










and 41% for Amido. When increasing the RMSD cut-
off, the recall increases and the precision decreases. The
sensitiveness to the change of RMSD cut-off is quite dif-
ferent from family to family. For example, RibT1 is
much more stable than ProLys.

Table 3 shows the number of true hits and the
number of total hits for each family when RMSD cut-
off is fixed to 1.5Å and the allowed substitution defined
by BLOSUM45 cut-off is varied. The most distant (in
terms of BLOSUM45 score) pair of corresponding amino
acids in our dataset have a score of -4. That is to say,
the BLOSUM45 should be set to -4 to find all similar
active sites. However, we can see from Table 3 that the
precision is already too low for some families when the
BLOSUM45 cut-off is set to 0. When the cut-off is 3,
the precision is only 43% for ProLys while the recall is
only 41% for Amido.

3.4 Discussion The experimental performance sug-
gests that PHMM-based methods described in this pa-
per for determining similarity of active sites works well
in practice.

The PHMM constructed for each family exhibits
reasonably high precision and recall. A high degree
of shared features by family members results in higher
performance metrics. For instance the active sites of
Eukaryotic Lysozyme shares many atom types along
with their geometric configuration. This is reflected by
its high precision and recall (95% and 91%). On the
other hand the low degree of shared features observed
in Ribonuclease T1 has translated into low precision and
recall (86% and 86%).

Our experimental results also demonstrate that
both geometric and physico-chemical features are
needed to achieve high accuracy. Furthermore, we ob-
serve that geometric features have relatively higher im-
pact on the performance than physico-chemical features.

Last but not least, our experiments with SPASM
indicate that there is no uniform way to decide the
RMSD cutoff and amino acid substitution and thus they
have to be chosen manually per family. In contrast,
there is no such need in our approach.

4 Related Work

We review here computational tools and techniques
related to the problem of determining similarity of
active sites.

On the tool front the best known system is
SPASM [4]. It can be used to find substructures in
proteins that are similar to an input active site. As we
had discussed earlier comparing a substructure to an ac-
tive site independently of other members of the active
site’s family fails to exploit the commonality amongst

them. Consequently, it can fail to establish similarity
with some family members, especially remote ones. A
profile based approach as is done in the paper addresses
this problem since profiles can capture common features
of family members.

The idea of profiling active sites was first explored
in the context of building the PROCAT database [9],
in which the term “functional template” was used for
what we refer to as the active site profile in this paper.
In PROCAT, functional templates are manually defined
for several enzyme families. These templates consist
of only a subset of atoms in the active site amino
acids. The decision of which atoms to include is done
manually through close inspection of the structures and
functional mechanisms of all the proteins in the family.
In contrast our approach to “learn the templates” is
highly automated.

A more recent work is Catalytic Site Atlas (CSA)
[8], a database documenting enzyme active sites and
catalytic amino acids present in enzymes with 3-D
structures. Active site templates are again constructed
manually for each family.
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