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Abstract. Homology identification is the first step for many genomic
studies. Current methods, based on sequence comparison, can result in
a substantial number of mis-assignments due to the alignment of homologous domains in otherwise unrelated sequences. Here we propose
methods to detect homologs through explicit comparison of domain architecture. We developed several schemes for scoring the similarity of a
pair of protein sequences by exploiting an analogy between comparing
proteins using their domain content and comparing documents based on
their word content. We evaluate the proposed methods using a benchmark of fifteen sequence families of known evolutionary history. The results of these studies demonstrate the effectiveness of comparing domain
architectures using these similarity measures. We also demonstrate the
importance of both weighting critical domains and of compensating for
proteins with large numbers of domains.

Introduction
Homology identification arises in a broad spectrum of genomic analyses, including annotation of new whole genome sequences, construction of comparative maps, analysis of whole genome duplications and comparative approaches
to identifying regulatory motifs. Currently, sequence comparison methods are
widely used to identify homologous genes. These methods assume that sequences
with significant similarity share common ancestry, i.e. are homologs. However,
the existence of multi-domain proteins and complex evolutionary mechanisms
pose difficulties for traditional, sequence based methods. A domain inserted into
two unrelated protein sequences causes those sequences to have a region of similarity, resulting in mis-assignment of homologs.
To address this issue, researchers frequently also require that the alignment between a pair of potential homologs extend over a large fraction of their
lengths [1]. However, the accuracy of this alignment coverage heuristic is unknown and there are many examples where alignment coverage makes an incorrect determination of protein homology. For example, human FOXB1 and
FOXP3 are known homologs with a significant BLAST [2] e-value of 10−8.95 ,
but the alignment covers only one fourth of the shorter protein sequence. A
heuristic to determine homology based on alignment coverage would fail to recognize these proteins as homologs. Conversely, human KIF5C and mouse BICD2,
which have a region of sequence similarity due to a shared HOOK domain, have
a BLAST e-value of 10−7.26 and an alignment coverage of more than half of the
length of the shorter sequence. They are not in the same family, but an alignment coverage heuristic would decide that they are. An accurate and automatic
method for the identification of homologs remains an open problem.

