diseases and advancing age-related diseases (Cooke et al., 

2003; Vaca et al., 1988). Also, free radicals induce damage to lipid, low-

density lipoprotein, protein and nucleic acid, which are responsible for human 

diseases such as hypertension, atherosclerosis, cardiovascular diseases, 

Alzheimer diseases and cancer (Chen et al., 2012; Crichton et al., 2013; 

Förstermann, 2008). Thus, scavenging free radicals is important for 

preventing and treating diseases and health problems. Human antioxidant 

system is constituted of endogenous and exogenous components, which are 

classified into antioxidant enzymes, metal binding proteins and antioxidants 

(Dasgupta and Klein, 2014). Among them, antioxidant enzymes and metal 

binding proteins are mostly classified as endogenous components, while 

antioxidants are originated from both endogenous and exogenous ones. 

Epidemiological studies have been reported that consumption of fruits and 

vegetables, which are good sources of natural antioxidants, lowers risk and 

mortality of age-related chronic diseases (Asplund, 2002; Crichton et al., 2013; 

Podsędek, 2007; Rimm et al., 1996). 

The antioxidant activities are mainly contributed by radical scavenging 

mechanisms of antioxidant molecules. Two main antioxidant mechanisms are 

hydrogen atom transfer (HAT) and single electron transfer (SET) (Prior et al., 

2005). The radical scavenging activity by HAT mechanism is explained as 

following reaction: 
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X· + AOH → XH + AO· 

where X represents a free radical and AOH represents an antioxidant 

molecule and its hydroxyl group. As shown on the chemical equation, single 

hydrogen atom should be homolytic dissociated from the antioxidant 

molecule to scavenge radical by the HAT mechanism. Thus, the bond 

dissociation energy of O-H bond (BDE) is a crucial variable for estimating 

antioxidant activity. While, SET mechanism is explained by following 

equation: 

X· + AOH → X- + AOH·+ 

The mechanism is governed by ionisation energy (IE) which is the energy 

needed to dissociate an electron from a molecule. HAT and SET mechanisms 

can occur simultaneously in antioxidant reaction (Prior et al., 2005). Free 

radicals can be also scavenged by multi-step mechanisms which are single 

electron transfer-proton transfer (SET-PT) and sequential proton-loss 

electron-transfer (SPLET) (Klein and Lukeš, 2007; Musialik et al., 2009; 

Vagánek et al., 2012). The SET-PT mechanism occurs as following two-step 

reaction: 

X· + AOH → X- + AOH·+  

X- + AOH·+ → XH + AO· 

And the SPLET mechanism is explained by following equations: 

X· + AOH → X· + H+ + AO-  

X· + H+ + AO- → X- + H++ AO· 
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X- + H+ + AO· → XH + AO· 

Basically, the net chemical equations of multi-step antioxidant mechanisms 

are the same as that of HAT mechanism. SET occurs in the first step of SET-

PT and the second step of SPLET mechanism. Thus, multi-step antioxidant 

reactions are also governed by BDE and IE values. 

The radical scavenging activities can be evaluated by several assay methods. 

Oxygen radical absorbance capacity (ORAC) assay measures the amount of 

peroxyl radicals (Cao et al., 1993). The antioxidant power can be calculated 

by measuring decreased amount of peroxyl radicals, and the peroxy radical 

scavenging reaction is mainly governed by HAT mechanism (Prior et al., 

2005). Stable radical molecules can be used for measuring antioxidant 

activities. 2,2'-Azino-bis(3-ethylbenzothiazoline-6-sulphonic acid) (ABTS) 

and 2, 2-diphenyl-1-picryl-hydrazyl-hydrate (DPPH) are stable radicals that 

can be used for measuring antioxidant power of antioxidant molecules 

(Osman, 2011; Re et al., 1999; Sharma and Bhat, 2009). ABTS and DPPH 

assays are quantified by measuring reduced amounts of ABTS and DPPH 

radicals, respectively, by antioxidant molecules. 
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1.1.2. Phytochemicals as antioxidants 

Phytochemical is a compound originated from the Greek word ‘phyto’, 

which means plant, and ‘chemical’. Phytochemicals are chemical substances 

derived from plant sources. One of important characteristics of 

phytochemicals is their antioxidant activity. As a part of plant defence system, 

antioxidant activity contributed by phytochemicals controls and defences 

oxidative stresses (Arora et al., 2002). Phytochemicals can be classified by 

their common skeleton structures (Figure 1.1), and some common classes of 

phytochemicals are as follows: 

Flavonoids are distributed in various species of fruits, vegetables and 

traditional Chinese medicinal plants (Cai et al., 2004; Liao et al., 2008). The 

flavonoids have a common C6-C3-C6 carbon skeleton and are divided into 

several subclasses such as flavanols, flavonols, flavanones, flavones, 

isoflavones and so on, depending on their residues and bond orders. 

Flavonoids have been characterised by their high antioxidant activities. Torel 

et al. (1986) evaluated peroxy radical-inhibiting activities of flavonoids, 

suggesting morin is the most effective flavonoid species. Also, flavonoids 

have been known to retard oxidation caused by RNS (Haenen et al., 1997; 

Kerry and Rice-Evans, 1999). 
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Flavonoid Anthocyanin 

Carotenoid 

Curcuminoid Stilbene 

Figure 1.1. Skeleton structures of phytochemicals. 
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Anthocyanins and their aglycones, anthocyanidins, are classified as 

subgroups of flavonoids that have a C6-C3-C6 carbon skeleton. Anthocyanins 

and anthocyanidins are water-soluble colour pigments, which are blue, purple 

and red depending on pH, and these pigments are mostly distributed in fruits. 

One of the characteristic features of these compounds is that these compounds 

contain an oxonium ion in flavylium cation structure, unlike other flavonoids. 

Another characteristic of anthocyanins and anthocyanidins is that their 

structures and colours vary depending on pH (Mazza and Brouillard, 1987). 

For this reason, the antioxidant activity of anthocyanins is strongly affected by 

pH of the system and their high antioxidant activities were observed on high 

pH (Borkowski et al., 2005). Also, high antioxidant activities of anthocyanins 

and anthocyanidins were observed against DPPH radical, methyl linoleate and 

low-density lipopolysaccharide (Kähkönen and Heinonen, 2003; Tsuda et al., 

1996). 

Carotenoids are fat-soluble phytochemicals, the most widely distributed 

colour pigments in natural products (Sanchez et al., 1999). Basic skeleton of 

carotenoids is a tetraterpenoid structure that contains 40 carbon atoms with 

unsaturated polyene chains. Carotenoids are classified into two subclasses, 

carotenes and xanthophylls. Carotenoids are constituted of only carbon and 

hydrogen atoms, while xanthophylls contain carbon, hydrogen and oxygen 

atoms. Carotenoids are found ubiquitously in plants and photosynthetic 

microorganisms since carotenoids defend oxidative stress from 

photooxidation and photosynthetic electron transfer system (Foyer et al., 1994; 
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Stahl and Sies, 2005). Antioxidant activities of carotenoids are mainly 

contributed by their polyene structure, and their antioxidant activities are 

governed by SET mechanism (Britton, 1995; Cantrell et al., 2003; Krinsky 

and Deneke, 1982). Antioxidant activities of various carotenoids have been 

reported, and lycopene is the most effective antioxidant among the tested 

carotenoids (Miller et al., 1996; Müller et al., 2011).  

Other several classes of phytochemicals have antioxidant characteristics. 

Since antioxidant activities are known to be contributed by phenol group, 

phenol group containing phytochemicals such as phenolic acids, tannins, 

curcuminoids and stilbenoids have antioxidant activities (Cai et al., 2006; 

Hagerman et al., 1998; Müller et al., 2011; Priyadarsini et al., 2003).  

 

1.1.3. Quantitative structure-activity relationship (QSAR) 

1.1.3.1. Definition of QSAR 

QSAR is a methodology that quantitatively correlates chemical structural 

descriptors of molecules and their biological activities such as enzyme 

inhibition constants, affinity constants, antioxidant activities and so on. Thus, 

a function for biological activity and chemical structural descriptor can be 

established: 

Φ =  (C) 

where Φ and C represent biological/chemical activity and chemical structural 

descriptor, respectively. QSAR studies mainly focus on predicting 

biological/chemical activities, and comprehending and rationalising 
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biochemical mechanisms of the action. 

1.1.3.2. Molecular descriptors 

Various chemical structural descriptors can be used in QSAR models. It has 

been assumed that two independent studies by Hansch and Fujita (1964) and 

Free and Wilson (1964) are the very first studies of modern QSAR 

methodologies. Later, QSAR methodologies which were reported by two 

independent studies called Hansch analysis and Free-Wilson analysis.  

As a physicochemical approach, Hansch analysis uses hydrophobic 

constants (π) of substituents as QSAR descriptors. The constant of π was 

calculated as following equation: 

π = log(
  

  
) 

where PH is partition coefficient of a template molecule, and PX is partition 

coefficient of a derivative. A two-phase octanol/water system has been 

generally used as a reference system for evaluating partition coefficient. Since 

partition coefficient represents hydrophobicity of a chemical compound, 

molecular interactions can be interpreted by the partition coefficient and 

derived descriptors. Biological systems such as cells and cell organelles are 

compartmented by biological lipid membranes of which structures were 

strongly affected by hydrophobic interactions. Since hydrophobic molecules 

are easily transported across biological lipid membranes, absorption, 

distribution, metabolism and excretion (ADME) properties of the molecules 

are governed by their hydrophobicity (Lipinski, 2002). Thus, the Hansch 
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analysis method have been applied to various in vitro and in vivo studies for 

analysing and predicting biochemical activities of chemicals including 

inhibition constants, affinities and toxicities. 

The Free-Wilson analysis, first developed by Free and Wilson (1964) and 

then revised by Fujita and Ban (1971), is a simple and efficient QSAR 

methodology, which adapts numerical structural variables from chemical 

structures of compounds. QSAR descriptors for Free-Wilson analysis do not 

need to be calculated or derived by experiments. Descriptors for Free-Wilson 

analysis are generated by comparing the structures of compounds to structure 

of an arbitrarily chosen reference molecule. Each descriptor has value of 0, 

indicating absence of a particular substituent or structural feature, or 1, 

indicating its presence. Since the values of descriptors used in the Free-

Wilson analysis can be directly recognised from the first look on structures of 

compounds, it is easy to establish and comprehend QSAR models. Thus, this 

method is useful for designing molecular structures for de novo synthesis. 

Despite the advantages of the Free-Wilson analysis, it has some disadvantages 

(Kubinyi, 1988). At least two essential different positions of substitution are 

needed to develop a QSAR model by the Free-Wilson method; therefore, the 

type of compounds is limited. A large data set is also necessary for developing 

a QSAR model, while only a small number of new analogues can be predicted 

by developed models. Another disadvantage is that the mechanism of action 

cannot be revealed easily since the Free-Wilson analysis is not based on 

physicochemical descriptors. 
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Rationalising chemical mechanisms of action is one of the main purposes 

of QSAR study. Biochemical activities of chemical compounds resulted from 

redox reactions are based on dissociation and formation of covalent or non-

covalent bonds; therefore, the activities are closely related to quantum 

chemical descriptors. For this reason, via QSAR study with quantum 

mechanics-derived descriptors, the mechanism of action can be understood. 

Development of computational hardware and efficient software algorithms 

make it possible to perform quantum chemical calculation on personal 

computers. QSAR models for biochemical activities of chemical compounds, 

such as partition coefficient, solubility, vapour pressure and redox properties, 

were developed using quantum mechanics-derived descriptors in previous 

studies (Jönsson et al., 1999; Staikova et al., 2004; Yang et al., 2007; Zeng et 

al., 2007). The quantum mechanics-derived descriptors used in QSAR 

analysis are energy of the highest occupied molecular orbital (HOMO), the 

lowest unoccupied molecular orbital (LUMO), ionisation energy, electron 

affinity, chemical hardness, electrophilicity, electronegativity and so on. 

Energy states and electron densities of molecules can be calculated by several 

quantum chemical calculation methods of ab initio, density functional theory 

(DFT) and semi-empirical methods. Ab initio method, the most accurate 

quantum chemical calculation method, calculates target electron wave 

functions by linear combination of atomic orbitals. DFT method is an 

appropriate method for many-body systems with consideration of electron-

electron repulsion. Semi-empirical method is the fastest quantum chemical 
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calculation method with several approximations such as neglect of diatomic 

overlap integral and electron correlations. In QSAR analysis, quantum 

chemical calculation process is a time-consuming process since descriptors of 

dozens or more compounds need to be calculated. Puzyn et al. (2008) 

suggested that semi-empirical method is an appropriate method for 

developing QSAR models because it is reliably accurate with a short 

calculation time. 

3D structures of molecules can be used as descriptors for QSAR study. 3D-

QSAR technique is a QSAR technique that utilises spatial structural 

characteristics as molecular descriptors. Biological activities are mainly 

altered by enzymes; therefore, ligand-enzyme interactions have crucial effects 

on the biological activities. Because of ligand selectivities of enzymes, 

inhibition and activation properties of chemical compounds cannot be derived 

from classical QSAR methods which do not involve 3D spatial structures. 

