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1. INTRODUCTION

Dynamics perturbation analysis (DPA) (1-3) finds regions in a protein structure where proteins are
“ticklish,” i.e., where interactions cause a large change in protein dynamics. Such regions were shown to
predict the locations of native binding sites in a docking test set (3), but the more general applicability of
DPA to prediction of functional sites in proteins was not shown. Here we describe the results of applying
an accelerated algorithm, called Fast DPA (4), to predict functional sites in over 50,000 SCOP domains.

2. METHODS

Fast DPA was performed as described in (4) on crystallographically determined protein structures
consisting of a single chain or subset of a chain in SCOP (5) version 1.65. To validate DPA-predicted
functional sites, we looked at two different types of annotations: a) catalytic residues in the Catalytic Site
Atlas (CSA) (6); and b) protein residues close to a small molecule in the PDB. Sequence conservation of
predicted sites (7) was used to filter false positives, and multiple sequence alignments (MSAs) (8) were
used to assess the significance of predictions. Selected cases were the subject of deeper investigation in the
literature.

3. RESULTS AND DISCUSSION

Table 1. Summary of the matches of DPA predictions to annotated sites in SCOP domains.

Sequence Conservation
All No Info Low Medium High

Total Sites 63,787 3,321 50,555 4,905 5,006
Match Found 28,899 1,342 18,773 4,196 4,588
Binding Site 17,995 969 13,997 1,774 1,255

Catalytic Site 3,751 145 1,875 907 824
Both 7,153 228 2,901 1,515 2,509

No Match Found 34,888 1,979 31,782 709 418

Fast DPA predicted 63,787 functional sites on 49,245 SCOP domains; yielding O(1) predictions per
domain, which is commensurate with the number of functional sites that we naively expect proteins to
have. In these domains, CSA identified 49,834 catalytic residues, of which DPA correctly predicted 22,296
(44.6%). In addition, we inferred 86,305 binding sites based on the PDB. DPA predicted at least one
binding residue in 38,853 of these sites (42.7%). In 43.3% of these matching sites, at least 50% of the
binding residues were predicted, while in 69.6% of the sites, at least 25% were predicted. Table 1
summarizes the matches of DPA predictions to annotated sites in SCOP domains, organized according to
degree of sequence conservation. Because these annotations incompletely characterize information about
protein functional sites, we expect the match statistics to represent a lower limit on future performance.
Based on the table, we estimate that at least 45.3% of DPA sites will match a binding site or a catalytic
residue. We also estimate that at least 91.6% of highly-conserved DPA sites, and at least 88.6% of
medium- or highly-conserved sites will match a binding site or catalytic residue. Further, we observe that
sequence conservation provides greater enrichment for detection of catalytic sites than binding sites: 9.4%
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of low-conservation sites overlap a catalytic site, compared to 68.2% of high-conservation sites; however,
33.4% of low-conservation sites overlap a binding site, compared to 75% of high-conservation sites. The
results therefore recapitulate much of the known information about functional sites in SCOP domains, and
validate the general use of DPA to predict functional sites in proteins.

We also used MSAs to assess the variation in DPA predictions for similar protein structures. An example is
illustrated in Fig. 1 for SCOP family C.2.1.5, where DPA residues are highlighted in black. The first three
sequences are equivalent chains from PDB entry ILDN, and the last two are equivalent chains from 1GV1.
These cases illustrate that DPA results are insensitive to crystal packing differences. Predictions are
similarly robust across sequences from different proteins, enabling annotation transfer. Although there is no
functional site annotation for PDB entry 1GV1, a similar site in 1LDN and 1THR has an NAD bound. The
annotated domains are lactate dehydrogenases while the unannotated domains are malate dehydrogenases,
which also use NAD as a coenzyme. We therefore predict that the DPA site in 1GV1 is an NAD functional
site. We saw similar alignments in 44 of 50 families that we have examined in this way, potentially
enabling transitive annotations for 157 predicted sites. MSAs can therefore be used in combination with
DPA to predict and annotate functional sites in proteins.

Figure 1. Alignment of DPA sites with high sequence conservation from the SCOP family C.2.1.5.
The display was generated using Jalview (9).

dlidnc1/15-162 15 MKNNGGARVVVEFA [IdASYVFALMNQGIADEIVLIEIY ES A 58
d1ldnd1/15-162 15 MKNNGGARVV VKA \{dASYVFALMNQGIADEIVLEBYY ES A 58
d1ldnb1/15-162 15 MKNNGGARVVVIRTY dASYVFALMNQGIADEIVLEPYY ES A 58
d1ithr1/7-149 7----- PTKMAVIELYY \Uqs TMAFALAQRGIAREIVL [l KE V 45
dlgvlal/1-142 1------ MK I TVIEFXANV[AATTAFR I ADKKLARELVLVEGI P 38
dlgvicl/1-142 1--=-=--- MK IERAKTXANTTAA TIEYLYIADKK LARELVL[H)VVEGI P 38

dlidncl/15-162 59 | GDAMDFNH-GKVFAPKPVD IWHGD DDCRDADLVVIR&ELFl K 101
dlldnd1/15-162 59 | GDAMDFNH-GK FAPKPVDIWHGD DDCRDADLVVE«YaY K 101
dlldnb1/15-162 59 | GDAMDFNH-GKVFAPKPVDIWHGD DDCRDADLVVIKs®Ia\ K 101

dlithr1/7-149 46 EAEVLDMQH-GSSFYPTVSIDGSDDPEI CRDADMV|YI pYd K 88

dlgvlal/1-142 39 QGKGLDMYETGPVGLFDTKITGSNDYADTADSDIVI IgEYdL PRK 82
dlgvlcl/1-142 39 QGKGLDMYETGPVGLFDTKITGSNDYADTADSDIV I I I{44PRK 82

dlidncl/15-162 102 PGET LD VDK IA FRSHVESVMASGFQGLFLVERRIP DILTY 145
dlldnd1/15-162 102 PGET LD VDK IAnFRS VESVMASGFQGLFLVERIIP DILTY 145
dlldnb1/15-162 102 PGET LD VDK IA FRSUVESVMASGFQGLFLVLYWIP DILTY 145

dlithrl1/7-149 89 PGQS LE VGATVNULK HMPNLVKVAPNAIYMLEREIP DIATH 132
dlgvlal/l1-142 83 PGMTREDLLMKNAG KEMTDNIMKHSKNPI I IVVSNPLDIMTH 126
dlgvlcl/1-142 83 PGMTREDLLMKNAGQVK TDNIMKHSKNPI I IVVSNPLDIMTH 126
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