
SHORT COMMUNICATION

Development and Benchmarking of TASSERiter for the
Iterative Improvement of Protein Structure Predictions

Seung Yup Lee and Jeffrey Skolnick*

Center for the Study of Systems Biology, Georgia Institute of Technology, Atlanta, Georgia 30318

ABSTRACT To improve the accuracy of
TASSER models especially in the limit where
threading provided template alignments are of poor
quality, we have developed the TASSERiter algo-
rithm which uses the templates and contact
restraints from TASSER generated models for itera-
tive structure refinement. We apply TASSERiter to a
large benchmark set of 2,773 nonhomologous single
domain proteins that are � 200 in length and that
cover the PDB at the level of 35% pairwise sequence
identity. Overall, TASSERiter models have a smaller
global average RMSD of 5.48 Å compared to 5.81 Å
RMSD of the original TASSER models. Classifying
the targets by the level of prediction difficulty
(where Easy targets have a good template with a
corresponding good threading alignment, Medium
targets have a good template but a poor alignment,
and Hard targets have an incorrectly identified
template), TASSERiter (TASSER) models have an av-
erage RMSD of 4.15 Å (4.35 Å) for the Easy set and 9.05
Å (9.52 Å) for the Hard set. The largest reduction of
average RMSD is for the Medium set where the
TASSERiter models have an average global RMSD of
5.67 Å compared to 6.72 Å of the TASSER models.
Seventy percent of the Medium set TASSERiter mod-
els have a smaller RMSD than the TASSER models,
while 63% of the Easy and 60% of the Hard TASSER
models are improved by TASSERiter. For the fold-
able cases, where the targets have a RMSD to the
native <6.5 Å, TASSERiter shows obvious improve-
ment over TASSER models: For the Medium set, it
improves the success rate from 57.0 to 67.2%, fol-
lowed by the Hard targets where the success rate
improves from 32.0 to 34.8%, with the smallest
improvement in the Easy targets from 82.6 to 84.0%.
These results suggest that TASSERiter can provide
more reliable predictions for targets of Medium dif-
ficulty, a range that had resisted improvement in
the quality of protein structure predictions. Pro-
teins 2007;68:39–47. VVC 2007 Wiley-Liss, Inc.
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INTRODUCTION

Despite several decades of research, the ability to pre-
dict a protein’s native structure from its sequence
remains an unsolved problem.1–4 Conceptually, there are
three basic approaches to protein structure prediction:
comparative modeling,5–8 threading,9–11 and ab initio or
template free (TF) methods.12–14 Comparative modeling
provides accurate structures when the target sequence
of a protein is evolutionarily related to a template which
has a solved structure in the current PDB library.15

Threading is designed to extend comparative modeling,
with the goal of being able to identify template proteins
having similar folds as the target sequence irrespective
of their evolutionarily relationship.16 Since ab initio or
TF methods do not employ information from related pro-
tein structures, in principle, TF approaches can be
applied to those targets where no related protein in the
PDB can be identified.17

Compared with TF approaches, comparative modeling
and threading methods have been most successful meth-
ods because of the fact that they incorporate significant
information from the identified template structures. Sev-
eral studies have found that the current PDB library of
solved protein structures could provide good quality tem-
plates for all compact single domain proteins, i.e., it is
complete.18–21 Zhang and Skolnick showed that the sin-
gle domain protein structure prediction problem could be
solved using the current PDB library, if there were suffi-
ciently powerful fold recognition algorithms to identify
the correct templates with proper alignments in the
library.22 However, in practice, for about 1/3 of proteins
that are at weakly homologous to proteins in the PDB,
appropriate templates cannot be identified. While the ac-
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curacy of optimized energy functions has substantially
increased with a concomitant improvement in structure
prediction accuracy, such energy functions do not in gen-
eral have a global free energy minimum in the native
state.23–26

