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1. Introduction 

1.1. Bacterial antibiotic resistance and its medical importance  

 

 

Figure 1. A schematic representation of a membrane drug efflux pump. Illustration adapted from 

Goffeau (2008). 

  

 A well-known problem of antibiotic usage is that people misuse antibiotics for viral 

infections, which helps bacteria in their evolution and gaining resistance to antibiotics. Some 

bacteria are already resistant to multiple antibiotics, for example MRSA (Multidrug Resistant 

Staphylococcus aureus). Another example is Pseudomonas aeruginosa which is well-known 

for its antibiotic resistance and therefore for its resilience to treatment. 

 There are several mechanisms by which microbes can resist antibiotics. Drug 

inactivation is one example, another is the alteration of the antibiotics' target sites, or also a 

change in the use of metabolic pathways. Mechanism that we are really interested in is 

reducing drug accumulation. An 'efflux pump' is a multicomponent system that exports large 

proteins, including enzymes and toxins and also small molecules, such as detergents, solvents, 

heavy metals and antibiotics out of the cell, thereby reducing their accumulation in the 

cytoplasm. 

1.2. Project overview  

In our S3++ project, the task was to identify one of the 10 E. coli 'mystery' proteins 

that had a tetracycline efflux pump activity, while other nine mystery proteins did not have 

this activity. In order to target the mystery protein of interest, we looked at proteins with 

known functions and known amino acid sequences (via the genome sequence). In E. coli, 

there were 16 proteins that were known to have the ability to pump out the tetracycline and 

220 that could not, but were known to be membrane transporters that transported other 

substrates. We labeled the proteins with the drug efflux pump activity as the positive class and 

the proteins that lacked this specific activity as the negative class, and tried to determine to 

which class the 10 'mystery' proteins belong.  
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2. Computational part of the project 

2.1. The Smith -Waterman  algorithm  

 A sequence alignment is a scheme of writing one sequence alongside another where 

the residues in the corresponding positions are deemed to have a common evolutionary origin. 

If the same letter occurs in both sequences then this position has been conserved in evolution. 

If the letters differ it is assumed that the two derive from an ancestral letter (which could be 

one of the two or neither). Homologous sequences may have different length, though, which 

is generally explained through insertions or deletions in sequences. Thus, a letter or a stretch 

of letters may be paired up with gaps in the other sequence to signify such an insertion or 

deletion.  

The Smith-Waterman (SW) (Smith & Waterman, 1981) is a pair-wise local sequence 

alignment algorithm. The alignment of two sequences is based on the computation of a score 

matrix. It introduces a score matrix which penalizes gaps and mismatches when constructing 

an alignment. For a given match it assigns an appropriate score. (Manavski & Valle, 2008). 

For amino acids, scoring matrices have been defined that assign a score to each possible pair 

of amino acids. For computing scores we used a BLOSUM62 scoring matrix. We used the 

SW algorithm because of its accuracy and the simplicity of implementation. 

We used computer programming to create a hypothesis about the function of the 10 

'mystery' proteins that we could later test in the lab. Proteins with similar amino acid 

sequences often have similar function, so we compared the sequences on the computer using 

SW algorithm that we implemented ourselves. The full Python source code of our programs is 

given in Appendix A.  

As an exercise in using SW, we examined the sequences of the cytochrome C protein 

from several species and determined the evolutionary distances between the species. This 

information was then used to reconstruct a phyletic tree  using the neighbor-joining method. 

We used the phyletic tree as an exercise to understand how computer programming is relevant 

to working with biological information. 

 

 

Figure 2. An evolutionary tree of six species, reconstructed using the neighbor-joining method from a 

similarity matrix of the species' cytochrome C protein sequences. The Smith-Waterman alignment 
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score was used as the measure of similarity of the two sequences. Branch lengths reflect approximate 

evolutionary distances. 

