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In this paper, a knowledge system for protein function annotation, called “RuleMiner”, is represented.  This 
system consists of three essential components, Protein Function Groups (PFGs), PFG profiles and rules.
The PFGs, established from an integrated analysis of current knowledge of protein functions from Swiss-
Prot database and protein family-based sequence classifications, cover all possible cellular functions 
available in the database.  The PFG profiles illustrate detailed protein features in the PFGs as in sequence 
conservations, the occurrences of sequence-based motifs, domains and species distributions.  The rules, 
extracted from the PFG profiles, describe the clear relationships between these PFGs and all possible 
features.  As a result, the RuleMiner is able to provide an enhanced capability for protein function analysis. 
Such as, results from the integrated sequence analysis tools for given proteins can be comparatively 
analyzed due to the clear feature-PFG relationships.  Also, much needed guidance is readily available for 
such analysis.  If the rules describe one-to-one (unique) relationships between the protein features and the 
PFGs, then these features can be utilized as unique functional identifiers and cellular functions of unknown 
proteins can be reliably determined.  Otherwise, additional information has to be provided.  Also in this 
paper, a special section is dedicated to illustrate two real-world applications of this knowledge system in 
protein function analysis. 
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1. Introduction 

The massive accumulation of completely sequenced genomes has generated tremendous 
demands for algorithm developments for systematically analyzing these data and giving 
them biochemical, physiological, and ecological meanings1. One of the earliest and 
critical steps in this analysis is to elucidate putative functions of open reading frames 
(ORFs) on these genomes (ftp://ftp.ncbi.nih.gov/genbank/).  For this purpose, several 
large, high-throughput sequence analysis systems have been developed including, naming 
a few, WIT, GenQuiz, MAGPIE, and PEDANT2 - 5. However, there are several problems 
in those and other annotation systems.  If not properly addressed, these problems can 
result in uncertainties in the annotations. 

The function annotations in these systems primarily depend on pair-wise sequence 
similarity, a feature usually defined by Blast6 or FastA7 although a variety of other 
approaches are often included in the systems.  However, protein function is a very 
complex concept, which includes given protein’s interactions with other proteins, its 
participation in various cellular processes, regulation, transportation, signal transduction, 
enzymatic activity, and many other features1,8. Complicated evolutionary and 
structure/function relationships among different proteins may add additional complexity 
in the annotation process9. Thus, it is necessary to integrate all possible features of 
protein sequences to achieve an enhanced computational capacity in recognizing and 
differentiating cellular functions. 

The said integration is critically important because each of these tools addresses 
different sequence analysis problems.  For instance, the Blast and FastA can reveal 
sequence similarity at the level of individual amino acids so that they can distinguish, to 
certain level, homologous proteins6,7. However, they could not identify evolutionarily 
divergent yet functionally related proteins.  Information noises, accumulated over 
millions of year’s evolution, are often overwhelming in the protein sequences10, 11. As a 
consequence, biologically meaningful relationships between these protein sequences are 
made unrecognizable by these tools.   



Signature database-based sequence analysis tools represent a different but critical 
group of approaches for sequence analysis12-16. These tools can capture evolutionarily 
divergent and biologically important protein signatures. Thus, they can identify distant 
and clear-cut relationships in novel sequences.  These tools, however, often fail to detect 
the differences among some homologous proteins17, 18. We can, by that, conclude that the 
signature defining tools and Blast or FastA can be well complemented with each others 
and that their integration would considerably increase the overall differentiation 
capability.  

Furthermore, differences also exist among the signature extracting tools.  
Diagnostically, they have various areas of optimum applications because of different 
strengths and weaknesses of their underlying analysis methods19. Pfam, for example, 
focuses on the divergent domains14, Prosite focuses on the functional sites20, and Prints 
focuses on the families, specializing in hierarchical definitions from super-family down 
to sub-family levels in order to describe specific functions13. Blocks tool provides 
uncapped multiple alignments for protein families21, 22. So then the integrations of these 
tools would provide a better picture of overall protein feature structures.   

All the aforesaid sequence analysis tools, however, are being independently 
developed.  Consequently, these databases are independent and their nomenclature 
systems are incompatible19. Their integration, for this reason, can be enormously 
difficult and may severely compromise the efficacy in their applications in the protein 
function annotations.  This is possibly one of the main reasons why information collected 
from signature-defined databases like Pfam and Blocks plays only a minor role in the 
current sequence analysis systems, instead of a critical one if judged by their exceptional 
computational capability in recognizing and differentiating protein cellular functions.  
They are often provided as support evidence for protein function annotations or most 
often as a supplementary data for user’s references.  That is why a global reference 
system is necessitated so that the results from multiple sequence analysis tools can be 
compared and cross-validated under this system. 

