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ABSTRACT Many large proteins have evolved
by internal duplication and many internal sequence
repeats correspond to functional and structural
units. We have developed an automatic algorithm,
RADAR, for segmenting a query sequence into re-
peats. The segmentation procedure has three steps:
(i) repeat length is determined by the spacing be-
tween suboptimal self-alignment traces; (ii) repeat
borders are optimized to yield a maximal integer
number of repeats, and (iii) distant repeats are
validated by iterative profile alignment. The method
identifies short composition biased as well as gapped
approximate repeats and complex repeat architec-
tures involving many different types of repeats in
the query sequence. No manual intervention and no
prior assumptions on the number and length of
repeats are required. Comparison to the Pfam-A
database indicates good coverage, accurate align-
ments, and reasonable repeat borders. Screening
the Swissprot database revealed 3,000 repeats not
annotated in existing domain databases. A number
of these repeats had been described in the literature
but most were novel. This illustrates how in times
when curated databases grapple with ever increas-
ing backlogs, automatic (re)analysis of sequences
provides an efficient way to capture this important
information. Proteins 2000;41:224–237.
© 2000 Wiley-Liss, Inc.
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INTRODUCTION

Evolution modifies and recombines existing building
blocks instead of inventing everything from scratch. In the
protein world, these building blocks have been termed
“domains”1,2 and the identification and characterisation of
new domains is a major goal of protein science. Automated
methods exist that systematically try to find shared build-
ing blocks between proteins. The most sensitive methods
employ exhaustive structural comparisons whereas the
more complete methods in terms of protein space coverage
use extensive sequence comparisons.3,4 A fast route to
discover new domains and motifs is to look for internal
duplications or multiplications in one protein sequence
(i.e., internal repeats). In this article, we present a sensi-
tive and fast method to detect and align repeats in a
protein sequence.

A variety of repeats can be observed in biological se-
quences.5 Very short repeats of one or a few amino acid

lengths are usually regarded as composition bias. Small
repeats like zinc fingers or leucine rich repeats often
correspond to distinct structural modules. Multiplication
of complete globular domains, like immunoglobulin do-
mains, has been used by evolution for building large
proteins, for example, titin.6 In proteins, we typically
observe approximate repeats. Due to deletions, insertions,
and mutations, repeat units have diverged, and often they
are separated by large gaps. The task of finding the correct
periodicity and repeat boundaries is not trivial, and meth-
ods using a variety of different approaches have been
proposed.7–13

One class of algorithms uses dynamic programming to
detect repeats by aligning a sequence to itself and analys-
ing the collection of suboptimal alignments. A sequence
can be aligned to another one using the Smith-Waterman
algorithm.14 This algorithm finds the locally optimal align-
ment between two sequences given substitution scores for
matching similar residues and gap penalties for introduc-
ing insertions or deletions. Suboptimal alignments can be
retrieved using a modified version of the Smith-Waterman
algorithm.15 The presence of suboptimal alignments indi-
cates that the sequence might contain a repeat. The
statistical significance of suboptimal alignments can be
estimated by sequence shuffling.13 Having a model for one
repeat unit, a slightly modified version of the Smith-
Waterman algorithm16 can then align this repeat to the
sequence, where the alignment is allowed to wrap around
past the end of the repeat to the beginning of the next
repeat unit.

The collection of suboptimal alignments can be visual-
ized in a trace-plot (e.g., PLFASTA17). This is a N 3 N
matrix for a sequence of length N, where a dot is displayed
in row i and column j, if the entry in the matrix for the two
residues i and j is part of a suboptimal alignment.

Here, we present a fast and sensitive algorithm for
finding repeats in proteins based on the analysis of the
trace matrix. The algorithm takes in a single query
sequence and returns an explicit multiple alignment of
repeats found in the sequence. No assumptions about the
expected length and number of repeat units are made and
no restrictions are imposed on sequence length and se-
quence separation between repeat units. Specifically, we
incorporated the following ideas into the algorithm: (1)
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Information about residue conservation is used to increase
the sensitivity of detection. (2) The search space is re-
stricted to the set of residues aligned in the trace matrix
(this rules out the majority of unlikely alignments and
thereby increases speed). (3) The algorithm works re-
cursively to find the shortest, nonreducible repeat unit.
(4) The algorithm works iteratively to find different types
of repeats.

We assess the sensitivity and accuracy of the algorithm
using as reference alignments created by Pfam,18 which
employs one the most sensitive multiple sequence align-
ment methods available. Finally, the algorithm is applied
to a representative subset of SWISS-PROT19 in order to
find novel repeats.

MATERIALS AND METHODS
Datasets
NRDB90 and PairsDB

NRDB9020 is a filtered subset of the union of several
sequence databases (SWISS-PROT, SWISS-NEW,
TREMBL, TREMBLNEW, Genbank, PIR, Wormpep, and
PDB) where no two sequences are more than 90% identi-
cal. A database of precomputed multiple alignments was
created by performing an all-vs.-all database search with
BLAST21 among the sequences in NRDB90. This database
(PairsDB) was used for fast look-up of multiple alignments
needed for the calculation of a sequence profile for the
query sequence.