2.2. Phyletic profiling  

Phyletic profiling is a bioinformatics technique based on determining homology 

relationships between proteins based on the similarity of their sequences.. The underlying 

rationale is that functionally linked proteins evolve in a correlated fashion, and, therefore, 

they have homologs in the same subset of organisms. (Pellegrini et al, 1999) Therefore, it 

should be possible to use the similarity of homolog presence/absence profiles in genomes to 

transfer the functional annotation from a well-characterized protein, to another protein of 

unknown function. 

2.3. Data Mining  - algorithms  

After we learned the basics of programming, we applied our knowledge to the problem 

at hand using data mining. We used a program called Weka Explorer to analyze our phyletic 

profiles. We used three different data mining techniques in the Weka Explorer to analyse our 

data and ensure that the results were consistent across the various methods: kNN, decision 

trees and random forests. 

 k-NN or k nearest neighbor algorithm is a method used for classifying objects (here: 

proteins). An object is classified by the majority vote of its neighbors, and you can choose the 

number of neighbors by changing the parameter k. The method works through comparing 

neighbors and examining the similarity between them. By doing this, one can conclude 

something about the unknown neighbor. In addition to choosing a number of neighbors, you 

can also choose how to weigh the distances between them. For example, you have an 

unknown gene (more precisely - its phyletic profile) and you want to learn something about it. 

If you don’t use the distance weighting option then the program will count more similar 

neighbors and less similar ones equally, within the first k neighbors. If the distance weighting 

is used, only the closest neighbor would be selected.  

  

 

Figure 3. A schematic representation of how k-NN classifier works. 
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 The accuracy of predictions given by k-NN (and other classifiers) can be checked two 

ways. The first way is “training set errors”, which is gives high accuracy values but this can 

result with the model overfitting the data.  The other way of checking errors is “cross-

validation error”, which is more conservative and also more reliable because it estimates 

errors on unknown data. 

  In addition to the k-NN we also used a C4.5 decision tree. Decision trees are a class of 

so-called "recursive partitioning" algorithms that subdivide data into smaller and smaller 

subsets so as to maximize the correlation between a certain attribute of the objects (here, one 

of the genomes in the phyletic profile) and the class (here: whether something is an antibiotic 

efflux pump or not). A visualization of our decision tree is given in Fig.3.  

 We also employed the Random forest algorithm (Breiman 2001), which is an 

ensemble of decision tree classifiers. Each tree is built on a randomly chosen subset of the 

data, and the trees 'vote' to yield the final prediction. This algorithm usually performs better 

then a single decision tree. 

 

 

Figure 4. The C4.5 decision tree model that discriminates between antibiotic efflux pumps 

("positive") and other membrane transporters ("negative") based on their phyletic profiles. The 

numbers written over the connecting lines are threshold values of the best Smith-Waterman score in 

the given genome, e.g. the first evaluation the tree makes is whether an E. coli gene has a homolog 

with score >401 in the C. burnetii genome; if it doesn't, the gene is not an antibiotic transporter; if it 

does, the closest homolog in H. hepaticus is evaluated, and so on. This decision tree is 94.5% accurate 

on crossvalidation, only slightly above the baseline value of 93% accuracy. 

 

2.4. Data mining - results  

When we started our project we compared sequences with Smith-Waterman algorithm. 

These results we used in kNN classifier. We were trying to find unknown gene which gives 

resistance to antibiotics. We compared our 'mystery' gene with others and in the end it turned 

out that our 'mystery' gene is the tolC gene of E. coli. 
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Figure 5. The predictive performance of the Random Forest classifier, measured on training set data 

and in crossvalidation, depending on how model complexity is adjusted by setting the "maximum tree 

depth" parameter. Forest size was set to 100 trees.   

 

We used data mining to develop our hypothesis and determine which of the 10 E. coli 

'mystery' proteins is actually the antibiotic efflux pump. Most of the data mining results 

allowed us to make predictions about the problem.  The C4.5 decision tree, unfortunately, was 

not useful  because the crossvalidation accuracy rate (94.5%) was too similar to the baseline 

accuracy (~92%) – the baseline was when the computer predicted that all the proteins were 

negative since there were a greater number of negative proteins versus positive proteins. 

