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ABSTRACT 
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Plant genome analysis is currently experiencing a boost due to reduced costs associated with the 

development of next generation sequencing technologies. Knowledge on genetic background can be 

applied to guide targeted plant selection and breeding, and to facilitate natural product discovery and 

biological engineering. In medicinal plants, secondary metabolites are of particular interest because they 

often represent the main active ingredients associated with health-promoting qualities.  

Plant polyphenols are a highly diverse family of aromatic secondary metabolites that act as antimicrobial 

agents, UV protectants, and insect or herbivore repellents.  Most of the genome mining tools developed 

to understand genetic materials have very seldom addressed secondary metabolite genes and biosynthesis 

pathways. Little significant research has been conducted to study key enzyme factors that can predict a 

class of secondary metabolite genes from polyketide synthases. 

The objectives of this study were twofold:  Primarily, it aimed to identify the biological properties of 

secondary metabolite genes and the selection of a specific gene, naringenin-chalcone synthase or 

chalcone synthase (CHS). The study hypothesized that data science approaches in mining biological data, 

particularly secondary metabolite genes, would enable the compulsory disclosure of some aspects of 

secondary metabolite (SM). 

Secondarily, the aim was to propose a proof of concept for classifying or predicting plant genes involved 

in polyphenol biosynthesis from data science techniques and convey these techniques in computational 

analysis through machine learning algorithms and mathematical and statistical approaches.  

Three specific challenges experienced while analysing secondary metabolite datasets were: 1) class 

imbalance, which refers to lack of proportionality among protein sequence classes; 2) high 

dimensionality, which alludes to a phenomenon feature space that arises when analysing bioinformatics 

datasets; and 3) the difference in protein sequences lengths, which alludes to a phenomenon that protein 

sequences have different lengths. 

Considering these inherent issues, developing precise classification models and statistical models proves 

a challenge. Therefore, the prerequisite for effective SM plant gene mining is dedicated data science 

techniques that can collect, prepare and analyse SM genes. 

PCA and TSNE were implemented to visualise the behavior of the SM datasets. Three feature sets were 

developed: i) Amino acid frequency-based features, ii) Value-based features, and iii) frequency-based 

Data Science techniques for predicting plant genes involved 
in secondary metabolites production 
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features.  Eight features were engineered from ii and iii. Feature selection was then performed on these 

later two feature sets and it was found that all the eight features were significant, to which data 

visualisation was applied to visualise their significance levels.  These eight features were further 

transformed into 8-Selected feature matrix (8SFM), and the feature set in i) was transformed into a twenty 

relative frequency feature matrix (20RFFM).  

Both matrices were then used to conduct inferential statistical analysis with ANOVA and Chi-squared 

models with their post hoc tests (Tukey’s HDS and Bonferroni respectively) and a boxplot, and to train 

eight binary classification models: Logistic Regression (LR), Decision Tree (DT), Random Forest with 

100 trees (RF100), Support Vector Machine (SVM), K-Nearest Neighbor (4NN and 2NN), Naïve Bayes 

(NB), Single Perceptron (SLP), and Multilayer Perceptron (MLP) neural network. 

The hypotheses were tested on these learned models, producing positive results, with a performance of 

94.2% as the highest average accuracy of the 2NN binary classifier. Furthermore, the statistical models 

used inferential statistics to make judgments of the distribution of SM genes and reveal interesting 

inferential statistics among the three SM datasets under observation. The statistical analysis conducted 

for this study resulted in a 95% confidence that the labeled class of reviewed chalcone synthase (RCHS) 

and the labeled class of unreviewed chalcone synthase (UCHS) within each dataset held similar properties 

as opposed to the labeled class of Not chalcone synthase (NCHS).  

In summary, the proof of concepts, and techniques developed as part of this study hold the prospective 

revolution of the preparation, analysis and understanding of SM genes involved in polyphenol 

production, but can be extended to other metabolomics, proteomics and genomics studies. 

 

Keywords: Medicinal plants, Secondary metabolites, Polyphenols, Chalcone Synthase, feature 

engineering, feature selection, data visualisation, machine learning techniques, mathematic-statistical 

approaches. 
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Preface:  

The focus of the thesis is on the development of exploratory proof of concept computational models 

which use feature engineering and predictive modelling techniques to produce outputs which mimic the 

results of traditional biological studies. It is important to note that computational modeling is based on 

mathematical and statistical estimated approaches which interrogate the properties of data and draw 

inferences. It is not intended to explain the biological properties of the data under review, but rather to 

apply computational models to draw conclusions about the data.   Therefore, although the development 

of the model may be informed, on some level, by biological theory, it is not intended to follow the exact 

theory and methodology of traditional biological enzyme analysis, but to merely produce the same 

outcome in a faster, cost-efficient manner.  
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Chapter One:  Introduction 

 

1.1 Introduction and Problem Statement 

World-wide, six floral kingdoms exist, and South Africa is home to one of these kingdoms. Over 9000 

species belong to the Cape floral kingdom, 6200 of which are endemic and occur nowhere else in the 

world. More than 3000 plants in South Africa with medicinal properties are known. These plants 

represent a tremendous, yet untapped biological resource for bioprospecting towards development of 

novel drugs (Yadav, Khare, & Singhal, 2017, Lui et al., 2004). Genome analysis of South African 

medicinal plants has been initiated through the Aspalathus linearis (rooibos) genomics programme at the 

University of the Western Cape, which encompasses the sequencing of the rooibos genome (150x 

genome coverage) as well as six diverse transcriptomes. It was funded by the NRF in 2016 (project 

numbers RTF150421117446 and CSUR150714125961) with the aim to: 

1) Improve rooibos production through the development of genomic markers for agronomically 

important traits (e.g. nodulation, stress tolerance, production of medicinal compounds) to target plant 

selection. 

2) Open the rooibos genome for biotechnological exploration.  

3) Enhance our understanding of the biology of fynbos plants. 

4) Develop biocomputational approaches for future medicinal plant genome analyses.  

Plant genome analysis is currently increasing due to the reduced sequencing costs associated with the 

development of improved next generation sequencing technologies. Knowledge on the genetic 

background of plants can be applied to guide targeted selection and breeding, and to facilitate natural 

product discovery and biological engineering. Medicinal plants are of particular interest, as their genomes 

encode diverse metabolic pathways for pharmacologically active compounds.  

The prerequisite for effective plant genome mining is dedicated biocomputational tools that can be used 

to identify gene pathways involved in the production of natural plant products. To date, only one tool has 

been developed, called PlantiSMASH. PlantiSMASH applies comparative genomics and transcriptomics 

analyses to pinpoint clusters of metabolic gene loci within the plant kingdom (Kautsar, Suarez Duran, 

Blin, Osbourn, & Medema, 2017).  However, the genes for secondary metabolite production are not 

always co-localized across plant genomes. Furthermore, plant enzyme classification is still in progress 

with the current protein domain library of PlantiSMASH limited to 62 entries.  

As part of this programme, this study aims to implement biocomputational approaches through data 

science techniques to study genes involved in the biosynthesis of secondary metabolite production. This 

research project lays the foundation for the development of new and innovative solutions for 

biocomputational mining of medicinal and crop plant genomes. 

1.2 Data Science  

Traditional statistics has been around for centuries, and for just as long researchers have been plugging 

away at trying to build models that aid us to extract information from data. Until recently, many of these 

http://etd.uwc.ac.za/
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studies were unobserved by the public, as their rationales seldom offered practical solutions to problems 

that involve the often noisy data that exists in real world. Through the data science revolution currently 

underway, a recent new wave of development in computer hardware and software has been the engine 

fueling the field of mathematical statistics to touch almost every type of dataset.  For many years, different 

machine learning algorithms have cast a long shadow over statistical models that have been so crucial in 

helping statisticians in predicting and interpreting data, such as ANOVA, Chi-square and so on.  

In this study, data science is introduced to infer different disciplines that are practically concerned with 

inference (the relationship between independent variables and dependent variables, i.e., mathematical 

statistics) and prediction (statement about future behaviors, i.e., machine learning). Consequently, we 

make use of data science (inference and prediction) approaches to utilize statistics and machine learning 

as two interconnected forces. 

1.3 Research Questions 

The following research questions arise, and constitute the main pillars of the research conducted in this 

study:  

1. Can machine learning algorithms be trained to recognize plant secondary metabolite genes 

involved in the production of medicinally active compounds (e.g. polyphenols)? 

2. Can mathematic statistical estimated approaches be carried out pertaining to the preparation, 

analysis and interpretation of secondary metabolite genes? 

 

1.4 Research Objectives  

The objectives of this study were:  

(i) To develop a baseline dataset and data science computational pipeline. 

(ii) To develop novel feature sets for secondary metabolite genes and protein sequences in 

general.  

(iii) To develop inferential statistical models for secondary metabolite genes and protein 

sequences analysis using the novel feature set derived in (ii). 

(iv) To develop machine learning supervised binary classifiers and multi classifiers with an 

appropriate feature set derived in (ii)  for secondary metabolite gene classification using 

reviewed secondary metabolite genes i.e., chalcone synthase, and to test the model on 

available secondary metabolite data. 

1.5 Research Aim 

The challenge in classifying SM genes lies in profiling a set of identified plant SM genes. To accomplish 

the goal understanding of SM genes, this study uses data science (mathematics and statistics, and machine 

learning) approaches, to make new predictions, or infer new biological statistical insights. The aim of 

this study is therefore to apply data science techniques to gain a good understanding of plant SM genes 

and present a computational dynamic technique to mine plant SM genes.   
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1.6 Contributions     

This thesis involves the exploration of different aspects related to the analysis of secondary metabolite 

plant genes and proposes a data science computational pipeline that introduces;  

i) data preparation steps that help in dealing with bioinformatics data noise, high 

dimensionality, and class imbalance, and 

ii) data analysis procedures for machine learning classification models and statistical models  

Three feature sets were developed, and best practice guidelines are provided. These guidelines allow for 

development of improved statistical analysis models for the discovery of new biological insights, and, 

machine learning classifiers for the prediction of secondary metabolite genes involved in polyphenols 

biosynthesis. 

 The key research contributions are listed below:  

1. Evaluation on three exploratory proof of concept sets of feature engineering when learning 

from high dimensional bioinformatics datasets with varying length sequences (heterogeneous 

data) is introduced.  

2. The study provides the first comprehensive use of relative frequency feature matrix (RFFM) 

and 8-Selected feature matrix (8SFM) as a proof of concept model trained and as a data 

preparation tool, in the context of data quality and the alleviation of sequence unevenness. 

These matrices have proven to boost the predictive power and inferential analysis in a 

computational cost-efficient manner. 

3. This study presents the effectiveness of statistical approaches on bioinformatics datasets 

which are empirically addressed in Chapter 7.  

4. Different approaches for developing feature engineering and examining feature selection are 

presented through data visualisation, in the context of data quality, to determine best practices 

(Chapter 5).  

5. The development of a baseline dataset and data science computational pipeline.  

6. The building of a biocomputational program that handle all the processes of biological data 

preparation, machine learning classification analysis and statistical analysis. 

1.7 Dissertation Structure  

The Thesis is organized as follows:  

Chapter 1 presents an introduction to this study and the departmental project from which this study is 

part of.  Chapter 2 provides a deep sight of the literature tracked in experiments performed throughout 

different works. This chapter elaborates first on medicinal plants, biological and biochemical properties 

of plant genes and specifically secondary metabolite genes. Second, it discusses the computational 

biology approaches, and mathematical and statistical approaches in bioinformatics. Lastly, it elaborates 

on major aspects of machine learning techniques in bioinformatics. Chapter 3 introduces a computational 

pipeline, materials, method motivation needed for the implementation of the study and evaluation of 

computational result. This chapter presents an overview of the tools used for the computation of 

secondary metabolite genes. Chapter 4 provides, to our knowledge, the first development of three sets of 

feature extraction and feature selection techniques when learning from high dimensional bioinformatics 

datasets with varying lengths of data quality, through mathematical and statistical approaches. Chapter 5 

provides the first comprehensive data visualisation for secondary metabolite gene features, examination 

of feature engineering, and feature selection, when learning from bioinformatics secondary metabolite 
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gene datasets with varying lengths of amino acid sequences. Chapter 6 assesses the effectiveness of eight 

supervised machine learning classification techniques as well as classification models when learning 

from bioinformatics secondary metabolite gene datasets, by applying data sampling for classification 

problems. This chapter addresses the first question of our research and present the machine learning 

output on predicting SM genes. Chapter 7 Presents different statistical models, combining feature 

selection and data sampling in the context of inferential statistical analysis. These statistical models 

provide an empirical analysis to give practitioners guidance on best practices when analysing 

bioinformatics data to retrieve meaningful, important and reliable information from biological datasets. 

Chapter 8 presents conclusion of the work and suggestions for future work. 

 

  

http://etd.uwc.ac.za/



5 

 

Chapter Two: Literature Review 

 

2.1 Medicinal Plants 

The World Health Organization (WHO) has calculated that globally, around 60,000 plant species are 

utilized for their remedial, dietary or aromatic properties (Robinson & Zhang, 2011). It is estimated that 

over 500,000 tons of material from these plant species are exchanged per year. Worldwide trade in plants 

for medicinal purposes is exponentially increasing and estimated at more than 2.5 billion USD 

(Dushenkov, 2016). Currently, pharmacopoeia records worldwide contain medicinal drugs extracted 

from indigenous plants (Yadav et al., 2017) and as such, medicinal plants have remained the most 

prominent natural source of medicines. 

One of the oldest traditional techniques employed by humans for treating maladies is the use of 

therapeutic plants (Geethangili & Tzeng, 2011). Medicinal plants have been utilized remedially around 

the world, forming a critical component of different customary medication schemes Forms of 

phytotherapy have been used as the basis of treatment regimes in a variety of traditional medical systems, 

from Ayurveda to Unani, and various pharmacological drugs are derived from plant products (Van Wyk 

& Wink, 2017). 

Plant parts contain some chemical compounds and phytochemicals that are used as active ingredients in 

the biosynthesis of secondary metabolites within the plant metabolism. The nature of the active 

ingredients may necessitate subsequent regulation of the use of phytomedicines. The parts of medicinal 

plants that contain natural chemical compounds are called phytochemicals. They provide the most 

important sources for the treatment of many diseases (Lui et al., 2004). Phytochemicals present in plants 

are responsible for a multitude of plant properties, such as plant colour, odour and flavor these 

phytochemicals are responsible for different plant properties, such as the organoleptic properties of the 

plant and plant colour (Yadav et al., 2017, Lui et al., 2004). The consumption of the whole plant with 

phytochemicals can produce potential health benefits and could be used as dietary supplements. 

Phytochemicals in foods have diverse and complex chemical structures and are classified into 

polyphenols, terpenoids, alkaloids and other nitrogen compounds, carbohydrates and lipids (Slimestad et 

al., 2005) (figure 1). 

The presence of phytochemicals in a plant, as well as the combinations of the active compounds that 

yield specific physiological action on the health of humans, can have an influence on the value of a 

medicinal plant (Saxena, Saxena, Nema, Singh & Gupta, 2013). Some phytochemicals found in 

indigenous medicinal plants, such as flavonoids, phenolic compounds, alkaloids, and tannins, can be of 

greater importance for medicinal purposes than the other compounds (Yadav et al., 2017). 

2.2 Secondary Metabolites  

Plants possess many phytochemicals, with approximately 10 000 being identified (Zhang et al., 2015).  

These compounds are produced to help plants fight against predators or pathogens (Upadhyay, 

Upadhyaya, Kollanoor-Johny, & Venkitanarayanan, 2014). However, not all phytochemicals are 

beneficial to health and some are considered to be poisonous and detrimental to human health (Francisco 

et al., 2017).  
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Medicinal plants are the source of secondary metabolites (SM). As opposed to the primary metabolites 

of plants, SM of plants are organic compounds that do not directly contribute to the reproduction, growth 

or development of plants (Kaul, Gupta, Sharma, & Dhar, 2017).  However, these SM do indirectly impact 

plant health in that they can serve as a protective mechanism against herbivory, facilitate interactions in 

plant species, and impact plant fertility (Stevenson, Nicolson, & Wright, 2017, Clemensen et al., 2017).  

Secondary metabolites are used by humans for flavoring, medicinal and recreational purposes. Many are 

known to exhibit antioxidant, antimicrobial, anticoagulant, anti-inflammatory, antidiabetic, 

anthelminthic and lipid-lowering properties (Kaul et al., 2017). One group of these chemical compounds 

are toxic to living cells (cytotoxic) which can help prevent the spread of tumors and angiogenesis by 

boosting the immune system to fight against cancer cells. Another group of these chemical compounds 

can protect nerve cells against chemicals and strokes (oxygen deprivation), used in a way that promotes 

nerve cell regeneration. Another group of chemical compounds is employed to protect the skin from 

ultraviolet damage, to protect the liver against poisons such as carbon tetrachloride, to thwart calcium 

loss from bone and increase fetal lung maturation (Stevenson et al., 2017).   

The specificity of SM has been well studied and can be characterized to individual medicinal plant 

species. Their specificity has been mostly restricted to a narrow set of plant species found in a 

phylogenetic group (Francisco et al., 2017; Clemensen et al., 2017). Many secondary metabolite sources 

that have been studied such as, flavonoids, phenolic compounds, alkaloids, tannin, etc. are commonly 

found in specific medicinal plants (Francisco et al., 2017).  The presence of these SM in plants gives a 

plant a high potential healthful benefit (Clemensen et al., 2017).   

 

 

 

 

  

 

  

 

 

  

 

The healthful benefits of SM are enormous and very essential for human resistance against diseases. 

There is an estimate of 250,000 secondary metabolites in plants (Rehman, 2016). Their classification is 

determined by their biosynthetic pathways, derived from primary metabolites, where a chemical is 

derived. The four major classes of secondary metabolites are: Terpenoids; Alkaloids; Phenolics; and 

Glycosides.   

Figure 2. 1 Principle biosynthetic pathway leading to synthesis of secondary metabolites. Taken 

from ‘Effect of CO2 enrichment on synthesis of some primary and secondary metabolites in 

ginger,’ by A. Ghasemzadeh & H. Jaafar, 2011, International Journal of Molecular Sciences 

12(2). 
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2.2.1 Terpenoids   

Terpenes are generally 5-carbon unit polymers of isoprene and are promoters of scent, flavor and colors. 

Some plant hormones (phytohormones) that influence plant physiology are produced during the terpenoid 

pathway (Cseke et al., 2016).   

  2.2.2 Alkaloids 

Alkaloids are nitrogenous compounds primarily found in plants and include classes such as morphine, 

nicotine and caffeine (Hussain et al., 2018). These bitter tasting compounds are derived from amino acids 

such as phenylalanine, tyrosine, tryptophan, histidine, anthranilic acid, lysine and ornithine (Krechmer et 

al., 2015; Bodi et al., 2014).   

2.2.3 Phenolics 

Phenolic secondary metabolites are ubiquitous in plants, having an influence on plant reproduction 

strategy, plant defenses against biotic and abiotic stress and even plant-plant interaction (Heleno, Martins, 

Queiroz, & Ferreira, 2015). Phenolics contain a core formed by at least one phenol ring and are derived 

from aromatic amino acids such as phenylalanine, tyrosine (although generally grouped as neutral), and 

tryptophan (Heleno et al., 2015; Działo et al., 2016). Some examples of plant phenolics include 

coumarins (antimicrobial agents, feeding deterrents, and germination inhibitors) and lignin (abundant in 

secondary cell wall, and resistant to extraction or many degradation reagents, such as anthocyanins, 

flavones, flavanols). 

2.2.4 Glycosides 

Glycosides assume various vital roles in many living organisms. Glycosides molecules are formed when 

a sugar group (glycone) binds to a different functional group (aglycone) via a glycosidic bond. There are 

four main glycosidic bonds that allow glycosides to link: an O- (an O-glycoside), N- (a glycosylamine), 

S- (a thioglycoside), or C- (a C-glycosyl). In plants, which store glycosides in non-active form, enzyme 

hydrolysis is required for their activation by hydrolyzing the sugar moiety and exposing the rest of the 

molecule, which can be used in medicines. Some plants are also utilizing these secondary metabolite 

compounds as a chemical defense system against their predators. These secondary metabolite classes 

lead to the production of polyphenols. 

2.3 Polyphenols 

Polyphenols are micronutrients with antioxidant activity and are naturally occurring compounds that are 

usually found in vegetables, fruits, cereals, green tea, black tea, red wine, coffee, chocolate, olives, and 

extra virgin olive oil (Figure 2.2). Generally, plant-based foods carry a complex mixture of polyphenols. 

This large heterogeneous group of phytochemicals contains more than one phenolic hydroxyl group. 

Increasing scientific evidence is emerging on the potential healthful benefits of nutritional plant-based 

polyphenols. In vitro and in vivo studies have demonstrated that polyphenols possess anti-inflammatory, 

antioxidative, chemo preventive and neuroprotective activities and that the consumption of foods rich in 

polyphenols is associated, to a great extent, with lowered risk of major chronic diseases. 
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Generally, polyphenols are divided into four diverse groups (figure 2.3):  

1. Flavonoids 

2. Phenolic Acids 

3. Lignans 

4. Stilbenes 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. 2 Diet rich in polyphenols. Taken From 

(https://www.thesynergycompany.com/blog/why-a-diet-rich-in-polyphenols-is-good-for-you/) 

 

Figure 2. 3 Types of Polyphenols. Taken from 

(https://edurankessay.bid/?p=UG9seXBoZW5vbHM%3D) 
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2.3.1 Flavonoids 

Flavonoids are an assorted family of hydroxylated polyphenolic structures found in secondary plant 

metabolites (Panche, Diwan, & Chandra, 2016).  Flavonoids are the largest group of phytonutrients in 

plant-based food products, with more than 5,000 identified compounds (Hosseini, Gholami, & Haghgu, 

2016). Flavonoid compounds have been demonstrated to have antioxidant and anti-inflammatory activity 

(Zhang & Tsao, 2016). Furthermore, diets rich in flavonoids play a substantial role in cardiovascular 

health and assist in prevention of diseases such as cancer, which is caused by free-radical damage 

(Farzaneh & Carvalho, 2015).  

However, in order to determine whether flavonoids alone are responsible for these beneficial effects on 

health, further studies are required (Manach et al., 2017).  

2.3.2 Phenolic Acids 

Phenolic acids (phenolcarboxylic) are aromatic secondary plant metabolites and are found in a variety of 

plant-based foods (Toldra, 2017; Saltveit, 2017). They are produced via the shikimic acid through the 

phenylpropanoid pathway (Lynch et al., 2017). Phenolic acids are a by-product of the monolignol 

pathway and a breakdown product of lignin and cell wall polymers in vascular (higher) plants (Saltveit, 

2017).  Phenolic acids in plant cell walls and lignin present a unique chemical structure of C6-C3 

(phenylpropanoid type), in contrast to C6-C1 (Phenylmethyl type), which is of microbial origin (Lin et 

al., 2016; Jang, Gang, Kim, & Choi, 2017). Hydroxybenzoic acids and Hydroxycinnamic acids (Lynch 

et al., 2017; Demirbas, 2017) are the two significant naturally occurring types of phenolic acids (See 

figure 2.4).  

Tannic 

Molecular Structure 

Figure 2. 4 Main food sources of polyphenols and Molecular Structure. Taken from ‘Interactions between 

CYP3A4 and dietary polyphenols,’ by L. Basheer & Z. Kerem, 2015, Oxidative Medicine and Cellular 

Longevity. 
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The highest concentrations of phenols are found in plant seeds and skins of fruits and the leaves of 

vegetables (Lin et al., 2016; Jang et al., 2017). As seen in figure 2.4, phenolic acids are generally 

classified into two categories:  

1. Benzoic acid with its derivatives, such as gallic acid (diet sources: tea and grape seeds)  

2. Cinnamic acid and its derivatives, as well as caffeic acid (diet sources coffee, blueberries, kiwis, 

plums, cherries and apples) and ferulic acid (outer covering of cereal grains, corn flour, whole 

grain wheat, rice, and oat flours). 

Phenolic acids are easily absorbed through the walls of our intestinal tract. They work as antioxidants 

and promote anti-inflammatory conditions and help to prevent diseases caused by oxidative damage such 

as coronary heart disease, stroke, and cancers (Smith, 2015). 

2.3.3 Lignans 

Lignans are non-flavonoid polyphenols (Panche et al., 2016) and occur at highest concentration in 

flaxseed and bakery products containing flaxseed (secoisolariciresinol diglucoside) (Saltveit, 2017). 

They are widely available in drinks such as tea, coffee or wine, and in whole grains, nuts, legumes, fruits, 

cruciferous vegetables such as broccoli and cabbage, and seeds. In addition to these are cereals, soybeans, 

apricots and strawberries. Lignans are one of the largest groups of chemical compounds (polyphenols) 

found in plant-based foods (Lin et al., 2016; Jang et al., 2017).  

Lignans, being antioxidants, support the immune system and contribute to balancing hormone levels in 

the body (Smith, 2015). Lignans and lignin biosynthesis source materials are byproducts of shikimic-

phenylpropanoid-monolignols pathway (Calvo-Flores, Dobado, Isac-García, & Martín-Martínez, 2015). 

Monolignols are phytochemicals whose starting material for production is the aromatic amino acid 

phenylalanine (Lynch et al., 2017; Calvo-Flores et al., 2015). Figure 2.1 shows that the first reaction in 

biosynthesis is shared via the phenylpropanoid pathway. They (lignans) are classified as phytoestrogens 

which are estrogen-like, beneficial for the health of menopausal women and possess antioxidant activity 

that help protect against breast cancer (Lynch et al., 2017; Saltveit, 2017). 

2.3.4 Stilbenes 

Stilbenes are a small family of nonflavonoid phytochemicals produced via the phenylpropanoid pathway 

(figure 2.1 and figure 2.4) (Calvo-Flores et al., 2015, Jang et al., 2017). They are polyphenolic 

compounds, structurally characterized by the presence of a 1,2-diphenylethylene nucleus and constitute 

a unique chemical scaffold in the search for bioactive molecules (Smith, 2015). Stilbenes are found in 

various plant families, such as Vitaceae (Lin et al., 2016; Smith, 2015), but are less abundant in foods 

when compared to flavonoids, phenolic acid or Lignans (Zamora-Ros et al., 2016). Food sources of 

Stilbene resveratrol include grape skins, red wine, peanuts, blueberries, cranberries, while stilbene 

pterostilbene can be found in food sources such as blueberries and grapes (Reinisalo, Kårlund, Koskela, 

Kaarniranta, & Karjalainen, 2015; Calabriso et al., 2016). Many plant scientists have studied stilbenes to 

highlight their health benefits in treating chronic diseases and inflammation in aging-related diseases 

such as obesity, macular degeneration, Alzheimer’s disease, cancer, diabetes (type 2), and heart disease.  

2.4 Effect of Polyphenols on Human Diseases  

Scientific biomedical research conducted in several studies has demonstrated that the consumption of 

polyphenols decreases the incidence of coronary heart diseases (Wang et al., 2014; Clauss et al., 2017; 

Goetz et al., 2016, Reinisalo et al., 2015; Lynch et al., 2017; Calvo-Flores et al., 2015).  
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Recent research by Clauss and co-authors (2017) confirmed strong anti-cancer effects of polyphenols on 

human cancer. Studies have reported the effects of polyphenols on human cancer cells are most often 

protective, and induce a reducation of the number of tumors and their growth (Clauss et al., 2017; Wang 

et al., 2014; Goetz et al., 2016). The mechanisms of polyphenol underlying actions are estrogenic 

activity, anti-proliferation, prevention of oxidation, and anti- inflammatory activity (Wang et al., 2014).   

In addition, polyphenols influence the metabolism of pro-carcinogens by simultaneously modulating the 

expression of cytochrome P450 enzymes involved in their activation to carcinogens (Clauss et al., 2017; 

Wang et al., 2014). Studies have also shown that onion polyphenols, especially quercetin (flavonoids-

flavanols) are known to possess strong anti-diabetic activity, significantly protecting the lipid 

peroxidation system in diabetics (Kumar et al., 2015; Cheetham & Katz, 2013). Polyphenol quercetins, 

particularly in red onion, have shown to be efficient against mortality from coronary thrombosis heart 

disease (Tresserra-Rimbau et al., 2014; Tedesco, Carbone, Spagnuolo, Minasi, & Russo, 2015). 

2.5 Chalcone Synthase 

Chalcone synthase or naringenin-chalcone synthase (CHS) is a key enzyme in the family of type III 

polyketide synthase enzymes (PKS) (Shimizu, Ogata, & Goto, 2017). The specificity of type III PKS is 

based on its association with the production class of organic compounds, found mainly in plants as a 

natural defense, known as chalcones (Shimizu et al., 2017; Ratnam, Choong, & Javed, 2017). CHS 

catalyzes the first step of flavonoid biosynthesis by directing carbon flux from general phenylpropanoid 

metabolism to the flavonoid pathway (Ibdah, Martens, & Gang, 2017). Naringenin-chalcone 

synthase produces chalcone in the phenylpropanoid pathway and flavonoid pathway by condensing one 

p-coumaroyl- and three malonyl-coenzyme A thioesters into a polyketide reactive intermediate that 

cyclizes (Yu et al., 2015; Ibdah et al., 2017). The CHS enzyme catalyzes the first committed step for the 

biosynthesis of flavonoid antimicrobial phytoalexins and anthocyanin pigments (pathway) in plants, by 

administering carbon flux from wide phenylpropanoid metabolism to flavonoid pathway (Ibdah et al., 

2017). In addition to being part of plant growth, development and adaptation, the CHS gene expression 

is induced in plants under stress conditions such as UV light, bacterial or fungal infection (Ibdah et al., 

2017; Yu et al., 2015).  

Chalcones, or chalconoids, are an aromatic ketone and an enone that forms the central scaffold found in 

a variety of important biological compounds (Abbot et al., 2017). Chalcones possess a broad spectrum 

of interesting biological activities such as insecticidal, antioxidative, antibacterial, antiulcer, anticancer, 

amoebicidal, anthelmintic, antifungal, antitumor, antiprotozoal, antiviral and anti-inflammatory 

properties (Ibdah et al., 2017; Ratnam et al., 2017).  

 

 

 

 

 

 

 

Figure 2. 5 Phenylpropanoid Metabolic Pathway. Taken from ‘Transcriptome changes in the phenylpropanoid 

pathway of Glycine max in response to Pseudomonas syringae infection,’ by G. Zabala et al., 2006, BMC Plant 

Biology. 
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In plants, chalcone synthase is a key enzyme ubiquitous to higher plants and was first observed in barley 

leaves (Han et al., 2016). CHS proteins are found in various plant organs hence, CHS flavonoids are 

found in the core of diverse plant species such as arabidopsis thaliana, rice, grapes, medusa, tsuga 

canadensis etc. 

Studies show that CHS enzyme produces flavonoids (i.e. lignin, suberin) and isoflavonoids (i.e. genistein, 

wighteone and lutein) which possess the power to absorb UV light radiation and hence can protect plant 

DNA from being damaged and from the attack ok pathogens (Shimizu et al., 2017; Ibdah et al., 2017).  

2.6 Chalcone Synthase Catalytic Activity  

The phenylpropanoid pathway is regulated by the activity of CHS: 3 malonyl-CoA + 4-coumaroyl-CoA 

= 4 CoA +naringenin chalcone + 3 CO2 (Sun et al., 2015; Gill et al., 2017). CHS catalytic activity was 

first described in 1972 in extracts of parsley (Petroselinum crispum) (Sun et al., 2015). CHS catalytic 

activity is controlled through the following mechanisms (Sun et al., 2015; Gill et al., 2017):  

• Metabolic control  

• Control of CHS turnover  

• Control of CHS through trans-genes 

The phenylpropanoid pathway is known to be the producer of many types of secondary metabolite 

polyphenolic compounds such as stilbenes, phenolic compounds, lignin, flavonoids, isoflavones and 

flavones (see figure 2.5 and 2.4) (Yu et al., 2015; Ibdah et al., 2017). The flavonoids consist of various 

groups of plant SM such as chalcones, aurones, flavanones, isoflavonoids, flavones, flavanols, and 

anthocyanins (Yu et al., 2015). Thus, the flavonoid pathway produces polyphenolic compounds such as 

naringenin, naringenin chalcone and the other end products of CoA esters that inhibit the activity of CHS 

in several crops (Sun et al., 2015; Yu et al., 2015).  

2.7 The Shikimate Pathway and the Phenylpropanoid Pathway   

The shikimic acid pathway (shikimate pathway) is known for its seven-step metabolic path (see appendix 

A.1) in the biosynthesis of folates and aromatic amino acids (phenylalanine, tyrosine, and tryptophan) 

used to synthesize some protozoan, bacterial, fungal, algal, and plant metabolites (Tullius, 2017; Pfister 

et al., 2014). 

The shikimate pathway initializes the phenylpropanoid biosynthesis from the shikimate aromatic 

compound phenylalanine (Phe), via the intermediate chorismic acid (Haslam, 2014; Tullius, 2017). The 

chorismic acid acts as a substrate to produce quinones and tocopherols which are important electron 

acceptors in photosynthesis and aerobic respiration (Gomes, Carbonari, Velini, Trindade, & Silva, 2015). 

The shikimate pathway as a core unit, produces SM through some of its intermediates via general 

phenylpropanoid metabolism (Haslam, 2014; Gomes et al., 2015). The metabolic pathway of the 

phenylpropanoid involves several enzymes which serve as a strong foundation of plant SM (Gomes et 

al., 2015; Kaul et al., 2017).  
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Plants allocate a large percentage of their fixed carbon into synthesizing phenylpropanoids. The 

biosynthesis of phenylpropanoids starts with the amino acids phenylalanine and tyrosine (Tullius, 2017; 

Haslam, 2014). The branch point enzyme; PAL (also known as phenylalanine or tyrosine ammonia-lyase) 

is the enzyme responsible for the biosynthesis of L-phenylalanine or tyrosine into trans-cinnamic acid or 

p-coumaric acid and ammonia respectively (Tullius, 2017). Hence, phenylpropanoids are a group of plant 

SM sourced from phenylalanine which have a large diversity of functions in terms of structural classes 

and signaling molecules (Gomes et al., 2015). While phenylpropanoids and their byproducts have 

routinely been characterized as SM, some studies show their relevance to the survival of plants through 

different experiments in Arabidopsis and other plant species (Krivoruchko & Nielsen, 2015; Tullius, 

2017). These studies have provided additional knowledge on various aspects of the phenylpropanoid 

pathway, its enzymes, molecules and the interrelationship of the pathway with the entire plant metabolism 

(Haslam, 2014; Pfister et al., 2014).  

2.8 Computational Biology  

Innovative advances in the field of biology such as genomics, proteomics, imaging, biophysics, cell 

biology, biochemistry, and evolution have resulted in exponential increases in molecular and cell 

profiling information derived from substantial quantities of biological data (Boudreau & Lakhani, 2015). 

Developed data-analytical and theoretical methods, mathematical modeling and computational 

simulation techniques have been applied to the field of computational biology (Buettner et al., 2015; 

Angermueller, Pärnamaa, Parts, & Stegle, 2016). These computational methods, when applied to the field 

of biology allow for the analysis of large collections of biological data in an attempt to make new 

predictions, or discover new biological insights (Angermueller et al., 2016; Huber et al., 2015).  

The rapidly increasing rate of biological data generation is creating highly dimensional datasets which 

are challenging to analyses using conventional data analysis methodology.  Current computational and 

Chorismic Acid 

 
Anthranilic Acid 

 

Figure 2. 6 Shikimate Pathway. Modified from ‘The shikimate pathway: aromatic amino acids and 

phenylpropanoids,’ by P.M. Dewick, 2009, Medicinal Natural Products 137, 86. 
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machine learning techniques are demonstrating promise in leveraging the vast datasets to find concealed 

information within the datasets and attempt to make precise classifications or predictions. In this part of 

Literature review these novel types of analytical approaches for the analysis of plant SM genes involved 

in polyphenol biosynthesis, is explored.  An overview of mathematical-statistical and machine learning 

approaches is presented, and the settings in which these approaches can be successfully applied to profile 

biological insights of SM genes are discussed.  

2.9 Mathematical and Statistical Approaches 

The biological data of organisms may be represented as different types of data, e.g., a protein may be 

represented in two dimensional images, three dimensional structures or one-dimensional sequences 

(Robert & Gouet, 2014). In addition, biological data is often applied in comparing the behavior of one 

organism, gene or sequence with the behavior of another biological unit (Kanehisa, Sato, Kawashima, 

Furumichi, & Tanabe, 2015), resulting in even more dimensional data points to be analyzed. 

Mathematical and statistical approaches have helped to provide an understanding of some of the complex 

aspects of biological systems (Anderberg, 2014) such as comparing the behavior of known infectious 

disease epidemics with the behavior of an unknown, new disease epidemic (Zelditch, Swiderski, & 

Sheets, 2012). Different studies have conducted analyses and simulations of deterministic and stochastic 

models (Wilkinson, 2011; Gnauck & Straškraba, 2013), with the sole objective of establishing the 

epidemiological and social conditions behind the distribution and determinants of health and disease 

conditions in defined populations (Buettner et al., 2015). These studies have enriched the field of 

biomedical research, placing a major focus on the relationships between models, and disease data by 

putting a significant importance on the application of mathematical and statistical techniques that 

compute model and data veracity (Anderberg, 2014; Wilkinson, 2011). 

Statistics is a broad mathematical discipline which focuses on the organisation, collection, presentation, 

interpretation, and analysis of data. The value of statistics lies on its ability to recognize a pattern, 

summarize, and draw conclusions from sample data (Wang & Peng, 2014). Statistics has become relevant 

to many other disciplines that are scientific, industrial, or social in nature. In relation to biology, statistics 

is being used to model, process and study biological problems with a view to decipher and decode the 

issue at hand (Wilkinson, 2011). Biological data can produce meaningful information when subjected to 

statistical objective concepts (Fowler, Cohen, & Jarvis, 2013; Anderberg, 2014). 

Mathematical concepts, approaches, formulas, models, and techniques are used in statistical analysis to 

provide an explicit way of understanding a given problem, and present possible solutions. Biological data 

tends to be highly complex, as not all data characteristics in biology are known (Fois, Fenu, Lombrana, 

Cogoni, & Bacchetta, 2015; Brauer, Castillo-Chavez, & Castillo-Chavez, 2012). Fowler et al. (2013) 

have shown that statistical approaches can be used on the representative selection drawn from a given 

biological dataset, to uncover a number of hidden biological properties. 

Complex biological processes coupled with the noisy nature of experimental data (e.g., cellular 

heterogeneity, microarray data, sequence data) create data uncertainty. Mathematical and statistical 

approaches are largely analytical methods where the general objective is to find a small number of shape 

functions (interpolation) or sinusoidal functions (function produced by shifting, stretching or 

compressing the sine function), or a small number of eigenvectors (characteristic vector), etc. that 

determine with sufficient accuracy the spatial and temporal properties of the biological data (Brauer et 

al., 2012; Fowler et al., 2013; Fois et al., 2015). This section will discuss a number of statistical 

approaches that can be applied, in order to make sense of biological data. 
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2.9.1 Data Quality 

The qualities of the results obtained in many studies rely heavily on the quality of the data being analyzed. 

In general terms, data quality refers to the assessment of the data’s fitness for its intended uses in a given 

context. Data quality commonly includes the core following dimensions: accuracy, completeness, 

consistency, integrity, reasonability, timeliness, uniqueness, validity, and accessibility (Cai & Zhu, 

2015). 

Accuracy is the degree to which data correctly describes the "real world" object or event being described. 

Consistency is the absence of difference, when comparing two or more representations of an attribute 

against a definition. Integrity is the maintenance of, and the assurance of the accuracy 

and consistency of, data. Timeliness is the degree to which data represents reality from the required point 

in time. Completeness indicates that the proportion of all data fields necessary for an observation unit is 

captured. Uniqueness means nothing is recorded more than once based upon how a specific element is 

identified. Validity indicates that the data conforms to the syntax (type, format, range) of its definition. 

Reasonability indicates ease of understanding and concise representation of data. Accessibility represents 

the data source trustworthiness. 

2.10 Statistical Analysis on Biological Data 

A biological data experiment aims to prove, or disprove, a hypothesis. This can be answered by the 

significance of the results obtained. As such, “significance”, has a high level of importance in biology 

(Fowler et al., 2013; Anderberg, 2014). Statistical analysis of biological data can assign “statistical 

significance” to the experiment and may elaborate on the result obtained in a given study (Anderberg, 

2014).  

In many biological studies, a null hypothesis can be generated based on the expected result, before any 

experiment is undertaken (Fowler et al., 2013; Fitzgerald et al., 2015). The proposed null hypothesis can 

either be substantiated by the biological data or not, leading to the approval of statistical alternative 

hypothesis. For example, one of the statistical tests used most frequently to determine Mendelian ratios 

is the chi-square test (Burgess & Smith, 2017). Pearson’s chi-square test examines if the production of 

deviations between observed and expected values happens by chance (null hypothesis) or by a significant 

factor (alternative hypothesis). In the case that the probability obtained from Pearson’s chi-square 

happens to be high, the null hypothesis is accepted, otherwise the alternative hypothesis is accepted 

(Burgess & Smith, 2017; Williams, Trejo, & Schwartz, 2017). 

2.10.1 Chi-square Hypothesis Testing 

 The chi-square formula is given by: 

𝑋2 =  ∑
(𝑂 − 𝐸)2

𝐸
 

 

The Null Hypothesis (H0) stated that there is no relationship between two variables, while the Alternative 

Hypothesis (H1) stated that there is a relationship between two variables. 

The chi-square assumptions ensure the validity of the chi-square test results include: 

𝑋2  =  𝑇ℎ𝑒 𝑡𝑒𝑠𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑠 , 𝑂 =  𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑖𝑒𝑠 , 𝐸 =  𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑖𝑒𝑠 

 

 

Figure 2. 7 Gene Clustering Analysis. In these graphs, seed genes are the genes 

given as input, while output genes are differentially represented according to 

their importance in terms of degree.𝑋2  =  𝑇ℎ𝑒 𝑡𝑒𝑠𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑠 ||𝑂 =

 𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑖𝑒𝑠 || 𝐸 =  𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑖𝑒𝑠 
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• The cells of the data are counts 

• The classes of the variables being tested are mutually exclusive 

• Each observation contributes to only one cell within the chi-square table 

• The classes tested are collected independently 

• The value of the expected cells is greater than five (5). If a cell had an expected frequency less 

than 5, it would have used Fisher’s Exact test to overcome this problem.  

The chi-square tests if there is an association between target and variables. If the hypothesis results in 

a very small chi-square test statistic, this means that the observed data fits the expected data extremely 

well. In other terms, there is a relationship between the categorical variables. However, if the hypothesis 

results in a very large chi-square test statistic, this means that the data does not fit very well. In other 

terms, there is no relationship between the categorical variables (Burgess & Smith, 2017).  

Chi-square hypothesis testing, tests for independence as it is for other tests like Analysis of Variance 

(ANOVA), where a least a test statistic is computed and compared to a critical value. The critical value 

for the chi-square statistic is determined by the level of the significance (usually 0.05) and the degrees of 

freedom. The degrees of freedom for the chi-square are calculated through the formula: 

Df= (R-1) x (C-1) 

Where R is the number of rows and C is the number of columns. If the observed chi-square test statistic 

is greater than the critical value, the null hypothesis is rejected (Williams et al., 2017). 

2.10.2 Bonferroni Correction test 

A post hoc test, Bonferroni correction (Armstrong, 2014), can be conducted to determine where exactly 

the relationship is between the different groups (Williams et al., 2017). The Bonferroni correction is a 

method used to counteract the problem of inflated type I errors while engaging in multiple pairwise 

comparisons between subgroups. That is, it corrects for multiple trials by lowering the threshold of the 

significant p-value. 

The Bonferroni correction is carried out to locate the exact association between the classes. This in 

practice leads to the implementation of multiple 2x2 chi-square tests using the Bonferroni-adjusted p-

values. The advantage of the Bonferroni correction method lies in its capability to adjust the p-values 

based on planned pairwise comparisons being conducted (Armstrong, 2014). The formula is p/N, 

Where: 

•  p = the original tests p-value and N = (k) (k-1)/2 possible pairs  

Where:  

• k = the number of classes  

Pearson’s chi-square test is largely used in genetic data, where the biological data possess enough 

expected values in each set (Burgess & Smith, 2017). By employing the chi-square approach, some 

studies have predicted plant genome size by examining whether the production of deviations between 

observed plant tissues and expected plant tissue values happens by chance or by a significant factor 

(Zhang & Finer, 2016). Other studies which have performed statistical evaluations on plant genetics, 

amino acids, polyphenol content and antioxidant activities of plant genes, use personal component 
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analysis (PCA) and cluster analysis (CA) (Merel & Zwiener, 2016; Sochor et al., 2011; Heller, Tripp, 

Turk-Kubo, & Zehr, 2014; Martinez, 2011).  

A study by Sochor et al., (2011) focused on detection of primary and secondary metabolites in a selection 

of apricot cultivars and combined the two methods of PCA and CA to evaluate the biological activity of 

different apricot cultivars. This study demonstrates the power of combining the two methods, where CA 

appears useful as a control method for PCA, in which some information goes astray.   In this study, the 

authors performed a normalisation of parameters based on mathematical mean to maintain the majority 

of the information contained in the original data. This was followed by a selection of a K-matrix of the 

principal components in terms of the distribution of the original data, and the selection of the parameter 

P expressing the degree of dispersion of the original data.  

Due to the expected size of biological data sets, and the multidimensional data analysis required, these 

statistical approaches are largely aimed at establishing suitable bioinformatics tools for retrieving hidden 

biological information or predicting or classifying biological properties (Merel & Zwiener, 2016; Sochor 

et al., 2011).  

Statistical cluster analysis has been utilized in the field of genetics, and clustering approaches have been 

used to comprehend the diverse nature of a data set. CA has been beneficial in understanding the levels 

of diversity, similarity or dissimilarity in plant genes, providing a crucial understanding for the 

development of plant biosynthetic gene cluster (BGC) techniques used by the biocomputational tool 

PlantiSMASH (Kautsar et al., 2017). CA can be designed to select a main group from plant metabolites, 

combining important biological compounds of both primary and secondary metabolites as parameters. 

One approach for this selection of a main group consists of splitting the plant metabolites into determined 

biological classes, combining them with statistical parameters to create a robust approach (Sochor et al., 

2011; Heller et al., 2014; Kautsar et al., 2017). The expected size and number of clusters is determined 

by the size of the data and the various biological attributes, and defined by their statistical significance 

(Sochor et al., 2011; Fowler et al., 2013; Anderberg, 2014).  In this sense, CA provides an understanding 

of the relationships among plant metabolite classes and the biological compounds which they are made 

up of. The CA approach is based on the method of projection of objects to be analysed onto a 

multidimensional space as seen in figure 2.7. The number of dimensions is defined by the number of 

determined parameters, and the hierarchical interlinking of objects are structured upon their communal 

distance.  Mathematically, objects of similar nature can be evaluated based on their similarities and placed 

into clusters. The standardized Euclidian distance among these distinct objects is the straight line between 

two points (Madzarov & Gjorgjevikj, 2010). 

  

 

 

 

 

 

 
Figure 2. 7 Gene Clustering Analysis. In these graphs, seed genes are the genes given as input, while output genes 

are differentially represented according to their importance in terms of degree. Taken from ‘Integrating multi-omic 

features exploiting Chromosome Conformation Capture data,’ by I. Merelli et al., 2015, Frontiers in Genetics 6 (40) 
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With this distance, Euclidean space becomes a metric space calculated as:  

𝑑𝐸(𝑋𝑘 , 𝑋𝑙) = √∑(𝑋𝑘𝑗 − 𝑋𝑙𝑗)2

𝑚

𝑗=1

 

The above Euclidean distance presents k and l as two different objects, whose distance is defined and 

represent the vertices of a triangle at the hypotenuse. The third vertex j defines the length of the sides, 

𝑋𝑘𝑗 and 𝑋𝑙𝑗, of a right-angled triangle, which is defined for all objects j 𝜖 〈1; 𝑚〉 . Where, m is the number 

of dimensions. The advised approach is to standardize the distance outputs before projecting the objects 

onto space. This is performed with respect to high degree of variability, for the simple reason that they 

have a major impact on the degree of similarity (Madzarov & Gjorgjevikj, 2010; Sochor et al., 2011). 

Another method of CA is hierarchical cluster (HC) dendrogram (a tree diagram showing taxonomic 

relationships). Hierarchical cluster illustrates the relationships among instances based on morphological 

traits and distance similarity. In Figure 2.7, the HC dendrogram illustrates the distance between groups 

as proportional to the height of the horizontal line that joins two groups. As seen in figure 2.7, the distance 

between groups 1 and 2 is shown to be approximately 15.  The HC also orders the sub-tree in terms of 

cluster tightness, with the tighter clusters positioned on the left and the wider clusters positioned on the 

right (Van Verk Bol & Linthorst, 2011).  

 

 

 

 

 

 

 

 

 

Cluster analysis does however have a few limitations, as it is only suitable for examination of a data set. 

CA’s applicability to a data set is highly dependent on the subjective choice of methods for calculating 

distances and cluster. For example, with proteins that are clustered based on their similarity to one 

another, those represented in the same cluster are potentially considered to be interacting partners 

(Franceschini et al., 2012). However, CA may fail to properly cluster proteins that are ubiquitous, but are 

not necessarily functionally linked (Nepusz, Yu, & Paccanaro, 2012).  

In addition, with CA one cannot tell the significance levels of instances from the observed structure (Cole 

et al., 2013). Therefore, to understand the statistical significance of instances in clusters, additional 

methods such as posterior tabulation, ordination and regression, are required (Kautsar et al., 2017; Cole 

et al., 2013; Franceschini et al., 2012; Nepusz et al., 2012).  

Figure 2. 8 Hierarchical cluster analysis dendrogram using Euclidean distance and the link between the 

groups by War method for agronomic traits: Plant height, stem diameter, number of primary branches, seed 

weight, seed width, seed length etc. Modified from ‘Image segmentation by histogram thresholding using 

hierarchical cluster analysis,’ by A.Z. Arifin and A. Asano, 2006, Pattern Recognition Letters 27(13) 
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Principal Component Analysis (PCA) is a statistical approach used to identify variations, emphasize 

patterns in the data set, and bring out strong expressions of the data in such a way as to highlight their 

differences and similarities (Sochor et al, 2011; Buettner et al., 2015; Anders, Pyl, & Huber, 2015). This 

approach is based on an orthogonal transformation of original observed variables to new uncorrelated 

values, which are defined as principal components. PCA converts a given set of observed variables of 

probably correlated instances, into a set of values of linearly uncorrelated instances. Studies show that 

since patterns in data are not easily found in high dimensional data (Buettner et al., 2015; Anders et al., 

2015) and graphical representation is not always possible, PCA can be used to mechanically analyse the 

data (Sochor et al, 2011). 

Often data of high dimensions produce several linear cross-correlations of the observed variables, 

providing a more extensive understanding which is necessary for data description. Reduction in the 

number of linear cross-correlations is the primary benefit of PCA (Buettner et al., 2015; Sochor et al, 

2011). Studies show that the advantages of PCA are that it can be used to rank the principal components 

according to their decreasing distribution, and once patterns in the data have been identified, the data can 

then be compressed by reducing the number of dimensions, without loss of information (Candès, Li, Ma, 

& Wright, 2011; Sochor et al, 2011). 

2.11 Statistical Model 

Statistical modeling is a branch of mathematical modeling in which a mathematically formalized set of 

assumptions (a process that may have given rise to observed data) is used to approximate reality using 

sample data from a larger population to make predictions, classifications and interpretations (Fowler et 

al., 2013; Fitzgerald et al., 2015).  Statistical modeling represents a set of probability distributions which 

estimate the population distribution from which the collected data is sampled.  The assumptions 

embodied in the probability distributions of statistical models differentiate statistical models from other 

non-statistical and mathematical models (Wang & Peng, 2014). 

In addition, statistical models are fundamental constituents of statistical inference, often embodying 

mathematical equations that relate random variables (and occasionally non-random variables) to drive a 

formal representation of a given data set (Brauer et al., 2012, Fitzgerald et al., 2015). This is often defined 

through natural transformations, functions, algebraic terms and morphisms (Fitzgerald et al., 2015).  

Through these concepts, units, time points, instances, subjects and variables can be used to infer 

prediction, classification or interpretation of the data set (Wang & Peng, 2014; Fitzgerald et al., 2015).  

2.11.1 Analysis of Variance Hypothesis Testing 

In bioinformatics, choosing the correct statistical model is not a straightforward approach. A biological 

dataset does not come with its own adapted model. Assumptions need to be made in relation to the desired 

statistical modeling (Sochor et al., 2011; Fowler et al., 2013; Fois et al., 2015). Every statistical 

modelling approach is specific to the research question and to the type of data at hand (Fois et al., 2015). 

For example, a biological study shows that glycaemia related to a distinct type of diabetes can be 

elucidated by a qualitative variable such as sex. Because the study was conducted on a single qualitative 

variable, a selection of Analysis of Variance (ANOVA) was an appropriate statistical model to analyse 

the biological data (Hertroijs et al., 2018).  However, with the same biological data, age could be selected 

as a quantitative variable to depict any linearly increasing or decreasing trend of glycaemia based on the 

age of the patients (Hertroijs et al., 2018). In such a situation it is appropriate to make used of linear 

regression analysis to explain the data. 
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The analysis of variance hypothesis test compares the means of a condition between two classes. Similar 

to chi-square, ANOVA is an omnibus test which reviews the dataset as a whole. However, the ANOVA 

test does not identify where the difference is between the classes. To locate these differences in 

relationship between the classes, a post-hoc test can be conducted (Sochor et al., 2011; Fowler et al., 

2013; Fois et al., 2015). 

For this specific ANOVA test the null hypothesis (H0) state that there is no difference between the means 

of the classes, while the alternative hypothesis (H1) state that a difference between the means exists 

somewhere between the classes. 

The ANOVA assumptions that are applied to ensure the validity of the results of the ANOVA test include 

(Fowler et al., 2013; Fois et al., 2015): 

• The variables are normally distributed in each group that is being compared in the one-

way ANOVA.  

• There is homogeneity of variances. This means that the population variances in each class 

are equal. 

• There is an independence of observations.  

• A caveat to these assumptions is that if the class sizes are equal, the F- statistic is robust 

to violations of normality and homogeneity of variance.  

2.11.2 Tukey’s Honest Significant Difference test 

The Tukey’s Honest Significant Difference test is a post-hoc test based on the studentised range 

distribution (Dominguez-Bello et al., 2016). An ANOVA test can tell if the results are significant overall, 

but it will not tell us exactly where those differences lie. After an ANOVA test has been conducted and 

found significant results, then the Tukey’s HSD can be computed to find out which specific groups’ 

means (compared with each other) are different. The test compares all possible pairs of means 

(Dominguez-Bello et al., 2016). 

The Tukey HSD, calculates HSD for each pair of means using the following formula: 
 
 

 

Where: 

• |Mi – Mj| is the (absolute) difference between the pair of means.  

• MSw is the Mean Square Within, and n is the number in the group or treatment. 

The confidence coefficient for the set, when all sample sizes are equal, is exactly 1−α. For unequal 

sample sizes, the confidence coefficient is greater than 1−α. In other words, the Tukey method is 

conservative when there are unequal sample sizes. 

Assumptions for the test: 

• Observations are independent within and among groups. 

• The groups for each mean in the test are normally distributed. 
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• There is equal within-group variance across the groups associated with each mean in the test 

(homogeneity of variance). 

The ANOVA test must be performed. Assuming the F value is significant, and then the post hoc test can 

be computed. If the HSD statistic value for the Tukey test is greater than the critical value, it can be 

concluded that the two means are significantly different (Dominguez-Bello et al., 2016). 

Choosing a statistical model which can be applied to biological data may be inferred by the shape of the 

relationships between the dependent and the independent instances. This can happen through a graphical 

representation of these relationships, and in the situation where the shapes happen to be curved, 

polynomial or other nonlinear models may be more convenient over single regressions (Kleinbaum, 

Kupper, Nizam, & Rosenberg, 2013). Another study (Goličnik, 2011) has closely linked the choice of a 

statistical model to the precise question raised in the research. One of these approaches can be seen in 

studies which estimate the Vmax and Km (concentration of substrates when the reaction reaches half of 

Vmax) parameters of Michaelis-Menten enzyme kinetics. Enzyme kinetic studies which use the 

Michaelis - Menten equation relate reaction rate (dependent variable) to substrate concentration 

(independent variable) in a nonlinear fashion (Goličnik, 2011).   

Similarly, when the main purpose of the study is to make predictions from a large dataset with many 

variables, the correct approach would be to employ a model other than a parametric model. For example, 

in chemometrics, where outputs are usually predicted by a wide band of wavelengths, the Partial Least 

Square regression (PLS) approach may be used to infer prediction of a dependent variable from multiple 

independent variables which may possibly be correlated (Menden et al., 2013; Kelley, Snoek, & 

Rinn, 2016). 

2.12 Machine Learning  

This section of the literature review discusses some of the main computational methods for gene and 

genome analysis, and biological context of proteins in complete genomes, through machine learning.  

Applications of machine learning to analyse approaches in regulatory genomics and genetic data are 

outlined. Recurring challenges associated with machine learning analysis are also discussed and a 

practical guideline is presented for applying machine learning to extract novel and meaningful biological 

insights of SM genes involved in polyphenol production. 

The analysis of biological data often requires rigorous and laborious experimental techniques, and there 

is a significant cost associated with laboratory work. In the past decade, different computational methods 

have been developed to analyse biological data on both small and large scale, replacing some of the 

traditional lab methods used. These different computational methods (Goličnik, 2011; Sochor et al., 

2011; Brauer et al., 2012; Fowler et al., 2013; Menden et al., 2013; Wang & Peng, 2014; 

Eduati et al., 2015; Kelley et al, 2016; Kautsar et al., 2017; Hertroijs et al., 2018) have been used to 

examine biological aspects of protein structure, phylogeny, molecular interactions, and gene expression. 

The field of machine learning holds promises to enable bioinformaticians and computational biologists 

to make sense of very large and complex datasets and identify patterns (Menden et al., 2013; 

Kelley et al., 2016).  There are several machine learning applications in bioinformatics that can assist 

computational biologist in the construction of classification models to characterise new attributes using 

the previous known attributes (Menden et al., 2013; Kelley et al., 2016).  

The advantage of machine learning is its ability to learn functional relationships from data with or without 

the need to define them a priori (Murphy, 2012; Michalski, Carbonell, & Mitchell, 2013).  In machine 

learning, an algorithm that is developed improves with experience and becomes ‘smarter’ with time 
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(Murphy, 2012). In bioinformatics, where underlying mechanisms of an instance are inadequately defined 

or unknown, machine learning promises to derive predictive models without a need for strong 

assumptions about these underlying mechanisms (Michalski et al., 2013). Several studies have 

demonstrated the predictive capability of machine learning that has been successfully applied in 

genomics research (Libbrecht & Noble, 2015; Kelley et al., 2016). 

In genomics, machine learning has been used through the development of algorithms that have the 

capability to learn how to predict the locations or the positions of transcription start sites in a genome 

sequence (Libbrecht & Noble, 2015; Murphy, 2012; Michalski et al., 2013). The dataset, which includes 

a collection of true and false transcription start sites, is then fed into the algorithm to build the model 

(Libbrecht & Noble, 2015).   Once the algorithm has learned from the original data set, new annotated 

sequences are passed through the algorithm and the model can predict which sequences are transcription 

start sites and which are not (Michalski et al., 2013).  In the case that the built model has learned 

successfully, many or most of the predicted annotated transcription start sites (TSS) for every sequence 

will be accurate. If not, the outputs must be tested independently in the lab (Libbrecht & Noble, 2015).  

Machine learning is a very labor-intensive process, with the typical canonical machine learning workflow 

consisting of three phases discussed below;  

2.12.1 Data Cleaning 

Data cleaning, is an essential part of statistical analysis and is the process of altering data in a given 

storage resource by detecting and correcting corrupt, or inaccurate records from a record set, table, or 

database (Murphy, 2012). In practice it is often more time-consuming than the statistical analysis itself 

(Michalski et al., 2013).   In machine learning, data cleaning refers to identifying incomplete, incorrect, 

inaccurate or irrelevant parts of the data and then replacing, modifying, or deleting the data (Michalski 

et al., 2013; Kelley et al., 2016). This process helps a machine learning researcher to maintain consistent 

and accurate datasets by identifying and/or correcting data that may impact on the study results 

(Menden et al., 2013). 

A multitude of existing data cleaning techniques focus on removing data noise which is caused by data 

objects that are irrelevant or insignificant, but which can significantly hinder most of data type analysis 

(Murphy, 2012). In bioinformatics, data noise is one of the main data quality challenges that impact the 

analysis of bioinformatics datasets (Angermueller et al., 2016) and addressing missing or insignificant 

values is a process that contributes to the data quality in terms of consistency, accuracy, completeness, 

and cleanness. A study by Angermueller et al (2016) on deep learning for computational biology 

demonstrated that inappropriately addressed data noise can result in low quality data and recommends 

that data noise be evaluated and corrected prior to any statistical analysis. Even though data noise remains 

a prevalent problem in bioinformatics datasets, there are continuous studies being undertaken in this field 

to explore different approaches or techniques of data cleaning that can address this issue (Wald, 

Khoshgoftaar, & Shanab, 2012).  

2.12.2 Data Pre-Processing 

Data preprocessing is an important step in the data mining process. It is commonly used as a preliminary 

data mining technique that involves transforming raw data into an understandable format that can be 

more easily and effectively processed for the purpose of machine learning. Bioinformatics data is often 

incomplete (sequence gaps), inconsistent (sequence length), and/or lacking in certain behaviors or trends, 

and is likely to contain data noise (Wald et al., 2012; Michalski et al., 2013). Data preprocessing is a 

technique proven to resolve such issues. It involves execution of five critical steps: 
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1. Data cleaning; (as mentioned above) the process of filling in missing values, smoothing noisy 

data, identifying or removing outliers and addressing inconsistencies.  
2. Data integration; the process of integrating different or multiple data classes or files. 

3. Data transformation; the process of data normalisation, aggregation and encoding (for example 

by applying one-hot coding technique to data attributes). 

4. Data reduction; the process of deriving a reduced representation in dimension or volume but 

producing identical or similar analytical outputs. 

5. Data discretisation; the process of discretising numerical data attributes  

Different studies show that conducting data preprocessing techniques before analysing the data 

substantially improves the overall quality of the instances mined and cuts down on the time required for 

the actual data analysis (Wald et al., 2012; Kelley et al., 2016).  

Furthermore, data preprocessing on bioinformatics datasets is of the utmost importance because 

bioinformatics datasets exhibit high dimensionality, class imbalance and heterogeneousness. High 

dimensionality (overabundance of attributes) contributes significantly to the challenges of data analysis, 

producing uncertainty in classification performance and resulting in reduced predictive accuracy of 

classifiers (Blagus & Lusa, 2012).  

High dimensionality in bioinformatics datasets can negatively impact the computational time, as not 

every feature makes the same contribution to the model. However, class imbalance in machine learning 

can grossly impact classification performance due to the  biasedness of the classes, yielding a very high 

rate of false negatives. These biases (unequal distribution of instances between classes) can also affect 

the behavior of some feature selection techniques. Lastly, the heterogeneousness of bioinformatics 

datasets presents a challenge in learning from the data. For example, a large group of bioinformatics data 

can include the amino acid sequence of a gene’s protein product, which can infer some evolutionary 

relationships to other proteins across a wide variety of species (Blagus & Lusa, 2012; Eduati et al., 2015).  

Such bioinformatics datasets are difficult to mine, since most machine learning and statistical approaches 

for classification require that the datasets are of the same fixed-length vectors composed of real numbers 

(Libbrecht & Noble, 2015). This assumption cannot be met in bioinformatics datasets due to the 

heterogeneity of the amino acid or DNA sequences—the sequences are made up of a string of letters 

which vary in length. A large number of bioinformatics gene expression datasets possess the 

aforementioned challenges, rendering the construction of accurate classification models more difficult 

(Angermueller et al., 2016).   

2.12.3 Feature Engineering 

Notwithstanding the importance of information in a data set, too much information can lessen the 

efficiency of data mining. Studies show that not all the attributes assembled for building and testing a 

model may meaningfully contribute necessary information to the model (Blagus & Lusa, 2012; Khalid, 

Khalil, & Nasreen, 2014). Too many attributes may indeed weaken the model’s accuracy and quality.   

In machine learning, feature engineering is the process of compacting attributes into features, starting 

from an initial set of measured data and building derived values intended to be non-redundant and 

informative. Feature engineering plays a very crucial role in many areas of data analysis and data 

processing. Prior to obtaining features, data preprocessing techniques (included in the aforesaid five steps 

of data preprocessing) concomitant with thresholding, resizing, binarisation, etc. are applied on the 

sample data, subsequently yielding feature engineering techniques that will be important for model 

building (Khalid et al., 2014).  
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Feature engineering transforms the input data (attributes) into a set of features (distinctive properties of 

input patterns or transformed attributes) that help distinguish the types of input patterns. The important 

role of feature engineering in data mining relies on its ability to reduce attributes into features that have 

a linear combination of the original attributes. In Khalid et al.,’s (2014) study, models built on extracted 

features displayed a higher quality because the data is defined in a much smaller number of meaningful 

attributes. 

Bioinformatics datasets are described by many attributes that generally present processing challenges for 

machine learning algorithms (Menden et al., 2013; Kelley et al., 2016). The attributes of the model 

represent the dimensions of the processing space used by the algorithm, resulting in higher dimensionality 

of the processing space. To address the challenge posed by high dimensionality, feature engineering 

techniques may be applied to process the datasets into a much smaller and richer set of attributes (Khalid 

et al., 2014).  

This can be useful for data visualisation, as a complex dataset can be efficiently visualized when it is 

reduced to two or three dimensions (Khalid et al., 2014). Dimension reduction is a desirable step in data 

mining, helping to minimize the effects of noise and attribute correlation (Blagus & Lusa, 2012).  Feature 

engineering techniques are often used in data visualisation, latent semantic analysis, data compression, 

data decomposition and pattern recognition. In addition, feature engineering enhances the speed and 

effectiveness of different supervised algorithms (Khalid et al., 2014).  

A study in regulatory genomics by Zhou and Troyanskaya (2015) considered predicting chromatin marks 

from DNA sequence. Features were engineered based on the size of the input sequence window, where 

larger windows up to one kb were used to capture sequence features at different genomic length scales.  

Another study used multiple output variables (so-called multitask architectures) as a feature engineering 

technique to predict multiple chromatin states in parallel (Russakovsky et al., 2015).   

Zhang et al.,’s (2015) study on deep model-based transfer and multi-task learning for biological image 

analysis performed feature engineering techniques by transferring model parameters in bioimage 

analysis. The authors made use of feature engineering techniques on an open corpus from ImageNet 

(Russakovsky et al., 2015), of more than one million diverse images, to capture rich features at different 

scales (Xie, Xing, Kong, Su, & Yang, 2015), improving the prediction of Drosophila melanogaster 

(common fruit fly) developmental stages from situ hybridisation (DNA or RNA) images 

(Zhang et al., 2015).  

These feature engineering techniques allowed learning of shared features between outputs and, in doing 

so, improved generalisation performance, noticeably decreasing model learning computation cost (Dahl, 

Jaitly, & Salakhutdinov, 2014). 

Best practices (Murphy, 2012) show that irrelevant attributes simply contribute to data noise which 

results in high computation cost and affects the accuracy of the model. The disadvantages of irrelevant 

attributes are not only its negative impact on the model but, on the time and resources needed for model 

building and scoring (Kelley et al., 2016). Since bioinformatics datasets possess many attributes, there is 

a chance that the datasets may contain groups of attributes that are correlated, creating redundancy. In 

cases where attributes measure the same underlying feature, feature engineering will discard these groups 

of attributes to eliminate their presence in the model, preventing the model logic from skewing and 

influencing the accuracy of the algorithm (Khalid et al., 2014).  
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2.12.4 Feature Selection 

Feature engineering is very different from Feature selection. The former consists of combining attributes 

into a new reduced set of features or transforming arbitrary data, such as text or images, into 

numerical features usable for machine learning, while the latter is a machine learning technique applied 

to features to select the most relevant attributes. In other words, it ranks the existing features according 

to their predictive significance (Khalid et al., 2014).  

The feature selection phase links to the model learning phase. During the feature selection phase (Wald, 

Khoshgoftaar & Shanab, 2013), the main goal is to obtain measures of information theory that can be 

used to compute the significance of features. These measures include mutual information (MI), 

interaction information (II), conditional mutual information (CMI) and joint mutual information (JMI). 

In machine learning, feature selection techniques under supervised learning rank the extracted features 

according to their relevance in predicting or classifying a target (Shanab, Khoshgoftaar, & Wald, 2012). 

Feature selection techniques become imperative for identifying the most significant predictors of 

datasets. The objective is to seek the principal features of the datasets that can best represent the datasets 

(Murphy, 2012). For learning models such as Naïve Bayes or Support Vector Machine, feature relevance 

is very useful as a preprocessing step in classification modeling. On the other hand, Decision Tree 

algorithm possesses mechanisms that rank features as part of the model building (Michalski et al., 2013). 

The output of feature selection is the features of the built data ranked by their measured predictive 

influence.  

Random Forest and Forest of Trees feature selection techniques are an instance of ensemble models. An 

ensemble model is a model built with some combination of different underlying models. This allows 

ensemble models to outperform single models because different models may distinguish diverse trends 

in the data (Shanab, Khoshgoftaar, Wald, & Napolitano, 2012). For this reason, ensemble models tend to 

minimise the  biasedness that single models have to overfit the data. Random Forest and Forest of Trees 

models assign a significance value to each feature used in the training. Features with higher significance 

are more influential in building the model, expressing a stronger association with the dependent variable. 

Feature importance is based on a significance level of 0.05 and this is used as a threshold that can help 

identify useful features and eliminate features that do not contribute much to the model (Shanab et al., 

2012; Khalid et al., 2014).  

Although, in information theory, feature selection uses techniques such as, MI, II, CMI, JMI, in practice 

feature selection in machine learning uses two major techniques: ranker-based techniques and subset-

based techniques (Shanab et al., 2012; Wald et al., 2013; Khalid et al., 2014). The former analyses one 

feature at a time by means of statistical procedures, while the latter analyses complete subsets individually 

by means of a classifier (wrapper-based feature selection) or statistical procedures (filterbased subset 

selection). 

The ranker-based technique usually requires very little computational power compared to other feature 

selection techniques, as a feature ranker focuses only on a single score for each feature, while subsets are 

built based on ranked feature lists (Shanab et al., 2012). Subset-based selection techniques analyse groups 

of features (subsets) in lieu of each individual feature (Wald et al., 2012). The shortcoming of subset-

based selection is that it is computationally expensive, as the computational cost attains O (2n).  O (2n) is 

a computational running time of often recursive algorithms that solve a dataset of size N by recursively 

solving two smaller problems of size N-1 (Shanab et al., 2012).  
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On the other hand, subset-based selection techniques offer the benefit of capturing highly correlated 

features in a given set among features (Wald et al., 2013). This ability to detect redundancy among 

features can help in dimensionality reduction and improve the classification model (Khalid et al., 2014). 

As such, subset-based selection techniques are more efficient than feature rankers.  

Wald et al.,’s, 2013 study and Khalid et al.,’s, 2014 study elaborate on three different feature selection 

techniques: filter-based feature ranking, filter-based subset selection, and wrapper-based subset selection. 

These studies show that filter-based feature ranking evaluates individual features, selecting the highest N 

features. The other two subset selection-based groups (filter-based subset selection, and wrapper-based 

subset selection), make use of a search approach that explores the space of any possible feature subsets 

to avoid reaching an O (2n) computational cost.  

In practice, the machine learning researcher decides which input data to provide to the algorithm. This 

requires prior data source knowledge. A study by Kelley et al., (2016) argues that prior knowledge of the 

data allows the researcher to confidently decide which dataset features are likely to be significant or not 

significant. The study argues that the procedure for selecting significant features can be a scientific study 

in itself to consider.   

Fakoor, Ladhak, Nazi, and Huber (2013) present the problem of building a multiclass classifier to 

differentiate measurements of gene expression among various kinds of cancers. The study shows that the 

classifier firstly helped to establish precise diagnoses in cases of atypical presentation or histopathology, 

and secondly, the built learning model helped to perform feature selection through the identification of 

subsets of genes whose expression patterns have specifically contributed to various kinds of cancers. 

Best practices show that it is worthwhile to define the motivations for carrying out feature selections in 

a specific case. Understanding the task at hand helps to guide the machine learning researcher in selecting 

the most appropriate feature selection techniques (Murphy, 2012; Michalski et al., 2013).  

Some tasks, such as the need to produce a low-cost approach in the identification of a disease phenotype 

on the merit of the evaluated gene expression levels, may be merely concerned with the identification of 

a very small set of features that offer the best possible classifier (Fakoor et al., 2013). Other tasks may 

require a deeper understanding of the underlying biological mechanism (Glaab, Bacardit, Garibaldi, & 

Krasnogor, 2012). In this case feature selection techniques can be performed with the knowledge of 

functional annotations or biological pathways that provide insight into the etiology of disease (Glaab et 

al., 2012).  

In even more complex cases, where one needs to train the most accurate possible classifier (Urbanowicz, 

Granizo-Mackenzie, & Moore, 2012), feature selection techniques can be applied which enable the 

classifier to identify and eliminate noise or redundancy. The machine learning researcher must be able to 

select the most appropriate feature selection techniques for the specific task at hand (Fakoor et al., 2013).  

In the case where bioinformatics datasets, which include proteomic, epigenomic, genomic or 

metabolomic data, suffer from high-dimensionality (Urbanowicz et al., 2012; Dahl et al., 2014) due to 

the growing number of input dimensions (number of data features input to a machine learning classifier), 

the latter application of feature selection will be deemed most appropriate. However, although this 

application will improve the data training performance, the shortcoming is the poor generalisation of the 

model that results, due to the training data being overfitted (Menden et al., 2013). Performing a feature 

selection method (e.g., principal component analysis) that can project the data from higher to lower 

dimensions may solve this problem (Buettner et al., 2015).  
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2.12.5 Model building  

Model building in machine learning requires a lot of experimentation and discovery. Building the most 

relevant model is not always a straightforward task and is often defined by the researcher’s understanding 

of the task and their prior knowledge of the datasets (Glaab et al., 2012; Kelley et al, 2016; Hertroijs et 

al., 2018).  

The process takes into consideration different ways of collecting data, processing data, and understanding 

and discovering features and patterns that deserve the most attention (Sochor et al., 2011). Through this 

process, a machine learning researcher determines the most appropriate methods for feature selection and 

tests multiple algorithms in an attempt to answer the questions that are being asked (Eduati et al., 2015). 

The underlying mechanisms of machine learning model building are the disciplines of statistics, 

mathematics, information theory, and computer science (Sochor et al., 2011; Murphy, 2012; Michalski 

et al., 2013; Wang & Peng, 2014; Kautsar et al., 2017). 

 

 

 

 

 

 

 

 

Our approach to gaining understanding of secondary metabolite genes is to make use of statistical and 

mathematical approaches and draw on information theory and computer science concepts to analyse SM 

gene properties. These disciplines present crucial skills that are important for model building. Chapter 3 

elaborates on the scientific methods used in the study, demonstrating how these various disciplines are 

drawn upon in the process of model building to develop predictions that hold true to test. 

A study by Schmidhuber (2015) shows that the building of successful models in machine learning that 

have the ability to generalize future data, requires thoughtful consideration of the datasets and 

assumptions about existing training algorithms. This study argues that an appropriate selection and 

interpretation of assessment criteria are the ultimate fuel to evaluate a machine learning model’s quality. 

Machine learning consists of various algorithms with the power to automate analytical model building 

(Michalski et al., 2013). These algorithms can iteratively learn from a dataset and assist researchers in 

discovering hidden insights from a large set of data without being explicitly programmed on where to 

look (LeCun, Bengio, & Hinton, 2015).  

The process of model building includes algorithm design, learning, and testing with the objective to test 

a hypothesis (Murphy, 2012; Michalski et al., 2013). For example, one bioinformatics study conducted 

a hypothesis on a specific algorithm (Alipanahi, Delong, Weirauch, & Frey, 2015) that can learn to 

recognize TSSs, where the algorithm is used as a hypothesis generator. In this case, the algorithm itself 
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Figure 2. 9  Underlying mechanism of Machine Learning Model Building 

Figure 2. 22 Three Major Groups of Machine Learning AlgorithmsFigure 2. 
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hypothesizes that given a set of sequences, sequence X is a TSS. At this point, the key research question 

would be whether the resulting scientific theory is instantiated in the model produced by the learning 

algorithm (Libbrecht & Noble, 2015). 

2.12.6 Machine Learning Algorithms  

Algorithms are fundamental in machine learning and while many machine learning algorithms exist 

(Murphy, 2012; Michalski et al., 2013), this section will focus on those that are of interest in the current 

study. Machine learning algorithms can be categorised into three major groups (figure 2.10); supervised 

learning, unsupervised learning, and reinforcement learning. The sections below will focus on 

supervised and unsupervised learning (Michalski et al., 2013). 

 

 

 

 

 

 

 

 

Many studies in bioinformatics model their problems on their interaction with experience, environment 

or input data (Eickholt & Cheng, 2013; Dahl et al., 2014; Leung, Xiong, Lee, & Frey, 2014; Sønderby & 

Winther, 2014). For this reason, the learning style of an algorithm is the first consideration, and may be 

either supervised or unsupervised. These learning styles are the taxonomy of organising machine learning 

algorithms to purposely think about the roles of the input data and the model preparation process, and the 

selection of the most relevant algorithm to get the best result for the task at hand (Murphy, 2012; 

Menden et al., 2013; Michalski et al., 2013). 

2.12.6.1 Supervised Learning Algorithms  

Supervised learning algorithms build prediction models by means of labeled data to predict either a 

categorical value or a numerical value (Michalski et al., 2013). Categorical values are obtained through 

classification models, while numerical values are obtained through regression models (Murphy, 2012). 

Supervised learning can only be applied when a labeled training set exists (Menden et al., 2013). In 

their application, supervised machine learning models intend to learn a function, from a list of training 

pairs for which data are recorded. 

The building function of supervised models implies the following:  

f (x)= y 

 (x1, y1), (x2,y2), (x3,y3), (x4,y4), etc. 

Figure 2. 10 Three Major Groups of Machine Learning Algorithms.  Taken from ‘Generative adversarial networks 

for ground penetrating radar in hand held explosive hazard detection,’ by C. Veal et al., 2018, Detection and 

Sensing of Mines, Explosive Objects, and Obscured Targets XXIII (Vol. 10628, p. 106280T). 
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function: = f (x) where x ∈ ℝm, and y ∈ ℝⁿ. 

In the case where the desired outcome is continuous, the model will use linear or multi-linear regression 

and if the required outcome is discrete, the model will use classification, where the outputs are unordered 

categories (i.e. not numerically meaningful).  In both cases (regression and classification) the input data 

is the training data and follows the assumption that for every xi there exist a yi. Once the assumption is 

met, the model is put through a training phase in which it learns from data patterns, begins making 

predictions, and undergoes correction when those predictions are incorrect (Zhou & Troyanskaya, 2015). 

The training phase continues until the model (classification or regression) reaches a significant level of 

accuracy with the training data (figure 2.11).   

The images below illustrate the output of a classifier model (classification-based algorithm, figure 2.11 

A) which groups the data into classes, and a regression model (regression-based algorithm figure 2.11 B) 

which maps the data into a linear regression.  