Pfam

Pfam18 was used as a reference to assess the quality of
repeat detection. All sequences of Pfam-A, Release 4.4
with multiple hits of at least one family hidden Markov
model were selected. Sequences not present in NRDB90
and alignments with less than ten residues overlap were
excluded. Collagen-repeats and bacterial transferase
hexapeptide repeats (PF00132) were eliminated from the
dataset, since the Pfam domain is built up of more than
one repeat unit. 11-S sulfur clusters were not considered
because of their low complexity. The final dataset con-
tained 3057 repeat types in 2800 sequences. Subsequently,
the repeats were partitioned into two sets according to

average sequence identity using a threshold of 30%. The
average sequence identity in the multiple alignment was
calculated columnwise. For every column x in the multiple
alignment the number of occurrences ni,x of each amino
acid type was determined. The average sequence identity
cx of column x was then calculated by the following
formula:

cx 5

O
i 5 1,ni.x . 1

20

ni,x

O
i 5 1

20

ni,x

p
1

O
i 5 1,ni,x . 1

20

1

(1)

If there were no identical amino acids at all in column x, cx

was set to 0. To obtain the average sequence identity for
the whole multiple alignment, the cx were averaged over
all columns. For example, if an alignment of four se-
quences contains the column (AACC)T, normalization per
amino acid classes according to Eq. (1) gives 50% average

TABLE I. SWISS-PROT Accession Numbers for Protein
Sequences Mentioned in this Article

Identifier Accession number

APOH_CANFA P33703
EXG1_COCCA P49426
FINC_BOVIN P07589
KSC5_ECOLI P42217
LIPA_NEIME Q05013
MUC2_HUMAN Q02817
PGBM_HUMAN P98160
SPCA_DROME P13395
TF3B_CANAL P43072
YPX2_CAEEL Q20256
YQ12_CAEEL Q09449
ZN85_HUMAN Q03923
ZYX_CHICK Q04584

Fig. 1. Locating strict tandem repeats. (A) A histogram of offsets of
identical words of length 3 in the query sequence (here: the collagen
CA1C_CHICK). The offset d with maximum counts corresponds to the
length of one repeat unit. (B) The sequence is aligned with offset d to
itself. Ends with negative scores are trimmed (grey residues). The multiple
alignment (C) is created by mapping residue i in the aligned region to
residue i 1 d.
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identity. This is deemed more intuitive than simply averag-
ing over all six possible residue pairs which would yield an
average sequence identity of (2p100% 1 4p0%)/6 5 33%.

SWISS-PROT

SWISS-PROT19 is a manually curated and extensively
annotated database of protein sequences. We used all
entries in SWISS-PROT (Release 38) which were present
in nrdb90. The resulting dataset contained 44217 se-
quences. In regions with composition bias, often noninfor-
mative repeats are detected. To avoid those, and to reduce
CPU time, regions with composition bias were masked
(Casari et al., unpublished).

Novel repeats detected by RADAR were identified by
checking the annotation of SWISS-PROT entries as fol-
lows: only those sequences were considered, which did not
contain the keyword “repeat,” had no multiply occurring
entries in the feature table labelled as “domain,” and had
at most one hit to every Pfam hidden Markov model. The
complete and filtered results are available via ftp at
ftp.ebi.ac.uk/pub/contrib/heger/radar. Throughout the text,
protein sequences are labelled with their SWISS-PROT
identifier. The corresponding stable accession numbers
are listed in Table I.

Eliminating Ungapped Short Repeats

To reduce the complexity of the search for large approxi-
mate repeats, we first use a fast procedure for finding and
masking regions with runs of short conserved repeats that
can be aligned without gaps. Examples of this type of
repeats are collagens, which are made up of a large
number of triplet-repeats.

The query sequence is divided into words of length
(ktuple) three, and a histogram with the sequence separa-
tion of identical words is created, similar to FASTA17 (Fig.
1A). The offset with the highest number of counts is taken
as the length d of one repeat unit. We limit the range of d
to between 1 and 20 residues. In the next step, the
sequence is aligned to itself using offset d (Fig. 1B). The
alignment is then trimmed at the ends to achieve the
optimum positive alignment score, where the scores for
residue matches and mismatches are given by the BLO-
SUM50 substitution matrix.22

A multiple alignment is generated from the pairwise
alignment by a gapless wraparound procedure: every
residue i in the alignment is mapped to the same column
as residue i 1 d, where d is the length of one repeat
unit (Fig. 1C). Because the alignment is gapless, this is

Fig. 2. Overview of the sequence of steps in the
algorithm for finding long divergent repeats. The
algorithm accepts a single sequence as input and
retrieves a multiple alignment from a precomputed
database of BLAST-alignments. The inner loop is
recursive and is used to reduce the repeat unit
length to the shortest, nonreducible length. The
outer loop iterates over different repeat types
present in the sequence.
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consistent. Only strict tandem repeats are detected this
way.

The threshold for accepting an alignment was set to 60.
If an alignment has a score greater than the threshold,
then all residues involved are masked and will not be
considered for any subsequent alignment. The procedure
is repeated, until no strict tandem repeats greater than the
threshold can be found.

Algorithm for Detecting and Aligning Repeats

The central object in the algorithm is the trace matrix,
the collection of suboptimal self–self alignments. More
precisely, a trace matrix for a sequence of length N is an
N 3 N symmetric matrix. It contains the substitution
score in row i and column j, if residues i and j are aligned in
a legitimate suboptimal alignment of the sequence with
itself. All other entries are never visited; conceptually,
they are set to minus infinite. The trace matrix is usually
quite sparse.

