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ABSTRACT

Structural genomics (SG) is an international
effort that aims at solving three-dimensional
shapes of important biological macro-molecules
with primary focus on proteins. One of the main
bottlenecks in SG is the ability to produce dif-
fraction quality crystals for X-ray crystallogra-
phy based protein structure determination. SG
pipelines allow for certain flexibility in target
selection which motivates development of in-
silico methods for sequence-based prediction/
assessment of the protein crystallization pro-
pensity. We overview existing SG databanks
that are used to derive these predictive models
and we discuss analytical results concerning
protein sequence properties that were discov-
ered to correlate with the ability to form crystals.
We also contrast and empirically compare mo-
dern sequence-based predictors of crystalliza-
tion propensity including OB-Score, ParCrys,
XtalPred and CRYSTALP2. Our analysis shows
that these methods provide useful and compli-
mentary predictions. Although their average ac-
curacy is similar at around 70%, we show that
application of a simple majority-vote based en-
semble improves accuracy to almost 74%. The
best improvements are achieved by combining
XtalPred with CRYSTALP2 while OB-Score and
ParCrys methods overlap to a larger extend,
although they still complement the other two
predictors. We also demonstrate that 90% of the
protein chains can be correctly predicted by at
least one of these methods, which suggests that
more accurate ensembles could be built in the
future. We believe that current protein crystalli-
zation propensity predictors could provide
useful input for the target selection procedures
utilized by the SG centers.

Copyright © 2009 SciRes.

Keywords: Structural Genomics; X-Ray
Crystallography; Crystallization Propensity Prediction;
Protein Structure; Protein Crystallization

1. INTRODUCTION

Proteins are organic compounds composed of amino
acids arranged in a linear chain polymer with the help of
peptide bonds. Proteins implement a wide variety of
functions such as transportation, signalling, catalysis of
chemical reactions, formation of the cell cytoskeleton,
immune responses, regulation of cell processes, etc. etc.
They are so versatile due to their ability to adopt an im-
mense variety of shapes. Knowledge of the tertiary
(three-dimensional) structure of proteins is vitally im-
portant for understanding and manipulating their bio-
chemical and cellular functions. For instance, this know-
ledge is exploited in rational drug design via virtual
screening [1-3], provides insights into various diseases
[4] and it is used in deciphering interactions of proteins
with other macro molecules and smaller ligands [5-7].

1.1. Structural Genomics

As of July 2009 we know close to 8.2 million nonre-
dundant protein chains which can be found in SeqRef
database [8] but the corresponding structure is know for
“only” about 55 thousand proteins which are deposited
into the Protein Data Bank (PDB) database [9]. This
wide and continually widening sequence-structure gap
calls for new and efficient efforts that would help in ac-
quiring protein structures. This resulted in creation of
structural genomics (SG) which is an international effort
to find the three-dimensional shapes of important bio-
logical macro-molecules, primarily focusing on proteins
[10]. In contrast to a traditional approach used by struc-
tural biologists who often work with a given protein that
they try to solve for many years, the structural genomics
efforts frequently concern “unknown” proteins. More-
over, SG focuses on development and usage of high
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throughput and cost-effective methods for protein pro-
duction and determination of the corresponding structure
which are implemented with the help of dedicated SG
centers. In the United States one of the first SG efforts,
which was undertaken around year 2000, was the crea-
tion of a multi-center, including four large-scale centers
and six specialized centers, Protein Structure Initiative.
Similar SG projects were also carried out in Canada,
Israel, Japan, and Europe. For example, Structural Ge-
nomics Consortium which was formed in 2004 spans
centers at the Oxford University, University of Toronto
and Karolinska Institute. Analysis shows that in 2004/
2005 about half of protein structures were solved at a SG
centers rather than in the traditional laboratory [11]. Also,
at that time the cost of solving a structure at the most
efficient SG center in the United States was equal to
about 25% of the estimated cost when using the tradi-
tional methods [11]. Another more recent study shows
that the production-line approach taken at the Protein
Structure Initiative centers reduced the cost of solving
structures from ~$250,000 apiece in 2000 to ~$66,000 in
2008 [12]. Most importantly, from our point of view,
these SG initiatives shifted the focus from one-by-one
determination of individual protein structures, which is
being pursued by structural biologists, to protein fam-
ily-directed structure analyses in which a group of pro-
teins is targeted and structure(s) of representative mem-
bers are determined and used to represent the entire
group [13]. The corresponding process of choosing rep-
resentative proteins is known as target selection and it
encompasses a computational process of restricting can-
didate proteins to those that are tractable and of un-

known structure and prioritizing them according to ex-
pected interest and accessibility [14]. In the case of the
Protein Structure Initiative, the target selection concen-
trates on representatives from large, structurally unchar-
acterized protein domain families, and from structurally
uncharacterized subfamilies in very large and diverse
families with incomplete structural coverage [15]. We
note that this approach allows for some flexibility in the
selection of the targets.