The protein structure prediction algorithm, TASSER
(Threading/ASSEmbly/Refinement), has achieved a rea-
sonable level of success for targets that are weakly ho-
mologous to templates in the PDB, has demonstrated
the ability to refine protein structures over their initial
threading provided template alignments in comprehen-
sive PDB benchmarking, and has been applied to predict
the tertiary structure of all identified GPCRs in the
human genome, with promising results for benchmark-
ing of membrane proteins of known structure.27–30 The
original version of TASSER uses template alignments
from the threading algorithm, PROSPECTOR_331 and
then refines the structures from these initial templates.
For example, in a previous benchmark test composed of
1489 nonhomologous single domain proteins, TASSER
showed the ability to fold two-thirds of all non- and
weakly homologous proteins <200 residues in length28

and provided models of significantly higher accuracy
than those of the initial threading templates. One-third
of all non- and weakly homologous proteins are not suc-
cessfully predicted, where most of them have either cor-
rect templates with poor alignments or incorrect tem-
plates/alignments. Therefore, to fold the remaining one-
third of proteins, a better protein structure prediction
algorithm is needed.
As previously noted, TASSER’s performance is best

when a reasonable structure and corresponding align-
ment is provided as input. Although some success in the
template free limit has been seen in large scale bench-
marking,32 its accuracy is dramatically less. Generally,
the higher is the quality of the input template, the bet-
ter is TASSER’s improvement. If we run TASSER with
better quality templates, TASSER could provide more
reliable predictions. In addition, TASSER uses side chain
contact information predicted by PROSPECTOR_3. For
weakly homologous proteins, even under the best of cir-
cumstances, only about 45% of these threading predicted
contacts are accurate. When TASSER builds a model, of-
ten there are a significant number of unsatisfied con-
tacts. Especially for templates of Medium difficulty, the
number of threading predicted contacts is small and
they are of lower accuracy. Thus, they at best can only
weakly drive an effective conformational search. For
Hard targets, the contact prediction accuracy is even
lower and their number is smaller. The fraction of accu-
rately predicted contacts and fraction of accurate con-
tacts per residue of Medium (Hard) targets are about
0.37 (0.33) and 0.46 (0.37) which are smaller than the
values of 0.42 and 0.82 for the Easy targets. If we could
provide a greater number of consistent and accurate con-
tacts to TASSER, we could improve the accuracy of
TASSER models.
In this work, to improve structure prediction accuracy,

we propose the TASSERiter procedure that directly uses

template and side chain contact restraints from TASSER
generated models (not those predicted from PROSPEC-
TOR_3, but the set of structures that are the predictions
of TASSER). Since the accuracy of the most TASSER
models is higher than that of initial PROSPECTOR_3
threading, we generate TASSER-based templates by
using the concept of consensus core structures developed
in previous work.33 We apply TASSERiter to a compre-
hensive, large scale benchmark set consisting of 2773
nonhomologous single domain proteins (� 200 residues)
that covers the PDB and whose maximum pairwise
sequence identity < 35%. We refer to this as the
PDB200.2 set. This representative benchmark set has
2,773 single domain proteins of which 846, 550, and
1377 are all a-, all b-, and a/b proteins, respectively. We
compare TASSERiter models with the original TASSER
models as well as the initial templates from PROSPEC-
TOR_3 generated subject to the restraint that the tar-
get-template sequence identity <30%> In practice, the
mean target-threading template sequence identity is
about 17%.

MATERIALS AND METHODS

The original version of TASSER consists of template
identification from the threading algorithm PROSPEC-
TOR_3, structure assembly, and final model selection. To
improve accuracy, TASSERiter employs the templates
and contact restraints generated from the TASSER mod-
els. Except for the use of TASSER-based templates and
contact information, TASSERiter follows the same proce-
dure as TASSER for structure assembly and final model
selection. Since detailed descriptions of TASSER are
available elsewhere,22,27,28 here we just provide a brief
overview.

