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Abstract 

The aim of this work is to use a supervised learning approach to identify sets of motif-
based sequence characteristics, combinations of which can give the most accurate annotation 
of new proteins. We assess several of InterPro Consortium member databases for their 
informativeness for the annotation of full-length protein sequences. Thus, our study addresses 
the problem of integrating biological information from various resources. Decision-rule 
algorithms are used to cross-map different biological classification systems in order to 
optimise the process of functional annotation of protein sequences. Various features (e.g., 
keywords, GO terms, structural complex names) may be assigned to a sequence via its 
characteristics (e.g., motifs built by various protein sequence analysis methods) with the 
developed approach. We chose SwissProt keywords as the set of features on which to perform 
our analysis. From the presented results one can quickly obtain the best combinations of 
methods appropriate for the description of a given class of proteins. 
 
Introduction 

Availability of a wide variety of effective protein sequence analysis methods calls for 
an evaluation of their comparative performance and for development of approaches to 
integrated cross-method consistent annotation. A natural resolution of this problem came with 
the creation of InterPro [1]. The InterPro database is a single resource collecting sequence 
pattern data from PROSITE ([2], a repository of regular expressions and profiles), Pfam ([3], 
based on hidden Markov models), PRINTS ([4], provider of fingerprints) and from several 
other databases-participants. InterPro is a manually curated database, in which the curation 
process is supported by various automated procedures. 

One of the most straightforward approaches to characterizing a novel sequence is to 
compare it to the already annotated in InterPro proteins. While this potentially can produce 
high-quality functional predictions, the motif-focused nature of InterPro complicates the 
interpretation of such analyses, because in most cases it is impossible to find a single InterPro 
entry corresponding to the combination of motifs found in a given sequence. On the other 
hand, there are various systems for direct functional annotation of full-length protein 
sequences, such as GeneOntology (GO) [5] or SwissProt [6]. The quality of annotation that 
one can get based on similarity to InterPro entries/motifs can thus be improved by combining 
these two annotation paradigms. A correspondence between the annotation specific for a 
group of previously characterised full-length protein sequences and the domain/repeat 
architecture of a given sequence could help to achieve a more complete functional description 
of a protein related to the sequence. 

The analytical system presented in this work demonstrates an approach to linking 
keyword-based functional annotation in SwissProt to motif-architecture data from a subset of 
the oldest InterPro member databases using Machine Learning. In particular, the constructed 
classification system uses motif information to assign SwissProt keywords to proteins. We 
chose to use SwissProt keywords as the testing ground for our method. We could have chosen 
another annotation source, for example, GeneOntology, however, SwissProt keywords present 
one of the few independent from InterPro manually curated annotation resources. While GO 
IDs are assigned to only 67% of SwissProt proteins (to 3% of these they are assigned 
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manually and to 97% via an automated system through InterPro), 83% of SwissProt proteins 
are covered by SwissProt keywords, which are therefore a better candidate (data from 
SwissProt release 43.1, UniProt 1.7). The approach taken here can, however, be easily 
extended to GO in the future. 

In this study we use supervised algorithms that are well suited to the situation where 
source data of diverse types need to be analysed together. A number of studies related to 
automated annotation of novel proteins have been previously reported [7,8,9,10], however, 
while our system can predict SwissProt keyword assignments to proteins, our main purpose is 
to identify those motif-based characteristics whose combinations can be used to achieve the 
most accurate annotation of new sequences. The problem we aim to address is the inference 
of such combinations – something that is nearly impossible to do manually. The idea of using 
features selected by an induction algorithm as inputs to the subsequent classification 
procedure has proven to be effective in various classification schemes. We show in this work 
that selected feature combinations, together with a formal index of their informativeness 
(information content of these combinations useful for the purposes of protein functional 
annotation), may serve as an aid in expert-driven curation of protein data. 
Data 

When using supervised classification algorithms it is necessary to present the source 
data (known as the training set in machine learning terms) in the form of examples of correct 
classifications. These examples consist of sets of characteristics (features) that are used to 
form predictor functions (classifiers) that assign a certain property (class label) to a 
previously unseen example correctly. 

