
Homology 

ÅSequences are homologous when they share a 
common ancestor 

 



Homology 

ÅWhy are we interested? 

ïFunction prediction 
ÅHomologous proteins tend to have similar functions 

ïEvolutionary dynamics 
ÅTracing the evolution of protein families 

 



The importance of homology 

ÅHomologous proteins tend to have similar 
functions 
 
Å²Ƙŀǘ ŘƻŜǎ άǎƛƳƛƭŀǊ ŦǳƴŎǘƛƻƴǎέ ƳŜŀƴΚ 
ïWhat is function? 

 

ÅVarious levels of description of function 
ïPhenotypic: Protein A regulates limb formation 
ïCellular function: Protein A inhibits SSH signaling 
ïMolecular function: Protein A phosphorylates Protein B 



ñSimilar functionò 

What is function ? 

 

Various levels of description: 

 

 

 

 

Sequence similarity, Homology has the 

largest relevance for Molecular 

Function. This is aspect of protein 

function that is best conserved, protein 

sequence, structure can often be 

interpreted in terms of function. 

 

 

 



Sequence similarity 

Similar 3D structure 

Functional similarity Evolutionary origin 

Homology 

Homologous sequences have a similar 3D structure and tend to have similar 

functions 



Detecting homology 

Å Similarity of: 
 
ï3D structure  -> most conserved aspect, yet few structures are 
ŀǾŀƛƭŀōƭŜΦ {ǘǊǳŎǘǳǊŜǎ ŀǊŜ ŎƻƳǇŀǊŜŘ ŀƴŘ ŎƭŀǎǎƛŦƛŜŘ ōȅ άŜȅŜέ ό!Φ 
Morzin, Scop), and software packages (Dali). More info on 3D in 
Bioinf II. 

 
ïSequence -> less conserved, many sequences are however 

available. Homology determination is mainly based on theoretical 
models of sequence evolution and the likelihood that when you 
compare a sequence to a database you will find a sequence of at 
least that similarity.   

 
ï3D structure similarity is used as a benchmark for detection of 

homology by sequence similarity. 
 



Detecting sequence similarity 

ÅWe need a model for how to compare (align) 
sequences 
 
ÅEvolution -> sequences change over time 
ïWe need models that describe how homologous 

sequences change! 

 
ÅSimplest model: 
ïAll amino-acids are equal 
ÅEqually dissimilar, replaced at equal rates, independent of position 

(based on identity matrices) 

ïDoes this accurately describe sequence evolution? 
ÅIf not, what are we missing? 



Detecting sequence similarity 

ÅA more complicated model: 

ïSome amino-acids are more equal than others 

ÅWe account for basic biochemical properties such as 
acidity, ionic charges, size (similarity matrices) 

adapted from Livingstone & Barton, 
CABIOS, 9, 745-756, 1993 



E-values 

ÅWhen do you know that what you found is 
significant? 
ï¢ƘŜƻǊȅ ōŀǎŜŘ ƻƴ άŜȄǘǊŜƳŜ ǾŀƭǳŜ ŘƛǎǘǊƛōǳǘƛƻƴǎέΥ 

comparing two random sequences with each other 
will not tend to give you a high similarity, but when 
you compare one sequence with a large set of 
sequences you will always find some high scoring hits 
-Ҕ ǘƘŜ ŜȄǘǊŜƳŜ ǾŀƭǳŜǎΦ CƻǊ ȅƻǳǊ άƘƛǘέ ǘƻ ōŜ ǎƛƎƴƛŦƛŎŀƴǘ 
it has to be better than those expected extreme 
values. 

ïE-values: Expected number of hits of at least that 
similarity, if the sequence  would have been compared 
to a database of random sequences. 