In this work, we investigate explicit comparison of domain architecture in
predicting homology. Complex, multidomain families, such as membrane-bound
receptors and cellular matrix adhesion proteins, are characterized by varied domain architectures within a single family. For example, the Kinase domain partners with over 70 different domains in the eukaryotic Kinases. A given member
of the Kinase family may contain from one to a dozen domains. Typically, a pair
of Kinases has one or more shared domains, but each member of the pair also
has domains that do not appear in the other. At the same time, these protein
sequences also share domains with sequences not in the Kinase family. The challenge is to determine which aspects of domain architecture (e.g., total number
of domains in the sequence, the set of distinct domains, copy number, domain
promiscuity) are most informative for separating homologs from unrelated sequences that share a domain.
In order to develop measures of domain architecture similarity we exploit an
analogy between domain architecture composition and a problem in information
retrieval, namely, determining the similarity of two documents drawn from a
corpus. In this metaphor, the word content of a document is analogous to the
domain content of a protein sequence and the set of protein sequences under
study is analogous to the set of documents in the corpus.
In this work, we adapt information retrieval techniques to domain architecture comparison as a method for identifying multi-domain homologs. We evaluate the effectiveness of several methods on fifteen different protein families by
applying each method to test sets composed of positive examples (pairs of proteins both in the family) and negative examples (pairs of proteins with only one
member in the protein family). We use this empirical approach to determine:
– whether domain content comparison is, in fact, an effective method for identifying homologs,
– what information about domain content is most informative for this purpose,
– what measure of domain architecture similarity is most effective in identifying homologs.
Model
A domain is a sequence fragment that will fold independent of context into a
protein subunit with specific shape and function. Domains are natural evolutionary units. New domain architectures arise via complex mechanisms such as nonhomologous recombination, transposable elements and retrotransposition [3–10].
About two thirds of proteins in prokaryotes and 80% of proteins in eukaryotes
are multi-domain proteins [11].
Domain databases [12–17] store probabilistic, sequence-based models of protein domains. These models, typically encoded as a Position Specific Scoring
Matrix (PSSM) or a Hidden Markov Model (HMM), can be used to determine
the location and type of domains in amino acids sequences. These models can
therefore be applied to new sequences about which domain information is unknown.
Using domain databases, a protein can be represented as an unordered list
of the domains it contains. For this paper, we compare proteins based solely on
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this unordered list of domains, ignoring any differences in the linker sequences
between domains. Any two instances of the same domain will have some variance
at the sequence level. To simplify the comparison, we treat every instance of a
domain as identical.
The use of domain architecture composition to define homology has not been
previously investigated. A few papers in the literature have considered measures
of domain content similarity in other contexts. CDART (Conserved Domain Architecture Retrieval Tool) [18], a web-based resource, presents a list of sequences
with similar domain architecture to a given query sequence. Similarity is calculated by counting the number of domains common to the two proteins. A
distance metric for domain architecture comparison has been considered in the
framework of evolutionary events [19], where distance is defined to be the number of domain insertions and deletions needed to transform one protein to the
other. The effectiveness of these methods in determining protein homology was
not evaluated.
Now consider again the analogy with document similarity in information
retrieval. A simple measure of the similarity of two documents is the number of
shared words. Documents that share a significant number of words are more likely
to be on the same subject than documents that share few words. Similarly, two
proteins that share many domains are more likely to be homologs than sequences
with few domains in common. This is the basis of the method used in CDART.
Similarity scores based on common domains can take the number of instances of
each domain (the copy number) into account (as done by CDART) or can ignore
copy number and simply count the number of distinct types of shared domains.
Two long documents are also more likely to share a large number of words
than two shorter documents. To correct for this effect, a length correction is used,
where length is typically measured by word count. Correcting for the domain
count is also useful in the context of comparing protein domain composition. Jaccard similarity, which is commonly used in information retrieval, is appropriate
here. It is given by
n12
,
(1)
J(p1 , p2 ) =
n1 + n2 − n12
where n12 is the number of domains common to both sequences p1 and p2 , n1
is the number of domains in p1 , and n2 is the number of domains in p2 . Using a
Jaccard similarity instead of an uncorrected score allows comparisons among a
set of sequences with large differences in the number of domains.
These similarity measures treat all words (or domains) equally. However,
words in a document are not equally important to determining its subject. The
word “big” conveys less information about the subject of document than the
word “parsimony,” for example. Words should be weighted based on how informative they are. One measure of the power of a given word to distinguish
between subjects is the inverse document frequency [20], a measure based on
the observation that a word that occurs in very few documents is more likely to
differentiate between subjects then a word that occurs in a large fraction of the
documents in the corpus. Similarly, some domains are more informative than
others. “Promiscuous” domains are domains that occur in many unrelated proteins [11, 21]. Intuitively, promiscuous domains and non-promiscuous domains
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reveal different amounts of evolutionary information and should be treated differently. We consider several methods for weighting promiscuity.
Since promiscuous domains occur in many unrelated sequences, they are less
useful for determining homology than relatively rare domains. We can adapt the
inverse document frequency to obtain a weighting system to reduce the emphasis
of promiscuous domains on the score. This gives an idf weight for a domain d of
|P|
,
widf (d) = log2
|{p|d ∈ D(p), p ∈ P}|

(2)

where P is the set of proteins, and D(p) is the multi-set of domains in a protein
p. The denominator is the number of proteins in the dataset that contain the
domain d.
The frequency of a word in a given document is also an indication of its importance to that document. The word “parsimony” is more likely to be relevant
to a document in which it appears five times than to a document in which it
occurs only once. This aspect can be expressed by the term frequency, the number of times a word appears in a document amortized by the total number of
words in that document. In multidomain sequences, term frequency is analogous
to domain copy number. We define the term frequency,
N (d, p)
,
wtf (d, p) =
|D(p)|

(3)

where N (d, p) is the number of occurrences of the domain d in the protein p and
|D(p)| is the number of domains in the protein p.
Typically, words are weighted using the product of wtf and widf ,
wtf-idf (d, p) = wtf (d, p) × widf (d).