1.2. X-ray Crystallography and Protein
Crystallization

The protein structures are being determined with the
help of experimental methods including X-ray crystal-
lography [16], NMR spectroscopy [17], electron mi-
croscopy [18], and (more recently) by application of
computational approaches such as homology modelling
[19, 20]. The most popular method, which accounts for
approximately 86% of the solved and deposited protein
structures, is the X-ray crystallography; see Figure 1. At
the same time, the other approaches play a strong com-
plementary role for some protein types, such as mem-
brane proteins [21, 22].

One of the main challenges the SG initiative faces it
that only about 2-10% of protein targets pursued in the
context of the second step of the Protein Structure Initia-
tive yield high-resolution protein structures [23]. We
further investigated these estimates based on data pub-
lished in the TargetDB database [24] in July 2009. Tar-
getDB is a world-wide database that provides informa-
tion on the experimental progress and status of targets
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Figure 1. The growth in the number of protein structures deposited into PDB by that were solved by X-ray crystallography, NMR

spectroscopy and electron microscopy (source http:/www.rcsb.org/).
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selected for structure determination. Among 150,727
cloned targets that were deposited into TargetDB, only
37,398 (24.8%) were reported to be successfully purified,
12,923 (8.6%) to be successfully crystallized, and 6,942
(4.6%) gave diffraction quality crystals. Moreover, some
estimates show that more than 60% of the cost of struc-
ture determination is consumed by the failed attempts
[25] while crystallization is characterized by a signifi-
cant rate of attrition and is among the most complex and
least understood problems in structural biology [26]. The
above provides a strong motivation for further research
and development in this area. Several strategies have
been proposed to improve the success rate including
obtaining one representative structure per protein family
and working with multiple orthologues [14, 26, 27, 28].
In spite of advances made in the context of protein crys-
tallization [29], the above numbers and insights from
some researchers [30-32] demonstrate that the produc-
tion of high-quality crystals is one of the major bottle-
necks in the protein structure determination. The crystals
should be sufficiently large (> 50 micrometres), pure in
composition, regular in structure and with no significant
internal imperfections. The problem of production of
diffraction-quality crystals is usually tackled using an
empirical approach based mainly on trial and error (also
called the “art” of crystallisation), in which a large
number of experiments is brute-forced to find a suitable
setup, and through understanding of the fundamental
principles that govern crystallisation [30]. The latter is
used to design new (and improved) experimental meth-
odologies that would produce high-quality crystals.

1.3. Databases

One of the early steps taken to alleviate the abovemen-
tioned difficulties in resolving the structures via X-ray
crystallography was to create databanks that record in-
formation concerning both successful and failed attempts
to produce the structures. The importance of these efforts
was advocated in 2000 by Raymond Stevens who said
that “industrial-scale efforts will lead to the generation
of knowledge bases that will be mined to expand our
understanding of the techniques used in protein crystal-
lography. These efforts will act as ‘learning factories’, in
which successes and failures will be used to continually
improve the technology for high-throughput protein cry-
stallography* [33].

These words were echoed in 2003 by Rodrigues and
Hubbard who said “as structural genomics projects
evolve, valuable experimental data will be accumulated,
thus presenting researchers with a unique opportunity to
establish improved predictive methods for a protein’s
chemical and physical behaviour based on its amino acid
sequence. It is essential for laboratories producing such
data to keep track of both ‘successful’ and ‘unsuccessful’
results, so that these can be fed back into the structural
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determination pipeline through the improvement of the
target selection procedures” [34]. The development of the
databases was fuelled by generation of large and well an-
notated experiments by SG centers, such as one for the
Thermotoga maritime proteome [35]. To the best of our
knowledge, the first such initiative was the PRESAGE
database which included annotations indicating current
experimental status, structural predictions and suggestions
[36]. Some of the SG consortia have established on-line
progress reports which contain details and current ex-
perimental status of their targets. Examples include Inte-
grated Consortium Experimental Database [37], ZebaView

