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Abstract The development of computational tools for the prediction of protein
function from the three-dimensional structure is a very important problem in the
post-genomic era. To date there are over 9,900 structural genomics protein structures
in the Protein Data Bank and most of these are of unknown or uncertain function.
Methods for the identification of the residues in a protein structure that participate in
the biochemical function provide key information about the function of the protein.
We and others have developed computational methods for the prediction of function-
ally important residues in proteins. The focus of this chapter is on protein function
at the atomic level, i.e. catalysis and recognition. Methods that utilize computed
electrostatic properties, specifically THEMATICS and POOL, are described.

Introduction

The development of computational tools for the prediction of protein function from
the three-dimensional structure is a very important problem in the post-genomic era.
To date there are over 9,900 structural genomics protein structures in the Protein
Data Bank [1–2] and most of these are of unknown or uncertain function. Methods
for the identification of the residues in a protein structure that participate in the
biochemical function provide key information about the function of the protein. We
and others have developed computational methods for the prediction of functionally
important residues in proteins. The focus of this chapter is on protein function at the
atomic level, i.e. catalysis and recognition, and on methods that utilize computed
electrostatic properties.

Computed electrostatic properties bring special advantages to the quest for func-
tional information about a protein structure. First of all, they require only the
structure of the query protein as input. Thus they return predictions even for novel
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folds and engineered structures, as well as for proteins with orphan sequences or
with few sequence homologues. Furthermore, these predictions are just as reli-
able for these difficult cases as they are for the well-characterized proteins in the
benchmark sets used for the testing and verification of the methods. Second, these
properties are directly related to the chemistry of individual residues and thus
are well suited to the identification of residues with special catalytic or binding
properties. Finally, electrostatics-based methods are orthogonal to the more com-
mon sequence-based methods that rely on sequence alignments and phylogenetic
trees; thus, when information about sequence conservation or evolutionary history
is available, combination of the methods can, at least in principle, lead to significant
enhancement in the quality of the predictions. Indeed, electrostatics-based methods
have proved to be powerful tools for functional site prediction.

In the prediction of functionally important residues, there is always a trade-off
between sensitivity (the ability to predict the maximum number of truly important
residues) and selectivity (the ability to predict only the truly important residues and
not the unimportant residues). The goal is to maximize sensitivity while minimizing
false positives.

In order to test the performance of predictors of functionally important residues,
an annotated dataset is needed as a benchmark. Typically the Catalytic Site Atlas
(CSA) [3–4], a referenced compilation of catalytically active residues previously
identified in the literature for hundreds of enzymes, is used to obtain the validation
set for functional site prediction methods. While no listing of catalytically active
residues can possibly be complete, as not all residues have been tested experimen-
tally and reported, the CSA represents the best available compilation of known
catalytic residues.

Performance in catalytic residue prediction is defined in terms of true positives
(TP), true negatives (TN), false positives (FP), and false negatives (FN). Positives
and negatives are defined using the CSA as the reference set. The recall rate for
catalytic residue prediction is defined as:

Recall = Sensitivity = TP/(TP + FN) (1)

The false positive rate is defined as:

False positive rate = FP/(TN + FP) (2)

Finally the specificity is defined as:

Specificity = TN/(TN + FP) (3)

The specificity is related to the false positive rate (FPR) as:

Specificity = 1 − FPR (4)

Previously our group has reported on THEMATICS (for Theoretical Microscopic
Titration Curves), an electrostatics-based method for the prediction of functionally
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important residues in protein 3D structures [5–7]. THEMATICS has been shown to
predict functionally important residues with good sensitivity and a low false posi-
tive rate [7]. More recently, Partial Order Optimum Likelihood (POOL) [8] utilizes
THEMATICS and other input features in a new, monotonicity-constrained maxi-
mum likelihood machine learning method, for enhanced performance in prediction
of catalytic and binding residues.

