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Abstract

Databases of multiple sequence alignments are a valuable aid to protein sequence classification
and analysis. One dfi¢ main challengewhen constructinguch adatabase is to simultaneously
satisfy theconflictingdemands ofompletenessn one hand and quality afignment and domain
definitions on the other The latter properties are best dealt with by manual approaches, while
completeness practisas only amenable to automatic methoditere we present a database
based on hidden Markov model profilgdMMs) which combines high quality and completeness.

Our databasgPfam, consists of parts A and B2fam-A is curated and contains well chewa
terisedprotein domairfamilies with high-quality alignments, which are maintained by using
manually checked seed alignments and HMMs to find and align all menifara-B contains
sequence familiethat were generated automatically by applying the Domainer algorithm to
cluster and align the remaining protein sequences after removal of Pdammains.

Using Pfam, a large number of previously unannotated proteins fro@ degans genome
project were classified. We have also identified m@owel family memberships in knowngr
teins includingnew kazal, Fibronectin type Ill, and response regulator receiver donifes.-A
families havgpermanent accession numbarsl form a library of HMMs available for searching

and automatic annotation of new protein sequences.



Introduction

Protein sequence databases such as SwissamdtPIR* are becoming increasingly large and unma
ageable, mainly as a result of the growing number of genome sequencing projects. However, many of
the newly added proteins are new members of existing protein families. Typically bét¥eand

65% of the proteins found by genomic sequencing show significant sequence similarity to proteins
with known functior®, and usually a large fraction of them show similarity veitich othe?>. For
classification of newly found proteinas well as orderly management of already known sequences, it
would therefore be advantageous to organise known sequences in families and use multiple alignment
based approaches. This requires a system for maintaining a comprehensive set of protein clusters
with multiple sequence alignments.

The problem breaks down into two parts: defining the clusters, i.e. a list of members for each
family, and building multiple alignments of the members. Previous approaches to construct co
prehensive family databases have either concentrated on aligning short conserved Yegfions
ten starting from the manually constructed clusters in Prysitefull-domain alignments using
either clusters that were derived manually from PtR automatically’®. An issue here is
whether to aim for conserved regions only, or whole-domain alignments. Using short conserved
motifs, either in the form of a pattern or an alignment, can indicate when a protein contains a
known domain. Motif matches are often useful to indicate functional sites. However, they us
ally do not give a clear picture of the domain boundaries in the query sequence. They may also
lack sensitivity when compared to whole-domain approaches, since information in less conserved
regions is ignored. The whole-domain approach therefore seems preferable for detailed family-
based sequence analysis since it offers the potential for the most sensitive and informative domain
annotation.

To cope with the large number of families, the existing family databases made heavy use of
automatic methods to construct the multiple alignments. Almost without exception, a manually
constructed alignment would have been preferred, but maintaining a comprehensive collection of
hand-built alignments is not feasible. If the clustering is done at a high level of similarity, such as
50% identity, the alignment can be generated relatively reliably with automatic methods, but this

will fragment true families and compromise the speed and sensitivity of searching. To avoid this,



high-quality alignments of large superfamilies are needed, which frequently require ngnual a
proaches.

Apart from the multiple alignment construction problem, a fully automatic approach also has
to provide a clustering and, to work for multi-domain proteins, define domain boundaries. For
instance, the Domainer algoriththwhich performs the clustering of domain families based on
all versus all BLASTP matching, is a fully automatic approach that we have used. We are most
familiar with its drawbacks and believe that other automated sequence clustering approaches
share similar drawbacks. The clustering level of Domainer depends on the score level of a
cepted pairwise BLASTP matches. Domain borders are inferred by analysing the extent of the
Blast matches and from N- and C-terminal ends. The main problem with Domainer is that it does
not scale well. As the sequence database grows, this will have several manifestations: 1) The
computing time increases in the order of. 1) Either the clustering level must go up or the risk
of false family fusions will increase. 3) The domain boundaries become less reliable due to more
noise in the BLASTP data. 4) The quality of the alignment drops as more members are added.
Further drawback of Domainer aréhatit is sensitive to incorrect data, and thas a one-off
process that does not allow incremental updates but must be completely rerursatiezecta-
tabase update. This is not only very costly computationally, but also means that the families are
volatile, due to the heuristic character of the algorithm, and can not be permanently referenced
from other databases. It is not well-suited for classification, since the families lack family-level
annotation.

Presently available fully automatic methods are thus not suitable for a high-quality family-
based classification system. Could a combination of manual and automatic approaches-be a sol
tion? The question here is really how much manual work has to be done to achieveea compr
hensive database. This depends on the distribution of protein family sizes. Based on sequence
similarity, it is clear that the universe of proteins is dominated by a relatively small number of
common families®. The same type of analysis on the structural level reveals that there are a few
families of very frequently occurring fold§ and it has been estimated that a third of all proteins
adopts one of nine ‘superfold$’ This led us to believe that a semi-manual approach initially
applied to the largest families could capture a substantial fraction of all proteins. For practical
reasons however, it is usually not possible to build correct alignments solely basedesn the s

guence data from members sharing a common fold, since often there is essentially no sequence



similarity at this level. The structural information required to produce a correct alignment is
available only for a fraction of proteins. It therefore makes more sense to perform the clustering
at the superfamily or family level, where common ancestry and sequence similarity ara-reason
bly clear.

A major stumbling block of manual approaches is the problem of keeping the alignments up to
date with new releases of protein sequences. A robust and efficient updating scheme is required
to ensure stability of the database. These requirements are met in Pfam by using two alignments:
a high qualityseed alignment, which changes only little or not at all between releases.falid a
alignment, which is built by automatically aligning all members to a hidden Markov model based
profile (HMM) derived from the seed alignment. The method that generates the bestrll alig
ment may vary slightly for different families, so the parameters used are stored for reploducibi
ity. This split into seed/full is the main novelty of Pfam’s approach. If a seed alignment is unable
to produce an HMM which can find and properly align all members, it is improved andlthe gat
ering process is iterated until a satisfactory result is achieved.