How many hits of a certain quality/score (e.g. the Smith Waterman score) do you 

expect if you were to compare your sequence to a random database 

E value 



E-values and how they are calculated 

ÅE-value: Expected occurrence of a given sequence 
in a random sequence database 

 

ÅE-value = K x m x n x e- S˂ 

ïm: length of query 

ïn: total length of all sequences in the database 

ïS: similarity score of the alignment based on the 
substitution matrix 

ïK and ˂ are scaling parameters for the database that is 
used 

 



E-values and how they are calculated 

ÅE-value = K x m x n x e- S˂ 

ïA longer query sequence increases the chance that 
some part may be found in a random database 

ïThe chance of a hit increases with database size 

ïA low alignment score S 
ÅShort sequence: more likely to occur by chance in a database 

ÅBad alignment: there will be more sequences that will have a 
similar score, even though they are vastly different 

 

ïThe lower the E-value, the more significant your hit! 
ÅE-ǾŀƭǳŜǎ ǿƛƭƭ ŎƘŀƴƎŜ ǿƘŜƴ ȅƻǳ ǳǎŜ ŘƛŦŦŜǊŜƴǘ 5.ΩǎΗ .ŜǿŀǊŜΗΗΗ 



How do we know for sure that significantly similar 
sequences are truly homologous? (aside from the 

statistical argument) 

Å Experimental benchmarking of E-values by comparisons of 3D structures 
όŜΦƎΦ .ǊŜƴƴŜǊ Ŝǘ ŀƭΦΣ мффсύΣ ǿƘŜǊŜ ǿŜ άƪƴƻǿέ ǿƘŀǘ ƛǎ ƘƻƳƻƭƻƎƻǳǎ ŀƴŘ 
what is not. 

 

 

 

 

 

 

 

 

 

Å 3D structural similarity evolves at a lower rate than 2D similarity and is 
being used to test the quality of the statistics  

 

 

TGAa 

EGF 



How do we judge how good these methods are (ñbenchmarkò)? 

1. You take a set of sequences that you know to be homologous or not 

(based on their 3D structure)  

2. You compare these sequences with each other using e.g. Smith-

Waterman 

3. You sort the results of the comparisons based on some score (e.g. the 

% identity) between the sequences, the highest scoring sequence pair 

on top 

4. Now you can judge how well the score separates homologous from 

non-homologous sequences  



Benchmarking homology detection with the Smith-Waterman algorithm, using 3D-structures 
όt5.плύ ŀǎ ǘƘŜ άƎƻƭŘŜƴ ǊǳƭŜέ ŦƻǊ ǿƘŀǘ ƛǎ ƘƻƳƻƭƻƎƻǳǎ ŀƴŘ ǿƘŀǘ ƛǎ ƴƻǘ 
                                     ΧΦ ¦ǎŜ ǘƘƻǎŜ 9-ǾŀƭǳŜǎΧΧ 



Sequence similarity vs homology 

ÅSequences that are not significantly similar do 
not have to be non-homologous 

 

 

 

 

 
ÅBola (red) en OsmC (green) have no significant similarity at the 

sequence level, but are significantly similar at the 3D level. 

 



Increasing search sensitivity 

Å{ƻ ǘƻ ƻǇǘƛƳŀƭƭȅ άŘŜǎŎǊƛōŜέ ǘƘŜ ǇǊƻǘŜƛƴ ǿŜ ŀǊŜ 
searching for, we may want to use 
ïInformation on allowed aa substitutions per position 

ïInformation of where insertions and deletions can 
occur 

 

ÅIn short: we need to make a profile of the protein 
we are searching for 
ïάtǊƻŦƛƭŜ ōŀǎŜŘ ǎŜŀǊŎƘŜǎέ 

ï2 to 3 fold increase in sensitivity 



The level of conservation in sequence alignments varies considerably , one would 

like to exploit that in homology detection. 



Part 2 



Profile based searches 

ÅPosition Specific Iterated BLAST (PSI-BLAST) 

ÅHidden Markov Models 

 

ïRather than substitution matrix that is equal for all 
positions, these methods apply one for each 
position, as well as position-specific gap-penalties 

ïPositions are regarded as independent, though 



Profile based searches 

ÅBuilding a mathematical, probabilistic model 
ǘƘŀǘ άƎŜƴŜǊŀǘŜǎέ ƻǳǊ ǇǊƻǘŜƛƴ ŘƻƳŀƛƴ ŀƭƭƻǿǎ ǳǎ 
to asses the probability that any sequence of 
interest has been generated by any specific 
model.  

 



P(A)=0.01  

P(C)=0.8  

P(E)=0.1  

Etc.  

