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Abstract Over the last decade, numerous studies have
demonstrated the fundamental importance of tandem repeat
(TR) proteins in many biological processes. A plethora of
new repeat structures have also been solved. The recently
published RepeatsDB provides information on TR proteins.
However, a detailed structural characterization of repeti-
tive elements is largely missing, as repeat unit annotation is
manually curated and currently covers only 3 % of the bona
fide TR proteins. Repeat Protein Unit Predictor (ReUPred)
is a novel method for the fast automatic prediction of repeat
units and repeat classification using an extensive Struc-
ture Repeat Unit Library (SRUL) derived from Repeat-
sDB. ReUPred uses an iterative structural search against
the SRUL to find repetitive units. On a test set of solenoid
proteins, ReUPred is able to correctly detect 92 % of the
proteins. Unlike previous methods, it is also able to cor-
rectly classify solenoid repeats in 89 % of cases. It also out-
performs two recent state-of-the-art methods for the repeat
unit identification problem. The accurate prediction of
repeat units increases the number of annotated repeat units
by an order of magnitude compared to the sequence-based
Pfam classification. ReUPred is implemented in Python for
Linux and freely available from the URL: http://protein.
bio.unipd.it/reupred/.
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Introduction

Tandem repeat (TR) proteins characterized by a repetitive
3D structure have been exploited by nature in a myriad
different cellular pathways and organisms (Marcotte et al.
1999b; Kobe and Kajava 2000; Kajava 2001, 2012). They
are widely distributed in archeal, bacterial and eukaryotic
proteomes and prevalent in complex organisms. An asso-
ciation was suggested between TR spread and the evolu-
tion of multicellularity (Marcotte et al. 1999a). Charac-
terized by repetitions in their coding sequence, TRs are
believed to have arisen from the duplication of short cod-
ing DNA segments (Andrade et al. 2001). These repetitions
in sequence account for a peculiar modular fold architec-
ture (Kajava 2012). Each structural module of this archi-
tecture is a “unit”, the assembly of at least three of these
building blocks forming a repeat “region” (Di Domenico
et al. 2014). TR protein classification is based on repeat
unit length (Kajava 2012), which can vary from one or two
residues in crystallites (class I) to more than 50 residues
in beads-on-a-string (class V), TR proteins built from the
repetition of small globular domains (Kajava 2012). The
middle ground comprises elongated (class III) and closed
(class IV) structures, but it is dominated by the presence of
a subtype of elongated structures, called solenoids (Kobe
and Kajava 2000; Kajava 2001). Mainly due to stabiliz-
ing intra-unit short-range interactions, these proteins can
be extended and refolded when subjected to a mechani-
cal stretch force (Kim et al. 2010). In addition, they eas-
ily tolerate insertion of new units and possess an easily
tunable horseshoe shape (Bazan and Kajava 2015). These
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exceptional properties render them very efficient for pro-
tein—protein interactions (Andrade et al. 2001) and account
for their widespread presence in cellular pathways. There
has been an increasing interest in TR proteins and sole-
noids in particular, over the last few years, mainly due to
their relevance in health (de Wit et al. 2011; Fournier et al.
2013) and for engineering applications (Grove et al. 2008;
Hocker 2014; Brunette et al. 2015). TR domains have been
exploited for the design of target-specific binders thanks
to their favorable expression and stability properties (Binz
et al. 2004; Varadamsetty et al. 2012), taking advantage of
available data on natural repeat proteins to have control of
binding surface and shape (Parmeggiani et al. 2008; Park
et al. 2015). However, this class of proteins still largely
belongs to the “dark matter” of the protein universe being
characterized by non-canonical sequence—structure rela-
tionships. According to a study intended to assess the Pfam
coverage of the human proteome, TR domains fall into the
less characterized clusters of protein sequences (Mistry
et al. 2013). Indeed, they evolve quickly while maintain-
ing their fold, hampering detection by traditional meth-
ods for sequence analysis. The same holds for modeling
and functional characterization, which usually relies on
well-conserved sequence features. As a result, specialized
methods were built for the identification of repeat pro-
teins (Pellegrini 2015). Sequence-based strategies, based
on homology search (Andrade et al. 2000) or domain
assignment (Finn et al. 2014; Mitchell et al. 2015), mostly
underestimate TRs due to the presence of highly degener-
ate repeat units (Mistry et al. 2013). Alternatively, methods
requiring no prior knowledge for the detection of repeated
substrings can be based on self-comparison (Heger and
Holm 2000; Szklarczyk and Heringa 2004), clustering
(Newman and Cooper 2007; Jorda and Kajava 2009) or
hidden Markov models (So6ding et al. 2006; Biegert and
Soding 2008). Some others rely on complexity measure-
ments (Pellegrini et al. 2012) or take advantage of meta
searches to combine outputs from different sources (Gruber
et al. 2005; Schaper et al. 2015). Methods recognizing TR
proteins based on the modularity of their 3D structure have
also been developed (Abraham et al. 2008; Sabarinathan
et al. 2010; Walsh et al. 2012; Hrabe and Godzik 2014;
Do Viet et al. 2015). To explore the relationship between
repeat sequence and structure detection and classification,
a comparison was performed between Pfam repeat families
and RepeatsDB entries (Paladin and Tosatto 2015). Repeat-
sDB (Di Domenico et al. 2014) represents the state of the
art for the annotation of tandem repeat structures. The data-
base adds to the typical classification at a subclass level
based on secondary and tertiary structure features. Existing
methods for TR protein identification do not deal with the
TR structures classification problem, which was based on
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manual assignment in RepeatsDB. RepeatsDB provides the
start and end position of repetitive units only for a small
subset (“detailed”) which are manually annotated. Another
group of proteins is provided only with the manual classifi-
cation or by sequence similarity. The rest of the structures
(“predicted”) lack any classification and each represents the
majority of the data.