(4)

By comparing the results from idf with tf-idf weighting, we obtain a measure
of the importance of copy number to multidomain homology detection. Note
that since wtf includes the total number of domains in protein sequence p in the
denominator, the tf-idf weight includes a correction for the number of domains
in a protein, while the idf weight does not.
We designed a third approach for weighting domains considering how multidomain protein sequences evolve. Both gene duplication and domain shuffling
are involved in the evolution of multidomain protein families. Gene duplication
results in a pair of related protein sequences sharing a domain, while domain
shuffling results in unrelated protein sequences sharing a domain. A domain
that appears in many unrelated sequences is not a strong indicator of homology.
However, idf weighting simply measures the number of sequences in which a domain appears without considering whether or not those sequences are related. A
domain that appears in many sequences, but always in the same context, could
be very informative yet have a low idf weight. For example, if a domain appears
in all sequences in a large gene family that arose through repeated gene duplication and does not appear in sequences from any other family, it should be a
strong indicator of homology.
A measure of domain promiscuity that captures this idea is the number of
distinct domain partners associated with it, where two domains are partners if
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they co-occur in at least one protein. For this reason, we consider weighting
a domain by the inverse of the number of distinct domain types with which
the domain occurs in sequences. We refer to this weighting method as “distinct
partner” weighting:
1
wdp (d) =
|{di |di ∈ D(p), d ∈ D(p), p ∈ P}|

(5)

Note that the denominator is the number of distinct domain partners of the
domain d. This weighting was first developed for studying protein functions
in [22], but, to our knowledge, the analogous weighting method has not been
used in information retrieval.
Regardless of which weighting scheme is used (idf alone, tf-idf, or distinct
partner weighting), we calculated the weighted domain comparison score as follows:
X
w(di , p1 )w(di , p2 ),
(6)
S(p1 , p2 ) =
i

where w(di , p1 ) and w(di , p2 ) are the weights for domain di in proteins p1 and
p2 . The sum runs over all domains, but w(di , p) = 0 if di does not occur in the
protein p.
Although the tf-idf and distinct partner weight can give a measure of the importance of different domains, they do not include any correction for the number
of domains in a protein and they cannot be used with the Jaccard similarity,
which does not apply in the weighted case. This is addressed in information retrieval using the cosine similarity, which is similar to the Jaccard similarity but
can be used on either weighted or unweighted domains. For two proteins p1 and
p2 , the cosine similarity is given by
P
w(di , p1 )w(di , p2 )
.
(7)
C(p1 , p2 ) = pP i
P
2
2
w(d
i , p1 )
i w(di , p2 )
i
Treating the protein sequences as vectors in a vector space with number of
dimensions equal to the number of domain types, cosine similarity is the cosine
of the angle between the two weight-vectors. In the case of unweighted methods
√
the cosine similarity reduces to n12 / n1 n2 , a variant of the Jaccard similarity.

