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Proteinler, hayati 6nem tagryan gorevleri nedeniyle organizmalarin en dnemli
kisimlaridir. Bu bakimdan, bir organizmanm yasam siirecini anlayabilmek igin ilk
olarak, fonksiyonuyla yakmdan ilgili olan yapismm bilinmesi gerekmektedir. Protein
yapilan, Birincil, Ikincil, Ugtinctil, Dérdiinclil olmak {izere dort ama hiyerarsik
diizeye sahiptirler. Birincil yapt amino asit dizilimidir. Polipeptit zincirlerinin
bolgesel sekillenmeleri, ikincil yapiyr olugturur, Gglinciil yapr ise son geklin
olusumunda ikineil yapilarin ne gekilde bir araya gelmeleri gerektigini belirler. Bir
veya daha fazla polipeptit zincir arasmdaki etkilesimler de dordiincil yapiyr
olugturur. Yapay sinir aglari, proteinlerin ikincil yapilarin tahmininde bagsariyla
kullanilabilen algoritmalardandir.

Bu tezde, genel regresyon sinir aglar1 (GRNN), probabilistik sinir aglan
(PNN) ve geri yayilim algoritmas1 (BP) hemoglobinin, amino asit diziliglerinin farkh
pencere boyutlar1 elde edilmis birincil yapisma uygulanarak ikincil yapisi tahmin
edilmeye ¢ahgilmugtir. Daha sonra tlim aglarm sonuglar, GRNN ile birlegtirilmistir.
20 alfa-141 ve 20 beta-146 hemoglobin zincirleri iceren veri seti, Protein Veti
Bankasindan olusturulmugtur. GRNN’nin genel bagar1 oram, beta zincirleri igin 90.2-
91.7% ve alfa zincirleri i¢in 85.9-87.3% dir. PNN, beta i¢in 91.2-92%, alfa i¢in 85.4-
86.5% genel basarrya ulasmugtir. BP’nin genel bagaris: ise beta i¢in 89.9-92.5% ve
alfa igin 86.5-90.3% dir. CNN sonuglarma gore tahmin basarismda Snemli bir artig
olmarmsstir.

Anahtar Kelimeler: Genel Regresyon Sinir Aglari, Probabilistik Sinir Aglari, Geri
Yayihm Algoritmasi, Birlestirilmis Sinir Aglari, Hemoglobin,
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Proteins are one of the most important parts of an organism because of its
vital important tasks. In this respect, to understand the life process of an organism, it
is necessary to first know the protein’s structure that is closely related to its function.
Protein structures are described through four main hierarchical levels; Primary,
Secondary, Tertiary, Quaternary. The primary structure is simply the sequence of
amino acids, the secondary structure refers to the local conformations of the
polypeptide chains, the tertiary structure describes how the secondary structure
elements are arranged to form the overall shape of the chains and the interactions
between one or more polypeptide chains gives the quaternary structure. Artificial
Neural Networks are useful toolbox for secondary structures prediction of proteins.

In this thesis a generalized regression neural network (GRNN), probabilistic
neural network (PNN) and backpropagation algorithm (BP) were applied to the
hemoglobin primary structure with different window sizes of amino acid sequences
to predict the secondary structure that has helix and coil. Then all results of the
networks are combined with GRNN. The data set is prepared with 20 alpha-141 and
20 beta-146 hemoglobin chains from Protein Data Bank. The overall success rate of
GRNN is around 90.2-91.7% for beta chains and 85.9-87.3% for alpha chains. The
PNN achieved between 91.2-92% overall accuracy for beta and 85.4-86.5% for
alpha. BP has the overall success rate of 89.9-92.5% for beta, 86.5-90.3% for alpha.
There is no significant improvement in prediction accuracy with CNN.

Keywords: Generalized Regression Neural Network, Probabilistic Neural Network,
Backpropagation, Combined Neural Networks, Hemoglobin.
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NOTATIONS

w Weight

f(net) Sigmoid transfer function

Qs Accuracy factor

w Window size of the kernel

r The number of amino acid residue

X Independent vector random variable

Y Dependent scalar random variable

n Pattern size

gxX The joint continuous probability density function
X; Sample values for X random variable (input)

Vi Sample values for ¥ random variable (output)
£(x,y) The estimate of joint probability function

o The window width of the kernel (smoothing factor)
7(x) The expected value of output

m; The number of training patterns that belong to class i
X The j ™ training pattern of i class
fi The computed Parzen’s pdf for i* class

Di The prior probability of i class

h; The hidden units

O The output responses

te The target output

J The criterion function

Aw The value of weight update

n The learning rate

The sensitivity of a unit
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1. INTRODUCTION

Proteins are the main workhorse of an organism as a whole. Having the vital
important tasks in a living organisms such as storage and transport of the required
substances, defense against alien substances, etc., allow the protein to gain a fame of
being one of the most essential part of molecular biology. The protein molecule
represents much of the bulk of an organism and accomplishes almost all of the
biochemical activities of these organisms. To understand the life process of an
organism, it is necessary to first know the protein’s structure that is closely related to
its function.

Routinely used and reliable methods to determine the structure of a protein
are laborious techniques such as X-ray crystallography and nuclear magnetic
resonance spectroscopy (NMR). Since biological techniques are quite expensive,
laborious and time consuming, in recent years scientists have concerned computer
and statistical modeling. In this study, the aim is to test the success on predicting the
secondary structure of the protein that is the first step for determination of the overall
structure by combined neural networks.

1.1. Proteins

All proteins are composed of linear unbranched combinations of twenty
different amino acids (Append. Table 1.). The structural and functional properties of
the proteins primarily depend on this linear sequence of amino acids (ie. their
number and positions). Protein structures are described through four main
hierarchical levels; Primary, Secondary, Tertiary, Quaternary.

In the general structure, amino acids contain an alpha carbon (C,) that is
attached to a carboxyl group (-COOH), an amino group (-NH,), a hydrogen atom (-
H) and a side chain group (-R) that gives each amino acid its distinguished properties
[Solomons, 1995]. Figure 1.1. illustrates the general structure of an amino acid.
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Figure 1.1. The general structure of an amino acid

When the carboxyl group of one amino acid is joined to the amino group of
another amino acid by a peptide bond, this forms a dipeptide. The molecule
constitute n-sequence of amino acid residues are termed a polypeptide. This
sequence of amino acids that make up protein is called the primary structure
[Denniston et al., 2001]. Each protein has distinct primary sequence with different
amino acids which are placed differently along the chain.

