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Domains are considered as the basic units of protein folding, evolution,
and function. Decomposing each protein into modular domains is thus a
basic prerequisite for accurate functional classification of biological
molecules. Here, we present ADDA, an automatic algorithm for domain
decomposition and clustering of all protein domain families. We use
alignments derived from an all-on-all sequence comparison to define
domains within protein sequences based on a global maximum likelihood
model. In all, 90% of domain boundaries are predicted within 10% of
domain size when compared with the manual domain definitions given
in the SCOP database. A representative database of 249,264 protein
sequences were decomposed into 450,462 domains. These domains were
clustered on the basis of sequence similarities into 33,879 domain families
containing at least two members with less than 40% sequence identity.
Validation against family definitions in the manually curated databases
SCOP and PFAM indicates almost perfect unification of various large
domain families while contamination by unrelated sequences remains at
a low level. The global survey of protein-domain space by ADDA con-
firms that most large and universal domain families are already described
in PFAM and/or SMART. However, a survey of the complete set of mobile
modules leads to the identification of 1479 new interesting domain
families which shuffle around in multi-domain proteins. The data are
publicly available at ftp:/ /ftp.ebi.ac.uk/pub/contrib/heger/adda.
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Introduction

profiles® (position-specific scoring matrices) or
hidden Markov models* or patterns® (regular

Complexity in biology has evolved through
modification and recombination of existing build-
ing blocks instead of invention from scratch. In
the protein world these building blocks have been
termed “domains”’? and the identification and
characterisation of new domains and domain
families is a major goal of protein science.

Grouping domains into families is useful in two
ways. Firstly, it leads to more sensitive detection
of new members and improved discrimination
against spurious hits. The essential conserved
features in a family are manually expressed by
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expressions). Secondly, having established family
membership, a query sequence can be placed in
the context of the evolutionary tree of the family
for accurate functional inference. It is also easier to
spot inconsistent similarity-derived annotations in
the context of an evolutionary tree.

Traditionally, domain families have been defined
manually. Recently, automated methods have been
developed that systematically try to find shared
building blocks between proteins. The most sensi-
tive methods employ exhaustive structural com-
parisons, but are limited by the availability of
structural data, which are still scarce.®” More com-
plete methods in terms of protein space coverage
use sequence data alone. Here, we present an
exhaustive sequence-based domain decomposition
and family classification.

Protein domain family classification can be
considered as a graph partitioning problem. All-
against-all pairwise comparison of protein
sequences yields a view of the geometry of protein
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Figure 1. Key concepts in ADDA.

Left: block structure of multiple

alignments. A, The ideal case of a
query sequence of two domains

2|

with the local alignments to its
neighbours. In the ideal setting the
multiple alignment exhibits a block

3

structure, where the domain struc-

ture of the query sequence is
immediately obvious. B, The real
situation.  Alignments  between

—

multi-domain proteins have to be
split (upper bracket). At the same
time, alignments to a motif or frag-
ment do not cover all residues in a
domain (lower brackets). Right: a
global view corrects for motifs and
fragments. Six sequences (horizon-
tal bars) are shown with alignments

between them (thin lines). Sequence pair 2,4 only aligns in a short conserved motif. Linking sequence 3 and sequences
1 and 5 from sub-families indicate that the domain is larger than the motif. Sequence 6 is a fragment, but the truncated
alignment is compensated for by the alignment between sequences 4 and 5.

sequence space. Neighbour lists of each sequence
induce a representation of sequence space as a
graph with vertices and edges. In the sequence
space graph, sequences are vertices and alignments
between sequences are edges. The weight of an
edge connecting two sequences represents their
degree of similarity given an appropriate measure.
Dense clusters in this sequence space graph corre-
spond to families of related proteins.*”

At biologically interesting levels of similarity the
majority of sequences in the sequence space graph
belong to a single huge connected component due
to spurious similarities and multi-domain
proteins. Therefore, the central challenges of
protein family classification are to split sequences
into domains and remove spurious links between
non-homologous domains. As a result, the graph
is decomposed into smaller clusters of biological
relevance, i.e. domain families.

Methods for partitioning the sequence space
graph are an area of active research."” Many
approaches decompose the graph based on edge
weight,” graph topology,"" or edge weight and
density.”” These approaches do not split sequences
into domains so that multi-domain proteins can
pull unrelated domains into each other’s neigh-
bourhood. Of methods that address the domain
decomposition  problem, PRODOM"  splits
sequences into domains based on the greedy
assumption that the shortest sequence and aligned
sub-sequences always correspond to full-length
domains, while DOMO" maps sequence termini
onto multi-domain proteins. Both of these methods
assume a clean input data set devoid of fragments
and other artefacts.

With ADDA we explicitly model the noise in the
sequence databases using a “block model” of
multiple alignments. The block model incorporates
noise due to sequence fragments and either
truncated or spurious alignments. A global

optimisation involving all sequences ensures that
domain boundaries are placed consistently. After
domain decomposition, domains are clustered into
families based on sequence similarity.

Domain decomposition

In an ideal world, alignments covered domains
completely and no two proteins shared the same
domain combination in the same order. In this
ideal world, a multiple alignment built from a
sequence database search with a multi-domain
protein exhibited a block structure (Figure 1, left)
as a result of its domain composition. In the real
world, the block structure is confused by three
types of noise. (1) Multi-domain proteins. Aligning
adjacent domains in two protein sequences results
in a single alignment. In this case, one alignment
represents the recurrence of more than one domain
and thus is longer than a single domain and has to
be split. (2) Motifs and fragments. Local alignments
tend to be truncated if the sequences are distant
homologs. Here, one alignment represents the
recurrence of a partial domain resulting in residues
not covered by the alignment. Similarly, fragments
cause alignments to end before domain
boundaries. (3) Spurious alignments. Non-homo-
logous regions can be aligned, sometimes giving
significant scores. The alignments might match
anywhere on the sequence and thus give mis-
leading information about domain length or
location.

ADDA models noise due to multi-domain
proteins, motif alignments, fragments, and
spurious links. It defines an objective function that
quantifies the deviation from the ideal block
structure for a given partition of sequences into
domains.

The objective function is optimised globally, i.e.
simultaneously for all proteins in the sequence set.
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Table 1. The sequence space graph decomposition by ADDA

Families Largest cluster
Sequences Domains Non-singletons Singletons Sequences Domains
nrdb40 249,264 450,462 33,879 168,548 3267 4803
nrdb 782,238 1,367,789 79,965 122,462 32,673 34,054

The global view allows us to identify joined align-
ments due to multi-domain proteins and truncated
alignments due to motifs and fragments (Figure 1
(right)). The optimisation step includes evidence
from all sequences and can thus balance between
cutting too little, i.e. unresolved multi-domain
proteins, and cutting too much, ie. fragmented
sequences due to cutting at every alignment end.