Our algorithm tries to find the highest scoring path in
the trace matrix. The search proceeds recursively to find
the smallest nonreducible repeat unit and iteratively to
collect all different repeat types present in the sequence.
Figure 2 outlines the sequence of steps described in detail
in the following sections. During its way through the
recursion cycle, the putative repeat has to pass several
checkpoints. Whenever it falls below one of the thresholds,
the recursion is stopped and the algorithm continues to
step 6 (see below).

0.1 Calculation of Suboptimal Alignments and
Collection of Residue Pairs. The first step is the cre-
ation of the initial trace matrix. Input is the sequence from
the previous filtering step with all residues being masked
that were already identified as part of a strict tandem
repeat. Suboptimal alignments of the query sequence are

obtained from the program lfasta from the FASTA pack-
age. The lfasta program was run twice with two different
scoring matrices (BLOSUM50 and PAM25023) using de-
fault gap penalties and a ktup-value of 1. All pairs of
matched residues (i, j) in the reported alignments are
entered into the trace matrix. These “dots” (i, j) are
rescored using a profile in the next step.

0.2 Profile Calculation. Even in the most diverged
repeats, at least some key residues are usually conserved.
This is crucial information and we use it in our algorithm.
Information about residue conservation can be obtained by
using an alignment of the query sequence to related
sequences, from which a sequence profile24 (position-
specific scoring matrix) can be generated. Multiple align-
ments for the query sequence were retrieved from a
database of precomputed multiple alignments (PairsDB,
see datasets). A sequence profile (position-specific scoring
matrix) was derived using a nine-component Dirichlet-
mixture regulariser.25 Having obtained the profile, the
scores for all residue pairs in the trace matrix from the
previous step are recalculated, but this time using informa-
tion about residue conservation.

1 Creating a Model of the Repeat Unit. To collect
and align repeat units in the query sequence, we need a
model of one repeat unit. We do this by selecting a
template repeat unit from the query sequence. Because the

Fig. 3. Iteratively collecting repeat units. (A) A repeat is shown with a
large gap in between the fourth and fifth repeat units (shaded boxes). The
template repeat (grey box) is aligned to the sequence using wraparound
dynamic programming. The first four repeat units are collected. The amino
acid counts in the template repeat are updated with the counts from the
four repeat units and a new profile for the template repeat is calculated.
(B) Another alignment is performed using the new template repeat and
the remaining four repeat units are collected. (C) The final multiple
alignment of all repeat units as a result of two iterations.

Fig. 4. Finding repeat boundaries. (A) Cutting an alignment wrapped
around a cylinder. Depending on the size of the overlap of the terminal
repeat units (shaded region), a cut is placed within or without the overlap
region. (B) An example (YK63_CAEEL). The overlap between the first
and last repeat is large, the cut is therefore placed in the nonoverlapping
region (arrow). As a result, the internal gap has moved in between repeat
units.
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template repeat has a profile associated with it, this is
already a generalised model of a repeat unit. The selection
of the template repeat proceeds in two steps. First, we
estimate the length of one repeat unit by identifying the
repeat diagonal d (see below). The template repeat unit is
then selected by finding the highest scoring local align-
ment of length d on this diagonal, where the alignment
trace is allowed to deviate from the diagonal within limits.

1.1 Selection of Repeat Diagonal. The repeat diago-
nal is selected by adding up the residue pair scores on each
diagonal, skipping entries which are minus infinite. The
scores of the diagonals are then averaged over a window
size of three and the highest scoring one is selected. In long

proteins, it might happen that high scoring segments
along one diagonal are masked by low scoring fragments
somewhere else on the same diagonal. Therefore, if no
diagonal has been found with a positive score in the first
step, the same calculation is performed using only positive
residue pair scores. The distance d from the highest
scoring diagonal to the main diagonal gives the initial
estimate of the length of the template repeat. If no repeat
diagonal can be found, the recursion exits (go to step 6).

1.2 Select Template Repeat Unit. An alignment is
performed, where the search space is restricted to a region
centered around the repeat diagonal d. The width of the
region is set heuristically to 20% of d with a minimum

Fig. 5. Finding the shortest, nonreducible repeat unit. An example is
shown for spectrin (SPCA_DROME). Spectrin contains 21 repeat units of
length 100 separated into two blocks by an SH3 domain. (A) The initial
trace matrix. The offset of the first repeat diagonal (thick black line) is 900
residues, which corresponds roughly to the separation of the two blocks.
The box is drawn around the template repeat. (B) Input for the first
recursion is the area around the template repeat unit from the previous

step. Alignment traces from other parts of the trace-matrix have been
mapped to this region. The template repeat chosen now has a length of
roughly 300, corresponding to three repeat units. (C) Input for the second
recursion. The template repeat chosen now has the correct length of 100.
(D) Input for the third recursion. No significant alignments were found.
Therefore, the result of C is output.
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width of seven residues. From this alignment, the highest
scoring local alignment with a maximum length of d is
determined. This corresponds to choosing the highest
scoring alignment of two consecutive repeat units. The
first one of these repeat units is arbitrarily selected as the
template repeat. If no alignment is found with a score of
more than 10 and a length of more than ten residues, the
algorithm exits the recursion (go to step 6).