Template Identification

TASSERiter uses the templates and contact informa-
tion generated from TASSER models for the further
improvement of accuracy of TASSER models. In
TASSER, a template is composed of aligned regions iden-
tified from PROSPECTOR_3; here, to generate the input
templates for TASSERiter, we need to identify the aligned
regions among the TASSER models. Typically, a TASSER
model is selected by the structural clustering program,
SPICKER.34 From the TASSER folding trajectories,
SPICKER identifies the rank one center structure as
that having the most neighboring structures within a
RMSD threshold. Therefore, the first cluster is a group
of structures including the rank 1 center structure and
all its neighbors. The second cluster is similarly identi-
fied after all the structures in the first cluster have been
removed. Because of its higher accuracy, we use the clus-
ter centroid, defined as the average structure obtained
by superimposing all cluster members onto the cluster
center structure, as the predicted structure. By such
repeated clustering, SPICKER usually provides up to
the top five rank clusters for which each cluster centroid
structure is selected as the TASSER model.
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To identify the consensus regions of each TASSER
model for generation of TASSERiter input templates, we
need at least one more structure. As previously
explained, each TASSER model has neighboring struc-
tures in its cluster; therefore, by calculating the RMSD
between the TASSER model and all its neighbors, we
find the structure with the smallest RMSD to the
TASSER model, the ‘‘closest’’ model. Then, we superim-
pose the closest structure onto the TASSER model (the
cluster centroid structure) and calculate the distance
d(i), between the ith Ca atom pairs The ith residue is
assigned as a core residue if d(i) is less than a cut-off
distance, rcut. By adjusting rcut, all TASSER-based tem-
plates consisting of core residues have about 90% cover-
age. This set of residues comprises the consensus
TASSER template motif.

Structure Assembly

A protein is represented by its Ca atoms and side
chain centers of mass. The templates consisting of the
aligned regions (the identified regions from PROSPEC-
TOR_3 in TASSER and core regions in TASSERiter) pro-
vide the continuous structural fragments for reassembly.
An initial full-length model is prepared by connecting
the continuous template fragments by a random walk of
Ca-Ca lattice bond vectors, since structural information
for unaligned regions is not available. From the initial
full-length model, conformational space is explored by
Parallel Hyperbolic Monte Carlo Sampling35 where 40
replicas are used irrespective of protein length. Two
kinds of conformational updates are implemented: (1)
Off-lattice movements involving rigid fragment transla-
tion and rotations. (2) Lattice confined unaligned resi-
dues experience two- to six-bond movements and multi-
bond sequence shifts.

Final Model Selection

SPICKER provides up to top five TASSER models for
a target protein. Therefore, we generate five TASSER-
based templates from these five TASSER models. Each
of the five TASSER-generated template structures is in-
dependently simulated in a TASSERiter run. Then, we

submit all TASSERiter trajectories from the five TAS-
SERiter runs to SPICKER, which provides the top five
TASSERiter models. To assess the predictive ability of
TASSERiter, we compare the best among the five TAS-
SERiter models with the best among the five TASSER
models as well as the best initial PROSPECTOR_3
threading templates.

RESULTS AND DISCUSSION
TASSERiter Refinement

As previously mentioned, the original version of
TASSER uses the template and side chain contact infor-
mation predicted from PROSPECTOR_3. PROSPEC-
TOR_3 categorizes target proteins as Easy, Medium, and
Hard sets according to the threading score significance
and the consensus of template alignment. The Easy set
target satisfies the condition that PROSPECTOR_3 has
at least one significant hit with a Z score (the energy in
standard deviation units relative to mean) >15 or it has
at least two consistent hits of Z score >7. If PROSPEC-
TOR_3 has a hit with a single template with 7 < Z < 15
or it has multiple hits with templates lacking a signifi-
cant consensus region, this target is assigned to the Me-
dium set. Finally, the Hard set is targets that are not
assigned to the Easy and Medium sets. This indicates
the relative confidence in the accuracy of predicted tem-
plates; therefore, we note that all of Easy targets are not
trivially identified with high accuracy by threading. In
previous work, Zhang and Skolnick showed that the ma-
jority of Easy, Medium, and Hard sets have correct tem-
plates/alignments, correct templates with poor align-
ments, and incorrect templates/alignments, respec-
tively.28

For the 2,773 single domain benchmark proteins,
PROSPECTOR_3 assigns 1,887 to the Easy set, 195 to
the Medium set, and 691 to the Hard set. The mean tar-
get-threading template sequence identities for the Easy,
Medium, and Hard sets are about 19, 16, and 13%,
respectively. In Table I, we calculate the average RMSD
to the native of the initial threading templates from
PROSPECTOR_3, TASSER models, and TASSERiter

models. Overall, the average RMSD of the TASSER mod-
els is 5.08 Å/5.81 Å over the aligned regions and entire

