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4.1 Introduction
Since the beginning of the 1980s, protein structure prediction and
simulation have been one of the most challenging tasks for computational structure biology. Although progress has been made, one can
openly say that reliably predicting the fold of all known protein
sequences is still far from reach. Current approaches can predict a
three-dimensional (3D) protein structure for parts of ~60% of the
sequences of an average genome.1–3 Recently, automatic large-scale
predictions of 3D structure models are being made available on the
web. For example, the ModBase database2 currently stores more than
4.2 million models, the SwissModel repository1 stores ~1.3 million
models, and the PMDB database3 stores ~75 000 models. Therefore,
comparative protein structure modeling is filling the gap between the
known sequence and structure spaces.
In the post-genomic era, a more difficult task lies ahead in annotating, understanding, and modifying the function of proteins.
This task is greatly aided by the knowledge of the protein
structures, as the biochemical function of a protein is determined by
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its structure and dynamics. In the absence of an experimentally determined structure, 3D models are often valuable for rationalizing existing evidence and guiding new experiments.4 However, the accuracy of
a model determines its utility (Chapter 5), making a means of reliably
determining the accuracy of a model an important problem in protein
structure prediction.4,5 Model assessment aims to predict the likely
accuracy of a protein structure model in the absence of its known 3D
structure.
Model assessment has been previously applied to: (i) determine
whether or not a model has the correct fold,6–9 (ii) discriminate
between the native and near-native states,10–19 and (iii) select the most
near-native model in a set of decoys that does not contain the native
structure.16–18,20–23 Several scoring schemes have been developed for
these tasks, including physics-based energies, knowledge-based
potentials, combined scoring functions, and clustering approaches.
Physics-based energy functions are true energy functions describing
the interactions acting upon all atoms in a protein structure and are
typically developed for and used in molecular dynamic simulations.
Statistical or knowledge-based potentials are derived from known
protein structures by applying the inverse of the Boltzmann’s equation and comparing a system in the thermodynamic equilibrium with
the database of folded protein structures. Combined scoring functions usually integrate several different scores with the aim of extracting the most informative features from each of the individual input
scores. Finally, the so-called clustering approaches use consensus
information from an ensemble of protein structure models provided
by one or more methods.
We begin this chapter by introducing the problem of protein
structure prediction (Chapter 1). Next, we describe the four main
approaches to model assessment. Details describing some of the most
widely used scoring function are also provided together with a table
of Internet resources for model assessment (Table 4.1). Finally, some
of the results from the recent evaluation of model assessment methods carried out at the seventh Critical Assessment of Techniques for
Protein Structure Prediction (CASP) experiment are introduced
before a final outlook of the future of model assessment.
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A List of URLs to Some Relevant Internet Resources
Ref.

URL

Decoys ‘R’ Us
RAPPER
Skolnick lab

(72)
(73)
(17)

http://dd.compbio.washington.edu
http://mordred.bioc.cam.ac.uk/~rapper/decoys.php
http://cssb.biology.gatech.edu/skolnick/files/all-atom/

ROSETTA

N/A

http://www.bakerlab.org

Sali lab

N/A

http://www.salilab.org

DECOY SETS

PHYSICS-BASED ENERGIES
CHARMM
AMBER
GROMOS

(26)
(25)
(74)

http://www.charmm.org
http://amber.scripps.edu
http://www.igc.ethz.ch/gromos/

KNOWLEDGE-BASED POTENTIALS
VERIFY3D
TAP
FRST
ANOLEA
DFIRE
PROSA-Web
PROQ
SIFT
HOPPscore
HARMONY

(75)
(58)
(76)
(77)
(41)
(78)
(21)
(79)
(80)
(81)

http://nihserver.mbi.ucla.edu/Verify_3D/
http://protein.cribi.unipd.it/tap/
http://protein.cribi.unipd.it/frst/
http://protein.bio.puc.cl/cardex/servers/anolea/
http://sparks.informatics.iupui.edu/hzhou/dfire.html
https://prosa.services.came.sbg.ac.at/prosa.php
http://www.sbc.su.se/~bjornw/ProQ/ProQ.cgi
http://sift.cchmc.org
http://hoppscore.lbl.gov/run.html
http://caps.ncbs.res.in/harmony/