The identification of single repeat units has so far been
addressed by few automatic methods. ConSole (Hrabe and
Godzik 2014) exploits the modularity of protein contact
maps and TAPO (Do Viet et al. 2015), the periodicities of
atomic coordinates and other types of structural represen-
tation. Both are available through a Web server interface
that allows the user to evaluate one protein at a time. The
automatic identification of units inside a TR protein struc-
ture allows to scale up this type of information. This newly
available data could be a powerful tool to understand TR
evolution and assess conservation at the sequence level.
Collection of an “alphabet” of TR units can also be useful
for protein engineering applications (Brunette et al. 2015).
Here, we present a new Repeat Protein Unit Predictor (ReU-
Pred) for the classification and identification of repetitive
elements in TR proteins. It concentrates on the solenoid pro-
teins, since it is one of the most abundant class of tandem
repeat proteins in nature (Kajava 2001). The aim of ReUP-
red is to extend the detailed annotation for all classified pro-
teins in RepeatsDB and possibly for all predicted repeats.

Methods

ReUPred is a predictor for the classification of tandem
repeat proteins and identification of the composing repeat
units. Its input is a target protein structure and a structural
repeat unit library (SRUL). The output is a list of frag-
ments corresponding to the predicted unit positions in the
structure and the class assignment according to the Repeat-
sDB definition (Di Domenico et al. 2014). In this work,
only solenoid repeat proteins (i.e., classes III.1 to IIL.3 in
RepeatsDB) have been considered as they represent the
most abundant class of repeat proteins in nature (Kajava
2001). The iterative algorithm decomposes the input struc-
ture using a template library. A divide and conquer strategy
is used to improve both accuracy and speed, requiring on
average ca. 2 min on a standard laptop. ReUPred was opti-
mized by filtering SRUL, fine-tuning parameters to choose
the best alignment and detect insertions between units as
well as identifying separated repeat regions in the input
protein. Each step is described in the following. ReUPred
is implemented in Python for Linux. The source code is
distributed under the GPL license and freely available from
the URL: http://protein.bio.unipd.it/reupred/.
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Fig. 1 Schematic description
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The algorithm exploits the evolutionary history of tandem
repeat proteins. Solenoid units have been demonstrated to
evolve from a single representative unit to multiple copies
through repeated duplications (Bjorklund et al. 2006) Units
of a solenoid protein show a different degree of similarity,
which is strongly correlated to the distance from the mid-
dle of the repeat region. This is consistent with the observa-
tion that units at the edges are more degenerated (Marcotte
et al. 1999b). ReUPred exploits this knowledge and tries to
mimic evolution. The objective is to predict adjacent units,
i.e., to minimize the number of residues between predicted
flanking units and obtain at least three repeated elements.
This is important since in known RepeatsDB solenoid struc-
tures, insertions of non-repeat fragments are rare and mostly
observed inside and not between units. See Fig. 1 for a
schematic description. ReUPred uses an iterative divide and
conquer approach. Each iteration corresponds to a struc-
tural search, i.e., structural alignment of the query structure
against all SRUL elements to identify a unit. The predicted