Methods

THEMATICS

In the application of THEMATICS, the electrical potential function of the protein
structure is first computed using a finite difference Poisson-Boltzmann procedure.
Then a hybrid method [9] is used to compute theoretical titration curves for each
of the ionizable residues. These titration curves take the form of the proton occu-
pation for each residue as a function of the pH. The shapes of the titration curves
are evaluated by an automated procedure, using the curve shape metrics described
by Ko et al. [6] to quantify the degree of deviation from the typical Henderson-
Hasselbalch (H-H) titration behavior. These curve shape metrics are subjected to
statistical analysis in order to identify the residues that deviate most from the ideal
H-H curve shape. Note that THEMATICS predictions are based on the shapes
of the computed titration curves and not on the computed pKa shifts, although
THEMATICS has sometimes been described incorrectly as a pKa shift method
[10]. While pKa shifts are common in active sites, they also occur too frequently
in other parts of protein structures, e.g. salt bridges, to give precise active site
predictions.

THEMATICS has been established as a successful, top performing site predictor
across a wide range of enzymes from all functional classes [7]. In order to verify
its effectiveness in catalytic site prediction, THEMATICS was applied to the entire
original, manually curated set of 170 enzymes in the CSA [3–4]. THEMATICS
was shown to identify, with high selectivity, all or some of the residues in known
interaction sites in 93% of enzymes [7]. When performance in the prediction of
annotated catalytic residues was compared with that of other 3D-structure-based
methods, THEMATICS showed better sensitivity with much lower false positive
rates, as demonstrated by the ROC (Receiver Operator Characteristic – i.e. true pos-
itive rate versus false positive rate) curves [7]. A very important characteristic of
THEMATICS performance is its selectivity – it predicts precise, highly localized
sites [7].

A key feature of THEMATICS is that the query protein does not have to have
any similarity, in sequence or in structure, to any other protein. Originally function
prediction was based primarily on sequence analysis, although sequence similarity
does not always imply functional similarity [11–13]. Other methods use struc-
tural relationships in conjunction with sequence analysis [14–32] for improved
performance.
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There are presently a few approaches in addition to THEMATICS that are based
solely on the structure of the query protein and some of these also employ elec-
trostatic properties. Elcock [33] reported that likely functional residues could be
identified by their electrostatic folding free energies obtained from solution of the
Poisson-Boltzmann equations. Bate and Warwicker [34] later identified a point near
the active site using the peak of the electrostatic potential in the solvent space
above the protein structure. A graph theoretic approach predicts candidate active site
residues based on their closeness of interaction with the other residues in the struc-
ture [35]. Another method uses purely geometric features of the protein structure
[36]. More recently, ligand binding sites have been predicted through the compu-
tational identification of regions where interactions cause a large change in protein
conformation distribution [37]. Ligand binding sites can also be detected with the
mapping of small solvent-like molecules onto the protein surface, either experi-
mentally [38] or with the corresponding computational docking method [39]. The
method of Laurie and Jackson [40] is of this type, but uses only a single van der
Waals probe.

THEMATICS, which requires no sequence alignments, has been shown to match
performance, or even outperform, the best methods that predict functional sites
from sequence alignments and the 3D structure. However, it is important to note
that the performance of the methods that require a sequence alignment is expected
to degrade [24–25] when applied to Structural Genomics (SG) proteins that have
fewer, or less diverse, sequence homologues than the well studied proteins in the
verification sets. On the other hand, THEMATICS performance on SG proteins in
principle should match its performance on the verification set because it requires
only the 3D structure of the query protein and it treats all input structures in the
same fashion; it does not depend on any prior knowledge or relationships to other
proteins.

THEMATICS predictions are freely available via the pfweb server: http://pfweb.
chem.neu.edu/thematics/submit.html.

Users can either upload a protein structure file in pdb format, or alternatively give
the PDB ID for the structure of interest. THEMATICS calculations on the server
utilize the optimum statistical and distance cut-offs determined by Wei et al. [7];
these values return the highest Matthews Correlation Coefficient (MCC), as mea-
sured using the CSA annotations. The maximum MCC reflects a balance between
sensitivity and specificity. Results are returned to the user via e-mail. Results take
the form of one or more clusters.

