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Abstract

Sequence similarity search methods that identify related proteins in large sequence databases are
the most important application of bioinformatics in the biological sciences, since they allow to
make predictions about a protein’s function, structure, and evolution

I have developed the method HHsearch for the detection of remotely related proteins, which is
three times more sensitive than standard methods like PSI-BLAST and considerably faster and
more sensitive than the best alternative methods. To make the method accessible to a wider
community, a web server based on HHsearch was set up (hhpred.tuebingen.mpg.de).
It can search all popular protein family databases and returns ranked matches similar to PSI-
BLAST in a matter of minutes. Several options assist in the functional analysis and 3D structure
prediction. This server is complemented by a related server (hhrep.tuebingen.mpg.de)
dedicated to the detection of internal repeats in protein sequences. Using HHrep, a clear sequence
signal for the structural repeats in a number of common protein folds has been detected for the
first time.

1 Introduction

The class of bioinformatic tools most often used by biologists are sequence
similarity search methods, of which FASTA [1], BLAST [2], and PSI-BLAST
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[3] are the most popular ones (with 7782, 20288, and 16411 citations to
date). These methods identify homologous (i.e. related) proteins in sequence
databases. In cases where an experimentally characterized, homologous pro-
tein can be identified, one can make inferences about the unknown protein,
because closely related proteins (e.g. with > 50% identical amino acids in the
pairwise sequence alignment) generally have the same or very similar func-
tions. But for many proteins, no significant relationship to a protein of known
function can be established, especially in the most interesting cases where the
protein belongs to a family that has not yet been studied.

It is still not well known among biologists that, when conventional se-
quence search methods fail, recently developed, highly sensitive methods
for remote homology detection [4, 5, 6] or structure prediction [7, 8,9, 10,
11, 12, 13] quite often allow to make inferences from more distant relation-
ships [14, 15, 16]. If the relationship is so remote that no common function
can be assumed (e.g. if less than ~ 30% of amino acids are identical) one can
generally still derive hypotheses about possible mechanisms, binding sites,
functional residues, or the class of substrate bound [17].

When a homologous protein with known structure can be identified, it can
be used as a template to model the 3D structure for the query protein [7],
since even remotely homologous proteins generally have quite similar 3D
structures [18]. The 3D model may then help to generate hypotheses to guide
experiments.

2 Sequence alignments, sequence profiles, and HMMs

Sequence similarity search methods like FASTA or BLAST compare the se-
quence of a query protein with sequences of database proteins by aligning the
two sequences, one below the other, in such a way that similar amino acids
will preferably be in the same column. A substitution matrix, derived from the
statistical analysis of many representative sequence alignments, quantifies the
similarities between the twenty amino acids. The sequence similarity score is
calculated as a sum over the substitution matrix elements of the aligned pairs
of amino acid residues, minus penalties for gaps in the alignment. Clever
heuristics speed up the calculation by a factor 10 to 100 with negligible loss
in sensitivity.

The development of profile-to-sequence comparison methods such as PSI-
BLAST [3] has lead to a vast improvement in sensitivity over these sequence—
sequence comparison methods. A sequence profile is built from a multiple
alignment of homologous sequences. It is a 20 x L matrix that contains the
fraction of each of the twenty amino acids in each of the L columns of the
multiple alignment (Figure 1). The profile can be understood as a concise
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statistical representation of the sequence family alignment, which contains
more information about the sequence family than a single sequence. The
profile allows to distinguish between conserved positions that are important
for defining members of the family and nonconserved positions that are vari-
able among the family members. More than that, it describes exactly how
likely we are to find each of the amino acids at each position, which is why
sequence profiles are sometimes called “position-specific substitution matri-
ces”. In practice, profile-based search methods work in an iterative fashion.
After each search round, they add the significantly related sequences to the
multiple alignment from which the sequence profile for the next round of
database search is constructed.
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Fig. 1: A multiple sequence alignment and its associated sequence profile.

