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Abstract 

The exponential growth of the sequence data pro- 
duced by the genome projects motivates the de- 
velopment of better ways of inferring structural 
and functional information about those newly se- 
quenced proteins. Looking for homologies between 
these probe protein sequences and other protein 
sequences in the database has proved to be one 
of the most useful current techniques. This pro- 
cedure, known as sequence comparison, relies on 
the use of an appropriate score function that dis- 
criminates homologs from non-homologs. Current 
score functions have difficulty identifying distantly- 
related homologs with low sequence similarity. As 
a result, there is an increased demand for a new 
score function that yields statistically-significant 
higher scores for all the pairs of homologous pro- 
tein sequences including such distantly-related ho- 
mologs. We present a new method for generat- 
ing a score function by optimizing it for successful 
discrimination between homologous and unrelated 
proteins. The new score function (OPTIMA) out- 
performs other commonly used substitution matri- 
ces for the detection of distantly related protein 
sequences. 

1 Introduction 

Finding similarities bet'~een newly-determined pro- 
tein sequences and existing sequences in the pro- 
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tein database provides us with access to an enor- 
mous amount of information. Since highly similar 
protein sequences generally share a common an- 
cestor, sequence comparisons can shed light over 
the evolutionary history of these new protein se- 
quences. These evolutionary related proteins or 
homologs share the same structure and may have 
the same function. By detecting these relation- 
ships, costly and time-consuming experimental tech- 
niques to determine structure and function of these 
proteins can be avoided. The advent of high per- 
formance computers and rapid search and sequence 
comparison algorithms during the last 20 years has 
made such searches a routine task, using programs 
such as FASTA [15], BLAST [2, 1], PSI-BLAST [3], 
and SSEARCH [15, 13]. Each of these algorithms 
furnish an alignment score representing the num- 
ber of identical, similar, and dissimilar amino acids 
aligned as well as the number of gaps in the align- 
ment. This score is used to identify the likelihood 
that the two sequences are evolutionary related. 
All of these methods rely on the choice of an ap- 
propriate score function. 

The series of PAM (percent accepted mutations) 
matrices, based on the work of Dayhoff [4] are 
still among the most commonly used score func- 
tions, specially PAM250 (P250). Gonnet [6] et 
al and Jones [10] published matrices (GCB and 
JTT respectively) based in an enlarged sequence 
databases using methods similar to that of Day- 
hoff. Henikoff derived a series of matrices from a 
database of aligned sequence blocks, with BLO- 
SUM 62 being the most commonly used of the 
series [9]. Overington and coworkers generated a 
matrix (STR) using a structure-based approach in 
combination with the cluster method developed by 
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Henikoff [14]. The improvements in these matrices 
made possible the detection of similarities among 
approximately half of the new genes discovered. 
There are many distant homologies that  still can- 
not be identified with currently available scoring 
functions. The more sequence divergence, the 
more the choice of score function becomes criti- 
cal. In this paper, we describe a new procedure to 
generate a score function optimized to detect dis- 
tantly related pairs of protein sequences. We find 
that the new score function described in this paper 
give better results on distantly related pairs of ho- 
mologs than other commonly-used score functions. 

2 Methods 

2.1 Theory 

The score (S) for any alignment is given by the 
sum of the weights of the letters paired together, 
defined by: 

8 ----- Z ")'i,3 n~,3 -t- ngap-I~'gap-I -b ngap_ E "Ygap-E 

where n w refers to the number of times that  amino 
acid type i is aligned with amino acid type j ,  and 
%,: represents the score given for such a match or 
mismatch. The number of times that  a gap occurs 
and the penalties for starting a gap is represented 
by r~gap_ I and 7gap-I respectively, while ngap_ E and 
%ap-E counts and penalizes the extension of those 
gaps. %,s is known as the score function, substitu- 
tion matrix, or exchange residue matrix. 

