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This Lecture covers the Multiple Sequence Alignments. Just to be clear, by Multiple Sequence Alignment it is meant that the multiple sequences are aligned, not multiple

Alignments between a couple of sequences. This is a very interesting and challenging and considered to be ‘Holy Grail’ of Computational Genomics. The Global Alignment between two sequences can be solved in polynomial time O(n^2) using Needleman-Wunsch Algorithm. 


We can generalize this notion to any number of sequences by imagining the alignment to be a path between two points in a hyper cube where each sequence is an axis and each path is moves increasing the co-ordinate in atleast on one axis always. The above is a global alignment shown for 3 sequences. This generalization yields an algorithm that is exponential in complexity and is therefore not used in practice.

Definition

Formally the Global Alignment between n sequences is defined as insertion of gaps into each of the sequences Xi such that all of the sequences have the same length and the score of the mapping is maximum according to a given scoring function.

If a faint similarity present between a pair is also present in many others, then it would become significant. Also Multiple alignments can help correct or better pairwise alignments as will be shown in the latter parts.

Scoring Function :-  Sum of Pairs

As it was described earlier, global alignment is a path in the hypercube with each sequence laid out in an axis. Now we could project this project onto any subset of dimensions (Axes) to obtain an alignment between those sequences. These Alignments are called Induced Alignments. 

In Particular, the alignments between any pair of sequences are of interest to us because we use them to define our scoring function.

For example, consider the 3 sequences.




  x:
AC-GCGG-C





  y:
AC-GC-GAG




  z:
GCCGC-GAG

They induce the following pair wise alignments.

x: ACGCGG-C;  x: AC-GCGG-C;  y: AC-GCGAG


y: ACGC-GAC;  z: GCCGC-GAG;  z: GCCGCGAG

In the pairwise alignments we make sure to eliminate the columns that contain gaps on both dimensions. This Induced Pairwise Alignment score is always less than or atmost equal to the alignment score obtained by global alignment between these two sequences by themselves because DP Matrix using Needleman-Wunsh is guaranteed to give optimum score in the latter case.
Now the Scoring Function of the multiple Alignments can be defined as the Sum of Pairs of the alignment scores (Edit Distances) of the induced pairwise alignments

S(m) = Σk<l s(mk, ml)
But from a biological point of view, not all pairs of sequences are equal. Consider the example, where we are trying to align sequences for multiple species.


If we have many sequences from closely related species like Duck, Chicken or Turkey, then the Global alignment of these multiple sequences will be heavily tilted to being close to Chicken or Chicken like species. To avoid such things, the scoring function could be a weighted function so that we could adjust weights according to some heuristics.

•Weighted SOP:


S(m) = Σk<l wkl s(mk, ml)



wkl: weight decreasing with distance
A Profile Representation
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In profile Representation, given a multiple alignment we can express the information in each column and even the pair wise relation ships in a profile. Here we can capture the relative frequencies of the alphabets and Gaps. Also we can optionally capture the different kinds of Gap events like Gap Open, Gap Close and Gap Extension. 

Gap Open is defined to be a gap where previous character in the sequence is not a gap.

Gap Close is defined to be a gap where next character in the sequence is not a gap.

Gap Extension is defined to be a gap where both next and previous characters are gap. If in a column we have both gap open and gap close then its just one gap. This is a very rich representation and even in this representation we lose some information. We will see this in the later part of the lecture.

Multidimensional Dynamic Programming
As said before, we could generalize the Needleman-Wunsch  Algorithm to do multiple alignment using scoring function as the sum of column scores.

S(m) = Σi S(mi)
As in the case of alignment of 2 sequences, we define the DP variable F(i1,i2,…,iN) to  be the score in aligning,  i1 letters from sequence 1, i2 letters from sequence 2  and so on.