Clustering

After splitting sequences into domains, the
domains are clustered into families. We assume
that protein sequences of a given family fluctuate
around a stable point in sequence space given
constant evolutionary constraints (“punctuated
equilibria”®). If the latter change, for example, if
an enzyme starts working on a new substrate,
new variants derived from the family will move to
a new location in sequence space: a new sub-family
has been created. Consecutive changes leave a foot-
print in sequence space that allows walking from
any sub-family to any other either directly, if
similarity is within the detection range of sequence
profile models, or via a sequence of intermediate
steps.

With ADDA, we follow this foot-print of a
protein domain family in sequence space.
Evolutionarily related domains are assumed to
occupy continuous neighbourhoods. Unrelated
domain families should be demarcated by a sharp
boundary with dissimilar sequence patterns on
either side. Unification proceeds by domain walk-
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ing between closest neighbours where each step is
checked by pairwise profile—profile comparison
between the adjacent domains. Rejected steps
result in domain family boundaries.

Outline

Here we present the domain decomposition of
the complete sequence space graph using ADDA.
We systematically survey the set of domain
families and present a set of 1476 interesting
domain families absent from the major manually
curated domain databases. We conclude with a
rigorous validation of the method.

Results

Overview of the protein universe

Here, we partition a graph of 782,238 non-identi-
cal sequences (nrdb). Firstly, redundant sequences
are removed at 40% identity.'® The resulting graph
contains 249,264 vertices (nrdb40) and 25 Mio
edges. In the first stage, the graph is partitioned
into 450,462 domains (Table 1). In the second
stage, these domains are assigned to 33,879 protein
domain families containing more than one member
and 168,548 singletons. Singletons are mostly due
to sequence masking: 102,953 of all singleton
domains contain at least one masked region of at
least five residues leaving 65,615 true singletons.

Mapping the domains back onto nrdb yields
1,367,789 domains in 79,965 domain families and
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Figure 2. Cluster characteristics. Left: distribution of domain size. Bins are labelled by maximum value. Right: family

size distribution.
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122,462 singletons. Below, all results are reported
for the nrdb40 graph, as it corrects for bias in nrdb.

Both the distribution of domain and family size
follow typical distributions (Figure 2). Domain
sizes peak at around 100 residues. The absence of
a peak at smaller lengths demonstrates that
ADDA avoids excessive fragmentation. Singleton
domains tend to be shorter, as many inter-domain
linkers fall into this category. The distribution of
family size is linear in a log—log plot. There are
few domain families with many members, but
many domain families with few members.

Example: homeobox domains

The homeobox domain is a DNA-binding
domain in Drosophila and other animals. Proteins
sharing this domain are prominent in cell develop-
ment. ADDA locates the domain perfectly and
assigns it to two major clusters, one containing
82%, and the other 13% of all homeobox domains
found by PFAM. The domain is found frequently
associated with other domains (Figure 3). The
domain decomposition of various sequences
reveals the modularity of the sequences similar to
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Figure 3. Homeobox domains in various proteins. Shown here are multi-domain proteins that contain a homeobox
domain and other types of domains. The PFAM domain definitions are shown at the top of each sequence, ADDA
domain definitions are below. Note the complete coverage of the proteins by ADDA domains and the overlap with
PFAM where the latter are defined. Colours: green/light-green, PF00046 (Homeobox); red, PF00412 (LIM), PF00096
(C2H2 zinc finger); blue, light-blue, PF00157 (POU); orange, PF00292 (PAX); navy, PF02183 (leucine zipper); olive,

PF03529 (Otx1 transcription factor).
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PFAM, but with the benefit of defining domains for
every residue in each sequence. Single instances of
repeats are occasionally missed, for example, zinc-
fingers in sequence ZFH1_DROME and a CUT
domain in HMCU_DROME. These domains are
detected using a repeat filtering algorithm'” (data
not shown).

Mobile modules

The global classification of ADDA allows us to
systematically survey the set of all proteins and
protein domains. Here, we concentrate on mobile
modules, ie. protein domain families that can
appear in different sequence contexts. As a
practical definition we adopt the following: a
mobile module occurs in at least two multi-domain
proteins with at least one domain each that is not
shared with the other. All domain families are
required to have at least five members in nrdb40.

Using this definition, we obtain 4230 families of
mobile modules. The set of mobile modules
encompasses virtually all domain families that
have at least 100 members (Figure 4); only 13
domain families have more than 100 members and
do not occur in conjunction with other domains.
There are 115,273 sequences (48%) that contain at
least one mobile module and 33,227 sequences
(14%) that contain at least two mobile modules.
Residue coverage by mobile modules is 47%.

Multi-domain proteins define associations
between domain families. As has been observed
previously,'®" the network of associations between
domain families is dense and exhibits a scale-free
degree distribution (data not shown). The largest
component contains 21,062 domain families (62%).
Removing all mobile modules decomposes the net-
work leaving only 30 domain families in the largest

AR
1000

families by SMART and PFAM is
complete, while ADDA defines
many new families of smaller size.

component. We conclude that the set of mobile
modules as defined above is complete.

Annotation of domain families

Domain families by ADDA have been annotated
using PFAM* and SMART.*" A domain family of
ADDA is “known”, if it contains at least five
domains with annotations in PFAM and/or
SMART: 3554 ADDA clusters are thus annotated
and known to PFAM and/or SMART. A domain
family is “new” if it contains no annotation from
PFAM or SMART at all.

PFAM and SMART have concentrated on large
domain families (Figure 4). Large ADDA families
of size 50 or more (with only six exceptions) are
all known to PFAM and SMART. Coverage of
large domain families by these databases is thus
complete. Domains annotated by PFAM/SMART
tend to be taxonomically universal, i.e. they occur
in all domains of life and many have structures
associated with them (Table 2). This is consistent
with the working principles of manual domain
databases: large and universal families are likely
to have drawn attention to them and many
sequence domain families are defined around
structural domains.

Table 2. Mobile modules defined by ADDA

Domain  Species
Modules Total Structures Universal specific  specific
All 420 791 (21%) 715 (17%) 1858 266
(44%) (6%)
Known 1962 724 (37%) 627 (32%) 712 166
(36%) (9%)
Novel 1476 37 (3%) 58 (4%) 1038 70
(70%) (5%)
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Figure 5. New domain family 2274. Members of the two subfamilies are differently coloured. Top: domain decompo-
sition of sequence EA6_ARATH from Arabidopsis thaliana (top, PFAM; middle, ADDA; bottom, BLAST neighbours).
Domain 2274 is blue. Bottom left: pair-wise BLAST alignments between members of domain family 2274. Bottom
right: domain family 2274 is associated with domain families 1121 (PFAM: PF03198, glycolipid anchored surface
protein (GAS1)) and domain family 1190 (PFAM: PF00332, glycosyl hydrolases family 17).