Protein molecules are not rigid because the bonds that join C, to amino group
(N-C,) and to carboxyl group (Cy-C) can rotate in a great flexibility with the angles
of PHI (@) and PSI (), respectively. Then the protein folds into a three-dimensional
configuration according to the association between amino acid residues that can
stabilize certain conformations above others to conserve the most energy by this
rotation of its segments along the ¢ and y angles. These local conformations are
known as the secondary structures that is the result of hydrogen bonding between the
hydrogen of amino group and the oxygen of carboxyl group [Denniston et al., 2001].
There are eight distinct classes of secondary structures;

1. a-helix is an helical configuration of residues with 3.6 amino acid per turn and
formed by hydrogen bonding between the backbone CO of one residue and the
backbone NH of fourth residue along the chain (Figure 1.2).
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Figure 1.2. The structure of a-helix conformations [Denniston et al., 2001]

2. w-helix has similar conformation with a-helix but 4.4 residues per turn with
hydrogen bonding between the atoms of i* and i + 5™ residues.

3. 3yp helix is also similar to a-helix but formed by hydrogen bonds between the
atoms of i" and i + 3" amino acids.

4. Isolated B-bridge has the configuration of a fashion that is made up of a
hydrogen binding between a pair of three adjacent amino acids by bridging the i-
1, i, i+1 and the j-1, j, j*+1 residues. Two kinds of bridges are seen; the parallel
bridges that is formed when the chains run in the same direction, the antiparallel
bridges that is formed when the conformation of the chains is in the opposite

direction. These orientations are shown in Figure 1.3. [Denniston et al. 2001].

Antiparallel
p-Bridge

Figure 1.3. The structure of f-bridge conformations
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5. Extended p-strand is the combination of two or more consecutive [-bridges. A
beta-sheet is composed of several individual beta-strands arranged in a plane.
There are also two kinds of B-sheet; parallel and antiparallel B-sheets that are
formed by strands linked of parallel bridges and anti-parallel bridges,
respectively. Figure 1.4, illustrates an example of parallel f-sheet structure.

Figure 1.4. The structure of parallel f-sheet conformation [Denniston et al., 2001]

6. Turn occurs when a hydrogen bonding exists between the CO atom of "
residue and the NH atom of i + n" residue.
7. Bend occurs when the angle between atoms Cyia), Cagpy and Cagiszy
Coil (Loop) is a region that can not be included into any other seven structures.
The term is used for the segments of a chain that do not form a regular
secondary structure.
w-helices, f-strands and coils are the most common types that are coincided with
abundantly in secondary structures. The polypeptide chain with its regions of the
secondary structure is arranged to form its the overall folding pattern. Thus the
protein takes on its final three-dimensional shape. This completion is termed the
tertiary structure. For many proteins. the functional form is composed of several
polypeptides. The arrangement of these polypeptides defines the gquaternary
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structure of a protein [Solomons, 1995].

1.2. Hemoglobin

Hemoglobin is one of the most important protein and commonly illustrated
one (i.e. more is known about the chemical structure and function than any other
protein molecules) because the various types of disorders in its structure cause lots of
diseases that are encountered in the humans and the oxygen, carried via the
hemoglobin protein, is the main element of the human and animal physiology. All
vertebrate and many invertebrates use the hemoglobin as an oxygen carrier. Thus the
hemoglobin, the vital importance for a human body, is found in the red corpuscles
(referred to as erythroeyte) of the blood. The major function of the hemoglobin is to
collect oxygen that diffuses into the plasma of the blood from the lungs, then to
deliver it through the arteries to the tissues for maintaining the viability of cells and
to transport carbon dioxide back to the lungs through the veins [Rinsho, 1998].

A hemoglobin that carries a full load of four oxygen atoms, is called
oxyhemoglobin. Reversibly, the hemoglobin with no oxygen is known as
deoxyhemoglobin. The hemoglobin molecule is made up of four polypeptide
subunits (i.e. minor proteins) that are known as globins and four heme groups for
each globin chain, as its name states [Pauling, 1952]. The four globins of normal
adult hemoglobin refer to as two identical alpha chains, each with 141 amino acids
and two beta chains, each with 146 amino acids [Shirasawa et al, 2003] (Append.
Table 2.). These words of alpha and beta are irrelevant with the concept of a-helix
and P-sheet secondary structures, Even in fact these chains contain a-helices, but no
p-sheets in their secondary structures.

The o and the B chains fold up to form a globular tertiary structure. The heme
groups are encased in the folded helices like a packaging. At the center of these heme
complexes there is an iron atom that is actually responsible for holding one oxygen
atom and for supplying red color to blood. The hemoglobin protein is shown in
Figure 1.5. [Denniston et al., 2001].
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Figure 1.5. The four levels of normal adult hemoglobin structure

Hemoglobin molecule has different abilities about the oxygen carrying
associated with the development stage from embryo to adult. Embryonic
hemoglobin, found only in the first three or four months of intrauterine life, is made
from one alpha (&) and one gamma (y) chain. This initial hemoglobin dimer has no
function about blood circulation. The functional type of the fetus hemoglobin is
formed with the combination of two o and two y chains and predominates during the
rest of fetal life. This is called fetal hemoglobin (HbF) that makes up all the blood
until about two months before birth [Pauling, 1952]. This is completely replaced by
adult hemoglobin within a certain months after birth.

All adult hemoglobin throughout the world has the same structure. However,
sometimes some defects can occur in the genes code for hemoglobin and cause
abnormalities in the hemoglobin. An abnormal hemoglobin appears in three basic
conditions:

Structural defects is occurred via the alteration in the gene for one of the two
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globins. This is called mutation that occasionally disturbs the function of the
hemoglobin molecule and produces a disease state. The sickle cell disease is an
example of this type of mutations’ outcome.

Deficiency in production of one of the two subunits is termed “thalassemias”. The
mutation of hemoglobin chain imbalance produce the disease of anemia by
destroying the red cells.

Abnormal combinations of normal subunits are the association with (-globins (or
a-globins) into groups of four (tetramers). In severe a-thalassemia, that is the
combination of 3-globins, the mutations of these tetramers result in a loss of function
[Anonymous/a).

In conclusion, these are the reasons for the importance of finding the hemoglobin’s
structure that is exactly related with the implementation of its function.