Another problem in the annotation systems is that there are no rule-systems 
developed specifically for the protein annotation as of yet23,24. Ideally, the rules must 
provide an ability to illustrate the precise associations between these cellular functions 
and protein features in current protein space.  The rules can be, by that, utilized as 
guidance for protein function annotations.  The guidance is especially important when 
alternative assignments are to be judged on some complicated cellular functions due to 
multifaceted evolutionary processes such as convergent and divergent evolutions25,26.

Current computational sequence analysis tools, as described above, describe 
localized sequence features no matter whether they represent degrees of pair-wise 
sequence similarities (e.g., Blast), evolutionarily conserved sequence motifs (e.g., Blocks, 
Prints) 21,22,13, or biologically important function domains (e.g., Pfam, Prosite) 14, 20. There 
are no apparent associations established between the localized features and the specific 
cellular functions. It is sometimes difficult to infer functions based on occurrence of the 
localized features because they may exist in hundreds of proteins and are involved in 
diverse cellular functions27. The identification of these features in unknown protein 
sequences, by itself, will not provide enough evidence to make definite functional 
assignments if no other information can be acquired. Family-oriented function 
classification databases such as SCOP, Interpro, and PIR could not provide such guidance 
either although they have enormous applications in genomics studies19,24,28. Many 
protein families defined in these databases often cover many different cellular functions 
with un-differentiable protein sequences17.

So to alleviate the aforementioned problems, we have developed a knowledge 
system, called RuleMiner.  The uniqueness of this system is a simple algorithm 
developed for high-resolution protein function classifications.  Compared to other 
biological database systems (e.g. Pfam, Prosite, Prints and Blocks), in which all of 
protein classifications are based mostly on the sequence information, the classification 
approach is unique in that it combines both knowledge-based and sequence-based protein 
analysis.  In addition, the classification is based solely on information from Swiss-Prot 



protein database, a highly reliable function resource29. This integration increase 
resolution in protein function classifications due to the fact that it goes beyond 
limitations, suffered by the sequence-only-based protein classification algorithms, 
especially when proteins with different functions share an extensive homology19,30. As a 
result, a series of high resolution of protein function groups (PFGs) are developed, which 
acquire an ability to possibly describe the smallest functional or evolutionary units, 
encoded possibly by individual protein encoding genes. 

Another unique component is the establishment of PFG profiles. The PFG profiles 
illustrate diversity of proteins in the PFGs, including the variability of protein features 
such as sequence conservations, the occurrences of sequence-based motifs and domains, 
and their species distributions (Archaea, bacteria, Eukaryote, plasmid, Mitochondron, 
chloroplast and virus as defined in Swiss-Prot database).  This information is important 
for the rule-inferring purpose.  Only individual PFGs are built to represent unique 
cellular functions, and the PFG profiles be precisely established to characterize these 
functions, then rules can be clearly defined to illustrate the unambiguous relationships 
between the functions and the protein features. Consequently, the RuleMiner is able to 
provide an enhanced capability for protein function annotations as followings; 1) Results 
from the integrated tools for given proteins can be integrated due to the clear feature-PFG 
associations; 2) much needed guidance or rules are readily available for the complex 
function annotations.  If the rules describe one-to-one (unique) relationships between the 
protein features and the functions, then, these features can be utilized as unique 
functional identifiers so that cellular functions of unknown proteins can be reliably 
determined.  Otherwise, additional information has to be provided to pinpoint the detailed 
cellular functions.  

In this paper, we first introduce some definitions and notations that will be used in 
this paper.  Then, we will describe in detail procedures for protein classification, protein 
feature characterization, and rule establishments.  Lastly, we will illustrate the 
applications of this information system in protein function analysis, possible problems, 
and potential solutions to these problems.   

2. Definitions and notations 

2.1. Protein features 
Main protein features are defined as localized sequence features, detected by some highly 
dedicated computational sequence analysis tools. They can represent degrees of pair-wise 
sequence similarities or evolutionarily and functionally conserved motifs and domains. 
Addition protein features include conservation of protein sequences within given cellular 
functions and occurrences of organism species in these functions.  

Currently, three sequence analysis tools are utilized in our research.  They are 
Blocks, Blast and Pfam.  Each of these tools is able to identify different protein sequence 
features.  To start, the Blocks are ungapped, multiple alignments corresponding to the 
most conserved regions of given protein families21,22. Blocks analysis pinpoints the 
conserved blocks corresponding to certain protein families.  The results of the analysis 
can assign these proteins to one or possibly more homologous Blocks protein families. 