(http://www-nmr.cabm.rutgers.edu/bioinformatics/ZebaView/),
ReportDB  (http://www.secsg.org/cgi-bin/report.pl) and
SPINE (Structural Proteomics in the NorthEast) [38, 39].
SPINE, which was developed in early 2000 and reengi-
neered in 2003, integrates a tracking database and a data
mining method for identifying feasible targets. Each
protein deposited in this database is described with in-
formation related to the experimental progress (e.g., ex-
pression level, solubility, ability to crystallize) and 42
descriptors of the underlying protein sequence (amino
acid composition, secondary structure, etc.). The largest
and most comprehensive TargetDB [24] was launched
July 2001 and it builds upon the work on the PRESAGE
database. TargetDB serves as a primary target registra-
tion database for structural SG project worldwide. It
consolidates data from 28 SG centers in USA, Canada,
Germany, Isreal, Japan, France and UK, including 9
Protein Structure Initiative centers. PepcDB (Protein
Expression Purification and Crystallization DataBase),
which was created around 2004, was established as an
extension to TargetDB to collect more detailed status
information and the experimental details of each step in
the protein structure production pipeline [40]. This da-
tabase stores a complete history of the experimental
steps in each production trial besides describing the cur-
rent target production status. PepcDB records status his-
tory, stop conditions, reusable text protocols and contact
information collected from 15 SG centers in USA. The
interested readers are directed to two recent articles by
Helen Berman that introduce a wealth of resources con-
cerning the SG initiative [41] and a knowledgebase de-
veloped by the Protein Structure Initiative [42].

1.4. Computational Models in Protein
Crystallization

The problems with the protein crystallization and the
availability of the suitable databases motivated the de-
velopment of analytical and predictive models that can
be used to either support or directly predict protein crys-
tallization [43]. These models were often developed by
researchers at certain SG centers who used their own
data to draw conclusions. In one of the first attempts, a
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decision tree that predicts solubility from protein se-
quence was developed [44]. The SPINE system, which
was developed at the Northeast Structural Genomics
Consortium, incorporates decision tree-based classifiers
for solubility and crystallization propensity. This system
was used to extract a few interesting rules such that
soluble proteins tend to have more acidic residues and
fewer hydrophobic segments [38]. The SG project on
Plasmodium falciparum has lead to an analysis of pro-
tein characteristics, such as the presence of transmem-
brane helices, low-complexity regions, and coiled-coil
regions, in the context of the crystallization propensity
[34]. Another decision tree-based predictive model de-
veloped by Goh and colleagues in 2004 using data from
TargetDB has revealed several protein features that in-
fluence the feasibility of using a given target protein
chain for a high-throughput structure determination [45].
They include conservation of the sequence across organ-
isms, composition of charged residues, occurrence of
hydrophobic patches in the sequence, number of binding
partners, and chain length. Based on the data from the
Thermotoga maritime proteome [35], the researchers at
the Joint Center for Structural Genomics discovered a
few features, which include isoelectric point, sequence
length, average hydropathy, existence of low complexity
regions, presence of signal peptides and trans-membrane
helices, that correlate with crystallization [46]. The
isoelectric point calculated from the protein sequence
was also used to develop a method that suggests optimal
pH ranges for crystallization screening [47, 48]. Ex-
perimental work by Derewenda’s group shows that crys-
tallization can be improved by application of surface
entropy reduction approach in which clusters of two or
three exposed amino acids with high conformational
entropy side chains (such as Lys, Glu and Gln) are re-
placed with lower-entropy residues (like Ala) [49-54].
One drawback of this method is that it may decrease
protein solubility which hinders crystallization screening
[50, 52]. The surface entropy reduction approach was
recently implemented as a web server [55]. This server
utilizes information concerning conformational entropy
and solvent exposure indices, predicted secondary struc-
ture, residues conservation scores, and close homologues
to propose crystallization enhancing mutations for a
given protein sequence. Another study, which was con-
ducted at the Center for Eukaryotic Structural Genomics,
used disorder prediction algorithms to analyze the im-
pact of intrinsic protein disorder on crystallization effi-
ciency [56]. The Berkeley Structural Genomics Center
has utilized several protein features including length of
the sequence and predicted transmembrane helices,
coiled coils, and low-complexity regions to eliminate
targets predicted to be intractable for the high-through-
put structure determination [57]. The most recent study
that was performed at the Northeast Structural Genomics
Consortium shows that crystallization propensity de-
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pends primarily on the prevalence of well-ordered sur-
face epitopes [58]. More specifically, the authors show
that crystallization propensity can be computed from the
knowledge of predicted disordered regions, side-chain
entropy of predicted exposed residues, the amount of
predicted buried Gly and the fraction of Phe in the input
sequence.