2 Collect Repeat Units. For the collection of repeat
units, the query sequence is aligned to the template repeat
unit using wraparound dynamic programming (Fig. 3).
This algorithm can deal well with short gaps between
repeat units. However, when there are long intervening
regions between repeats, the gap penalties grow too large
and the alignment ends. Therefore, we iteratively collect
repeat units by repeatedly performing the alignment; a
similar procedure was used by Heringa and Argos.8 The
iteration is stopped, when the alignment score falls below
a threshold of 10. During each iteration, the scores for all
residue pairs in the trace matrix are updated by mapping
the “column counts” of the newly found repeat units onto
the template repeat unit. “Column counts” are the num-
bers of amino acids observed in a given column of the
multiple alignment. As repeats are stacked, columns in the
repeat model (profile) inherit counts from several positions
in the multiple alignment based on the BLAST search with
the query sequence against a large sequence database.
Our repeat model is thereby updated on the fly, and
generalized as more repeat units are found in the protein
sequence.

3 Determining the Boundaries of Repeat Units.
Because the boundaries of the template repeat unit need

not coincide with the locations of the true repeat units, the
correct boundaries have to be determined in a separate
step. A multiple alignment of repeat units can be visual-
ised as being wrapped around a cylinder, where the
circumference of the cylinder corresponds to the length of
one repeat unit (Fig. 4A). Setting boundaries for a repeat
corresponds to vertically cutting the cylinder at the opti-
mal position. If the alignment length is an integer multiple
of the repeat unit length, the choice of where to cut is
straightforward. However, due to noise and fragmentary
repeats, this is often enough not the case. Therefore, a
heuristic decision rule is applied: (1) If the overlap between
the first and the last repeat (shaded region in Fig. 4A) is
more than 25% of the repeat length, then it is assumed
that there exists an incomplete repeat unit. The cut is then
placed in the nonoverlapping region at the position that
minimises the cost of gaps in the final alignment. (2) When
the overlap between the first and last repeat is less than
25%, we regard the terminal residues of the repeat region
as noise. The cut is then placed in the overlapping region.
Again, the cost of gaps in the final alignment is minimized,
but additionally a penalty is paid for residues extending
into the noisy ends. Gaps between repeat units are not
penalized in either case, so that large gaps tend to end up
between repeat units and not in the middle of one repeat
unit.

4 Removal of Nonsignificant Repeat Units. Finally,
spurious hits to the repeat model (profile) are eliminated
by calculating a Z-score8,9 for each repeat unit. A profile is
derived from the multiple alignment of repeat units and
the score of each unit is determined without taking into
account end-gaps (i.e., only internal gaps are penalized). A
background distribution of alignment scores is determined
by aligning the profile against 100 shuffled versions of the
complete protein sequence using the Smith-Waterman-
algorithm. The Z-score of a repeat unit is the number of
standard deviations of the repeat unit score above the
mean. Repeat units with a Z-score below six are discarded.
This threshold was chosen empirically. Columns at the
ends of the multiple alignment are removed when they are
occupied by only one repeat unit, that is the repeat unit
can shrink with respect to d.

5 Recursion to Find Nonreducible Repeat Unit.
The highest scoring diagonal selected in step 1.1 need not

correspond to the shortest period of the repeat pattern.
Therefore, we recursively repeat the algorithm to find the
shortest nonreducible repeat unit (Fig. 5).

All residue pairs with one residue being part of the
multiple alignment are mapped to the region around the
template repeat (5.1). Pairs outside this region are then

Fig. 6. Comparison with Pfam. 2,800 sequences with at least two
matches of the same hidden Markov model were analysed using our
algorithm. The alignments were then compared to the Pfam alignments,
which had been classified according to their average sequence identity.
(A) Percentage of residue pairs identically aligned. Only repeats with
more than 30% average sequence identity are shown. (B) Same as A, but
only distant repeats with less than 30% average sequence identity are
shown.
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removed. With this smaller trace matrix the algorithm
recurses to find a new, shorter template repeat unit (step
1). Note that for the alignment of the query sequence to the
template repeat the original trace matrix has to be used to
collect all repeat instances.

Following each recursion, the current multiple align-
ment is compared to the previous one. If the number of
repeat units has not increased or no multiple alignment
has been obtained, the recursion finishes and the previous
multiple alignment is returned as a result.

6 Iteration Over Repeat Types. The multiple align-
ment from the recursion step is output (6.1) and all
residues involved are eliminated from the trace matrix
(6.2). This purged trace matrix then replaces the original
trace matrix from the initialization step (0.1). The algo-
rithm is then restarted to detect further repeat types.
When no further repeat types can be found (i.e., no
multiple alignment is returned after the recursion), the
algorithm ends.

Implementation of Alignment Algorithm

In our protocol, numerous alignments have to be calcu-
lated. These alignments are typically constrained. For
example, each residue pair has to be part of at least one
suboptimal alignment and often the trace is restricted to a
region around a diagonal. Therefore, the calculation of the
full dynamic programming matrix is usually not neces-
sary. We implement this by keeping a sorted list of residue
pairs that are putative candidates for the alignment trace
to pass through. Instead of iterating through all columns
and rows as in straightforward dynamic programming, we
iterate just through this sorted list of residue pairs.