Optimal alignment in the hyper cube till the point (i1,i2,…,iN)
Now the DP variable F could be defined as

F(i1,i2,…,iN)
= max(all neighbors of cube)(F(nbr)+S(current_cell))
As an example, consider the alignment with 3 sequences 


Each cell has atmost 7 neighboring cells and the DP variable F can be defined as

Follows using a constant Gap Penalty model

F(i,j,k) 

= max{ 
F(i-1,j-1,k-1)+S(xi, xj, xk),




F(i-1,j-1,k   )+S(xi, xj, - ),





F(i-1,j   ,k-1)+S(xi,  -, xk),





F(i-1,j   ,k   )+S(xi,  -, - ),





F(i   ,j-1,k-1)+S( -, xj, xk),





F(i   ,j-1,k   )+S( -, xj, xk),





F(i   ,j   ,k-1)+S( -,  -, xk) }

So to compute the time complexity, we can observe that each cell we do atmost  7 calculations and we have to compute this for L^N.

In general for an N sequence Multiple Alignment, the number of computations per each cell will be in the order of O(2^N) and we compute for L^N cells. Hence the complexity will be in the order of O(2^N * L ^ N ).

In the affine gap model, it will be worse than the constant gap penalty model. 

Just to recollect how the Affine Gap model worked for 2 sequences, we had to maintain separate matrices for each of the following cases

· Both letters are aligned

· Letter comes from the first sequence

· Letter comes from the second sequence

In case of 3 sequences, we have to maintain the states where all the letters are aligned , and where a combination of gaps and letters are exist. So we would need 2^N – 1 number of states.  As the Alignment path could come from any of  the 2^N –1 cells of the any of 2^N –1 states [ Hyper Cubes ], the running time of the algorithm is 

O(2^N * 2 ^N * L^N ) =  O(4^N * L^N)

Progressive Alignment
When the Tree that connects the sequences is known, then we align the sequences in the leaves first. In the internal nodes whose children are not leaves, we need to align a pait of profiles.  Say for example we have two profiles Px and Py, then we can align these as if they are just one indivisible unit, ie  Px and Py could be aligned as (Px, Py)     or     (Px, _) or ( _ , Py ). We can not fiddle with in the profiles though.

Consider the concrete example.

Profile: (A, C, G, T, -)

px = (0.8, 0.2, 0, 0, 0)

py = (0.6, 0, 0, 0, 0.4)

we don’t keep track of the Gap Open and Gap closes/extenstions here.

The score when the profiles Px and Py are aligned.

s(px, py) = 0.8*0.6*s(A, A) + 0.2*0.6*s(C, A) 

 
+ 0.8*0.4*s(A, -) + 0.2*0.4*s(C, -)

Result: pxy = (0.7, 0.1, 0, 0, 0.2)

s(px, -) = 0.8*1.0*s(A, -) + 0.2*1.0*s(C, -)

Result: px- = (0.4, 0.1, 0, 0, 0.5)

In this profile alignments, we will get the optimal multiple alignments with the component [ pairwise alignments ] being fixed.

When a profile has more sequences than the other, then we can take a weighted average of the profiles. For example if the profile Px has 3 sequences and Py has 2 then the contribution can be weighted as 3/5 for Px and 2/5 for Py.

If we don’t know the evolution tree, then compute the pair wise Distance Matrix D(x,y) and try to construct the evolution tree and then apply the above approach. One naïve way to construct such tree is the put the closest pairs of sequences at the leaves and apply the hierarchal clustering approach. It will be explained in the latter parts of the lectures that this is not a good way to do it.

Aligning two alignments
As said earlier, the profile loses some information in regards to multiple alignments.

We would know per each column how many A,C,T,G, Gap Opens, Gap Closes and Gap Extensions. But we would not know which sequences have Opened gaps, which have closed gaps. Now if we want to score based on the Affine Gap Model, to compute the Induced Pairwise alignment score, we need to keep track of the number of gap opens/closes/extensions and penalize accordingly.