A significant improvement over profile-sequence based methods was made
possible by comparing profiles to profiles. These methods use PSI-BLAST
or a similar method to build a profile for a query sequence and compare this
profile with a database of precomputed profiles. Several such programs for
homology recognition have recently been developed: LAMA [4], PROF_SIM
[5], and COMPASS [6]. They were shown to be significantly more sensitive
than PSI-BLAST and have been applied to identify evolutionary links be-
tween protein families previously thought to be unrelated. In addition, almost
all of the top structure prediction servers now rely on profile—profile com-
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parison, as can be seen from the results of the blind, automated structure
prediction contest CAFASP [19].

Profile hidden Markov models (HMMs) are similar to simple sequence pro-
files, but in addition to the amino acid frequencies they contain the position-
specific probabilities for inserts and deletions along the multiple sequence
alignment. The logarithms of these probabilities are in fact equivalent to
position-specific gap penalties [20]. Not surprisingly, profile HMMs perform
better than sequence profiles in the detection of homologous proteins and in
the quality of alignments [21,22,23], but despite the success of profile-profile
alignment methods, the generalization to HMM-HMM comparison has not
been done until recently.

3 Pairwise alignment of HMMs

A statistical theory of pairwise alignment of HMMs was independently de-
veloped by Lyngsgg et al. [24] and myself [25]. Both approaches start from
the co-emission probability as a measure of similarity of two profile HMMs,
i.e. the probability that the two aligned HMMs emit the same amino acid
at each aligned position'. Lyngsgg et al. find the alignment that maximizes
the logarithm of the co-emisssion probability, whereas our method sets the
co-emission probability in relation to a null model probability describing the
probability of emitting the same sequence under the assumption of unrelated
proteins. More precisely, I look for the alignment that maximizes the score,
defined as the logarithm of the sum over all co-emittable sequences of the ra-
tio of co-emission probability to null model probability. It can be shown [25]
that the use of a null model considerably improves performance by giving
more weight to the co-emission of rarer amino acids®>. Furthermore, by in-
cluding a null model our HMM-HMM alignment score reduces to the suc-
cessful log-odds score of HMM-to-sequence alignment in the case when one
HMM is constructed from a single sequence.

A profile HMM contains in each column a match state M, a delete state D
and an insert state / (Figure 2). The transition probabilities between states,
symbolized by the arrows, are calculated from the insert and deletion frequen-
cies at each position in the multiple alignment. To align two HMMs, they
must be able to emit the same sequence of amino acids in aligned columns.

! When interpreting the HMM as a generative model, we say Match states emit amino acids
according to the amino acid distribution of the corresponding multiple alignment column. Insert
states emit amino acids with a probability distribution equal to some mean frequencies in a
sequence database.

2[ speculate that limited performance due to the lack of a null model as well as a relatively
cumbersome algorithm may be reasons why the method of Lyngsgg was never developed further
or made publicly available.
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Fig. 2: Alignment of two HMMs. The path through the two HMMs corresponds to a sequence
that is co-emitted by both HMMs. M: match states, D: delete states, I: insert states. Match states
can emit amino acids with a probability distribution given by the corresponding column of the
multiple alignment (see previous figure).

Match and insert states emit amino acids whereas delete states don’t. There-
fore, a match or insert state in one HMM can only be aligned with a match or
insert state in the other HMM. Conversely, a delete state can only be aligned
with a delete state or with nothing (i.e. with a gap) (Figure 2). As an exam-
ple, in the third column of the alignment in Figure 2, HMM ¢ emits a residue
from its M state and HMM p emits a residue from the [ state. In column
six of the alignment, HMM ¢ does not emit anything since it passes through
the D state. HMM p does not emit anything either, since it has a gap in the
alignment.

I use dynamic programming to iteratively solve the task of finding the
highest-scoring alignment of two HMMs. Simply speaking, one calculates
the score of the optimal alignment up to columns (¢,7) from the optimal align-
mentsupto (¢t — 1,7 — 1), (2 — 1, 5),and (4, 7 — 1).