All alignments were calculated using affine gap penal-
ties with a gap opening penalty of 24 and a gap elongation
penalty of 20.4.

Implementation and Benchmarking

The program was written in Perl and C. The CPU time
was recorded on a SGI Power Challenge using up to 8 Mips
R10000 processors. The average execution time for all
sequences in the Pfam-dataset was 12 sec. Except for one
outlier (MUC2_HUMAN, tyrosine-rich region) the execu-
tion never took longer than 180s (e.g., fibronectin
(FINC_BOVIN): 72s). Sourcecode and executables are
available at ftp://ebi.ac.uk/pub/contrib/heger/radar/.

RESULTS
Assessment of Sensitivity and Accuracy by
Comparison with Pfam

We assessed the sensitivity and accuracy of the algo-
rithm. To this end, it was necessary to build a large test set
of repeat containing protein sequences together with corre-
sponding multiple alignments. We chose Pfam as a source,
because it could provide both sequences and alignments.
Pfam is a database of protein domain families. Starting
from a manually curated multiple alignment of a domain
family Pfam calculates a hidden Markov model. Additional
members of each family are then added to the original
multiple alignment by database search using the hidden
Markov model as a query. We selected from Pfam all
protein sequences that matched to the same hidden Markov
model at least twice. The resulting dataset was filtered so
that only sequences with less than 90% sequence identity
remained. Alignment artefacts were eliminated by discard-
ing alignments with an overlap of less than ten residues.
We obtained 2800 sequences with 3057 repeat types from
Pfam (i.e., several sequences contained more than one
repeat type).

To better assess the performance of the algorithm, we
classified repeats according to their divergence. As a
measure, we chose the average percent identity of a repeat

TABLE II. Results Achieved for Some Well-Known Repeat Types Using Alignments From Pfam as a Reference

Repeat-type
Average percent identity

of repeats in Pfam [%]

Repeats above 30% identitya Repeats below 30% identitya

Foundb/total
Identically aligned
residue pairs [%]c Foundb/total

Identically aligned
residues pairs [%]c

Immunoglobulin 36 98/99 62 28/51 31
Annexin 47 17/17 85 2/2 2
Lim 32 14/14 79 28/28 70
Fibronectin 36 55/55 76 42/52 35
EGF-like 39 55/55 75 19/22 46
Zinc 52 267/267 84 10/26 25
Armadillo 40 16/16 53 2/2 2
Leucine 39 57/60 55 10/15 40
Ankyrin 36 37/38 71 17/20 65
WD 38 171/172 66 19/26 30
EF-hands 34 90/90 53 47/71 33
Kringle 54 10/10 96 1/1 97
Sushi 41 41/41 78 9/11 51
Cadherin 33 30/30 44 6/6 45
aA dataset of repeats has been created from Pfam and been partitioned into two sets with high and low average percent identity, respectively. The
table shows the results for some well-known repeat types.
bA repeat was classified as found, if RADAR had aligned at least one residue pair identically to Pfam.
cThe percentage of identically aligned residue pairs is the fraction of residue pairs in the Pfam alignment that were recovered by RADAR.
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and partitioned the dataset into two sets using a threshold
of 30%. The first set contained 1,903 repeats with more
than 30% average sequence identity. The other set con-
tained the remaining 1,154 more diverged repeats with
less than 30% average sequence identity. The test sets and
results are available for inspection at ftp://ebi.ac.uk/pub/
contrib/heger/radar/.

For repeats with more than 30% average sequence
identity our algorithm aligned 73% of the residue pairs
correctly (Fig. 6A). The distribution is skewed, the median
being 81.6%, so most alignments agreed remarkably well
with Pfam. Only 20 repeats were not found at all. In most
cases, these repeats were small, consisted of just two
repeat units, and were separated by comparatively large
gaps. Taking into account all repeats, on average, 60% of
the residues were correctly aligned by our algorithm. Even
in cases of low sequence similarity, reasonable to good
alignments were frequently obtained (Fig. 6B). In this set,
on average, 40% of the residue pairs were aligned cor-
rectly.

The correctness of the repeat boundaries was checked by
calculating the relative average shift between the repeats
detected by our algorithm and the reference alignments
from Pfam. The shift of two overlapping repeat units is the
minimum offset to the right or to the left that separates the
two starting positions of the repeats. If one repeat unit was

shorter and fully contained inside the other one, the shift
was defined to be zero. The offsets were averaged and
divided by the length of the reference repeat from Pfam to
give the relative average shift per repeat. Using this
measure, we found that 2,717 repeats had a relative shift
of 25% or less. Three hundred and forty repeats were
shifted by more than one-quarter of the repeat length.
Inspection showed that those were mostly short repeats.
Strict tandem repeats proved especially difficult. The
average relative shift of the 93 strict tandem repeats in the
Pfam set was 15% whereas that for interspersed repeats
was just 7.6%.

Recovery of Well-Known Repeats

The results for some typical repeat types are listed in
Table II and sample output from the program can be seen
in Figure 7A and B. In cases of moderate to high sequence
similarity, the algorithm performed very well, only miss-
ing a few repeats. Even in instances of low sequence
similarity, the majority of repeats were still detected,
albeit the alignment quality dropped as compared to Pfam.