1.3. Artificial Neural Networks

ANNs are computational paradigm that has an amazing capacity to actually
learn from input data, inspired by the way the biological nervous system in brain
process information [Stergiou]. A neural network is composed of highly
interconnected processing units or artificial neurons. These units are joined together
with weighted connections that are similar to synapses of the brain. The neural
network architecture consists of three or more layers of neurons that fully connect to
consecutive layer neurons (i.e. each connection are associated with numerical
weights) [Sarle, 1994]. The input exemplars from previous neurons are processed
through the weighted sum and then transmitted to another neuron via a transfer or
activation function as an input (i.e. each neuron contains the weighted sum of its
inputs filtered by the function) [Jordan and Bishop, 1996].
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Figure 1.6. The general model of learning in ANN

This process is repeated after the modification of the weights until the error between
the predicted and expected output values is minimized [Lippmann, 1987]. This
iterative modification known as a training, characterize the learning ability of ANNs.
The goal of the training is to reach an optimal solution based on the performance
measurement.

The most common architecture of neural networks is the multilayer
perceptron (MLP). The Figure 1.7. illustrates a simple MLP. The first layer, named
the input layer, presents a pattern to the network. The last layer that is the output
layer consists of the output response to given input. The other layers between the
input and output layer are the hidden layers (pattern layers) that perform the
processing tasks of the network.

Figure 1.7. A simple multilayer perceptron (MLP)
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Neural Networks are useful toolbox for prediction of secondary structures of
proteins because of the capability of analyzing the overwhelmingly big data sets and
mapping the relationships between the protein sequences [ibrikgi, 2000]. For this
study GRNN, PNN, BP and the network of their combination were chosen to predict
the secondary structure of hemoglobin.
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2. RELATED WORKS

Studies on the protein secondary structure prediction by the computational
and statistical methods started with Krighaum and Kuntton [Krighaum and Kuntton,
1973: from Cai et al., 2003]. They used the multiple linear regression algorithm to
predict the amino acid composition of a protein. This attempt continued with Chou-
Fasman method that had achieved a three-state (Qs) accuracy of 52% [Chou and
Fasman, 1978]. This method is well-known empirical statistical algorithm that is
based on the frequencies of the secondary structure types.

Within the field of protein secondary structure prediction the idea of
combining different prediction methods is also an old one. Schultz et al. combined 11
methods, and Argos et al. combined five different methods [Schultz et al, 1974]
[Argos et al., 1976]. Sternberg stressed the merits and limitations of different
prediction methods for different types of secondary structure (multi-strategy
learning) [Sternberg, 1983]. Nishikawa and Ooi combined methods using a voting
strategy [Nishikawa and Ooi, 1986]. In 1988, Biou et al. used a complicated biased
method to combine three methods (including GOR 111) [Biouet al., 1988].

At the end of 1980's, researches about the secondary structure prediction
have developed considerably with starting to use neural network methods. The
average success reached 64.3% on three types of secondary structure conformation
(a-helix, B-sheet and coil) of non-homologous data set by using neural network
models [Qian and Sejnowski,1988]. Qian and Sejnowski applied the sliding window
strategy to preprocess the data like Chou and Fasman. Zhang et al. used a neural
network (which they found to be better than voting) to combine predictors obtained
from neural network, nearest neighbour and naive Bayes algorithms. They achieved
more accurate level than individual experts level with 66.4% accuracy [Zhang et al.,
1992].

In the last decade of 20" century, accuracy percentage level rose over 70%.
During this period, Rost et al. studied in several works about the prediction of
secondary structure. They found a method called PHD (profile network prediction)
that has the same structure as Qian and Sejnowski with 40 hidden units, window size
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of 13 amino acids and addition of the alignment feature (i.e. amino acid frequency
vector for each position) in the form of a profile [Rost and Sander, 1993a; Rost and
Sander, 1993b]. The success of the network that is trained a set of profiles of
multiple alignment sequences, is about 70%. For instance in 1993, they predicted the
secondary structure of proteins at 70.8 % accuracy with two-layered feed forward
neural network. To verify the success rate of the performance 7-fold cross validation
test was used in their study. Rost and Sander also used an ensemble of networks, i.e.
combine predictions from 10 distinct neural network systems. They observed over
1% improvement in accuracy rate with 72% Q; [Rost and Sander, 1994a; Rost et al.,
1994b].

In 1996, Mehta et al. applied several types of statistical, neural network and
artificial intelligence (Al) based methods to predict the secondary structure of
proteins according to their amino acid sequence, and obtained around 60%-75%
accuracy [Mehta et al, 1996]. They used Chou-Fasman, Microgenie for statistical
methods, Fuzzy Artmap for Al methods and GRNN, PNN for NN methods in their
studies. Krogh and Riis made another study on protein structure prediction. They
applied structured neural networks and multiple sequence alignment with an
accuracy of 80% [Krogh and Riis, 1996].

Salamov and Solovyev applied their NNSSP (nearest neighbor secondary
structure prediction) method and PHD method on non-membrane non-homogenous
proteins with 71%-72% of overall three-state accuracy [Salamov and Solovyev,
1997]. NNSP is based on nearest neighbor rule, which states a classification for a test
sample according to the classifications of neighbor training examples from a
database of known structure.

In 1998, one of the combine methods, Jpred was applied by Cuff [Cuff et al.,
1998]. This method combined the outputs of several certain methods such as PHD,
NSSP, etc. by using a consensus method and achieved 72.9%.

By using currently available accurate methods, Chandonia and Karplus
obtained 74.8% success rate on non-homologous protein data that is considerably
larger than the other data sets [Chandonia and Karplus, 1999]. Zhang et al. proposed
multiple linear regression with 80% correct protein prediction [Zhang et al., 1999]. In
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2000, Siermala, Juhola and Vihinen studied on pre-processing of protein secondary
structures for neural networks [Siermala, 2000]. Petersen et al. achieved 77.2%-
80.2% accuracy by structure filtering neural networks [Petersen, 2000]. Another
combined method Jnet that was used in Cuff and Barton’s study with 76.4%
accuracy, consisted of HMM (Hidden Markov Model) and PSI-BLAST. These
methods are combined with a neural network model instead of a consensus [Cuff et
al, 2000]. Rost et al. also used Jnet by combining with some other methods (i.e.
PHD, NNSP, Predator, Mulpred, DSC and Zpred). They obtained 74.8% success rate
with slightly improvement [Rost et al., 2001]. In recent years three and eight classes
of protein secondary structures is predicted with the performance of about 78% by
using recurrent neural networks and profiles in the study of Pollastri et al. [Pollastri
et al., 2002].
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3. MATERIAL AND METHODS

