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 Opportunities and challenges hand‐in‐hand: 
  the driving forces of bioinformatics 
•   High‐throughput data 

– 

– 

– 

– 

– 

– 

huge amount 
explosive growth 
noisy 
multi‐type 
multi‐scale 
Heterogeneous 

•   Requirements for the methods 
 –    Data needs to be stored in efficient ontology‐based  
  database systems 
 –    The huge amount of data requires efficient methods 
 –    Exponential growth requires scalable methods 
 –    The low signal‐to‐noise ratio requires accurate methods 
 –    Multiple types of data requires data integrative methods 
    



“…620 databases and 1,459 web server tools to aid computational research in the  
life sciences” 



(Source: http://performancemarketingassociation.com/new‐working‐group‐data‐feed‐standard) 
(Source: http://blog.potterzot.com/wp‐content/uploads/2007/09/garbage_paradigm.gif) 



Source: Genome Biol 2:reviews2002-review2002.10, 2001 

Source: Science 314(5807):1856-1857, 2006 

 (Source: http://cartoonmela.blogspot.com/2009_11_01_archive.html) 
 



•    Biology 

 – 
 
 
 

•    Data 

 – 

 – 

What is the biological question or problem? 
 
 
 
 
 
 
What is the input data? 

What other supportive data can be used? 

•    Model 

– 

– 

How is the problem formulated computationally? 
Or, what’s the data model? 

•    Algorithm 
– 

– 
What is the computational algorithm? 
How about its performance/limitation? 



Sequence Alignment 



     Biological Question:  
 
 
 
 
 
 

 “How can we determine the similarity  
 

    between two sequences?” 
 
 
 

Why is it important? 

  •   Similar sequence  Similar structure  Similar function (The “Sequence‐ 

   to‐Structure‐to‐Function Paradigm”) 

  •   Similar sequence  Common ancestor (“Homology”) 



 Sequence Alignment in Biology 
 
 
 

The purpose of a sequence alignment is to line  
up all residues in the inputted sequence(s) for  
maximal level of similarity, in the sense of their  
functional or evolutionary relationship. 
 
 

  A 
 
 
  B 











1.   Symmetry 

2.   Context‐insensitive 



A 
 
 
B 

gap = insertion or deletion (indel) 

Affine gap penalty: opening a gap receives 
a penalty of d; extending a gap receives a 
penalty of e. So the total Penalty for a gap 
with length n would be: 

Penalty = d + (n-1)* e 



Affine gap penalty: opening a gap receives 
a penalty of d; extending a gap receives a 
penalty of e. So the total Penalty for a gap 
with length n would be: 

Penalty = d + (n-1)* e 

Final Score = (sum of substitution scores) + (-1) * (sum of Gap Penalty) 
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Pairwise Sequence Alignment: in Maths 
•   Input data: 

–  Two sequences S1 and S2  

•   Parameter(s) 
–  A scoring function f for 

•  Substitutions 
•  Gaps 

•   Output:  
–  The optimal alignment of S1 and S2, which has the maximal  

score. 

argmax( f (ali(S1,S2)) 
ali 



      n! 

Sequence Alignment: Enumerate? 

LSPADK 
 

LTPEEK 

L-SPADK 
 

LTPEEK- 

L-SPADK 
 

LT-PEEK 

! 2n 
 

 2 

 2n  
 
 

   n    

------LSPADK    L-S-P-A-D-K- 
 

LTPEEK------    -L-T-P-E-E-K 



     
2n!  2*300!  71088 

n!       300! 
2n 
 
 

 n  
2                                         2 
 
 
 
 
 
 
 
 
 
 

 The visible universe is  
 estimated to contain  
 1078 ~ 1080 atoms (Source:  

 wikianswers) only ! 

(Source: http://discoverystudentadventures.blogspot.com/2011/11/10‐mind‐bending‐facts‐about‐universe.html)   



 Sequence Alignment: 
What is the computational Algorithm? 



