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CA-CA Deviations: 1.5A in Green to 6.0A in Brown

Problem Algorithm

Automatically insert new protein structures into the SCOP
classification of proteins.
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Our approach incorporates both clustering and prediction. We use
clustering approaches to discover groups of related proteins along with
the structural features that they share. Each cluster of structures has a inthe

maximal set of shared structural features (enumerated residue-wise) Group G
which we call afingerprint. Once we have the structural fingerprint, \Jj :
we use It to determine the cluster membership of new structures.
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Clustering and Fingerprint Results for SCOP Fold Beta-Trefoil (b.45)
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The Fold contains 6 Superfamilies split into 10 Families with atotal of 99 unique structures - = - = =
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We clustered the structures into 6 clusters using the structural spans:
One of the clusters correspond to a Superfamily in the Fold. _
Four clusters contained individual families which are the 4 Families belonging to 2 Superfamilies. TEEEE B e ee
One of the clusters contained a mixture of structures from several Superfamilies. S = = = F F = = =
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CA-CA Structural Deviations of less than 1.5A from IHWM-B Dom 2 indicated with '# or residue
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Error rates when taking the SCOP P 4 et L I e L VS S A 1 oo Thedataarevery noisy. The PDB (Protein DataBank) has about
Superfamilies as the correct classification Common Structural Regions of the Rici : : : :
(A random classification has 16% accuracy.) _ =By Found by the Gassian Mixture Modd 23,000 unique structures ranging in quality from 0.54A to 15A.

Despite this noise, the robustness of the consensus clustering allows

. . . our method to detect relationships on the level of superfamily.
Our algorithm found a Ricin-B-like

structural fingerprint (upper far-right ' TEEeee B B ERees R | BEee R B . o . .
that compar&gfaf/oraélypfo e ) S b D e B RS B R B RO Current work involves predicting the family and superfamily that a new
fingerprint derived directly from the Ricin B Structural Spans (in green) SR B B B structure belongs to. Our results indicate that the fingerprint derived
gold-standard SCOP classification According to the SCOP Superfamily tabes R S from a SCOP family can predict membership with amost complete
(lower far-right). e B R R R B f B accuracy.
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green corresponds to regions of small structural deviation also indicated in green on Ricin (at left).
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