3.1. Material

3.1.1. Data Collection and Preprocessing

In this study, the dataset has taken from Protein Data Bank, USA and exists
of 20 alpha-141 and beta-146 hemoglobin chains which are 1A3N:A/:B, 1A4F:A/:B,
IAOU:A/ZB,  1BLEALB, 1DXV:ALB, 1CGS:ALB,  1FHIAZB,  1FSX:A/B,
IGOB:A/:B, 1GBV:A/:B, 1HBS:A/:B, 1HBR:A/:B, I1IRD:A/B, 1J7Y:A/:B,
ITHDS:A/:B, 1TTH:A/:B, INTH:A/:B, 1QPW:A/:B, 101K:A/:B, 2HBD:A/:B [Protein
Data Bank]. These hemoglobin dataset were divided into two parts; 2/3 as train and
1/3 as test sets. The networks used in this study were trained to predict a three-
category (HEC) secondary structure assignment reduced from the eight-category
assignment produced by DSSP program [Kabsch and Sander, 1983].

| DSSP class Abb Reduced Class
@ - helix
34 helix
n helix
| _Extended Strand
Isolated p Bridge |
Turn
Bend
Coil and rest

[ m—cu:rn—on:?

DO[OOM}III

Table 3.1. DSSP assignment of the secondary structures

In this dataset, there is no Strand (E) structure; only Helix (H) and Coil (C)
represent the secondary structure. Training files contain a primary structure (i.e. a list
of amino acids) and its corresponding secondary structure. These structures were
manipulated by determining certain size of slide windows that consist of contiguous
amino acid residues. Since there are 20 known amino acids in the nature, each of
them was coded as a 20-bit strings with all, but one bit turned on, and each of outputs
was coded as a 1-bit string that can be 1 for helix and 2 for coil;
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Alanine (A): 10000000000000000000 (20-bit string coded for input)
Helix (H) :1 (1-bit string coded for output)

Window (input) ENLKGFL  Primary Structure (Amino Acid Sequence)

Output HHCHH Secondary Structure (Helix or Coil )

In this study, each dataset derives from eight different sizes of windows;

11-13-15-17-19-21-23-25

Each window size is chosen according to following formula with r number of amino
acid residues before and after center element of the windows:

window size (W) = 2%r+1] (1)

Center technique appears from the thought of that the central amino acid had a large
influence in structure classification of that window [Qian and Sejnowski, 1988].
Prediction is applied by labeling the input pattern (i.e. amino acid sequence window)
with the secondary structure, i.e. output that belongs to the central element of the
amino acid sequence. For example, if the window size were chosen as 11, five amino
acid residues before and five residues after would be considered, and at the opposite
of the sixth element is the secondary structure, helix or coil. Starting from the first
residue the window turns by sliding one residue to the right until the end of
sequence, then all residues are classified.

{ENLKGFLFWXG} EELFLV ... input before coded with 20-bit strings code
v
HHCHCOBCCCHH... output before coded with 1-bit siring code
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Hence, each input pattern is coded as 20-bit string with W x 2() binary input elements
per window with an output | or 2.

For combined network, all the outputs that obtained from the other three networks
were gathered in a single file as an input dataset and for the output dataset the same
output files of the networks were used. The outputs from self-consistency dataset test
(testing on train dataset) constituted dataset for training and the outputs from
independent dataset test (testing on test dataset) formed the test dataset of the
combined network.

3.2. Methods
3.2.1. General Regression Neural Networks (GRNN)

GRNN introduced by Donald Specht in 1990 is memory-based feed forward
neural networks based on the estimation of Probability Density Function (pdf) from
observed samples using Parzen-window estimation [Specht, 1991]. It approximates
any arbitrary function either linear or non-linear relationships between input and
output vectors, drawing the appropriate function estimate directly from the training
data. This approach removes the necessity to specify a functional form of the
estimation.

The method is a kind of regression network that utilizes a probabilistic model
between an independent vector random variable X (i.e. input) and a dependent scalar
random variable ¥ (i.e. output). Let x and y are the particular measured values of X
and Y random variables, respectively, and g (X, ¥) is the joint continuous probability
density function of these random variables.

A good choice for non-parametric estimate of the probability density function
g (as noted in Specht) is using the Parzen window estimator that is proposed by
Parzen and performed for multidimensional cases by Cacoullos . Given a sample of n
real d dimensional x; values for a scalar y, values, the estimate of joint probability
density is:

T4, VRSN
T RN SHETEN KD
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: gl eV e-n) -],
g(-\'.y) = W;g{m[ 20_2 ]exp[ 20.3 J:| (—)

where o is the window width of a sample probability and called smoothing factor of
the kernel [Yeung and Chow, 2002].
The expected value of ¥ given x (the regression of } on x) can be given as:

T?’,g (x,Y)dy
E[Y /x]=t—u— 3)
| g(x.¥)ar

Substituting the joint probability estimate g(x, ) into the definition of the conditional
mean, E[Y ix] yields:

i ]:yl exp (d: )]
J(x)=E[r/x)=B—— @
Zexp(d,)

i=1

where d; is the distance function between the input vectors and the centers recorded
in the pattern nodes, which is given by

g e=n) (=x)

5
20° ©)
The estimate ¥ (x) is thus a weighted average of all the observed y, valves where each
weight is exponentially proportional to its Euclidean distance from x.
The structure of the GRNN consists of 4 layers; the input layer, the hidden
(pattern) layer, the summation layer and the output layer (Figure 3.1.).
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x| Xj Xd

T O
O Input Layer

N

' Pattern Layer

Summation Layer

Output Layer

i(x)
Figure 3.1. The network of GRNN

As a preprocessing step, all input variables of the training data are scaled
roughly. Then, they are simply copied as the weights into the pattern units [Hu et al.,
2002]. This means that each exemplar of the training data is dedicated to one neuron
of the pattern layer that is called cluster center. Input units are the connection points
for the elements of test exemplars. When a new input variable of the test data is
entered into the network, it is subtracted from each cluster center vector. Thus, the
distances between the input vectors and the centers are computed. A nonlinear
function that is usually the exponential activation function is applied to the distances,
and then these values are summed as shown in Equation 4 [Rzempoluck, 1997]. Two
neurons of the summation layers can be denoted as the numerator and the
denominator of the equation. Lastly, the division of y» g (x) by g (x) gives the result
of expected value of y(x). If y and j are the vector variables, in this case, one extra
summation unit is added for each component of i in the unit [Hyun and Nam].