 MV-LSP 
 
 

 MVHLTP 
 
 
 
 
 
 

A residue can either 
 

•  Align to other residue, or 
 

•  Align to a gap 

S  S  - 
 
 

T  -  T 



Affine gap penalty: opening a gap receives 
a penalty of d; extending a gap receives a 
penalty of e. So the total Penalty for a gap 
with length n would be: 

Penalty = d + (n-1)* e 

Final Score = (sum of substitution scores) + (-1) * (sum of Gap Penalty) 



The best alignment that ends at a given pair of  
symbols is the best alignment of the sequences  
up to that point, plus the best alignment for the  
two additional symbols. 

( Russ Altman BMI214) 

S  S  - 
 
 

T  -  T 



 Dynamic Programming 
 
 

Dynamic Programming solves problems by  
combining the solutions to sub‐problems. 

(Modified from Wikipedia) 



1.  Break the problem into smaller sub‐problems. 
 

2.  Solve these sub‐problems optimally  
 recursively. 
 

3.  Use these optimal solutions to construct an  
 optimal solution for the original problem. 

(Modified from Wikipedia) 



 MV-LSP 
 
 

 MVHLTP 
 
 
 
 
 
 

A residue can either 
 

•  Align to other residue, or 
 

•  Align to a gap 

S  S  - 
 
 

T  -  T 



The best alignment that ends at a given pair of  
symbols is the best alignment of the sequences  
up to that point, plus the best alignment for the  
two additional symbols. 

( Russ Altman BMI214) 

S  S  - 
 
 

T  -  T 



Fi,  j max Fi 1,  j d 

Sequence alignment with Dynamic Programming: the Formula 
 
 
 
 

 •   Align two sequences: x and y 
 

  –  F (i,j) is the score of the best alignment between x1…i and y1…j 
  –  s(A,B) is the score for substituting A with B; d is the (linear) gap  
   penalty 

 

F0,0 0 

xi aligned to yj 
 
 

xi aligned to a gap 
 
 

yj aligned to a gap 

Fi 1,  j 1 sxi, y j 
 
 

Fi,  j 1 d 
 
  



Y 

Fi,  j max Fi 1,  j d 

 

Fi 1,  j 1 sxi, y j 
 
 

Fi,  j 1 d 

F0,0 0 

xi aligned to yj 
 
 

xi aligned to a gap 
 
 

yj aligned to a gap 

Fi 1,  j 1 Fi,  j 1 

 d 
 
 
 

Fi,  j 

sxi, y j 
 
 
 

 d 

X 

 Fi 1,  j 
 
 
 
 



A C G T 

A 2 ‐7 ‐5 ‐7 

C ‐7 2 ‐7 ‐5 

G ‐5 ‐7 2 ‐7 

T ‐7 ‐5 ‐7 2 

Purine A G 

Pyrimidine C T 

Transition  

Transversion 

A nucleotide substitution matrix: 

Scoring Nucleotide 



A C G T 

A 2 ‐7 ‐5 ‐7 

C ‐7 2 ‐7 ‐5 

G ‐5 ‐7 2 ‐7 

T ‐7 ‐5 ‐7 2 

Input Sequence 1: AAG 
 

Input Sequence 2: AGC 

For simplicity, let’s set (i.e. linear gap penalty)  
 

gap OPEN (d) = gap EXTEND (e) = ‐5  
 

  GAC-AT 
 

  C-ACAT 
 
 
 
 

                                 (‐7) + (‐5) + (‐7) + (‐5) + 2 + 2= ‐20 



A A G 

A 

G 

C 

Dynamic Programming Matrix 



A A G 

0 

A 

G 

C 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

                                                                                 d j i F j i F                                     , 1 max , 

DP for sequence alignment: Example 

Find the optimal alignment of AAG and AGC. 
Use a linear gap penalty of d=‐5. 