Valid
secondary
unit?

Valid
master?

Relax master
filters

Add the new unit
to SRUL

unit corresponds to the aligned region in the query. At each
cycle the algorithm forks (divides). Two new input struc-
tures are created, corresponding to the N- and C-terminal
flanking fragments of the predicted unit and two new cycles
(structural searches) are performed. After the first cycle, i.e.,
after the “master” unit is found, SRUL is no longer used.
Instead, a new ad hoc library is created on the fly. At the
beginning of the second cycle, only the “master” unit pop-
ulates the ad hoc library and all newly predicted units are
included for search in the following cycles. The algorithm
stops when the entire input protein is consumed, i.e., new
input fragments are too short, or the structural search does
not provide any new valid alignment. The predicted units
are then collected and evaluated together (conquer). If the
result does not satisfy a set of rules, the structural align-
ment filters for the “master” unit are relaxed and the entire
iterative part is repeated from the beginning for up to four
increasingly relaxed iterations. This strategy allows to pre-
dict both easy and difficult cases automatically. A valid
solution for ReUPred is obtained when at least three units
are found and their proximity in sequence is ensured by at
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Table 1 Structural alignment constraints for the “master” unit

Table 3 Current RepeatsDB annotation of solenoid proteins

Iteration TM-Score RMSD (A) Alignment Unit gaps
(residues) (%)

1 >0.52 <1.6 >21 <10

2 >0.47 <19 >17 <20

3 >0.30 <25 >16 <50

4 >0.23 <3.0 >14 <50

TM-Score and RMSD are the same provided by TM-Align. Cover-
age and gap are calculated as described in the manuscript. Different
columns correspond to different algorithm runs that are performed on
cascade until a valid solution is found

least one of two simple rules to measure unit proximity: (1)
the total number of gaps between units is less than 40 resi-
dues, (2) the number of non-adjacent units divided by the
total number of predicted units is less or equal to 0.25.

Replacing the original SRUL with an ad hoc library from
the second cycle onward improves both computational cost
and accuracy. SRUL is quite large, with 997 unit templates.
Instead, the ad hoc library reaches the maximum size at
the end of the algorithm and corresponds to the number of
predicted units, drastically reducing the number of struc-
tural alignments. On the other hand, using only units from
the query structure itself increases the accuracy as these
are structurally more similar to each other than units from
other proteins (data not shown). The class assignment is
provided by simply reporting the classification assigned to
the first “master” unit identified from SRUL.

ReUPred accuracy strongly depends on the quality of
the structural alignments at each cycle. In particular, it is
very important to correctly predict the first “master” unit
because errors propagate. Alignments have to abide a set
of rules and constraints that are much more stringent for
the “master” search compared to successive cycles. Struc-
tural alignments are calculated using TM-Align (Zhang and
Skolnick 2005), filtering by TM-Score, RMSD, alignment
length and number of gaps. Tables 1 and 2 list all cutoff
values for the cascaded four runs used to select valid align-
ments for the “master” and “secondary” units, executed on

Class Units Detailed Classified Predicted
B 367 41 128

o/ 180 19 70

o 388 48 875

Total 935 108 1073 7948

Units list the number of single defined repeat units. Detailed proteins
have the unit position identified manually. Those protein for which
the subclass assignment is known are classified, including “manually”
and “by similarity”. The predicted proteins are not yet classified

cascade until a valid solution is found. The parameters for
structural alignments have been optimized manually on the
training set to maximize the number of repeat proteins, for
which a valid output is provided, and prediction accuracy,
i.e., correct unit position assignment.