Imagine x is the score for the alignment of the 
target At with another possibly homologous se- 
quence. We are interested in evaluating the statis- 
tical significance of this score, to accertain the ap- 
propriate confidence we should have that' this rep- 
resents a true homology. Consider that  the scores 
for alignment of the target with non-homologous 
sequences is represented as St. We can use a Z- 
score to express the score of our possible match 
relative to the distribution of scores for alignments 
with non-related protein sequences as follows 

z -  (&) 
Z =  

- 2 r 

The distribution in the score function for ungapped 
alignments has been well studied [5, 11] and can be 

analytically represented by an extreme value dis- 
tribution (EVD) [7]. For local alignments with gap 
allowance, it is possible to approximate the score 
distribution with an EVD. The probability that  a 
random score Sr would equal or surpassing the ob- 
served score (x) by chance is given by [8] 

/? p ( s r  > x)  = 1 - 0 (x )  
o~ 

= 1 - exp ( -  ex~p ( -1 .282Z - 0.5772)) 

For a search of  a database of size D, the average 
number of the resulting D random alignments with 
scores greater than x (false positives) is equal to 
E = D p (St > x). Applying a Poisson distribu- 
tion, the probability P of observing at least one 
alignment with score equal or greater than x is 
given by P = 1 - exp ( - E ) .  

The E-values are usually reported when using 
BLAST and PSI-BLAST searches and can range 
from 0 to D; P-values range from 0 to 1. 

In this paper we define C as a measure of "suc- 
cess", to be maximized during the optimization. 
Our "success" in recognizing the homolog, repre- 
sented by C, is based in the relative chance the 
match is a true match versus a random false posi- 
tive. If we have one true homolog, our confidence in 
the match would be equal to the number of correct 
matches (Nc) divided by the number of incorrect 
ones (E). Assuming we are interested in evalu- 
ating whether we have found one true homolog, 
Nc  = 1 and 

C -  Nc  _ 1 
Nc  + NI I + E  

When a good score function is used to perform the 
alignments, the C values should ideally approach 
to 1.0, and the number of false negatives is mini- 
mal. Thus, we optimize the confidence (C) aver- 
aged over the data  set. 

2.2 Preparation of databases 

We are interested in optimizing our score matri- 
ces for the identification of distant homologs that 
like in the "twilight zone", where standard score 
functions are inadequate. For this reason, we 
need an appropriate protein sequence database of 
known but  distant homologs. We constructed a 
234-pair training-set database using the Cluster of 
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Orthologs Genomes (COG) database assembled by 
Koonin and co-workers [12, 18] so that each pair 
shared less than 25% sequence identity. The COGS 
database allows us to assemble distant homologs 
liked by a network of more obvious homologies. 
Proteins from other COGs were chosen to repre- 
sent random, non-homologous matches. A similar 
but disjoint 91-pair test set was also constructed in 
order to monitor the ability of the score function 
to detect homologies not contained in the training 
set. No more than one pair of proteins were taken 
form each COG. 

2.3 Algorithms and programs 

Our approach for the optimization of the score 
function is directed at maximizing the average con- 
fidence (C) in the set of correct homolog identifi- 
cations, averaged over all of the matches in the 
training set. The optimization of score function 
requires an iterative method, since the alignments 
depend upon the score function which can only 
be optimized for a given alignment. Starting with 
the BLOSUM 62 matrix [9], we used the local dy- 
namic programming approach with aillne gaps [17] 
to align each of the target proteins in the training 
data set against a homologous and a set of non- 
homologous proteins, and calculated Z, P, E, and 
C for each pair of homologs, and thus (C). This 
was done for a large number of different gap penal- 
ties. The highest C values were obtained with gap 
penalties of-12 and -2 for the gap initialization 
(')'gap-I) and extension (')'gap-E) respectively. This 
scoring scheme (represented as BL62(12/2)) was 
our initial scoring function at the start of the op- 
timization procedure, and was used to generate an 
initial set of alignments. The substitution ma- 
trix, including the gap penalties, was then adjusted 
with the current alignment to increase (C). As 
the matrix is symmetric (that is, the alignment 
of amino acid types i and j is counted the same 
as the alignment of types j and i) there are 212 
adjustable parameters consisting of the 210 pos- 
sible pairs of amino acid types and the two gap 
penalties. As multiplication of the score function 
by any constant does not change Z or any of the 
other statistics, we set one score function (Tgap-I) 
equal to a constant, resulting in 211 adjustable pa- 
rameters. After a few iterations of updating the 
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Figure 1: Average value of C for the training data 
set (234 pairs of protein sequences) and test data 
set (91 pairs of protein sequences). Increasing (C) 
during the optimization procedure represent an im- 
provement in the confidence to find the true match 
among the non-related protein sequence pairs. 