The only adjustable parameter is the smoothing factor for the kernel function.
The critical point is to decide an optimum value for o. The larger values of this factor
cause the density to be smooth and converges j(x) to the value of the sample mean of



3.MATERIALS AND METHODS irem ERSOZ

the observed y;. On the other hand, when o is chosen very small (i.e. & goes to zero),
the density is forced to have non-gaussian shapes. Therefore the wild points have
great effects on the estimate. In this case, j(x) considers only the value of y
concerning with the observation(s) closest to x. All values of y, are taken into
account where the points closer to x are given heavier weights, if the optimum value
of o is selected [Specht, 1991].
There are several ways to provide an optimal value for o. One of the useful method
is k-fold cross validation [El-Solh et al., 1999]. The basic idea of cross validation is
to remove some of the training data for using it to test the performance of the learned
model on new data. k-fold cross validation uses k subsets for validation
[Anonymous/b]. In Equation 5, a single common sigma (o) is used for all the input
variables and pattern units, However, it can be necessary to assign an independent
sigma for each of the variables when each stored pattern has its own importance or
the centers are spaced uniform with each other [Baker and Richards, 1999].

The main advantage of GRNN according to other techniques is fast learning.
It is a one-pass training algorithm, and does not require an iterative process. The
training time is just the loading time of the training matrix. Also, it can handle both
linear and non-linear data because the regression surface is instantly described
everywhere, even just one sample is enough for this. Thus, other existing pattern
nodes tolerate faulty samples. Another advantage is the fact that adding new samples
to the training set does not require re-calibration of the model. As the sample size
increases, the estimate surface converges to the optimal regression surface. Thus, it
requires many training samples to span the variation in the data and all these to be
stored for the future use. Solely, this causes a trouble of an increase in the amount of
the computation to evaluate new points. In the course of time, highly improvements
in the speed of the computer’s processing power prevent this being a major problem.
Furthermore, this also can be overcome by applying the various clustering techniques
for grouping samples that each center is represented by this group of samples
[Specht, 1991]. However, there is only one disadvantage that there is no intuitive
method for choosing the optimal smoothing factor.
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3.2.2. Probabilistic Neural Networks (PNN)

The Probabilistic Neural Network (PNN), also introduced by Donald Specht
is feed-forward and one-pass training algorithm primarily based on Bayes-Parzen
Classification Technique which is theoretically used in many classical pattern
recognition problems [Specht, 1990]. Parzen’s method is used for the estimating
probability density function (pdf) of random variables form a set of training
examples similar as in GRNN. Bayes’ theory that allows the determination of the
classes for the unknown class pattern vectors, is included into the PNN for the
classification decisions [Walsh, 2000].

To understand Bayesian technique, consider a pattern vector x with
dimension d taken from a set of examples that belong to k number of distinct classes
(12,....k). Let p; is the prior probability for the accuracy of K" class. For all
classification classes, assume that Fix), Fafx), ... ., Fiyx) are true probability
density functions of that sample. Bayes’ decision rule then favors a class for the
unknown sample [Goh, 2002]. According to this strategy, x belongs to the i class if

Pk >p,F, ©)

for all categoriesj # i.

Typically, the class densities of an unknown input vector are calculated from
all the training pattern vectors in the PNN by using the multivariate case of Parzen’s
pdf estimator as for GRNN. However contrarily, PNN requires one pdf for each class
in usage of the estimator. The estimate of the probability density function can be
expressed as [Niwa, 2003]:

1 1 i (x_xn)r (‘t_xv)

IO o | 20 @

where m, is the number of training patterns that belong to class i, x; is the 7™ training
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pattern of this class and x is the i test vector. The other probability density
functions for each category are similarly defined by Equation 8. PNN has the only
one training parameter called the smoothing factor and can be find by . k-fold cross-
validation method like in GRNN [Anonymous/c].

There are two differences between the architecture of GRNN and PNN
[Hajmeer and Basheer, 2002].
1. The summation layer that contains one neuron for each class.
2. The output layer that simply retains the maximum of the summation nodes .
The architecture of PNN is shown in Figure 3.2,

X Xi Xa

| !
T ONTT o Nl

Pattern Layer

CRCRC R B O B B

Output Layer

Fx)
Figure 3.2. The Network of PNN
Input units are the distribution units for the elements of test samples to all the pattern

units, After computing the distance measure, and then the activation functions for
each class are subjected to the corresponding summation layer neuron which adds all

20
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the outputs in a particular class together. The constant multiplier of the Parzen’s
estimator equation is then applied to the activation of each summation neuron to get
the estimated pdf value of each category. However, common variables of this
constant for each class can be neglected in the computation of PNN. Here, the only
distinct factor is 1/m;. The summation neurons calculate the posterior probability of
each class according to the Bayes' theorem by combining these outcoming values of
pdfs with their relative frequencies (i.¢. the prior probabilities) [Raykar];

p S (x)
Z p.fi(x)

Fi(x)= (8)

fi is the computed Parzen’s pdf for i" class, piis the prior probability. Both 7} and p,
have the factor 1/m; and m, in their contents, respectively. These constants simplifies
each other; this yields:

Fix) =0 ©)

[3

DIFAEY

Subsequently, the output neuron performs a classification of the unknown input
vector according to the highest pdf. This choice is decided from Bayes' decision rule
stated as before in Equation 7 [Low and Togneri, 1998].

Training for both GRNN and PNN is proceeded in two parts. In the first part,
the network is trained with the data of the training set. The second part of the training
can be regarded as finding the best smoothing factor by using a validation set of
examples to maximize the success.

In practice, PNN is often an excellent pattern classifier, outperforming other
classifiers because it derives an estimate of pdf from the training examples rather
than just assume normal distribution. Although PNN and GRNN have totally
different algorithms, their pros. and cons. show similar qualities about speed of
learning, data variation, adding new samples, choosing smoothing factor, etc.
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3.2.3. Backpropagation (BP)

The Backpropagation introduced by Werbos in 1974 [Werbos, 1974: from
Cai et al, 2002], is the most popular learning algorithm for multilayered structure in
neural networks. BP algorithm is processed in two distinct phases that are forward
motion signals and error back propagation. The feed forward phase is to propagate
input signal from the input layer to the output layer. During this process, the basic
arrangement of NN structure and properties are used.

Back
Propagating
Errors

Weights
Adjustment

Output Responses - Desired Outputs
Comparison

h I I
Desired Outputs

Figure 3.3. The Network of BP

The process starts with the random values for weights (w). An activation function the
sigmoid function (Eq.11.) is appropriate because of its easy differentiable feature.
The output of this function gives a value between 1 and 0.