4.2 Protein Structure Prediction
The aim of protein structure prediction is to build a 3D model
for a protein of unknown structure (target) either using ab-initio
methods (i.e. template-free approaches) or on the basis of sequence
similarity to proteins of known structure (i.e. template-based
approaches such as comparative modeling or threading). Chapter 1
in this book provides a comprehensive introduction to protein
structure prediction.
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Since the accuracy of a protein structure model determines its
usability,4 two basic conditions must be met to build a useful 3D
model. First, an accurate model needs to be built based on the correct
template and approximate correct alignment. Second, a reliable score
for the model has to be computed to assess its accuracy. Thus, the aim
of the second step is to predict errors in models produced in the first
step. Next, we outline some of the typical errors in protein structure
models. The first two types or errors are specific of template-based
approaches while the rest also apply to template-free approaches:
Template selection. The initial step in template-based protein structure
prediction is the selection of a template structure. Although selecting
the incorrect template is a major error affecting models based on very
low sequence identity to their templates (i.e. under ~25% sequence
identity), current model assessment methods are usually able to reliably detect it.
Misalignments. One of the largest sources of errors in models from
template-based approaches is the incorrect alignment between the target
and the template sequences. Such errors affect models based on ~40%
or less sequence identity to the closest template(s). The use of multiple
sequence alignments, multiple templates and iterative model-building
and target-template alignment modification may alleviate such errors.
Template-free modeling. Segments of the target sequence that have no
equivalent region in the template structure (i.e. whole protein for
template-free modeling or insertions in template-based modeling) are
the most difficult regions to model.
Rigid body shifts. As a consequence of sequence divergence there is a
natural diversity between two homologous sequences. One type of
structural diversity is the rigid distortion of parts of the models. The
use of multiple templates may reduce such error.
Side chain packing. The correct packing of side-chain atoms is essential for high-resolution modeling where the resulting models may be

Assessment of Protein Structure Predictions

5

used for docking of small molecules. Therefore, methods for predicting the detailed accuracy of a model are becoming even more important in the advent of a large number of determined structures and the
use of models for the docking of small molecules.24
Fortunately, during the last decade, the development of more
accurate fold assignment and target-template alignment methods
together with the use of multiple sources or structural information are
mitigating the errors in protein structure models.

4.3 Model Assessment
Protein structure model assessment addresses the general question of
how accurate a model is. More specialized questions include: (i) evaluating whether or not the model has the correct fold, (ii) selecting the
most accurate model from a set of decoys or alternative solutions,
(iii) estimating the overall accuracy of a model (i.e. defining a score that
correlates with the RMSD after superimposing a model and its native
structure), and (iv) estimating the accuracy of different regions in a
model. In the next sections we introduce the four types of available
approaches for model assessment, which are used to address some or all
of the problems mentioned above: physics-based energies, knowledgebased potentials, combined scoring functions, and clustering approaches.
Table 4.1 provides a list of relevant accessible Internet resources.

4.3.1 Physics-based energies
Molecular mechanics energy functions with solvation models are the
usual components of physics-based energies. Generally speaking,
chemical force fields are functional forms encoding a set of parameters for describing the energy of a system of particles. The function
and the parameters describing a force field are usually derived both
from experimental observations and quantum mechanical calculations. A basic representation of a force field energy function depends
on two main contributions: a term describing the energy from chemical bonds between the atoms in the system and a term describing the