2. SEQUENCE-BASED METHODS FOR
PREDICTION OF PROTIEN
CRYSTALLIZATIONPROPENSITY

The SG efforts allow for certain flexibility in selection
of the chains for the crystallization and the subsequent
structure determination and this motivates development
of methods that aim at the prediction/assessment of the
crystallization propensity for a given input sequence.
Such methods could be incorporated into target selection
pipelines that are utilized by SG centers. Their develop-
ment is often supported and motivated by the described
above computational analyses/models. We also note that
numerous studies have already demonstrated that se-
quence-based prediction approaches, which may address
a variety of structural and functional properties of pro-
teins, provide useful information and insights for both
basic research and drug design and hence are widely
welcome by the scientific community [59-63].
Crystallization propensity prediction methods incor-
porate predictive models that are extracted from larger
datasets that span data coming from multiple SG centers
and they take the protein sequence as their only input.
The underlying principle is that the predictive models
summarize/describe patterns (similarities) hidden in the
data from databases such as TargetDB. This is done by
generating a set of patterns that describe sequences that
can be crystallized (crystallizable proteins) and another
set of patterns for sequences that were shown to be im-
possible to crystallize (noncrystallizable proteins). The
two sets of patterns should describe the two correspond-
ing sets of protein chain and, at the same time, each of
them should exclude sequences from the other set. The
existing crystallization propensity predictors include
SECRET [64] that was developed by Frishman’s group,
OB-Score [65] and ParCrys [66] that were produced by
the Barton’s group, XtalPred [67, 68] that came from
Godzik’s group, and CRYSTALP [69] and most recent
CRYSTALP2 [70] that were developed by Kurgan’s
group. These methods perform the prediction in two
steps: (1) the input sequence is converted into a set of
numerical features that describe certain characteristics of
the sequence; and (2) the feature values are fed into a
predictive model that outputs the outcome that quantifies
propensity for crystallization. The predictive model en-
capsulates the patterns that are computed from the in-
formation encoded by the features. Table 1 shows a
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Table 1. A side-by-side comparison of existing methods for sequence-based protein crystallization propensity prediction.
Methods  Source of Input features Predictive
. Web server/page Notes
escription
[reference] data d pt # model
Deposition ~ Content of mono-, Two-lavered
from PDB di-, and tripeptides truct ry her Limited
assuming that represented by (S)lilcultl :f‘:eve- ¢ to se-e
NMR only 20-letter amino acid era{a support Lences
SECRET solved protein alphabet and by " r}:rllja hin getween
are diffi- several reduced 103 VECIOr MAchne b\ //mips.helmholtz-muenchen.de/secret/
[64] cult/impossibl alphabets grouped classifiers are 46 and
e to crystal- by physicochemical Comgldnjdvb)ll a il?‘gno
lize; Deposi-  and structural prop- second-leve .
L . . Naive Bayes acids
tions in Tar-  erties of amino .
getDB acids classifier
Isoelectric point Z-score
O]:’»[—6$5c]ore ?;ZZ?[?BOHS ™ and average hydro- 2 S‘g:;i 1men- http://www.compbio.dundee.ac.uk/xtal/
phobicity lookup-table)
Deposition o
from PDB grsné_ted
CRYS- ;?;};g gﬁ;hm Content of selected quences
TALP  solved protein " orO™ di-and 46  Naive Bayes N/A between
[69] are diffi- collocated dipep- 46 and
cult/impossibl tides ir?gno
e to crystal- acids
lize;
Protein length,
molecular mass,
gravy and instabil-
ity indices, extinc-
tion coefficient,
isoelectric point,
content of Cys, (l)utfpgl ts
Met, Trp, Tyr, and o b
Phe residues, inser- E?:t;(i)l’_l
tions in the align- classes:
. . ment compared to . .
)[(éz;lPGrgi ?;I;ziggns m homologs in gr(;iﬁi?zed http://ffas.burnham.org/XtalPred/ ;)Ett)g;fil’
’ non-redundant ;
protein sequences Z\I/ael;a .
database, predicted di fﬁcﬁl t’
secondary structure, and ve i
predicted disor- . Ty
dered, difficult
low-complexity and
coiled-coil regions,
predicted trans-
membrane helices
and signal peptides.
Isoelectric point
ParCrys Depositions in arﬁg&\grag‘;ﬁ}t’ggi)_ Kernel-based
1y TargetDB and p e 8  classifier using http://www.compbio.dundee.ac.uk/xtal/
[66] of Ser, Cys, Gly, .
PepcDB Phe, Tyr, and Met Parzen window
residues
Isoelectric point,
CRYS-  Depositons in 0 WL Gavssan radia
TALP2  TargetDB and Y . 88 . . http://biomine.ece.ualberta.ca/CRYSTALP2/CRYSTALP2.html
[70] PencDB selected mono-, di- basis function
P and collocated di- network
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side-by-side comparison of the six existing methods
based on the data source that was used to generate pre-
dictive model and the applied input features and predic-
tive models. It also provides URLs of the corresponding
web servers or web pages.