For instance, for the dimer structure with PDB ID 2qe8, an uncharacterized struc-
tural genomics protein from Anabaena variabilis, THEMATICS returns two clusters
for each of the two subunits of the dimer, a seven-member cluster [D123, K246,
C249, D250, D293, D306, R342] and a one-member cluster [D202]. Only clusters
with two or more residues are considered predictive; thus the seven-member cluster
constitutes the functional site prediction and the single-member cluster [D202] is
not a part of the predicted active site.

http://pfweb.chem.neu.edu/thematics/submit.html
http://pfweb.chem.neu.edu/thematics/submit.html
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POOL

A new machine learning approach, called Partial Order Optimum Likelihood
(POOL) was designed [8] to make significant enhancements in site prediction capa-
bility. Originally POOL was applied using THEMATICS input features and later
was expanded to include other types of input features. In principle, POOL can use
any input feature, provided the probability of the functional importance of residues
depends monotonically on that feature.

POOL, a multidimensional, monotonicity-constrained maximum likelihood tech-
nique, starts with the hypothesis that the larger the THEMATICS metrics for a
given residue, the higher the probability that the residue is important for function.
These features consist of two computed properties, called μ3 and μ4 [6], of ioniz-
able residues that describe titration curve shape. Extension of the POOL method to
include predictions of non-ionizable residues is achieved through the introduction
of environment variables. While THEMATICS features apply only to the ionizable
residues (Arg, Asp, CysH, Glu, His, Lys, Tyr, and the N- and C- termini), the envi-
ronment variables μ3

env and μ4
env measure the magnitude of the THEMATICS

features of the ionizable residues that are spatially close to the residue in ques-
tion. Note that μ3

env and μ4
env are properties of all residues, not just ionizable

residues. Thus the THEMATICS input feature for POOL is the four-dimensional
vector (μ3, μ4, μ3

env, μ4
env) for the seven residue types that are ionizable and the

two-dimensional vector (μ3
env, μ4

env) for all of the non-ionizable residue types.
This extension to include non-ionizable residues results in even better performance
than with the original THEMATICS features alone and constitutes to date the best
functional site predictor based on 3D structure only, achieving performance that
is as good or nearly as good as methods that use both 3D structure and sequence
alignment data [8].

It is interesting to note that the THEMATICS features μ3 and μ4 are derived
from a function that is related to the binding capacity [41] for protons; μ3 and μ4
are also related to the coefficients in the proton binding polynomial [42].

These electrostatics features from THEMATICS are combined with multidimen-
sional isotonic regression to form maximum likelihood estimates of probabilities
that specific residues belong to an active site. This allows likelihood ranking of all
ionizable residues in a given protein based on THEMATICS features. The corre-
sponding ROC curves and statistical significance tests demonstrate that this method
outperforms prior THEMATICS based methods, which in turn have been shown pre-
viously [7] to outperform other 3D-structure based methods for identifying active
site residues.

POOL generates a value for each residue that is proportional to the probability
that the residue is functionally important. One of the advantages of POOL is that
it can incorporate any residue-based input feature upon which the probability of
functional importance depends monotonically.

One such feature is the cleft size rank, an integer that represents the ordinal
size of the surface cleft to which a given residue belongs. Previous studies have
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shown that active site residues tend to be located in one of the largest clefts in a
protein structure [43–45]. Indeed it has been reported that in 83% of single-chain
enzymes, the active site is located in the largest cleft [44]. Nearly all active sites
are principally located in one of the five largest clefts of a protein structure, with
the largest cleft containing the active site for the highest fraction of enzymes and
with the fractions decreasing as the size rank progresses to smaller clefts [46]. The
cleft size rank is a geometric feature that can be quickly computed for each residue
in any protein structure. Although the cleft size rank alone does not perform very
well for active residue prediction, its inclusion as input to POOL, as an addition
to the THEMATICS input features, does lead to small but statistically significant
improvement in site prediction performance [8].