 

 

 

 

 

 

Technically, a regression model predicts a numerical output value using the training data (Murphy, 2012). 

In this case, the data type is made of real or continuous numbers, yielding to a regression problem. In an 

attempt to predict or forecast a future scenario, the regression model fits a straight line based on the 

patterns of the data (Michalski et al., 2013). Statistically, a linear regression model predicts the variable 

of interest from single or multiple independent variables by means of a linear mathematical formula 

(Sochor et al., 2011; Michalski et al., 2013). The regression model can be used to analyse the correlation 

between independent variables and the dependent variable, and understand the relationship between them 

(Blagus & Lusa, 2012). 

Machine learning can perform various parametric and non-parametric regression analysis techniques 

(Michalski et al., 2013) where parametric regression models include methods such as linear regression, 

and least square regression. The regression function is formulated by a finite number of unknown 

parameters that are derived from the dataset. In the case of non-parametric regression models techniques 

are applied that permit the regression function to lie in a defined set of functions, which may have infinite 

dimensions (Michalski et al., 2013).  

Linear regression models can be in the form of single or simple linear regression, multi-linear regression, 

or ordinary least squares (OLS). 

1. Simple Linear Regression model is based on the formula: 

 

Figure 2. 11 The difference between classification and regression algorithms 

 

    A     B 
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• Where ε is the error term value needed to correct for a prediction error between the observed and 

predicted value. 

• The predictor X is simple, meaning one-dimensional (X = Xi). It is assumed to be linear with 

variance depending on X. 

2. The Multi- Linear Regression model is based on the formula: 

𝑌 = 𝛽0 +  𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑝𝑋𝑝 +  𝜀 

= 𝛽0 +  ∑ 𝛽𝑖𝑋𝑖 + 𝜀

𝑝

𝑖=1

 

= 〈𝛽, 𝑋〉 + 𝜀 

Where  

𝛽 ∶=  (

𝛽0

𝛽1

⋮
𝛽𝑝

)  ,      𝑋 ≔  (

1
𝑋1

⋮
𝑋𝑝

)   

• With several predictor variables  

(𝑋1 , 𝑋2, … , 𝑋𝑝: ) 

• And with p + 1 parameters  

(𝛽0 , 𝛽1, … , 𝛽𝑝) 

Thus, the intercept is handled like any other parameter, for the artificial constant variable(𝑋0 ≡ 1) 

  

• Multiple linear simultaneous equations for a whole given dataset can be represented as, 

(𝑥1 , 𝑦1) , … , (𝑥𝑛  , 𝑦𝑛) 

𝑌 =  𝑋𝛽 +  𝜀 

   Where 

𝑌 ∶=  (

𝑦1

⋮
𝑦𝑛

)  ,    𝑋 ∶= (

𝑥1

⋮
𝑥𝑛

)   =  (

𝑥1,1 𝑥1,2 …

⋮ ⋮ ⋮
𝑥𝑛,1 𝑥𝑛,2 ⋯

     

𝑥1,𝑝

⋮
𝑥𝑛,𝑝

)  , 𝜀 ∶= (

𝜀1

⋮
𝜀𝑛

) , 

Multiple linear regression formula is essentially the same as a simple linear regression except that there 

are multiple coefficients and independent variables. 

3. The Ordinary Least Squares (OLS) Regression model is based on the formula: 
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Statistically, OLS is a technique for estimating the unknown parameters in a given linear regression 

model. The main concern is to minimize the sum of the differences between the explanatory variables in 

a given random dataset and the responses predicted by the linear approximation of the data  

 (Hair Jr, Hult, Ringle, & Sarstedt, 2016). In other words, this can be seen (see figure 2.13) as the sum of 

the vertical distances between each data point in the dataset and the equivalent point on the regression 

model with the aim to achieve the smallest possible difference to fit the model to the data (Hair Jr et al., 

2016).     

 

 

 

 

 

 

For purposes of this study, supervised classification models were used as a focus in order to gain 

insights into secondary metabolite gene analysis. 

Classification models, unlike linear regression models, group the output into classes using the training 

data (Michalski et al., 2013). In this case the data type is made of discrete, or categorical variables, 

implying a classification problem. Classification models involve a two-step process (Murphy, 2012; 

Michalski et al., 2013): 

1. Model construction: building of a model for a defined set of pre-determined classes. Each data 

point is meant to belong to a determined class, predefined by the class label instances. The training 

dataset is used to construct the model, which is represented as classification rules, decision trees, 

or mathematical formula. 

2. Model usage: classification of unknown data points until the accuracy is accepted and the model 

is used to classify data samples whose class labels are unknown. At this stage the accuracy of the 

model in predicting unknown future attributes can be determined. The known label of the test 

sample is compared with the classified output from the model, and the percentage of the test set 

samples that are correctly classified by the model yields the test accuracy rate. Although the test 

dataset is independent of the training dataset, it is good practice to ensure that both datasets follow 

the same distribution. 

The above two-step process outlines the learning process of the classification model to map each 

independent variable x to one of the predefined class labels y. Classification models can be useful for 

Figure 2. 12 Visually this is seen as the sum of the vertical distances between each data point in 

the set and the corresponding point on the regression line 

Where �̂�minimize                                              ‖𝑌 − �̂�‖
2

=  ‖𝑌 − 𝑋�̂�‖
2
 

 

• The OLS estimates �̂� are computed via 

 
                                                                    𝑋𝑇𝑋�̂� = 𝑋𝑇𝑌 

• The OLS estimates     are computed v  

 

 

Figure 2. 35 Visually this is seen as the sum of the vertical distances between each data 

point in the set and the corresponding point on the regression lineWhere �̂�minimize                                              

‖𝑌 −  �̂�‖
2

=  ‖𝑌 − 𝑋�̂�‖
2
 

 

• The OLS estimates �̂�are computed via 

 
                                                                    𝑋𝑇𝑋�̂� = 𝑋𝑇𝑌 

• The OLS estimates     are computed v  
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predictive modeling or descriptive modeling (Murphy, 2012; Menden et al., 2013; Kelley et al., 2016). 

In practice, a classification model is best fit to a dataset with binary or nominal categories, as it does not 

take into consideration the implicit order among different instances (Menden et al., 2013; 

Kelley et al., 2016). It is a perfect model for a set of attributes for which order does not matter (e.g., 

nucleotides, or amino acids). 

1. A classification model is generally based on the Logistic Regression formula: 

𝑝 =
1

1 + 𝑒−𝑦 

Where y is equal to a linear regression (single or multiple as seen by above formula 1 and 2). 

Logistic regression prediction is based on a jointly exhaustive and mutually exclusive approach that 

results in the partition of a set into two classes. The probability of an outcome results in only two values 

(binary). Logistic regression inputs numerical and categorical variables with the aim to predict the value 

of a binary variable. Figure 2.13 shows a logistic regression, producing a logistic curve, and a linear 

regression, producing a linear regression line.  There exists a similarity between the logistic regression 

and linear regression, but the curve of the logistic regression is shaped using the natural logarithm of the 

response variable in lieu of probability (Murphy, 2012), and is bound by values 0 and 1.  The logistic 

regression does not require the assumptions of equal variances or normal distribution among group 

attributes (Michalski et al., 2013). 

 

 

 

 

 

The constant (𝑏0) moves the logistic regression curve left and right and the slope (𝑏1) determines the 

steepness of the curve. In the case of a logistic regression that involves any number of numerical or 

categorical variables, the formula can be rewritten as,  

𝑝 =
1

1 + 𝑒−(𝑏0+𝑏1𝑥1 +𝑏2𝑥2+𝑏3𝑥3+⋯+𝑏𝑝𝑥𝑝)
 

The curve function of the logistic regression for classification is also known as the sigmoid function 

which maps any input X between zero and one.  

Neural Network  

An artificial neural network (ANN) is a statistical learning algorithm with a group of nodes, similar to 

the vast network of neurons in a brain. In an ANN, each node represents an artificial neuron and an arrow 

represents a connection from the output of one artificial neuron to the input of another (Sønderby & 

Winther, 2014; Alipanahi et al., 2015). There are different kinds of ANN, however the single-

layer perceptron network (SLPN or SLP) and the multilayer feed-forward neural network (MFNN or 

MLP) are the most widely used (Zhou & Troyanskaya, 2015; Kelley et al., 2016). SLPN and MFNN are 

L
o
g
is

ti

L
in

ea
r 

Figure 2. 13 Logistic Model Vs. Regression Model 
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initially trained as any other machine learning algorithms, with input data fed into these neural networks, 

followed by the learning phase, which is conducted until accurate predictions occur (Bengio, Courville, 

& Vincent, 2013; Schmidhuber, 2015; LeCun et al., 2015). 

1 Single Layer Perceptron Network 

Single layer perceptron network (SNLP, often known as perceptron) is seen as analogous to a biological 

neuron which fires an impulse once the total sum inputs pass the threshold (Dahl et al., 2014; 

Leung et al., 2014). Perceptron emulates the thresholding behavior by acting as a switch by means of the 

classification sigmoid function (Bengio et al., 2013). Different classification problems that make use of 

a perceptron algorithm (Logistic regression for classification) set a threshold at the output of the 

perceptron, which classifies the outputs into two groups (Alipanahi et al., 2015). However, the 

supervised perceptron can represent both logistic regression (sigmoid function) and linear regression 

(Zhou & Troyanskaya, 2015; Kelley et al., 2016). The outputs of the perceptron are obtained by a sum 

of the weighted inputs plus a bias term which, are the parameters that define the learned behavior (Zhou 

& Troyanskaya, 2015; Kelley et al., 2016). 

 

 

 

 

 

  

Figure 2.14 shows the perceptron neuron binary classification with one neuron setting a threshold at the 

output of the perceptron. Supposing a binary class (yes, and no) problem a threshold (t) could be set to 

be: 

i. T = 0.5 

a. if y > T: output = yes  

b. else output = no 

While the above describes a case of one neuron class, there also exists classification where many neurons 

(nodes) are put in parallel and each node processes its binary output out of N possible classes 

(Alipanahi et al., 2015; Zhou & Troyanskaya, 2015; Kelley et al., 2016). 

2 Multilayer Feed-Forward Neural Network  

Previous research has shown that ANNs are capable of solving complex nonlinear tasks. Multilayer Feed-

Forward Neural Network (MFNN) is the most applied ANN to model nonlinear systems 

(LeCun et al., 2015; Kelley et al., 2016) MFNN (figure 24), is made of nodes that are ordered into layers. 

The first layer (from the left) is called the input layer, the middle layers are called hidden layers, and the 

last layer is called the output layer (Schmidhuber, 2015). The lines that connect the layers are called 

weights. These weights control the transfer of signal between nodes through the activation function. 

During the training, MFNN seeks to determine the optimal value of the weights. 
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Figure 2. 14 Perceptron Neuron Network Supervised Learning.  Modified from ‘A 

learning rule for very simple universal approximators consisting of a single layer of 

perceptrons,’ by P. Auer, H. Burgsteiner, & W. Maass, 2008, Neural Networks, 21(5). 
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For the activation function f (x), the input Xn-1 to node n-1 is the weighted sum of the outputs of all nodes 

connected to it.  

A study by Kelley et al., (2016), demonstrated that supervised classification models and gene selection 

can elicit new and meaningful knowledge from bioinformatics datasets which can be applied in the 

diagnosis and prognosis of a disease. Other studies demonstrate application of a supervised learning 

algorithm to select genes based on the nucleotide sequence of a chromosome (Zhou & 

Troyanskaya, 2015; Alipanahi et al., 2015). The above-mentioned algorithm predicted the locations and 

detailed intronorexon structure of all the protein-coding genes on the chromosome. A training set (x) of 

labeled DNA sequences, consisting of all the splice sites and the locations of transcription start and 

termination sites of the gene (TSS and TTS), was required as input for this model. The model was trained 

to identify the genes based on their general properties such as the DNA sequence pattern near a donor or 

acceptor splice site, the occurrence of in-frame stop codons within coding exons, and the expected length 

distribution of 5’ and 3’ untranslated regions. These gene properties helped the model to identify novel 

genes that resemble the genes in the training set (Fakoor et al., 2013; Alipanahi et al., 2015; Zhou & 

Troyanskaya, 2015; Kelley et al., 2016). 

Another study (Menden et al., 2013; Eduati et al., 2015), aimed to predict the viability of a cancer cell 

line when exposed to a chosen drug. The input training set (x) was made of features such as somatic 

sequence variants of the cell line, chemical make-up of the drug and its concentration, and the measured 

viability (output label y), which were used to train classification logistic regression models (support 

vector machine, random forest classifier etc.). When given a new input test set (𝑥∗), the learnt model 

predicted its survival (𝑦∗) by computing the functional relationship f (𝑥∗). 

Support Vector Machine         

Support Vector Machine (SVM) classifier classifies each data attribute as a point in n-dimensional space 

(where n is number of features), where the value of each feature represents a specific coordinate. 

Classification performance is conducted by determining the hyper-plane which can differentiate two or 

more classes. In other words, given labeled training data, the classifier outputs an optimal hyperplane 
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Figure 2. 15 Multiple Feed-forward Neural Network. Modified from ‘How transferable are features in deep neural 

networks?’ by J. Yosinski, J. Clune, Y. Bengio, & H. Lipson, 2014, Advances in Neural Information Processing 

Systems 
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which categorizes the test file into the appropriate classes. Technically, in two-dimensional space this 

hyperplane  separates the classes where each class lay in either side. An SVM threshold is often set to 

0.5 (Zahiri et al., 2013). 

 

 

 

 

 

Figure 2.16: shows an SVM trained with samples from two classes with a maximum-margin hyperplane. 

Samples on the margin are called the support vectors. Support Vector Machine learned the representation 

of a hyperplane, in this figure illustrated through an enclosed rectangle that best separates the two classes 

(Zahiri et al., 2013).  

Random Forest 

Random Forest (RF) is a classifier that is built based on a decision tree to boost the predictive power. 

This random forest operates by building a multitude of unpruned decision trees at training time and 

outputting the mode of the classes (classification) of the individual trees (Eduati et al., 2015). Random 

forest 100 (RF100) has been demonstrated in previous studies as the optimum number of trees and is 

often used as the default recommended RF (Khoshgoftaar, Golawala, & Van Hulse, 2007). After the trees 

are constructed, the classifier begins testing each instance passed through each tree, and based on the 

majority vote of decision trees, the predicted class is thus chosen.  

K-Nearest Neighbors  

K-nearest neighbor (KNN) classifier is a non-parametric method used for classification and regression, 

where the input consists of the k closest training examples in the feature space built (Menden et al., 2013). 

The KNN model stores all variable cases and predicts the numerical target based on a similarity measure. 

The optimal value for k is best calculated by first building a cross-validation algorithm to retrospectively 

determine the best k value (Eduati et al., 2015). Alternatively, a grid-search cross-validation 

(searchgridCV) algorithm can be implemented to obtain the best k value (Eduati et al., 2015).  

Gaussian Naïve Bayes  

Naïve Bayes classifier uses the Bayes theorem which is computationally efficient and easy to interpret 

when using binary or categorical input values. This classifier is appropriate for problems that contain a 

normal distribution and are assumed to be conditionally independent given the class label. A Naïve Bayes 

classifier can be applied to the training data for supervised learning tasks using maximum likelihood (Liu 

et al., 2012). 

2.12.6.2 Unsupervised Learning Algorithms  

Unsupervised learning algorithms can be used to discover possible significant, novel, and unknown 

patterns or associations between covariates or sets of instances using unlabeled data 
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(Menden et al., 2013). The goal in unsupervised learning is to identify rules (e.g., association rules and 

clustering) that largely link various covariate values, or cluster data attributes into a selected number of 

classes in such a way that each class is made of data attributes that are similar (Kelley et al., 2016). 

Main approaches to unsupervised learning include: Clustering Analysis (CA), K-means, Hierarchical 

clustering (HC), Personal Component Analysis (PCA), t-Distributed Stochastic Neighbor Embedding 

(TSNE). Unsupervised Neural Networks, Anomaly detection, Mixture models, Deep Belief Nets, 

Autoencoders, Hebbian Learning, and Expectation-maximisation algorithms. In the Mathematical and 

Statistical Approaches Section above CA, HA, PCA were elaborated on and are typical examples of 

unsupervised algorithms applied to biological data. In the sections below, we briefly focus on two 

unsupervised learning techniques that are important for our research (PCA and TSNE).  

These techniques (PCA and TSNE) are executed through computational models computationally handled 

and for the sake of a concise literature review we will not dive into the mathematics behind them. 

Principal Component Analysis 

Before conducting data analysis and inferences, it is often beneficial to develop a visual representation 

of the dataset to gain a high-level view that can aid in analysis and comprehension. Principal Component 

Analysis (PCA) is an unsupervised machine learning classifier that takes data of high dimensions and 

produces several linear cross-correlations of the observed variables that assists in understanding the 

relationships among data points (Yu et al., 2012). Principal Component Analysis is also used for 

dimensionality reduction of linear cross-correlations among dataset attributes (Menden et al., 2013). 

Furthermore, PCA can be used to compress the data, reducing the number of dimensions without much 

loss of information. It will then rank the principal components according to their decreasing distributions, 

revealing patterns in the data (Kelley et al., 2016).  

PCA is carried out by first calculating the set of orthogonal eigenvectors of the correlation or covariance 

matrix of the variable components (Vidal, Ma, & Sastry, 2016). The matrix of principal components is 

the product of the eigenvector matrix with the matrix of independent variables. As a result, the first 

principal component accounts for the largest representation of the dataset variation, and the second 

principal component accounts for the second largest representation of the dataset variation, and so on. 

The objective of principal components is to explain the maximum amount of variance based on fewest 

numbers of components (Vidal et al., 2016). 

t-distributed Stochastic Neighbor Embedding:  

t-Distributed Stochastic Neighbor Embedding (TSNE) is a nonlinear dimensionality reduction technique 

that is built to transfer a high-dimensional dataset into a low-dimensional space (2D) for visualisation. 

This algorithm precisely models each high-dimensional data point into a two-dimensional point in such 

a way that similar data points are modeled by nearby objects and unrelated data points are modeled by 

distant objects with high probability (Van der Maaten & Hinton, 2008). 

The method of Stochastic Neighbor Embedding (SNE) converts the high-dimensional Euclidean 

distances between datapoints into conditional probabilities that characterize similarities (Van and Hinton, 

2017). The similarity of datapoint xj to datapoint xi represents the conditional probability, pj|i, in a way 

xi would choose xj as its neighbor if neighbors under a Gaussian centered at xi were chosen 

proportionally to their probability density. For neighboring datapoints, pj|i is comparatively high, whereas 
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for widely separated datapoints, pj|i will be miniscule (for reasonable values of the variance of the 

Gaussian, σi). Mathematically, the conditional probability pj|i is given by:  

 

 

The aim of TSNE technique is to optimize and produce significantly better visualizations by reducing the 

tendency to crowd data points together in the center of the map (Van der Maaten & Hinton, 2008; Van 

and Hinton, 2017). 

2.12.6.3 Model Evaluation Performance Metric  

Whether implementing classification or regression modeling techniques, both have the ability to make 

good predictions (Michalski et al., 2013). Selecting a model and knowing which is the right fit for the 

training dataset is one thing, while knowing how to generalize the model to an unseen dataset is another 

(Murphy, 2012; Menden et al., 2013). In circumstances where the selected model fits the training data, it 

is ideal to ensure that this model does not simply memorize the dataset fed into it, as this will ultimately 

result in a failure to predict future dataset samples (LeCun et al., 2015; Schmidhuber, 2015; 

Kelley et al., 2016).  

To avoid this biased estimate of the accuracy of the learned model, it is advised to feed a labeled test 

dataset into the learned model, to evaluate its bias (Murphy, 2012; Menden et al., 2013). In the case 

where the test dataset gives a less accurate output compared to the trained model, the accuracy estimate 

of the model is deemed to be biased (Michalski et al., 2013; Schmidhuber, 2015; Kelley et al., 2016).  

Thus, evaluating the selection of a learning algorithm that is suitable for the application domain is an 

essential part of any machine learning project (Vehtari, Gelman, & Gabry, 2017). For the above 

classification models to give satisfying results, different metrics are used to determine the performance 

of the machine learning classification and compare the results.  The different types of classification 

performance metrics which are often used include:   

1. Null Accuracy: Also known as baseline accuracy, this is achieved when the model can 

consistently predict the predominant class in a dataset.  

  

2. Classification Accuracy: This is the ratio of the number of correctly predicted instances to the 

total number of sample size. 

 

Note: classification accuracy works well only in a case where an equal number of attributes belong to each group. 

3. Log Loss (a.k.a. Logarithmic Loss): A performance matrix that penalizes the false classifications. 

In practice it works well for multi-class classification. Using Log Loss, the classifier assigns to 

each class an accuracy probability for all the samples.  

1. 

Accuracy =  
Number of correct predictions 

Number of predictions made 
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4. Confusion Matrix: An evaluation metric implemented through an outputs matrix which 

describes the complete performance of the model. Confusion matrix has four associated terms 

(Batista, Prati, & Monard, 2004). 

• True Positives (TP): The cases where the null hypothesis is an X observation and the actual 

output was also an X observation. 
• True Negatives (TN): The cases where the null hypothesis is Not an X observation and the actual 

output was an X observation. 
• False Positives (FP): The cases where the null hypothesis is an X observation and the actual 

output was Not an X observation. 
• False Negatives (FN): The cases where the null hypothesis is Not an X observation and the actual 

output was also Not an X observation. 

Classification Accuracy of confusion matrix is given by the relation: 
 

 
 

However, there are problems with accuracy. It assumes equal costs for both kinds of errors. A 99% 

accuracy can be excellent, good, mediocre, poor or terrible depending upon the problem. 

Recall: 

Recall can be defined as the ratio of the total number of correctly classified positive examples divide to 

the total number of positive examples. High Recall indicates the class is correctly recognized (small 

number of FN). 

Recall is given by the relation: 

 

 

 

Precision: To get the value of precision the total number of correctly classified positive examples are 

divided by the total number of predicted positive examples. High Precision indicates an example labeled 

as positive is indeed positive (small number of FP). Precision is given by the relation: 

 

 

High recall, low precision: means that most of the positive examples are correctly recognized (low 

FN) but there are a lot of false positives. 

Low recall, high precision: This shows that we miss a lot of positive examples (high FN) but those we 

predict as positive are indeed positive (low FP) 

F-measure: Since we have two measures (Precision and Recall) it helps to have a measurement that 

represents both of them. We calculate an F-measure which uses Harmonic Mean in place of Arithmetic 

Mean as it punishes the extreme values more. The F-Measure is always nearer to the smaller value of  

http://etd.uwc.ac.za/



39 

 

Precision or Recall (Musicant, Kumar, Ozgur, 2003). 
 

 

 

5. Area Under the receiver operating characteristics Curve (AUC): This is a very important and 

powerful metric for classifier performance, particularly for the binary classification problem. The 

AUC of the learned model is equal to the probability that the learned model will rank a randomly 

chosen X observation higher than a randomly chosen Not X observation (Murphy, 2012). 

6. ROC and AUC are used to see how sensitivity and specificity are affected by various thresholds. 

ROC helped in choosing a threshold that balances sensitivity and specificity of the classifiers.  

AUC is a summary of the classifier performance (Vehtari et al., 2017).  

7. F-measure:  This calculates the mathematical mean between precision and recall. The domain 

interval for F-measure lies between [0, 1]. Here, F-measure explains how precise the learned 

model is in correctly predicting instances, as well as how robust the learned model is (i.e. it does 

not miss a significant number of instances). As such, the greater the F-measure, the better the 

performance of our model (Musicant, Kumar, Ozgur, 2003). 

8. Mean Squared Error (MSE): There exists a similarity between MSE and MAE, with the sole 

difference being that MSE calculates the average of the square of the difference between the 

actual outputs and the predicted outputs.  MSE presents an advantage in its easiness to compute 

the gradient, whereas MAE entails a complicated linear programming approach to compute the 

gradient. As the square of the error is computed, the effect of larger errors becomes more 

noticeable then smaller errors; hence the MSE becomes a performance metric for the model 

(Michalski et al., 2013). 

 

2.12.6.4 Model Overfitting 

One advantage of model evaluation is its ability to detect model overfitting. During the creation of the 

model, the objective is to choose the model with the most appropriate hyperparameters (parameters of a 

prior distribution). These hyperparameters can be grouped into four parameters: regularisation, model 

size, number of passes and shuffle type (Michalski et al., 2013; Kelley et al., 2016). In certain cases, the 

best model parameter settings, which produce the most significant predictive accuracy on the training 

data, can result in overfitting (Michalski et al., 2013). Overfitting gives the appearance of accuracy in the 

model’s prediction, while in reality this is based on the model’s capacity to memorize occurring patterns 

in the training data, meaning it will fail to predict patterns on unknown datasets (Murphy, 2012).  

Overfitting can be avoided by selecting an additional dataset for validating the performance of the model. 

In this case, it is recommended to split the dataset into 60 percent for training, 20 percent for evaluation 

and 20 percent for validation (Michalski et al., 2013). Once the selected model parameters have been 

complete and have performed well for the evaluation data, the model can then run a second evaluation 

on the validation dataset to see how well the learned model performs on the validation dataset. If the 

learned model reaches the expected threshold on the validation dataset, it can then be deemed to not 

overfit the data (Murphy, 2012; Michalski et al., 2013). 

One downside of this approach is that the splitting of dataset into three sets may result in the omission of 

relevant data from the training process. In an instance where the data set is small, it is advantageous to 
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perform cross-validation (see below) and allow as much data as possible for training 

(Menden et al., 2013; Leung et al., 2014). 

2.12.6.5 Cross-validation 

Cross-validation is a machine learning technique for evaluating learning models by training the models 

based on input data subsets (Vehtari et al., 2017). The models are evaluated on the complementary subset 

of the data to detect overfitting. If a model suffers from overfitting, it will fail to generalize a pattern. K-

fold cross-validation is a method that applies cross-validation by splitting the input data into k folds 

(subsets) of data. Subsequently, the model is trained on all folds excluding one-fold, and the model is 

evaluated on the one-fold that was not used in model training. The process goes on k times with a specific 

fold kept aside (not included in the training) for evaluation (Vehtari et al., 2017).  

2.13 Summary  

The biological theory described in the literature serves to provide the context for the study. This chapter 

of the literature illustrates the biological background for medicinal plants and their health and economical 

benefits. Medicinal plants are known to be the source of secondary metabolites, and many of these 

secondary metabolites (SM) are used by humans for flavoring, medicinal and recreational purposes. 

Many SM are known to exhibit antioxidant, antimicrobial, anticoagulant, anti-inflammatory, antidiabetic, 

anthelminthic and lipid-lowering properties (Kaul et al., 2017). Four classes (Terpenoids, Alkaloids, 

Phenolics, and Glycosides) of SM are studied and it was shown that these secondary metabolite classes 

lead to the production of polyphenols. Four classes (Flavonoids, Phenolic Acids, Lignans, and Stilbenes) 

of polyphenols are then explored to further understand the effect of polyphenols. Different studies have 

reported the effects of polyphenols on human health and their ability to treat many diseases (Clauss et 

al., 2017; Wang et al., 2014; Goetz et al., 2016). 

Chalcone synthase or naringenin-chalcone synthase (CHS) has been shown to be a key enzyme in the 

family of type III polyketide synthase enzymes (PKS) (Shimizu et al., 2017). CHS catalyzes the reaction 

3 malonyl-CoA + 4-coumaroyl-CoA = 4 CoA +naringenin chalcone + 3 CO2 and possess a broad 

spectrum of interesting biological activities such as insecticidal, antioxidative, antibacterial, antiulcer, 

anticancer, amoebicidal, anthelmintic, antifungal, antitumor, antiprotozoal, antiviral and anti-

inflammatory properties (Sun et al., 2015; Gill et al., 2017; Ibdah et al., 2017; Ratnam et al., 2017).  

As CHS has been well studied, we therefore use it as an exploratory proof of concept SM gene involved 

in polyphenol production for our computational analysis.  In the case that our computational models are 

accurate in identifying chalcone synthase, this will have longer term benefits to society, as these models 

can be used to learn more about genes involved in medicinal compounds.   

The mathematic statistical analysis methods are explained as they key focus of the study. Different 

bioinformatic studies have shown and attempted to analyse biological data and understand the inferential 

relationship in the biological data. Mathematic statistical approaches have been applied in many 

biological studies as seen in this section.  

Goodness of fit or Chi-square has been used as a statistical model evaluation that can, in the context of 

model selection, examine the accuracy of the association between categorical variables within a dataset 

(D'Agostino, 2017). On the other hand, ANOVA test compared the means of a condition between two 

classes. Similar to chi-square, ANOVA was an omnibus test which reviews the dataset as a whole. 

However, the ANOVA test and chi-square do not identify where the difference is between the classes. 

To locate these differences in relationship between the classes, a post-hoc test can then be conducted. 
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The literature review also highlighted some of the studies that have used machine learning classification 

models to classify biological contents, and conducted an in-depth investigation of different machine 

learning models used in bioinformatics studies. Supervised classification models have proven to be of 

great efficiency in addressing different research problems in bioinformatics. Once these models have 

been built, model evaluation metrics can be used to determine how well a learned model classifies the 

output based on a new (unknown) dataset (Menden et al., 2013; Leung et al., 2014). 

This literature review describes the underlying biological theory and outlines they key computational 

practices that will be used to address this study’s research questions.  It has also served to highlight the 

multiple disciplines that are involved in bioinformatics generally, in particular, giving insight to which 

methods we can use to address our research problem.  
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Chapter Three: Research Process 

3.1 Contributions  

The main contribution of this chapter is to outline best practice and data science techniques that were 

used in this study. These methods are particularly effective in addressing bioinformatics dataset 

challenges and are appropriate in their application to machine learning and statistical analysis. In this 

chapter, a novel computational pipeline figure 3.1 is presented that encompasses all of the processes 

involved in this study, from collecting real-world bioinformatics datasets and preparing them, to 

building machine learning classifiers and statistical models.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 3. 1 Data Science Computational Pipeline 
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3.2 Introduction  

The work described in the following sections of chapter 3 discusses the steps involved in each part of the 

computational pipeline. Section 3.3 on Data Collection includes a description of the data collection 

process. Section 3.4 on Data Preparation includes the steps that were conducted to ready the data for 

analysis and includes data integration, data cleaning, data transformation, creation of a baseline database, 

feature engineering, data standardisation, feature selection, experimental datasets, and data quality. 

Section 3.5 on Data Analysis includes the data visualization processes that were conducted, statistical 

analysis, and machine learning classification models that were used in the study. 

Methods Motivation for exploratory Proof of Concept on Secondary 
Metabolite genes 

 

3.3 Data Collection 

One of the largest repositories of protein sequence data is UniProtKB, which is an open access database 

with large amounts of information derived from research literature. The first step was the identification 

of one specific enzyme known as chalcone synthase. The identification of the N-terminus and C-terminus 

domains (pf02797 and pf00195) of chalcone synthase was obtained from the Protein family (Pfam) 

website: http://pfam.xfam.org/family/.   To perform supervised binary classification on machine learning 

classifiers, reviewed chalcone synthases (RCHS)—protein sequences with known chalcone synthase 

catalytic activities—were obtained by searching the Swiss-Prot section of UniProtKB using the advanced 

search options with the terms: 

Terms Options 
All Pf02797 and Pf00195 (Chalcone  synthase domains) 

Taxonomy [OC] Viridiplantae 

Reviewed>Unreviewed  Reviewed>Unreviewed 

 

Subsequently, only the enzymes that catalyze the reaction 3 malonyl-CoA + 4-coumaroyl-CoA = 4 CoA 

+naringenin chalcone + 3 CO2 (i.e. chalcone synthase catalytic activity) were selected. 130 RCHS protein 

sequences (enzymes) were collected and constituted the “true positive set” of the dataset.  The “true 

negative set” (not chalcone synthase (NCHS)) constituted of 130 reviewed protein sequences with known 

catalytic activities other than RCHS’s catalytic activities. These protein sequences were gathered by 

conducting two different searches.  

The first search of the Swiss-Prot section of UniProtKB used the same advanced search options as above 

with the terms:  

Terms Options 
Family and Domains > Protein family  chalcone stilbene synthases family 

Taxonomy [OC] Viridiplantae 

Reviewed  Reviewed 
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This search retrieved 69 reviewed protein sequences that were confirmed to be non-chalcone synthase 

(NCHS). 

The second search scanned the Uniref100 section of UniProtKB using the advanced search options with 

the terms:  

Terms Option 
UniProt: family  chalcone stilbene synthases family 

Taxonomy [OC] Viridiplantae 

Reviewed 

Identity  

Reviewed 

1.0 

 

61 reviewed protein sequences that were confirmed to be non-chalcone synthase (NCHS) were gathered 

from the 198 clusters found in Uniref100.  

The 2961 unreviewed chalcone synthases (UCHS) that were used in this study were downloaded from 

the TREMBL section of the UniProtKB using the same advanced search terms as RCHS. For these 

enzymes, the catalytic activity was unknown. However, to avoid class imbalances, 130 UCHS were 

randomly selected to constitute the UCHS class. 

These three classes—reviewed chalcone synthase (RCHS) , reviewed non-chalcone synthase (NCHS) 

and unreviewed chalcone synthase (UCHS)—each with 130 sequences, constituted the balanced 

experimental datasets from which supervised multiclassification on machine learning classifiers and 

statistical analysis were performed.  

3.4 Data Preparation 

3.4.1 Materials (Software and Hardware Specifications) 

These software and hardware specifications were used for the implementation of the data preparation 

and data analysis. 

• Dell Computer, Intel CORE i5 7th Gen CPU @ 2.50CHz x 4, 8 GiB, 64-bit  

• x86_64 – Machine architecture 

• x86_64 – Processor architecture 

• x86_64 – Operating system architecture 

• GNU or Linux – Operating system 

• Linux 4.15.0-29-generic (buildd@lcy01-amd64-024) (gcc version 5.4.0 20160609 (Ubuntu 

5.4.0-6ubuntu1~16.04.10))  

• Linux Kernel 4.15.0.29 (PC operating system) 

• Anaconda: A data science Python distribution pre-loaded with all the most popular libraries and 

tools. Some of the biggest Python libraries wrapped up in Anaconda include NumPy, Pandas 

and Matplotlib, though the full list is over 1000 packages. 

• Jupyter Notebooks (www.jupyter.org): Open source web application installed in Anaconda that 

allows for creation and sharing of live coding. 
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• Jupyter kernel: A dependency of Jupyter Notebook, which is responsible for handling various 

types of request (code execution, code completions, inspection), and providing a reply. 

• Python 3.6.1 | Anaconda 4.4.0 (64 bit) | Gcc 4.4.7 20120313 (Red Hat 4.4.7-1)  

3.4.2 Data Integration  

During data collection, the data of each class (RCHS, NCHS, UCHS) was downloaded separately in 

Microsoft Excel, and then integrated into one worksheet. This file was then transformed into a CSV file 

to form datasets for supervised binary classifications (RCHS and NCHS), supervised multiclassification 

and statistical models (RCHS, NCHS, and UCHS). 

3.4.3 Data Cleaning 

To address data noise, which may result from the presence of ambiguous amino acid letters or non-

alphabetical characters ({, }, ‘,”,/, * etc.), a Python script was written to check each protein sequence and 

remove any unnecessary characters. To ensure correct input data logging and avoid random error and 

attribute noise during subsequent analyses, Python scripts were written that verified correct classification 

of the sequences into the three defined classes (RCHS, NCHS and UCHS). The completeness of sequence 

numbers and sequence labelling was also checked. The data cleaning pseudocode is explained further in 

Chapter 4, and the full code is available in Appendix B. 

3.4.4 Data Transformation and Feature Engineering 

Data transformation and feature engineering were performed simultaneously, with a view to transforming 

protein sequences into distinctive properties of input patterns (features) that addresses the issue of protein 

sequence length. The features were engineered in order to address sequence length and to convert protein 

sequences, which are categorical data, into numerical data. This contributed to converting the data into a 

format that is more conducive for feature engineering in machine learning and statistical analysis. Three 

novel feature sets were developed by writing Python scripts with Biopython libraries to engineer these 

feature sets: 

1. Frequency-based features 

2. Value-based features 

3. Amino acid relative frequency feature 

The first feature set (Frequency-based features) includes four features which were extracted from the 

protein sequences through the identification of the amino acids involved in: Aromaticity, Beta-Sheet, 

Alpha-Helix and Turn.   

The second feature set (Value-based features), which was derived from specific amino acids as well, 

include: Entropy, Protein-Stability, Protein-GRAVY, and Protein-Isoelectric-Point. 

The third feature set (Amino acid relative frequency feature) consists of the twenty amino acids. That is, 

each amino acid is defined as unique feature, and its empirical frequency is then calculated.  

The rationale and explanation of these three feature sets is explained further in Chapter 4, see Section 

4.2. The pseudocode for engineering these three feature sets is also presented in Chapter 4, and the full 

code is available in Appendix B. 
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 3.4.5 Baseline Dataset 

The three transformed feature datasets, along with the original raw datasets that were captured directly 

from various sections of UniProtKB, make up the baseline dataset. This dataset was compiled and saved 

as a Microsoft Excel workbook to ensure that all of the data collected for this study, and their derivative 

datasets, are preserved and made available for future study. The complete baseline dataset is available in 

Appendix B. 

3.4.6 Data Standardisation 

Data standardisation, since the frequency-based feature set and the amino acid relative frequency  

feature set are both proportional features, whereas the value-based feature set is value based,  the features 

were standardised to center the data values around 0 using the standardisation mathematical formula : 

 

 

Where xnew is the standardised new dataset, x the observation in the old dataset, µ is the mean of old the 

dataset and sigma the standard deviation of the old dataset. 

3.4.7 Feature Selection  

To address the significance level of features among the engineered features of two sets (frequency-based 

feature and value-based feature), different feature selection techniques were used to rank these features 

based on their predictive significance.  Feature selection is also implemented in this study to counter high 

dimensionality that biological datasets present and to find a ‘minimum relevant feature’ from these two 

feature sets to enter the model.  

Different mathematical and statistical techniques used during the implementation of feature selection 

include:  

• Principal Component Analysis (PCA): Used to compute the feature dataset and produce two 

principal components that are used to build the models. 

• Scatterplot Matrix and Spearman’s Correlation Matrix: Used to pinpoint the correlation scores 

between features. 

• Analysis of Variance (ANOVA): Computes the degree of linear dependency between two random 

features. 

• Mutual Information (MI): Used to capture any kind of statistical dependency between features. 

• Stats Test Standard Deviation (Std): Used to select feature relevance based on Std score. 

• Histogram Technique: Used to select features based on their frequency and distributions. 

• Chi-square: Used to select features with the highest values of the Chi-squared statistical test. 

• Random Forest and Forest of Trees:  Used to evaluate the significance of each of the features 

through a classification task. 

More on the feature selection methods is found in chapters four and five. 
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3.4.8 Experimental Data Quality 

To provide a measurement for data quality, Area Under the Curve (AUC) was calculated for each dataset 

using the numbers of sequences per class. To ensure a unique scalability of the engineered features in 

these datasets, data standardisation was conducted. Lastly, to ensure data fitness, the data collection 

(Section 3.3) and data preparation steps (Section 3.4) contributed to data quality in terms of accuracy, 

completeness, consistency, integrity, reasonability, timeliness, uniqueness, validity, and accessibility. 

3.5 Data Analysis 

3.5.1 Data Visualisation  

Mathematical and statistical computational methods were used in this study to visualise the datasets and 

their features in such a way that information, analytics, patterns, trends and correlations could be clearly 

demonstrated, and include: 

• t-distributed Stochastic Neighbor Embedding (TSNE) 

• Principal Component Analysis (PCA) 

• Regression Analysis (RA) 

• Mutual Information (MI) 

• Anova (F-test)  

• Boxplot 

• Histogram 

• Forest of Trees 

• Scatterplot and Spearman’s Correlation 

3.5.2 Supervised Machine Learning Classifiers 

The supervised classifiers built in this study are dependent on the same data collection and data 

preparation fundamentals cited in the above Sections 3.3 and 3.4. Eight supervised classification models 

(Binary and multiclassification algorithms) were implemented in this study, which were all referenced in 

the literature review in Chapter 2: Logistic Regression (LR), Decision Tree (DT), Random Forest with 

100 trees (RF100), Support Vector Machine (SVM), K-Nearest Neighbor (KNN), Naïve Bayes (NB), 

Single Perceptron (SLP), and Multilayer Perceptron (MLP). These supervised classifiers were chosen 

due to their prevalence in the literature.  

Further rationales and descriptions of the implementation of these above methods, procedures, and 

features are illustrated in more detail in Chapters 6.  

3.5.3 Statistical Analysis  

Data collection (Section 3.3) and data preparation (Section 3.4), also serve as fundamentals of the 

statistical analysis conducted in this study. Five mathematic statistical techniques: one-way analysis of 

variance (ANOVA), Tukey's range test, Chi-square test, post hoc test Bonferroni, and Boxplot were 

implemented in this study.  The assumptions and formulas of these techniques are elaborated in Chapter 

7.  
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3.6 Limitations of the study  

The main limitations of the study are laid out below. 

• Sample size – our sample size is made up of 390 protein sequences, because only 130 Reviewed 

Chalcone Synthase (RCHS) and 130 reviewed Not Chalcone Synthase could be properly 

identified as true positive and true negative datasets respectively. To ensure that all of the datasets 

were balanced, 130 sequences from a batch of 2961 Unreviewed Chalcone Synthase were selected 

at random. The total sample size of 390 sequences may not be considered a large enough sample 

size to ensure a representative distribution of the plant enzyme population, given that the total 

population size of plant enzymes is unknown. This study therefore presents an exploratory proof 

of concept model.  We suggest that future studies could be conducted with a larger sample size 

of true positive and true negative data if they become available, to explore what further significant 

relationships from the data could be found. 

• Lack of prior research studies on the topic – various studies have served as the basis of the 

literature review and while these studies may form the foundation for framing the research 

problem under investigation, a study on data science techniques (machine learning and 

computational statistical models) mining chalcone synthase has not been previously reported (to 

our knowledge). Therefore, we present an exploratory rather than an explanatory proof of concept 

research design.   
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Chapter Four:  Feature Engineering – Implementation and Result 

4. Introduction 

This chapter discusses the data collection processes implemented in the current study. A proof of concept 

for data transformation in combined with feature engineering techniques is presented. Data 

transformation, which results in engineered features, while tedious, is essential for building a statistical 

or machine learning model, particularly in cases of protein sequence analysis tasks (Qu, Yu, Gong, Xu, 

& Lee, 2017).  Choosing appropriate data transformation techniques can assist in accelerate the mining 

and analysis of bioinformatics datasets (Qu et al., 2017; Angermueller et al., 2016). 

4.1 Data Collection  

Section 3.3 in Chapter 3 showed the steps that were followed to collect all of the datasets for Reviewed 

Chalcone Synthase (RCHS), Not Chalcone Synthase (NCHS), and Unreviewed Chalcone Synthase 

(UCHS) protein sequences.   

To construct proof of concept binary classification models, the true positive dataset (RCHS) consisting 

of 130 curated protein sequences with known chalcone synthase catalytic activities (3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin chalcone + 3 CO2. 130) was used in combination with the true 

negative dataset. The true negative dataset (NCHS) consisted of 130 different curated plant protein 

sequences confirmed to not exhibit any chalcone synthase catalytic activity, as can be seen in figure 4.1. 

To construct proof of concept multi classification models and statistical models, the same true positive 

and true negative datasets were used. The third dataset was constructed from Unreviewed Chalcone 

Synthase (UCHS) and consisted of 130 non-curated protein sequences (with unknown chalcone synthase 

activities) selected at random from a set of 2961 protein sequences.  

4.1.1  Plant Protein Sequence Data Resources  

As mentioned in Chapter 3, Section 3.3, the data for this study was collected from  UniProtKB, an open 

access database of protein sequence data curated from various studies. Data on plant protein sequences 

was collected from the following UniProtKB database sections:  

   

Table 4.1 provides a summary of the various UniProtKB database sections that were used, along with 

direct hyperlinks. 
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Table 4. 1 Data Collection Resources 

UniProtKB Database Section Description 

  . 

Swiss-Prot Manually annotated. Records with information 

extracted from literature and curator-evaluated 

computational analysis.  

database section stores manually curated 

(reviewed) protein sequences. 

https://www.uniprot.org/uniprot/ 

 

TREMBL 

 

 

UniRef100  

Computationally analyzed 

Records that await full manual annotation.  

database section stores non-curated 

(unreviewed) protein sequences. 

https://www.uniprot.org/uniprot/ 

combines identical sequences and sub-fragments 

with 11 or more residues from any organism into 

a single UniRef entry. 

database section stores both reviewed and 

unreviewed protein sequences 

https://www.uniprot.org/uniref 

 

 

A preview of the raw datasets (taken from the true negative, Not Chalcone Synthase dataset) can be seen 

above, in figure 4.1. The column ‘Length’ indicates the number of amino acids present in each protein 

sequence. Here, we note the significant differences in the length of the protein sequences, which can pose 

challenges for handling the data (Qu et al., 2017; Angermueller et al., 2016). To address the challenge 

that presented by the difference in sequence length of each protein sequence, data transformation and 

feature engineering techniques were applied to resolve the discrepancies in sequence lengths (Qu et al., 

2017; Angermueller et al., 2016). The column ‘Status’ indicates whether the sequences were manually 

curated (reviewed).  The column ‘Sequence shows the entries of different protein sequences that 

constitute the various genes from each dataset. The column ‘Catalytic activity’ shows the enzyme 

reactions that the protein sequences catalyze. The column ‘Entry’ simply presents the unique identifier 

of each row entry in UniProtKB. The column ‘Protein names’ shows the names of each protein sequence, 

and the ‘Gene names’ column shows the name of each gene. Finally, the column ‘Organism’ shows the 

name of the plant organism from which the proteins originate. Each of these dataset attributes is also 

included in both the true positive dataset (Reviewed Chalcone Synthase) and the Unreviewed Chalcone 

Synthase dataset as seen in Appendix B. 

 

 

 

 

http://etd.uwc.ac.za/

https://www.uniprot.org/uniprot/
https://www.uniprot.org/uniprot/
https://www.uniprot.org/uniref


51 

 

 

 

 

 

 

 

 

 

 

 

 

All datasets used in the construction of our proof of concept models were downloaded from these sections 

of UniProtKB as explained in Section 3.3, in 2018. More information on all three protein sequence 

datasets (RCHS, NCHS, and UCHS) are found in Appendix B. 

4.2 Data Preparation Implementation and Discussion  

4.2.1 Data Integration  

 Three classes of RCHS, NCHS, UCHS, each made of 130 sequences, constituted our balanced sample 

size. To build binary classification models, the true positive (RCHS) and true negative (NCHS) datasets 

were integrated to form one dataset. To build the multiclassification and statistical models, all three 

datasets were integrated to form one dataset, as illustrated in figure 4.2. 

 

 

 

 

 

 

Two datasets (binary class and multiclass) were therefore produced and used for the analysis in the 

current study. 

Figure 4. 2 Integration of Three classes for Model's building 

Figure 4. 1 Data Collection-- Different curated plant protein sequences not having any chalcone synthase catalytic activity (True Negative control 

set), Excel compilation derived from information from the database 
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4.2.2 Data Cleaning Implementation 

Cleaning of datasets was performed by implementing cleaning steps on the multiclass dataset, followed 

by deriving the binary class from this, as all classes were included in the multiclass dataset. This was 

performed so that each of the two datasets would not have to be cleaned individually as, depicted in figure 

4.2. 

The Python pseudocode below shows the implementation of the data cleaning process as explained in 

Section 3.4.3. The prerequisite Biopython libraries are very important, as they speed up the process of 

writing code by providing API, libraries and functions.  

 

 

 

 

 

 

 

 

 

 

 

4.2.3 Data Transformation and Feature Engineering Implementation and Discussion 

This section discusses the implementation of data transformation and feature engineering, as referenced 

in Section 3.4.4 of Chapter 3, to address sequence length and high dimensionality of the datasets, and to 

engineer features by converting protein sequences into numerical data (Libbrecht & Noble, 2015). 

The objective for the data transformation and feature engineering implemented in this study was to enable 

transformation of a set of sequences into a set of engineered features (Libbrecht & Noble, 2015). The 

raw datasets are used as an input into the feature engineering model with the resulting output being 

transformed data that is presented as the engineered features (Figure 4.4). The three feature sets that were 

developed in this study are explained further below.  

 

 

 

# PREREQUISITES:   
import csv 

import sequtils 

import sys  

from Bio.SeqUtils.ProtParam import ProteinAnalysis, ProtParamData, IsoelectricPoint   

from Bio.Seq import Seq,  

from Bio.Alphabet import IUPAC  

from Bio.Data import IUPACData  

 

# CLEANING 

Function to check (sequence, Amino_Acids = "MVATGSLDQRPNCEFHIKWY"): 

    for AminoAcids in sequence: 

        AminoAcids = AminoAcids.rstrip().remove('any letters and characters not in Amino_Acids') 

        if AminoAcids not in AminoAcids: 

            print(AminoAcids),and return False and True 

# INPUT            
Open the dataset as csv file 

with open('path input file') as csvfile: 

    Protein Sequence = csv.DictReader(csvfile) 

    for row in  Protein sequence: 

dataset = Call the check function((row['Amino_Acid_Sequence']))  

       Cleaned_protein_sequences = ProteinAnalysis(dataset) 

 #OUTPUT 
Write the output of the program as an csv (tab delimited) via stdout 

 

# close the current CSV file  
  FILE_HANDLE.close() 
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In light of the shortcomings of feature engineering methods identified from previous studies, elaborated 

in Sections 2.12.3 and 2.12.3.1 of the literature review: data conversion, which results in feature 

engineering, is very tedious work but essential for building a statistical or machine learning model in 

most cases of protein sequence classification tasks.   Different methods, such as n-gram approaches, 

physiochemical properties-based extraction approaches, and homology-based approaches, have been 

introduced in previous studies. Even though these methods work well in many cases, their resource-

intensive nature poses a practical challenge.  

Three computational approaches on protein sequence data transformation are proposed as exploratory 

proof of concept for feature engineering: 

1. Frequency-based features 

2. Value-based features 

3. Amino acid relative frequency feature 

The features sets were computationally calculated using the Biopython libraries. The documentation with 

all necessary resources can be found at: https://biopython.org/wiki/Documentation  

and  http://biopython.org/DIST/docs/api/Bio.SeqUtils.ProtParam.ProteinAnalysis-class.html.  

A brief description of pseudocode to engineer the features is presented in the box below. Feature 

engineering is performed with the assumption that data cleaning has been conducted. 

 

 

 

 

 

 

 

 

 

Input 

dataset 

Computational 

process 

Output 

dataset 

Set of 

Sequences  

Raw dataset 

Data 

transformation 

and feature 

engineering 

Engineered  

feature sets -- 

Transformed 

dataset 

Figure 4. 3 Data transformation and Feature engineering process 
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The First Feature Set 

The first feature set (Frequency-based features) includes four engineered features from the protein 

sequence amino acids that, according to biological literature, are known to be involved in Aromaticity, 

Sheet, Helix, and Turn. It is to be noted that the engineered features (i.e., regular structures; beta-sheet, 

alpha-helix, Turn) are not meant to reflect their exact biological realities (secondary structures).  Rather, 

the features were engineered solely based on the presence of Amino Acids that are known to be involved 

in these biological properties, without considering the position or the sequencing of the Amino Acids 

within the protein. This approach served to segment different amino acids into computational features 

intended to be non-redundant and statistically informative (Zhou and Troyanskaya, 2015). It can be noted 

that mathematically, the relative frequency of these amino acids involved in these biological properties 

can be segmented from each sequence, hence, the name frequency-based features.   By doing so we can 

prevent the model logic from skewing and influencing the accuracy of the statistical or machine learning 

models (Khalid et al., 2014).  

 

# PREREQUISITES:   
import csv 

import sequtils 

import sys  

from Bio.SeqUtils.ProtParam import ProteinAnalysis, ProtParamData, 

IsoelectricPoint   

from Bio.Seq import Seq,  

from Bio.Alphabet import IUPAC  

from Bio.Data import IUPACData  

 

# CLEANING 

All cleaning steps are executed 

# INPUT             
Open the dataset as csv file 

with open('path input file') as csvfile: 

    Protein Sequence = csv.DictReader(csvfile) 

    for row in  Protein sequence: 

dataset = Call the check function((row['Amino_Acid_Sequence']))  

       Cleaned_protein_sequences = ProteinAnalysis(dataset) 

# ENGINEERED FEATURES 
Frequency-based features : From Cleaned_protein_sequences 

compute(Aromaticity(), Beta-Sheet(), Alpha-Helix(), Turn(), using built-

in functions from the # PREREQUISITES.  

Amino acid relative-frequency feature : From Cleaned_protein_sequences 

compute relative frequency of (M,V,A,T,G,S,L,D,Q,R,P,N,C,E,F,H,I,K,W,Y) 

by getting amino acids percent using the # PREREQUISITES  

Value-based features: From Cleaned_protein_sequences compute(Protein-

Molecular-Weight(), Entropy(), Protein-Stability(), Protein-GRAVY(), and 

Protein-Isoelectric-Point()) using built-in functions from the # 

PREREQUISITES.  

 #OUTPUT 
Write the output of the program as an csv (tab delimited) via stdout 

The columns outputted as follows: 

 

 Frequency-based features : AromaFeature | AlHydroFeature | SulphFeature 

| AcidicFeature | BasicFeature | BetaFeature | AlphaFeature | 

TurnFeature | and AliphaticFeature 

Amino acid relative-frequency feature : 

M|V|A|T|G|S|L|D|Q|R|P|N|C|E|F|H|I|K|W|Y| 

Value-based features : | Entropy_Feature |Protein-

Stability_Feature|Protein-GRAVY_Feature | Isoelectric-Point_Feature 

# Close the current CSV file  
FILE_HANDLE.close() 
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 Table 4. 2 First Set of Features  --Frequency-based features 

 

 

 

 

The Second Feature Set 

The second feature set (Value-based features), was engineered by computing the numerical value of four 

protein features, which are not directly derived from specific amino acids. These protein features include: 

Entropy, Protein-Stability, Protein-GRAVY, and Protein-Isoelectric-Point.  

Entropy is associated with the number of conformations of a molecule. Protein stability refers to the 

thermodynamic stability of a protein, often in terms of whether the protein is in its native, folded state, 

or its unfolded state. Protein-GRAVY is a calculation of the grand average of hydropathy of a protein 

sequence, and the protein-isoelectric point is the pH at which the net electrical charge of protein is neutral.  

Isoelectric point same with GRAVY is a measure of hydrophobicity in a protein and is related to the 

amino acids and their properties. 

All of these features represent specific biological properties of the protein sequences, each of which hold 

a numerical value. These value-based features were computationally computed from each protein 

sequence using the Biopython methods.  

Table 4.3 below lists the four functions and the feature names that were used to label each feature. 

 

Table 4. 3 Second Set of Features --Value-based features 

Biological Properties Name of Engineered Features 

Entropy  Entropy_Feature 

Protein Stability Protein Stability_Feature  Calculate the instability index according 

to Guruprasad et al 1990. 

Protein GRAVY Protein GRAVY_Feature  Calculate the gravy according to Kyte and 

Doolittle, 1982. 

Protein Isoelectric point Isoelectric point_Feature 

These value-based features were computationally computed on each protein sequence using the 

Biopython methods.  

A synopsis of the two feature sets (Frequency-based features, and Value-based features), were integrated 

to form one dataset with all eight features (AromaFeature, Portein_Gravy_Feature, 

Isoelectric_Point_Feature, Protein_Stability_Feature, HeliFeature, TurFeature, SheeFeature, 

Entropy_Feature) which can be seen in figure 4.5.  

 

Biological 

Properties 

Amino Acids Present  

 (their Alphabets) 

Name of Engineered Features 

Aromaticity FWY 
AromaFeature  Calculate the 

aromaticity according to Lobry, 1994. 

Alpha-Helix VIYFWL 
HeliFeature 

Turn NPGS TurFeature 

Beta-Sheet EMAL 
SheeFeature 
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The Third Feature Set 

The third feature set (Amino acid relative frequency feature) is made up of the twenty amino acids.  and 

was engineered by computing the relative frequency of each amino acid in each protein sequence as seen 

in figure 4.6. 

Note: there are actually 22 amino acids. While the other two they are very rare, one of them occurs in Eukaryotes. 

“Selenocysteine (Sec) and pyrrolysine (Pyl) are rare amino acids that are cotranslationally inserted into proteins 

and known as the 21st and 22nd amino acids in the genetic code”. Our Python code checked for these two amino 

acids in the whole datasets and none of them were found. Hence we built the feature based on 20 amino acids. 

In this way, each of the twenty essential amino acids are engineered as a single feature. All twenty amino 

acids and their one letter codes are listed in Table 4.4. 

Table 4. 4 Twenty Amino Acids and their letter code 

Amino Acids 

One 

Letter 

Code 

Amino 

Acids 

One 

Letter 

Code 

 Alanine A glutamine Q 

Arginine R 
glutamic 

acid 
E 

 Cysteine C glycine G 

Lysine K histidine H 

Methionine M isoleucine I 

Phenylalanine  F leucine L 

Proline  P Serine  S 

Threonine  T tryptophan W 

Tyrosine  Y valine V 

aspartic acid D asparagine N 

Figure 4.6 shows a synopsis of the final result when a set of sequences are transformed into a set of amino 

acid relative frequency features. The complete dataset of the amino acid relative frequency features is 

included in Appendix B. 

Figure 4. 4 A synopsis of the 2 feature (Frequency-based feature and Value-based feature) 
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Each column above shows a distinct amino acid letter code, which represents an engineered feature. The 

frequency of each amino acid within a specific protein sequence is listed as a decimal value in the cells 

below. These twenty columns, representing all twenty amino acid letter codes, become the transformed 

dataset ready to be fed into machine learning and statistical models for data analysis. Each column 

represents a dimension of the transformed dataset. These engineered features are also used in data 

visualisation models such as PCA, and TSNE to visualise the behavior of the dataset.  

4.2.4 Baseline Database -- Data Transformation -- Feature Engineering Result and Discussion 

To ensure that the raw datasets and the transformed datasets, including all three of the feature sets, are 

reusable, a baseline database was set up to store all of the data. This baseline dataset ensures that the 

transformed data is preserved and can be used for future studies. This baseline dataset can be found in 

Appendix B. 

4.3 Summary   

This chapter presented processes related to the collection and preparation of the protein sequence 

datasets. In order to address sequence length, which poses a very difficult problem in the handling of 

bioinformatics data, different studies (Khalid et al., 2014; Zhou & Troyanskaya, 2015; Libbrecht & 

Noble, 2015) have explored using feature engineering techniques with protein and DNA sequences of 

different organisms and have been successful at converting these sequences into numerical data for 

machine learning and statistical analysis. This study took the same approach of data transformation to 

convert plant secondary metabolite genes (protein sequences) into numerical features.  Data 

transformation and feature engineering methods were applied to resolve the discrepancies in sequence 

length and to address the high dimensionality of the protein sequence data.   

Three feature sets were engineered based on the biological properties of the protein sequences. These 

features were computationally calculated using the Biopython libraries, which is available at: 

https://biopython.org/wiki/Documentation and 

http://biopython.org/DIST/docs/api/Bio.SeqUtils.ProtParam.ProteinAnalysis-class.html. 

Figure 4. 5 A synopsis of the 20 Amino Acid feature engineered 
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Feature engineering is a complicated and challenging process that requires in-depth literature review and 

intensive computational immersion. However, once the computational processes of engineering features 

are developed, these same processes can be used in future studies to engineer new features. 
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CHAPTER FIVE: Data Visualisation and Feature Selection Techniques 

5. Implementation and Results  

5.1 Introduction  

This chapter discusses the use of data visualisation techniques use for inception of the dataset for feature 

selection and model building.  Data visualisation tools such as PCA and TSNE were used as proof of 

concept to observe the behaviour of the datasets (RCHS, NCHS, and UCHS). The chapter goes on to 

discuss different proof of concept feature selection techniques that are applied on the eight engineered 

features. 

Once the feature engineering phase was completed as seen in Chapter 4, the next step was to examine the 

eight features of the two feature sets, frequency-based and value-based features:  

• AromaFeature  

• Protein_Gravy_Feature  

• Isoelectric_Point_Feature  

• Protein_Stability_Feature  

• HeliFeature 

• TurFeature 

• SheeFeature  

• Entropy_Feature 

To ensure uniform treatment among these eight features, data standardisation techniques were first 

applied on all eight features to center the features’ values around zero, as described in Section 3.4.6. This 

was implemented using the Python pseudocode described below. 

  

 

 

 

 

 

 

 

 

The statistical significance level of these eight features was then measured to determine which features 

should be selected to enter the model. The statistical analysis revealed that all of the above eight features 

# PREREQUISITES:  
From sklearn import preprocessing 

import Pandas as pd  

# INPUT            
Open the datasetFeature as csv file 

     Get column names first 

ColumNames = datasetFeature.columns 

      Create the Scaler object to hold the standardised       

datasetFeature: 

ScalerObject = preprocessing.StandardScaler() 

      We then fit the data on the Scaler object 

Standardised_datasetFeature = scaler.fit_tranform(datasetFeature) 

Standardised_datasetFeature = pd.Dataframe(Standardised_datasetFeature, 

columns =names) 

 #OUTPUT 
Write the output of the program as an csv (tab delimited) via stdout 

# close the current CSV file  
  FILE_HANDLE.close() 
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were significant. These eight features are henceforth referred to as the “eight significant features matrix 

(8SFM)” throughout the remaining sections of the document.  

The third feature set, amino acid relative frequency, is referred to as twenty relative frequency feature 

matrix (20RFFM) in the remaining sections of the thesis. Based on the fact that each amino acid is 

nominal categorical data, this implied that the twenty amino acid relative frequency features are discrete 

categories which do not overlap. Based on this statistical understanding of this feature set’s data type, 

feature selection was not performed on this third feature set (Amino acid relative frequency feature).  

The diagram below illustrates the various data visualization techniques that were applied to each of the 

feature sets. These applications are discussed in detail in the following sections.  

 

 

 

 

 

 

 

 

This chapter is organised as follows: Section 5.2 outlines the contribution of this chapter, Section 5.3 

presents Principal Component Analysis (PCA), Section 5.4 presents t-Distributed Stochastic Neighbour 

Embedding (TSNE), Section 5.5 outlines data visualisation for feature selection techniques, and lastly 

Section 5.6 presents the summary. 

5.2 Contribution  

This chapter provides an exploratory proof of concept approach to visualising secondary metabolite gene 

datasets and engineered features for feature selection. It provides a visual understanding of the data and 

the features that were engineered in Chapter 4 (Frequency-based features and Value-based features) using 

different feature selection techniques.  

  

5.3 Principal Component Analysis on 20RFFM  

The third feature set, referred to as twenty relative frequency feature matrix (20RFFM) dataset, was run 

through PCA using sklearn.decomposition.  Principal Component Analysis (PCA) is used as a statistical 

approach to identify patterns in the dataset in such a way as to highlight differences and similarities in 

the data (Sochor et al, 2011; Buettner et al., 2015; Anders et al., 2015). 

8SFM dataset with 3 classes 
(RCHS, NCHS, UCHS) 

Feature Selection Techniques 

(Random Forest, Forest of Trees, 

Spearman’s Rank, Scatterplot 

matrix, F-test, MI) 

20RFFM dataset with 3 

classes (RCHS, NCHS, 

UCHS) 

PCA, TSNE, and PCA-

TSNE 

20RFFM dataset with 2 
classes (RCHS, NCHS) 

PCA 

Types of Datasets 

Algorithms 

Figure 5. 1 Graphical representation of Chapter 5 contents 
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The 20RFFM dataset consisted of the three classes, RCHS, NCHS, and UCHS, which are indicated in 

red, green, and blue respectively, as seen in figure 5.2.  The three classes are projected onto the first two 

principal components (pca-one and pca-two), to visualise the behaviour of these three classes (of 

secondary metabolite genes) in terms of their differences and similarities. The visualisation shows that 

the NCHS class (in green) is scattered across the graph, whereas RCHS (in red) and UCHS (in blue) tend 

to cluster together around a concentrated area within the graph. This clustering of RCHS and UCHS 

indicates that these two classes (may) have similar properties (Sochor et al., 2011). This quantitative 

information (finding) is important in demonstrating how RCHS and UCHS classes (may) possess very 

similar biological functionalities (i.e., catalytic activity). Although the RCHS class is made of 

experimentally reviewed chalcone synthase (meaning that their catalytic activity is known), and that the 

UCHS class is made of non-experimentally reviewed chalcone synthase (meaning that their catalytic 

activity is unknown), PCA’s result suggests that these two classes’ similarities are more than their 

differences.  Whereas, the NCHS class’s difference is more noticeable and shows that it has very little 

similarities either with RCHS or UCHS. 

Furthermore, this PCA computational result suggests that the UCHS and RCHS protein sequences could 

potentially yield similar statistical inferences.  

We then plotted the 20RFFM dataset using only two classes, RCHS and NCHS, which can be seen from 

figure 5.3. In this representation, the NCHS (blue data point) class presents the same behaviour as in 

figure 5.2, where it is scattered across the area of the graph. The RCHS (red data points), on the other 

hand, tends to cluster in one area of the graph. An explanation for this behaviour could lie in the fact that 

the RCHS class is made up of same enzyme, chalcone synthase. The RCHS clustering is therefore a 

representation of how similar and identical these enzyme sequences’ properties are.  On the other hand 

the NCHS class is made up of different enzymes, hence the scattered behaviour of the NCHS data points 

in this visualisation. 

Figure 5. 2 First and Second Principal Components of PCA on RCHS, UCHS, and NCHS  

coloured by Target 
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Since PCA is a dimensionality reduction tool, it is important to determine the extent to which the data is 

fully represented using these two components (pca-one and pca-two). A stairs plot graph was therefore 

plotted, based on the PCA singular values. 

  

 

 

 

 

 

 

The X-axis presents the singular values (principal components), and the Y-axis presents the probability 

of representing the data by singular values. Figure 5.4 shows that PCA has produced three singular values, 

and that using one singular value incorporates almost 50% of the data, and two singular values 

incorporate almost 95% of the data. This assessment proved that the data was well represented by using 

those two principal components.  

5.4 t-Distributed Stochastic Neighbor Embedding on 20RFFM 

t-Distributed Stochastic Neighbour Embedding (TSNE) was another data visualisation technique 

performed to analyse the behaviour of the three classes (RCHS, NCHS, and UCHS). TSNE analysis 

makes use of a probability distribution neighbouring embedded formula, as explained in Section 2.12.6.2 

of the literature review. TSNE is a nonlinear dimensionality reduction technique that can transfer a high-

dimensional dataset into a low-dimensional space (2D) for visualisation, in such a way that similar data 

Figure 5. 4 Principal Component's Steps, indicating that two pca component 

can represent more than 95% of the data 

Figure 5. 3 First and Second Principal Components of PCA on RCHS, and NCHS 

 coloured by Target 
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points are modelled by nearby objects and unrelated data points are modelled by distant objects with high 

probability (Van der Maaten & Hinton, 2008). 

 

 

 

 

 

 

 

 

 

TSNE was computed using Python sklearn.manifold libraries to analyse the RCHS (navy blue data 

points), NCHS (blue data points), and UCHS (light blue data points) datasets. TSNE struggled to clearly 

differentiate the behaviour of the three classes. One explanation may be the fact that the dataset is not 

sufficiently large enough for TSNE algorithm.  

In an attempt to get a clearer visualisation, PCA and TSNE were combined using the PCA output as the 

input for TSNE’s algorithm.   

 

 

 

 

 

 

 

 

 

Figure 5.6 shows the three distributions clustered by the three outlines (blue, black, yellow). Each cluster 

represents the potential distribution between the three classes (RCHS, NCHS, and UCHS). In this 

visualisation, the PCA-TSNE appears to have minimised the divergence between two distributions: the 

Chalcone 

Not chalcone 

Unreview Chalcone 

Figure 5. 5 TSNE with RCHS, NCHS, and UCHS coloured by target 

Figure 5. 6 TSNE-PCA  Analysis of the 3 Classes; RCHS, UCHS, UCHSC 
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first is the distribution that measured pairwise similarities of the classes and the second is the distribution 

that measured pairwise similarities of the corresponding low-dimensional data points of the three classes. 

However, even this approach PCA-TSNE, did not really do justice in differentiating the behaviour of the 

three classes of the dataset. Another drawback of TSNE and TSNE-PCA is that the algorithms take up 

much memory, CPU power, and time, as table 5.1 presents. 

Table 5. 1 Computational cost of three dimensionality reduction algorithms 

Algorithms Elapsed Time 
Dataset (RCHS, NCHS, 

UCHS) 

PCA 0.36 seconds 20RFFM 

TSNE 3.12 seconds 20RFFM 

PCA-TSNE 55.59 seconds 20RFFM 

 

TSNE and PCA-TSNE algorithms are computationally heavy and therefore pose some serious limitations 

to the use of these techniques. Another important limitation lies in the fact that it was not possible to feed 

only two classes within the dataset (RCHS and NCHS) into TSNE or PCA-TSNE, as was done with PCA, 

due to the fact that the two combined classes did not constitute a sufficient dataset size for TSNE and 

PCA-TSNE.  

The PCA and TSNE were additionally run using the 8SFM, but the 20RFFM presented a much better 

result of these methods, and for the sake of a non-redundant study, only the performance of the 20RFFM 

is included here. The full code behind these algorithms is found in Appendix B. 

5.5 Data Visualisation for Computational Feature Selection on 8SFM 

Feature selection is of utmost importance to enhance the efficiency and improve the accuracy of 

supervised classifier algorithms as discussed in Section 2.12.4. Data visualisation was used in feature 

selection techniques to visualise the significance level of the eight features. As stated in the introduction 

section, and graphed in figure 5.1, all eight features from 8SFM dataset were examined. 

Feature selection techniques were implemented through Python data visualisation tools such as Pandas, 

Seaborn, Matplotlib and Scikit-learn feature selection libraries. The full codes of all of the below 

techniques are found in Appendix B. 

5.5.1 Feature Selection using Random Forest and Forest of Trees Techniques 

As stipulated in Chapter 2 of the literature review, Section 2.12.4, a threshold of 0.05 is set to evaluate 

the significance of each of the eight features through a classification task, using Forest of Trees and 

Random Forest.  Table 5.2 presents the ranking of the Random Forest feature selection technique against 

the Forest of Trees feature selection technique. It was observed that the four features of highest 

significance in each of these two techniques were similar.    
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Table 5. 2 Random Forest and Forest of Trees -- Features sorted by their score 

 

 

 

 

 

 

However, neither of these feature selection techniques rank any feature to be two to three times higher 

than any of the other features. For instance, the highest feature on both models is Protein Isoelectric 

Point. This feature accounts for sixteen percent (16%), whereas the least significant feature on both 

models is Protein stability and Sheet, each accounting for almost ten per cent (10%).  Furthermore, 

despite their rankings, all eight features are proven to be significant to the classification model, as their 

significance level is above 0.05, and therefore all are important for model classification model building. 

Figure 5.7 presents a visualisation of the Forest of Trees feature selection technique. The red bars indicate 

the significance level of the features (their inter-trees variability). As can be confirmed in the visual, the 

Forest of Trees ranked all eight features above 0.05 (default significance level). 

 

 

 

 

 

 

 

 

 

It should be noted that these feature measurements are made possible only after the model has been 

trained and the model is dependent on all the above features. As such, if the model is trained without 

Isoelectric_Point_Feature, for example, it does not drop the model performance by 16 %, for the simple 

reason that these features are independent of one another, and the 100 % significance level will be 

distributed among the remaining features.   

Random Forest Features and Scores Forest of Trees Features and Scores 

1.  Isoelectric_Point_Feature : 0.158025 1.  Isoelectric_Point_Feature : 0.165458 

2.  TurFeature : 0.150884 2.  AromaFeature : 0.153747 

3.  AromaFeature : 0.134756 3.  TurFeature : 0.140038 

4.  HeliFeature : 0.133901 4.  HeliFeature : 0.129198 

5.  Entropy_Feature : 0.114431 5.  Protein_Gravy_Feature : 0.111841 

6.  Protein_Gravy_Feature: 0.112555 6.  Entropy_Feature : 0.104701 

7.  Protein_Stability_Feature: 0.098784 7.  SheeFeature : 0.098235 

8.  SheeFeature : 0.096659 8.  Protein_Stability_Feature : 0.096782 
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Figure 5. 7 Forest of Trees Feature Selection Techniques 
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Random Forest and Forest of Trees are strong methods for feature selection. However, the disadvantage 

of these two cited feature selection techniques often lies in their data interpretation, especially where 

correlated features are concerned. Important features can end up with low scores and the methods can be 

biased toward features with many categories. This disadvantage does not apply in our case, as the features 

are not highly correlated. 

5.5.2 Spearman’s Rank correlation on 8SFM 

Further analysis to investigate the correlation of the eight features was performed through the 

implementation of Spearman’s rank correlation. Spearman’s rank correlation coefficient, often denoted 

by the Greek letter ρ (rho), is a nonparametric measure of statistical dependence between the rankings of 

two features. Through the rho scores, which vary between [-1, 1], the direction and the strength of 

association between two ranked features was calculated.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.9 and 5.8 show a visualisation of feature correlation performed using a matrix. The scatterplot 

matrix (figure 5.9) has features presented in a distribution fashion (plot of linear correlation as, a line 

plot), while Spearman’s correlation matrix (figure 5.8) has features presented through a heat map (plot 

of positive and negative strongly correlated feature with a dark red and dark blue, respectively).  

Both matrices present the eight features with perfect correlation from top left to bottom right in a diagonal 

fashion, where identical features mirror each other. This is the resulting representation when each feature 

is plotted against itself. For example, AromaFeature of figure 5.9 is plotted in the second column on the 

X-axis (left to right  -- horizontal axis) and seventh row on the Y-axis (bottom to top – vertical axis) of 

both matrices, and HeliFeature of figure 5.9 is the sixth column (left to right) on the X-axis and third row 

on the Y-axis (bottom to top). Both matrices have each feature on the X-axis mirroring eight features on 

the Y-axis, displaying their correlations. 

Figure 5. 9 Scatterplot matrix for features' correlation Figure 5. 8 Spearman's correlation for features' correlation 
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In this regard, figure 5.8 reflects a positive correlation between HeliFeature and AromaFeature, and a 

very weak positive correlation between AromaFeature and TurFeature. At the same we can see a medium 

negative correlation between SheeFeature and Isoelectric_Point_Feature. However, both matrices 

indicate that many features likely have little to no correlation. Statistically, correlation does not explain 

cause and effect. Therefore, the conclusion that can be drawn from this visualisation is limited to the 

simple observation of feature correlation. The less these features are correlated, the better we can avoid 

model skewedness. 

To pinpoint the correlation scores between these eight features numerically, a statistical analysis was 

performed to reveal the exact correlation scores of the eight features. These scores were taken directly 

from the scatterplot and Spearman’s correlation matrices and are expressed as numerical values between 

-1 and +1 (ranges of correlation). 

Table 5. 3 Numerical Correlation of the Eight Features 

 
AromaFeature Protein_Gravy_Fe

ature 
Isoelectric_Point

_Feature 
Protein_Stability_Fe

ature 
HeliFeature TurFeature SheeFeature Entropy_Feat

ure 

AromaFeature  1.000000 0.129037 0.762416            0.071704    0.732789   0.117342 -0.502525   0.392325   

Protein_Gravy_Feature  0.129037 1.000000 0.219618           -0.343029    0.528988   0.139373 -0.127591 -0.276027   

Isoelectric_Point_Feature  0.762416 0.219618 1.000000           -0.001767    0.617734   0.218557 -0.485811   0.299774   

Protein_Stability_Feature  0.071704 -0.343029 -0.001767            1.000000    -0.224233   0.124105   0.248817   0.106563   

HeliFeature 0.732789 0.528988 0.617734             -0.224233    1.000000   0.159825 -0.482219   0.228762   

TurFeature 0.117342 0.139373 0.218557            0.124105    0.159825   1.000000 -0.333577 -0.111618   

SheeFeature  -0.502525 -0.127591 -0.485811            0.248817    -0.482219 -0.33357  1.000000 -0.417499   

Entropy_Feature 0.392325 -0.276027 0.299774            0.106563    0.228762 -0.11161 -0.417499   1.000000 

 

Table 5.3 presents the exact correlation between identical features in a diagonal line (scores coloured in 

green), and the positive correlation (scores coloured in red) between AromaFeature and both 

Isoelectric_Point_Feature and HeliFeature. The rest of scores indicate that the features are weak and 

poorly correlated.  

These correlation techniques sufficiently prove that the eight features are independent features, and that 

removing one feature (as explained in Section 5.5.1) will not reduce model performance.   

                                             

5.5.3 Data Visualisation ANOVA and Mutual Information feature Selection techniques 

A visualisation of the ANOVA (F-test) and Mutual Information (MI) was also conducted to visualise the 

behaviour of five features within the 8SFM and their F-scores and MI-scores. F-test score tells the degree 

of linear dependency between random features, and MI-score captures any kind of statistical dependency.  
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Entropy_Feature AromaFeature Protein_Gravy_Feature Isoelectric-Point_Feature Protein_Stability_Feature 

Figure 5. 10 Five Features and their F-scores and MI-scores 
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The red arrow in figure 5.10 points to F-test scores and MI-scores for five different features: 

Entropy_Feature, AromaFeature, Protein_Gravy_Feature, Isoelectric_Point_Feature and 

Protein_Stability_Feature. This method of feature selection uses a threshold of 0.05 significance level, 

as with the Random Forest and Forest of Trees methods. The features with F-test and MI scores of higher 

than 0.05 significance level would therefore be selected to enter the model. In this case, all the five 

features have a  significance level score higher than 0.05. As with the previous feature selection 

techniques, this technique again confirms the independence of the features under review, signifying that 

they are significant for the model building.  

Note: The five features were randomly chosen for this exercise and serve primarily as demonstration cases. This 

same technique was applied to the other three features in the 8SFM which are not mentioned here, HeliFeature, 

TurFeature, SheeFeature. Each had a  significance score higher than 0.05. 

5.6 Summary  

  

This chapter has elaborated on proof of concept data visualisation tools such as PCA and TSNE, and their 

application to understanding the behaviour of secondary metabolite gene dataset. These techniques can 

be applied as best practice for visualising the data before analysis, and can actually provide initial insight 

on how to approach the data. In this case, the output of TSNE, PCA and PCA-TSNE of the 20RFFM 

dataset certainly leads us to the use of classification models over linear models.  The data points tend to 

cluster for RCHS and UCHS classes, and the NCHS class is widely scattered across the graph, as opposed 

to a linear behaviour.  Bearing this in mind, it became evident that classification models were best suited 

for the secondary metabolite gene datasets. 

This chapter also addressed a few techniques for feature selection. The goal here was to propose an 

exploratory way of performing feature selection, in the instance where there are many engineered features 

and we want to determine their significance level. These proofs of concept feature selection techniques 

have revealed that all eight features in the 8SFM dataset were significant, and that classification models 

could be built on each of them. In next chapter, we therefore present exploratory proof of concept 

classification models. 

 

 

 

 

 

 

http://etd.uwc.ac.za/



69 

 

Chapter Six: Machine Learning Supervised Classifiers Implementation and 
Results 

6. Introduction 

The data science computational pipeline displayed in Chapter 3 presented three major phases of this 

study, the first being “data collection”; the second, “data preparation”; and the third, “data analysis”.  

The focus of Chapter 6 is on the third phase, data analysis, using supervised machine learning classifiers. 