This becomes tricky because different orders of gap opens/closes results in different gap manifestations in the induced alignment. If the two sequences have their gaps opened and closed at the same position then the Gap will disappear ikpn the induced pairwise alignment. If the two sequences have the gap opened at the same location but close gaps with a location apart or the other way around [ close at the same spot but start in a different locations ], then we would have one induced gap event. We could penalize such gaps as one gap event as the gap close. For example, consider, two multiple alignments m1 and m2.

m1 
x GGGCACTGCAT




GTAGTCAGTCG x  m1
y GGTTACGTC--




---GTCACGTG y

m2
z GGGAACTGCAG




GTCGTCAGTCG z  m2
w GGACGTACC--




--CGCCAGGGG w  

v GGACCT-----




--CGCCAGGGA v

Here if we look at the induced pairwise of  x and w, we will have one gap open event and we can pay one gap open penalty. Similarly for y and w, we pay one gap open penalty. In both the cases, this turns out to be okay. But consider other case
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here the circled locations are penalized multiple times as gap opens.  As there is no way to decide whether to pay gap open penalty upfront or not, there are 2 approaches to this problem. To assume that there is no gap and don’t pay gap open penalty. This is called Optimistic Gap Model. The other approach is to assume gap and pay the gap open penalty. This approach is called Pessimistic gap model.

The alignments that result from Optimistic and Pessimistic models differ a lot and there is no one right way.

On the other hand if we try to align two alignments directly, applying the logic that the two alignments are just 2 sequences for all practical purposes, we run into other issues.

Because we need to keep track of the order of gap openings between number of the sequences and as there are exponential number of such orderings, this direct alignment is an NP hard problem. That’s why its not implemented in practice. This is an open problem and still not addressed satisfactorily.

Heuristics to improve multiple alignments
There are many heuristics that could be used to improve the multiple alignments. We cover a few of them in the class including Iterative refinement schemes, A* search and the Consistency mechanism.

Iterative Refinement

As we have seen in the case of Progressive Alignment, we progressively align sequences starting from the leaves of an Evolution Tree. Here at each step, we just align the given profiles, we don’t change the alignment with in the profiles even if it is appropriate to do so.  For example



x:
GAAGTT




y:
GAC-TT




z:
GAACTG



w:
GTACTG
In the above example if we had aligned x, y and z, w to be as shown, then alignment of the profiles Pxy and Pzw is shown above. But this is not the best alignment, we could have done better. The problem with Progressive alignment is that alignments within a profile are fixed or Frozen. We don’t correct them after we realize that we made a bad choice previously. Iterative Refinement method tries to correct this flaw.

The Original Algorithm is by Barton-Steinberg

Algorithm (Barton-Stenberg):
1.Align most similar xi, xj

2.Align xk most similar to (xixj)

3.Repeat 2 until (x1…xN) are aligned

.
4.For j = 1 to N,

Remove xj, and realign to x1…xj-1xj+1…xN

5.Repeat 4 until convergence
In the first 3 steps we align the sequences as usual.  In steps 4 and 5, we iteratively refine the alignment. We remove a sequence and alignment it with the induced alignment got by the removal of the sequence. We are guaranteed to either improve or stay the same because the original solution is part of the search space in the realignment. Also note that multiple alignment of profiles is NP hard but aligning sequence against a profile is not. 

This Algorithm is guaranteed to converge because in each step either we improve or stay at the same. Hence we can’t improve forever and it is bound to converge.


Vary Y  while rest are fixed

There are some useful variations of this iterative refinement. For example, while realigning a removed sequence y, we can realign the profile to any sequence within a certain radius of the removed sequence y. This varying the sequence y could be done in linear to the length of the sequence.

Also instead of removing one sequence from the multiple alignment, we can split the tree in 2 parts and realign. We could do this splitting either on an edge or at random.

As this is a heuristic search, its not guaranteed to find the global optimum alignment.

We can demonstrate this using the following example.

Example: align (x,y), (z,w), (xy, zw):



x:
GAAGTTA




y:
GAC-TTA




z:
GAACTGA




w:
GTACTGA
After realigning y:




x:
GAAGTTA




y:
G-ACTTA

+ 3 matches




z:
GAACTGA




w:
GTACTGA
In the above example, the iterative alignment indeed finds a better alignment.

But in the following example it doesn’t.

Example not handled well:
•



x:
GAAGTTA




y1:
GAC-TTA




y2:
GAC-TTA




y3:
GAC-TTA




z:
GAACTGA




w:
GTACTGA
The removal of any one of y1, y2 and y3 is not going to change the alignments. This is because the other two Y sequences will pull the C to be aligned at the same location and nothing changes. That’s why we don’t get any improvement in the iterative refinement.