While the Blocks pinpoints the localized motif of conserved regions and 
relationships between individual proteins to the sequence profiles of protein families, 
Blast algorithm emphasizes more on pair-wise amino acid sequence similarities6. And 
compared with Blast and Blocks, Pfam database is unique in that it contains curated 
multiple sequence alignments for each family, as well as profile hidden Markov models 
for finding these domains in new sequences14. Thus, Pfam search results can determine 
sequence features that illustrate the occurrence of certain biologically important domains. 
 
2.2. Protein function groups (PFGs) 
The establishment of PFGs is intended to describe the smallest biochemical or 
evolutionary units encoded possibly by individual protein-encoding genes.   
Let  



),...,...,,( 21 xnxixxX kkkkK = databaseproteinSwissprotkxn −−∈ ,

where xnk is a Knowledge-based Protein Function Category (KPFC), derived from a 
text mining procedure on protein function descriptions in Swiss-Prot protein database.   
Let 

),...,,...,,( 21 xmxjxxX ffffF = databaseBlocksf xm −∈ ,
where  

xmf is a Sequence-based Protein Function Category (SPFC), established based on the 
best hit of Blocks analysis. 

 
Then 

protein∀ ),( xjxi fkpfgS∈ if S has xik in the Swiss-Prot database and the xjf
in the Blocks database, 
where  

),( xjxi fkpfg  is defined as a Protein Function Group (PFGs). 
The definition of protein function groups is more conceptual in which both KPFCs and 
SPFCs are assumed to be determined in parallel.  Then, their intercepts are defined as 
PFGs. In practice, the protein function classifications are hierarchical in which KPFCs
are classified based on the analysis of function descriptions in the Swiss-Prot database; 
then, proteins in each of the category are further classified into smaller function 
categories, SPFCs, based on the Blocks analysis. It is the KPFCs and SPFCs pairs that 
define protein function groups (PFGs).  
 
2.3. PFG profiles  
Let us define some statistic parameters to characterize PFGs before we introduce the 
concept of PFG profiles.

2.3.1. Confident value vectors: Corresponding to each protein function group PFGs, a 
confident value vector is ),...,,( 21 xnxxX vvvV = , where n is the number of proteins in 

the PFGs.  For Blocks-based similarity indicators, xiv is logarithm of E-value between 

the ith protein x and the protein family jspfc ; for Blast-based similarity indicators xiv is 
the average of logarithm of E-value between the ith protein x and every other protein 
members in the PFGs.  E-value is a parameter to evaluate the sequence similarity in the 
computational sequence analysis tools, e.g. such Blast, Block and Pfam. 
 
2.3.2. Statistic parameters: To evaluate the sequence conservation of proteins in the 
protein function groups PFGs, series of statistic parameters are calculated.  These 
parameters are maxv : the highest confidence values; minv : the lowest confidence values; 

Xµ : the average defined as nvxiX /∑=µ ; Xm : median, and XVC .. : the co-

efficiency of variance, defined as 100*/.. XXXVC µδ= , where 

)1/()( 2 −−= ∑ nv XxiX µδ . Generally the C.V. from 0% to 10% indicates that 

data is consistent while those close to or greater than 50% indicates that there is a 
tremendous variability. 
 
2.3.3. PFG profiles ( pfgPF ):  To describe the diversity of the proteins in the PFGs, 
including the variability of protein features such as sequence conservations, the 
occurrences of sequence-based motifs and domains, and species associations.  The 
species categories are defined in Swiss-Prot database: A: Archaea, B: Bacteria, E: 



Eukaryote, Plasm: Plasmid, Chl: Chloroplast, Mit: mitochondrion, V: virus, and Cyan: 
Cyanelle (http://www.expasy.ch/sprot/sprot-top.html). 

Let 
),,,,( PmSpBlkSpPmBlkSpfgPF = , where  

1. S illustrates protein sequence conservations characterized by a statistics 

parameter vector )..,,,,( minmax XXX VCmvvP µ= .

2. Blk  illustrates the diversity of Blocks motif patterns describing the occurrence 
of conserved blocks in protein families jspfc .

3. Pm  illustrates the diversity of domain patterns describing the occurrence of 
biologically important biological domains (Pfam).   

4. BlkSp  describes the unambiguous relationships between Blk  and the Swiss-
Prot species categories. 

5. PmSp  describes the unambiguous relationships between Pm  and the Swiss-
Prot species categories. 

 
2.4. Rule determination 
The rules are defined as instantly recognizable relationships between individual PFGs
and protein features defined in the PFG profiles.
Let  

),(Re nPFGFlationshipRule = .
where F is the protein features defined in the profiles, PFGs are protein function 

groups, and  
),...2,1( kn∈ , where, K represents any integer.   