Two early methods, namely SECRET and CRYSTALP,
accept only sequences between 46 and 200 amino acids
in length. This limitation is due to the composition of
datasets used to generate these prediction models. Al-
though OB-Score predictor does not impose a limit on
sequence size, it considers only two predictive features,
i.e., isoelectric point and hydrophobicity. This method
was developed for the Scottish Structural Proteomics
Facility [65]. The ParCrys method extends OB-score by
using an advanced kernel-based classification algorithm
and by adding information concerning content of several
amino acids including Ser, Cys, Gly, Phe, Tyr, and Met
to the set of predictive features. Similarly, CRYSTALP2
improves upon CRYSTALP by applying a more ad-
vanced kernel-based classifier and by introducing new
predictive features that are based on the collocation of
amino acids in the sequence, isoelectric point and hy-
drophobicity. The motivation for the application of the
collocation based features comes from their applications
in related fields [71-74] and the fact that they consider
local neighbourhood information in the protein chain,
which was also utilized in a recent method for surface
entropy reduction based design of crystallizable protein
variants [55]. A significant majority of the collocations
used by CRYSTALP2 incorporate residues with high
conformational entropy, or with low entropy and high
potential to mediate crystal contacts, and these residues
are utilized by the surface entropy reduction methods [51,
52].

The above five methods are built using black-box (not
readable by a human) classification models, which are
inductively learned from a set of protein chains which
are annotated as crystallizable and noncrystallizable. By
contrast, the XtalPred is a white-box (human readable)
approach that combines probabilities of successful crys-
tallization calculated from several protein features. This
method, which was developed based on experiences at
the Joint Center for Structural Genomics, which is one of
the large centers in the Protein Structure Initiative, mim-
ics the work performed by structural biologists. XtalPred
utilizes nine biochemical and biophysical features of an
input protein with probability distributions estimated
from data from TargetDB. The individual probabilities
concerning each input feature are combined into a single
crystallization score which is used to assign one of five
crystallization classes: optimal, suboptimal, average,
difficult, and very difficult. The design of XtalPred
shows that medium sequence length and hydrophobicity
combined with acidic character improve the success in
protein production. It also demonstrates that very short,
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very long, or very hydrophobic proteins are more diffi-
cult to crystallize under standard experimental setups.
This method also confirms the utility of predicted struc-
tural disorder, presence of transmembrane helices, insta-
bility, and high content of predicted loops, insertions,
and coiled-coil structures for the prediction of the crys-
tallization propensity [67]. Several methods, including
XtalPred, OB-Score, ParCrys and CRYSTALP2, utilize
information concerning isoelectric point which is esti-
mated from protein sequence. This agrees with prior
finding that indicate important role of this feature
[46-48].

We note that all investigated crystallization propensity
predictors take into account only intra-molecular factors
that are encoded in the protein chain. This means that
they may not provide reliable predictions when in-
ter-molecular factors such as protein-protein and/or pro-
tein-precipitant interactions, buffer composition, pre-
cipitant diffusion method, etc. must be considered. Also,
they are limited to predictions for non-redundant chains
and should not be used when assessing crystallization of
homologues. In the latter case we recommend the use of
the surface entropy reduction server [55].

3. COMPARATIVE ANALYSIS

Following we perform empirical comparison of the qual-
ity of predictions offered by the sequence-based protein
crystallization propensity predictors. Our analysis ex-
cludes CRYSTALP and SECRET methods since they are
limited to only relatively small chains and since their
quality was show to be inferior when compared with
other methods [66,70]. Our comparative analysis is per-
formed based on predictions performed for a dataset of
relatively recent depositions to TargetDB and PepcDB.
We analyze predictive power of individual methods and
we also investigate their complementarity.

3.1. Dataset

We use a dataset composed of 2000 protein chains
(hereafter TEST-NEW), which was originally introduced
in [70] and which was developed using procedure pro-
posed in [66]. The crystallizable proteins were extracted
from sequences deposited in TargetDB and they include
the last 1000 depositions as of December 2008. The non-
crystallizable sequences, which correspond to the actual
construct sequences used, were extracted from the trial
sequences stored in PepcDB. As in the case of crystal-
lizable chains, they include the last 1000 depositions as
of December, 2008. The selected sequences were also
processed to remove the N-terminal hexaHis tag and
LEHHHHHH tag at the C-terminus, which are intro-
duced to ease the purification. Duplicate sequences were
removed and thus the resulting dataset consists of non-
redundant chains. It can be freely downloaded from
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Table 2. Summary of results for predictions performed with OB-Score, ParCrys, XtalPred and CRYSTALP2 methods on the

TEST-NEW dataset.
Accuracy MCC TPR TNR AROC
OB-Score' 69.8 0.42 0.86 0.54 0.74
ParCrys' 70.6 0.43 0.83 0.58 0.75
XtalPred? 70.0 0.40 0.76 0.64 0.76
CRYSTALP2® 69.3 0.39 0.76 0.63 0.74

'Results computed using the ParCrys/OB-Score server at http://www.compbio.dundee.ac.uk/xtal/
“Results computed using the XtalPred server at http://ffas.burnham.org/XtalPred/

*Results based on [70]

http://biomine.ece.ualberta.ca/CRYSTALP2/CRYSTALP2.html.