 

 

Fi, j 1d 

Fi1, j1sxi, y j 
F0,0 0 



A A G 

0 -5 -10 -15 

A -5 

G -10 

C -15 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

sxi, y j 
 
 
 d 

DP for sequence alignment: Example 
 
 
 
 
 Find the optimal alignment of AAG and AGC. 
 Use a linear gap penalty of d=‐5. 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 
 
 
 
 
 
    



A A G 

0 ‐5 ‐10 ‐15 

A ‐5 2 ‐3 ‐8 

G ‐10 ‐3 ‐3 ‐1 

C ‐15 ‐8 ‐8 ‐6 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

sxi, y j 
 
 
 d 

DP for sequence alignment: Example 
 
 
 
 
 Find the optimal alignment of AAG and AGC. 
 Use a linear gap penalty of d=‐5. 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 
 
 
 
 
 
    



A 

0 ‐5 

A ‐5 2 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

sxi, y j 
 
 
 d 

DP for sequence alignment: Example 
 
 
 
 
 Find the optimal alignment of AAG and AGC. 
 Use a linear gap penalty of d=‐5. 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 
 
 
 
 
 
    



A 

0 ‐5 

A ‐5 2 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 

sxi, y j 
 
 
 d 

DP for sequence alignment: Example 
 
 
 
 
 Find the optimal alignment of AAG and AGC. 
 Use a linear gap penalty of d=‐5. 

‐5 + (‐5) = ‐10 
 0  +   2  =   2 

 ‐5 + (‐5) = ‐10 
 
 



A A G 

0 ‐5 ‐10 ‐15 

A ‐5 2 ‐3 ‐8 

G ‐10 ‐3 ‐3 ‐1 

C ‐15 ‐8 ‐8 ‐6 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

sxi, y j 
 
 
 d 

DP for sequence alignment: Example 
 
 
 
 
 Find the optimal alignment of AAG and AGC. 
 Use a linear gap penalty of d=‐5. 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 
 
 
 
 
 
    



A A G 

0 ‐5 ‐10 ‐15 

A ‐5 2 ‐3 ‐8 

G ‐10 ‐3 ‐3 ‐1 

C ‐15 ‐8 ‐8 ‐6 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

sxi, y j 
 
 
 d 

DP for sequence alignment: Example 
 
 
 
 
 Find the optimal alignment of AAG and AGC. 
 Use a linear gap penalty of d=‐5. 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 
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A A G 

0 -5 

A 2 -3 

G -1 

C -6 

A 
 

- 
 
 

A 
 

A 

A 
 

A 
 
 

A 
 

- 

G 
 

G 
 
 

G 
 

G 

- 
 

C 
 
 

- 
 

C 

End‐to‐end: Global Alignment 



Global Alignment: End‐to‐end 

Needleman–Wunsch algorithm 



Identify similar sub‐sequence 



(http://www.cmb.usc.edu/people/msw/SmithWaterman.html) 



Fi, j max Fi 1,  j d 

 F i  1,  j  1  sx i ,  y 

F i,  j   max    F i  1,  j  d 

 

Fi 1,  j 1 sxi, y j 
 
 

Fi,  j 1 d 

 
 
 

 

 F i,  j  1  d 

 
0 

 F0,0 0 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

F 0,0   0 

j 

Global alignment 

Local alignment 



 F i    1,   j    1   sx  i ,  y 

 F i    1,   j   d 

DP for Local alignment: Formula 

F i  1,  j  1 

F i,  j F i  1,  j 

F i,  j  1 

d 

d  
j 

sx i , y 

0 

 

  0 

 
 

 

 F i,   j    1  d 

 
 0 

F i,   j     max 

F 0 ,0 

j 



A A G 

A 

G 

C 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 

DP for Local alignment: Example 
 
 
 
 
 Find the optimal local alignment of AAG and AGC. 
 Use a linear gap penalty of d = ‐5. 

 0 
 
 

sxi, y j 
 
 
  d 



A A G 

0 0 0 0 

A 0 

G 0 

C 0 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 

DP for Local alignment: Example 
 
 
 
 
 Find the optimal local alignment of AAG and AGC. 
 Use a linear gap penalty of d = ‐5. 

