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ABSTRACT

Proteins are the basic essentials of living matter and provide many biological functions that are in a wide scope ranging from biological catalysts, immunoglobulin, transfer proteins, regulatory proteins, structural proteins, movement proteins to being nutrient proteins. Each function of a protein will depend on how a protein folds and protein structure prediction is the route to understand how the protein is folded through the secondary structure. Every secondary structure formed by the amino acids is heavily dependent on the biochemistry theory of which hydrophobic interactions will play a part on whether α-helix, β-sheets or coil will be formed. In this study, a probabilistic mathematical model was developed based on Bayesian theorem. Together with a window size of 3 and using empirical data of conformational preferences of the formation of β-sheets, the method was trained on 20 related protein sequences. Using two parameters, similarity signifies the sensitivity of the method while accuracy signifies the measurement of the results to the true value. These rationales resulted in an average similarity of 65.169% and average accuracy of 67.323%. The results were further tested on non-related protein sequences and achieved a similarity of 65.445% and accuracy of 63.876%. This study presented a way of presenting a protein structure prediction method based on an empirical data on conformational preferences for protein secondary structure.  
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1. INTRODUCTION

Protein, a term Johannes Mulder came up with in the 1800s and it is derived from the Greek word that meant ‘first importance’ [1]. Proteins are the basic essentials of living matter and the biological functions of protein are in a wide scope ranging from biological catalysts, immunoglobulins, transfer proteins, regulatory proteins, structural proteins, movement proteins to being nutrient proteins. Other than its importance due to dietary purpose, proteins are the most abundant macromolecules in the cell. Each type of protein has its own function and the theory behind how each protein works can be identified with the type of amino acid that is in it. 
	Amino Acid
	Three-letter code
	One-letter code

	Alanine
	Ala
	A

	Arginine
	Arg
	R

	Asparagine
	Asn
	N

	Aspartate
	Asp
	D

	Cysteine
	Cys
	C

	Glutamic Acid
	Glu
	E

	Glutamine
	Gln
	Q

	Glycine
	Gly
	G

	Histidine
	His
	H

	Isoleucine
	Ile
	I

	Leucine
	Leu
	L

	Lysine
	Lys
	K

	Methionine
	Met
	M

	Phenylalanine
	Phe
	F

	Proline
	Pro
	P

	Serine
	Ser
	S

	Threonine
	Thr
	T

	Typtophan
	Trp
	W

	Tyrosine
	Tyr
	Y

	Valine
	Val
	V


Table 1: List of 20 standard amino acids and its three-letter code and one-letter code adapted from IUPA-IUB (1969,1972,1983)
The very basis or the building blocks are the amino acids and are sequences of different amino acids will result in a protein structure. There are 20 different types of amino acid and the general structure of an amino acid is a carbon attached with a carboxyl group (—COO-), amino group (—NH3+), a hydrogen atom and a side chain R group. All 20 amino acids had the four different side groups except Glycine which has two hydrogen atoms attached to the carbon. The difference between each amino acid will highly be dependent on the side chain R group. The R group can determine if the amino acid is hydrophobic or hydrophilic. Being hydrophobic or hydrophilic can also determine the structure of the protein. 