The performance of the algorithm is best illustrated
by examples. The following proteins were chosen be-
cause they are well known in the literature and contain
precise annotation of repeat units. A classical example
of repeated motifs are zinc-fingers. Of all zinc-finger

Fig. 7. Alignment of repeats generated by RADAR. (A) Sample output
for zyxin from chicken (ZYX_CHICK). Zyxin contains three LIM domains.
Notation: BW, best window; Level, depth of recursion; the alignment row
reports first and last residue and, in parentheses, the alignment score and
Z-score of the repeat. Lower case characters are used for residues that
are not aligned to the template repeat unit. (B) Output for apolipoprotein H

from dog (APOH_CANFA). This protein has four Sushi type repeats.
(C) The transcription factor TFIIIB (TF3B_CANAL) from Candida albicans
contains a diverged repeat annotated in SWISS-PROT. The annotated
regions are shown here aligned by ClustalX, Version 1.8.29 Our algorithm
detects part of the repeat (boxed region). This repeat is not annotated by
DOMO and PRODOM.

RAPID AUTOMATIC DETECTION AND ALIGNMENT OF REPEATS 231



repeats with more than 30% sequence identity, we
missed none. Occasionally, a few repeat units were not
detected; however, in other cases, the algorithm could
find more repeats than were annotated by Pfam. For
example, Pfam detects 15 zinc-finger motifs in human
zinc-finger protein 85 (ZN85_HUMAN), whereas we
detect 16 (Fig. 8). The additional repeat is annotated in
SWISS-PROT as a degenerate repeat. The repeat bound-
aries as determined by RADAR and annotated by SWISS-
PROT coincide (Table III).

The alpha-subunit of spectrin (SPCA_DROME) is com-
posed of a large number of repeat units. Overall there are
21 repeat units which are separated by a unique SH3-
domain between repeat units 9 and 10. Repeat units 20

and 21 share less similarity to the other ones. Two EF
hands are present at the C-terminus as well. Our algo-
rithm successfully aligned the 19 similar repeat units and
split the remaining two into two fragments (Fig. 8). The
repeat boundaries are given in Table III. As compared to
the SWISS-PROT annotation, we observe a shift of 50
residues, which corresponds to one half of the length of one
repeat unit. This is due to some unaligned segments of
repeat units next to the SH3 domain and in repeat unit 19.
The repetition of the EF hand was not detected, the two
sequence fragments having only a sequence identity of
20%.

Fibronectin (FINC_BOVIN) contains three different
types of fibronectin-type domains, FnI to FnIII, that are

TABLE III. Boundaries of Repeat Units of Samples in Figure 5

SWISS-PROT identifier Repeat type Units

SPCA_DROME Spectrin (17–69), (71–174), (177–280), (283–386), (389–492), (495–598), (600–703), (706–809),
(812–915), (1032–1095), (1098–1203), (1206–1309), (1312–1415), (1418–1521), (1523–
1628), (1631–1734), (1737–1840), (1843–1946), (1949–2027), (2034–2056;
2098–2130)a, (2148–2170; 2207–2239)a

FINC_BOVIN FibronectinType I (21–59), (64–107), (108–152), (153–197), (198–241), (453–480), (481–527), (528–568),
(2083–2127), (2128–2170), (2171–2212)

FibronectinType II (274–302),b (314–370), (374–430)
FibronectinTypeIII (591–659), (660–764), (768–854), (857–951), (954–1040), (1043–1130), (1131–1221),

(1224–1312), (1315–1402), (1405–1492), (1499–1586), (1589–1676), (1679–1767),
(1770–1857), (1996–2056)

ZN85_HUMAN Zinc-finger (145–172), (173–200), (201–228), (229–256), (257–284), (285–312), (313–340), (341–
368), (369–396), (397–424), (425–452), (453–480), (481–508), (509–536), (537–564),
(565–592)

aThese repeat units were split into two fragments.
bActually a Fibronectin type I repeat unit that has been wrongly aligned to Fibronectin type II repeat.

Fig. 8. Examples of the algorithm’s perfor-
mance. (A) All 21 repeats in spectrin
(SPCA_DROME) were detected, the last two,
less similar repeats were split in half. (B) Fibronec-
tin contains three different types of fibronectin-like
repeats (Fn-1 to Fn-3). Except for one Fn-1
domain, which was erroneously assigned to Fn-2
type repeats, all repeat units were detected and
aligned correctly. (C) The human zinc-finger pro-
tein 85 contains 16 C2-H2 zinc-finger repeats.
Two of those repeats contain a mutated cysteine
and are therefore annotated in SWISS-PROT as
degenerate. All of the repeats were found, while
Pfam only finds 15.
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arranged in a complex pattern. Except for one instance of
the FnI domain, which was partly aligned to the FnII
domains, all repeats were found and aligned correctly (Fig.
8). The repeat boundaries compared well to the ones given
in SWISS-PROT: FnI and FNII were shifted by roughly
one and five residues, respectively. The shift of FnIII was
slightly larger with 11 residues (Table III).

Repeats with remote similarities can be detected as well.
The transcription factor TFIIIB from Candida albicans
(TF3B_CANAL) contains two repeats with a length of
about 60 residues and less than 20% sequence identity.
Although these repeats went undetected by DOMO3 and
PRODOM,4 our algorithm successfully aligned 34 residues
of the repeat (Fig. 7C).