If n is equaled to one, then the relationships between the features and the PFGs are 
unique, in which one feature corresponds to one particular PFG. Otherwise, the 
relationships are non-unique, in which one feature may correspond to multiple protein 
function groups or vice versa. 
 
3. Method and algorithm 
 
To build RuleMiner, we followed a three-step procedure to process functional and 
sequence data in the Swiss-Prot protein database29. We first classify Swiss-Prot proteins 
into PFGs.  Then, we generate PFG profiles. Lastly, we extract rules to illustrate 
unequivocal relationships between the protein features defined in the PFG profiles and 
individual PFGs.  The detailed procedure is described as following. 
 
Step 1: Classify Swiss-Prot proteins into protein functional groups 
The central idea of the algorithm is the integration of the current knowledge of well-
defined protein functions and highly confident protein family information to establish 
highly differentiable PFGs in protein functions.  To achieve this goal, we downloaded a 
version (6/25/2002) of the Swiss-Prot protein database, and exacted the function 
descriptions in the “DE” fields.  Based on these descriptions, the Swiss-Prot proteins 
were assigned to either an “enzymatic” category if their EC numbers were known, 
otherwise, a “non-enzymatic” category.  

The “enzymatic” proteins were then classified based on their EC numbers. For “non-
enzymatic” proteins, text mining algorithms and controlled vocabularies were devised to 
extract phrases with functional meanings from the protein function descriptions. This 
resulted in the formation of Knowledge-based Protein Function Categories (KPFCs). The 
resultant KPFCs were verified manually.  Such a check is essential for quality control 
because of the annotation inconsistencies across various database entries. 



The protein sequences in the KPFCs were further processed with the Blocks tool 
(Henikoff et al. 2000).  For the classification purpose, the algorithm assigned the best 
Blocks hit to each protein.  Based on these assignments, proteins within the KPFCs were 
further divided into smaller groups, named Sequence-based Protein Function Categories 
(SPFCs).  As a consequence, m=21,656 PFGs were established. Each of the PFGs was 
defined by a pair of (KPFC, SPFC). 
 
Step 2: Generate PFG profiles 
To generate PFG profiles, we analyzed protein sequences within every PFG with Blast 
and Pfam.  First, the protein patterns (evolutionary conserved motifs in Blocks and 
biologically important domains in Pfam) were evaluated to describe the pattern 
diversities.  Then, associations were established between these patterns and species 
categories defined in Swiss-Prot database (e.g. Archaea, Eubacteria, Eukaryote, Plasmid, 
Mitochondrion and Chloroplast).  Last, sequence conservations were evaluated (Please 
see Definitions and Notations).  As a result, detailed PFG profiles were established for all 
of the PFGs. 
 
Step 3: Define rules 
The aim of this step is to build instantly recognizable relationships between the protein 
features in the PFG profiles and individual cellular functions (PFGs) within the protein 
space covered by Swiss-Prot protein database.  For this purpose, we first extracted lists of 
protein features either Blocks motif patterns or the patterns of biologically important 
Pfam domains from the PFG profiles. Then we determined, for each particular protein 
feature, what PFG(s) it may associate with.  The number of the PFGs associated with the 
protein feature can be one or more.  If it is one, then a one to one unique relationship will 
be constructed.  Otherwise the relationships are non-unique in which one protein feature 
corresponds to multiple cellular functions or vice versa.  The relationships, unique or not, 
define the rules, which will provide guidance in protein function determinations (see the 
Definitions and Notations for details).  
 
4. Results 

4.1. PFGs have a capacity to differentiate components in protein complexes 
One of the most significant components of the knowledge system is PFG in that the 
detailed information of given protein complexes can be illustrated.  The information 
includes, but not limited to, subunits, species-specific protein units, and highly 
homologous but substrate-specific functional units (Table 1).   

The species-specific functional units represent one of unique classes of PFGs in the 
Knowledge-based protein analysis system (Table 1, Section A).  These groups can 
identify different evolutionary versions of functional proteins, which are possibly 
reinvented at separate times by so-called convergent evolution31-33. This can best be 
illustrated by RNA and DNA replication machines.  Archaea and Eukaryotes have 
extensive similarities in the principal protein components of these machines but are 
dramatically different from that of Eubacteria34,35. Another unique class includes PFGs, 
which are highly homologous but perform different cellular functionalities. In Zinc-
containing alcohol dehydrogenase protein family, 14 enzymatic PFGs have been 
classified, representing functionalities with distinct substrate specificities despite the fact 
that proteins in this family are essentially un-differentiable by current sequence analysis 
tools (Table 1, Section B). Many more examples can be found in http://www-
wit.mcs.anl.gov/Gongxin/cgi-bin/access_data.cgi or http://www-
wit.mcs.anl.gov/svmmer/.