One of the research questions for the study asks: 

Can machine learning algorithms be trained to recognize plant secondary metabolite genes 

involved in the production of medicinally active compounds (e.g. polyphenols)? 

In this chapter we present exploratory proof-of-concept machine learning classifiers, to address our 

research question. Two types of supervised machine learning classifiers (Michalski et al., 2013) are 

presented: binary classification and multiclass classification (Murphy, 2012). The binary classification 

consists of classifying (Menden et al., 2013; Wang et al., 2014) a protein sequence into the NCHS class 

or RCHS class, whereas the multiclass classification consists of classifying a protein sequence into either 

the RCHS class, NCHS class, or UCHS class.These two types of classifiers (binary classification and 

multiclass classification) are trained using both the 8SFM dataset and the 20RFFM dataset, each with 

two classes (RCHS and UCHS) and three classes (RCHS, NCHS, UCHS). Table 6.1 provides an 

overview of the different classification models applied to each of the datasets.  

Table 6. 1 Representation of ML Supervised algorithms and their dataset types 

Algorithms Binary Classification Multi Classification 

 20RFFM dataset with 

2 classes 

 (RCHS, NCHS) 

8SFM dataset with 2 

classes 

 (RCHS, NCHS) 

 

20RFFM dataset with 

3 classes  

 (RCHS, NCHS, UCHS) 

 

8SFM dataset with 3 

classes 

 (RCHS, NCHS, UCHS) 

 

Logistic Regression ✓  ✓  ✓  ✓  

Decision Tree ✓  ✓  ✓  ✓  

Random Forest ✓  ✓  ✓  ✓  

Support Vector ✓  ✓  ✓  ✓  

Gaussian Naïve Base ✓     

K-Nearest Neighbour ✓     

Single Layer 

Perceptron 

✓     

Multilayer 

Perceptron 

✓     

 

Eight supervised classification models were implemented in this study: Logistic Regression (LR); 

Decision Tree (DT); Random Forest with 100 trees (RF100); Support Vector Machine (SVM); K-Nearest 
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Neighbor (4NN and 2NN); Naïve Bayes (NB); Single Perceptron (SLP); and Multilayer Perceptron 

(MLP). These supervised classifiers were chosen due to their prevalence in the literature (Murphy, 2012; 

Menden et al., 2013; Michalski et al., 2013; Kelley et al., 2016). While there are recommended default 

parameters for each of these algorithms, in order to boost the predictive power of some classifiers, some 

parameter changes were appropriate for improving the classification models (Alipanahi et al., 2015).  

Once the classifier models were built, performance evaluation metrics were used, such as classification 

accuracy, AUC, recall, precision, F-measure, confusion matrix, and Cross-validation, to determine how 

well the classifier models performed. The results showed that the binary KNN model outperformed all 

the other binary models, whereas SVM model outperformed all the other multiclass models. This chapter 

details the performance of these two models. All of these supervised models were built using Anaconda 

Jupyter Notebook Python 3.6.1, and a variety of machine learning Scikit-learn and Scipy libraries as 

described in Chapter 3. The Python code behind their implementation is found in Appendix B. 

This chapter is organised as follows: Section 6.1 outlines the contribution of this chapter, Section 6.2 

presents Machine Learning Supervised classification implementation and result, Section 6.3 Model 

Accuracy of binary and multiclass models, and lastly Section 6.4 presents the summary. 

6.1 Contribution 

Most gene analysis tools that have been built previously to analyse gene material rarely address secondary 

metabolite genes. A minuscule amount of research has been dedicated to the study of key enzyme factors 

that can categorise a class of secondary metabolite genes. The main contribution of this chapter is the 

development of machine learning classification algorithms that classify (predict) chalcone synthase from 

a set of other plant enzymes. Binary and multi classification models are presented that are trained with 

two types of datasets built from two types of feature engineer techniques: 20RFFM and 8SFM.  The 

ultimate goal of building machine learning models to predict plant enzymes, such as chalcone synthase, 

is to speed up the process of identifying plant secondary metabolite genes involved in the production of 

medicinally active compounds.  

6.2 Machine learning Supervised Classification Implementation and Results 

6.2.1 Model Building 

The datasets used for the model building constituted the three different protein sequence classes (RCHS, 

NCHS, and UCHS) that were collected from UniProt database as explained in Chapters 3 and 4. For the 

binary classification models, 130 RCHS (experimentally verified chalcone synthase protein sequences) 

served as a true positive dataset, and 130 NCHS (experimentally verified protein sequences that are not 

chalcone synthase) served as a true negative dataset. For the multi classification models, we derived an 

extra class of 130 UCHS (not experimentally verified chalcone synthase protein sequences), randomly 

selected from a set of 2961 UCHS. 

As explained in Chapter 4, data transformation and feature engineering were performed to transform the 

protein sequences of these three classes were converted into numerical feature datasets (20RFFM and 

8SFM). Data standardization was then performed on the 8SFM, as explained in Chapter 5, and feature 

selection techniques were conducted to determine the significance level of the eight features of the 8SFM. 

All eight features were proven to be significant. Because the 20RFFM feature’s values were typically 

zero-centered, we adapted this dataset (20RFFM) as such. 

For the model building phase, the above rationales serve as the foundation of all classification models. 
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6.2.2 Model Training 

The models were then trained with the purpose to establish parameters that minimize an objective 

function which measures the fit between the predicted instance and the actual instance. The parameters 

that were found to minimize the objective function and increase the predictive power of the models are 

described in table 6.2. The table presents the parameters within each of the different models that have 

been changed from their default values to reach a higher predictive power. It should be noted that the 

best parameter configuration is data driven and application-dependent (Bengio, 2012). We recommend 

that models with different configuration should be trained and their performance evaluated on a validation 

set. As the number of configurations grows exponentially with the number of parameters, testing them 

all would not be feasible in practice (Bengio, 2012). Therefore, we only focus on few of the parameters 

that were explored, while keeping all other parameters constant.  

Table 6. 2 Recommended parameter settings for each model 

Models Parameters Default  Recommended  

Logistic Regression (LR) 

solver  warn lbfgs 

C  1.0 0.7 

N_jobs none 1 

PCA none 0.95 

Decision Tree (DT) 
criterion gini entropy 

random state none 9 or 28 

Random Forest (RF) 

criterion gini entropy 

number of estimators warn 100 

cross-validation none 10 

Support Vector Machine 

(SVM) 

Anova                                       none                                            

f_regression 

C 1.0 1.4 

K 2 4 or 6 or 7 or 8 

Gaussian Naïve Base 

(GNB) 

random state none 9 

K-Nearest Neighbour 

(KNN) 

CV  5 10 

random state none 6 

number of neighbors 5 4 or 2 

weights uniform [uniform, distance] 

Single Perceptron (SLP) random state none 9 

Multilayer Perceptron 

(MLP) 

solver  adam lbfgs 

alpha 0.0001 1e-5 

random state none 5 

Hidden_layer_sizes  (100,  )  (5 , 2) 

 

6.2.3 Performance Evaluation Metrics of Proof of Concept Binary Models 

6.2.3.1 Area Under the receiver operating characteristics Curve  

The area under the receiver operating characteristics curve (AUC) was used in this study to evaluate the 

performance of all classification models. AUC was observed by plotting the True Positive Rate (Y-axis) 

against the False Positive Rate (X-axis). The selection of this performance metric was motivated by its 

common use in the literature. The experiment was conducted using our two types of datasets (20RFFM 

and 8SFM), and eight binary classifiers (LR, DT, RF100, SVM, GNB, KNN, SLP, and MLP) to build 

predictive classifier models. Their performance was then measured using AUC, and 10-fold cross-

validation to build and test the models. Table 6.3 presents the results of the average classification 

performance in terms of AUC. The result showed that KNN outperformed all other models across the 

two datasets (20RFFM and 8SFM).  
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Table 6. 3 Average Binary Model Classification Performance in terms of AUC 

Models  Binary Classification 

20RFFM dataset 

with 2 classes 

 (RCHS, NCHS) 

8SFM dataset with 

2 classes 

 (RCHS, NCHS) 

 

LR 0.8531 0.8952 

DT 0.8603 0.8421 

RF100 0.8865 0.9101 

SVM 0.8795 0.8653 

GNB 0.8236 0.7862 

KNN 0.9356 0.9158 

SLP 0.7985 0.6958 

MLP 0.8565 0.8324 

Average 

Performance 

0.8617 0.8349 

The table also shows that some models performed better with the 8SFM dataset, whereas other models 

performed better with the 20RFFM dataset. For instance, RF100 achieved 0.91 average AUC 

performance with the 8SFM dataset, whereas RF100 with 20RFFM achieved 0.89 average AUC 

performance. DT achieved 0.86 average AUC performance with the 20RFFM, whereas it achieved 0.84 

with the 8SFM. When considering SLP, the table shows that it was the worst performing model on both 

datasets. The last row of the table shows the average performance of each dataset. On average, the 

20RFFM dataset outperformed the 8SFM dataset.   

6.2.3.2 K-Nearest Neighbor Binary Models 

For the sake of limiting the scope and content discussed in the study, this chapter will only explain in 

detail the application of the models that had the best performance for each of the binary and multiclass 

problems. As K-Nearest Neighbors (KNN) was discovered to have the best AUC performance of the 

binary classification models, this section will focus on the development of the KNN model.  

K-Nearest Neighbors (KNN) model was built for binary classification, where the input consisted of the 

K closest training examples in the feature space. In this study, the optimal value for K was determined 

by first building a cross-validation algorithm to retrospectively determine the best K value. Next, a grid-

search cross-validation algorithm was implemented to obtain the best K value. Both approaches used the 

20RFFM dataset (since table 6.3 indicated the 20RFFM outperformed the 8SFM) to validate the optimal 

K. K = 4 and K = 2 where found to be the optimal K values using these two K-fold cross-validation 

algorithms.  

Figure 6.1 shows the output of cross-validation algorithm. The X-axis represents a value of K, and the 

Y-axis represents the prediction accuracy. From this graph we can conclude that the best K value is 4, as 

it yielded a 92%  cross-validation predictive power. 

 

 

 

 

 
Figure 6. 1 Optimal Value of K using Cross-validation. Each point on the line represents a 

K value, and 4 yields a higher prediction accuracy. 
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Figure 6.2 shows the output of the grid-search cross-validation algorithm. This graph shows that the best 

value of K from grid-search cross-validation is 2, yielding close to a 95.5% cross-validation predictive 

power.   

 

 

 

 

 

 

Both 4NN and 2NN on 10-fold cross-validation fold produced very significant accuracy rates. However, 

performing a Grid-search Cross-validation algorithm increased the prediction rate by 3.5% as opposed to 

a Cross-validation algorithm.  It can also be seen, from both of the algorithms’ behavior (figure 6.1 and 

6.2), that as the value of KNN increases, the prediction rate decreases. Therefore, we recommend building 

a KNN model on a 10-fold cross-validation, with the Grid-search Cross-validation technique, to find the 

optimal K for the best KNN model.  

6.2.3.2 K-Nearest Neighbor Model Confusion Matrix  

Since 2NN model with 20RFFM dataset proved the best classifier of our proof-of-concept model, we 

therefore chose to report the confusion matrix based on this model. 

Note: The confusion matrix Python code was used for all other seven classifiers as well. But for the sake of a concise study, 

we chose to report on the best performing model. 

As elaborated in Section 6.2.1 above, the dataset that was used for binary classification consisted of 130 

RCHS, which served as a true positive set, and 130 NCHS, which served as a true negative set. Therefore, 

the final binary class contained 260 sequences. The 20RFFM dataset, which consisted of the 20 amino 

acid features, was used to train the 2NN proof-of-concept model and to perform 10-fold cross-validation 

on the final model. Training was conducted on 80% of the dataset, and the remaining 20% of the dataset 

was used to test the model, as is standard in machine learning best practice. The 2NN proof-of-concept 

model achieved an average accuracy of 94.2% on 10-fold cross-validation, 96.2% on training 80% of the 

20RFFM data, and 94.4% on testing 20% of the 20RFFM data.  

The train or test split is useful because of it flexibility and speed. However, one limitation of the train test 

split method is that it can result in a high variance estimate of out-of-sample data. To overcome this 

limitation, a 10-fold cross-validation is performed by repeating the train or test split multiple times and 

averaging the results. The pseudocode of the 2NN model can be found below. 

 

 

 

Figure 6. 2 Optimal Value of K using Grid-search Cross-validation. Each point on the 

line represents a K value, and 2 yields a higher prediction accuracy. 
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The classification accuracy (94.2%) does not explain the underlying distribution of response values, nor 

does it reveal the type of errors that result from the classifier. Therefore, we chose to address this with 

confusion matrix (figure 6.3), which best describes the performance of our classification model by 

calculating a range of model evaluation metrics.  

 

 

 

 

 

 

Actual: 

NCHS 

N = 52 

Actual: 

RCHS 

 

TN = 13 

 

Predicted: 

NCHS 

 

FN = 1 

 

FP = 2 

 

Predicted: 

RCHS 

 

TP = 36 

 

15 

 

37 

 

14 

 

38 

 

Figure 6. 3 Validation confusion matrix for the binary 2NN proof-of-concept model. 

# PREREQUISITES:  
From sklearn import all necessary libraries i.e., 

import numpy as np, import pandas as pd 

from sklearn import metrics 

from sklearn.model_selection import train_test_split 

from sklearn.neighbor import KNeighborsClassifier 

from sklearn.metrics import confusion_matrix 
from sklearn.cross_validation import cross_val_score 

from sklearn.cross_validation import KFold 

etc. 

 

# INPUT            
Input the datasetFeature as csv file using pandas 

Convert the pandas dataset into numpy 

Split the numpy dataset with X as 20 features(Xinput) and Y as class label(Yinput) 

 

# Model Building – Model Training –Model Evaluation  
  Evaluate by training and testing using data split procedure 

  Locate K by creating a for loop and record the testing accuracy 

   

  Training the model with Xinput and Yinput 

  Xtrain, Xtest, Ytrain, Ytest = train_test_split(Xinput, Yinput, test_size =                       

0.20,we can use our recommended parameter in table 6.2 here) 

 

  2NN = KNeighboursClassifier (n)neighbors = 2)  

  2NN = knn.fit(Xinput, Yinput)   

  Ypredict = 2NN.predict(Xinput) 

 

  Calculate accuracy on training set:     

  metrics.accuracy_score(Yinput, Ypred)  

  

  Calculate the mean of 10-fold cross-validation: 

  Scores = cross_val_score(2NN, Xinput, Yinput, CV = 10 scoring=’accuracy’) 

   

 Calculate the mean accuracy of 10-fold cross-validation: 

  Scores.mean()  

   

  Calculate the Confusion Matrix to describe model performance 

  ConfusionMatrix = metrics.confusion_matrix(Ytest, Ypredict) 

  If confusion metrics are weak, adjust the classification threshold either below           

  or higher than 0.05 
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Figure 6.3 shows the validation confusion matrix, where each row represents the actual class, while each 

column represents the instances in a predicted class. The advantage of using confusion matrix as a metric 

evaluation tool is that the data mining analyzer is capable of detecting whether or not the classifier is 

confusing two classes. Further definition of the confusion matrix terms have been explained in the 

literature review under Section 2.12.6.3. 

Table 6.4 describes the results in figure 6.3 in further detail. 

Table 6. 4 Validation confusion matrix explained 

Metrics Description Rate 

Accuracy 

Accuracy of the model based on how 

often the model is correct overall 

 (TP+TN)/N = 94.2% 

 

Misclassification Rate (Error 

Rate) 

Based on how often the model is 

wrong overall 
 (FP+FN)/N = 5.77% 

True Positive Rate (Sensitivity or 

Recall) 

The rate at which the model 

predicts RCHS when the input is 

actually RCHS 

TP/Actual RCHS = 97.3% 

False Positive Rate 

The rate at which the model 

predicts RCHS when the inputs is 

actually NCHS  

FP/Actual NCHS = 13.3% 

 

True Negative Rate (Specificity) 

The rate at which the model 

predicts NCHS when the input is 

actually NCHS 

TN/Actual NCHS = 86.7% 

Precision 
The rate at which the model is 

correct when predicting RCHS 
TP/Predicted RCHS =  94.7% 

Prevalence 

The rate at which the RCHS 

condition occurs in the sample 

Actual RCHS/N = 71.1% 

 

Null Error Rate 

The rate at which the model is 

wrong if it always predicts the 

majority class 

Actual NCHS/N = 28.8% 

 

The Null Error Rate shows that the 2NN model would be wrong only 28.8% of the time if it predicted 

the majority class each time. The Misclassification Rate is shown to be very low at 5.77%. We also see 

that the model achieved a recall (True positive Rate) of 97.3%. 

The confusion matrix has clearly described the performance of the 2NN proof-of-concept model, and 

from this we can see that the model indicates promise for using machine learning classification models 

to predict plant secondary metabolite genes.  

6.2.4 Performance Evaluation Metrics of Proof-of-Concept Multiclass Models 

6.2.4.1 AUC of the Multi Classification Models  

The multi classification experiment was conducted using our two types of datasets (20RFFM and 8SFM), 

on four multiclass classifiers (LR, DT, RF100, and SVM), following the same model building as 

explained in Section 6.2.1 above. Their performance was measured using AUC, and 10-fold cross-

validation. Table 6.5 presents the results of the average classification performance in terms of AUC. The 

result showed that the multiclass SVM outperformed all other models across the two datasets (20RFFM 

and 8SFM).  
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Table 6. 5 Average Multiclass Classification Model Performance in terms of AUC 

Models  Multiclass Classification 

20RFFM dataset 

with 3 classes 

 (RCHS, NCHS, 

UCHS) 

8SFM dataset 

with 3 classes 

 (RCHS, NCHS, 

UCHS) 

 

LR 0.7631 0.6952 

DT 0.8503 0.8621 

RF100 0.8705 0.8581 

SVM 0.9095 0.9013 

Average 

Performance 

0.8484 0.8120 

Table 6.5 also shows that some models performed better with one dataset than the other. For instance, 

DT achieved 0.86 average AUC performance, whereas DT with 20RFFM achieved 0.85 average AUC 

performance. On the other hand, LR achieved a 0.76 average with 20RFFM, while it achieved a 0.70 

average AUC performance with 8SFM. When considering LR, the table shows that it was the worst 

performing model for both datasets, whereas SVM outperformed all other models on both datasets and 

achieved almost the same accuracy rate. The last row of the table shows the average performance of each 

dataset, indicating that the 20RFFM dataset outperformed the 8SFM dataset.  

The pseudocode of the multiclass SVM can be seen below, 

 

 

 

 

 

 

 

 

  

Figure 6.5 shows the SVM Area Under the ROC (AUC), determining each class’s predictive power when 

using the 20RFFM dataset. These ROC curves (teal, blue and orange) were generated by varying the 

decision threshold t used to transform the normalized features into a predicted class. The ROC curves 

plot the true positive rate of the classes (RCHS, NCHS, UCHS) on the Y-axis, versus the false positive 

rate of these three classes on the X-axis, where the classifier decision threshold is varied from 0 to 1. 

Note: There is a controversy over AUC being equated to predictive power. In this study, we lean on the side of 

those scientists who equate it to predictive power. 

# PREREQUISITES:  
from sklearn.model_selection import train_test_split, from sklearn.preprocessing import StandardScaler 

,import pandas as pd, import numpy as np, from sklearn.svm import SVC, from sklearn import svm, from 

sklearn import metrics, from sklearn.pipeline import make_pipeline, from sklearn.metrics import 

classification_report, etc. 

 

# Input:  

df =pd.read_csv('fielpath.csv') 

#read each column of the dataset and their class label 

# Model building --Model training –Model Evaluation 
# test_size: what proportion of original data is used for test set 

train_x, test_x, train_lbl, test_lbl = train_test_split(x, Y1, test_size=0.20, random_state=0) 

scaler = StandardScaler() 

#Scale the all the column values (data into one scale in case of 8SFM) 

# Apply transform to both the training set and the test set. 

train_x = scaler.transform(train_x) 

test_x = scaler.transform(test_x) 

 

# Step 3: Training the model on the data, storing the information learned from the data 

# Model is learning the relationship between feature values and labels 

 

# Step 4: Predict the labels of new data  

# Uses the information the model learned during the model training process 

 

# all parameters not specified are set to their defaults SEE “default parameter below 

svmModel = svm.SVC(C=1.4, kernel='rbf',decision_function_shape='ovr' ,coef0=0.0 ) 

 

#default parameters 

# class sklearn.svm.SVC(C=1.0, kernel=’rbf’, degree=3, gamma=’auto_deprecated’, coef0=0.0,  

#                       shrinking=True, probability=False, tol=0.001, cache_size=200,  

#                       class_weight=None, verbose=False, max_iter=-1, decision_function_shape=’ovr’,  

#                       random_state=None)[source] 

target_names = [RCHS, 'NCHS, 'UCHS'], svm = make_pipeline(svmModel), svm.fit(train_x, train_lbl)   

y_pred = svm.predict(test_x)  

classification_report(test_lbl, y_pred , target_names =target_names) 
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The area under the ROC curves is then used as a single numerical metric to indicate the performance of 

the SVM multi classifier: 0.91 for RCHS; 0.60 for NCHS; and 0.79 for UCHS. In the construction of the 

ROC, the three classes (RCHS, NCHS, and UCHS) outputs are binarized: 0 for RCHS, 1 for NCHS, and 

2 for UCHS. 

 

 

 

 

 

 

The RCHS class reaches the predictive power of 0.91, the NCHS class 0.60, and the UCHS class 0.79 in 

terms of AUC. However, it should be noted that RCHS class and UCHS class share the same micro-

average and macro-average ROC area. This suggests that for future work the two classes (RCHS, UCHS) 

could potently be combined into one class. However, in the case where the RCHS and UCHS are 

combined into one, as can be seen from the graph, we would expect the number of false positives, along 

with true positives, to increase. 

Since the exploratory proof-of-concept multiclass model that was built could differentiate the three 

classes, this presents promise that binary classification models, which are commonly used are not the 

only models suitable for predicting genes. Multi classification models could also be built to predict 

different secondary metabolite genes such as chalcone synthase, stelibene synthase, aloesome synthase, 

etc. which could be predicted or classified at the same time.  

6.3 Average Performance Accuracy of Binary and Multiclass Models 

Table 6. 6 Average Performance Accuracy of Binary and Multiclass Models 

Algorithms Binary Classification  Multi Classification Model Accuracy 

 20RFFM dataset with 

2 classes 

 (RCHS, NCHS) 

8SFM dataset with 2 

classes 

 (RCHS, NCHS) 

20RFFM dataset with 3  

classes  

 (RCHS, NCHS, UCHS) 

8SFM dataset with 3 

classes 

 (RCHS, NCHS, UCHS) 

 Model 

Accuracy 

AUC Model 

Accuracy 

AUC Model 

Accuracy 

AUC Model 

Accuracy 

AUC 

Logistic 

Regression 

0.881 0.85 0.905 0.89 0.794 0.76 0.678 0.69 

Decision Tree 0.852 0.86 0.832 0.84 0.843 0.85 0.853 0.86 

Random Forest 0.872 0.88 0.895 0.91 0.886 0.87 0.855 0.86 

Support 

Vector 

0.898 0.88 0.887 0.86 0.904 0.91 0.891 0.90 

Gaussian 

Naïve Base 

0.810 0.82 0.823 0.78     

2-Nearest 

Neighbour 

0.942 0.94 0.929 0.92     

Single 

Perceptron 

0.812 0.80 0.732 0.69     

Multilayer 

Perceptron 

0.881 0.86 0.848 0.83     

 

Figure 6. 4 AUC average probability the SVM multiclass classifier assigns a higher probability to 

chalcone synthase Proof of Concept 
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Table 6.6 shows the performance of all the binary classifiers and multi classifiers in terms of model 

accuracy and AUC with their respective datasets. It can be seen that the 2NN has overall outperformed 

all the other binary models, whereas SVM multiclass model has outperformed all the other multiclass 

models.  SLP binary model has shown a lower performance among the other binary models, and LR 

multiclass model has shown a lower performance compared to the other multiclass models. 

6.4 Summary  

The goal of this chapter was twofold. First, it aimed to identify the best binary classification model for 

prediction of RCHS. The binary 2NN model proved to be the most accurate model for predicting RCHS 

in the presence of an experimentally validated true negative dataset (NCHS). The 2NN model was trained 

and tested (80% and 20% respectively) on a 10-fold cross-validation with two different datasets: 20RFFM 

and 8SFM. The 20RFFM dataset outperformed the 8SFM in terms of AUC. Therefore, the proof-of-

concept 20RFFM 2NN model was further evaluated using confusion matrix and delivered good results, 

achieving a 94.2% average accuracy, a precision of 94.7% and a sensitivity of 97.3%. 

The second aim of this chapter was to identify the best multiclass classification model for prediction of 

RCHS. SVM was identified as the most accurate model for predicting RCHS, and was trained and tested 

(80% and 20% respectively) on a 10-fold cross-validation with two different datasets: 20RFFM and 

8SFM. Again, the 20RFFM dataset outperformed the 8SFM in terms of AUC, achieving 91% average 

accuracy model.  The rationale behind using a multiclass classifier to build a proof-of-concept model for 

classifying chalcone-synthase in secondary metabolite genes is that there is limited RCHS and NCHS 

data available, and UCHS could therefore be used to increase the amount of RCHS, so that the binary 

model can be trained with a larger positive dataset. In addition to this, the multiclass classifier can 

potentially be used in a study that is trying to predict different secondary metabolite genes, so that the 

prediction of secondary metabolites is not limited to One vs. All (e.g. RCHS, which makes up the true 

positive dataset, versus all of the not chalcone synthase genes which constitute the true negative dataset). 

Instead, the predictions can include a pairwise comparison, identifying multiple classes of secondary 

metabolite genes (e.g. chalcone synthase vs. stelibene synthase vs. aloesome synthase).  

 This exploratory proof-of-concept experiment suggests that secondary metabolite genes can be predicted 

using supervised machine learning models. To our knowledge, there is no previous work that 

implemented this strategy for predicting RCHS using machine learning techniques. Therefore, we cannot 

conduct a comparison of this study against previous studies. However, our exploratory proof-of-concept 

model shows good results for predicting secondary metabolite genes.   
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Chapter Seven: Statistical Analysis and Results 

7.1 Introduction  

This chapter addresses one of the key research questions stipulated in Chapter 1 Section 1.3:  

Can mathematical and statistical estimated approaches be carried out pertaining to the 

preparation, analysis and interpretation of secondary metabolite genes?  

In this chapter, the mathematical statistical analysis and interpretation of secondary metabolite genes will 

be conducted to determine the inferences between the three classes: RCHS, NCHS, and UCHS. 

In Chapter 5, the application of feature selection techniques led to the conclusion that all the eight features 

of the 8SFM dataset—AromaFeature, Protein_Gravy_Feature, Isoelectric_Point_Feature, 

Protein_Stability_Feature, HeliFeature, TurFeature, SheeFeature, and Entropy_Feature—were 

statistically significant. Therefore, a selection of features from the 8SFM dataset is used in this chapter 

to conduct mathematical statistical analysis of reviewed chalcone synthase (RCHS), not chalcone 

synthase (NCHS), and unreviewed chalcone synthase (UCHS). 

This chapter is as follow: Section 7.2 explains the main contribution, Section 7.3 presents the methods 

used in this work for normal distribution, Section 7.4 present the chi-square model and its post hoc test,  

Section 7.5 presents the ANOVA model and its post hoc test,  Section 7.6 presents the boxplot model 

and finally, Section 7.7 presents the summary. 

7.2 Contribution 

This chapter presents the mathematical and statistical analysis conducted and explains the statistical tests 

and probability distributions that were used in this study. It elaborates on the rationale behind these 

statistical approaches. The main contribution of this chapter is to present an empirical analysis to provide 

guidance on best practices when analysing bioinformatics data statistically (Fowler et al., 2013; 

Anderberg, 2014; Burgess & Smith, 2017). In this chapter, three classes (RCHS, NCHS and UCHS) were 

analysed on a balanced 8SFM dataset.  We used Python Statsmodels API, Pandas, Numpy, and Matplotlib 

libraries to implement all the statistical models. All Python code written for the implementation of this 

chapter is found in Appendix B. 

7.3 Normal Distribution 

In this chapter, statistical assumptions was observed throughout to ensure that the statistical analysis and 

statistical interpretation carried out are statistically significant. Normalisation of the data was performed 

on each of the three classes of the 8SFM dataset to safeguard that most values of the eight features remain 

around the mean value. The normal distribution was computed as seen in table 7.1.  

Table 7. 1 Normal Distribution of the Three Classes of 8SFM 

Target count Mean std min 25% 50% 75% max 

RCHS 130.0   0.069643   0.004330   0.058   0.067   0.069   0.072    0.081 

UCHSC          130.0   0.081414   0.014353   0.048   0.070   0.079   0.094    0.106 

UCHS   130.0   0.068556   0.005692   0.051   0.066   0.069   0.071    0.102 
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Histograms were computed, over which the probability distribution of each class was plotted, as seen in 

figures 7.1, 7.2, 7.3. These histograms were plotted based on the count, mean and std. columns of table 

7.1.  

  

 

 

 

 

These figures show the range of each distribution (values on X-axis) and their steepness (yellow line). 

The RCHS distribution range lies between 0.060 to 0.080, followed by the UCHS distribution range of 

0.050 to 0.085, and finally the NCHS distribution range which is the largest from 0.040 to 0.110. The 

distribution range of each class shows the spread of the deviation. The smaller the range, the smaller the 

deviation. Therefore, it can be statistically stated that RCHS and UCHS classes have a smaller 

distribution range than the NCHS class. To further infer about these three classes, hypothesis tests were 

conducted.  

7.4. Chi Square Hypothesis Test 

In order to test if there was a significant relationship between any two of the three classes (RCHS, NCHS, 

and UCHS), a chi-square test for independence was carried out by comparing one feature at a time from 

the 8SFM dataset to the rest of the three classes.  The assumptions of chi-square that were followed in 

this analysis are explained in Chapter 2, Section 2.10.1. 

The chi-square test tested if there was an association (Zhang & Finer, 2016) between the three classes 

based on a given feature.  

The Null Hypothesis (H0) stated that there is no relationship between two given classes, while the 

Alternative Hypothesis (H1) stated that there is a relationship between two given classes. Table 7.2 lists 

the results of the chi-square test.  

Table 7. 2 Chi-square test results of the 8SFM dataset 

8SFM Features Critical Value Chi-square stat 

AromaFeature 2845 47.54 

Protein_Gravy_Feature  2845 8.59 

Isoelectric_Point_Feature  2845 47.55 

Protein_Stability_Feature  2845 19.40 

HeliFeature 2845 8.58 

TurFeature 2845 8.6 

SheeFeature  2845 47.55 

Entropy_Feature 2845 19.39 

 

Since the critical value of for the chi-square statistics is determined by the level of significance (typically 

0.05) and the degree of freedom, the critical value for all the features will be identical (Zhang & Finer, 

0.060        0.065        0.070        0.075         0.080 0.04   0.05   0.06    0.07   0.08  0.09   0.10   0.11 
0.050   0.055  0.06 0   0.065  0.070   0.075   0.080  0.085  

Figure 7. 5 mean =0.069643 sigma 

= 0.004330  RCHS Distribution 

 

Figure 7. 5 mean =0.068556 sigma 

=0.005692  UCHS Distribution 

 

Figure 7. 5 mean =0.081414 sigma 

=0.014353  NCHS Distribution 
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2016) As it can be seen from table 7.2, the observed chi-square stats are lesser than the critical values 

and we therefore accept the alternative hypothesis and conclude that there is in fact a relationship between 

two given classes.  

Statistically, we can add that since the hypothesis results in very small chi-square test statistic, this means 

that the observed data fits the expected data extremely well (D'Agostino, 2017).  

7.4.1 Bonferroni Correction test 

Although the chi-square test was significant, because the analysis was 3 x 8 (number of classes times 

number of features), the chi-square test could not yet illustrate where the relationship was between the 

classes.  A post hoc test, Bonferroni correction, as discussed in Section 2.10.2, was conducted to 

determine where exactly the relationship was between the different classes (Armstrong, 2014).  

In this study, k= 3 (number of classes: RCHS, NCHS, UCHS), so there are 3 x (3-1)/2 = 3 pairwise 

differences to consider. 

The formula was therefore: 0.05 / 3 = 0.017.  

Hence, for the planned pairwise comparisons to be significant, the p-value must be less than 0.017. To 

conduct multiple 2x2 chi-square tests, the classes were regrouped for each test, where one class was 

compared against the other two:  

Table 7. 3 Bonferroni Correction test result 

Classes Chi-square Test P-value Degrees of Freedom 

RCHS     Vs. NCHS 325.0534144065055 0.17733575213536487 216 

RCHS     Vs. UCHS      235.11175243959863 0.2320208060446495e-06 216 

NCHS     Vs. UCHS 337. 9344044779791 0.14608020962424864 216 

 

Using the Bonferroni-adjusted p-value of 0.017, one of the three planned pairwise comparisons was found 

to be significant—RCHS Vs. UCHS, p-value < 0.017. This result confirmed a relationship between the 

RCHS class and the UCHS class.  

These findings are of high importance, as there is statistical evidence which confirms that the protein 

sequences labelled as unreviewed chalcone synthase (UCHS) have a relationship with those labelled as 

Reviewed chalcone synthase (RCHS). In contrast, the protein sequences of the NCHS class and these 

other classes differ and present no relationship. In terms of evaluating RCHS vs. NCHS, this result leads 

to believe that chalcone synthase can be predicted from a class of NCHS. Biologically it would infer that 

chalcone synthase do not have the same catalytic activity as the other genes in the NCHS class, and that 

the constituency of chalcone synthase is different from the rest of the secondary metabolite genes in the 

NCHS class.  

Another hypothesis test to verify these findings was carried out with analysis of variance (ANOVA) 

hypothesis testing (Sochor et al., 2011; Fowler et al., 2013; Fois et al., 2015).  
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7.5 One-way Analysis of Variance 

The analysis of variance (ANOVA) hypothesis test and its assumptions were carried out to compare the 

means of a condition between two classes (Fowler et al., 2013; Fois et al., 2015), as elaborated in Section 

2.11.1 of Chapter 2. For this specific ANOVA test, the Null hypothesis (H0) stated that there is no 

difference between the means of the classes (RCHS, NCHS, and UCHS), while the Alternative 

hypothesis (H1) stated that a difference between the means exists somewhere between the classes. 

The assumption of homogeneity of variance (Fowler et al., 2013; Fois et al., 2015): 

• The variables are normally distributed in each group that is being compared in the one-

way ANOVA.  

• There is homogeneity of variances. This means that the population variances in each class 

are equal. 

• There is an independence of observations.  

• A caveat to these assumptions is that if the class sizes are equal, the F- statistic is robust 

to violations of normality and homogeneity of variance.  

was checked with Levene’s test (code below) for homogeneity of variance by implementing the stat-

levene-method that is a part of the Python scipy.stats library.   

 

 

 

Note: The reason I prefer using these methods is that the homogeneity of variance assumption can be checked for 

each feature of the 8SFM dataset as opposed to other stats methods, in this instance the feature being used for the 

ANOVA analysis is ‘Entropy_Feature’. Any feature of the 8SFM dataset was checked simply by replacing, the 

Entropy_Feature argument with for instance, ‘HeliFeature, AromaFeature etc.’ I tested all the eight features and 

they all led to the same ANOVA conclusion as elaborated below with the ANOVA conclusion reached with the 

Entropy_Feature. Since this is a one way ANOVA, we therefore only need to test for one feature as the level of 

categorical variable. 

The Levene result obtained was:  

Test Statistic = 0.98 and P-value = 0.053. 

The Levene’s test of homogeneity of variance was shown to be non-significant which indicated that the 

classes (RCHS, NCHS, and UCHS) had related variances. Once the assumptions had been checked, the 

ANOVA test was then conducted with Entropy_Feature being the categorical variable of the three classes 

(RCHS, NCHS, and UCHS). 

Table 7. 4 The Result of ANOVA Model-- Comparing the means between the 3 classes (RCHS, NCHS, UCHS) 

 sum_sq Df mean_sq F PR (>F) eta_sq omega_sq 

RCHS-NCHS-UCHS     0.013471     2.0   0.006736   76.95955  0.0001   0.28455    0.280394   

Residual 0.033871   387   0.000086         --- --- --- --- 

 

stats.levene(data['Entropy_Feature'][data[class] == 'RCHS'], 
             data['Entropy_Feature'][data[class]== 'NCHS'], 
             data['Entropy_Feature'][data[class]== 'UCHS']) 

 

 
stats.levene(data['Entropy_Feature'][data[class] == 'RCHS'], 
             data['Entropy_Feature'][data[class]== 'NCHS'], 
             data['Entropy_Feature'][data[class]== 'UCHS']) 
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The first row in table 7.4 (RCHS-NCHS-UCHS) presents the results of the ANOVA model, illustrating 

the overall experimental effect. The model explains the significance level of variance, F (2,387) = 76.96, 

and p-value < 0.05 ( see table PR (>F = 0.0001))  

Note: With p-value being less than 0.05 the Ho is therefore rejected, and H1 is accepted. 

The sum of square (denoted by SSM) is presented in the first column of the model: SSM =0.013471. This 

indicates the extent to which each class variance is explained by the model.  

The residual row (second row) is the unsystematic variation in the data.  The sum of square residual 

(denoted by SSR) is known as the unexplained variance (0.033871). In this case, the SSR represents the 

statistical individual differences in the three classes.  

The total variance, SST =0.047342, is equal to the sum of SSM + SSR.  

The mean-squares (mean_sq) eliminates the bias present in the SSM and SSR, and was used to calculate 

the F-statistic and omega-squared. The  biasedness of SSM and SSR are caused by the number of values 

summed to calculate them. The mean-squares (MSM and MSR) were calculated as followed: 

    MSM = SSM / dfM = 0.013471 / 2   = 0.0067355 

   MSR = SSR / dfR = 0.033871 / 389 = 0.00008752 

Therefore,  

   F-statistic = MSM/MSR = 76.96 

Eta-squared (eta_sq) and omega-squared (omega_sq) indicate the level of impact that the experiment will 

have in the real world. Omega-squared is considered a better measure of effect size than eta-squared 

because it is unbiased in its calculation. However, the results of these two measures, eta-squared and 

omega-squared, are almost the same. This means that both measures agree that the feature in the model 

(Entropy_Feature.) accounts for 28% of the variance in contributing to the analysis of the three classes 

(RCHS, NCHS, UCHS).   

The overall ANOVA model proved to be significant, as the H0 was rejected at P-value <0.05 (see table 

7.4). This confirms that a difference in means exists (Fowler et al., 2013; Fois et al., 2015) somewhere 

among the three classes. To determine where the difference in means lies, a post hoc test was then 

conducted.   

7.5.1 Tukey’s Honest Significant Difference Post Hoc Test  

   

The one one-way ANOVA test was followed up with a post hoc test known as Tukey's Honest Significant 

Difference test (HSD), to compare the means of each class (Dominguez-Bello et al., 2016) from 

Entropy_Feature as the level of categorical variable and determine exactly where those differences lie as 

elaborated in Section 2.11.2.  
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Table 7. 5 Tukey’s HSD Post-hoc Testing comparison 

Multiple Comparison of Means - Tukey HSD,FWER=0.05 

 
group1  group2     Meandiff lower    upper Reject H0 

RCHS Vs. NCHS 1.4871      1.1926    1.7816      True 

RCHS Vs. UCHS     -0.0831     -0.3776    0.211       False 

NCHS Vs. UCHS     -1.5702     -1.8625   -1.278       True 

The Tukey’s HSD post-hoc test controls for type I error and maintains the family wise error rate (FWER) 

at 0.05 (Dominguez-Bello et al., 2016) as indicated on the top right corner of Table 7.5 (FWER = 0.05).  

The group1 and group2 column indicates the classes that were compared. The meandiff column indicates 

the difference in means of the two groups, calculated as group2 - group1. The lower and upper columns 

indicate the lower and upper boundaries of the 95% confidence interval.  

Lastly, the reject column states whether or not the null hypothesis was rejected. The null hypothesis in 

this case states that there is no difference in the means of the classes being compared (Fowler et al., 2013; 

Fois et al., 2015; Dominguez-Bello et al., 2016). The Tukey’s HSD post-hoc test results demonstrated 

that the difference in the means of the RCHS class and the UCHS class is very miniscule, whereas the 

mean of the NCHS class differed significantly from the rest. This Tukey’s HSD post-hoc test provided 

therefore strong evidence at 95% confidence that the sequences labelled as UCHS inferred the same 

biological functionalities and properties as the protein sequences labelled RCHS, as such Ho should do 

not be rejected as there is no enough evidence that the means of these two classes differ.  

However, on the other hand, the Tukey’s HSD post-hoc test provided strong evidence at 95% confidence 

that the sequences labelled NCHS do not infer the same biological properties in this case do not possess 

the same catalytic activities as the sequences labelled as RCHS or UCHS. In this logic, Ho  should 

therefore be rejected and it can be concluded with 95% confidence that the mean of the NCHS do differ 

with the means of the RCHS and UCHS class.   

To further investigate the three classes, a boxplot method was used to visualise the patterns of these three 

classes. 

7.6 Boxplot  

To graphically display the patterns (variability or spread in a data set and interquartile range) of the 

classes RCHS, UCHS, and NCHS, one feature, AromaFeature, was selected from the 8SFM dataset for 

the boxplot observation in figure 7.4. 

 

 

 

 

 

 

AromaFeature 

 

Figure 7. 7 Boxplot of the 3 classes grouped by AromaFeature 

RCHS NCHS UCHS 
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Note: Since the eight features of the 8SFM were all found significant, any feature could be used to reach 

inferential statistics of the two or three classes (RCHS and NCHS  or  UCHS). 

Within the boxes a horizontal green line is drawn indicating the median. Two vertical blue lines, called 

whiskers, extend from the top and bottom of the box. The bottom whisker goes from quartile one (Q1) 

to the smallest non-outlier (separate points on the chart), and the top whisker goes from quartile three 

(Q3) to the largest non-outlier in the dataset. In the boxplot above, four outliers are shown on top of Q3 

of the UCHS class, and two outliers are shown on the bottom of Q1. One outlier is shown on top of Q3 

of the RCHS, and two outliers on the bottom of Q1. These observed outliers are due to the slight 

variability in the measurements. They indicate values that were more than the upper limit (Q3) or lesser 

than the lower limit (Q1). The NCHS class did not present any outliers.  

The median of the RCHS class and UCHS class are the same (0.069), in contrast to NCHS’s median 

(0.079). It is noteworthy that the range (spread of the data) in figure 7.4 reflects the ranges in figures 7.1, 

7.2, 7.3, confirming the distribution of the classes using two different statistical methods.  

The interquartile range (IQR) of RCHS (0.072 - 0.066 =0.006) and UCHS (0.071-0.065 = 0.006) is 

identical, whereas the NCHS class shows an IQR of 0.023. 

In fact, the boxplot has indicated, just as the other statistical analysis carried out above, that RCHS class 

and UCHS class have the same statistical skewedness patterns, as opposed to NCHS class.  

7.5 Summary   

In summary, all of the statistical experiments conducted in this chapter have revealed that mathematic 

statistical estimated approaches can be carried out pertaining to the analysis and interpretation of 

secondary metabolite genes. The RCHS class and the UCHS class have shown to have the same statistical 

distributions. These statistical approaches are therefore recommended for the analysis of plant genes 

involved in the secondary metabolites production, as they are adequate to prove the inferences among 

plant genes. 

Through the use of these exploratory statistical methods, we have been able to see the relatedness of the 

sequences in the RCHS class and UCHS class. This despite the fact that the UCHS class was made of 

randomly selected unreviewed CHS sequences, meaning that the catalytic activity of these sequences has 

not been yet proven. Through this proof-of-concept statistical approach, we aimed to show that these 130 

randomly chosen sequences, which constituted the UCHS class, may have the same catalytic activity as 

the reviewed CHS sequence of the RCHS class, and that the sequences in the NCHS class provide 

statistical evidence that they differ completely from the other two classes (RCHS and UCHS). 

We therefore recommend that these 130 sequences that constituted the UCHS class be manually tested 

in the lab to see whether the lab findings reflect the findings from our exploratory proof of concept 

statistical approaches. In the case that 95% of these sequences of the UCHS class do present the same 

catalytic activities as the sequences of the RCHS class, we can then be certain that these exploratory 

proofs of concept statistical approaches can be adopted as a new method for classifying secondary genes 

without the necessity of the lab. Mathematically, we can say that the confidence interval (CI) will be 1- 

α, where α (alpha) is the error difference above or less than our current 95% confidence.  In the case 

where less than 95% of the sequences in the UCHS are found to have the same catalytic activities as the 

sequences in the RCHS, then we will be less than 100% certain (1-alpha) that these proof of concept 

statistical methods do work for accurately classifying secondary metabolite genes. 
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To our knowledge, there is no previous work that implemented this strategy for studying RCHS using 

mathematical and statistical techniques. Therefore, we cannot conduct a comparison of this study against 

previous studies. However, our exploratory proof-of-concept model shows good results for analysing and 

interpreting secondary metabolite genes.   
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Chapter Eight Conclusion 

8.1 Conclusion  

Secondary metabolites are of high interest in medicinal plants because they often represent the majority 

of active ingredients associated with health-promoting qualities. Very little significant research has been 

conducted to study key enzyme factors that can categorize or predict a class of secondary metabolite 

genes. Identification of approaches that are essential to understanding the mechanisms by which 

secondary metabolite genes can be predicted and analysed have been lacking in the field of 

Bioinformatics.  

Genome analysis of South African medicinal plants has been initiated through the Aspalathus linearis 

(rooibos) genomics programme at the University of the Western Cape, which encompasses the 

sequencing of the rooibos genome as well as six diverse transcriptomes. One of the genomic programme’s 

aims is to develop biocomputational approaches for future medicinal plant gene analyses. Analogously, 

the aims of this exploratory proof-of-concept study were to develop data science techniques which 

present a dynamic way of mining plant SM genes that may lead to the analysis and understanding of 

plants SM genes through a different modus operandi.   

The study presented data science techniques that can assess, inform and accelerate experimental 

endeavours on secondary metabolite genes, and provide practitioners guidance on best practices. In the 

course of this research, a number of methods were tested in preparing and analysing the protein sequence 

data using various machine learning and statistical techniques. The following sections present the key 

findings of the study and make recommendations for future work.  

 

8.2 Summary of findings  

This study attempted to address two key research questions related to protein sequence data of plant 

secondary metabolite genes:  

1. Can machine learning algorithms be trained to recognize plant secondary metabolite genes 

involved in the production of medicinally active compounds (e.g. polyphenols)? 

2. Can mathematical and statistical estimated approaches be carried out pertaining to the 

preparation, analysis and interpretation of secondary metabolite genes? 

This section will present the key findings from the study in response to these research questions. 

To begin with, existing literature on plant secondary metabolite genes and the identification of chalcone 

synthase was reviewed to provide the contextual basis for the study, and previous studies were drawn on 

to identify the most appropriate machine learning and statistical approaches for this study. Chapter 2 

presented the background of biological properties of medicinal plants, secondary metabolite genes, 

polyphenols, biosynthetic pathways, and the identification of chalcone synthase which is used as true 

positive set in the analysis performed in this work. Different studies on computational biology were also 

investigated, along with statistical analysis in the field of plant genes and other organisms. Machine 

learning techniques were explored, such as unsupervised and supervised learning techniques, which have 

been used in the field of bioinformatics. A number of supervised classification models were identified as 

the most appropriate machine learning techniques to address the research problem. The knowledge 
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obtained from these different studies informed the design and implementation of this exploratory proof-

of-concept study.  

Chapter 4 identified feature engineering techniques that were best suited to address the challenges that 

bioinformatics data poses in its application to computational analysis. In this case, the protein sequence 

data in its raw form presented a string of alphabetical letters with varying lengths. Previous studies have 

addressed this issue by converting the protein sequences into numerical values before performing data 

analysis on them. This study followed the same approach of converting amino acids into numerical 

values, transforming the dataset into three exploratory proof-of-concept sets of engineered features: 

Frequency-based features; Value-based features; and Amino acid relative frequency-based features. The 

frequency-based features and value-based features were combined into one dataset called 8SFM, and the 

Amino acid relative frequency feature dataset was labelled 20RFFM.  Having converted the raw protein 

sequence data of the three classes (RCHS, NCHS, and UCHS) into numerical datasets (8SFM and 

20RFFM), secondary metabolite (SM) data mining then became possible. 

Data visualisation techniques were then discussed in Chapter 5 as a tool to gain insight into the patterns 

that exist within the datasets. With unsupervised techniques such as PCA, the SM dataset (20RFFM) 

showed that RCHS and UCHS classes were clustering in a specific location, whereas the NCHS class 

tended to be scattered. This foreshadowed the findings that were confirmed in the machine learning and 

statistical analysis phases of the study, which found that RCHS and UCHS shared similar biological 

properties. This finding of clustered classes informed the selection of supervised machine learning 

classification models as an appropriate model, given the behaviour of the data set.   

Chapter 5 also explored the use of data visualisation as a tool for feature selection. By applying feature 

selection techniques such as Forest of Trees, ANOVA and Mutual Information, the features could be 

presented through a visual ranking display to indicate their significance. Findings from these feature 

selection techniques indicated that all eight features in the 8SFM dataset were significant. These 

exploratory proof-of-concept data visualisation and feature selection techniques were shown to be helpful 

in the interpretation of protein sequence data of SM genes. 

Once the feature selection process was complete, two exploratory proof-of-concept supervised machine 

learning classification models were built: a binary classification model and a multi classification model. 

The development and performance of these models were discussed in Chapter 6. 

With the binary classification model, it was shown that the 2NN showed a very high predictive power 

over the rest of the binary models. In training the model, the RCHS was used as the true positive set, 

while the NCHS was used as the control dataset (true negative set). The 2NN model was trained and 

tested (80% and 20% respectively) on a 10-fold cross-validation with two different datasets: 20RFFM 

and 8SFM. The AUC was used as a performance evaluation metric of these two 2NN models, resulting 

in the 20RFFM dataset indicating a higher predictive power over the 8SFM dataset. The proof-of-concept 

20RFFM 2NN model was further evaluated using confusion matrix and presented good results, achieving 

a 94.2% average model accuracy, a precision of 94.7% and a sensitivity of 97.3% at predicting RCHS in 

set of diverse secondary metabolite genes (i.e. a test dataset made up of both RCHS and NCHS protein 

sequences). 

With the multi classification model, the SVM was shown to present a very high predictive power over 

the rest of the multi classification models, achieving a 91% average accuracy model. Three classes were 

used to train the multi classification models: RCHS, NCHS, and UCHS.  
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The motivation behind performing a multiclass classifier to build a proof-of-concept model for 

classifying chalcone-synthase in secondary metabolite genes is that curated (reviewed) secondary 

metabolite genes are limited. As UCHS is a class of unreviewed chalcone synthase, it was important to 

observe the treatment of this class via the multi classification model. The AUC metric showed that the 

multi classifier ranked the sequences in the RCHS and UCHS classes higher than the sequences in the 

NCHS class. This led to the belief that either the UCHS or RCHS class could be treated as a true positive 

set. This outcome is of high importance, as it means that the UCHS and RCHS classes can ultimately be 

combined to increase the size of the true positive set, therefore addressing the problem of a limited pool 

of curated secondary metabolite genes. This same technique could be applied, in theory, to unreviewed 

non-chalcone synthase secondary metabolite genes in order to increase the size of the true negative as 

well.  Increasing the true positive and true negative datasets would allow for training of the machine 

learning classifiers on much larger datasets, therefore leading to improved generalisation power of the 

models. 

Multi classification models can also be used to classify different secondary metabolite genes where the 

goal is not to only predict one type of secondary metabolite gene, but to classify a range of secondary 

metabolite genes (enzyme classification) from a cluster of metabolic gene loci within the plant kingdom. 

Although this study focused strictly on chalcone synthase secondary metabolite genes, this multi 

classification model could be applied in future studies to classify chalcone synthase genes as well as other 

types of secondary metabolite genes (e.g. stelibene synthase, aloesome synthase, etc.). These outputs 

from Chapter 6 show that machine learning classification models can be effectively trained to predict and 

classify plant secondary metabolite genes involved in the production of medicinally active compounds. 

Chapter 7 proposes exploratory proof-of-concept mathematical and statistical approaches that can be 

applied to study the statistical inferences between RCHS, NCHS, and UCHS. The chi-square hypothesis 

test and its post hoc test (Bonferroni Correction) indicated with 95% confidence that a relationship exists 

between RCHS and UCHS. Despite the fact that the UCHS class consists of protein sequences which 

have not yet been reviewed, the chi-square and the Bonferroni Correction tests suggest with 95% certainty 

that the UCHS class presents the same biological secondary metabolite properties as the RCHS class. 

The same chi-square and Bonferroni Correction tests have shown that the NCHS class does not present 

a relationship with either the RCHS or the UCHS.   

Further analyses were conducted with ANOVA and its post hoc test (Tukey’s HSD), which show with 

95% confidence that the means of the RCHS and UCHS do not differ, whereas these means differ with 

that of the NCHS class. The fact that RCHS and UCHS have the same mean implies that either of these 

classes (RCHS, UCHS) could be used as a true positive set to be analysed against the NCHS class, and 

the outcome would be the same.  

Chapter 7 also presented the results of the boxplot method that was applied to the datasets. The results 

show that UCHS and RCHS have very similar distribution, whereas the NCHS’s distribution differed 

from RCHS and UCHS. The skewedness patterns that are revealed through the boxplot method 

demonstrate how similar or different these classes of secondary metabolite genes are to one another. 

These statistical methods (chi-square, ANOVA, boxplot) present an exploratory approach that could be 

more broadly used to infer the distribution that exists among a broader range of secondary metabolite 

genes. 

  

The results of the statistical methods suggest with 95% confidence the RCHS and UCHS possess the 

same biological properties. Therefore, either of these protein sequence datasets could be used as a true 
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positive set, or ultimately combined into one large class, increasing the size of RCHS from 130 to 260. 

This finding suggests that future work that makes use of the same dataset could start with a larger true 

positive set from the outset. Moreover, the remaining sequences from the 2961 UCHS class that were 

collected from UniProtKB-TREMBL could be further investigated with the same statistical approaches 

outlined above to confirm their similarity (or not) to the RCHS class. In doing so, the size of RCHS class 

could potentially be increased exponentially, enhancing the generalisation power of the models. 

The outcomes of these five different statistical methods are very important as they are in accordance with 

the outcomes of the multi classification models and binary models seen in Chapter 6, which ranked the 

RCHS and UCHS classes higher than the NCHS class in multiclassification, and the RCHS higher than 

the NCHS in the binary classification. As the NCHS class is made up of reviewed sequences that are 

known to not involve the same catalytic activities as reviewed chalcone synthase (RCHS), these statistical 

outcomes confirm that mathematical and statistical estimated approaches can be applied to analyse and 

interpret secondary metabolite genes. 

8.3 Future Work 

This comprehensive study consisted of several components which could be expanded on in future studies 

conducted in bioinformatics. Some of the possibilities for future studies include: 

• Studies which attempt to establish guidelines or standards on collecting secondary metabolite 

data. 

• Studies which make use of the baseline database that was built to store the data for this particular 

study, to build a graph database that uses graph structures for semantic queries with nodes, edges 

and properties to relate the stored protein sequences and their information.  

• Further laboratory analysis of the class of UCHS to determine the number of protein sequences 

within this class that are indeed true positive chalcone synthase, to evaluate the accuracy and real-

life application of the model. If the outcome of the lab work is positive, this would boost the 

dataset size of RCHS and allow for building of classifier models trained on much larger datasets. 

• Studies which attempt to predict and analyse other secondary metabolite enzymes using the 

machine learning and mathematical and statistical approaches developed in this study.  

• Further study as part of the Aspalathus linearis genomics programme at the University of the 

Western Cape to conduct the genome analysis of Rooibos using these data science techniques.  
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Appendix A.1 

Source (https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3268504/figure/f01_01/) 

Metabolic intermediates of the shikimate pathway in higher plants. The first seven steps are common to the biosynthesis of phenylalanine, tyrosine, and 

tryptophan, with chorismate being the last shared precursor of the three amino acids. The phenylalanine and tyrosine pathways diverge after the biosynthesis 
of arogenate. Some reactants (ATP and PEP), and products (inorganic phosphate and water), have been omitted for the sake of clarity. 
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Appendix A.2 

Source (https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3268504/figure/f02_01/) 

Phenylpropanoid metabolism in Arabidopsis. Horizontal reactions correspond to ring modifications, vertical reactions correspond to side-chain modifications. 

PAL, phenylalanine ammonia-lyase; C4H, cinnamic acid 4-hydroxylase; 4CL, 4-coumarate:CoA ligase; HCT, hydroxycinnamoyl-coenzyme A 

shikimate:quinate hydroxycinnamoyl-transferase; C3′H, p-coumaroyl shikimate 3′-hydroxylase; CCoAOMT, caffeoyl CoA 3-O-methyltransferase; CCR, 
cinnamoyl-CoA reductase; F5H, ferulate 5-hydroxylase; COMT, caffeic acid/5-hydroxyferulic acid O-methyltransferase; CAD, cinnamyl alcohol 

dehydrogenase; HCALDH, hydroxycinnamaldehyde dehydrogenase. The reaction catalyzed by HCALDH leads to the synthesis of ferulate and the sinapate 
esters. 
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Appendix B 

All Supplementary materials, meaning; the datasets RCHS, NCHS, UCHS and their converted datasets 

20RFFM and 8SFM, and all the Python code of the computational pipeline for data preparation, and 

data analysis were both burned into three discs that should have been brought along with the thesis. 

However, I was informed by our department’s secretary that, UWC faculty of natural sciences does no 

longer accept CDs or DVDs only a thesis as a single PDF. For this reason I had to insert the data and 

decrease the font size for all the data and codes to fit in the appendix properly. 

For a better visualization, one can simply zoom in.  
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True Negative Raw Dataset ‐ NCHS 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Entry Entry name Status Protein names Gene names Organism Length Sequence Catalytic activity

Q9C6L5
KCS5_ARAT

H
reviewed

3-ketoacyl-CoA synthase 5 

(KCS-5) (EC 2.3.1.199) 

(Eceriferum 60) (Very long-chain 

fatty acid condensing enzyme 5) 

(VLCFA condensing enzyme 5)

KCS5 CER60 

At1g25450 

F2J7.9

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

492

MSDFSSSVKLKYVKLGYQYLINNFLTLLLIPVIATVAIELLRMGPEEILSVLNSLHFELLHILCSSFLIIFV

STVYFMSKPRTVYLVDYSCYKPPVTCRVPFSSFMEHSRLILKDNPKSVEFQMRILERSGLGEETCL

PPAIHYIPPTPTMESARNEAQMVIFTAMEDLFKNTGLKPKDIDILIVNCSLFSPTPSLSAMIINKYKLRS

NIKSYNLSGMGCSASLISVDVARDLLQVHPNSNAIIISTEIITPNYYKGNERAMLLPNCLFRMGGAAIL

LSNRRSDRWRAKYKLCHLVRTHRGADDKSYNCVMEQEDKNGNVGINLSKDLMTIAGEALKANITTI

GPLVLPASEQLLFLSSLIGRKIFNPKWKPYIPDFKQAFEHFCIHAGGRAVIDELQKNLQLSGEHVEA

SRMTLHRFGNTSSSSLWYELSYIEAQGRMKRNDRVWQIAFGSGFKCNSAVWKCNRTIKTPTDGA

WSDCIERYPVFIPEVVKL

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q38860
KCS18_ARA

TH
reviewed

3-ketoacyl-CoA synthase 18 

(KCS-18) (EC 2.3.1.199) 

(Protein FATTY ACID 

ELONGATION 1) (Very long-

chain fatty acid condensing 

enzyme 18) (VLCFA condensing 

enzyme 18)

FAE1 KCS18 

At4g34520 

T4L20.100

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

506

MTSVNVKLLYRYVLTNFFNLCLFPLTAFLAGKASRLTINDLHNFLSYLQHNLITVTLLFAFTVFGLVLYI

VTRPNPVYLVDYSCYLPPPHLKVSVSKVMDIFYQIRKADTSSRNVACDDPSSLDFLRKIQERSGLG

DETYSPEGLIHVPPRKTFAASREETEKVIIGALENLFENTKVNPREIGILVVNSSMFNPTPSLSAMVV

NTFKLRSNIKSFNLGGMGCSAGVIAIDLAKDLLHVHKNTYALVVSTENITQGIYAGENRSMMVSNCL

FRVGGAAILLSNKSGDRRRSKYKLVHTVRTHTGADDKSFRCVQQEDDESGKIGVCLSKDITNVAGT

TLTKNIATLGPLILPLSEKFLFFATFVAKKLLKDKIKHYYVPDFKLAVDHFCIHAGGRAVIDELEKNLGL

SPIDVEASRSTLHRFGNTSSSSIWYELAYIEAKGRMKKGNKAWQIALGSGFKCNSAVWVALRNVK

ASANSPWQHCIDRYPVKIDSDLSKSKTHVQNGRS

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000269|PubMed:11341960, 

ECO:0000269|PubMed:12135493, 

ECO:0000269|PubMed:16765910}.

Q9XF43
KCS6_ARAT

H
reviewed

3-ketoacyl-CoA synthase 6 

(KCS-6) (EC 2.3.1.199) 

(Cuticular protein 1) (Eceriferum 

6) (Very long-chain fatty acid 

condensing enzyme 6) (VLCFA 

condensing enzyme 6)

CUT1 CER6 

EL6 KCS6 

At1g68530 

T26J14.10

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

497

MPQAPMPEFSSSVKLKYVKLGYQYLVNHFLSFLLIPIMAIVAVELLRMGPEEILNVWNSLQFDLVQ

VLCSSFFVIFISTVYFMSKPRTIYLVDYSCYKPPVTCRVPFATFMEHSRLILKDKPKSVEFQMRILER

SGLGEETCLPPAIHYIPPTPTMDAARSEAQMVIFEAMDDLFKKTGLKPKDVDILIVNCSLFSPTPSLS

AMVINKYKLRSNIKSFNLSGMGCSAGLISVDLARDLLQVHPNSNAIIVSTEIITPNYYQGNERAMLLP

NCLFRMGAAAIHMSNRRSDRWRAKYKLSHLVRTHRGADDKSFYCVYEQEDKEGHVGINLSKDLM

AIAGEALKANITTIGPLVLPASEQLLFLTSLIGRKIFNPKWKPYIPDFKLAFEHFCIHAGGRAVIDELQK

NLQLSGEHVEASRMTLHRFGNTSSSSLWYELSYIESKGRMRRGDRVWQIAFGSGFKCNSAVWK

CNRTIKTPKDGPWSDCIDRYPVFIPEVVKL

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000269|PubMed:10330468}.

Q570B4
KCS10_ARA

TH
reviewed

3-ketoacyl-CoA synthase 10 

(KCS-10) (EC 2.3.1.199) 

(Protein FIDDLEHEAD) (Very 

long-chain fatty acid condensing 

enzyme 10) (VLCFA condensing 

enzyme 10)

FDH EL4 

KCS10 

At2g26250 

T1D16.11

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

550

MGRSNEQDLLSTEIVNRGIEPSGPNAGSPTFSVRVRRRLPDFLQSVNLKYVKLGYHYLINHAVYLA

TIPVLVLVFSAEVGSLSREEIWKKLWDYDLATVIGFFGVFVLTACVYFMSRPRSVYLIDFACYKPSD

EHKVTKEEFIELARKSGKFDEETLGFKKRILQASGIGDETYVPRSISSSENITTMKEGREEASTVIFG

ALDELFEKTRVKPKDVGVLVVNCSIFNPTPSLSAMVINHYKMRGNILSYNLGGMGCSAGIIAIDLAR

DMLQSNPNSYAVVVSTEMVGYNWYVGSDKSMVIPNCFFRMGCSAVMLSNRRRDFRHAKYRLE

HIVRTHKAADDRSFRSVYQEEDEQGFKGLKISRDLMEVGGEALKTNITTLGPLVLPFSEQLLFFAAL

LRRTFSPAAKTSTTTSFSTSATAKTNGIKSSSSDLSKPYIPDYKLAFEHFCFHAASKVVLEELQKNL

GLSEENMEASRMTLHRFGNTSSSGIWYELAYMEAKESVRRGDRVWQIAFGSGFKCNSVVWKA

MRKVKKPTRNNPWVDCINRYPVPL

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9MAM3
KCS1_ARAT

H
reviewed

3-ketoacyl-CoA synthase 1 

(KCS-1) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 1) (VLCFA condensing 

enzyme 1)

KCS1 EL1 

At1g01120 

T25K16.11

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

528

MERTNSIEMDRERLTAEMAFRDSSSAVIRIRRRLPDLLTSVKLKYVKLGLHNSCNVTTILFFLIILPLTG

TVLVQLTGLTFDTFSELWSNQAVQLDTATRLTCLVFLSFVLTLYVANRSKPVYLVDFSCYKPEDER

KISVDSFLTMTEENGSFTDDTVQFQQRISNRAGLGDETYLPRGITSTPPKLNMSEARAEAEAVMFG

ALDSLFEKTGIKPAEVGILIVNCSLFNPTPSLSAMIVNHYKMREDIKSYNLGGMGCSAGLISIDLANNL

LKANPNSYAVVVSTENITLNWYFGNDRSMLLCNCIFRMGGAAILLSNRRQDRKKSKYSLVNVVRTH

KGSDDKNYNCVYQKEDERGTIGVSLARELMSVAGDALKTNITTLGPMVLPLSEQLMFLISLVKRKM

FKLKVKPYIPDFKLAFEHFCIHAGGRAVLDEVQKNLDLKDWHMEPSRMTLHRFGNTSSSSLWYE

MAYTEAKGRVKAGDRLWQIAFGSGFKCNSAVWKALRPVSTEEMTGNAWAGSIDQYPVKVVQ

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000269|PubMed:10074711, 

ECO:0000269|PubMed:16765910}.

Q5XEP9
KCS2_ARAT

H
reviewed

3-ketoacyl-CoA synthase 2 

(KCS-2) (EC 2.3.1.199) 

(Docosanoic acid synthase) 

(Very long-chain fatty acid 

condensing enzyme 2) (VLCFA 

condensing enzyme 2)

KCS2 DAISY 

KCS17 

At1g04220 

F20D22.1

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

528

MNENHIQSDHMNNTIHVTNKKLPNFLLSVRLKYVKLGYHYLISNAVYILILPVGLLAATSSSFSLTDLT

LLYNHLLKFHFLSSTLFAALLIFLTTLYFTTRPRRIFLLDFACYKPDSSLICTRETFMDRSQRVGIFTED

NLAFQQKILERSGLGQKTYFPEALLRVPPNPCMSEARKEAETVMFGAIDAVLEKTGVNPKDIGILV

VNCSLFNPTPSLSAMIVNKYKLRGNVLSYNLGGMGCSAGLISIDLAKQLLQVQPNSYALVVSTENIT

LNWYLGNDRSMLLSNCIFRMGGAAVLLSNRSSDRCRSKYQLIHTVRTHKGSDDNAFNCVYQREDN

DDNKQIGVSLSKNLMAIAGEALKTNITTLGPLVLPMSEQLLFFATLVARKVFNVKKIKPYIPDFKLAFE

HFCIHAGGRAVLDEIEKNLDLSEWHMEPSRMTLNRFGNTSSSSLWYELAYSEAKGRIKRGDRTW

QIAFGSGFKCNSAVWRALRTIDPSKEKKKKTNPWIDEIHEFPVPVPRTSPVTSSSESR

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q8SAS8
TBSYN_HYP

AN
reviewed

2,4,6-trihydroxybenzophenone 

synthase (EC 2.3.1.220) 

(2,3',4,6-

tetrahydroxybenzophenone 

synthase) (EC 2.3.1.151) 

(Benzophenone synthase) 

(HaBPS)

BPS

Hypericum 

androsaemu

m (Tutsan)

395

MAPAMEYSTQNGQGEGKKRASVLAIGTTNPEHFILQEDYPDFYFRNTNSEHMTELKEKFKRICVK

SHIRKRHFYLTEEILKENQGIATYGAGSLDARQRILETEVPKLGQEAALKAIAEWGQPISKITHVVFA

TTSGFMMPGADYVITRLLGLNRTVRRVMLYNQGCFAGGTALRVAKDLAENNEGARVLVVCAENTA

MTFHAPNESHLDVIVGQAMFSDGAAALIIGACPDVASGERAVFNILSASQTIVPGSDGAITAHFYEM

GMSYFLKEDVIPLFRDNIAAVMEEAFSPLGVSDWNSLFYSIHPGGRGIIDGVAGNLGIKDENLVATR

HVLGEYGNMGSACVMFILDELRKSSKVNGKPTTGDGKEFGCLIGLGPGLTVEAVVLQSVPILQ

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

benzoyl-CoA = 4 CoA + 2,4,6-

trihydroxybenzophenone + 3 CO(2). 

{ECO:0000269|PubMed:12795704, 

ECO:0000269|PubMed:19710020, 

ECO:0000269|PubMed:9459298}.; 

CATALYTIC ACTIVITY: 3 malonyl-CoA + 3-

hydroxybenzoyl-CoA = 4 CoA + 2,3',4,6-

tetrahydroxybenzophenone + 3 CO(2). 

{ECO:0000269|PubMed:12795704, 

ECO:0000269|PubMed:19710020, 

ECO:0000269|PubMed:9459298}.

Q58VP7 PCS_ALOAR reviewed

5,7-dihydroxy-2-

methylchromone synthase (EC 

2.3.1.216) (Pentaketide 

chromone synthase) (PCS)

Aloe 

arborescens 

(Kidachi aloe)

403

MSSLSNSLPLMEDVQGIRKAQKADGTATVMAIGTAHPPHIFPQDTYADVYFRATNSEHKVELKKKF

DHICKKTMIGKRYFNYDEEFLKKYPNITSYDEPSLNDRQDICVPGVPALGTEAAVKAIEEWGRPKS

EITHLVFCTSCGVDMPSADFQCAKLLGLHANVNKYCIYMQGCYAGGTVMRYAKDLAENNRGARVL

VVCAELTIMMLRAPNETHLDNAIGISLFGDGAAALIIGSDPIIGVEKPMFEIVCTKQTVIPNTEDVIHLHL

RETGMMFYLSKGSPMTISNNVEACLIDVFKSVGITPPEDWNSLFWIPHPGGRAILDQVEAKLKLRP

EKFRAARTVLWDYGNMVSASVGYILDEMRRKSAAKGLETYGEGLEWGVLLGFGPGITVETILLHS

LPLM

CATALYTIC ACTIVITY: 5 malonyl-CoA = 5 

CoA + 5,7-dihydroxy-2-methyl-4H-chromen-4-

one + 5 CO(2) + H(2)O. 

{ECO:0000269|PubMed:15686354}.

Q9FG87
KCS20_ARA

TH
reviewed

3-ketoacyl-CoA synthase 20 

(KCS-20) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 20) (VLCFA condensing 

enzyme 20)

KCS20 

KCS19 

At5g43760 

MQD19.11

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

529

MSHNQNQPHRPVPVHVTNAEPNPNPNNLPNFLLSVRLKYVKLGYHYLISNALYILLLPLLAATIANL

SSFTINDLSLLYNTLRFHFLSATLATALLISLSTAYFTTRPRRVFLLDFSCYKPDPSLICTRETFMDRSQ

RVGIFTEDNLAFQQKILERSGLGQKTYFPEALLRVPPNPCMEEARKEAETVMFGAIDAVLEKTGVK

PKDIGILVVNCSLFNPTPSLSAMIVNKYKLRGNILSYNLGGMGCSAGLISIDLAKQMLQVQPNSYAL

VVSTENITLNWYLGNDRSMLLSNCIFRMGGAAVLLSNRSSDRSRSKYQLIHTVRTHKGADDNAFGC

VYQREDNNAEETGKIGVSLSKNLMAIAGEALKTNITTLGPLVLPMSEQLLFFATLVARKVFKVKKIKP

YIPDFKLAFEHFCIHAGGRAVLDEIEKNLDLSEWHMEPSRMTLNRFGNTSSSSLWYELAYSEAKG

RIKRGDRTWQIAFGSGFKCNSAVWKALRTIDPMDEKTNPWIDEIDDFPVQVPRITPITSS

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q02323
DPSS_PINS

Y
reviewed

Pinosylvin synthase (EC 

2.3.1.146) (Dihydropinosylvin 

synthase) (Pinosylvin-forming 

stilbene synthase) (Stilbene 

synthase) (STS)

Pinus 

sylvestris 

(Scots pine)

393

MGGVDFEGFRKLQRADGFASILAIGTANPPNAVDQSTYPDFYFRITGNEHNTELKDKFKRICERSAI

KQRYMYLTEEILKKNPDVCAFVEVPSLDARQAMLAMEVPRLAKEAAEKAIQEWGQSKSGITHLIF

CSTTTPDLPGADFEVAKLLGLHPSVKRVGVFQHGCFAGGTVLRMAKDLAENNRGARVLVICSETT

AVTFRGPSETHLDSLVGQALFGDGASALIVGADPIPQVEKACFEIVWTAQTVVPNSEGAIGGKVRE

VGLTFQLKGAVPDLISANIENCMVEAFSQFKISDWNKLFWVVHPGGRAILDRVEAKLNLDPTKLIPT

RHVMSEYGNMSSACVHFILDQTRKASLQNGCSTTGEGLEMGVLFGFGPGLTIETVVLKSVPIQ

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

cinnamoyl-CoA = 4 CoA + pinosylvin + 4 

CO(2). {ECO:0000269|PubMed:1426272}.; 

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

dihydrocinnamoyl-CoA = 4 CoA + 

dihydropinosylvin + 4 CO(2). 

{ECO:0000269|PubMed:1426272}.

Q94FV7 BAS_RHEPA reviewed

Polyketide synthase BAS (EC 

2.3.1.212) (Benzalacetone 

synthase) (RpBAS)

BAS

Rheum 

palmatum 

(Chinese 

rhubarb)

384

MATEEMKKLATVMAIGTANPPNCYYQADFPDFYFRVTNSDHLINLKQKFKRLCENSRIEKRYLHVT

EEILKENPNIAAYEATSLNVRHKMQVKGVAELGKEAALKAIKEWGQPKSKITHLIVCCLAGVDMPG

ADYQLTKLLDLDPSVKRFMFYHLGCYAGGTVLRLAKDIAENNKGARVLIVCSEMTTTCFRGPSETH

LDSMIGQAILGDGAAAVIVGADPDLTVERPIFELVSTAQTIVPESHGAIEGHLLESGLSFHLYKTVPTL

ISNNIKTCLSDAFTPLNISDWNSLFWIAHPGGPAILDQVTAKVGLEKEKLKVTRQVLKDYGNMSSAT

VFFIMDEMRKKSLENGQATTGEGLEWGVLFGFGPGITVETVVLRSVPVIS

CATALYTIC ACTIVITY: 4-coumaroyl-CoA + 

malonyl-CoA + H(2)O = 2 CoA + 4-

hydroxybenzalacetone + 2 CO(2). 

{ECO:0000269|PubMed:11389739, 

ECO:0000269|PubMed:17383877}.

L7NCQ3
TBSYN_GAR

MA
reviewed

2,4,6-trihydroxybenzophenone 

synthase (GmBPS) (EC 

2.3.1.220)

BPS

Garcinia 

mangostana 

(Mangosteen)

391

MAPAMDSAQNGHQSRGSANVLAIGTANPPNVILQEDYPDFYFKVTNSEHLTDLKEKFKRICVKSKT

RKRHFYLTEQILKENPGIATYGAGSLDSRQKILETEIPKLGKEAAMVAIQEWGQPVSKITHVVFATTS

GFMMPGADYSITRLLGLNPNVRRVMIYNQGCFAGGTALRVAKDLAENNKGARVLVVCAENTAMTF

HGPNENHLDVLVGQAMFSDGAAALIIGANPNLPEERPVYEMVAAHQTIVPESDGAIVAHFYEMGM

SYFLKENVIPLFGNNIEACMEAAFKEYGISDWNSLFYSVHPGGRAIVDGIAEKLGLDEENLKATRHV

LSEYGNMGSACVIFILDELRKKSKEEKKLTTGDGKEWGCLIGLGPGLTVETVVLRSVPIA

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

benzoyl-CoA = 4 CoA + 2,4,6-

trihydroxybenzophenone + 3 CO(2). 

{ECO:0000269|PubMed:22390826}.

Q9SIX1
KCS9_ARAT

H
reviewed

3-ketoacyl-CoA synthase 9 

(KCS-9) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 9) (VLCFA condensing 

enzyme 9)

KCS9 

At2g16280 

F16F14.22

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

512

MEAANEPVNGGSVQIRTENNERRKLPNFLQSVNMKYVKLGYHYLITHLFKLCLVPLMAVLVTEISR

LTTDDLYQIWLHLQYNLVAFIFLSALAIFGSTVYIMSRPRSVYLVDYSCYLPPESLQVKYQKFMDHS

KLIEDFNESSLEFQRKILERSGLGEETYLPEALHCIPPRPTMMAAREESEQVMFGALDKLFENTKIN

PRDIGVLVVNCSLFNPTPSLSAMIVNKYKLRGNVKSFNLGGMGCSAGVISIDLAKDMLQVHRNTYA

VVVSTENITQNWYFGNKKAMLIPNCLFRVGGSAILLSNKGKDRRRSKYKLVHTVRTHKGAVEKAFN

CVYQEQDDNGKTGVSLSKDLMAIAGEALKANITTLGPLVLPISEQILFFMTLVTKKLFNSKLKPYIPD

FKLAFDHFCIHAGGRAVIDELEKNLQLSQTHVEASRMTLHRFGNTSSSSIWYELAYIEAKGRMKKG

NRVWQIAFGSGFKCNSAVWVALNNVKPSVSSPWEHCIDRYPVKLDF

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

B0LDU5
PKS4_RUBI

D
reviewed

Polyketide synthase 4 (RiPKS4) 

(EC 2.3.1.212) (EC 2.3.1.74) 

(Benzalacetone synthase 

PKS4) (RiBAS) (Naringenin-

chalcone synthase PKS4)

PKS4 BAS
Rubus idaeus 

(Raspberry)
383

MVTVEEVRKAQRAEGPATVLAIGTATPPNCVGQSTYPDYYFRITNSEHKIELKQKFQRMCDKSMIK

KRYMYLTEEILKENPSMCEYMAPSLDARQDMVIVEIPKLGKEAATKAIKEWGQPKSKITHLVFCTT

SGVDMPGADYQLIKLFGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAENNRGARVLVVCSEITVVT

FRGPSDTHLDCLVGQALFGDGVASIIVGADPLPEIEKPLFELVSAAQTILPDSEGAIEGHLREVGLTF

HLLENVPALISKNIEKSLNETFKPLDIMDWNSLFWIAHPGGPAILDQVEAKLGLKPEKLEATGHILSE

YGNMSSACVLFILDVVRRKSAANGVTTRILSIGQISKSLLILAWFLFSLV

CATALYTIC ACTIVITY: 4-coumaroyl-CoA + 

malonyl-CoA + H(2)O = 2 CoA + 4-

hydroxybenzalacetone + 2 CO(2). 

{ECO:0000269|PubMed:12226219, 

ECO:0000269|PubMed:18068110}.; 

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023, 

ECO:0000269|PubMed:12226219, 

ECO:0000269|PubMed:18068110}.

