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With the rapid development of genome sequencing technology, what once took decades can be done in a
matter of months. As genomic data continues to be collected at a breakneck pace, interpretation of the results
is quickly becoming a daunting effort. With novel protein sequences identified everyday, it is important to
be able to characterize these new gene products in order to understand their role in the life on its organism.
Elucidation of structure is the first step in understanding a proteins role, and novel computation methods that
can accurately predict structure are needed to obtain relevant knowledge from sequenced genomes.

20.1 Structure Alignment

An important tool in understanding protein functions is comparison of proteins with similar structures. This
is commonly done through structural alignment, where two structures are aligned sequentially while being
superimposed structurally. Given an alignment/superimposition of two structures, one needs to be able to
define a score for alignment. Given two sequences
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and ��� , an alignment of aligning subsequences
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where k elements from each sequence are aligned. Many times in the biological even proteins that are highly
similar have slightly different sequence lengths, so it is important to find the correct residues to align with
each other.
For alignments of this form, there are two standard RMS methods of assigning a score, denoted cRMS or
dRMS [4]. The idea behind both method is to find the alignment that maximizes the score, and this is achieved
by using the associated scoring function.

� cRMS
cRMS is one method for finding the score, and this score is derived from minimizing the distance
between the aligned

�
and

�
of sequences

�
and � .

We define the cRMS score as:
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where $ is defined as the Euclidean distance function and
�

is defined as the number of elements aligned
between the two sequences

�
and � . To maximize the score for a given alignment, the function:
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where 1 is a gap penalty assigned to the specific alignment, needs to be maximized. This may be
simply a set penalty for a single gap, or defined by an affine gap cost method, making it less costly to
have a sequence of gaps. Holding one of the sequences fixed (say

�
), the protocol rotates and translates

B over and around the fixed state of
�

, and calculates an alignment that minimizes the cRMS score
for that superposition using dynamic programming. Taking the highest score out all of max scores
calculated will yield the optimal structural alignment for sequences

�
and � . This is done by using an

EM algorithm. First an alignment � is found for an initial embedding of � on
�

that maximizes the
score/minimizes the cRMS value. Then, the translation and rotation of � is modified keeping � fixed
to find the orientation that minimizes the cRMS value for that particular alignment. This process is
iterated until an alignment and an embedding is converged to. The runtime of this algorithm is � & � � ( .

� dRMS
dRMS calculates a score based on the distance between sequence elements on the same chain (i.e.
between

� 	
and

���
in chain � ), rather than the distances between aligned sequence elements between�

and � .
We define the dRMS score as:
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This method for structural alignment is useful because the translation/rotation steps used in the cRMS
method would not affect the dRMS score, as dRMS is only affected by inter-chain distances obtained
through alignment. Here, the intuition used for finding the optimal alignment is to compare the dis-
tances between elements within the same sequence, such that the magnitude of
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is minimized for a given pair of aligned elements r and s.

The difficulty in using dRMS is that the run time is at worst � & � � ( , which makes it less efficient
than cRMS. There are a variety of heuristics available to reduce the runtime, including limiting which
distances with the aligned sequences are looked, generally favoring those sequence elements that are
close together. The other issue with using dRMS is that it cannot select for chirality, as both left-handed
and right-handed forms of a protein will be scored the same.

� Software Packages

Here are 4 structural alignment programs and the method that they use

Program Technique
DALI dRMS

STRUCTAL cRMS
LOCK Secondary Structure, then cRMS
VAST Graph Theoretic Approach

For a further discussion of structural alignment using RMS, see Koehl (2001)[4].
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20.2 Secondary Structure Prediction

When a novel protein is the topic of interest and it’s structure is unknown, a solid method for predicting
its secondary (and eventually tertiary) structure is desired. There are a variety of computational techniques
employed in making secondary structure predictions for a particular protein sequence, and all work with the
goal of differentiating between helix (H), strand (S), or coil/loop regions (C). Though these three classifica-
tions are a simplification of the terminology used in presented solved protein structures, they provide enough
information to characterize the general structure of a protein. Sequence alignment is an important tool in sec-
ondary structure prediction as highly conserved regions of related sequences generally correlate to specific
secondary structure elements that are necessary for proper protein function. In this light, it is important to
consider that many methods which use sequence alignment as an initial step in developing models for predic-
tion are observing trends in sequence conservation (which residues can be conservatively substituted for each
other, etc.). Such intuition is a strong first step in developing a solid prediction model that fits the utilized
test data. There are two main schools of thought on secondary structure prediction: statistical analysis and
reliance on biophysical principles in order to predict sequence. These methods will be explored below.