The protein sequence determines how the protein folds, which in turn affects the protein structure. A single string sequence of amino acids is also known as the primary structure. It results from covalent bonding between the amino acids in the protein chain. It is the primary structure that determines the biologically active form. The interactions between the R groups of the amino acids will depend on the location of the R group and these interactions will manage the three-dimensional structure and its biological function. Secondary protein structure happens when the amide hydrogens and carbonyl oxygens of the peptide bonds are linked by hydrogen bonds. It will result in helical regions known as α-helix or extended regions known as β-strands (which are joined together to form β-sheets.). The α-helix is a spiral conformation in which every backbone N-H group donates a hydrogen bond to the backbone C=O group of the amino acid four residues earlier. β sheets are the second most common secondary structure in protein and all of the carbonyl oxygen and amide hydrogens in a β sheet are involved in hydrogen bonds and the polypeptide chain is near completely extended. Parallel β sheet are when the N-termini are head to head and antiparallel β sheet is when the N-terminus of one chain is aligned with the C-terminus of a second chain [1]. 
Tertiary protein structures are resultant of hydrophobic interactions and disulfide bonds [2], resulting in a common formation of a hydrophobic core. It is also known as the three-dimensional (3D) structure of the protein molecule. The structure is maintained by the following molecular interactions: Van der Waals forces which is between the R groups of nonpolar amino acid that are hydrophobic, Hydrogen bonds that are between the polar R groups of the polar amino acids, Salt bridges that are between the R groups of oppositely charged amino acids and Covalent bonds that are between the thiol-containing amino acid. During the structure formation, the hydrophobic amino acid will be buried and closely packed towards the interior of a globular protein so that it will be out of contact with water. Hydrophilic and charged amino acid will be on the surface of globular proteins. 
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Figure 1: Shigella IpgB2 in complex with human RhoA, GDP and Mg2+ (complex A) [3].
Knowing a protein structure will greatly helped in the understanding of the protein’s function, understanding of the substrate and ligand binding, specificity and stability of biochemical protein engineering, drug designing etc [4].Deducing a three-dimensional structure can be highly labour intensive due to the methods used such as x-ray diffraction studies and nuclear magnetic resonance analysis. Therefore with a successful protein structure prediction, labour and cost can be reduced. Protein structure prediction is defined as the prediction of the layout of the amino acids which results in the different structures such as coil, helix and sheets. The main goal of protein structure prediction is to predict the 3D formation adopted by the protein in its folded state when given an amino acid sequence. The resultant understanding and prediction of the protein structure depends on the complexity and accuracy of the mathematical models used, eg. the Bayesian network.

2. OBJECTIVES
In the study of the protein sequences, the results are beneficial to understanding of protein function. Protein sequence data are largely derived from the Human Genome Project, which goals were to identify and determine the sequences of the genes in human DNA [5]. In molecular biology, the unsolved task of protein structure prediction still exists. The aim of protein structure prediction is to predict the three dimensional structure from its primary amino acid sequence. In this project, protein structure predictions were done on the β-sheets of proteins using a mathematical model based on the Bayesian theorem. 
3. LITERATURE REVIEW ON PROTEIN STRUCTURE PREDICTION
3.1. Protein structure prediction methods and works
Frederick Sanger sequenced the first protein, which was insulin, in 1958 and the first protein structures to be solved were hemoglobin and myoglobin, done by Max Perutz and Sir John Cowdery Kendrew, respectively, in 1958. The three-dimensional structures of both proteins were first determined by x-ray diffraction analysis by Perutz [6] and Kendrew [7]. After which, in the early 1970s, the Chou-Fasman method was developed [8]. It uses an empirical method and based it on the analysis of the frequency of each of the 20 amino acids in α helices, β sheets and turns. A table of predictive values ranging from 0.5 to 1.5 was produced from which the frequency of amino acid i in structure s is divided by the frequency of all residues in structure s [9]. To predict the structure as a α helix, four out of six amino acids should have a high probability of > 1.03. For β sheet, in a sequence of three of five amino acids has to have a probability of > 1.00. The computational efficiency for this method is high but due to the limited parameters used during the time of research, the accuracy was less significant than the GOR (Garnier-Osguthorpe-Robson) method [10] which was developed on the late 1970s. An improved Chou-Fasman method for protein secondary structure was deduced [11] and by improving on three aspects, there are 10-18% improvements. They replace the nucleation regions with extreme values of coefficients calculated by the continuous wavelet transform and substituting the original secondary structure conformational parameters with folding type-specific secondary structure propensities. Finally the Chou-Fasman rules are modified. GOR method based on the assumption that amino acids flanking the central amino acid residue influence the secondary structure that the central residue is likely to adopt plus principles of information theory to derive predictions [12]. 
The basic idea of GOR method is to treat the protein sequence and sequence of the secondary structure as two different messages related by a translation process. There are different versions of GOR methods that evolved throughout the years but they were generally based on Bayesian rule for the translation process for the information function, I:
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 is the conditional probability for the presence of a secondary structure [image: image11.png]
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 and deciphering it with Bayesian theorem, 
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occurs with M as the total number of residues. Using an algorithm combining the PSIBLAST multiple sequence alignments with the GOR method, an accuracy of prediction of 74.2% was achieved, increasing from its 73.5% of GOR IV with its GOR V version [13].  
Neural network approach is meant to stimulate the brain operation and to be able to recognize amino acid pattern that are located in known secondary structures and to distinguish these patterns from other patterns not located in these structures. 
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Figure 2: Typical Neural Network model for protein secondary structure prediction. [14]   
When a sliding window of 13-17 amino acid residues is moved along a sequence, the sequence within each window is read and used as input to neural network previously trained to recognize the secondary structure that is most likely to be. It comprises of three layers of processing units: the input layer, output layer and the hidden layer that is in between the other two. Signals are sent from the input layer to the hidden layer and from the hidden layer to the output layer. Each output layer will determine it as a α helix, β sheet or coil, as illustrated in the Figure 2. This configuration is known as the feed forward multilayer network. L.H. Holley and M Karplus was able to achieve 63% accuracy with a test set of 14 proteins of known structure and 79% when the predictions were filtered to include only the strongest 31% of predictions [15]. 
Another common approach towards the prediction of the protein structure was through the Hidden Markov Model. The Hidden Markov Model (HMM) was introduced by Ben-Gal et.al. [16] as a fixed order Markov model (MM), along with variable-order Markov model. As opposed to a regular Markov model, the state is not directly visible but output dependent on the state is visible.  
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Figure 3: An example of a HMM [17]
HMM first became a study in late 1960s and was first used in application to speech recognition problem [18]. In previous works with regards to using HMM in protein structure prediction, Camproux A.C. et.al [19] has used a stochastic HMM approach to identify recurrent 3D structural building blocks.  