Comparative molecular field analysis (CoMFA), the first successful 3D-

QSAR study, was performed for analysing binding properties of steroids to 

carrier proteins (Cramer et al., 1988). Van der Waals and coulombic forces 

between a target enzyme and compounds are calculated and used as 

descriptors in the CoMFA analysis. Total interaction energies, molecular 

lipophilic potentials, hydrophobic interactions and electron densities can be 

calculated from 3D molecular structures and used as descriptors (Kastenholz 

et al., 2000; Kellogg and Abraham, 1992). However, it has some 

disadvantages. Calculating 3D structural descriptors is a time-consuming 
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process, and due to this drawback, 3D-QSAR is less efficiently than other 

QSAR systems. Also, validity of 3D-QSAR model is significantly affected by 

structure optimisation and alignment procedures; therefore, a careful 

consideration is necessary for each step.  

1.1.3.3. QSAR modelling methods 

For developing robust and reliable QSAR models, selecting appropriate 

modelling methods is important. Various modelling methods should be 

applied for the QSAR models depending on the size and characteristics of the 

variables. Various modelling methods can be used for QSAR model 

development. Representative modelling methods are linear regression, partial 

least-square and machine learning. 

Linear regression method is the most common and fundamental problem 

solving technique. Linear regression is a method for modelling relationship 

between a dependent variable and explanatory independent variables 

(Cruciani et al., 1990; Kubinyi, 1997). The simplest case of linear regression, 

which has only one independent variable, is called simple linear regression 

(SLR), a linear regression with multiple independent variables called multiple 

linear regression (MLR) (Snedecor and Cochran, 1967). Because QSAR 

models generally has multiple descriptors, MLR is commonly used in 

chemometric studies. Due to its simplicity, transparency, reproducibility and 

ease of interpretation, many studies have used MLR method for developing 

QSAR models; from the very first modern QSAR studies of Hansch analysis 

(Hansch and Fujita, 1964) and Free-Wilson analysis (Free and Wilson, 1964) 
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to the latest QSAR studies (Liaw and Svetnik, 2015). Basically, the result 

from MLR analysis can be interpreted by the sign and the size of each 

regression coefficient. The plus or minus sign of each coefficient represents a 

positive or negative correlation to dependent variable. However, 

interpretations of MLR models are not always correct when there is a 

collinearity between variables such as multiple mechanisms-related activities 

(Yee and Wei, 2012). Thus, MLR is not an appropriate method for 

interpreting non-linear relationship between variables, and the descriptors 

used in MLR should be independent each other without collinearities. Despite 

these disadvantages, MLR remains as the most popular QSAR modelling 

method because of its merits, ease of development and interpretation, and its 

comparability to previous studies. 

Partial least squares or projection to latent structure (PLS) method is a 

popular modelling method that is the second most used in QSAR studies 

(Wold et al., 2001; Yee and Wei, 2012). PLS assumes a linear relationship 

between an explanatory matrix of independent variables and a matrix of 

dependent variables. Latent factors were derived respectively from 

independent and dependent variables, and the aim of PLS is to find a 

multidimensional direction between latent factors. There is no issue on 

collinearity between dependent variables since PLS uses only one 

explanatory-latent factor for interpreting biochemical activities. PLS method 

is usually applied to 3D-QSAR models, while MLR method cannot be applied 

due to its great number of independent explanatory variables, typically several 
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thousands (Verma et al., 2010). To sum up, a great number of descriptors are 

projected to small-sized latent factor as a representative vector for PLS, and 

this projection makes easier to solve collinearity problems and develop QSAR 

models with good prediction efficiencies. However, since PLS is a method for 

finding a relationship between latent variables, the correlation between each 

independent variable and the dependent variable cannot be directly interpreted. 

Due to the complexity of a relationship between structural descriptors and 

biochemical activities, the relationship might not be defined by classical 

mathematical QSAR modelling methods including MLR and PLS. Machine 

learning technique is recently introduced in QSAR field. As a part of 

computer science, machine learning is defined as the ability to develop self-

improvement algorithms without explicit programming (Michalski et al., 

2013). One of the main features of machine learning is that nonlinear 

relationships between descriptors and activities can be mapped by using 

machine learning. Machine learning methods empirically develop models and 

construct problem-solving algorithms by training process with observed data 

sets. By using machine learning, the number of input variables which are 

introduced in QSAR models can be reduced. Major machine learning methods 

used in QSAR study area are support vector machine (SVM) and artificial 

neural network (ANN).  

SVM is a method for classifying and regressing independent explanatory 

variables based on structural risk minimisation principle from statistical 

learning theory (Vapnik, 2013). This method was originally designed for 
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binary classification of given data (Cortes and Vapnik, 1995). In addition, 

SVM for regression was suggested for developing prediction models (Smola 

and Vapnik, 1997). Xue et al. (2006) reported a QSAR study to distinguish 

toxic chemical compounds, and Liew et al. (2010) identified effective 

inhibitors for phosphoinositide 3-kinases by applying SVM. SVM method is a 

relatively simple and effective machine learning method to discover active 

compounds with only a few user-defined parameters and lower risk of model 

overfitting compared to artificial neural network (ANN) models. ANN is also 

a machine learning method that can be applied in QSAR modelling. The 

structure of ANN models is basically constituted of processing elements with 

weighted multi-link-network connections, imitating human cognitive systems. 

Each processing element is constituted of a function or a group of functions 

for data processing. ANN-applied model and its connection weights are 

adjusted and optimised by repetition of training procedure for minimising 

errors and updating the ANN-applied model. There are various ways to 

optimise ANN including gradient descent and Quasi-Newton methods. ANN-

applied QSAR models can achieve high prediction accuracies (Agatonovic-

Kustrin and Beresford, 2000; Byvatov et al., 2003; Niculescu, 2003). 

However, ANN-applied models are prone to overfitting which lowers 

prediction efficiency; therefore, validation processes are needed to avoid 

overfitting (Tu, 1996). 

  

1.1.4. Adaptive neuro-fuzzy inference system (ANFIS) 
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ANN-applied models, developed by imitating neural networks system in 

human brain, can be an alternative predictive system for nonlinear 

relationship between variables. ANN contains several series of mathematical 

equations used for learning, training and predicting processes (Agatonovic-

Kustrin and Beresford, 2000). As one of ANN-applied models, ANFIS is an 

ANN-applied fuzzy inference system (FIS), which is based on fuzzy logic 

which is a form of many-valued logic (Figure 1.2). In contrast to Boolean 

logic, of which output is only 0 or 1, the output of fuzzy logic can have 

various values (Hájek, 1998). Therefore, continuous quantitative variables can 

be processed easily by applying fuzzy logic. In addition to fuzzy logic, the 

structure of FIS has a deffuzification layer for drawing single quantitative 

value. Data processing procedure of ANFIS is initialised by passing 

explanatory variables to input membership fuzzy functions of FIS, and the 

responses from input membership fuzzy functions are connected to output 

membership function by if-then rules. If-then rules and the level response 

Figure 1.2. Basic structure of adaptive neuro-fuzzy inference system 
(ANFIS). Retrieved from Jang et al. (1993). 
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from each of the if-then rules are adjusted by output membership fuzzy 

functions of FIS, so that the boundaries of the rules are unsharpened (Jang, 

1993). ANFIS has a multilayer structure, and connection weights between the 

layers are optimised by training procedure. As a result of training procedures, 

ANFIS-applied model can be used for predicting and analysing activities of 

molecules with high accuracy. Buyukbingol et al. (2007) developed a ANFIS-

applied prediction model for N-methyl-d-aspartate receptor antagonists, and 

the developed model has satisfactory prediction accuracy. Afiuni-Zadeh and 

Azimi (2010) also developed QSAR models for A1 receptor antagonists, and 

the ANFIS-applied model had higher prediction accuracy than linear 

regression and radial basis function models. 

 

1.2. Objectives 

As mentioned above, human antioxidant system is constituted of 

endogenous and exogenous components. As exogenous antioxidants, dietary 

phytochemicals can contribute to human antioxidant system for scavenging 

free radicals. In addition to physiological effects, antioxidant characteristic of 

phytochemicals affects stability, safety and quality of food. Antioxidant 

activities of various phytochemicals were evaluated in thousands of previous 

studies, and the phytochemicals have been demonstrated as effective 

antioxidants. Although there have been numerous studies that evaluated 

antioxidant activities of phytochemicals, most of previous studies did not 

rationally explained the relationship between chemical structures and 
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antioxidant activities. However, for better understanding the antioxidant 

mechanism of phytochemicals, and for developing advanced bio-materials, 

structure related approaches are needed. The structure-related approach can be 

an effective and efficient strategy for discovering active compounds for 

functional foods. Furthermore, accurate prediction models are need to be 

developed to predict and evaluate antioxidant activities of phytochemicals and 

their derivatives. For example, antioxidative plant extracts can be directly 

used as ingredients for functional foods. However, the activities of plant-

derived functional foods can be increased by converting natural 

phytochemicals to more effective derivatives. In this case, activities of 

specific phytochemical-derivatives can be predicted by QSAR model, and 

rational strategies for developing functional foods and bio-materials can be 

established. 

Since the antioxidant mechanisms are based on electron or atom transfer, 

quantum chemical descriptors were used as variables for QSAR models. As a 

QSAR modelling method, machine learning method was chosen because 

machine learning method could interpret nonlinear relationship between 

various explanatory variables and a dependent variable. SVM method is a 

useful method for determining the effectiveness of each compound; however, 

it is not an appropriate method for evaluating and predicting activity of each 

compound. In this study, ANFIS was chosen as a QSAR modelling method 

for achieving good prediction efficiencies, because quantitative variables 

could be processed simply by FIS structure and the model could be optimised 
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by ANN of ANFIS. 

Therefore, the aims of this study were to establish and validate QSAR 

models for antioxidant activities of phytochemicals with high prediction 

accuracies. This study is composed of three parts. In the first part of the study, 

ANFIS applied-QSAR models for antioxidant activities of anthocyanins were 

developed. In the second part of the study, ANFIS applied-QSAR models for 

antioxidant activities of carotenoids were developed. In the third part of the 

study, ANFIS applied-QSAR models for antioxidant activities of various 

phenolic compounds, which did not have common skeleton structures, were 

developed.  
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Prediction of Radical Scavenging Activities of 

Anthocyanins Applying Adaptive Neuro-Fuzzy 

Inference System (ANFIS) with Quantum 

Chemical Descriptors  

(Study 1) 

(Published in International Journal of Molecular Sciences,  
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2.1. Introduction 

As constituents of flavonoid group, anthocyanins and their aglycones, 

anthocyanidins, are colour pigments originated from plants. Anthocyanins 

basically have a flavylium ion skeleton attached with different side groups 

including hydrogen atom, hydroxyl group and methoxy group. Anthocyanins 

are classified by the position and type of the side groups (Figure 2.1 and Table 

2.1). 

Radical scavenging activity is one of the characteristics of anthocyanins 

and other flavonoids. These compounds can reduce reactive oxygen species 

(ROS), resulting in relieving oxidative stress (Kong et al., 2003; Tsuda et al., 

1996). The radical scavenging activities can be explained by two suggested 

mechanisms: One is hydrogen atom transfer (HAT) and the other is single 

electron transfer (SET) (Prior et al., 2005). HAT-based radical scavenging 

activity is explained by hydrogen donation as following equation: 

X· + AH → XH + A·      (2.1) 

where X is a free radical, such as ROS, and AH is a molecule of antioxidant. 

Free radicals are scavenged by hydrogen atoms donated from an antioxidant. 

SET-based radical scavenging activity can be explained by the scheme below: 

X· + AH → X− + AH·+     (2.2) 

An electron from an antioxidant transfers to a radical, and consequently the 

electron pairs up with unpaired electron of the radical. 2,2'-Azino-bis(3-

ethylbenzothiazoline-6-sulphonic acid) (ABTS), a stable radical, is mainly 

reduced by SET mechanism (Prior et al., 2005; Scott et al., 1993), while 1,1-
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diphenyl-2-picryl hydrazyl (DPPH) radical is mainly reduced by HAT 

mechanism (Bondet et al., 1997). Until now, it has been considered that 

quantum chemical descriptors of ionisation potential and bond dissociation 

energy are related with SET and HAT-based radical scavenging activities, 

respectively (Amić et al., 2007). 

The relationship between molecular descriptors (e.g., number of hydroxyl 

group, presence of double bond on flavonoid C ring and bond dissociation 

energy of hydrogen) of flavonoids and radical scavenging activities has been 

studied (Amić et al., 2007). These prediction models can be applied to 

estimate and design novel radical scavenging bio-materials. However, the 

relationship between molecular descriptors of anthocyanins and their radical 

scavenging activities has been poorly understood. Unlike other flavonoids, the 

structures of anthocyanins vary depending on pH (Kong et al., 2003; Mazza 

and Brouillard, 1987). At low pH (< 2), flavylium cation (FC) is dominant 

with red and purple colour. At higher pH, FC decreases, while quinoidal base 

(QB), carbinol pseudo-base (CP) and chalcone (Ch) forms of anthocyanins 

increase (Mazza and Brouillard, 1987). The change of the structure leads to 

the change of molecular descriptors of an anthocyanin molecule. For better 

understanding of the relationship between molecular descriptors of 

anthocyanins and their radical scavenging activities, molecular descriptors of 

various anthocyanin forms should be considered. 