TABLE I. Comparison of TASSERiter Models with TASSER Models and Initial Template Structures

Ntargets
a

RMSD to the native (Å)

Tali
b MTA_ali

c MTAi_ali
d MTA_all

e MTAi_all
f

Easy set 1887 5.77 3.60 3.44 4.35 4.15
Medium set 195 9.13 6.18 5.23 6.72 5.67
Hard set 691 12.15 8.82 8.37 9.52 9.05
Total 2773 7.59 5.08 4.79 5.81 5.48

aNumber of target proteins in each category.
Average RMSD to the native structures for: bBest initial templates from PROSPECTOR_3, cTASSER, and dTASSERiter models over the same
aligned regions as provided by threading.
eRMSD of the TASSER models over the entire chain.
fRMSD of the TASSERiter models over the entire chain.
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molecule respectively, while the threading templates
have an average RMSD of 7.59 Å over the aligned
region. In all cases by the term ‘‘aligned region’’ we refer
to the set of residues identified in the original PROSO-
PECTOR_3 alignment. TASSERiter models have a
smaller average RMSD of 4.79 Å/5.48 Å over the aligned
region/entire molecule than that of the TASSER models.
This shows that the TASSERiter models are closer to the
native structure than either the TASSER models or the
initial templates.
For the Easy set, the average RMSD of THE TASSERiter

models is reduced to 3.44 Å/4.15 Å from 3.60 Å/4.35 Å of
the TASSER models over the aligned region/entire mole-
cule. For the Medium and Hard sets, the average RMSD of
TASSERiter (TASSER) is 5.23 Å/5.67 Å (6.18 Å/6.72 Å) and
8.37 Å/9.05 Å (8.82 Å/9.52 Å), respectively. The TM-score is
also a measure of similarity of the global protein structural
similarity ranging from [0,1], with 0.17 the average value
of a pair of random structures independent of chain length.
A TM-score of 1.0 means that two structures are identical.
For the Easy, Medium, and Hard sets, the average TM-
score of TASSERiter (TASSER) models is 0.740 (0.732),
0.513 (0.494), and 0.433 (0.427), respectively. Irrespective of
target difficulty, not only does TASSER clearly show an
improvement over the initial templates but TASSERiter also
makes TASSER models closer to the native.
Figure 1 shows a histogram of the cumulative fraction

of the RMSD difference between TASSERiter and TASSER
models, DRMSD (RMSDTASSER

iter � RMSDTASSER) for the
Easy, Medium, and Hard sets. We find that TASSERiter

refines 70% of the Medium set TASSER models closer to
native, while the RMSD becomes smaller for 63 and 60%
of the Easy and Hard sets. Among the improved cases,
65% of the Medium set targets show an improvement in
DRMSD of more than 0.5 Å; the corresponding numbers
for the Easy and Hard sets are 34 and 59%, respectively.

In previous work, TASSER provided obvious improve-
ment for the poorer quality initial templates that mainly
belong to the Medium and Hard sets. These substantial
RMSD reductions by TASSER are caused by the conver-
sion from unphysical template alignments to geometri-
cally acceptable models followed by optimization using a
physically reasonable potential.27,28 It is quite interest-
ing that TASSERiter also shows large RMSD reductions
for Medium and Hard set proteins (especially, the
improvement of TASSERiter is more pronounced for the
Medium set).