Additionally, HMM were used to compress protein 3D conformations into 1D series of letters of a structural alphabet by Camproux A.C. et.al. [20]  The extraction of structural alphabet were done from 1429 non-redundant protein structures, presenting less than 30% sequence identity. Emission probabilities of 20 amino acids [image: image27.png]12220
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 are introduced in the HMM to compute the likelihood of an amino acids sequence [image: image31.png]


 corresponding to a structure encoded in states sequence[image: image33.png]
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4. METHODS AND MATERIALS
4.1. Database and conformational preference 
This study is based on database collected from the RCSB Protein Database Bank [21]. A total of 20 proteins were collected from the organ growth database and were intended to be used for training of the mathematical model and MATLAB program. Another group of 5 random non-related protein data were collected for testing of the model. The database collected from PDB includes identification of secondary structure and thus provides a convenient approach upon comparisons of predictions. 
	List of PDB codes used in this study as training set

	1AYA (Chain A), 1AYA (Chain B), 1AYB (Chain A), 1AYC (Chain A), 1AYD (Chain A), 1S4Y (Chain A), 1S4Y (Chain B), 1S4Y (Chain C), 1S4Y (Chain C), 1S4Y (Chain D), 2H62 (Chain A), 2H62 (Chain B), 2H62 (Chain C), 2H62 (Chain D),  2H64 (Chain A), 2H64 (Chain B), 2H64 (Chain C), 3BK3 (Chain A), 3BK3 (Chain B), 3BK3 (Chain C), 3BK3 (Chain D)


	List of PDB codes used in this study as testing set

	3G7M (Chain A),  3HIA (Chain A), 3DVT (Chain A), 1AB6 (Chain A), 3L0W (Chain A)


In order to deduce the probability of β sheet formation, with reference from Williams, R.W. [22] a table based on empirical data was adapted to focus on β sheets. This data will be used in the calculation for the probabilities. 
	Amino Acid
	1-letter code
	Preference for β sheets
	Amino Acid
	1-letter code
	Preference for β sheets