 0 
 
 

sxi, y j 
 
 
  d 



A A G 

0 0 0 0 

A 0 2 2 0 

G 0 0 0 4 

C 0 0 0 0 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 

DP for Local alignment: Example 
 
 
 
 
 Find the optimal local alignment of AAG and AGC. 
 Use a linear gap penalty of d = ‐5. 

 0 
 
 

sxi, y j 
 
 
  d 



A A G 

0 0 0 0 

A 0 2 2 0 

G 0 0 0 4 

C 0 0 0 0 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 

DP for Local alignment: Example 
 
 
 
 
 Find the optimal local alignment of AAG and AGC. 
 Use a linear gap penalty of d = ‐5. 

 0 
 
 

sxi, y j 
 
 
  d 



A A G 

0 0 0 0 

A 0 2 2 0 

G 0 0 0 4 

C 0 0 0 0 

Traceback: Decode the Local Alignment 
 
 
 

 •  Trace back begins at the highest score in  
  the matrix and continues until you reach 0. 
 
 
 
 
 
 

   A   G 
 

   A   G 



A A G 

0 0 0 0 

A 0 2 2 0 

G 0 0 0 4 

C 0 0 0 0 

Traceback: Decode the Local Alignment 
 
 
 

 •  And also the secondary best alignment 

A 
 

A 



F i,  j  max  F i 1,  j d 

 F i  1,  j  1  sx i, y 

F i,  j   max    F i  1,  j  d 

 
 
 

 

 F i,  j  1  d 

 
0 

j 

 

F i 1,  j 1 sxi, y  j 
 
 

F i,  j 1 d 

 F 0,0 0 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

F 0,0   0 

Global vs. Local 

A   G 
 

A   G 

A   A   G   - 
 

-   A   G   C 

A   A   G   - 
 

A   -   G   C 

A 
 

A 
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A A G 

0 -5 

A 2 -3 

G -1 

C -6 

A 
 

- 
 
 

A 
 

A 

A 
 

A 
 
 

A 
 

- 

G 
 

G 
 
 

G 
 

G 

- 
 

C 
 
 

- 
 

C 

End‐to‐end: Global Alignment 



Global Alignment: End‐to‐end 

Needleman–Wunsch algorithm 



Identify similar sub‐sequence 



(http://www.cmb.usc.edu/people/msw/SmithWaterman.html) 



Fi, j max Fi 1,  j d 

 F i  1,  j  1  sx i ,  y 

F i,  j   max    F i  1,  j  d 

 

Fi 1,  j 1 sxi, y j 
 
 

Fi,  j 1 d 

 
 
 

 

 F i,  j  1  d 

 
0 

 F0,0 0 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

F 0,0   0 

j 

Global alignment 

Local alignment 



 F i    1,   j    1   sx  i ,  y 

 F i    1,   j   d 

DP for Local alignment: Formula 

F i  1,  j  1 

F i,  j F i  1,  j 

F i,  j  1 

d 

d  
j 

sx i , y 

0 

 

  0 

 
 

 

 F i,   j    1  d 

 
 0 

F i,   j     max 

F 0 ,0 

j 



A A G 

A 

G 

C 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 

DP for Local alignment: Example 
 
 
 
 
 Find the optimal local alignment of AAG and AGC. 
 Use a linear gap penalty of d = ‐5. 

 0 
 
 

sxi, y j 
 
 
  d 



A A G 

0 0 0 0 

A 0 

G 0 

C 0 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 

DP for Local alignment: Example 
 
 
 
 
 Find the optimal local alignment of AAG and AGC. 
 Use a linear gap penalty of d = ‐5. 

 0 
 
 

sxi, y j 
 
 
  d 



A A G 

0 0 0 0 

A 0 2 2 0 

G 0 0 0 4 

C 0 0 0 0 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 

DP for Local alignment: Example 
 
 
 
 
 Find the optimal local alignment of AAG and AGC. 
 Use a linear gap penalty of d = ‐5. 