Though the decision tree predictions were not useful, the results from the random forest 

(crossvalidation accuracy 96.2%) was more reliable and clearly showed that the mystery 

protein tolC had the highest score of 0.18, which was over three times more than the next best 

candidate with a score of 0.05. This indicated that the tolC had the greatest probability of 

being the protein that had the specific drug efflux pump activity. The results from the random 

forest were reinforced by the results seen in the k-NN. The k-NN showed that the tolC protein 

had the highest probability (0.48 for tolC versus 0 for the rest of the mystery proteins) of 

being a positive protein; therefore we were able to conclude that tolC should be the antibiotic 

efflux protein that we were looking for.  

 

 

3. Wet-lab part of the project 

3.1. The TolC protein - general information  

 The protein of our interest is tolC, which can be used as chemotherapeutic target. 

Bacteria that lose the ability of creating this efflux pump, or have its functionality diminished 

in other ways (e.g. with a inhibitor drug) will be more susceptible to antibiotics.      
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Figure 6. The three-dimensional structure of the TolC protein. Left panel shows the whole protein, 

which is a homotrimer. Right panel shows a TolC monomer. Graphics from Koronakis (2000).  

 

 TolC is made od 3 sub-units which together form a barrel-shaped structure, where the 

barrel consists of α -helices and β-sheets. The exterior of the β-sheet part of the barrel is in 

direct contact with the aliphatic chains of the lipid bilayer in the outer membrane and is 

largely nonpolar. On moving toward the end of the α-helical barrel, the interior surface 

becomes increasingly electronegative. The α-helical barrel forms a tunnel which is usually 

closed and it needs another protein to bind to its alosteric site to open the tunnel. 

 The acrA gene also produces an efflux pump forming protein which was a good 

positive control for our experiments. We had few strains of E. coli of which one was wild type 

and two were mutants. ΔtolC was mutant strain without gene coding for tolC protein and 

ΔacrA mutant without gene coding for acrA. 

 

3.2. Transduction ( lab exercise) 

 Transduction is the process by which DNA is transferred from one bacterium to 

another by a virus. Experiment of this kind was not crucial for our project but our mentors 

wanted us to learn the method. We used horizontal gene transfer by using the virus to import 

their genetic material to bacterial cells. Strain which we used was not resistant to antibiotic 

and we were trying to recombinate it's DNA to achieve tetracyclin resistance by introducing 

the tetA gene. Plates which we used had tetracycline inside to check if bacteria is going to 

grow. 

 Virus (bacteriophages) we used were in form of lysate and already prepared. We tried 

with a few different concentrations of lysate trying to find the optimal one. Too many viruses 

would kill all bacteria and if there were few od them we would not get too many recombinant 

bacteria. Optimal ratio of bacteria and phages would be 1:1 so that every phage infects one 
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bacteria. After the initial infections it was important to stop further cycles of infections 

because they might kill all the bacteria. Calcium ions are necessary for phages to work so we 

used sodium citrate to bind the calcium ions. 

  

 

Figure 7. Outcome of the transduction experiment. 

 

3.3. Antibiogram  

 An antibiogram is a method used for checking sensitivity of bacterial strains to 

antibiotics. From this method it can be concluded if a bacterium has resistance gene(s) for a 

particular antibiotic. We have performed the experiments with a wild type of E.coli and its 

mutants. We innoculated the bacteria on growth agar, also placing on the same plate four filter 

papers infused with four types of antibiotics (ampicillin, clindamycin, oxolinsav and 

neomycin).After a period of incubation we looked at the results (Figure 7). We expected to 

see a zone of growth inhibition around some of antibiotic-infused papers. If a bacterial strain 

doesn't have the resistance gene to the specific antibiotic, a clear zone with no bacteria around 

the paper should will be observed.  

