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Many of the targets of structural genomics will be proteins with little or
no structural similarity to those currently in the database. Therefore,
novel function prediction methods that do not rely on sequence or fold
similarity to other known proteins are needed. We present an automated
approach to predict nucleic-acid-binding (NA-binding) proteins, specifically DNA-binding proteins. The method is based on characterizing the
structural and sequence properties of large, positively charged electrostatic patches on DNA-binding protein surfaces, which typically coincide
with the DNA-binding-sites. Using an ensemble of features extracted
from these electrostatic patches, we predict DNA-binding proteins with
high accuracy. We show that our method does not rely on sequence or
structure homology and is capable of predicting proteins of novel-binding
motifs and protein structures solved in an unbound state. Our method can
also distinguish NA-binding proteins from other proteins that have similar, large positive electrostatic patches on their surfaces, but that do not
bind nucleic acids.
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Introduction
Structural genomics promises to deliver threedimensional structures of proteins on a genomic
scale.1 Since the primary goal of this initiative is to
obtain structural information about proteins for
which there is currently little information, many
of the new protein structures solved are expected
to lack sequence homologs within the Protein
Data Bank (PDB).2 The , 16,000 protein structures
that will be needed to bring the protein structure
initiative to completion over the next ten years
will likely include many proteins with novel folds
and unassigned functions.3 Identifying the function
of proteins with novel folds will be the most
challenging task,4 yet is essential for the success of
the structural genomics initiative.
Traditionally, newly discovered proteins are
assigned function by searching the databases for
homologous proteins with known function.5 Detection of conserved sequence patterns (motifs) is also
used to determine to which known protein family
Abbreviations used: NA, nucleic acid; dsDNA,
double-stranded DNA; NN, neural network; GLM,
generalized linear model; HTH, helix-turn-helix.
E-mail address of the corresponding author:
gregoret@chemistry.ucsc.edu

a new sequence belongs and to infer its biological
function.6 However, in the absence of sequence
identity to any known protein sequence or motif,
predicting function remains a challenge.
It is sometimes possible to predict function
based on fold similarity. Many cases have been
noted in which proteins with no detectable
sequence identity share a common fold as well as
a similar function. One example is the structural
similarity between the human replication protein
A and the human mitochondrial SSB protein,7
both of which are involved in the binding of
single-stranded nucleic acids (NAs). Koppensteiner and co-workers8 have estimated that
roughly two-thirds of proteins with similar topologies carry out similar biological functions. However, the relationship between fold similarity and
functional similarity is not always straightforward,
and there are many examples where proteins with
similar folds carry out very different functions,
such as different members of the TIM barrel fold
family or SH3 fold proteins.9,10
Other techniques have been developed to predict
local functional sites, such as enzyme active sites,
in proteins. This has been achieved using methods
to analyze conserved sequence clusters,11 – 15 the
shape and size of clefts in proteins,16,17 hydrophobic patches,18,19 specific arrangements of
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Figure 1. The electrostatic surface
potentials of three proteins (color
ranges from blue ¼ positive potential, to red ¼ negative potential).
(a) The TATA-binding protein
(1tbp) shows a large positive patch
characteristic of NA-binding proteins. (b) The P450-CAM (1cpt) has
a large positive patch that is not
involved in NA binding. The patch
is known to be involved in binding
other proteins involved in electron
transfer. (c) Seryl-tRNA synthetase
(1ses) is a NA-binding protein that
has no obvious positive patch.
Images were taken from the
Columbia Picture Gallery (http://
trantor.bioc.columbia.edu/GRASS/
surfserv_enter.cgi) generated by
GRASP.37

catalytic residues20 – 23 or specific residues with perturbed pKa.24 It also appears possible to predict
function based on more global structural properties. For example, we have studied the protease
family and shown that proteases as a whole have
unique structural features common across different
sequence and mechanistic families.25 These properties include smaller surface areas, higher packing
density, and a secondary structure bias against
a-helices. We speculate that these similarities
arose in the proteases as a common mechanism to
avoid autolysis. The unique properties of proteases
were used to train a neural network (NN) to successfully identify proteases in the absence of any
homologs in the training set.
Recently we applied a similar approach to the
O-glycosidase family. The O-glycosidases hydrolyze the linkage between carbohydrate molecules
and are a structurally diverse enzyme family.9
Members of this family were found frequently as
false positives in the protease prediction. By identifying structural properties unique to the O-glycosidases, we have been able to discriminate them
from the proteases and to predict new members of
the family.26 We therefore expect that similar
methods could be developed for other important
protein families. Such methods based on global
structural properties could complement existing
sequence and fold-based prediction methods.
We now focus on the identification of nucleicacid-binding (NA-binding) proteins. When the
first three-dimensional structures of protein –DNA
complexes were solved, it was noted that the surface residues of the proteins were asymmetrically
distributed, with an excess of positively charged
side-chains at the NA-binding interface.27 Charge
complementarity between protein and DNA is

thought to be important for the first step of recognition between protein and DNA in vivo.27,28 Lysine
and arginine residues are often involved directly in
the recognition, interacting with the negatively
charged backbone as well as with the bases
themselves.29 – 31 Observation of large regions of
positive electrostatic potentials on protein surfaces
has been suggested to be a good indication of the
locations of DNA-binding sites.32 Recently, the
putative biochemical function of the Tubby protein
family was assigned by using the crystallographic
structure of one member of the family.33 This
protein structure has a large positively charged
electrostatic patch, which helped to classify it as a
NA-binding protein.
While the detection of a region of positive electrostatic potential can be indicative of NA-binding
function, it is certainly not sufficient. Positively
charged surfaces can be important for other
reasons, such as for binding to negatively charged
membranes,34 receptors,35 or other proteins.36
Figure 1 illustrates the electrostatic surfaces of
three proteins generated by the GRASP program.37
The TATA-binding protein shown in Figure 1(a)38
has a large positive patch at the DNA-binding
site. P450-CAM (Figure 1(b)) is an oxygenating
enzyme whose large positive surface patch is
thought to play a role in binding cytochrome b5
and putidaredoxin proteins that are involved in
electron transfer.39 It is not known to bind to NAs.
Figure 1(c) shows the surface of a single-stranded
NA-binding protein, seryl-tRNA synthetase.40
Here, no obvious positive patches are found on
the surface even though this protein binds to
tRNA.
New NA-binding proteins continue to be discovered, including those with novel-binding
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Table 1. The list of the 54 representative dsDNA-binding proteins grouped according to structural homology42
Structural group