The human basement membrane heparan sulfate proteo-
glycan core protein (PGBM_HUMAN) contains six differ-
ent kinds of repeats in a highly interleaved structure (Fig.
9). We can retrieve most of the repeats correctly and can
delineate the domain structure of this protein nicely.
However, the conserved cysteines in the EGF-like domains

are misaligned in some instances. As this example shows,
the algorithm was able to delineate the repeat structure
even of complex proteins.

Currently, an ultimate challenge in terms of size and
number of domains is the human cardiac muscle protein
titin with a length of 26926 residues. Titin has a modular
architecture containing a total of 244 copies of 100-residue
repeats. One hundred and twelve of these repeats are of
the immunoglobulin type and 132 of the fibronectin III
type.6 Our algorithm detects all fibronectin domains cor-
rectly but misses a few immunoglobulin domains (Fig. 10).

Mining SWISS-PROT for Novel Repeats

To find unknown repeats and domains, we analysed a
representative subset of SWISS-PROT. The set contained
only sequences from SWISS-PROT that shared not more
than 90% sequence identity among themselves.20 The
44,217 sequences in the set were analysed using our
algorithm. We detected repeats in 12,485 sequences (28%).
For 6,637 sequences, SWISS-PROT did not list the key

Fig. 9. Comparing our algorithm with SWISS-PROT annotation for the
human basement membrane heparan sulfate proteoglycan core protein
(PGBM_HUMAN). (A) The repeat structure as calculated by RADAR. All
22 Ig-like domains, all three laminin g-like and laminin domain IV domains
as well as all four LDL-receptor domains were correctly detected. Ten
EGF-like domains were aligned, the EGF-like domains and laminin-EGF-
like domains being assigned to the same repeat type (C1–C10). The

remaining EGF-like domains were aligned as fragments in smaller
alignments. (B) Repeats as annotated by SWISS-PROT (Ig: Ig-like C2
type domain; LEGF: laminin-like EGF-domain; EGF: EGF-like domain;
LDL: LDL-receptor domain; IV: laminin domain IV; G: laminin G-like
domain). Note that EGF-like domains 1, 5, and 9 are split into two
segments.
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word “repeat” in the annotational part. This corresponds well
with the 6,548 sequences reported previously.26 Filtering out
sequences which matched to the same Pfam family two or
more times reduced the result set further to 4,470 sequences.

This dataset was still much too large to be checked
manually. Most of the putative repeats were fairly small
with a length of around 20 residues and occurred just twice
per sequence (Fig. 11). It is difficult to assess the signifi-
cance for those short motifs. We therefore filtered the
dataset further using an alignment score cutoff of 60.
Following this step, 2,920 sequences remained with re-
peats not covered by SWISS-PROT or Pfam. In the follow-
ing, we present some interesting examples of repeats
found by the algorithm. For every sequence, we verified
that it did not contain a match in SMART.27

In the exo-b 1,3-glucanase of Cochliobolus carbonum
(EXG1_COCCA), we “rediscovered” a twofold repeat of 21
residues (Fig. 12A). This repeat was not annotated in
SWISS-PROT, DOMO, or PRODOM. However, the repeat
has been described in the literature,28 and been implicated
in the interaction with polysaccharides.

Proteins annotated as “putative” are a rich source of
novel repeats that are not covered by Pfam, SWISS-PROT,
or SMART. For example, the putative protein
YQ12_CAEEL from Caenerorhabditis elegans contained a
duplication of 270 residues length (Fig. 12B) in a sequence
with a length of 1,551 amino acids. Analysis with PSI-
BLAST did not reveal any sequence neighbours in the
repeat region, although in other regions, the protein
shared domains with several DNA-binding proteins.

The 997 residues long protein YPX2_CAEEL contains a
five-fold repeat with a repeat unit length of 180 residues.
Three of the five repeat units contain an insertion of 23
residues in length. This insertion was identified by the

Fig. 10. Automatic analysis of the giant human
cardiac muscle protein titin (PIR-accession number:
I38344). Titin has a total of 112 immunoglobulin and
132 fibronectin type repeats. All fibronectin domains
were correctly detected and aligned (light boxes).
The majority of immunoglobulin domains were recog-
nized albeit distributed to three repeat types (dark
boxes). The missed instances of immunoglobulin
domains are marked by dots. A further repeat type
unrelated to fibronectin or immunoglobulin domains
in the Z-disc region was detected as well (arrows).
The calculation took 3500 s on a SGI Origin2000. A
Z-score cutoff of 20 was used and the remapping step
of dots was skipped (step 5.2, Fig. 9).

Fig. 11. Results of scanning a non-redundant subset of SWISS-
PROT. The result set was filtered to contain only repeats which were not
annotated by SWISS-PROT or Pfam. (A) Distribution of repeat unit
lengths in sequences not annotated as containing repeats in a representa-
tive subset of SWISS-PROT. (B) Distribution of the number of occur-
rences of repeat units per repeat. The shaded regions corresponds to the
subset of repeats with a total score of less than 60. As can be seen those
repeats are mostly short and occur twice per sequence.
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algorithm as such and therefore not aligned. However, in
the next iteration step, the three fragments were detected
and aligned correctly (Fig. 12c).