 Both tolC and acrA deletants have shown decreased resistance to ampicilin and 

clindamycin, and some decrease has also been observed for oxolinic acid. Surprisingly, in the 

deletants the resistance to neomycin has actually increased (also in the negative controls), 

possibly due to the kanamycin resistance gene used in the construction od deletions, which 

may also confer some resistance to neomycin, an antibiotic in the same structural class as 

kanamycin (aminoglycosides). 
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Figure 8. Antibiogram results. acrA is a known multidrug efflux protein, while tolC is the putative 

antibiotic transporter gene in this experiment. ydiK, yijI  and yhhT are negative controls where genes of 

unknown functions were deleted. 

 

 We have also tried growing E.coli (wild type and the tolC deletant) on plates with 

tetracyclin added to the growth medium. After incubating we saw that both types grew on 

plates without tetracycline. On a plate with low concentration you could see wild type which 

multiplied. On the other hand mutants without tolC were not observable. On plates with the 

highest concentration of tetracycline both the wild type and the tolC deletion mutant failed to 

grow. From that we concluded that tolC is a gene which contributes to antibiotic resistance as 

evident in the increased survival of E. coli grown in tetracycline.  

 

 

Figure 9. Growth of E. coli on plates containing 1 μg/mL and 10 μg/mL tetracycline. Percentages 

show number of colony forming units (CFU) relative to plate without antibiotic. 
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3.4. Determining GI50  

 GI50 is the concentration of the antibiotic that reduces the growth of the bacteria by 50 

per cent. Based on the measurement of the concentration of antibiotics that cause a certain 

growth inhibition, dose-response curves are constructed. From the dose-response curves, it is 

possible to read out the GI50 concentration. A higher GI50 means that a higher concentration 

of an antibiotic is necessary to slow growth by 50%, meaning the bacterial strain is more 

resistant to a particular antibiotic. 

 We measured bacterial growth in liquid culture (Luria-Bertani medium) using a 

spectrophotometer that reports the optical density (OD) at the wavelength 600 nm. For each 

strain, we made five measurements: first, we measured the OD of the starting bacterial 

culture, which we then divided into four parts: one without tetracycline, and the others into 

which we added three different concentrations of tetracycline. We waited for 66 minutes 

(approx. three doubling times of E. coli) and measured the OD in these four flasks, and then 

calculated the % growth inhibition for each of the three antibiotic containing flasks using the 

following formula: 

 

 % growth inhibition = ( ODnoTet_t=66min - ODt=0 ) / (ODwithTet_t=66min - ODt=0)         (1) 

 

 The dose-response curves are normally sigmoidal in shape; however, in this case we 

have fitted a linear function as we have only three measurements in each mutant. This seems 

justified as the range of concentrations we examined seemed to coincide with the 'slope' 

(rather than with the plateaus) of the hypothetical sigmoid. 

 

 

Figure 10. Dose-response curves for the wild type of E. coli, two deletion mutants (acrA, tolC) and 

one E. coli strain with tetA gene introduced. The GI50 values given in the figure legend are in μg/mL. 
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 This experiment has shown that the tolC deletion mutant is more sensitive to 

tetracyclin than the wild type, which supports our hypothesis that tolC is an antibiotic 

transporter. The positive control, a known multidrug efflux pump acrA was also more 

sensitive to tetracylin than w.t. E. coli, indicating our experiment is designed well enough to 

be useful for investigating our hypothesis. Finally, as we expected, the introduction of tetA – 

an efflux pump specialized for tetracyclin only (tolC and acrA are multidrug transporters) – 

conferred a very high degree of resistance to tetracyclin to E. coli, which could tolerate 

approx. 50-fold higher concentrations of tetracyclin than the wild type. 
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Appendix A. Python source code of our Smith-Waterman implementation. 