Table 1. Two example categories of function units described by the PFGs
PFG 

KPFC KPFC 

 
Function Description 

 
Species 
Distributiona

A. Subunits and species-specific version of protein function units 
Bacterial Version of DNA directed RNA polymerase 

IPB001700 Bacterial RNA polymerase, alpha chain Bb:41 Ec:2 chld:31 
cynale:1 mitf:1 

IPB000722 RNA polymerase, alpha subunit B:27 E:5 V:4 chl:13 
cynal:1 

IPB003716 RNA polymerase omega subunit B:20 
IPB001572 RNA polymerases beta subunit Ag:14 B:29 E:22 Vh:5 

chl:15 cynal:1 
plasmi:1 

Archaea and Eukaryote version of DNA directed RNA polymerase 
IPB001514 RNA polymerases D/30 to 40 Kd subunits A:11 E:10 
IPB002092 Bacteriophage-type RNA polymerase family E:6 V:4 mit:6 
IPB001572 RNA polymerases beta subunit A:14 B:29 E:22 V:5 

chl:15 cynal:1 
plasm:1 

IPB003221 DNA directed RNA polymerase, 7 kDa subunit E:4 
IPB000268 RNA polymerases N/8 Kd subunits A:10 E:6 V:7 
IPB001529 RNA polymerases M/15 Kd subunits A:5 E:7 
IPB001725 RNA polymerases K/14 to 18 Kd subunits A:9 B:1 E:6 V:3 
IPB000783 RNA polymerase H/23 kD subunit A:11 E:4 

EC 2.7.7.6 

IPB001306 RNA polymerases L/13 to 16 Kd subunits A:7 E:12 
B. Highly homologous but substrate-specific functional units 

EC 1.1.1.1  
EC 1.2.1.1  
EC 1.1.1.73 IPB002328 Alcohol dehydrogenase class III 

 

E:1 
EC 1.1.1.1  
EC 1.2.1.1  IPB002328  Alcohol dehydrogenase class III 

B:4 plasm:1 E:16 

EC 1.1.1.1  IPB002328  Alcohol dehydrogenase A:1 B:7 E:73 plasm:1 
EC 1.2.1.1 IPB002328  Formaldehyde dehydrogenase (glutathione) B:2 E:4 
EC 1.1.1.195 IPB002328  Cinnamyl-alcohol dehydrogenase E:18 
 EC 
1.1.1.255 IPB002328  Mannitol dehydrogenase 

E:10 

 EC 1.2.1.66 IPB002328 
 Mycothiol-dependent formaldehyde 
dehydrogenase 

 
B:1 

 EC 1.1.1.90 IPB002328  Aryl-alcohol dehydrogenase plasm:1 
 EC 1.1.1.14 IPB002328  L-iditol 2-dehydrogenase B:2 E:7 
 EC 
1.1.1.103 IPB002328  L-threonine 3-dehydrogenase 

B:4 

 EC 1.2.1.46 IPB002328  Formaldehyde dehydrogenase B:1 
 EC 1.1.1.9 IPB002328  D-xylulose reductase E:1 
 EC 
1.1.1.251 IPB002328  Galactitol-1-phosphate 5-dehydrogenase 

B:1 

 EC 1.1.1.2 IPB002328  Alcohol dehydrogenase (NADP+) B:4 E:2 
aThe species distribution illustrates where proteins in a protein functional group are located among different 
organisms and organelles as defined by Swiss-Prot database; bB for Eubacteria; cE for Eukarya; dchl for 
chloroplast; ecynal for cyanelle; fmit for mitochondrion; gA for Archaea; hV for viruses and phages; and iplasm 
for plasmid.  



4.2. PFG profiles can illustrate diversity in the evolution of given protein functions 

The sequence conservation is one of the most important features in the PFG profiles. A
total of 8834 PFGs were analyzed.  They represent protein function groups with an 
average of at least two proteins so that the profiles could be calculated (See Definitions 
and Notations for details).  The mean E-values and co-efficiency of variations (C.V.) are 
two main parameters to measure the degree of protein sequence conservation.  Ten 
categories of conservations are defined based on the C.V., each of which has 10 point 
ranges, e.g.  a C.V. of 0 to 10 is grouped as category 1; a C.V. of 10 to 20 as category 2; 
until a C.V. of 90 and greater, which is assigned as category 10.  Those with a mean E-
value of less than 1e-20 and a C.V. of less than 10 are considered as highly conserved 
PFGs.  Blast and Blocks analysis both reveal that approximately 16.34% of the PFGs
belong to this category.  However, PFGs distribution among the 10 conservation 
categories is more biased to highly conserved category (e.g. category 1 or 2) in Blocks 
than that in Blast (Data not shown).  The late is much flatter and closer to a normal 
distribution, indicating that their variations are much greater. Such a phenomenon is not 
surprising because the Blocks analysis focuses on the conserved motifs of given protein 
families while Blast analysis on an overall sequence similarity. 