To establish quantitative structure-activity relationship (QSAR) model, 

linear combinations of variables have been generally used in previous studies 
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(Amić and Lučić, 2010; Amić et al., 2007). The linear combination equation 

could be constructed easily through regression analysis. However, the 

interaction effect between variables is ignored, and nonlinear relationship 

between variables cannot be explained easily by linear combination. These 

kinds of defects may affect reliability of prediction model. Therefore, another 

prediction model is necessary for explaining the relationship between 

variables. Adaptive neuro-fuzzy inference system (ANFIS) is an artificial 

neural network (ANN)—applied fuzzy inference system (FIS). By using 

ANFIS, multi-variable related ambiguous relationship can be quantified by 

defuzzification process of FIS, and error is adjusted by backpropagation 

algorithm with hidden layer of ANN for reliable prediction (Buyukbingol et 

al., 2007). Therefore, ANFIS is an effective technique for solving problems 

which cannot be easily solved by linear regression analysis. The aim of this 

study was to establish a QSAR model for predicting radical scavenging 

activities of anthocyanins by ANFIS using quantum chemical descriptors 
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Figure 2.1. (A) Flavylium cation; (B–D) quinoidal bases; (E) carbinol 
pseudo-base; and (F) chalcone structure of anthocyanidin. 
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2.2. Materials and methods 

 

2.2.1. DPPH radical scavenging activity 

DPPH radical scavenging activity data of 5 anthocyanidins and 16 

anthocyanins were adapted from a previous study, which are listed in Table 

2.1 (Kähkönen and Heinonen, 2003). 

 

2.2.2. Quantum chemical descriptors 

 

2.2.2.1. Molecular structure preparation 

The structures of 21 anthocyanidins and anthocyanins were prepared using 

Gabedit 2.4.3 (Allouche, 2011). 
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Table 2.1. Evaluated anthocyanidins and anthocyanins. 

Family Compounds anOH R1 R2 bR3 bR4 

Anthocyanidin 

Cyanidin 5 OH H OH OH 

Delphinidin 6 OH OH OH OH 

Malvidin 4 OCH3 OCH3 OH OH 

Pelargonidin 4 H H OH OH 

Peonidin 4 OCH3 H OH OH 

Anthocyanin 

Cyanidin-3-coumaroyl-sambubioside-5-galactoside 3 OH H 
coumaroyl  

-sam 
gal 

Cyanidin-3-sambubioside-5-galactoside 3 OH H sam gal 

Cyanidin-3-arabinoside 4 OH H ara OH 

Cyanidin-3-galactoside 4 OH H gal OH 

Cyanidin-3-glucoside 4 OH H glc OH 

Cyanidin-3-rutinoside 4 OH H rut OH 

Cyanidin-3,5-diglucoside 3 OH H glc glc 
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Table 2.1. (continued) 

Family Compounds anOH R1 R2 bR3 bR4 

Anthocyanin 

Delphinidin-3-glucoside 5 OH OH glc OH 

Delphinidin-3-rutinoside 5 OH OH rut OH 

Malvidin-3-galactoside 3 OCH3 OCH3 gal OH 

Malvidin-3-glucoside 3 OCH3 OCH3 glc OH 

Malvidin-3,5-diglucoside 2 OCH3 OCH3 glc glc 

Pelargonidin-3-glucoside 3 H H glc OH 

Peonidin-3-galactoside 3 OCH3 H gal OH 

Peonidin-3-glucoside 3 OCH3 H glc OH 

Petunidin-3-glucoside 4 OH OCH3 glc OH 
anOH: number of hydroxyl groups on flavonoid core; bsam: sambubioside; gal: galactoside; 
ara: arabinoside; glc: glucoside; and rut: rutinoside. 
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2.2.2.2. Calculation of quantum chemical descriptors 

Geometrical optimisation of molecular structures was performed by semi-

empirical methods of PM6 (Stewart, 2007) and PM7 (Stewart, 2013) using 

MOPAC2012(Stewart, 2014). Quantum chemical descriptors of ionisation 

potential (I), electron affinity (A), chemical hardness (η), softness (S), 

electronegativity (χ), chemical potential (μ), electrophilicity (ω) and hydrogen 

atom dissociation energy (BDE) were calculated to establish QSAR models. 

I was calculated as the following equation: 

I = E(N – 1) – E(N)      (2.3) 

where E(N – 1) is energy of an anthocyanin radical generated after electron 

abstraction and E(N) is energy of an anthocyanin molecule. A was calculated 

as the following equation: 

A = E(N) – E(N + 1)      (2.4) 

where E(N + 1) is energy of an anthocyanin radical generated after addition of 

an electron. 

η was calculated from the following equation: 

η = (I − A)/2       (2.5) 

S was calculated from the following equation: 

S = 1/2η       (2.6) 

χ and μ were calculated from the following equation: 

χ = −μ = (I + A)/2      (2.7) 

ω was calculated from the following equation: 
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ω = μ2/2η       (2.8) 

BDE was calculated from the following equation: 

BDE = E(A–O·) + E(H) − E(A–OH)    (2.9) 

where E(A–O·) is energy of a hydrogen-abstracted anthocyanin phenoxyl 

radical, E(H) is the energy of a hydrogen atom and E(A–OH) is energy of the 

anthocyanin molecule. 

 

2.2.3. QSAR model development 

 

2.2.3.1. Correlation analysis 

Pearson’s correlation analysis was conducted to examine the relationship 

between the quantum chemical descriptors and the DPPH radical scavenging 

activities using GNU R 3.0.1 (http://cran.r-project.org/). Quantum chemical 

descriptors which were highly correlated with radical scavenging activities 

were chosen as independent variables for QSAR models. 

2.2.3.2. ANFIS 

ANFIS models were made using a fuzzy logic toolbox of Matlab 8.2 

(Mathworks, Natick, MA, USA). Previous studies reported that the number of 

phenolic OH groups of flavonoid core (nOH) was correlated with radical 

scavenging activities of flavonoids (Amić and Lučić, 2010) and anthocyanins 

(Chang et al., 2008). Therefore, nOH as well as quantum chemical descriptors 

was used for establishing QSAR model development. 
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For development of ANFIS models, A and χ of FC, I of QB7 and nOH were 

used as independent variables. DPPH radical scavenging activities of 

anthocyanins were used as a dependent variable. Two triangular-shaped 

membership functions for each independent variable, 16 if-then rules and 16 

linear type output membership functions were developed (Figure 2.2). The 

ANFIS models were optimised by backpropagation method with 100 learning 

epochs. To validate the constructed ANFIS models, bootstrap validation 

procedure was repeated 1000 times. Mean absolute error (MAE) was 

calculated and compared by bootstrapping. MAE was calculated from the 

following equation: 

   =
 

 
∑ |  

 
−   |

 
        (2.10) 

where   
 
 is predicted DPPH radical scavenging activity and    is 

experimental one. Also, Q square between predicted radical scavenging 

activities and experimental ones was calculated and validated by bootstrap 

validation. 

 

2.3. Results and discussion 

 

2.3.1. Correlation analysis 

The result of correlation analysis between the calculated quantum chemical 

descriptors (I, A, η, S, χ, μ and ω) of anthocyanin structures and the DPPH 

radical scavenging activities is presented in Table 2.2. Since 4 out of 21 tested 

anthocyanins had a glycosidic bond on 5-position, QB5 forms could not be 
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generated. Thus, QB5 structures were excluded for further analysis. The χ and 

μ of FC, and I of QB7 calculated by both of PM6 and PM7 methods were 

significantly correlated with DPPH radical scavenging activities (p < 0.01). A 

calculated by PM6 and PM7 methods were also significant at p < 0.01 and p < 

0.05, respectively. Some of the other quantum chemical descriptors of FC, 

QB7 and CP, calculated by PM6 and PM7 methods, were significant (p < 

0.05). However, none of the quantum chemical descriptors of QB4' nor Ch 

was significantly correlated with radical scavenging activities. This result 

suggests that FC and QB7 forms are main contributors for radical scavenging 

characteristics of anthocyanins rather than CP and Ch. Since the radical 

scavenging experiment by Kähkönen and Heinonen (2003), of which data was 

adapted to this study, was not conducted on a highly acidic condition nor a 

highly basic condition, QB and FC seemed to exist abundantly at the 

experimental condition. The structural change affects quantum chemical 

descriptors and redox properties of molecules (Amić and Lučić, 2010; 

Karelson et al., 1996). Borkowski et al. (2005) also reported that radical 

scavenging activities of anthocyanins were influenced by pH. In the case of 

QB, QB7 was suggested as a primary contributor for radical scavenging 

activities, because a higher correlation was observed between quantum 

chemical descriptors of QB7 and radical scavenging activities compared with 

QB4'.
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Table 2.2. Correlation coefficient between 1,1-diphenyl-2-picryl hydrazyl (DPPH) radical scavenging activities and quantum chemical 
descriptors of flavylium cation, quinoidal base, carbinol pseudo-base and chalcone. 

Descriptors 
PM6 PM7 

FC QB4' QB7 CP Ch FC QB4' QB7 CP Ch 

I 0.554** 0.343 0.674** 0.233 0.121 0.504* 0.355 0.708** 0.269 0.251 

A 0.673** −0.166 −0.256 −0.473* −0.052 0.538* −0.206 −0.037 −0.289 −0.199 

η 0.124 0.288 0.523* 0.530* 0.121 0.263 0.310 0.418 0.378 0.298 

S −0.153 −0.171 −0.503* −0.535* −0.138 −0.238 −0.132 −0.398 −0.411 −0.284 

ω 0.328 −0.127 −0.305 −0.470* −0.054 0.202 −0.112 −0.085 −0.326 −0.212 

χ 0.701** 0.194 0.282 −0.344 0.009 0.567** 0.087 0.551** −0.149 0.020 

μ −0.701** −0.194 −0.282 0.344 −0.009 −0.567** −0.087 −0.551** 0.149 −0.020 

FC: flavylium cation; QB7 and QB4': quinoidal bases (Figure 2.1. B and D, respectively); CP: carbinol pseudo-base; Ch: chalcone; I: 
ionisation potential; A: electron affinity; η: chemical hardness; S: chemical softness; ω: electrophilicity; χ: electronegativity; and μ: chemical 
potential. *, ** significance (p < 0.05 or p < 0.01). 
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For further investigation, BDE of FC and QB7 were calculated and 

compared. Some previous studies reported that negative relationship was 

observed between the lowest BDE (BDEmin) and radical scavenging activities 

(Amić and Lučić, 2010; Amić et al., 2007). Physicochemically, a hydrogen 

abstraction reaction is more favoured at the position with a lower BDE, 

because a hydroxyl group with a lower BDE needs less energy to dissociate 

hydrogen. In addition, the dissociated hydrogen pairs up with a free radical to 

scavenge it. For this reason, BDEmin represents the radical scavenging activity 

by HAT mechanism. Average BDE of FC and QB7 structures were lowest at 

the hydroxyl group on 4'-position (Table 2.3). This tendency was also 

observed in a previous study by density function theory method (Kozlowski et 

al., 2007; Marı et al., 2007; Trouillas et al., 2006). It has been reported that 

BDEmin of flavonoids were negatively correlated with radical scavenging 

activities by Amić and Lučić (2010). In this study, however, BDEmin of FC 

and QB7 calculated by PM6 and PM7 were not significantly correlated with 

DPPH radical scavenging activities (p > 0.05). This result was probably 

caused by conformational difference between anthocyanins, of which 

conformation changes depending on pH, and flavonoids. Thus, BDE was 

excluded for establishing QSAR model. 
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Table 2.3. Hydrogen atom dissociation energy of flavylium cations and quinoidal bases calculated by semi-empirical methods. 