Representative proteins

HTH group

3cro, 1fj1, 1ber, 1pnr, 1foka, 1gdtpa, 1hcra, 1ign, 1pdn, 1tc3pa, 1trrp, 1ddn, 1if1, 1vol,
3hts, 1bc8
1aay, 1d66, 2nll, 1tup
1a02, 1am9
2bopp, 1aoi, 1b3t, 1ckt, 1crz, 1mnm, 1skn
1ytb, 1cma, 1ecr, 1ihf, 1xbr, 1bf4p, 1bdt
1a3q, 1bf5
3mhtp, 3pvi, 1rva, 1qpsp, 3bamp, 1vas, 2dnjp, 1cw0, 1bpy, 2bdp, 1t7p, 1hmi, 1sspp,
1bnk, 1a73, 1a31

Zinc-finger group
Zipper-type group
Other a-helix group
b-Sheet group and b-hairpin/ribbon group
Other
Enzyme group

A PDB ID with an asterisk indicates that it was incorrectly identified as a non-NA-binding protein.
a
Denotes proteins with enzymatic activity that do not belong to the enzyme group.

motifs.41 Based on comparative sequence analysis,
it has been estimated that approximately 7 – 10%
of the human genome codes for transcription factors. In addition, genes encoding proteins involved
in translation, replication, and splicing (which are
thought to be under-represented in the present
structural data41) are likely to be found as well. In
all, perhaps as many as 2500 of the structures
solved through structural genomics will be NAbinding proteins. Automated methods for function
discrimination will therefore be important for
annotating these structures.
Here, we propose a methodology for predicting
NA-binding function based on the quantitative
analysis of structural, sequence and evolutionary
properties of positively charged electrostatic surfaces. Since our method does not require that the
protein have a homologous sequence or structure in
the databases, it can predict the function of proteins
with novel folds and/or unique binding motifs. We
show that it is possible to distinguish between actual
DNA-binding proteins and proteins that have large
positive electrostatic patches but do not bind NAs.
Finally, we address the utility of electrostatic patch
analysis in assigning NA-binding function to products of structural genomic studies.

Results and Discussion
Our initial goal was to simply distinguish NAbinding proteins from proteins that do not bind
NAs. We first characterized the structural features
of 54 double-stranded DNA (dsDNA)-binding proteins and compared them to the same features in
other proteins that are not involved in NA binding.
We concentrated on the positive electrostatic surface
patches that are common among NA-binding proteins. In order to be able to validate the patch
analysis, we focused our study on DNA-binding
proteins that were solved in complex with the DNA
and thus have well-defined binding interfaces.
Data set construction
A representative data set of DNA-binding
protein structures was constructed based on the
protein– DNA complex classification of Luscombe

et al.42 The set consisted of the 54 proteins that
bind dsDNA with crystallographic resolution better than 3 Å. The proteins in the data set represent
54 different structural families classified based on
the structure alignments of the DNA-binding
region.42 From each of the 54 structural families, a
representative protein was selected based on
lowest resolution and available sequence alignments. The final data set was further examined to
make sure that no two proteins shared more than
35% sequence identity. The 54 proteins (Table 1)
were further divided into eight groups: seven
structural (e.g. helix-turn-helix, HTH) and one
enzyme group. A second data set consisting of 250
non-nucleic-acid-binding (non-NA-binding) proteins with resolution better than 2.5 Å was also
constructed (see Materials and Methods). For the
non-NA-binding proteins, the only other criterion
besides resolution to qualify for inclusion in the
data set was that the protein did not interact with
an NA polymer.
Electrostatic patch concept
In the first step of our analysis we constructed
and analyzed positive electrostatic patches for all
proteins in the data sets. The UHBD software
package43 was used to compute the Poisson –
Boltzmann continuum electrostatic potential at all
protein surface points. An in-house software
program, PatchFinder, was used to construct the
patches (see Materials and Methods). Each
protein’s largest patch was then analyzed to extract
structural and sequence information.
Patch size and the average electrostatic potential
were calculated for both the dsDNA and non-NA
data sets. Patch size represents both the protein
size and its electrostatics. In many protein –DNA
complexes, only the DNA-binding domain was
crystallized. Therefore, we used the absolute patch
size instead of normalizing by the protein’s full
surface area, which in many cases is not known.
Figure 2 shows the number of surface points in
the largest positive patch against the normalized
surface potential of that patch for each protein.
Although dsDNA-binding proteins have, on
average, larger positive patches than the non-NAbinding proteins (637(^ 476) surface points versus
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Figure 2. Plot of patch size versus
average surface potential for NAbinding proteins (V) and non-NAbinding proteins ( ). NA-binding
proteins on average have larger
positive patches (637(^ 476) surface
points) than non-NA-binding proteins (243(^ 222) surface points).
Several non-NA proteins have
patch sizes comparable to that of
NA-binding proteins. The largest
positive patched non-NA-binding
proteins (enclosed in the rectangle),
have comparable patch sizes and
potentials to that of NA-binding
proteins.