	Glutamic Acid
	E
	0.26
	Tyrosine
	Y
	0.73

	Alanine
	A
	0.36
	Cysteine
	C
	0.70

	Leucine
	L
	0.61
	Tryptophan
	W
	0.68

	Methionine
	M
	0.57
	Phenylalanine
	F
	0.67

	Glutamine
	Q
	0.49
	Threonine
	T
	0.59

	Lysine
	K
	0.35
	Glycine
	G
	0.29

	Arginine
	R
	0.42
	Asparagine
	N
	0.24

	Histidine
	H
	0.40
	Proline
	P
	0.16

	Valine
	V
	0.94
	Serine
	S
	0.48

	Isoleucine
	I
	0.84
	Aspartic Acid
	D
	0.20


Table 2: Table of conformational preferences of amino acids
4.2. Bayesian theorem and mathematical model
As mentioned previously, both GOR and HMM based their approach on Bayesian rule and deduced their prediction from there. Thus, the main approach used for this project will be based on Bayesian theorem by the use of conditional probabilities and using it to derive the joint probability of two events or conditions. The Bayesian’s subjective approach is named so, because its proponents uses Bayesian theorem to infer unknown probabilities from known ones [23]. A Bayesian network is a probabilistic graphical model that represents a set of random variables and their conditional independencies via a directed acyclic graph (DAG).
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 Figure 4: A Bayesian networks[24]
The graphical structures were used to represent an uncertain domain. The nodes in the graph represent a random variable while the edges between the nodes represent probabilistic dependencies among the corresponding random variables. The conditional dependencies are then estimated by using known statistical and computational method. Thus, Bayesian networks are a combination of principles from graph theory, probability theory, computer science and statistic [25]. Bayesian model has been used for prediction of protein sequence, based on analysis of a database of experimentally determined protein sequences. The idea of using Bayesian framework to incorporate information based on non-local sequence interactions can be shown through a simple model for β-strand pairing and a Markov chain Monte Carlo algorithm for interference [26]. Their approach is based on parameterization of protein sequence/structure relationships in terms of structural segments.  
The mathematical model used in this project is based on Bayesian theorem. A rearrangement [22] of the probability of 
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will give
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Based on the above theorem, working on a window size of 3, the following mathematical model was developed to show the probability of β-sheet formation based on the conformational preferences table above.
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th amino acid, [image: image45.png]P(i—1)



 is the amino acid to the left of the median amino acid and [image: image47.png]P(i+1)



 is the amino acid to the right of the median amino acid.
4.3. Algorithm
Step 1: Protein sequences were first extracted from PDB databases and used as string input. 

Step 2: Matrix creation were made based on the string input in order to identify the amino acid with the position according to the window size stated. In this case, a window size of 3 is used. 

Step 3: Mathematical model based on Bayesian theorem was input as the main function for the program to clearly identify the probability of the β-sheet formation for each sliding window. 

Step 4: Based on the output P, should P < 0.090, it will be identified as non β-sheet and should P ( 0.090, it will be identified as β-sheet. The usage of 0.090 as a cut-off point will be explained in Results and Discussions. 
Step 5: With reference from PDB, the % similarity and %accuracy between the identified β-sheet from the mathematical model and identified β-sheet from PDB were used to check on the method’s validity. 
Step 6: A further test will be done on non-related protein sequences to validate the method.  
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Flow chart 1: Algorithm for secondary protein structure prediction

5. RESULTS AND DISCUSSIONS
Due to time constraints and incompleteness of the MATLAB program, I have decided to calculate the probabilities of the β-sheet in the proteins manually and validating the mathematical model. 
Each protein sequences were first calculated to find out the probability of β-sheets using the previously mentioned mathematical model (Appendix A). After which, identification of %similarity and %accuracy to the identification by PDB were set as parameters for the training set in order to train the mathematical model. These two parameters are explained as follow:
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%Similarity takes a similar approach to finding the sensitivity of the system. It takes into account the number of β-sheet identified against the total number of correctly identified and incorrectly identified as non β-sheets. This total number of true positives and number of false negatives is taken as the identified number of β-sheets by PDB.  
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%Accuracy will be taking account the total number of amino acids identified as β-sheets and non β-sheets against the total amino acid residues. The resulting % will be dependence on the non β-sheets identified as well. 