Compounds Method 
aBDE of FL BDE of QB7 

3 5 7 3' 4' 5' 3 5 3' 4' 5' 

Cyanidin 
PM6 80.98 84.8 90.2 82.06 83.34 - 67.08 75.5 76.04 72.44 - 

PM7 81.77 81.77 91.41 83.43 84.78 - 68.98 75.72 75.54 75.16 - 

Delphinidin 
PM6 78.15 84.24 90.53 83.16 75.61 78.55 65.65 74.8 79.17 68.74 74.47 

PM7 82.55 85.75 92.2 85.58 77.6 82.08 68.2 75.42 78.74 71.29 75.13 

Malvidin 
PM6 77.33 82.05 87.19 - 73.9 - 65.49 74.83 - 68.04 - 

PM7 81.19 85.22 90.98 - 75.21 - 71.31 78.69 - 73.36 - 

Pelargonidin 
PM6 81.01 84.79 90.39 - 89.53 - 68.45 75.5 - 74.43 - 

PM7 81.86 85.71 91.51 - 90.6 - 69.68 75.89 - 76.87 - 

Peonidin 
PM6 80.86 84.58 90.45 - 77.37 - 68.38 76.99 - 69.2 - 

PM7 81.86 85.71 91.51 - 90.6 - 71.53 78.3 - 73.51 - 

Cyanidin-3-coumaroyl-

sambubioside-5-

galactoside 

PM6 - - 88.15 80.05 82.17 - - - 74.12 75.16 - 

PM7 - - 86.57 77.29 78.88 - - - 76.74 77.52 - 
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Table 2.3. (continued) 

Compounds Method 
aBDE of FL BDE of QB7 

3 5 7 3' 4' 5' 3 5 3' 4' 5' 

Cyanidin-3-

sambubioside-5-

galactoside 

PM6 - - 89.15 80.07 82.15 - - - 74.12 75.23 - 

PM7 - - 98.43 88.66 90.97 - - - 76.74 78.07 - 

Cyanidin-3,5-

diglucoside 

PM6 - - 91.23 80.23 83.08 - - - 74.85 75.92 - 

PM7 - 85.22 - 80.39 82.39 - - - 77.19 78.28 - 

Cyanidin-3-arabinoside 
PM6 - 86.49 91.25 80.53 82.61 - - 77.32 76.27 73.99 - 

PM7 - 88.14 92.69 82.63 85.54 - - 77.87 77.09 77.48 - 

Cyanidin-3-galactoside 
PM6 - 93.17 93.58 81.03 83.71 - - 76.74 74.76 75.55 - 

PM7 - 96.62 96.76 84.86 85.8 - - 81.26 80.34 79.3 - 

Cyanidin-3-glucoside 
PM6 - 86.87 92.58 81.78 84.4 - - 76.07 74.91 75.63 - 

PM7 - 87.79 82.92 82.92 85.51 - - 77.07 77.52 77.99 - 

Cyanidin-3-rutinoside 
PM6 - 88.51 94.22 80.41 83.25 - - 76.6 74.72 76.12 - 

PM7 - 90.49 94.22 81.73 84.65 - - 80.23 77.36 78.9 - 

Delphinidin-3-glucoside 
PM6 - 86.92 91.58 82.36 75.31 77.35 - 76.9 78.53 69.28 74.42 

PM7 - 89.94 92.99 84.51 77.89 80.94 - 80.64 80.53 77.06 80.23 

Delphinidin-3-rutinoside 
PM6 - 88.23 91.05 82.52 75.93 75.74 - 75.22 77.2 70.95 72.55 

PM7 - 84.54 92.68 84.59 77.79 76.34 - 72.62 80.15 73.79 73.62 
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Table 2.3. (continued) 

Compounds Method 
aBDE of FL BDE of QB7 

3 5 7 3' 4' 5' 3 5 3' 4' 5' 

Malvidin-3,5-

diglucoside 

PM6 - - 86.32 - 73.67 - - - - 71.07 - 

PM7 - - 91.84 - 76.05 - - - - 72.45 - 

Malvidin-3-galactoside 
PM6 - 87.49 89.43 - 73.81 - - 74.52 - 69.57 - 

PM7 - 88.43 91.56 - 75.73 - - 78.65 - 72.45 - 

Malvidin-3-glucoside 
PM6 - 85.75 89.51 - 73.89 - - 76.84 - 68.59 - 

PM7 - 88.63 94.26 - 78.17 - - 73.52 - 71.67 - 

Pelargonidin-3-

glucoside 

PM6 - 87.13 91.13 - 86.79 - - 71.66 - 75.48 - 

PM7 - 86.20 93.35 - 89.08 - - 72.61 - 78.55 - 

Peonidin-3-galactoside 
PM6 - 88.79 98.46 - 76.39 - - 79.56 - 68.31 - 

PM7 - 88.94 92.01  78.78 - - 77.10 - 72.78  

Peonidin-3-glucoside 
PM6 - 88.80 90.97 - 76.38 - - 74.66 - 67.51 - 

PM7 - 88.57 91.51 - 78.74 - - 78.95 - 72.74 - 

Petunidin-3-glucoside 
PM6 - 86.34 90.85 82.33 74.17 - - 76.79 79.31 68.40 - 

PM7 - 88.62 94.78 87.69 78.51 - - 73.73 80.33 71.51 - 
aBDE: hydrogen atom bond dissociation energy (kcal/mol); FL: flavylium cation; and QB7: quinoidal base (Figure 2.1D). The lowest BDE is 
presented in bold. 
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The possible mechanism for DPPH radical scavenging activities could be 

suggested by these results. Since BDEmin was not significantly correlated with 

radical scavenging activities, the hydrogen atom transfer directly from 

anthocyanin to DPPH radical might not be a main mechanism for radical 

scavenging. Osman (2011) suggested that DPPH radical and polyphenol 

compounds form a complex as an intermediate. For an anthocyanin, as a 

polyphenol, an intermediate forming reaction could occur. Furthermore, the 

hydrazyl moiety of DPPH radical has nucleophilic characteristic and FC has 

high A and χ. The intermediate forming step was suggested as a reaction 

barrier, and this could explain why the DPPH radical scavenging activities 

were highly correlated with A and χ of FC. On the other hand, from the 

positive correlation with I of QB7 and radical scavenging activity, electron 

transfer from QB7 to other molecules possibly lowers radical scavenging 

activities. Possible mechanism is a single electron transfer from QB7 to FC. It 

is easy for a QB7 molecule with low I to transfer an electron to other 

molecules. Single electron addition to FC neutralizes net charge of the 

molecule to zero, and this will lower A and χ of the molecule. The required 

energy for intermediate forming reaction between anthocyanin and DPPH 

radical tends to increase, and consequently total radical scavenging activity 

decreases. Matsufuji et al. (2007) reported that DPPH radical scavenging 

activities of anthocyanins were higher in acidic condition (pH 3) than in 

neutral condition (pH 7), and this tendency could also be explained by our 

suggested mechanism. Since electron transfer from QB7 to FC is suggested as 
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decreasing total radical scavenging activities, low occurrence of QB7 and 

high occurrence of FC in acidic condition contribute to high DPPH radical 

scavenging activity. 

 

2.3.2. Prediction of radical scavenging activities of anthocyanins 

Through correlation analysis, four quantum chemical descriptors of A, χ 

and μ of FC, and I of QB7 were most highly correlated with radical 

scavenging activities. Since both of χ and μ were drawn by the same equation 

(2.7), the correlation coefficient (R square) between these two variables was 

exactly 1. Hence, because using both of the descriptors was unnecessary, χ, 

one of the two descriptors, was used for establishing the QSAR model. 

Previous studies also reported that χ and μ were reliable descriptors correlated 

with biological activities (Karelson et al., 1996; Pasha et al., 2005). In 

addition, it has been reported that nOH was significantly correlated with 

radical scavenging activities of flavonoids and anthocyanins (Amić and Lučić, 

2010; Amić et al., 2007). Therefore, nOH was chosen as an independent 

variable. Consequently, A and χ of FC, I of QB7 and nOH were used as 

independent variables for establishing QSAR model. The calculated A and χ 

of FC, I of QB7, nOH and experimental DPPH radical scavenging activities 

were used as training data set for ANFIS model training. Structure of 

established ANFIS models is illustrated in Figure 2.2.  
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The experimental and predicted radical scavenging activities are presented 

in Table 2.4 and Figure 2.3. Since the number of naturally present and 

commercially available anthocyanins was limited, the test set with a relatively 

small number of compounds were only available to analyse. For small data set, 

cross validation with dividing data set into training set and test set might not 

be valid. Previous studies suggested a bootstrap validation method for small 

sample validation rather than cross validation (Braga-Neto and Dougherty, 

2004; Kiralj and Ferreira, 2009). Thus, bootstrap validation was performed in 

this study. The MAE and Q square resulted from bootstrap validation were 

presented in Table 2.4. The ANFIS models with quantum chemical 

descriptors calculated by both of PM6 and PM7 semi-empirical methods had 

high prediction efficiencies (p < 0.01).

Figure 2.2. Developed adaptive neuro-fuzzy inference system (ANFIS) 
structure. 
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Table 2.4. Experimental and predicted DPPH radical scavenging activities. 

Compounds 
aExperimental  

radical scavenging activity 

Predicted radical  
scavenging activity 
PM6 PM7 

Cyanidin 33 35.3 33.2 
Delphinidin 42 42.6 41.0 

Malvidin 24 26.6 26.1 
Pelargonidin 31 28.3 27.6 

Peonidin 33 31.4 29.3 
Cyanidin-3-coumaroylsambubiose-5-galactoside 26 22.4 25.2 

Cyanidin-3,5-diglucoside 21 22.6 20.9 
Cyanidin-3-arabinoside 26 28.5 27.3 

Cyanidin-3-sambubiose-5-galactoside 22 22.1 21.5 
Cyanidin-3-galactoside 25 30.3 30.2 
Cyanidin-3-glucoside 32 31.1 28.8 
Cyanidin-3-rutinoside 25 27.0 27.5 

Delphinidin-3-glucoside 42 35.4 38.1 
Delphinidin-3-rutinoside 32 33.4 30.4 
Malvidin-3,5-diglucoside 14 16.6 14.9 
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Table 2.4. (continued) 

a Experimental radical scavenging activity data was adapted from a previous study by Kähkönen and Heinonen (2003), percentage of 
scavenged DPPH radical; b Mean absolute error and Q-squre resulted from bootstrap validation, presented as mean ± standard deviation 
  

Compounds 
aExperimental  

radical scavenging activity 

Predicted radical  
scavenging activity 

PM6 PM7 
Malvidin-3-galactoside 22 22.9 21.3 
Malvidin-3-glucoside 26 22.6 21.2 

Pelargonidin-3-glucoside 20 21.0 21.2 
Peonidin-3-galactoside 20 22.2 21.1 
Peonidin-3-glucoside 26 23.6 23.5 
Petunidin-3-glucoside 23 28.0 25.7 
bMean absolute error  2.43 ± 0.35 2.06 ± 0.32 

bQ squre  0.82 ± 0.08 0.86 ± 0.08 
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Figure 2.3. Scatter plot between the experimental DPPH radical scavenging activities of anthocyanins by Kähkönen and Heinonen 
(2003) and the predicted DPPH radical scavenging activities based on the quantum chemical descriptors calculated by (A) PM6 and 
(B) PM7 methods. 
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The error of the model continually decreased on every learning epoch (data 

not shown). After 100 learning epochs, the MAE of the models with quantum 

chemical descriptors calculated by PM6 and PM7 were 2.44 and 2.06, 

respectively. Average DPPH radical scavenging activity of the tested 

compounds was 26.6. Thus, the prediction efficiencies of the established 

models were over 90%. Previous studies applied linear regression analysis for 

establishing QSAR models (Amić et al., 2007; Chang et al., 2008; Karelson et 

al., 1996; Pasha et al., 2005). However, interaction between the variables was 

ignored in linear equations; therefore, a linear regression technique may not 

be suitable for multivariable analysis. Because four different independent 

variables were used in this study, linear regression analysis was not suitable 

for correcting interaction between the variables. ANN has been applied on 

scientific studies because ANN can solve problems and predict problems 

practically as an adaptive intelligent system (Amiryousefi et al., 2011; 

Buyukbingol et al., 2007; Ghoush et al., 2008). FIS can also solve non-

linearly correlated variables by managing uncertainty of functions (Jang et al., 

1997; Lin et al., 2009). This explains the reason why ANFIS, an ANN applied 

problem-solving technique, was applied in this study. As a result, the 

established model showed a high prediction efficiency and the ANFIS model 

fitted well with experimental data. 
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3.1. Introduction 

Carotenoids are natural pigments that have various physiological activities 

such as conversion to vitamin A and immunological activities (Blount et al., 

2003; Faivre et al., 2003; Schwartz et al., 1989). One of the important 

physiological activities of carotenoids is their radical scavenging activity (El-

Agamey et al., 2004; Miller et al., 1996; Müller et al., 2011; Stahl and Sies, 

2005). The radical scavenging activity of carotenoids, mainly contributed by 

conjugated polyene structures of carotenoids (Britton, 1995), is related with 

direct quenching of singlet oxygen and radical species (Cantrell et al., 2003; 

Krinsky and Deneke, 1982). On the other hand, quantitative structure-activity 

relationship (QSAR) studies regarding antioxidant activities and radical 

scavenging activities of natural products have been conducted to understand 

radical scavenging mechanisms and to predict the activities (Jhin and Hwang, 

2014; Kontogiorgis et al., 2005; Worachartcheewan et al., 2011). The 

quantum chemical descriptors (such as ionisation energy, electrophilicity, 

highest occupied molecular orbital (HOMO), lowest unoccupied molecular 

orbital (LUMO) energies, etc.) have been used as independent variables in 

QSAR studies, because the quantum chemical descriptors characterise 

electronic and geometric properties of molecules which affect activities of the 

molecules (Karelson et al., 1996). There have been QSAR studies on 

antioxidant activities of carotenoids (Kleinová et al., 2007; Soffers et al., 

1999); however, correlation between various quantum chemical descriptors 

and antioxidant activities of carotenoids have not been reported. Since 
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quantum chemical descriptors represent physicochemical properties of 

molecules, QSAR models for antioxidant activities of carotenoids could be 

developed by using their quantum chemical descriptors. 

The relationship between quantum chemical descriptors and radical 

scavenging activities was studied previously (Jhin and Hwang, 2014; 

Karelson et al., 1996; Pasha et al., 2008; Sarkar et al., 2011; Vasil’ev et al., 

2010). The relationship between quantum chemical descriptors and the radical 

scavenging activities can be explained theoretically. Radical species could be 

scavenged by single electron transfer from a radical scavenger (Prior et al., 

2005). In a physicochemical manner, it is considered that compounds with 

low ionisation energy tend to be good radical scavengers because electron 

transfer from the HOMO of a radical scavenger to the singly occupied 

molecular orbital (SOMO) of a radical occurs more easily on the compounds 

with a lower ionisation energy compared to the compounds with a higher 

ionisation energy (Karelson et al., 1996). In case of nucleophilic radical 

species, the radical scavenging reaction is attributed to the interaction between 

SOMO of a radical and the LUMO of a radical scavenger (Park et al., 1986; 

Poblet et al., 1983). According to Koopmans’ theorem (Koopmans, 1934), the 

energy level of LUMO is a negative electron affinity; therefore, a compound 

with a higher electron affinity tends to be attacked easily by a nucleophilic 

radical. The energy level of the SOMO of radical is dropped by interaction 

with the LUMO of a radical scavenger, followed by single electron transfer 

from HOMO of radical scavenger to the SOMO of radical to scavenge it. The 
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low HOMO-LUMO gap allows electron transfer from HOMO more easily. 