C0SVZ6
CURS1_CUR

LO
reviewed

Curcumin synthase 1 (EC 

2.3.1.217)
CURS1

Curcuma 

longa 

(Turmeric) 

(Curcuma 

domestica)

389

MANLHALRREQRAQGPATIMAIGTATPPNLYEQSTFPDFYFRVTNSDDKQELKKKFRRMCEKTMV

KKRYLHLTEEILKERPKLCSYKEASFDDRQDIVVEEIPRLAKEAAEKAIKEWGRPKSEITHLVFCSIS

GIDMPGADYRLATLLGLPLTVNRLMIYSQACHMGAAMLRIAKDLAENNRGARVLVVACEITVLSFRG

PNEGDFEALAGQAGFGDGAGAVVVGADPLEGIEKPIYEIAAAMQETVAESQGAVGGHLRAFGWT

FYFLNQLPAIIADNLGRSLERALAPLGVREWNDVFWVAHPGNWAIIDAIEAKLQLSPDKLSTARHVF

TEYGNMQSATVYFVMDELRKRSAVEGRSTTGDGLQWGVLLGFGPGLSIETVVLRSMPL

CATALYTIC ACTIVITY: Feruloyl-CoA + 

feruloylacetyl-CoA + H(2)O = 2 CoA + 

curcumin + CO(2). 

{ECO:0000269|PubMed:19258320, 

ECO:0000269|PubMed:21148316}.

P48408 DPS2_PINST reviewed

Pinosylvin synthase 2 (EC 

2.3.1.146) (Dihydropinosylvin 

synthase 2) (Stilbene synthase 

2) (STS 2)

STS2

Pinus 

strobus 

(Eastern 

white pine)

396

MSVGMGVDLEAFRKSQRADGFASILAIGTANPPNVVDQSTYPDYYFRNTNNEDNTDLKDKFKRIC

ERSAIKKRHMYLTEEILKKNPELCAFLEVPSLDTRQAMLAVEVPRLGKEAAEKAIEEWGQPKSRIT

HLIFCTTTTPDLPGADFEVAKLLGLHPSVKRVGVFQHGCFAGGTVLRLAKDLAENNRGARVLVVCS

ENTAVTFRGPSETHLDGLVGLALFGDGAAALIVGADPIPQVEKPCFEIVWTAQTVVPNSDGAISGK

LREVGLTFQLKGAVPDLISTNIEKCLVEAFSQFNISDWNQLFWIAHPGGRAILDQVEASLNLDPTKL

RATRHVMSEYGNMSSACVHFILDETRKASRQNGCSTSGGGFQMGVLFGFGPGLTVETVVLKSIPF

P

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

cinnamoyl-CoA = 4 CoA + pinosylvin + 4 

CO(2). {ECO:0000269|PubMed:7698342}.; 

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

dihydrocinnamoyl-CoA = 4 CoA + 

dihydropinosylvin + 4 CO(2). 

{ECO:0000269|PubMed:7698342}.

P28343 THS1_VITVI reviewed

Stilbene synthase 1 (EC 

2.3.1.95) (PSV25) (Resveratrol 

synthase 1) (Trihydroxystilbene 

synthase 1) (StSy 1) (Vitis 

stilbene synthase 1)

VINST1 

STS2 VST1 

GSVIVT0000

9226001 

LOC1002565

66 

VITISV_0353

01

Vitis vinifera 

(Grape)
392

MASVEEFRNAQRAKGPATILAIGTATPDHCVYQSDYADYYFRVTKSEHMTELKKKFNRICDKSMIK

KRYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITAEVPRLGRDAALKALKEWGQPKSKITHLVFCTTSG

VEMPGADYKLANLLGLETSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFR

GPSEDALDSLVGQALFGDGSSAVIVGSDPDVSIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTF

HLWPNVPTLISENIEKCLTQAFDPLGISDWNSLFWIAHPGGPAILDAVEAKLNLEKKKLEATRHVLS

EYGNMSSACVLFILDEMRKKSLKGEKATTGEGLDWGVLFGFGPGLTIETVVLHSVPTVTN

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

P48407 DPS1_PINST reviewed

Pinosylvin synthase 1 (EC 

2.3.1.146) (Dihydropinosylvin 

synthase 1) (Stilbene synthase 

1) (STS 1)

STS1

Pinus 

strobus 

(Eastern 

white pine)

396

MSVGMGIDLEAFRKSQRADGFASILAIGTANPPNVVDQSTYPDYYFRVTNNEDNTDLKDKFKRICE

RSAIKKRHMYLTEEILKKNPELCAFLEVPSLDTRQAMLAAEVPRLGKEAAEKAIEEWGQPKSRITH

LIFCTTTTPDLPGADFEVAKLLGLHPSVKRVGVFQHGCFAGGTVLRLAKDLAENNRGARVLVVCSE

NTAVTFRGPSETHLDGLVGLALFGDGASALIVGADPIPQVEKPCFEIVWTAQTVVPNSDGAISGKL

REVGLTFQLKGAVPDLISTNIEKCLVEAFSQFNISDWNQLFWIAHPGGHAILDQVEASLNLDPTKLR

ATRHVMSEYGNMSSACVHFILDETRKASRQNGCSTSGGGFQMGVLFGFGPGLTVETVVLKSIPFP

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

cinnamoyl-CoA = 4 CoA + pinosylvin + 4 

CO(2). {ECO:0000269|PubMed:7698342}.; 

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

dihydrocinnamoyl-CoA = 4 CoA + 

dihydropinosylvin + 4 CO(2). 

{ECO:0000269|PubMed:7698342}.

O65677
KCS17_ARA

TH
reviewed

3-ketoacyl-CoA synthase 17 

(KCS-17) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 17) (VLCFA condensing 

enzyme 17)

KCS17 KCS2 

At4g34510 

T4L20.90

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

487

MDANGGPVQIRTQNYVKLGYHYLITHFFKLMFLPLMAVLFMNVSLLSLNHLQLYYNSTGFIFVITLAI

VGSIVFFMSRPRSIYLLDYSCYLPPSSQKVSYQKFMNNSSLIQDFSETSLEFQRKILIRSGLGEETY

LPDSIHSIPPRPTMAAAREEAEQVIFGALDNLFENTKINPREIGVLVVNCSLFNPTPSLSAMIVNKYK

LRGNIKSFNLGGMGCSAGVIAVDLASDMLQIHRNTFALVVSTENITQNWYFGNKKAMLIPNCLFRV

GGSAVLLSNKPLDRKRSKYKLVHTVRTHKGSDENAFNCVYQEQDECLKTGVSLSKDLMAIAGEAL

KTNITSLGPLVLPISEQILFFATFVAKRLFNDKKKKPYIPDFKLALDHFCIHAGGRAVIDELEKSLKLSP

KHVEASRMTLHRFGNTSSSSIWYELAYTEAKGRMRKGNRVWQIAFGSGFKCNSAVWVALRNVE

PSVNNPWEHCIHRYPVKIDL

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000269|PubMed:16765910}.

C6L7V9
CURS3_CUR

LO
reviewed

Curcumin synthase 3 (EC 

2.3.1.217) (Demethoxycurcumin 

synthase) (EC 2.3.1.219)

CURS3

Curcuma 

longa 

(Turmeric) 

(Curcuma 

domestica)

390

MGSLQAMRRAQRAQGPATIMAVGTSNPPNLYEQTSYPDFYFRVTNSDHKHALKNKFRVICEKTKV

KRRYLHLTEEILKQRPKLCSYMEPSFDDRQDIVVEEIPKLAKEAAEKAIKEWGRPKSEITHLVFCSIS

GIDMPGADYRLATLLGLPLSVNRLMLYSQACHMGAQMLRIAKDLAENNRGARVLAVSCEITVLSFR

GPDAGDFEALACQAGFGDGAAAVVVGADPLPGVERPIYEIAAAMQETVPESERAVGGHLREIGW

TFHFFNQLPKLIAENIEGSLARAFKPLGISEWNDVFWVAHPGNWGIMDAIETKLGLEQGKLATARH

VFSEYGNMQSATVYFVMDEVRKRSAAEGRATTGEGLEWGVLFGFGPGLTIETVVLRSVPLP

CATALYTIC ACTIVITY: Feruloyl-CoA + 

feruloylacetyl-CoA + H(2)O = 2 CoA + 

curcumin + CO(2). 

{ECO:0000269|PubMed:19622354}.; 

CATALYTIC ACTIVITY: 4-coumaroyl-CoA + 

feruloylacetyl-CoA + H(2)O = 2 CoA + 

demethoxycurcumin + CO(2). 

{ECO:0000269|PubMed:19622354}.; 

CATALYTIC ACTIVITY: 4-coumaroyl-CoA + 

(4-coumaroyl)acetyl-CoA + H(2)O = 2 CoA + 

bisdemethoxycurcumin + CO(2). 

{ECO:0000269|PubMed:19622354}.

Q9SYZ0
KCS16_ARA

TH
reviewed

3-ketoacyl-CoA synthase 16 

(KCS-16) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 16) (VLCFA condensing 

enzyme 16)

KCS16 EL2 

At4g34250 

F10M10.20

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

493

MDYPMKKVKIFFNYLMAHRFKLCFLPLMVAIAVEASRLSTQDLQNFYLYLQNNHTSLTMFFLYLAL

GSTLYLMTRPKPVYLVDFSCYLPPSHLKASTQRIMQHVRLVREAGAWKQESDYLMDFCEKILERS

GLGQETYVPEGLQTLPLQQNLAVSRIETEEVIIGAVDNLFRNTGISPSDIGILVVNSSTFNPTPSLSSIL

VNKFKLRDNIKSLNLGGMGCSAGVIAIDAAKSLLQVHRNTYALVVSTENITQNLYMGNNKSMLVTNC

LFRIGGAAILLSNRSIDRKRAKYELVHTVRVHTGADDRSYECATQEEDEDGIVGVSLSKNLPMVAA

RTLKINIATLGPLVLPISEKFHFFVRFVKKKFLNPKLKHYIPDFKLAFEHFCIHAGGRALIDEMEKNLHL

TPLDVEASRMTLHRFGNTSSSSIWYELAYTEAKGRMTKGDRIWQIALGSGFKCNSSVWVALRNVK

PSTNNPWEQCLHKYPVEIDIDLKE

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.http://etd.uwc.ac.za/
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Q9ZUZ0
KCS13_ARA

TH
reviewed

3-ketoacyl-CoA synthase 13 

(KCS-13) (EC 2.3.1.199) 

(Protein HIGH CARBON 

DIOXIDE) (Very long-chain fatty 

acid condensing enzyme 13) 

(VLCFA condensing enzyme 13)

HIC KCS13 

At2g46720 

T3A4.10

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

466

MFIAMADFKILLLILILISLFELDLLHFHHDFFSPFPVKIGLLLISIFFYAYSTTRSKPVYLVDFSCHQPTD

SCKISSETFFNMAKGAQLYTDETIQFMTRILNRSGLGDDTYSPRCMLTSPPTPSMYEARHESELVIF

GALNSLFKKTGIEPREVGIFIVNCSLFNPNPSLSSMIVNRYKLKTDVKTYNLSGMGCSAGAISVDLAT

NLLKANPNTYAVIVSTENMTLSMYRGNDRSMLVPNCLFRVGGAAVMLSNRSQDRVRSKYELTHIV

RTHKGSSDKHYTCAEQKEDSKGIVGVALSKELTVVAGDSLKTNLTALGPLVLPLSEKLRFILFLVKS

KLFRLKVSPYVPDFKLCFKHFCIHAGGRALLDAVEKGLGLSEFDLEPSRMTLHRFGNTSSSSLWY

ELAYVEAKCRVKRGDRVWQLAFGSGFKCNSIVWRALRTIPANESLVGNPWGDSVHKYPVHVT

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9SUY9
KCS15_ARA

TH
reviewed

3-ketoacyl-CoA synthase 15 

(KCS-15) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 15) (VLCFA condensing 

enzyme 15)

KCS15 

At3g52160 

F4F15.270

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

451

MEKEATKMVNGGVKSKSPKGSPDFLGYNLRYVKLGYIYLLSLSRTFCFFLPPLLLLFIFVSRFLPILA

FPLSTFFILLIYHYLTPSSVFLLDFSCYRPPDHLKITKSDFIELAMKSGNFNETAIELQRKVLDQSGIGE

ESYMPRVVFKPGHRVNLRDGREEAAMVIFGAIDELLAATKINVKHIKILVLNCGVLNTTPSLSAMVIN

HYKLRHNTESYNLGGMGCSAGVIAIDLAKDLLNAHQGSYALVVSTEIVSFTWYSGNDVALLPPNCF

FRMGAAAVMLSSRRIDRWRAKYQLMQLVRTHKGMEDTSYKSIELREDRDGKQGLYVSRDVMEV

GRHALKANIATLGRLEPSFEHICVLASSKKVLDDIHKDLKLTEENMEASRRTLERFGNTSSSSIWYE

LAYLEHKAKMKRGDRVWQIGFGSGFKCNSVVWKALKNIDPPRHNNPWNL

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9LZ72
KCS19_ARA

TH
reviewed

3-ketoacyl-CoA synthase 19 

(KCS-19) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 19) (VLCFA condensing 

enzyme 19)

KCS19 

KCS21 

At5g04530 

T32M21.130

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

464

MELFSLSSLLLLSTLFVFYIFKFVFKRRNQRNCYMLHYECYKGMEERKLDTETCAKVVQRNKNLGL

EEYRFLLRTMASSGIGEETYGPRNVLEGREDSPTLLDAHSEMDEIMFDTLDKLFHKTKGSISPSDIDI

LVVNVSLFAPSPSLTSRVINRYKMREDIKSYNLSGLGCSASVISIDIVQRMFETRENALALVVSTETM

GPHWYCGKDRSMMLSNCLFRAGGSSVLLTNAARFKNQALMKLVTVVRAHVGSDDEAYSCCIQM

EDRDGHPGFLLTKYLKKAAARALTKNLQVLLPRVLPVKELIRYAIVRALKRRTSAKREPASSGIGLN

LKTGLQHFCIHPGGRAIIEGVGKSLGLTEFDIEPARMALHRFGNTSSGGLWYVLGYMEAKNRLKKG

EKILMMSMGAGFESNNCVWEVLKDLDDKNVWEDSVDRYPELSRIPNPFVEKYDWINDDTMSFVR

VD

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q4V3C9
KCS8_ARAT

H
reviewed

3-ketoacyl-CoA synthase 8 

(KCS-8) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 8) (VLCFA condensing 

enzyme 8)

KCS8 

At2g15090 

T15J14.13

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

481

MKNLKMVFFKILFISLMAGLAMKGSKINVEDLQKFSLHHTQNNLQTISLLLFLVVFVWILYMLTRPKP

VYLVDFSCYLPPSHLKVSIQTLMGHARRAREAGMCWKNKESDHLVDFQEKILERSGLGQETYIPE

GLQCFPLQQGMGASRKETEEVIFGALDNLFRNTGVKPDDIGILVVNSSTFNPTPSLASMIVNKYKLR

DNIKSLNLGGMGCSAGVIAVDVAKGLLQVHRNTYAIVVSTENITQNLYLGKNKSMLVTNCLFRVGG

AAVLLSNRSRDRNRAKYELVHTVRIHTGSDDRSFECATQEEDEDGIIGVTLTKNLPMVAARTLKINIA

TLGPLVLPLKEKLAFFITFVKKKYFKPELRNYTPDFKLAFEHFCIHAGGRALIDELEKNLKLSPLHVE

ASRMTLHRFGNTSSSSIWYELAYTEAKGRMKEGDRIWQIALGSGFKCNSSVWVALRDVKPSANS

PWEDCMDRYPVEIDI

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9LN49
KCS4_ARAT

H
reviewed

3-ketoacyl-CoA synthase 4 

(KCS-4) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 4) (VLCFA condensing 

enzyme 4)

KCS4 

At1g19440 

F18O14.21

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

516

MDGAGESRLGGDGGGDGSVGVQIRQTRMLPDFLQSVNLKYVKLGYHYLISNLLTLCLFPLAVVISV

EASQMNPDDLKQLWIHLQYNLVSIIICSAILVFGLTVYVMTRPRPVYLVDFSCYLPPDHLKAPYARF

MEHSRLTGDFDDSALEFQRKILERSGLGEDTYVPEAMHYVPPRISMAAAREEAEQVMFGALDNLF

ANTNVKPKDIGILVVNCSLFNPTPSLSAMIVNKYKLRGNIRSYNLGGMGCSAGVIAVDLAKDMLLVH

RNTYAVVVSTENITQNWYFGNKKSMLIPNCLFRVGGSAVLLSNKSRDKRRSKYRLVHVVRTHRGA

DDKAFRCVYQEQDDTGRTGVSLSKDLMAIAGETLKTNITTLGPLVLPISEQILFFMTLVVKKLFNGKV

KPYIPDFKLAFEHFCIHAGGRAVIDELEKNLQLSPVHVEASRMTLHRFGNTSSSSIWYELAYIEAKG

RMRRGNRVWQIAFGSGFKCNSAIWEALRHVKPSNNSPWEDCIDKYPVTLSY

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

O48780
KCS11_ARA

TH
reviewed

3-ketoacyl-CoA synthase 11 

(KCS-11) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 11) (VLCFA condensing 

enzyme 11)

KCS11 

At2g26640 

F18A8.1

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

509

MDVEQKKPLIESSDRNLPDFKKSVKLKYVKLGYHYLITHGMYLFLSPLVLVIAAQISTFSVTDLRSL

WEHLQYNLISVVVCSMLLVFLMTIYFMTRPRPVYLVNFSCFKPDESRKCTKKIFMDRSKLTGSFTE

ENLEFQRKILQRSGLGESTYLPEAVLNVPPNPCMKEARKEAETVMFGAIDELLAKTNVNPKDIGILI

VNCSLFNPTPSLSAMVVNHYKLRGNILSYNLGGMGCSAGLISIDLAKHLLHSIPNTYAMVISMENITL

NWYFGNDRSKLVSNCLFRMGGAAILLSNKRWDRRRSKYELVDTVRTHKGADDKCFGCITQEEDS

ASKIGVTLSKELMAVAGDALKTNITTLGPLVLPTSEQLLFFATLVGRKLFKMKIKPYIPDFKLAFEHFC

IHAGGRAVLDELEKNLKLTEWHMEPSRMTLYRFGNTSSSSLWYELAYSEAKGRIKKGDRIWQIAF

GSGFKCNSSVWRAVRSVNPKKEKNPWMDEIHEFPVEVPKVSTI

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000269|PubMed:16765910}.

Q9C992
KCS7_ARAT

H
reviewed

3-ketoacyl-CoA synthase 7 

(KCS-7) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 7) (VLCFA condensing 

enzyme 7)

KCS7 

At1g71160 

F23N20.15

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

460

MESSFHFINEALLITQTFITFHQFLVASACVLIAVFGYYFFKPRCIIYLIDFSCYQPPDFLRAPVSNFIE

HLTISGVFDQESLDLQQKILERSGISDDASVPATVHEIPPNASISAAREETHEILFAIVQDLFSKHEIDP

KSIDILVSNCSLFCPSPSITSMIINKFGMRSDIKSFSLSGMGCSAGILSVNLVKDLMKIHGDSLALVLS

MEAVSPNGYRGKCKSMLIANTIFRMGGAAILLSNRKQDSHKAKYKLQHIIRTHVGSDTESYESVMQ

QVDEEGKVGVALSKQLVRVASKALKINVVQLGPRVLPYSEQLKYIISFIQRKWGMHKEIYTPNFKK

AFEHFCIHAGGRAIIEGVEKHLKLDKEDVEASRSTLYRYGNTSSSSLWYELQYLEAKGRMKMGDK

VWQIGFGSGFKANSAVWKCISEIDSRGRNAWSDRIHLYPVCGDTSSALKTELLS

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9SS39
KCS14_ARA

TH
reviewed

Probable 3-ketoacyl-CoA 

synthase 14 (KCS-14) (EC 

2.3.1.199) (Very long-chain fatty 

acid condensing enzyme 14) 

(VLCFA condensing enzyme 14)

KCS14 

At3g10280 

F14P13.12

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

459

MFIAMADFKLLLLILILLSLFELDLLHFHHDFFSPFPVKIGLLLISIFFYAYSTTRSKPVYLVDFSCHQPT

DSCKISSETFFNMAKGAQLYTEETIQFMTRILNRSGLGDDTYSPRCMLTSPPTPSMYEARHESELVI

FGALNSLFKKTGIEPREVGIFIVNCSLFNPNPSLSSMIVNRYKLKTDVKTYNLSGISVDLATNLLKANP

NTYAVIVSTENMTLSMYRGNDRSMLVPNCLFRVGGAAVMLSNRSQDRVRSKYELTHIVRTHKGSS

DKHYTCAEQKEDSKGIVGVALSKELTVVAGDTLKTNLTALGPLVLPLSEKLRFILFLVKSKLFRLKVS

PYVPDFKLCFKHFCIHAGGRALLDAVEKGLGLSEFDLEPSRMTLHRFGNTSSSSLWYELAYVEAK

CRVKRGDRVWQLAFGSGFKCNSIVWRALRTIPANESLVGNPWGDSVHKYPVHVT

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9FH27
KCS21_ARA

TH
reviewed

Probable 3-ketoacyl-CoA 

synthase 21 (KCS-21) (EC 

2.3.1.199) (Very long-chain fatty 

acid condensing enzyme 21) 

(VLCFA condensing enzyme 21)

KCS21 

KCS20 

At5g49070 

K20J1.4

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

464

MNQTIHRVSPISMSISELTTLLSSGVSVFEIFAGLLVVHLIYQRIRTRVKVYLLDFTCYRAPDSNRVPM

STLIETIYLDDKLDQESIDFQARILERSWLSNQTSIPRSLMEIPLKKSLSSVKIETMTTIFTSVEDLLRKN

KLSPRSIDILITNCSLHSPSPSLSAMVINKFHMRSNIKSFNLSGMGCAAGILSVNLANDLLQAHRGSL

ALIVSTEALNTHWYIGKDRSMLLTNCLFRMGAAAVLMSSNDHDRDNAKYELLHVVRKNKAKDDRA

YRCIYQDIDSDEKQGVSITKDVISVAGDMLKMNLTSLGPLVLPYLEQFQYVIQHILCKKLKIYESNSS

YTPNFKTAFEHFCIHTGGRAVIQAMEMNLKLTKVDIEPSKMTLHRFGNTSSSSIWYALSYLEAKRR

MKKGDRVLQIAFGSGFKCNSAVWRCIRKVEPNTENKWLDFIDSYPVDVPDSTNIRPG

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9LQP8
KCS3_ARAT

H
reviewed

3-ketoacyl-CoA synthase 3 

(KCS-3) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 3) (VLCFA condensing 

enzyme 3)

KCS3 

At1g07720 

F24B9.18

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

478

MDLLVMLLSLLVSYLIFKIWKRIDSKRDQNCYILDYQCHKPSDDRMVNTQFSGDIILRNKHLRLNEYK

FLLKAIVSSGIGEQTYAPRLFFEGREQRPTLQDGLSEMEEFYIDTIEKVLKRNKISPSEIDILVVNVSM

LNSTPSLSARIINHYKMREDIKVFNLTAMGCSASVISIDIVKNIFKTYKNKLALVVTSESLSPNWYSGN

NRSMILANCLFRSGGCAVLLTNKRSLSRRAMFKLRCLVRTHHGARDDSFNACVQKEDELGHIGVHL

DKTLPKAATRAFIDNLKVITPKILPVTELLRFMLCLLLKKLRSSPSKGSTNVTQAAPKAGVKAGINFKT

GIDHFCIHTGGKAVIDAIGYSLDLNEYDLEPARMTLHRFGNTSASSLWYVLGYMEAKKRLKRGDRV

FMISFGAGFKCNSCVWEVVRDLNVGEAVGNVWNHCINQYPPKSILNPFFEKYGWIHEEEDPDTF

KMPEGFM

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

B1Q2B6
OLIS_CANS

A
reviewed

3,5,7-trioxododecanoyl-CoA 

synthase (EC 2.3.1.206) 

(Olivetol synthase) (Polyketide 

synthase-1) (Tetraketide 

synthase)

OLS CAN24 

PKS-1 TKS

Cannabis 

sativa (Hemp) 

(Marijuana)

385

MNHLRAEGPASVLAIGTANPENILLQDEFPDYYFRVTKSEHMTQLKEKFRKICDKSMIRKRNCFLNE

EHLKQNPRLVEHEMQTLDARQDMLVVEVPKLGKDACAKAIKEWGQPKSKITHLIFTSASTTDMPG

ADYHCAKLLGLSPSVKRVMMYQLGCYGGGTVLRIAKDIAENNKGARVLAVCCDIMACLFRGPSES

DLELLVGQAIFGDGAAAVIVGAEPDESVGERPIFELVSTGQTILPNSEGTIGGHIREAGLIFDLHKDV

PMLISNNIEKCLIEAFTPIGISDWNSIFWITHPGGKAILDKVEEKLHLKSDKFVDSRHVLSEHGNMSS

STVLFVMDELRKRSLEEGKSTTGDGFEWGVLFGFGPGLTVERVVVRSVPIKY

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

hexanoyl-CoA = 3 CoA + 3,5,7-

trioxododecanoyl-CoA + 3 CO(2). 

{ECO:0000269|PubMed:19454282, 

ECO:0000269|PubMed:19581347, 

ECO:0000269|Ref.3}.

Q9FSC2
ACS3_RUTG

R
reviewed

Probable acridone synthase 3 

(EC 2.3.1.159) (Acridone 

synthase III)

ACS3

Ruta 

graveolens 

(Common 

rue)

391

MESLKEMRKAQMSEGPAAILAIGTANPDNVYMQADYPDYYFKMTKSEHMTELKDKFRTLCEKSMI

RKRHMCFSEEFLKANPEVCKHMGKSLNARQDIAVVETPRLGNEAAVKAIKEWGQPKSSITHLIFC

SSAGVDMPGADYQLTRILGLNPSVKRMMIYQQGCYAGGTVLRLAKDLAENNKGSRVLVVCSELTA

PTFRGPSPDAVDSLVGQALFADGAAALVVGADPDSSIERALYYLVSASQMLLPDSDGAIEGHIRE

EGLTVHLKKDVPALFSGNIDTPLVEAFKPLGISDWNSIFWIAHPGGPAILDQIEEKLGLKEDKLRASK

HVMSEYGNMSSSCVLFVLDEMRSRSLQDGKSTTGEGLDWGVLFGFGPGLTVETIVLRSVPIEA

CATALYTIC ACTIVITY: 3 malonyl-CoA + N-

methylanthraniloyl-CoA = 4 CoA + 1,3-

dihydroxy-N-methylacridone + 3 CO(2).

Q9FSC0
ACS2_RUTG

R
reviewed

Acridone synthase 2 (EC 

2.3.1.159) (Acridone synthase II)
ACS2

Ruta 

graveolens 

(Common 

rue)

391

MESLKEMRKAQKSEGPAAILAIGTATPDNVYIQADYPDYYFKITKSEHMTELKDKFKTLCEKSMIRK

RHMCFSQEFLKANPEVCKHMGKSLNARQDIAVVETPRIGKEAAVKAIKEWGHPKSSITHLIFCTSA

GVDMPGADYQLTRMLGLNPSVKRMMIYQQGCYAGGTVLRLAKDLAENNKGSRVLVVCSELTAPT

FRGPSPDAVDSLVGQALFADGAAALVVGADPDTSVERALYYIVSASQMLLPDSDGAIEGHIREEG

LTVHLKKDVPALFSANIDTPLVEAFRPLGISDWNSIFWIAHPGGPAILDQIEVKLGLKEDKLRASKHV

MSEYGNMSSSCVLFVLDEMRNKSLQDGKSTTGEGLDWGVLFGFGPGLTVETVVLRSVPVEA

CATALYTIC ACTIVITY: 3 malonyl-CoA + N-

methylanthraniloyl-CoA = 4 CoA + 1,3-

dihydroxy-N-methylacridone + 3 CO(2).

O80400 VPS_HUMLU reviewed

Phloroisovalerophenone 

synthase (Valerophenone 

synthase) (EC 2.3.1.156) (3-

methyl-1-

(trihydroxyphenyl)butan-1-one 

synthase)

VPS

Humulus 

lupulus 

(European 

hop)

394

MASVTVEQIRKAQRAEGPATILAIGTAVPANCFNQADFPDYYFRVTKSEHMTDLKKKFQRMCEKS

TIKKRYLHLTEEHLKQNPHLCEYNAPSLNTRQDMLVVEVPKLGKEAAINAIKEWGQPKSKITHLIFCT

GSSIDMPGADYQCAKLLGLRPSVKRVMLYQLGCYAGGKVLRIAKDIAENNKGARVLIVCSEITACIF

RGPSEKHLDCLVGQSLFGDGASSVIVGADPDASVGERPIFELVSAAQTILPNSDGAIAGHVTEAGL

TFHLLRDVPGLISQNIEKSLIEAFTPIGINDWNNIFWIAHPGGPAILDEIEAKLELKKEKMKASREMLS

EYGNMSCASVFFIVDEMRKQSSKEGKSTTGDGLEWGALFGFGPGLTVETVVLHSVPTNV

CATALYTIC ACTIVITY: Isovaleryl-CoA + 3 

malonyl-CoA = 4 CoA + 3 CO(2) + 3-methyl-

1-(2,4,6-trihydroxyphenyl)butan-1-one.

Q9SIB2
KCS12_ARA

TH
reviewed

3-ketoacyl-CoA synthase 12 

(KCS-12) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 12) (VLCFA condensing 

enzyme 12)

KCS12 

At2g28630 

T8O18.8

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

476

MDLLFLFFSLLLSYLFFKIWKLIDSKQDKDCYILDYQCHKPTDDRMVSTQFSGEIIYRNQNLGLTEYK

FLLKAIVSSGIGEQTYAPRLVFEGREERPSLQDGISEMEEFYVDSIGKLLERNQISPKDIDILVVNVS

MLSSTPSLASRIINHYKMRDDVKVFNLTGMGCSASLISVDIVKNIFKSYANKLALVATSESLSPNWY

SGNNRSMILANCLFRSGGCAILLTNKRSLRKKAMFKLKCMVRTHHGAREESYNCCIQAEDEQGRV

GFYLGKNLPKAATRAFVENLKVITPKILPVTELIRFMLKLLIKKIKIRQNPSKGSTNLPPGTPLKAGINF

KTGIEHFCIHTGGKAVIDGIGHSLDLNEYDIEPARMTLHRFGNTSASSLWYVLAYMEAKKRLKRGDR

VFMISFGAGFKCNSCVWEVVRDLTGGESKGNVWNHCIDDYPPKSILNPYLEKFGWIQDEDPDTFK

VPDAFM

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

A2ICC6 THS7_VITVI reviewed

Stilbene synthase 6 (EC 

2.3.1.95) (Resveratrol synthase 

6) (Trihydroxystilbene synthase 

6) (StSy 6)

STS 

GSVIVT0000

9216001 

LOC1002429

94

Vitis vinifera 

(Grape)
392

MASVEEFRNAQRAKGPATILAIGTATPDHCVYQSDYADYYFRVTKSEHMTELKKKFNRICDKSMIK

KRYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITAEVPRLGRDAALKALKEWGQPKSKITHLVFCTTSG

VEMPGADYKLANLLGLETSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFR

GPSEDALDSLVGQALFGDGSSAVIVGSDPDVSIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTF

HLWPNVPTLISENIEKCLTQAFDPLGISDWNSLFWIAHPGGPAILDAVEAKLNLEKKKLEATRHVLS

EYGNMSSACVLFILDEMRKKSLKGENATTGEGLDWGVLFGFGPGLTIETVVLHSIPTVTN

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

P51071 THS3_VITVI reviewed

Stilbene synthase 3 (EC 

2.3.1.95) (PSV368) (Resveratrol 

synthase 3) (Trihydroxystilbene 

synthase 3) (StSy 3)

VIT_16s0100

g01030

Vitis vinifera 

(Grape)
392

MASVEEIRNAQRAKGPATILAIGTATPDHCVYQSDYADYYFRVTKSEHMTELKKKFNRICDKSMIKK

RYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITVEVPKLGKEAALKALKEWGQPKSKITHLVFCTTSGV

EMPGADYKLANLLGLETSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFRG

PSEDALDSLVGQALFGDGSAAVIVGSDPDVSIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTFHL

WPNVPTLISENVEKCLTQAFDPLGISDWNSLFWIAHPGGPAILDAVEAKLNLDKKKLEATRHVLSE

YGNMSSACVLFILDEMRKKSHKGEKATTGEGLDWGVLFGFGPGLTIETVVLHSIPMVTN

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

A5AEM3 THS4_VITVI reviewed

Stilbene synthase 4 (EC 

2.3.1.95) (Resveratrol synthase 

4) (Trihydroxystilbene synthase 

4) (StSy 4)

GSVIVT0000

5194001 

LOC1002418

91 

VITISV_0313

76

Vitis vinifera 

(Grape)
392

MASVEEIRNAQRAKGPATVLAIGTATPDNCLYQSDFADYYFRVTKSEHMTELKKKFNRICDKSMIK

KRYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITAEVPKLGKEAALKALKEWGQPKSKITHLVFCTTSG

VEMPGADYKLANLLGLEPSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFR

GPSEDALDSLVGQALFGDGSAAVIVGSDPDISIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTFH

LWPNVPTLISENIENCLTKAFDPIGISDWNSLFWIAHPGGPAILDAVEAKVGLDKQKLKATRHILSEY

GNMSSACVLFILDEMRKKSLKEGKTTTGEGLDWGVLFGFGPGLTIETVVLHSVGTDSN

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

P51070 THS2_VITVI reviewed

Stilbene synthase 2 (EC 

2.3.1.95) (PSV21) (Resveratrol 

synthase 2) (Trihydroxystilbene 

synthase 2) (StSy 2)

GSVIVT0000

4047001 

LOC1002461

43 

VITISV_0108

33; 

GSVIVT0000

8253001 

LOC1002591

69 

VITISV_0242

60

Vitis vinifera 

(Grape)
392

MASVEEIRNAQRAKGPATILAIGTATPDHCVYQSDYADYYFRVTKSEHMTALKKKFNRICDKSMIKK

RYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITAEVPKLGKEAALKALKEWGQPKSKITHLVFCTTSGV

EMPGADYKLANLLGLEPSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFRG

PSEDALDSLVGQALFGDGSAAVIVGSDPDISIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTFHL

WPNVPTLISENIEKCLTQAFDPLGISDWNSLFWIAHPGGPAILDAVEAKLNLDKKKLEATRHVLSEY

GNMSSACVLFILDEMRKKSLKGERATTGEGLDWGVLFGFGPGLTIETVVLHSIPMVTN
CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

A5C9M2 THS5_VITVI reviewed

Stilbene synthase 5 (EC 

2.3.1.95) (Resveratrol synthase 

5) (Trihydroxystilbene synthase 

5) (StSy 5)

GSVIVT0000

7357001 

LOC1002503

01 

VITISV_0368

52

Vitis vinifera 

(Grape)
392

MASVEEIRNAQRAKGPATILAIGTATPDHCVYQSDYADYYFKVTKSEHMTELKKKFNRICDKSMIKK

RYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITAEVPKLGKEAALKALKEWGQPKSKITHLVFCTTSGV

EMPGADYKLANLLGLETSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFRG

PSEDALDSLVGQALFGDGSAAVIVGSDPNVSIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTFHL

WPNVPTLISENIEKCLSQAFDPLGISNWNSLFWIAHPGGPAILDAVEAKLNLEKKKLEATRHVLSEY

GNMSSACVLFILDEMRKKSLKGEKATTGEGLDWGVLFGFGPGLTIETVVLHSVPMVTN

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

P20178
THS1_ARAH

Y
reviewed

Stilbene synthase 1 (EC 

2.3.1.95) (Resveratrol synthase 

1) (RS1) (Trihydroxystilbene 

synthase 1)

Arachis 

hypogaea 

(Peanut)

389

MVSVSGIRKVQRAEGPATVLAIGTANPPNCVDQSTYADYYFRVTNGEHMTDLKKKFQRICERTQIK

NRHMYLTEEILKENPNMCAYKAPSLDAREDMMIREVPRVGKEAATKAIKEWGQPMSKITHLIFCTT

SGVALPGVDYELIVLLGLDPSVKRYMMYHQGCFAGGTVLRLAKDLAENNKDARVLIVCSENTAVTF

RGPNETDMDSLVGQALFADGAAAIIIGSDPVPEVENPIFEIVSTDQQLVPNSHGAIGGLLREVGLTF

YLNKSVPDIISQNINGALSKAFDPLGISDYNSIFWIAHLGGRAILDQVEQKVNLKPEKMKATRDVLSN

YGNMSSACVFFIMDLMRKKSLETGLKTTGEGLDWGVLFGFGPGLTIETVVLRSMAI

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

P20077
THS2_ARAH

Y
reviewed

Putative stilbene synthase 2 

(EC 2.3.1.95) (Resveratrol 

synthase 2) (RS2) 

(Trihydroxystilbene synthase 2) 

(Fragment)

Arachis 

hypogaea 

(Peanut)

313

LKENPNMCAYKAPSLDAREDMMIREVPRVGKEAATKAIKEWGQPMSKITHLIFCTTSGVALPGVD

YELIVLLGLDPSVKRYMMYHQGCFAGGTVLRLAKDLAENNKDARVLIVCSENTAVTFRGPSETDM

DSLVGQALFADGAAAIIIGSDPVPEVENPLFEIVSTDQKLVPNSHGAIGGLLREVGLTFYLNKSVPDII

SQNINDALSKAFDPLGISDYNSIFWIAHPGGPAILDQVEQKVNLKPEKMNATRDVLSNYGNMSSAC

VFFIMDLMRKKSLEEGLKTTGEGLDWGVLFGFGPGLTIETVVLRSVAI

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

P51069
THS3_ARAH

Y
reviewed

Stilbene synthase 3 (EC 

2.3.1.95) (Resveratrol synthase 

3) (RS3) (Trihydroxystilbene 

synthase 3)

Arachis 

hypogaea 

(Peanut)

389

MVSVSGIRKVQRAEGPATVLAIGTANPPNCIDQSTYADYYFRVTNSEHMTDLKKKFQRICERTQIKN

RHMYLTEEILKENPNMCAYKAPSLDAREDMMIREVPRVGKEAATKAIKEWGQPMSKITHLIFCTTS

GVALPGVDYELIVLLGLDPCVKRYMMYHQGCFAGGTVLRLAKDLAENNKDARVLIVCSENTAVTFR

GPSETDMDSLVGQALFADGAAAIIIGSDPVPEVEKPIFELVSTDQKLVPGSHGAIGGLLREVGLTFY

LNKSVPDIISQNINDALNKAFDPLGISDYNSIFWIAHPGGRAILDQVEQKVNLKPEKMKATRDVLSNY

GNMSSACVFFIMDLMRKRSLEEGLKTTGEGLDWGVLFGFGPGLTIETVVLRSVAI

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

http://etd.uwc.ac.za/



103 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C0SVZ5 DCS_CURLO reviewed

Phenylpropanoylacetyl-CoA 

synthase (EC 2.3.1.218) 

(Diketide CoA synthase)

DCS

Curcuma 

longa 

(Turmeric) 

(Curcuma 

domestica)

389

MEANGYRITHSADGPATILAIGTANPTNVVDQNAYPDFYFRVTNSEYLQELKAKFRRICEKAAIRKR

HLYLTEEILRENPSLLAPMAPSFDARQAIVVEAVPKLAKEAAEKAIKEWGRPKSDITHLVFCSASGI

DMPGSDLQLLKLLGLPPSVNRVMLYNVGCHAGGTALRVAKDLAENNRGARVLAVCSEVTVLSYR

GPHPAHIESLFVQALFGDGAAALVVGSDPVDGVERPIFEIASASQVMLPESAEAVGGHLREIGLTF

HLKSQLPSIIASNIEQSLTTACSPLGLSDWNQLFWAVHPGGRAILDQVEARLGLEKDRLAATRHVLS

EYGNMQSATVLFILDEMRNRSAAEGHATTGEGLDWGVLLGFGPGLSIETVVLHSCRLN

CATALYTIC ACTIVITY: Feruloyl-CoA + 

malonyl-CoA = feruloylacetyl-CoA + CO(2) + 

CoA. {ECO:0000269|PubMed:19258320}.; 

CATALYTIC ACTIVITY: 4-coumaroyl-CoA + 

malonyl-CoA = (4-coumaroyl)acetyl-CoA + 

CO(2) + CoA. 

{ECO:0000269|PubMed:19258320}.

D2DRC5
BIPS3_SOR

AU
reviewed

4-hydroxycoumarin synthase 2 

(EC 2.3.1.208) (Biphenyl 

synthase 3) (SaBIS3)

BIS3

Sorbus 

aucuparia 

(European 

mountain 

ash) (Rowan)

388

MAPVVKNEPQHAKILAIGTANPPNVFHQKDYPDFLFRVTKNEHRTDLREKFDRICEKSRTKKRYLH

LTEEMLKANPNIYTYGAPSLNVRQDICNIEVPKLGQEASLKAIKEWGQPISKITHLIFCTASCVDMPG

CDFQLIKLLGLDPSVTRTMIYEAGCYAGATVLRMAKDFAENNKGARVLVVCAEITTVFFHGLTDTHL

DILVGQALFADGASAVIVGANPEPEIERPLFEIVACRQTILPNSEHGVVANIREMGFNYYLSGDVPK

FVGGNVVDFMTKTFEKVDGKNKDWNSLFFSVHPGGPAIVDQVEEKLGLKEGKLRATRHVLSEYG

NMGAPTVHFILDEMRNKSIEEGKTTTGEGLEWGVVIGIGPGLTVETAVLRSEFITY

CATALYTIC ACTIVITY: Malonyl-CoA + 2-

hydroxybenzoyl-CoA = 2 CoA + 4-

hydroxycoumarin + CO(2).

P53416 BBS_PHASS reviewed Bibenzyl synthase (EC 2.3.1.-)
BIBSY212 

PCS1

Phalaenopsis 

sp. (Moth 

orchid)

390

MLSLESIKKAPRADGFASILAIGRANPDNIIEQSAYPDFYFRVTNSEHLVDLKKKFQRICEKTAIRKRH

FVWNEEFLTANPCFSTFMDKSLNVRQEVAISEIPKLGAKAATKAIEDWGQPKSRITHLIFCTTSGMD

LPGADYQLTQILGLNPNVERVMLYQQGCFAGGTTLRLAKCLAESRKGARVLVVCAETTTVLFRAPS

EEHQDDLVTQALFADGASAVIVGADPDEAADERASFVIVSTSQVLLPDSAGAIGGHVSEGGLLATL

HRDVPQIVSKNVGKCLEEAFTPFGISDWNSIFWVPHPGGRAILDQVEERVGLKPEKLSVSRHVLA

EYGNMSSVCVHFALDEMRKRSANEGKATTGEGLEWGVLFGFGPGLTVETVVLRSVPL

CATALYTIC ACTIVITY: 3 malonyl-CoA + M-

hydroxyphenylpropionyl-CoA = 4 CoA + 4 

trihydroxybibenzyl + 3 CO(2).

Q8LIL0 CUS_ORYSJ reviewed

Bisdemethoxycurcumin 

synthase (EC 2.3.1.211) 

(Curcuminoid synthase)

Os07g02715

00 

LOC_Os07g1

7010 

OJ1001_C01.

122 

OSJNBb0002

J01.6

Oryza sativa 

subsp. 

japonica 

(Rice)

402

MAPTTTMGSALYPLGEMRRSQRADGLAAVLAIGTANPPNCVTQEEFPDFYFRVTNSDHLTALKDK

FKRICQEMGVQRRYLHHTEEMLSAHPEFVDRDAPSLDARLDIAADAVPELAAEAAKKAIAEWGRP

AADITHLVVTTNSGAHVPGVDFRLVPLLGLRPSVRRTMLHLNGCFAGCAALRLAKDLAENSRGARV

LVVAAELTLMYFTGPDEGCFRTLLVQGLFGDGAAAVIVGADADDVERPLFEIVSAAQTIIPESDHAL

NMRFTERRLDGVLGRQVPGLIGDNVERCLLDMFGPLLGGDGGGGWNDLFWAVHPGSSTIMDQV

DAALGLEPGKLAASRRVLSDYGNMSGATVIFALDELRRQRKEAAAAGEWPELGVMMAFGPGMT

VDAMLLHATSHVN

CATALYTIC ACTIVITY: 2 4-coumaroyl-CoA + 

malonyl-CoA + H(2)O = 3 CoA + 

bisdemethoxycurcumin + 2 CO(2).

C6L7V8
CURS2_CUR

LO
reviewed

Curcumin synthase 2 (EC 

2.3.1.217)
CURS2

Curcuma 

longa 

(Turmeric) 

(Curcuma 

domestica)

391

MAMISLQAMRKAQRAQGPATILAVGTANPPNLYEQDTYPDYYFRVTNSEHKQELKNKFRLMCEKT

MVKRRYLYLTPEILKERPKLCSYMEPSFDDRQDIVVEEVPKLAAEAAENAIKEWGGDKSAITHLVF

CSISGIDMPGADYRLAQLLGLPLAVNRLMLYSQACHMGAAMLRIAKDIAENNRSARVLVVACEITVL

SFRGPDERDFQALAGQAGFGDGAGAMIVGADPVLGVERPLYHIMSATQTTVPESEKAVGGHLRE

VGLTFHFFNQLPAIIADNVGNSLAEAFEPIGIKDWNNIFWVAHPGNWAIMDAIETKLGLEQSKLATA

RHVFSEFGNMQSATVYFVMDELRKRSAAENRATTGDGLRWGVLFGFGPGISIETVVLQSVPL

CATALYTIC ACTIVITY: Feruloyl-CoA + 

feruloylacetyl-CoA + H(2)O = 2 CoA + 

curcumin + CO(2). 

{ECO:0000269|PubMed:19622354}.

Q9FSC1
ACS4_RUTG

R
reviewed

Probable acridone synthase 4 

(EC 2.3.1.159) (Acridone 

synthase IV)

ACS4

Ruta 

graveolens 

(Common 

rue)

391

MESLKEMRKAQMSEGPAAILAIGTATPNNVYMQADYPDYYFRMTKSEHMTELKDKFRTLCEKSMI

RKRHMCFSEEFLKANPEVSKHMGKSLNARQDIAVVETPRLGNEAAVKAIKEWGQPKSSITHLIFC

SSAGVDMPGADYQLTRILGLNPSVKRMMVYQQGCYAGGTVLRLAKDLAENNKGSRVLVVCSELT

APTFRGPSPDAVDSLVGQALFADGAAALVVGADPDSSIERALYYLVSASQMLLPDSDGAIEGHIR

EEGLTVHLKKDVPALFSANIDTPLVEAFKPLGISDWNSIFWIAHPGGPAILDQIEEKLGLKEDKLRAS

KHVMSEYGNMSSSCVLFVLDEMRSRSLQDGKSTTGEGLDWGVLFGFGPGLTVETVVLRSVPIEA

CATALYTIC ACTIVITY: 3 malonyl-CoA + N-

methylanthraniloyl-CoA = 4 CoA + 1,3-

dihydroxy-N-methylacridone + 3 CO(2).

Q9SLX9 VPS_PSINU reviewed

Phloroisovalerophenone 

synthase (Valerophenone 

synthase) (EC 2.3.1.156) (3-

methyl-1-

(trihydroxyphenyl)butan-1-one 

synthase)

VPS

Psilotum 

nudum 

(Whisk fern) 

(Lycopodium 

nudum)

406

MIQNSDSATATLLPRKKERASGPVSVLAIGSANPPNVFHQSLFPDFYFNITQSNHMAEVKAKFTRM

CAKSGIKKRRMHINEDILEAHPSIRSYHDNSLDVRQDMLVEEVPKLGKVAADNAIAEWGQPKSNIT

HLIFCTSSGIDMPGADWALMKLLGLRPTVNRVMVYQQGCFAGCTVLRIAKDLAENNKGSRILVVCS

ELTLISFRGPTEDHPENLVGQALFGDGAAALIVGADPIPHAENASFEIHWARSSVVPDSDDAVTGNI

KENGLVLHLSKTIPDLIGQNIHTLLKDALEEMFDACNPSSFNDLFWVIHPGGPAILDAVEEELNLKSE

RTHASREILSQYGNMVSPGVLFVLDYMRKRSVDERLSTTGEGLEWGVMLGFGPGLTVETLILKSV

PTQAFKYF

CATALYTIC ACTIVITY: Isovaleryl-CoA + 3 

malonyl-CoA = 4 CoA + 3 CO(2) + 3-methyl-

1-(2,4,6-trihydroxyphenyl)butan-1-one.

C6L7V8
CURS2_CUR

LO
reviewed

Curcumin synthase 2 (EC 

2.3.1.217)
CURS2

Curcuma 

longa 

(Turmeric) 

(Curcuma 

domestica)

391

MAMISLQAMRKAQRAQGPATILAVGTANPPNLYEQDTYPDYYFRVTNSEHKQELKNKFRLMCEKT

MVKRRYLYLTPEILKERPKLCSYMEPSFDDRQDIVVEEVPKLAAEAAENAIKEWGGDKSAITHLVF

CSISGIDMPGADYRLAQLLGLPLAVNRLMLYSQACHMGAAMLRIAKDIAENNRSARVLVVACEITVL

SFRGPDERDFQALAGQAGFGDGAGAMIVGADPVLGVERPLYHIMSATQTTVPESEKAVGGHLRE

VGLTFHFFNQLPAIIADNVGNSLAEAFEPIGIKDWNNIFWVAHPGNWAIMDAIETKLGLEQSKLATA

RHVFSEFGNMQSATVYFVMDELRKRSAAENRATTGDGLRWGVLFGFGPGISIETVVLQSVPL

CATALYTIC ACTIVITY: Feruloyl-CoA + 

feruloylacetyl-CoA + H(2)O = 2 CoA + 

curcumin + CO(2). 

{ECO:0000269|PubMed:19622354}.

Q9FSC1
ACS4_RUTG

R
reviewed

Probable acridone synthase 4 

(EC 2.3.1.159) (Acridone 

synthase IV)

ACS4

Ruta 

graveolens 

(Common 

rue)

391

MESLKEMRKAQMSEGPAAILAIGTATPNNVYMQADYPDYYFRMTKSEHMTELKDKFRTLCEKSMI

RKRHMCFSEEFLKANPEVSKHMGKSLNARQDIAVVETPRLGNEAAVKAIKEWGQPKSSITHLIFC

SSAGVDMPGADYQLTRILGLNPSVKRMMVYQQGCYAGGTVLRLAKDLAENNKGSRVLVVCSELT

APTFRGPSPDAVDSLVGQALFADGAAALVVGADPDSSIERALYYLVSASQMLLPDSDGAIEGHIR

EEGLTVHLKKDVPALFSANIDTPLVEAFKPLGISDWNSIFWIAHPGGPAILDQIEEKLGLKEDKLRAS

KHVMSEYGNMSSSCVLFVLDEMRSRSLQDGKSTTGEGLDWGVLFGFGPGLTVETVVLRSVPIEA

CATALYTIC ACTIVITY: 3 malonyl-CoA + N-

methylanthraniloyl-CoA = 4 CoA + 1,3-

dihydroxy-N-methylacridone + 3 CO(2).

Q9SLX9 VPS_PSINU reviewed

Phloroisovalerophenone 

synthase (Valerophenone 

synthase) (EC 2.3.1.156) (3-

methyl-1-

(trihydroxyphenyl)butan-1-one 

synthase)

VPS

Psilotum 

nudum 

(Whisk fern) 

(Lycopodium 

nudum)

406

MIQNSDSATATLLPRKKERASGPVSVLAIGSANPPNVFHQSLFPDFYFNITQSNHMAEVKAKFTRM

CAKSGIKKRRMHINEDILEAHPSIRSYHDNSLDVRQDMLVEEVPKLGKVAADNAIAEWGQPKSNIT

HLIFCTSSGIDMPGADWALMKLLGLRPTVNRVMVYQQGCFAGCTVLRIAKDLAENNKGSRILVVCS

ELTLISFRGPTEDHPENLVGQALFGDGAAALIVGADPIPHAENASFEIHWARSSVVPDSDDAVTGNI

KENGLVLHLSKTIPDLIGQNIHTLLKDALEEMFDACNPSSFNDLFWVIHPGGPAILDAVEEELNLKSE

RTHASREILSQYGNMVSPGVLFVLDYMRKRSVDERLSTTGEGLEWGVMLGFGPGLTVETLILKSV

PTQAFKYF

CATALYTIC ACTIVITY: Isovaleryl-CoA + 3 

malonyl-CoA = 4 CoA + 3 CO(2) + 3-methyl-

1-(2,4,6-trihydroxyphenyl)butan-1-one.

A2ICC6 THS7_VITVI reviewed

Stilbene synthase 6 (EC 

2.3.1.95) (Resveratrol synthase 

6) (Trihydroxystilbene synthase 

6) (StSy 6)

STS 

GSVIVT0000

9216001 

LOC1002429

94

Vitis vinifera 

(Grape)
392

MASVEEFRNAQRAKGPATILAIGTATPDHCVYQSDYADYYFRVTKSEHMTELKKKFNRICDKSMIK

KRYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITAEVPRLGRDAALKALKEWGQPKSKITHLVFCTTSG

VEMPGADYKLANLLGLETSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFR

GPSEDALDSLVGQALFGDGSSAVIVGSDPDVSIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTF

HLWPNVPTLISENIEKCLTQAFDPLGISDWNSLFWIAHPGGPAILDAVEAKLNLEKKKLEATRHVLS

EYGNMSSACVLFILDEMRKKSLKGENATTGEGLDWGVLFGFGPGLTIETVVLHSIPTVTN

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

P28343 THS1_VITVI reviewed

Stilbene synthase 1 (EC 

2.3.1.95) (PSV25) (Resveratrol 

synthase 1) (Trihydroxystilbene 

synthase 1) (StSy 1) (Vitis 

stilbene synthase 1)

VINST1 

STS2 VST1 

GSVIVT0000

9226001 

LOC1002565

66 

VITISV_0353

01

Vitis vinifera 

(Grape)
392

MASVEEFRNAQRAKGPATILAIGTATPDHCVYQSDYADYYFRVTKSEHMTELKKKFNRICDKSMIK

KRYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITAEVPRLGRDAALKALKEWGQPKSKITHLVFCTTSG

VEMPGADYKLANLLGLETSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFR

GPSEDALDSLVGQALFGDGSSAVIVGSDPDVSIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTF

HLWPNVPTLISENIEKCLTQAFDPLGISDWNSLFWIAHPGGPAILDAVEAKLNLEKKKLEATRHVLS

EYGNMSSACVLFILDEMRKKSLKGEKATTGEGLDWGVLFGFGPGLTIETVVLHSVPTVTN

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

A5AEM3 THS4_VITVI reviewed

Stilbene synthase 4 (EC 

2.3.1.95) (Resveratrol synthase 

4) (Trihydroxystilbene synthase 

4) (StSy 4)

GSVIVT0000

5194001 

LOC1002418

91 

VITISV_0313

76

Vitis vinifera 

(Grape)
392

MASVEEIRNAQRAKGPATVLAIGTATPDNCLYQSDFADYYFRVTKSEHMTELKKKFNRICDKSMIK

KRYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITAEVPKLGKEAALKALKEWGQPKSKITHLVFCTTSG

VEMPGADYKLANLLGLEPSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFR

GPSEDALDSLVGQALFGDGSAAVIVGSDPDISIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTFH

LWPNVPTLISENIENCLTKAFDPIGISDWNSLFWIAHPGGPAILDAVEAKVGLDKQKLKATRHILSEY

GNMSSACVLFILDEMRKKSLKEGKTTTGEGLDWGVLFGFGPGLTIETVVLHSVGTDSN

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

A5C9M2 THS5_VITVI reviewed

Stilbene synthase 5 (EC 

2.3.1.95) (Resveratrol synthase 

5) (Trihydroxystilbene synthase 

5) (StSy 5)

GSVIVT0000

7357001 

LOC1002503

01 

VITISV_0368

52

Vitis vinifera 

(Grape)
392

MASVEEIRNAQRAKGPATILAIGTATPDHCVYQSDYADYYFKVTKSEHMTELKKKFNRICDKSMIKK

RYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITAEVPKLGKEAALKALKEWGQPKSKITHLVFCTTSGV

EMPGADYKLANLLGLETSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFRG

PSEDALDSLVGQALFGDGSAAVIVGSDPNVSIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTFHL

WPNVPTLISENIEKCLSQAFDPLGISNWNSLFWIAHPGGPAILDAVEAKLNLEKKKLEATRHVLSEY

GNMSSACVLFILDEMRKKSLKGEKATTGEGLDWGVLFGFGPGLTIETVVLHSVPMVTN

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

B0LDU5
PKS4_RUBI

D
reviewed

Polyketide synthase 4 (RiPKS4) 

(EC 2.3.1.212) (EC 2.3.1.74) 

(Benzalacetone synthase 

PKS4) (RiBAS) (Naringenin-

chalcone synthase PKS4)

PKS4 BAS
Rubus idaeus 

(Raspberry)
383

MVTVEEVRKAQRAEGPATVLAIGTATPPNCVGQSTYPDYYFRITNSEHKIELKQKFQRMCDKSMIK

KRYMYLTEEILKENPSMCEYMAPSLDARQDMVIVEIPKLGKEAATKAIKEWGQPKSKITHLVFCTT

SGVDMPGADYQLIKLFGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAENNRGARVLVVCSEITVVT

FRGPSDTHLDCLVGQALFGDGVASIIVGADPLPEIEKPLFELVSAAQTILPDSEGAIEGHLREVGLTF

HLLENVPALISKNIEKSLNETFKPLDIMDWNSLFWIAHPGGPAILDQVEAKLGLKPEKLEATGHILSE

YGNMSSACVLFILDVVRRKSAANGVTTRILSIGQISKSLLILAWFLFSLV

CATALYTIC ACTIVITY: 4-coumaroyl-CoA + 

malonyl-CoA + H(2)O = 2 CoA + 4-

hydroxybenzalacetone + 2 CO(2). 

{ECO:0000269|PubMed:12226219, 

ECO:0000269|PubMed:18068110}.; 

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023, 

ECO:0000269|PubMed:12226219, 

ECO:0000269|PubMed:18068110}.

B0LDU6
PKS5_RUBI

D
reviewed

Polyketide synthase 5 (RiPKS5) 

(EC 2.3.1.74) (Naringenin-

chalcone synthase PKS5)

PKS5
Rubus idaeus 

(Raspberry)
391

MVTVDEVRKAQRAEGPATVLAIGTATPPNCIDQSTYPDYYFRITNSEHKTELKEKFQRMCDKSMIK

KRYMYLTEEILKENPSMCEYMAPSLDARQDMVVVEIPKLGKEAATKAIKEWGQPKSKITHLVFCTT

SGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAENNRGARVLVVCSEIXAV

TFRGPSDTHLDSLVGQALFGDGAAAIIVGADPLPKIERPLFELVSAAQTILPDSDGAIDGHLREVGLT

FHLLKDVPGLISKNIEKSLNEAFKPLDITDWNSLFWIAHPGGPAILDQVETKLGLKPEKLEATRHILSE

YGNMSSACVLFILDEVRRKSATNGLKTTGEGLEWGVLFGFGPGLTVETVVLHSVGVTA

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023, 

ECO:0000269|PubMed:18068110}.

C0SVZ5 DCS_CURLO reviewed

Phenylpropanoylacetyl-CoA 

synthase (EC 2.3.1.218) 

(Diketide CoA synthase)

DCS

Curcuma 

longa 

(Turmeric) 

(Curcuma 

domestica)

389

MEANGYRITHSADGPATILAIGTANPTNVVDQNAYPDFYFRVTNSEYLQELKAKFRRICEKAAIRKR

HLYLTEEILRENPSLLAPMAPSFDARQAIVVEAVPKLAKEAAEKAIKEWGRPKSDITHLVFCSASGI

DMPGSDLQLLKLLGLPPSVNRVMLYNVGCHAGGTALRVAKDLAENNRGARVLAVCSEVTVLSYR

GPHPAHIESLFVQALFGDGAAALVVGSDPVDGVERPIFEIASASQVMLPESAEAVGGHLREIGLTF

HLKSQLPSIIASNIEQSLTTACSPLGLSDWNQLFWAVHPGGRAILDQVEARLGLEKDRLAATRHVLS

EYGNMQSATVLFILDEMRNRSAAEGHATTGEGLDWGVLLGFGPGLSIETVVLHSCRLN

CATALYTIC ACTIVITY: Feruloyl-CoA + 

malonyl-CoA = feruloylacetyl-CoA + CO(2) + 

CoA. {ECO:0000269|PubMed:19258320}.; 

CATALYTIC ACTIVITY: 4-coumaroyl-CoA + 

malonyl-CoA = (4-coumaroyl)acetyl-CoA + 

CO(2) + CoA. 

{ECO:0000269|PubMed:19258320}.

C0SVZ6
CURS1_CUR

LO
reviewed

Curcumin synthase 1 (EC 

2.3.1.217)
CURS1

Curcuma 

longa 

(Turmeric) 

(Curcuma 

domestica)

389

MANLHALRREQRAQGPATIMAIGTATPPNLYEQSTFPDFYFRVTNSDDKQELKKKFRRMCEKTMV

KKRYLHLTEEILKERPKLCSYKEASFDDRQDIVVEEIPRLAKEAAEKAIKEWGRPKSEITHLVFCSIS

GIDMPGADYRLATLLGLPLTVNRLMIYSQACHMGAAMLRIAKDLAENNRGARVLVVACEITVLSFRG

PNEGDFEALAGQAGFGDGAGAVVVGADPLEGIEKPIYEIAAAMQETVAESQGAVGGHLRAFGWT

FYFLNQLPAIIADNLGRSLERALAPLGVREWNDVFWVAHPGNWAIIDAIEAKLQLSPDKLSTARHVF

TEYGNMQSATVYFVMDELRKRSAVEGRSTTGDGLQWGVLLGFGPGLSIETVVLRSMPL

CATALYTIC ACTIVITY: Feruloyl-CoA + 

feruloylacetyl-CoA + H(2)O = 2 CoA + 

curcumin + CO(2). 

{ECO:0000269|PubMed:19258320, 

ECO:0000269|PubMed:21148316}.

C6L7V8
CURS2_CUR

LO
reviewed

Curcumin synthase 2 (EC 

2.3.1.217)
CURS2

Curcuma 

longa 

(Turmeric) 

(Curcuma 

domestica)

391

MAMISLQAMRKAQRAQGPATILAVGTANPPNLYEQDTYPDYYFRVTNSEHKQELKNKFRLMCEKT

MVKRRYLYLTPEILKERPKLCSYMEPSFDDRQDIVVEEVPKLAAEAAENAIKEWGGDKSAITHLVF

CSISGIDMPGADYRLAQLLGLPLAVNRLMLYSQACHMGAAMLRIAKDIAENNRSARVLVVACEITVL

SFRGPDERDFQALAGQAGFGDGAGAMIVGADPVLGVERPLYHIMSATQTTVPESEKAVGGHLRE

VGLTFHFFNQLPAIIADNVGNSLAEAFEPIGIKDWNNIFWVAHPGNWAIMDAIETKLGLEQSKLATA

RHVFSEFGNMQSATVYFVMDELRKRSAAENRATTGDGLRWGVLFGFGPGISIETVVLQSVPL

CATALYTIC ACTIVITY: Feruloyl-CoA + 

feruloylacetyl-CoA + H(2)O = 2 CoA + 

curcumin + CO(2). 

{ECO:0000269|PubMed:19622354}.

C6L7V9
CURS3_CUR

LO
reviewed

Curcumin synthase 3 (EC 

2.3.1.217) (Demethoxycurcumin 

synthase) (EC 2.3.1.219)

CURS3

Curcuma 

longa 

(Turmeric) 

(Curcuma 

domestica)

390

MGSLQAMRRAQRAQGPATIMAVGTSNPPNLYEQTSYPDFYFRVTNSDHKHALKNKFRVICEKTKV

KRRYLHLTEEILKQRPKLCSYMEPSFDDRQDIVVEEIPKLAKEAAEKAIKEWGRPKSEITHLVFCSIS

GIDMPGADYRLATLLGLPLSVNRLMLYSQACHMGAQMLRIAKDLAENNRGARVLAVSCEITVLSFR

GPDAGDFEALACQAGFGDGAAAVVVGADPLPGVERPIYEIAAAMQETVPESERAVGGHLREIGW

TFHFFNQLPKLIAENIEGSLARAFKPLGISEWNDVFWVAHPGNWGIMDAIETKLGLEQGKLATARH

VFSEYGNMQSATVYFVMDEVRKRSAAEGRATTGEGLEWGVLFGFGPGLTIETVVLRSVPLP

CATALYTIC ACTIVITY: Feruloyl-CoA + 

feruloylacetyl-CoA + H(2)O = 2 CoA + 

curcumin + CO(2). 

{ECO:0000269|PubMed:19622354}.; 

CATALYTIC ACTIVITY: 4-coumaroyl-CoA + 

feruloylacetyl-CoA + H(2)O = 2 CoA + 

demethoxycurcumin + CO(2). 

{ECO:0000269|PubMed:19622354}.; 

CATALYTIC ACTIVITY: 4-coumaroyl-CoA + 

(4-coumaroyl)acetyl-CoA + H(2)O = 2 CoA + 

bisdemethoxycurcumin + CO(2). 

{ECO:0000269|PubMed:19622354}.

D2DRC4
BIPS2_SOR

AU
reviewed

4-hydroxycoumarin synthase 1 

(EC 2.3.1.208) (Biphenyl 

synthase 2) (SaBIS2)

BIS2

Sorbus 

aucuparia 

(European 

mountain 

ash) (Rowan)

390

MAPSVKDQVEPQHAKILAIGTANPPNVYYQEDYPDFLFRVTKNEHRTDLREKFDRICEKSRTRKRY

LYLTEEILKANPCIYTYGAPSLDVRQDMLNPEVPKLGQEAALKAIKEWGQPISKITHLIFCTASCVDM

PGADFQLVKLLGLNPSVTRTMIYEAGCYAGATVLRLAKDFAENNEGARVLVVCAEITTVFFHGLTDT

HLDILVGQALFADGASAVIVGANPEPEIESPLFEIVACRQTIIPNSEHGVVANIREMGFNYYLSGEVP

KFVGGNVVDFLTKTFEKVDGKNKDWNSLFFSVHPGGPAIVDQVEEQLGLKEGKLRATRHVLSEY

GNMGAPSVHFILDEMRKKSIEEGKATTGEGLEWGVVIGIGPGLTVETAVLRSEFITC

CATALYTIC ACTIVITY: Malonyl-CoA + 2-

hydroxybenzoyl-CoA = 2 CoA + 4-

hydroxycoumarin + CO(2).

D2DRC5
BIPS3_SOR

AU
reviewed

4-hydroxycoumarin synthase 2 

(EC 2.3.1.208) (Biphenyl 

synthase 3) (SaBIS3)

BIS3

Sorbus 

aucuparia 

(European 

mountain 

ash) (Rowan)

388

MAPVVKNEPQHAKILAIGTANPPNVFHQKDYPDFLFRVTKNEHRTDLREKFDRICEKSRTKKRYLH

LTEEMLKANPNIYTYGAPSLNVRQDICNIEVPKLGQEASLKAIKEWGQPISKITHLIFCTASCVDMPG

CDFQLIKLLGLDPSVTRTMIYEAGCYAGATVLRMAKDFAENNKGARVLVVCAEITTVFFHGLTDTHL

DILVGQALFADGASAVIVGANPEPEIERPLFEIVACRQTILPNSEHGVVANIREMGFNYYLSGDVPK

FVGGNVVDFMTKTFEKVDGKNKDWNSLFFSVHPGGPAIVDQVEEKLGLKEGKLRATRHVLSEYG

NMGAPTVHFILDEMRNKSIEEGKTTTGEGLEWGVVIGIGPGLTVETAVLRSEFITY

CATALYTIC ACTIVITY: Malonyl-CoA + 2-

hydroxybenzoyl-CoA = 2 CoA + 4-

hydroxycoumarin + CO(2).

B1Q2B6
OLIS_CANS

A
reviewed

3,5,7-trioxododecanoyl-CoA 

synthase (EC 2.3.1.206) 

(Olivetol synthase) (Polyketide 

synthase-1) (Tetraketide 

synthase)

OLS CAN24 

PKS-1 TKS

Cannabis 

sativa (Hemp) 

(Marijuana)

385

MNHLRAEGPASVLAIGTANPENILLQDEFPDYYFRVTKSEHMTQLKEKFRKICDKSMIRKRNCFLNE

EHLKQNPRLVEHEMQTLDARQDMLVVEVPKLGKDACAKAIKEWGQPKSKITHLIFTSASTTDMPG

ADYHCAKLLGLSPSVKRVMMYQLGCYGGGTVLRIAKDIAENNKGARVLAVCCDIMACLFRGPSES

DLELLVGQAIFGDGAAAVIVGAEPDESVGERPIFELVSTGQTILPNSEGTIGGHIREAGLIFDLHKDV

PMLISNNIEKCLIEAFTPIGISDWNSIFWITHPGGKAILDKVEEKLHLKSDKFVDSRHVLSEHGNMSS

STVLFVMDELRKRSLEEGKSTTGDGFEWGVLFGFGPGLTVERVVVRSVPIKY

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

hexanoyl-CoA = 3 CoA + 3,5,7-

trioxododecanoyl-CoA + 3 CO(2). 

{ECO:0000269|PubMed:19454282, 

ECO:0000269|PubMed:19581347, 

ECO:0000269|Ref.3}.

L7NCQ3
TBSYN_GAR

MA
reviewed

2,4,6-trihydroxybenzophenone 

synthase (GmBPS) (EC 

2.3.1.220)

BPS

Garcinia 

mangostana 

(Mangosteen)

391

MAPAMDSAQNGHQSRGSANVLAIGTANPPNVILQEDYPDFYFKVTNSEHLTDLKEKFKRICVKSKT

RKRHFYLTEQILKENPGIATYGAGSLDSRQKILETEIPKLGKEAAMVAIQEWGQPVSKITHVVFATTS

GFMMPGADYSITRLLGLNPNVRRVMIYNQGCFAGGTALRVAKDLAENNKGARVLVVCAENTAMTF

HGPNENHLDVLVGQAMFSDGAAALIIGANPNLPEERPVYEMVAAHQTIVPESDGAIVAHFYEMGM

SYFLKENVIPLFGNNIEACMEAAFKEYGISDWNSLFYSVHPGGRAIVDGIAEKLGLDEENLKATRHV

LSEYGNMGSACVIFILDELRKKSKEEKKLTTGDGKEWGCLIGLGPGLTVETVVLRSVPIA

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

benzoyl-CoA = 4 CoA + 2,4,6-

trihydroxybenzophenone + 3 CO(2). 

{ECO:0000269|PubMed:22390826}.

O48780
KCS11_ARA

TH
reviewed

3-ketoacyl-CoA synthase 11 

(KCS-11) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 11) (VLCFA condensing 

enzyme 11)

KCS11 

At2g26640 

F18A8.1

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

509

MDVEQKKPLIESSDRNLPDFKKSVKLKYVKLGYHYLITHGMYLFLSPLVLVIAAQISTFSVTDLRSL

WEHLQYNLISVVVCSMLLVFLMTIYFMTRPRPVYLVNFSCFKPDESRKCTKKIFMDRSKLTGSFTE

ENLEFQRKILQRSGLGESTYLPEAVLNVPPNPCMKEARKEAETVMFGAIDELLAKTNVNPKDIGILI

VNCSLFNPTPSLSAMVVNHYKLRGNILSYNLGGMGCSAGLISIDLAKHLLHSIPNTYAMVISMENITL

NWYFGNDRSKLVSNCLFRMGGAAILLSNKRWDRRRSKYELVDTVRTHKGADDKCFGCITQEEDS

ASKIGVTLSKELMAVAGDALKTNITTLGPLVLPTSEQLLFFATLVGRKLFKMKIKPYIPDFKLAFEHFC

IHAGGRAVLDELEKNLKLTEWHMEPSRMTLYRFGNTSSSSLWYELAYSEAKGRIKKGDRIWQIAF

GSGFKCNSSVWRAVRSVNPKKEKNPWMDEIHEFPVEVPKVSTI

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000269|PubMed:16765910}.

http://etd.uwc.ac.za/
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O80400 VPS_HUMLU reviewed

Phloroisovalerophenone 

synthase (Valerophenone 

synthase) (EC 2.3.1.156) (3-

methyl-1-

(trihydroxyphenyl)butan-1-one 

synthase)

VPS

Humulus 

lupulus 

(European 

hop)

394

MASVTVEQIRKAQRAEGPATILAIGTAVPANCFNQADFPDYYFRVTKSEHMTDLKKKFQRMCEKS

TIKKRYLHLTEEHLKQNPHLCEYNAPSLNTRQDMLVVEVPKLGKEAAINAIKEWGQPKSKITHLIFCT

GSSIDMPGADYQCAKLLGLRPSVKRVMLYQLGCYAGGKVLRIAKDIAENNKGARVLIVCSEITACIF

RGPSEKHLDCLVGQSLFGDGASSVIVGADPDASVGERPIFELVSAAQTILPNSDGAIAGHVTEAGL

TFHLLRDVPGLISQNIEKSLIEAFTPIGINDWNNIFWIAHPGGPAILDEIEAKLELKKEKMKASREMLS

EYGNMSCASVFFIVDEMRKQSSKEGKSTTGDGLEWGALFGFGPGLTVETVVLHSVPTNV

CATALYTIC ACTIVITY: Isovaleryl-CoA + 3 

malonyl-CoA = 4 CoA + 3 CO(2) + 3-methyl-

1-(2,4,6-trihydroxyphenyl)butan-1-one.

P20077
THS2_ARAH

Y
reviewed

Putative stilbene synthase 2 

(EC 2.3.1.95) (Resveratrol 

synthase 2) (RS2) 

(Trihydroxystilbene synthase 2) 

(Fragment)

Arachis 

hypogaea 

(Peanut)

313

LKENPNMCAYKAPSLDAREDMMIREVPRVGKEAATKAIKEWGQPMSKITHLIFCTTSGVALPGVD

YELIVLLGLDPSVKRYMMYHQGCFAGGTVLRLAKDLAENNKDARVLIVCSENTAVTFRGPSETDM

DSLVGQALFADGAAAIIIGSDPVPEVENPLFEIVSTDQKLVPNSHGAIGGLLREVGLTFYLNKSVPDII

SQNINDALSKAFDPLGISDYNSIFWIAHPGGPAILDQVEQKVNLKPEKMNATRDVLSNYGNMSSAC

VFFIMDLMRKKSLEEGLKTTGEGLDWGVLFGFGPGLTIETVVLRSVAI

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

C0SVZ6
CURS1_CUR

LO
reviewed

Curcumin synthase 1 (EC 

2.3.1.217)
CURS1

Curcuma 

longa 

(Turmeric) 

(Curcuma 

domestica)

389

MANLHALRREQRAQGPATIMAIGTATPPNLYEQSTFPDFYFRVTNSDDKQELKKKFRRMCEKTMV

KKRYLHLTEEILKERPKLCSYKEASFDDRQDIVVEEIPRLAKEAAEKAIKEWGRPKSEITHLVFCSIS

GIDMPGADYRLATLLGLPLTVNRLMIYSQACHMGAAMLRIAKDLAENNRGARVLVVACEITVLSFRG

PNEGDFEALAGQAGFGDGAGAVVVGADPLEGIEKPIYEIAAAMQETVAESQGAVGGHLRAFGWT

FYFLNQLPAIIADNLGRSLERALAPLGVREWNDVFWVAHPGNWAIIDAIEAKLQLSPDKLSTARHVF

TEYGNMQSATVYFVMDELRKRSAVEGRSTTGDGLQWGVLLGFGPGLSIETVVLRSMPL

CATALYTIC ACTIVITY: Feruloyl-CoA + 

feruloylacetyl-CoA + H(2)O = 2 CoA + 

curcumin + CO(2). 

{ECO:0000269|PubMed:19258320, 

ECO:0000269|PubMed:21148316}.

Q93X68
FABG5_BRA

NA
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase 5, chloroplastic (EC 

1.1.1.100) (3-ketoacyl-acyl 

carrier protein reductase 5) 

(Fragment)

bkr1
Brassica 

napus (Rape)
317

TTVAATKLTSLKATAGKLGYREICQVRQWAPLKSAMPHFGMLRCATSTVVKAQAQAQATATEQTT

EEAVPKVESPVVVVTGASRGIGKAIALSLGKAGCKVLVNYARSAKEAEEVSKQIEEYGGEAITFG

GDVSKEADVDSMMKTAVDKWGTIDVVVNNAGITRDTLLIRMKKSQWDEVIDLNLTGVFLCTQAATK

IMMKKRKGRIINIASVVGLIGNIGQANYAAAKAGVIGFSKTAAREGASRNINVNVVCPGFIASDMTAK

LGEDMEKKILGTIPLGRYGQPEYVAGLVEFLALSPASSYITGHTFSIHGGFAI

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

Q89AG9
FABG_BUCB

P
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase FabG (EC 1.1.1.100) 

(3-ketoacyl-acyl carrier protein 

reductase) (Beta-Ketoacyl-acyl 

carrier protein reductase) (Beta-

ketoacyl-ACP reductase)

fabG 

bbp_321

Buchnera 

aphidicola 

subsp. 