Since protein structures diverge much more slowly than sequences, it makes
sense to include a comparison of secondary structures when aligning putative
remotely homologous sequences. I have developed a statistical method akin
to amino acid substitution matrices that also takes into account the confidence
with which the secondary structure state (alpha helix, beta strand, or coil) at
each position is predicted. The similarity scores between predicted states are
then simply added to the amino acid-based scores of each column.
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4 Benchmark comparison

I performed an all-against-all comparison with various similarity search tools
to test their ability to detect remotely homologous proteins and to produce
high-quality alignments below the twilight zone [26] of sequence similarity.
I compared BLAST, PSI-BLAST, the HMM-sequence comparison package
HMMER , the profile—profile alignment tools PROF_SIM and COMPASS,
and our method HHsearch. In order to pinpoint the source of improvements,
I benchmarked four versions of HHsearch. HHsearch 0 uses simple profile—
profile comparison, HHsearch 1 is the basic HMM-HMM version, HHsearch
2 includes a novel correlation score [25], and HHsearch 3 and 4 addition-
ally score secondary structure similarity (with predicted vs. predicted and
predicted vs. actual secondary structure).

The SCOP hierarchical database [27] of structural domains was used as test
set, since any pair of sequences from the same SCOP superfamily can safely
be assumed to be homologous, whereas every pair with different folds are
assumed to be unrelated. We will call these pairs true positives and false pos-
itives, respectively. SCOP (version 1.63) was filtered to obtain a set of 3691
sequences with a maximum pairwise sequence identity of 20% (i.e. having no
more than 20% identical residues in a pairwise alignment). A multiple align-
ment was built from each sequence by using PSI-BLAST with up to eight
iterations and an HMM was calculated from each of theses alignments.

Sensitivity: In order to assess the ability of the methods to distinguish
true from false positives, we plot in Figure 3 the number of true positives
versus the number of false positives detected above a score threshold. The
ideal method would detect all homologous relationships before the first non-
homologous pair is reported, yielding a vertically rising graph.

In short, HHsearch finds about twice as many homologous pairs at con-
stant error rate of 10% (dashed diagonal line) as the next best method and
more than three times as many as PSI-BLAST or HMMER. The improve-
ment over the best alternative method (COMPASS) is due, to about one third,
to the inclusion the statistical scoring scheme and the preparation of profiles
(compare traces for COMPASS and HHsearch 0 in Figure 3). Another third
is gained by using HMMs instead of simple profiles (compare HHsearch 0
with 1), and the last third is owed to the inclusion of secondary structure and
correlation scoring (compare HHsearch 1 with HHsearch 3 or 4).

Alignment quality: In comparative structure modeling, the alignment qual-
ity between query and template sequence is the key determinant of model
quality [28]. The quality of sequence alignments can be assessed by look-
ing at the spatial distances between aligned pairs of residues upon superpo-
sition of their 3D structures. A measure for this structural fit is the MaxSub
score [29]. It is 1.0 for a perfect structural fit between query and template
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Fig. 3: Sensitivity of various homology detection tools, measured by how many true positives
are detected at varying numbers of false positives. True positives are homologous pairs, false
positives are unrelated. For definitions of HHsearch 0—4 please refer to the main text.

structures when all query residues are aligned at RMSD of 0 A, and zero if
the similarity is found to be insignificant.

Figure 4 plots the percentage of pairs found with scores in ten score bins,
when all pairs with proteins from the same family (a) or the same superfamily
(b) are considered. Pairs with MaxSub score of zero are omitted from the
lowest bin. In conclusion, HHsearch is able to produce more alignments with
scores above O than any of the other methods, and this difference increases
for the more difficult inter-family alignments (b).

Speed: HHsearch scans a query sequence of 200 residues against 3691
domains in 33 s on an Athlon 64 3200+ PC. This is 10 times faster than
PROF_SIM, 17 times faster than COMPASS, and only 2.5 times slower than
the HMM-to-sequence comparison method HMMER. This speed was achieved
through an efficient algorithm, rigorous profiling, and implementation of fast
logarithm and power functions. In addition, HHsearch is parallelized (us-
ing POSIX threads) to run on multiple processors of an SMP machine, with
good scaling properties (2 CPUs give a speed-up of x 1.7 on a dual Athlon 64
3200+ machine under Linux).
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Fig. 4: Distribution of MaxSub scores for alignments of domain pairs related at the family or
superfamily level in percent. Counts with MaxSub score of zero are not shown.

5 The HHpred server for structure and function prediction

The web server HHpred was developed to provide biologists with a method
for sequence database searching that is as easy to use as BLAST or PSI-
BLAST and yet competitive in sensitivity with the most powerful, specialized
servers for structure prediction available.