Since the concept of chemical hardness is based on the HOMO-LUMO gap 

(Parr and Pearson, 1983), compounds with lower chemical hardness tend to 

have higher radical scavenging activity (Karelson et al., 1996; Kontogiorgis et 

al., 2005). In addition, the driving force for electron transfer is chemical 

potential (negative electronegativity), which is the slope of the energy versus 

number of electron curve (Parr et al., 1978). In this manner, the chemical 

potential indicates the rate and the direction of chemical reactions including 

the radical scavenging activity.  

Linear regression method is usually applied to develop QSAR models in 

several studies (Amić and Lučić, 2010; Kleinová et al., 2007; Kontogiorgis et 

al., 2005; Pasha et al., 2008; Soffers et al., 1999); however, the interaction 

effect between independent variables and nonlinear relationships could not be 

interpreted easily by the linear regression method. Adaptive neuro-fuzzy 

inference system (ANFIS) is an artificial neural network (ANN)-applied fuzzy 

inference system. ANFIS is an empirical method that defines rules by training 

and backpropagation processes, and multivariate nonlinear relationship could 

be solved by fuzzy if-then rules (Jang, 1993). Thus, in this study, ANFIS-

applied QSAR models were developed with quantum chemical descriptors for 

predicting and analysing antioxidant activities of carotenoids. 

 

3.2. Materials and methods 
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3.2.1. Data set 

Total three data sets of radical scavenging activities of carotenoids were 

adapted from previous studies. The first trolox equivalent antioxidant capacity 

(TEAC) data set by Müller et al. (2011) was constituted of 17 carotenoids 

(Figure 3.1), and the second data set by Miller et al. (1996) was constituted of 

8 carotenoids. A DPPH radical scavenging activity data set was adapted from 

the report by Jiménez-Escrig et al. (2000). 

  



52 

 

  

Figure 3.1. Structures of carotenoids presented by Müller et al. (2011). 
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3.2.2. Molecular structure preparation 

The structures of all-trans α-carotene, antheraxanthin, astaxanthin, β-carotene, 

β-cryptoxanthin, canthaxanthin, capsanthin, echinenone, lutein, lycopene, 

neoxanthin, neurosporene, phytoene, phytofluene, rubixanthin, violaxanthin 

and zeaxanthin were obtained from ZINC database (Irwin and Shoichet, 2005) 

as mol2 format and converted into MOPAC input format by Openbabel 

(O’Boyle et al., 2011).  

 

3.2.3. Quantum chemical calculations 

Semi-empirical PM6 (Stewart, 2007) and PM7 (Stewart, 2013) quantum 

chemical calculations were done by MOPAC2012 (Stewart, 2014). The heat 

of formation of structurally optimised carotenoid molecules was retrieved 

from MOPAC output files. The quantum chemical properties of ionisation 

energy (I), electron affinity (A), chemical hardness (η), electronegativity (χ), 

chemical potential (μ) and electrophilicity (ω) were calculated as following 

equations: 

 =  ( −  ) −  ( )      (3.1) 

 =  ( ) −  ( +  )      (3.2) 

 = ( −  )/         (3.3) 

 = − = ( +  )/       (3.4) 

 =   /         (3.5) 

where E(N) is energy of neutral carotenoid molecule, E(N – 1) is energy of 

monovalent carotenoid cation and E(N + 1) is energy of monovalent anion. 
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Likewise of the quantum chemical properties of neutral carotenoid 

molecules, the ionisation energy (Icat), electron affinity (Acat), chemical 

hardness (ηcat), electronegativity (χcat), chemical potential (μcat) and 

electrophilicity (ωcat) of monovalent cationic carotenoid molecules were 

calculated. To analyse cross-level effects between neutral and cationic 

carotenoid molecules, the cross-product terms of quantum chemical property 

values of neutral carotenoid molecules and those of cationic carotenoid 

molecules were calculated and abbreviated as ionisation energy (Icross), 

electron affinity (Across), chemical hardness (ηcross), electronegativity (χcross), 

chemical potential (μcross) and electrophilicity (ωcross).  

 

3.2.4. Quantitative structure-activity relationship  

 

3.2.4.1. Correlation analysis 

Prior to developing QSAR models, Pearson’s correlation analysis between 

quantum chemical properties and antioxidant activities of carotenoids was 

done by using GNU R (http://cran.r-project.org/). Quantum chemical 

properties highly correlated with antioxidant activities were selected as 

independent variables for QSAR models.  

 

3.2.4.2. Adaptive neuro-fuzzy inference system 

In order to develop QSAR models, ANFIS was applied using Matlab 8.2 

(Mathworks, Natick, MA, USA). From the correlation analysis, I, Icat and 
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μcross were chosen as independent variables for QSAR models. Each 

independent variable was standardised to be adjusted to the same scale by 

following equation: 

  
   =

     

∑ (     )  
   

 
 

      (3.6) 

where   
    is standardised value of the sample,    is original value of the 

sample,    is the mean of each variable and N is the number of the samples in 

the data set. 

Two triangular-shaped membership functions were applied for each 

independent variable, 8 if-then rules and 8 linear type output functions were 

applied for ANFIS. To train and optimise ANFIS models, back-propagation 

method was used. The structure of ANFIS is illustrated on Figure 3.2. To 

validate constructed QSAR models, 1000 times of bootstrap resampling 

validation procedure were applied. To measure prediction efficiency, mean 

absolute error (MAE) was calculated as follows: 

   =  
 

 
∑ |  

 
−   |

 
        (3.7) 

where  ′  is predicted value resulted from QSAR model and    is 

experimental value from the literature. 
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Figure 3.2. Developed adaptive neuro-fuzzy inference system (ANFIS) structure. 
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3.3. Results and discussion 

The molecular structures and the list of carotenoids adapted from the study 

of Müller et al. (2011) are illustrated in Figure 3.1. Their calculated quantum 

chemical properties by PM6 method are presented in Table 3.1. The quantum 

chemical descriptors of monovalent cationic carotenoid molecules were also 

calculated because both of the neutral and monovalent cationic carotenoid 

molecules exist at the same time during the radical scavenging reaction 

(Jeevarajan et al., 1994; Mairanovsky et al., 1975). In addition, the cross-

product terms should be calculated and introduced including interaction 

effects between neutral and cationic carotenoid molecules on QSAR models.  

Pearson’s correlation coefficients between quantum chemical properties 

calculated by PM6 and PM7 methods and the TEAC values of carotenoids 

from Müller et al. (2011) are presented in Table 3.2. The correlations analysed 

by both of the PM6 and PM7 methods showed identical tendencies. The 

negative correlation between calculated I values and TEAC values could be 

explained in physicochemical manner. Due to conjugation of double bonds on 

the long carbon chain skeleton of carotenoids, carotenoids oxidise easily via 

electron transfer mechanism (Britton, 1995; El-Agamey et al., 2004; 

Mortensen et al., 2001; Stahl and Sies, 2005). Since electron transfer is a main 

mechanism of antioxidant activity of carotenoids, carotenoids with lower I are 

expected to have higher antioxidant capacity than carotenoids with higher I. 

Not only the I but also the Icat had a significant correlation with the TEAC. 
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Table 3.1. Molecular quantum chemical properties of carotenoids calculated by PM6 semi-empirical quantum chemistry method 

(kcal/mol). 

a I, A, η, μ, χ and ω are ionisation energy, electron affinity, chemical hardness, chemical potential, electronegativity and electrophilicity of neutral carotenoid, 
respectively. 
b Icat, Acat, ηcat, μcat, χcat and ωcat are ionisation energy, electron affinity, chemical hardness, chemical potential, electronegativity and electrophilicity of 
cationic carotenoid, respectively. 

 

 aI  A η μ χ ω bIcat  Acat ηcat μcat χcat ωcat 
α-Carotene 142.76 49.83 46.46 -96.29 96.29 99.78 190.12 142.76 23.68 -166.44 166.44 584.83 

Antheraxanthin 145.03 51.84 46.59 -98.44 98.44 103.98 194.18 145.03 24.57 -169.60 169.60 585.35 
Astaxanthin 151.37 60.29 45.54 -105.83 105.83 122.98 203.93 151.37 26.28 -177.65 177.65 600.41 
β-Carotene 142.96 49.00 46.98 -95.98 95.98 98.05 185.09 142.96 21.06 -164.02 164.02 638.68 

β-Cryptoxanthin 142.91 50.20 46.35 -96.55 96.55 100.57 187.17 142.91 22.13 -165.04 165.04 615.32 
Canthaxanthin 148.87 55.19 46.84 -102.03 102.03 111.12 199.23 148.87 25.18 -174.05 174.05 601.49 

Capsanthin 146.36 62.30 42.03 -104.33 104.33 129.50 199.33 146.36 26.49 -172.84 172.84 563.97 
Echinenone 143.88 53.38 45.25 -98.63 98.63 107.50 193.72 143.88 24.92 -168.80 168.80 571.77 

Lutein 144.74 55.52 44.61 -100.13 100.13 112.38 192.37 144.74 23.81 -168.55 168.55 596.61 
Lycopene 139.28 53.45 42.92 -96.36 96.36 108.19 183.63 139.28 22.18 -161.46 161.46 587.78 

Neoxanthin 145.50 54.32 45.59 -99.91 99.91 109.47 197.76 145.50 26.13 -171.63 171.63 563.63 
Neurosporene 142.19 48.31 46.94 -95.25 95.25 96.64 192.75 142.19 25.28 -167.47 167.47 554.72 

Phytoene 160.00 19.10 70.45 -89.55 89.55 56.92 248.57 160.00 44.29 -204.28 204.28 471.15 
Phytofluene 151.72 33.62 59.05 -92.67 92.67 72.71 222.44 151.72 35.36 -187.08 187.08 494.86 
Rubixanthin 140.67 52.91 43.88 -96.79 96.79 106.75 187.20 140.67 23.26 -163.94 163.94 577.59 
Violaxanthin 147.79 52.65 47.57 -100.22 100.22 105.56 199.75 147.79 25.98 -173.77 173.77 581.09 
Zeaxanthin 144.51 51.03 46.74 -97.77 97.77 102.26 188.52 144.51 22.01 -166.51 166.51 629.94 
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Table 3.2. Pearson’s correlation coefficients between quantum chemical 
descriptors and radical scavenging activities of carotenoids calculated by 
PM6 and PM7 methods. 

 PM6  PM7 
 Neutral Cation Product  Neutral Cation Product 

Ionisation energy -0.785*** -0.653** -0.683**  -0.732*** -0.632** -0.650** 
Electron affinity 0.211 -0.785*** 0.099  0.245 -0.732*** 0.150 

Chemical hardness -0.440 -0.572* -0.493*  -0.434 -0.581* -0.501* 
Chemical potential 0.226 0.692** 0.847***  0.143 0.659** 0.830*** 
Electronegativity -0.226 -0.692** -0.847***  -0.143 -0.659** -0.830*** 
Electrophilicity 0.148 0.416 0.226  0.200 0.570* 0.346 

*p < 0.05, **p < 0.01, ***p < 0.001 

 

This result postulates a radical scavenging mechanism of carotenoids that two 

electrons of a single carotenoid molecule transfer to radical species to 

scavenge them. Previous studies also reported that carotenoids undergo 

sequential loss of two electrons in oxidation reaction (Jeevarajan and Kispert, 

1996; Jeevarajan et al., 1994; Mairanovsky et al., 1975). For the reason that 

the I was lower than the Icat (Table 3.1) and the I was more significantly 

correlated with the TEAC compared to the Icat (Table 3.2), electron transfer 

process from neutral carotenoid molecule to radical occurs more favourably 

than that from monovalent carotenoid cation. Also, a significantly high 

correlation between μcross (-χcross) and TEAC values (p<0.001) could be noted, 

but lower significances were observed in the cases of μ and μcation (Table 3.2). 

This result postulates that antioxidant activities of carotenoids were mainly 

contributed by both of the neutral and cationic carotenoid molecules rather 

than either of them. Since the chemical potential (negative electronegativity) 

is a thermodynamic property derived by differentiating the energy with 
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respect to the number of electrons (Parr et al., 1978), it indicates the direction 

of chemical reactions as a partial free energy. Thus, a positive relationship 

was observed between the chemical potential and the TEAC. The postulated 

mechanism of radical scavenging activities of carotenoids with limited 

information from correlation analysis is related with the sequential donation 

of two electrons to radical species. Chemical potential, μ, as a driving force 

for electron transfer (Parr et al., 1978) is responsible for the first electron 

transfer reaction and μcat is responsible for the second electron transfer 

reaction to radical species. The electron transfer occurs not only between the 

carotenoids and radical species, but also between the neutral and cationic 

carotenoids (Edge et al., 1998; Jeevarajan and Kispert, 1996). The significant 

relationship between μcross and TEAC was supposed to be caused by the 

interaction effect between the neutral and cationic carotenoids. In this 

physicochemical manner, the quantum chemical descriptor of chemical 

potential could be applied on QSAR studies. Worachartcheewan et al. (2011) 

introduced chemical potential to predict radical scavenging activities of 

curcuminoids. Pasha et al. (2008) developed QSAR model for radical 

scavenging activities of flavonoids with electronegativity as a dependent 

variable.  