 0 
 
 

sxi, y j 
 
 
  d 



A A G 

0 0 0 0 

A 0 2 2 0 

G 0 0 0 4 

C 0 0 0 0 

A C G T 

A 2 -7 -5 -7 

C -7 2 -7 -5 

G -5 -7 2 -7 

T -7 -5 -7 2 

Fi 1,  j 1 
 
 
 
 
 

 Fi 1,  j 

Fi,  j 1 
 
 
  d 
 
 

 Fi,  j 

DP for Local alignment: Example 
 
 
 
 
 Find the optimal local alignment of AAG and AGC. 
 Use a linear gap penalty of d = ‐5. 

 0 
 
 

sxi, y j 
 
 
  d 



A A G 

0 0 0 0 

A 0 2 2 0 

G 0 0 0 4 

C 0 0 0 0 

Traceback: Decode the Local Alignment 
 
 
 

 •  Trace back begins at the highest score in  
  the matrix and continues until you reach 0. 
 
 
 
 
 
 

   A   G 
 

   A   G 



A A G 

0 0 0 0 

A 0 2 2 0 

G 0 0 0 4 

C 0 0 0 0 

Traceback: Decode the Local Alignment 
 
 
 

 •  And also the secondary best alignment 

A 
 

A 



F i,  j  max  F i 1,  j d 

 F i  1,  j  1  sx i, y 

F i,  j   max    F i  1,  j  d 

 
 
 

 

 F i,  j  1  d 

 
0 

j 

 

F i 1,  j 1 sxi, y  j 
 
 

F i,  j 1 d 

 F 0,0 0 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

F 0,0   0 

Global vs. Local 

A   G 
 

A   G 

A   A   G   - 
 

-   A   G   C 

A   A   G   - 
 

A   -   G   C 

A 
 

A 
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 Outline 
 
 
 

•  Homology & Similarity 
 
 
 
 
 
 
 

•  Similarity Matrix 
 
 
 
 
 
 
 

•  Dot Matrix 



3 

  Homology 
 
 
 

•  Homology 
 

 – derived from a common ancestor 
 
 
 
 
 
 

 – ortholog: derived from speciation 
 

 – paralog: derived from duplication 



4 

Ortholog vs Paralog 
 Fungi 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Animal 

A 
 
 
 
 
 
 
 
 
 
 

B 

HA1 
 
HA2 
HA3 
WA1 
 

WA2 
 
 
HB 
 
 
WB 

Yeast 
 
 
 

Human 
 
 
 
 
 
Worm 
 
 
 
 

Human 
 
 
Worm 

Ortholog comes with speciation    Paralog comes with duplication 
revised based on Sonnhammer, E.L., and Koonin, E.V. (2002). Orthology, paralogy and  
proposed classification for paralog subtypes. TRENDS in Genetics 18, 619–620. 
  



5 

 Similarity vs Identity 
 
 
 

•  Similarity 
 
 
 
 
 
 
 

•  Identity 

(Adopted from Prof. Jingchu Luo) 



6 

Homology Similarity 

Homology vs Similarity 
 
 
 
 
 

 ? 

? 
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 How to let computer do this job? 
 
 
 

•  How to measure similarity? 
 

  – Similarity matrix 



A T C G 

A 1 ‐2 ‐2 ‐2 

T ‐2 1 ‐2 ‐2 

C ‐2 ‐2 1 ‐2 

G ‐2 ‐2 ‐2 1 

8 

   Similarity Matrix 
 
 

•  For nucleotides, 
 

 – usually only distinguish 
  match / mismatch  
  (identity matrix) 
  for sequence alignment 
 

 – but a more complicated 
  substitution model is used 
  for phylogeny reconstruction 



9 

    Similarity Matrix 
 
 
 

•   For amino acids, 
 

 – PAM  (1978, Margaret Dayhoff) 
 

  •  Two sequences are 1 PAM apart  
   if they differ in 1 % of the residues. 
 