The seed ahfull alignments, accompanied by annotation and cross-references to other family
and structure databases and to the literature, and the HMMs, are what make up Pfam-A. Each
family has a permanent accession number and can thus be referenced from other databases. We
strived to include every family with more than 50 members in Pfam-A. All sequence domains not
yet in Pfam-A were then clustered and aligned automatically by the Domainer program into
PfamB. TogetherPfam-A and Pfam-Brovide a complete clustering of all protein sequences.

The quality of the Pfam-B alignments is generally not sufficient to construct useful HMMs. The
main purposes of Pfam-B are instead to function as a repository of homology information and a
buffer of yet uncharacterised protein families. As these families become larger they will benefit
more from being incorporated into Pfam-A. Our goal is to progressively introduce the largest
Pfam-B families into Pfam-A.

This paper describes how Pfam was constructed and presentsfresulipplying the Pfam
HMM library to analyse protein families in Swissprot and to classify 4874 proteins found in 30

Mb of genomic DNA fromC. elegans.



Methods

Pfam-A

HMMs
Hidden Markov model based profiles (HMM#ve beemsed extensivelpoth forthe constra-
tion of Pfam, andor detecting matches to Pfam familiedatabassequencesAlthough hidden
Markov models are a general probabilistic modelling technique, we will use HMM in this paper
to mean a specific form of model which describes the sequence conservation in a family. This
type of HMM consists of a linear chain of match, delete and insert &tate§'he match state
contains probabilities for amino acids in a given column, while the transition probabilities to and
from insert and delete states reflect the propensity to insert a residue or skip one at a given pos
tion. The HMM parameters can either be estimated directly from a multiple alignmentaor iter
tively by an Expectation-Maximisation procedure from unaligned sequences. A protein sequence
can be aligned to an HMM using dynamic programming to find its most probable path through
the states. The logarithm of this probability over the probability of a random model gives the
score of the match, usually expressed in bits (logarithm base 2).

Score matrix basegtofiles'® are similar and might also have been usedughout How-
ever, there are reasons to believe that HMMs are a somewhat superior approach to matrix based
profiles™®. A practical reason for choosing HMMs was the suitability to the task of the HMMER
package’, which includes the programs hmmils for finding multiple non-overlapping complete
domains in a target sequence, and hmmfs for finding multiple non-overlapping partial and/or full

domains.

Seed and full alignments

Thephilosophy behindPfam-Ais to construct a seed alignment for each family, from a non-
redundant representative set of full length domain sequences trusted to belong to therltaanily.
quality of each seed alignment was controlled by manual checking. From the seed alignment, an
HMM was built, which then was used to find new members and to generate the alignment of all

detected members. The process of seed alignment and member gathering was iterated as outlined



in figure 1 if the initial seed was unsatisfactory. The HMMs weiebnilt from the all-member
alignment since this may contain incomplete or incorrect sequences which may affect the HMM
adversely. The full alignments were never edited; if they were unacceptable, either the seed

alignment was improved or the method to generate the full alignment from the seed was changed.

Seed alignment construction

The initial members of a seed were collected from one of several sdswissprot, Prosite,
structural alignment¥, Prodom, Blast results, repeats found by Ddfter published alig-

ments. Families were chosen on ad hoc basis, with a bias towards families with manynme

bers. If the source provided a complete alignment of the seed members, this was wseliput
an alignment had to be built and comparekinownsalient features such as active site residues
or gructurally important residues. Of thatomatedilignment methods used (ClustafyClus-

talv *, HMM training?%), Clustalw most often produced the best alignment. In a few cases,
manual editing of the seed alignment was necessary. Any sequence that was suspected to contain
an error such as truncation, frameshift or incorrect splicing was not included in the seed alig
ment, to avoid adding noise to the HMM. This is important since up to 5% of the sequences in

Swissprotmaycontain suchrors (T. Gibson, personal communication).

HMM construction
From each seed alignment an HMM was busiing the hmmb program. Althgh care was
taken to assure that the seed members did not include very similar seqoeec#gyo different

weightingscheme % #*

was applied to minimise ampptential bias towards a subgroup.

To avoid overfitting and to make the HMM more general, amino acid frequency priors were
normally derivedaccording to amad hoc pseudocount methdd using theBLOSUMG62 substi-
tion matrix However for some familiege.g. EGF, ef-hand, globimg), the less specific Laplace

(‘plus one’) priorsgave better results, ameeretherefore used.

Full alignment construction
Each HMM thus constructed was then compared to all sequences in Swissprot. This was either
done directly with the search programs hmmls or hmmfs, or by converting the HMM to a GCG

profile #° in order to be able to use the very fast Bioccellerator hardware from Confbugen



These programs all perform variants of dynamic programming: the programs bic_profilesearch on
the Bioccellerator and hmmfs use a fully local algorithm, while hmmls is local in the aquery s
guence but matches the entire HMM. A further difference is that bic_profilesearch only reports
the highest score, while hmmls and hmmfs report all scores above a threshold, with co-ordinates.
Although the Bioccellerator is about 50 times faster than a workstation, the result has to be post-
processed with hmmfs or hmmis to extract the coordinates of all matches. This was dBne by r
trieving the entire sequence of all proteins that match according to bic_profilesearch with the
Efetch prograni® into a mini-database, which was then searched with hmmfs or hmmls.

If a list of known members of a family was available, the search result was compared to it to
make sure that no known members were missed inadvertentifthe seed alignment is very
small, one can not expect to find all members at once. In such cases, selected newly fiound me
bers were incorporated in a new seed alignment, and the search was iterated. For the families
where the initial seed alignment was derived from structural superpositions, the new HMM was
constructed with a modified training algorithm that constrains the known structural alignment,
allowing only the sequences of unknown structure to be realigned.