Similarly, POOL easily incorporates sequence conservation scores, for those
cases where there are a sufficient number of homologues. When this information
is included, the resulting method has been shown to outperform the best methods
that use any combination of sequence alignments and 3D structures [8]. It is further
demonstrated that when THEMATICS features, cleft size rank, and alignment-based
conservation scores are used individually or in combination, THEMATICS features
represent the single most important component of such classifiers [8]. The POOL
method we have developed is general and is a viable machine learning approach to
any problem where a predicted outcome depends monotonically on each of the input
variables. Most importantly, POOL is a top-performing site predictor and it enables
THEMATICS to be used to predict all residues, not just the ionizable ones.

POOL output consists of a list of all residues, rank-ordered according to the
probability of functional importance. The top-ranking residues constitute the POOL
prediction. The cut-off point in the rank-ordered list may be set according to the
intended application. The cut-off value is generally set to select the top 5–8% of
all residues, as this returns good sensitivity with excellent specificity. A 5% false
positive rate, which corresponds to 95% specificity, returns a recall rate of 70%,
which is good enough to characterize a functional site. Full recall (100% sensitivity)
is achieved with only a 17% false positive rate. This performance compares quite
favorably with other methods, for instance INTREPID achieves 93% sensitivity with
a 20% false positive rate [28] on a similar test set. However, false positive rates in
the 17–20% range may be too high to be useful, as discussed below. We prefer to
work with a little lower sensitivity but much better specificity; this combination is
achievable with THEMATICS and POOL.

Discussion

What Is the Basis for the Success of THEMATICS?

As a standalone functional site predictor, THEMATICS has been shown to perform
very well [7]. Its performance was measured on the original, manually curated set
of 170 proteins in the Catalytic Site Atlas [3–4], where catalytic residues are labeled
based on experimental literature citations. The THEMATICS success rate was found



Electrostatic Properties for Protein Functional Site Prediction 189

to be equal to or better than that of other 3D-structure-based methods, but with better
precision and lower false positive rates [7]. This was all achieved with only one type
of input, namely the computed titration curve shape metrics.

We attribute the success of the method, in particular its ability to predict highly
localized, precise active sites, to its reliance on computed chemical properties.
Chemically active residues are predicted with information about their chemistry,
specifically their proton binding properties. While there is some error associated
with the titration curves computed by electrostatics methods, the statistical [6–7]
and machine learning [8] analyses on the curve shape metrics have proved to be
highly successful in selecting the outliers, i.e. those residues with titration curve
shapes that deviate most from typical Henderson-Hasselbalch behavior.

We have argued [47] that the anomalous titration behavior enables a residue,
in a large ensemble of protein molecules, to exist in both protonation states with
appreciable population over a wide pH range. This is in contrast to a typical
Henderson-Hasselbalch weak acid or base, which is protonated at pH values less
than the pKa and deprotonated at pH values greater than the pKa, with a very nar-
row pH range around the pKa where both protonation states are populated in an
ensemble of molecules. For the residues with anomalous titration behavior, this pH
range is expanded significantly. This type of non-Henderson-Hasselbalch titration
behavior is common for polyprotic acids and a protein is in fact a macromolecular
polyprotic system.

Furthermore, for an active site residue, this ability to have both protonation states
populated over a wider pH range is an advantage in catalysis [47]. First of all, by
definition of a catalyst, a catalytic Brønsted-Lowry acid or base must be able to
act as both acid and base because it must regenerate itself for the next turnover
cycle. Thus a residue that donates a proton as part of the catalytic mechanism must
also accept a proton before the end of each cycle. The anomalous titration behav-
ior also enables catalytic residues to have the correct mix of properties. Consider
for example one common first step in an enzyme-catalyzed reaction, the abstrac-
tion of a proton from an alpha carbon atom, a reaction that requires a strong base.
Suppose that the enzyme in question operates in vivo at pH 7. Suppose that the
conjugate acid of the catalytic base has a pKa of 13 and that it obeys the Henderson-
Hasselbalch equation. Such a base may not be strong enough to abstract a proton
from a carbon atom, but even if it were, it would not be able to react because at pH
7, it is essentially fully protonated. Only one in one million protein molecules in the
ensemble would have this residue deprotonated at pH 7. On the other hand, a base
with anomalous titration behavior can be a strong base and at the same time have
significant population of the deprotonated state at neutrality. Thus the anomalous
titration behavior helps to facilitate catalysis for active site residues.