All the motif-characteristics (called “signatures” in InterPro terminology) coming 
from the InterPro member databases form the set of features, while the corresponding 
SwissProt keywords make up the labels for the protein sequences. In order for our algorithms 
to make use of the diverse data described, the data need to be represented in a suitable, 
consistent format – we chose to use the bit vector representation, mapping the collection of 
InterPro signatures to a vector of 0’s and 1’s: each feature is set to 1 if the corresponding 
InterPro signature (i.e., motif) is found in the protein sequence and to 0 otherwise. 

Two different protein classifications, InterPro and SwissProt keywords, were mapped. 
Only proteins annotated simultaneously via InterPro signatures and SwissProt keywords were 
used as examples of correct classification. Judging from the distribution of the number of 
keywords annotating the proteins, those keywords that are very general (the distribution tails 
off around keywords matching �200 proteins) were not used, as they are irrelevant for 
specific functional annotation. This threshold is based on the characteristic distribution of 
protein numbers in InterPro entries and, although its choice is somewhat arbitrary, it takes 
into account the majority of SwissProt keywords, corresponding to reasonably small sets of 
proteins (it would not make sense to take into account a keyword that is assigned to nearly all 
proteins). Please, note that the decision on assigning a keyword to a protein is taken 
individually for any given keyword. This implies a separate classification problem for every 
keyword. As a result, 592 SwissProt keywords were selected and, respectively, 592 separate 
training sets were created (the chosen keywords are available as supplemental data). 
Methods 

To form the training sets, we used filter methods for feature subset selection and ROC 
curves analysis for finding optimal misclassification costs in our cost-sensitive classification 
scheme [11]. Classifiers were created in the form of decision rules and were used further to 
identify InterPro signatures most useful for the keyword-based functional annotation of 
protein sequences. Finally, the relative informativeness of InterPro methods to the purposes of 
the annotation process was estimated. 
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Training set construction 
The classification problem here is the two-class problem: given a SwissProt keyword 

we must decide whether or not to assign it to a given protein. Therefore, the training set 
should consist of proteins to which this keyword is assigned (positive examples) and those to 
which it isn’t (negative examples). Such a training set would, however, be highly imbalanced: 
the number of positive examples would often be much smaller than the number of negative 
ones because the number of proteins that are not labelled by any one keyword is much greater 
than of those that are. Previous works on this subject have largely ignored the imbalance 
problem, allowing the majority class (negative examples) to dominate over the information 
present in the minority class, leading to the creation of trivial classifiers (e.g., assign/not 
assign a keyword regardless of sequence characteristics of a given protein) [8]. The issue of 
the training set imbalance is particularly important in our scenario, since it is the positive 
examples that are in the minority and they are the ones of primary interest. Therefore, to 
account equally for properties of both positive and negative classes, the disproportion of the 
example types comprising the training set should be reduced. 
 Feature subset selection 

It would be natural to form the training set by selecting proteins matched by the given 
keyword as positive examples and all others as negative. However, such a selection would 
saturate the training set with a lot of negative examples that are irrelevant for classification 
purposes. The learning procedure should take into account the cases possessing similar sets of 
features, where the non-trivial problem of discrimination between the two classes exists. 
Indeed, cases where protein sequences contain motifs that occur in positive examples, but in 
combinations that result in negative decisions, are the ones that are hard to identify. At the 
same time, proteins associated with signatures coming only from negative examples are 
classified as negatives automatically. Selecting as negative examples those proteins that 
match any of the same motifs, as do the positive example proteins reduced the imbalance of 
the training set significantly, discarding from 70% to 99% of negative instances per set as 
irrelevant. We also ranked all features according to the amount of mutual information shared 
with the label within each training set, keeping only 100 top-ranked features with mutual 
information more than zero as the most informative [12]. These data preparation steps are 
described schematically in Diagram 1. 

ROC curves for cost-sensitive classification 
Despite the preliminary filtering and feature subset selection steps, the positive/negative 
imbalance turns out to still be significant for most of the training sets. Therefore, we used a 
cost-sensitive learning scheme in order to prevent the occurrence of classifiers that are either 
trivial or highly biased towards the majority class. Positive and negative examples were given 
different weights, and ROC curves were constructed for each of the training sets by varying 
the weight ratio. While ROC curves are usually used to compare the performance of two 
classification methods against each other [11], we use this method here for the selection of 
optimal parameters for our classification scheme. In the absence of any a priori assumptions 
about misclassification costs we used the most north-western point of each ROC curve to 
choose the weights’ ratio, thus maximizing the sum of TP (true positive) and TN (true 
negative) rates. 