  •  1 PAM = one step of evolution 
 

 – BLOSUM  (1992, Steven Henikoff & Jorja Henikoff) 
 

  •  computed by looking at "blocks" of conserved sequences  
   found in multiple protein alignments  



1 A B C 

A 0.8 0.1 0.1 

B 0.05 0.9 0.05 

C 0.15 0.05 0.8 

10 

   PAM 
 
 

•  PAM 1 
 
 
 
 
 
 

•  PAM 2 ? 
 P(A‐>?‐>A) = P(A‐>A‐>A) + P(A‐>B‐>A) + P(A‐>C‐>A) 
  = P(A‐>A)P(A‐>A) + P(A‐>B)P(B‐>A) + P(A‐>C)P(C‐>A) 

 P(A‐>?‐>B) = P(A‐>A‐>B) + P(A‐>B‐>B) + P(A‐>C‐>B) 
  = P(A‐>A)P(A‐>B) + P(A‐>B)P(B‐>B) + P(A‐>C)P(C‐>B) 

 … 



1 A B C 

A 0.8 0.1 0.1 

B 0.05 0.9 0.05 

C 0.15 0.05 0.8 

1 A B C 

A 0.8 0.1 0.1 

B 0.05 0.9 0.05 

C 0.15 0.05 0.8 

2 A B C 

A 0.66 0.175 0.165 

B 0.093 0.817 0.09 

C 0.243 0.1 0.657 

11 

PAM 

•  PAM 1 
 

•  PAM 2 = (PAM 1)2 

× = 



12 

  PAM 
 
 

•   PAM 1 
 
 
 
 
 

•   PAM 250 
 = (PAM 1)250 
 
 
 
 

•   Log odds of PAM 250 
 

 log odds = log(p/(1‐p)) 



13 

Less divergent 
 
 
 
 

 BLOSUM 80 
 
 

 PAM 1 

More divergent 
 
 
 
 

 BLOSUM 45 
 
 

 PAM 250 

BLOSUM 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 BLOSUM 62 
 
 

 PAM 120 



14 

 How to let computer do this job? 
 
 
 

•  How to measure similarity? 
 

  – Similarity matrix 
 

•  How to find out alignment? 
 

  – Dot matrix 
 

  – Dynamic programming 
 

  – BLAST 



A T A G C T A 

A 1 1 1 

T 1 1 

A 1 1 1 

G 1 

C 1 

T 1 1 

A 1 1 1 

A T A G C T A 

A 1 1 1 

T 1 1 

G 1 

C 1 

C 1 

T 1 1 

A 1 1 1 15 

Dot Matrix 
ATAGCTA 
 
 
ATAGCTA 

ATAGC-TA 
 
 
AT-GCCTA 



16 

 Dot Matrix 
 
 
 
•   PQRACGTGCTAGCTAGCT-GACGTAGCTGACPQR 
 

•   PQRAC-TGCTACCTAGCTCGACGTATCTGACPQR 
word size = 2 word size = 5 
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  Background 
 
 
 
 

•  Why alignment? 
 

 “Nothing in Biology Makes Sense Except in the Light  
 of Evolution”                            
 

   ——T.Dobzhansky,1973 
 

•  Why computer arithmetic? 
 
 
 
 
 
 

•  Why dynamic programming? 



A B C N J R O C L C R P M 

A 

J 

C 

J 

N 

R 

C 

K 

C 

R 

B 

P 

Needleman‐Wunsch Algorithm 

(modified from fig.1 of Needleman&Wunsch,1970) 



A B C N J R O C L C R P M 

A 1 0 0 0 0 0 0 0 0 0 0 0 0 

J 0 0 0 0 1 0 0 0 0 0 0 0 0 

C 0 0 1 0 0 0 0 1 0 1 0 0 0 

J 0 0 0 0 1 0 0 0 0 0 0 0 0 

N 0 0 0 1 0 0 0 0 0 0 0 0 0 

R 0 0 0 0 0 1 0 0 0 0 1 0 0 

C 0 0 1 0 0 0 0 1 0 1 0 0 0 

K 0 0 0 0 0 0 0 0 0 0 0 0 0 

C 0 0 1 0 0 0 0 1 0 1 0 0 0 

R 0 0 0 0 0 1 0 0 0 0 1 0 0 

B 0 1 0 0 0 0 0 0 0 0 0 0 0 

P 0 0 0 0 0 0 0 0 0 0 0 1 0 

Needleman‐Wunsch Algorithm 

(modified from fig.1 of Needleman&Wunsch,1970) 