6

Computational Structural Biology

interactions between non-bonded atoms in the system. The first term
depends on the distances, angles, and dihedral angles between
bonded atoms in the molecule. The second term depends on the electrostatic and van der Waals interactions between non-bonded atoms
in the molecule. Such energy scores have been classically developed as
part of molecular mechanics simulation packages such as AMBER,25
CHARMM,26 MM-PBSA,27 or GROMOS.28 However, some
physics-based approaches, which are outlined next, have also been
used for ranking structural decoys.10,17,19,29–32
Lazaridis and Karplus applied an effective energy function (EEF1)
combining the CHARMM 19 force field with a Gaussian model for
solvation free energy to discriminate native structure on a dataset of
650 decoys for six proteins.10 The results showed that the native state
was always more stable than any of the misfolded structures and
molecular dynamics simulation reduced the free energy gap between
near-native and misfolded structures.
The all-atom version of the Optimized Potential for Liquid
Simulations (OLPS),33 combined with the Surface Generalized Born
(SGB) method, was used to discriminate near-native conformations in
a set of 49 000 minimized decoy structures for 32 proteins.18 This
energy function was able to correctly identify the native structure
within the decoy set in 70% of the tested proteins. The analysis also
highlighted the contribution of the solvation free energy in the detection of the native-like structure.
A Molecular Mechanics-Poisson Boltzmann Solvent Accessible
Surface Area (MM-PBSA) model was recently used to calculate the
free energy of a protein loop structure as a surrogate of the similarity
of the decoy to its native structure.27 The results from such simulations indicated that the MM-PBSA free energy estimator was able
to detect native-like structures for 81% of the decoy sets. Moreover
the use of the colony energy approach34 reduce the MM/energy
dependency on minor conformational changes. Thus, the authors
were able to correlate free energy scores with the root mean square
deviation (RMSD) of a decoy set with respect to the native structure.
Recently, Maupetit and colleagues22 proposed a coarse-grained
optimized potential for efficient structure prediction (OPEP). Their
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method was able to detect native conformations in 83% of the 29 test
proteins with more than 28 000 decoy structures.
Finally, an updated version of the AMBER force field,17 with terms
representing the solvation contribution, was tested for its ability in
identifying near-native structures for 150 target proteins within a set
of 14 000 decoy structures. The authors concluded that the ability of
the method for identifying near-native structures in the decoy set
decreased with the time of molecular simulation of the decoys. This
version of AMBER was able to detect 100% of near-native structures
after only minimizing the structural decoys (i.e. with no molecular
mechanics simulation). However, the accuracy decreased to ~70%
after a small simulation of 200 picoseconds and to ~30% for 2 nanoseconds simulations. Therefore, such results indicate that molecular
mechanics force fields are able to identify near native structures but
cannot drive the simulation towards the native conformation of the
protein. The authors of the study also concluded that the native structure often does not appear to be in the lowest free energy state.17 As
of today, the refinement problem (i.e. the ability to move the coordinates of a protein structure prediction towards its native conformation) has no generally applicable solution.
In summary, physics-based scoring functions provide good means
for selecting near-native structure models in a set of predicted decoys.
The introduction of solvation terms clearly improved the ability of
such force fields to discriminate between near-native and no-native
conformations. However, a universal energy function for model
refinement is still far from reach and the relative weight for each
energy term contribution may need to be optimized for each decoy
set under consideration.

4.3.2 Knowledge-based potentials
Statistical potentials, also called potentials of mean force, constitute
the main implementation of the knowledge-based potentials for
model assessment. In general terms, such potentials encode the statistical preferences of different residues or atom types to be exposed
to the solvent, or to interact with each other in a pair-wise or higher
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order fashion. Such preferences are normally extracted from a set of
selected structures, which represent the known structural space for
globular proteins. The basic hypothesis is that protein crystal structures contain a large amount of information describing the stabilizing
forces of protein folding, which can be extracted by using the following three assumptions of statistical mechanics: (i) protein folding can
be described by a free energy function, (ii) the conformation of a
system can be approximated by two-body interactions, and (iii) high
frequency conformations should correspond to low free energy structures. If such assumptions are true, it is then possible to derive an
atomic energy function for which the global minimum corresponds to
the observed native crystal structure.
Since the end of the 1970s, several authors have used such approximations to derive statistical rules from known protein structures.8,35–45
The main characteristic shared by most knowledge-based potentials
is the use of the inverse Boltzmann distribution to derive pseudoenergies from a non-redundant set of protein structures, which states
that the probability ( p(x)) of state x with energy ε(x) is:
p (x ) =

1 - e (x ) kT
e
Z

(1.1)

where k is the Boltzmann’s constant and T is the absolute temperature. The partition function Z, which can be considered the ground
state energy, is defined as:

Z = Â e - e(x ) kT

(1.2)

x

Thus, a general representation of the energy function is:
Ê p (x )obs ˆ
e(x ) = -kT log Á
˜
Ë p (x )exp ¯