It is our working hypothesis that nature builds enzyme active sites with clus-
ters of neighboring ionizable residues with similar pKa values, so that there is
strong interaction between their protonation events. This strong interaction gives
rise to anomalous titration curve shapes and promotes catalysis. The deviations in
the titration curve shape are measured by the features computed in a THEMATICS
analysis.
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The enhanced performance afforded by POOL using THEMATICS input features
only is attributed to the ability of POOL to extract more information from these fea-
tures than the earlier statistical and machine learning analyses; this leads to better
quality predictions of functionally important residues. First POOL was applied with
just THEMATICS features as input, using features similar to those used previously
by our Support Vector Machine (SVM) classifier [48] and by our statistical selec-
tion [6–7]. Tong et al. showed in 2009 [8] that the POOL analysis outperforms all
of these earlier THEMATICS analyses with no cleaning of the training data and no
clustering after the classification. This suggests that the underlying monotonicity
assumptions of POOL enable better use of the THEMATICS input metrics.

Another obvious reason for the success of POOL is its ability to predict all
residues, not just the ionizable residues. In the previous statistical versions of
THEMATICS, only seven types of residues are predicted: Arg, Asp, CysH, Glu, His,
Lys, and Tyr. The N- and C- termini are also included in the original THEMATICS
analysis, although these residues are only rarely involved in catalysis. Serine is
excluded from the original THEMATICS analysis because its pKa is generally too
high for its deprotonation equilibrium to have significant interactions with those
of other residues; attempts to include serine in the original THEMATICS analysis
lead to lower quality predictions and thus serine has not been considered an ioniz-
able residue for purposes of THEMATICS analyses. In spite of this, THEMATICS
has still performed well compared to other 3D-structure-based methods [7]. This
is in part because the seven residue types predicted by THEMATICS are the seven
most prevalent catalytic residues. Among the literature-annotated catalytic residues
analyzed by Bartlett et al. [3], the most common residue types, in order starting
with the most common, are: His, Asp, Arg, Glu, Lys, CysH, and Tyr. Together
these seven residue types constitute about 75% of all annotated catalytic residues
[3, 7]. However this means that THEMATICS has a maximum residue recall rate, or
sensitivity, of 75%, since by its nature it cannot predict the remaining 25% of cat-
alytic residues. POOL is advantageous because it can predict all residue types. For
instance, POOL predicts all three residues of the catalytic triad of serine proteases
such as subtilisin, including the serine, whereas THEMATICS only predicts the Asp
and His residues.

POOL is able to take advantage of a variety of input features, in addition to
THEMATICS features. Any property of the residues in a protein structure can
be a POOL input variable, provided the probability that a residue is catalytically
important is a monotonic function of that variable. The current version of POOL
incorporates a geometric feature, the cleft size rank, and the sequence conservation
scores.

Table 1 summarizes POOL performance with and without conservation scores.
The average specificities achieved at 90, 80, and 70% recall, together with the aver-
age recall rates achieved at 95, 90, and 80% specificity are shown. Specificity and
recall are reported using all three input features, THEMATICS, geometric, and con-
servation scores (T, G, and C) and using the 3D-structure-based features (T and
G) only, as measured on a 160 protein test set [8]. The figures of merit in Table 1
represent outstanding performance; see for example Table 1 of Sankararaman and
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Table 1 POOL performance with and without sequence conservation data

Input features T, G, and C T and G only

POOL performance

Specificity at 90% recall (%) 91 89
Specificity at 80% recall (%) 92 91
Specificity at 70% recall (%) 95 93
Recall at 95% specificity (%) 70 60
Recall at 90% specificity (%) 91 87
Recall at 80% specificity (%) 100 100

Input features: T = THEMATICS, G = geometry (cleft size rank),
C = conservation scores. Performance data are for a test set of 160
annotated proteins [8]

Sjölander [28]. Table 1 shows that, even in the absence of sequence conservation
information, POOL is able to make good predictions of catalytic residues with input
features computed solely from the 3D structure of the query protein.