 

radi2.py  
import  BLOSUM62 
 
def  smithwaterman(a,b,printstuff):  
 
    m = len(a)  
    n = len(b)  
 
    # fill two matrices with zeroes  
    matrix = []  
    for  current_row in  range( 0,m+1):  
        matrix.append([])  
        for  current_column in  range( 0,n+ 1):  
            matrix[current_row]. append( 0)  
    direction = []  
    for  current_row in  range( 0,m+1):  
        direction.append([])  
        for  current_column in  range( 0,n+ 1):  
            direction[current_row].append( 0)  
 
    # fill 0th row and column  
    for  current_row in  range( 0,m+1):  
        matrix[current_row][ 0]= - current_row* 5 
    for  current_column in  range( 0,n+ 1):  
        matrix[ 0][current_column]= - current_column* 5 
 
    # phase 1: compute black numbers  
    for  current_row in  range( 1,m+1):  
        for  current_column in  range( 1,n+ 1):  
            score_diag = matrix[current_row - 1][current_column - 1] + \  
              BLOSUM62.match_score(a[current_row - 1],b[current_column - 1])  
            score_up = matrix[current_row - 1][current_column] - 5 
            score_left = matrix[current_row][curr ent_column - 1] - 5 
 
            bestscore = 0 
            if  score_up > bestscore:  
                        bestscore = score_up  
                        direction[current_row][current_column]= 'up'  
            if  score_left > bestscore:  
                        bestscore = score_left  
                        direction[current_row][current_column]= "left"  
            if  score_diag > bestscore:  
                        bestscore = score_diag  
                        direction[current_row][current_column]= "diag"  
            matrix[current_row][current_column] = bestscore  
 
    bestscore= 0 
    for  current_row in  range( 1,m+1):  
        for  current_column in  range( 1,n+ 1):  
            if  matrix[current_row][current_column] >= bestscore:  
                bestscore = matrix[current_row][current_column]  
                row = current_row  
                column = current_column  
 
    align1=[]  
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    align2=[]  
 
    # phase 2 -  backtrack to find alignment  
    counter= 0 
    score = bestscore  
    whil e (matrix[row][column] != 0) & (row>= 0) & (column>= 0):  
        if  direction[row][column]== "up" :  
            row = row - 1 
            align1.insert( 0, a[row])  
            align2.insert( 0, ' - ' )  
        elif  direction[row][column]== "left" :  
            column = column - 1 
            align1.insert( 0, ' - ' )  
            align2.insert( 0, b[column])  
        else :  
            row = row - 1 
            column = column - 1 
            align1.insert( 0, a[row])  
            align2.insert( 0, b[column])  
        counter = counter + 1 
 
    if  (printstuff== 1):  
        print  "SCORE= ",score  
        print  align1  
        print  align2  
 
    return  score  
 
 
# a bit of code to test the program  
# smithwaterman("MAKAAAIGIDLGTTYSCVGVFQHGKVEIIANDQGNRTTPSYVAFTDTERLIGDVAKNQVA", 
#   "MAKNMAIGIDLGTTYSCVGVFQHGKVEIIANDQGNRTTPSYVAFTDTERLIGDAAKNQVA", 1) 
 

 

 

table.py  
import  radi2  
import  time  
import  sys  
 
result = 0 
#result = radi2.smithwaterman("HEAGAWGHEE","PAWHEAE")  
#print result  
 
#f=open('C:/daliradi/src/ visnjan2010_otherOrgs_sequences .txt', 'r')  
f=open(sys.argv[ 1], 'r' ) # reads file given in the 1st commandline argument  
 
sequence = {}  
organism = {}  
 
for  line in  f:  
    column=line.rstrip().split( " \ t " )  
    sequence [column[ 1]] = column[ 4] # adding gene_ID and sequence to first dict  
    organism [column[ 1]] = column[ 0]  
f.close()  
#d=open ('C:/daliradi/src/visnjan2010_Ecoli_sequences_withUnknowns.txt', 'r')  
d=open (sys.argv[ 2], 'r' ) # reads file given in the 2nd commandline argument  
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score = {}  
for  gene_ID in  organism.keys():  
    score [organism[gene_ID]] = 0 
#c=open ('C:/daliradi/src/ourfavouriteOutput.txt','w')  
c=open (sys.argv[ 3], 'w' ) # reads file given in the 3rd commandline argument  
c.write ( "gene_ID" )  
for  org in  score.keys():  
        c.write( " \ t " +org)  
c.write( " \ t class \ n" )  
 