By extracting all matching sequence fragments and aligning them to the HMNhwio-
gram hmma, a full alignment is created. Depending on the nature of the family, either hmmfs or
hmmls will give more accurate matching segments. Hmmfs occasionally breaks a dontain artif
cially into two or more fragments if unexpectedly large insertions or gaps are encountered.
Hmmls does not do this, but may penalise partial matches (to fragments) so much that they are
not found at all. Usually hmmfs is used, but in some cases hmmis was preferred. The method
used for constructing the full alignment and the score cutoffs used were recorded for each family.

The default score cutoff was 20 bits, but this was adjusted for some families as described below.

Quality Control

Once the seed and full alignments of a family have been constructed, a number of quality controls
were performed. False positives and negatives relative to a reference clustering, usually from
Prosite, were examined. Since Prosite describes motifs, the clusterings can not always agree
completely. It is made sure that neither the seed nor full alignment overlaps by even a single
residue with any other family. Both the alignments and the annotation are checked for format

errors.



A problem with Pfam’s strategy is that there is no intrinsic protection against one protein
scoring high with two HMMs, if its sequence lies ‘in between’ the two families. This typically
happens when two families are treated as separate, although they are known to be related. One
case of this are the EGF domains and the related EGF-like domains found in laminins, &here th
laminin EGF-like modules ar20-30 residues longer than normal EGF domains and have eight
instead of six conserved cysteinpassibly forming a fourth disulphide bandlVhen training an
HMM on a cross-section of many EGF domains, this HMM will typically give a high score to
laminin EGF-like domains. However, it was possible to train a tight EGF HMM where the
alignment was very strict about features that are different from laminin EGF-like domains, such
as the exact spacing between some conserved cysteines. This HMM would only recognise non-
laminin EGF domains.Pfam-A is checked for any overlaps between families and if this is found,

either the seed alignment is modified or the score cutoffs are raised slightly.

For mat

The Pfam format for the alignments is for each sequence segment: name/start-end followed by the
padded sequence on one line. The name is the Swissprot acronym and the start and end are the
co-ordinates of the first and last residues of the sequence segment. In the release flat file the
Swissprot accession nhumber is added to the end of each sequence line. The annotation follows
the Swissprot flatfile format closely; each family in Pfam-A has a permanent referenaeable a
cession number (Pfxxxxx), an ID name and a definition line. An example of annotation and
alignment is shown in figure 2. The field labels in figure 2A follow the Swissprot syniath

the addition of AU (alignment author), SE (seed membership source), AL (seed alignment
method), GA (gathering method to find all members) and AM (alignment method of all members

to HMM).

Pfam-B

To cluster all protein sequences not covered by Pfam-A, the Domainer progvansion 1.6,
was run. Domainer uses pairwise homology data reported from BLAS®@Ronstruct aligned
families. BLASTP was only run on the part of Swissprot that was not present in PfaméA. Inr

lease 1.0 of Pfam this was 81% of Swissprot 33. These sequences were prepared by extracting all



sequence sections larger than 30 residues that were not covered in Pfam-A into separate entries. A
protein with a Pfam-A domain in the centre that has long flanking regions on either side, will thus
generate two entries. By doing this, Domainer will consider each section as an independent s
guence, and the boundary to the Pfam-A segment will be used as a real domain boundary. All
sequences known to be fragments were omitted since these would induce false domain boundaries
in Domainer.

The Domainer process was further improved by filtering the BLASTP output with MSPcrunch
%8 to remove biased composition matches, trim off overlapping ends of consecutive Blast matches,
and to reduce redundancy. As can be seen in figure 3, the growth of Homologous Sequence Sets
(HSSs), is practically linear with the number of homologous Sequence Pairs (HSPs) processed,
while running Domainer on all of Swissprot gives rise to large plateaux in areas of lange redu
dancy™. Although Pfam 1.0 is based on release 33 of Swissprot, which contains more than twice
as many sequences as release 21, which Prodom 21 was based on, the number of HSPs was
slightly reduced. Without reduction in redundancy by Pfam-A and MSPcrunch a quadrupling
would have been expected. The time consumption for processing the HSPs into HSSs was 26.3
hours on one workstation. Performing the BLASTP all versus all comparison took a total of
184.6 hours, but the elapsed time was reduced by running on a number of workstations in parallel.
These timings show that it is clearly feasible to rerun the process periodically.

The Pfam-B alignments are released together with Pfam-A in one flat file. The forsat is e
sentially the same, but each Pfam-B cluster is assigned a volatile accession number (PDxxxxx),
which is only valid for a particular release. Information sparse alignments that Domaieer som
times produces are avoided by excluding any alignment where more than 25% of the residues are

gaps. In Pfam 1.0 this eliminated 34 out of 11963 alignments.

I ncremental updating

Pfam was designed with easy updating in mind. When new sequences are released, they are
compared to the existing models and if they score above the cutoff they are automatically added
to the full alignment. Normally the seed alignment is not altered, except for updating of corrected
seed sequences. However, if new sequences give rise to problems, such as strong cross-reaction

between families, the seeds may have to be improved to become more specific for the respective



families. Once Pfam-A is brought up to date, Pfam-B is regenerated on the rest of Swissprot as

described above.