SRUL and datasets

The Structural Repeat Unit Library (SRUL) constitutes a
fundamental part of the ReUPred input and represents the
conformational space and diversity of bona fide repeat units.
It has been generated by extracting all structural unit frag-
ments from the “detailed” solenoid proteins in RepeatsDB
(see Table 3 for statistics). After filtering units shorter than 10
residues and larger than 90, the solenoid SRUL is composed
of 916 structural unit fragments from 108 different proteins
non-redundant at the sequence level. After clustering the
sequences with CD-HIT (Fu et al. 2012) at 40 % identity,
531 clusters are obtained. The largest cluster contains 17
units from 5 proteins and the others have less than 10 units
each. From the structural point of view, SRUL is biased
toward a-helical units. All-against-all structure similarity has
been measured by TM-Align (Zhang and Skolnick 2005).
Clustering at 0.6 TM-score generates 362 clusters, where the
majority of o units (319) fall inside a single cluster.

Three different datasets have been used throughout
this work. The training set has been generated from the

Table 2 Structural alignment

’ Iteration TM-Score RMSD (A) Alignment (residues) Unit gaps (%) Length ratio (%)
constraints for the “secondary”
units 1 >0.35 <1.8 <1.20 <40 >70
2 >0.30 <2.0 <1.15 <40 >70
3 >0.30 <2.5 <1.15 <40 >70
4 >0.30 <3.0 <1.10 <50 >70

Columns are as in Table 2. The
length ratio is calculated as the
unit length divided by the length
of the first “master” unit
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“detailed” RepeatsDB entries (108 proteins) and represents
the reference for unit prediction evaluation. Since SRUL
has been generated from the same protein set, to bench-
mark ReUPred, all units coming from the target itself and
all similar units (>30 % sequence identity) were removed
from SRUL at each benchmarking step. Another set with all
“classified” and “by similarity” entries (1075 proteins) has
been used to test the ability to automatically classify repeat
proteins and compare unit length prediction with RAPH-
AEL (Walsh et al. 2012). Finally, the dataset to test the
detection of repeat proteins is taken from the same paper,
i.e., 105 solenoid and 247 non-solenoid proteins with dif-
ferent topologies and no detectable sequence similarity.

Performance evaluation

For the unit-centric evaluation, a new strategy was imple-
mented to take into consideration both the unit phase (posi-
tion shift) and size. Predicted units are paired against the
reference before defining the confusion matrix. Only one
predicted unit is matched for each reference unit. When
multiple predicted units overlap a single reference unit, the
predicted unit with maximum overlap is selected. Figure 2
shows how a prediction is evaluated and how true positives
(TP), false positives (FP), true negatives (TN) and false nega-
tives (FN) are calculated. For classification, given a solenoid
subclass, TP is the number of proteins with correct assign-
ment, FN are proteins assigned the wrong class and FP are
class assignments to wrong targets. TN is always zero since
the test set contains only classified proteins. For all evalua-
tions, the measures recall [or sensitivity; TP/(TP + FN)],
precision [TP/(TP + FP)] and accuracy [(TP + TN)/
(TP + FP + TN + FN)] are used. ReUPred is compared
to the TAPO (Do Viet et al. 2015) and ConSole methods
(Hrabe and Godzik 2014). TAPO predictions have been gen-
erated from the Web server (default parameters) considering
only the first solution. ConSole predictions were generated
locally by the stand-alone software (default parameters). The
RAPHAEL period is provided in the RepeatsDB entry meta-
data. For all evaluations, ReUPred has been benchmarked
after removing from SRUL units coming from the test pro-
tein or structurally similar units. The comparison with TAPO
and ConSole was performed on a set of proteins for which all
methods predict at least one unit, i.e., 89 out of 108 proteins.