Novel domain families

ADDA extends PFAM and SMART by 1476
small to medium-sized mobile modules. The
majority of these novel domain families have less
than 50 members in nrdb40. In contrast to large
domain families, the new domain families are
mostly specific for a single domain of life (Table 2).

Structural coverage of new domain families is
low (3%). An additional 25 domain families out of
37 new families with structures have been
described by SCOP (68%). Missing from SCOP are
families 2455 and 8080 that define sequence around
single-domain structures 1K50 and 1MWR-A,
respectively. The remaining families overlap with
structures due to various artefacts, for example,
spurious mapping of small peptides.

Typically, unknown mobile modules are located
in sequences from genome projects and thus have
no experimental information attached. Annotation
has to be derived from other sources. Occasionally,
domain families can be annotated through their
association with known domains in multi-domain
proteins.”* Here, 1373 (93%) of the new mobile
modules associate with a “known” domain
family.

For example, family 2274 is a domain family
specific to Eukaryotes that is associated with
domains of known function (Figure 5). The 43
members of this family (nrdb40) fall into two sub-
classes that associate with two different types of
glycoside hydrolases (families 17 and 72 according
to the CAZy” database). The multiple alignment
reveals six conserved cysteine residues (Figure 6).
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ARAC_FERWCH 38 DFFIDRPD...GMK.G.YIINLTMKGQGQIFD.GD. . ..ETF.FCNPGDLLLFPBKSTHFYGRSPSSD 94
031449 24 IMQKFPENH...FHD.Y.YVIGFIEKGQRYLAC.QD....QEY.IINPGDLLLFNERDTHSCEQIDGRT 80
ARG05008 22 NRFSFPRH...FHL.E.YHIGLLLQGRHRYAA.GG. ...ERR.LAGAGDALLMAPESTHDGSSAGEEG 78
MMSR_PSEAE 49 RDHRMSRE...RHD.E.HLLIYCSEgQGLLRV.REgeawREY . RVGSGDLLWLPPGMAHDYAADDRQP 109
BAB52738 52 DWDGRKRG...QTP.F.TVLQHTISGTGRLRY.EN. . ..RNY.RLQENDTLLVLVPHNHRYWLASDER 108
CAC49646 45 DDHHFDWErgrILQ.A.YQVILIADGRGMFE. ..fgrrgKTQ.LVEGESIVLLFBGVWHRFAPDPELG 106
BAB51655 42 HGSAFDLH...RHD.T.YAIGVTLHGVQSFRY.RG....ATR.LSLPGQIIVLHPDELHDGGAGTEDG 98
LACR_STAXY 27 PNVGYNYT...VFQ.K.SVLHIVTQGEGTFSY.AG. . ..ETY.HLTAGDIFLLERGMEVEYKPSFSNP 83
CAC41785 23 TNHSFARH...THE.Q.FGIGLIHAGAQTSLS.GR....GTV.EAEAGDVI GEVHDGAPIGDAG 79
087004 21 AGHRFEKH. ..SHD.E.FVISANLCGLEDVWL.DG. . ..RTF.QADSGDLTLYNPGQIQGGGVRDGQP 77
AAT.00517 22 PNYSFGPA...IRD.T.YVLHYISKGQGKFHY.KG....KIV.DLKEGDFFLLKBEELTFYQADSKEP 78
BAB20427 43 PHAMPASH. ..WHG.Q.VEINVPFDEDVEYLI.NN. . ..EVV.QIKQGHITLFWACTPHQLTRPGSCQ 99
CAB92194 48 AGQRIDAH...RHD.E.HQIVHAGSGVVAVTT.ES....GTW.FAPGTRATWIPAGTVHAHRAHGRLD 104
Q9KVF4 25 RQFAFERH...YHL.D.IHIGLITQGVQRFYH.QG. ...AWH.QVGOGGVVLMSBDELHDGHAHSNTG 81
Q9KKMY 40 LPSHMACH...DHS.Y.TQIVIGLKGQAEFEV.RG....MGN.IVGPGOGCVVTSGSDHAFGGVVGOS 96
ARGOT676 28 ADTHSPPH...THA.W.GQLNYAAHGVMQLEI.DG. . ..QRF.LSPPOYAVWIPBPERVHSCYNSQAIV 84
ARG06305 25 EGHAYDPH...WHD.S.YLIGYTEIGVQQFNC.RR. . ..RRH.DSTAGQVFLVEPGEIHDGRAPIAGG 81
BAB52469 39 HRQDFSKH. ..IHN.E.YLIGLIERGIHDVWC.RG. . ..EVW.HAGSGTVATFAPGEPHFGGAGDDLG 95
ARKB86890 33 LTHEYSPH...AHD.T.FSIGAIESGSQISTI.QG....TTE.QTGPGHLYLINPDEVHDGAPGGGGY 89
050480 27 IRKTFVRH...THE.H.FVIAATIADGVEVFHH.GG. . ..SDQ.YAGAGSLALVNPDTPHTGRAGVPEG 83
QIKAQS 30 PYHKVGPQ...VHD.Y.FLLHVVLRGKGSFHC.AG....KTY.SLSAGDSFFIYPKELVTYESDRTDP 86
BAB48267 25 AGDRPFEE...2HQ.E.FCVAAVTSGTFRYRA.QQ. ...GTA.MLAPGALLLGNSGTCYECGHEHGSG 81
ARG08727 23 SGQAFGRH...SHS.A.FAIGSILHGVGGYQC.RG....RRH.ALPAGTLSLMNBEEPHTGHAESERL 79
085815 57 SVRVTSPG...LET.C.YHLQLLLKGHCLWRG.NG....LEH.YFAPGELLV?%IDDRAELTYSEECE 113
AAK90233 43 TGHRTPPH. ..SHS.R.VQIWCARQGVVLVST.AD. . ..GRW.MIPPGHGLLIPAGLQHEAEIISNVE 99
YIDL_ECOLI 46 PRDKKKPL...IAN.S.WVaV¥TVQGCGKILLKNG....EQI.TLHGNCIIFLKBMDIHSYHCEGLVW 103
CAC44675 25 PGHVLDWH. ..EHR.R.AQFLYGATGVMVVDT.GD. . . .GTW. TVPBERAVLIPAATRHRVRMLGVST 81
ARKB8B8898 54 HRFEIGL....hrhsaflLQILYIFGGEGDALL.EG. ...RIE. PTIRPPVAIIVPBGFEHGFRFSRDIG 111
Q9KL12 30 SNTETREH...SHP.W.GQVQLISGGILEMEA.ED. ...TRF.LAPPHLATWVPAGIRHRSYNRKPIE 86
ARG03553 31 AGSWTSEH...RHA.W.VQLSYATSGVLGVHT.AE....GSF.FAPPQRATWIPAQLEHEVVTSTRAE 87
RAFR_PEDPE 28 NYTYKGNN...VRD.S.YVIHYIQEGKGTFAA.AN. ...HPAtVLKAGDIFILPKGTPCFYQADNDQP 85
P96245 18 PGARIERH...RHP.S.HQIVYPSAGAVSVTT.HA. ...GTW. ITPVNRAIWIPAGCWHQHKFHGHTQ 74
ARGO5876 18 AASRTASH...RHA.C.GQLYCLERGLLVVED.EH....GRQ.ALPPROIAWIPBGHPHSAHSHGSLA 74
RHAS_ECOLI 24 PQADFPEH...HHD.F.HEIVIVEHGTGIHVF.NG....QPY.TITGGTVCFVRDHDRHLYEHTDNLC 80
ARK90712 43 AGGIFEEK...RQP.W.CKVGYALTGVMEARV.EG. . ..KRF.LCPPHYATWIPADAVHACHNRENVK 99
CAC18656 20 TGLTFARH. ..SHD.E.CVIGVNLLGEXLVWL.DR. . ..REF.HAGPGSITLYNBGQIQGGGTAYGVP 76
005142 57 QVDITTEA...LVD.S.YQLQVLLRGTFAWTG.AE. . ..SRH.QFKPGEFLLVNESDPIRVRYSNDCE 113
CURC_STRCN 44 PGERISE...hYHP.YSEEFVYVVEGRLEVDL.DG....ETF.PLRADQGLMIPIDMRHRFRNVGDEE 101
ARGO6657 29 VEQRFAPH...VHS.S.FALVIIEQGAQRFRH.RG....GEH.LAPLEGSMVLINEDEVHTGSKAHDAG 85
LUMQ_PHOLE 13 LDKSKTYH...HHE.Y.PQIILGLMGKSELSI.ED....SSV.CLSPGMGYRINANVEHSFSGTSNNQ 69
ARK87229 19 YRQERPRE...RHG.F.VQIVLPVSGHLRIDV.AG. ...RQD.ELSTGRGVFIHRDAPHTQEATDINH 75
YISR_BACSU 24 KGETHVKR...VFS.V.FDLI¥VKQGETLYITE.NE....TSF.SVEGGEYILLSBGLEHYGTKGSDEA 80
YEAM_ECOLI 29 DELTSPVH...QHR.K.GQLILALHGAITCTV.EN....ALW.MVPPQYAVWIPGGVEHSNQVTANAE B85
BAB49754 42 DGYHVPQH. ..RHR.R.SQLLHALVGVVLVTT.RH. . ..GRW.MVPPDHAMWIPAGIEHSVEMLGDVS 98
ARGO6608 10 YSHDQIVH...SHD.H.AQLVLGLSGCLDFEV.EG. . ..RGS.RVLRQTFAVVPAQARHACSSPSGSR 66
CAC04042 30 TEYAYPMH...VHD.A.WTLLIVDDGAVRYDL.DR. . ..HEH.GTPHDTVSLLPBHVPHNGSPATEDG 86
034901 16 YTRLYHSH...KHA.Y.SQFLFPLEGSIDLET.EG. . ..RQV.KLNPDHFLYIPBEQCEHRFRSIGRNE 72
ARG07217 35 AGFVVAEH...RHE.R.AQLTHALSGVIELHV.GR....TLW.LVPPQRAVWMPAGMAHAMLARGEVR 91
QIKMQ4 26 GNHDSGLH. ..QHQ.K.GQLLFAPQECIRFAL.DD....SIC.ILPPTKAVWIPSGTRHRATMTNVVA 82
ARF03756 37 HHWEIKPH...RHadL.FQLLYVQAGEALAEV.EN. ...QRL.RLAEAATQVVPBLCVHGFRFSEDIQ 94
ARG04169 9 LPDQSHTH. . .AHE.H.HQLVMSLAGRAEFEV.NG. . ..CGG.EVCRMRACLVPGEAGHVFAGVGDNR 65
YDIP_ECOLI 31 PKWESGH....hvhdneTELIYVKKGVARFTI.DS....SLY.VAHADDIVVIERGRLHAVASDVNDP 88
ARG04498 27 TGHRSDWH. ..CHR.R.AQLLYMAAGSVTLYF.AE. ...RIC.QLTPLQAAWLPAGVPHRTVLHGRFA 83
ARG07507 37 FGRNMPA. . ..hrhdr fFQUHYVKNGAVRVYL.DE. . . .RQY.LESGPMFFLTPETVPHAFVTEADAD 94
069819 34 ADTTWTEH. ..SHP.W.HELLWNAHGASTAVT.GS. . . .QVW.CVTETLGLWMPAGQLHSASAVAGTS 90
ARK03608 43 YGRKSLVH. ..FHDrF.YQVHYLTEGSTIALQL.DA. ...HEY.RLYAPCFFITPESIPHGFYTALDTH 100
BAB50173 31 TKAEVSQH...WHR.K.GQLVFALSGSVTCRV.PS. .. .GLW.MVPPHCGVWVPSRMQHSNIATANAR 87
QIKKUY 28 ETQNFSEH. . .SHE.G.YTVGVIERGAQSFYR.TG. ...GNH. IAPQDSTILVNADEVHTGHSAVEGG 84