Results

We have constructed and made available a comprehdisary of protein domain families as
described in the Methods section. Together wittHREBV technology, this can provide ad-a
vance over traditional database searching in sequence analysis for classification purposes. Figure
4A illustrates the proportions of Swissprot that are covered by Pfam-A and Pfam-B. A third of all
Swissprot proteins have one or more domain in Pfam-A, and a fifth of all residues are aligned in a
Pfam-A family. Pfam-B is roughly twice the size of Pfam-A, leaving only 22% of all proteins
without any in Pfam at all. Pfam is available via anonymous FTP at ftp.sanger.ac.uk and
genome.wustl.edu in /pub/databases/Pfam. There are two data files: pfam, which lists all the
Pfam families with annotation and alignment, and swissPfam, which contains the Pfam domain
organisation for each SwissProt entry in Pfam. There are also World Wide Web servers on
http://www.sanger.ac.uk/Pfam and http://genome.wustl.edu/Pfam which allow browsing and
HMM searching against Pfam-A with a query sequence.
Tablel summarises the families currently in Pfam-A and the sizes of the seed and full alignments.
On average, the full alignments have four times as many members as the seed alignments. The
structure of 60% of the Pfam-A families is knowrhesefamiliesare cross-referendeo PDB *°,
which is used to link them to the structural classification data®@&" from the Pfam WWW
servers

The main use of Pfam is as a tool to identify and classify domains in protein sequences. We
applied it to Wormpep 10, a database of 4874 predicted proteins from genomic seque@cing of
elegans®!. The 2973roteins for which no informative similarity has been found using time sta
dard Blast/MSPcrunch approathwere searched for Pfam matches. As significance cutoffs, the
previously recorded cutoffs that exclude negatives for each Pfam family were used. 211 Pfam
matches were found in 144 unannotated sequences. A number of these matches had very high
scores, indicating that they would probably have been found by Blast too, but had been missed
due to human error. We have found empirically that most matches found by Pfam but not by
Blast have scores below approximately 35 bits. Table Il lists the 118 matches with scores below
35 bits, representing genuinely novel classifications. Adding all of them to the already annotated
C. elegans predicted proteins yields a classification rate of about 42%. As seen in figuie 4B, a

ready half that amount, 21%, is covered by matches to the Pfam-A HMM library.



An interesting case of family merging which illustrates the level of clustering in Pfam is shown
in figure5. Here two families that were previously not considered related could be merged. One
family is the glycoprotein hormones (Prosite: PDOC00234) tlamdther isa family of conne-
tive tissue growth factor-like and C-terminal domains in extracellular proteiméone of these
references mention the other family. After we had noticed this family-merger, which gives a
good quality alignment, we learned that the structure of a glycoprotein hormone had recently been
determined to be a cystine-knot fdftiwhich is the fold adopted kifie growth factord GF-R2
% NGF** and PDGF-B®. The link between these and the fanaifyextracellular C-terminal
domainshad already been madfe Ironically, TGF-R2, NGF and PDGF-B share so few sequence
features with the glycoprotein hormontse connective tissue growth factmndthe extracelu-
lar C-terminal domains that they could not be included in the Pfamiyfa

During the construction of Pfam, a number of strong matches were found that despite good
sequence similarity had not been cifisg as true members befor&he alignments in figures 2b
and 2c contain two examples of this in the family Pfam:response_reg. Members of this family are
usually found as a single N-terminal domain in response regulators of two-component systems,
where it receives a signal by phosphorylation by a sensor molecule. The signal is then usually
transduced to a C-terminal DNA binding transcription factor which turns on the expression of a
set of downstream genes. Sometimes the receiver domain is not combined with ang-other d
mains on the same chain, or is combined with other types of modules, such as kinase domains.
The cyanobacterial protengaC (Swissprot: RCAC_FREDI Q01473), was previously found to
have a duplicated receiver domé&in We now report a third receiver-like domain between the
two previously described ones. Most of the conserved features are still clearly recognisable in
this third domain, although it has diverged further from the other two domains. The other novel
annotation in figure 2B and C is in the yeast protein KFD3_YEAST (Swissprot P43565), which
was found as ORF YFL033c by genomic sequenciry cdrevisiae chromosome Vi’. As seen
in figure 2C, this protein has a protein kinase domain (split up in two matches) and one receiver
domain. In the original analysis, it was only described as “protein kinase”. It further strares d
mains (Pfam-B_9674 and Pfam-B_9675) wigkl in S. pombe (Swissprot CEK1_SCHPO
P38938), which also contains the protein kinasealn, but lacks the receiver domain.

Another example is the finding of a new fibronectin type 11l (FN3) dorfsima mammalian

glycohydrolase FN3 domairs have already been found in many bacterial glycohydrof38&s



but since this domain combination was found to be limited to the bacterial kingdom g-was a
sumed that horizontal gene transfer had taken place from animal proteins with a comgiletely di
ferent function. We have detected an FN3 domain in the C-terminal part of juogamd
mousealpha-l-iduronidase (Swissprot IDUA_HUMAN P3547TBUA_CANFA Q01634and
IDUA_MOUSE P4844] (see figureésA). The closest homologue is 3-xylosidase from theebact
rium Thermoanaerobacter saccharolyticum, which lacks the FN3 domain. The discovery of an
animal glycohydrolasknked toan FN3 domaimaises questions about the conclusion that all

FN3 domains in bacterial glycohydrolases have arisen by horizontal transfer of the FN3 domain
from an animal source. An alternative scenario is that some ancestral glycohydrolases-also po
sessed FN3 domains.

We have also detected previously undescribazaltype protease inhibitorainairs ** in hu-
man and rat organic anion transporters (SwisSpoIP_HUMAN P46721 and OATP_RAT
P46720)andin rat prostaglandin transporter (Swissg?@T_RAT Q00910), as shown in figure
7. As far as we know, this is the first time a Kazal domain has been described in transmembrane
proteins From thehydrophobicity pofile of these transportef§ it is clear that thgredicted
Kazal domain lies in a regiaf about 90 residudsetween transmembrane helices 9 and 10
This region was predicted to protrude on the outside of the membrane by the program TopPred Il
“3for both PGT and OATP. This supports the possibility of a disulphide-rich globular Kazal d
main, which may welbe mportant for substrate binding.