243(^ 222) surface points), they are not always
clearly delineated.
To obtain finer separation between DNA and
non-NA-binding proteins, a second type of electrostatic patch, the “Lysoff” patch, was analyzed.
Nadassy and co-workers have shown that of the
residues that interact with DNA, roughly one
quarter are arginine.44 To examine whether the
high frequency of arginine could be used to
identify and characterize the DNA patches, we
made computer mutations of all lysine residues in
the protein to their hydrophobic isosteres and
then re-analyzed the new resulting patches.
Hydrophobic isosteres of Lys (Lysoff) are structurally identical to Lys but have a net charge of 0.45
If a patch is dependent upon a large number of
lysine residues to give a local net positive charge,
such patches should “dry up” when the lysine
charges are turned off. Arginine-rich patches, on
the other hand, will be retained. The size of (Lysoff)

patches indicates not only the number of arginine
residues in the patch, but also their distribution
over the patch. A specific example is shown in
Figure 3. Here, the yeast transcription factor,
MCM1, retains a large percentage of its patch
even after the lysine charges are turned off while
the patch of the non-NA-binding protein, cytrochrome c2, shrinks dramatically.
Patch and protein-binding site correlation
It has been shown previously that a typical
DNA – protein interface spans 1600(^ 400) Å2, a
considerable portion of the total protein surface.44
In order for electrostatic patch analysis to be useful
for identifying and annotating NA-binding
proteins, there should be a strong correlation
between the locations of the patches and the
locations of the protein –NA-binding interfaces.
We indeed found that the largest positive patch of
Figure 3. Surface electrostatic
patches of two different proteins:
on the left, a DNA-binding protein
MCM1 (1mnm), and on the right, a
non-NA-binding protein, cytochrome c2 (1cot). The continuum
positive patch is shown in dark
blue, and the overlap with its
respective Lysoff patch (see the text)
is colored in yellow. In this example
the DNA-binding protein (left)
retains most of its patch, while the
non-NA-binding protein (right),
shows a dramatic decrease in patch
retention within its Lysoff patch.
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a dsDNA-binding protein encompasses, on average, 80% of the protein – DNA interface. There was
no overlap between the largest positive patch and
the DNA –protein interface in only three of the 54
proteins (1gdt, 1ssp, 2dnj). These outliers typically
have a large cluster of positive surface charges not
involved in NA binding as defined by their threedimensional crystal structure complexes. Based on
the high degree of overlap between the patch and
DNA interface, we conclude that patch analysis
could be useful as a quantifiable, fold-independent
feature for DNA-binding protein classification as
well as binding site identification.
Structural features of patches
The next step after defining the electrostatic
patches was to find the best features that could be
used to discriminate the DNA-binding proteins
from other proteins.
Secondary structure content
Since most DNA-binding proteins bind via an
a-helix interacting with the major groove of
DNA,29,42 we hypothesized that the secondary
structure content of the residues within the positive electrostatic patches would be biased towards
helical structure. Upon measuring the a-helical
and b-sheet composition of the patches, helical
composition was indeed found to be favored over
b-sheet composition (43% helix versus 15% sheet)
to a considerably greater degree than in the nonNA-binding data (32% helix versus 22% sheet).
Surface area

gen bonds found in protein–NA interfaces,31 we
found that the electrostatic patches of DNA-binding
proteins have on average more potential hydrogenbonding groups (20(^12) donors and 25(^14) acceptors) compared to patches of non-NA-binding
proteins (8(^7) donors and 8(^7) acceptors).
Surface concavity
In principle, a cleft within a protein could provide a likely location for docking a ligand.17 Thus,
we anticipated that the overlap between the electrostatic patch and a significant protein cleft could
potentially help to identify DNA-binding proteins
as well as binding sites. The program, SURFNET48
was used to define the largest clefts in our proteins.
The overlap between residues within the cleft (as
defined by SURFNET) and the residues within the
largest positively charged patch were then
examined for DNA-binding and non-NA-binding
proteins. This is exemplified in Figure 4, using the
Hha I methyltransferase protein (3mht). In this
example, the residues of the cleft (yellow) and the
residues of the patch (blue) overlap exactly (green)
where the DNA molecule (pink) docks against the
protein. For each protein in our dataset we
measured the percentage of the overlap between
the two largest clefts and the largest positive
patch. The percent overlap was found to be significantly higher among the dsDNA-binding data set
(55(^ 25)%) as compared to the non-NA-binding
data set (19(^ 17)%).
Amino acid frequency and composition
Due to the negatively charged nature of DNA,
charged and polar amino acid residues are most

Lewis and Rees proposed that a greater surface
area allows more possibilities for van der Waals
contacts and therefore could be associated with
regions involved in ligand binding.46 Since van
der Waals contacts are common in protein– NA
interactions,47 we computed the average accessible
surface area per residue within the patch. We
found that the residues that participate in the NAbinding protein patches possess slightly larger
(although not statistically significantly larger) than
average surface areas (70(^ 14) Å2) compared to
patches of non-NA-binding proteins (61(^ 15) Å2).
This measurement is dependent on both the
amino acid composition within the patch and the
accessibility of the residues.
Hydrogen-bonding potential
Thornton and colleagues have shown that the
DNA – protein interfaces are dense in residues
with hydrogen-bonding capacity.31 Protein– NA
interfaces also contain more hydrogen bonds per
square angstrom than protein– protein interfaces.44
We calculated the total number of potential hydrogen bond donors or acceptors within our patches.
In agreement with the high concentration of hydro-

Figure 4. A colored representation of the protein surface of the Hha I methyltransferase (3mht). The residues
surrounding the largest cleft on the protein’s surface (as
defined by the program SURFNET48) are colored in
yellow and the residues involved in the positive electrostatic patch are colored in blue. The overlap region
between the patch and the cleft is colored in green.
Notice that the overlap region (green) plots exactly to
the DNA-binding site.
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Figure 5. Frequency of Lys in Lysoff redefined patches for the dsDNA-binding (black) and non-NA-binding (gray)
sets.