Probability Based Methods

� Single Amino Acid Based Methods
In single amino acid based methods, a ����� order Markov Model is used, were each amino acid is looked
at by itself in terms of its position as either in a helix, strand, or coil. Once these predictions are made,
a ”clean up” algorithmic step is used, to go back over predicted sequences to unify the data into a single
prediction for a sequence. Here is a simple example of how this may work:

If the secondary structure is predicted as follows (structure prediction in bold):

� � � � � � � � �
H H H S H H S H H

Then the alignment will be cleaned up to its most likely structural position, which in this case would
be entirely a helix:

� � � � � � � � �
H H H H H H H H H

This type of correction is needed to make the predictions logical. Proteins contain conserved domains,
with each domain consisting of a certain length of amino acids, sometimes as short as three or four,
with others extending to 30, 40, or more. It is impossible to come up with the Markov transition
matrix that will always work correctly to extend domains in the � ��� order model, which makes taking
a consensus over a region necessary to make biologically relevant predictions, as shown in the above
example. Using models of this type are limiting, which lead to the development of more involved
models now presented.

� Window Based Methods
Here, higher order Markov models are used to calculate the probability of secondary structure in an
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amino acid sequence. A window is used to examine amino acids upstream and downstream in the se-
quence in calculating a probability for secondary structure type of the current residue being examined.
For example, for a � ��� order model,a 5-tuple is used, looking at the two residues upstream and the two
residues downstream of the current residue. Then a probability is assigned to the region telling whether
it is a helix, strand or a coil. In this manner less clean up is necessary, as regions are assigned structure
type based on the highest scoring probabilities for groups, rather than individual residues. Here then
the main problem is going back and solving for transition between regions, which can become slightly
ambiguous in this method, as well as looking of small loop regions which may be missed, especially if
they are only four or five residues long and consist of very flexible residues that may fit into a longer
predicted sequence. For example, a sequence predicted as:

� 1 � � � � � � � 1 � 1 � � � �
H H H H H H H H H H H H H H H H

may in actuality be:
� 1 � � � � � � � 1 � 1 � � � �
H H H H H H H C C C H H H H H H

but the loop region is lost because of too large a window size. This is the largest problem with the
window based method, and can be improved by using multiple window sizes in conjunction with each
other and developing a heuristic to find a consensus structural prediction for a given stretch of sequence.
As with most structural prediction methods, developing a biologically sound scoring system is crucial
to algorithmic success.

Biophysical Principles
Beyond simply looking at which residues follow which others in structures, it has also become important to
examine biophysical principles in structure prediction. From electrostatic interactions to simply geometric
observations (i.e., you simple can’t place multiple prolines in a row in a helix, as they cannot turn fast enough),
there are many ways that algorithms can be improved using these principles in predicting protein structure in
addition to simple sequence information.

� Nearest Neighbor Methods
The nearest neighbor method looks at each n-tuple and maps it to a labelled point in ��� for a given
training data set. The idea behind the approach is to to predict secondary structure of the center residue
in an n-tuple window based on the known secondary structure of homologous protein segments of
proteins with already characterized tertiary structure. This method was pioneered by Yi and Lander
(1993) and Rost and Sander (1994), and later improved by Salamov and Solovyev (1995)[6]. To
deal with ambiguity in prediction, this method looks at the nearest k neighbors from the test data,
and takes the consensus of the k neighbors found. Combining information from a variety of window
sizes, usually in the 4-6tuple range in order to come up with a more selective and sensitive selection
method. The important trick to determining the accuracy of these methods is how the scoring system
is implemented. As mentioned before, one way to improve the development of scoring matrices is to
use multiple sequence alignment data in training rather than just single sequence data, demonstrated
by Salamov and Solovyev (1995), who improved previous accuracy of 68 percent to 72.2 percent.