Figure 7. Multiple alignment of members in new domain family 967 reveals the conserved pattern HxH"G"PxxxH.

This domain might function as an extracellular
binding domain.

In all, 792 modules contain less than five mem-
bers with annotation from PFAM or SMART. The
annotation might derive from unresolved domain
splits by ADDA and/or wrong assignments by
PFAM/SMART. Among these families are 321
small PFAM or SMART families, that ADDA
extends substantially. Here, the ADDA family con-
tains all members of the PFAM/SMART domain
family and extends the latter at least twofold. For
example, the arabinose operon regulating protein
family (PFAM family PF02311) has five members
in the Enterobacteriaceae. ADDA finds an
additional 58 eubacterial sequences (cluster 967).

A multiple alignment* reveals a conserved amino
acid pattern HxH'GPxxxH (Figure 7). Even
though the three histidine residues and the proline
are sequence distant, they form a tight cluster in
the protein structure (Figure 8) suggestive of a
metal binding site.

Validation

The domain families generated by ADDA are
validated by comparison to manually curated
domain definitions. For this purpose, we use
SCOP* which defines domains based on struc-
tures, and PFAM-A,* which is based on manually
curated multiple sequence alignments.
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Figure 8. A putative metal binding site in domain
family 976. The conserved pattern in Figure 7 (red
residues, without the glycine) mapped onto the structure
of the Escherichia coli gene regulatory protein AraC

(Protein Data Bank identifier: 2AAC,* sequence
identifier ARAC_ERWCH with D-fucose (green)). In this
protein structure, the first two histidine residues have
mutated to an asparagine and a methionine residue.
The arrangement of the residues suggests a metal bind-
ing site in those members of the family where the
histidine residues are present. The Figure was prepared
using MOLSCRIPT.*

Quality of domain boundaries

In this section, we are interested in the accuracy
of domain boundaries. The domain decomposition
algorithm has two steps. In the first step, putative
domain boundaries are created for each sequence
in nrdb40. The putative domains of each sequence
are organised hierarchically in a tree. Here, the
benchmark is used to check whether the correct
domain is contained in the set of putative domains.
In the second step, domains are selected from the
set of putative domain partitions. Here, the bench-
mark is used to check, whether the correct domains
are selected based on our numerical criteria.

