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Topics:
Homology Search from Databases

・Amino Acid Substitution Matrix (PAM, BLOSUM)
・Similarity vs Homology・Similarity vs.  Homology
・E-value,  Bit Score
・P value・P-value
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ffHomology search from databases Homology search from databases 
Dynamic programming method (Smith-Waterman algorithm) is too slowDynamic programming method (Smith-Waterman algorithm) is too slow
for database search, because of rapid increase of database entries.

Approximated search methods are requiredApproximated search methods are required.

SSEARCH (Smith-Waterman)

nr-nt (DNA) database

FASTA 105,901,840 entries
(Release 09-05-17, May 09)

BLAST nr-aa (Protein) database
8,243,496  entries
(R l 07 05 17 M 09)

faster
(Release 07-05-17, May 09)



BLAST programsBLAST programs

program target DB query (input) sequence
blastn DNA DNA
blastp amino acid amino acidblastp amino acid amino acid
blastx amino acid DNA (translated to a.a.)

tblastn DNA (translated to a.a.) amino acidtblastn DNA (translated to a.a.) amino acid
tblastp （obsolete）
tblastx DNA (translated to a.a.) DNA (translated to a.a.)



BLAST search exampleBLAST search examplepp
Query =  human ALDH2 gene DNA sequence (first 50 bases)

ExpectationScore Match%

human
chimpangee

Macaca

ExpectationScore Match%

Macaca monkeyhorse
cow

dog

mousemouse
rat

African frog

worm

hen

NCBI    blastn： http://www.ncbi.nlm.nih.gov/BLAST/



BLAST search example BLAST search example (cont’d)(cont’d)pp
human

41 bp  perfect match
Expectation： 2×10 -14

chimpangee

41 bp  perfect match
Expectation ： 2×10 -14

thale cress （シロイヌナズナ）

16 bp  perfect match
Expectation ： 13

jackfruit
not
significant



Similarity vs. Homology Similarity vs. Homology y gyy gy

Similarity:Similarity:
The extent to which sequences are related. 
Similarity makes no statement about descent from a common ancestor. 
Si il it i di t t d b di d i t f tSimilarity is a direct measurement and can be discussed in terms of percentages. 

Homology:Homology:
Sequence similarity that can be attributed to descent from a common ancestor.
Homology is a matter of opinion, not directly measurable or observable.  

(advanced)
Homologous = Orthologous or ParalogousHomologous  Orthologous or Paralogous
Orthologous - Homologous sequences in different species. 
Paralogous - Homologous sequences in the same species 

that arose by means of gene duplication. y g p

http://www.ncbi.nlm.nih.gov/Class/NAWBIS/Modules/Similarity/simsrch3ahomology.htmlcited from



Amino Acid Substitution MatrixAmino Acid Substitution Matrix

•PAM (Point / Percent Accepted Mutation)
M. Dayhoff and R. Schwartz: “Matrices for detecting distant y g
relationship”,  Atlas of Protein Sequences, 353-358 (1979).    

Obtained from global alignment of 71 groups of closely related proteins.g g g p y p
PAM = a unit of evolution (1 PAM = 1 point mutation/100 amino acids).
Different PAM matrices are derived from the PAM 1 matrix by matrix multiplication. 

(freq. of changes in homologous proteins) 
log-odds =  log2

(freq of pairs aligned by chance)(freq. of pairs aligned by chance)

PAM250 > PAM120 > PAM90 >> PAM1PAM250  >  PAM120  > PAM90    >> PAM1

used for detecting remote sequences



Amino Acid Substitution MatrixAmino Acid Substitution MatrixAmino Acid Substitution MatrixAmino Acid Substitution Matrix

•BLOSUM (BLOck SUbstitution Matrix)
S. Henikoff and J. G. Henikoff: “Amino acid substitution matrices 

from protein blocks”, Proc. Nat’l Acad. of Sci. USA, 89(22):10915-10919 (1992).

Obtained from local alignment of conserved sequence blocks (from Blocks database)Obtained from local alignment of conserved sequence blocks (from Blocks database)
BLOSUM Matrices derived from Blocks whose alignment corresponds to the BLOSUM
Matrix number e.g. BLOSUM 62 is derived from Blocks containing <62% identity. 

(freq. of substitution in a block) 
log-odds =  log2

(freq of pairs aligned by chance)(freq. of pairs aligned by chance)

BLOSUM30 > BLOSUM62 > BLOSUM80 

used for detecting remote sequences



Substitution Matrix and ProbabilitySubstitution Matrix and ProbabilitySubstitution Matrix and ProbabilitySubstitution Matrix and Probability

オ ズ比• Odds score (Odds ratio オッズ比)
P ( A ) P ( A )P ( A )                  P ( A )

=
P ( not A )            1  - P (A)

Odds (A)  = 

P(A ) =  
Odds ( A ) 

1 + Odd (A)

• Log-odds  score

1  + Odds (A)

og odds sco e
P ( A )

Log-odds (A)  = log e 

P ( not A )