� Neural Networks
A newer method used for predicting secondary structure is the use of neural networks. These networks
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Node i

Figure 20.1: A Single Node

Figure 20.2: A Neural Network

consist of multiple levels, comprised of nodes. Each node has a variety of inputs, anywhere from 1 to
n, and 1 output. Figure 20.1 depicts an individual node in a neural network. The majority of neural
networks used in biological sequence analysis, both DNA and amino acid alike, consist of an input
layer, a middle ”hidden layer,” and an output layer. This neural network architecture is depicted in
figure 20.2.

As you can see, many nodes are combined into a network, with each edge leading to or from a node
is given a certain statistical weight for interpretation by its destination node. These weights are de-
termined from training data that is fed through the neural network algorithm, which consists of sets
of protein sequence data whose structure is already known. Each node, no matter which layer it is
included in, will return an output value � �����

�
- ��� . Depending on the weight of each edge, these values

will be interpreted differently. These values are calculated from the following equation:

� � �  
�	� �

�
& � - � ( � �

This value then needs to be normalized, and this is done by using the common normalization transfor-



Lecture 20: November 7, 2003 20-6

mation � & � ( � ��0/����
Each calculated probability � � is normalized to � � by the equation:

� � � ��0/��	��
�
Once normalized, the values of � � can be interpreted and a probabilistic decision, such as whether the
input amino acid was in a helix, sheet, or coil, can be made and recorded. As an example of how a
neural network can be implemented for use in secondary structure prediction, Jones (1999)[3] described
a method based on the PSI-Blast scoring matrix. PSI-Blast is a feature of the popular BLAST alignment
tool that generates a position specific scoring matrix based on a multiple sequence alignment. Test data
is used to generate this scoring matrix, which is then used to train the neural network to recognize highly
conserved regions, which correlate to the conserved regions of the code. The Jones(1999) network was
trained with test data of proteins with known secondary structures, and works in three steps: first,
generate a profile matrix; second, predict secondary structure; and third, refine the secondary structure
prediction. In doing so, a very sensitive system for predicting secondary structure is obtained, and
achieves sufficient accuracy to validate the method.

� Hidden Markov Models
This is another new method used for secondary structure prediction which is implemented in a similar
fashion to gene prediction using Hidden Markov Models. The intuition is to use multiple sequence
alignment data using sequences whose secondary structure are already known to develop an HMM that
will predict secondary structure based on probabilities determined from the training alignment. Then
an unknown sequence can then be fed through the HMM to get a prediction of the secondary sequence
alignment. See Lecture 17 notes for a detailed discussion of the algorithmic ideas behind this method.
HMMs can also be used in a more complex application in secondary structure prediction, similar to the
idea of threading (see Lecture 21). Bystroff et al (2000) developed a method that works off of a complex
Hidden Markov Model that captures both features of protein sequences and protein structures (helices,
strands, turns, and other small, common repeats) to carry out a variety of predictions. To predict the
secondary structure state for each position in a sequence

�
, the state-specific probability distribution $

is multiplied by the position-specific state probability over all possible states. The predicted secondary
structure (helix, strand, or coil) is the one with the highest value in the summed distribution [1]. The
model works by analyzing the input sequence profile from both a sequence perspective (much like
Markov Models discussed above), while also looked at probabilities of sequences fitting particular
structural motifs (a simplified version of threading). In doing so, a more accurate model sensitive
model is created for prediction the correct state of the sequence. The equation used for this calculation
using a two tiered voting scheme as follows:
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In this manner, the HMM is used to determine which state the current sequence element is most likely
going to exist in, and secondary structure is consequently predicted.
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– Profile HMM
Using consensus secondary structure information taken from a particular family of proteins (ty-
rosine kinases, for example), a Profile HMM can be created which contains probabilities for
secondary structure based on the consensus sequence data (see Lecture 15 notes for a further ex-
planation of profile HMM). In this manner, new proteins thought to belong to a particular family
via primary sequence alignment (easily and accurately calculated, using blastp or similar tool)
can be run through a Profile HMM which will then assign a set of predicted secondary structure
elements to the primary sequence based on the consensus of its family members. This provides a
very accurate prediction of secondary structure, but is limited in usefulness to analyzing protein
sequences of proteins that can be characterized as part of a well understood and documented pro-
tein family. The CATH system is used to measure the accuracy of secondary structure prediction.
(See lecture 19 notes for a detailed discussion of CATH). Secondary structure of novel proteins
cannot be classified in this manner, and running them through a Profile HMM of a sequence that
it is unrelated to will result in what is likely to be highly incorrect secondary structure prediction.
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