These two parameters will be heavily dependent on the cut-off point identified. In order to identify the correct cut-off point, the training set was started with a median cut off point of 0.124. This is a probability calculated with reference from the median of the conformational preference table. Further trial and error of determining of the cut-off point were done on 0.08, 0.09, 0.095 and 0.10 respectively. These cut-off points were then done on the two parameters in order to find out the most suitable cut-off point. 
An example of result for one protein sequence, Acvr2b protein from Crystal structure of a ternary ligand-receptor complex of BMP-2 (2H62 - CHAIN D) will be shown below:  
Example of 2H62 - CHAIN D: 

Each position in the protein sequence is calculated with the mathematical model as how a sliding window will be in the program. As such, the tabulated of results is shown in the table below. For any [image: image51.png]P(i+1,i —1li)



 that ( 0.095, it will be set as identification for β-sheet formation.  

	S
	G
	R
	G
	E
	A
	E
	T
	R
	E
	C

	
	0.059
	0.035
	0.032
	0.027
	0.024
	0.055
	0.064
	0.064
	0.076
	0.153

	
	
	
	
	
	
	
	
	
	
	

	I
	Y
	Y
	N
	A
	N
	W
	E
	L
	E
	R

	0.429
	0.448
	0.128
	0.063
	0.021
	0.059
	0.042
	0.108
	0.041
	0.067
	0.064

	
	
	
	
	
	
	
	
	
	
	

	T
	N
	Q
	S
	G
	L
	E
	R
	C
	E
	G

	0.06
	0.069
	0.056
	0.068
	0.085
	0.046
	0.067
	0.076
	0.076
	0.053
	0.02

	
	
	
	
	
	
	
	
	
	
	

	E
	Q
	D
	K
	R
	L
	H
	C
	Y
	A
	S

	0.037
	0.026
	0.041
	0.029
	0.09
	0.085
	0.171
	0.204
	0.184
	0.126
	0.118

	
	
	
	
	
	
	
	
	
	
	

	W
	R
	N
	S
	S
	G
	T
	I
	E
	L
	V

	0.137
	0.069
	0.048
	0.055
	0.067
	0.082
	0.144
	0.129
	0.133
	0.149
	0.201

	
	
	
	
	
	
	
	
	
	
	

	K
	K
	G
	C
	W
	L
	D
	D
	F
	N
	C

	0.115
	0.036
	0.071
	0.138
	0.29
	0.083
	0.024
	0.027
	0.032
	0.113
	0.123

	
	
	
	
	
	
	
	
	
	
	

	Y
	D
	R
	Q
	E
	C
	V
	A
	T
	E
	E

	0.102
	0.061
	0.041
	0.054
	0.089
	0.171
	0.237
	0.2
	0.055
	0.04
	0.016

	
	
	
	
	
	
	
	
	
	
	

	N
	P
	Q
	V
	Y
	F
	C
	C
	C
	E
	G

	0.01
	0.019
	0.074
	0.336
	0.46
	0.342
	0.328
	0.343
	0.127
	0.053
	0.018

	
	
	
	
	
	
	
	
	
	
	

	N
	F
	C
	N
	E
	R
	F
	T
	H
	L
	

	0.047
	0.113
	0.113
	0.044
	0.026
	0.073
	0.166
	0.158
	0.144
	
	


Table 5: Tabulated results of individual possibility of β-sheet formation for Acvr2b protein from Crystal structure of a ternary ligand-receptor complex of BMP-2 (2H6D)
With the identification by PDB, a similarity % was done on the method used. 
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Figure 7: Protein Structure Identification for Acvr2b protein from Crystal structure of a ternary ligand-receptor complex of BMP-2 (2H6D). Yellow arrow denotes β-sheets[27].