common in protein –DNA interactions.44 To
examine whether the positively charged patches
of DNA-binding proteins and non-NA-binding
protein differ in the frequencies of polar residues,
we analyzed the sequence composition of the Lysoff
redefined patches in both the dsDNA and non-NA
data sets. As expected, there was a larger number
of polar and arginine residues within the dsDNAbinding Lysoff patches (26(^ 19) residues)
compared to non-NA-binding patches (11.5(^ 9)
residues), however, the differences were not
significant. As shown in Figure 5, a distinguishing
feature between the two data sets was the high
number of (uncharged) lysine residues retained in
the patches. On average Lysoff-dsDNA-binding
patches had 8.5(^ 14) lysine residues while nonNA-binding patches had 2.5(^ 3).
Sequence conservation
Sequence conservation is generally high among
protein functional sites.12,49 – 51 We therefore
examined to what extent the residues that compose
the patch are preserved among other proteins in
the family. Functional sites involved in DNA binding are expected to show some degree of sequence
variability in order to bind specifically to unique
DNA sequences. Recently, Luscombe and
Thornton showed that, based on a data set of 21

DNA-binding protein families, protein residues
that are in contact with the DNA are usually better
conserved than the rest of the protein surface.52
We extracted for each protein in our dataset a
sequence alignment of closely related proteins
using PSI-BLAST version 2.1.1.53 To reduce redundancy, sequences with more than 90% identity
were eliminated. In addition, in order to restrict
the alignment to proteins with similar function,
we only included sequences with at least 35%
identity. When we calculated the average conservation of all patch residues based on the sequence
variation entropy,
X
Pai log Pai
2
a

(where Pai is the probability (observed frequency)
of amino acid type a (a, represents the 20 different
amino acids) in column i in the alignment), we
found that in both DNA-binding proteins and
non-NA-binding proteins the positive electrostatic
patches are generally less variable (more conserved) than the rest of the surface residues. In the
next step we concentrated on the positively
charged and aromatic residues in the defined electrostatic patch that are likely to be involved in NA
binding. Each of the positive and aromatic residues
in the patch was characterized by two criteria: (1)
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Figure 6. Percent of residues in
the electrostatic patches that were
conserved at the property level (a)
positive charge (b) aromaticity, in
dsDNA-binding proteins (black)
and
non-NA-binding
proteins
(gray). A residue was considered
conserved at the property level if
.75% of the sequences in the MSA
retained the same property as in
the representative structure. The
y-axis describes the frequency of
proteins in the dataset that yielded
these fractions of conserved residues in their electrostatic patches.

whether the specific amino acid is retained along
the alignment, (2) whether the general property of
the residue is retained. Residues were considered
to be “conserved” when more than 75% of the
residues in an aligned column contained the
amino acid type as in the patch (e.g. arginine).
“Conservation of property” required only that the
general property of the amino acid (e.g. positive
charge) is retained in more than 75% of the
sequences. The electrostatic patch was further
characterized by the percent of the residues in the
patch that were conserved at both the amino acid
and property level.
Figure 6 shows histograms of the percent of
conserved positive and aromatic residues in the
electrostatic patches. As can be seen by the shift of
the histograms of the dsDNA-binding proteins to
the right relative to the non-NA-binding proteins,
the electrostatic patches of the dsDNA-binding
proteins have a higher percentage of aromatic and
positive residues that are conserved at the property
level. At the residue level, we only found a distinguishable (but not statistically significant) difference between the percent of conserved arginine in

patches of dsDNA-binding proteins (60(^ 20)%
arginine residues conserved in patch) compared to
other non-NA-binding protein patches (39(^ 35)%
arginine residues conserved in patch).
Predicting DNA-binding proteins
As summarized in Table 2, most of the
sequence/structure patch features discussed
above show distinguishable differences between
dsDNA-binding proteins and non-NA-binding
proteins. When considered alone, these parameters
are not sufficient to discriminate between the two
groups of proteins. In order to examine the
cumulative effect of the observed trends, we used
the 12 parameters to train an NN to predict
dsDNA versus non-NA-binding proteins. The
NN uses a standard feedforward, error backpropagation algorithm with two-layer architecture
containing three hidden nodes in the first layer
and a single output node (see Materials and
Methods). The output of the NN gives the probability that a given structure is a dsDNA-binding
protein.
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Table 2. Summary of 12 features analyzed for dsDNA-binding proteins and non-NA-binding proteins
Feature studied
Molecular weight/residue
Patch size (surface points)
Percent helix in patch
Average surface area/res
Hydrogen-bonding potential—average number of donors
Hydrogen-bonding potential—average number of acceptors
Percent patch/cleft overlap
Number of lysine isostere in Lysoff patches
Number of polar residues in Lysoff patches
Percent of conserved arginine residues
Percent of conserved positive residues
Percent of conserved aromatic residues

One-by-one (jackknife) testing
To cross-validate our results and to prevent over
training, a total of 304 NNs were trained and
tested, one for each member of the dsDNA and
the non-NA data sets. Each member of the data
sets was withheld from the training set in turn for
testing. The distribution of the NN predicted
values for the DNA-binding proteins and the nonNA-binding-proteins are shown in Figure 7(a). At
the threshold of 0.5 the NN correctly classified 44
out of 54 dsDNA-binding proteins (81%) and 236
out of 250 non-NA-binding proteins (94%). Of the
ten
dsDNA-binding
proteins
predicted
erroneously to be non-NA-binding proteins, seven
had enzymatic activity (six belonging to the
enzyme group and two to the HTH group). The
three other dsDNA-binding proteins we missed
were the Trp repressor (1trr), the Papillomavirus
E2 protein (2bop) and the hyperthermophile
chromosomal protein Sso7d (1bf4). Since the
majority of the NN errors were enzymes, we
decided to train a separate NN on the 34 proteins
that do not have enzymatic activity. A crossvalidation test was performed on the reduced data
set; the results are shown in Figure 7(b) and are
summarized in Table 5. Though at 0.5 cutoff, the
number of false negatives is still high, from Figure
7(b) we can see that eliminating the enzymes from
our data results in a much better separation
between the DNA set and the non-NA set. At a
cutoff of 0.26 where we obtain the optimal separation between the DNA and non-NA sets, only
two out of 34 DNA-binding proteins are predicted
to not bind DNA (94% were predicted correctly)
and 232 out of the 250 non-NA-binding proteins
are predicted correctly as non-NA-binding (93%).
Based on the number of correctly predicted
dsDNA-binding and non-NA-binding proteins the
correlation coefficient54 value was calculated:
ðTP £ TNÞ 2 ðFN £ FPÞ
C ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðTN þ FNÞðTN þ FPÞðTP þ FNÞðTP þ FPÞ
TP and FP are the number of true and false
positives, respectively, while TN and FN are the
number of true and false negatives, respectively. C
ranges from 2 1 to 1, with C ¼ 1 for a perfect