In the majority of all sequences the reference
domain is among the putative domains (Figure 9).
ADDA domains cover at least 90% of the residues
in the reference domains for 87% of all SCOP
domains and for 89% of all PFAM domains.
Furthermore, most domains are of similar size, as
the relative size between domains peaks distinctly
at 100%.

An erroneous split occurs if there is no signal
present in the multiple alignment that would
allow us to define correct domain boundaries (by
visual inspection). Three cases can be distin-
guished. Firstly, domain boundaries are defined
based on limited data if a sequence has only few
neighbours and thus the probability of error is
high. Secondly, data in multiple alignments can be

inconclusive if there is a continuum of possible
domain boundaries. Finally, in some cases the
alignment ends are clearly misleading. The latter
frequently occurs with membrane proteins, as
transmembrane regions have been masked before
running BLASTP and thus alignments tend to
terminate at transmembrane regions. This is an
artefact of the generation of the sequence space
graph and can be corrected in the future. Overall,
these problem cases are rare. Merely 6% of PFAM
and SCOP domains are covered by 70% or less by
a putative domain, indicating that the reference
domain is absent from the set of the putative
domains.

In the second step of domain cutting, ADDA
selects domains from the set of putative domains.
Here, we verify that the correct domain or one
that is larger is chosen from the set of putative
domains.

In 92% (SCOP) and 93% (PFAM) of all cases
ADDA selects domains from the set of putative
domains that are of the same size or larger than
the optimal domain. The distribution of relative
sizes between selected domains and reference
domains shifts towards larger domains (Figure 9).
Sparse data are responsible for those cases where
ADDA selects domains that are too short.

In conclusion, domain boundaries from ADDA
correspond well to those in the reference domain
definitions. In the cases where there is a dis-
crepancy, ADDA errs mostly on the safe side and
thus avoids over-fragmentation.

Quality of family definitions

Here, we are interested in the correspondence
between clusters in ADDA as compared to the
reference domain family classifications SCOP and
PFAM. To this end, family labels of the respective
reference classification are retrieved for all
domains in an ADDA cluster. The cluster is then
associated with the reference family to which most
of its members match, all other matches are
counted as contaminations.

Many ADDA clusters with reference domain
annotation show “perfect” unification (100% sensi-
tivity) with no contamination (100% selectivity)
(Figure 10). These are 46% of all clusters when com-
pared to SCOP and 41% when compared to PFEAM.
In all, 47% of all clusters in the case of SCOP and
61% of all clusters in the case of PFAM can be classi-
fied as “good” when we use a more permissive
threshold, i.e. 90% sensitivity and selectivity.

Typically, large PFAM families are retrieved
completely or almost completely (Table 3). For
example, ADDA unifies 2288 out of 2307 PFAM
protein kinase domains into a single cluster (99%,
cluster 1). Similarly, ADDA assigns 5493 out of
5870 zinc fingers to the same cluster (94%, cluster
455), and classifies all 1640 ABC-transporters
correctly (100%, cluster 22).

Occasionally, PFAM and SCOP super-family
classifications disagree with ADDA. In many
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instances ADDA defines larger clusters than
PFAM. For example, cluster 257 contains 1040
domains in 1016 sequences that are described as
methyltransferases. While PFAM defines several
sub-families, ADDA assigns all of them to the
same class. The unification by ADDA is validated
by structural similarities between methyl-
transferases.”

Cysteine-rich domains pose a special case. In
ADDA, they are assigned to a single large cluster
(cluster ~ 44)  encompassing  EGF-domains
(PF00008), Sushi domains (PF00084), several
cysteine-rich repeats (PF03128 and PF02363), and
others. Here, unification is based on sequence
similarity, but falsely inferred homology: the
cysteine residues result in a strong alignment
signal even though these domains are not
evolutionarily related. Rule-based post-processing

might resolve this cluster into individual
families.

Among the clusters that are neither “perfect” nor
“good”, most are concentrated along the axes of
high selectivity but low sensitivity. In comparison
to SCOP, 43% of all clusters fail to unify more than
90% of all members into a single SCOP family.
Here, low sensitivity is a result of sequence diver-
sity in SCOP super-families. Sensitivity compared
to sequence-based PFAM classification is better:
only 27% of all clusters unify less than 90% of all
members of a PFAM family. In this group, low
sensitivity is mostly due to regions masked due to
predicted transmembrane segments or com-
position bias. The masking leads to truncated
alignments that fall below the length and signifi-
cance thresholds used in this work.

Clusters are contaminated by unrelated domains
on a low level. Using SCOP as reference, 88% of all
clusters contain only domains of a single SCOP
super-family; with PFAM as reference, 75% of all
clusters are completely pure. The latter lower
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Figure 10. Histograms of sensitivity and selectivity of ADDA clusters compared to SCOP and PFAM. Each cluster is
assigned a selectivity (cluster purity) and sensitivity (unification of associated reference domain family). The graphs in
the bottom row are enlarged versions of those at the top (note vertical scale).

selectivity is mostly an artefact, as PFAM’s family
definitions are stricter than SCOP’s and ADDA'’s
super-family definitions. For example, methyl-
transferases are unified by ADDA into a single
family (cluster 257, Table 3).

Contamination arises because domains are not
resolved completely. The optimisation step selects
domains conservatively, and thus some domains
are not separated. This results in unrelated
domains being unified into the same cluster. For
example, the protein kinase cluster contains 2310
PFAM annotated domains, of which PFAM
describes 2288 as kinases. Contamination is due to
four G protein signalling domains, three domains
each of types SH3, PH, and FHA, seven viral
domains of various types, and eight domains in
single copy numbers. The contamination in this
cluster is less than 1%, which is typical for other
large clusters as well.

Discussion

Here, we have presented a method for the com-
plete decomposition of the sequence space graph
into smaller components of domain families.
While the original sequence space graph is domi-
nated by one giant component, ADDA splits the
sequences of nrdb40 into 450,462 domains and
assigns them to 33,879 non-singleton domain
families.