Results

ReUPred was developed to predict both unit position and
classify repeat proteins to automate the time-consum-
ing manual annotation process of “detailed” annotation
in RepeatsDB. See Fig. 3 for an example on plakophi-
lin-1. Before benchmarking the main novel features, it is

R e a—"
Pred — (I -

Eval TN FP TP FP TP FN FP TP FN TN

Fig. 2 Evaluation of repeat unit predictions. The evaluation (Eval)
of a prediction (Pred) against a manually curated reference (Ref) is
shown, with repeat units as rounded rectangles. The reference and
predicted units are paired for maximal overlap. Residues are then
categorized as true positives (TP), false positives (FP), true negatives
(TN) and false negatives (FN) depending on repeat unit overlap

245 277 319 364 417 466 560

605 652 698

Fig. 3 ReUPred unit prediction for Plakophilin-1 (PDB code 1XM9,
chain A). The structure is shown in cartoon representation in the top
part with the schematized sequence below. Predicted units are repre-
sented in black and gray. Dashed lines represent missing residues in
the PDB file (residues 388-396 and 481-508). The N- and C-terminal
residues flanking the missing residues are shown as spheres in the
structure

worthwhile to investigate whether ReUPred is able to cor-
rectly discriminate real repeats from non-repeat proteins.
For this purpose, it has been compared with RAPHAEL
(Walsh et al. 2012) on the original datasets (see Table 4).
ReUPred correctly classifies 324 out of 352 domains (92 %
accuracy). This is only somewhat lower than RAPHAEL
on the same dataset (94.9 % and 95.7 %, for S > 0 and
S > 1, respectively). A higher specificity could be obtained
for ReUPred by setting a stronger filter on the last step of
the algorithm, but that would affect coverage on the posi-
tive dataset. Even though ReUPred was designed to predict
unit positions in tandem repeat proteins and not extensively
optimized for repeat detection, this result demonstrates that
the tool is also effective in discriminating repeat/non-repeat
proteins.

Repeat classification

ReUPred predicts units and fine classification for 83 %
(893 proteins) of the RepeatsDB classified set. The class
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Table 4 Solenoid detection

performance on the RAPHAEL Method TP FP TN FN Solenoids Non-solenoids
dataset RAPHAEL (S > 0) 94 7 240 11 89.5 97.2
RAPHAEL (§ > 1) 91 246 14 86.7 99.6
ReUPred 81 4 243 24 77.1 95.3

The percentage of correctly classified solenoids and non-solenoids is shown together with the component
true positives (TP), false positives (FP), true negatives (TN) and false negatives (FN). RAPHAEL is shown
with the two SVM cutoff values as reported in the original paper

Table S ReUPred classification performance on the RepeatsDB clas-
sified dataset

Class Recall Precision F-Measure Accuracy
All-B 0.81 0.74 0.78 0.63
Mixed o/B 0.55 0.65 0.60 0.43
All-a 1.00 0.99 1.00 0.99
Total 0.94 0.94 0.94 0.89

See “Performance evaluation” for details on the measures used

assignment is obtained by simply transferring this informa-
tion from the master unit found in SRUL. This approach
has been proven to be effective as shown in Table 5. ReU-
Pred works very well for the a class (III.3 in RepeatsDB).
Instead, it is more difficult to correctly assign o/f and
examples. The low recall indicates that the cause of the
problem is detecting units that do not have a good template
in SRUL. This is an important result, as it indicates which
RepeatsDB entries are worth manually annotating at the
“detailed” level to improve ReUPred sensitivity and SRUL
representation of the repetitive structural element universe.
Low precision for p and o/ classes is due to a high num-
ber of false positive assignments. Looking at the data in
detail, we found some ambiguous class assignments, e.g.,
PDB code 3ZY], chain A, is annotated as o/p solenoid in
RepeatsDB, but there are no helix elements except for a
small fragment (residues 309—318) which is not repeated
in the units. Since ReUPred predicts the class by transfer-
ring annotation from SRUL, if an SRUL element is mis-
classified the error propagates. ReUPred could be very
useful to guide the manual refinement of RepeatsDB class
annotations.

