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1 Introduction

Protein multiple sequence alignments are powerful tools that may reveal residues important to
the structure and function of protein family members. Alignment positions that conserve identi-
cal amino acids, or those with similar physico-chemical properties are routinely used to predict
potential functional sites by inspection. Automated procedures to predict catalytic residues by
considering conservation across all sequences in a family (Zvelebil et al., 1987) have also met
with some success in identifying functional sites. More sophisticated methods seek to exploit
the evolutionary information present in a family of sequences, by considering sub-families,
or trees. For example, the AMAS algorithm (Livingstone and Barton, 1993) identifies posi-
tions that have conserved physico-chemical properties within sub-families of proteins (e.g. +ve
charge), yet exhibit different properties between the sub-families (e.g. +ve charge compared to
-ve). A large number of algorithms have been based on this principle and have met with varying
degrees of success (Lichtarge et al., 1996; Hannenhalli and Russell, 2000; Armon et al., 2001).

In this short report, we introduce a new method SMERFS (Sequences and Matrices in Estimation
of Residues of Functional Significance) for the prediction of functional sites by the comparison
of local to global similarity matrices for an alignment. We present some preliminary evaluation
of the method by comparison to other hierarchical analysis methods (La and Livesay, 2005) and
conventional conservation measures (Valdar, 2002) and discuss future prospects.

2 Methods

2.1 Algorithm

The SMERFS algorithm can be summarised as follows:

I. Generate a multiple sequence alignment.

II. Construct a similarity matrix over all sequences in the alignment.

III. Take a window of a fixed number of columns and slide it along the alignment from start
to end. At each step:

(a) Generate a similarity matrix over all subsequences present in the window.

(b) Calculate the Pearson correlation coefficient between the local matrix and that de-
rived at 2.
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IV. Adjust for the diversity of the current alignment by normalising the correlation coeffi-
cients to vary beteen 0 and 1 over the alignment. This gives a correlation profile that can
be visualised with an alignment as shown in Figure 1.

V. Determine those windows that produce matrices which correlate best with the globally
derived matrix.

VI. Propose positions from these windows as likely functional positions.

2.1.1 Similarity Matrix Estimation

Similarities between pairs of sequences were estimated by summing pair-wise inter-residue
BLOSUM 62 scores over all aligned positions between all pairs of sequences. This approach
was found to give similar results to ProtDist (Felsenstein, 1989) but was a factor of 10 faster.

2.1.2 Matrix Correlation

Given two pair-wise similarity matrices, the correlation coefficient was calculated by Equation
(1).
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Where: Gi and Li are elements of the global and local matrices respectively, Ḡ and L̄ are their
respective means, n is the number of matrix elements (N 2

− N)/2 , and N is the number of
sequences in the alignment.

2.2 Training and Testing

The accuracy of prediction was assessed by comparison to domain-domain and domain-ligand
sites derived from the MSD database (Boutselakis, 2003; E. R. Jefferson per.comm.). This
provided a set of 1850 PFAM families, each annotated with positions corresponding to protein
and small molecule binding sites.The 1850 seed alignments were divided into 10 sets of 185.
Of these, 4 alignments of greater than 1000 sequences were excluded, since processing these
alignments was too time-consuming. 968 alignments with fewer than 20 sequences were re-
moved, reducing the set to 878 families. Of these, 114 families contained insufficient structural
information to provide interaction data. This further reduced the set to 764. Performance was
assesed by 9-way cross-validation. For each test, the area under a ROC curve was calculated
generated for each family by plotting the true positive (TP) rate for residues in known sites
against the false positive (FP) rate.
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Figure 1: Illustration of a SMERFS correlation profile and prediction of functional residues on
PFAM seed alignment PF01906. Graphic created by Jalview (Clamp et al., 2004.)

2.3 Comparison of methods

Cross-validation was also carried out on MINER (La and Livesay, 2005), and a simple entropy-
based conservation measure (Williamson, 1995) smoothed over a variable number of residues.
The optimal parameter set variant for both was compared to the performance of SMERFS.

3 Results and Conclusions

In all three methods a single parameter set was most favourable in the majority of training sets,
and was therefore used to rate performance on the testing sets. SMERFS gave an AUC value of
0.61 on the small molecule category, slightly better than the value of 0.60 produced by MINER.
For protein-binding regions SMERFS produced a value of 0.63, significantly better than a value
of 0.56 for MINER, and near-identical with that produced by Williamson. Surprisingly, for
small molecule binding positions SMERFS did not perform as well in this test as the relatively
simple entropy-based conservation score of Williamson, which scored 0.66. This may be due
to small-molecule interaction sites being dominated by totally conserved amino acids and so
are not detected by SMERFS. Future refinements to the SMERFS algorithm will aim to balance
the power from the evolutionary structure of the alignment with that from globally conserved
positions.
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