From the result of correlation analysis, I, Icat and μcross were selected as 

dependent variables for developing QSAR models, for reason that these 

properties had a significant correlation with antioxidant activities of 

carotenoids. Most of previous QSAR studies developed prediction models by 
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linear regression (Amić and Lučić, 2010; Kontogiorgis et al., 2005; Pasha et 

al., 2008; Sarkar et al., 2011; Soffers et al., 1999). However, traditional QSAR 

models by linear regression analysis ignore the interaction effects between 

dependent variables; thus, this ignorance may have effects on the prediction 

efficiency of the model. The ANN-applied techniques could be an alternative 

to conventional linear regression model. ANN-based models are constructed 

and adjusted by empirical training process. It is useful to solve and analyse the 

problems which could not be solved easily with traditional linear regression 

analysis. Especially, ANN-based modelling is useful to analyse multivariate 

nonlinear relationship (Gemperline et al., 1991). For this reason, a higher 

prediction efficiency could be achieved by applying empirical training-based 

ANN modelling technique on predicting bioactivities of molecules 

(Agatonovic-Kustrin and Beresford, 2000). In this study, ANFIS, an ANN-

based system, was used to achieve high prediction efficiency of QSAR 

models. At first, the ANFIS-applied QSAR models were developed using a 

data set from Müller et al. (2011). The TEAC values were predicted by the 

developed QSAR models (Table 3.3 and Figure 3.3). Because carotenoids 

were limited to a variety of naturally occurring and commercially available 

ones, data sets with a relatively small sample size were available to be 

analysed. Bootstrap validation is an appropriate method to validate models 

with a small sample size (Braga-Neto and Dougherty, 2004; Kiralj and 

Ferreira, 2009). Thus, in this study, MAE and Q square values of developed 

models were estimated by the bootstrap method. Both of the QSAR models 
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with quantum chemical properties calculated by the PM6 and PM7 semi-

empirical methods had high prediction efficiencies. 

 

 

Table 3.3. Experimental and predicted TEAC of carotenoids. 

Compounds 
Experimental 

TEAC  
Predicted TEAC 

PM6 PM7 
α-Carotene 3.3 2.79 2.83 

Antheraxanthin 2.0 1.80 1.71 
Astaxanthin 0.8 0.87 0.92 
β-Carotene 3.1 3.15 3.21 

β-Cryptoxanthin 3.2 2.97 3.01 
Canthaxanthin 0.8 1.11 1.24 

Capsanthin 2.0 1.63 1.51 
Echinenone 2.2 2.10 2.11 

Lutein 2.0 2.01 1.86 
Lycopene 3.9 3.89 3.89 

Neoxanthin 1.1 1.60 1.68 
Neurosporene 2.1 2.55 2.51 

Phytoene 1.0 1.00 1.00 
Phytofluene 1.0 0.99 0.97 
Rubixanthin 3.3 3.35 3.25 
Violaxanthin 1.6 1.21 1.32 
Zeaxanthin 1.9 2.30 2.34 

Mean absolute error 0.22 ± 0.04 0.24 ± 0.05 
Q square 0.905±0.043 0.895±0.049 

 



63 

 

  

Figure 3.3. Scatter plot between the experimental TEAC of carotenoids reported by Müller et al. (2011) and the predicted 
TEAC based on the quantum chemical descriptors calculated by (A) PM6 and (B) PM7  methods. 
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To verify the reliabilities of the selected quantum chemical properties (i.e., 

I, Icat and μcross) and the design of developed QSAR models, QSAR models 

were developed with radical scavenging activity data sets from other previous 

studies. TEAC values of 8 carotenoid species were adapted from Miller et al. 

(1996) and EC50 data of 6 carotenoid species were adapted from Jiménez-

Escrig et al. (2000). The results from correlation analysis of these data sets are 

presented in Table 3.4. The I, Icat and μcross of carotenoids calculated by both 

of PM6 and PM7 were significantly correlated with the TEAC values from 

Miller et al. at p < 0.001. Although statistical significances were low on the 

correlation between quantum chemical properties of carotenoids and the 

experimental EC50 due to a small sample size of the data set by Jiménez-

Escrig et al. (n=6), positive correlations were observed between the selected 

quantum chemical properties of carotenoids and the EC50 A previous QSAR 

study regarding radical scavenging activities of carotenoids by Soffers et al. 

(1999) reported a positive relationship between ionisation energies and TEAC 

values using single data set constituted of 9 carotenoids. In addition to the 

previous study, this positive tendency was also verified using several number 

of data sets in this study. Kleinová et al. (2007) also constructed a QSAR 

model for electrochemical redox potentials of carotenoids using polarizability 

as an independent variable. Since the polarizability was closely correlated 

with ionisation energy (Beg et al., 2013), the use of polarizability as an 

independent variable seemed adequate. However, based on electrochemical 

properties of carotenoids, the results from the previous study could not be 
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Table 3.4. Pearson’s correlation coefficients between quantum chemical 
descriptors and radical scavenging activities of carotenoids calculated by 
PM6 and PM7 methods. 

*p < 0.05, **p < 0.01, ***p < 0.001 
I, ionisation energy of neutral carotenoid. 
Icat , ionisation energy of cationic carotenoid.  

μcross , product of chemical potential of neutral and monovalent cationic 
carotenoid. 

 

directly interpreted to radical scavenging activities of carotenoids. In the 

present study, the reliabilities of the selected quantum chemical properties for 

predicting radical scavenging activities and the prediction efficiency of 

ANFIS-applied QSAR models were confirmed by applying various data sets 

(Figure 3.4 and 3.5). 

  

 
TEAC 

by Miller et al. (1996) 

EC50 
by Jiménez-Escrig et al. 

(2000) 
 PM6 PM7 PM6 PM7 
I -0.923*** -0.917*** 0.892* 0.850* 

Icat -0.937*** -0.942*** 0.724 0.812* 
μcross -0.892*** -0.914*** 0.830* 0.802 
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Figure 3.4. Scatter plot between the experimental TEAC of carotenoids 
reported by Miller et al. (1996) and the predicted TEAC based on the 
quantum chemical descriptors calculated by (A) PM6 and (B) PM7 
methods. 

Figure 3.5. Scatter plot between the experimental EC50 of carotenoids 
reported by Jiménez-Escrig et al. (2000) and the predicted TEAC based 
on the quantum chemical descriptors calculated by (A) PM6 and (B) PM7 
methods. 
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4.1. Introduction 

Antioxidants are chemical substances that inhibit oxidation promoted by 

radical species such as oxygen, peroxides, nitric oxide and peroxynitrite 

(Evans and Halliwell, 2001; Fridovich, 1978). Since dietary antioxidants 

possibly prevent coronary heart diseases, cancer and Alzheimer’s disease, 

antioxidants play a beneficial role for health (Asplund, 2002; Crichton et al., 

2013). Some of phytochemicals, which are chemical compounds existing 

naturally in plants, have antioxidantive characteristics as a part of plant 

antioxidant systems to control external and internal oxidative stress (Blokhina 

et al., 2003). Contributed by phytochemicals, traditional Chinese medicinal 

plants have antioxidant activity (Cai et al., 2004; Liao et al., 2008). The 

antioxidant activities of phytochemicals are mainly contributed by phenolic 

compounds including phenolic acids, flavonoids and phenolic diterpenes 

(Brewer, 2011). There are two major mechanisms for deactivating radical 

species by antioxidants. One is hydrogen atom transfer (HAT) and the other is 

single electron transfer (SET) (Prior et al., 2005). The radical scavenging 

activity by HAT mechanism is explained by following reaction: 

X· + AOH → XH + AO     (4.1) 

where X represents a free radical and AOH represents an antioxidant 

molecule and its hydroxyl group. As shown on the equation 4.1, single 

hydrogen atom should be homolytic dissociated from the antioxidant 

molecule to scavenge radical by HAT. Thus, the bond dissociation energy of 

O-H bond (BDE) is a crucial variable for estimating antioxidant activity. 
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The SET mechanism is explained by following equation: 

X· + AOH → X− + AOH·+     (4.2) 

In the case of SET, the mechanism is governed by ionisation energy which 

is the energy needed to dissociate an electron from a molecule.   

To predict antioxidant activities of phytochemicals, numerous structure-

activity relationship (SAR) and quantitative structure-activity relationship 

(QSAR) studies have been conducted (Amić and Lučić, 2010; Chang et al., 

2008; Cruciani et al., 1990; Filipović et al., 2015; Kontogiorgis et al., 2005; 

Sarkar et al., 2011). Most of previous QSAR studies applied linear regression 

method for developing QSAR models to predict activities of compounds. 

While the QSAR studies applying adaptive neuro-fuzzy inference system 

(ANFIS), which is an artificial neural network (ANN-based fuzzy inference 

system, achieved high prediction accuracies (Jhin and Hwang, 2014, 2015). 

Besides, antioxidative characteristics of phenolic compounds, which have 

common skeleton structures, were analysed in previous QSAR studies. 

However, to compare the antioxidant activities of compounds, which belong 

to different classes, an integrated single QSAR model is needed. Therefore, 

for high prediction accuracy and comparative analysis of various phenolic 

compounds, ANFIS-applied QSAR models for predicting antioxidant 

activities of phenolic compounds were developed in this study. 

 

4.2. Materials and methods 

 



70 

 

4.2.1. Data set 

The trolox equivalent antioxidant capacity values of traditional Chinese 

medicinal plants derived phenolic compounds against 2,2'-azino-bis(3-

ethylbenzothiazoline-6-sulphonic acid) (TEACABTS) and 2,2-diphenyl-1-

picrylhydrazyl (TEACDPPH) were adapted from a previous study by Cai et al. 

(2006). The data set was constituted of total 100 compounds which belong to 

various classes such as phenolic acids, flavonoids, tannins, stilbenes, 

coumarins and quinones (Figure 4.1). Carthamin and Chinese gallotannin 

were excluded from the data set, because their exact structures could not be 

deduced as these compounds from the previous study had various forms. 

Since the BDE of hydroxyl group was used as a descriptor for QSAR models, 

compounds with no hydroxyl group were also excluded from the data set. 

Therefore, a data set constituted of 88 compounds was used for this study 

(Table 4.1).  

 

4.2.2. Bond dissociation energy calculation 

The chemical structures of compounds were retrieved as SDF format from 

PubChem database (Wang et al., 2009). Three-dimensional structure of each 

of the retrieved molecules was generated and converted into MOPAC input 

format by Open Babel (O’Boyle et al., 2011). Molecular structures were  
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Figure 4.1.The skeleton structures of phenolic compounds existing in 
traditional Chinese medicinal plants, tested by Cai et al. (2006). 
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Table 4.1. Antioxidant activities and the lowest bond dissociation energies (BDEmin) of phenolic compounds. 

Entry Compounds a TEACABTS a TEACDPPH 
BDEmin (kcal/mol) 

PM6 PM7 
1 Caffeic acid 1.31 1.24 73.45 76.19 
2 Chlorogenic acid 1.56 1.75 73.21 75.87 
3 o-Coumaric acid 0.93 0.84 78.79 81.48 
4 m-Coumaric acid 0.82 0.75 81.39 83.58 
5 p-Coumaric acid 1.96 1.44 79.98 82.41 
6 Ferulic acid 1.92 1.49 72.35 75.09 
7 Isoferulic acid 1.53 1.24 74.10 76.54 
8 Gallic acid 3.52 3.92 75.14 76.94 
9 Protocatechuic acid 1.15 1.29 75.04 77.34 
10 2,4-Dihydroxybenzoic acid 1.22 1.27 82.35 83.48 
11 o-Hydroxybenzoic acid 0.04 0.05 79.71 81.58 
12 m-Hydroxybenzoic acid 0.03 0.07 81.63 83.80 
13 p-Hydroxybenzoic acid 0.03 0.06 83.75 85.35 
14 Syringic acid 1.39 1.33 74.01 75.18 
15 Vanillic acid 0.09 0.06 78.74 80.20 
16 (-)-Epigallocatechin gallate 5.95 6.09 74.27 76.13 
17 (-)-Epicatechin gallate 5.29 5.26 73.33 75.88 
18 (-)-Epigallocatechin 3.71 3.56 74.09 75.80 
19 (-)-Epicatechin 3.08 3.18 73.85 76.03 
20 (+)-Catechin 3.04 2.95 73.26 75.98 
21 Myricetin 1.31 1.38 71.67 74.37 
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Table 4.1. (continued) 

Entry Compounds a TEACABTS a TEACDPPH 
BDEmin (kcal/mol) 