(1.3)

where p(x)obs and p(x)exp are the observed and expected occurrences of
the state x respectively. The inverse of the equation (1.3) is then the
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pseudo-energy score of the knowledge-based potential, which calculates the energy relative to state x (ε(x)) using the distribution function p(x):
e(x ) = -kT log p (x ) - kT log Z

(1.4)

Although there has been debate about the physics basis of statistical potentials,46–48 it is assumed that the database of protein structures represents the conformational space of globular proteins in
thermodynamic equilibrium.
Several types of statistical potentials have been derived which
assess different structural features of models. Such potentials include
contact,8,23,37 distance,16,40,41,45,49 solvent accessibility,8,42,50 and a combination of solvent accessibility and pair-wise interaction.16,41,44,45,49,51
Next, we summarize a few particular implementations and applications of knowledge-based potentials for model assessment. Our list is
not exhaustive nor complete, but it highlights different
approaches for model assessment using knowledge-based potentials.
For a recent evaluation and reviews of such methods, see Sec. 4.5
within this chapter and references.52,53
Although significant work was done beforehand, knowledgebased potentials became more widely used after the work of Sippl in
the beginning of the 1990s.42,54 Sippl’s PROSA, a Cα/Cβ distancedependence potential that used a poly-protein of 230 different folds
for calculating the final Z-score of a model, was originally benchmarked using a set of 163 protein structures. The author concluded
that such potentials were accurate for detecting the native structure
for most available globular proteins. A new atomic-level statistical
potential based on atom-type definitions was later developed by Melo
and Feytmans.49 Using such an approach, it was possible to obtain
average frequencies of pair-wise contacts about 15 times higher than
the ones obtained using reduced representations for each amino acid.
Similarly, Samudrala and Moult45 developed a residue specific all-atom
probability discriminatory ratio (RAPDF), which resulted in a better
discrimination of native models compared to other simplified protein
representations and illustrated the importance of using a detailed
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atomic description of the system. Similar conclusions were obtained
by Lu and Skolnick16 using their heavy-atom potential for discriminating native from near-native structures in a set of decoys. The
authors pointed out that their atomic potential tended to pick lower
RMSD structures being able to discriminate the native structure in
87% of 119 protein decoy sets. A significant improvement of such
atomic-based potentials was later obtained by using a mathematical
programming approach.55 Qiu and Elber compared the performances
of their potential with other existing methods, concluding that their
potential reached similar accuracy using a much smaller number of
parameters.
More recently, the development of alternative reference states (i.e.
p(x)exp in equation 1.6) for assessing random interactions has lead to
significant improvements in the final accuracy for assessing a protein
structure model. For example, a distance-scaled finite ideal-gas reference state was used to derive the DFIRE potential.41 On average,
DFIRE all-atom potential identified the native structure for 84% of the
32 decoys sets used in its benchmark. In a subsequent work, Zhou and
co-workers showed that a reduced description of the original DFIRE
potential resulted in a similar success rate as its all-atom potential for
ranking native structures in a benchmark of 96 decoy sets.56 Similarly,
the DOPE potential,44 which uses a reference state based on noninteracting atoms in a homogeneous sphere with the radius dependent
on a sample native structures, resulted in a higher accuracy than
DFIRE, recognizing 87% of the native structures in the 32 decoy sets.
Finally, a new kind of knowledge-based potentials considering the
relative orientation of different residue atoms has recently flourished.57–60 Although the orientation-dependence potentials have not
yet been extensively tested, their large-scale application together with
coarse-grained protein representations could be very promising.
In summary, knowledge-based potentials, which use empirical
observations of proteins of known structures, have proved useful for
assessing the accuracy of protein structure models. The use of different reference states together with multi-body representations of protein structures may finally meet the needed accuracy for large-scale
protein structure assessment.
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4.3.3 Combined scoring functions
To improve the accuracy of methods for assessing the accuracy of protein structure models, several scoring functions have been developed
using a weighted combination of individual scores from physics
and/or knowledge-based approaches.21,55,60–64 Such scores have been
shown to increase the ability to discriminate incorrect models from
correct models compared to their individual input scores.64,65
However, combined scoring functions require the optimization of
weights and parameters for each individual input score. As a result,
the optimized scoring functions are very dependent on the training
set of models used for their derivation. Next, we outline some such
approaches developed in the last few years.
The ProQ program implements a neural-network that combines
several structural features calculated from the assessed model.21 Such
features include: atom- and residue-based contact potentials, predicted and model secondary structure agreement, solvent accessible
surface, fraction of modeled protein, Cα-Cα distance discrepancy
between the model and the used template, and protein shape. ProQ
was able to detect the correct protein structure model for 62% to 77%
of several LiveBench decoy sets.66
A Support Vector Machine learning approach was implemented
in the SVMod score.64 SVMod was trained in regression mode taking into account different individual input scores including: three
MODPIPE scores, two secondary structure agreement scores, and
the DOPE all heavy atom score. The optimal SVMod score was able
to select protein structure models on average ~0.45Å apart from the
closest model to the native structure in a set of 300 protein structure
decoys from 20 target proteins.
Similar to the work by Eramian and co-workers, Benkert and coworkers recently developed a linear combination of individual scores in
the QMEAN program.60 QMEAN combined a coarse-grained torsion
angle potential, a secondary structure specific distance-dependent pairwise potential, a solvation potential and two terms accounting for the
agreement between the model and predicted solvent accessibility and
secondary structure from sequence. The QMEAN score was tested on
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a large set of 22 420 models of 95 target proteins from CASP.67
QMEAN was favorably compared with other existing methods showing a statistically significant improvement in the detection of the native
structure and in discriminating between correct and incorrect protein
structure models.
In summary, combined scoring functions are able to capture particular structural features from models that may have been detected
by each individual score. Therefore, such approaches leverage the
input information towards the final goal of detecting the most accurate model in a pool of possible solutions.