The global classification by ADDA defines 1476
novel domain families which are evolutionarily
mobile modules. The novel families tend to be
small and specific to a single domain of life. The
families thus complement those described in
SMART and PFAM, which tend to focus on large
and/or taxonomically universal families. Coverage
of large domain families by these databases is
complete.
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Table 3. Selection of clusters in ADDA with PFAM annotation

Id ds s§ dr d; sh st PFAM Description
1 2830 2587 2288 2307 2242 2252 00069 Protein kinase domain
455 2497 1818 5493 5870 1004 1150 00096 Zinc finger, C2H2 type
22 2084 1703 1640 1640 1338 1338 00005 ABC transporter
67 1971 1371 1039 1122 1014 1084 00528 Binding-protein-dependent transport systems inner
membrane component
30 1588 1416 630 636 614 617 00106 Short chain dehydrogenase
203 551 119 266 00550 Phosphopantetheine attachment site
83 83 83 83 01370 NAD-dependent epimerase/dehydratase family
51 1519 1436 709 728 700 717 00097 Zinc finger, C3HC4 type (RING finger)
102 153 76 109 00643 B-box zinc finger
87 87 52 52 01485 IBR domain
9 1492 951 1288 1353 806 839 00076 RNA recognition motif. (also RRM, RBD, or RNP
domain)
330 1404 1106 5736 5808 751 777 00560 Leucine-rich repeat
728 1377 1072 4255 4588 886 918 00400 WD domain, G-beta repeat
629 1366 727 582 698 575 691 00702 Haloacid dehalogenase-like hydrolase
268 279 266 274 00122 E1-E2 ATPase
962 1123 697 1664 2362 497 838 00047 Immunoglobulin domain
352 1112 915 691 855 690 849 00271 Helicase conserved C-terminal domain
454 502 442 486 00270 DEAD/DEAH box helicase
214 223 193 200 00176 SNEF2 family N-terminal domain
18 1102 898 1087 1247 392 466 00036 EF hand
362 369 247 252 00168 C2 domain
668 1068 1042 896 1039 892 1035 02518 Histidine kinase-, DNA gyrase B-, and HSP90-like
ATPase
578 592 577 591 00512 His kinase A (phosphoacceptor) domain
156 480 156 441 00672 HAMP domain
410 1050 907 648 656 629 635 00072 Response regulator receiver domain
197 203 197 203 00196 Bacterial regulatory proteins, luxR family
257 1040 1016 92 92 92 92 01209 ubiE/COQ5 methyltransferase family
47 47 47 47 00398 Ribosomal RNA adenine dimethylase
43 59 43 59 01728 Fts]-like methyltransferase
30 34 30 34 02475 Met-10 + like-protein
27 27 27 27 03141 Putative methyltransferase
24 24 24 24 01135 Protein-L-isoaspartate(D-aspartate) O-methyltransferase
(PCMT)
16 16 16 16 01269 Fibrillarin
15 16 15 16 02353 Cyclopropane-fatty-acyl-phospholipid synthase
220 993 675 386 465 378 455 00665 Integrase core domain
54 84 54 74 00385 Chromo’ (CHRromatin Organization MOdifier) domain
381 942 752 565 585 469 482 00004 ATPase family associated with various cellular activities
(AAA)
87 87 87 87 00158 Sigma-54 interaction domain
73 81 73 81 02954 Bacterial regulatory protein, Fis family
732 934 797 2130 2552 516 629 00515 TPR domain
107 919 896 244 246 244 246 00392 Bacterial regulatory proteins, gntR family
194 203 194 203 01047 MarR family
126 141 125 139 01022 Bacterial regulatory protein, arsR family
40 94 40 94 03099 Biotin/lipoate A/B protein ligase family
28 29 28 29 02237 Biotin protein ligase C-terminal domain
444 867 774 379 418 377 416 00561 Alpha/beta hydrolase fold
197 854 702 3394 3518 622 647 00023 Ankyrin repeat
239 831 586 464 948 461 935 00361 NADH-ubiquinone/plastoquinone (complex I), various
chains
149 256 149 256 00662 NADH-ubiquinone oxidoreductase (complex I), chain 5
N terminus
74 74 74 74 01010 NADH-Ubiquinone oxidoreductase (complex I), chain 5
C terminus
175 830 806 748 909 729 871 00046 Homeobox domain
468 827 762 543 554 535 546 00535 Glycosyl transferase
231 255 73 82 00652 QXW lectin repeat

The full Table is available at ftp://ftp.ebi.ac.uk/pub/contrib/heger/adda. Id, ADDA cluster number; d/s, number of domains/
sequences; a/t, annotated domains/total number of domains in nrdb40; c/r, cluster/reference (PFAM). Low-level contamination
(annotations with less than 10% of members than the major PFAM family) has been omitted.
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Figure 11. Hierarchical cutting of sequences. A, A
typical query sequence of three domains with local align-
ments to its neighbours. The three domain boundaries
are clearly visible; the middle domain contains a con-
served motif. B, The residue column correlation matrix.
C, The domain tree of putative partitions. The optimal
partition (black) involves domains from different levels
in the tree.

The concepts behind ADDA are simple and pro-
vide a clear definition of a domain, since the
decomposition is based on an explicitly formulated
model. The objective function is essentially par-
ameter free, as parameters are determined based
on a reference domain definition. Noise due to
fragments and motif alignments is directly incor-
porated into the model. The method could thus be
applied directly as part of a “high-throughput
pipeline” to the output of genome sequencing
projects.

ADDA is fast. Many of the steps can be run in
parallel. The decomposition of the nrdb40 graph
takes about 48 hours wall-clock time using six stan-
dard PCs. The clustering can thus keep pace with
the stream of sequences coming in from the gen-
ome sequencing projects. The domain families will
be regularly updated and a web-server is currently
under development.

Domains and families correspond well to refer-
ence domain definitions from PFAM and SCOP.
Sequences are cut conservatively with a bias
towards large domains. Here, ADDA errs on the
safe side. A complete decomposition of the
sequence space graph into families is achieved
with a minimum number of domains, avoiding
over-fragmentation of sequences.

Family unification rests upon a chain of reason-
ing involving the transitivity of homology. This is
reasonably safe, since domain chaining has been
eliminated by cutting sequences into domains
beforehand. Homology is inferred by pairwise
comparison between local neighbourhoods of
putatively related domains that are close in
sequence space. In this way clusters are built
based on a chain of reasoning involving small
steps of high confidence. We have demonstrated
that even diverse families can be unified accommo-
dating both spherical and elongated clusters in
sequence space. This approach abandons the idea
of generating a generalised profile model for a
family. With profile models, families of different
diversity require family-specific thresholds to
achieve maximal discriminatory power.*

Limitations

Currently, ADDA is restricted to domains with
sizes of more than 30 residues to avoid unification
based on motifs, for example, P-loop-containing
nucleotide-binding domains. Furthermore, the cur-
rent sequence positional resolution of domain
boundaries is ten residues. Thus, domain bound-
aries might be inaccurate for small domains or
they might be missed completely.

Repeats are not resolved into individual
domains but are annotated as repeat-containing
regions. We are working on a version where these
problems are solved by removing repeats
beforehand.'” Furthermore, ADDA assumes that a
domain is continuous and thus does not accommo-
date inserted domains or circular permutations of
domains. These oddities are usually subsumed
under a single domain.