Experiments
Data
We extracted all complete mouse and human protein sequences from SwissProt
Version 44 [23], released in 09/2004 (http://us.expasy.org/sprot/), yielding
18,198 protein sequences. We focused on vertebrate data because the multidomain families that challenge traditional homology identification methods tend
to be larger and more complex in vertebrates.
We obtained protein domain architectures from CDART [18]. Among 18,198
sequences, 15,826 sequences have detectable domain architectures. An all-againstall comparison of all 15,826 domain architectures yielded 2,371,608 pairs which
share at least one domain.
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Family identification
To test the various methods we required a set of pairs of proteins with known
homology. We constructed a list of sequences from fifteen known families using reports from nomenclature committees (http://www.gene.ucl.ac.uk/nomenclature/)
and articles from the literature. Types of evidence presented in these articles include intron/exon structure, phylogenetics and synteny. As a result of this process, we have a list of 1,137 proteins each known to be from one of the following
families: ADAM (a family of proteins containing A Disintegrin And Metalloproteinase domain) [24–26], DVL (Dishevelled protein family) [27, 28], FOX
(Forkhead transcription factor family) [29, 30], GATA (GATA binding proteins)
[31, 32], Kinase [33–36], Kinesin [37–39], KIR (Killer cell Immunoglobulin-like
Receptors) [40,41], Laminin [42,43], Myosin [44–46], Notch [47–49], PDE (Phosphodiesterases) [50], SEMA (Semaphorin) [51, 52], TNFR (Tumor Necrosis Factor Receptors) [53,54], TRAF (Tumor necrosis factor Receptor Associated Factors) [55], and USP (Ubiquitin Specific Proteases) [56, 57].
From this database of sequence families, we constructed a list of positive
and negative examples of homologous sequences. For each family, all pairs of
sequences with both members in the family are positive examples of homologous
pairs, and all pairs sharing at least one domain but with only one member in
the family are examples of non-homologous pairs. The number of homologous
pairs for the fifteen families studied ranged from 75 pairs in the KIR family
to 1,074,570 pairs in the Kinase family. The number of non-homologous pairs
ranged from 78 in the FOX family to 184,107 in the Kinase family.
Performance Evaluation
Our goal is to assign a similarity score to each pair such that all pairs within the
family have scores that are higher than scores between protein pairs with one
member in the family and one non-family member. We attempted this using the
number of common domains similarity score (from here on referred to as the unweighted score) and the weighted number of domains in common similarity score,
trying distinct partner weighting as well as idf weighting and tf-idf weighting.
We considered each scoring system both with and without domain-count correction. To evaluate how well these methods could perform in a situation where
family identification is not known and therefore a universal cutoff must be used,
we also applied these methods to the aggregate set, in which the homologous
and non-homologous pairs from all the families are combined to a single set of
positive and negative examples.
We evaluated classifier performance using Area Under receiver operating
characteristic Curve (AUC) scores. AUC score provides a single measure of classification accuracy, corresponding to the fraction of correctly classified entities
given the best possible choice of threshold [58]. The range of AUC scores is from
0.0 to 1. The higher the AUC score, the better the performance. When AUC
is 1 the classifier has perfect performance and when AUC is 0.5 the classifier
cannot distinguish homologous pairs from non-homologous pairs, i.e. the score
distributions for positive and negative examples are not separable. When the
AUC score is less than 0.5 the positive and negative examples are somewhat
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separable, but the classifier is separating them in the wrong direction. For this
range of AUC scores the classifier is under-performing randomly guessing if the
pair is homologous or non-homologous.

Results and Discussion

no weighting distinct partner
cosine
cosine
ADAM
0.94 0.96
0.98
0.98
DVL
1.00 1.00
1.00
0.99
FOX
0.50 1.00
1.00
1.00
GATA
1.00 0.99
1.00
0.94
Kinase
0.44 0.71
0.16
0.49
Kinesin
0.52 0.90
0.99
0.96
KIR
0.50 0.86
0.50
0.86
Laminin
0.99 0.97
0.99
0.95
Myosin
0.64 0.56
0.94
0.65
Notch
1.00 1.00
1.00
1.00
PDE
0.54 0.84
0.84
0.87
SEMA
0.78 0.89
0.99
1.00
TNFR
0.57 0.96
0.83
0.95
TRAF
0.85 0.98
0.99
0.99
USP
0.55 0.84
0.82
0.77
all
0.46 0.73
0.19
0.55
all (no Kinase) 0.63 0.89
0.97
0.92

idf
cosine
0.97 0.98
1.00 1.00
0.00 0.99
0.63 0.87
0.09 0.53
0.85 0.93
0.50 0.77
0.97 0.90
0.98 0.74
1.00 1.00
0.84 0.82
0.99 0.99
0.30 0.94
0.99 1.00
0.57 0.82
0.13 0.60
0.91 0.91

tf-idf
cosine
0.84 0.88
0.99 1.00
0.99 0.99
0.83 0.87
0.47 0.46
0.94 0.93
0.77 0.77
0.96 0.97
0.76 0.70
0.96 1.00
0.82 0.62
0.97 0.87
0.96 0.95
0.99 0.99
0.87 0.85
0.51 0.52
0.91 0.88

Table 1. AUC scores for identifying homologs from different families. Results are shown
both with and without domain-count correction using cosine similarity. The last two
rows contain the AUC scores for the aggregate system containing all the families, and
the aggregate system containing all the families except for Kinase.