To what extent are proteins modular? With Pfam, we can address this problem with higher
accuracy than before. Of the proteins in Swissprot 33 containing at least one Pfam-A domain,
17% contain two or more domains, while 2.5% have five or more domains. This is only a lower
bound since (1) not all domains are present in Pfam-A, (2) HMMs are not perfectly sensitive and
(3) it is based on proteins in Swissprot, which probably is biased towards single-domain proteins.
We have done the same analysis on Wormpep 10, which should represent a relatively unbiased
set of proteins. 28% of the proteins that matched Pfam-A families, matched in two oromore d
mains, while 4% matched in five or more domains. We expect that this number is higher for the

nematodeC. elegans than it would be for single cell organisms.



Discussion

We have presented a database which combines high-quality alignment information with high
coverage of known protein sequences. The level of clustering in Pfam-A is largely a result of the
sort of alignments we aimed at: full-domain alignments. If subfamilies are too diverse, aligning
them together will produce a poor alignment with poor discriminative power. The clusters are
thus on a level which gives maximum cluster sizes without disrupting the alignment. In many
Pfam-A families the overall sequence similarity is discernible, but not very strong. Clustering at a
higher similarity level, like PIRALN where the average family only has 6.7 members (see table
[11) would give alignments of very tight subfamilies where little evolutionary informationris co
tained. This would diminish the advantages of multiple alignment based search methods like
HMMs by rendering them less sensitive to recognising distant members. In Pfam, rddated su
families are generally merged into one family to achieve as diverse clusters as possible without
compromising alignment quality.

We have chosen a flat structure of families for Pfam, rather than a hierarchy of clusters.
Maintaining a hierarchy of clearly related families would have the advantage of more fine-grained
classification. The current clustering of Pfam will often not permit functional inference of a
match, since proteins with a common structural origin but diverged functions may be bundled in
one family. However, there were a number of reasons not to choose hierarchical clustering.
Creating the hierarchy of clusters for each family remains a hard and labour-intense problem, for
which no efficient and robust algorithm is known to us. Subgroups of one superfamily vould o
ten be very similar to each other, which would significantly increase the complexity of maintai
ing the families in a non-overlapping manner. Furthermore, using subgroups for similarity
searching will increase the search time substantially but preliminary experiments suggest that no
significant increase in sensitivity is gained by searching with subfamilies (data not shown).

It is interesting to compare Pfam clusters to those in Prosite. Although often very similar, they
sometimes differ substantially. The reason is that Prosite clusters are usually constructed with a
different goal in mind, i.e. describing very short motifs important for function. Prosite clusters
therefore tend to include as many members as possible without destroying the pattern. The level
of Prosite clustering thus depends on how well a pattern can be developed, which in turn depends

on the conservation characteristics throughout the family. In some cases, several Prosite families



are merged together into one Pfam family. For instance Pfam:lipocalin contains the members of
both Prosite:PDOC00187 (lipocalin) and PDOCO00188 (Cytosolic fatty-acid binding proteins). In
other cases Pfam extends Prosite families with new members, e.g. Pfam:Cys_knot contains both
Prosite:PDOC00234 (Glycoprotein hormones beta chain) and cystine knot domains from mainly
growth factors and extracellular proteins (figure 5). Prosite families are often overlapping in the
sense that one family corresponds to most members, but additional subfamilies are needed to find
all members of divergent subfamilies. For example, there are four Prosite patterns for protein
kinases (PDOC00100, PDOC00212, PDOC00213 and PDOC00629), but only one Pfam HMM is
needed. On the other hand, families that share only a tiny motif of only a few residues, like e.g.
the P-loop* (defined in Prosite PDOC00017 as [AG]xxxxGK[ST]), are not merged in Pfam if
there is no inter-family similarity beyond the common motif. Often such patterns are in any case
too short to discriminate true matches from false, as is the case for the P-loop. Pfam#A 1.0 co
tains some 35 families that are absent from Prosite, possibly because no discriminative pattern
could be found. Some of these families are currently being added to Prosite as ‘matrix’ entries
instead of patterns

The protein family databases Prifiteind Blocks' are both based on a set of short ungapped
blocks of aligned residues to describe each family. While the Blocks alignments were generated
automatically for all Prosite families, Prints was constructed using a more manual approach to
define the family clusters, similar to the Pfam member gathering step (see figure 1). Hence Prints
also contains many clusters that are either absent from Prosite, or have a different clustering level.
The ungapped block approach has the advantage that robust and fast methods can be used both to
discover conserved regions within a family and to search a database for more niénberst
allowing gaps, hard to align regions that could easily cause misalignments are avoided. However,
gaps also occur in conserved regions, and not allowing them may cause either misalignments or
truncation of the domain. The principal practical difference from Pfam'’s approach is that
PRINTS and BLOCKS contain short conserved regions, whereas Pfam alignments represent
complete dmains, facilitating automated annotation.

Prodom is a protein family database that was entirely generated by the Domainer pfogram
purely from pairwise sequence homology data with no human knowledge to guide clustering or
domain boundary definition. It is useful as a catalogue of comprehensive low-quality alignments,

but the quality of the alignments and clusters is generally too low to produce information-rich



HMMs. Unfortunately, the quality is inversely proportional to the number of family members and
very poor for short domain families. For instance, nearly all zinc finger domains were lost due to
the crude ‘edge trimming’ of domain boundaries.

There are aumber of other databases that contain valuable aspects of protein family-classif
cation but were excluded from the comparison in Table Il for a variety of reasons. For instance,
Sbhasé® and thematrix entries in Prositédo not provide multiple alignments for the families.