Baizongia 

pistaciae 

(strain Bp)

245

MKTTKKIAVITGANRGLGKGIAEELSNTNNITVIGTSTSQKGCKIINKYLKNNGIGIKLDITNPNEITKTMD

FVYKNFGRVDILINNAGIIRDKLLINMKTQDWNSVLNVNLNSIFYMSKSVIRNMIKNKQGKIITIGSVIAH

IGNCGQTNYSAAKLGLVGFHKSLALELAPKGITVNMIAPGLIKTGMTNNLSQKQLSKYLSKIPMKRL

GTIKEISKITLFLISNDANYITGQVIHVNGGMYMP

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

P99093
FABG_STAA

N
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase FabG (EC 1.1.1.100) 

(3-ketoacyl-acyl carrier protein 

reductase) (Beta-Ketoacyl-acyl 

carrier protein reductase) (Beta-

ketoacyl-ACP reductase)

fabG SA1074

Staphylococc

us aureus 

(strain N315)

246

MKMTKSALVTGASRGIGRSIALQLAEEGYNVAVNYAGSKEKAEAVVEEIKAKGVDSFAIQANVAD

ADEVKAMIKEVVSQFGSLDVLVNNAGITRDNLLMRMKEQEWDDVIDTNLKGVFNCIQKATPQMLR

QRSGAIINLSSVVGAVGNPGQANYVATKAGVIGLTKSAARELASRGITVNAVAPGFIVSDMTDALS

DELKEQMLTQIPLARFGQDTDIANTVAFLASDKAKYITGQTIHVNGGMYM

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

Q9PKF7
FABG_CHLM

U
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase FabG (EC 1.1.1.100) 

(3-ketoacyl-acyl carrier protein 

reductase) (Beta-Ketoacyl-acyl 

carrier protein reductase) (Beta-

ketoacyl-ACP reductase)

fabG 

TC_0508

Chlamydia 

muridarum 

(strain MoPn 

/ Nigg)

248

MNSLLVNKAAIVTGGSRGIGFGIAKLFAEHGANVQIWGINEEAGKSAAQDLSDKTGSKVSFALVDV

SKNDMVSAQVQKFLAEYGTIDVVVNNAGITRDSLLMRMSEEEWSSVIDTNLGSIYNVCSAVIRPMI

KARSGAIVNISSIVGLRGSPGQTNYAAAKAGIIGFSKALSKEVGSKNIRVNCIAPGFIDTDMTKGLSD

NLKNEWLKGVPLGRVGTPEEIAMAALFLASNQSSYITGQVLSVDGGMA

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

Q949M2
FABG4_BRA

NA
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase 4 (EC 1.1.1.100) (3-

ketoacyl-acyl carrier protein 

reductase 4) (Fragment)

bkr4
Brassica 

napus (Rape)
254

TTTEEEEAVPKVESPVVVVTGASRGIGKAIALSLGKAGCKVLVNYARSAKEAEEVSKQIEEYGGQ

AITFGGDVSKEADVDAMMKTAVDKWGTIDVVVNNAGDTLLIRMKKSQWDEVMDLNLTGVFLCSQ

AATKIMMKKRKGRIINIASVVGLIGNIGQANYAAAKAGVIGFSKTAAREGASRNINVNVVCPGFIASD

MTAKLGEDMEKKILGTIPLGRYGQPEDVAGLVEFLALSPAASYITGQTFTIDGGIAI

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

P9WGT2
FABG_MYCT

O
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase FabG1 (EC 1.1.1.100) 

(3-ketoacyl-acyl carrier protein 

reductase) (Beta-Ketoacyl-acyl 

carrier protein reductase) (Beta-

ketoacyl-ACP reductase)

fabG1 mabA 

MT1530

Mycobacteriu

m 

tuberculosis 

(strain CDC 

1551 / 

Oshkosh)

247

MTATATEGAKPPFVSRSVLVTGGNRGIGLAIAQRLAADGHKVAVTHRGSGAPKGLFGVECDVTDS

DAVDRAFTAVEEHQGPVEVLVSNAGLSADAFLMRMTEEKFEKVINANLTGAFRVAQRASRSMQR

NKFGRMIFIGSVSGSWGIGNQANYAASKAGVIGMARSIARELSKANVTANVVAPGYIDTDMTRALD

ERIQQGALQFIPAKRVGTPAEVAGVVSFLASEDASYISGAVIPVDGGMGMGH

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

Q5HGK2
FABG_STAA

C
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase FabG (EC 1.1.1.100) 

(3-ketoacyl-acyl carrier protein 

reductase) (Beta-Ketoacyl-acyl 

carrier protein reductase) (Beta-

ketoacyl-ACP reductase)

fabG 

SACOL1245

Staphylococc

us aureus 

(strain COL)

246

MKMTKSALVTGASRGIGRSIALQLAEEGYNVAVNYAGSKEKAEAVVEEIKAKGVDSFAIQANVAD

ADEVKAMIKEVVSQFGSLDVLVNNAGITRDNLLMRMKEQEWDDVIDTNLKGVFNCIQKATPQMLR

QRSGAIINLSSVVGAVGNPGQANYVATKAGVIGLTKSAARELASRGITVNAVAPGFIVSDMTDALS

DELKEQMLTQIPLARFGQDTDIANTVAFLASDKAKYITGQTIHVNGGMYM

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

P43713
FABG_HAEI

N
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase FabG (EC 1.1.1.100) 

(3-ketoacyl-acyl carrier protein 

reductase) (Beta-Ketoacyl-acyl 

carrier protein reductase) (Beta-

ketoacyl-ACP reductase)

fabG HI_0155

Haemophilus 

influenzae 

(strain ATCC 

51907 / DSM 

11121 / 

KW20 / Rd)

242

MQGKIALVTGSTRGIGRAIAEELSSKGAFVIGTATSEKGAEAISAYLGDKGKGLVLNVTDKESIETLL

EQIKNDFGDIDILVNNAGITRDNLLMRMKDEEWFDIMQTNLTSVYHLSKAMLRSMMKKRFGRIINIGS

VVGSTGNPGQTNYCAAKAGVVGFSKSLAKEVAARGITVNVVAPGFIATDMTEVLTDEQKAGILSN

VPAGRLGEAKDIAKAVAFLASDDAGYITGTTLHVNGGLYLS

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

P0A5Y5
FABG_MYC

BO
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase FabG (EC 1.1.1.100) 

(3-ketoacyl-acyl carrier protein 

reductase) (Beta-Ketoacyl-acyl 

carrier protein reductase) (Beta-

ketoacyl-ACP reductase)

fabG fabG1 

BQ2027_MB

1519

Mycobacteriu

m bovis 

(strain ATCC 

BAA-935 / 

AF2122/97)

247

MTATATEGAKPPFVSRSVLVTGGNRGIGLAIAQRLAADGHKVAVTHRGSGAPKGLFGVECDVTDS

DAVDRAFTAVEEHQGPVEVLVSNAGLSADAFLMRMTEEKFEKVINANLTGAFRVAQRASRSMQR

NKFGRMIFIGSVSGSWGIGNQANYAASKAGVIGMARSIARELSKANVTANVVAPGYIDTDMTRALD

ERIQQGALQFIPAKRVGTPAEVAGVVSFLASEDASYISGAVIPVDGGMGMGH

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

C0SVZ6
CURS1_CUR

LO
reviewed

Curcumin synthase 1 (EC 

2.3.1.217)
CURS1

Curcuma 

longa 

(Turmeric) 

(Curcuma 

domestica)

389

MANLHALRREQRAQGPATIMAIGTATPPNLYEQSTFPDFYFRVTNSDDKQELKKKFRRMCEKTMV

KKRYLHLTEEILKERPKLCSYKEASFDDRQDIVVEEIPRLAKEAAEKAIKEWGRPKSEITHLVFCSIS

GIDMPGADYRLATLLGLPLTVNRLMIYSQACHMGAAMLRIAKDLAENNRGARVLVVACEITVLSFRG

PNEGDFEALAGQAGFGDGAGAVVVGADPLEGIEKPIYEIAAAMQETVAESQGAVGGHLRAFGWT

FYFLNQLPAIIADNLGRSLERALAPLGVREWNDVFWVAHPGNWAIIDAIEAKLQLSPDKLSTARHVF

TEYGNMQSATVYFVMDELRKRSAVEGRSTTGDGLQWGVLLGFGPGLSIETVVLRSMPL

CATALYTIC ACTIVITY: Feruloyl-CoA + 

feruloylacetyl-CoA + H(2)O = 2 CoA + 

curcumin + CO(2). 

{ECO:0000269|PubMed:19258320, 

ECO:0000269|PubMed:21148316}.

P20178
THS1_ARAH

Y
reviewed

Stilbene synthase 1 (EC 

2.3.1.95) (Resveratrol synthase 

1) (RS1) (Trihydroxystilbene 

synthase 1)

Arachis 

hypogaea 

(Peanut)

389

MVSVSGIRKVQRAEGPATVLAIGTANPPNCVDQSTYADYYFRVTNGEHMTDLKKKFQRICERTQIK

NRHMYLTEEILKENPNMCAYKAPSLDAREDMMIREVPRVGKEAATKAIKEWGQPMSKITHLIFCTT

SGVALPGVDYELIVLLGLDPSVKRYMMYHQGCFAGGTVLRLAKDLAENNKDARVLIVCSENTAVTF

RGPNETDMDSLVGQALFADGAAAIIIGSDPVPEVENPIFEIVSTDQQLVPNSHGAIGGLLREVGLTF

YLNKSVPDIISQNINGALSKAFDPLGISDYNSIFWIAHLGGRAILDQVEQKVNLKPEKMKATRDVLSN

YGNMSSACVFFIMDLMRKKSLETGLKTTGEGLDWGVLFGFGPGLTIETVVLRSMAI

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

P48407 DPS1_PINST reviewed

Pinosylvin synthase 1 (EC 

2.3.1.146) (Dihydropinosylvin 

synthase 1) (Stilbene synthase 

1) (STS 1)

STS1

Pinus 

strobus 

(Eastern 

white pine)

396

MSVGMGIDLEAFRKSQRADGFASILAIGTANPPNVVDQSTYPDYYFRVTNNEDNTDLKDKFKRICE

RSAIKKRHMYLTEEILKKNPELCAFLEVPSLDTRQAMLAAEVPRLGKEAAEKAIEEWGQPKSRITH

LIFCTTTTPDLPGADFEVAKLLGLHPSVKRVGVFQHGCFAGGTVLRLAKDLAENNRGARVLVVCSE

NTAVTFRGPSETHLDGLVGLALFGDGASALIVGADPIPQVEKPCFEIVWTAQTVVPNSDGAISGKL

REVGLTFQLKGAVPDLISTNIEKCLVEAFSQFNISDWNQLFWIAHPGGHAILDQVEASLNLDPTKLR

ATRHVMSEYGNMSSACVHFILDETRKASRQNGCSTSGGGFQMGVLFGFGPGLTVETVVLKSIPFP

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

cinnamoyl-CoA = 4 CoA + pinosylvin + 4 

CO(2). {ECO:0000269|PubMed:7698342}.; 

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

dihydrocinnamoyl-CoA = 4 CoA + 

dihydropinosylvin + 4 CO(2). 

{ECO:0000269|PubMed:7698342}.

P48408 DPS2_PINST reviewed

Pinosylvin synthase 2 (EC 

2.3.1.146) (Dihydropinosylvin 

synthase 2) (Stilbene synthase 

2) (STS 2)

STS2

Pinus 

strobus 

(Eastern 

white pine)

396

MSVGMGVDLEAFRKSQRADGFASILAIGTANPPNVVDQSTYPDYYFRNTNNEDNTDLKDKFKRIC

ERSAIKKRHMYLTEEILKKNPELCAFLEVPSLDTRQAMLAVEVPRLGKEAAEKAIEEWGQPKSRIT

HLIFCTTTTPDLPGADFEVAKLLGLHPSVKRVGVFQHGCFAGGTVLRLAKDLAENNRGARVLVVCS

ENTAVTFRGPSETHLDGLVGLALFGDGAAALIVGADPIPQVEKPCFEIVWTAQTVVPNSDGAISGK

LREVGLTFQLKGAVPDLISTNIEKCLVEAFSQFNISDWNQLFWIAHPGGRAILDQVEASLNLDPTKL

RATRHVMSEYGNMSSACVHFILDETRKASRQNGCSTSGGGFQMGVLFGFGPGLTVETVVLKSIPF

P

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

cinnamoyl-CoA = 4 CoA + pinosylvin + 4 

CO(2). {ECO:0000269|PubMed:7698342}.; 

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

dihydrocinnamoyl-CoA = 4 CoA + 

dihydropinosylvin + 4 CO(2). 

{ECO:0000269|PubMed:7698342}.

P51069
THS3_ARAH

Y
reviewed

Stilbene synthase 3 (EC 

2.3.1.95) (Resveratrol synthase 

3) (RS3) (Trihydroxystilbene 

synthase 3)

Arachis 

hypogaea 

(Peanut)

389

MVSVSGIRKVQRAEGPATVLAIGTANPPNCIDQSTYADYYFRVTNSEHMTDLKKKFQRICERTQIKN

RHMYLTEEILKENPNMCAYKAPSLDAREDMMIREVPRVGKEAATKAIKEWGQPMSKITHLIFCTTS

GVALPGVDYELIVLLGLDPCVKRYMMYHQGCFAGGTVLRLAKDLAENNKDARVLIVCSENTAVTFR

GPSETDMDSLVGQALFADGAAAIIIGSDPVPEVEKPIFELVSTDQKLVPGSHGAIGGLLREVGLTFY

LNKSVPDIISQNINDALNKAFDPLGISDYNSIFWIAHPGGRAILDQVEQKVNLKPEKMKATRDVLSNY

GNMSSACVFFIMDLMRKRSLEEGLKTTGEGLDWGVLFGFGPGLTIETVVLRSVAI

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

P51070 THS2_VITVI reviewed

Stilbene synthase 2 (EC 

2.3.1.95) (PSV21) (Resveratrol 

synthase 2) (Trihydroxystilbene 

synthase 2) (StSy 2)

GSVIVT0000

4047001 

LOC1002461

43 

VITISV_0108

33; 

GSVIVT0000

8253001 

LOC1002591

69 

VITISV_0242

60

Vitis vinifera 

(Grape)
392

MASVEEIRNAQRAKGPATILAIGTATPDHCVYQSDYADYYFRVTKSEHMTALKKKFNRICDKSMIKK

RYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITAEVPKLGKEAALKALKEWGQPKSKITHLVFCTTSGV

EMPGADYKLANLLGLEPSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFRG

PSEDALDSLVGQALFGDGSAAVIVGSDPDISIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTFHL

WPNVPTLISENIEKCLTQAFDPLGISDWNSLFWIAHPGGPAILDAVEAKLNLDKKKLEATRHVLSEY

GNMSSACVLFILDEMRKKSLKGERATTGEGLDWGVLFGFGPGLTIETVVLHSIPMVTN
CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

P51071 THS3_VITVI reviewed

Stilbene synthase 3 (EC 

2.3.1.95) (PSV368) (Resveratrol 

synthase 3) (Trihydroxystilbene 

synthase 3) (StSy 3)

VIT_16s0100

g01030

Vitis vinifera 

(Grape)
392

MASVEEIRNAQRAKGPATILAIGTATPDHCVYQSDYADYYFRVTKSEHMTELKKKFNRICDKSMIKK

RYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITVEVPKLGKEAALKALKEWGQPKSKITHLVFCTTSGV

EMPGADYKLANLLGLETSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFRG

PSEDALDSLVGQALFGDGSAAVIVGSDPDVSIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTFHL

WPNVPTLISENVEKCLTQAFDPLGISDWNSLFWIAHPGGPAILDAVEAKLNLDKKKLEATRHVLSE

YGNMSSACVLFILDEMRKKSHKGEKATTGEGLDWGVLFGFGPGLTIETVVLHSIPMVTN

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

P53416 BBS_PHASS reviewed Bibenzyl synthase (EC 2.3.1.-)
BIBSY212 

PCS1

Phalaenopsis 

sp. (Moth 

orchid)

390

MLSLESIKKAPRADGFASILAIGRANPDNIIEQSAYPDFYFRVTNSEHLVDLKKKFQRICEKTAIRKRH

FVWNEEFLTANPCFSTFMDKSLNVRQEVAISEIPKLGAKAATKAIEDWGQPKSRITHLIFCTTSGMD

LPGADYQLTQILGLNPNVERVMLYQQGCFAGGTTLRLAKCLAESRKGARVLVVCAETTTVLFRAPS

EEHQDDLVTQALFADGASAVIVGADPDEAADERASFVIVSTSQVLLPDSAGAIGGHVSEGGLLATL

HRDVPQIVSKNVGKCLEEAFTPFGISDWNSIFWVPHPGGRAILDQVEERVGLKPEKLSVSRHVLA

EYGNMSSVCVHFALDEMRKRSANEGKATTGEGLEWGVLFGFGPGLTVETVVLRSVPL

CATALYTIC ACTIVITY: 3 malonyl-CoA + M-

hydroxyphenylpropionyl-CoA = 4 CoA + 4 

trihydroxybibenzyl + 3 CO(2).

Q02323
DPSS_PINS

Y
reviewed

Pinosylvin synthase (EC 

2.3.1.146) (Dihydropinosylvin 

synthase) (Pinosylvin-forming 

stilbene synthase) (Stilbene 

synthase) (STS)

Pinus 

sylvestris 

(Scots pine)

393

MGGVDFEGFRKLQRADGFASILAIGTANPPNAVDQSTYPDFYFRITGNEHNTELKDKFKRICERSAI

KQRYMYLTEEILKKNPDVCAFVEVPSLDARQAMLAMEVPRLAKEAAEKAIQEWGQSKSGITHLIF

CSTTTPDLPGADFEVAKLLGLHPSVKRVGVFQHGCFAGGTVLRMAKDLAENNRGARVLVICSETT

AVTFRGPSETHLDSLVGQALFGDGASALIVGADPIPQVEKACFEIVWTAQTVVPNSEGAIGGKVRE

VGLTFQLKGAVPDLISANIENCMVEAFSQFKISDWNKLFWVVHPGGRAILDRVEAKLNLDPTKLIPT

RHVMSEYGNMSSACVHFILDQTRKASLQNGCSTTGEGLEMGVLFGFGPGLTIETVVLKSVPIQ

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

cinnamoyl-CoA = 4 CoA + pinosylvin + 4 

CO(2). {ECO:0000269|PubMed:1426272}.; 

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

dihydrocinnamoyl-CoA = 4 CoA + 

dihydropinosylvin + 4 CO(2). 

{ECO:0000269|PubMed:1426272}.

Q27Z07
BIPS1_SOR

AU
reviewed

3,5-dihydroxybiphenyl synthase 

(EC 2.3.1.177) (Biphenyl 

synthase 1) (SaBIS1)

BIS1

Sorbus 

aucuparia 

(European 

mountain 

ash) (Rowan)

390

MAPLVKNHGEPQHAKILAIGTANPPNVYYQKDYPDFLFRVTKNEHRTDLREKFDRICEKSRTRKRY

LHLTEEILKANPSIYTYGAPSLDVRQDMLNSEVPKLGQQAALKAIKEWGQPISKITHLIFCTASCVDM

PGADFQLVKLLGLNPSVTRTMIYEAGCYAGATVLRLAKDFAENNEGARVLVVCAEITTVFFHGLTDT

HLDILVGQALFADGASAVIVGANPEPKIERPLFEIVACRQTIIPNSEHGVVANIREMGFTYYLSGEVP

KFVGGNVVDFLTKTFEKVDGKNKDWNSLFFSVHPGGPAIVDQVEEQLGLKEGKLRATRHVLSEY

GNMGAPSVHFILDDMRKKSIEEGKSTTGEGLEWGVVIGIGPGLTVETAVLRSESIPC

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

benzoyl-CoA = 4 CoA + 3,5-

dihydroxybiphenyl + 4 CO(2). 

{ECO:0000269|PubMed:14595561, 

ECO:0000269|PubMed:17109150}.

Q38860
KCS18_ARA

TH
reviewed

3-ketoacyl-CoA synthase 18 

(KCS-18) (EC 2.3.1.199) 

(Protein FATTY ACID 

ELONGATION 1) (Very long-

chain fatty acid condensing 

enzyme 18) (VLCFA condensing 

enzyme 18)

FAE1 KCS18 

At4g34520 

T4L20.100

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

506

MTSVNVKLLYRYVLTNFFNLCLFPLTAFLAGKASRLTINDLHNFLSYLQHNLITVTLLFAFTVFGLVLYI

VTRPNPVYLVDYSCYLPPPHLKVSVSKVMDIFYQIRKADTSSRNVACDDPSSLDFLRKIQERSGLG

DETYSPEGLIHVPPRKTFAASREETEKVIIGALENLFENTKVNPREIGILVVNSSMFNPTPSLSAMVV

NTFKLRSNIKSFNLGGMGCSAGVIAIDLAKDLLHVHKNTYALVVSTENITQGIYAGENRSMMVSNCL

FRVGGAAILLSNKSGDRRRSKYKLVHTVRTHTGADDKSFRCVQQEDDESGKIGVCLSKDITNVAGT

TLTKNIATLGPLILPLSEKFLFFATFVAKKLLKDKIKHYYVPDFKLAVDHFCIHAGGRAVIDELEKNLGL

SPIDVEASRSTLHRFGNTSSSSIWYELAYIEAKGRMKKGNKAWQIALGSGFKCNSAVWVALRNVK

ASANSPWQHCIDRYPVKIDSDLSKSKTHVQNGRS

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000269|PubMed:11341960, 

ECO:0000269|PubMed:12135493, 

ECO:0000269|PubMed:16765910}.

http://etd.uwc.ac.za/



105 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Q4V3C9
KCS8_ARAT

H
reviewed

3-ketoacyl-CoA synthase 8 

(KCS-8) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 8) (VLCFA condensing 

enzyme 8)

KCS8 

At2g15090 

T15J14.13

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

481

MKNLKMVFFKILFISLMAGLAMKGSKINVEDLQKFSLHHTQNNLQTISLLLFLVVFVWILYMLTRPKP

VYLVDFSCYLPPSHLKVSIQTLMGHARRAREAGMCWKNKESDHLVDFQEKILERSGLGQETYIPE

GLQCFPLQQGMGASRKETEEVIFGALDNLFRNTGVKPDDIGILVVNSSTFNPTPSLASMIVNKYKLR

DNIKSLNLGGMGCSAGVIAVDVAKGLLQVHRNTYAIVVSTENITQNLYLGKNKSMLVTNCLFRVGG

AAVLLSNRSRDRNRAKYELVHTVRIHTGSDDRSFECATQEEDEDGIIGVTLTKNLPMVAARTLKINIA

TLGPLVLPLKEKLAFFITFVKKKYFKPELRNYTPDFKLAFEHFCIHAGGRALIDELEKNLKLSPLHVE

ASRMTLHRFGNTSSSSIWYELAYTEAKGRMKEGDRIWQIALGSGFKCNSSVWVALRDVKPSANS

PWEDCMDRYPVEIDI

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q570B4
KCS10_ARA

TH
reviewed

3-ketoacyl-CoA synthase 10 

(KCS-10) (EC 2.3.1.199) 

(Protein FIDDLEHEAD) (Very 

long-chain fatty acid condensing 

enzyme 10) (VLCFA condensing 

enzyme 10)

FDH EL4 

KCS10 

At2g26250 

T1D16.11

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

550

MGRSNEQDLLSTEIVNRGIEPSGPNAGSPTFSVRVRRRLPDFLQSVNLKYVKLGYHYLINHAVYLA

TIPVLVLVFSAEVGSLSREEIWKKLWDYDLATVIGFFGVFVLTACVYFMSRPRSVYLIDFACYKPSD

EHKVTKEEFIELARKSGKFDEETLGFKKRILQASGIGDETYVPRSISSSENITTMKEGREEASTVIFG

ALDELFEKTRVKPKDVGVLVVNCSIFNPTPSLSAMVINHYKMRGNILSYNLGGMGCSAGIIAIDLAR

DMLQSNPNSYAVVVSTEMVGYNWYVGSDKSMVIPNCFFRMGCSAVMLSNRRRDFRHAKYRLE

HIVRTHKAADDRSFRSVYQEEDEQGFKGLKISRDLMEVGGEALKTNITTLGPLVLPFSEQLLFFAAL

LRRTFSPAAKTSTTTSFSTSATAKTNGIKSSSSDLSKPYIPDYKLAFEHFCFHAASKVVLEELQKNL

GLSEENMEASRMTLHRFGNTSSSGIWYELAYMEAKESVRRGDRVWQIAFGSGFKCNSVVWKA

MRKVKKPTRNNPWVDCINRYPVPL

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q58VP7 PCS_ALOAR reviewed

5,7-dihydroxy-2-

methylchromone synthase (EC 

2.3.1.216) (Pentaketide 

chromone synthase) (PCS)

Aloe 

arborescens 

(Kidachi aloe)

403

MSSLSNSLPLMEDVQGIRKAQKADGTATVMAIGTAHPPHIFPQDTYADVYFRATNSEHKVELKKKF

DHICKKTMIGKRYFNYDEEFLKKYPNITSYDEPSLNDRQDICVPGVPALGTEAAVKAIEEWGRPKS

EITHLVFCTSCGVDMPSADFQCAKLLGLHANVNKYCIYMQGCYAGGTVMRYAKDLAENNRGARVL

VVCAELTIMMLRAPNETHLDNAIGISLFGDGAAALIIGSDPIIGVEKPMFEIVCTKQTVIPNTEDVIHLHL

RETGMMFYLSKGSPMTISNNVEACLIDVFKSVGITPPEDWNSLFWIPHPGGRAILDQVEAKLKLRP

EKFRAARTVLWDYGNMVSASVGYILDEMRRKSAAKGLETYGEGLEWGVLLGFGPGITVETILLHS

LPLM

CATALYTIC ACTIVITY: 5 malonyl-CoA = 5 

CoA + 5,7-dihydroxy-2-methyl-4H-chromen-4-

one + 5 CO(2) + H(2)O. 

{ECO:0000269|PubMed:15686354}.

Q5XEP9
KCS2_ARAT

H
reviewed

3-ketoacyl-CoA synthase 2 

(KCS-2) (EC 2.3.1.199) 

(Docosanoic acid synthase) 

(Very long-chain fatty acid 

condensing enzyme 2) (VLCFA 

condensing enzyme 2)

KCS2 DAISY 

KCS17 

At1g04220 

F20D22.1

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

528

MNENHIQSDHMNNTIHVTNKKLPNFLLSVRLKYVKLGYHYLISNAVYILILPVGLLAATSSSFSLTDLT

LLYNHLLKFHFLSSTLFAALLIFLTTLYFTTRPRRIFLLDFACYKPDSSLICTRETFMDRSQRVGIFTED

NLAFQQKILERSGLGQKTYFPEALLRVPPNPCMSEARKEAETVMFGAIDAVLEKTGVNPKDIGILV

VNCSLFNPTPSLSAMIVNKYKLRGNVLSYNLGGMGCSAGLISIDLAKQLLQVQPNSYALVVSTENIT

LNWYLGNDRSMLLSNCIFRMGGAAVLLSNRSSDRCRSKYQLIHTVRTHKGSDDNAFNCVYQREDN

DDNKQIGVSLSKNLMAIAGEALKTNITTLGPLVLPMSEQLLFFATLVARKVFNVKKIKPYIPDFKLAFE

HFCIHAGGRAVLDEIEKNLDLSEWHMEPSRMTLNRFGNTSSSSLWYELAYSEAKGRIKRGDRTW

QIAFGSGFKCNSAVWRALRTIDPSKEKKKKTNPWIDEIHEFPVPVPRTSPVTSSSESR

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q8LIL0 CUS_ORYSJ reviewed

Bisdemethoxycurcumin 

synthase (EC 2.3.1.211) 

(Curcuminoid synthase)

Os07g02715

00 

LOC_Os07g1

7010 

OJ1001_C01.

122 

OSJNBb0002

J01.6

Oryza sativa 

subsp. 

japonica 

(Rice)

402

MAPTTTMGSALYPLGEMRRSQRADGLAAVLAIGTANPPNCVTQEEFPDFYFRVTNSDHLTALKDK

FKRICQEMGVQRRYLHHTEEMLSAHPEFVDRDAPSLDARLDIAADAVPELAAEAAKKAIAEWGRP

AADITHLVVTTNSGAHVPGVDFRLVPLLGLRPSVRRTMLHLNGCFAGCAALRLAKDLAENSRGARV

LVVAAELTLMYFTGPDEGCFRTLLVQGLFGDGAAAVIVGADADDVERPLFEIVSAAQTIIPESDHAL

NMRFTERRLDGVLGRQVPGLIGDNVERCLLDMFGPLLGGDGGGGWNDLFWAVHPGSSTIMDQV

DAALGLEPGKLAASRRVLSDYGNMSGATVIFALDELRRQRKEAAAAGEWPELGVMMAFGPGMT

VDAMLLHATSHVN

CATALYTIC ACTIVITY: 2 4-coumaroyl-CoA + 

malonyl-CoA + H(2)O = 3 CoA + 

bisdemethoxycurcumin + 2 CO(2).

Q8SAS8
TBSYN_HYP

AN
reviewed

2,4,6-trihydroxybenzophenone 

synthase (EC 2.3.1.220) 

(2,3',4,6-

tetrahydroxybenzophenone 

synthase) (EC 2.3.1.151) 

(Benzophenone synthase) 

(HaBPS)

BPS

Hypericum 

androsaemu

m (Tutsan)

395

MAPAMEYSTQNGQGEGKKRASVLAIGTTNPEHFILQEDYPDFYFRNTNSEHMTELKEKFKRICVK

SHIRKRHFYLTEEILKENQGIATYGAGSLDARQRILETEVPKLGQEAALKAIAEWGQPISKITHVVFA

TTSGFMMPGADYVITRLLGLNRTVRRVMLYNQGCFAGGTALRVAKDLAENNEGARVLVVCAENTA

MTFHAPNESHLDVIVGQAMFSDGAAALIIGACPDVASGERAVFNILSASQTIVPGSDGAITAHFYEM

GMSYFLKEDVIPLFRDNIAAVMEEAFSPLGVSDWNSLFYSIHPGGRGIIDGVAGNLGIKDENLVATR

HVLGEYGNMGSACVMFILDELRKSSKVNGKPTTGDGKEFGCLIGLGPGLTVEAVVLQSVPILQ

CATALYTIC ACTIVITY: 3 malonyl-CoA + 

benzoyl-CoA = 4 CoA + 2,4,6-

trihydroxybenzophenone + 3 CO(2). 

ECO:0000269|PubMed:9459298}.

A5C9M2 THS5_VITVI reviewed

Stilbene synthase 5 (EC 

2.3.1.95) (Resveratrol synthase 

5) (Trihydroxystilbene synthase 

5) (StSy 5)

GSVIVT0000

7357001 

LOC1002503

01 

VITISV_0368

52

Vitis vinifera 

(Grape)
392

MASVEEIRNAQRAKGPATILAIGTATPDHCVYQSDYADYYFKVTKSEHMTELKKKFNRICDKSMIKK

RYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITAEVPKLGKEAALKALKEWGQPKSKITHLVFCTTSGV

EMPGADYKLANLLGLETSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFRG

PSEDALDSLVGQALFGDGSAAVIVGSDPNVSIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTFHL

WPNVPTLISENIEKCLSQAFDPLGISNWNSLFWIAHPGGPAILDAVEAKLNLEKKKLEATRHVLSEY

GNMSSACVLFILDEMRKKSLKGEKATTGEGLDWGVLFGFGPGLTIETVVLHSVPMVTN

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

Q68VY7
FABG_RICT

Y
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase FabG (EC 1.1.1.100) 

(3-ketoacyl-acyl carrier protein 

reductase) (Beta-Ketoacyl-acyl 

carrier protein reductase) (Beta-

ketoacyl-ACP reductase)

fabG RT0748

Rickettsia 

typhi (strain 

ATCC VR-

144 / 

Wilmington)

241

MIDFTGKTSLITGASGGIGSAIARLLHKLGSKVIISGSNEKKLKLLGNTLKDNYIIEVCNLANKEECNNLI

SKISNLDILVCNAGITSDTLAIRMKDQDFDKVIDINLKANFILNREAIKKMIQKRYGRIINISSIVGIAGNP

GQANYCASKAGLIGMTKSLSYEVATRGITVNAVAPGFIKSDMTDKLNEKQREAIVQKIPLGTYGIPE

DVAYAVAFLASNHASYITGQTLHVNGGMLMV

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

O42866
FABG_SCHP

O
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase (EC 1.1.1.100) (3-

ketoacyl-acyl carrier protein 

reductase)

oar2 

SPAC3G9.02

Schizosacch

aromyces 

pombe (strain 

972 / ATCC 

24843) 

(Fission 

yeast)

236

MRKVLITGGSSGLGKRIAQIWSQKGHQCHIVGRNEFHLKETLQSLSVAKGQQHTLTIADVQSDMKN

LKSIFESVEIDTVVHAAGVLQSSLCVRTSEKEIDSIICTNLVSAIKLSKMAILEWFRNKNSERDRLILNI

SSRLSTYALPGTSVYAASKAGLESFTKVLAAEVASKGIRVNAISPGYVDTPMLSSQIRAIAEKKVPI

GRLASTDEIVDACTFLLDNRYTTGTILPITGGL

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

P73574
FABG_SYNY

3
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase (EC 1.1.1.100) (3-

ketoacyl-acyl carrier protein 

reductase)

fabG slr0886

Synechocysti

s sp. (strain 

PCC 6803 / 

Kazusa)

247

MTALTAQVALVTGASRGIGKATALALAATGMKVVVNYAQSSTAADAVVAEIIANGGEAIAVQANVA

NADEVDQLIKTTLDKFSRIDVLVNNAGITRDTLLLRMKLEDWQAVIDLNLTGVFLCTKAVSKLMLKQK

SGRIINITSVAGMMGNPGQANYSAAKAGVIGFTKTVAKELASRGVTVNAVAPGFIATDMTENLNAE

PILQFIPLARYGQPEEVAGTIRFLATDPAAAYITGQTFNVDGGMVMF

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH. 

{ECO:0000305|PubMed:26358291}.

P35731
FABG_YEAS

T
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase (EC 1.1.1.100) (3-

ketoacyl-acyl carrier protein 

reductase)

OAR1 

YKL055C

Saccharomy

ces 

cerevisiae 

(strain ATCC 

204508 / 

S288c) 

(Baker's 

yeast)

278

MHYLPVAIVTGATRGIGKAICQKLFQKGLSCIILGSTKESIERTAIDRGQLQSGLSYQRQCAIAIDFKK

WPHWLDYESYDGIEYFKDRPPLKQKYSTLFDPCNKWSNNERRYYVNLLINCAGLTQESLSVRTTA

SQIQDIMNVNFMSPVTMTNICIKYMMKSQRRWPELSGQSARPTIVNISSILHSGKMKVPGTSVYSA

SKAALSRFTEVLAAEMEPRNIRCFTISPGLVKGTDMIQNLPVEAKEMLERTIGASGTSAPAEIAEEV

WSLYSRTALET

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

O67610
FABG_AQU

AE
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase FabG (EC 1.1.1.100) 

(3-ketoacyl-acyl carrier protein 

reductase) (Beta-Ketoacyl-acyl 

carrier protein reductase) (Beta-

ketoacyl-ACP reductase)

fabG 

aq_1716

Aquifex 

aeolicus 

(strain VF5)

248

MEIKLQGKVSLVTGSTRGIGRAIAEKLASAGSTVIITGTSGERAKAVAEEIANKYGVKAHGVEMNLL

SEESINKAFEEIYNLVDGIDILVNNAGITRDKLFLRMSLLDWEEVLKVNLTGTFLVTQNSLRKMIKQR

WGRIVNISSVVGFTGNVGQVNYSTTKAGLIGFTKSLAKELAPRNVLVNAVAPGFIETDMTAVLSEEI

KQKYKEQIPLGRFGSPEEVANVVLFLCSELASYITGEVIHVNGGMF

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

Q1RKB7
FABG_RICB

R
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase FabG (EC 1.1.1.100) 

(3-ketoacyl-acyl carrier protein 

reductase) (Beta-Ketoacyl-acyl 

carrier protein reductase) (Beta-

ketoacyl-ACP reductase)

fabG 

RBE_0116

Rickettsia 

bellii (strain 

RML369-C)

241

MIDLSGQTALITGASGGIGGAIARQLHKLGSHVIISGSNEEKLKALGNDLKDNYTIKVCNLTNTEECSN

LVAQIEKLDILVCNAGITKDTLAIRMKNEDFDQVIDINLKANFILNREAIKKMMTNRYGRIINITSIVGVSG

NPGQANYCASKAGLIGMTKSLAYEVATRGITVNAVAPGFIKSDMTDKLNDEQKEAITRKIPKGTYG

MPEDIANAVAFLASKQSSYITGQTLHVNGGMLMV

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

P38004
FABG_CHLT

R
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase FabG (EC 1.1.1.100) 

(3-ketoacyl-acyl carrier protein 

reductase) (Beta-Ketoacyl-acyl 

carrier protein reductase) (Beta-

ketoacyl-ACP reductase)

fabG CT_237

Chlamydia 

trachomatis 

(strain D/UW-

3/Cx)

248

MSGLLVNKTAIVTGGSRGIGFSIAKLFAEQGANVQIWGINGEAGQAAAQTLSEQTGRQVSFALVDV

SKNDMVSAQVQNFLAEYNTIDVIVNNAGITRDALLMRMSEEEWSSVINTNLGSIYNVCSAVIRPMIK

ARSGAIINISSIVGLRGSPGQTNYAAAKAGIIGFSKALSKEVGSKNIRVNCIAPGFIDTDMTKSLNDNL

KNEWLKGVPLGRVGMPEEIAKAALFLASDGSSYITGQVLSVDGGMA

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

P28643
FABG_CUPL

A
reviewed

3-oxoacyl-[acyl-carrier-protein] 

reductase, chloroplastic (EC 

1.1.1.100) (3-ketoacyl-acyl 

carrier protein reductase)

CLKR27

Cuphea 

lanceolata 

(Cigar flower)

320

MATATAAGCSGAVALKSLGGRRLCIPQQLSPVLAGFGSHAAKSFPILSTRSIATSGIRAQVATAEKV

SAGAGQSVESPVVIVTGASRGIGKAIALSLGKAGCKVLVNYARSSKEAEEVSKEIEAFGGQALTF

GGDVSKEEDVEAMIKTAVDAWGTVDILVNNAGITRDGLLMRMKKSQWQEVIDLNLTGVFLCTQAA

AKIMMKKKKGRIINIASVVGLVGNAGQANYSAAKAGVIGFTKTVAREYASRNINVNAVAPGFISSDM

TSKLGDDINKKILETIPLGRYGQPEEVAGLVEFLAINPASSYVTGQVFTIDGGMTM

CATALYTIC ACTIVITY: (3R)-3-hydroxyacyl-

[acyl-carrier-protein] + NADP(+) = 3-oxoacyl-

[acyl-carrier-protein] + NADPH.

Q94FV7 BAS_RHEPA reviewed

Polyketide synthase BAS (EC 

2.3.1.212) (Benzalacetone 

synthase) (RpBAS)

BAS

Rheum 

palmatum 

(Chinese 

rhubarb)

384

MATEEMKKLATVMAIGTANPPNCYYQADFPDFYFRVTNSDHLINLKQKFKRLCENSRIEKRYLHVT

EEILKENPNIAAYEATSLNVRHKMQVKGVAELGKEAALKAIKEWGQPKSKITHLIVCCLAGVDMPG

ADYQLTKLLDLDPSVKRFMFYHLGCYAGGTVLRLAKDIAENNKGARVLIVCSEMTTTCFRGPSETH

LDSMIGQAILGDGAAAVIVGADPDLTVERPIFELVSTAQTIVPESHGAIEGHLLESGLSFHLYKTVPTL

ISNNIKTCLSDAFTPLNISDWNSLFWIAHPGGPAILDQVTAKVGLEKEKLKVTRQVLKDYGNMSSAT

VFFIMDEMRKKSLENGQATTGEGLEWGVLFGFGPGITVETVVLRSVPVIS

CATALYTIC ACTIVITY: 4-coumaroyl-CoA + 

malonyl-CoA + H(2)O = 2 CoA + 4-

hydroxybenzalacetone + 2 CO(2). 

{ECO:0000269|PubMed:11389739, 

ECO:0000269|PubMed:17383877}.

Q9C6L5
KCS5_ARAT

H
reviewed

3-ketoacyl-CoA synthase 5 

(KCS-5) (EC 2.3.1.199) 

(Eceriferum 60) (Very long-chain 

fatty acid condensing enzyme 5) 

(VLCFA condensing enzyme 5)

KCS5 CER60 

At1g25450 

F2J7.9

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

492

MSDFSSSVKLKYVKLGYQYLINNFLTLLLIPVIATVAIELLRMGPEEILSVLNSLHFELLHILCSSFLIIFV

STVYFMSKPRTVYLVDYSCYKPPVTCRVPFSSFMEHSRLILKDNPKSVEFQMRILERSGLGEETCL

PPAIHYIPPTPTMESARNEAQMVIFTAMEDLFKNTGLKPKDIDILIVNCSLFSPTPSLSAMIINKYKLRS

NIKSYNLSGMGCSASLISVDVARDLLQVHPNSNAIIISTEIITPNYYKGNERAMLLPNCLFRMGGAAIL

LSNRRSDRWRAKYKLCHLVRTHRGADDKSYNCVMEQEDKNGNVGINLSKDLMTIAGEALKANITTI

GPLVLPASEQLLFLSSLIGRKIFNPKWKPYIPDFKQAFEHFCIHAGGRAVIDELQKNLQLSGEHVEA

SRMTLHRFGNTSSSSLWYELSYIEAQGRMKRNDRVWQIAFGSGFKCNSAVWKCNRTIKTPTDGA

WSDCIERYPVFIPEVVKL

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9C992
KCS7_ARAT

H
reviewed

3-ketoacyl-CoA synthase 7 

(KCS-7) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 7) (VLCFA condensing 

enzyme 7)

KCS7 

At1g71160 

F23N20.15

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

460

MESSFHFINEALLITQTFITFHQFLVASACVLIAVFGYYFFKPRCIIYLIDFSCYQPPDFLRAPVSNFIE

HLTISGVFDQESLDLQQKILERSGISDDASVPATVHEIPPNASISAAREETHEILFAIVQDLFSKHEIDP

KSIDILVSNCSLFCPSPSITSMIINKFGMRSDIKSFSLSGMGCSAGILSVNLVKDLMKIHGDSLALVLS

MEAVSPNGYRGKCKSMLIANTIFRMGGAAILLSNRKQDSHKAKYKLQHIIRTHVGSDTESYESVMQ

QVDEEGKVGVALSKQLVRVASKALKINVVQLGPRVLPYSEQLKYIISFIQRKWGMHKEIYTPNFKK

AFEHFCIHAGGRAIIEGVEKHLKLDKEDVEASRSTLYRYGNTSSSSLWYELQYLEAKGRMKMGDK

VWQIGFGSGFKANSAVWKCISEIDSRGRNAWSDRIHLYPVCGDTSSALKTELLS

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9FG87
KCS20_ARA

TH
reviewed

3-ketoacyl-CoA synthase 20 

(KCS-20) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 20) (VLCFA condensing 

enzyme 20)

KCS20 

KCS19 

At5g43760 

MQD19.11

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

529

MSHNQNQPHRPVPVHVTNAEPNPNPNNLPNFLLSVRLKYVKLGYHYLISNALYILLLPLLAATIANL

SSFTINDLSLLYNTLRFHFLSATLATALLISLSTAYFTTRPRRVFLLDFSCYKPDPSLICTRETFMDRSQ

RVGIFTEDNLAFQQKILERSGLGQKTYFPEALLRVPPNPCMEEARKEAETVMFGAIDAVLEKTGVK

PKDIGILVVNCSLFNPTPSLSAMIVNKYKLRGNILSYNLGGMGCSAGLISIDLAKQMLQVQPNSYAL

VVSTENITLNWYLGNDRSMLLSNCIFRMGGAAVLLSNRSSDRSRSKYQLIHTVRTHKGADDNAFGC

VYQREDNNAEETGKIGVSLSKNLMAIAGEALKTNITTLGPLVLPMSEQLLFFATLVARKVFKVKKIKP

YIPDFKLAFEHFCIHAGGRAVLDEIEKNLDLSEWHMEPSRMTLNRFGNTSSSSLWYELAYSEAKG

RIKRGDRTWQIAFGSGFKCNSAVWKALRTIDPMDEKTNPWIDEIDDFPVQVPRITPITSS

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9FH27
KCS21_ARA

TH
reviewed

Probable 3-ketoacyl-CoA 

synthase 21 (KCS-21) (EC 

2.3.1.199) (Very long-chain fatty 

acid condensing enzyme 21) 

(VLCFA condensing enzyme 21)

KCS21 

KCS20 

At5g49070 

K20J1.4

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

464

MNQTIHRVSPISMSISELTTLLSSGVSVFEIFAGLLVVHLIYQRIRTRVKVYLLDFTCYRAPDSNRVPM

STLIETIYLDDKLDQESIDFQARILERSWLSNQTSIPRSLMEIPLKKSLSSVKIETMTTIFTSVEDLLRKN

KLSPRSIDILITNCSLHSPSPSLSAMVINKFHMRSNIKSFNLSGMGCAAGILSVNLANDLLQAHRGSL

ALIVSTEALNTHWYIGKDRSMLLTNCLFRMGAAAVLMSSNDHDRDNAKYELLHVVRKNKAKDDRA

YRCIYQDIDSDEKQGVSITKDVISVAGDMLKMNLTSLGPLVLPYLEQFQYVIQHILCKKLKIYESNSS

YTPNFKTAFEHFCIHTGGRAVIQAMEMNLKLTKVDIEPSKMTLHRFGNTSSSSIWYALSYLEAKRR

MKKGDRVLQIAFGSGFKCNSAVWRCIRKVEPNTENKWLDFIDSYPVDVPDSTNIRPG

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9FSC0
ACS2_RUTG

R
reviewed

Acridone synthase 2 (EC 

2.3.1.159) (Acridone synthase II)
ACS2

Ruta 

graveolens 

(Common 

rue)

391

MESLKEMRKAQKSEGPAAILAIGTATPDNVYIQADYPDYYFKITKSEHMTELKDKFKTLCEKSMIRK

RHMCFSQEFLKANPEVCKHMGKSLNARQDIAVVETPRIGKEAAVKAIKEWGHPKSSITHLIFCTSA

GVDMPGADYQLTRMLGLNPSVKRMMIYQQGCYAGGTVLRLAKDLAENNKGSRVLVVCSELTAPT

FRGPSPDAVDSLVGQALFADGAAALVVGADPDTSVERALYYIVSASQMLLPDSDGAIEGHIREEG

LTVHLKKDVPALFSANIDTPLVEAFRPLGISDWNSIFWIAHPGGPAILDQIEVKLGLKEDKLRASKHV

MSEYGNMSSSCVLFVLDEMRNKSLQDGKSTTGEGLDWGVLFGFGPGLTVETVVLRSVPVEA

CATALYTIC ACTIVITY: 3 malonyl-CoA + N-

methylanthraniloyl-CoA = 4 CoA + 1,3-

dihydroxy-N-methylacridone + 3 CO(2).

Q9FSC1
ACS4_RUTG

R
reviewed

Probable acridone synthase 4 

(EC 2.3.1.159) (Acridone 

synthase IV)

ACS4

Ruta 

graveolens 

(Common 

rue)

391

MESLKEMRKAQMSEGPAAILAIGTATPNNVYMQADYPDYYFRMTKSEHMTELKDKFRTLCEKSMI

RKRHMCFSEEFLKANPEVSKHMGKSLNARQDIAVVETPRLGNEAAVKAIKEWGQPKSSITHLIFC

SSAGVDMPGADYQLTRILGLNPSVKRMMVYQQGCYAGGTVLRLAKDLAENNKGSRVLVVCSELT

APTFRGPSPDAVDSLVGQALFADGAAALVVGADPDSSIERALYYLVSASQMLLPDSDGAIEGHIR

EEGLTVHLKKDVPALFSANIDTPLVEAFKPLGISDWNSIFWIAHPGGPAILDQIEEKLGLKEDKLRAS

KHVMSEYGNMSSSCVLFVLDEMRSRSLQDGKSTTGEGLDWGVLFGFGPGLTVETVVLRSVPIEA

CATALYTIC ACTIVITY: 3 malonyl-CoA + N-

methylanthraniloyl-CoA = 4 CoA + 1,3-

dihydroxy-N-methylacridone + 3 CO(2).

Q9FSC2
ACS3_RUTG

R
reviewed

Probable acridone synthase 3 

(EC 2.3.1.159) (Acridone 

synthase III)

ACS3

Ruta 

graveolens 

(Common 

rue)

391

MESLKEMRKAQMSEGPAAILAIGTANPDNVYMQADYPDYYFKMTKSEHMTELKDKFRTLCEKSMI

RKRHMCFSEEFLKANPEVCKHMGKSLNARQDIAVVETPRLGNEAAVKAIKEWGQPKSSITHLIFC

SSAGVDMPGADYQLTRILGLNPSVKRMMIYQQGCYAGGTVLRLAKDLAENNKGSRVLVVCSELTA

PTFRGPSPDAVDSLVGQALFADGAAALVVGADPDSSIERALYYLVSASQMLLPDSDGAIEGHIRE

EGLTVHLKKDVPALFSGNIDTPLVEAFKPLGISDWNSIFWIAHPGGPAILDQIEEKLGLKEDKLRASK

HVMSEYGNMSSSCVLFVLDEMRSRSLQDGKSTTGEGLDWGVLFGFGPGLTVETIVLRSVPIEA

CATALYTIC ACTIVITY: 3 malonyl-CoA + N-

methylanthraniloyl-CoA = 4 CoA + 1,3-

dihydroxy-N-methylacridone + 3 CO(2).

Q9LQP8
KCS3_ARAT

H
reviewed

3-ketoacyl-CoA synthase 3 

(KCS-3) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 3) (VLCFA condensing 

enzyme 3)

KCS3 

At1g07720 

F24B9.18

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

478

MDLLVMLLSLLVSYLIFKIWKRIDSKRDQNCYILDYQCHKPSDDRMVNTQFSGDIILRNKHLRLNEYK

FLLKAIVSSGIGEQTYAPRLFFEGREQRPTLQDGLSEMEEFYIDTIEKVLKRNKISPSEIDILVVNVSM

LNSTPSLSARIINHYKMREDIKVFNLTAMGCSASVISIDIVKNIFKTYKNKLALVVTSESLSPNWYSGN

NRSMILANCLFRSGGCAVLLTNKRSLSRRAMFKLRCLVRTHHGARDDSFNACVQKEDELGHIGVHL

DKTLPKAATRAFIDNLKVITPKILPVTELLRFMLCLLLKKLRSSPSKGSTNVTQAAPKAGVKAGINFKT

GIDHFCIHTGGKAVIDAIGYSLDLNEYDLEPARMTLHRFGNTSASSLWYVLGYMEAKKRLKRGDRV

FMISFGAGFKCNSCVWEVVRDLNVGEAVGNVWNHCINQYPPKSILNPFFEKYGWIHEEEDPDTF

KMPEGFM

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9LZ72
KCS19_ARA

TH
reviewed

3-ketoacyl-CoA synthase 19 

(KCS-19) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 19) (VLCFA condensing 

enzyme 19)

KCS19 

KCS21 

At5g04530 

T32M21.130

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

464

MELFSLSSLLLLSTLFVFYIFKFVFKRRNQRNCYMLHYECYKGMEERKLDTETCAKVVQRNKNLGL

EEYRFLLRTMASSGIGEETYGPRNVLEGREDSPTLLDAHSEMDEIMFDTLDKLFHKTKGSISPSDIDI

LVVNVSLFAPSPSLTSRVINRYKMREDIKSYNLSGLGCSASVISIDIVQRMFETRENALALVVSTETM

GPHWYCGKDRSMMLSNCLFRAGGSSVLLTNAARFKNQALMKLVTVVRAHVGSDDEAYSCCIQM

EDRDGHPGFLLTKYLKKAAARALTKNLQVLLPRVLPVKELIRYAIVRALKRRTSAKREPASSGIGLN

LKTGLQHFCIHPGGRAIIEGVGKSLGLTEFDIEPARMALHRFGNTSSGGLWYVLGYMEAKNRLKKG

EKILMMSMGAGFESNNCVWEVLKDLDDKNVWEDSVDRYPELSRIPNPFVEKYDWINDDTMSFVR

VD

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9MAM3
KCS1_ARAT

H
reviewed

3-ketoacyl-CoA synthase 1 

(KCS-1) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 1) (VLCFA condensing 

enzyme 1)

KCS1 EL1 

At1g01120 

T25K16.11

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

528

MERTNSIEMDRERLTAEMAFRDSSSAVIRIRRRLPDLLTSVKLKYVKLGLHNSCNVTTILFFLIILPLTG

TVLVQLTGLTFDTFSELWSNQAVQLDTATRLTCLVFLSFVLTLYVANRSKPVYLVDFSCYKPEDER

KISVDSFLTMTEENGSFTDDTVQFQQRISNRAGLGDETYLPRGITSTPPKLNMSEARAEAEAVMFG

ALDSLFEKTGIKPAEVGILIVNCSLFNPTPSLSAMIVNHYKMREDIKSYNLGGMGCSAGLISIDLANNL

LKANPNSYAVVVSTENITLNWYFGNDRSMLLCNCIFRMGGAAILLSNRRQDRKKSKYSLVNVVRTH

KGSDDKNYNCVYQKEDERGTIGVSLARELMSVAGDALKTNITTLGPMVLPLSEQLMFLISLVKRKM

FKLKVKPYIPDFKLAFEHFCIHAGGRAVLDEVQKNLDLKDWHMEPSRMTLHRFGNTSSSSLWYE

MAYTEAKGRVKAGDRLWQIAFGSGFKCNSAVWKALRPVSTEEMTGNAWAGSIDQYPVKVVQ

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000269|PubMed:10074711, 

ECO:0000269|PubMed:16765910}.
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Q9SIB2
KCS12_ARA

TH
reviewed

3-ketoacyl-CoA synthase 12 

(KCS-12) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 12) (VLCFA condensing 

enzyme 12)

KCS12 

At2g28630 

T8O18.8

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

476

MDLLFLFFSLLLSYLFFKIWKLIDSKQDKDCYILDYQCHKPTDDRMVSTQFSGEIIYRNQNLGLTEYK

FLLKAIVSSGIGEQTYAPRLVFEGREERPSLQDGISEMEEFYVDSIGKLLERNQISPKDIDILVVNVS

MLSSTPSLASRIINHYKMRDDVKVFNLTGMGCSASLISVDIVKNIFKSYANKLALVATSESLSPNWY

SGNNRSMILANCLFRSGGCAILLTNKRSLRKKAMFKLKCMVRTHHGAREESYNCCIQAEDEQGRV

GFYLGKNLPKAATRAFVENLKVITPKILPVTELIRFMLKLLIKKIKIRQNPSKGSTNLPPGTPLKAGINF

KTGIEHFCIHTGGKAVIDGIGHSLDLNEYDIEPARMTLHRFGNTSASSLWYVLAYMEAKKRLKRGDR

VFMISFGAGFKCNSCVWEVVRDLTGGESKGNVWNHCIDDYPPKSILNPYLEKFGWIQDEDPDTFK

VPDAFM

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9SIX1
KCS9_ARAT

H
reviewed

3-ketoacyl-CoA synthase 9 

(KCS-9) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 9) (VLCFA condensing 

enzyme 9)

KCS9 

At2g16280 

F16F14.22

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

512

MEAANEPVNGGSVQIRTENNERRKLPNFLQSVNMKYVKLGYHYLITHLFKLCLVPLMAVLVTEISR

LTTDDLYQIWLHLQYNLVAFIFLSALAIFGSTVYIMSRPRSVYLVDYSCYLPPESLQVKYQKFMDHS

KLIEDFNESSLEFQRKILERSGLGEETYLPEALHCIPPRPTMMAAREESEQVMFGALDKLFENTKIN

PRDIGVLVVNCSLFNPTPSLSAMIVNKYKLRGNVKSFNLGGMGCSAGVISIDLAKDMLQVHRNTYA

VVVSTENITQNWYFGNKKAMLIPNCLFRVGGSAILLSNKGKDRRRSKYKLVHTVRTHKGAVEKAFN

CVYQEQDDNGKTGVSLSKDLMAIAGEALKANITTLGPLVLPISEQILFFMTLVTKKLFNSKLKPYIPD

FKLAFDHFCIHAGGRAVIDELEKNLQLSQTHVEASRMTLHRFGNTSSSSIWYELAYIEAKGRMKKG

NRVWQIAFGSGFKCNSAVWVALNNVKPSVSSPWEHCIDRYPVKLDF

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9SLX9 VPS_PSINU reviewed

Phloroisovalerophenone 

synthase (Valerophenone 

synthase) (EC 2.3.1.156) (3-

methyl-1-

(trihydroxyphenyl)butan-1-one 

synthase)

VPS

Psilotum 

nudum 

(Whisk fern) 

(Lycopodium 

nudum)

406

MIQNSDSATATLLPRKKERASGPVSVLAIGSANPPNVFHQSLFPDFYFNITQSNHMAEVKAKFTRM

CAKSGIKKRRMHINEDILEAHPSIRSYHDNSLDVRQDMLVEEVPKLGKVAADNAIAEWGQPKSNIT

HLIFCTSSGIDMPGADWALMKLLGLRPTVNRVMVYQQGCFAGCTVLRIAKDLAENNKGSRILVVCS

ELTLISFRGPTEDHPENLVGQALFGDGAAALIVGADPIPHAENASFEIHWARSSVVPDSDDAVTGNI

KENGLVLHLSKTIPDLIGQNIHTLLKDALEEMFDACNPSSFNDLFWVIHPGGPAILDAVEEELNLKSE

RTHASREILSQYGNMVSPGVLFVLDYMRKRSVDERLSTTGEGLEWGVMLGFGPGLTVETLILKSV

PTQAFKYF

CATALYTIC ACTIVITY: Isovaleryl-CoA + 3 

malonyl-CoA = 4 CoA + 3 CO(2) + 3-methyl-

1-(2,4,6-trihydroxyphenyl)butan-1-one.

Q9SS39
KCS14_ARA

TH
reviewed

Probable 3-ketoacyl-CoA 

synthase 14 (KCS-14) (EC 

2.3.1.199) (Very long-chain fatty 

acid condensing enzyme 14) 

(VLCFA condensing enzyme 14)

KCS14 

At3g10280 

F14P13.12

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

459

MFIAMADFKLLLLILILLSLFELDLLHFHHDFFSPFPVKIGLLLISIFFYAYSTTRSKPVYLVDFSCHQPT

DSCKISSETFFNMAKGAQLYTEETIQFMTRILNRSGLGDDTYSPRCMLTSPPTPSMYEARHESELVI

FGALNSLFKKTGIEPREVGIFIVNCSLFNPNPSLSSMIVNRYKLKTDVKTYNLSGISVDLATNLLKANP

NTYAVIVSTENMTLSMYRGNDRSMLVPNCLFRVGGAAVMLSNRSQDRVRSKYELTHIVRTHKGSS

DKHYTCAEQKEDSKGIVGVALSKELTVVAGDTLKTNLTALGPLVLPLSEKLRFILFLVKSKLFRLKVS

PYVPDFKLCFKHFCIHAGGRALLDAVEKGLGLSEFDLEPSRMTLHRFGNTSSSSLWYELAYVEAK

CRVKRGDRVWQLAFGSGFKCNSIVWRALRTIPANESLVGNPWGDSVHKYPVHVT

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9SUY9
KCS15_ARA

TH
reviewed

3-ketoacyl-CoA synthase 15 

(KCS-15) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 15) (VLCFA condensing 

enzyme 15)

KCS15 

At3g52160 

F4F15.270

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

451

MEKEATKMVNGGVKSKSPKGSPDFLGYNLRYVKLGYIYLLSLSRTFCFFLPPLLLLFIFVSRFLPILA

FPLSTFFILLIYHYLTPSSVFLLDFSCYRPPDHLKITKSDFIELAMKSGNFNETAIELQRKVLDQSGIGE

ESYMPRVVFKPGHRVNLRDGREEAAMVIFGAIDELLAATKINVKHIKILVLNCGVLNTTPSLSAMVIN

HYKLRHNTESYNLGGMGCSAGVIAIDLAKDLLNAHQGSYALVVSTEIVSFTWYSGNDVALLPPNCF

FRMGAAAVMLSSRRIDRWRAKYQLMQLVRTHKGMEDTSYKSIELREDRDGKQGLYVSRDVMEV

GRHALKANIATLGRLEPSFEHICVLASSKKVLDDIHKDLKLTEENMEASRRTLERFGNTSSSSIWYE

LAYLEHKAKMKRGDRVWQIGFGSGFKCNSVVWKALKNIDPPRHNNPWNL

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9SYZ0
KCS16_ARA

TH
reviewed

3-ketoacyl-CoA synthase 16 

(KCS-16) (EC 2.3.1.199) (Very 

long-chain fatty acid condensing 

enzyme 16) (VLCFA condensing 

enzyme 16)

KCS16 EL2 

At4g34250 

F10M10.20

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

493

MDYPMKKVKIFFNYLMAHRFKLCFLPLMVAIAVEASRLSTQDLQNFYLYLQNNHTSLTMFFLYLAL

GSTLYLMTRPKPVYLVDFSCYLPPSHLKASTQRIMQHVRLVREAGAWKQESDYLMDFCEKILERS

GLGQETYVPEGLQTLPLQQNLAVSRIETEEVIIGAVDNLFRNTGISPSDIGILVVNSSTFNPTPSLSSIL

VNKFKLRDNIKSLNLGGMGCSAGVIAIDAAKSLLQVHRNTYALVVSTENITQNLYMGNNKSMLVTNC

LFRIGGAAILLSNRSIDRKRAKYELVHTVRVHTGADDRSYECATQEEDEDGIVGVSLSKNLPMVAA

RTLKINIATLGPLVLPISEKFHFFVRFVKKKFLNPKLKHYIPDFKLAFEHFCIHAGGRALIDEMEKNLHL

TPLDVEASRMTLHRFGNTSSSSIWYELAYTEAKGRMTKGDRIWQIALGSGFKCNSSVWVALRNVK

PSTNNPWEQCLHKYPVEIDIDLKE

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

Q9XF43
KCS6_ARAT

H
reviewed

3-ketoacyl-CoA synthase 6 

(KCS-6) (EC 2.3.1.199) 

(Cuticular protein 1) (Eceriferum 

6) (Very long-chain fatty acid 

condensing enzyme 6) (VLCFA 

condensing enzyme 6)

CUT1 CER6 

EL6 KCS6 

At1g68530 

T26J14.10

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

497

MPQAPMPEFSSSVKLKYVKLGYQYLVNHFLSFLLIPIMAIVAVELLRMGPEEILNVWNSLQFDLVQ

VLCSSFFVIFISTVYFMSKPRTIYLVDYSCYKPPVTCRVPFATFMEHSRLILKDKPKSVEFQMRILER

SGLGEETCLPPAIHYIPPTPTMDAARSEAQMVIFEAMDDLFKKTGLKPKDVDILIVNCSLFSPTPSLS

AMVINKYKLRSNIKSFNLSGMGCSAGLISVDLARDLLQVHPNSNAIIVSTEIITPNYYQGNERAMLLP

NCLFRMGAAAIHMSNRRSDRWRAKYKLSHLVRTHRGADDKSFYCVYEQEDKEGHVGINLSKDLM

AIAGEALKANITTIGPLVLPASEQLLFLTSLIGRKIFNPKWKPYIPDFKLAFEHFCIHAGGRAVIDELQK

NLQLSGEHVEASRMTLHRFGNTSSSSLWYELSYIESKGRMRRGDRVWQIAFGSGFKCNSAVWK

CNRTIKTPKDGPWSDCIDRYPVFIPEVVKL

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000269|PubMed:10330468}.

Q9ZUZ0
KCS13_ARA

TH
reviewed

3-ketoacyl-CoA synthase 13 

(KCS-13) (EC 2.3.1.199) 

(Protein HIGH CARBON 

DIOXIDE) (Very long-chain fatty 

acid condensing enzyme 13) 

(VLCFA condensing enzyme 13)

HIC KCS13 

At2g46720 

T3A4.10

Arabidopsis 

thaliana 

(Mouse-ear 

cress)

466

MFIAMADFKILLLILILISLFELDLLHFHHDFFSPFPVKIGLLLISIFFYAYSTTRSKPVYLVDFSCHQPTD

SCKISSETFFNMAKGAQLYTDETIQFMTRILNRSGLGDDTYSPRCMLTSPPTPSMYEARHESELVIF

GALNSLFKKTGIEPREVGIFIVNCSLFNPNPSLSSMIVNRYKLKTDVKTYNLSGMGCSAGAISVDLAT

NLLKANPNTYAVIVSTENMTLSMYRGNDRSMLVPNCLFRVGGAAVMLSNRSQDRVRSKYELTHIV

RTHKGSSDKHYTCAEQKEDSKGIVGVALSKELTVVAGDSLKTNLTALGPLVLPLSEKLRFILFLVKS

KLFRLKVSPYVPDFKLCFKHFCIHAGGRALLDAVEKGLGLSEFDLEPSRMTLHRFGNTSSSSLWY

ELAYVEAKCRVKRGDRVWQLAFGSGFKCNSIVWRALRTIPANESLVGNPWGDSVHKYPVHVT

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

C4MBZ5
PKS3_ALOA

R
reviewed

Aloesone synthase (EC 2.3.1.-) 

(Polyketide synthase 3)
PKS3

Aloe 

arborescens 

(Kidachi aloe)

403

MGSLSDSTPLMKDVQGIRKAQKADGTATVMAIGTAHPPHIISQDSYADFYFRVTNSEHKVELKKKF

DRICKKTMIGKRYFNFDEEFLKKYPNITSFDKPSLNDRHDICIPGVPALGAEAAVKAIEEWGRPKSEI

THLVFCTSGGVDMPSADFQCAKLLGLRTNVNKYCIYMQGCYAGGTVMRYAKDLAENNRGARVLM

VCAELTIIALRGPNDSHIDNAIGNSLFGDGAAALIVGSDPIIGVEKPMFEIVCAKQTVIPNSEEVIHLHL

RESGLMFYMTKDSAATISNNIEACLVDVFKSVGMTPPEDWNSLFWIPHPGGRAILDQVEAKLKLR

PEKFSATRTVLWDYGNMISACVLYILDEMRRKSAAEGLETYGEGLEWGVLLGFGPGMTIETILLHS

LPPV

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

C4NF90
PKS4_ALOA

R
reviewed

Octaketide synthase 2 (OKS 2) 

(EC 2.3.1.-) (Polyketide 

synthase 4)

PKS4

Aloe 

arborescens 

(Kidachi aloe)

403

MGSLSNYSPVMEDVQAIRKAQKADGTATVMAIGTAHPPHIFPQDTYADFYFRATNSEHKVELKKK

FDRICKKTMIGKRYFNYDEEFLKKYPNITSFDEPSLNDRQDICVPGVPALGAEAAVKAIAEWGRPK

SEITHLVFCTSCGVDMPSADFQCAKLLGLRTNVNKYCVYMQGCYAGGTVMRYAKDLAENNRGAR

VLVVCAELTIIGLRGPNESHLDNAIGNSLFGDGAAALIVGSDPIIGVERPMFEIVCAKQTVIPNSEDVI

HLHMREAGLMFYMSKDSPETISNNVEACLVDVFKSVGMTPPEDWNSLFWIPHPGGRAILDQVEA

RLKLRPEKFGATRTVLWDCGNMVSACVLYILDEMRRKSVADGLATYGEGLEWGVLLGFGPGMTV

ETILLHSLPPV

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

C4NF91
PKS5_ALOA

R
reviewed

Octaketide synthase 3 (OKS 3) 

(EC 2.3.1.-) (Polyketide 

synthase 5)

PKS5

Aloe 

arborescens 

(Kidachi aloe)

405

MGSIAESSPLMSRENVEGIRKAQRAEGTATVMAIGTAHPPHIFPQDTYADFYFRATNSEHKVELKK

KFDRICKKTMIGKRYFNYDEEFLKKYPNITSFDEPSLNDRQDICVPGVPALGKEAALKAIEEWGQPL

SKITHLVFCTSCGVDMPSADFQLAKLLGLNTNVNKYCVYMQGCYAGGTVLRYAKDLAENNRGSRV

LVVCAELTIIGLRGPNESHLDNAIGNSLFGDGAAALIVGADPIVGIEKPIFEIVCAKQTVIPDSEDVIHLH

LREAGLMFYMSKDSPETISNNVEGCLVDIFKSVGMTPPADWNSLFWIPHPGGRAILDEVEARLKL

RPEKFRATRHVLWEYGNMVSACVLYILDEMRNKSAADGLGTYGEGLEWGVLLGFGPGMTVETIL

LHSLPPV

CATALYTIC ACTIVITY: A very-long-chain 

acyl-CoA + malonyl-CoA = CoA + a very-long-

chain 3-oxoacyl-CoA + CO(2). 

{ECO:0000305}.

A2ICC6 THS7_VITVI reviewed

Stilbene synthase 6 (EC 

2.3.1.95) (Resveratrol synthase 

6) (Trihydroxystilbene synthase 

6) (StSy 6)

STS 

GSVIVT0000

9216001 

LOC1002429

94

Vitis vinifera 

(Grape)
392

MASVEEFRNAQRAKGPATILAIGTATPDHCVYQSDYADYYFRVTKSEHMTELKKKFNRICDKSMIK

KRYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITAEVPRLGRDAALKALKEWGQPKSKITHLVFCTTSG

VEMPGADYKLANLLGLETSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFR

GPSEDALDSLVGQALFGDGSSAVIVGSDPDVSIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTF

HLWPNVPTLISENIEKCLTQAFDPLGISDWNSLFWIAHPGGPAILDAVEAKLNLEKKKLEATRHVLS

EYGNMSSACVLFILDEMRKKSLKGENATTGEGLDWGVLFGFGPGLTIETVVLHSIPTVTN

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).

A5AEM3 THS4_VITVI reviewed

Stilbene synthase 4 (EC 

2.3.1.95) (Resveratrol synthase 

4) (Trihydroxystilbene synthase 

4) (StSy 4)

GSVIVT0000

5194001 

LOC1002418

91 

VITISV_0313

76

Vitis vinifera 

(Grape)
392

MASVEEIRNAQRAKGPATVLAIGTATPDNCLYQSDFADYYFRVTKSEHMTELKKKFNRICDKSMIK

KRYIHLTEEMLEEHPNIGAYMAPSLNIRQEIITAEVPKLGKEAALKALKEWGQPKSKITHLVFCTTSG

VEMPGADYKLANLLGLEPSVRRVMLYHQGCYAGGTVLRTAKDLAENNAGARVLVVCSEITVVTFR

GPSEDALDSLVGQALFGDGSAAVIVGSDPDISIERPLFQLVSAAQTFIPNSAGAIAGNLREVGLTFH

LWPNVPTLISENIENCLTKAFDPIGISDWNSLFWIAHPGGPAILDAVEAKVGLDKQKLKATRHILSEY

GNMSSACVLFILDEMRKKSLKEGKTTTGEGLDWGVLFGFGPGLTIETVVLHSVGTDSN

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + trans-resveratrol + 

4 CO(2).
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Entry Entry_name Status Protein_names Gene_names Organism Length Pathway Catalytic_activity Amino_Acid_Sequence

P24825 CHS2_MAIZE reviewed

Chalcone synthase 

C2 (EC 2.3.1.74) 

(Naringenin-chalcone 

synthase C2)

C2 Zea mays (Maize) 400

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MAGATVTVEEVRKAQRATGPATVLAIGTATPANCVYQADYPDYYFRITKSEHLTDLKEKF

KRMCDKSMIRKRYMHLTEEFLAENPSMCAYMAPSLDARQDVVVVEVPKLGKAAAQKAIKE

WGQPKSRITHLVFCTTSGVDMPGADYQLTKALGLRPSVNRLMMYQQGCFAGGTVLRVAKD

LAENNRGARVLVVCSEITAVTFRGPSESHLDSLVGQALFGDGAAAVVVGADPDDRVERPL

FQLVSAAQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIGRALDDAFKPLGISDWN

SIFWVAHPGGPAILDQVEAKVGLDKARMRATRHVLSEYGNMSSACVLFILDEMRKRSAED

GQATTGEGLDWGVLFGFGPGLTVETVVLHSVPITTGAATA

P30074 CHS2_MEDSA reviewed

Chalcone synthase 2 

(EC 2.3.1.74) 

(Naringenin-chalcone 

synthase 2)

CHS2
Medicago sativa 

(Alfalfa)
389

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MVSVSEIRKAQRAEGPATILAIGTANPANCVEQSTYPDFYFKITNSEHKTELKEKFQRMC

DKSMIKRRYMYLTEEILKENPNVCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIVCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPVPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNITKALVEAFEPLGISDYNSIFW

IAHPGGPAILDQVEQKLALKPEKMNATREVLSEYGNMSSACVLFILDEMRKKSTQNGLKT

TGEGLEWGVLFGFGPGLTIETVVLRSVAI

P13114 CHSY_ARATH reviewed

Chalcone synthase 

(EC 2.3.1.74) 

(Naringenin-chalcone 

synthase) (Protein 

TRANSPARENT 

TESTA 4)

CHS TT4 At5g13930 

MAC12.11 MAC12.14

Arabidopsis thaliana 

(Mouse-ear cress)
395

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MVMAGASSLDEIRQAQRADGPAGILAIGTANPENHVLQAEYPDYYFRITNSEHMTDLKEK

FKRMCDKSTIRKRHMHLTEEFLKENPHMCAYMAPSLDTRQDIVVVEVPKLGKEAAVKAIK

EWGQPKSKITHVVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRIAK

DLAENNRGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFSDGAAALIVGSDPDTSVGEK

PIFEMVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIVKSLDEAFKPLGISD

WNSLFWIAHPGGPAILDQVEIKLGLKEEKMRATRHVLSEYGNMSSACVLFILDEMRRKSA

KDGVATTGEGLEWGVLFGFGPGLTVETVVLHSVPL

Q9FUB7 CHSY_HYPAN reviewed

Chalcone synthase 

(EC 2.3.1.74) 

(Naringenin-chalcone 

synthase)

CHS

Hypericum 

androsaemum 

(Tutsan)

390

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023, 

ECO:0000269|PubMed:12795704}.

MVTVEEVRKAQRAEGPATVMAIGTAVPPNCVDQATYPDYYFRITNSEHKAELKEKFQRMC

DKSQIKKRYMYLNEEVLKENPNMCAYMAPSLDARQDIVVVEVPKLGKEAAVKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPTDTHLDSLVGQALFGDGAAAIIIGSDPIPEVEKPLFELV

SAAQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNVEKSLTEAFKPLGISDWNSLFW

IAHPGGPAILDQVEAKLSLKPEKLRATRHVLSEYGNMSSACVLFILDEMRRKSKEDGLKT

TGEGIEWGVLFGFGPGLTVETVVLHSVAIN

Q9AU11 PKS1_RUBID reviewed

Polyketide synthase 

1 (RiPKS1) (EC 

2.3.1.74) (Naringenin-

chalcone synthase 

PKS1)

PKS1
Rubus idaeus 

(Raspberry)
391

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023, 

ECO:0000269|PubMed:11437245}.

MVTVDEVRKAQRAEGPATILAIGTATPPNCVDQSTYPDYYFRITKSEHKTELKEKFQRMC

DKSMIKKRYMYLTEEILKENPSMCEYMAPSLDARQDMVVVEIPKLGKEAATKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAIIVGSDPLPDIERPLFELV

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLNEAFKPLDITDWNSLFW

IAHPGGPAILDQVEAKLGLKPEKLEATRNILSEYGNMSSACVLFILDEVRRKSVANGHKT

TGEGLEWGVLFGFGPGLTVETVVLHSVAAST

Q8RVK9 CHS_CANSA reviewed

Naringenin-chalcone 

synthase (EC 

2.3.1.74)

CHS CAN1069
Cannabis sativa 

(Hemp) (Marijuana)
389

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023, 

ECO:0000269|PubMed:15120113, 

ECO:0000269|PubMed:19581347}.

MVTVEEFRKAQRAEGPATIMAIGTATPANCVLQSEYPDYYFRITNSEHKTELKEKFKRMC

DKSMIRKRYMHLTEEILKENPNLCAYEAPSLDARQDMVVVEVPKLGKEAATKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPNDTHLDSLVGQALFGDGSAALIVGSDPIPEVEKPIFELV

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLNEAFKPLGISDWNSLFW

IAHPGGPAILDQVESKLALKTEKLRATRHVLSEYGNMSSACVLFILDEMRRKCVEDGLNT

TGEGLEWGVLFGFGPGLTVETVVLHSVAI

P13417 CHS3_SINAL reviewed

Chalcone synthase 3 

(EC 2.3.1.74) 

(Naringenin-chalcone 

synthase 3)

CHS3

Sinapis alba (White 

mustard) (Brassica 

hirta)

395

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MVMGTPSSLDEIRKAQRADGPAGILAIGTANPANHVIQAEYPDYYFRITNSEHMTDLKEK

FKRMCDKSTIRKRHMHLTEEFLKDNPNMCAYMAPSLDARQDIVVVEVPKLGKEAAVKAIK

EWGQPKSKITHVVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAK

DLAENNRGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFSDGAAAIIVGSDPDTSVGEK

PIFEMVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLDEAFKPLGISD

WNSLFWIAHPGGPAILDDVEKKLGLKAEKMRATRHVLSEYGNMSSACVLFILDEMRRKSK

EDGVATTGEGLEWGVLFGFGPGLTVETVVLHSVPV

A2ZEX7 CHS1_ORYSI reviewed

Chalcone synthase 1 

(OsCHS1) (EC 

2.3.1.74) (Naregenin-

chalcone synthase)

CHS1 CHS 

OsI_035120

Oryza sativa subsp. 

indica (Rice)
398

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MAAAVTVEEVRRAQRAEGPATVLAIGTATPANCVYQADYPDYYFRITKSEHMVELKEKFK

RMCDKSQIRKRYMHLTEEILQENPNMCAYMAPSLDARQDIVVVEVPKLGKAAAQKAIKEW

GQPRSRITHLVFCTTSGVDMPGADYQLAKMLGLRPNVSRLMMYQQGCFAGGTVLRVAKDL

AENNRGARVLAVCSEITAVTFRGPSESHLDSMVGQALFGDGAAAVIVGSDPDEAVERPLF

QMVSASQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIERALGDAFTPLGISDWNS

IFWVAHPGGPAILDQVEAKVGLDKERMRATRHVLSEYGNMSSACVLFILDEMRKRSAEDG

HATTGEGMDWGVLFGFGPGLTVETVVLHSVPITAGAAA

Q2R3A1 CHS1_ORYSJ reviewed

Chalcone synthase 1 

(OsCHS1) (EC 

2.3.1.74) (Naregenin-

chalcone synthase)

CHS1 CHS 

Os11g0530600 

LOC_Os11g32650 

OsJ_032788

Oryza sativa subsp. 

japonica (Rice)
398

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MAAAVTVEEVRRAQRAEGPATVLAIGTATPANCVYQADYPDYYFRITKSEHMVELKEKFK

RMCDKSQIRKRYMHLTEEILQENPNMCAYMAPSLDARQDIVVVEVPKLGKAAAQKAIKEW

GQPRSRITHLVFCTTSGVDMPGADYQLAKMLGLRPNVNRLMMYQQGCFAGGTVLRVAKDL

AENNRGARVLAVCSEITAVTFRGPSESHLDSMVGQALFGDGAAAVIVGSDPDEAVERPLF

QMVSASQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIERALGDAFTPLGISDWNS

IFWVAHPGGPAILDQVEAKVGLDKERMRATRHVLSEYGNMSSACVLFILDEMRKRSAEDG

HATTGEGMDWGVLFGFGPGLTVETVVLHSVPITAGAAA

B0LDU6 PKS5_RUBID reviewed

Polyketide synthase 

5 (RiPKS5) (EC 

2.3.1.74) (Naringenin-

chalcone synthase 

PKS5)

PKS5
Rubus idaeus 

(Raspberry)
391

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023, 

ECO:0000269|PubMed:18068110}.