In addition to sequence conservation, other protein features in the profiles are also 
helpful to characterize the PFGs. Among these features, the occurrences of Pfam domain 
patterns, Blocks motifs patterns, and their relationships with Swiss-Prot species 
categories are especially important.  Both Pfam domains and Blocks motifs are clear 
indicators of biologically important functional units and they represent some basic 
function properties for the PFGs. Two extreme categories of variations are illustrated in 
Table 2 to demonstrate the characterization capability of the PFG profiles. The first 
category includes genes encoding methylmalonate-semialdehyde dehydrogenase (EC 
1.2.1.27), Photosystem 44 kDa reaction center protein, photosystem D2 protein, 
photosystem P680 chlorophyll A, apoprotein and preprotein translocase.  These PFGs are 
highly consistent in Block motifs and have extremely conserved Pfam domains.  They 
exist in all varieties of life domains and may represent some of the core components in 
living organisms with stringent system requirements36. The second category includes 
viral-gene encoding proteins for RNA-directed RNA polymerase, apoptosis inhibitors, 
and nucleocapsid proteins.  These PFGs are extremely variable in both sequence 
conservations and the occurrences of the Blocks motifs and Pfam domains.  They may 
represent those required for frequent adaptation and evolution, which is critical for 
pathogens such as infectious bacteria and viruses, where constant change and adaptation 
are required for surviving various defense systems in their host37,38.



Table 2. Characterization of protein functional groups based on Blocks and Pfam searching results 

PFGa
Characterization of protein population 

 within Protein Functional Groups 

KPFCb SPFCc C.V. d
Blocks 
Pattern Species Pfam patterns Species 

Highly conserved protein functional groups 
EC 1.2.1.27 

(Methylmalonate-
semialdehyde 

dehydrogenase)
IPB002086 

 
3.54 

 
ABCDEe:6 

 
B E Aldedhf B:2 E:4 

 
EC 1.2.1.9 

(Glyceraldehyde-3-
phosphate 

dehydrogenase) 
IPB002086 

 
4.19 

 
ABCDEF:4 

 
B E Aldedh  

 
B:1 E:3 

 
EC 2.7.1.48 

(Uridine kinase) PR00988 3.10 ABCDEF:26 B E PRK  B:19 E:7 
EC 1.18.96.1 

(Superoxide reductase) IPB002742 10.05 ABC:4 A B Desulfoferrodox A:3 B:1 
Photosystem 44 kDa 

reaction center protein
IPB000932 

 
4.18 

 
ABCDEF:24 B E chl 

cynal 
PSII  

 
cynal:1 B:3 
chl:18 E:2 

Photosystem D2 protein IPB000484 2.82 ABCD:26 
B E chl 
cynal photoRC  

cynal:1 B:4 
chl:17 E:4 

Highly diverged protein functional groups 

DUF14 
Molydop_bindi

ng 
A:2 

 
EC 1.2.99.5 

(Formylmethanofuran 
dehydrogenase) 

 

IPB002489 
 

146.0 
 

ABCDEF:2 
BC:5 ABC:1

A

DUF14 A:6 

pec_lyase  
pec_lyase B:1 

EC 4.2.2.2 
(Pectate lyase) 

 
PR00807 

 
145.4 

 

DEG:1 
BCDE:1 

ABCDEFGH:
4 CD:1 DE:12 
ADE:1 CDE:2

B E

pec_lyase  B:15 E:6 

OMPdecase 
OMPdecase B:1 

PcrB A:1 
NO Pfam 

pattern A:1 B:1 

EC 4.1.1.23 
(Orotidine-5-phosphate 

decarboxylase) 
 

IPB001754 
 

71.97 
 

ABE:15 
ABCDEF:45 
E:2 BCE:4 
AB:1 AE:7 

ABCE:3 BE:6 
CE:2 

 

A B E

OMPdecase A:6 B:25 E:43

BIR BIR  V:1 
BIR BIR BIR 

zf- C3HC4 E:1 

BIR V:2 
Apoptosis inhibitor 

 