	2H62 - CHAIN D

	
	S
	G
	R
	G
	E
	A
	E
	T
	R
	E
	C
	I
	Y
	Y
	N
	A
	N
	W
	E
	L
	E
	R

	Mathematical model
	
	
	
	
	
	
	
	
	
	
	e
	e
	e
	e
	
	
	
	
	e
	
	
	

	PDB identified
	
	
	
	
	
	
	
	
	e
	e
	e
	e
	e
	e
	e
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	
	T
	N
	Q
	S
	G
	L
	E
	R
	C
	E
	G
	E
	Q
	D
	R
	K
	L
	H
	C
	Y
	A
	S

	Mathematical model
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	e
	e
	e
	e
	e

	PDB identified
	
	
	
	e
	e
	e
	e
	e
	e
	
	
	
	
	
	
	
	e
	e
	e
	e
	e
	e

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	
	W
	R
	N
	S
	S
	G
	T
	I
	E
	L
	V
	K
	K
	G
	C
	W
	L
	D
	D
	F
	N
	C

	Mathematical model
	e
	
	
	
	
	
	e
	e
	e
	e
	e
	e
	
	
	e
	e
	
	
	
	
	e
	e

	PDB identified
	e
	e
	e
	e
	
	
	e
	e
	e
	e
	e
	e
	e
	e
	e
	e
	e
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	
	Y
	D
	R
	Q
	E
	C
	V
	A
	T
	E
	E
	N
	P
	Q
	V
	Y
	F
	C
	C
	C
	E
	G

	Mathematical model
	e
	
	
	
	
	e
	e
	e
	
	
	
	
	
	
	e
	e
	e
	e
	e
	e
	
	

	PDB identified
	
	
	
	
	
	e
	e
	
	
	
	
	
	
	
	
	e
	e
	e
	e
	e
	
	

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	
	N
	F
	C
	N
	E
	R
	F
	T
	H
	L
	
	
	
	
	
	
	
	
	
	
	
	

	Mathematical model
	
	e
	e
	
	
	
	e
	e
	e
	
	
	
	
	
	
	
	
	
	
	
	
	

	PDB identified
	
	
	
	
	
	
	e
	e
	
	
	
	
	
	
	
	
	
	
	
	
	
	


Table 6: Comparison of the identification of β-sheet formation of this mathematical model method vs PDB identified. The ‘e’ denotes the presence of β-sheet. 
The % Similarity is calculated to be 61.4%.
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The % Accuracy is calculated to be 74.49%. 
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Using the same method as shown in the example, the results of %Similarity and %Accuracy on the training set of protein sequences were tabulated in Table 3 and 4. A linear line was then used as an approach to find the best suitable cut-off point by taking the one with the least steep line (Figure 5 and 6). The least steep gradient line would depict it as the cut-off point with the least variation of the results, thus the most suitable cut-off point.  
	