dsDNA-binding proteins

Non-NA-binding proteins

115 ^ 3
637 ^ 436
43 ^ 19
70 ^ 14
20 ^ 12
25 ^ 15
55 ^ 25
8.5 ^ 14
26 ^ 19
60 ^ 20
54 ^ 25
66 ^ 32

111 ^ 4
243 ^ 222
32 ^ 24
61 ^ 15
8^7
8^7
19 ^ 17
2.5 ^ 3
11.5 ^ 9
39 ^ 35
35 ^ 36
56 ^ 39

prediction, C ¼ 0 for a random prediction, and
C ¼ 2 1 for an incorrect (opposite) prediction. The
correlation coefficient for the full 54 DNA-binding
protein set was C ¼ 0.74.
Binding motif independence testing
Though the 54 DNA-binding proteins tested
above represent different structural families,
within the structural groups they still share common binding motifs (e.g. HTH) and thus they
could have common structural properties.55,56 In
some cases, the proteins in the same structural
group also belong to the same SCOP family (e.g.
the engrailed homeodomain (2hdd) and the Hin
recombinase (1hcr)). In order to be confident that
our NN predictions are not a result of having
several proteins sharing the same binding motif
within our data set, we tested whether the favorable results are at all influenced by redundancy.
Since there is a limited number of known binding
motifs used by DNA-binding proteins for generating a non-redundant motif set we withheld, in
turn, all members of a particular structural group
(motif) and then trained on the remaining proteins
from all other groups. We then tested each member
of the family on the trained NN in which that
group was completely withheld. (An analogous
experiment would be used to predict the function
of novel proteins for which neither sequence nor
fold similarity are available. A robust predictor
should be capable of this.)
The motif test showed very similar results to our
original jacknife (one-by-one) test, indicating that
our method does not rely on having a related protein sharing a similar motif in the training set for
its prediction. Table 3 summarizes the NN predictions for the different binding motifs using the
motif test and the jackknife test. As shown, even
when the most common motif (the HTH) was
withheld, the NN still correctly identified 10 of 16
proteins (three of the six proteins missed are again
enzymes). This is compared to 13 of 16 proteins
correctly predicted in the jackknife test.
The only protein group in which we misclassified 50% of the proteins is the enzyme group.
(This group also performed poorly in the jackknife

Prediction of Nucleic-acid Binding Function

1073

Figure 7. Percentage of the data set for DNA-binding (black bars) and non-NA-binding (grey bars) proteins versus
their predicted value from the neural net: (a) training and testing on all 54 DNA-binding proteins, (b) training and testing on 34 DNA-binding proteins not including enzymes.

test.) Among the enzymes misclassified are the glycosylases, which typically have negative patches
associated with their active sites. It is not difficult
to imagine how this would confound our patch
analysis. Since other enzymes as well as proteins
from the “other” group were also misclassified in

both the cross-validation and motif test, we assume
that they possess different structural properties
from other transcription factors. In order to be
able to predict the enzyme group correctly it will
be necessary to train a separate NN on enzyme
proteins only. This will be achievable once more
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Table 3. A summary of the NN predictions for independent binding motifs
Binding motif
HTH
Zinc-finger
Zipper-type
Other a
b-Sheet and b-ribbon
Other
Enzymes

Motif test

Generic test

10/16
4/4
2/2
6/7
6/7
2/2
8/16

13/16
4/4
2/2
6/7
6/7
2/2
11/16

Numbers represent the number of proteins in a specific motif
group that were correctly predicted over the total number of
proteins within that particular motif group.

DNA-binding enzymes are solved. The overall
ability to predict motifs and folds withheld from
training proves that the success of our NN predictions does not rely on having several proteins
from the same binding motif in our training set.
These results also bode well for the ability of our
method to detect a novel fold in a real structural
genomics setting.
Neural net validation
To better understand which features were most
important for distinguishing dsDNA-binding proteins from non-NA-binding proteins, we tested
what parameters were most sensitive in terms of
NN performance. The NN analysis was repeated
12 times, eliminating one input parameter (e.g.
patch size) at a time. Again, the NN was tested
using the cross-validation scheme described
above. Based on the overall performance of the
NN, when eliminating the individual parameters,
we found that the most relevant inputs within the
NN are (in order of importance): (1) surface area
per residue, (2) the percentage overlap between
the cleft and the patch, (3) molecular weight per
residue within the patch, (4) the number of lysine
residues retained in a Lysoff patch, (5) the overall
patch size, (6) sequence conservation of positive
charges within the patch and (7) the number of
hydrogen bond acceptors in the patch. Although
other inputs, such as the secondary structure of
patch residues, were not as relevant, when we
tried to eliminate them, the overall prediction performance decreased and therefore they were
retained.
In order to compare our results against another
predictive technique, we also tested the ability of
a generalized linear model (GLM) to predict the
probability that a structure is an NA-binding protein. A GLM, like an NN, is used to describe the
relation among variables (parameters) and possibly
predict the response (outcome). Unlike NNs, GLM
models possess no hidden layers and therefore
can be easier to interpret.57 By applying the GLM,
using the log-odds “logit” link function, our prediction results were slightly lower than the NN
predictions, correctly classifying 72% of the