Upon submission of a query sequence (or alignment), HHpred proceeds in
three steps. First, an alignment of homologs is built for the query sequence by
multiple iterations of PSI-BLAST searches. In the next step, a profile HMM
is generated from the multiple alignment that also includes the information
about predicted secondary structure. In the last step, the query HMM is com-
pared to each HMM in the selected database. The database HMMs have been
precalculated and also contain secondary structure information, either pre-
dicted by PSIPRED, or assigned from 3D structure by DSSP [30]. The server
then presents the results organized into three sections: a graphical overview
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Fig. 5: Search results for HHpred at the example of transition state regulator SpoVT. The bar
graph and summary hit list at the top show that SpoVT consists of two domains: the N-terminal
domain is very similar to AbrB (rank 1) and clearly homologous to MazE (rank 4) and the C-
terminal domain is similar to GAF and PAS domains (rank 2, 3, 5 etc). In the summary table,
column ‘Prob’ lists the probability that the hit is homologous to the query. The alignments can be
either displayed as annotated sequence alignments, or, like here, as histograms giving the amino
acid distributions in the profile HMM columns. Amino acids with less than 10% are not shown.
The coloring indicates the class, e.g. aliphatic, aromatic, polar etc. Various links and options
provide means to further analyze results or generate a structural model.
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of location and significance of the best matches, a summary table, and de-
tailed pairwise query-template alignments (Figure 5). I believe that HHpred
is unique in the advantages it offers:

Databases: In addition to the PDB and SCOP databases, all of the stan-
dard protein family databases can be searched and are automatically updated:
Pfam [31], SMART [32], COG/KOG [33], CDD [34], InterPro [35], TIGR-
FAM [36], Panther [37], PIRSF [38], and CATH/Gene3d [39]. This sets HH-
pred apart from most other servers able to detect remote homologies, which
are generally more specialized for protein structure prediction and only offer
searches of the PDB.

User-friendliness: Search results are presented in an easy-to-read format
similar to BLAST. Alignments contain annotation about secondary structure,
consensus sequences, and position-specific reliability, and a histogram view
of the HMM-HMM alignments permit to quickly identify functional motifs
(Figure 5).

Flexibility: We try to offer the user maximum control and flexibility. One
can paste one’s own query alignment, search in local or global alignment
mode, realign with other parameters, edit the query-template (multiple) align-
ment with which to launch the comparative modeling, merge the query HMM
with database HMMs for intermediate profile search, view structures of tem-
plates or computed models, and so forth. Furthermore, HHpred is embedded
in our web-based MPI Bioinformatics toolkit, which integrates many in-house
and public tools in one convenient environment.

Selectivity: High-scoring false positives have systematically been reduced
by developing a protocol for building query and database alignments that sup-
presses non-homologous sequences (J. S6ding, to be published).

Sensitivity: HHpred is among the most sensitive servers for remote ho-
mology detection. A comparison of the new version with the servers that took
part in the structure prediction benchmark CAFASP4 [19] can be viewed at
http://protevo.eb.tuebingen.mpg.de/hhpred/hhpred_in_
CAFASP4.html. Recently, we have integrated a new method for automa-
tized exhaustive intermediate profile search, HHsenser [40], which can be
called from within HHpred, to further increase sensitivity.

Documentation: Detailed help pages (>13000 words) are available.

6 Applications

HHpred now processes over 2000 external queries per month. A year after
publication of HHsearch and HHpred, I found 36 articles citing them. Of
these, three applied HHsearch on a large scale as a main method of analysis
[41,42,43] and another 17 employed HHsearch or HHpred for detecting a
remote homology relationship or predicting a 3D protein structure [44, 45,
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46,47,48,49,50,51,52,53,54,55,56,57,58,59,60]. In the following, four
examples that illustrate the use of HHsearch and HHpred are presented.