	SIMILARITY

	
	 0.08
	 0.09
	 0.095
	 0.100
	 0.124

	1AYA - CHAIN A
	68.750
	62.500
	62.500
	53.125
	46.875

	1AYA - CHAIN B
	68.750
	62.500
	62.500
	53.125
	46.875

	1AYB - CHAIN A
	68.750
	62.500
	62.500
	53.125
	46.875

	1AYC - CHAIN A
	68.750
	62.500
	62.500
	53.125
	46.875

	1AYD - CHAIN A
	68.750
	62.500
	62.500
	53.125
	46.875

	1S4Y - CHAIN A
	67.500
	67.500
	67.500
	62.500
	60.000

	1S4Y - CHAIN B
	72.340
	59.574
	57.447
	55.319
	40.426

	1S4Y - CHAIN C
	67.500
	67.500
	67.500
	62.500
	60.000

	1S4Y - CHAIN D
	72.340
	59.574
	57.447
	55.319
	40.426

	2H62 - CHAIN A
	70.833
	66.667
	54.167
	52.083
	43.750

	2H62 - CHAIN B
	70.833
	66.667
	54.167
	52.083
	43.750

	2H62 - CHAIN C
	81.250
	84.375
	81.250
	71.875
	71.875

	2H62 - CHAIN D
	68.182
	68.182
	61.364
	61.364
	56.818

	2H64 - CHAIN A
	65.957
	61.702
	55.319
	53.191
	51.064

	2H64 - CHAIN B
	81.250
	84.375
	81.250
	71.875
	71.875

	2H64 - CHAIN C
	74.419
	69.767
	69.767
	69.767
	62.791

	3BK3 - CHAIN A
	62.500
	62.500
	54.167
	54.167
	43.750

	3BK3 - CHAIN B
	62.500
	62.500
	54.167
	54.167
	43.750

	3BK3 - CHAIN C
	55.000
	55.000
	55.000
	55.000
	45.000

	3BK3 - CHAIN D
	55.000
	55.000
	55.000
	55.000
	45.000


  Table 3: %Similarity with accordance to the different cut-off points
	
	ACCURACY

	
	0.08
	 0.09
	 0.095
	 0.100
	 0.124

	1AYA - CHAIN A
	60.396
	65.347
	65.347
	61.386
	64.356

	1AYA - CHAIN B
	60.396
	65.347
	65.347
	61.386
	64.356

	1AYB - CHAIN A
	60.396
	65.347
	65.347
	61.386
	64.356

	1AYC - CHAIN A
	60.396
	65.347
	65.347
	61.386
	64.356

	1AYD - CHAIN A
	60.396
	65.347
	65.347
	61.386
	64.356

	1S4Y - CHAIN A
	72.449
	75.510
	75.510
	74.490
	78.571

	1S4Y - CHAIN B
	63.793
	60.345
	60.345
	60.345
	62.069

	1S4Y - CHAIN C
	72.449
	75.510
	75.510
	74.490
	78.571

	1S4Y - CHAIN D
	63.793
	60.345
	60.345
	60.345
	62.069

	2H62 - CHAIN A
	65.789
	64.912
	63.158
	62.281
	67.544

	2H62 - CHAIN B
	65.789
	64.912
	63.158
	62.281
	67.544

	2H62 - CHAIN C
	74.419
	73.643
	78.295
	77.519
	77.519

	2H62 - CHAIN D
	74.490
	75.510
	74.490
	74.490
	78.571

	2H64 - CHAIN A
	64.912
	64.912
	64.912
	65.789
	69.298

	2H64 - CHAIN B
	74.419
	73.643
	78.295
	77.519
	77.519

	2H64 - CHAIN C
	76.768
	78.788
	78.788
	79.798
	82.828

	3BK3 - CHAIN A
	63.158
	63.158
	64.912
	64.912
	67.544

	3BK3 - CHAIN B
	63.158
	63.158
	64.912
	64.912
	67.544

	3BK3 - CHAIN C
	59.701
	62.687
	65.672
	65.672
	70.149

	3BK3 - CHAIN D
	59.701
	62.687
	65.672
	65.672
	70.149


Table 4: %Accuracy with accordance to the different cut-off points
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Figure 5:Linear line determination for %Similarity 
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Figure 6: Linear line determination for %Accuracy
As can be seen from the two figures, cut-off point of 0.09 has the least steep line and thus it will be used as the cut-off point for this study. With the determination of cut-off point as 0.09, the average %Similarity is 65.169% and average %Accuracy is 67.323% for the training set. After the training set was tested, the group of non-related protein dataset were used to test the system for conformity. Using the same method with a cut-off point of 0.09 for training set, the results are as follow: 
	