Classification procedure 
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The mapping between InterPro motif architectures and SwissProt keywords was 
defined as a set of decision rules that specify which combinations of motifs describe the same 
properties of protein sequences as a given keyword. See Table 1 for an example of one such 
rule-set, consisting of four rules. To construct a list of accurate decision rules, decision tree 
building algorithms may be used as the first step, and the trees would then be transformed into 
lists of rules. This approach is not always the best one to follow, since different branches of a 
decision tree have different accuracy rates and cover different subsets of the training set, thus 
requiring additional analysis for each derived rule. Alternatively, the decision tree learning 
procedure can be repeated iteratively, selecting the best branch (i.e., the best decision rule) at 
each step and discarding those examples that are covered by this branch. Doing so, a 
hierarchical system of decision rules can be constructed, forming the desired classifier. The 
advantage of this method is that, although each rule is a part of a whole classifier, it can be 
considered and evaluated separately just by presenting those rules that are higher in the 
hierarchy as additional clauses to the one considered. The method used here was the one 
implemented in the open source machine-learning package WEKA. We used WEKA’s 
J48.PART as the core algorithm within our cost-sensitive learning scheme [13]. 

Informativeness index 
Clearly, features that repeatedly appear in classification rules of high accuracy should 

be more informative and useful for annotation than others. Therefore, these are the features 
we seek to identify as optimal for accurate full-sequence annotation and for which we 
assessed their informativeness, as described below. The decision rules’ accuracy was 
measured by applying them directly to the training set. 

To measure the informativeness of the found feature combinations we identified for 
each SwissProt keyword the InterPro signatures that were selected by the classification 
algorithm for constructing the corresponding decision rules. An index chosen as the measure 
of relative informativeness was calculated as follows: since the generated decision rules are 
organised into a hierarchical structure (the more examples a rule covers and the more accurate 
the rule is, the higher it is in the hierarchy), we assign higher values to signatures of higher 
rules. Each signature’s index is defined as the number of times it participates in all positive 
(ones saying that the keyword should be assigned) rules for a given keyword. Obviously, 
when annotating a new protein, only positive rules play a useful role. Thus, in the example in 
Table 1, all signatures have index 2, because they all participate in all positive rules (note that 
Rule 3 includes Rules 1-2, and, hence, all signatures composing those rules). These index 
counts were then converted into relative percentage contributions. These percentage 
contributions should not be confused with the actual information content of the features. 
Informativeness indices provide a good approximation of information load per feature and, 
more importantly, the means for ranking features according to the information carried by 
them. However, these indices have a different meaning than information bits per feature and 
can be used only as relative estimates. As sets of signatures most relevant for keyword-based 
functional annotation were identified, we proceeded to estimate relative contributions of 
InterPro methods to the annotation of protein sequences in InterPro. We calculated the 
average informativeness indices (per method per entry) associated with a given InterPro 
method by, firstly, considering those SwissProt keywords that were assigned to proteins 

Rule If Then 
1 PR00499 is not found     and 

PF04382 is not found 
Keyword with ID 1031305  
is not assigned 

2 Not covered by Rule 1    and 
PS50001 is not found     and 
PF04382 is     found     and 
SM00150 is not found  

Keyword with ID 1031305  
is assigned 

3 Not covered by Rules 1-2 and 
SM00150 is     found 

Keyword with ID 1031305  
is assigned 

4 Not covered by Rules 1-3 
 

Keyword with ID 1031305  
is not assigned 

Table 1. Decision rules concerning keyword with ID 1031305. For instance, the first rule here says that if the 
PRINTS motif with ID PR00499 is not found in the sequence of a given protein and if the Pfam motif with ID 
PF04382 is not found either, then this keyword should not be assigned to that protein. Further, if this rule does not 
cover the given sequence, following rules can be tried sequentially. The last rule covers all the remaining cases. 
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covered by the given entry and, secondly, calculating the proportion of signatures provided by 
each InterPro member database among the signatures within the rules generated for these 
keywords (Diagram 2 presents a graphical depiction of these procedures). These indices are a 
relative measure of how much useful information in the annotation context is delivered by the 
different methods. We performed this analysis for entries that contain signatures of more than 
one InterPro method and whose proteins are characterised by the considered set of 592 
keywords: 1035 entries. The results of our analysis are presented in Table 3. 
Results 