4.3.4 Clustering approaches
One of the most challenging tasks in protein structure model assessment is to devise a score that correlates with the actual accuracy of
the model. One would hope that a perfect scoring function would
assign favorable scores to models that are structurally similar to their
native structure. Unfortunately, this is not usually the case, and current scoring functions, either physics-based, knowledge-based, or a
combination of both, do not always favorably score models close to
the native structure. However, when some correlation between the
score and the model accuracy exists, structurally comparing all models from independent structure predictions of the same sequence may
help in selecting the most accurate model in a set of possible solutions. In other words, an accurate scoring function should more
often produce a structural conformation near the native structure
than a misfolded structure. This hypothesis has recently been
exploited in different implementations of the so-called clustering
approaches.20,68–70
Shortle and co-workers first applied a clustering approach for predicting the accuracy of models from 10 small proteins in sets of 500
to 1000 ensemble models of low-energy.20 The authors demonstrated
that the conformation with the largest number of models within 4Å
RMSD was closer to the native structure than were the majority of
models from other clusters in the ensemble. The same approach was
later efficiently used in the 4th CASP experiment.69
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More recently, a new cluster-density method, which weighted the
final score of a model using the mean RMSD of its conformation
respect to the other ones in the decoy set, was implemented in the
self-RAPDF method.68 The results demonstrated that the use of the
density scoring function increased the number of selected near-native
conformations from 75% to 92% with respect to the RAPDF method.
A large-scale benchmarking of a clustering-based approach was
recently carried out using the SPICKER strategy70 over a 1489 decoy
sets of up to 280 000 models generated by the TASSER program.62
The results indicated that the top five identified conformations had
RMSD values in the top 1.4% of all decoys. The results also indicated
that for 78% of the 1489 target proteins, the difference in RMSD
from their native conformation to the selected model and RMSD
from native to the absolutely best individual model in the decoy was
below 1Å.
In summary, the information from an ensemble of decoy conformations can be used to derive statistical probabilities, which facilitate
the identification of near-native structures in a set of possible solutions. However, as it is evident from the conceptual implementation
of clustering approaches, their final accuracy depends on the quality
of the scoring functions used to generate the ensemble of conformations. In other words, an inaccurate scoring function will result in an
inaccurate conformation selection by clustering. Another limitation of
clustering approaches is their inability to assess the quality of a model
on its own.