The structural clustering in FSSPcould in theory be combined with the structure-sequence
alignments in HSSP to produce a protein family clustering with multiple alignments, but since
this is not explicitly provided, and since a wide choice of different clustering levels are supplied,
we have not attempted to generate tAike Conserved Regions databasés only indirectly
accessible via the Beauty Blast server on WWW and not as a complete aligned family database.
The MBCRR®? and Taylor's® databases were not included since they were based on relatively
small datasets and have not been updated for many years.

The seed/full alignment strategy of Pfam was intended make updates easy; our aim is to make
a new Pfam release for each new release of Swisspoomake Pfam an integral part of the
analysis process of genomic sequencing project, tools to store and display matches to Pfam fam
lies are currently being added to ACEBB This will allow inspection of HMM matasaligned
to Pfam seed alignmenand significantly improve large scale classification of proteins

Our results suggest that Pfam is valuable for genomic sequence analysis. The improvement in
protein annotation relative to a human expert annotator using an integrated analysis workbench
based on pairwise similaritié&is more than just an increase in percentage annotated proteins. It
avoids many problems inherent to single sequence database searching, such as over-reliance on
the annotation of the highest-scoring match and misannotation caused by multidomain proteins.
Pfam thus significantly reduces the task of annotators, and helps establish a coherenanomencl

ture.
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Figures

Figure 1. Theprocedure t@onstruct the alignments aktMM for a Pfam-A family. *Initial

seed alignments are taken either fropulllished alignment care made byne of the methad
described in the texBy ‘ok’ we mean that known conserved features are correctly aligned and
that the overall alignment has sufficiently high information content to separate known positives

from negatives.

Figure 2. Example of the Pfam-A family response_reg (PF00072)amittotation(A) and

alignment(B) (only part shown)KFD3_YEASTand he middle domain of RCAC_FREDI and

are novel membersf this family (see text) C.The Pfam domain organisationtbesetwo pro-

teins, and two other examples of modular proteiftsis schematic representatiorpi®videdfor

each protein in Pfam in the release file swissPfaime whole sequence is represented with ‘=’

and the Pfam domains with ‘-’ on the lines below. The columns of the domain lines are: Pfam ID,
nr. of domains, schematic, nr. of members in the family, Pfam accession nr., description (Pfam-A
families only) and start and end co-ordinates of the segments (not shownhetgample of a
Pfam-B family produced by Domainer. This family contaimsDNA binding effector domain of
RCAC_FREDI.

Figure 3. Construction of Pfam-B by Domainer. Plot of Domainer run on Swissprot 33dexclu

ing sequences in Pfam-A. Domainer groups the pairwise matches (HSPs) into stacks of matches
(HSSs) if different pairs share sequence regions. 46293 subsequences gave rise to 392207 HSPs,
which resulted in 98551 HSSs in 11929 families after subsequent clustering by Domainer. When
domainer is run on the entire Swissprot, much time is spent on processing redundant pairs gene
ated by large families, generating long horizontal plateaux in the plot{Siggire 3). In co-

trast, the Pfam plot is virtually linear, since the most redundant families are already in Pfam and
was thus removed before running Domainer. The sharp increase of the curve’s slope at the end is
caused by adding all full-length sequences as pseudo-matches after all the heterogeneous

matches.

Figure4. A. Proportion of Swissprot 33 in Pfam, based on sequences and residues. The portion

of unique sequences is slightly overestimated due to the exclusion of fragments and sequences



shorter than 30 residues from Pfam-B. B. Proportion of Wormpep 10, comprising 4874 predicted

C. elegans proteins that is covered by Pfam matches.

Figure 5. Selected members from Pfam:Cys_k{rREO0007) This family clusters the two prev
ously described subfamilies CTGF-like (Connective Tissue Growth Factor) and glycoprotein

hormones in one single superfamily. The similarity has recently been structurdilynea.

Figure6. A. Selected members from Pfam:f{fi00041) B. The domain organisation ofuid
ronidasgrom human and dofDUA_HUMAN and IDUA_CANFA), the first examples of a

mammalian glycohydrolase combined with a fibronectin typddthain.

Figure7. Selected members froRfam:kazal (PFO0050), showing the novel members
OATP_HUMAN, OATP_RAT and PGT_RAT, which are organic anion and prostaglands: tran

porters.



Tablel. The families included in release 1.0 of Pfam-A and the number of members in the full
and seed alignments. Because the seed alignments are smaller than the full alignments, quality
control and maintenance become more feasible tasks.