dsDNA and 96% for the non-NA-binding sets
(C ¼ 0.70). As for the NN analysis we repeated the
GLM analysis 12 times, eliminating each of the 12
parameters in turn. We again found that the overall
prediction performance of the GLM was most sensitive to removal of the following features: surface
area per residue, the number of lysine residues
retained in a Lysoff patch, the overall patch size,
and the molecular weight per residue within the
patch. In general, the performance of the GLM
was much less sensitive than the NN to removing
inputs. However when we tried to take out more
than one parameter, reducing the input set to ten,
the performance of the GLM was severely reduced.
Overall, the similarity of the GLM results to the
NN results and the high prediction accuracy of
the GLM imply that the parameters chosen for
this analysis are well suited to the data.
Large-patched non-NA-binding proteins
While the overall ability of the NN and GLM to
predict dsDNA-binding function was encouraging,
we would expect the most difficult challenge to
come from proteins that have large, positively
charged patches but that do not bind NA. We
therefore examined the predictive outputs of the
NN on a subset of non-NA proteins with large,
positively charged patches. The non-NA-binding
proteins with large positive patches are shown
within the rectangle in Figure 2. Among this subset
are oxidoreductases, transferases, electron transport and hydrolases. The average number of
positive surface points in the non-NA-binding
proteins subset (including 54 proteins) was
591(^ 215), which is comparable to the average
number of surface points in the dsDNA-binding
patches (637(^ 476)). The overall electrostatic
potential of the patches in these two data sets was
also very similar, with a slightly higher average
potential median of 12.0(^ 1.8) in the non-NA subset versus 11.5(^ 1.2) in the DNA set.
Although both the DNA set and the non-NA
subset had similar patch sizes, using the full range
of parameters, the NN was able to accurately
identify 44 of the 54 large-patched non-NA-binding proteins as non-NA-binding proteins. Similar
results were obtained with the GLM (see results
summary in Table 5). These results again suggest
that we are analyzing important structural and
sequence features of the patches that are unique to
dsDNA-binding proteins.
Detecting unbound NA-binding proteins
In an actual structural genomics application, if
the tested protein has an unknown function, its
three-dimensional structure would most likely be
solved without its NA ligand. Since many DNAbinding proteins have been shown to undergo
conformational changes upon NA binding
(summarized by Nadassy et al.44), our predictions
on the protein components of protein/DNA
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Table 4. A list of the unbound NA-binding proteins tested
PDB ID

Protein description

Protein classification

Resolution (Å)

1enh
1etc
1hcp
1tbp
2cro
2hts
1bix
1bm8
1c8z
1dm9
1h5p

Engrailed homeodomain
ETS domain
Estrogen receptor
TATA-binding protein
434 cro repressor
Heat shock protein
DNA repair endonuclease
Mbp1 protein
Tubby protein
Heat shock protein 15
Sp100B SAND domain

Homeodomain
Winged helix
Zinc-finger
Beta ribbon
HTH
HTH variant
Enzyme
Winged helix novel
Novel
Novel RNA binding
Novel

2.1
NMR
NMR
2.6
2.3
2.2
2.2
1.7
1.9
2.0
NMR

complexes could be misleading. To test for this, we
constructed a representative data set of protein
structures that are known to bind double-stranded
NAs, but that were solved in a free (unbound)
state (ubNA). The data set, shown in Table 4, contained a representative protein for each of the common binding motifs (excluding the zipper type
group for which there was no complete structure
available), one enzyme, and three proteins with
novel-binding motifs. Selected NMR structures
were also included.
We then trained the NN with the original
dsDNA-binding protein data set (composed of proteins from protein– DNA complexes). Since some
of the proteins in our ubNA set had closely related
proteins in the training set, for each unbound protein tested, we withheld from the training set all
homologs. We also tested the ability to predict the
unbound proteins when we withheld from the
training set all proteins belonging to the same
motif family (similar to the motif test described
above). This test was done only for proteins that
had a known binding motif.
Overall, when testing on the ubNA protein data
set using either the NN or the GLM, we correctly
predicted ten out of 11 unbound proteins. The
only protein mispredicted is the DNA repair endonuclease (1bix). Among the proteins that we
predict correctly are three proteins that have
novel-binding motifs. One protein (1dm9) was
solved as part of the structural genomics initiative
and is classified in the PDB as a hypothetical
protein. For comparison, when we ran a BLAST53
search on each of these three proteins, we did not
detect any known DNA-binding proteins among
the significant hits. The NN and GLM results

suggest that although the DNA-binding proteins
can undergo conformational changes upon binding, the overall electrostatic patch properties of the
proteins in the free state are similar enough to the
properties of the protein in the bound conformation. In addition, this experiment shows that
our method is also capable of correctly classifying
novel proteins as well as NMR structures. Based
on these encouraging results, we believe that this
methodology has the potential to predict novel
structures resulting from the structural genomic
project. In the future it may even be possible to
predict the NA-binding function of low-resolution
structures generated from predicted models.