IPB001370 
 

75.10 
 

C:2 AC:1 
ABC:6 

 
E V

BIR BIR zf-
C3HC4  V:3 E:1 

Marek_A 
Marek_A  V:3 Glycoprotein 

 
PR00668 

 
64.69 

 

ABCDEFG:3 
ACDF:5 

ABCDEF:1 
ABCDFG:2 

V

Marek_A  V:8 
E.C 2.7.7.48 

(RNA-directed RNA 

polymerase) 

IPB000224 

 

73.49 
 

ABCDE:4 
ABE:3 

 

V Phosphoprotein V:7 
 

aPFG stands for protein function group; bKPFC for knowledge-based protein function category; cSPFC for 
sequence-based protein function category; dC.V. for Co-efficiency of variance; eABCDE for a Blocks Pattern, 
each letter represents a Blocks motifs; ; fAldedh for Pfam domain.  



4.3. Rules can define clear relationships between the PFGs and protein features 
Comparative analysis of the protein function groups (PFGs) and protein features in their 
profiles has generated clear cut relationships between protein features and individual 
cellular functions (Fig. 1).  The relationships, in some cases, can be highly specific, in 
which one given feature corresponds to one given PFG. However, a majority of the 
relationships are especially complex, in which one feature may correspond to multiple 
functions.  These relationships, to that extent, will have a profound affect on the sequence 
feature-based function annotations and their confidences. 

If it was one to one unique relationships, then the protein features can be utilized as 
unique function identifiers so that the cellular functions for unknown proteins can be 
reliably determined.  For instance, both RuBisCO_large and RuBisCO_small are unique 
to their cellular functions.  If these domains are detected within the unknown proteins, it 
is highly likely that these proteins are large chain or small chain for Ribulose 
bisphosphate carboxylase.  Therefore, we can be positive that these proteins are involved 
in carboxylation/oxygenation of ribulose-1,5-bisphosphate (RuBP)39, a critic step for 
carbon fixation in Calvin cycle.   

Otherwise, it is going to be very difficult to pinpoint the detailed cellular functions 
without additional information.  For example, 7tm_1 is a ubiquitous pfam domain 
common to G-protein-coupled receptors GPCRs40 - 42. However, the GPCRs constitute a 
vast protein family that encompasses a wide range of functions (including various 
autocrine, paracrine and endocrine processes).  Thus, the detection of this domain in a 
given protein could not lead to the detailed function annotation if no additional 
information was present.  In summary, the rule-based system can give useful information 
not only to decide how confident given annotations can be but also to judge when 
additional evidence are needed to determine unique functions for unknown proteins.    
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Fig. 1. The relationships between protein function groups (PFGs) and protein sequence 
features.  X-coordinate represents different categories of such relationships, e.g. “1” 
represents a one-to-one unique relationship, in which a given protein feature (Pfam domain 
or Blocks motif pattern) occur in one single PFG while others represent non-unique 
relationships, in which one given protein feature can occur in multiple PFGs.  Y-coordinate 
represents the number of PFGs that are involved in each of the categories.  



5. Application of the RuleMiner system 

The section describes two real-world applications of the RuleMiner system in the protein 
function annotations. 

5.1. WIT3 for protein function annotations 

The RuleMiner, including three critical components: the PFGs, the PFG profiles, and the 
derived rules, has been the foundation for the development of WIT3 system for high-
through protein sequence annotations in Argonne National Laboratory (http://www-
wit.mcs.anl.gov/Gongxin).  Each of these parts plays an important role in the 
development as demonstrated in the following annotation procedure. For an unknown 
protein, 

1. Analyze with Blast Blocks and Pfam (Remember that they are the same sets of 
tools involved in the RuleMiner development!).  Results include all homologous 
proteins and their corresponding E-values from Blast data.  Additional 
information included in the Blast results is detailed functional descriptions and 
Knowledge-based Protein Function Categories (KPFCs) of these homologous 
proteins (Use the same procedure to extract KPFCs based on the detailed 
functional descriptions).  For Blocks, results include Blocks families: the 
Sequence-based Protein Function Categories (SPFCs), Blocks motifs and E-
values.  For Pfam, results include Pfam domains, their locations on the proteins 
and E-values.  The Pfam results are further processed to form unique Pfam 
patterns in which domains are arranged on the proteins in the way that there are 
no overlaps. 

2. Query the RuleMiner with the results e.g. KPFCs, SPFCs and Pfam domains 
from step 1.  Outputs are assignments of possible PFG(s) and organized by the 
sequence analysis tools.  Additional evaluations of these assignments include a 
procedure to determine if they are consistent with the PFG profiles of these 
candidate PFGs (e.g. the domain or motif-function relationships, the ranges of 
conservations, and the species-PFG associations). 