Y VORSEXOGHETIM KUk
ASYOH MERKEZI
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1
Y™ (10)

f(net)=

The calculated output, o is then compared to the target output, f; and the backward
phase begins with the computation of least mean squares (LMS) for weight
adjustment [Duda et al.. 2000]. This yields the criterion function, ./;

J(w):'z’z‘-:(ts _ok)z (11)

k=l

BP algorithm updates the weights by using the gradient descent rule starting with
hidden-to-output weights;

where # is the learning rate that controls the learning time of the network (i.e. the
weight change with relative size). The chain rule is used for differentiation;

oJ aJ onet, . Onet,
= - —éﬁ (1 3)
ow, ~ Onet, Ow, ow,

&, the sensitivity of unit k, that gives the overall error changes over the net activation
of the unit is simply;

5 - o,

= 0o, Onet,

=(t, —0,)f (net,) (14)

and

23
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Onet, h
=Y (15)
oW,

Substituting these results into the Equation 13 gives the learning rule otherwise
known as for the weight update for hidden-to-output weights;

AWM- zﬂa.ihj =?}(I,‘—Ot)f (nefk)hj (16)
The learning rule for the input-to-hidden units can be found with the similar way;

aJ _oJ Oh dnet,
ow, Oh, onet, ow, a7

Jn

Calculation of the first term on the right hand side is subtle, because it involves the
hidden-to-output weights, wy [Bishop, 1995]. When the criterion function, given in
Equation 12, is substituted into the term, this yields;
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c
= _Z @, —0,) [ (net,)wy (18)
k=1

Applying the Equation 15, the sensitivity for a hidden unit is defined:

8, = f (net,) Y wyd, (19)

k=1

Thus the learning rule for the input-to-hidden weights can be represented as;

k=1

Finally, the weights are updated as follows;

W(HQW) = W(Oid) + Aw 21

This iterative algorithm of the forward and backward phases is repeated until the
overall network error is less than a pre-defined threshold value. This causes a
disadvantage of long training time.

3.2.4. The Combined Neural Networks (CNN)
The CNN is the combination of several neural network methods with a
combiner. This combiner can be a neural network, statistical method or some other

prediction algorithm like consensus method. Figure 3.4. illustrates the network
schema of a CNN.

25
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Figure 3.4, The Network of CNN

In this thesis, the three algorithms, GRNN, PNN and BP as the subunits were
combined by the GRNN that was chosen as the combiner.

26
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4. RESULTS AND DISCUSSION

The algorithms of GRNN, PNN and BP are applied to the datasets of 141
alpha and 146 beta chains constructed by slide windows for the prediction of the
secondary structure of proteins. Self-consistency test (testing on train dataset) and
independent-dataset test (testing on test dataset) were used with eight different
window sizes to obtain success rates of secondary structure prediction for two classes
namely helix and coil. Then all results were calculated for overall success rates via
Q; method. This method was computed with the following formula;

_H+C
N

0O, @2)
where H and C stand for correctly predicted helix and coil, respectively. N shows the
total number of predicted residues. After individual applications of the methods, all
outputs are combined by the method GRNN, as a combiner and then helix, coil and
overall predictions (Q;) values are computed.

4.1. GRNN Results

4.1.1. 141 Alpha Set

According to the self-consistency and independent test results, stabilization of
accuracy level is observed. While this level is quite good for helix with 99%, it is
around 95.6% for coil because of its distribution in dataset.

The window size of 17 amino acid residues of independent dataset provides
slightly better prediction of the secondary structure of protein in overall prediction
with 87.3% (Table 4.1.). GRNN algorithm correctly-classified 93.4% of the helix
classes, 69.6% of the coil classes for this window. If classes are examined
individually, class of helix has the best result on window size 11; this is 19 and 21
for coil with 70.7%.
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Table 4.1. Self-consistency and independent-dataset results for each window size for
141 alpha set

w Helix Coil Overall
Train Test Train Test Train Test
1 99.0 93.8 945 B65.3 97.9 B6.7
13 98.1 937 95.0 66.3 98.1 86.8
15 998.1 935 956 66.1 88.2 B6.5
17 99.0 934 856 69.6 982 a7.3
19 99.1 93.0 956 70.7 98.2 87.2
21 99.1 931 95.6 70.7 98.1 87.1
23 99.0 92.7 956 69.5 98.1 86.4
25 99.0 923 95.6 68.9 98.1 859
Overall
100
97,5 4
95
i 925 S
: S
3 875
85
825
80 5t 2 =| " :
71 18 45 17 18 2 230 25
window size

Figure 4.1. Overall results of 141 alpha set for each window size
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Figure 4.2, Helix results of 141 alpha set for each window size
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Figure 4.3. Coil results of 141 alpha set for each window size
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4.1.2. 146 Beta Set

Window size of 13 has given the best overall prediction for independent data
set with 91.7 with GRNN (Table 4.2.). This window also gives the best accuracy for
coils with 76.1% and for helix with 95.8%. After window size of 13, size of 15
achieved the best result to classify helices with percentage of 95.8 and overall with
91.3. Based on the coils results from best to worst, window size scale is 13-11-19-23-
25-17-15-21 (Figure 4.6.). According to these results, it can be said that the small
window sizes give the better results for 146 beta test set in GRNN.

Table 4.2. Self-consistency and independent-dataset results for each window size

for 146 beta set

- Helix Coil Overall
Train Test Train Test Train Test
| 1 891 95.1 96.1 75.1 98.5 91.0
13 99.1 958 96.1 76.1 98.5 91,7
15 99.3 95.7 9.4 743 98.7 91.3
17 99.4 955 96.6 745 98.8 91.0
19 99.5 94.4 9.8 75.0 99.0 90.2
21 996 93.9 97.1 74.1 99.0 B89.6
23 99.6 94.2 97.3 748 99.1 B89.9
25 99.5 93.4 98.3 748 99.2 89.3

Self-consistency test of 146 beta set gives the better results than 141 alpha set
with 99.6 for helix, 97.3 for coil and 99.2 for overall.
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Figure 4.4. Overall results of 146 alpha set for each window size
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Figure 4.5. Helix results of 146 beta set for each window size

31



4. RESULTS AND DISCUSSION irem ERSOZ

Coil :
100 |
90 |
* = B Train
'§ - ETest
60
50 | - ' . . |
| 1 13 15 17 19 21 23 25 !
window size

Figure 4.6. Coil results of 146 beta set for each window size

As shown in Figure 4.6., 146 beta set gives the result of stable window size values
for coils in both self-consistency and independent-dataset tests. But there is a small

difference on the success value of window size 13.