6.1 Structure and function prediction for Rtv from the fruit fly

The retroactive (rtv) gene of Drosophila melanogaster was identified at our
institute in a genetic screen for chitin-associated developmental defects. No
annotated homologous sequence were found with standard methods. A man-
ual sequence search with PSI-BLAST and submission of the resulting align-
ment to HHpred resulted in the detection of a family of snake toxins and a
family of extracellular receptor domains as distant homologs. From the latter
relationship we could conclude that Rtv is an extracellular protein anchored
to the cell membrane by a GPI linkage. Modeling the structure of the Rtv
protein with a set of diverse templates resulted in a structure with three long,
floppy, exposed loops that are held together by five disulphide bridges. The
length of the loops is unique among relatives of Rtv, and each carries two
exposed, aromatic residues at the end. Exposed, aromatic residues are known
to bind sugar-derivatives like chitin. This lead us to the hypothesis that Rtv
is involved in binding and organizing the chitin fibers emerging from the ep-
ithelial cell surface [60]. Recent preliminary experimental evidence confirms
this prediction.

6.2 Detection of tandem BRCT domains in human Nbsl

Human Nbs1 (and its homolog Xrs2 from yeast) are part of the conserved
MRN complex which plays a crucial role in maintaining genomic stability.
NBSI1 corresponds to the gene mutated in the Nijmegen breakage syndrome
known as a radiation hyper-sensitive disease. Despite the importance of the
MRN complex, the high sequence divergence between Nbsl and Xrs2 pre-
vented the identification of common domains downstream of the N-terminal
Fork-Head Associated (FHA) domain. Using HHpred, a team from Saclay
could identify three as yet undetected BRCT domains in Nbsl and Xrs2
downstream of FHA [47]. Based on the hand-refined HHpred alignments,
a structural model of FHA with the two BRCT domains was built, leading to
the prediction that the duplicated BRCT domain acts as phospho-serine bind-
ing module in phosphorylation-dependent protein-protein interactions and to
the identification of the binding surface for the phospho-serine carrying in-
teraction partner. The model further shows that the phospho-binding sites of
FHA and BRCT are at least 45 A apart and, surprisingly, that there is not
a single residue of linker between FHA and BRCT in any of the homologs,
which hints at a tight coupling between the phospho-binding functions of the
FHA and BRCT domains.
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RuvB

Fig. 6: The histone fold, represented here by the heterodimer TAF 1162/TAF 142, evolved from
the C-terminal subdomain of AAA+ ATPases like RuvB by the deletion of a linker and a 3D
domain swap.

6.3 Novel members of the PD(D/E)XK nuclease superfamily

The PD(D/E)XK nuclease superfamily of Mg?*-dependent nucleases groups
together protein domains found in diverse enzymes involved in DNA repli-
cation, repair, and recombination. Typically, the sequence similarity between
these proteins is so low that most members of this superfamily could be classi-
fied as PD-(D/E)XK nuclease only after their structures were determined ex-
perimentally. To find new members of this superfamily, Kosinski et al. [41]
used the HHsearch package to build HMMs for all known members and to
search the Pfam and COG databases for significant similarities. They report
the identification of a PD(D/E)XK nuclease domain in numerous proteins im-
plicated in interactions with DNA, but with unknown structure and function.
The work will help to jump-start the experimental characterization of new
nucleases, of which many will be important for the understanding of mecha-
nisms that govern the evolution and stability of the genome.

6.4  Evolution of histones from a subdomain of AAA+ ATPases

In an all-against-all screen of homologous relationships between members of
different folds (see section 4), we identified a striking similarity both in se-
quence and in structure between the histone proteins and the small helical
subdomain of extended ATPase domains in AAA+ proteins (Figure 6). This
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relationship is remarkable since it is conventionally assumed that different
folds share no common ancestors. We conclude that the histones evolved
from the ATPase subdomain, consisting of two alpha-helical hairpins con-
nected by a short linker, by deletion of the linker and merging of the two
inner helices into a long straight helix, and subsequent dimerization in order
to preserve the tertiary interactions (“3D domain swap”) [61].

7 The HHrep server for de novo repeat detection

Six out of the ten most populated folds possess an approximate structural
symmetry [62,63]. Most proteins that adopt one of these folds have no sym-
metry detectable in their sequences, however, and it is unclear for most do-
main families in these folds whether their structural symmetry has its cause in
an origin through duplication. The ability to detect these structural repeats by
their sequences would open a window to study hypotheses about the origin of
these domains by duplication of simpler fragments. Furthermore, the detec-
tion of structural repeat patterns could help to predict the fold and function
of sequences for which no detectable homolog with known structure can be
found.