PM6 PM7 
22 Quercetin 4.42 4.60 71.22 74.55 
23 Morin 2.68 2.75 77.55 77.06 
24 Kaempferol 1.59 1.32 76.36 76.35 
25 Galangin 1.12 0.71 76.25 76.58 
26 Quercetin-3-glucoside 2.39 2.16 72.39 75.14 
27 Quercetin-3-rutinoside 2.02 2.33 70.29 74.00 
28 Quercetin-3-rhamnoside 2.18 2.57 71.42 74.39 
29 Kaempferol-3-glucoside 0.14 0.15 75.45 82.21 
30 Quercetin-3-glucoside-7-rhamnoside 1.56 1.63 71.91 73.60 
31 Flavonol 0.71 0.48 76.06 75.79 
32 Butein 2.42 2.27 72.76 75.74 
33 Phloretin 1.79 1.24 78.35 80.86 
34 Sappanchalcone 1.93 1.82 72.41 74.59 
35 Luteolin 2.18 2.24 74.68 77.09 
36 Baicalein 2.56 2.74 76.96 77.05 
37 Apigenin 0.09 0.04 82.02 83.75 
38 Chrysin 0.08 0.05 92.31 91.39 
39 Luteolin-7-glucoside 1.47 1.39 74.35 76.21 
40 Apigenin-8-glucoside 0.22 0.21 81.95 83.64 
41 Apigenin-7-glucoside 0.08 0.05 81.26 83.09 
42 Baicalein-7-glucuronide 1.55 1.79 66.83 74.63 
43 Naringenin 0.22 0.14 80.84 82.79 
44 Hesperetin 0.41 0.27 74.02 76.31 
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Table 4.1. (continued) 

Entry Compounds a TEACABTS a TEACDPPH 
BDEmin (kcal/mol) 

PM6 PM7 
45 Naringenin-7-rutinoside 0.10 0.08 76.82 82.89 
46 Hesperetin-7-rutinoside 0.10 0.08 73.72 89.64 
47 Genistein 0.12 0.10 78.02 80.67 
48 Daidzein 0.10 0.03 78.11 80.71 
49 Glycitein 0.10 0.02 74.48 76.87 
50 Genistein-7-glucoside 0.08 0.03 78.33 80.77 
51 Daidzein-7-glucoside 0.07 0.04 78.17 80.60 
52 Catechin 3-O-gallate 5.25 5.56 73.49 76.00 
53 Procyanidin B-1 6.14 5.94 73.01 75.21 
54 Procyanidin B-2-digallate 9.18 8.79 72.40 74.70 
55 Procyanidin C-1 8.29 7.93 72.90 74.72 
56 Corilagin 7.76 6.98 69.70 71.53 
57 Piceatannol 2.53 2.35 71.28 74.07 
58 Resveratrol 2.14 1.71 77.34 80.15 
59 Piceatannol-3'-glucoside 1.62 1.55 74.15 78.09 
60 Resveratrol-3-glucoside 1.35 1.21 77.30 79.92 
61 Resveratrol-4'-glucoside 0.56 0.62 83.87 85.06 
62 Curcumin 2.24 2.02 71.72 74.84 
63 Demethoxycurcumin 1.63 1.48 71.24 74.36 
64 Bisdemethoxycurcumin 1.18 1.02 78.14 80.69 
65 Esculetin 2.38 2.08 74.68 76.72 
66 Scopoletin 0.38 0.21 74.32 76.67 
67 Esculetin-6-glucoside 0.16 0.17 80.15 79.24 



75 

 

Table 4.1. (continued) 

Entry Compounds a TEACABTS a TEACDPPH 
BDEmin (kcal/mol) 

PM6 PM7 
68 Secoisolariciresinol 0.31 0.18 69.88 74.14 
69 Matairesinol 0.25 0.21 69.66 75.34 
70 Arctigenin 0.10 0.09 70.27 75.27 
71 Magnolol 0.21 0.20 75.31 79.68 
72 Purpurin 1.93 2.00 74.27 76.07 
73 Pseudopurpurin 1.62 1.70 76.66 79.64 
74 Alizarin 1.07 1.05 75.19 76.79 
75 Quinizarin 0.55 0.04 78.46 79.33 
76 Emodin 0.10 0.03 84.61 85.19 
77 Chrysazin 0.07 0.06 82.94 83.76 
78 Rhein 0.08 0.06 93.15 94.90 
79 Chrysophanol 0.07 0.04 93.13 94.87 
80 Physcion 0.07 0.07 94.18 95.56 
81 Aloe-emodin 0.08 0.04 92.38 94.81 
82 1,5-Dihydroxyanthraquinone 0.08 0.07 83.48 84.36 
83 2,6-Dihydroxyanthraquinone 0.07 0.08 83.22 84.55 
84 Ruberythric acid 0.07 0.07 86.18 87.69 
85 Alizarin-2-glucoside 0.11 0.10 87.47 89.43 
86 Juglone 0.11 0.09 83.54 84.70 
87 Shikonin 0.12 0.08 77.74 79.66 
88 Acetylshikonin 0.11 0.08 77.09 78.81 
a Trolox equivalent antioxidant capacity values against ABTS (TEACABTS) and DPPH (TEACDPPH) were adapted from Cai et al. (2006). 
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geometrically optimised and heat of formations of compounds were calculated 

by PM6 (Stewart, 2007) and PM7 (Stewart, 2013) semi-empirical quantum 

chemical calculation methods by MOPAC 2012 (Stewart, 2014). Standard 

heat of formation value (ΔHf) of each molecule was retrieved from MOPAC 

output files of semi-empirical calculations. Bond dissociation energies of O-H 

bond (BDE) was calculated from the following equation: 

BDE = ΔHf (AO·) + ΔHf (H) − ΔHf (AOH)   (4.3) 

where ΔHf (AO·), ΔHf (H) and ΔHf (AOH) are heat of formations of a 

hydrogen abstracted oxy radical of a phenolic compound, a hydrogen atom 

and a phenolic compound molecule, respectively. The BDE values of enol and 

phenol groups were calculated for every phenolic compound in the data set, 

and the lowest BDE value among the BDE of each compound was designated 

as BDEmin. 

 

4.2.3. Quantitative structure-activity relationship 

Sum of reciprocals of BDE (XBDE) was calculated from the following 

equation: 

    = ∑
 

    

 
         (4.4) 

where n is the number of enol and phenol groups. The calculated descriptor, 

XBDE, was used as a parameter for QSAR models. To investigate the 

relationship between antioxidant activities and descriptors, Pearson’s 

correlation analysis was conducted by GNU R (http://cran.r-project.org/). 
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Linear regression and ANFIS-applied QSAR models were developed using 

Matlab R2016a (Mathworks, Natick, MA, USA). Two Gaussian curve 

membership functions were applied for each ANFIS-QSAR model. The 

models were optimised by hybrid training method embedded in Matlab fuzzy 

logic toolbox. To validate QSAR models, leave-one-out cross-validation 

(LOOCV) procedure was performed for each developed model. Mean 

absolute error (MAE) was calculated from the following equation:  

MAE =
 

 
∑    

 
−    

 
         (4.5) 

where   
 
 is calculated radical scavenging activity value and    is observed 

value. 

 

4.3. Results and discussion 

The data set from Cai et al. (2006) contained radical scavenging activities 

of phenolic compounds by two different radical scavenging activity assays, 

ABTS assay and DPPH assay. Consistent tendency with high correlation 

(R=0.995) was observed on hierarchical orders of radical scavenging 

activities for the 88 phenolic compounds against ABTS and DPPH. High 

correlation between ABTS and DPPH radical scavenging activities were 

observed in other studies (Dudonne et al., 2009; Floegel et al., 2011; 

Thaipong et al., 2006), and this correlation was due to a common radical 

scavenging mechanism of ABTS and DPPH assays (Karadag et al., 2009). 

HAT mechanism plays a key role in antioxidant activities of phenolic 

compounds (Karadag et al., 2009; Wright et al., 2001). Physicochemically, 
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radical scavenging by HAT mechanism occurs more easily with compounds 

having lower BDE, because a hydrogen atom can be abstracted easily on a 

molecule with a lower BDE (Trouillas et al., 2006; Zhang and Wang, 2002). 

In this manner, BDE was used as a parameter for QSAR and SAR studies. 

Amić and Lučić (2010) reported a negative correlation between BDEmin and 

radical scavenging activity of flavonoids. In this study, a significant negative 

correlation was also observed between BDEmin and radical scavenging 

activities of phenolic compounds (Table 4.2). In addition, since the number of 

hydroxyl groups was positively correlated with antioxidant activities, the 

number of hydroxyl groups was used as a parameter for QSAR models in 

previous studies (Anouar, 2014; Chang et al., 2008; Filipović et al., 2015; Jhin 

and Hwang, 2014; Lien et al., 1999). In the study by Amić and Lučić (2010), 

as well as BDEmin, the number of hydroxyl groups was also used as a 

structural descriptor for QSAR models. The positive correlation between the 

number of hydroxyl groups and antioxidant activities postulates that not only 

single hydroxyl group corresponding to BDEmin, but also other hydroxyl 

 

Table 4.2. Pearson’s correlation coefficients between bond dissociation 
energy (BDE)-related descriptors and antioxidant activities. 

 a BDEmin 
b XBDE 

 PM6 PM7 PM6 PM7 
TEACABTS -0.469*** -0.524*** 0.907*** 0.909*** 
TEACDPPH -0.470*** -0.522*** 0.906*** 0.906*** 

***p < 0.001 
a BDEmin: the lowest bond dissociation energy  
b     = ∑

 

    

 
   , where n is the number of phenol and enol groups 
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groups affect radical scavenging activities of phenolic compounds. For these 

reasons, in consideration of BDE values of multiple hydroxyl groups and 

negative correlation between BDE and antioxidant activities, XBDE was 

calculated and used as a parameter for predicting radical scavenging activities. 

As mentioned above, n in equation 4.4 was defined as the number of enol and 

phenol groups. This value was different from a previous study by Amić and 

Lučić (2010), which introduced the number of hydroxyl groups of flavonoidal 

skeleton and phenol group to QSAR models. Since BDE of enol group was 

comparable with that of phenol group (Li et al., 2007; Wright, 2002), 

antioxidant activity might be contributed by HAT of enol group as well as 

phenol group. Meanwhile, because BDE of alkyl alcohol was higher than 

those of phenol and enol (Blanksby and Ellison, 2003), the number of 

alcohols were not included as a parameter. For these reasons, it was rational 

strategy for developing QSAR models with the number of enol and phenol 

groups. For instance, (+)-catechin and quercetin had the same number and 

same position of hydroxyl groups on flavanol and flavonol skeletons, 

respectively. BDE of hydroxyl group at 3-position of (+)-catechin and 

quercetin, calculated by PM6 method, were 104.81kcal/mol and 

74.98kcal/mol, respectively. Since flavanol does not have a double bond in a 

heterocyclic ring, the 3-position-hydroxyl group of (+)-catechin was classified 

as alcohol group, while that of quercetin was classified as enol group. 

Therefore, the n variables for calculating XBDE were designated as 4 for (+)-

catechin and 5 for quercetin. Also, radical scavenging activity of quercetin 
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was greater than that of (+)-catechin (Table 4.1). For another example, in the 

case of procyanidin B-2 digallate and procyanidin C-1, the numbers of 

hydroxyl groups were 14 and 15, respectively, and the numbers of only enol 

and phenol groups were 14 and 12, respectively. The radical scavenging 

activity of the former was greater than the latter. These results showed that the 

number of enol and phenol groups was more closely related with radical 

scavenging activities of phenolic compounds than the number of hydroxyl 

groups, consequently being more appropriate for a QSAR parameter.  

Pearson’s correlation analysis was performed between XBDE and radical 

scavenging activities (Table 4.2). As the absolute R values of XBDE were larger 

than BDEmin, XBDE was more significantly correlated with radical scavenging 

activities than BDEmin. Therefore, XBDE was selected and used as a QSAR 

parameter for radical scavenging activities of phenolic compounds. The linear 

regression-applied QSAR models using XBDE calculated by PM6 method were 

listed as follows:  

TEAC    = 60.150 (±3.01)     − 0.668 (±0.140) 

n = 88, R = 0.907, s = 0.512, MAE = 0.619, Q = 0.901, 

scv = 0.531, MAEcv = 0.637, F(1,86) =400.516   (4.6) 

TEAC    = 59.057 (±2.970)     − 0.695 (±0.138) 

n = 88, R = 0.906, s = 0.492, MAE = 0.623, Q = 0.903, 

scv = 0.518, MAEcv = 0.637, F(1,86) = 395.336   (4.7) 

The linear regression-applied QSAR models using XBDE calculated by PM7 

method were listed as follows. 
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TEAC    = 61.359 (±3.041)     − 0.663 (±0.138) 

n = 88, R = 0.909, s = 0.502, MAE = 0.620, Q = 0.900, 

scv = 0.512, MAEcv = 0.641, F(1,86) = 407.261   (4.8) 

TEAC    = 60.168 (±3.023)     − 0.687 (±0.138) 

n = 88, R = 906, s = 0.491, MAE = 0.622, Q = 0.900, 

scv = 0.509, MAEcv = 0.640, F(1,86) = 396.226   (4.9) 

Standard deviations of regression coefficients are presented in brackets. 

The regression coefficient of the XBDE of each equation was nearly 20 times 

bigger than its standard error, implying that the calculated structural 

descriptor was significantly correlated to TEAC values obtained by ABTS and 

DPPH radical scavenging assays (Topliss and Edwards, 1979). Also the cross-

validated regression models had good prediction efficiencies, indicating that 

the resulted models were not overfitted or biased.  