zbir = 0 
 
for  line in  d:  
    column=line.rstrip().split( " \ t " )  
    score = {}  
    for  gene_ID in  organism.keys():  
        score [organism[gene_ID]] = 0 
 
    for  gene_ID in  sequence.keys():  
        t1 = time.time()  
        zbir = radi2. smithwaterman(column[ 4], sequence[gene_ID], 0)  
        t2 = time.time()  
        if  zbir > score[organism[gene_ID]]:  
            score[organism[gene_ID]] = zbir  
        print  score[organism[gene_ID]], 'time:' , (t2 - t1)* 1000.0   , ' msec'  
 
    c.write(column[ 0])  
    for  org in  score.keys():  
        c.write( " \ t %d" % score[org])  
    c.write( " \ t %s\ n"  % column[ 3])  
 
    print  column[ 0]  
    for  org in  score.keys():  
        print  " \ t %d" % score[org]  
    print  " \ t %s\ n"  % column[ 3]  
 
c.close()  
 
 

 

 

BLOSUM62.py 
BLOSUM62 = [  
[ 4, - 1, - 2, - 2, 0, - 1, - 1, 0, - 2, - 1, - 1, - 1, - 1, - 2, - 1, 1, 0, - 3, - 2, 0, - 2, - 1, 0, - 4],  
[ - 1, 5, 0, - 2, - 3, 1, 0, - 2, 0, - 3, - 2, 2, - 1, - 3, - 2, - 1, - 1, - 3, - 2, - 3, - 1, 0, - 1, - 4],  
[ - 2, 0, 6, 1, - 3, 0, 0, 0, 1, - 3, - 3, 0, - 2, - 3, - 2, 1, 0, - 4, - 2, - 3, 3, 0, - 1, - 4],  
[ - 2, - 2, 1, 6, - 3, 0, 2, - 1, - 1, - 3, - 4, - 1, - 3, - 3, - 1, 0, - 1, - 4, - 3, - 3, 4, 1, - 1, - 4],  
[ 0, - 3, - 3, - 3, 9, - 3, - 4, - 3, - 3, - 1, - 1, - 3, - 1, - 2, - 3, - 1, - 1, - 2, - 2, - 1, - 3, - 3, - 2, - 4],  
[ - 1, 1, 0, 0, - 3, 5, 2, - 2, 0, - 3, - 2, 1, 0, - 3,  - 1, 0, - 1, - 2, - 1, - 2, 0, 3, - 1, - 4],  
[ - 1, 0, 0, 2, - 4, 2, 5, - 2, 0, - 3, - 3, 1, - 2, - 3, - 1, 0, - 1, - 3, - 2, - 2, 1, 4, - 1, - 4],  
[ 0, - 2, 0, - 1, - 3, - 2, - 2, 6, - 2, - 4, - 4, - 2, - 3, - 3, - 2, 0, - 2, - 2, - 3, - 3, - 1, - 2, - 1, - 4],  
[ - 2, 0, 1, - 1, - 3, 0, 0, - 2, 8, - 3, - 3, - 1, - 2, - 1, - 2, - 1, - 2, - 2, 2, - 3, 0, 0, - 1, - 4],  
[ - 1, - 3, - 3, - 3, - 1, - 3, - 3, - 4, - 3, 4, 2, - 3, 1, 0, - 3, - 2, - 1, - 3, - 1, 3, - 3, - 3, - 1, - 4],  
[ - 1, - 2, - 3, - 4, - 1, - 2, - 3, - 4, - 3, 2, 4, - 2, 2, 0, - 3, - 2, - 1, - 2, - 1, 1, - 4, - 3, - 1, - 4],  
[ - 1, 2, 0, - 1, - 3, 1, 1, - 2, - 1, - 3, - 2, 5, - 1, - 3, - 1, 0, - 1, - 3, - 2, - 2, 0, 1, - 1, - 4],  
[ - 1, - 1, - 2, - 3, - 1, 0, - 2, - 3, - 2, 1, 2, - 1, 5, 0, - 2, - 1, - 1, - 1, - 1, 1, - 3, - 1, - 1, - 4],  
[ - 2, - 3, - 3, - 3, - 2, - 3, - 3, - 3, - 1, 0, 0, - 3, 0, 6, - 4, - 2, - 2, 1, 3, - 1, - 3, - 3, - 1, - 4],  
[ - 1, - 2, - 2, - 1, - 3, - 1, - 1, - 2, - 2, - 3, - 3, - 1, - 2, - 4, 7, - 1, - 1, - 4, - 3, - 2, - 2, - 1, - 2, - 4],  
[ 1, - 1, 1, 0, - 1, 0, 0, 0, - 1, - 2, - 2, 0, - 1, - 2, - 1, 4, 1, - 3, - 2, - 2, 0, 0, 0, - 4],  
[ 0, - 1, 0, - 1, - 1, - 1, - 1, - 2, - 2, - 1, - 1, - 1, - 1, - 2, - 1, 1, 5, - 2, - 2, 0, - 1, - 1, 0, - 4],  
[ - 3, - 3, - 4, - 4, - 2, - 2, - 3, - 2, - 2, - 3, - 2, - 3, - 1, 1, - 4, - 3, - 2, 11, 2, - 3, - 4, - 3, - 2, - 4],  
[ - 2, - 2, - 2, - 3, - 2, - 1, - 2, - 3, 2, - 1, - 1, - 2, - 1, 3, - 3, - 2, - 2, 2, 7, - 1, - 3, - 2, - 1, - 4],  
[ 0, - 3, - 3, - 3, - 1, - 2, - 2, - 3, - 3, 3, 1, - 2, 1, - 1, - 2, - 2, 0, - 3, - 1, 4, - 3, - 2, - 1, - 4],  