3.2. Quality Measures

The annotations from TargetDB were stripped from the
input sequences, which in turn were inputted into the
corresponding predictors. The prediction outputs were
compared with the original annotations to assess the
prediction quality. Four potential prediction outcomes
are possible: TP (true positive) which corresponds to
crystallizable chains that were correctly predicted as
crystallizable, FN (false negative) which corresponds to
crystallizable chains that were incorrectly predicted as
noncrystallizable, FP (false positive) which indicates that
noncrystallizable chains were incorrectly predicted as
crystallizable, and TN (true negative) which denotes
cases where noncrystallizable chains were correctly pre-
dicted as noncrystallizable. The predictions were as-
sessed based on the following quality indices:

TP+TN
accuracy= x1
TP+TN + FP+FN
MCC = TPxTN - FPxFN
\/(TP+FP)><(TP+FN)><(TN+FP)><(TN+FN)
TPR:L
TP+ FN
TNR:L
TN + FP

The accuracy measures the fraction of correct predic-
tions among all predictions. The Matthews Correlation
Coefficient (MCC) is confined to <-1,1> interval. If the
MCC value is close to 0 then the prediction method is
not better than a random classification. Higher MCC
value corresponds to better performance of the predic-
tion method. These two measures provide an evaluation
of the prediction quality over the entire dataset. In con-
trast, TPR (true positive rate) and TNR (true negative
rate) evaluate the quality separately for crystallizable
(positive) and noncrystallizable (negative) proteins.
TPR/TNR quantifies the fraction of correctly predicted
crystallizable/noncrystallizable proteins. We also report
receiver-operator characteristics (ROC) curves that pre-
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sent a graphical plot of the TP rate = TP / (TP + FN)
against FP rate = FP / (FP + TN). This is performed by
thresholding the confidence values (probabilities) that
are generated together with the predicted classes (crys-
tallizable vs. noncrystallizable). These plots are also
used to compute the area under the ROC curve (AROC).
The higher the AROC value is the better the predictive
power of the corresponding method.

3.3. Comparison of Existing Prediction
Methods

Results of application of the four crystallization propen-
sity predictors on the TEST-NEW dataset are summa-
rized in Table 2. In the case of XtalPred we assume a
prediction assignment in which optimal, suboptimal, and
average outcomes are categorized as crystallizable pro-
teins and difficult and very difficult as noncrystallizable.
The same assignment was used in [70] since it leads to
optimal results.

The comparison shows that the four methods are char-
acterized by relatively similar prediction quality with
MCC and accuracy values ranging between 0.39 and
0.43 and between 69.3 and 70.6%, respectively. We note
that since the dataset is balanced a random assignment of
the prediction outcomes would give accuracy of 50%.
This means that the accuracy of the existing methods is
better by about 20% than the random coin-toss approach.
At the same time we observe a considerable space for
improvement although we caution the reader that the
upper limit of the prediction accuracy should not be as-
sumed at 100%. This is since the input data likely in-
cludes mislabeled proteins. In particular, since data
comes from multiple SG centers, some proteins that
could not be crystallized in one center could be poten-
tially crystallized by another center that uses different
protocols and equipment. This means that some of the
proteins could be mislabeled as noncrystallizable, i.e.,
some of the FPs are in fact TPs. At this time we are not
able to estimate their number. We observe that OB-Score
and ParCrys are both strongly biased towards prediction
of crystallizable proteins, i.e., their TPR values are much
higher than TNR values and the TNR values are rela-
tively low. The XtalPred and CRYSTALP2 provide a
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more balanced prediction for the two classes of proteins
and their TNR values are above 0.63. All four methods
provide better predictions for crystallizable proteins, i.e.,
they correctly predict a bigger fraction of crystallizable
proteins, when compared with the noncrystallizable pro-
teins. In other words, they are more likely to succeed in
confirming that a crystallizable chain can be crystallized

TPrate
0.9 -

0.8

rather than in showing that a chain difficult to crystallize
cannot be crystallized; although in both cases all of the
considered methods work better than the coin-toss. Fig-
ure 2 shows the ROC curves for the four predictors. We
again observe that all considered methods behave simi-
larly, i.e., they provide comparable TP rates for the same
FP rates.