4.2. PNN Results

According to PNN results, the overall accuracy resembles to the GRNN
results for both 141 alpha and 146 beta data test sets. But in detail, PNN has slightly
better overall test results on 146 beta, worst results on 141 alpha. As for GRNN,
there are also not considerably differences between the results in both self-
consistency test set results.

While PNN has better results in helix prediction, it has given considerably
worse results in prediction of coil comparing with GRNN. Despite of this approach,
PNN obtained the best overall predictions, because of helix’s weighted density.

The study of Mehta et al., the best success rate was obtained at the window
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size 19 with around 60%-75%. In our study was also reached the maximum rate at
the window size of 19 for 146 beta set with 92.1% and 141 alpha at window size 11
is better prediction than Mehta et al.’s prediction.

4.2.1. 141 Alpha Set

The success rate of the helix and overall test results are inversely proportional
with the window sizes but opposite result is valid for coil. Thus, window size of 11
has given the best prediction with 94.0% and 86.5% for the helix and overall
prediction, respectively. Coil prediction has the similar results between the window
sizes, and gives the best result in the window sizes of 19, 21, 23 and 25 (Figure 4.8.).

Table 4.3. Self-consistency and independent-dataset results for each window size

W Helix Coil Overall
Train Test Train Test Train Test
" 98.8 94.0 933 84.1 97.4 86.5
13 98.7 938 93.7 64.5 97.4 86.5
15 986 93.7 93.5 64.9 97.3 86.4
17 885 936 93.9 64.9 97.3 86.2
19 98.7 93.4 941 65.3 97.5 B6.1
2 88.6 933 93.5 65.3 97.3 85.9
23 88.7 93.1 93.9 65.3 97.4 85.6
25 98.6 93.0 93.9 65.3 97.3 854
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Figure 4.6. Overall results of 141 alpha set for each window size
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Figure 4.7. Helix results of 141 alpha set for each window size
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Figure 4.8. Coil results of 141 alpha set for each window size

4.2.2. 146 Beta Set

While there are no significant differences among the overall and helix
accuracy levels of windows in test set results, it can be seen that window size 17
gives the best result for coil class (Table 4.4.). The results of coil from the best to the
worst, window size scale is 17-19-13-11-15-21-23-25 (Figure 4.11.).
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Table 4.4.  Self-consistency and independent-dataset results for each window size
w Helix Coil Overall
Train Test Train Test Train Test
1" 99.0 974 857 714 98.3 92.0
13 99.0 97.3 85.7 7.7 98.3 92.0
15 99.0 97.3 859 7.3 58.4 919
17 99.0 97.2 86.1 723 98.3 91.9
19 99.0 976 86.1 721 98.4 921
pal 98.2 g7.8 96.1 711 98.5 92.0
23 99.2 97.9 96.1 71 98.5 82.0
25 99.2 97.2 96.3 70.4 98.6 1.2
| Overall
! 100
J 98
_ N 1
| g 94 ‘| |@ Train
5 @ m Test
=
90 |
88 |
1 13 15 17 19 21 23 25
window size
Figure 4.9. Overall results of 146 beta set for each window size
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Figure 4.10. Helix results of 146 beta set for each window size
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Figure 4.11. Coil results of 146 beta set for each window size
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4.3. BP Resulis

When examined the BP results, it can be observed that the results for different
window sizes are close to each other. Since BP learning depends on the weights, in
another training, results can be successful for any different size of window. Thus,
choosing a certain size of window as the best has no influence on prediction via BP.
However, according to our data set, it may be said that small sizes of windows can
give better results.

BP has more accurate resulis on coil prediction than the other methods,
GRNN and PNN, but the overall results are worse because of the lower success in
helix prediction.

The success rate of our study is better than Rost and Sander’s study at the
window size of 13 with 87.2% for 141 alpha set and with 91.7% for 146 beta set.
They predicted the secondary structure of proteins at 70.8 % accuracy with two-
layered feed forward neural network at the window size of 13.

43.1. 141 Alpha Set
The success levels of self-consistency test results are quite good for helix

with 98.7%, for coil with 98.5% and for overall 98.7%. This is better from PNN, but
worse from GRNN.
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Table 4.5. Self-consistency and independent-dataset results for each window size

window size

w Helix Coil Overall
Train Test Train Test Train Test
" 97.6 894 96.9 786 97.4 87.1
13 97.7 90.0 96.9 77.6 g7.5 87.2
15 98.3 89.7 g7.2 77.8 98.0 87.0
17 98.4 89.5 97.2 77.9 98.1 86.8
19 98.2 896 97.4 78.0 98.0 86.9
21 98.1 89.1 97.4 78.8 97.9 86.7
23 98.2 88.8 97.4 777 98.0 86.1
25 98.2 88.1 97.4 787 98.0 B86.5
Overall
100 -
=
E
:

875
85
925 - -
" i
875 sm o
85
825
80 . - T 1
1" 13 15 17 L 23 25

Figure 4.12. Overall results of 141 alpha set for each window size

39



4. RESULTS AND DISCUSSION irem ERSOZ

Helix |

100 '

98 |

96 [

o4 -'
2 a) g
@ 90 - HTest
£ 88 '

86 |

|

82 - =T T T o ¥ 1

1 13 15 17T 19 21 23 25
window size

Figure 4.13. Helix results of 141 alpha set for cach window size

Coil _

|

[

—

;:e '@ Train
3 mTest |
|

13 15 17 19 21 23 25 [

window size |'

Figure 4.14. Coil results of 141 alpha set for each window size



4. RESULTS AND DISCUSSION Irem ERSOZ

The residue of independent dataset with the window size of 13 amino acids
provides slightly better prediction of the secondary structure of protein in overall and
helix prediction with 87.2% and 90%, respectively (Table 4.5.). The best prediction
of coil occurs with the window size of 21. After window size of 13, size of 11
achieved the best result for overall prediction with percentage of 87.1 and then
followed by window sizes of 15 (Figure 4.12.). The result shows the small sizes of

windows are preferable.

4.3.2. 146 Beta Set

The Window size of 11 has given the best overall prediction for independent
data set with 92%. The accuracy of this window is 82.2% for coil and 94.5% for
helix. The best of the helix prediction is 85.6% with the 17-window size. This is 13
for coil with 93.7% (Table 4.6.). Like in 141 alpha results, small window sizes give
better prediction successes.