Conclusions
The positive electrostatic patches of NA-binding
proteins appear to have unique properties that
allow one to discriminate them from other proteins
that are not involved in DNA binding, specifically
those with similar, large, positively charged
patches. These properties include molecular
weight per residue, patch size, percent a-helix in
patch, average surface area per residue, number of
residues with hydrogen-bonding capacity, percent
of patch and cleft overlap, number of lysine and
polar isosteres in Lysoff patches, and percent of conserved positive and aromatic residues in the patch.
A summary of the properties and their values for
both the dsDNA-binding and non-NA-binding
proteins is given in Table 2.
Although each one of these properties individually was not sufficient for predicting whether
a certain protein is a DNA-binding protein or not,

Table 5. Summary of the NN and GLM predictions for the different testing sets (based on 0.5 threshold)
Neural network (NN)

Generalized linear model (GLM)

Test set

TP

TN

FN

FP

C

TP

TN

FN

FP

C

All protein
All proteins–no enzymes
Large patch

44
27
44

236
232
44

10
7
10

14
18
10

0.74
0.64
0.63

39
25
39

239
243
46

15
9
15

11
7
8

0.70
0.72
0.67

TP, true positive; TN, true negative; FN, false negative; FP, false positive; C, correlation coefficient.
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in combination they were used successfully to train
an NN as well as a GLM to discriminate the
dsDNA-binding proteins from other non-NA-binding proteins, including a subset of non-NA-binding
proteins that have large positive electrostatic
patches usually characteristic of NA-binding proteins. The method is also able to detect proteins
with novel-binding motifs, which were never seen
by the NN or the GLM. Moreover, we found that
it is possible to classify NA-binding proteins that
were solved in a free state, implying that these
properties are intrinsic properties of the proteins
and they are not just a result of the NA binding.
These results are summarized in Table 5.
As a new step, we envision refining this method
to make more detailed predictions on a protein’s
function. For example, it would be useful to know
whether or not a protein is a transcription factor,
does a given protein bind to single or doublestranded NA. Our preliminary (unpublished)
results indicate that the features of single-stranded
RNA and DNA-binding proteins are subtly
different and that it is possible, at some level, to
discriminate between single and double-stranded
NA-binding proteins.
Electrostatic patch analysis as implemented here,
may also be useful for classifying other types of
proteins. We have reported that O-glycosidases,
which are known to possess negatively charged
electrostatic surfaces, may be identified using
similar methods.26 We propose that classification
of protein properties based on their common structural and sequence features could eventually lead
to an automated function assignment for many
other protein families. Eventually, it may be
possible to combine multiple classification schemes
in order to improve overall function predictions of
novel protein structures resulting from the Protein
Structure Initiative.

Materials and Methods
Data set construction and calculations
The DNA-binding protein data set used here was constructed based on the protein– DNA complex classification of Luscombe et al.42 The coordinate files for the
representative proteins of each structural family (based
on resolution and available sequence alignment) were
obtained from the nucleic acid database (NDB).58 All
NAs were removed and only single protein chains per
complex were considered for calculations. No two proteins in the data set shared more than 35% sequence
identity. Overall, 54 protein chains classified to eight
structural groups were included (Table 1). All proteins
in the dsDNA set were solved by X-ray crystallography
with a resolution of better than 3.0 Å. Please see
Luscombe et al.42 for more detailed information about
the proteins in this data set. The unbound set (ubNA)
included 11 DNA-binding proteins solved in free state
(Table 4). Among this set we also included three NMR
structures.
The non-NA-binding protein data set was constructed
from Hobohm and Sander’s59 “pdb select” list of pro-
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teins, excluding all proteins that could be involved in
binding NAs. The data set was further cleaned excluding
sequences with more than 25%. Here we used a more
stringent sequence identity cutoff than in the dsDNAbinding set to compensate for the size of the data sets.
Overall the non-NA-binding set included 250 proteins.
The large, positive-patched non-NA-binding proteins
were a subset of the non-NA-binding proteins, and
included proteins that possessed an average patch size
comparable to that of the DNA-binding data set. The
list of 250 non-NA-binding proteins, including the 54 largest positive patches proteins is shown here: 1gnd, 1php,
1lki, 1mrp, 1mai, 1a8e, 1czj, 1a53, 1br9, 1ppn, 1pbv, 1fit,
1bdb, 1lid, 1rcb, 1cot, 1csh, 1a8p, 1atg, 1bg2, 1fmk,
1ndh, 1csn, 1nsj, 1oyc, 1lfo, 1ciy, 1gky, 1opr, 1axn, 1fds,
1drw, 1ido, 1frb, 1lam, 1pda, 1cpt, 1fnc, 1hcz, 1ayl, 1uae,
1a6o, 1gox, 1oaa, 1a7s, 1hcl, 1a17, 1pbe, 1skf, 1a53, 1af7,
1aj2, 153l, 1a1x, 1a44, 1a48, 1a6m, 1a6q, 1a8l, 1a8p, 1a8y,
1aac, 1abe, 1ac5, 1aew, 1ah7, 1aho, 1air, 1ajj, 1al3, 1alu,
1aly, 1amf, 1amk, 1amm, 1amp, 1amx, 1aoa, 1aol, 1aqb,
1arb, 1aru, 1ash, 1ass, 1at0, 1atg, 1auk, 1av4, 1az9, 1b0b,
1b5l, 1b6a, 1ba3, 1bb9, 1bd8, 1bdo, 1bea, 1beo, 1bfd,
1bg6, 1bgc, 1bhe, 1bhp, 1bj7, 1bk0, 1bob, 1bpi, 1bqk,
1bs9, 1btn, 1bv1, 1bx7, 1byb, 1c52, 1ca1, 1cec, 1cem,
1cfb, 1chd, 1clc, 1cnv, 1cpo, 1cpq, 1ctj, 1ctt, 1cv8, 1cvl,
1cyo, 1czj, 1ddt, 1dfx, 1dhn, 1dhr, 1din, 1doi, 1dpe,
1dun, 1dxy, 1eaf, 1ecy, 1edg, 1esc, 1eur, 1ezm, 1fce, 1fkj,
1fua, 1fus, 1g3p, 1gai, 1gca, 1gen, 1gof, 1gpr, 1gsa,
1gym, 1hfc, 1hka, 1hoe, 1hpm, 1htp, 1hxn, 1hyp, 1iae,
1ifc, 1inp, 1iov, 1jdw, 1jer, 1klo, 1koe, 1kpf, 1kte, 1kuh,
1lbu, 1lcl, 1led, 1lit, 1lki, 1lst, 1ltm, 1mai, 1mat, 1maz,
1mba, 1mla, 1moq, 1mpp, 1mrp, 1msk, 1mup, 1nar,
1neu, 1nfp, 1ng1, 1nif, 1nkr, 1nls, 1nnc, 1nox, 1npk,
1obr, 1ops, 1opy, 1osa, 1pbe, 1pbv, 1pdo, 1pea, 1pgs,
1phd, 1phk, 1phm, 1php, 1phr, 1pht, 1plc, 1pmi, 1pne,
1poa, 1poc, 1pot, 1prn, 1ptf, 1puc, 1ra9, 1rb9, 1rcb, 1rcy,
1rec, 1rfs, 1rh4, 1rhs, 1rie, 1rkd, 1rmg, 1rsy, 1rzl, 1sbp,
1sek, 1sfp, 1skf, 1smd, 1sra, 1svb, 1svy, 1tca, 1tde, 1ten,
1tfe, 1thv, 1tml, 1tmy, 1tn3, 1ton, 1try, 1tul, 1uch, 1uok,
1ush, 1utg, 1vls.