4.4 Evaluation of Model Quality
Assessment Methods
In the seventh edition of the CASP experiment, a new category was
introduced with the aim of blindly evaluate methods for model
assessment.52 The new category, named Model Quality Assessment,
introduced two measures, evaluating assessment methods at the
whole model and at the residue level.
A total of 23 864 models from 95 different target sequences were
assessed by 28 different model assessment methods. The model quality
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assessors concluded that the Pcons program (65 and CASP7 special
issue), which uses the ProQ method for model assessment, was able
to constantly select models with near-native conformation. Although
not with statistical significance, due to the limited number of groups
participating in the residue-by-residue assessment category, the same
method seemed able to identify reliable regions of models in a reasonable number of cases. However, as mentioned above, consensusbased methods, such as Pcons, rely in an ensemble of solutions to
score individual models. Lee and co-workers (see CASP7 special
issue) were able to identify good quality models based only on a nonrelative score. Their strategy consisted of blindly relying on their own
protein structure predictions. All assessed models were structurally
compared with the model of the same target produced by their own
method. The final assessment score corresponded to the structural
distance of the assessed model to their model.
The strategy by Lee and co-workers resulted in good assessments
because their models were consistently accurate for most of the targets in CASP7. Current methods can effectively select accurate models from a set of decoys or ensemble conformations. However, a
substantial improvement of methods for evaluating regions of a
model as well as assessing the absolute quality of a model on its own
is still needed.

4.5 Future Outlook
Despite the large amount of sequence and structure information available and the ever increasing interest of the protein structure community
in a reliable 3D structure assessment method, the quest for a perfect
scoring function is still open.53 Currently, the most reliable methods can
reasonably select near-native conformations from a decoy set of possible
conformations. However, three unsolved tasks lie ahead, to: (i) refine a
protein structure model towards its native structure, (ii) reliably predict
the absolute accuracy of a model, and (iii) identify regions or residues in
a model most likely to contain errors.
During the past years, the most successful approaches for model
assessment have relied on either combining individual scores (Sec. 4.3.3)
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and/or clustering by structure similarity the resulting ensemble of
predicted models (Sec. 4.3.4). However, such approaches do not add
to our basic knowledge of the molecular mechanisms by which proteins adopt their native conformations. One can expect that imperfect
individual score functions will hamper both, combined and clustering-based scoring functions. Therefore, a more reliable scoring function based on physics (Sec. 4.3.1) and/or empirical observations
(Sec. 4.3.2) is clearly needed. Such a scoring function will have to
address outstanding open problems such as:
Solvation. One of the major forces towards the folding of a protein is
the initial hydrophobic collapse. However, none of the existing methods for protein structure simulation (including those for model assessment) are able to accurately model the effect of water on the protein
structure.
Topological determinants. Characterizing the properties of short-tomedium range interactions is needed for elucidating the topological
determinants of a protein fold.
Side-chain packing. Although successful methods for protein structure prediction may use a reduced representation of protein structures, which usually simplifies side-chains as single pseudo-atoms,
the correct modeling of interaction in the core of proteins will be
required for high-resolution protein structure prediction. Such level
of details will also be needed for assessing the accuracy of models for
protein-protein and/or protein-ligand interactions.
Protein structure flexibility and disorder. Current methods for model
assessment do not include data about unstructured parts of proteins
Therefore, the use of such information will likely result in more accurate
scoring functions for model assessment.
Small, multi-domain, and non-globular proteins. Most of the methods
introduced here were developed to assess single domain globular
protein models. Therefore, the average accuracy of such methods
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significantly drops when applied to models very small or multi-domain
proteins and to disordered or transmembrane proteins.

Detailed knowledge-based potentials. The rapid increase of structures
deposited in the Protein Data Bank,71 due in part to the Structural
Genomics initiatives, allows the inclusion of multi-body terms in statistical potentials. Such detailed knowledge-based potentials are likely
to result in more accurate methods for model assessment.
The increasing interest of the computational structural biologist in
addressing such problems and the opportunity to blindly test their
methods in an automatic, large-scale, and (hopefully) continuous
manner will push the fields of model assessment and protein structure
prediction towards very interesting and challenging times.
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