Decision rules 
All the decision rules obtained for the considered set of 592 keywords and their 

accuracy rates on the training sets are available as supplemental data. 3065 rules were 
generated with average accuracy of 71% on the training data; for 1782 rules it was ≥90% and 
1497 had 100% accuracy. While the primary aim of this work has been to discover optimal 
(for keyword-based functional annotation of proteins) combinations of features comprising 
the constructed rules, it is worthwhile to remark here that these rules can themselves be used 
for annotation with fairly high accuracy. For 24 keywords no positive rules were obtained (all 
rules were negative or trivial, i.e., “never assign the keyword”) – rules generated for the 568 
remaining keywords were used in the subsequent analysis. 
 Method informativeness for keyword-based annotation 
 For each of the 568 keywords, the relative informativeness index of each InterPro 
method was calculated as an intermediate step of the calculations described in the 

“Informativeness index” subsection of Methods. The informativeness indices of InterPro 
methods for the annotation of proteins characterised by a given SwissProt keyword are given 
in the supplemental data. For example, as Table 2 shows (an excerpt from the full 
supplemental data table), proteins characterised by the keyword “Potassium channel” are best 
annotated by motifs coming from PRINTS, while for those to which “Pentaxin” is assigned, 
“PROSITE Patterns” turns out to be the most effective source of information. 
 General method informativeness 

Table 3 contains the calculated informativeness indices of InterPro methods, per 
InterPro method per entry. The informativeness index is a relative measure of useful 

Relative Informativeness of InterPro Member Databases Keywords 

ID Keyword 
PROSITE 
Patterns 

PROSITE 
Profiles 

Pfam PRINTS ProDom SMART TIGRFAMs 

100050 Amino-acid 
biosynthesis 

8.93% 7.14% 60.71% 0.00% 0.00% 14.29% 8.93% 

1441138 Pentaxin 100.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 
189923 Tumor antigen 33.33% 0.00% 16.67% 16.67% 0.00% 16.67% 16.67% 
1140070 Acetylcholine 

receptor inhibitor 
16.67% 0.00% 33.33% 33.33% 16.67% 0.00% 0.00% 

17790019 Potassium channel 6.79% 15.43% 19.75% 58.02% 0.00% 0.00% 0.00% 

Table 2 Excerpt from supplemental data, Method informativeness for keyword-based annotation. 

Member DB Average informativeness index Maximum informativeness index 
PROSITE patterns 2.52 100.00 
PROSITE profile 0.70 50.00 
Pfam 4.78 100.00 
PRINTS 2.01 100.00 
ProDom 1.13 33.33 
SMART 1.03 50.00 
TIGRFAMs 0.83 100.00 

Table 3 Relative informativeness per method per InterPro entry for different InterPro member databases, 
average and maximum among the 1035 selected InterPro entries. 
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information contribution towards keyword-based functional annotation and may be used to 
assess only the comparative performance of different InterPro methods. The average and 
maximum informativeness indices are given for each InterPro member database. The meaning 
of the values in this table is as follows, taking PRINTS as an example: its average 
informativeness index of 2.01 means that every PRINTS- signature, contributing to an 
InterPro entry, on average carries 2.01% of information (the meaning of “information” here is 
explained in the “Informativeness index” subsection of Methods) towards annotation of 
proteins of this entry. At the same time, for some entries, a PRINTS signature can carry up to 
100.00% of information useful for annotation of the respective proteins. 
 Figure 1 contains plots of the cumulative distributions of numbers of keywords across 
the entire range of method informativeness for all the InterPro methods surveyed. In general, 
the lower the graph for a given method, the higher the number of keywords about which the 
signatures derived by that method carry a significant share of information. This plot 
complements the data in Table 3 and clearly shows that Pfam dominates over the other 
member databases in terms of average informativeness towards keyword-based functional 
annotation of proteins. 
Discussion 