matrix, the new matrix was used to realign the 
homologs and random pairs. In every cycle of the 
optimization, we used the steepest descent method 
To assure convergence to the maximal, Armijo and 
Goldstein criteria [16] was used to choose the step 
size in each cycle. Approximately 10 cycles of op- 
timization and re-alignments were performed until 
the score function converged. 

3 Results 

The procedure described in this paper increases 
(C) as averaged over the training set, as shown 
in Figure 1. The main question is whether this in- 
creased discrimination between homologs and non- 
homologs also occurs for the training-set of pro- 
teins, those not included in the training set. Fig- 
ure 1 shows that our ability to discriminate, as 
measured by (C), also is increased in the indepen- 
dent test set. We can conclude that we successfully 

• optimized without overfitting to the training data. 
The new score function (OPTIMA) obtained after 
10 iterations is shown in Table 1. Optimal gap 
penalties were -11.97 and -2.0, not far from the ini- 
tial values, indicating that the better performance 
is due to optimal values of %,j. The effect of chang- 
ing the distribution of the scores during the opti- 
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Figure 2: An example of the score distribution (a) using BL62(12,0.2) and (b) OPTIMA. The higher 
score for the homolog (SH) obtained with OPTIMA, makes possible to discriminate it from all the of 
non-homologs pairs. 
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Figure 3: Cumulative plot of the distribution of 
C values for various score matrices, showing the 
fraction of all protein pairs in the test set recog- 
nized with under a given value of confidence. The 
optimized score function is displayed in a thicker 
line. 

0 .8  m 

~0.6 

"~ 0 ,4  
.g 
15 
u. 

0,2 

0_ . . . . . .  

1 
"" t /  

• f ~ _ ? . . . . ~  / 4'6's 

10 -s 10  -3 10- '  

Figure 4: Cumulative plot of the distribution of 
P-values for the optimized score function (thicker 
line) and other commonly used score functions. 
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A R N D C Q E G H I L K M F P S T W Y V 
4 -1 -2 -2 0 -1 -1 0 -2 -1 -1 -1 -1 -2 -1 1 0 -3 -2 0 A 

5 0 -2 -3 1 0 -2 0 -3 -2 2 -1 -3 -2 -1 -1 -3 -2 -3 t t  
A 31 6 1 -3 0 0 0 1 -3 -3 0 -2 -3 -2 1 0 -4 -2 -3 N 
I t  -9 53 6 -3 0 2 -1 -1 -3 -4 -1 -3 -3 -1 0 -1 -4 -2 -3 D 
N -20 -1 56 9 -3 -4 -3 -3 -1 -1 -3 -1 -2 -3 -1 -1 -2 -2 -1 C 
D -20 -19 13 65 5 2 -2 0 -3 -2 1 0 -3 -1 0 -1 -2 -1 -2 Q 
C 2 -30 -28 -29 90 5 -2 0 -3 -3 1 -2 -3 -1 0 -1 -3 -2 -2 E 
Q -11 13 5 0 -29 44 6 -2 -4 -4 -2 -3 -3 -2 0 -2 -2 -3 -3 G 
E -14 0 0 26 -39 27 42 8 -3 -3 -1 -2 -1 -2 -1 -2 -2 2 -3 H 
G 4 -15 11 -15 -26 -22 -18 73 4 2 -3 1 0 -3 -2 -1 -3 -1 3 I 
H -21 7 10 -4 -30 6 0 -16 88 4 -2 2 0 -3 -2 -1 -2 -1 1 L 
I -9 -29 -33 -32 -5 -30 -34 -42 -30 37 5 -1 -3 -1 0 -1 -3 -2 -2 K 