0.7 -
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Figure 2. ROC curves for the tests performed with OB-Score, ParCrys, XtalPred and CRYS-

TALP2 methods on the TEST-NEW dataset.
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Figure 3. Analysis of the number of correct predictions produced by OB-Score, ParCrys,
XtalPred and CRYSTALP2 methods on the all proteins, only crystallizable and only
noncrystallizable proteins from the TEST-NEW dataset.
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Figure 4. Analysis the predictions and characteristics of the TEST-NEW dataset with respect to the input protein chain length. A)
Distribution of number of proteins (black bars), number of crystallizable (green bars) and noncrystallizable (red bars) proteins in the
considered protein length intervals. B) Prediction quality measured using MCC for OB-Score, ParCrys, XtalPred and CRYSTALP2

methods for each of the protein size intervals.

Figure 3 analyzes the predictions with respect to the
number of correct predictions produced by the four
methods for each input protein. Analysis of the results
obtained on the entire TEST-NEW set indicates that at
least three methods provide correct predictions simulta-
neously for two thirds of the test proteins. It also shows
that only 9.6% of the proteins cannot be correctly pre-
dicted by any of the considered methods. We again ob-
serve that predictions for crystallizable proteins are
characterized by higher quality than for the noncrystal-
lizable proteins. In particular, only 1.6% of crystallizable
proteins are never correctly predicted and 78.0% are
correctly predicted by at least 3 methods. In contrast, the
same numbers for the noncrystallizable proteins are
17.6% and 53.2%, respectively.

3.4. Analysis of Predictions for Varying Pro-
tein Sizes

The protein chain length was indicated as one of the
important factors related to the protein crystallization
propensity [45, 46, 57, 67]. It is also correlated with the
quality of the secondary structure prediction [75], which
is utilized in the prediction of protein crystallization [55,
67]. To this end, Figure 4 summarizes results that are
organized by binning the input protein chains into six
size-based intervals. Figure 4A shows, as expected [67],
uneven distribution of the crystallizable and noncrystal-
lizable proteins against the protein chain length. We ob-
serve that majority of short chains with less than 100
amino acids are difficult to crystallize while the crystal-
lization is more successful for longer chains. More im-
portantly, the XtalPred method stands out from the
competition as it provides better performing predictions
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for short sequences of up to 150 amino acids. On the
other hand, a slight improvement over the competition is
observed for the OB-Score method when predicting long
chains with above 400 amino acids. Finally, the CRYS-
TALP2 method is characterized by the most even quality.
We also observe a generic trend that best results are on
average obtained for the average sized protein chains
between 100 and 200 amino acids.

3.5. Complementarity of Existing Methods

Although the above results indicate that the existing
methods are characterized by comparable prediction
quality, substantial differences in their underlying design
and results shown in Figures 3 and 4B suggest that their
results could be complementary with each other. In other
words, although on average they provide the same num-
ber of correct predictions, these prediction likely concern
different input proteins.

We investigate the complementarity by combining
multiple methods using OR operator, i.c., a given predic-
tion is assumed correct if at least one of the methods in
an ensemble provides a correct prediction. This approach
allows quantifying the amount of overlap in predictions
and it also estimates the upper boundary of a potential
meta-predictor that combines predictions from the indi-
vidual methods. Figure 5 shows summary of results, in
terms of achieved TPR, TNR and MCC values for all
combinations of two, three, and four predictors as well
as for the individual methods. We observe that certain
ensembles obtain higher quality of predictions indicating
a stronger complementarity. In particular combining
either OB-Score and XtalPred or CRYSTALP2 with
XtalPred gives better results than any other combination
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Figure 5. Analysis the complementarity of predictions for OB-Score (OB), ParCrys (PC), Xtal-
Pred (XP) and CRYSTALP2 (C2) methods on the TEST-NEW dataset. Each combination of 1,
2, 3, and 4 methods was applied using OR operator, i.e., a given prediction was assumed correct
if at least one of the predictors predicted it correctly. The x-axis/y-axis shows TPR/TNR values
(TPR values are scaled between 0.75 and 1 while TNR values are scaled between 0.5 and 1),
and the labels next to markers denote a particular combination of applied predictions together
with the MCC value (e.g., “PC XP C2 .80” means that combination of ParCrys, XtalPRed and
CRYSTALP2 obtained MCC of 0.8). Markers and labels in red denote the best results for a

given number of applied methods.

of two methods. Among the ensembles of three methods,
the combination of XtalPred and CRYSTALP2 with ei-
ther ParCrys or OB-Score works best. This observation
and the fact that OB-Score and ParCrys are the least
complimentary among all pairs of predictors indicate
that these two methods provide relatively overlapping
outputs. Finally, an ensemble of all four methods obtains
MCC of 0.82 which is not much higher than 0.80
achieved with just three methods, showing that addition
of the fourth predictor brings relatively minor improve-
ments. Finally, we again observe that results indicate that
both individual and ensemble-based predictions are
characterized by higher quality for crystallizable rather
than noncrystallizable proteins.