- 16 - 

 

[ - 2, - 1, 3, 4, - 3, 0, 1, - 1, 0, - 3, - 4, 0, - 3, - 3, - 2, 0, - 1, - 4, - 3, - 3, 4, 1, - 1, - 4],  
[ - 1, 0, 0, 1, - 3, 3, 4, - 2, 0, - 3, - 3, 1, - 1, - 3, - 1, 0, - 1, - 3, - 2, - 2, 1, 4, - 1, - 4],  
[ 0, - 1, - 1, - 1, - 2, - 1, - 1, - 1, - 1, - 1, - 1, - 1, - 1, - 1, - 2, 0, 0, - 2, - 1, - 1, - 1, - 1, - 1, - 4],  
[ - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, - 4, 1 ] ]  
 
aminos={ "A" : 0, "R" : 1, "N" : 2, "D" : 3, "C" : 4, "Q" : 5, "E" : 6, "G" : 7, "H" : 8, "I" : 9, "L" : 10, "K" : 11,  
"M": 12, "F" : 13, "P" : 14, "S" : 15, "T" : 16, "W": 17, "Y" : 18, "V" : 19, "B" : 20, "Z" : 21, "X" : 22}  
 
def  match_score( aa1, aa2):  #find match/dismatch score from BLOSUM62 by letters of AAs  
  x=aminos[aa1 ]  
  y=aminos[aa2 ]  
  return  BLOSUM62[x][y]  
 
#define similar amino acids  
similarAA=[ 'ST' , 'TS' , 'SP' , 'PS' , 'SA' , 'AS' , 'SG' , 'GS' , 'TP' , 'PT' , 'TA' , 'AT' , 'TG' , 'GT' , 'PA' , 'AP' , 'PG' ,  
'GP' , 'AG' , 'GA' , 'ND' , 'DN' , 'NE' , 'EN' , 'NQ' , 'QN' , 'DE' , 'ED' , 'DQ' , 'QD' , 'EQ' , 'QE' , 'HR' , 'RH' , 'HK' , 'KH' ,  
'RK' , 'KR' , 'MI' , 'IM' , 'ML' , 'LM' , 'MV' , 'VM' , 'IL' , 'LI' , 'IV' , 'VI' , 'LV' , 'VL' , 'FY' , 'YF' , 'FW' , 'WF' , 'YW' , 'WY' ];  

 