To improve the prediction efficiency, ANFIS-applied QSAR models were 

developed. Numerous previous QSAR studies developed linear regression-

applied prediction models (Amić and Lučić, 2010; Cruciani et al., 1990; 

Kontogiorgis et al., 2005; Pasha et al., 2008; Sarkar et al., 2011; Soffers et al., 

1999). The linear regression is a feasible method for analysing the first-order 

contribution of each variable to response variable. While ANN-based 

prediction models are constructed and adjusted by empirical training 

procedures, high prediction accuracy could be achieved by ANN-applied 

models (Agatonovic-Kustrin and Beresford, 2000). For this reason, ANN-

applied models were used for achieving high prediction accuracy in QSAR 
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studies (Agatonovic-Kustrin and Beresford, 2000; González-Díaz et al., 2007; 

Jhin and Hwang, 2014, 2015). ANFIS, an ANN-based model, was applied for 

achieving high prediction accuracy. The correlation coefficients of ANFIS-

applied models were higher than those of linear regression models, while 

MAE and standard error of fits of ANFIS models were lower than those of 

linear regression models (Table 4.3). Namely, ANFIS-applied QSAR models 

had better prediction accuracies than linear regression models. Also cross-

validated statistics had similar tendencies to non-cross-validated statistics; 

therefore, these results demonstrated that the developed ANFIS-applied 

models were not overfitted or biased.  

, 
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Table 4.3. Statistical results of developed QSAR models. 

Activity QSAR Method 
a BDE calculation 

method 

b Statistical parameters 
R s MAE Q scv MAEcv 

TEACABTS Linear regression PM6 0.907 0.512 0.619 0.901 0.531 0.637 
TEACABTS Linear regression PM7 0.909 0.502 0.620 0.903 0.518 0.637 
TEACABTS ANFIS PM6 0.919 0.473 0.588 0.911 0.491 0.614 
TEACABTS ANFIS PM7 0.919 0.472 0.584 0.913 0.490 0.606 
TEACDPPH Linear regression PM6 0.906 0.492 0.623 0.900 0.512 0.641 
TEACDPPH Linear regression PM7 0.906 0.491 0.622 0.900 0.509 0.640 
TEACDPPH ANFIS PM6 0.918 0.489 0.582 0.910 0.514 0.607 
TEACDPPH ANFIS PM7 0.919 0.485 0.582 0.911 0.510 0.604 

a BDE: dissociation energy of O-H bond 
b R: correlation coefficient; s: standard error of fit; MAE: mean absolute error; Q: cross-validated R; scv: cross-validated standard error of fit; 
and MAEcv: cross-validated MAE. 
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Chapter 5. 

 

Summary and Conclusion 
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Although numerous previous studies performed antioxidant assays for 

evaluating and comparing antioxidant power of various phytochemicals, 

rational physicochemical investigations are needed to better understand 

antioxidant reaction mechanisms and predict antioxidant activities of 

phytochemicals and their derivatives. In this study, chemical structure-related 

physicochemical analyses were conducted for antioxidant activities of 

phytochemicals indigenous to foods. QSAR models for predicting and 

evaluating antioxidant activities of phytochemicals were developed and the 

developed models were validated. 

 

Study 1: Semi-empirical quantum chemical calculations of anthocyanins and 

anthocyanidins were done by PM6 and PM7 methods using MOPAC2012. In 

this study, structural changes of anthocyanin molecules were considered on 

semi-empirical quantum chemistry calculation. This study revealed that 

quantum chemical descriptors of flavylium cation and quinoidal base affect 

radical scavenging activities of anthocyanins. It suggests that the molecular 

conformation should be modified depending on surrounding condition before 

calculating structural descriptors for QSAR analysis. Established QSAR 

models by ANFIS had good prediction efficiency with a statistical 

significance. Therefore, applying the ANFIS technique could improve the 

accuracy of QSAR models. In addition, this is the first study regarding 

anthocyanins using PM7 method which is the most recently distributed semi-

empirical calculation method. This study suggests that PM7, as well as PM6, 
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is a useful method for calculating quantum chemical descriptors for QSAR 

analysis.  

 

Study 2: Ionisation energies and chemical potentials of neutral and 

monovalent cationic carotenoid molecules were demonstrated as descriptors 

that describe radical scavenging activities of carotenoids. Although some of 

the previous studies reported a significant relationship between quantum 

chemical descriptors and radical scavenging activities of phytochemicals, any 

report that analyses the radical scavenging activities of carotenoids 

quantitatively has not been found. In addition, in this study, molecular 

properties of cation molecules were calculated for QSAR models as well as 

neutral molecules. Although the small sample sizes of data sets might weaken 

the significance of QSAR models, consistent tendencies, which were observed 

on various data sets, could demonstrate the reliabilities of the selected 

quantum chemical descriptors and the significance of QSAR models.  

 

Study 3: In this study, BDE of various phenolic compounds were calculated 

by semi-empirical methods as structural descriptors for predicting QSAR 

models. It is apparent that radical scavenging activities of phenolic 

compounds are mainly contributed by enol groups as well as phenol groups. 

In most of previous QSAR studies, antioxidant characteristics of phenolic 

compounds containing a common skeleton structure were analysed. In this 

study, however, the developed QSAR models, with a new QSAR parameter, 
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XBDE, could predict and analyse radical scavenging activities of phenolic 

compounds, even if the compounds did not have common skeleton structure. 

Therefore, applying the developed QSAR models, radical scavenging 

activities of phenolic compounds from different subgroups can be compared. 

Furthermore, the results confirmed that applying ANFIS technique on QSAR 

models is an appropriate strategy for achieving high prediction accuracy. 

 

To sum up, physicochemical and quantum chemical descriptors of food 

phytochemicals were appropriate variables for QSAR analysis of antioxidant 

activities. By applying ANFIS on QSAR analysis, high prediction efficiencies 

could be obtained. The results from this study confirmed that applying ANFIS 

technique on QSAR is an appropriate strategy for achieving high prediction 

accuracy. The ANFIS-applied QSAR models could be used in computer-aided 

drug design (CADD), cheminformatics and functional food areas by 

predicting and analysing antioxidant activities of phytochemicals and their 

derivatives.  

The limitation of this study is that only in vitro, not in vivo, antioxidant 

activities of various subgroups of phytochemicals were analysed. However, 

the purposes of utilising antioxidants are not only limited to exert their 

physiological effects, but also to enhance qualities of food products. For 

versatile application, therefore, fundamental chemical features of 

phytochemicals were mainly discussed in this study. Also, in vitro antioxidant 

assays are appropriate methods for measuring the stoichiometric characteristic 
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of each food phytochemical because the in vitro antioxidant activities were 

measured at chemical equilibrium status. For extrapolating in vitro activities 

of food phytochemicals to in vivo, extra descriptors such as hydrophobic 

constant and seem to be required in addition to this QSAR study.  
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국  

식품 래 이토 미컬  항산 에  

 뉴 -퍼지 추 시스  용 QSAR 
 

식품 양 과 

울  

진 창  

 

항산 는 산  스트 스 부  인 는 상 분자  손상  

게 지연시키거나, 감소  해 는 항산   띠는 

합  일컫는다. 식품 래 이토 미컬  자 라 칼  

소거함 써 인체 항산  체계  일부 역  담당 다. 식품 래 

이토 미컬  생리  능 이외에 식품  품질  보존 간에 

향    있다. 이토 미컬  우  항산   과거 

많  연구를 통해 증명 었다. 지만 이토 미컬  구조  

항산  이 게 연 어 있 에도 불구 고 구조   

사이  계를 체계  분  연구는 많이 찾아볼  없었다.  

라  이토 미컬   구조  항산  사이  계를 

근거를  여 체계  이해함과 동시에 이토 미컬  

항산      연구가 요 다. 량  구조-
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 계(quantitative structure-activity relationship; QSAR)는 

분자  구조  변  분자  도 사이  상 계를 

량  규  것 또는 규   함 를 뜻 다.  

 구조 자(descriptor)  택  신뢰   있는 QSAR 

모델  구축  해 요 게 여겨지는 부분이다. 소  척도, 

구조   자, 양자역  자, 3차원 구조 자 등이 

QSAR에  구조 자  이용   있다. 이 에 , 양자역  

자는 산 - 원  등   명   있는 

변 이다.  모델링 법  택 는 것도 QSAR 연구에  

요 다. 일  QSAR 모델링 법 써 multiple linear 

regression과 partial least square 법  사용 다. 근에는 좀 

변  사이  인 계를 합   있는   

법인 machine learning 법도 QSAR 연구에 이용 고 있다. 

 뉴 -퍼지 추 시스 (adaptive neuro-fuzzy inference 

system; ANFIS)  machine learning 법  나  변  

사이   계를 게   있는 모델링 법이다.  

본 연구  목  식품에 존재 는 주요  이토 미컬  

항산 능  히   있는 QSAR 모델  양자역  

자를 이용 여 구축 는 것이다. 본 연구는 크게  부분  

구 어 있다. 본 연구  첫번째  번째 부분에 는 각각 
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안토시아닌( 당체인 안토시아니  포함)과 카 티노이드  

항산 능   ANFIS 용 QSAR 모델  구축 다. 

연구  번째 부분에 는 여러 종  페놀계 이토 미컬  

항산 능  QSAR  이용 여 분 고 모델  구축 다. 

첫번째  행  안토시아닌  ANFIS 용 QSAR 연구에 는 

안토시아닌  양자  자를 계산  여 용액  pH에 

라 구조가 달라지는 안토시아닌  특  고 다. 

안토시아닌  구조는 pH에 라 변  에, 구조-  계 

분  해 는 나  분자구조가 아니라 pH 변 에 른 여러 

안토시아닌 구조가 모  고 어야 다. 본 연구에 는 

안토시아닌  flavylium cation, quinoidal base, carbinol pseudo-

base, chalcone 등  구조  양자  자를 semi-empirical 

PM6  PM7 법  계산 다. 안토시아닌  항산  과 

구조 사이  상 분  행  결과, flavylium cation  electron 

affinity  elenctronegativity, quinoidal base  ionisation 

potential이 안토시아닌  항산  과 인 상 계가 

있었다. 라 , QSAR 모델  구축 는 데 있어  이들 자를 

독립변  이용 다. 각각  독립 변 에 여 2개  삼각  

태  input fuzzy 함 를 구축 며, backpropagation 

법  모델  training 다. PM6  PM7 법  계산  
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독립변 를 사용 여 구축  ANFIS-QSAR 모델  Q square 

값이 각각 0.819  0.862  높   도를 보 다. 

번째 연구에 는 카 티노이드  양자  자를 PM6  

PM7 법  이용 여 계산 다. 카 티노이드 분자뿐만 

아니라 카 티노이드 양이 도  계에 존재  에 

카 티노이드 양이  양자  자도 계산 다. QSAR 

모델 구축에 이용  독립변 를 택  여 상 분  

행  결과,  카 티노이드  카 티노이드 1가 양이  

ionisation energy(I, Icat), 그리고  분자  1가 양이  

chemical potential 작용(μcross)이 항산  과 인 

상 계가 있었다. 라  I, Icat, μcross  QSAR 모델  

독립변  이용 다. 각 독립변 당 2개  삼각  태  input 

fuzzy 함 를 구축 여 ANFIS 모델  만들었 며, 

backpropagation 법에 해 모델  training 다. PM6  

PM7 법  계산  양자  변 를 이용 여 구축  QSAR 

모델  합도는 각각 0.921과 0.902  능이 높았다.  

번째 연구에 는 O-H 결합 해리 에 지(BDE)를 semi-

empirical PM6  PM7 법  계산 다. 과거 행연구에  

각 분자  소 BDE 값(BDEmin)과 항산  사이   

상 계 있 이 보고 었다. 본 연구에 는 BDEmin에 해당 는 
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OH뿐만 아니라, 분자 내  다른 OH그룹도 항산  에 향  

다고 가 다. 또 , 알  그룹  BDE보다 페놀과 enol  

BDE 값이 낮다는 사실  인 다. 이러  사항들  고 여 

QSAR 모델에 이용  새 운 독립변  페놀과 enol  BDE 

역  합  계산 다(XBDE). 새롭게 시  변  XBDE는 항산  

과 인 상 계가 있었다. XBDE를 이용 여 회귀분  

 QSAR 모델과 ANFIS  QSAR 모델  각각 

구축 다. 회귀분 법  이용 여 구축  QSAR 모델  R  

0.907이었다. ANFIS를 이용  QSAR 모델  R  0.919  

회귀법보다 능이 높았다. 본 연구를 통해, 탄소골격이  

다른 여러 페놀계 이토 미컬  항산   통합  

고 평가   있는 QSAR 모델이 구축 었 며, 항산  

과 인 상 계가 있는 지  XBDE가 시 었다. 

또 , ANFIS  용  능이 높  QSAR 모델  구축   

있  인 다. 

본 연구에 는 ANFIS를 용  QSAR 모델  이용 여 식품 

래 이토 미컬  항산   히   있  

인 다. 또 , 이토 미컬 분자 구조  양자 역 인 특 과 

항산 능 사이  계를 분 함 써, 각 이토 미컬  항산  

작에  고찰  다. 행  연구 결과는 항산   
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띠는 식  래  능  식품  이토 미컬 도체 등  

이  소재 개 과 용  여 이용   있  것이다.  

 

주요어: 이토 미컬, 항산  , 라 칼 소거능, 량  구조-

 계(QSAR),  뉴 -퍼지 추  시스 (ANFIS). 
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