As previously noted, PROSPECTOR_3 provides the
predicted side chain contact restraints in addition to the
fragments. However, in practice, all predicted contacts
are not satisfied and in the TASSER generated structure
the resulting contacts are a compromise between the
contact predictions and the potential. Thus, depending
on their accuracy, there can be considerable energetic
frustration. We calculate the fraction of satisfied contacts
(Rsat) by

Rsat ¼ Nc;s

Nc;i
ð1Þ

where, Nc,s is the number of satisfied contacts existing
in both the initial contact restraints and the final models
and Nc,i is the total number of contacts existing in initial
contact restraints. Rsat for TASSER and Riter

sat for
TASSERiter show the fraction of satisfied contacts bet-
ween initial contacts predicted from PROSPECTOR_3
and TASSER models and between initial contacts directly
from TASSER models and TASSERiter models, respec-
tively. We also calculate the fraction of satisfied contacts
per residue (fsat ¼ Nc,s/Nres, where Nres is the sum of the
number of residues in all target proteins). In Table II,
we show the average fraction of satisfied predicted con-

Fig. 1. Histogram of cumulative fraction of DRMSD (RMSDTASSER
iter� RMSDTASSER) for the Easy,

Medium, and Hard set proteins. The improved case is that when the RMSD of TASSERiter models is smaller
than that of TASSER model, while the worse case is that when the RMSD of TASSERiter models is larger
than that of TASSER model.
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tacts (Rsat) and the average fraction of satisfied contacts
per residue (fsat) of Easy, Medium, and Hard sets for
TASSER and TASSERiter. In TASSER, PROSPECTOR_3
provides the largest Rsat for the Easy set (0.42) followed
by the Medium (0.37) and Hard (0.33) sets. Moreover, in
the Easy set, the fraction of satisfied contacts per resi-
due, is 0.82, while in the Medium and Hard sets, fsat ¼
0.46 and 0.37 respectively. For TASSERiter, the Easy set
has an Riter

sat (fitersat) of 0.84 (1.35), while the Medium and
Hard sets have a Riter

sat (f
iter
sat) of 0.71 (1.02) and 0.60 (1.03).

Obviously, TASSERiter has a larger number of satisfied
contacts than that TASSER, irrespective of target class.
For the Easy set, TASSER already provides well-

refined models with moderate accuracy because PRO-
SPECTOR_3 provides accurate templates and align-
ments to the majority of cases. The set of predicted con-
tacts are more consistent and there are a large number
of them. Thus, the opportunity for further refinement by
TASSERiter is relatively small. On the other hand, PRO-
SPECTOR_3 predicted contacts that are inconsistent
and fewer in number for the Medium and Hard targets.
Therefore, by increasing the number of consistent con-
tacts, we are reducing the energetic frustration and the
conformational search can be more efficient in finding
better quality structures. For this situation, the TASSER
models are improved by TASSERiter. Mostly, the quality
of TASSERiter input templates from TASSER models of
the Hard set are mostly worse than those of the Medium
set, so that the improvement of TASSERiter with reas-
sembly and increased number of satisfied contact
restraints are more pronounced to the Medium set.
In Figure 2 (a–f), we show representative examples

showing the improvement of TASSERiter. In Figure 2(a,b)
(Easy set), the TASSER model (1GUXB, 141 residues)
has a RMSD to native of 10.7 Å and Rsat (fsat) of 0.56
(0.84). After TASSERiter, RMSD and Riter

sat (fitersat) become
3.9 Å and 0.70 (1.29). In Figure 2(c,d) (Medium set), the
TASSERiter (1YWUA, 125 residues) model has an
improved RMSD of 6.2 Å and Riter

sat (fitersat) of 0.62 (1.22),
when compared with 11.2 Å and 0.39 (0.67) of TASSER
model. In Figure 2(e,f) (Hard set), TASSERiter (1LN4A,

98 residues) has a smaller RMSD of 4.0 Å and a higher
Riter

sat (fitersat ) of 0.65 (0.97) than 10.7 Å and 0.34 (0.50) of
the TASSER model. Note that the improvement is con-
sistent across all secondary structural classes.

Figure 3(a–f) shows the RMSD distribution to native of
the initial templates, TASSER and TASSERiter models
over the same aligned region and entire chain. We define
a foldable case when the RMSD to the native is less than
6.5 Å. For all three classes of target difficulty, as previ-
ously,27,28 TASSER outperforms the initial PROSPEC-
TOR_3 results. TASSERiter also provides better perform-
ance than TASSER. For the Easy set, the fraction of fold-
able targets for TASSERiter (TASSER) models is 0.840
(0.826). For the Hard set [Fig. 3(e,f)], TASSERiter also
increases the fraction of foldable cases from 0.320 of
TASSER models to 0.347. The improvement between
TASSER and TASSERiter in the Easy and Hard sets is
less than that for the Medium set [Fig. 3(c,d)], where the
success rate for foldable cases of TASSERiter models of
0.627 is larger than the 0.567 of TASSER. Therefore, we
conclude that TASSERiter significantly improves the accu-
racy of target proteins belonging to the Medium set rather
than the Easy and Hard sets. Overall, TASSERiter

increases the fraction of foldable cases from 0.682 of
TASSER to 0.710.