MVTVDEVRKAQRAEGPATVLAIGTATPPNCIDQSTYPDYYFRITNSEHKTELKEKFQRMC

DKSMIKKRYMYLTEEILKENPSMCEYMAPSLDARQDMVVVEIPKLGKEAATKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NRGARVLVVCSEIXAVTFRGPSDTHLDSLVGQALFGDGAAAIIVGADPLPKIERPLFELV

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLNEAFKPLDITDWNSLFW

IAHPGGPAILDQVETKLGLKPEKLEATRHILSEYGNMSSACVLFILDEVRRKSATNGLKT

TGEGLEWGVLFGFGPGLTVETVVLHSVGVTA

P30075 CHS4_MEDSA reviewed

Chalcone synthase 4 

(EC 2.3.1.74) (CHS12-

1) (Naringenin-

chalcone synthase 4)

CHS4
Medicago sativa 

(Alfalfa)
389

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MVSVSEIRKAQRAEGPATILAIGTANPANCVEQSTYPDFYFKITNSEHKTELKEKFQRMC

DKSMIKRRYMYLTEEILKENPSVCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIVCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPVPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNIDKALVEAFQPLGISDYNSIFW

IAHPGGPAILDQVEQKLALKPEKMRATREVLSEYGNMSSACVLFILDEMRKKSTQDGLKT

TGEGLEWGVLFGFGPGLTIETVVLRSVAI

P51078 CHS5_MEDSA reviewed

Chalcone synthase 4-

2 (EC 2.3.1.74) 

(Naringenin-chalcone 

synthase 4-2)

CHS4-2 CHSI
Medicago sativa 

(Alfalfa)
389

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MVSVSEIRNAQRAEGPATTLAIGTANPTNCVEQSTYPDFYFKITNSEHKTELKEKFQRMC

DKSMIKRRYMYLTEEILKENPSVCEIMAPSLDAWQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIVCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPVPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNINKALVEAFEPLGISDYNSIFW

IAHPGGPAILDQVEQKLALKPEKMKATREVLSEYGNMSSACVLFILDEMRKKSAQDGLKT

TGEGLEWGVLFGFGPGLTIETVVLRSVAI

P17818 CHSY_MATIN reviewed

Chalcone synthase 

(EC 2.3.1.74) 

(Naringenin-chalcone 

synthase)

CHS

Matthiola incana 

(Common stock) 

(Cheiranthus incanus)

394

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MVMGATSLDEIRKAQRADGPAGILGIGTANPANHVIQAEYPDYYFRITNSEHMTDLKEKF

QRMCDKSMIRKRHMHLTEDFLKENPNMCAYMAPSLDARQDIVVVEVPKLGKEAAVRAIKE

WGQPKSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKD

LAENNRGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFSDGAAALIVGSDPDTSVGEKP

IFEMVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLEEAFKPLGISDW

NSLFWIAHPGGPAILDQVEIKLGLKAEKMRATRHVLSEYGNMSSACVLFILDEMRKKSAQ

DGVATTGEGLEWGVLFGFGPGLTVETVVLRSVPL

P13416 CHS1_SINAL reviewed

Chalcone synthase 1 

(EC 2.3.1.74) 

(Naringenin-chalcone 

synthase 1)

CHS1

Sinapis alba (White 

mustard) (Brassica 

hirta)

395

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MVMGTPSSLDEIRKAQRADGPAGILAIGTANPANHVIQAEYPDYYFRITNSEHMTDLKEK

FKRMCDKSTIRKRHMHLTEEFLKDNPNMCAYMAPSLDARQDIVVVEVPKLGKEAAVKAIK

EWGQPKSKITHVVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAK

DLAENNRGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFSDGAAALIVGSDADISAGEK

PIFEMVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLDEAFKPLGISD

WNSLFWIAHPGGPAILDDVEKKLGLKAEKMRATRHVLSEYGNMSSACVLFILDEMRRKSV

EDGVATTGEGLEWGVLFGFGPGLTVETVVLHSVPV

Q9SEP2 CHSY_CARAN reviewed

Chalcone synthase 

(EC 2.3.1.74) 

(Naringenin-chalcone 

synthase)

CHS
Cardamine amara 

(Large bitter-cress)
395

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MVMGDTPSLDEIRKAQRADGPAGILAIGTANPANYVIQAEYPDYYFRITNSEHMTDLKEK

FKRMCDKSTIRKRHMHVTEEFLKENPNMCAYMAPSLDARQDIVVVEVPKLGKEAAVKAIK

EWGQPKSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAK

DLAENNRGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFSDGAAALIVGSDPDTSVGEK

PIFEMVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLDEAFKPLGISD

WNSLFWIAHPGGPAILDQVEIKLGLKEEKMRATRHVMREYGNMSSACVLFILDEMRKKSA

KDGVATTGEGLEWGVLFGFGPGLTVETVVLHSVPL

Q9AU09 PKS3_RUBID reviewed

Polyketide synthase 

3 (RiPKS3) (EC 

2.3.1.74) (Naringenin-

chalcone synthase 

PKS3)

PKS3
Rubus idaeus 

(Raspberry)
391

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023, 

ECO:0000269|PubMed:11437245}.

MVTVDEVRKAQRAEGPATILAIGTATPPNCVDQSTYPDYYFRITKSEHRTELKEKFQRMC

DKSRIKKRYMYLTEEILKENPSMCEYMAPSLDARQDMVVVEIPKLGKEAATKAIKEWGQL

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLAVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAIIVGSDPLPDIERPLFELV

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLNEAFKPLDITDWNSLFW

IAHPGGPAILDQVEAKLGLKPEKLEATRNILSEYGNMSSACVLFILDEVRRKSVANGHKT

TGEGLEWGVLFGFGPGLTVETVVLHSVAAST

Q8H4L3 CHS2_ORYSJ reviewed

Chalcone synthase 2 

(OsCHS2) (EC 

2.3.1.74) (Naregenin-

chalcone synthase)

CHS2 Os07g0214900 

LOC_Os07g11440 

OJ1116_C08.125

Oryza sativa subsp. 

japonica (Rice)
403

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MVTSTVKLEEVRRMQRAEGMAAVLAIGTATPANCVYQTDYPDYYFRVTNSEHLTNLKERF

QRMCESSQIRKRYTHLTEEILQENPSMCVFTAPSLDARQDMVVAEVPKLGKAAAEEAIKE

WGQPMSRITHLVFCTTNGVDMPGADYQVAKMLGLPTSVKRLMMYQQGCFAGGTVLRVAKD

LAENNRGARVLVVCSEIMAMAFRGPSESHLDSLVGHALFGDGAAAVIVGSDPDEAADERP

LFQIVSASQTILPGTEDAIVGHLREVGLTFHLPKDVPEFISDSVEGALTDAFMPLGVHDW

NSIFWVVHPGGPAILDQVEEKVALHKARMRASRNVLSEYGNMASATVLFVLDEMRKLSAD

DGHATTGEGMDWGVLFGFGPGLTVETIVLHSVPITAAAPLIMQ

P51090 CHSY_VITVI reviewed

Chalcone synthase 

(EC 2.3.1.74) 

(Naringenin-chalcone 

synthase)

CHS Vitis vinifera (Grape) 393

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MVSVAEIRKAQRAEGPATVLAIGTATPANCVYQADYPDYYFRITNSEHMTELKEKFKRMC

EKSMINKRYMHLTEEILKENPNVCAYMAPSLDARQDMVVVEVPKLGKEAAAKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLKPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NAGSRVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAVIIGADPDTKIELPLFELV

SAAQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLVEAFTPIGISDWNSLFW

IAHPGGPAILDQVELKLGLKEEKLRATRHVLSEYGNMSSACVLFILDEMRKKSIEEGKGS

TGEGLEWGVLFGFGPGLTVETVVLHSVSAPAAH

Q96562 CHS2_HORVU reviewed

Chalcone synthase 2 

(EC 2.3.1.74) 

(Naringenin-chalcone 

synthase 2)

CHS2
Hordeum vulgare 

(Barley)
399

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MAAVRLKEVRMAQRAEGLATVLAIGTAVPANCVYQATYPDYYFRVTKSEHLADLKEKFQR

MCDKSMIRKRHMHLTEEILIKNPKICAHMETSLDARHAIALVEVPKLGQGAAEKAIKEWG

QPLSKITHLVFCTTSGVDMPGADYQLTKLLGLSPTVKRLMMYQQGCFGGATVLRLAKDIA

ENNRGARVLVVCSEITAMAFRGPCKSHLDSLVGHALFGDGAAAAIIGADPDQLDEQPVFQ

LVSASQTILPESEGAIDGHLTEAGLTIHLLKDVPGLISENIEQALEDAFEPLGIHNWNSI

FWIAHPGGPAILDRVEDRVGLDKKRMRASREVLSEYGNMSSASVLFVLDVMRKSSAKDGL

ATTGEGKDWGVLFGFGPGLTVETLVLHSVPVPVPTAASA

P51077 CHS3_MEDSA reviewed

Chalcone synthase 4-

1 (EC 2.3.1.74) 

(Naringenin-chalcone 

synthase 4-1)

CHS4-1
Medicago sativa 

(Alfalfa)
389

PATHWAY: 

Secondary metabolite 

biosynthesis; 

flavonoid 

biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-

coumaroyl-CoA = 4 CoA + naringenin 

chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-

ProRule:PRU10023}.

MVSVSEIRQAQRAEGPATIMAIGTANPSNCVEQSTYPDFYFKITNSEHKVELKEKFQRMC

DKSMIKRRYMYLTEEILKENPSVCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPIPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLVEAGLTFHLLKDVPGIVSKNIDKALIEAFQPLNISDYNSIFW

IAHPGGPAILDQVEEKLGLKPEKMKATREVLSEYGNMSSACVLFILDEMRKKSAQAGLKT

TGEGLDWGVLFGFGPGLTIETVVLHSVAI

http://etd.uwc.ac.za/
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P51075 CHSY_BETPN review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS

Betula pendula (European 

w hite birch) (Betula 

verrucosa)

395

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MASVEEIRKAQRAHGPATVLAIGTATPSNCITQADYPDYYFRITKSDHMTELKEKFKRMC

DKSMIKKRYMYLNEEILNENPNMCAYMAPSLDARQTIVVVEVPKLGKEAATKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPTDTHLDSLVGQALFGDGAAAVIVGADPDTSVERPLFELI

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGIISKNIEKSLAEAFAPLGISDWNSLFW

IAHPGGPAILDQVESKLGLKEEKLRATRHVLSEYGNMSSACVLFILDEMRRNSLEGGKVT

TGEGLEWGVLFGFGPGLTVETVVLHSVPVPVEASH

P49440 CHSY_PHAVU review ed

Chalcone synthase 17 

(EC 2.3.1.74) (Naringenin-

chalcone synthase 17)

CHS17

Phaseolus vulgaris 

(Kidney bean) (French 

bean)

389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVSEIRQAQRAEGPATILAIGTATPSNCVDQSTYPDYYFRITNSEHMTDLKEKFQRMC

DKSMIKKRYMHLNEEILKENPNMCAYMAPSLDARQDIVVVEVPKLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAVIVGSDPIPQIEKPLFELV

WTAQTIAPDSDGAIDGHLREVGLTFHLLKDVPGIVSKNIGKALFEAFNPLNISDYNSIFW

IAHPGGPAILDQVEQKLGLKPEKMKATRDVLSDYGNMSGACVLFILDEMRRKSAEKGLKT

TGEGLEWGVLFGFGPGLTIETVVLHSVAI

P22924 CHSB_PETHY review ed

Chalcone synthase B (EC 

2.3.1.74) (Naringenin-

chalcone synthase B)

CHSB Petunia hybrida (Petunia) 392

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MKVENGQLQGWWAQRAEGPAKILAIGTATPFHWVDQNSYPDYYFRVTNSQHLVDLKEKFR

RICSKTMIKKRHMFLTEELLRKNPTLCSHNEPSLDIRQDILVSEIPKLGKEAALKAIGEW

GQPKSTITHLVFCTRSGVDMPGADCQLVKLLGLSPSVQRLMMYQQGCFAGGTMLRLAKDL

AENNKGARVLVVCAESSAIGFRGPSEANVDNLIAQALFGDGAAALIIGSDPKPGLERPVF

EIFSAAQTFVPNGDCHLALHLREMGLTFHCTKDVPPTIAKNVESCLIKAFEPLGISDWNS

LFWILHPGGNAIVDQVESTLGLGPEKLRATRNILSEYGNLSSACCLFILDEIRKKSAREG

MRTSGDGLDLGVLLSFGPGLTIETVVLRSVPI

P51088 CHS6_TRISU review ed

Chalcone synthase 6 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 6)

CHS6
Trifolium subterraneum 

(Subterranean clover)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVAEIRKAQRAEGPATILAIGTANPANKVEQATYPDFYFKITNSEHKTELKEKFQRMC

DKSMIKSRYMYLTEEILKENPSLCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPVPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNIDKALVEAFQPLNISDYNSIFW

IAHPGGPAILDQVEQKLALKPEKMKATRDVLSEYGNMSSACVLFILDEMRKKSAQNGLKT

TGEGLDWGVLFGFGPGLTIETVVLHSVAI

P08894 CHSA_PETHY review ed

Chalcone synthase A (EC 

2.3.1.74) (Naringenin-

chalcone synthase A)

CHSA Petunia hybrida (Petunia) 389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEYRKAQRAEGPATVMAIGTATPTNCVDQSTYPDYYFRITNSEHKTDLKEKFKRMC

EKSMIKKRYMHLTEEILKENPSMCEYMAPSLDARQDIVVVEVPKLGKEAAQKAIKEWGQP

KSKITHLVFCTTSGVDMPGCDYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPNDTHLDSLVGQALFGDGAGAIIIGSDPIPGVERPLFELV

SAAQTLLPDSHGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLEEAFKPLGISDWNSLFW

IAHPGGPAILDQVEIKLGLKPEKLKATRNVLSDYGNMSSACVLFILDEMRKASAKEGLGT

TGEGLEWGVLFGFGPGLTVETVVLHSVAT

P22926 CHSF_PETHY review ed

Chalcone synthase F (EC 

2.3.1.74) (Naringenin-

chalcone synthase F)

CHSF Petunia hybrida (Petunia) 389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVEEVRRAQRREGPATILAIGTATPLNCVDQTTYPDYFFRVTNSDHKTELKEKFKRMF

ERSMIKKSYLHLTEEILKENPSICEHKAPSFDARQDIVVVEVPKLGKEAAQNAIKEWGQP

KSKITHLVFCTTTGVDMHGADYQLTKLLGLSPSVKRLMMYQLGCYGGGTVLRLAKDLAEN

NKGARALVVCSEITAITFHAPSDTDLDVLVGQALFGDGAASVIIGSDPNLEVEKPLFELV

SAAQTLVPDCGHKIYGKTSDVGLTFHLHKDVPRLVSQNIEKSLVEVFQPLGIFDWNSIFW

VGHAGGREILDQVELKLGLKPEKLNVTRHVMSEYGNMASACVLFVLDEMRKTSTKEGFGT

NVEGLEWGVLCSFGPGLTIETIVLHSVSI

P22927 CHSG_PETHY review ed

Chalcone synthase G (EC 

2.3.1.74) (Naringenin-

chalcone synthase G)

CHSG Petunia hybrida (Petunia) 393

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MATVEEIRKAQRAEGPATVLAIGTANPSNCVDQSAYPDFLFRITTSDHKTELKEKFKHMC

EGSMIKKRYLHLTEEILKNNPNICEHKAPSLNARQEIAVAEAPKLGKRAAQKAIEEWSQS

KSKITHLVFCTTTSVELPGADYQLTKLLGLSPSVKRSMMYQQGCYGGGTALRLAKDLAEN

NKGARVLVVCVEITVMSFQAPSRNDTDELDVLVGQALFADGASAVIIGSDPILAIEKPLF

ELVFATQTLIPDSGHVICANLTEAGLIPHLLKDAPIVISQNIERRLVEVFKPLGISDWNS

IFWVAHPGGPAILNQIELKLGLKPEKLRAARHVLSEYGNMSSACVLFVLDEMRKGTIEKG

MGTTGEGLEWGLLFGFGPGLTIETVVLHSVSIN

P51085 CHS3_TRISU review ed

Chalcone synthase 3 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 3)

CHS3
Trifolium subterraneum 

(Subterranean clover)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVSEIRQAQRAEGPATILAIGTANPANKVEQATYPDFYFKITNSEHKVELKEKFQRMC

DKSMIKSRYMYLTEEILKENPSLCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPVPEIEKPIFVMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNIDKALVEAFQPLGISDYNSIFW

IAHPGGPAILDQVEQKLALKPEKMKATREVLSEYGNMSSACVLFILDEMRKKSTKDGLKT

TGEGLDWGVLFGFGPGLTIETVVLHSVAI

P51079 CHS6_MEDSA review ed

Chalcone synthase 6-4 

(EC 2.3.1.74) (Naringenin-

chalcone synthase 6-4) 

(Fragment)

CHS6-4 Medicago sativa (Alfalfa) 285

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

LGKEAAVKAIKEWGQPKSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGC

FAGGTVLRLAKDLAENNKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIV

GSDPIPEIEKPIFEMVWTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNIDKALV

EAFQPLNISDYNSIFWIAHPGGPAILDQVEQKLGLKPEKMKATREVLSEYGNMSSACVLF

ILDEMRKKSAQQGLKTTGEGLDWGVLFGFGPGLTIETVVLHSVAL

P51080 CHS7_MEDSA review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase) 

(Fragment)

CHSII Medicago sativa (Alfalfa) 265

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

ITHLIVCTTSVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAENNKGA

RVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPVPEIEKPIFEMVWTAQ

TIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNINKALVEAFEPLGISDYNSIFWIAHP

GGPAILDQVEQKLALKPEKMKATREVLSEYGNMSSACVLFILDEMRKKSAQDGLKTTGEG

LEWGVLFGFGPGLTIETVVLRSVTI

P51087 CHS5_TRISU review ed

Chalcone synthase 5 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 5)

CHS5
Trifolium subterraneum 

(Subterranean clover)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVAEIRQAQRAEGPATILAIGTANPANKVEQATYPDFYFKITNSEHKVELKEKFQRMC

DKSMIKSRYMYLTEEILKENPSVCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPVPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNIDKALVEAFQPLNISDYNSIFW

IAHPGGPAILDQVEQKLALKPEKMKATRDVLSEYGNMSSACVLFILDEMRKKSAQNGLKT

TGEGLDWGVLFGFGPGLTIETVVLHSVAI

P51086 CHS4_TRISU review ed

Chalcone synthase 4 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 4) 

(Fragment)

CHS4
Trifolium subterraneum 

(Subterranean clover)
311

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVSEIRKAQRAEGPATILAIGTANPANKVEQATYPDFYFKITNSEHKVELKEKFQRMC

DKSMIKSRYMYLTEEILKENPSVCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPVPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNIDKALVEAFQPLGISDYNSIFW

IAHPGGPAILD

P24824 CHS1_MAIZE review ed

Chalcone synthase WHP1 

(EC 2.3.1.74) (Naringenin-

chalcone synthase 

WHP1) (White pollen)

WHP1 Zea mays (Maize) 400

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAGATVTVDEVRKGQRATGPATVLAIGTATPANCVYQADYPDYYFRITKSDHLTDLKEKF

KRMCDKSMIRKRYMHLTEEFLSENPSMCAYMAPSLDARQDVVVTEVPKLGKAAAQEAIKE

WGQPKSRITHLVFCTTSGVDMPGADYQLTKALGLRVVNRLMMYQQGCFAGGTVLRVAKDV

AENNRGARVMVVCSEITAVTFRGPSESHVDSLVGQALFGDGAAAGRGGADPDGRVERPLF

QLVSAAQTILPDSEGAIDGHLREVGLAFHLLKDVPGLISKNIERALEDAFEPLGISDWNS

IFWVAHPGGPAILDQVEAKVGLDKARMRATRHVLSEYGNMSSACVLFILDEMRKRPAEDG

QSTTGEGLDWGVLFGFGPGLTVETVVLHSVPITTGAPTAA

P26018 CHS1_HORVU review ed

Chalcone synthase 1 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 1)

CHS1 CHS Hordeum vulgare (Barley) 398

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAATMTVEEVRNAQRAEGPATVLAIGTATPANCVYQADYPDYYFKITKSDHMADLKEKFK

RMCDKSQIRKRYMHLTEEILEENPNMCAYMAPSLDARQDIVVVEVPKLGKAAAQKAIKEW

GQPRSKITHLVFCTTSGVDMPGADYQLTKMLGLRPSVKRLMMYQQGCFAGGTVLRLAKDL

AENNRGARVLVVCSEITAVTFRGPHESHLDSLVGQALFGDGAAAVIIGADPDLSVERPLF

QLVSASQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIERALEEAFKPLGIDHWNS

VFWIAHQGGPAILDMVEAKVNLNKERMRATRHVLSEYGNMSSACVLFIMDEMRKRSAEDG

HATTGEGMDWGVLFGFGPGLTVETVVLHSVPISAGATA

Q9ZS41 CHS1_DAUCA review ed

Chalcone synthase 1 (EC 

2.3.1.74) (DcCHS1) 

(Naringenin-chalcone 

synthase 1)

CHS1
Daucus carota (Wild 

carrot)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVNEFRKAQRAEGPATVLAIGTATPPNCVDQSAYADYYFRITNSEDKPELKEKFRRMC

EKSMINTRYMHLTEDLLKQNPSFCEYMASSLDARQDIVVNEVPKLGKEAALRAIKEWGQP

KSKITHLIFCTTSGVDMPGADFRLTKLLGLRPSVKRFMMYQQGCFAGGTVLRLAKDLAEN

NKNARVLVVCSEITVITFRGPNDTHLDSLVGQALFGDGAGAVIVGSDPVIGIEKPLFEIV

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIRKSLVEAFKPLGISDWNSIFW

IAHPGGPAILDQVETELSLKPEKLKSTRQVLRDYGNMSSACVLFILDEMRKASAKDGHRT

TGEGLDWGVLFGFGPGLTVETVVLHSVPP

Q9ZS40 CHS2_DAUCA review ed

Chalcone synthase 2 (EC 

2.3.1.74) (DcCHS2) 

(Naringenin-chalcone 

synthase 2)

CHS2
Daucus carota (Wild 

carrot)
397

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MANHNAEIEEIRKRQRAQGPANILAIGTATPSNCVYQADYPDYYFRITNSEHMSDLKLKF

KRMCEKSMIRKRYMHITEEYLKENPNVCAYEAPSLDARQDLVVVEVPRLGKEAAAKAIKE

WGHPKSKITHLIFCTTSGVDMPGADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLRLAKD

LAENNTGARVLVVCSEITAVTFRGPSDSHLDSLVGQALFGDGAAAVIVGSDPDLSVERPL

FQLISAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLKEAFGPIGISDWN

SLFWIAHPGGPAILDQVELKLGLKEEKMRATRQVLSDYGNMSSACVLFILDEMRKKSIEE

GKATTGDGLDWGVLFGFGPGLTVETVVLHSVPATITH

P30081 CHS7_SOYBN review ed

Chalcone synthase 7 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 7)

CHS7
Glycine max (Soybean) 

(Glycine hispida)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVAEIRQAQRAEGPATILAIGTANPPNRVDQSTYPDYYFRITNSDHMTELKEKFQRMC

DKSMIKTRYMYLNEEILKENPNMCAYMAPSLDARQDMVVVEVPKLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKQLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAVIVGSDPIPQVEKPLYELV

WTAQTIAPDSEGAIDGHLREVGLTFHLLKDVPGIVSKNIDKALFEAFNPLNISDYNSIFW

IAHPGGPAILDQVEQKLGLKPEKMKATRDVLSEYGNMSSACVLFILDEMRRKSAENGHKT

TGEGLEWGVLFGFGPGLTIETVVLHSVAI

P30080 CHS6_SOYBN review ed

Chalcone synthase 6 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 6)

CHS6
Glycine max (Soybean) 

(Glycine hispida)
388

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVEEIRKAQRAEGPATVMAIGTATPPNCVDQSTYPDYYFRITNSDHMNELKEKFKRMC

DKSMIKKRYMYLNEEILKENPSVCAYMEPSLDARQDMVVVEVPKLGKEAATKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPSVKRYMMYQQGCFAGGTVLRLAKDLAEN

NTGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAVIVGSDPLPAEKPLFELVW

TAQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIQKALVEAFQPLGIDDYNSIFWI

AHPGGPAILDQVEAKLGLKPEKMEATRHVLSEYGNMSSACVLFILDQMRKKSIENGLGTT

GEGLEWGVLFGFGPGLTVETVVLRSVTV

P24826 CHS1_SOYBN review ed

Chalcone synthase 1 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 1)

CHS1
Glycine max (Soybean) 

(Glycine hispida)
388

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVEEIRKAQRAEGPATVMAIGTATPPNCVDQSTYPDYYFRITNSEHMTELKEKFKRMC

DKSMIKKRYMYLNEEILKENPSVCAYMAPSLDARQDMVVVEVPKLGKEAATKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPSVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPTDTHLDSLVGQALFGDGAAAVIVGSDPLPVEKPLFQLVW

TAQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKALVEAFQPLGISDYNSIFWI

AHPGGPAILDQVEAKLGLKPEKMEATRHVLSEYGNMSSACVLFILDQMRKKSIENGLGTT

GEGLDWGVLFGFGPGLTVETVVLRSVTL

P48406 CHS5_SOYBN review ed

Chalcone synthase 5 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 5)

CHS5
Glycine max (Soybean) 

(Glycine hispida)
388

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVEEIRQAQRAEGPATVMAIGTATPPNCVDQSTYPDYYFRITNSEHMTELKEKFKRMC

DKSMIKKRYMYLNEEILKENPSVCAYMAPSLDARQDMVVMEVPKLGKEAATKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPSVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPTDTHLDSLVGQALFGDGAAAVIVGSDPLPVEKPLFQLVW

TAQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKALVEAFQPLGISDYNSIFWI

AHPGGPAILDQVEAKLGLKPEKMEATRHVLSEYGNMSSACVLFILDQMRKKSIENGLGTT

GEGLDWGVLFGFGPGLTVETVVLRSVTV

Q43188 CHS2_SOLTU review ed

Chalcone synthase 2 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 2)

CHS2
Solanum tuberosum 

(Potato)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRKAQRAKGPATIMAIGTATPSNCVDQSTYPDYYFRITNSEHMTELKEKFKRMC

DKSMINKRYMHLTEEILKENPNICEYMAPSLDARQDIVVVEVPKLGKEAAQKAIKEWGQP

KSKITHVVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVIRLAKDLAEN

NKGARVLVVCSEITAVTFSGPSDTHLDSMVGQALFGDGAAAMIIGSDPLPEVERPLFELV

SAAQTLLPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLIEAFQPLGISDWNSIFW

IAHPGGPAILDQVELKLGLKPEKLQATRQVLSDYGNMSSACVLFILDEMRKASSKEGLST

TGEGLDWGVLFGFGPGLTVETVVLHSVST

Q9SBL3 CHS6_SORBI review ed

Chalcone synthase 6 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 6)

CHS6

Sorghum bicolor 

(Sorghum) (Sorghum 

vulgare)

401

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAGATVTVEEVRKAQRATGPATVLAIGTATPANCVHQADYPDYYFRITKSEHMTELKEKF

KRMCDKSQIRKRYMHLTEEYLAENPNMCAYMAPSLDARQDIVVVEVPKLGKAAAQKAIKE

WGQPKSKITHLVFCTTSGVDMPGADYQLTKMLGLRPSVNRLMMYQQGCFAGGTVLRVAKD

LAENNRGARVLVVCSEITAVTFRGPSESHLDSMVGQALFGDGAAAVIVGADPDERVERPL

FQLVSASQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIERSLEEAFKPLGITDYN

SIFWVAHPGGPAILDQVEAKVGLKKERMRATRHVLSEYGNMSSACVLFILDEMRKRSAED

GQATTGEGFDWGVLFGFGPGLTVETVVLHSVPITTGATITA

http://etd.uwc.ac.za/
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Q9XGX2 CHS1_SORBI review ed

Chalcone synthase 1 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 1)

CHS1

Sorghum bicolor 

(Sorghum) (Sorghum 

vulgare)

401

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAGATVTVEEVRKAQRATGPATVLAIGTATPANCVHQADYPDYYFRITKSEHMTELKEKF

KRMCDKSQIRKRYMHLTEEYLAENPNMCAYMAPSLDARQDIVVVEVPKLGKAAAQKAIKE

WGQPKSKITHLVFCTTSGVDMPGADYQLTKMLGLRPSVNRLMMYQQGCFAGGTVLRVAKD

LAENNRGARVLVVCSEITAVTFRGPSESHLDSMVGQALFGDGAAAVIVGADPDERVERPL

FQLVSASQRILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIERALEEAFKPLGITDYN

SIFWVAHPGGPAILDQVEAKVGLEKERMRATRHVLSEYGNMSSACVLFILDEMRKRSAED

GQTTTGEGFDWGVLFGFGPGLTVETVVLHSVPITTGAAITA

Q9SBL5 CHS4_SORBI review ed

Chalcone synthase 4 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 4)

CHS4

Sorghum bicolor 

(Sorghum) (Sorghum 

vulgare)

401

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAAATVTVEEVRKAQRATGPATVLAIGTATPANCVHQADYPDYYFRITKSEHMTELKEKF

KRMCDKSQIRKRYMHLTEEYLAENPNMCAYMAPSLDARQDIVVVEVPKLGKAAAQKAIKE

WGQPKSKITHLVFCTTSGVDMPGADYQLTKMLGLRPSVKRLMMYQQGCFAGGTVLRVAKD

LAENNRGARVLVVCSEITAVTFRGPSESHLDSMVGQALFGDGAAAVIVGADPDERVERPL

FQLVSASQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIERSLEEAFKPLGITDYN

SIFWVAHPGGPAILDQVEAKVGLKKERMRATRHVLSEYGNMSSACVLFILDEMRKRSAED

GQATTGEGLDWGVLFGFGPGLTVETVVLHSVPITTGAAITA

Q9XGX1 CHS7_SORBI review ed

Chalcone synthase 7 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 7)

CHS7

Sorghum bicolor 

(Sorghum) (Sorghum 

vulgare)

400

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAGATVTVEEVRKAQRATGPATVLAIGTATPANCVHQADYPDYYFRITKSEHMTDLKEKF

KRMCDKSQIRKRYMHLTEEYLAENPNMCAYMAPSLDARQDIVVVEVPKLGKAAAQKAIKE

WGQPKSKITHLVFCTTSGVDMPGADYQLTKMLGLRPSVNRLMMYQQGCFAGGTVLRVAKD

LAENNRGARVLVVCSEITAVTFRGPSESHLDSMVGQALFGDGAAAVIVGADPDKRVECPL

FQLVSASQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIERSLEEAFKPLGITDYN

SIFWVAHPGGPAILDQVEAKVGLKKERMRATRHVLSEYGNMSSACVLFILDEMRKRSAEE

GQATTGEGFDWGVLFGFGPGLTVETVVLHSVPITIAAITA

Q43163 CHSB_SOLTU review ed

Chalcone synthase 1B 

(EC 2.3.1.74) (Naringenin-

chalcone synthase 1B)

CHS1B
Solanum tuberosum 

(Potato)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEYRKAQRAEGPATILAIGTSTPSNCVDQSTYPDYYFRITNSEHKTELKEKFKRMC

DKSMIKKRYMHLTEEILKENPNMCAYMAPSLDARQDIVVVEVPKLGKEAAQKAIKEWGQP

KSKITHLVFCTTSGVDMPGCDYQLAKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSESHLDSLVGQALFGDGAAAIIMGSDPIIGVERPLFELV

SAAQTLVPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLLEAFQPLGISDWNSLFW

IAHPGGPAILDQVELKLGLKQEKLRATREVLSNYGNMSSACVLFILDEMRKASTKEGLGT

TGEGLEWGVLFGFGPGLTVETVVLHSVAT

P17957 CHS2_SOYBN review ed

Chalcone synthase 2 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 2)

CHS2
Glycine max (Soybean) 

(Glycine hispida)
388

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVEEIRKAQRAEGPATVMAIGTATPPNCVDQSTYPDYYFRITNSEHMTELKEKFKRMC

DKSMIKKRYMYLNEEILKENPSVCAYMAPSLDARQDMVVMEVPKLGKEAATKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPSVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPTDTHLDSLVGQALFGDGAAAVIVGSDPLPVEKPLFQLVW

TAQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKALVEAFQPLGISDYNSIFRI

AHPGGPAILDQVEAKLGLKPEKMEATRHVLSEYGNMSSACVLFILDQMRKKSIENGLGTT

GEGLDWGVLFGFGPGLTVETVVLRSVTV

Q41436 CHSA_SOLTU review ed

Chalcone synthase 1A 

(EC 2.3.1.74) (Naringenin-

chalcone synthase 1A)

CHS1A
Solanum tuberosum 

(Potato)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEYRKAQRAEGPATILAIGTSTPSNCVDQSTYPDYYFRITNSEHKTELKEKFKRMC

DKSMIKKRYMHLTEEILKENPNMCAYMAPSLDARQDIVVVEVPKLGKEAAQKAIKEWGQP

KSKITHLVFCTTSGVDMPGCDYQLAKLLGLRPSVKRLMMYQQGCFVGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSESHLDSLVGQALFGDGAAAIIMGSDPIIGVERPLFELV

SAAQTLVPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLLEAFQPLGISDWNSLFW

IAHPGGPAILDQVELKLGLKQEKLRATREVLSNYGNMSSACVLFILDEMRKASTNEGLGT

TGEGLEWGVLFGFGPGLTVETVVLHSVAT

P51076 CHSY_FRAAN review ed

Chalcone synthase RJ5 

(EC 2.3.1.74) (Naringenin-

chalcone synthase) 

(Fragment)

CHLNCDRAFT_48950

Fragaria ananassa 

(Straw berry) (Fragaria 

chiloensis x Fragaria 

virginiana)

99

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

NITDWNSLFWIAHPGGPAILDQVEAKLALKPEKLEATRHILSEYGNMSSACVLFILDEVR

RKSAANGHKTTGEGLEWGVLFGFGPGLTVETVVLHSVSA

Q9SBL6 CHS3_SORBI review ed

Chalcone synthase 3 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 3)

CHS3

Sorghum bicolor 

(Sorghum) (Sorghum 

vulgare)

401

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAAATVTVEEVRKAQRATGPATVLAIGTATPANCVHQADYPDYYFRITKSEHMTDLKEKF

KRMCDKSQIRKRYMHLTEEYLAENPNMCAYMAPSLDARQDIVVVEVPKLGKAAAQKAIKE

WGQPKSKITHLVFCTTSGVDMPGADYQLTKMLGLRPSVNRLMMYQQGCFAGGTVLRVAKD

LAENNRGARVLVVCSEITAVTFRGPSESHLDSMVGQALFGDGAAAVIVGADPDERVERPL

FQLVSASQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIERSLEEAFKPLGITDYN

SIFWVAHPGGPAILDQVEAKVGLEKERLRATRHVLSEYGNMSSACVLFILDEMRKRSAED

GQATTGEGFDWGVLFGFGPGLTVETVVLHSVPITTGAAITA

P23419 CHS2_SOLLC review ed

Chalcone synthase 2 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 2)

CHS2

Solanum lycopersicum 

(Tomato) (Lycopersicon 

esculentum)

389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRRAQRAKGPATIMAIGTATPSNCVDQSTYPDYYFRITNSEHMTELKEKFKRMC

DKSMINKRYMHLTEEILKENPNICEYMAPSLDARQDIVVVEVPKLGKEAAQKAIKEWGQP

KSKITHVVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVIRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDTHLDSMVGQALFGDRAAAMIIGSDPLPEVERPLFELV

SAAQTLLPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLIEAFQPLGISDWNSIFW

IAHPGGPAILDQVELKLSLKPEKLRATRQVLSDYGNMSSACVLFILDEMRKASSKEGLST

TGEGLDWGVLFGFGPGLTVETVVLHSVST

P23418 CHS1_SOLLC review ed

Chalcone synthase 1 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 1)

CHS1

Solanum lycopersicum 

(Tomato) (Lycopersicon 

esculentum)

389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEYRKAQRAEGPATILAIGTSTPSNCVDQSTYPDYYFRITNSEHKTELKEKFKRMC

DKSMIKKRYMHLTEEILKENPNMCAYMAPSLDARQDIVVVEVPKLGKRGTQKAIKEWGQP

KSKITHLVFCTTSGVDMPACDYQLAKLLPVRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSESHLDSLVGQALFGDGAAAIIIGSDPIIGVERPLFELV

SAAQTLVPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLLEAFQPLGISDWNSLFW

IAHPGGPAILDQVELKLGLKPEKLRATREVLSNYGNMSSACVLFILDEMRKASTKEGLGT

TGEGLEWGVLFGFGPGLTVETVVLHSVAA

P19168 CHS3_SOYBN review ed

Chalcone synthase 3 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 3)

CHS3
Glycine max (Soybean) 

(Glycine hispida)
388

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVEEIRNAQRAEGPATVMAIGTATPPNCVDQSTYPDYYFRITNSEHMTELKEKFKRMC

DKSMIKKRYMYLNEEILKENPSVCAYMAPSLDARQDMVVVEVPKLGKEAATKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPSVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPTDTHLDSLVGQALFGDGAAAVIVGSDPLPVEKPLFQLVW

TAQTILPDSEGAIDGHLGEVGLTFHLLKDVPGLISKNIEKALVEAFQPLGISDYNSIFWI

AHPGGPAILDQVEAKLGLKPEKMEATRHVLSEYGNMSSACVLFILDQMRKKSIENGLGTT

GEGLDWGVLFGFGPGLTVETVVLRSVTV

Q9XJ57 CHS2_CITSI review ed

Chalcone synthase 2 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 2)

CHS2

Citrus sinensis (Sw eet 

orange) (Citrus aurantium 

var. sinensis)

391

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MATVQEIRNAQRADGPATVLAIGTATPAHSVNQADYPDYYFRITKSEHMTELKEKFKRMC

DKSMIKKRYMYLTEEILKENPNMCAYMAPSLDARQDIVVVEVPKLGKEAATKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLIGLRPSVKRFMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPADTHLDSLVGQALFGDGAAAVIVGADPDTSVERPLYQLV

STSQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLSEAFAPLGISDWNSIFW

IAHPGGPAILDQVESKLGLKGEKLKATRQVLSEYGNMSSACVLFILDEMRKKSVEEAKAT

TGEGLDWGVLFGFGPGLTVETVVLHSVPIKA

O22045 CHSD_IPONI review ed

Chalcone synthase D (EC 

2.3.1.74) (Naringenin-

chalcone synthase D) 

(CHS-D)

CHSD

Ipomoea nil (Japanese 

morning glory) (Pharbitis 

nil)

388

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRKAQRAEGPATILAIGTATPANCVDQSTYPDYYFRITNSDHMTDLKQKFQRMC

DKSMITKRYMHLTEEILKENPSFCEYMAPSLDARQDIVVVEVPKLGKEAAQSAIKEWGQP

KSKITHVIFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRVAKDLAEN

NKAARVLVVCSEITVVTFRGPNETHLDSLVGQALFGDGAAAIIVGSDPTPAEKPLFQLVS

AAQTLAPDSCGAIDGHLREVGLTFHLLKDVPSIVSNNIEKCLSEAFNPLGISDWNSIFWI

AHPGGPAILDQVEDKLGLKPEKLRATRHVLSEYGNMSSACVLFILDEMRKASSNDGLGTT

GEGLEWGVLFGFGPGLTIETVVLHSVPA

O22046 CHSE_IPONI review ed

Chalcone synthase E (EC 

2.3.1.74) (Naringenin-

chalcone synthase E) 

(CHS-E)

CHSE

Ipomoea nil (Japanese 

morning glory) (Pharbitis 

nil)

389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRKAQRAQGPATIMAIGTSTPQNCVDQSTYPDYYFRITNSEHLVELKEKFKRMC

EKSMIKKRYMYLTEEILKENPNICAYMAPSLDARQDIVVVEVPKLGKEAAQKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLQPSVKRFMMYQQGCFAGGTVIRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDAHLDSLVGQALFGDGAAALIIGSDPDPDLERPLFQLV

SAAQTILPDSGGAIDGHLREVGLTFHLLKDVPGLISKHIEKSLNEAFQPLGIHDWNSLFW

IAHPGGPAILDQVEEKLELKPEKLRATRHVLSEYGNMSSACVLFILDEMRKASSKEGLNT

TGEGLEWGVLFGFGPGLTVETVVLHSVSA

P30079 CHSY_PINSY review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS
Pinus sylvestris (Scots 

pine)
396

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAAGMMKDLEAFRKAQRADGPATILAIGTATPPNAVDQSSYPDYYFKITNSEHMTELKEK

FRRMCDKSAIKKRYMYLTEEILKENPKVCEYMAPSLDARQDMVVVEVPRLGKEAAAKAIK

EWGQPKSKITHVIFCTTSGVDMPGADYQLTKLLGLRPSVKRVMMYQQGCFAGGTVLRVAK

DLAENNRGARVLVVCSEITAVTFRGPSDTHLDSMVGQALFGDGAAALIVGADPVPEVEKP

CFELMWTAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLVEAFQQFGISDW

NQLFWIAHPGGPAILDQVEAKLNLDPKKLSATRQVLSDYGNMSSACVHFILDEMRKSSKE

KGCSTTGEGLDVGVLFGFGPGLTVETVVLKSVPLLD

Q9SML4 CHS1_CICAR review ed

Chalcone synthase 1 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 1)

CHS1
Cicer arietinum (Chickpea) 

(Garbanzo)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVSEIRKAQRAEGPATILAIGTANPSNRVEQSTYPDFYFKITNSEHKVELKQKFQRMC

DKSMIKSRYMYLTEEILKENPSVCEYMAPSLDVRQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPIPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNIDKALIEAFQPLNISDYNSIFW

IAHPGGPAILDQVEEKLALKPEKMRATREVLSEYGNMSSACVLFILDEMRRKSAKDGLKT

TGEGLEWGVLFGFGPGLTIETVVLHSVAI

P30073 CHS1_MEDSA review ed

Chalcone synthase 1 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 1)

CHS1 Medicago sativa (Alfalfa) 389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVAEIRQAQRAEGPATIMAIGTANPANCVEQSTYPDFYFKITNSEHKVELKEKFQRMC

DKSMIKRRYMYLTEEILKDNPRVCEYMAPSLAARQDMAVVVVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEETPVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPIPEIEKPIFEMV

WTAHTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNIDKALIEAFQPLNISDYNSIFW

IAHPGGPAILDQVEEKLGLKPEKMKATREVLSEYGNMSSACVLFILDEMRKKSVQAGLKT

TGEGLDWGVLFGFGPGLTIETVVLHSVAI

Q01287 CHS2_PEA review ed

Chalcone synthase 2 (EC 

2.3.1.74) (Naregenin-

chalcone synthase 2)

CHS2
Pisum sativum (Garden 

pea)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVSEIRKAQRAEGPATILAIGTANPANCVEQSTYPDFYFKITNSEHKTVLKEKFQRMC

DKSMIKRRYMYLTEDILKENPSLCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVFRLAKDLAEN

NKNARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPVPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNIDKALVEAFKPLGISDYNSIFW

IAHPGGPAILDQVEQKLALKPEKMRATREVLSEYGNMSSACVLFILDEMRKKSTQDGLNT

TGEGLEWGVLFGFGPGLTIETVVLRSVAI

P51082 CHSB_PEA review ed

Chalcone synthase 1B 

(EC 2.3.1.74) (Naringenin-

chalcone synthase 1B)

CHS-1B
Pisum sativum (Garden 

pea)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVDEIRQAQKAEGPATVLAIGTATPPNCVDQSTYPDYYFRITNSEHKTELKEKFQRMC

DKSMIKKRYMHLTEEILKENPSVCEYMAPSLDARQDMVVVEVPKLGKEAATKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPHVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAVIVGSDPLPQVEKPLFELV

WTAQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKALVEAFQPLGISDYNSLFW

IAHPGGPAILDQVEAKLSLKQRKMQATRHVLSEYGNMSSACVLFILDEMRRKSKEEQLGT

TGEGLEWGVLFGFGPGLTVETVVLHSVAT

Q9SBL4 CHS5_SORBI review ed

Chalcone synthase 5 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 5)

CHS5

Sorghum bicolor 

(Sorghum) (Sorghum 

vulgare)

401

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAAATVTVEEVRKAQRATGPATVLAIGTATPANCVHQADYPDYYFRITKSEHMTELKEKF

KRMCDKSQIRKRYMHLTEEYLAENPNMCAYMAPSLDARQDIVVVEVPKLGKAAAHKAIKE

WGQPKSKITHLVFCTTSGVDMPGADYQLTKMLGLRPSVNRLMMYQQGCFAGGTVLRVAKD

LAENNRGARVLVVCSEITAVTFRGPSESHLDSMVGQALFGDGAAAVIVGADPDERVERPL

FQLVSASQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIERSLEEAFKPLGITDYN

SIFWVAHPGGPAILDQVEAKVGLEKERMRATRHVLSEYGNMSSACVLFILDEMRKRSAED

GQATTGEGFDWGVLFGFGPGLTVETVVLHSVPITTGAAITA

P51081 CHSA_PEA review ed

Chalcone synthase 1A 

(EC 2.3.1.74) (Naringenin-

chalcone synthase 1A)

CHS-1A
Pisum sativum (Garden 

pea)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVNEIRQAQRAEGPATVFAIGTATPQNCVEQSTYPDFYFRITNSQHKTELKEKFQRMC

DKSMIKKRYMHLTEEILKENPSLCEYMAPSLDARQDMVVVEVPKLGKEAATKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAVIVGSDPLPDVEKPLFELV

WTAQTIVPDSEGAIDGHLREAGLTFHLLKDVPSLVSKNIEKALVEAFQPLNISDYNSIFW

IAHPGGPAILDQVEAKLGLKQRKMQATRHVLSEYGNMSSACVLFILDEMRRKSKEDGLAT

TGEGLEWGVLFGFGPGLTVETVLLHSMAT

P06515 CHSY_ANTMA review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS
Antirrhinum majus 

(Garden snapdragon)
390

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRRAQRAEGPATVLAIGTATPANCVDQSTYPDYYFRITNSEHMTELKEKFKRMC

DKSNIKRRYMHLTEEILKENPAMCEYMAPSLDARQDIVVVEVPRLGKEAAQKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLRMAKDLAEN

NAGARVLVVCSEITAVTFRGPADTHLDSLVGQALFGDGAAAVIVGSDPVVGVERPLFQIV

TAAQTLLPDSHGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLKEAFDPLGISDWNSVFW

IAHPGGPAILDQVEEKLGLKPEKLRSTRQVLSEYGNMSSACVLFILDEMRKSSAKEGMST

TGEGLDWGVLFGFGPGLTVETVVLHSVPLN

http://etd.uwc.ac.za/
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P51089 CHSY_VIGUN review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS
Vigna unguiculata 

(Cow pea)
388

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVSEIRQAQRAEGPATILAIGTATPPNCVDQSTYPDYYFRITNSEHMTDLKEKFQRMC

DKSMIKKRYMHVTEEILKENPSMCAYMAPSLDARQDIVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAVIVGSDPIPQIEKPLFELV

WTAQTIAPDSEGAIDGHLREVGLTFHLLKDVPGIVSKNIGKALSEAFDPLNISDYNSIFW

IAHPGGPAILDQVAQKLGLKPEKMKATRDVLSDYGNMSSACVTFHLDEIEKSVENGLKTT

GKDLEWGVLFGFGPGLSLETVVLHSVAI

Q9SBL7 CHS2_SORBI review ed

Chalcone synthase 2 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 2)

CHS2

Sorghum bicolor 

(Sorghum) (Sorghum 

vulgare)

401

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAGATVTVEEVRKAQRATGPATVLAIGTATPANCVHQADYPDYYFRITKSEHMTELKEKF

KRMCDKSQIRKRYMHLTEEYLAENPNMCAYMAPSLDARQDIVVVEVPKLGKAAAQKAIKE

WGQPKSKITHLVFCTTSGVDMPGADYQLTKMLGLRPSVNRLMMYQQGCFAGGTVLRVAKD

LAENNRGARVLVVCSEITAVTFRGPSESHLDSMVGQALFGDGAAAVIVGADPDERVERPL

FQLVSASQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIERSLEEAFKPLGITDYN

SIFWVAHPGGPAILDQVEAKVGLEKERMRATRHVLSEYGNMSSACVLFILDEMRKRSAED

GRATTGEGFEWGVLFGFGPGLTVETVVLHSVPITTGAAITA

P48392 CHS3_GERHY review ed

Chalcone synthase 3 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 3)

CHS3 Gerbera hybrida (Daisy) 403

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MATSPAVIDVETIRKAQRAEGPATILAIGTATPANCVYQADYPDYYFRVTESEHMVDLKE

KFQRMCDKSMIRKRYMHITEEFLKENPSMCKFMAPSLDARQDLVVVEVPKLGKEAATKAI

KEWGFPKSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPNEGHLDSLVGQALFGDGAAAVIIGSDPDLSVER

PLFEMVSAAQTILPDSEGAIDGHLKEVGLTFHLLKDVPALIAKNIEKALIQAFSPLNIND

WNSIFWIAHPGGPAILDQVEFKLGLREEKLRASRHVLSEYGNMSSACVLFILDEMRKKSI

KDGKTTTGEGLEWGVLFGFGPGLTVETVVLHSLPATISVATQN

P23569 CHSY_PUEML review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS

Pueraria montana var. 

lobata (Kudzu vine) 

(Pueraria lobata)

389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVAEIRQAQRAEGPATILAIGTANPPNCVDQSTYPDYYFRITNSEHMTELKEKFQRMC

DKSMIKKRYMYLTEEILKENPNMCAYMAPSLDARQDMVVVEVPKLGKEAATKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKQLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAVIVGSDPIPQVEKPLYELV

WTAQTIAPDSEGAIDGHLREVGLTFHLLKDVPGIVSKNIDKALFEAFNPLNISDYNSIFW

IAHPGGPAILDQVEQKLGLKPEKMKATRDVLSDYGNMSSACVLFILDEMRRKSAENGLKT

TGEGLEWGVLFGFGPGLTIETVVLRSVAI

P16107 CHSY_PETCR review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS

Petroselinum crispum 

(Parsley) (Petroselinum 

hortense)

398

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MANHHNAEIEEIRNRQRAQGPANILAIGTATPSNCVYQADYPDYYFRITNSEHMTDLKLK

FKRMCEKSMIRKRYMHITEEYLKENPNVCAYEAPSLDARQDLVVVEVPRLGKEAASKAIK

EWGQPKSKITHLIFCTTSGVDMPGADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLRLAK

DLAENNAGARVLVVCSEITAVTFRGPSDSHLDSLVGQALFGDGAAAVILGSDPDLSVERP

LFQLISAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLKEAFGPIGISDW

NSLFWIAHPGGPAILDQVELKLGLKEEKMRATRQVLSDYGNMSSACVLFILDEMRKKSIE

EGKATTGEGLDWGVLFGFGPGLTVETVVLHSVPATFTH

O22652 CHSY_RAPSA review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS
Raphanus sativus 

(Radish)
394

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVGTTSSLDEIRKAQRADGPAGILAIGTANPANHVLQAEYPDYYFRITNSEHMTDLKEKF

KRMCDKSTIRKRHMHLTEEFLKENPNMCAYMAPSLDARQDIVVVEVPKLGKEAAVKAIKE

WGQPKSKITHVVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKD

LAENNRGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFSDGAAALIVGSDPDVSAGEKP

IFEMVSAAQTILPDSDGAIDGHLREVGITFHLLKDVPGLISKNIEKSLDEAFKPLGISDW

NSLFWIAHPGGPAILDDVEKKLGLKAEKMRATRHVLSEYGNMSSACVLFILDEMRRKSLD

DGVATTGEGLEWGVLFGFGPGLTVETVVLHSVPV

P48386 CHS1_CAMSI review ed

Chalcone synthase 1 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 1)

CHS1 Camellia sinensis (Tea) 389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEDIRRAQRAEGPATVMAIGTATPPNCVDQSTYPDYYFRITNSEHKAELKEKFKRMC

DKSMIKKRYMYLTEEILKENPQVCEYMAPSLDARQDMVVVEVPKLGKEAATKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAIIVGSDPIPEVEKPLFELV

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLAEAFQPLGISDWNSLFW

IAHPGGPAILDQVELKLGLKEEKLRATRHVLSEYGNMSSACVLFILDEMRKKSAADGLKT

TGEGLEWGVLFGFGPGLTVETVVLHSLST

Q9FSB9 CHS1_RUTGR review ed

Chalcone synthase 1 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 1)

CHS1
Ruta graveolens (Common 

rue)
393

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAAVTVEAIRKAQRADGPAAVLAIGTATPANYVTQADYPDYYFRITKSEHMTELKEKFKR

MCDKSMIRKRYMHLTEDILKENPNMCAYMAPSLDARQDIVVVEVPKLGKEAAVKAIKEWG

QPKSKITHLIFCTTSGVDMPGCDYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLRLAKDLA

ENNRGARVLVVCSEITAVTFRGPADTHLDSLVGQALFGDGAAAVIVGADPDESIERPLYQ

LVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLKEAFGPIGISDWNSI

FWIAHPGGPAILDQVEAKLGLKEEKLRATRQVLSEYGNMSSACVLFILDEMRKNCAEEGR

ATTGEGLDWGVLFGFGPGLTVETVVLRSVPIKA

O23729 CHS3_BROFI review ed

Chalcone synthase 3 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 3)

CHS3
Bromheadia f inlaysoniana 

(Orchid)
394

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAPAMEEIRQAQRAEGPAAVLAIGTSTPPNALYQADYPDYYFRITKSEHLTELKEKFKRM

CDKSMIKKRYMYLTEEILKENPNICAFMAPSLDARQDIVVTEVPKLAKEAAVRAIKEWGH

PKSRITHLIFCTTSGIDMPGADYQLTRLLGLRPSVNRFMLYQQGCFAGGTVLRLAKDLAE

NNAGARVLVVCSEITAVTFRGPSESHLDSLVGQALFGDGAAAIIVGSDPDSATERPLFQL

VSASQTILPESEGAIDGHLREIGLTFHLLKDVPGLISKNIQKCLLDAFKPLGVHDWNSIF

WIAHPGGPAILDQVEIKLGLKAEKLAASRNVLAEYGNMSSACVLFILDEMRRRSAEAGQA

TTGEGLEWGVLFGFGPGLTVETIVLRSVPIAGAE

P48399 CHSC_IPOPU review ed

Chalcone synthase C (EC 

2.3.1.74) (Naringenin-

chalcone synthase C) 

(CHS-C) (Fragment)

CHSC

Ipomoea purpurea 

(Common morning glory) 

(Pharbitis purpurea)

352

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MSTAVTILTDTWTRREKRFDGHAKILAIGTAIPANWVDQTTYPDFYFRITNSEHLLEYKE

KFRRICNKSKIRKRHLVITEELLKKNPNLCTYNDASLNTRQDILVSEVPKLGKEAAMKAI

KEWGRPISEITHLVFCTSSGVDMPGADFQLAKLLGLSSSVNRLMMYQQGCNAGAVMLRLA

KDLAENNKGGRVLVVCSEVMLSVFRGPSLQQEDNLLAQCLFGDGSAAVIVGTEPRPGLET

PLFELVSAAQTTIPDTDSYLKLQLREMGLTFHCSKAVPSLITQNIEDCLVKAFEPFGISD

WNSIFWILHPGGNAILDGVEEKLGLEPEKLRASRDVLSQYGNLTSACVLFKP

P22925 CHSD_PETHY review ed

Chalcone synthase D (EC 

2.3.1.74) (Naringenin-

chalcone synthase D)

CHSD Petunia hybrida (Petunia) 419

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRNAQRAEGPATVLAIGTATPSNCVDQSTYPDYYFRITDSEHKTELKEKFKRIC

DKSMIKKRYMHLTEKILKENPNICESMAPSLDARTNIYAVEVPKLGKEAAEKAIEEWNQP

KSRITHLVFCTTTGVSMPGADFQLTKLLGLGSSVKRFMMNQLGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITVVTFRGPNDTHFDSLVGQALFGDGAAAVIIGSDPIPNVERPLFELV

SAAQTLLPDSKNSICGELREIGLTFHLLKDVAELISNNIEKSLVEVFQPLGISAWNSIFW

VAHPGGPAILNQVELKLGLNPEKLGATRHVLSEYGNMSSASILFVLDEMRKSSTQKGFDT

TGEGLKWGVLIGFGPGITFETIVLHSVSTQGSFGIRDWDYNFGIEFKIIFIPYLVLGIS

P48390 CHS1_GERHY review ed

Chalcone synthase 1 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 1)

CHS1 Gerbera hybrida (Daisy) 398

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MASSVDMKAIRDAQRAEGPATILAIGTATPANCVYQADYPDYYFRITKSEHMVDLKEKFK

RMCDKSMIRKRYMHITEEYLKQNPNMCAYMAPSLDVRQDLVVVEVPKLGKEAAMKAIKEW

GHPKSKITHLIFCTTSGVDMPGADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLRLAKDL

AENNKGARVLVVCSEITAVTFRGPNDTHLDSLVGQALFGDGAAAVIVGSDPDLTTERPLF

EMVSAAQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKALTTAFSPLGINDWNS

IFWIAHPGGPAILDQVELKLGLKEEKLRATRHVLSEYGNMSSACVLFIIDEMRKKSSENG

AGTTGEGLEWGVLFGFGPGLTVETVVLHSVPTTVTVAV

Q01286 CHS1_PEA review ed

Chalcone synthase 1 (EC 

2.3.1.74) (Naregenin-

chalcone synthase 1)

CHS1
Pisum sativum (Garden 

pea)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVSEIRKPQRAEGPATILAIGTANPANCVEQSTYPDFYFKITNSEHKTVLKEKFQRMC

DKSMIKRRYMYLTEEILKENPSLCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPVPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREQGLTFHLLKDVPGIVSKNIDKALVEAFKPLGISDYNSIFW

IAHPGGPAILDQVEQKLGLKPEKMRATREVLSEYGNMSSACVLFILDQMRKKSTQDGLNT

TGEGLEWGVLFGFGPGLTIETVVLHSVAI

P48388 CHS3_CAMSI review ed

Chalcone synthase 3 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 3)

CHS3 Camellia sinensis (Tea) 389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEDVWRAQRARGPATVLAIGTATPPNCVDQSTYPDYYFRITNSEHKVELKEKFKRMC

DKSMIKKRYMYLTEEILKENPLVCEYMAPSLDARQDMVVVEVPKLGKEAATKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDTHLDSLVGQSLFGDGAAAIIIGSDPIPEVEKPLFELV

SAAQTILPSSDGAIDGHLREVGLTFHLLKDVPRLISMNVEKSLVEAFQPLGISDWNSLFW

IAHPGGPAILDQVELKLGLKEEKLRATRHVLSEYGNMSSACVLFILDEMRKKSAEEGLKT

TGEGLEWGVLFGFGPGLTVETVVLHSLCT

O22047 CHSE_IPOPU review ed

Chalcone synthase E (EC 

2.3.1.74) (Naringenin-

chalcone synthase E) 

(CHS-E)

CHSE

Ipomoea purpurea 

(Common morning glory) 

(Pharbitis purpurea)

389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRKAQRAQGPATIMAIGTSTPQNCVDQSTYPDYYFRITNSEHLVELKEKFKRMC

EKSMIKKRYMYLTEEILTENPNICAYMAPSLDARQDIVVVEVPKLGKEAAQKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLQPSVKRFMMYQQGCFAGGTVIRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDAHLDSLVGQALFGDGAAALIIGSDPDPDLERPLFQLV

SAAQTILPDSGGAIDGHLREVGLTFHLLKDVPGLISKHIEKSLNEAFQPLGIRDWNSLFW

IAHPGGPAILDQVEEKLELKPEKLRATRHVLSEYGNMSSACVLFILDEMRKASSKEGLNT

TGEGLEWGVLFGFGPGLTVETVVLHSVSA

Q9LKP7 CHSY_DIAMO review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS Dianthus monspessulanus 391

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MASIEEIRQAQRADGPATILAIGTATPPNAIYQADYPDYYFRVTKSEHMTELKEKFRRMC

DKSMIKKRYMYLTEEILKENPNLCEYMGSSLDTRQDMVVSEVPRLGKEAAVKAIKEWGQP

KSKITHVIMCTTSGVDMPGADYQLTKLLGLRPSVRRFMLYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAICFRGPTEAALDSMVGQALFGDGAGALIVGSDPDLSIERPLFQMA

WAGQTLLPDSEGAIDGHLREVGLTFHLLKDVPGIISKNITNALEEAFSPIGVSDWNNLFW

IAHPGGPAILDQVEAKLGLKEEKLAATRNVLSDFGNMSSACVLFILDEMRKKSLRDGATT

TGEGLDWGVLFGFGPGLTVETVVLHSVPLNC

O82144 CHSY_HYDMC review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS

Hydrangea macrophylla 

(Bigleaf hydrangea) 

(Viburnum macrophyllum)

389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRKAQRAEGPATILAIGTATPPNYVDQSTYPDFYFRVTNSEHKKELKAKFQRMC

DNSQIKKRYMHLTEEILKENPNICAYMAPSLDARQDMVVVEIPKLGKEAATRAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAVIIGSDPMPEVEKPLFEIV

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLVEAFRPLDISDWNSIFW

IAHPGGPAILDQVEKKLALKPEKLRATRNVLSDYGNMSSACVLFIMDEMRKNSAEEGLMT

TGEGLEWGVLFGFGPGLTVETVVLHGVST

O22586 CHSY_ONOVI review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS
Onobrychis viciifolia 

(Common sainfoin)
390

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVDVAESRRTQRAEGPRTIFAIATANPPNCVEQSTYPDFYFKITNSEHKVELKEKFQRMD

DKSMIKRRYMYLTEEILKENPNVCEYMAPSLDARQDMFVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIVCTTSGVDMPGADYQLTKLLGLRPHVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPIPEIEKPLFELI

WTAQTIAPDSEGAIDGHLREVGLTFHLLKDVPGIVSKNIDKALVEAFQPLGISDYNSIFW

IAHPGGPAILDQVEQKLAFKPEKMRATREVLSEYGNMSSACVLFILDEMRKKSAQNGLKT

TGEGLEWGVLFGFGPGLTIETVVLLRSVAI

Q9M5M0 CHS7_PICMA review ed

Chalcone synthase 7 (EC 

2.3.1.74) (Naregenin-

chalcone synthase 7)

CSF7
Picea mariana (Black 

spruce) (Abies mariana)
395

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAGGLMADLEAFRKAQRADGPATILAIGTATPPNAVDQSTYPDYYFKITNSEHMTELKEK

FQRMCDKSAIKKRYMYLTDEILKENPNVCEYMAPSLDARQDMVVVEVPRLGKEAATKAIK

EWGQPKSKITHVIFCTTSGVDMPGADYQLTKLLGLRPSVKRVMMYQQGCFAGGTVLRVAK

DLAENNRGARVLVVCSEITAVTFRGPSDTHLDSMVGQALFGDGAAALIVGADPIPQVEKP

CFELMWTAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLVEAFQQFGISDW

NQLFWIAHPGGPAILDQVEAKLNLDPKKLRATRQVLSEYGNMSSACVHFILDEMRKSSNE

KGCSTTGEGLDVGVLFGFGPGLTVETVVLKSVPLQ

P48398 CHSB_IPOPU review ed

Chalcone synthase B (EC 

2.3.1.74) (Naringenin-

chalcone synthase B) 

(CHS-B)

CHSB

Ipomoea purpurea 

(Common morning glory) 

(Pharbitis purpurea)

396

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MSTTVTVLTDTWSRRAKRLEGDAKILAIGTATPASWVDQTTYPDFYFRITNSQHLLEHKE

KFRRICNKSKIRKRHLVLTEELLKKNPNLCTYNETSLNTRQDILVSEVPKLGKEAAMKAI

KEWGRPISEITHLVFCTTSGVDMPGADFQLTKLLGLNSSVKRLMMYQQGCNAGAAMLRLA

KDLAESNKGGRVLVVCAEITINIFRGPSLEQDDNLLAQCLFGDGAAAMIVAADPRPGLET

PLFELVSSAQTIVPNTDSHLKLHLREMGLTFHCSKAVPSVLAENVEDCLVKAFEPYGISD

WNSIFWVFHPGGNAIVDRVEERLGLGPEKLRASRDVLSEYGNLTSACVLFILDEMRKKSK

KDEQMTTGEGLEWGVVFGFGPGLTIDTIIIRSVPIN

Q9SEP4 CHSY_ARAAL review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS
Arabis alpina (Alpine rock-

cress)
391

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAPSLEEIRKAQRADGPAGILGIGTANPPNHVLQAEYPDYYFRITNSDHMTDLKEKFKRM

CDKSMIRKRHMHLTEEFLKENPKMCAYMAPSLDTRQDIVVVEVPKLGKEAAVKAIKEWGQ

PKSKITHVVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAE

NNRGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFSDGAAALIVGSDPDTSVGEKPIFE

MVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLDEAFKPLGISDWNSL

FWIAHPGGPAILDQVEIKLGLKAEKMRATRHVLSEYGNMSSACVLFILDEMRKKSAKDGA

ATTGEGLEWGVLFGFGPGLTVETVVLHSVPL

O04220 CHSY_CHRAE review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS

Chrysosplenium 

americanum (Golden 

saxifrage)

396

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MSSAALMEEIRNAQRAEGPATILAIGTATPANCVIQADYPDFYFRITNSEHKTELKEKFQ

RMCDKSMIKKRYMHLTEDLLKENPKMCEYMAPSLDARQDMVVVEIRKLGKEAAVKAIKEW

GQPKSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFPGGTVLRLAKDL

AENNRGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAALIVGADPDTAIERPLF

ELVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLIEAFKPIGINDWNS

IFWIAHPGGPAILDQVEHKLAPGRRANSRATRHILSEYGNMSSACVLFILDEMRKKSARR

REATTGDGLEWGVLFGFGPGLTVETVVLHSVPAITA

Q9MBB1 CHSY_EQUAR review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS

Equisetum arvense (Field 

horsetail) (Common 

horsetail)

405

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MTVLEESADASSRRLAQRANGPATVLAIGTANPANVFEQSSYPDFYFDITNSQHMTELKL

KFSRMCQKSGIKKRYMHLNSEILKANPSLCAYWEKSLDVRQDIAVVEVPKLGKEASLKAI

KEWGQPKSKITHLVFCTTSGVDMPGADWALTKLLGLRPSVKRLMMYQQGCFAGGTVLRVA

KDVAENNKGARVLVVCSEITCVTFRGPSETHLDSLVGQALFGDGAAAVILGSDPLPEENP

CFELHWSGSNILPDSDGAIDGHLREVGLTFHLMKDVPGIISKNIGKVLNDAFRSAFDESG

NAEDRPASVNDIFWIAHPGGPAILDQVEEKMKLAPEKMRATRDVLSEYGNMSSACVLFIM

DHMRRMSAQNKLQTTGEGLDWGVLLGFGPGLTVETVLLKSIRLAC

http://etd.uwc.ac.za/
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O04111 CHSY_PERFR review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS

Perilla frutescens 

(Beefsteak mint) (Perilla 

ocymoides)

391

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEDIRRAQRAEGPATVMAIGTATPENCVDQSTYPDYYFRITNSEHRTDLKEKFKRMC

EKSMIRKRYMHLTEEFLKENPNMTAYMAPSLDARQDIVVVEVPKLGKEAAQKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLRMAKDLAEN

NAGARVLVVCSEITAVTFRGPSESHLDSLVGQALFGDGAAAVIVGSDPVVGVERPLFQLV

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLKEAFGPLGISDWNSVFW

IAHPGGPAILDQVEAKLGLKPEKLRSTRHVLGEYGNMSSACVLFILDEMRKSSAKEGMSS

TGEGLDWGVLFGFGPGLTVETVVLHSVPINN

P30077 CHS9_MEDSA review ed

Chalcone synthase 9 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 9)

CHS9 Medicago sativa (Alfalfa) 389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVSEIRQAQRAEGPATIMAIGTANPANCVEQSTYPDFYFKITNSEHKVELKEKFQRMC

DKSMIKRRYMYLTEEILKENPSVCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPIPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNIDKALVEAFQPLNISDYNSIFW

IAHPGGPAILDQVEQKLGLKPEKMKATREVLSEYGNMSSACVLFILDEMRKKSAQAGLKT

TGEGLDWGVLFGFGPGLTIETVVLHSVAI

P22928 CHSJ_PETHY review ed

Chalcone synthase J (EC 

2.3.1.74) (Naringenin-

chalcone synthase J)

CHSJ Petunia hybrida (Petunia) 389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEIRRAQRAEGPATIMAIGTATPSNCVDQSTYPDYYFRITNSEHKTELKEKFQRMC

DKSMIKKRYMHLTEEILKENPNICEYMAPSLDARQDIVVVEVPKLGKEAAQKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRSSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPNDTHLDSLVGQALFGDGAAAIIIGSDPLPGVERPLFELV

SASQTLLPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIQKSLVEAFQPLGISDWNSIFW

IAHPGGPAILDQVELKLGLKPEKLRATRHVLSEYGNMSSACVLFILDEMRKASSKEGLGT

TGEGLEWGVLFGFGPGLTVETVVLHSVST

P48385 CHSY_CALCH review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS

Callistephus chinensis 

(China aster) (Callistemma 

chinense)

398

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MASTIDIAAIREAQRRQGPATILAIGTATPSNCVYQADYPDYYFRITKSEHMVDLKEKFK

RMCDKSMIRKRYMHLTEEYLKENPSLCEYMAPSLDARQDVVVVEVPKLGKEAATKAIKEW

GQPKSKITHLIFCTTSGVDMPGADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLRLAKDL

AENNKGARVLVVCSEITAVTFRGPNDTHLDSLVGQALFGDGAAAVIVGADPDLTTERPLF

EMISAAQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKALTQAFSPLGITDWNS

IFWIAHPGGPAILDQVELKLGLKEEKMRATRHVLSEYGNMSSACVLFIIDEMRKKSAEDG

AATTGEGLDWGVLFGFGPGLTVETVVLHSLPTTMAIAT

P48389 CHSY_DIACA review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS
Dianthus caryophyllus 

(Carnation) (Clove pink)
391

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MASIEEIRQAPRADGPATILAIGTATPPNAIYQADYPDYYFRVTKSEHMTELKEKFRRMC

DKSMIKKRYMYLTEEILKENPNLCEYMGSSLDTRQDMVVSEVPRLGKEAAVKAIKEWGQP

KSKITHVIMCTTSGVDMPGADYQLTKLLGLRPSVRRFMLYQQGCFAGGTVLRLAKDLAEN

NKDARVLVVCSEITAICFRGPTEAALDSMVGQALFGDGAGALIVGSDPDLSIERPLFQMA

WAGQTLLPDSDGAIDGHLREVGLTFHLLKDVPGIISKNITNALEDAFSPIGVSDWNNLFW

IAHPGGPAILDQVEAKLGLKEEKLAATRNVLSDFGNMSSACVLFILDEMRKKSLRDGATT

TGEGLDWGVLFGFGPSLTVETVVLHSVPLNC

Q9FSB7 CHS3_RUTGR review ed

Chalcone synthase 3 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 3)

CHS3
Ruta graveolens (Common 

rue)
393

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAAVTVEEIRKAQRADGPATVLAIGTATPANYVTQADYPDYYFRITKSEHMTDLKEKFKR

MCDKSMIRKRYMHLTEEILKENPNMCAYMAPSLDARQDIVVVEVPKLGKEAAAKAIKEWG

QPKSKITHLIFCTTSGVDMPGCDYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLRLAKDLA

ENNRGARVLVVCSEITAVTFRGPVDTHLDSLVGQALFGDGAAAVIVGADPDESIERPLYQ

LVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLKEAFGPIGISDWNSI

FWIAHPGGPAILDQVEEKLELKEEKLRATRHVLSEYGNMSSACVLFILDEMRKKCAEEGM

ATTGEGLEWGVLFGFGPGLTVETVVLRSVPIKA

O23730 CHS4_BROFI review ed

Chalcone synthase 4 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 4)

CHS4
Bromheadia f inlaysoniana 

(Orchid)
394

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAPAMEEIRQAQRAEGPAAVLAIGTSTPPNALYQADYPDYYFRITKSEHLTELKEKFKRM

CDKSMIKKRYMYLTEEILKENPNICAFMAPSLDARQDIVVTEVPKLAKEAAVRAIKEWGH

PKSRITHLIFCTTSGIDMPGADYQLTRLLGLRPSVNRFMLYQQGCFAGGTVLRLAKDLAE

NNAGARVLVVCSEITAVTFRGPSESHLDSLVGQALFGDGAAAIIVGSDPDSATERPLFQL

VSASQTILPESEGAIDGHLREIGLTFHLLKDVPGLISKNIQKCLLDAFKPLGVHDWNSIF

WIAHPGGPAILDQVEIKLGLKAEKLAASRSVLAEYGNMSSACVLFILDEMRRRSAEAGQA

TTGEGLEWGVLFGFGPGLTVETIVLRSVPIAGAE

Q9ZRR8 CHS1_CASGL review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS1
Casuarina glauca 

(Sw amp oak)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRKAQRAEGPATVLAIGTATPPNCLDQSTYPDYYFRITNSEHKTELKEKFQRMC

DKSMIKKRYMYLTEEILKEHPNMCAYMAPSLDARQDMVVVEIPKLGKEAAVKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NRGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAIIVGADPLPEVEKPLFEVV

STAQTILPDSDGAIDGHLREVGVTFHLLKDVPGLISKNIEKSLVEAFQPLGISDWNSLFW

IAHPGGPAILDQVEEKLALKPEKLGATRHVLSEYGNMSSACVLFILDEMRRKSAEKGLKT

TGEGLDWGVLFGFGPGLTVETVVLHSLTT

P48387 CHS2_CAMSI review ed

Chalcone synthase 2 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 2)

CHS2 Camellia sinensis (Tea) 389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRRAQRAEGPATVMAIGTATPPNCVDQSTYPDYYFRITNSEHKTELKEKFQRMC

DKSMIKKRYMYLTEEILKENPNVCAYMAPSLDARQDMVVVEVPKLGKEAATKAIKEWGQP

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSDAHLDSLVGQALFGDGAAAIIVGSDPIPEVEKPLFELV

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLNEAFQPLNITDWNSLFW

IAHPGGPAILDQVELKLALKPEKLRATRHVLSEYGNMSSACVLFILDEMRKSSAKKGLKT

TGEGLDWGVLFGFGPGLTVETVVLHSVST

Q01288 CHS6_PEA review ed

Chalcone synthase 6 (EC 

2.3.1.74) (Naregenin-

chalcone synthase 6)

CHS6
Pisum sativum (Garden 

pea)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVSEIRKAQRAEGPATILAIGTATPANCVEQSTYPDFYFKITNSEHKTVLKEKFQRMC

DKSMIKRRYMYLTEEILKENPSLCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPLPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNINKALVEAFQPLNIDDYNSIFW

IAHPGGPAILDQVEEKLGLKPEKMKATREVLSEYGNMSSACVLFILDEMRKKSAQQGLKT

TGEGLDWGVLFGFGPGLTIETVVLHSVAI

P30076 CHS8_MEDSA review ed

Chalcone synthase 8 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 8)

CHS8 Medicago sativa (Alfalfa) 389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVSEIRTAQRAEGPATILAIGTANPANCVEQSTYPDFYFKITNSEHKTELKEKFQRMC

DKSMIKRRYMYLTEEILKENPSVCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIVCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPVPEIEKPIFEMV

WTAQTIAPDSEGGIDGHLREAGLTFHLLKDVPGIVSKNINKALVEAFEPLGISDYNSIFW

IAHPGGPAILDQVEQKLALKPEKMKATREVLSEYGNMSSACVLVILDEMRKKSAQDGLKT

TGEGLEFGVLFGFGPGLTIETVVLRSVAI

Q9FSB8 CHS2_RUTGR review ed

Chalcone synthase 2 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 2)

CHS2
Ruta graveolens (Common 

rue)
393

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAAVTVEEIRKAQRADGPAAVLAIGTATPANYVTQADYPDYYFRITKSEHMTELKEKFKR

MCDKSMIRKRYMYLTEDILKENPNMCAYMAPSLDARQDIVVVEVPKLGKEAAVKAIKEWG

QPKSKITHLIFCTTSGVDMPGCDYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLRLAKDLA

ENNRGARVLVVCSEITAVTFRGPADTHLDSLVGQALFGDGAAAVIVGADPNESIERPLYQ

LVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLKEAFGPIGISDWNSI

FWIAHPGGPAILDQVEAKLGLKEEKLRATRQVLSEYGNMSSACVLFILDEMRKKCAEEGR

ATTGEGLDWGVLFGFGPGLTVETVVLRSVPINA

O23882 CHS4_PEA review ed

Chalcone synthase 4 (EC 

2.3.1.74) (Naregenin-

chalcone synthase 4)

CHS4
Pisum sativum (Garden 

pea)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVSEIRKAQRAEGPATILAIGTANPANCVEQSTYPDFYFRITNSEHKIELKQKFQRMC

DKSMINRRYMYLTEEILKENPSVCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPLPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPAIVSKNIDKALVEAFQPLGISDYNSIFW

IAHPGGPAILDQVEQKLALKPEKMKATREVLSEYGNMSSACVLFILDEMRRKSIQNGLKT

TGEGLEWGVLFGFGPGLTIETVVLHSVVI

O23884 CHS5_PEA review ed

Chalcone synthase 5 (EC 

2.3.1.74) (Naregenin-

chalcone synthase 5)

CHS5
Pisum sativum (Garden 

pea)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVSEIRKAQRAEGPATILAIGTANPANCVEQSTYPDFYFRITNSEHKTELKQKFQRMC

DKSMINRRYMYLTEEILKENPSVCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPIPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPAIVSKNIDKALVEAFQPLGISDYNSIFW

IAHPGGPAILDQVEQKLALKPEKMKATREVLSEYGNMSSACVLFILDEMRRKSIQNGLKT

TGEGLEWGVLFGFGPGLTIETVVLHSVAI

Q9MB33 CHS1_IPOBA review ed

Chalcone synthase LF1 

(EC 2.3.1.74) (Naringenin-

chalcone synthase LF1)

CHS-LF1

Ipomoea batatas (Sw eet 

potato) (Convolvulus 

batatas)

393

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRKAQRAEGPATILAIGTVTPANCVNQSTYPDYYFRITNSEHKTELKEKFQRMC

DKSMITKRYMHLTEEILKENPSFCEYMAPSLDARQDIAVVEVPKLGKEAAQSAIKEWGQP

KSKITHVVFCTTSGIDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLIVCSEITVVTFRGPSETHLDSLVGQALFGDGAAAVIVGADPTPAEKPLFQLVS

AAQTLAPNSCGAIDGHLREVGLTFHLLKDVPSVVSNKIEKCLFEAFNPLGISDWNSVFWI

AHPGGPAILDQVEDKLGLKPEKLRATRHVLSEYGNMSSACVLFILDEMRKASSNAGLGTT

GEGLEWGVLFGFGPGLTIETVVLHSVPIKPGPH

P53414 CHS1_SECCE review ed

Chalcone synthase 1 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 1)

CHS1 Secale cereale (Rye) 392

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAATMTVEEVRKAQRAEGPATVLAIGTATPANCVYQADYPDYYFKITKSDHMADLKEKFK

RMCDKSQIRKRYMHLTEEILQDNPNMCAYMAPSLDARQDIVVVEVPKLGKAAAQKAIKEW

GQPRSKITHLVFCTTSGVDMPGADYQLTKMLGLRPSVKRLMMYQQGCFAGGTVLRLAKDL

AENNRGARVLVVCSEITAVTFRGPHEFDSLVGQALFGDGAAAVIVGADPDESVERPLFQL

VSASQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIERALEDAFKPLGIDDWNSVF

WIAHPGGPAILDMVEAKVNLNKERMRATRHVLSEYGNMSSACVLFIMDEMRKRSAEDGHT

TTGEGMDWGVLFGFGPGLTVETVVLHSVPVTA

P51083 CHS1_TRISU review ed

Chalcone synthase 1 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 1)

CHS1
Trifolium subterraneum 

(Subterranean clover)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVAEIRKAQRAEGPATILAIGTANPPNRVEQATYPDFYFKITNSEHKVELKEKFQRMC

DKSMIKSRYMYLTEEILKENPSVCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPVPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNIDKALVEAFQPLNISDYNSIFW

IAHPGGPAILDQVEQKLSLKPEKMKATRDVLSEYGNMSSACVLFILDEMRKKSAQDGLKT

TGEGLEWGVLFGFGPGLTIETVVLHSVAI

Q9MB41 CHS2_IPOBA review ed

Chalcone synthase LF2 

(EC 2.3.1.74) (Naringenin-

chalcone synthase LF2)