We also investigate a possibility of implementing a
simple, majority-vote based meta-predictor. Such met-
hod generates predictions which correspond to the most
frequent prediction of its member methods. We apply a
simple majority vote for the three members based
meta-predictors, while for ensemble of four methods we
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resolve the tie-break (2 vs 2 split decisions from the
member methods) by applying the prediction of one se-
lected method. This leads to eight potential configura-
tions, i.e., three combinations of three out of four meth-
ods and four configurations with four member methods
each time using a different method as a tie-breaker. The
corresponding results are presented in Figure 6. The
results demonstrate that the best ensemble includes Xtal-
Pred, CRYSTALP2 and OB-Score. The runner-up con-
figurations include an ensemble of XtalPred, CRYS-
TALP2 and ParCrys and two ensembles of four methods
with tie-breakers as XtalPred and CRYSTALP2. These
results are consistent with the above complementarity
analysis and indicate beneficial overlap between Xtal-
Pred and CRYSTALP2. We also observe that application
of a majority-vote mechanism provides only moderate
improvements. More specifically, the best vote-based
ensemble obtains MCC of 0.49 while the MCC of best
individual method equals 0.43 and the MCC of best
combination of methods from Figure 5 gives MCC
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Figure 6. Analysis the performance of majority-vote based ensembles of OB-Score (OB), Par-
Crys (PC), XtalPred (XP) and CRYSTALP2 (C2) methods on the TEST-NEW dataset. The
x-axis/y-axis shows TPR/TNR values (TPR values are scaled between 0.75 and 0.9 while TNR
values are scaled between 0.5 and 0.65), and the labels next to markers denote a particular en-
semble together with the MCC value (e.g., “OB XP C2 .49” means that ensemble composed of
OB-Score, XtalPRed and CRYSTALP2 obtained MCC of 0.49). The prediction of the ensemble
corresponds to the most frequent prediction of its members. The tie-breaker for ensembles of 4
methods is chosen as the prediction of one specific method, i.e., “ALL tie-brk XP” corresponds
to an ensemble of all four methods in which a split 2 vs 2 decision is decided by the prediction
of XtalPred. Markers and labels in red/blue denote the best/second best results.

equal to 0.82. In terms of the corresponding accuracies,
this means that although the considered four methods
can correctly predict up to 90.4% of proteins, the simple
voting provides only 73.6% of correct predictions.
Overall, the analysis shows that the best improve-
ments, when compared with using individual predictors,
are achieved by combining XtalPred with CRYSTALP2.
The OB-Score and PareCrys methods overlap to a larger
extend although they also complement the other two
predictors. This can be explained by the use of very
similar input features in ParCrys and OB-Score and use
of larger numbers of more complementary features in
CRYSTALP2 and XtalPred. Finally, a simple voting
based meta-predictor is shown to provide some im-
provements although more complex designs should be
considered to better exploit complementarity between
the existing prediction methods. Such advanced hetero-
geneous (using diverse types of member methods)
meta-predictors were already successfully used in se-

Copyright © 2009 SciRes.

quence-based prediction of other protein properties such
as fold type [76, 77], subcellular localization [78-80],
structural class [81], and solvent accessibility [82].

4. SUMMARY AND CONCLUSIONS

Structural genomics efforts have entered a mature stage
when a wealth of data that could be analyzed to build
useful supporting tools has been already accumulated.
One of most significant bottlenecks in the protein struc-
ture determination pipelines implemented by SG centers
is the ability to generate diffraction quality crystals. Al-
though some mechanisms were already implemented to
improve the corresponding success rates, our analysis
shows a significant room for further improvements. In
this context we have overviewed existing databases,
analytical results and predictive methods that aim at
supporting the protein crystallization task.

We show that analysis of data from certain SG centers
and community-wide databases such as TargetBD re-
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vealed that certain factors, such as protein size, isoelec-
tric point, disorder regions, presence of transmembrane
helices, etc. were found to correlate with the ability to
produce quality protein crystals. We also contrasted and
compared several modern sequence-based predictors of
crystallization propensity including OB-Score, ParCrys,
XtalPred and CRYSTALP2. We demonstrate that these
methods provide useful predictions which are comple-
mentary to each other. Although their average success
rate is similar and at about 70%, we show that usage of a
simple majority-vote based combination of these meth-
ods can improve the success rate to almost 74%. Our
work also reveals that close to 90% of the protein chains
can be correctly predicted by at least one of these meth-
ods, which motivates development of more advanced
meta-predictors. The best predictions for short, under
100 amino acids, chains are produced by XtalPred and
the most accurate predictions, on average, are generated
for medium-sized chains of 100 to 200 amino acids. We
believe that these crystallization propensity predictors
could provide useful input for current SG efforts that
could be incorporated into the target selection procedure.
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