A B C N J R O C L C R P M 

A 1 

J 1 

C 1 1 1 

J 1 

N 1 

R 1 1 

C 1 1 1 

K 

C 1 1 1 

R 1 1 

B 1 

P 1 

Needleman‐Wunsch Algorithm 

(modified from fig.1 of Needleman&Wunsch,1970) 

 (source:http://en.wikipedia.org/wiki/Needleman–Wunsch_algorithm) 
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 Scoring function and Gap Penalty    
 
 
 
 
 

•  Needleman‐Wunsch Algorithm 

 (source: http://en.wikipedia.org/wiki/Needleman–Wunsch_algorithm) 
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A 8 8 7 7 7 6 6 5 4 3 2 2 0 

A 7 8 7 7 7 6 6 5 4 3 2 2 0 

U 7 7 6 6 6 7 6 5 4 4 3 1 0 
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Scoring function and Gap Penalty   

Needleman algorithm (simplified)  
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Scoring function and Gap Penalty   

Needleman algorithm 
 
 
 
  



 Alignment significance evaluation 
 
 
 
 

•  Question: 
 

Whether a particular result differs significance from  
a fortuitous match between two random  
sequences ?   
 

•  To answer this question we can do: 
   Sequence alignment between two sets of random  
   sequences 
 

  Or: 
   Sequence alignment between one set of random  
   sequences and a real sequence 



gap a1 a2 a3 a4 

gap 0 1 gap 2 gaps 3 gaps 4 gaps 

b1 1 gap A11 A21 A31 A41 

b2 2 gaps A12 A22 A32 A42 

b3 3 gaps A13 A23 A33 A43 

Smith‐Waterman Algorithm 

(source:  Smith & Waterman,1981) 

(modified from Fig.3.9 of D.W.Mount 
 Bioinformatics Sequence and Gene  
  Analysis, Second Eition, P74) 
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Smith‐Waterman Algorithm 

(source:  Smith & Waterman,1981) 

(modified from Fig.3.9 of D.W.Mount 
 Bioinformatics Sequence and Gene  
  Analysis, Second Eition, P74) 
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b1 1 gap A11 A21 A31 A41 
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Smith‐Waterman Algorithm 

(source:  http://en.wikipedia.org/wiki/Smith‐ 
 Waterman_algorithm) 

(modified from Fig.3.9 of D.W.Mount 
 Bioinformatics Sequence and Gene  
  Analysis, Second Eition, P74) 



   Smith‐Waterman Algorithm 
 
 

•  Compared with global alignment： 

 – Zero could terminate the current local alignment 

 – Mismatch must be negative scored  

•  Other properties： 

 – Suitable to identify conserved local sequence  
  (substring) 
 – Guaranteed to find the best local alignment 

 – Perform poorly when dealing with separated  
  regions within a long sequence 



Smith‐Waterman Algorithm 



A K C A C K 

0 ‐01 ‐02 ‐03 ‐04 ‐05 ‐06 

C ‐01 0 ‐01 ‐11 ‐02 ‐12 ‐03 

A ‐02 10 0 ‐01 20 ‐01 ‐02 

C ‐03 ‐01 0 1 0 31 10 

A K C A C K 

C 2 2 3 1 1 0 

A 1 1 1 2 0 0 

C 0 0 1 0 1 0 

Match 1 

Mismatch ‐1 

Gap ‐1 

Match 1 

Mismatch 0 

Gap 0 

Comparision 

Needleman‐Wunsch (Simplified) 

Smith‐     ‐Wunsch Needleman Waterman 
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