CHS-LF2

Ipomoea batatas (Sw eet 

potato) (Convolvulus 

batatas)

393

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRKAQRAEGPATILAIGTVTPANCVNQSTYPDYYFRITNSEHKTELKEKFQRMC

DKSMITKRYMHLTEEILKENPSFCEYMAPSLDARQDIAVVEVPKLGKEAAQSAIKEWGQP

KSKITHVVFCTTSGVDMPGADYQLTKLLGLSPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLIVCSEITVVTFRGPSETHLDSLVGQALFGDGAAAVIVGADPTPAEKPLFQLVS

AAQTLAPDSCGAIDGHLREVGLTFHLLKDVPSVVSNNIEKCLFEAFNPLGISDWNSVFWI

AHPGGPAILDQVEDKLGLKPEKLRATRHVLSEYGNMSSACVLFILDEMRKASSNAGLGTT

GEGLEWGVLFGFGPGLTIETVVLHSVPIKPGPH

P53415 CHS2_SECCE review ed

Chalcone synthase 2 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 2)

CHS2 Secale cereale (Rye) 394

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAATMTVEEVRKAQRAEGPATVLAIGTATPANCVYQADYPDYYFKITKSDHMADLKEKFK

RMCDKSQIRKRYMHLTEEILQDNPNMCAYMAPSLDARQDIVVVEVPKLGKAAAQKAIKEW

GQPRSKITHLVFCTTSGVDMPGADYQLTKMLGLRPSVKRLMMYQQGCFAGGTVLRLAKDL

AENNRGARVLVVCSEITAVTFRGPHESHLDSLVGQALFGDGAAAVIIGADPDESIERPLF

QLVSASQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIERALEDAFKPLGIDDWNS

VFWIAHPGGPAILDMVEAKVNLNKERMRATRHVLSEYGNMSSACVLFIMDEMRKRSAEDG

HTTTGEGMDWGVLFGFGPGLTVETVVLHSVPVTA

Q9MB39 CHS4_IPOBA review ed

Chalcone synthase LF4 

(EC 2.3.1.74) (Naringenin-

chalcone synthase LF4)

CHS-LF4

Ipomoea batatas (Sw eet 

potato) (Convolvulus 

batatas)

393

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRKAQRAEGPATILAIGTVTPANCVNQSTYPDYYFRITNSEHKTELKERFQRMC

DKSMITKRYMHLTEEILKENPSFCEYMAPSLDARQDIAVVEVPKLGKEAAQSAIKEWGQP

KSKITHVVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLIVCSEITVVTFRGPSETHLDSLVGQALFGDGAAAVIVGADPTPAEKPLFQLVS

AAQNLAPDSCGAIDGHLREVGLTFHLLKDVPSVVSNNIEKCLFEAFNPLGISDWNSVFWI

AHPGGPAILDQVEDKLGLKPEKLRATRHVLSEYGNMSSACVLFILDEMRKASSNAGLGTT

GEGLEWGVLFGFGPGLTIETVVLHSVPIKPGPH

P48394 CHSB_IPOCO review ed

Chalcone synthase B (EC 

2.3.1.74) (Naringenin-

chalcone synthase B) 

(CHS-B) (Fragment)

CHSB
Ipomoea cordatotriloba 

(Tievine)
363

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MCTTVTVLTDTWSRREKRFEGHAKILAIGTATPANWVDQTTYPDFYFRITNSQHLLDHKE

KFRRICNKSKIRKRHMILTEELLKKNPNLCTYNDASLNTRQDILVSEVPKLGKEAAMKAI

KEWGRPISEITHLVFCTTSGVDMPGADFQLTKLLGLNSSVKRLMMYQQGCNAGAAMLRLA

KDVAENNKGARVLVVCSEVMLSVFRGPSLQQEDNLLAQCLFGDGSAALIVGTDPRPGLET

PLFELISAAQTIIPNTDSHLKLHVREMGLTFHCSKAVPTFITQNVEDCLVKAFEPYGISD

WNSIFWVLHPGGNAIVDGVEETLGLAPEKLRASRDVLSGYGNLTSACVLFILDEVRKKSK

KDE

P48404 CHSB_IPOTR review ed

Chalcone synthase B (EC 

2.3.1.74) (Naringenin-

chalcone synthase B) 

(CHS-B) (Fragment)

CHSB
Ipomoea triloba (Trilobed 

morning glory)
366

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MSTTVTVLTDTWGRRAKRFEIEGYAKILAIGTATPANWVDQTTYPDFYFRITNSQHLLEH

KEKFRRICNKSKIRKRHLVLTEELLQKNPSLCTYNETSLNTRQDILVSEVPKLGKEAAMK

AIKEWGRPISEITHLVFCTTSGVDMPGADFRLTKLLGLNSSVKRLMMYQQGCNAGAAMLR

LAKDLAESNKGGRILVVCSEITINIFRGPSLEQDDNLLAQCLFGDGSAAMIVGTDPRPDL

ETPLFELVSSAQTIVPNTDSHLKLTLREMGLTFHCSRAVPSVLAENVEDCLVKAFEPYGI

SDWNSIFWVFHPGGNAIVDRVEERLGLGAQRFRASRDVLSEYGNLTSACVLFILDEVRNK

SKKNEQ

http://etd.uwc.ac.za/
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Q9ZRS4 CHSY_CATRO review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS

Catharanthus roseus 

(Madagascar periw inkle) 

(Vinca rosea)

389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVNVEEIRNAQRAQGPATVLAIGTSTPSNCVDQSTYPDYYFRITNSEHKTELKEKFKRMC

EKSMIKKRYMHLTEEILQENPNICAYMAPSLDARQNIVVVEVPKLGKEAAQKAIKEWGQS

KSKITHLVFCTTSGVDMPGADYQLTKLLGLRSSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEITAVTFRGPSESHLDSLVGQALFGDGAAAIIVGSDPIPEIERPLFELV

SAAQTLLPDSHGAIDGHLREVGLTFHLLKDVPGLISKNIGKALDEAFQPLGISDWNSIFW

IAHPGGPAILDQVEEKLGLKPEKLRATRHVLSEYGNMSSACVLFILDEMRKASARDGLST

TGEGLEWGVLFGFGPGLTVETVVLHSVNV

O23731 CHS8_BROFI review ed

Chalcone synthase 8 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 8)

CHS8
Bromheadia f inlaysoniana 

(Orchid)
394

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MAPAMEEIRQAQRAEGPAAVLAIGTSTPPNALYQADYPDYYFRITKSEHLTELKEKFKRM

CDKSMIKKRYMYLTEEILKENPNICAFMAPSLDARQDIVVTEVPKLAKEAAARAIKEWGH

PKSRITHLIFCTTSGIDMPGADYQLTRLLGLRPSVNRFMLYQQGCFAGGTVLRLAKDLAE

NNAGARVLVVCSEITAVTFRGPSESHLDSLVGQALFGDGAAAIIVGSDPDSATERPLFQL

VSASQTILPESEGAIDGHLREIGLTFHLLKDVPGLISKNIQKCLLDAFKPLGVHDWNSIF

WIAHPGGPAILDQVEIKLGLKAEKLAASRNVLAEYGNMSSACVLFILDEMRRRSAEAGQA

TTGEGLEWGVLFGFGPGLTVETIVLRSVPIAGAE

P48402 CHSB_IPOTF review ed

Chalcone synthase B (EC 

2.3.1.74) (Naringenin-

chalcone synthase B) 

(CHS-B) (Fragment)

CHSB
Ipomoea trif ida (Morning 

glory)
366

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MSTAVTMLTDTWSRRAKRFEIEGYAKILAIGTATPANWVDQTTYPDFYFRITNSQHLLEH

KEKFRRICNKSNIRKRHMVLTEELLKKNPNLCTYNDASLNTRQDILVSEVPKLGKEAAMK

AIKVWGRPISEITHLVFCTTSGVDMPGADFQLTKLLGLNSSVKRLMMYQQGCNAGAAMLR

LAKDLAENNKGARVLVVCSEVMLSVFRGPSLQQEDNLLAQCLFGDGSAAIIIGTDPRPGL

ETPLFELISAAQTIIPDTDSHLKLHVREMGLTFHCSKAVPTFITQNVEDCLVKAFEPYGI

SDWNSIFWVLHPGGNAIVEGVEETLGLAPEKLRASRDVLSEYGNLTSACVLFILDEVRKK

SKKDEQ

O65872 CHSY_PINST review ed

Chalcone synthase (EC 

2.3.1.74) (Naringenin-

chalcone synthase)

CHS
Pinus strobus (Eastern 

w hite pine)
395

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MPGGMMADLEAFRKAQRADGPATILAIGTATPPNAVDQSTYPDYYFKITNSEHMTELKEK

FRRMCDKSGIKKRYMYLTEEILNENPSVCAYMAPSLDARQDMVVVEVPRLGKEAAAKAIK

EWGQPKSKITHVIFCTTSGVDMPGADYQMTKLLGLRPSVKRVMMYQQGCFAGGTVLRVAK

DLAENNRGARVLVVCSEITAVTFRGPSDTHLDSMVGQALFGDGARALIVGADPVPEVEKP

CFEMLWTAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLVEAFQQFGISDW

NQLFWIAHPGGPAILDQVEAKLNLDPKKLRATRQVLSEYGNMSSACVHFILDEMRKSSQQ

NGCSTTGEGLDVGVLFGFGPGLTVETVVLKSVPLQ

O23883 CHS3_PEA review ed

Chalcone synthase 3 (EC 

2.3.1.74) (Naregenin-

chalcone synthase 3)

CHS3
Pisum sativum (Garden 

pea)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVSEIRKAQRAEGPATILAIGTANPANCVEQSTYPDFYFRITNSEHKTELKQKFQRMC

DKSMINRRYMYLTEEILKENPSVCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPLPEIENPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPAIVSKNIDKALVEAFQPLGISDYNSIFW

IAHPGGPAILDQVEQKLALKPEKMKATREVLSEYGNMSSACVLFILDEMRRKSIQNGLKT

TGEGLEWGVLFGFGPGLTIETVVLHSVAI

Q9MB37 CHS7_IPOBA review ed

Chalcone synthase DIII 

(EC 2.3.1.74) (Naringenin-

chalcone synthase DIII)

CHS-DIII

Ipomoea batatas (Sw eet 

potato) (Convolvulus 

batatas)

393

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRKAKRAEGPATILAIGTATPANCVNQSTYPDYYFRITNSEHKTELKEKFQRMC

DKSMITKRYMHLTEEILKENPSFCEYMAPSLDARQDIAVVEVPKLGKEAAQSAIKEWGQP

KSKITHVFFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLIVCSEITVVTFRGPSETHLDSLVGQALFGDGAAAVIVGADPTPAEKPLFQLVS

AAQTLAPDSCGAIDGHLREVGLTFHLLKDVPSVVSNNIEKCLFEAFNPLGISDWNSVFWI

AHPGGPAILDQVEDKLGLKPEKLRATRHVLSEYGNMSSACVLFILDEMRKASSNAGLGTT

GEGLEWGVLFGFGPGLTIETVVLHSVPIKPGPH

Q9SB26 CHS9_DAUCA review ed

Chalcone synthase 9 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 9)

CHS9
Daucus carota (Wild 

carrot)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVNEFRKAQRAEGPATVLAIGTATPPNCVDQSAYADYYFRITNSEDKPELKEKFRRMC

EKSMINTRYMHLTEDLLKQNPSFCEYMASSLDARQDIVVNEVPKLGKEAALRAIKEWGRP

KSKITHLIFCTTSGVDMPGADFRLTKLLGLRPSVKRFMMYQQGCFAGGTVLRLAKDLAEN

NKNARVLVVCSEITVITFRGPNDTHLDSLVGQALFGDGAGAVIVGSDPVIGIEKPLFEIV

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIRKSLVEAFKPLGISDWNSIFW

IAHPGGPAILDQVETELSLKPDKLKSTRQVLRDYGNMSSACVLFILDEMRNASAKDGHRT

TGEGLDWGVLFGFGPGLTVETVVLHSVPT

Q9MB38 CHS6_IPOBA review ed

Chalcone synthase DII (EC 

2.3.1.74) (Naringenin-

chalcone synthase DII)

CHS-DII

Ipomoea batatas (Sw eet 

potato) (Convolvulus 

batatas)

393

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRKAQRAEGPATILAIGTATPANCVNQSTYPDYYFRITNSEHKTELKEKFQRMC

DKSMITKRYMHLTEEILKENPSFCEYMAPSLDARQDIAVVEVPKLGKEAAQSAIKEWGQP

KSKITHVVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLIVCSEITVVTFRGPSETHLDSLVGQALFGDGAAAVIVGADPTPAEKPLFQLVS

AAQTLAPNSCGAIDGHLREVGLTFHLLKDVPSVVSNNIEKCLFEAFNPLGISDWNSVFWI

AHPGGPAILDQVEDKLGLKPEKLRATRHVLSEYGNMSSACVLFILDEMRKASSNAGLGTT

GEGLEWGVLFGFGPGLTIETVVLHSVLIKPGPH

Q9MB36 CHS8_IPOBA review ed

Chalcone synthase DIV 

(EC 2.3.1.74) (Naringenin-

chalcone synthase DIV)

CHS-DIV

Ipomoea batatas (Sw eet 

potato) (Convolvulus 

batatas)

388

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVEEVRKAQRAEGPATILAIGTVTPANCVNQSTYPDYYFRITNSEHKTELKEKFQRMC

DKSMITKRYMHLTEEILKENPSFCEYMAPSLDARQDIAVVEVPKLGKEAAQSAIKEWGQP

KSKITHVVFCTTSGIDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLIVCSEITVVTFRGPSETHLDSLVGQALFGDGAAAVIVGADPTPAEKPLFQLVS

AAQTLAPNSCGAIDGHLREVGLTFHLLKDVPSVVSNNIEKCLFEAFNPLGISDWNSVFWI

AHPGGPAILDQVEDKLGLKPEKLRATRHVLSEYGNMSSACVLFILDEMRKASSNAGLGTT

GEGLEWGVLFGFGPGLTIETVVLHSVPT

P48403 CHSA_IPOTR review ed

Chalcone synthase A (EC 

2.3.1.74) (Naringenin-

chalcone synthase A) 

(CHS-A) (Fragment)

CHSA
Ipomoea triloba (Trilobed 

morning glory)
362

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MSPTVTVQLTDDTAKRFEGHAKLLAIGTATPTNWVDQATYPDFYFRITNSERLLEHKEKF

RRICNKSKIRFRHLVLTEELLKKSPNLCTYNDASLNTRQDILVSEVPKLGKEAAMKAIKE

WGRPISEITHLVFCTTSGVDMPGADFQLTKLLGLNSSVKRLMMYQQGCNAGAAMLRLVKD

LAENNKGARVLVVCSEITINIFRGPSLEQDDNLLAQCLFGDGSAAMIVGKDPRPGLETPL

FELVSSAQTIVPNTDSHLKLTLREMGLTFHCSRAVPSVLAENVEDCLVKAFEPYGISDWN

SIFWVFHPGGYAIVDRVEERLGLGPERLRASRDVLSEYGNLTSACVLFILDEMRKKSKKD

EQ

P48396 CHSB_IPONI review ed

Chalcone synthase B (EC 

2.3.1.74) (Naringenin-

chalcone synthase B) 

(CHS-B) (Fragment)

CHSB

Ipomoea nil (Japanese 

morning glory) (Pharbitis 

nil)

363

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MSTILNVLTDTWSPRAKKLEGDAKIWAIGTATPANWVDQTTYPDFYFRITNSQHLLEHKE

KFRRICNKSKIRKRHLVLTEELLKKNPNLCTYNETSLNTRQDILVAEVPKLGKEAAMKAI

KEWGRPISEITHLVFCTTSGVDMPGADFQLTKLLGLNSSVKRLMMYQQGCNAGAAMLRLA

KDLAESNKGGRVLVVCAEITINIFRGPSLEQDDNLLAQCLFGDGAAAMIVAADPRPGLET

PLFELVSSAQTIVPNTDSHLKLHLREMGLTFHCSKAVPSVLAENVEDCLVKAFEPYGISD

WNSIFWVFHPGGNAIVDRVEERLGLGPEKFRASRDVLSEYGNLTSACVLFTLDEMRKKSK

KDE

Q9ZU06 CHSY_PERAE review ed

Chalcone synthase (EC 

2.3.1.74) (Naregenin-

chalcone synthase)

CHS
Persea americana 

(Avocado)
392

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVNVEAIRKVQRAEGPATIMAIGTSTPPNAVDQSEYPDYYYFGSPTASTRPSSRRSFKRM

CEKSMIKKRYMYLTETYWKRIQMFVPTWLLPLKARQDMVVVEVPKLGKEVQPKAIKGMGQ

PKSKINPLVFCTTSGVDMPGADYQLTKVFGLPPSVKRLMMYQQGCFAGGTVLRLAKDLAE

NNKGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAALIVGADPVPGVENPMFEL

VSAGQTILPDSDGAIDGHLREVGLTFHLLKVVPGLISKNIEKSLVEAFEPLGISDWNSLF

WIAHPGGPAILDPGGDQTRPEARESCGNQACFSVSMATCQVFVCSSFSTRCEGSPKEEGL

KTTGEGIEWGVLFGFGPGLTVETVVLHSLPTH

Q9XJ58 CHS1_CITSI review ed

Chalcone synthase 1 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 1)

CHS1

Citrus sinensis (Sw eet 

orange) (Citrus aurantium 

var. sinensis)

389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVDEVRKAQRAQGPATIMAIGTATPPNCVDQSTYPDYYFRITNSEHMTDLKEKFKRMC

DKSMIKKRYMYLTEEILKENPNVCAYMAPSLDTRQDMVVVEVPRLGKAATEAIKEWGQPK

SKITHLVFCTTSGVDMPGADYRLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAENN

KGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGDGAAAIIIGADPIPEIEKPMFELVS

TAQTILPDSDGSIDGHLREAGLTFHLLKDVPGLISKNIQKSLTEAFKPLGISDWNSIFWI

AHPGGPAILDQVEEKLGLKPEKLRATRHVLSEYGNMSSACVLFILDEMRKKSAEDGLETA

GEGLEWGVLFGFGPGLTVETVVLHSVAAA

P51084 CHS2_TRISU review ed

Chalcone synthase 2 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 2)

CHS2
Trifolium subterraneum 

(Subterranean clover)
389

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVSVSEIRKAQRAEGPATILAIGTANPANRVEQATYPDFYFKITNSEHKVELKEKFQRMC

DKSMIKSRYMYLTEEILKENPSVCEYMAPSLDARQDMVVVEVPRLGKEAAVKAIKEWGQP

KSKITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLVVCSEVTAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPVPEIEKPIFEMV

WTAQTIAPDSEGAIDGHLREAGLTFHLLKDVPGIVSKNIDKALVEAFQPLNISDYNSIFW

IAHPGGPAILDQVEQKLALKPEKMKATREVLSEYGNMSSACVLFILDEMRKKSAQNGLKT

TGEGLEWGVLFGFGPGLTIETVVLHSVAI

Q9MB40 CHS3_IPOBA review ed

Chalcone synthase LF3 

(EC 2.3.1.74) (Naringenin-

chalcone synthase LF3)

CHS-LF3

Ipomoea batatas (Sw eet 

potato) (Convolvulus 

batatas)

388

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MVTVGEVRKAQRAEGPATILAIGTATPANCVNQSTYPDYYFRITNSEHKTELKEKFQRMC

DKSMITKRYMHLTEEILKENPSFCEYMAPSLDARQDIAVVEVPKLGKEAAQSAIKGWGQP

KSKITHVVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKDLAEN

NKGARVLIVCSEITVVTFRGPSEAHLDSLVGQALFGDGAAAVIVGADPTPAEKPLFQLVS

AAQTLAPDSCGAIDGHLREVGLTFHLLKDVPSVVSNNIEKCLFEAFNPLGISDWNSVFWI

AHPGGPAILDQVEDKLGLKPEKLRATRHVLSEYGNMSSACVLFILDEMRKASSNDGLGTT

GEGLEWGVLFGFGPGLTIETVVLHSVPT

P48395 CHSA_IPONI review ed

Chalcone synthase A (EC 

2.3.1.74) (Naringenin-

chalcone synthase A) 

(CHS-A) (Fragment)

CHSA

Ipomoea nil (Japanese 

morning glory) (Pharbitis 

nil)

344

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MSTILTNTWTRREKRIEGHAKILAIGTAIPANWVDQTTYPDFYFRITNSEHLLEHKEKFR

RICNKSKIRKRHLVITEELLKKNPNLCTYNEASLNTRQDILVSEVPKLGKEAAMKAIKEW

GRPISEITHLVFCTSSGVDMPGADFQLAKLLGLSSSVNRLMMYQQGCNAGAAMLRLAKDL

AENNKGGRVLVVCSEVMLNVFRGPSLEQEDYLLAQCLFGDGSAAVIVGTEPRPGLETPLF

ELVSAAQTTIPDTDSHLKLHLREMGLTFHCSKAVPSLITQNVEDYLVKAFEPFGISDWNS

IFWILHPGGIAILDRVEEKLGLEPEKLRASRDVLSESGNLTSAC

P48401 CHSA_IPOTF review ed

Chalcone synthase A (EC 

2.3.1.74) (Naringenin-

chalcone synthase A) 

(CHS-A) (Fragment)

CHSA
Ipomoea trif ida (Morning 

glory)
362

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MSPTATVQLTDDTAKRFEGHAKLLAIGTATPTNWVDQATYPDFYFRITNSEHLLEHKEKF

RRICNKSKIRKRHLVLTKELLKKNPNLCTYNDASLNTRQDILVSEVPKLGKEAAMKAIKE

WGRPISEITHLVFCTTSGVDMPGADFQLTKLLGLNSSVKRLMMYQQGCNAGAAMLRLVKD

LAENNKGARVLVVCSEITINIFRGPSLEQDDNLLAQCLFGDGSAAMIVGKDPRPGLETPL

FELVSSAQTIVPNTDSHLKLHLREMGLTFHCSRAVPSVLAENVEDCLVKAFEPYGISDWN

SIFWVFHPGGNAIVDRVEERLGLGPERLRASRDVLSEYGNLTSACVLFILDEMRKKSKKD

EQ

P48393 CHSA_IPOCO review ed

Chalcone synthase A (EC 

2.3.1.74) (Naringenin-

chalcone synthase A) 

(CHS-A) (Fragment)

CHSA
Ipomoea cordatotriloba 

(Tievine)
361

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MTPTVTVQLTDDTAKRFEGHAKLLAIGTATPTNWVDQATYPDFYFRITNSEHLLEHKEKF

RRICNKSKIRKRHLVLTEELLKENPNLCTYNDASLNTRQDILVSEVPKLGKEAAMKAIKE

WGRPISEITHLVFCTTSGVDMPGADFQLTKLLGLNSSVKRLMMYQQGCNAGAAMLRLVKG

LAENNKGARVLVVCSGITINIFRGPSLEQDDNLLAQCLFGDGSAAMIDGKDPRPGLETPL

FELVSSAQTIVPNTDSHLKLHLREMGLTFHCSRAVPSVLAENVEDCLVKAFEPYGISDWN

SIFWVFHPGGNAIVDRVEERSGLGPERLRASRDVLSEYGNLTSACVLFILDEMRKKSKKD

E

P48400 CHSA_IPOPL review ed

Chalcone synthase A (EC 

2.3.1.74) (Naringenin-

chalcone synthase A) 

(CHS-A) (Fragment)

CHSA
Ipomoea platensis 

(Morning glory)
362

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MSTTVLPDTWSRRAKRFEGHAKILAVGTATPANWVDQTTYPDFYFRITNSEHLLEHKEKF

RRICNKSKIRKRHLVLTEELLKKNPNLCTYNETSLNTRQDTLVSEVPKLGKEAAMKAIKE

WGRPISEITHLVFCTTSGVDMPGADFQLTKLLGLNISVKRLMMYQQGCNAGAAMLRLAKD

LAENNKGARVLVVCSEVTLSVFRGPSLQQEDNLLAQCLFGDGSAAVIVGTDPRPGLETPL

FELVSSAQTIIPDTDSHLKLHLLEMGLTFHCSKAVPSLITQNVEDCLVKAFEPFGISDWN

SIFWILHPGGNAILDRVEERLGLGPEKLRASRDVLSEYGNLTSACVLFILDLVRRKSKKQ

QQ

P30078 CHSY_MALDO review ed

Chalcone synthase (EC 

2.3.1.74) (Naregenin-

chalcone synthase) 

(Fragment)

CHS
Malus domestica (Apple) 

(Pyrus malus)
232

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MMYQQGCFAGGTVLRLAKDLAENNKGARVLVVCSEITAVTFRGPSDTHLDSLVGQALFGD

GAAAVIIGADPVPEVEKPLFELVSAAQTVLPDSDGAIDGHLREVGLTFHLLKDVPGLISK

NIEKSLNEALKPIGISDWNSLFWIAHPGGPAILDQVEAKLALKPEKLEATRQVLSDYGNM

SSACVLFILDEVRRKSAEKGLETTGEGLEWGVLFGFGPGLTVETVVLHSVAA

P48391 CHS3_GERHY review ed

Chalcone synthase 3 (EC 

2.3.1.74) (Naringenin-

chalcone synthase 3)

CHS3 Gerbera hybrida (Daisy) 403

PATHWAY: Secondary 

metabolite biosynthesis; 

f lavonoid biosynthesis.

CATALYTIC ACTIVITY: 3 malonyl-CoA + 4-coumaroyl-

CoA = 4 CoA + naringenin chalcone + 3 CO(2). 

{ECO:0000255|PROSITE-ProRule:PRU10023}.

MATSPAVIDVETIRKAQRAEGPATILAIGTATPANCVYQADYPDYYFRVTESEHMVDLKE

KFQRMCDKSMIRKRYMHITEEFLKENPSMCKFMAPSLDARQDLVVVEVPKLGKEAATKAI

KEWGFPKSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPNEGHLDSLVGQALFGDGAAAVIIGSDPDLSVER

PLFEMVSAAQTILPDSEGAIDGHLKEVGLTFHLLKDVPALIAKNIEKALIQAFSPLNIND

WNSIFWIAHPGGPAILDQVEFKLGLREEKLRASRHVLSEYGNMSSACVLFILDEMRKKSI

KDGKTTTGEGLEWGVLFGFGPGLTVETVVLHSLPATISVATQN

http://etd.uwc.ac.za/
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Entry Entry name Status Protein names Gene names Organism LengthPathway Catalytic activity Sequence

G7KXB8 G7KXB8_MEDTR unreviewed

Chalcone synthase 

protein

11440049 

MTR_7g084300

Medicago truncatula 

(Barrel medic) 

(Medicago tribuloides) 391

MVTVEEIRKAQRSNGPATILAFGTATPSHCVTQAEY

PDYYFRITNSEHMTDLKEKFKRMCEKSMIKKRYMH

ITEEFLKENPNMCAYMAPSLDARQDLVVVEVPKLG

KDAAKKAIAEWGQPKSKITHVVFCTTSGVDMPGAD

YQLTKLLGLKPSVKRLMMYQQGCFAGGTVLRLAK

DLAENNKNARVLVVCSEITAVTFRGPSDTHLDSLV

GQALFGDGAAAMIIGADPDLTVERPIFEIVSAAQTILP

DSDGAIDGHLREVGLTFHLLKDVPGIISKNIEKSLVE

AFAPIGISDWNSIFWVAHPGGPAILDQVEEKLRLKE

EKLRSTRHVLSEYGNMSSACVLFILDEMRKRSKEE

GKITTGEGLEWGVLFGFGPGLTVETVVLHSVPVQG

Q64HV0 Q64HV0_ARALY unreviewed

Chalcone synthase 

protein CHS

Arabidopsis lyrata (Lyre-

leaved rock-cress) 

(Arabis lyrata) 375

  

MVMAAGASSLDEIRKAQRADGPAGILAIGTANPENH

VLQAEYPDYYFRITNSEHMTDLKEKFKRMCDKSMI

RKRHMHLTEDFLKENPHMCAYMAPSLDTRQDIVV

VEVPKLGKEAAVKAIKEWGQPKSKITHVVFCTTSG

VDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAG

GTVLRIAKDLAENNRGARVLVVCSEITAVTFRGPSD

THLDSLVGQALFSDGAAALIVGSDPDTSVGEKPIFE

MVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGL

ISKNIVKSLDEAFKPLGISDWNSLFWIAHPGGPAILD

QVELKLGLKEEKMRMTRHVLSEYGNMSSACVLFIL

DEMRRKSAKDGVATTGGGLEWG

D0E301 D0E301_ARALL unreviewed

Chalcone synthase 

protein CHS

Arabidopsis lyrata 

subsp. lyrata (Lyre-

leaved rock-cress) 367

  

MVMAAGASSLDEIRKAQRADGPAGILAIGTANPENH

VLQAEYPDYYFRITNSEHMTDLKEKFKRMCDKSMI

RKRHMHLTEDFLKENPHMCAYMAPSLDTRQDIVV

VEVPKLGKEAAVKAIKEWGQPKSKITHVVFCTTSG

VDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAG

GTVLRIAKDLAENNRGARVLVVCSEITAVTFRGPSD

THLDSLVGQALFSDGAAALIVGSDPDTSVGEKPIFE

MVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGL

ISKNIVKSLDEAFKPLGISDWNSLFWIAHPGGPAILD

QVELKLGLKEEKMRMTRHVLSEYGNMSSACVLFIL

DEMRRKSAKDGVAT

D0E303 D0E303_ARALP unreviewed

Chalcone synthase 

protein CHS

Arabidopsis lyrata 

subsp. petraea 

(Northern rock-cress) 

(Cardaminopsis 

petraea) 367

  

MVMAAGASSLDEIRKAQRADGPAGILAIGTANPENH

VLQAEYPDYYFRITNSEHMTDLKEKFKRMCDKSMI

RKRHMHLTEDFLKENPHMCAYMAPSLDTRQDIVV

VEVPKLGKEAAVKAIKEWGQPKSKITHVVFCTTSG

VDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAG

GTVLRIAKDLAENNRGARVLVVCSEITAVTFRGPSD

THLDSLVGQALFSDGAAALIVGSDPDTSVGEKPIFE

MVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGL

ISKNIVKSLDEAFKPLGISDWNSLFWIAHPGGPAILD

QVELKLGLKEEKMRMTRHVLSEYGNMSSACVLFIL

DEMRRKSAKDGVAT

Q705Q9 Q705Q9_ARALL unreviewed

Chalcone synthase 

protein chs

Arabidopsis lyrata 

subsp. lyrata (Lyre-

leaved rock-cress) 391

  

MVMAAGASSLDEIRKAQRADGPAGILAIGTANPENH

VLQAEYPDYYFRITNSEHMTDLKEKFKRSDKSMIR

KRHMHLTEDFLKENPHMCAYMAPSLDTRQDIVVVE

VPKLGKEAAVKAIKEWGQPKSKITHVVFCTTSGVD

MPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTV

LRIAKDLAENNRGARVLVVCSEITAVTFRGPSDTHL

DSLVGQALFSDGAAALIVGSDPDTSVGEKPIFEMV

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLIS

KNIVKSLDEAFKPLGISDWNSLFWIAHPGGPAILDQ

VELKLGLKEEKMRMTRHVLSEYGNMSSACVLFILD

EMRRKSAKDGVATTGEGLEWGVLFGFGPGLTVET

VVLH

Q705Q6 Q705Q6_ARALP unreviewed

Chalcone synthase 

protein chs

Arabidopsis lyrata 

subsp. petraea 

(Northern rock-cress) 

(Cardaminopsis 

petraea) 391

  

MVMAAGASSLDEIRKAQRADGPAGILAIGTANPENH

VLQAEYPDYYFRITNSEHMTDLKEKFKRSDKSMIR

KRHMHLTEDFLKENPHMCAYMAPSLDTRQDIVVVE

VPKLGKEAAVKAIKEWGQPKSKITHVVFCTTSGVD

MPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTV

LRIAKDLAENNRGARVLVVCSEITAVTFRGPSDTHL

DSLVGQALFSDGAAALIVGSDPDTSVGEKPIFEMV

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLIS

KNIVKSLDEAFKPLGISDWNSLFWIAHPGGPAILDQ

VELKLGLKEEKMRMTRHVLSEYGNMSSACVLFILD

EMRRKSAKDGVATTGEGLEWGVLFGFGPGLTVET

VVLH

Q705Q4 Q705Q4_ARALP unreviewed

Chalcone synthase 

protein chs

Arabidopsis lyrata 

subsp. petraea 

(Northern rock-cress) 

(Cardaminopsis 

petraea) 391

  

MVMAAGASSLDEIRKAQRADGPAGILAIGTANPENH

VLQAEYPDYYFRITNSEHMTDLKEKFKRSDKSMIR

KRHMHLTEDFLKENPHMCAYMAPSLDTRQDIVVVE

VPKLGKEAAVKAIKEWGQPKSKITHVVFCTTSGVD

MPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTV

LRIAKDLAENNRGARVLVVCSEITAVTFRGPSDTHL

DSLVGQALFSDGAAALIVGSDPDTSIGEKPIFEMVS

AAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISK

NIVKSLDEAFKPLGISDWNSLFWIAHPGGPAILDQV

ELKLGLKEEKMRMTRHVLSEYGNMSSACVLFILDE

MRRKSAKDGVATTGEGLEWGVLFGFGPGLTVETV

VLH

D6C6K8 D6C6K8_NELNU unreviewed

Chalcone synthase 

(chalcone synthase 1) 

(EC 2.3.1.74)

CHSC CHS3 

CHS5 CHS7 

CHSB CHSD 

CHSE CHSF 

CHSG 

LOC104602160

Nelumbo nucifera 

(Sacred lotus) 389

  

MVTVEDIRKAQRAEGPATVMAIGTANPPNCVDQST

YPDYYFRITNSEHKTELKEKFKRMCEKSMIKKRYM

HLTEEILKENPNICEYMASSLDARQDMVVVEVPKLG

KEAATKAIKEWGQPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAK

DLAENNRGARVLVVCSELTAVTFRGPSDTHLDSLV

GQALFGDGAAAVIVGADPVPGVEKPLFELVSAAQTI

LPDSHGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

VEAFQPLGISDWNSIFWIAHPGGPAILDQVEEKLAL

KPEKLSATRHILSEYGNMSSACVLFILDEMRKKSIE

DGLKTTGEGLEWGVLFGFGPGLTVETVVLHSIAA

Q9SEN1 Q9SEN1_ARALL unreviewed Chalcone synthase

ARALYDRAFT_48

8219

Arabidopsis lyrata 

subsp. lyrata (Lyre-

leaved rock-cress) 396

  

MVMAAGASSLDEIRKAQRADGPAGILAIGTANPENH

VLQAEYPDYYFRITNSEHMTDLKEKFKRMCDKSMI

RKRHMHLTEDFLKENPHMCAYMAPSLDTRQDIVV

VEVPKLGKEAAVKAIKEWGQPKSKITHVVFCTTSG

VDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAG

GTVLRIAKDLAENNRGARVLVVCSEITAVTFRGPSD

THLDSLVGQALFSDGAAALIVGSDPDTSVGEKPIFE

MVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGL

ISKNIVKSLDEAFKPLGISDWNSLFWIAHPGGPAILD

QVELKLGLKEEKMRMTRHVLSEYGNMSSACVLFIL

DEMRRKSAKDGVATTGEGLEWGVLFGFGPGLTV

ETVVLHSVPL

Q0H703 Q0H703_ARALL unreviewed

Chalcone synthase 

(Chalcone synthase 

family protein) protein

Arabidopsis lyrata 

subsp. lyrata (Lyre-

leaved rock-cress) 389

  

MVMAAGASSLDEIRKAQRADGPAGILAIGTANPENH

VLQAEYPDYYFRITNSEHMTDLKEKFKRMCDKSMI

RKRHMHLTEDFLKENPHMCAYMAPSLDTRQDIVV

VEVPKLGKEAAVKAIKEWGQPKSKITHVVFCTTSG

VDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAG

GTVLRIAKDLAENNRGARVLVVCSEITAVTFRGPSD

THLDSLVGQALFSDGAAALIVGSDPDTSVGEKPIFE

MVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGL

ISKNIVKSLDEAFKPLGISDWNSLFWIAHPGGPAILD

QVELKLGLKEEKMRMTRHVLSEYGNMSSACVLFIL

DEMRRKSAKDGVATTGEGLEWGVLFGFGPGLTV

ETV

Q9SBU8 Q9SBU8_ARALP unreviewed Chalcone synthase

Arabidopsis lyrata 

subsp. petraea 

(Northern rock-cress) 

(Cardaminopsis 

petraea) 396

  

MVMAAGASSLDEIRKAQRADGPAGILAIGTANPENH

VLQAEYPDYYFRITNSEHMTDLKEKFKRMCDKSMI

RKRHMHLTEDFLKENPHMCAYMAPSLDTRQDIVV

VEVPKLGKEAAVKAIKEWGQPKSKITHVVFCTTSG

VDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAG

GTVLRIAKDLAENNRGARVLVVCSEITAVTFRGPSD

THLDSLVGQALFSDGAAALIVGSDPDTSIGEKPIFE

MVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGL

ISKNIVKSLDEAFKPLGISDWNSLFWIAHPEGPAILD

QVELKLGLKEEKMRMTRHVLSEYGNMSSACVLFIL

DEMRRKSAKDGVATTGEGLEWGVLFGFGPGLTV

ETVVLHSVPL

Q9SBU7 Q9SBU7_ARALP unreviewed Chalcone synthase

Arabidopsis lyrata 

subsp. petraea 

(Northern rock-cress) 

(Cardaminopsis 

petraea) 396

  

MVMAAGASSLDEIRKAQRADGPAGILAIGTANPENH

VLQAEYPDYYFRITNSEHMTDLKEKFKRMCDKSMI

RKRHMHLTEDFLKENPRMCAYMAPSLDTRQDIVV

VEVPKLGKEAAVKAIKEWGQPKSKITHVVFCTTSG

VDMPGADYQLTKLLGLRPSVKRLMMYQQGCFAG

GTVLRIAKDLAENNRGARVLVVCSEITAVTFRGPSD

THLDSLVGQALFSDGAAALIVGSDPDTSVGEKPIFE

MVSAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGL

ISKNIVKSLDEAFKPLGISDWNSLFWIAHPGGPAILD

QVELKLGLKEEKMRMTRHVLSEYGNMSSACVLFIL

DEMRRKSAKDGVATTGEGLEWGVLFGFGPGLILE

TVVLHSVPL

A0A1Z1N350 A0A1Z1N350_PRUPEunreviewed

Chalcone synthase (EC 

2.3.1.74) CHS

Prunus persica (Peach) 

(Amygdalus persica) 343

  

MVLVILIWQFTGKTTTVKTRYVVMSDEILEKYPELTT

EGTPTIKQRLHICNEAVTQMAIEASGACIKNWGRPI

SDITHLVYVSSSEARLPGGDIYLAKGLGLRPETQRV

LLYFSGCSGGVAGLRVAKDIAENNPGSRVLLATSE

TTIIGYKPPSAHRPYDLVGVALFGDGAGAMLIGSDP

DLISEKPLFELHTAIQEFLPDTEKTIDGRVTEEGISF

KLGRELPQIIEDHIEGFCGRLMGVLGYDNKEYNKM

FWAVHPGGPAILNRLEKRLDLFPEKLNASRRALTD

YGNASSNTIVYVLEYMIEESKKIKKEQQEGDGEWG

LILAFGPGITFEGILARNLAV

Q6X0M9 Q6X0M9_SOYBN unreviewed

Chalcone synthase (EC 

2.3.1.74) (Chalcone 

synthase CHS3)

100791524 CHS 

GLYMA_08G10930

0 

GLYMA_08G11030

0 

GLYMA_08G11090

0

Glycine max (Soybean) 

(Glycine hispida) 388

  

MVSVEEIRNAQRAEGPATVMAIGTATPPNCVDQST

YPDYYFRITNSEHMTELKEKFKRMCDKSMIKKRYM

YLNEEILKENPSVCAYMAPSLDARQDMVVVEVPKL

GKEAATKAIKEWGQPKSKITHLIFCTTSGVDMPGA

DYQLTKLLGLRPSVKRYMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPTDTHLDSL

VGQALFGDGAAAVIVGSDPLPVEKPLFQLVWTAQT

ILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKA

LVEAFQPLGISDYNSIFWIAHPGGPAILDQVEAKLGL

KPEKMEATRHVLSEYGNMSSACVLFILDQMRKKSI

ENGLGTTGEGLDWGVLFGFGPGLTVETVVLRSVT

V

http://etd.uwc.ac.za/
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D1MIB1 D1MIB1_9CARY unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS Fagopyrum dibotrys 395

  

MAPTVQEIRKAQRAEGPATVLAIGTATPPNCVYQA

DYPDYYFRVTNSDHMTDLKEKFRRMCDKSQIEKR

YMYLTEDILKEHPNMCEYMAPSLDSRQDMVVTEVP

KLGKEAAQKAIKEWGQPKSKITHVIVCTTSGVDMP

GADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLR

MAKDLAENNRGARVLVVCSEITAVCFRGPTDTHLD

SMVGQALFGDGAGAVIVGADPDLSIEKPIFELVWTS

QTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIE

KSLTEAFSPLNIADWNSLFWIAHPGGPAILDQVEAK

LGLKEEKLKATRQVLNDYGNMSSACVLFILDEMRK

KSLENGHATTGEGLDWGVLFGFGPGLTVETVVLH

SVPTTTLAN

Q93V86 Q93V86_HUMLU unreviewed

Chalcone synthase (EC 

2.3.1.74) chs2

Humulus lupulus 

(European hop) 394

  

MTSMTVDQIRRPLRAEGLATILAIGTANPANYITQAD

YPDYYFRVTKSEHMTDLKNKFQRMCDRSMIKKRH

MYFTEEHLKQNPNMCDYTAPSLDARQSILVVEVPK

LGKEACIKAIKEWNQPKSKITHFIFTTISGIDMPGAD

YQCSKLLGLNPSVKRVMLYNLGCHASGTILRMAKDI

AENNKGARVLAVCSDIMTGHFRGPAESHLDSMIGQ

ALFGDGASAIIVGAEPDESAGEQPIFELVSTAQTTL

PDSDGVARGHLKEAGVVIHLHQSLPGLISTNIEKSL

TEAFAPIGISDWNSIFWITHPAGRAVLEEIEAKLQLK

NEKLADSRHVLSEYGNMSSACVFFIMDKLRKRSLE

QRKSTTGDGLEWGVLFGFGPGLTVETVVLHSVAN

KF

D1MJ10 D1MJ10_FAGTA unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS

Fagopyrum tataricum 

(Tartarian buckwheat) 

(Polygonum tataricum) 395

  

MAPTVQEIRKAQRAEGPATVLAIGTATPPNCVYQA

DYPDYYFRVTNSDHMTDLKEKFRRMCDKSQIEKR

YMYLTEEILKEHPNMCEYMAPSLDSRQDMVVTEVP

KLGKEAAQKAIKEWGQPKSKITHVIVCTTSGVDMP

GADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLR

MAKDLAENNRGARVLVVCSEITAVCFRGPTDTHLD

SMVGQALFGDGAGAVIVGADPDLSIEKPIFELVWTS

QTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIE

KSLTEAFSPLNIADWNSLFWIAHPGGPAILDQVEAK

LGLKEEKLKATRQVLNDYGNMSSACVLFILDEMRK

KSLENGHATTGEGLDWGVLFGFGPGLTVETVVLH

SVPTTTLAN

A0A0A0P7Q3A0A0A0P7Q3_RHEAUunreviewed

Chalcone synthase (EC 

2.3.1.74) CHS2

Rheum australe 

(Himalayan rhubarb) 

(Rheum emodi) 392

  

MAPTVQEIRKAQRAEGPATVLAIGTATPANCIYQAD

YPDYYFRVTNSEHMTDLKEKFRRMCDKSMIEKRY

MHLTEEILKENQNMCEYMAPSLDSRQDMVVSEVP

RLGKEAAQKAIKEWGQPKSKITHVIMCTTSGVDMP

GADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLR

LAKDLAENTRGARVLVVCSEITAICFRGATDTHLDS

MVGQALFGDGCRSRHHWIRTRRPLRGQSSSWF

GRPRPSYPTPKAPLTATYVRLGSPFISSRTFPALIS

KNIHKSLAGGFSLPSIFTDWNSLFWHCSGGPAILD

QVEAKLGLKEEKLKATRQVLNDYGNMSSACVLFIM

NEMRKKSLENGHATTGEGLDWGVLFGFGPGLTVE

TVVLHSVPVAH

D1MJ11 D1MJ11_FAGES unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS

Fagopyrum esculentum 

(Common buckwheat) 

(Polygonum fagopyrum) 392

  

MAPTVQEIRKAQRAEGPATVLAIGTATPPNCVYQA

DYPDYYFRVTNSDHMTDLKEKFRRMCDKSQIEKR

YMYLTEEILKEHPNMCEYMAPSLDSRQDMVVTEVP

KLGKEAAQKAIKEWGQPKSKITHVIVCTTSGVDMP

GADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLR

MAKDLAENNRGARVLVVCSEITAVCFRGPTDTHLD

SMVGQALFGDGAGAVIVGADPDLSVEKPIFELVWT

SQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNI

EKSLTEAFSPLNIADWNSLFWIAHPGGPAILDQVEA

KLGLKEEKLKATRQVLNDYGNMSSACVLFILDEMR

KKSLENGHATTGEGLDWGVLFGFGPGLTVETVVL

HSVPVAN

D7KP48 D7KP48_ARALL unreviewed

Chalcone synthase 

family protein

ARALYDRAFT_47

0071

Arabidopsis lyrata 

subsp. lyrata (Lyre-

leaved rock-cress) 396

  

MSNSRMNGVEKLSSISTRRVANPGKATLLALGKAF

PSQVVPQENLVEGFLRDTKCEDAFIKEKLEHLCKT

TTVKTRYTVLSREILDKYPELTTEGSPTIKQRLEIAN

EAVVEMALEASLGCIKEWGRPVEDITHIVYVSSSEI

RLPGGDLYLSAKLGLRNDVNRVMLYFLGCYGGVT

GLRVAKDIAENNPGSRVLLTTSETTILGFRPPNKAR

PYDLVGAALFGDGAAAVIIGADPRECEAPFMELHYA

VQQFLPGTQNVIDGRLTEEGINFKLGRDLPQKIEE

NIEEFCKKLMGKAGGDESMEFNDMFWAVHPGGP

AILNRLETKLKLEKEKLESSRRALVDYGNVSSNTILY

VMEYMREELKKKGDEAQEWGLGLAFGPGITFEGL

LIRSLTSP

A0A1S3EG19A0A1S3EG19_CICARunreviewed

LOW QUALITY 

PROTEIN: chalcone 

synthase 6-4-like LOC105852659

Cicer arietinum 

(Chickpea) (Garbanzo) 374

  

MVSVSEIRKAQRAEGPATILAIGTANPSNRVEQSTY

PDFYFKITNSEHKVELKQKFQRMCKYIIFHYLVLYE

HWFLYYSKFVLLILFYYKXKEAAVKAIKEWGQPKSK

ITHLIFCTTSGVDMPGADYQLTKLLGLRPYVKRYMM

YQQGCFAGGTVLRLAKDLAENNKGARVLVVCSEV

TAVTFRGPSDTHLDSLVGQALFGDGAAALIVGSDPI

PEIEKPIFEMVWTAQTIAPDSEGAIDGHLREAGLTF

HLLKDVPGIVSKNIDKALIEAFQPLNISDYNSIFWIAH

PGGPAILDQVEEKLALKPEKMRATREVLSEYGNMS

SACVLFILDEMRRKSAKDGLKTTGEGLEWGVLFG

FGPGLTIETVVLHSVAI

A0A0S1M144A0A0S1M144_HELANunreviewed

Chalcone synthase 2 

(Putative chalcone 

synthase)

CHS CHSY 

HannXRQ_Chr14g

0441041

Helianthus annuus 

(Common sunflower) 398

  

MASSIDIAAFREAQRAQGPATILAIGTATPSNCVYQA

DYPDYYFRITKSEHMVDLKEKFKRMCDKSMIRKRY

MHLTEEYLKENPSICEYMAPSLDARQDVVVVEVPK

LGKEAAVKAIKEWGKPKSQITHLIVCTTSGVDMPGA

DYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLRMA

KDLAENNKGARVLVVCSEITAVTFRGPSDTHLDSM

VGQALFGDGAAALVVGSDPDLTTERPLFQMVSAA

QTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIE

KALTQAFSPLGISDWNSIFWIAHPGGPAILDQVEQK

LKLKEEKMRATRHVLSEYGNMSSACVLFILDEMRK

KSVEDGAATTGEGLDWGVLFGFGPGLTVETVVLH

SVPTTMPIAP

Q9M5B2 Q9M5B2_PETHY unreviewed

Chalcone synthase (EC 

2.3.1.74) chs CHS

Petunia hybrida 

(Petunia) 389

  

MVTVEEYRKAQRAEGPATVMAIGTATPTNCVDQST

YPDYYFRITNSEHKTDLKEKFKRMCEKSMIKKRYM

HLTEEILKENPSMCEYMAPSLDARQDIVVVEVPKLG

KEAAQKAIKEWGQPKSKITHLVFCTTSGVDMPGC

DYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPNDTHLDSL

VGQALFGDGAGAIIIGSDPIPGVERPLFELVSAAQTL

LPDSHGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

EEAFRPLSISDWNSLFWIAHPGGPAILDQVEIKLGL

KPEKLKATRNVLSNYGNMSSACVLFILDEMRKASA

KEGLGTTGEGLEWGVLFGFGPGLTVETVVLHSVA

T

H6UKR4 H6UKR4_VACCO unreviewed Chalcone synthase chs

Vaccinium corymbosum 

(Highbush blueberry) 419

  

MVTVEEVRTAMRAEGPATVLAIGTATPAHCVEQAT

YPDYYFRVTNSEHKAELKEKFQRMCDKSQIKKRY

MYLTEEILKENPNVCAYMAPSLDARQDMVVVEIPKL

GKEAAVKAIKEWGQPKSKITHLVFCTTSGVDMPGA

DYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPSDSHLDSL

VGQALFGDGAAAIIVGADPIPEVEKPLFEVVSAAQTI

LPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

VEAFQPLGIPDWNSIFWIAHPGGPAILDQVEQKLAL

KPEKLRATRHVLSEYGNMSSACVLFTMDELRKSR

PKMGSRPPVKGSTGACSLGSGLGLPLRPQCSIVC

ALSGLVGLWVLFMAFLLRLWSLLWTGLCLIPL

B4G105 B4G105_MAIZE unreviewed

Chalcone synthase 

(Type III polyketide 

synthase B)

100283134 

ZEAMMB73_Zm00

001d019478 Zea mays (Maize) 417

  

MVSSSMDTTSDKRASSMLAPNPGKATILALGHAFP

QQLVMQDYVVDGFMKNTNCDDPELKEKLTRLCK

TTTVRTRYVVMSDEILKNYPELAQEGLPTMNQRLDI

SNAAVTQMATEASLSCVRSWGGALSSITHLVYVSS

SEARFPGGDLHLARALGLSPDVRRVMLAFTGCSG

GVAGLRVAKGLAESCPGARVLLATSETTIVGFRPP

SPDRPYDLVGVALFGDGAGAAVIGTDPAPAERPLF

ELHSALQRFLPDTERTIEGRLTEEGIKFQLGRELP

HIIEAHVEDFCQKLMKERQSGEDADGGGPEPMSY

GDMFWAVHPGGPAILTKMEGRLGLGADKLRASRC

ALRDFGNASSNTIVYVLENMVEDTRRRRLLAADDG

GEDCEWGLILAFGPGITFEGILARNLQATARASAQL

A0A072ULL9 A0A072ULL9_MEDTRunreviewed

Chalcone synthase 

family protein

25492852 

MTR_4g075560

Medicago truncatula 

(Barrel medic) 

(Medicago tribuloides) 390

  

MGDEGIVRGVTKQVTAGKATILALGKAFPHQLVMQ

EYLVDGYFRDTNCDNPELKQKLARLCKTTTVKTR

YVVMNEEILKKYPELAVEGASTVKQRLEICNEAVTQ

MAIEASQVCIKNWGGSLSDITHVVYVSSSEARLPG

GDLYLSKGLGLNPTIRRTMLYFSGCSGGVAGLRVA

KDIAENNPGSRVLLATSETTIIGFKPPSADRPYDLV

GVALFGDGAGAMIIGSDPKLETEMPLFELHTSAQEF

IPDTEKKIDGRLTEEGISFTLARELPQIIEDNVEGFC

DRLMDAVELENKEYNKLFWAVHPGGPAILNRVEK

RLELSPEKLNASRKALMDYGNASSNTIIYVLEYMLD

ESKKIRKEGGYPEWGLILAFGPGITFEGILARNLCP

A2ICC5 A2ICC5_VITVI unreviewed

Chalcone synthase (EC 

2.3.1.74)

CHS 

VIT_14s0068g0093

0 Vitis vinifera (Grape) 393

  

MVSVAEIRKAQRAEGPATVLAIGTATPANCVYQADY

PDYYFRITNSEHMTELKEKFKRMCEKSMINKRYMH

LTEEILKENPNVCAYMAPSLDARQDMVVVEVPKLG

KEAAAKAIKEWGQPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLKPSVKRLMMYQQGCFAGGTVLRLAK

DLAENNAGSRVLVVCSEITAVTFRGPSDTHLDSLV

GQALFGDGAAAVIIGADPDTKIERPLFELVSAAQTIL

PDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLV

EAFTPIGISDWNSLFWIAHPGGPAILDQVELKLGLK

EEKLRATRHVLSEYGNMSSACVLFILDEMRKKSIEE

GKGSTGEGLEWGVLFGFGPGLTVETVVLHSVSAP

AAH

Q2ENC2 Q2ENC2_POPTR unreviewed

Chalcone synthase 

(Chalcone synthase 

family protein)

CHS 

POPTR_0014s142

00g 

POPTR_014G145

100v3

Populus trichocarpa 

(Western balsam 

poplar) (Populus 

balsamifera subsp. 

trichocarpa) 396

  

MAPSIEEIRKAQRASGPATILAIGKATPANCVSQADY

PDYYFRITNSEHMTELKEKFKRMCDKSMIKKRYMH

LTEEILKENSSMCEYMAPSLDARQDMVVVEVPKLG

KEAAAKAIKEWGQPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLRSSVKRFMMYQQGCFAGGTVLRLAK

DLAENNKGSRVLVVCSEITAVTFRGPSDTHLDSMV

GQALFGDGAAAVIVGADPDTSIERPLFQIVSAAQTIL

PDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

VEAFAPIGINDWNSIFWIAHPGGPAILDQVEIKLDLK

EEKLRATRNVLSDYGNMSSACVLFILDEMRNKSLE

EGKSTTGEGLEWGVLFGFGPGLTVETVVLHSVPV

EQTIYS

A3E7Z7 A3E7Z7_9TRAC unreviewed

Chalcone synthase-like 

polyketide synthase Pks1 Huperzia serrata 399

  

MTIKGSGSAAFEGTRLCPRVIKPDGPATILAIGTSNP

TNIFEQSTYPDFFFDVTNCNDKTELKKKFQRICDK

SGIKKRHFHLTDEILRKNPSICKFKEASLDPRQDIA

VLEVPKLAKEAAISAIKQWGQPKSKITHLVFATTSG

VDMPGADFQLAKLLGLRPTVKRVMLYQQGCYAGA

TVLRVAKDLAENNKGARVLVACSEVTAVTFRAPSE

THLDGLVGSALFGDGAAALIVGSDPVPQEEKPLFEI

HWAGEAVLPDSDGAINGHLREAGLIFHLLKDVPGLI

SKNIDKVLAEPLEYVHFPSYNDMFWAVHPGGPAIL

DQIEAKLGLSTDKMQASRDVLASYGNMSSASVLFV

LDQIRKNSEELHLPTTGEGFEWGFVIGFGPGLTVE

TLLLRSINI

Q8W3P6 Q8W3P6_VITVI unreviewed

Chalcone synthase (EC 

2.3.1.74)

CHS3 

VIT_05s0136g0026

0 VITISV_030544 Vitis vinifera (Grape) 389

  

MVTVNEVRNAQRAEGPATVMAIGTATPPNCVDQS

TYPDYYFRITNSEHKTELKEKFKRMCDKSMIKKRY

MHLTEEILKENPNVCEYMAASLDARQDMVVVEVPK

LGKEAAAKAIKEWGQPKSKITHLVFCTTSGVDMPG

ADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLRL

AKDLAENNKGARVLVVCSEITAVTFRGPSDTHLDS

LVGQALFGDGAAAVIVGSDPIPGVEKPMFELVSAAQ

TILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEK

SLNEAFQPLGIKDWNSIFWIAHPGGPAILDQVEEKL

ALKPEKLRSTRHVLSEYGNMSSACVLFILDEMRRK

SAEEGLKTTGEGLEWGVLFGFGPGLTVETVVLHS

VST

B3F5J6 B3F5J6_SOYBN unreviewed Chalcone synthase 9

CHS9 100790997 

GLYMA_08G10950

0

Glycine max (Soybean) 

(Glycine hispida) 388

  

MVSVEAIRKAQRAEGPATVMAIGTATPPNCVDQST

YPDYYFRITNSEHMTELKEKFKRMCDKSMIKKLYM

YLNEEILKENPSVCAYMAPSLDARQDMVVVEVPKL

GKEAATKAIKEWGQPKSKITHLIFCTTSGVDMPGA

DYQLTKLLGLRPSVKRYMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPTDTHLDSL

VGQALFGDGAAAVIVGSDPLPVEKPLFQLIWTAQTI

LPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKAL

VEAFQPLGISDYNSIFWIAHPGGPAILDQVEAKLGL

KPEKMEATRHVLSEYGNMSSACVLFILDQMRKKSI

ENGLGTTGEGLDWGVLFGFGPGLTVETVVLRSVT

V

H9DV62 H9DV62_POLCS unreviewed

Chalcone synthase (EC 

2.3.1.74)

Polygonum cuspidatum 

(Japanese knotweed) 393

  

MAPSVQEIRKAQRAEGPATVLAIGTATPPNCIYQAD

YPDYYFRVTNSEHMTDLKEKFRRMCDKSMIEKRY

MHLTEEILKENQNMCAYMASSLDSRQDMVVSEVP

RLGKEAAQKAIKEWGQPKSKITHVIMCTTSGVDMP

GADYQLTKLLGLRPSVKRFMMYQQGCFAGGTALR

LAKDLAENTKGARVLVVCSEITAICFRGPTDTHLDS

MVGQALFGDGAGAVIIGADPDLSIERPIFELVWTAQ

TILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEK

SLTEAFSPLNISDWNSLFWIAHPGGPAILDQVEAKL

GLKEEKLKATRQVLNDYGNMSSACVLFIMDEMRK

KSLENGHATTGEGLDWGVLFGFGPGLTVETVVLH

SVPVAHH

Q6X0M8 Q6X0M8_SOYBN unreviewed

Chalcone synthase (EC 

2.3.1.74) (Chalcone 

synthase CHS1)

ICHS1 

GLYMA_08G10940

0

Glycine max (Soybean) 

(Glycine hispida) 388

  

MVSVEEIRKAQRAEGPATVMAIGTATPPNCVDQST

YPDYYFRITNSEHMTELKEKFKRMCDKSMIKKRYM

YLNEEILKENPSVCAYMAPSLDARQDMVVVEVPKL

GKEAATKAIKEWGQPKSKITHLIFCTTSGVDMPGA

DYQLTKLLGLRPSVKRYMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPTDTHLDSL

VGQALFGDGAAAVIVGSDPLPVEKPLFQLVWTAQT

ILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKA

LVEAFQPLGISDYNSIFWIAHPGGPAILDQVEAKLGL

KPEKMEATRHVLSEYGNMSSACVLFILDQMRKKSI

ENGLGTTGEGLDWGVLFGFGPGLTVETVVLRSVT

L

A0A1P8B585A0A1P8B585_ARATHunreviewed

Chalcone and stilbene 

synthase family protein

LAP5 LESS 

ADHESIVE 

POLLEN 5 

polyketide 

synthase B PSKB 

At4g34850 

F11I11.90 

F11I11_90

Arabidopsis thaliana 

(Mouse-ear cress) 319

  

MSEEILKKYPELAIEGGSTVTQRLDICNDAVTEMAV

EASRACIKNWGRSISDITHVVYVSSSEARLPGGDL

YLAKGLGLSPDTHRVLLYFVGCSGGVAGLRVAKDI

AENNPGSRVLLATSETTIIGFKPPSVDRPYDLVGVA

LFGDGAGAMIIGSDPDPICEKPLFELHTAIQNFLPET

EKTIDGRLTEQGINFKLSRELPQIIEDNVENFCKKLI

GKAGLAHKNYNQMFWAVHPGGPAILNRIEKRLNLS

PEKLSPSRRALMDYGNASSNSIVYVLEYMLEESKK

VRNMNEEENEWGLILAFGPGVTFEGIIARNLDV

O80407 O80407_VITVI unreviewed

Chalcone synthase (EC 

2.3.1.74) gVvCHS1 Vitis vinifera (Grape) 393

  

MVSVAEIRKAQRAEGPATVLAIGTATPANCVYQADY

PDYYFRITNSEHMTELKEKFKRMCEKSMINKRYMH

LTEEILKENPNVCAYMAPSLDARQDMVVVEVPKLG

KEAAVKAIKEWGQPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLKPSVKRLMMYQQGCFAGGTVLRLAK

DLAENNAGSRVLVVCSEITAVTFRGPSDTHLDSLV

GQALFGDGAAAVIIGADPDTKIERPLFELVSAAQTIL

PDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLV

EAFTPIGISDWNSLFWIAHPGGPAILDQVELKLGLK

EEKLRATRHVLSEYGNMSSACVLFILDEMRKKSIEE

GKASTGEGLEWGVLFGFGPGLTVETVVLHSVSAP

PAH

Q8W3P5 Q8W3P5_VITVI unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS2 Vitis vinifera (Grape) 393

  

MVSVGEIRKSQRAEGPATVLAIGTATPANCVYQAD

YPDYYFRITNSEHMTELKEKFKRMCEKSMINKRYM

HLTEEILKENPNVCAYMAPSLDARQDMVVVEVPKL

GKEAAVKAIKEWGQPKSKITHLVFCTTSGVDMPGA

DYQLTKLLGLKPSVKRLMMYQQGCFAGGTVLRLA

KDLAENNAGARVLVVCSEITAVTFRGPSDTHLDSL

VGQALFGDGAAAIIIGADPDTKIERPLFELVSAAQTIL

PDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLV

EAFKPIGISDWNSLFWIAHPGGPAILDQVELKLGLK

EEKLRATRHVLSEYGNMSSACVLFILDEMRKKSIEE

GKGTTGEGLEWGVLFGFGPGLTVETVVLHSLATQ

STHhttp://etd.uwc.ac.za/
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A0A1S2XQV5A0A1S2XQV5_CICARunreviewed chalcone synthase LOC101514543

Cicer arietinum 

(Chickpea) (Garbanzo) 391

  

MVTVEEIRNAQRSNGPATILAFGTATPSNCITQADY

PDYYFRITNSEHMTDLKEKFKRMCEKSMIKKRYMH

LTEEFLKENTNMCAYMAPSLDVRQDIVVVEVPKLG

KEAAKKAISEWGQPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLKPSVKRLMMYQQGCFAGGTVLRLAK

DLAENNKNARVLVVCSEITAVTFRGPSDTHLDSLV

GQALFGDGAAAMIIGADPDLTVERPIFEIVSAAQTILP

DSDGAIDGHLREVGLTFHLLKDVPGIISKNIEKSLVE

AFSPIGITDWNSIFWVAHPGGPAILDQVEEKLRLKE

DKLRSTRHVLSEYGNMSSACVLFILDELRKKSKEE

GKNTTGDGFEWGVLFGFGPGLTVETVVLHSVPIQ

G

U5INM8 U5INM8_MALDO unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS-2

Malus domestica (Apple) 

(Pyrus malus) 389

  

MVTVEEVRKAQRAEGPATVLAIGTATPSNCVDQAT

YPDYYFRITNSEHKTELKEKFQRMCDKSMIKKRYM

YLTEEILKENPTVCEYMAPSLDARQDMVVVEVPRL

GKEAATKAIKEWGQPKSKITHLVFCTTSGVDMPGA

DYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPSDTHLDSL

VGQALFGDGAAAVIIGADPLPEVEKPLFELVSAAQTI

LPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

NEAFKPIGISDWNSLFWIAHPGGPAILDQVESKLAL

KPEKLEATRQVLSNYGNMSSACVLFILDEVRRKST

EKGLRTTGEGLEWGVLFGFGPGLTVETVVLHSVA

A

A0A1S3BNX6A0A1S3BNX6_CUCMEunreviewed chalcone synthase 2 LOC103491706

Cucumis melo 

(Muskmelon) 400

  

MASVVSEIRKAQRADGPATVLAIGTATPPHSVLQS

DYPDYYFRITKSEHMTQLKEKFSRMCEKSMIRKRH

MYLTEEILRENPNMCEYMAPSLDARQDMVVVEVPK

LGKEAAAKAIKEWGQPKSKITHLIFCTTSGVDMPGA

DYQLLKLLGLRPSVKRYMMYQQGCFAGGTVLRLA

KDLAENNRGARVLVVCSEITAVTFRGPSETHLDSM

VGQALFGDGAGAVIVGSDPDLSAERPLYELVWTG

STVLPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIE

KSLKEAFTPLGISDWNSIFWIAHPGGPAILDQVEAK

LSLKEEKMRATREVLSEYGNMSSACVLFIMDQMR

KNSMEEGNSTTGEGLEWGVLFGFGPGLTVETVVL

HSVDIKESTVNVASY

A0A1U7Z9S2A0A1U7Z9S2_NELNUunreviewed chalcone synthase LOC104591893

Nelumbo nucifera 

(Sacred lotus) 393

  

MVSVEEIRNAQRAQGPATVLAIGTATPANCVYQAD

YPDYYFRITNSEHKTELKEKFKRMCEKSMIKKRYM

HLTEEILKENPNICAYMAPSLDARQDMVVVEVPKLG

KEAASKAIKEWGQPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLRPSVKRFMMYQQGCFAGGTVLRLAK

DLAENNAGARVLVVCSEITAVTFRGPSDTHLDSLV

GQALFGDGAAAVIVGADPDTSIERPLFQLVSAAQTI

LPDSHGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

VEAFTPIGVSDWNSLFWIAHPGGPAILDQVEEKLG

LKEEKLRATRNVLSEYGNMSSACVLFILDEMRKKS

VEEGRATTGEGLEWGVLFGFGPGLTVETVVLHSL

PAVPAH

E7BLG7 E7BLG7_PAESU unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS

Paeonia suffruticosa 

(Tree peony) (Paeonia 

moutan) 394

  

MASVEEIRNAQRAQGPATILAIGTATPAHFINQAEYP

DYYFRITNSEHKTELKEKFKRMCDKSMINKRYMYL

TEEILKENPKMCEYMAPSLDARQDMVVVEIPKLGK

EAATKAIKEWGQPKSKITHLVFCTTSGVDMPGADY

QLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKD

LAENNKGSRVLVVCSEITAVTFRGPSDTHLDSLVG

QALFGDGAAAVIVGADPDVKIERPLFQIVSAGQTILP

DSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLV

EAFKPIGINDWNSIFWIAHPGGPAILDQVELKLGLKE

EKLKNTRHVLSEYGNMSSACVLFILDETRKRSLEE

GKATTGEGLDWGVLFGFGPGLTVETVVLHSVPAITI

SE

Q45XN8 Q45XN8_9ASPA unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS5

Phalaenopsis hybrid 

cultivar 394

  

MAPAMEEIRRAQRAEGPAAVLAIGTSTPPNAVYQA

DYPDYYFRITNCEHLTDLKEKFKRMCEKSMIKKRY

MYLTEEFLKENPNICAFMAPSLDARQDIVVAEVPKL

AKEAAARAIKEWGHPKSRITHLIFCTTSGVDMPGA

DYQLTRLLGLRPSVNRFMLYQQGCFAGGTVLRLA

KDLAENNAGARVLVVCSEITAVTFRGPSESHLDSL

VGQALFGDGAAAIIVGSDPDLATERPLFQLVSASQT

ILPESEGAIDGHLREIGLTFHLLKDVPGLISKNIQKCL

LEAFKPLGVLDWNSIFWIAHPGGPAILDQVETKLGL

KSEKLAASRNVLAEYGNMSSACVLFILDEMRRRSA

EAGQSTTGEGLEWGVLFGFGPGLTVEAVVLRSVPI

GGTE

A8CLH4 A8CLH4_RHEPA unreviewed Chalcone synthase 2 CHS2

Rheum palmatum 

(Chinese rhubarb) 392

  

MAPTVQEIRKAQRAEGPATVLAIGTATPANCIYQAD

YPDYYFRVTNSEHMTDLKEKFRRMCDKSMIEKRY

MHLTEEILKENQNMCEYMAPSLDSRQDMVVSEVP

RLGKEAAQKAIKEWGQPKSKITHVIMCTTSGVDMP

GADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLR

LAKDLAENTRGARVLVVCSEITAICFRGPTDTHLDS

MVGQALFGDGAGAVIIGSDPDLSIERPIFELVWTAQ

TILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIHK

SLAEAFSPLNITDWNSLFWIAHPGGPAILDQVEAKL

GLKEEKLKATRQVLNDYGNMSSACVLFIMDEMRK

KSLENGHATTGEGLDWGVLFGFGPGLTVETVVLH

SVPVAH

Q43041 Q43041_PETHY unreviewed

Chalcone synthase (EC 

2.3.1.74) protein chsH

Petunia hybrida 

(Petunia) 330

  

DKSMIKKRYMHLTEEILKEDPNICECMAPSLDARQ

DIVVVEVPKLGKEAAEKAMEEWGQHKSRITHLVFC

TTTGVGLPGADFQLTQLLGLGSSVKRFMMNQLGC

FAGGTVLRLAKDLAENNKGARVLVVCSEITVVTFRA

PNETHLDSLVGQALFGDGAAAIIIGSDPIPNVERPLF

ELISAAQTLLPNSKNAICGELREIGLTFYLLKDVPKLI

SNNIRKSLVDVFQPLGISDWNSIFWVAHPGRSAILN

QVELKLGLKPEKLGATRHVLSEYGNMSSPSILLVLD

EIRKSSVNKGFGTTGEGLEWGVLIGFGPGLTFETV

VLHSVSTL

Q2HZ40 Q2HZ40_POPAL unreviewed Chalcone synthase CHS

Populus alba (White 

poplar) 396

  

MAPSIEEIRKAQRASGPATILAIGKATPANCVSQADY

PDYYFRITNSEHMTELKEKFKRMCDKSMIKKRYMH

ITEEILKENPSMCEYMAPSLDARQDMVVVEVPKLG

KEAATKAIKEWGRPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAK

DLAENNKGSRVLVVCSEITAVTFRGPSDTHLDSMV

GQALFGDGAAAVIVGADPDTSIERPLFQLVSAAQTI

LPDFDGAIDGHLREVGLTFHLLKDVPGLISRNIEKSL

VEAFAPIGINDWNSIFWIAHPGGPAILDQVEIKLDLK

EEKLRATRNVLSDYGNMSSACVLFILDEMRNKSLE

EGKSTTGEGLEWGVLFGFGPGLTVETVVLHSVPV

EQTIYS

Q9SBS4 Q9SBS4_9LILI unreviewed Chalcone synthase CHS2 Lilium hybrid division VII 412

  

MANVDEIRQSQQDRISYNLAMANVDEIRQSQRAK

GPATVLAIGTATPANMIYQSEYPDYYFRITKNEHMT

DLKEKFKRMCDKSMIRKRYMHLTEEILKENPNMCA

YMARSLDARQDMVVVEVPKLGKEAAVKAIKEWGQ

PKSKITHLVFCTTSGVDMPGADYQLTKLLGLRPSV

NRLMMYQQGCFAGGTVLRLAKDLAENNKSARVLV

VCSEITAVTFRGPNDSHLDSLVGQALLGDGAAAIIIG

ADPDLAVERPLFQLVSASQTILPDSEGAIDGHLREV

GLTFHLLKDVPGLISKNIEKSLTGAFQPLPISDWNSI

FWIAHPGGPAILDQVEERLALKKEKMKATRHVLSE

YGNMSSACVLFILDEMRKNSAAEGKATTGEGLEW

GVLFGFGPGLTVETVVLHSVPIVVA

Q58G81 Q58G81_9ASPA unreviewed

Chalcone synthase (EC 

2.3.1.74) chs

Phalaenopsis hybrid 

cultivar 390

  

MPTIESIKKAPRAHGFASILAIGKANPENFIEQCHYP

DFYFRVTSSEHLVDLKEKFQRMCDRTAIRKRHFV

WNEDLLTANPCLRTYMDKSLNIRQEVAIREIPKLGA

EAATKAIQEWGQPKSSITHLIFCTTSGMDLPGADF

QLTQILGLNPNVERVMLYQQGCFAGGTTLRLAKCL

AESREGARVLVVCAETTTVVFRAPSEEHQDDLVT

QALFADGASAVIVGVDPNEAAHERASFIIVSASQVLL

PDSAGAIGGHVSEGGLTATLHRDVPQIVSKNVGKC

LEEAFTPFGISDWNSIFWVPHAGGRAILDQVEERV

GLKPEKLSVSRHVLAEYGNMSSVCVHFALDEMRK

KSAKEAKATTGEGLEWGVLFGFGPGLTVETVVLH

SVPI

Q27Z06 Q27Z06_SORAU unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS

Sorbus aucuparia 

(European mountain 

ash) (Rowan) 391

  

MVTVEEVRKAQRAEGPATVMAIGTATPSNCVDQAT

YPDYYFRITNSEHKVELKEKFQRMCDKSMIKKRYM

YLTEEILKENPSVCEYMAPSIDARQDMVVVEVPKLG

KEAATKAIKEWGQPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAK

DLAENNKGARVLVVCSEITAVTFRGPSDTHLDSLV

GQALFGDGAAAVIIGADPVTEVEKPLFELVSAAQTIL

PDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

NEAFKPVGISDWNSLFWIAHPGGPAILDQVEAKLAL

KPEKLEATRQVLSDYGNMSSACVLFILDEVRRKSA

EKGLKTTGEGLEWGVLFGFGPGLTVETVVLHSVG

LTA

A0A1U7XEJ2A0A1U7XEJ2_NICSYunreviewed chalcone synthase LOC104233646

Nicotiana sylvestris 

(Wood tobacco) (South 

American tobacco) 395

  

MSQNGKNINGASKYFFQPSTRLPTPGKATILAMGK

AFPAQLVPQDCLVEGYIRDTNCQDLAIKEKLERLC

KTTTVKTRYTVMSKEILDKYPELATEGTPTIKQRLEI

ANPAVVEMAKQASQACIKEWGRSAEEITHIVYVSS

SEIRLPGGDLYLATELGLRNDIGRVMLYFLGCYGGV

TGLRVAKDIAENNPGSRVLLTTSETTILGFRPPNNA

RPYDLVGAALFGDGAAAVIIGTEPIMGKESPFMELN

FATQQFLPGTNNVIDGRLTEEGINFKLGRDLPEKIQ

DNIEEFCKKIIAKADLREAKYNDLFWAVHPGGPAILN

RLENTLKLQSEKLDCSRRALMDYGNVSSNTIFYVM

EYMREELKNKKNGGEEWGLALAFGPGITFEGILLR

SL

A0AMG7 A0AMG7_HUMLU unreviewed

Naringenin-chalcone 

synthase (EC 2.3.1.74) chs_H1-1539

Humulus lupulus 

(European hop) 389

  

MVTVEEVRKAQRAEGPATILAIGTATPANCILQSEY

PDYYFRITNSEHKTELKEKFKRMCDKSMIRKRYMH

LTEEILKENPNLCAYEAPSLDARQDMVVVEVPKLG

KEAATKAIKEWGQPKSKITHVVFCTTSGVDMPGAD

YQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRVAK

DLAENNKGARVLVVCSEITAVTFRGPNDTHLDSLV

GQALFGDGSAALIIGADPIPEIEKPTFELVSAAQTILP

DSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLV

EAFKPLGISDWNSLFWIAHPGGPAILDQVESKLALK

PEKLRATRHVLGEYGNMSSACVLFILDEMRRKCAE

DGLKTTGEGLEWGVLFGFGPGLTVETVVLHSVGI

A0AMG9 A0AMG9_HUMLU unreviewed

Naringenin-chalcone 

synthase (EC 2.3.1.74) chs_H1-211

Humulus lupulus 

(European hop) 389

  

MVTVEEVRKAQRAEGPATILAIGTATPANCILQSEY

PDYYFRITNSEHKTELKEKFKRMCDKSMIRKRYMH

LTEEILKENPNLCAYEAPSLDARQDMVVVEVPKLG

KEAATKAIKEWGQPKSKITHVVFCTTSGVDMPGAD

YQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRVAK

DLAENNKGARVLVVCSEITAVTFRGPNDTHLDSLV

GQALFGDGSAALIIGADPIPEIEKPIFELVSAAQTILP

DSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLV

EAFKPLGISDWNSLFWIAHPGGPAILDQVESKLALK

PEKLRATRHVLGEYGNMSSACVLFILDEMRRKCAE

DGLKTTGEGLEWGVLFGFGPGLTVETVVLHSVGI

Q9FEY5 Q9FEY5_HUMLU unreviewed

Chalcone synthase (EC 

2.3.1.74) chs_H1

Humulus lupulus 

(European hop) 389

  

MVTVEEVRKAQRAEGPATILAIGTATPANCILQSEY

PDYYFRITNSEHKTELKEKFKRMCGKSMIRKRYMH

LTEEILKENPNLCAYEAPSLDARQDMVVVEVPKLG

KEAATKAIKEWGQPKSEITHVVFCTTSGVDMPGAD

YQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRVAK

DLAENNKGARVLVVCSEITAVTFRGPNDTHLDSLV

AQALFGDGSAALIIGADPIPEIEKPIFELVSAAQTILPD

SDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLVEA

FKPLGISDWNSLFWITHPGGPAILDQVESKLGLKP

EKLRATRHVLGEYGNMSSACVLFILDEMRRKCAED

GVKTTGEGLEWGVLFGFGPGLTVETVVLHSVGI

A0AMG8 A0AMG8_HUMLU unreviewed

Naringenin-chalcone 

synthase (EC 2.3.1.74) chs_H1-132

Humulus lupulus 

(European hop) 389

  

MVTVEEVRKAQRAEGPATILAIGTATPANCILQSEY

PDYYFRITNSEHKTELKEKFKRMCDKSMIRKRYMH

LTEEILKENPNLCAYEAPSLDARQDMVVVEVPKLG

KEAATKAIKEWGQPKSKITHVVFCTTSGVDMPGAD

YQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRVAK

DLAENNKGARVLVVCSEITAVTFRGPNDTHLDSLV

GQALFGDGSAALIIGADPTPEIEKPIFELVSAAQTILP

DSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLV

EAFKPLGISDWNSLFWIAHPGGPAILDQVESKLALK

PEKLRATRHVLGEYGNMSSACVLFILDEMRRKCAE

DGLKTTGEGLEWGVLFGFGPGLTVETVVLHSVGI

Q5QPX9 Q5QPX9_ARATH unreviewed

Chalcone synthase (EC 

2.3.1.74) protein chs

Arabidopsis thaliana 

(Mouse-ear cress) 376

  