If there is no convincing signal in the BLASTP
multiple alignments, domain boundaries are not
resolved by ADDA. This leads to a low-level con-
tamination of large clusters with unrelated
domains. Post-processing might resolve the
remaining conflicts. In particular, we plan to use
context information of aligned sequence segments
to resolve the few remaining domain conflicts.”

Methods

Sequence space graph

Sequence sets

Protein sequences from several sequence databases
(SWISS-PROT and TREMBL,* PIR,* PDB,* WORMPEP,
ENSEMBL®") were compiled into a single database. Data-
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Figure 12. Comparison between two sequences (thin lines) sharing an alignment (thick line). The two sequences
(lines) are partitioned into two domains each and the alignment is split into three segments. Thus, the likelihood

function Ly, for this pair of sequences has three terms.

bases were current as of October 2001. Redundant
sequences were removed using the programs nrdb®
(sequence set nrdb, 782,238 sequences) and subsequently
nrdb90°*** (sequence set nrdb90, 420,648 sequences).
Sequences were masked for composition bias (Casari
et al., unpublished, similar to Promponas et al.*®), trans-
membrane regions,® coiled-coils regions,” and short
ungapped repeats.”

Pairwise alignments

All-on-all alignments for nrdb90 were obtained by
BLASTP.*® Sequence masking by BLASTP was turned
off. All hits with an E-value of less than 1.0 were kept.
The results list was limited to 5000 matches and the
reference size of the database for calibrating E-values

was set to 6.5 X 107, otherwise default parameters were
used: 240 Mio alignments were collected.

The result of all-versus-all alignments can be rep-
resented in a graph with sequences at its vertices and
alignments at its edges. The nrdb90 graph contained one
major connected component of 367,482 sequences (87%)
and 40,818 singletons (10%). Redundancy in the graph
was reduced by removing sequences with more than
40% identity'® (sequence set nrdb40). The resulting
nrdb40 graph contained 249,264 vertices, 25 Mio edges, a
major component with 185,906 sequences (75%), and
50,986 singletons (20%). The nrdb40 graph was used for
clustering.

Eliminating edges of low confidence fragmented the
sequence space graph but at the same time split domain
families into disconnected components. For example, at
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an E-value threshold of 1.0, 95% of all PFAM-families
were contained in the same component, while 5% were
distributed over more than one component. After
removing the least significant edges (BLASTP E-value
larger than 107°), already 22% of all PFAM-families
were distributed over several components. Thus, gener-
ating the sequence space graph at an E-value threshold
of 1.0 was a necessary requirement for unification.

Reference domain annotations

Domain definitions from SCOP 1.57% (super-family
level), PFAM 7.3, PRODOM 2001.3,"* DOMO,"* and
SMART 3.4*" were mapped onto sequences in nrdb and
transferred onto sequences in nrdb40 using BLASTP
alignments.

Domain cutting

Domain cutting was a two-step procedure. In the first
step, the algorithm generated a set of nested putative

equation of the fitted line is P(d) =
0.05 70064 (2 =4954137% R? =
0.89026).

domain boundaries for each sequence in nrdb40. In the
second step, it selected optimal domains for all
sequences simultaneously.

Putative domain boundaries

Putative domain boundaries were derived for each
sequence in a hierarchical manner yielding a tree of
putative domains. Putative domain boundaries were
determined based on the residue correlation matrix C.
Entry (i,j) in the residue correlation matrix contained
the number of protein neighbours that aligned to both
columns i and j in the query sequence (Figure 11B). The
residue correlation matrix was compressed by a factor
of 10 for computational reasons, which limited the
resolution of domain boundaries on the sequence to ten
residues.

Based on the correlation matrix C a new domain
boundary was defined. The new domain boundary split
the sequence into two, and at the same time partitioned
the symmetric correlation matrix into three sub-matrices.
C11 and C?* measured the intra-domain correlation of



764

Protein Domain Families

T | ] T T T T
0.010 4 - B
[
0.008 -
>
Q
o 0.006 - .
3
T
o
E 0.004 4 -
=
kS
1)
0.002 + -
0.000 . e
T T T T T T T T T
200 400 600 800
shared alignment length / residues
— T T— T
1.0 -] 3 .
0.8 -
>
[%) 4 4
5
S 0.6 -
2 Figure 14. Probability of splitting
= ] 1 an alignment. (Top) Distribution of
g 0.4 - _ the segment length common to a
T pair of SCOP domains and a linking
= . g, alignment. (Bottom) Cumulative
g distribution and fit of an extreme
o 0.2+ 7] value distribution. The equation of
i i the fitted line is:
0.0 — S(z) = 0.004 + 0.996 e € ~7#HL,
LA R S A R A T T _ t=8578 x> =2374,
0 100 200 300 400 500 600 700 800 900 76.411
shared alignment length/ residues R? = 0.998)
aligned neighbours while I quantified the inter-domain ” -
correlation between the two domains: c = Z Ci,j 4)
ij
1
C : I i= Z Ii_,]' (5)
C= 1) ij
1 o2 in other words, splits were positioned at those residues

The domain boundary was placed so that intra-domain
correlation was maximised and inter-domain correlation
minimised using the x> statistic for a two-by-two
contingency table:

(Cl]XCZZ _ i>< 1)2

(e +i)*(c2 + i) @

X =

3

=Y cn

i

in the sequence where the confidence was higher that
two distinct domains were present.

Once a domain boundary was defined, further domain
boundaries were defined by splitting sub-matrices C!!
and C?, and so on, until x* was zero, or both resulting
domains were less than 30 residues long. The result was
a set of nested putative domains organised in a tree
(Figure 11C).

Optimisation

The second stage of the algorithm selected domains
from the sets of putative domains that were generated
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for each sequence in the previous step. The selection was
based on an objective function that modelled the block
structure of BLASTP multiple alignments (see Introduc-
tion). The objective function was a likelihood-function
that determined the likelihood of observing a specific
pair of domains in two sequences sharing an alignment.

The likelihood L ,, between a pair of sequences a and
b and a given partition u was given by:

Luab = [ [ QtR@)R() 6)

ij

Indices i and j iterated over all possible combinations of
domains mapping to an alignment between the two of
sequences (Figure 12). t; was the length of the common
segment between two domains and the alignment and
di=1; — tj and d; = [; — t; were the number of residues
in domains 7 and j, respectively, not covered by the align-
ment. Q(t) gave the probability of splitting an alignment
of length smaller than or equal to t and R(d) the
probability of leaving d residues not covered. The distri-
butions of Q(¢) and R(d) were determined from data (see
following sections).

The total likelihood for all sequences and a partition u
was given by the product of L,,p over all pairs of
sequences that were linked by an alignment.