Applications

Prediction of protein functional residues is a first step toward functional annota-
tion of a protein. One specific application has been to functional assignment within
superfamilies, which consist of sets of proteins with similar 3D structure but often
with significant functional diversity. Wei et al. have shown [49] that, for the small
DJ-1 superfamily, placement of the predicted functional residues onto a 3D struc-
tural alignment reveals patterns characteristic of biochemical function; this enables
one to sort the superfamily into subclasses according to their function.

Other applications of functional site prediction from electrostatic properties
include better understanding ligand binding [50–52] and inhibitor design. These
applications all require that the functional residues are predicted with both sensitiv-
ity and precision.

Precision

While many functional residue prediction methods boast high recall rates of anno-
tated catalytic residues, often these also correspond to high false positive rates. In
some cases, the measures of selectivity, such as precision, specificity, or false posi-
tive rates, are not reported at all [30]. Of course, the value of a high-recall prediction
is significantly diminished if the corresponding false positive rate is high. While not
all electrostatics based methods are capable of good selectivity, those that utilize
titration curve shapes are able to return very low false positive rates with good recall.

The CSA-100, a non-redundant subset of 100 enzymes from the CSA, is often
used for verification purposes [28]. This set of enzymes consists of a total of 36,230
residues, of which 314 are annotated as functionally important. Thus approximately
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Fig. 1 Predictions for the structural genomics protein Pfal009167. (a) 5% POOL cut-off value;
(b) 8% POOL cut-off value

1% of all residues currently are considered functionally important. While this rep-
resents a lower bound, as not all residues have been tested and thus some important
residues are not listed in the CSA, it gives a rough idea of the fraction of total
residues that should be returned by a site prediction method.

For application purposes, we have found that generally it is less important to
predict every single functional residue than it is to predict most of the functional
residues with few false positives. We have observed that the fraction of total residues
predicted should be in the range of about 5–8% or less. Predictions that return
higher fractions of residues are not particularly useful for application purposes, as
the predicted region of the protein surface is too large.

This is illustrated in Figs. 1 and 2. Figure 1 depicts typical POOL predictions
for the structural genomics protein Pfal00167 (PDB ID 1TQX) [53], a putative
D-ribulose 5-phosphate 3-epimerase from P. falciparum, a member of the ribulose
phosphate binding barrel superfamily [54]. The backbone is shown as a ribbon and
the side chains of the predicted residues are shown as dark sticks. The prediction
consisting of the top 5% of all residues is shown in Fig. 1a and that of the top
8% of all residues in Fig. 1b. The prediction of Fig. 1a is superimposable on the
known active sites of previously characterized D-ribulose 5-phosphate 3-epimerases
[54–55] and contains four known catalytic residues H36, D38, H70, and D179.
Although this prediction misses one known active site residue, Q177, the similarity
of the predicted site to the known binding sites of the well-studied structures with
PDB IDs 1RPX [55] and 2FLI [54] is sufficient to confirm the putative functional
annotation.

Figure 2 shows the POOL predictions for the same structural genomics protein if
higher cut-off values are used. Figure 2a depicts the top 15% of all residues and 2b
depicts the top 20% of all residues. These predictions constitute a large fraction of
the protein surface area and are less useful.
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Fig. 2 Predictions for the structural genomics protein Pfal009167. (a) 15% POOL cut-off value;
(b) 20% POOL cut-off value

Future Directions

While POOL in its present form shows excellent performance as a catalytic residue
predictor, there are some additional features that could be built in to enhance its
performance, including information about evolutionary history obtained from a
phylogenetic tree [28, 56].
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