Unit prediction accuracy

ReUPred has been evaluated for unit prediction using the
metric described in “Methods”, i.e., penalizing predictions
with a wrong phase or/and a wrong length. Table 6 shows a
comparison with TAPO and ConSole in terms of predicted
repeat residues on the detailed RepeatsDB set. The results
are reported for each of the three main solenoid classes and
for all proteins together. ReUPred always outperforms the
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Table 6 Comparative repeat unit prediction evaluation

Class Method  Recall Precision F-Measure Accuracy
All-B TAPO 0.47 0.59 0.53 0.47
ConSole  0.39 0.69 0.50 0.46
ReUPred 0.62 0.64 0.64 0.56
Mixed a/p TAPO 0.66 0.70 0.68 0.59
ConSole  0.62 0.69 0.66 0.57
ReUPred 0.84 0.84 0.84 0.78
All-a TAPO 0.64 0.78 0.70 0.57
ConSole  0.50 0.74 0.59 0.46
ReUPred 0.74 0.79 0.74 0.62
Total TAPO 0.58 0.70 0.64 0.53
ConSole  0.48 0.71 0.58 0.49
ReUPred 0.71 0.75 0.73 0.62

Performance evaluation is reported for each method on all Repeat-
sDB solenoid structures (All) and for the three subclasses separately
(B, /B and a). The best value for each quality measure is shown in
bold. See “Performance evaluation” for details on the measures used

1000

900

800 RepeatsDB
@ 700 M ReUPred
g 600 ETAPO
-— ConSole
o 500
é 400
S 300
Z 20

0 -
All B o/ a

Fig. 4 The number of predicted units on the RepeatsDB detailed
dataset. The manually curated reference (RepeatsDB) is shown next
to the three prediction methods. ReUPred predicts more repeat units
than the other two methods

other methods for all evaluation measures. In particular, the
greatest improvement is observed for the o/f subclass, with
an increase of 19 % accuracy compared with TAPO. The
high accuracy for this class can be explained by the fact
that mixed o/f units represent more structurally complex
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elements compared to all-a units. More information is
coded in the structure unit, making it easier to discriminate
wrong structural alignments. On the other hand, the most
problematic subclass is all-p. Both recall and precision are
lower for all methods compared with other subclasses. This
may be explained by the fact that § solenoid units are more
degenerated in the same protein than other solenoids and
present a greater structural diversity with many insertions
(data not shown). Moreover, they are shorter compared
with all-a, generating worse structural alignments.

In addition to evaluating repeat annotations at the res-
idue level, it is of interest to benchmark repeat units and
their length distributions. Figure 4 shows the number of
repeat units being identified by each method. Here again,

ReUPred predicts more units than the other two methods.
Both ConSole and TAPO generate units with the same size
for a given structure and this may limit their ability to deal
with insertions in solenoid proteins. ReUPred may there-
fore be better able to adapt to the irregular aspects of sole-
noid repeats. Figure 5 shows a box plot for the distribution
of the predicted repeat periodicities against the RepeatsDB
classified set. The median repeat length and standard devia-
tions of ReUPred are very similar to the reference defini-
tion and on average match better than TAPO and ConSole.
TAPO appears to underpredict the repeat length in f struc-
tures, probably because it also uses sequence information.
ConSole on the other hand appears to have more difficulty
with a-helices.
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Fig. 7 Scatter plot of RAPHAEL and ReUPred periodicities on the
RepeatsDB classified dataset. RAPHAEL produces a single periodic-
ity per protein, whereas all predicted units were considered for ReU-
Pred

Expanding the universe of known solenoids

Given the good performance of ReUPred for its intended
purpose, i.e., classifying solenoid repeats and annotat-
ing their component units, it can be used to automatically
expand the knowledge contained in RepeatsDB. The first
step consists in establishing the baseline against the exist-
ing RAPHAEL annotations on the “classified” dataset. This
contains annotations for solenoid class and predicted aver-
age repeat length. Since this dataset does not provide unit
annotation, the simplest way to evaluate the performance is
to compare the length of the predicted units with the repeat
period predicted by RAPHAEL. This is the number of resi-
dues for which the symmetry signal is maximized, generat-
ing a single period for each protein. This is a big limita-
tion, as it does not reflect the real situation where unit sizes
vary inside a protein due to insertions which are frequent