MAGASSLDEIRQAQRADGPAGILAIGTANPENHVLQ

AEYPDYYFRITNSEHMTDLKEKFKRMCTCDKSTIR

KRHMHLTEEFLKENPHMCAYMAPSLDTRQDIVVVE

VPKLGKEAAVKAIKEWGQPKSKITHVVFCTTSGVD

MPGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTV

LRIAKDLAENNRGARVLVVCSEITAVTFRGPSDTHL

DSLVGQALFSDGAAALIVGSDPDTSVGEKPIFEMV

SAAQTILPDSDGAIDGHLREVGLTFHLLKDVPGLIS

KNIVKSLDEAFKPLGISDWNSLFWIAHPGGPAILDQ

VEIKLGLKEEKMRATRHVLSEYGNMSSACVLFILDE

MRRKSAKDGVATTGEGLEWGVL

A0A1B4XSV6A0A1B4XSV6_CARTIunreviewed

CHS1 (EC 2.3.1.74) 

(Chalcone synthase) CtCHS1

Carthamus tinctorius 

(Safflower) 397

  

MASLTDIAEIRKAQRAEGPATILAIGTATPNNCIYQA

DYPDYYFRITNSEHMVELKQKFKRMCDKSMIRKRY

MHITEEFLKENPNMCEYMAPSLDARQDVVVVEVPK

LGKEAATKAIKEWGQPKSKITHLIVCTTSGVDMPGA

DYQITKLLGLRPSVKRFMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPNDTHLDSL

VGQALFGDGAAAVIVGADPDLATERPLFEMVSAAQ

TILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEK

ALVQAFSPLGISDWNSLFWIAHPGGPAILDQVEQK

LGLKEEKMRATRHVLSEYGNMSSACVLFIIDEMRK

KSAEDGCATTGEGLDWGVLFGFGPGLTVETVVLH

SVPTTPIAA

Q8S4Y7 Q8S4Y7_9FABA unreviewed

Root-specific chalcone 

synthase (EC 2.3.1.74) chs Senna alata 390

  

MVSVEEIRKAQRAQGPATVLAIGTATPPNCVDQST

YPDYYFRITNSEHKTELKEKFKRMCEKSMIKKRYM

HLTEDLLKENPNMCAYMAPSLDARQDMVVVEVPK

LGKEAATKAIKEWGQPKSKITHLIVCTTSGVDMPGA

DYQLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPSDTHLDSL

VGQALFGDGAAAIIVGSDPLPEVEKPLFELVWTAQ

TILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEK

ALVEAFQPLGISDYNSIFWIAHPGGPAILDQVEAKLE

LKPEKMRATRHVLSEYGNMSSACVLFILDEMRRKS

IQDGLETTGEGLEWGVLFGFGPGLTVETVVLRSVA

VN

Q8S4Y8 Q8S4Y8_9FABA unreviewed

Root-specific chalcone 

synthase (EC 2.3.1.74) chs Senna alata 389

  

MVKVEEIRKAQRAEGAATVMAIGTATPANCVEQST

YPDYYFRVTNSEHMTELKEKFQRMCDKSMIKKRY

MHLTEEILKENPNMCAYMAPSIDARQDIVVLEVPKL

GKEAATKAIKEWGQPKSKITHLIFCTTSGVDMPGA

DYQLTKLLGLRPSVKRYMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPSDTHLDSL

VGQALFGDGAAAVIVGSDPIPQVETPLFELVWTAQ

TILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEK

ALVEAFNPLGISDYNSIFWIAHPGGPAILDQVEAKLG

LKPEKMQATRHVLSEYGNMSSACVLFIMDEMRRK

STKDGLGTTGEGLEWGVLFGFGPGLTVETVVLHSI

AI

Q705N9 Q705N9_ARATH unreviewed

Chalcone synthase (EC 

2.3.1.74) protein chs

Arabidopsis thaliana 

(Mouse-ear cress) 390

  

MVMAGASSLDEIRQAQRADGPAGILAIGTANPENHV

LQAEYPDYYFRITNSEHMTDLKEKFKRSDKSTIRK

RHMHLTEEFLKENPHMCAYMAPSLDTRQDIVVVEV

PKLGKEAAVKAIKEWGQPKSKITHVVFCTTSGVDM

PGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVL

RIAKDLAENNRGARVLVVCSEITAVTFRGPSDTHLD

SLVGQALFSDGAAALIVGSDPDTSVGEKPIFEMVSA

AQTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNI

VKSLDEAFKPLGISDWNSLFWIAHPGGPAILDQVEI

KLGLKEEKMRATRHVLSEYGNMSSACVLFILDEMR

RKSAKDGVATTGEGLEWGVLFGFGPGLTVETVVL

H

http://etd.uwc.ac.za/
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Q9SB27 Q9SB27_DAUCA unreviewed

Chalcone synthase (EC 

2.3.1.74) gCHS2

Daucus carota (Wild 

carrot) 389

  

MVTVNEFRKAQRAEGPATVLAIGTATPPNCVDQSA

YADYYFRITNSEDKPELKEKFRRMCEKSMINTRYM

HLTEDLLKQNPSFCEYMASSLDARQDIVVNEVPKL

GKEAALRAIKEWGQPKSKITHLIFCTTSGVDMPGA

DFRLTKLLGLRPSVKRFMMYQQGCFAGGTVLRLA

KDLAENNKNARVLVVCSEITVITFRGPNDTHLDSLV

GQALFGDGAGAVIVGSDPVIGIEKPLFEIVSAAQTILP

DSDGAIDGHLREVGLTFHLLKDVPGLISKNIRKSLV

EAFKPLGISDWNSIFWIAHPGGPAILDQVETELSLK

PEKLKSTRQVLRDYGNMSSACVLFILDEMRKASAK

DGHRTTGEGLDWGVLFGFGPGLTVETVVLHSVPT

Q2ENC4 Q2ENC4_POPAL unreviewed Chalcone synthase CHS

Populus alba (White 

poplar) 396

  

MAPSIEEIRKAQRASGPATILAIGKATPANCVSQADY

PDYYFRITNSEHMTELKEKFKRMCDKSMIKKRYMH

ITEEILKENPSMCEYMAPSLDARQDMVVVEVPKLG

KEAATKAIKEWGQPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAK

DLAENNKGSRVLVVCSEITAVTFRGPSDTHLDSMV

GQALFGDGAAAVIVGADPDTSIERPLFQLVSAAQTI

LPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

VEAFAPIGINDWNSIFWIAHPGGPAILDQVEIKLDLK

EEKLRATRNVLSDYGNMSSACVLFILDEMRNKSLE

EGKSTTGEGLEWGVLFGFGPGLTVETVVLHSVPV

EQTIYS

A8E1V8 A8E1V8_PINPS unreviewed

Chalcone synthase (EC 

2.3.1.74) chs1

Pinus pinaster (Maritime 

pine) 395

  

MAGGMMADLEAFRKAQRADGPANILAIGTATPPNA

VDQSTYPDYYFKITNSEHMTELKEKFRRMCDKSAI

KKRYMYLTEEILQENPSVCAYMAPSLDARQDMVVV

EVPRLGKEAAAKAIKEWGQPKSKITHVIFCTTSGVD

MPGADYQLTKLLGLRPSVKRVMMYQQGCFAGGT

VLRVAKDLAENNRGARVLVVCSEITAVTFRGPSDT

HLDSMVGQALFGDGAAALIVGADPVPEVEKPCFEM

LWTSQTILPDSDGAIDGHLREVGLTFHLLKDVPGLI

SKNIEKSLVEAFQQFGISDWNQLFWIAHPGGPAIL

DQVEAKLNLDPKKLRATRQVLSDYGNMSSACVHFI

LDEMRKSSHQNGCSTTGEGLDVGVLFGFGPGLTV

ETVVLKSVPLQ

A0A0K0KBH0A0A0K0KBH0_ARAHYunreviewed Chalcone synthase CHS2

Arachis hypogaea 

(Peanut) 393

  

MVSVEEIRNAARANGPATVLAIGTATPSNCVYQDTY

PDYYFRITNSEHMTDLKEKFKRMCEKSMIRKRYMH

LTEDFLKKNPSMCEYMAPSLDARQDIVVVEVPKLG

KEAATKAIKDWGQPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLRSSVKRLMMYQQGCFAGGTVLRLAK

DLAENNKNARVLVVCSEITAVTFRGPSDTHLDSMV

GQALFGDGAATVIVGADPDTKVERPLFEMVSAGQT

ILPDSEGAIDGHLREVGLTFHLLKDVPGIISKNIEKSL

VEAFTPIGISDWNSIFWIAHPGGPAILDQVEAKLQLK

EEKLKATRHVLGEYGNMSSACVLFILDEMRKRSIE

EGKATTGEGFDWGVLFGFGPGLTVETVVLHSLPL

ENLS

Q9AVC0 Q9AVC0_9LILI unreviewed

Chalcone synthase (EC 

2.3.1.74) LhCHSB Lilium hybrid division I 393

  

MSKTVEEVRKAQRAQGPATILAIGTATPSNVIYQAD

YPDYYFRITNSEHLTDLKQKFKRMCKKSMIKKRYIH

LNEEILQENRNMCAYMAPSLDARQDIVVVEVPKLG

KEAASKAIKEWGQPKSKITHLIFCTTSGVDMPGAD

YQLTKLLGLRPSVNRFMMYQQGCFAGGTVLRFAK

DLAENNCDARVLVVCSEITAVTFRGPSESHLDSLV

GQALFGDGAAAVIVGSDPDTSVERPLFQIVSASQTI

LPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

TQAFAPLGITDWNSIFWIAHPGGPAILDQVELKLAL

DKKKMQATRHVLSEYGNMSSACVLFILDEMRKASA

EQGKATTGEGLDWGVLFGFGPGLTVETVVLHSIPI

TTN

Q42864 Q42864_9ROSI unreviewed

Naringenin-chalcone 

synthase (EC 2.3.1.74) CHS1

Juglans nigra x Juglans 

regia 389

  

MVTVEDVRRAQRAEGPATVMAIGTATPPNCVDQS

AYPDYYFRITNSEHKTELKEKFKRMCEKSMIKKRY

MHLTEEILKENPNVCAYMASSLDARQDMVVVEVPK

LGKEAATKAIKEWGQPKSKITHLVFCTTSGVDMPG

ADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRL

AKDLAENNKGARVLVVCSEITAVTFRGPSDTHLDS

LVGQALFGDGAAALIVGADPVPGVEKPLFELVSAA

QTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIE

KSLVEAFQPLGITDWNSLFWIAHPGGPAILDQVES

KLELKPEKLRATRHVLSEYGNMSSACVLFILDEMR

KKSAEDRLKTTGEGLEWGVLFGFGPGLTVETVVL

HSVSA

Q42865 Q42865_9ROSI unreviewed

Naringenin-chalcone 

synthase (EC 2.3.1.74) CHS2

Juglans nigra x Juglans 

regia 389

  

MVTVEDVRRAQRAEGPATVMAIGTATPPNCVDQS

AYPDYYFRITNSEHKTELKEKFKRMCGKSMIKKRY

MHLTEEILKENPNVCAYMASSLDARQDMVVVEVPK

LGKEAATKAIKEWGQPKSKITHLVFCTTSGVDMPG

ADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRL

AKDLAENNKGARVLVVCSEITAVTFRGPSDTHLDS

LVGQALFGDGAAALIVGADPVPGVEKPLFELVSAA

QTILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIE

KSLVEAFQPLGITDWNSLFWIAHPGGPAILDQVES

KLELKPEKLRATRHVLSEYGNMSSACVLFILDEMR

KKSAEDRLKTTGEGLEWGVLFGFGSGLTVETVVL

HSVSA

G9F7X4 G9F7X4_CURLO unreviewed

Chalcone synthase-like 

protein (EC 2.3.1.74) ClPKS9

Curcuma longa 

(Turmeric) (Curcuma 

domestica) 396

  

MAKLVTEIRKSQRAEGPAAVLAIGTATPPNVVYQAD

YPDYYFRITRSEHLVELKEKFKRMCDKSMIRKRHM

YLTEEILRENPKMCAYMEASLDARQDIVVVEVPRLG

KEAAVKAIKEWGQPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLRPSVNRFMMYQQGCFAGGTVIRLAK

DLAENNRGARVLVVCSEITAVTFRGPSDSHLDSMV

GQALFADGAGAIIVGADPDPATERPLFELVSASQTI

LPDSEGAIDGHLREAGLTFHLLKDVPGLISKNIEKSL

VEAFKPLGISDWNSLFWIAHPGGPAILDQVEAKLAL

DKDKMKATRNVLSEYGNMSSACVLFILDEMRRRS

AEEGKATTGEGLEWGVLFGFGPGLTVETVVLHSV

PISAAATH

A8CLG3 A8CLG3_RHEPA unreviewed Chalcone synthase 1 CHS1

Rheum palmatum 

(Chinese rhubarb) 391

  

MAPTVQEIRKAQRAEGPATILAIGTATPPNCVYQAD

YPDYYFRVTNSDHMTDLKEKFRRMCDKSMIEKRY

MHLTEDLLKQNPGMCEYMASSLDARQDMVVSEVP

RLGKEAAQRAIKEWGQAKSKITHVIMCTTSGVDMP

GADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLR

MAKDLAENNKGARVLVVCSEITAICFRGPTDTHLDS

MVGQALFGDGAGALVVGADPDLSIEKPIFELVWTA

QTILPDSEGAIDGHLREVGLTFHLLKTCPGDLQTS

RKSLAEAFSPLDISDWNSLFWVAHPGGPAILDQVE

AKLGLKEEKLKATRQVLNDYGNMSSACVLFILDEM

RKKSIKNGHATTGEGLDWGVLFGFGPGLTVETVVL

HSVPTAN

I6QHR8 I6QHR8_SILMA unreviewed

Chalcone synthase 2 

(EC 2.3.1.74) chs2

Silybum marianum 

(Blessed milk-thistle) 

(Carduus marianus) 412

  

MASSSIDIAEIRKAQRAQGPATILAIGTATPANCIYQA

DYPDYYFRITNSEHMVDLKEKFKRMCDKSMIRKRY

MHITEEFLKENPNMCEYMAPSLDARQDVVVVEVPK

LGKEAATKAIKEWGNPKSKITHLIVCTTSGVDMPGA

DYQITKLLGLRPSVKRFMMYQQGCFAGGTVLRLA

KDIAENNKGSRVLVVCSEITAVTFRGPNDTHLDSLV

GQALFGDGAAAIIVGADPDLKTERPLFEMVSAAQTI

LPDSEGAIDGHLREVGLTFHLLKDAPGLISKNIEKAL

IQAFSPLGITDWNSIFWIAHPGGPAILDQVEQKLGL

KEEKMRATRHVLSEYGNMSSACVLFIIDEMRKKSA

AEGATTTGEGLDWGVLFGFGPGLTVETVVLHSLPT

ATMPIAPQNLSQQVVINHE

Q94LW8 Q94LW8_HUMLU unreviewed

Chalcone synthase (EC 

2.3.1.74) chs3

Humulus lupulus 

(European hop) 399

  

MSSSITVDQIRKAQRAEGPATILAIGTATPANFIIQAD

YPDYYFRVTKSEHMTNLKKRFQRICDRTMIKKRHL

VLSEDHLKENPNMCEFMAPSLDVRQDILVVEVPKL

GKEACMKAIKEWDQPKSKITHFIFATTSGVDMPGA

DYQCAKLLGLSSSVKRVMMYQQGCFAGGTVLRIA

KDIAENNKGARVLALCSEITTCMFHGPTESHLDSM

VGQALFGDGASAVIVGAEPDESAGERPIYELVSAA

QTILPNSEGAIDGHLMETRLTFHLLKDVPGLISNNIE

KSLIEAFTPIGINDWNSIFWVTHPGGPAILDEVEAKL

ELKKEKLAISRHVLSEYGNMSSASVFFVMDELRKR

SLEEGKSTTGDGLDWGVLFGFGPGLTVEMVVLHS

VENKVKSET

A1E0A0 A1E0A0_POLCS unreviewed Chalcone synthase CHS1

Polygonum cuspidatum 

(Japanese knotweed) 393

  

MAPSVQEIRKAQRAEGPATVLAIGTATPPNCIYQAD

YPDYYFRVTNSEHMTDLKEKFRRMCDKSMIEKRY

MHLTEEILKENQNMCAYMASSLDSRQDMVVSEVP

RLGKEAAQKAIKEWGQPKSKITHVIMCTTSGVDMP

GADYQLTKLLGLRPSVKRFMMYQQGCFAGGTALR

LAKDLAENTKGARVLVVCSEITAICFRGPTDTHLDS

MVGQALFGDGAGAVIIGADPDLSIERPIFELVWTAQ

TILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEK

SLTEAFSPLNISDWNSLFWIAHPGGPAILDQVEAKL

GLKEEKLKATRQVLNDYGNMSSACVLFIMDEMRK

KSLENGHATTGEGLDWGVLFGFGPGLAVETVVLH

SVPVAHH

B0FYP9 B0FYP9_IPOBA unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS

Ipomoea batatas (Sweet 

potato) (Convolvulus 

batatas) 393

  

MVTVEEVRKAQRAEGPATILAIGTATPANCVNQSTY

PDYYFRITNSEHKTELKEKFQRMCDKSMITKRYMH

LTEEILKENPSVCEYMAPSLDARQDIAVVEVPKLGK

EAAQSAIKEWGQPKSKITHVVFCTTSGVDMPGAD

YQLTKLLGLCPSVKRLMMYQQGCFAGGTVLRLAK

DLAENNKGARVLIVCSEITVVTFRGPSETHLDSLVG

QALFGDGAAAVIVGADPTPAEKPLFQLVSAAQTLA

PDSCGAIDGHLREVGLTFHLLKDVPSVVSNNIEKCL

FEAFNPLGISDWNSVFWIAHPGGPAILDQVEDKLG

LKPEKLRATRHVLSEYGNMSSACVLFILDEMRKAS

SNDGLGTTGEGLEWGVLFGFGPGLTIETVVLHSVP

IKPGPH

Q9AVC1 Q9AVC1_9LILI unreviewed

Chalcone synthase (EC 

2.3.1.74) LhCHSA Lilium hybrid division I 394

  

MASMTVDEVRQAQRAQGPATVLAIGTATPSNVIYQ

ADYPDYYFRITKSEHLTGLKEKFKRMCEKSMIRKR

YMHLNEEILAENHNVCAYMAPSLDVRQDMVVVEVP

KLGKEAAAKAIKEWGQPKSKITHLIFCTTSGVDMP

GADYQLTKLLGLRPSVNRFMMYQQGCFAGGTVLR

LAKDLAENNRGARVLVVCSEITAVTFRGPSESHLD

SLVGQALFGDGAAAVIVGSDPDTAVERPLFELVSA

SQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNI

EKSLTGAFAPLGISDWNSLFWIAHPGGPAILDQVAA

KLGLQKEKMRATRHVLSEYGNMSSACVLFILDEMR

KTSAKMGKATTGEGLDWGVLFGFGPGLTVETVVL

HSLPIAAE

G1ETS5 G1ETS5_PAELC unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS

Paeonia lactiflora 

(Chinese peony) 

(Paeonia albiflora) 393

  

MASVEEIRNAQRAQGPATILAIGTATPAHCINQAEYP

DYYFRITNSEHKTELKEKFKRMCDKSMINKRYMYL

TEEILKENPNMCEYMAPSLDARQDMVVVEIPKLGK

EAATKAIKEWGQPKSKITHLVFCTTSGVDMPGADY

QLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKD

LAENNKGPRVLVVCSEITAVTFRGPSDTHLDSLVG

QALFGDGAAAVIVGADPDVKIERPLFQIVSAGQTILP

DSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLV

EAFKPIGINDWNSILWIAHPGGPAILDQVELKLGLKE

EKLKNTRHVLSEYGNMSSACVLFILDETRKRSLEE

GKATTGEGLDWGVLFGFGPGLTVETVVLHSVPAIT

NQ

A0A1D1XGY5A0A1D1XGY5_9ARAEunreviewed Chalcone synthase

CHS1_10 

g.113742 Anthurium amnicola 391

  

MVTTSLEAIRKAQRADGPATILAIGTAVPPNAVDQS

TYPDYYFRITNSEHQVELKEKFRRMCDKSMIKKRH

MYLTEEILKENPSMCAYMAPSLDARQDMVVVEVPR

LGKEAATRAIKEWGQPKSKITHLVFCTTSGVDMPG

ADYQLAKLLGLRPSVKRLMMYQQGCFAGGTVLRL

AKDLAENNRGARVLVICSEVTAVTFRGPSESHLDS

LVGQALFGDGASALVVGADPVEGVERPIFQVVSAA

QTILPDSHGAIDGHLREVGLTFHLLKDVPGLISKNID

KSLVEAFEPLGISDWNSLFWIAHPGGPAILDQVED

KLRLQSEKLAATRRVLSEYGNMSSACVHFILDEMR

KRSAEEGRGTTGEGLQWGVLFGFGPGLTVETLVL

HSVAI

F6M1S2 F6M1S2_FAGTA unreviewed

Chalcone synthase (EC 

2.3.1.74) protein CHS

Fagopyrum tataricum 

(Tartarian buckwheat) 

(Polygonum tataricum) 335

  

DKSQIEKRCMYLTEEILKEHPNMCEYMAPSLASRQ

DMVVTEVPKLGKEAAQKAIKEWGQPKSKITHVIVC

TTSGVDMPGADYQLTKLLGLRPSVKRFMMYQQG

CFAGGTVLRMAKDLAENNRGARVLVVCYEITAVCF

RGPTDTHLDSMVGQALFGDGAGAVIVGADPDLSIE

KPIFELVWTSQTILPDSEGAIDGHLREVGLTFHLLK

DVPGLISKNIEKSLTEAFDDFSTSPTGTPSSGSPTP

GAPLSSTRSRPSSDSRRRSSRATRQVLNDYGNM

SSACVLFILDEMRKKSLENGHATTGEGLDWGVLF

GFGPGLTVETVVLHSVPTTTLAN

A0A0A0P544 A0A0A0P544_9ROSAunreviewed

Chalcone synthase (EC 

2.3.1.74) CHS

Pyrus x bretschneideri 

(Chinese white pear) 389

  

MVTVEEVRKAQRAEGPATVLAIGTSTPPNCVDQAT

YPDYYFRITNSEHKTELKEKFQRMCDKSMIKTRYM

YLTEEILKENPTVCEYMAPSLDARQDMVVVEVPRL

GKEAATKAIKEWGQPKSKITHLVFCTTSGVDMPGA

DYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPSDTHLDSL

VGQALFGDGAAAVIIGSDPVPEVEKPLFELVSAAQTI

LPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

NEAFKPIGISDWNSLFWIAHPGGPAILDQVESKLAL

KPEKLEATRQVLSDYGNMSSACVLFILDEVRRKSA

EKGLKTTGEGLEWGVLFGFGPGLTVETVVLHSVAA

I1Y8W8 I1Y8W8_9CARY unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS Persicaria minor 392

  

MAPSVEQIGKAQRAEGPATVLAIGTATPPNCVSQA

DYPDYYFRVTNSEHMTDLKEKFRRMCDKSMIEKR

YMYLTEEILKENPNMCAYMEKSLDSRQDIVVTEVP

RLGKEAAQKAIKEWGQAKSKITHVIMCTTSGVDMP

GADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLR

LAKDLAENNKGARVLVVCSEITAVCFRGPTDTHLD

SMVGQALFGDGAGAVIIGADPDLSIEKPIFELVWTA

QTILPDSEGAIDGHLREVGLTFHPLKDVPGLISKNID

KSLKEAFSPLNIDDWNSLFWIAHPGGPAILDQVEA

KLGLKQEKLKATRQVLNDYGNMSSACVLFIMDEM

RKKSVENGHATTGEGLDWGVLFGFGPGLTVETVV

LHSVPVAH

A0A0A1E1L3 A0A0A1E1L3_9SOLAunreviewed

Chalcone synthase (EC 

2.3.1.74) CHS Iochroma calycinum 389

  

MMTVEEVRRAQRAKGPATIMAIGTATPSNCVDQST

YPDYYFRITNSEHMTELKEKFKRMCDKSMIKKRYM

HLTEEILKENPNICEYMAPSLDARQDIVVVEVPKLG

KEAAQKAIKEWGQPKSKITHLVFCTTSGVDMPGA

DYQLTKLLGLRPSVKRLMMYQQGCFAGGTVIRLAK

DLAENNKGARVLVVCSEITAVTFRGPSDTHLDSMV

GQALFGDGAAAIIIGSDPLPGVERPLFELVSAAQTLL

PDSEGAIDGHLREVGLTFHLLKDVPGLISQNIEKSLI

EAFQPLGISDWNSVFWIAHPGGPAILDQVELKLGL

KPEKLRATRQVLSDYGNMSSACVLFILDEIRKASAK

EGLSTTGEGLDWGVLFGFGPGLTVETVVLHSVSThttp://etd.uwc.ac.za/
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A0A0D3MTI6 A0A0D3MTI6_FAGTAunreviewed

Chalcone synthase (EC 

2.3.1.74) CHS2

Fagopyrum tataricum 

(Tartarian buckwheat) 

(Polygonum tataricum) 369

  

MAPSVEEIRKAQRADGPATVLAIGTATPPNCIYQAD

YPDFYFKVTNSEHMTDLKQKFKRMCDKSMIEKRF

MHLTEEILKENQNMCAYMAPSLDSRQDMVVSEVP

RLGKEAAQKAIKEWGQSKSKITHVIMCTTSGVDMP

GADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLR

LAKDLAENNKGARVLVALFGDGAGAVIIGADPDLSIE

KPIFELVWTAQTILPDSEGAIDGHLREVGLTFHLLK

DVPGLISKNIHKSLDEAFSPLNISDWNSLFWIAHPG

GPAILDQVEEKLGLKAEKMKATRQVLNDYGNMSSA

CVLFIMDEMRKKSLENGHATTGEGLEWGVLFGFG

PGLTVETVVLHSVPVVAQ

U3N0Z6 U3N0Z6_9MYRT unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS

Melastoma 

malabathricum 391

  

MVTVEEVRRSQRAEGPATILAIGTATPPNCVDQST

YPDYYFRITNSEHKAELKEKFQRMCDKSMIKKRYM

YLTEEILKENPSVCAYEAPSLDARQDMVVVEVPKL

GKEAAAKAIKEWGQPKSKITHLVFCTTSGVDMPGA

DYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPSESHLDSL

VGQALFGDGAGAIIIGSDPIPGVEKPMFELVSAAQTI

LPDSDGAIDGHLREVGLTFHLLKDVPGLISKNVEKS

LVEAFQPLGISDWNSLFWIAHPGGPAILDQVEEKL

GLKPEKMRATRQVLSDYGNMSSACVLFILDEMRR

SSKQNGFKTTGEGLEWGVLFGFGPGLTVETVVLH

SIATEA

D7R4L1 D7R4L1_FAGTA unreviewed

Chalcone synthase 

protein CHS

Fagopyrum tataricum 

(Tartarian buckwheat) 

(Polygonum tataricum) 334

  

DKSQIEKRYMYLTEEILKEHPNMCEYMAPSLDSRQ

DMVVTEVPKLGKEAAQKAIKEWGQPKSKITHVIVC

TTSGVDMPGADYQLTKLLGLRPSVKRFMMYQQG

CFAGGTVLRMAKDLAENNRGARVLVVCSEITAVCF

RGPTDTHLDSMVGQALFGDGAGAVIVGADPDLSIE

KPIFELVWTSQTILPDSEGAIDGHLREVGLTFHLLK

DVPGLISKNIEKSLTEAFSPLNIADWNSLFWIAHPG

GPAILDQVEAKLGLKEEKLKATRQVLNDYGNMSSA

CVLFILDEMRKKSLENGHATTGEGLDWGVLFGFG

PGLTVETVVLHSVPTTTLAN

X4QM74 X4QM74_FAGTA unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS1

Fagopyrum tataricum 

(Tartarian buckwheat) 

(Polygonum tataricum) 396

  

MAPTVQEIRKAQRAEGPATVLAIGTATPPNCVYQA

DYPDYYFRVTNSDHMTDLKEKFRRMCDKSQIEKR

YMYLTEEILKEHPNMCEYMAPSLDSRQDMVVTEVP

KLGKEAAQKAIKEWGQPKSKITHVIVCTTSGVDMP

GADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLR

MAKDLAENNRGARVLVVCSEITAVCFRGPTDTHLD

SMVGQALFGDGAGAVIVGADPDLSIEKPIFELVWTS

QTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIE

KSLTEAFSPFSTSPTGTPSSGSPTPGAPLSSTRS

RPSSDSRRRSSRATRQVLNDYGNMSSACVLFILD

EMRKKSLENGHATTGEGLDWGVLFGFGPGLTVET

VVLHSVPTTTLAN

F2VR45 F2VR45_PRUAV unreviewed

Naringenin-chalcone 

synthase (EC 2.3.1.74) CHS1

Prunus avium (Cherry) 

(Cerasus avium) 391

  

MVTVEEVRKAQRAEGPATVLAIGTSNPPNCVDQAT

YPDYYFRITNSEHKTELKEKFQRMCDKSMIKKRYM

YLTEEILKENPTMCEYMAPSLDARQDMVVVEIPKLG

KEAATKAIKEWGQPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLRSSVKRLMMYQQGCFAGGTVLRLAK

DLAENNRGARVLVVCSEITAVTFRGPSDTHLDSLV

GQALFGDGAAAIIVGADPIPEIEKPLFEVVSAAQTILP

DSDGAIDGHLREVGLTFHLLKDVPGLISKNIZKSLNE

AFQPLGISDWNSLFWIAHPGGPAILDQVESKLALK

PEKLEATRHILSEYGNMSSACVLFILDEVRKRATKK

GLKTTGDGLDWGVLFGFGPGLTVETVVLHSVGLN

A

I7GY80 I7GY80_9LILI unreviewed Chalcone synthase C CHSC Lilium hybrid division I 392

  

MANLDEIRQSQRAEGPATVLAIGTATPANMIYQSEY

PDYYFRITKSEHMTELKEKFKRMCDKSMIRKRYMH

LNEEILTENPNMCAYMAPSLDARQDMVVVEVPKLG

KEAAVKAIKEWGQPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLRPSVNRLMMYQQGCFAGGTVLRLAK

DLTENNKSARVLVVCSEITAVTFRGPDNAHLDSLV

GQALFGDGAAAIIVGADPDMTVERPLFQLVSASQTI

LPDSEGAIDGHLREVGLTFHLLKDVPALISKNIEKSL

TAAFQPLGISDWNSIFWIAHPGGPAILDQVEERLAL

KKEKMKATRHVLSEYGNMSSACVLFILDEMRKKSA

EEGKATTGEGLDWGVMFGFGPGLTVETVVFHSLPI

VAA

A0A1B4XSV2A0A1B4XSV2_CARTIunreviewed Chalcone synthase CtCHS2

Carthamus tinctorius 

(Safflower) 401

  

MASSPAIIDIDAIRKSQRAQGPATILAIGTATPSNCVL

QADYPDYYFRITNSEHLVDLKEKFKRMCDKSMIRK

RYMHITEEFLKENPNMCAYEAPSLDARQDLVVVEV

PKLGKEAAVKAIKEWGQPKSKITHLVFCTTSGVDM

PGADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVL

RLAKDLAENNAGARVLVVCSEITAVTFRGPSESHL

DSLVGQALFGDGAAAVIVGSDPDPATERPLFEMVS

ASQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISK

NIEKALTQAFSPLGISDWNSLFWIAHPGGPAILDQV

EERLGLKEEKMRATRKVLSEYGNMSSACVLFILDE

MRRKSAEDGRATTGEGLDWGVLFGFGPGLTVET

VVLHGIPTTISVET

A1E025 A1E025_POLCS unreviewed Chalcone synthase CHS1

Polygonum cuspidatum 

(Japanese knotweed) 393

  

MAPSVQEIRKAQRAEGPATVLAIGTATPPNCIYQAD

YPDYYFRVTNSEHMTDLKEKFRRMCDKSMIEKRY

MHLTEEILKENQNMCAYMASSLDSRQDMVVSEVP

RLGKEAAQKAIKEWGQPKSKITHVIMCTTSGVDMP

GADYQLTKLLGLRPSVKRFMMYQQGCFAGGTALR

LAKDLAENTKGARELVVCSEITAICFRGPTDTHLDS

MVGQALFGDGAGAVIIGADPDLSIERPIFELVWTAQ

TILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEK

SLTEAFSPLNISDWNSLFWIAHPGGPAILDQVEAKL

GLKEEKLKATRQVLNDYGNMSSACVLFIMDEMRK

KSLENGHATTGEGLDWGVLFGFGPGLAVETVVLH

SVPVAHH

C4MJ52 C4MJ52_9FABA unreviewed

Chalcone synthase (EC 

2.3.1.74) chs Glycyrrhiza inflata 389

  

MVSVAEIRKAQRAEGPANILAIGTANPPNCVDQSTY

PDFYFKITNSEHKTELKEKFQRMCDKSMIKKRYMY

LTEEILKENPNICAYMAPSLDARQDMVVVEVPRLGK

EAAVKAIKEWGQPKSKITHLIFCTTSGVDMPGADY

QLTKLLGLRPYVKRYMMYQQGCFAGGTVLRLAKD

LAENNKGARVLVVCSEITAVTFRGPTDTHLDSLVG

QALFGDGAAAVIVGSDPVPEIEKPIFELVWTAQTIAP

DSEGAIDGHLREVGLTFHLLKDVPGIVSKNIDKALT

GAFQPLGISDYNSIFWIAHPGGPTILDQVEQKLALK

PEKMKATRDVLSDYGNMSSACVLFILDEMRKKSA

QNGLKTTGEGLEWGVLFGFGPGLTIETVVLHSVAI

G9F7X3 G9F7X3_CURLO unreviewed

Chalcone synthase-like 

protein (EC 2.3.1.74) ClPKS10

Curcuma longa 

(Turmeric) (Curcuma 

domestica) 389

  

MANLHALRREQRTQGPATIMAIGTATPPNLYEQST

FPDFYFRVTNSDDKQELKEKFRRMCNKSMVKKR

YLYLTEEILKERPKLCSYKEPSFDDRQDIVVEEIPK

LAKEAAEKAISTRGRPKSEITHLVFCSISGIDMPGAD

YRLATLLGLPLTVNRLMIYSQACHMGAAMLRIAKDL

AENNRGARVLVVACEITVLSFRGPNERDFEALAGQ

AGFADGAAAVVVGADPLERVEKPIYEIAAAMQETVA

ESQEAVGGHLRAFGWTFYFLNQLPAIISNNIGKSLE

RALVPLGVREWNDVFWVAHPGNWAIMDAIEAKLQ

LTPDKLSTARHVFSEYGNMQSATVYFVMDELRKR

SAVEGRSTTGDGLQWGVLFGFGPGLSIETVVLRS

MPL

A0A0A1DZ26A0A0A1DZ26_9SOLAunreviewed

Chalcone synthase (EC 

2.3.1.74) CHS Iochroma cyaneum 389

  

MVTVEEVRRAQRAKGPATIMAIGTATPSNCVDQST

YPDYYFRITNSEHMTELKEKFKRMCDKSMIKKRYM

HLTEEILKENPNICEYMAPSLDARQDIVVVEVPKLG

KEAAQKAIKEWGQPKSKITHLVFCTTSGVDMPGA

DYQLTKLLGLRPSVKRLMMYQQGCFAGGTVIRLAK

DLAENNKGARVLVVCSEITAVTFRGPSDTHLDSMV

GQALFGDGAAAIIIGSDPLPGVERPLFELVSAAQTLL

PDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLI

EAFQPLGISDWNSVFWIAHPGGPAILDQVELKLGL

KPEKLRATRQVLSDYGNMSSACVLFILDEMRKASA

KEGLSTTGEGLDWGVLFGFGPGLTVETVVLHSVS

T

X2D809 X2D809_MAGLI unreviewed

Chalcone synthase (EC 

2.3.1.74) CHS

Magnolia liliiflora (Mulan 

magnolia) (Yulania 

liliiflora) 394

  

MSTVSIDAIRKAQRAGGPATVLAIGTATPSNEVIQAD

YPDYYFKITKSEHMTELKEKFKRMCDKSMIRKRYM

HLTEDILKENPDMCAYMAPSLDARQDMVVVEVPKL

GKEAATKAIKEWGHPKSKITHLIFCTTSGVDMPGA

DYQLTKLLGLRPSVKRYMMYQQGCFAGGTVLRLA

KDLAENNAGARVLVVCSEITAVTFRGPSDTHLDSL

VGQALFGDGAAAVIVGADPNSSERPLFQLVSTAQTI

LPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

VEAFEPLGINDWNSIFWIAHPGGPAILDQVEAKLNL

KAEKMRATRHVLSEYGNMSSACVLFILDEMRKKSA

EEGKGTTGEGLDWGVLFGFGPGLTVETVVLHSLPI

TGAH

A0A1L5J714 A0A1L5J714_ECHPIunreviewed

Chalcone synthase (EC 

2.3.1.74) chsB1

Echinacea pallida (Pale 

purple coneflower) 

(Rudbeckia pallida) 398

  

MASTIDIAAFREAQRAQGPATILAIGTATPSNCVYQA

DYPDYYFRITKSEHMVDLKEKFKRMCDKSMIRKRY

MHLTEEFLKENPSICEYMAPSLDARQDVVVVEVPK

LGKEAAVKAIKEWGKPKSQITHLIFCTTSGVDMPGA

DYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPSDTHLDSM

VGQALFGDGAAALVVGSDPDLTTERPLFQMVSAA

QTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIQ

KALIQAFSPLGISDWNSIFWIAHPGGPAILDQVQLKL

GLREEKMRATRHVLSEYGNMSSACVLFILDEMRKK

SAEDGATTTGEGLDWGVLFGFGPGLTVETVVLHS

LPTTMPIAP

A0A1L5J726 A0A1L5J726_ECHPIunreviewed

Chalcone synthase (EC 

2.3.1.74) chsA

Echinacea pallida (Pale 

purple coneflower) 

(Rudbeckia pallida) 389

  

MLSIQEFRKAQRAEGPATILAIGTATPPNCVVQSTY

PDYYFRITKSEDKKDLKEKFTRMCEKSMIRQRYMY

LTEEILKDKPNMCAYNAPSLDDRQDIVVVEVPKLG

KEAATRAIKEWGQPKSKITHLVFCTTSGVDMPGAD

YQLTKLLGLRSSVKRFMMYQQGCFAGGTVLRLAK

DLAENNKGARVLVVCSEITAVTFRGPDDTHLDSLV

GQALFGDGAAAIIVGSDPLPDVEKPIFEIISAAQTILP

DSGGAIDGHLREVGLTFHLLKDVPGLISKHIEKSLV

DAFQPLGINDRNSVFWIAHPGGPAILDQVEEKLALT

PDKLRASRHVLSEYGNMSSACVLFILNEMRHTSAT

DGFSTTGEGVEWGVLFGFGPGLTVETVVLHSVSI

A0A1L5J720 A0A1L5J720_ECHPIunreviewed

Chalcone synthase (EC 

2.3.1.74) chsB2

Echinacea pallida (Pale 

purple coneflower) 

(Rudbeckia pallida) 398

  

MASSIDIAAIREAQRAQGPATILAIGTATPSNCVCQA

DYPDYYFRITKSEHMTDLKEKFRRICNKSMIRKRY

MHLTEEFLKENPSICEFMAPSLDARLDVAVVEVPKL

GKEAAVKAIKEWGKPKSLITHLIFCTTSGVDMPGAD

YQPTKLLGLHPSVKRFMIYQQGCFAGGTVLRLAKD

LAENNKGARVLVVCSEIITVVTFRGPSDTHLDSLVG

QALFGDGAAAVVVGSDPELTTEQPLFEIVSAAQTIL

PDSEGVKGHLREVGLTFHLLKDIPVVIADNIEKALK

QAFLPLGISDWNSIFWIAHPGGPAILDQVQIKLGLK

EEKMRATRRVLSEYGNMSSACVLFILNEMRKKSAE

EGAATAGEGLDWGVLFGFGPGLTVETVVLHSLPIIM

RIAP

A0A0A1E1Z4 A0A0A1E1Z4_9SOLAunreviewed

Chalcone synthase (EC 

2.3.1.74) CHS Iochroma cyaneum 389

  

MVTVEEVRRAQRAKGPATIMAIGTATPSNCVDQST

YPDYYFRITNSEHMTELKEKFKRMCDKSMIKKRYM

HLTEEILKENPNICEYMAPSLDARQDIVVVEVPKLG

KEAAQKAIKEWGQPKSKITHLVFCTTSGVDMPGA

DYQLTKLLGLRPSVKRLMMYQQGCFAGGTVIRLAK

DLAENNKGARVLVVCSEITAVTFRGPSDTHLDSMV

GQALFGDGAAAIIIGSDPLPGVERPLFELVSTAQTLL

PDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLI

EAFQPLGISDWNSVFWIAHPGGPAILDQVELKLGL

KPEKLRATRQVLSDYGNMSSACVLFILDEMRKASA

KEGLSTTGEGLDWGVLFGFGPGLTVETVVLHSVS

T

I4CHP2 I4CHP2_LYCBA unreviewed

Chalcone synthase (EC 

2.3.1.74) protein CHS

Lycium barbarum 

(Matrimony vine) 383

  

MVTVEEYRKAQRAEGPATVMAIGTATPSNCVDQS

TYPDYYFRITDSEHKTELKEKFKRMCDKSMIKKRY

MHLTEEILKENPNMCAYMAPSLDARQDIVVVEVPKL

GKEAAQKAIKEWGQPKSKITHLVFCTTSGVDMPG

CDYQLAKLLGLRPSVKRLMMYQQGCFAGGTVLRL

AKDLAENNKGARVLVVCSEITAVTFRGPSESHLDS

LVGQALFGDGAAAIIMGSDPIPGVERPLFELVSAAQ

TLLPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEK

SLVEAFQPLGISDWNSLFWIAHPGGPAILDQVELKL

ALKPEKLRATRDVLSNYGNMSSACVLFILDEMRKA

SAKEGLGTTGEGLGWGVLFGFGPGLTVETVV

A0A0A0RBQ5A0A0A0RBQ5_9MARCunreviewed

Chalcone synthase (EC 

2.3.1.74) CHS

Plagiochasma 

appendiculatum 411

  

MAPQAVDAACAAEATPVIPTSRPRLIAQAVGPATVL

AMGKAVPHNVFEQATYPDFFFNITKCNDKPTLKAK

FQRICDKSGIKKRHFYLDQKILESNPSMCTYMETS

LNCRQEIAIAHVPKLAKEAAQVAIKEWGRPKSEITHI

VMATTSGVNMPGAELATAKLLGLRPNVRRVMMYQ

QGCFAGATVLRVAKDLAENNAGARVLAICSEVTAV

TFRAPCETHIDGLVGSALFGDGAAAVIVGADPRPEI

ERPMFEMHWAGEMVLPESDGAIDGHLTEAGLVFH

LLKDVPGLITKNIGGFLKDTKNLVGASTWNDLFWA

VHPGGPAILDQVEAKLELEKNKFQASRDILADYGN

MSSASVLFVLDRVRERSLESNKYTFGEGSEWGFLI

GFGPGLTVETLLLRALPTEQAASA

Q3YMX4 Q3YMX4_ARAHG unreviewed

Chalcone synthase 

family protein protein CHS1

Arabidopsis halleri 

subsp. gemmifera 

(Arabis gemmifera) 393

  

MSNSRMNGVEKLSSISTRRVANPRKATLLALGKAF

PSQVVPQENLVEGFLRDTKCDDAFIKEKLEHLCKT

TTVKTRYTVLSREILDKYPELTTEGSPTIKQRLEIAN

EAVVEMALEASLGCIKEWGRPVEDITHIVYVSSSEI

RLPGGDLYLSAKLGLRNDVNRVMLYFLGCYGGVT

GLRVAKDIAENNPGSRVLLTTSETTILGFRPPNKAR

PYDLVGAALFGDGAAAVIIGADPRECEAPFMELHYA

VQQFLPGTQNVIDGRLTEEGINFKLGRDLPQKIEE

NIEEFCKKLMGKAGGDEPMEFNDMFWAVHPGGP

AILNRLETKLKLEKEKLESSRRALVDYGNVSSNTILY

VMEYMREELKKKGDAAQEWGLGLAFGPGITFEGL

LIRSL

Q3YMX3 Q3YMX3_ARAHG unreviewed

Chalcone synthase 

family protein protein CHS1

Arabidopsis halleri 

subsp. gemmifera 

(Arabis gemmifera) 393

  

MSNSRMNGVEKLSSISTRRVANPRKATLLALGKAF

PSQVVPQENLVEGFLRDTKCDDAFIKEKLEHLCKT

TTVKTRYTVLSREILDKYPELTTEGSPTIKQRLEIAN

EAVVEMALEASLGCIKEWGRPVEDITHIVYVSSSEI

RLPGGDLYLSAKLGLRNDVNRVMLYFLGCYGGVT

GLRVAKDIAENNPGSRVLLTTSETTILGFRPPSKAR

PYGLVGAALFGDGAAAVIIGADPRECEAPFMELHYA

VQQFLPGTQNVIDGRLTEEGINFKLGRDLPQKIEE

NIEEFCKKLMGKAGGDESMEFNDMFWAVHPGGP

AILNRLETKLKLEKEKLESSRRALVDYGNVSSNTILY

VMEYMREELKKKGDAAQEWGLGLAFGPGITFEGL

LIRSL

Q3YMY3 Q3YMY3_ARAHG unreviewed

Chalcone synthase 

family protein protein CHS1

Arabidopsis halleri 

subsp. gemmifera 

(Arabis gemmifera) 393

  

MSNSRMNGVEKLSSISTRRVANPRKATLLALGKAF

PSQVVPQENLVEGFLRDTKCEDAFIKEKLEHLCKT

TTVKTRYTVLSREILDKYPELTTESSPTIKQRLEIAN

EAVVEMALEASLGCIKEWGRPVEDITHIVYVSSSEI

RLPGGDLYLSAKLGLRNDVNRVMLYFLGCYGGVT

GLRVAKDIAENNPGSRVLLTTSETTILGFRPPNKAR

PYDLVGAALFGDGAAAVIIRADPRECEAPFMELHYA

VQQFLPGTQNVIDGRLTEEGINFKLGRDLPQKIEE

NIEEFCKKLMGKAGGDESMEFNDMFWAVHPGGP

AILNRLETKLELEKEKLESSRRALVDYGNVSSNTIM

YVMEYMREELKKKGDAAQEWGLGLAFGPGITFEG

LLIRSL

Q3YMY4 Q3YMY4_ARAHG unreviewed

Chalcone synthase 

family protein protein CHS1

Arabidopsis halleri 

subsp. gemmifera 

(Arabis gemmifera) 393

  

KSNSRMNGVEKLSSISTRRVANPGKATLLALGKAF

PSQVVPQENLVEGFLRDTKCEDAFIKEKLEHLCKT

TTVKTRYTVLSREILDKYPELTTEGSPTIKQRLEIAN

EAVVEMALEASLGCIKEWGRPVEDITHIVYVSSSEI

RLPGGDLYLSAKLGLRNDVNRVMLYFLGCYGGVT

GLRVAKDIAENNPGSRVLLTTSETTILGFRPPNKAR

PYDLVGAALFGDGAAAVIIGADPRECEAPFMELHYA

VQQFLPGTQNVIDGRLTEEGINFKLGRDLPQKIEE

NIEEFCKKLMGKAGGDESMEFNDMFWAVHPGGP

AILNRLETKLKLEKEKLESSRRALVDYGNVSSNTIM

YVMEYMREELKKKGDAAQEWGLGLAFGPGITFEG

LLIRSL

Q3YMY1 Q3YMY1_ARAHG unreviewed

Chalcone synthase 

family protein protein CHS1

Arabidopsis halleri 

subsp. gemmifera 

(Arabis gemmifera) 393

  

ISNSRMNGVEKLSSISTRRVANPGKATLLALGKAFP

SQVVPQENLVEGFLRDTKCEDAFIKEKLEHLCKTT

TVKTRYTVLSREILDKYPELTTEGSPTIKQRLEIANE

AVVEMALEASLGCIKEWGRPVEDITHIVYVSSSEIRL

PGGDLYLSAKLGLRNDVNRVMLYFLGCYGGVTGL

RVAKDIAENNPGSRVLLTTSETTILGFRPPNKARPY

DLVGAALFGDGAAAVIIGADPRECEAPFMELHYAVQ

QFLPGTQNVIDGRLTEEGINFKLGRDLPQKIEENIE

EFCKKLMGKAGGDESMEFNDMFWAVHPGGPAILN

RLETKLKLEKEKLESSRRALVDYGNVSSNTIMYVM

EYMREELKKKGDAAQEWGLGLAFGPGITFEGLLIR

SL
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Q3YMX7 Q3YMX7_ARAHG unreviewed

Chalcone synthase 

family protein protein CHS1

Arabidopsis halleri 

subsp. gemmifera 

(Arabis gemmifera) 393

  

MSNSRMNGVEKLSSISTRRVANPRKATLLALGKAF

PSQVVPQENLVEGFLRDTKCDDAFIKEKLEHLCKT

TTVKTRYTVLSREILDKYPELTTEGSPTIKQRLEIAN

EAVVEMALEASLGCIKEWGRPVEDITHIVYVSSSEI

RLPGGDLYLSAKLGLRNDVNRVMLYFLGCYGGVT

GLRVAKDIAENNPGSRVLLTTSETTILGFRPPNKAR

PYDLVGAALFGDGAAAVIIGADPRECEAPFMELHYA

VQQFLPGTQNVIDGRLTEEGINFKLGRDLPQKIEE

NIEEFCKKLMGKAGGDESMEFNDMFWAVHPGGP

AILNRLETKLKLEKEKLESSRRALVDYGNVSSNTILY

VMEYMREELKKKGDAAQEWGLGLAFGPGITFEGL

LIRSL

Q3YMX6 Q3YMX6_ARAHG unreviewed

Chalcone synthase 

family protein protein CHS1

Arabidopsis halleri 

subsp. gemmifera 

(Arabis gemmifera) 393

  

MSNSRMNGVEKLSSISTRRVANPRKATLLALGKAF

PSQVVPQENLVEGFLRDTKCDDASIKEKLEHLCKT

TTVKTRYTVLSREILDKYSELTTEGSPTIKQRLEIAN

EAVVEMALEASLGCIKEWGRPVEDITHIVYVSSSEI

RLPGGDLYLSAKLGLRNDVNRVMLYFLGCYGGVT

GLRVAKDIAENNPGSRVLLTTSETTILGFRPPNKAR

PYDLVGAALFGDGAAAVIIGADPRECEAPFMELHYA

VQQFLPGTQNVIDGRLTEEGINFKLGRDLPQKIEE

NIEEFCKKLMGKAGGDESMEFNDMFWAVHPGGP

AILNRLETKLKLEKEKLESSRRALVDYGNVSSNTILY

VMEYMREELKKKGDAAQEWGLGLAFGPGITFEGL

LIRSL

Q3YMX1 Q3YMX1_ARAHG unreviewed

Chalcone synthase 

family protein protein CHS1

Arabidopsis halleri 

subsp. gemmifera 

(Arabis gemmifera) 393

  

MSNSRMNGVEKLSSISTRRVADPRKATLLALGKAF

PSQVVPQENLVEGFLRDTKCDDAFIKEKLEHLCKT

TTVKTRYTVLSREILDKYPELTTEGSPTIKQRLEIAN

EAVVEMALEASLGCIKEWGRPVEDITHIVYVSSSEI

RLPGGDLYLSAKLGLRNDVNRVMLYFLGCYGGVT

GLRVAKDIAENNPGSRVLLTTSETTILGFRPPNKAR

PYDLVGAALFGDGAAAVIIGADPRECEAPFMELHYA

VQQFLPGTQNVIDGRLTEEGINFKLGRDLPQKIEE

NIEEFCKKLMGKAGGDESMEFNDMFWAVHPGGP

AILNRLETKLKLEKEKLESSRRALVDYENVSSNTILY

VMEYMREELKKKGDAAQEWGLGLAFGPGITFEGL

LIRSL

A0A103XI88 A0A103XI88_CYNCSunreviewed

Chalcone/stilbene 

synthase, C-terminal Ccrd_006751

Cynara cardunculus var. 

scolymus (Globe 

artichoke) (Cynara 

scolymus) 413

  

MSNTNGNGVAERRDSSATRRAPTPGKATVLAIGKA

FPSQLIPQDCLVEGYFRDTNCADFAMKEKLARLFL

FTSSTIFPFCLFLFLQMVGKTTTVKTRYTVMSKEIL

DKYPELATEGSPTITQRLDIANQAVTEMAKEASLAC

IKQWGRPAGDITHVIYVSSSEIRLPGGDLYLASELG

LRSDVNRVMLYFLGCYGGVTGLRIAKDIAENNPGS

RVLLTTSETTILGFRPPNKSRPYDLVGAALFGDGAA

AAIIGADPMTKVESPFMELSFAVQQFLPGTHSVIDG

RLSEEGINFKLGRDLPQKIDDNIEGFCQKLMEKAG

GLEDFNDLFWAVHPGGPAILNRLETTLKLRGEKLD

CSRRALMDFGNVSSNTIIYVMEYMKEELMNRENGE

EWGLALAFGPGITFEGILLRNLN

Q3YMX2 Q3YMX2_ARAHG unreviewed

Chalcone synthase 

family protein protein CHS1

Arabidopsis halleri 

subsp. gemmifera 

(Arabis gemmifera) 393

  

MSNSRMNGVEKLSSISTRRVANPRKATLLALGKAF

PSQVVPQENLVEGFLRDTKCDDAFIKEKLEHLCKT

TTVKTRYTVLSREILDKYPELTTEGSPTIKQRLEIAN

EAVVEMALEASLGCIKEWGRPVEDITHIVYVSSSEI

RLPGGDLYLSAKLGLRNDVNRVMLYFLGCYGGVT

GLRVAKDIAENNPGSRVLVTTSETTILGFRPPNKAR

PYDLVGAALFGDGAAAVIIGADPRECEAPFMELHYA

VQQFLPGTQNVIDGRLTEEGINFKLGRDLPQKIEE

NIEEFCKKLMGKAGGDESMEFNDMFWAVHPGGP

AILNRLETKLKLEKEKLESSRRALVDYGNVSSNTILY

VMEYMREELKKKGDAAQEWGLGLAFGPGITFEGL

LIRSL

Q3YMX5 Q3YMX5_ARAHG unreviewed

Chalcone synthase 

family protein protein CHS1

Arabidopsis halleri 

subsp. gemmifera 

(Arabis gemmifera) 393

  

MSNSRMNGVEKLSSISTRRVANPRKATLLALGKAF

PSQVVPQENLVEGFLRDTKCDDAFIKEKLEHLCKT

TTVKTRYTVLSREILDKYPELTTEGSPTIKQRLEIAN

EAVVEMALEASLGCIKEWGRPVEDITHIVYVSSSEI

RLPGGDLYLSAKLGLRNDVNRVMLYFLGCYGGVT

GLRVAKDIAENNPGSRVLLTTSETTILGFRPPNKAR

PYDLVGAALFGDGAAAVIIGAAPRECEAPFMELHYA

VQQFLPGTQNVIDGRLTEEGINFKLGRDLPQKIEE

NIEEFCKKLMGKAGGDESMEFNDMFWAVHPGGP

AILNRLETKLKLEKEKLESSRRALVDYGNVSSNTILY

VMEYMREELKKKGDAAQEWRLGLAFGPGITFEGL

LIRSL

Q3YMY0 Q3YMY0_ARAHG unreviewed

Chalcone synthase 

family protein protein CHS1

Arabidopsis halleri 

subsp. gemmifera 

(Arabis gemmifera) 393

  

MSNSRMNGVEKLSSISTRRVANPGKATLLALGKAF

PSQVVPQENLVEGFLRDTKCEDAFIKEKLEHLCKT

TTVKTRYTVLSREILDKYPELTTEGSPTIKQRLEIAN

EAVVEMALEASLGCIKEWGRPVEDITHIVYVSSSEI

RLPGGDLYLSAKLGLRNDVNRVMLYFLGCYGGVT

GLRVAKDIAENNPGSRVLLTTSETTILGFRPPNKAR

PYDLVGAALFGDGAAAVIIGADPRECEAPFMELHYA

VQQFLPGTQNVIDGRLTEEGINFKLGRDLPQKIEE

NIEEFCKKLMGKAGGDESMEFNDMFWAVHPGGP

AILNRLETKLKLEKEKLESSRRALVDYGNVSSNTIM

YVMEYMREELKKKGDAAQEWGLGLAFGPGITFEG

LLIRSL

A0A060D9S4A0A060D9S4_MANINunreviewed

Chalcone synthase 2 

(EC 2.3.1.74) (Chalcone 

synthases-1) chs2

Mangifera indica 

(Mango) 397

  

MATVSVEEIINAQRAKGPATILAIGTATPANCVYQAD

YPDYYFRITNSEHKTELKEKFQRMCDKSMIKKRYM

HLTEDILKENPNMCAYMAPSLDARQDIVVVEVPKLG

KEAAVKAIKEWGQPKSKITHLIFCTTSGVDMPGAD

YQLTKILGLRPSVKRFMMYQQGCFAGGMVLRFAK

DLAENNKGARVLVVCSEITAVTFRGPSDIHLDSLVG

QALFGDGAGALIVGSDPDTSIERPLYQIISAAQTILP

DSDGAIDGHLREVGLTFHLLKDVPGLIAKNIEKSLG

EAFTPIGINDWNSIFWVVHPGGPAILDQVEAKLGLK

EEKMRATRQVLSDYGNMSSACVLFILDEMRKKSIE

EGKPTTGEGLDWGVLFGFGPGLTVETVVLHSVPL

APAAAH

Q3YMX9 Q3YMX9_ARAHG unreviewed

Chalcone synthase 

family protein protein CHS1

Arabidopsis halleri 

subsp. gemmifera 

(Arabis gemmifera) 392

  

MSNSRMNGVEKLSSKSTRRVANAGKATLLAPGKA

FPSQVVPQENLVEGFLRDTKCDDAFIKEKLEHLCK

TTTVKTRYTVLTREILAKYPELTTEGSPTIKQRLEIA

NEAVVEMALEASLGCIKEWGRPVEDITHIVYVSSSEI

RLPGGDLYLSAKLGLRNDVNRVMLYFLGCYGGVT

GLRVAKDIAENNPGSRVLLTTSETTILGFRPPNKAR

PYDLVGAALFGDGAAAVIIGADPRECEAPFMELHYA

VQQFLPGTQNVIDGRLTEEGINFKLGRDLPQKIEE

NIEEFCKKLMGKAGDESMEFNDMFWAVHPGGPAI

LNRLETKLKLEKEKLESSRRALVDYGNVSSNTILYV

MEYMRDELKKKGDAAQEWGLGLAFGPGITLEGLLI

RSL

A0A0K0MWZ1A0A0K0MWZ1_9LAMIunreviewed

Chalcone synthase (EC 

2.3.1.74) CHS Phlomoides rotata 391

  

MVTVEDIRRAQRAEGPATVLAIGTATPSNCVDQST

YPDYYFRITNSEHMTELKEKFKRMCEKSTINKRYM

HLTEDYLKENPNVCAYMAPSLDARQDLVVVEVPKL

GKEAAQKAIKEWGQPKSKITHLVFCTTSGVDMPG

ADYQLTKLLGLRPAVKRFMMYQQGCSAGGTVLRL

AKDLAENNAGARVLAVCSEITVISFRGPSEDHLDNL

VGQALFGDGAAAVIVGSDPVVGVERPLFQLVSTVQ

TLLPDCEASINGHLREMGIIFQILKDVPFLISEHIEKS

LKEAFDPLGISDWNSIFWIAHPGGPAILNGVEAKLG

LEPDKLRSSRHVLSEYGNMLSACVLFVMDEMRKV

SANEGRSSTGEGLDWGVLLGFGPGLTIETVVLHSV

PITN

E7DZ85 E7DZ85_FAGTA unreviewed Chalcone synthase CHS

Fagopyrum tataricum 

(Tartarian buckwheat) 

(Polygonum tataricum) 395

  

MAPTVQEIRKAQRAEGPATVLAIGTATPPNCVYQA

DYPDYYFRVTNSDHMTDLKEKFRRMCDKSQIEKR

YMYLTEEILKEHPNMCEYMAPSLDSRQDMVVTEVP

KLGKEAAQKAIKEWGQPKSKITHVIVCTTSGVDMP

GADYQLTKLLGLRPSVKRFMMYQQGCFAGGTVLR

MAKDLAENNRGARVLVVCSEITAVCFRGPTDTHLD

SMVGQALFGDGAGAVIVGADPDLSVEKPIFELVWT

SQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNI

EKSLTEAFSPLNIADWNSLFWIAHPGGPAILDQVEA

KLGLKEEKLKATRQVLNDYGNMSSACVLFILDEMR

KKSLENGHATTGEGLDWGVLFGFGPGLTVETVVL

HSVPTTTLAN

Q9AVB9 Q9AVB9_9LILI unreviewed

Chalcone synthase (EC 

2.3.1.74) protein LhCHSC Lilium hybrid division I 197

  

AGGTVLRLAKDLAENNKSARVLVVCSEITAVTFRGP

NDSHLDSLVGQALFGDGAAAIIIGADPDLAVERPLF

QLVSASQTILPDSEGAIDGHLREVGLTFHLLKDVPA

LISKNIEKSLTGAFQPLGISDWNSIFWIAHPGGPAIL

DQVEERLALKKEKMKATKHVLSEYGNMSSACVLFI

LDEMRKSSAAEGKATTG

A0A1J3D586 A0A1J3D586_NOCCAunreviewed

Chalcone synthase 2 

protein

GA_TR19319_c20

_g1_i1_g.63923

Noccaea caerulescens 

(Alpine penny-cress) 

(Thlaspi caerulescens) 440

  

KKKKKKNRMLGVQEKQKEIGQSTRRVANQGKATV

LALGKAFPSNLVSQDNLVEEYLREIKCDDLSIKDKL

QHLCKLSFTTFLFHPRIRIRIRIRIPKHVFVSCVLVLV

VLGKTTSVKTRYTVMTRETLQKYPELATEGSPTIK

QRLEIANEAVVQMAYEASLACIKEWGRALQDITHLV

YVSSSEFRLPGGDLHLSAQLGLSNEVQRVLLYFSG

CYGGLSGLRVAKDIAENNRGSRVLLTTSETMVLGF

RPPNKARPYDLVGATLFGDGAAALIIGADPRESES

PFMELHCALQRFLPGTQGVIDGRMSEEGISFKLGR

DLPQKIEDSVEDFCKKLVAKAGPAASASLELNDLF

WAVHPGGPAILNGMEARLKLKPEKLESSRRALVDY

GNVSSNTIFYIMDKVRDEFEKKGRGGGPEWGLGL

AFGPGITFEGFLMRSLF

A0A0H3WFJ5A0A0H3WFJ5_9MONIunreviewed

Chalcone synthase (EC 

2.3.1.74) CHS2 Dryopteris fragrans 369

  

MVSHGCFKASARKVERADGPATVLAIGTATPPNVF

PQRDYAEFYFNITNSNHMTELKEKFHRMCQESGIN

KRYLYVNEELLKANPSMCAHSERSLDVRQDIVVVE

VPKLGKEAAMKAIKEWGQPKSKTTHLIFCTSSGLD

MPGADWALTKLLGLAPTVKRVMLYSPGCYAGGKV

MRIAKDLAENNKGARVLAVCSEITAMSFRGPSDKQI

DNLVGQALFGDGASAAIIGADPIPQVERAWFELQF

AASNILPESDGAVDGHIREVGLMIHLRKDVAGLIGKN

IGSVLKDAFAKVFGANAPSFNDLFWITHPGGPAILD

QVEQKLQLKPEKMAPSRHVLFEYGNTISSCVFFIM

DHIRKKSVAQKCSHLW

G9F7Y1 G9F7Y1_CURLO unreviewed

Chalcone synthase-like 

protein (EC 2.3.1.74) 

protein ClPKS7

Curcuma longa 

(Turmeric) (Curcuma 

domestica) 189

  

NNRGARVLVVCSEITAVTFRGPSESHLDSLVGQAL

FGDGAGAVIVGADPDPETERPLFELVSASQTILPD

SEGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLVEA

FAPLGIDDWNSIFWIAHPGGPAILDQVEAKLALEKE

KMAATRQVLSEYANMSSACDLFILDEMRRRSAEE

GKATTGDGFNWG

B5LXY1 B5LXY1_GOSHI unreviewed

Chalcone synthase 

(chalcone synthase 1-

like)

LOC107914895 

CHS5

Gossypium hirsutum 

(Upland cotton) 

(Gossypium 

mexicanum) 389

  

MVTVEEVRKAQRAQGPATVLAIGTSTPPNCVDQS

TYPDYYFRITNSEHKTELKEKFKRMCEKSMIKKRY

MYLTEEILKENPNVCEYMAPSLDARQDMVVVEVPK

LGKEAATKAIKEWGQPKSKITHLVFCTTSGVDMPG

ADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRV

AKDLAENNKGARVLVVCSEITAVTFRGPSDTHLDS

LVGQALFGDGAAAVIIGADPMPEIEKPMFEIVSVAQT

ILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKS

LVEAFQPLGISDWNSLFWIAHPGGPAILDQVEAKLA

LKPEKLRATRHVLSEYGNMSSACVLFILDEMRKKS

REDGLQTTGEGLEWGVLFGFGPGLTVETVVLHSV

AA
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O22519 O22519_VITVI unreviewed Chalcone synthase CHS Vitis vinifera (Grape) 454

  

MVSVGEIRKSQRAEGPATVLAIGTATPANCVYQAD

YPDYYFRITNSEHMTELKEKFKRMCDKSMINKRYM

HLNEEILKENPNVCAYMAPSLDARQDMVVVEVPKL

GKEAAVKAIKEWGQPKSKITHLVFCTTSGCDMPGA

DYQLTKLLGLKPSVKRLMMYQQGCFAGGTVLRLA

KDLAENNAGARVLVVCSEITAVTFRGPSDTHLDSL

VGQALFGDGAAAIIIGADPDTKIERPLFELVSAAQTIL

PDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEKSLV

EAFKPIGISDWNSLFWIAHPGGPAILDQVELKLGLK

EEKLRATRHVLSEYGNMSSACVLFILDEMRKKSIEE

GKGTTGEGLEWGVLFGFGPGLTVETVVVAQPCYTI

DSLSHSSTYNTEGKMGMAAALGTGEDCMSSCANL

RSYPSFLCYVLLYFYVLLCPCAFSPFTLK

G3G7Z0 G3G7Z0_GOSHI unreviewed

Chalcone synthase 

(chalcone synthase 2-

like)

CHS4 

LOC107914136

Gossypium hirsutum 

(Upland cotton) 

(Gossypium 

mexicanum) 392

  

MGSLDTMNENSRGRAAVLAIGTANPPHCFNQVDY

PDFYFRVTKSHHLTSLKDKFRRICEKSAIRKRYMH

LTEDIINKNPNLIIYKAPSFDARQEILVTEVPKLGKDA

ALKAIKEWGQPISNITHLIVCTSSGIDMPAADHQLAK

LIGLKSSVQRFMLYQQGCFAAGTALRLAKDLAENN

PGARVLAVCSEIMVGSFQPPSETHLDVLVGSALFS

DGAAAVIVGANPNATINERPLFQIVSAKQAVIPDSDD

VIIAKIREMGMAYYLSKKLPNVIANNIEQCLFETLGPC

GVDDWNKLFYVVHPGGPAVLKRIEEKLGLGSDKL

KASWHVLSEYGNMWSPSVLFVLDEMRKRSTEEG

KTAAATEGLEWGVLLAFGPGLTVETVVLRSIAADSA

D7MDI2 D7MDI2_ARALL unreviewed

Chalcone synthase 

family protein

ARALYDRAFT_49

1172

Arabidopsis lyrata 

subsp. lyrata (Lyre-

leaved rock-cress) 392

  

MGSIDAAVLGSVKKSNPGKATILALGKAFPHQLVMQ

EYLVDGYFKTTNCDDPELKQKLTRLCKTTTVKTRY

VVMSEEILKKYPELAIEGGSTVTQRLDICNDAVTEM

AVEASRACIKNWGRSISEITHLVYVSSSEARLPGGD

LYLAKGLGLSPDTHRVLLYFVGCSGGVAGLRVAKDI

AENNPGSRVLLATSETTIIGFKPPSVDRPYDLVGVA

LFGDGAGAMIVGSDPDPICEKPLFELHTAIQNFLPD

TEKTIDGRLTEQGINFKLARELPQIIEDNVENFCKKL

IGKAGLAHKNYNQMFWAVHPGGPAILNRMEKRLNL

SPEKLSPSRRALMDYGNASSNSIVYVLEYMLEESK

KVRNMNEEEDEWGLILAFGPGVTFEGIIARNLDV

A7L2Z4 A7L2Z4_GOSHI unreviewed Chalcone synthase CHS CHS7

Gossypium hirsutum 

(Upland cotton) 

(Gossypium 

mexicanum) 389

  

MVTVEEVRKAQRAQGPATVLAIGTSTPPNCVDQS

TYPDYYFRITNSEHKTELKEKFKRMCEKSMIKKRY

MYLTEEILKENPNVCEYMAPSLDARQDMVVVEVPK

LGKEAATKAIKEWGQPKSKITHLVFCTTSGVDMPG

ADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRV

AKDLAENNKGARVLVVCSEITAVTFRGPSDTHLDS

LVGQALFGDGAAAVIIGADPVPEIEKPMFELVSAAQ

TILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEK

SLVEAFQPLGISDWNSLFWIAHPGGPAILDQVEAK

LALKPEKLRATRHVLSEYGNMSSACVLFILDEMRK

KSREDGLQTTGEGLEWGVLFGFGPGLTVETVVLH

SVAA

A0A1U8ISL4 A0A1U8ISL4_GOSHIunreviewed chalcone synthase 1-like

LOC107897842 

LOC107897841

Gossypium hirsutum 

(Upland cotton) 

(Gossypium 

mexicanum) 389

  

MVTVEEVRKAQRAQGPATVLAIGTSTPPNCVDQS

TYPDYYFRITNSEHKTELKEKFKRMCEKSMIKKRY

MYLTEEILKENPNVCEYMAPSLDARQDMVVVEVPK

LGKEAATKAIKEWGQPKSKITHLVFCTTSGVDMPG

ADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRV

AKDLAENNKGARVLVVCSEITAVTFRGPSDTHLDS

LVGQALFGDGAAAVIIGADPVPEIEKPMFEIVSVAQTI

LPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

VEAFQPLGISDWNSLFWIAHPGGPAILDQVEAKLAL

KPEKLRATRHVLSEYGNMSSACVLFILDEMRKKSR

EDGLQTTGEGLEWGVLFGFGPGLTVETVVLHSVA

A

B6Z259 B6Z259_WHEAT unreviewed Chalcone synthase

Triticum aestivum 

(Wheat) 422

  

MVSARDVDTTTAANKQQQATCLAPNPGKATILALG

HAFPQQLVMQDYVVEGFMRNTNCKDPELKEKLTR

LCKTTTVKTRYVVMSDEILKSYPELAQEGLPTMKQ

RLDISNKAVTQMATEASLACIKAWGGDLSAITHLVY

VSSSEARFPGGDLHLARALGLSPDVRRVMLAFTG

CSGGVAGLRVAKGLAESCPGARVLLATSETTVAGF

RPPSPDRPYDLVGVALFGDGAGAAVVGTDPTDQE

RPLFELYSALQRFLPDTEKTIDGRLTEEGIKFQLGR

ELPHIIEAHVESFCQKLIKEHPAAAAAEGDHGEQLT

YDKMFWAVHPGGPAILTKMEGRLGLDGGKLRASR

SALRDFGNASSNTIVYVLENMVEESRQRTEAPEPE

PEPEGGQECEWGLILAFGPGITFEGILARNLQARL

GAN

M4VMV7 M4VMV7_CAMSI unreviewed Chalcone synthase CHS1 CHSa Camellia sinensis (Tea) 389

  

MVTVEDIRRAQRAEGPATVMAIGTATPPNCVDQST

YPDYYFRITNSEHKAELKEKFKRMCDKSMIKKRYM

YLTEEILKENPQVCEYMAPSLDARQDMVVVEVPKL

GKEAATKAIKEWGQPKSKITHLVFCTTSGVDMPGA

DYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPSDTHLDSL

VGQALFGDGAAAIIVGSDPIPEVEKPLFELVSAAQTI

LPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

AEAFQPLGISDWNSLFWIAHPGGPAILDQVELKLG

LKEEKLRATRHVLSEYGNMSSACVLFILDEMRKKS

AADGLKTTGEGLEWGVLFGFGPGLTVETVVLHSLS

T

M4VKY3 M4VKY3_CAMSI unreviewed Chalcone synthase CHS2 CHSc Camellia sinensis (Tea) 389

  

MVTVEEVRRAQRAEGPATVMAIGTATPPNCVDQS

TYPDYYFRITNSEHKTELKEKFQRMCDKSMIKKRY

MYLTEEILKENPNVCAYMAPSLDARQDMVVVEVPK

LGKEAATKAIKEWGQPKSKITHLVFCTTSGVDMPG

ADYQLTKLLGLRPSVKRLMMYQQGCFAGGTVLRL

AKDLAENNKGARVLVVCSEITAVTFRGPSDAHLDS

LVGQALFGDGAAAIIVGSDPIPEVEKPLFELVSAAQT

ILPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKS

LNEAFQPLNITDWNSLFWIAHPGGPAILDQVELKLA

LKPEKLRATRHVLSEYGNMSSACVLFILDEMRKSS

AKKGLKTTGEGLDWGVLFGFGPGLTVETVVLHSV

ST

K9MUA0 K9MUA0_MALDO unreviewed

CHS2 chalcone 

synthase (EC 2.3.1.74)

Malus domestica (Apple) 

(Pyrus malus) 389

  

MVTVEEVRKAQRAEGPATVLAIGTATPSNCVDQAT

YPDYYFRITNSEHKTELKEKFQRMCDKSMIKKRYM

YLTEEILKENPTVCEYMAPSLDARQDMVVVEVPRL

GKEAATKAIKEWGQPKSKITHLVFCTTSGVDMPGA

DYQLTKLLGLRPYVKRLMMYQQGCFAGGTVLRLA

KDLAENNKGARVLVVCSEITAVTFRGPSDTHLDSL

VGQALFGDGAAAVIIGADPLPEVEKPLFELVSAAQTI

LPDSDGAIDGHLREVGLTFHLLKDVPGLISKNIEKSL

NEAFKPIGISDWNSLFWIAHPGGPAILDQVESKLAL

KPEKLEATRQVLSNYGNMSSACVLFILDEVRRKST

EKGLRTTGEGLEWGVLFGFGPGLTVETVVLHSVA

A

A0A0N6XTG9A0A0N6XTG9_LYCRUunreviewed

Chalcone synthase 

protein CHS1 CHS

Lycium ruthenicum 

(Black goji berry) 389

  

MVTVEEYRKAQRAEGPATVMAIGTATPSNCVDQS

TYPDYYFRITDSEHKTELKEKFKRMCDKSMIKKRY

MHLTEEILKENPNMCAYMAPSLDARQDIVVVEVPKL

GKEAAQKAIKEWGQPKSKITHLVFCTTSGVDMPG

CDYQLAKLLGLRPSVKRLMMYQQGCFAGGTVLRL

AKDLAENNKGARVLVVCSEITAVTFRGPSESHLDS

LVGQALFGDGAAAIIMGSDPIPGVERPLFELVSAAQ

TLLPDSEGAIDGHLREVGLTFHLLKDVPGLISKNIEK

SLVEAFQPLGISDWNSLFWIAHPGGPAILDQVELKL

ALKPEKLRATRDVLSNYGNMSSACVLFILDEMRKA

SAKEGLGTTGEGLEWGVLFGFGPGLTVETVVLHS

VAA

G3FJ87 G3FJ87_9ASPA unreviewed

Chalcone synthase (EC 

2.3.1.74) Freesia hybrid cultivar 389

  

MVNVEEIRKAQRAEGPAAILAIGTATPPNAIEQSEYP

DYYFRVTNSEDKVELKEKFKRMCEKSMIKKRYLYL

TEDILKENPNVCAYMATSLDARQDMVVVEVPKLGK

EAATRAIKEWGQPKSKITHLVFCTTSGVDMPGADY

QLTKLLGLRPSVKRLMMYQQGCFAGGTVLRLAKD

LAENNRGARVLVVCSEITAVTFRGPSESHLDSLVG

QALFGDGAAALIVGSDAIEGIERPIFEMVSAAQTILP

DSEGAIDGHLREVGLTFHLLKDVPGIISKNIEKSLEE

AFKPLGITDYNSLFWIAHPGGPAILDQVEAKIGLKPE

KLRATRHVLSEYGNMSSACVLFILEEMRKKSAEEK

NGTTGEGLEWGVLFGFGPGLTVETVVLHSVEA

B9GPA0 B9GPA0_POPTR unreviewed

Chalcone and stilbene 

synthase family protein

POPTR_0002s142

40g 

POPTR_0955s002

00g

Populus trichocarpa 

(Western balsam 

poplar) (Populus 

balsamifera subsp. 

trichocarpa) 388

  

MSESDSNGASKHCTTPSRRAPTLGKATLLAIGKAF

PSQLIPQECLVEGYIRDTKCDDASIKEKLERLCKTT

TVKTRYTVMSREILDKYPELATEGTPTIRQRLEIAN

PAVVEMALKASMACINEWGGSVEDITHIVYVSSSEV

RLPGGDLYLASQLGLRNDVGRVMLYFLGCYGGVT

GLRVAKDIAENNPGSRVLLTTSETTILGFRPPSKAR

PYDLVGAALFGDGAAAVIIGANPVIGKESPFMELNYS

VQQFLPGTQNVIDGRLSEEGIHFKLGRDLPQKIED

NIEEFCNKLMSKAGLTDFNELFWAVHPGGPAILNR

LESKLKLNEEKLECSRRALMDYGNVSSNTIVYVLEY

MRDELKRGGGEWGLALAFGPGITFEGILLRSL

B2MWQ9 B2MWQ9_POLCS unreviewed

CHS2 (Type III polyketide 

synthase) CHS2 PKS3

Polygonum cuspidatum 

(Japanese knotweed) 393

  

MAPAVADIRKAQRAEGPATVLAIGTATPPNCVYQK

DYPDYYFRVTNSDHMTDLKEKFRRMCEKSNIEKR

YMYLTEEILKENPNMCSYMQTSSLDTRQDMVVSE

VPRLGKEAAQKAIKEWGQPKSKITHVIMCTTSGVD

MPGADYQLTKLLGLHPSVKRFMMYQQGCFAGGTV

LRLAKDLAENNRGARVLVVCSEITAICFRGPTDTHP

DSMVGQALFGDGSGAVIIGADPDLSIEKPIFELVWT

AQTILPDSEGAIDGHLREVGLTFHLLKDVPGLISKNI

EKNLTEAFSPLNVSDWNSLFWIAHPGGPAILDQVE

TKLGLKEEKLKATRQVLNDYGNMSSACVLFIMDEM

RKKSVENGHATTGEGLEWGVLFGFGPGLTVETVV

LHSVPVAN

http://etd.uwc.ac.za/
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