We tested the ability of domain content similarity to classify homologs using the unweighted score, distinct partner weighting, idf weighting, and tf-idf
weighting. The results are shown in Table 1. For each method, results are reported both with and without the cosine similarity for domain-count correction.
For the unweighted scoring method, Jaccard similarity was also tested, although
the results are not reported here as they behave similarly to the cosine similarity results. To understand the effect of domain copy number, we also tested
a similarity score based on types of domains in common that ignores domain
copy number, but results are not shown as for most families it was similar to the
unweighted method.
As the ability to separate positive and negative examples in the aggregate
dataset best mirrors the way that these comparison methods will be used in
practice, we use these results to judge the overall performance of each comparison method. Because of the large size of the Kinase family, the aggregate results
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are dominated by the results on Kinase pairs. We therefore consider the aggregate set not including the Kinase family. We see that the unweighted method
with no domain-count correction performs poorly with an AUC score of only
0.63. Methods that weighted domains to account for domain promiscuity significantly improve the performance. The aggregate AUC score increases to 0.91 or
better by using any of the weighting methods discussed here. Among the three
weighting methods considered, we obtain the best performance from distinct
partner weighting. It best reflects the evolutionary information encoded by each
domain. Cosine similarity provides a domain-count correction and boosts the
performance of the unweighted similarity score to 0.89. While there is a significant benefit to using either weighting or a domain-count correction, there is little
additional benefit to applying both. The best AUC score of 0.97 is obtained by
distinct partner weighting with no domain-count correction. For the Kinase family, the methods based on domain weighting give similar or significantly worse
AUC scores as compared to the unweighted methods. The best AUC score for
the Kinase family is 0.71, obtained by the unweighted cosine similarity method.
When families are considered individually, the results show that for most
families both weighting and domain-count correction are helpful, consistent with
the results observed in the aggregate dataset. However, for some families, the
performance under different comparison methods differs significantly from the
trends of the aggregate dataset. To better understand what information is most
informative for domain architecture comparison and the advantages and disadvantages of each method, we will analyze these families in details.
GATA: All methods perform well on the GATA family (AUC score greater then
0.80) except idf weighting, where an AUC score of only 0.63 is obtained. Unlike
other scoring systems presented in Table 1, idf weighting does not reflect domain
copy number in the similarity score. The poor performance of the idf weighting
combined with the good performance of the other scoring systems implies that
the domain copy number is important for GATA classification. Each member of
the family has two GATA domains, while non-homologous proteins that share a
domain have only one GATA domain. For similarity scores that incorporate the
domain copy number, these duplicate domains give GATA family-family pairs
improved similarity scores.
To better isolate the effect of domain copy number, we calculated the AUC
score where the similarity between two protein sequences is given by the number
of shared domain types (ignoring the duplicate copies). For most families, the
AUC score using this method was not significantly changed from the unweighted
similarity score (which included duplicate domains), but for GATA the AUC
score drops from 1.0 to 0.61. The next most significant decline in AUC score
occurred in Laminin, where the AUC score dropped from 0.99 to 0.91. For all
other protein families the decline in AUC score was less than 0.05.
TNFR: The poor performance (AUC score of 0.57) of the unweighted similarity
score in the TNFR family was improved with domain-count correction, distinct
partner weighting, or tf-idf weighting. All TNFR family members in our dataset
have at least one TNFR domain. The DEATH domain is often also present, and
the TNFR c6 domain is occasionally present, but no member of the TNFR family
has more than three domains. TNFR sequences also match unrelated sequences
with a large number of domains. Therefore any of the scoring methods that
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incorporate a domain-count correction (either cosine similarity or tf-idf weighted
score) will give a larger similarity score to the homologous TNFR pairs, which
have fewer domains.