Patch calculations
The University of Houston Brownian Dynamics package, UHBD,43 was used for all electrostatics calculations.
Hydrogen atoms were added with the HBPLUS
program.60 The OPLS61 parameter set was used to assign
partial atomic charges and atomic radii. Probe radii of
1.4 Å and 2.0 Å were used to define the molecular surface and the Stern layer, respectively. The temperature
was set to 298 K and the ionic strength to 150 mM.
Dielectric constants for the protein and solvent were 2.0
and 80.0, respectively. A grid of 65 £ 65 £ 65 with
spacing of 2.0 Å centered at the same point for all proteins was used in all UHBD calculations, in all cases
boundary smoothing was applied.
Continuum electrostatic patches were assigned by
looking for adjacent surface points that met a given cutoff potential using an in-house program, PatchFinder,
based on UHBD output. At first, protein surface points
were determined by the UCSF MidasPlus software
package.62 The electrostatic grid points (extracted from
the UHBD) were classified as either surface or non-surface points according to their proximity to the molecular
surface. The non-surface points were ignored, creating a
continuous surface of grid points. Adjoining surface
grid points meeting a potential cutoff $ þ 2kT were
grouped to define the positive patches. Patch sizes were
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defined according to the number of surface points within
the patch. The biggest patch among all positive surface
patches in a given protein was chosen to represent the
protein.
Structural calculations
Secondary structure assignments were made with the
DSSP program.63 Accessible surface area was calculated
by using the method of Lee & Richards64 as implemented
in the program CALC-SURFACE65 with a default probe
radius of 1.4 Å. For molecular surface, the program
DMS under the UCSF MidasPlus software package62
was used.
The program SURFNET48 was used to identify protein
clefts. Residues were defined as interface residues if the
accessible surface area of the residue decreased by at
least 1 Å2 when the NA coordinates were added back to
the structure analysis.
Conservation analysis
For each of the protein structures in our data sets, we
created a sequence-based multiple alignment (MSA).
PSI-BLAST version 2.1.153 was used to search the nonredundant (nr) protein sequence database and generate
an MSA from significantly similar sequences. For each
protein, we ran ten iterations of PSI-BLAST with an
E-value threshold of 0.001. To reduce redundancy,
sequences with more than 90% identity were eliminated
from the MSAs. Furthermore, to ensure that all
sequences in the MSA are likely to be structurally
related, we included only sequences with more than
35% identity. The overall sequence variation of the
patch residues was calculated based on the sequence
variation entropy measure. Specific conservation was
calculated only for positive and aromatic residues in the
electrostatic patch. Columns, in which at least 75% of
the residues were identical to the amino acid in the
representative sequence, were assigned as a position
with conserved identity. Conservation of amino acid
property (positive and aromatic) was assigned when at
least 75% of the residues in the column shared the same
property as the amino acid in the representative structure. All gaps in the alignments were penalized as zero
identity. For each amino acid type, the normalized frequency of conserved residues in the patch was analyzed.
Neural network architecture
The NevProp 4 Neural Network package66 was used
for prediction. This package is freely available†. The network used for all predictions had a two-layer architecture with three hidden nodes in the first layer, and a
single output. In each hidden unit, the logistic transformation was carried out on the sum of its inputs. Training
was performed with a standard feedforward, error backpropagation algorithm. The AutoTrain function was
used to prevent over-training. This function attempted
to generalize to future data by withholding 50% of the
data set at a time and testing on the remaining 50%
(also called a “split”). A total of five splits were used. In
each split, the mean error criterion is found. NevProp
was then retrained with all data without exceeding the
mean error criterion reached from any of the splits. The
† http://brain.unr.edu/FILES_PHP/show_papers.php

cross-validation scheme (jackknife) used was to train on
all but one of the examples. The remaining example was
then tested on the trained NN. The cross-validation test
was done for each protein in the data sets (54 times for
dsDNA proteins and 250 for non-NA-binding proteins).
The inputs used to train the NN are shown in Table 2.
The target value for true and false examples was set at 1
and 0, respectively. A threshold of 0.5 was used to evaluate whether the proteins were predicted correctly. In
cases where conservation data were not available since
the proteins do not share homology with other proteins
in the data, the average conservation values for the
given data set was used instead. The relevance for the
different inputs was evaluated by repeating the full NN
analysis 12 times, each time eliminating one of the input
parameters. To rank the importance of each input parameter, for each of the 12 analyses, we calculated the correlation coefficient54 values (C) and compared them to
the original C-value calculated for the generic NN.
Generalized linear model (GLM)
NevProp4 was also used to perform the GLM calculations. A generalized linear model is a regression function that is represented by the following equation:
RGLM ðYlXÞ ¼ gðXbÞ
where b is a vector list of weights, Y a vector list of predicted variables, X a vector list of descriptor variables
and g a link function.66 In this analysis, the log odds
“logit” function was used for the link function. The
same inputs used for the NN were also used for the
GLM. A similar cross-validation scheme to the one
described for the NN was used for the GLM.
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