There are two general classes of methods to detect repeats in protein se-
quences. The first use their own database of profile HMMs or sequence pro-
files which are constructed from known repeat families, and they compare
these profiles one by one with the query sequence. The second class is called
de novo repeat detection methods: They do not rely on a priori knowledge
about repeat families. Instead, they look for internal similarities by compar-
ing the protein sequence to itself with standard sequence-sequence alignment
techniques.

HHrep [64] is a web server for de novo identification of repeats in protein
sequences, which is based on the pairwise comparison of HMMs. Its main
strength is its sensitivity, allowing it to detect highly divergent repeat units
in protein sequences whose repeats could as yet only be detected from their
structures. Examples include sequences with -propeller fold, ferredoxin-like
fold, double psi barrels, or (Ba)s (TIM) barrels.

This is illustrated in Figure 7 at the example of the (Ba)s barrel structure
of KDPG aldolase, by revealing a clear fourfold symmetry which we detect
solely from sequence information. This symmetry points to an ancient origin
through duplication of a Sa S« unit [64] and not, as previously hypothesized,
by duplication of a half-barrel [65].
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Fig. 7: The structure of (Ba)g barrels like KDPG aldolase (1fg0_A) is made up of four struc-
tural repeat units (left). The dot plot generated by HHrep shows for the first time a clear fourfold
repeat structure in the sequence of a (Sc)s barrel (right). A black dot at position (i, j) indicates
that profile columns © and j are similar.

8 The HHsearch software package

The HHsearch software package is programmed in C++ with a modular and
object-oriented design. It consists of a program hhmake to generate HMMs
from multiple alignments, hhsearch to search a database of HMMs (simple
obtained by concatenating single HMMs), and hha1ign to perform pairwise
optimal or stochastically sampled alignment of HMMs and to generate dot
plots as used by HHrep. In addition, a fast utility hhfilter can select
a representative set of sequences by a maximum pairwise sequence identity
criterion. With the software, users can download twelve standard, free family
alignment databases in HHsearch-readable format, including our own pdb70
and scop70 databases.

Several scripts written in perl are offered with the package: reformat .pl
can transform many standard multiple alignment formats into each other,
alignblast.pl can parse a multiple alignment from PSI-BLAST output,
addpsipred.pl adds predicted secondary structure to FASTA-formatted
alignments or HMMs, and hhmakemodel.pl can parse the output of hh-
search or hhalign and generate merged multiple alignments in various formats
or create rough 3D models.

The web servers have been set up as part of our MPI bioinformatics toolbox
for protein sequence analysis [66] in a model-view-controller web framework.
The new version is completely rewritten in Ruby on Rails (http://www.
rubyonrails.org/)and will soon be released. It will also be made freely
available under the GLPL license.
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9 Summary and outlook

The HHsearch software for remote homology detection through pairwise com-
parison of HMMs has already found numerous applications in protein struc-
ture prediction, protein function prediction, and protein evolution, of which
only a few could be mentioned in section 6. The HHpred web server was de-
veloped to make this method accessible to a wider community and to greatly
enhance its functionality and usability for structure and function prediction.
The HHrep server, which is based on the same method for HMM-HMM com-
parison, represents the most sensitive tool for de novo repeat detection in pro-
teins.

I envisage many developments for protein function and structure prediction
that build on the present methods. (1) A planned extension to HHpred is a
PDBalert system. Users can enter a list of proteins in a web form, which will
be automatically checked every week for similarity with the newly released
protein structures. (2) We are working on a new method for comparative
modeling that employs Bayesian statistics and advanced Markov chain Monte
Carlo sampling techniques to simultaneously determine an optimal structural
model and an improved query-template alignment (In collaboration with M.
Habeck). (3) I will explore a way to speed up HHsearch by a factor of 10—
100 by condensing the information contained in a single profile column into
a discrete state alphabet and using fast heuristics developed for sequence-
sequence comparison [1,2] to pre-screen for potential homologs. This could
enable HHsearch to reach the speed of PSI-BLAST at much higher sensitivity.
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