Substitution Matrix and ProbabilitySubstitution Matrix and Probability
•Log odds score

Substitution Matrix and ProbabilitySubstitution Matrix and Probability
“bidding” for homology

•Log-odds  score
P(x, y | Match)                          Πi q(xi, yi) 

“bidding” for no homology

S = log e = log e
P(x, y | Random)                  Πi p(xi)  × Πi p(yi)

q(xi, yi)
= log e Πi 

p(xi) p(yi)
i

assuming position independence

p(xi) p(yi)

=  Σi s (xi, yi) 
x: G  K  D  G  K  D  －－ D …D …
y : G  G  －－ E  V  D …E  V  D …

q(a, b)
where s(a, b) = log e

p(a) x p(b) substitution score matrix



S bstit tion MatriS bstit tion Matri andand ProbabilitProbabilit
• arbitrary scaling factor λ

Substitution Matrix Substitution Matrix and and ProbabilityProbability
• arbitrary scaling factor λ

q(a, b)
an arbitrary scaling 
factor (λ) can be q(a, b)

s(a, b) = (1/ λ) ・ log e
p(a) x p(b)

factor (λ) can be 
introduced, without 
less of generality

p( ) p( )

q(a, b) = p(a) p(b)  exp (λ ・ s(a, b) )q( ) p( ) p( ) p ( ( ) )

Because q(a b) is a probabilityBecause q(a,b) is a probability,

Σa,b q(a, b) = Σa,b

p(a) p(b)  exp ( λ ・ s(a, b) ) = 1



EE value for Global Alignmentvalue for Global AlignmentEE--value for Global Alignmentvalue for Global Alignment

hits E-value:
expected number of hits
with Score >= S

？

S ScoreSdepends on
1) sequence compositions
2) scoring systems (matrix, gap penalty)
3) random model



EE l fl f L l Ali tL l Ali tEE--value for value for (Ungapped)(Ungapped) Local AlignmentLocal Alignment

Karlin, S. & Altschul, S.F. "Methods for assessing the 
statistical significance of molecular sequence features 
b i l i h "by using general scoring schemes." 
Proc. Natl. Acad. Sci. USA, 87:2264-2268 (1990). Karlin

E  = K m n  exp ( -λ S)

Maximum (minimum) of  independent  identically distributed (i.i.d.) 
random variables

Altschul

random variables
→ →  Extreme Value Distribution （極値分布）

cf.
S f i d d t id ti ll di t ib t d (i i d ) d i blSum of independent identically distributed (i.i.d.) random variables

→ →  Normal  Distribution



EE al e foral e for ((U dU d)) Local AlignmentLocal AlignmentEE--value for value for ((UngappedUngapped)) Local AlignmentLocal Alignment
E-value:E-value:
expected number of hits
with Score >= S

Extreme Distribution

E ＝ 1  - exp (  - K m n exp ( - λ S) )

Extreme Distribution

≒ K m n  exp ( -λ S)
m: length of query sequence

for x<<1 
exp(-x) ≒ 1 -xm:  length of query sequence

n:   total length of database sequences
K:  a constant determined by sequence composition
λ: score scaling factor

exp( x) ≒ 1  x

λ:   score scaling factor  

Memo:
1) Expected number E increases proportional to the m×n product1)  Expected number E  increases proportional to the m×n product.
2)  The number of high score hits decreases exponentially with S.



Bit Score (Normalized Score)Bit Score (Normalized Score)( )( )

Bit S S’ l ( K ( λ S) )Bit Score:   S’  =  - log2 ( K  exp( - λ S)  )

λS l KλS    - loge K
= loge 2

E-value can be simply represented as: 

E  = m n  2 -S’

memo:memo:
S’ =  10 (bits)  →   E ≒ m n  10 -3
S’ =  20 (bits)  →   E ≒ m n  10 -6
S’ 30 (bit ) E ≒ 10 9

Raw Score: S

S’ =  30 (bits)  →   E ≒ m n  10 -9
S’ =100 (bits)  →   E ≒ m n  10 -30Bit Score : S’             



PP--value for value for (Ungapped)(Ungapped) Local AlignmentLocal Alignmentva ue ova ue o (U gapped)(U gapped) oca g e toca g e t
P-value: Poisson distribution

hits
probability of finding 
at least one hit 
with Score >= S

rare event with average E hits.
probability of k hits is 

k

Poisson distribution

p(k) = exp (- E)  E k / k!

p (k 0) ×k hits p (k=0),
p (k=1), …
p (k = E), (average)
p (k = E+1)

×

sum

ScoreS

p (k =  E+1), …

S
P =  Prob (k > 0; S)

=  1  - p (k=0) memo:
E = 3 → P = 1 - exp (-3) ≒ 0 95

=   1 - exp( -E)  E 0 / 0!
=   1  - exp ( - E )

E   3  →   P   1 exp ( 3) ≒ 0.95
E =  0.01  →   P =  1 - exp (-0.01) ≒ 0.01
E <  0.01    →   P ≒ E