The distinct partner weighting method works relatively well, as the TNFR domain only has 7 distinct partners, while the DEATH domain has 14 distinct partners. Moreover, the majority of the non-homologous pairs share only a DEATH
domain, while the homologous pairs all share a TNFR domain. Conversely, idf
weighting fails since the TNFR domain occurs in 47 proteins in the database,
while the DEATH domain occurs in only 36. Therefore, the DEATH domain has
a larger idf weight than the TNFR domain, so that non-homologous pairs that
share a DEATH domain have larger similarity scores than the homologous pairs
that share only a TNFR domain. This results in a AUC score of 0.3 for the idf
weighted score.
FOX: The FOX family stands out in our test set as the AUC score for idf
method is zero. This means that all non-homologous FOX pairs have a higher
score than the homologous pairs. Reason behind this is similar to the reason that
idf weighting performed poorly with the TNFR family. In our test set, all FOX
sequences except one are single domain proteins with the FH domain. The only
multi-domain FOX sequence contains a promiscuous domain, the FHA domain.
The FH domain is a strong indicator of homology and the FHA domain is not.
Although the FH domain exists in a larger number of sequences than the FHA
domain (69 vs 27), the FH domain has a smaller number of distinct partners than
the FHA domain (FH occurs only with FHA, while FHA occurs with 11 other
domains). Therefore, distinct partner gives a higher weight for the FH domain
than the FHA domain, while idf gives a higher weight for the FHA domain. Since
all homologous pairs share a FH domain and all non-homologous pairs share a
FHA domain, the distinct partner method has a AUC score of 1.0 while the idf
weighting method has a AUC score of 0.0.
Kinase: All weighting methods fail for the Kinase family. Surprisingly, the distinct partner weighting and idf weighting score distributions are separable, but
the distributions of scores are inverted: non-homologous pairs are given larger
scores than homologous pairs. This is because the Kinase family is a large, complex family. In our database, there are more than 600 Kinases. Since Kinase
proteins, which are characterized by Pkinase domain, have varied domain architectures, the Pkinase domain has the largest number of distinct partners in
our dataset. Therefore, although Pkinase domain characterizes the Kinase family, it was given a small score under all weighted scoring systems, and Pkinase is
treated like a promiscuous domain. This explains why the score distributions are
inverted: Kinase-Kinase pairs share a Pkinase domain which has a low weight,
while the non-homologous pairs share a non-Pkinase domain with higher weight.
Myosin: Unlike all other families in our test set domain-count correction does
not improve classification performance for the Myosin family. Domain-count correction gives higher similarity scores to domain matches in two proteins with a
small number of domains than it does to domain matches between proteins with
a larger number of domains. Therefore, when the family members have relatively
many domains but share only a few, and the outsider proteins have relatively few
domains, then domain-count correction will worsen the AUC score of a family.
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This occurs in the Myosin family, causing the AUC scores for the comparison
methods with domain count correction to be lower than the uncorrected scores.

Conclusion
For many families domain architecture comparison is an effective method for
identifying homologs. However, these methods are challenged by large families
defined by promiscuous domains, such as the Kinase family. For most families,
two key aspects are useful for domain content comparisons: a scoring system that
corrects for the bias of proteins with a large number of domains and a measure
of the importance of the domain in determining family membership. Domain
count correction significantly improves the performance for fourteen of the fifteen
studied families. Weighting systems such as idf, tf-idf, and distinct partners are
helpful for all families in the test set other than the Kinase family. The best
performance is obtained by the distinct partner weighting system. For the Kinase
family, the weighting systems under study did not work well as they gave a low
weight to the Pkinase domain which is a major factor in determining Kinase
family membership. For a few families, such as GATA and Laminin, domain
copy number useful in determining sequence homology. Outstanding problems
that we hope to address in future work include designing a weighting method
that works well for the Kinase family as well as the other families and comparing
these domain based methods to other homology identification methods based on
sequence comparison and alignment coverage.
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