Table 4.6. Self-consistency and independent-dataset results for each window size

w Helix Coil Overall
Train Test Train Test Train Test
11 98.6 94.5 956 822 97.9 92,0
13 98.0 93.7 98.0 833 98.0 91.7
15 98.7 934 971 80.3 98.4 90.8
17 g8.5 93.0 882 856 98.6 916
19 98.5 92.7 98.5 853 98.5 91.4
21 98.0 929 97.0 84.0 98.6 91.2
23 98.7 933 98.2 824 98.6 911
25 98.7 924 98.5 83.9 98.7 208
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Figure 4.15. Overall results of 146 alpha set for each window size
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Figure 4.16. Helix results of 146 beta set for each window size
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Figure 4.17. Coil results of 146 beta set for each window size

4.4. CNN Results

Generally, CNN has not given any improvement in comparing with other
individual methods’ accuracy results. The method gives the same result on 141 alpha
set test as GRNN that has the best overall test result of 141 alpha set. In 146 beta set
test, there is an unimportant improvement that can be neglected, with 0.5% for
overall accuracy results. Rost et al. said that the individual methods were more
successful than the combined one. They observed around 1%-2% improvement on
accuracy rate in their studies.

4.4.1. 141 Alpha Set
The best result is obtained at the window size of 21 for the overall and the

coil prediction. For helix, the best prediction occurs in the size of 11 and the
accuracy is inversely proportional with the window size (figure 4.19.).
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Table 4.7. Self-consistency and independent-dataset results for each window size

w Helix Coil Overall

Test Test Test
" 93.8 66.3 86.7
13 93.7 66.3 86.8
15 93.5 66.1 86.5
17 93.4 66.7 86.5
19 93.0 67.7 B86.4
2 831 713 87.3
23 827 701 855
25 92.7 67.1 85.7

‘ Overall

875 4

overall %

Figure 4.18. Overall results of 141 alpha set for each window size
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Figure 4.19. Helix results of 141 alpha set for each window size
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Figure 4.20. Coil results of 141 alpha set for each window size
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4.4.2. 146 Beta Set

The overall results of 146 beta set test gives the similar distribution with the
helix accuracy distribution as shown in Figure 4.21. and Figure 4.22. Both of them
have the best prediction accuracy on 13-window size and the worse prediction is
observed at the window size of 21.

The success rate at the window size of 19 is also very low for helix and
overall accuracy prediction. Contrarily, coil prediction has the best result on the

window size of 19,

Table 4.8. Self-consistency and independent-dataset results for each window size

w Helix Coil Overall
Test Test Test

1" 97.2 74.3 925

13 97.3 74.6 926

15 96.9 728 91.9

17 97.2 73.0 921

19 04 4 75.0 90.2

21 939 741 89.6

23 96.9 733 91.7

25 969 726 91.2
i e VUKSEKOGRETIM lﬁ
T MMANTASYON M
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Figure 4.21. Overall results of 146 beta set for each window size
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Figure 4.22. Helix results of 146 beta set for each window size
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Figure 4.23. Coil results of 146 beta set for each window size
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Figure 4.24. Overall results of 141 alpha set for each window size of all methods.

48



4.RESULTS AND DISCUSSION irem ERSOZ

| 146 Beta Set - All Methods

a3
| 925 S
e -
J o 915 EGRNN |
= of
% 905 EPNN
| © 895 OCNN |
‘ 89 |
885 |
88 + — ey T T T T T 3
i 43 G5 aw 19l 2p 23 05
window size

Figure 4.25, Overall results of 146 beta set for each window size of all methods.

As seen in Figure 4.24., GRNN and CNN give the best results in prediction of
141 alpha dataset at the window sizes of 17 and 21, respectively. For the window
sizes of 11, 13 and 15, BP has the best prediction.
The dataset of 146 beta prediction has the best result at the window size of 13 with
the CNN method. The CNN also wins at the window size of 11, 17 and 15. At the
window size of 19, 21 and 23, the success rate of the PNN is the best (Figure 4,25.).
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5. CONCLUSION

The problem of prediction of hemoglobin secondary structure is successfully
handled by the networks, which have already applied to many daily problems.

All the self-consistency results that are obtained from the algorithms, GRNN,
PNN, BP and CNN, are quite successful and generally stable results. Therefore, it
cannot be easily said anything about which window size is better. In the independent
dataset test results, the accuracies of the window sizes are slightly differ from each
other. For 141 alpha set tests, the minimum overall result is 85.4% and the maximum
one is 90.3%. This is min. 89.3% and max. 92.6% overall accuracy level for 146 beta
set. In this respect, it is not logical to interpret about the window size accuracies.
However, when comparing success of window sizes of independent data set results,
it is seemed that the small sizes give the better results. According to the CNN results,
there is no significant improvement comparing with GRNN, PNN and BP resuits.
There is only 0.5% increase for overall accuracy in 146 beta set tests.

Because of their one-pass learning algorithm, GRNN and PNN have the
advantageous of fast training time when it is compared with BP training time.
Another advantage of the GRNN and the PNN is the fact that adding new samples to
the training set does not require re-calibrating the model. Also erroneous samples are
tolerated by other existing pattern nodes, this causes the good success. Another
advantage that while GRNN and PNN have only one parameter, BP has lots of
parameters. However, the main disadvantage of GRNN and PNN is that there is no
intuitive method for selecting the optimal smoothing parameter. In this thesis, the
value of o is chosen as 0.3 by looking at the references [Niwa, 2003] [El-Solh et al.,
1999]. There are no any advantages for CNN because it did not give any significant
improvement in results. It also causes the loosing time.
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APPENDIX

The amino acids names can be abbreviated by the three-letter and the one-letter code.
These abbreviations are shown in Append. Table 1.:

Amino Acid Freassentl el
ALANINE _ ALA A
ARGININE ARG R
ASPARAGINE ASN N
ASPARTIC ACID ASP D
CYSTEINE cYs c
GLUTAMINE GLN Q
GLUTAMIC ACID GLU E
GLYCINE GLY G
HISTIDINE HIS H
ISOLEUCINE ILE |
LEUGINE LEU L
LYSINE LYS K
METHIONINE MET Mo
PHENYLALANINE PHE -
PROLINE PRO P
SERINE SER s
THREONINE THR i
TRYPTOPHAN TRP w
TYROSINE TYR i
VALINE VAL v

Append. Table 1. Three-letter and one-letter abbreviations of the a-amino acids

names
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In Append. Table 2., the upper lines of the chains show the primary and the bottom

lines of the chains show the secondary structures:

@-Chain, HbA
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B-Chain, HbA
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Append. Table 2. Globin sequence of normal adult hemoglobin
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