A* for Multiple Alignments
We discuss this A* approach not because its used widely in the Alignments but as to demonstrate that different heuristic methodologies from other fields like AI can be applied to alignment problems.

Recap of A*




Say that we have a gigantic graph with large number of nodes and edges and we want to find an optimum path from a given start node and a given end node, the application of Dijkstra’s algorithm is inefficient O(VlogV + E ) if the number of edges is large ~ V^2

In practice we can get optimal result faster using the heuristic method A*.

The Algorithm is as follows..

•g(v) is the cost of reaching current node from start node
•h(v) is an estimate of the minimum cost from v to GOAL

•f(v) ≥ g(v) + h(v) is the minimum cost of a path passing by v
•
1.Expand v with the smallest f(v)

2.Never expand v, if f(v) ≥ shortest path to the goal found so far

h(v) is an underestimate of the cost from a given node v to the goal node. 

We can adapt the A* search to the problem of multiple alignments as follows

•Nodes: Cells in the DP matrix
•g(v): alignment cost so far

•h(v): sum-of-pairs of individual pairwise alignments

•
•Initial minimum alignment cost estimate: sum-of-pairs of global pairwise alignments

h(v) is an admissible heuristic [ underestimate ]. We can prove this by the following Lemma.

Lemma
Given sequences x, y, z, …

The sum-of pairs score of multiple alignment 

M is lower (worse) than the sum of the optimal

pairwise alignments

Proof

M induces projected pairwise alignments axy,

ayz, axz, …, and Score(M) = d(axy) + d(axz) + d(ayz) +…

Each of d(.) is smaller than the optimal edit distance

 h(v) is the cost of alignment of  last x letters of the sequence. We can compute this by 

computing the reverse alignment matrix Fr. 

For each pair of sequences x, y,
Compute FR(x, y), the DP matrix of scores of aligning

a suffix of x to a suffix of y

Then, at position (i1, i2, …, iN), h(v) becomes the

sum of (N choose 2) FR scores
This algorithm has been applied for shorter sequences and led to some good improvements. But improvements are not large enough to warrant application in large alignments. Hence this is not used in practice.

Consistency
This idea of consistency checking is pretty old one in AI field and in BioInformatics field its applied in 1998.  The basic idea is to make use of what other pairwise alignments have to say when we align two sequences. Consider the following example.


In the above example, if we consider X and Y sequences alone, Xi could go to Yj or Yj’ with equal probability. Instead of making this arbitrary choice, we could see how Xi would align with another sequence Z. If we see that 
Zk aligns well with Xi and Yj then we can align Xi to Yj appropriately.

In general, we want take in to consideration the scores of the other relevant pair wise alignments and incorporate them into the scoring function.

Basic method for applying consistency
•
•Compute all pairs of alignments xy, xz, yz, …

•
•When aligning x, y during progressive alignment,

•
For each (xi, yj), let s(xi, yj) = function_of(xi, yj, axz, ayz)

Align x and y with DP using the modified s(.,.) function

Another way to apply the consistency mechanism is to create Adjacency Matrices where a pair of letters align are set to 1 and 0 other wise. When we apply consistency rules when X, Y and Z,  its like multiplying Adjacency Matrices of X, Z and Y,Z.

Only difference is that instead of doing a sum we take a Logical AND. In case we need to 

Check consistency using multiple sequences we take Logical OR of the ANDed values.

Genome Resources

Professor showed how the multiple alignments using different tools like UCSC browser ,Muscle, CLUSTALW etc.

Annotation and alignment genome browser at UCSC

http://genome.ucsc.edu/cgi-bin/hgGateway
Specialized VISTA alignment browser at LBNL

http://pipeline.lbl.gov/cgi-bin/gateway2
ABC—Nice Stanford tool for browsing alignments

http://encode.stanford.edu/~asimenos/ABC/
Protein Multiple Aligners

http://www.ebi.ac.uk/clustalw/ 

CLUSTALW – most widely used

http://phylogenomics.berkeley.edu/cgi-bin/muscle/input_muscle.py 

MUSCLE – most scalable

http://probcons.stanford.edu/  

PROBCONS – most accurate

As roughly 20 mammalian genomes are expected to be available in next 2 years, Professor believes that multiple alignment will be very important.
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