Description Members Cytochrome b(N-terminal)/b6/petB 170/9
in full / seed Cytochrome ¢ 175/58
7 transmembrane receptor (Rhodopsin family) 530/ 64 Double-stranded RNA binding motif 22/16
7 transmembrane receptor (Secretin family) 36/15 EF hand 739186
7 transmembrane receptor (metabotropic glutamate 12 /8 Enolases o ) 41712
family) 2Fe-2S iron-sulfur cluster binding domains 88/18
ATPases Associated with various cellular Activities 79/ 42 4Fe-4S ferredoxins and related iron-sulfur cluster bindi 156 / 60
(AAA) domains.
ABC transporters 330/63 4Fe-4S iron sulfur cluster binding proteins, NifH/frxC 49/16
ATP synthase A chain 79130 fa_m|_ly ) )
ATP synthase subunit C 62 /25 Fibrinogen beta and gamma chains, C-terminal globule 18 /17
ATP synthase alpha and beta subunits 183 /47 domain ) ) )
C2 domain 101/34 Intermediate filament proteins 146/ 36
Cytochrome C oxidase subunit | 80/ 27 Fibronectin type | domain 49/21
Cytochrome C oxidase subunit Il 114/ 36 Fibronectin type Il domain 37/17
Carboxylesterases 62/27 Fibronectin type Ill domain 456 / 109
Cysteine proteases 95/ 36 Glutamine synthetase 78135
Cystine-knot domain 61/28 Globin 683 /62
Phorbol esters / diacylglycerol binding domain 108/ 34 Glutathione S-transferases. 144/ 61
C-5 cytosine-specific DNA methylases 57/31 glyceraldehyde 3-phosphate dehydrogenases 117/23
DNA polymerase family B 51/37 Heme-binding domain in cytochrome b5 and oxidocedu 55/ 16
E1-E2 ATPases 117 /24 tases
EGF-like domain 676/75 Hemopexin _ 37/14
Fibroblast growth factors 39/10 Bacterial transferase hexapeptide (four repeats) 82/61
Glutamine amidotransferases class-I 69 /39 Core histones H2A, H2B, H3 and H4 178/30
Elongation factor Tu family 184 /63 Homeobox domain _ _ 385/ 64
Helix-loop-helix DNA-binding domain 133/35 Protein hormones (family of somatotropin, prolactin anc 111 /17
Heat shock hsp20 proteins 132/52 othe(s) _ _
Heat shock hsp70 proteins 171/34 Peptide hormones (family of glucagon, GIP, secretin, 110/ 29
Bacterial regulatory helix-loop-helix proteins, lysR famil 101 /65 viP)y _
Bacterial regulatory helix-loop-helix proteins, araC fami 65 / 42 Pancreatic hormone peptldes 53/15
KH domain family of RNA binding proteins 51/20 Ligand-binding domain of nuclear hormone receptors 127 / 32
Kunitz/Bovine pancreatic trypsin inhibitor domain 79144 IG superfamily o - 1280/65
Methyl-accepting chemotaxis protein (MCP) signaling 24 / 10 Small cytokines (intecrine/chemokine), interleukin-8 like 67 / 33
domain Insulin/IGF/Relaxin family 132/ 44
Class | Histocompatibility antigen, domains alpha 1 ani 151 / 25 Interferon alpha and beta domains _ 47117
NADH dehydrogenases 61/25 Kazal-type serine protease inhibitor domain 155/53
Phosphoglycerate kinases 51/25 Beta-ketoacyl synthases 46/ 11
PH (pleckstrin homology) domain 77141 Kringle domain 126/25
Purine/pyrimidine phosphoribosyl transferases 45126 Laminin B (Domain IV) 15/9
Ribosome inactivating proteins 37/19 Laminin EGF-IIk? (Domains Il and V) 134172
Ribulose bisphosphate carboxylase, large chain 311/17 Lam!n!n G domgln ) 41126
Ribulose bisphosphate carboxylase, small chain 107/ 49 Laminin N-terminal (Domain V1) 10/9
Ribosomal protein S12 60/23 L-lactate dehydrogenases 90/30
Ribosomal protein S4 54719 Low-density lipoprotein receptor domain class A 98 /43
Src Homology domain 2 150 /58 Low-density lipoprotein receptor domain class B 61/23
Src Homology domain 3 161/ 62 Lectin C-type domain short and long forms 128/ 44
Ser/Thr protein phosphatases 88/17 Legume lectins alpha domain 43125
Transforming growth factor beta like domain 79716 Legume Iectm‘s b.eta domain 40/ 25
Triosephosphate isomerase 42120 Ligand-gated ionic channels 30/11
TNFR/NGFR cysteine-rich region 91/51 Lipases 23/16
u-PAR/Ly-6 domain 18/13 lipocalins _ 115/58
Protein-tyrosine phosphatase 122/38 C-type Iy;ozymes and alpha-lactabulmin 72121
Fungal Zn(2)-Cys(6) binuclear cluster domain 54 /29 Metallothioneins ) 62/21
Actins 160/ 24 Mitochondrial carrier proteins 62 /32
Alcohol/other dehydrogenases, short chain type 186/ 52 Myosin head (motor domain) 52/21
Zinc-binding dehydrogenases 129/ 45 Neuraminidases ) 55/7
Aldehyde dehydrogenases 69/34 Neurotransmitter-gated ion-channel 145/ 51
Alpha amylases (family of glycosyl hydrolases) 114 /54 Notch o o 24/10
Aminotransferases class-I 63/29 FAD/NAD-binding domain in oxidoreductases 101/56
Ank repeat 305/83 Molybdopterin binding domain in oxidoreductases 35/15
Apple domain 16/16 Oxidoreductases, nitrogenase component 1 and other 79/31
Arf family 43 /21 families
Eukaryotic aspartyl proteases 72126 Cytochrome P450 204/ 64
Basic region plus leucine zipper transcription factors 95/ 22 Peroxidases 55/26
Beta-lactamases 51/38 Phospholipase A2 122 /37
Cyclic nucleotide-binding domain 69 /32 Photosynthetic reaction center protein 73127
Cadherin 168 /58 Pilins (bacterial filaments) 56 /23
Cellulases (glycosy! hydrolases) 40/30 Protein kinase ) ‘ 786/ 67
Connexin 40/ 16 Pou _domaln - N—_termlnal_ to homeobox domain 47110
Copper binding proteins, plastocyanin/azurin family 61/31 Peptidyl-prolyl cis-trans isomerases 50/28
Chaperonins 10 Kd subunit 58 /29 Pyridine nucleotide-disulphide oxidoreductases class-I 43/ 23
Chaperonins 60 Kd subunit 84/32 Ras family o ‘ 213/61
Crystallins beta and gamma 103 /37 recA bacterial DNA recombination proteins 74131
Cyclins 80/ 48 Response regulator receiver domain 130/55
Cystatin domain 88/51 picornavirus capsid proteins 117 /108
Cytochrome b(C-terminal)/b6/petD 133/10 Pancreatic ribonucleases 71/30

RNase H 87/31



RNA recognition motif. (aka RRM, RBD, or RNRd 279170
main)

Retroviral aspartyl proteases 82/34
Reverse transcriptase (RNA-dependent DA p 147750
lymerase)