In the majority of cases accurate functional annotation of uncharacterised protein 
sequences is possible only by integrating different methods and types of information (cf. 
Figure 1). Often a human expert may find it difficult or impossible to identify the optimal 
combinations of data sources for the most efficient annotation. Supervised techniques are 

frequently considered to be the most effective approach when diverse types of data are 
to be analysed together [12]. In this study we considered the methods used by the member 
databases involved in the InterPro Consortium [1] and employed supervised learning 
algorithms as a means of assessing the informativeness of different sequence analysis 
methods that are used for protein classification. We also identified those combinations of 
methods that are optimal for keyword-based functional annotation of proteins. 

The features (InterPro signatures) selected by the used classification algorithm and the 
combinations in which they appear in the constructed classifiers represent subsets of InterPro 
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(from 0 to 100%). Pfam is clearly the most informative method on average. 
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methods that are most efficient in protein annotation. InterPro signatures that are not included 
in the rules could require additional consideration or could be seen as carriers of information 
about proteins’ functional properties that are not described by the considered keywords. 

Our analysis underscores the significance of all the methods involved in InterPro. 
However, it shows that they should be treated differently when classifying different groups of 
proteins. The results indicate that several subsets of proteins annotated with SwissProt 
keywords can be characterised using combinations of only a few of the available methods. 
These combinations are not trivial and can be easily extracted manually by searching through 
the lists of signatures. In fact, our approach complements expert annotation and does not 
contradict it. The process of integration of different sequence analysis methods would benefit 
from the fusion of expert opinion and automated assessment of the results. As for the 
properties of the considered methods, some of them are important for the isolation of vast 
groups of functionally related proteins, while others are critical for providing highly specific 
classifications. It is also interesting that the best coverage and specificity of classification can 
be achieved for different groups of proteins by using different methods (see Table 3 and 
classification results for the keywords, excerpted in Table 2, full data in the supplement). For 
instance, informativeness indices of signatures comprising the decision rules for the keyword 
"Pentaxin" indicate the effectiveness of PROSITE patterns [14] in identifying the group of 
proteins characterised by this keyword. As a family with a distinct function (lipoprotein 
ligand-binding), according to InterPro it can be described by a number of other methods, such 
as PRINTS, Pfam, ProDom and SMART. Therefore, our study confirms that PROSITE 
patterns are particularly strong in this case [14], because the functionality of these proteins is 
defined by the presence of a binding site. 

Our results show that, on average, Pfam, PROSITE patterns and PRINTS are the most 
useful sources of information towards keyword-based functional annotation. Pfam has a broad 
area of application, while at the same time SMART, TIGRFAMs and PROSITE profiles are 
highly informative only within certain groups. Indeed, (cf. Figure 1) for the majority of 
keywords the informativeness of the latter methods is comparatively low, while they, in 
combinations with other methods, can characterise some other keywords fully. It is interesting 
to note that we did not find, among the selected 1035 entries, any, whose keywords can be 
fully characterised by SMART, ProDom or PROSITE profile signatures (Table 3). Also we 
did not find any SwissProt keywords assigned to proteins that were fully described (via 
generated decision rules) solely by these methods. We would suggest, then, that methods with 
small average informativeness indices should not be used for protein functional annotation on 
their own, however, in combinations with the other methods could augment the annotation 
with specific details. 
Conclusions 

Supervised classification methods have proven to be effective for the prediction of 
properties of uncharacterized objects on the whole and also for feature subset selection 
problems specifically. Classification results may be approached as providers of optimal 
feature sets for subsequent analysis. Our study demonstrates the effectiveness of this approach 
and provides computationally supported guidance in selecting best methods for expert driven 
annotation of proteins and protein families. 
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Please see http://www.ebi.ac.uk/~ostolop/skk04 for additional data for this work. 
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Caption: Data preparation steps for an example keyword (kinase), demonstrating various 
filters and selection procedures aimed at creating the initial training set to be then subjected to 
ROC curves analysis for obtaining optimal weight ratios of positive and negative example 
classes. 
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Caption: Calculation of the informativeness index vectors of the InterPro methods, (1) via the 
supervised learning classification scheme and (2) via the direct count of method contribution 
per InterPro entry. 