We applied MODELLER15,18 from PSI-BLAST36 align-
ments for comparison with TASSERiter models using the
same PDB library. We consider three cases for this com-
parison: First, if PSI-BLAST recognizes the same tem-
plates as PROSPECTOR_3 with an E-value < 0.001, we
use this alignment for MODELLER input (Case 1). Sec-
ond, if PSI-BLAST does not recognize the same template
as PROSPECTOR_3 does, we choose the alignment hav-
ing the lowest E-value among alignment pairs having an
E-value < 0.001 and a pairwise sequence identity <30%
(Case 2). Third, if a template with an E-value < 0.001
and a pairwise sequence identity < 30% cannot be found
in our template structural library, we consider that PSI-
BLAST fails.

In the benchmark set of proteins, there are 1887 in
the Easy set, 195 in the Medium set, and 691 in the

TABLE II. Fraction of Satisfied Contacts in TASSER and TASSERiter

TASSER TASSERiter

Rsat
a fsat

b (contact/residue) Riter
sat

c f itersat
d (contact/residue)

Easy set 0.42 0.82 0.84 1.35
Medium set 0.37 0.46 0.71 1.02
Hard set 0.33 0.37 0.60 1.03

aAverage fraction of satisfied predicted contacts per predicted contact in the TASSER model (¼ Nc,s/Nc,i, where Nc,s is the number of satisfied
contacts existing in the initial contact restraints and final TASSER models and Nc,i is the total number of initial side chain contact restraints
from PROSPECTOR_3).
bAverage fraction of satisfied contacts per residue in the TASSER model (¼ Nc,s/Nres, where Nres is the total number of residues in the target
proteins).
cAverage fraction of satisfied predicted contacts in the TASSERiter model (¼ Nc,s/Nc,i, where Nc,s is the number of satisfied contacts existing in
the TASSER models that are satisfied in the TASSERiter model and Nc,i is the total number of initial side chain contact restraints from the
TASSER model).
dAverage fraction of satisfied contacts per residue in the TASSERiter model (¼ Nc,s/Nres, where Nres is the total number of residues in the tar-
get proteins).
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Hard set. For the Easy set, PSI-BLAST assigns 827 out
of 1887 proteins (43.8%) to Case 1 and 46 of 1887 (2.4%)
to Case 2. It fails to recognize a proper template for 1014
out of 1887 targets (53.7%). For the Medium and Hard
set, it only recognizes 5 out of 195 (2.6%) targets and 2
out of 195 (1.0%) targets of the Medium set for Case 1
and 2. Similarly only 10 out of 691 (1.4%) targets and 1
out of 691 (0.1%) targets in the Hard set are recognized.

Therefore, in the Medium and Hard sets, PSI-BLAST is
not appropriate for providing input templates.

For the Case 1 and 2 targets of the Easy set, the aver-
age RMSD of MODELLER is 9.34 and 6.90 Å respec-
tively, which is much larger than 3.97 and 3.07 Å of
TASSERiter for the same Case 1 and 2 targets. The aver-
age template alignment coverage from PSI-BLAST
(PROSPECTOR_3) is 78% (92%) for Case 1 and 79%