	% Similarity
	% Accuracy

	3G7M - CHAIN A
	59.375
	64.901

	3H12 - CHAIN A
	65.517
	60.526

	3DVT - CHAIN A
	68.000
	62.637

	1AB6 - CHAIN A
	71.429
	68.000

	3L0W - CHAIN A
	62.903
	63.314


Table 5: Results of testing data sets
The average %Similarity is 65.445% and average %Similarity is 63.876. The % Similarity between the training set and testing set has a slight difference of 0.276% while the %Similarity has a difference of 4.009%. With an average similarity of 65.169% for training set and 65.445% for the testing set, it shows the sensitivity of β-sheet detection by the mathematical model and algorithm used. Too high of a sensitivity level can meant an over-prediction of β-sheet and too low sensitivity can result in under-prediction of β-sheet. This can be seen as a trend with relation to the %Accuracy. The average accuracy is 67.323% for training set and 63.876% for the testing set. As %Accuracy also includes the positively identified non β-sheet, it acts as an overall measurement of the result to its true value for the mathematical model and the algorithm. 
This method used can be similar to Chou-Fasman method where empirical data are used as conformational preferences for the formation of protein secondary structure. There are recurrences where identification by this method contains only parts of a string of a supposedly β-sheet or identification of β-sheet but there was not supposed to be. These derivations could be due to the small amount of dataset used in this study and the small window size. The small data set might have an impact on the mean of the % accuracy as well as a broader data set would have brought upon a more uniformed result. An increase in window size would have affected the mathematical model and calculation of the probability as well as it will take into consideration the other amino acids rather than just the direct neighbouring amino acid. The use of reference from one empirical data source could also caused bias towards that data. Other considerations include other sources of empirical data. Another concern might be the two parameters used. It can be further enhanced with more parameters or binary classifications included for further comparisons and affirmation of the performance of the mathematical model and algorithm. Human error might occur along the way thus it might be able to be corrected if the program was done. It can minimise the human calculation error and corrected any errors.  
6. CONCLUSION AND RECOMMENDATIONS
6.1. Conclusion

Protein structure prediction plays in important part in the biomedical field. The many methods for protein structure prediction have brought upon different aspects and results for the field of protein functions research. This study is using the basis of Bayesian rule together with a conformational preference data for secondary structure prediction. This can provide a stepping stone for any further improvements to the method or any other method. With increasing focus on genomes and the desire to understand it, there would be more probabilistic methods developed in future for more complex usage and further enhancement to the increasing credibility of protein structure prediction methods.
6.2. Recommendations

This current study is only on basis of Bayesian theorem and there could be more probabilistic methods that can be used to improve the results of it. Other methods that were discussed in the report, eg. HMM and GOR method, could be carried out and compared against the results obtained here. Artificial Neural Network is an increasing preference to be used in genome study and thus in-depth of this field could be beneficial. Besides, more parameters can be included to further study of this method. The increase in parameters could provide a more precise result. These recommendations can provide a less bias and more open study on the prediction method. 
7. CRITICAL THINKING AND REFLECTIONS

Upon receiving this project, I have already pre-empt myself to be needed to carry out a lot of research on the subject and the method. Protein structure prediction was a very new subject to me. In my previous years of study, I had only learned about the topic of protein and its function. To learn protein in a probabilistic aspect was definitely something very new to me. I went looking up the meaning of all the terms and words used in the project synopsis. After the first meeting with my project supervisor, Mr. Hoe Swee Leong, I had a slightly better concept of the objective of the project. He continued to help me along the way, providing journals and materials as a guidance. 
Along the process of brainstorming about the topic, the method, understanding the concept of algorithm and programming, the learning process did brought me to another new level. It was as though I was learning a new module. Researching skills was something I had learnt through this process too, especially with regards to the methods used in protein structure prediction. A lot of the researches were done on research journals by others and usually their way of writing can be very biased towards the method used. Thus at a lot of times I was confused and probably swayed by their bias for the method. This led me to be running in circles at times. It took me a long time before I decided on the method to carry out the project. 

As I was not skilled in programming skills, I had to spend more in trying to understand the way programming works. Programming proved to be a difficult work for me. I had the idea on how the algorithm is but to program it out was a problem to me as I had a poor background of programming and MATLAB skills. I was learning MATLAB at the same time I was trying to program the method out. Thus it took double time and effort for me. Year 2010 was a difficult time for me with regards to work. As I am a part time student, work took a toll on me especially during this first half of the year. Work occupied my free time that I had allocated for my project. Therefore with much difficulties and regret, I had to forsake the MATLAB programming and change the method calculation, finally present the results in a manual calculation form together with a statically presented form of results. 
Doing capstone project not only gains a better knowledge academically, it also helped in learning time management and self discipline. Typically to other part time students, time management between work, family, school and social had to be balanced and taken into considerations. Besides that, it also helped in gaining more rapport among fellow capstone project takers. We had consultations with each other, seeking help and supporting each other. It is due to the fact that we are a group of friends taking capstone project thus we understand the stress level and problems we faced. It might be a project but I’ve gained more than academically of what the project is.  
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