ReUPred

RepeatsDB
detailed

All solenoids

Fig. 8 Venn diagram of available annotations for RepeatsDB clas-
sified dataset. (a) Comparison of proteins with bona fide solenoid
assignments. (b) The number of annotated repeat units in the dataset.
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in solenoids. In particular, it is very relevant for the all-B
class where almost all proteins have insertions. Figure 6
compares the distribution of ReUPred predicted unit length
and RAPHAEL period for each solenoid class. Overall,
both are very similar, with ReUPred having a wider range
of periodicities as it is able to recognize irregularities in
single repeat units. Only the distributions for all-p repeats
differ more markedly. This class contains many structures
with insertions which RAPHAEL struggles to summarize
in a single fixed periodicity.

The scatter plot in Fig. 7 shows the correlation between
the RAPHAEL period and ReUPred mean unit length cal-
culated on each predicted protein. The two methods corre-
late strongly, with a Pearson correlation coefficient of 0.88
(P value = 4.59 x 1072%%). On average, ReUPred predicts
shorter units than the RAPHAEL period, 33.7 (SD 6.5) and
34.2 (SD 5.3) residues, respectively. When the RAPHAEL
period is much larger (extreme points above the diagonal),
ReUPred wrongly predicts two units instead of a single unit
which would better represent the repetitive symmetry (e.g.,
PDB code 3L3F, chain X). For opposite cases, the contrary
happens, i.e., ReUPred predicts a pair of units as a single
element (e.g., PDB code 3PET, chain A).

To expand the annotation in RepeatsDB, ReUPred has
been used to predict all repeat units for “classified” Repeat-
sDB solenoids. Since there is no comparison and no struc-
tural validation is possible, we chose to compare the anno-
tation to Pfam. Figure 8 shows the very substantial increase
in annotations both in terms of bona fide solenoid proteins
and especially in the number of identified repeat units. The
latter yields an increase of an order of magnitude compared
to state-of-the-art sequence-based annotation in Pfam.

Conclusions

Classification and prediction of tandem repeat units are diffi-
cult problems currently addressed by expert manual curation.

ReUPred
8306

The total number of repeat units in the dataset is unknown. ReUPred
is able to increase the annotation by an order of magnitude in both
cases
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At the time of writing, it is available in RepeatsDB for only
3 % of the total putative repeat protein structures. ReUP-
red provides both the prediction of repetitive units and a
finer classification in the RepeatsDB classification scheme.
The algorithm works by exploiting a structure repeat unit
library (SRUL) and an iterative decomposition of the input
structure. While the performance was tested on the solenoid
class, the method also works for other repeat types. ReUP-
red has been compared with other state-of-the-art methods,
TAPO and ConSole, adopting an evaluation metric which
takes into consideration both phase and size of the predicted
units. Testing on a manually curated dataset obtained from
the “detailed” RepeatsDB entries, ReUPred achieved the
highest accuracy for all types of solenoids (8, o/ and o)
with an overall increase of 9 % over TAPO and 13 % over
ConSole. To provide an extended evaluation, a larger data-
set with classified RepeatsDB entries without unit annotation
was used. It was possible to test ReUPred ability of classi-
fying solenoid structures and the correlation with periods
predicted by RAPHAFEL. ReUPred extended unit annotation
and classification for almost all solenoids with high precision
and accuracy. Moreover, the average unit length predicted
by ReUPred strongly correlates with RAPHAEL, confirm-
ing the high quality of the predictions. Mixed «/p units are
underrepresented in SRUL compared to the o and f classes,
meaning that extending SRUL could yield a better recall and
higher accuracy. ReUPred has also the ability to detect unit
diversity inside a given target protein, recognizing fragment
insertions that are not part of the repeat elements.

This work has demonstrated that repeat protein annota-
tion can be made by repetitive template-based structural
searches. Moreover, it shows that the approach can be
applied reliably on a large scale, i.e., over all uncharacter-
ized RepeatsDB entries, unveiling new scenarios for the
analysis of the entire repeat protein universe.
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