Pos. 1 Pos. 2 Pos. 3 Pos. 4 

P(A)=0.3  

P(C)=0.01  

P(E)=0.02  

Etc.  

P(A)=0.05  

P(C)=0.01  

P(E)=0.4  

Etc.  

P(A)=0.01  

P(C)=0.01  

P(E)=0.3  

Etc.  

(No insertions/deletions) 

A very simple Hidden Markov Model 



(With insertions (I) /deletions (D)) 

M M M M 

I I I 

D D D 

I 

A slightly more complicated Hidden 
Markov Model 

 



Making an HMM 

ÅGet all obvious homologs, align them 

ïUse this as input for your model 



Making an HMM 

ÅSoftware package HMMER 

ïEddy et al., 1998 

ïCreates the model based on an alignment and 
allows you to search large sequence databases for 
matches 



PSI-BLAST 

ÅAltschul et al., 1997 

ÅEasier to use than HMMER 

ïJust go to NCBI BLAST page 

ïRelatively fast, bit less accurate 

ïAlignment never exceeds length of seed protein 

ÅLocal alignments are used instead of global 

 

 

 



JACKHMMER ! 



Jackhmmer, PSIBlast are iterative sequence profile 
based search procedures. The iterations add new 
sequences to the profile, allowing to detect more 

distant homologs.  

HMM 1 

HMM 2 



Comparison of various homology 
search techniques in terms of 
ǎŜƴǎƛǘƛǾƛǘȅ όάƴǳƳōŜǊ ƻŦ ƘƻƳƻƭƻƎǳŜǎ 
ŘŜǘŜŎǘŜŘέύ ŀƴŘ ǎŜƭŜŎǘƛǾƛǘȅ όάƴǳƳōŜǊ 
of non-ƘƻƳƻƭƻƎƻǳǎ ŘŜǘŜŎǘŜŘέύ 
 
SAM-T98 = HMM 
ISS = Intermediate Sequence Search 



After  
1) sequence vs. sequence 
2) sequence vs. profile  
We could also search 
3) profile vs. profile 
Å Compass, HHsearch 

Going the extra mile:  
profile vs. profile 



HHsearch 



Combining distant homology with 
orthology: main issues 

ÅWe cannot really make trees 

ÅWe have a shortage of benchmarks 



BCAT1                - MKDCSNG------- CSAECTGEGGSKEVVGTFKAKDLIV TPATIL KEKPDPNN- LVFGT 

BCAT2                - MAAAALGQIWARKLLSVPWLLCGPRRYASSSFKAADLQLEMTQKPHKKPGPGEPLVFGK 

BAT1                 MLQRHSLK---------- LGKFSIRTLATGAPLDASKLKI TRNPNP- SKPRPNEELVFGQ 

BAT2                 --------------------------- MTLAPLDASKVKI TTTQHA- SKPKPNSELVFGK 

BCAT- leishmania      MLLSRRWH---------- QASAARGSRAPVVSFTAAALTKTLVADPPPLP- PMKGVAFGT 

                                                    . : *   :           *  *  .  : .**   

In contrast to orthologs, paralogs do have a different subcellular locations  

The branched chain aminotransferase (BCAT) loses mitochondrial localization after gene duplications 



yeast  
human  mitochondrial 

localization  
Human gene description  

ARG3 OTC human only  Ornithine carbamoyltransferase,  

PRO2 P5CS human only  Delta 1-pyrroline -5-carboxylate synthetase  

CAR2 OAT human only  Ornithine aminotransferase  

PRX1 PRDX6 yeast only  Peroxiredoxin -6 (EC 1.11.1.15)  

Relocalization of mitochondrial proteins (1-1 orthologs) between H.sapiens and 

S.cerevisiae is rare. 

 

Szklarczyk and Huynen, Genome Biology 2009 

4 Relocalizations of 1-1 orthologs among 146 1-1 orthologous pairs with 

experimentally confirmed cellular localization in both H.sapiens and yeast 

é..Benchmarking Orthologyé.. 
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retrieve the HMM 

MLVTYC... 

Sensitive orthology prediction pipeline 

Precompiled human profiles provided by  

Johannes Soeding. (HHsearch, Bioinf. 2005) 