In the capsule polysaccharide export protein KPSC from
Escherichia coli (KSC5_ECOLI), we detected an internal
duplication of 300 residues. Analysis with PSI-BLAST re-
vealed that single units of this repeat occur elsewhere (Fig.
13). Weak sequence similarities were found to enzymes
involved in teichoic acid biosynthesis (data not shown).

DISCUSSION

In this paper, we introduced an algorithm to detect
repeats in protein sequences. The problem is nontrivial,

because the repeat structure of a protein can be very
complex. Several ideas used in this work have been
implemented before. For example, Heringa and Argos8

use iterative searches with a profile constructed from a
few detected repeats to collect more distant members,
and Marcotte et al.26 analyse the trace matrix to esti-
mate the repeat length to scan quickly a large database
for the presence of repeats. However, the top-down
approach for arriving at the correct length of one repeat
unit seems novel. The repeat units are successively
broken down into smaller pieces by segmenting the trace
matrix until the smallest, nonreducible repeat length is
found. RADAR is also sufficiently fast to scan databases

Fig. 12. Discovery of unannotated repeats in SWISS-PROT. (A)
Alignment of a rediscovered repeat in exo-b 1,3-glucanase of Cochliobo-
lus carbonum (EXG1_COCCA). (B) Alignment of repeats in hypothetical
proteins YG12_CAEEL, and (C) YPX2_CAEEl of Caenerorhabditis el-

egans. The boxed region corresponds to the insert, that is aligned
separately by RADAR. Lowercase characters are used for unaligned
residues.
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while producing an explicit multiple alignment of each
repeat type found.

In comparison with Pfam, one the most sensitive se-
quence alignment methods available, we were able to
retrieve most of the repeats and to produce good align-
ments. It should be noted that alignments in Pfam are
generated by an automated method as well, but a different
gap model is applied. Therefore, complete identity between
alignments is not to be expected, especially when the
sequence similarity is low.

Scanning through SWISS-PROT, we observed many
sequences with hitherto unannotated repeats. Our results
compared well to previous surveys.26 Our algorithm is
sensitive and fast enough to be applied to large numbers of
sequences and explicitly generates multiple alignments of
all repeat units detected in the protein sequence. No prior
assumptions about the expected number or length of
repeat units are made, and there is no limit imposed on the
maximum length of the sequence.

We will use repeat detection as a step toward completing
the catalogue of protein domains in the context of global

clustering of protein sequences. Describing their modular
architecture is important for accurate functional annota-
tion of proteins. Domain borders can be estimated more
precisely from internally repeated domains than from a
multiple alignment of single occurrences. The explicit
multiple alignments generated by RADAR are a useful
starting point for profile searches against the complete
database to collect all members of the domain family.

Limitations

Despite the good overall agreement to manually checked
repeat definitions, our automatic procedure has limita-
tions. We observed various types of errors:

(1) The algorithm is limited by the sensitivity and
accuracy achievable by sequence alignments. As with
sequence searches in general, there is no guarantee of
finding repeats with low sequence similarity among the
repeat units. When distant repeats are detected, the
placement of gaps in these cases can be ambiguous.
Diverse sequences with conserved cysteines (e.g., EGF-
like domains) proved especially difficult to align. At low

Fig. 13. Multiple alignment of family members for the capsule polysac-
charide export protein KPSC from Escherichia coli (KSC5_ECOLI). A
duplicated domain was detected in KSC5_ECOLI. Analysis with PSI-
BLAST showed that this repeat is present in other sequences as well, but

in different copy number. According to SWISS-PROT annotation, all
proteins are involved in lipopolysaccharide synthesis or modification. The
multiple alignment was created with ClustalX.29 Note that the translation
start for LIPA_NEIME has been corrected.
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levels of sequence similarity, it is very difficult to distin-
guish between significant and nonsignificant matches. By
applying a Z-score cutoff, we tried to solve this problem
using statistics. Although this eliminated obvious mis-
matches, there remain ambiguous cases.

(2) In some cases, the lengths of repeat units were
incorrect. Again, repeats with a conserved cysteine pattern
caused problems. In such cases, alignments with twice the
number of repeats of half the length can be equally likely
as full length repeats. The alignment score tends to be
higher for longer repeats due to the longer alignment
traces, so it cannot be used as a decision criterion. We
decided to discard shorter repeats, when the number of
repeats didn’t increase substantially compared to the
previous recursion.

(3) The task of locating the correct repeat boundaries in
those cases where the local alignment length is far from an
integer number of repeat unit length is very hard to tackle
and essentially unsolved. For example, we have insuffi-
cient information in a single sequence to distinguish the
cases where there is a large insertion at the middle of a
repeart unit or where there is one complete repeat unit.

Most of these limitations can be alleviated by coupling
repeat detection to database searches. So far, we use
family information only for increasing the sensitivity of
the profiles used to collect repeat instances in the query
sequence. In essence, the method presented here is still a
single sequence method. If information from additional
sequences with the same repeat type was incorporated, we
would achieve consistency in determining the repeat unit
length and boundaries for all members of the family in one
go.

The principle of the algorithm might be applicable to
nucleic acid sequences as well, if stringent matching
criteria were used to limit the density of dots in the trace
matrix. We have demonstrated that RADAR can analyse
sequences of tens of thousands of residues (titin example),
but computer memory limitations could be prohibitive to
the analysis of genomic DNA sequences that stretch for
megabases.
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