Probability of truncated alignments

Truncated alignments leave residues in a domain
unaccounted for by the alignment. The probability R(d)
that d residues in a domain are not covered by an align-
ment was modelled by an exponential decay density
function:

Rd)=ae™™ 7)

with a being the single free parameter. The exponential
decay function was used because of its memory-less
property. It awarded the same penalty irrespective of
the exact location of the alignment within a domain.

The free parameter 2 was determined by fitting data
from a reference domain definition and a sequence
space graph to a decay function. Here, the non-redun-
dant set of sequences nrdb40 containing SCOP domains
was used. For every pair of sequences sharing a common
domain and an alignment, d was determined. The result-
ing distribution was exponential (Figure 13).

Probability of split alignments

The block model of BLASTP multiple alignments
assumed that alignments corresponded to full-length
domains. However, multi-domain proteins cause align-
ments to be split at domain boundaries. Q(t) modelled
this as a probability of segmenting an alignment shorter
than or equal to t:

Q = P({ = 1 cuts in alignment of length T = t}) (8)

Q was a cumulative distribution where the event of not
cutting an alignment had a higher probability than the
event of cutting an alignment. The choice was motivated
by the desire to have no a priori assumption over domain
lengths. Q was estimated by using its complementary
distribution S:

S =1- Q= P({no cuts in alignment of length T = t}) (9)

S was calculated from the same dataset as in the
previous section; it was the cumulative frequency distri-

bution of domain-fragmented alignments of length ¢.
The probability S was modelled as an extreme value dis-
tribution with four free parameters (Figure 14):

S=po+Ae® 1 wherez= i ;}tc (10)

Validation of parameters

ADDA was robust with respect to parameters for both
P and Q. In ten iterations, 10% of randomly selected
SCOP super-families (and all associated domains) were
eliminated from the set used for parameter fitting.
ADDA was then run with different parameter sets on
sequences containing domains not used for fitting that
particular set of parameters. The results were compared
amongst common sequences in the ten sets. In all cases,
ADDA produced identical domain definitions.

Optimisation strategy

The space of all possible domain partitions of all
sequences in nrdb40 was too large to enumerate
exhaustively. Therefore, a greedy optimisation strategy
was used. Initially, all n sequences were uncut providing
n domains, i.e. the optimisation procedure started at the
top of the trees containing the putative domains. The
algorithm then iterated over the list of all domains and
split each in turn according to the pre-computed trees.
This step corresponded to descending one level in the
tree. If the likelihood of the new partition increased
with respect to the previous partition, the split was
accepted and the original domain was replaced with its
two children. The algorithm repeatedly iterated over all
domains wuntil convergence was achieved, ie. no
additional cut in any domain increased the likelihood.
This heuristic did not guarantee to find the exact location
of the global optimum, but as sequences were initially
uncut, the bias was towards long domains.

Unification

The sequence space graph was converted into a
domain graph based on the domains calculated in the
previous step. In the domain graph each vertex corre-
sponded to a domain and each edge to an alignment
between domains. Edges were removed, if the alignment
covered one of the domains by less than 20% of its
length. Furthermore, if a domain on sequence A was
linked to several adjacent domains on sequence B, the
one domain in B which overlapped most with the
domain in A was recorded, and all other edges were
removed.

An edge between a domain i on sequence A and a
domain j on sequence B was weighted by the relative
overlap w;; between the alignment and the two domains
(Figure 12):

amn

The domain graph was decomposed into connected com-
ponents. For each component a minimum spanning tree
was calculated using Kruskal’s algorithm.* Spurious
links were removed at this stage by checking each
alignment via profile-profile alignment (see below).
Only n —1 alignments had to be performed per tree
with n vertices. The removal of edges left a new set of
minimum spanning trees. Finally, each domain in the
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same minimum spanning tree was assigned to the same
domain family.

Profile—profile alignments

Profiles® were built from nrdb90 neighbourhoods,
regularised using a nine-component Dirichlet-mixture*
and rescaled by a factor of 0.3. Profiles were aligned
using the local alignment algorithm*' with affine gap
penalties of —10 and —1 for gap opening and gap
elongation, respectively. The score s(i, ) for aligning two
profile positions i with j was given by the weighted sum
over all amino acid types a:

s(i,) = Y _ [pi(a)si@) + pj(@)si(a)] (12)

where py(a) and sy(a) were the regularised relative
frequencies® and the profile scores in column x and
amino acid a, respectively.

Sensitivity and selectivity of the profile—profile align-
ment method was benchmarked with a “SCOP-test”.*>*
Domains of less than 40% sequence identity were
retrieved from the SCOP database and aligned all-
against-all. An alignment was classified as true positive,
if the SCOP super-family labels of the two aligned seg-
ments matched, otherwise it was declared to be a false
positive. The benchmark set contained 3098 domain
sequences encompassing 792 different super-families.
There were 25,859 true positive pairs and 4,771,394 true
negative pairs.

Based on the SCOP-test a threshold-score of 83 was
defined. At this score, the rate of incorrectly classifying
a pair as homologous was 5%, while 18% of true positive
pairs were detected. Note that in the application of the
algorithm, ADDA tests mainly close relatives in the
minimum spanning tree. Alignments with a score of
less than the threshold were removed from the minimum
spanning trees. Alignments with a score of more than
415 were accepted without checking. All other align-
ments were subjected to the calculation of a Z-score
(number of standard deviations above the mean, 50
shuffles, threshold 5.0).

Validation of domain boundaries

Domain boundaries were validated against reference
domain definitions from SCOP and PFAM. Each refer-
ence domain was matched to all putative domains and
the maximal overlapping domain defined as the best
matching domain. For each best matching domain the
coverage of the reference domain was recorded.
Repeated domains and domains containing trans-
membrane regions were omitted, because they cause
artefacts that could be and will be removed in the future.
Only sequences originating from SWISS-PROT were con-
sidered in order to avoid artefacts due to automatic gene
prediction methods.

Validation of unification

Unification properties of ADDA were measured as
selectivity and sensitivity with respect to the reference
domain family classifications PFAM and SCOP. To this
end, matches between ADDA domains and reference
domains were recorded if they overlapped by at least
ten residues. Each ADDA cluster was then associated
with the reference domain family to which most of its

members matched, the other matches were classified as
contaminations to that cluster.

Selectivity was defined as cluster purity, i.e. an ADDA
cluster was designated to be perfectly pure if its
members matched exclusively to the associated
reference domain family. Selectivity s; of cluster i was
given by s; = nj,/n;, where n, was the number of
domains in cluster i matching to the associated reference
domain family a and n; was the total number of domains
in cluster i matching to any reference domain family.
Cluster contamination was ¢; =1 — s;.

An ADDA cluster achieved perfect sensitivity if it con-
tained all members of a single reference domain family.
Sensitivity, or equivalently, unification u; of cluster i was
defined as u; = n;,/n, with n, being the total number of
domains of reference domain a in nrdb40.
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