Fig. 2. Representative examples showing the improvement of the TASSERiter model over the TASSER
model for 1GUXB (Easy, a–b), 1YWUA (Medium, c–d), and 1LN4A (Hard, e–f). Thick and thin lines denote
the native structure and predicted model (TASSER and TASSERiter), respectively. Residue pairs having a
distance <5 Å after superposition to native are shown as red. For the rest (residue pairs having a distance
�5 Å after superposition), residues belonging to native structure and predicted model (TASSER and
TASSERiter) are shown as blue (thick line) and yellow (thin line), respectively. Below the structure is the
RMSD between the model and native structure.
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(89%) for Case 2. PROSPECTOR_3 provides higher tem-
plate coverage than PSI-BLAST for both Case 1 and 2.
To assess the accuracy of aligned regions from templates,
we also calculate the average RMSD of MODELLER and
TASSERiter models for the aligned regions of PSI-BLAST
and PROSPECTOR_3. The average RMSD to native of
MODELLER (TASSERiter) for the aligned regions is 4.32 Å
(3.20 Å) for Case 1 and 3.98 Å (2.54 Å) for Case 2. Not
only is the template coverage of TASSERiter higher than
MODELLER, but also the RMSD for the aligned regions
of TASSERiter are better than MODELLER. We also cal-
culate the foldable cases having a RMSD < 6.5 Å for
Case 1 and 2. MODELLER (TASSERiter) shows 58%
(85%) and 72% (96%) foldable proteins for Case 1 and
Case 2. There are only a few targets for the Medium and
Hard sets from PSI-BLAST for which PSI-BLAST found
a suitable template so that it may not be fair to compare
it with TASSERiter. But we note that for the Medium
and Hard sets, the average RMSD of MODELLER
(TASSERiter) is 10.74 Å (8.43 Å) and 13.62 Å (8.91 Å) for
Case 1 and 2, respectively. Therefore, in terms of align-
ment and accuracy of final models, TASSERiter clearly
shows the better performance.

There are 4,471 unaligned loop regions identified from
initial templates from PROSPECTOR_3. To assess the ac-
curacy of unaligned loop regions, Zhang and Skolnick sug-
gested the RMSDlocal for the local conformation and
RMSDglobal for both the local conformation and global orien-
tation.22 We compare the RMSDlocal and RMSDglobal of
unaligned loop regions in TASSER and TASSERiter models.
TASSERiter slightly reduces both the average RMSDlocal

from 1.19 to 1.18 Å and the average RMSDglobal from 2.65
to 2.56 Å. Therefore, the prediction for unaligned regions
by TASSERiter does not give a significant contribution to
the overall improvement in RMSD. Rather it is the core
whose packing is improved. All results including TASSER
and TASSERiter models for the benchmark set in this work
are available on our homepage, http://cssb.biology.gatech.
edu/skolnick/TASSERiter.

CONCLUSIONS

To improve the ability of TASSER to treat cases where
the templates are of moderate quality, we have devel-
oped the TASSERiter procedure which combines the tem-
plates and spatial side chain contact restraints from

Fig. 3. Histogram of the cumulative fraction of foldable proteins (where the RMSD to the native is less
than 6.5 Å) of initial PROSPECTOR_3 templates, TASSER, and TASSERiter models of the Easy set (a, b),
the Medium set (c, d), and the Hard set (e, f) over the same aligned region (a, c, and e) and entire mole-
cule (b, d, and f).
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TASSER models with the inherent force field of TASSER.
We tested TASSERiter on comprehensive, large scale bench-
mark set consisting of 2773 nonhomologous single domain
proteins (� 200 residues). PROSPECTOR_3 assigns 1,887
to the Easy set, 195 to the Medium set, and 691 to the Hard
set. The majority of the Easy, Medium and Hard sets
have correct templates/alignments, correct templates
with poor alignments, and incorrect templates/align-
ments. As previously,27,28 TASSER on average improves
the initial templates from PROSPECTOR_3. Similarly
and especially for Medium targets, TASSERiter models
are significantly improved relative to the models pro-
vided by TASSER. Basically this improvement results
from that the fact that TASSER templates provide a
larger number of consistent restraints that are compati-
ble with the TASSER potential. By reducing the extent
of energetic frustration, the conformational search is
concentrated in more native like regions with the con-
comitant improvement in structure quality. We note that
in principle TASSERiter could be applied to any set of
input templates provided that they are of sufficient qual-
ity that they have a significant topological relationship
to the native fold. In future work, we plan on further
optimizing this approach and exploring whether subse-
quent iterations can further improve the quality of the
predicted structures.
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