L -9 -22 -30 -41 -2 -13 -31 -42 -30 30 31 5 0 -2 -1 -1 -1 -1 1 M 
K -4 30 -4 0 -30 17 9 -18 -9 -33 -19 43 6 -4 -2 -2 1 3 -1 F 
M -6 -9 -20 -31 -8 2 -18 -30 -18 12 23 -9 52 7 -1 -1 -4 -3 -2 P 
F -21 -30 -31 -32 -20 -33 -31 -29 -5 7 16 -30 0 59 4 1 -3 -2 -2 S 
P -14 -20 -18 -7 -29 -9 -5 -20 -17 -29 -29 -3 -19 -39 83 5 -2 -2 0 T 
S 13 -8 9 1 -7 0 2 3 -10 -25 -24 -1 -11 -18 -9 43 11 2 -3 W 
T 3 -12 4 -9 -7 -4 -5 -21 -20 -8 -15 -6 -7 -16 -9 14 44 7 -1 Y 

W -30 -29 -40 -39 -17 -18 -30 -22 -19 -27 -17 -25 -11 14 -41 -29 -18 109 4 V 
Y -19 -16 -18 -19 -19 -10 -20 -28 22 -11 0 -20 -7 37 -30 -20 -20 22 67 
V 5 -29 -32 -30 -4 -18 -26 -33 -29 33 19 -20 7 -6 -16 -21 -1 -28 -8 37 

A R N D C Q E G H I L K M F P S T W Y V 

Table 1: BLOSUM 62 substitution matrix (upper side) and the optimized substitution matrix OPTIMA 
(lower side). In order to increase the precision, the elements in OPTIMA were multiplied by 10 and then 
rounded to the nearest integer. 

mization is depicted in Figure 2 and explained be- 
low. As shown in Figures 2a, the initial score ma- 
trix (BL62(12/2)) used to score the pairwise align- 
ments in this example from the training database 
does not allow discrimination between homologs 
and non-homologs, with many non-homologous pairs 
giving higher alignment scores than the pair of true 
homologs. On the other hand, as shown in Fig- 
ure 2b, when using the optimized score function 
(OPTIMA), the scores for the homologs are clearly 
separated from the scores for the non-homologous 
pairs, making discrimination possible. 

Figure 3 shows the cumulative distribution of C 
values for the test-set proteins with the different 
score functions. As shown, the greater discrim- 
inatory power of the OPTIMA score function is 
represented by the larger fraction of the proteins 
sequences pairs having greater values of C when 
using OPTIMA to perform the alignments. That  
implies a substantial improvement in our ability of 
making confident predictions compare with other 
standard score function. Figure 4 shows a corre- 
sponding cumulative distribution of the P-values, 
which represent the probability of having one or 
more random sequences with a score greater than 
a pair of homologous sequences. The better per- 
formance of OPTIMA can be seen from the large 
number of homologous pairs with lower P-values. 

4 Conclusion 

Most methods for constructing a score function 
rely on creating a da ta  set of reliably-aligned se- 
quences or sequence fragments and gathering statis- 
tics on the relative number of times that each pos- 
sible pair of amino acids are aligned. In prac- 
tice, however, we are interested in distinguishing 
more distant homologs that  may be impossible to 
accurately align from optimal alignments of non- 
homologs. It is assumed that  statistics based on 
the regions of homologs that  can be confidently 
aligned can be extrapolated to possibly incorrect 
alignments between more variable regions. In con- 
trast our approach is based on considering the align- 
ments made by the score function in generating the 
statistics. As the alignments are dependent on 
the score function, this requires an iterative pro- 
cedure as described above. Another drawback 
of previously-existing matrices is the diffi, culties in 
choosing the gap penalty. In this paper we in- 

.c luded the optimal gap penalty it in the optimiza- 
tion as one more pairwise scoring function element. 

Our method combines the use of a new database 
with the optimization of (C)-values, the inclusion 
of gaps and the possibility of changing the align- 
ments between iterations. These are some of the 
features in the procedure presented that make it 
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ideal for obtaining the optimal score scheme for 
sequence comparison, and the reason for the out- 
standing performance at detecting distantly related 
protein sequences of OPTIMA compared with other 
commonly-used scoring schemes. 
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