Serpins (serine protease inhibitors) 105/43
Sigma-54 transcription factors 56 /41
Sigma-70 factors 61/33
Copper/zinc superoxide dismutases (SODC) 68/29
Iron/manganese superoxide dismutases (SODM) 69/28
Subtilase family of serine proteases 91/43
Sugar (and other) transporters 107 /51
Sushi domain 346 /80
tRNA synthetases class | 35/19
tRNA synthetases class Il 29/20
Thiolases 25/24
Thioredoxins 103/52
Thyroglobulin type-1 repeat 49 /22
Snake toxins 1721748
Trefoil (P-type) domain 39/28
Trypsin 246 / 65
Thrombospondin type 1 domain 91/32
Tubulin 197/ 26
von Willebrand factor type A domain 50/ 37
von Willebrand factor type C domain 25/17
von Willebrand factor type D domain 15/6
WAP-type (Whey Acidic Protein) 'four-disulfide core' 19/18
wnt family of developmental signaling proteins 105/15
Zinc finger, C2H2 type 1452/ 165
Zinc finger, C3HC4 type 69 /52
Zinc finger, C4 type (two domains) 139/27
Zinc finger, CCHC class 188/122
Zinc-binding metalloprotease domain 152 /45
Zona pellucida-like domain 26/11
Total 22306 / 6300




Tablell. Excerpt of thaveakesPfammatches (scosup to 35 bits) to previously unclassified
C. elegans proteins.

Pfam family Description Query Score

ID / Accession

7tm_1/ PF0O0001 7 transmembrane receptor (Rhodopsin family) B0244.6 27.9
B0244.7 24.8
C30B5.5 24.2
R11F4.2 24.4
ZK418.6 27.9
ZK418.7 33.1
ZK1307.7 26.9

C2/PF00168 C2 domain 2xT12A2.4 22.6-28.9

DAG_PE-bind / PFO0130 Phorbol esters / diacylglycerol binding domain F13B9.5 29.0

EGF / PFO0008 EGF-like domain F35D2.3 17.6
K07D8.2 22.3
5 x R13F6.4 18.2-27.1
13 x ZK783.1 17.4-30.4
F28E10.2 25.5

HLH / PFO0010 Helix-loop-helix DNA-binding domain C17C3.7 26.4
C17C3.8 25.5
C17C3.10 26.4

PH / PF00169 PH (pleckstrin homology) domain ZK1248.10 34.8

SH2 / PF00017 Src Homology domain 2 T06C10.3 34.5

ank / PF00023 Ank repeat 3 x M60.7 28.4-34.7
K04C2.4 331

cadherin / PF00028 Cadherin B0034.3 27.7

cyclin / PF00134 Cyclins RO2F2.1 29.6

fer4 / PFO0037 4Fe-4S ferredoxins and related iron-sulfur cluster binding C25F6.3 23.7

domains.

fn3 / PF00041 Fibronectin type Ill domain KO9E2.4 28.6
ZC374.2 34.3

gluts / PF00043 Glutathione S-transferases. C25H3.7 254

ig / PFO0047 IG superfamily F48C5.1 16.0
3 x KO9E2.4 15.9-30.2
T02C5.3 22.8
C18A11.7 18.1
3 x KO2E10.8 17.8-25.4

lectin_c / PFO0059 Lectin C-type domain short and long forms ZK666.7 30.5

pkinase / PFO0069 Protein kinase WO07A12.4 321

rrm / PFO0076 RNA recognition motif. (aka RRM, RBD, or RNP domain CO01F6.5 26.0
EEEDS.1 27.1
C26E6.9A 30.9

sushi / PFO0084 Sushi domain 2x TO7H6.5 29.0- 345

thiored / PFO0085 Thioredoxins CO06A6.5 27.3
C35D10.10 23.3

tsp_1/ PFO0090 Thrombospondin type 1 domain D1022.2 20.0
FO1F1.13 30.5
F57C12.1 27.2

vwa / PF00092 von Willebrand factor type A domain ZK666.3 31.2
ZK666.7 33.9
ZK673.9 32.8

zf-C2H2 / PF00096 Zinc finger, C2H2 type 2 x CO9F5.3 23.7-25.6
D1046.2 20.6
F21D5.9 28.1
2 X F26F4.8 242-311
4 x F53B3.1 22.3-32.9
T20H4.2 26.6
2xZC395.9 23.1-314

zf-C3HC4 / PFO0097 Zinc finger, C3HC4 type C26B9.6 27.8
EEED8.9 30.4
F26F4.7 27.5

zf-C4 / PFO0105 Zinc finger, C4 type (two domains) F21D12.1B 32.7

zf-CCHC / PF00098 Zinc finger, CCHC class C27B7.5 24.2

zn-protease / PFO0099 Zinc-binding metalloprotease domain F53A9.2 21.2
F58A6.4 235
F42A10.8 31.3
F57C12.1 28.6
K11G12.1 22.8




Tablelll. Comparison of databases that contain protein family clusters and multiple alignments.

Pfam-A Pfam-B ProDom PIRALN BLOCKS PRINTS
1.0 10 28.0 11.0 130 10.0

Alignment Manual, Cls-
construction tal, HMM Domainer Domainer Pileup Motif SOPMA
Alignment
quality control Manual No No No No No
Source database Swissprot 33 Swissprot 33 Swissprot 28  PIR 48 Swissprot 32 OWL 26
Clusters 175 11929 8031 2059 872 500
Sequences 15,604 31,931 23,048 11,367 18,593 16,231
Residues 3,560,959 8,957,230 6,632,274  4,376550 1,858,812 1,634,436
Average
alignment width 297 180 154 354 32 18
Average
cluster size 127 5.7 3.3 6.5 19 37
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to a DNA binding effector domain.



Figure 2 C
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Figure 2 D
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