3. Compare the PFGs among the three different tools to determine if they are 
consistent.  If not, a voting procedure will be applied to vote for a winner or 
winners (Unpublished data).   The principle is that if any assignments of the 
PFG(s) can be unambiguously determined by a single or combination of protein 
features, then it is most likely that the PFG(s) is/are the right function 
assignments.  The results are that either single (unique) or a group of (un-
differentiable) PFG(s) are assigned to the annotated proteins.   

An example of the application is illustrated in Fig. 2.  gi|1786438 is one of over 4200 
open reading frames (ORF) in the genome of Escherichia coli K-12 MG1655.  As a result 
of the analytic process, The ORF is annotated as gamma-glutamylphosphate reductase 
with protein function group of pfg(EC 1.2.1.41, IPB000965).  In this example, Pfam 
result and its associated rules (unique relationships between Pfam domains and the PFGs) 
in the RuleMiner system provides a strong differentiation capacity, thus, giving a highly 
reliable function annotation to this ORF. 
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Fig. 2.  Application of the RuleMner system in the annotation of gi|1786438 of 
Escherichia coli K-12 MG1655 (Bacterium). The annotation is based on the sequence 
features identified by three sequence analysis tools and information in the RuleMiner 
system.  As a result of comparative analysis, gi|1786438 is annotated as gamma-
glutamylphosphate reductase with the protein function group of PFG(EC 1.2.1.41, 
IPB000965).  The Pfam result and its associated rules (unique relationships between 
Pfam features and the protein function groups) provide the strongest differentiation 
ability in this example.  “Aldedh” is unique to PFG(EC 1.2.1.41, IPB000965) while an 
additional domain “aakinase” is needed for PFG(EC 2.7.2.11 1.2.1.41, IPB000965).  
Feature-species associations provide an additional resolution.  pfg(EC 1.2.1.41, 
IPB000965) occurs in both Eukaryote and Eubacteria, which is consistent with the source 
of our targeted gene.   In contrast, PFG(EC 2.7.2.11 1.2.1.41, IPB000965) occurs only in 
Eukaryote.  
 
5.2. SVMMER for functional differentiation of highly homologous PFGs 
Evolutionary processes create complicated relationships between protein 
sequence/functions19, 24, 28. One of common phenomenon for such complexity is that 
proteins with highly homologous sequences perform clearly different functions, e.g. 
substrate specificities26. This phenomenon presented an immense problem in protein 
annotations.  None of the current sequence analysis algorithms can differentiate these 
proteins.  Development of algorithms to tackle this problem is one of the highest 
priorities in protein function analysis.  

The RuleMiner is able to classify these highly homologous proteins into different 
PFGs based on their individual functions, e.g. substrate specificities. For example, 
Blocks’ Zinc-dependent dehydrogenase protein family (IPB002328) covers multiple 
PFGs (Table 1).  All of these enzymes share similar catalytic mechanism; of which zinc 
atoms play an essential role17. Additional 134 homologous protein groups (organized by 
protein superfamilies) can be visualized in http://www-wit.mcs.anl.gov/svmmer/. This 
property of the rule system gives us a clear advantage.  Instead of struggling in noise, 
heterogeneous databases of proteins in number of thousands, we can concentrate 
ourselves on a limited number of highly homologous PFGs.  Supervised data mining 



algorithms can be efficiently applied to find differentiable features among these 
otherwise un-differentiable homologous function groups. 

SVMMER, a discriminative-tool-based prediction approach, is developed, based on 
the RuleMiner system to differentiate these highly homologous PFGs and predict 
functions for unknown proteins (http://www-wit.mcs.anl.gov/svmmer/).  The main 
purpose for this algorithm is, given two well-defined, homologous PFGs and their related 
protein sequences, to find discriminating features to separate these PFGs.  Support vector 
machine (SVM), a supervised margin classifier, was used as discriminator43. The basic 
procedure is as following: 

1. Construct multiple sequence alignment (MSA) from these highly homologous 
protein sequences;  

2. Build scoring vectors for member sequence based on the MSA and its Hmm 
model.  The length of the scoring vectors corresponds to the number of positions 
in the MSA and their values to that of the Hmm scores.   

3. Establish training classes of the scoring vectors for the SVM classifier.   The 
class labels (+/-) for the scoring vectors correspond to two targeted PFGs.    

4. Train and test SVM data models. 
5. Predict functional classes for unknown proteins based on the model.  

Our underlying assumption is that information encoded in protein sequences dictates their 
functions in cellular environments, including their selectivity for substrates, cofactor, and 
other binding ligands.  If that is the case, the SVM classifier would be able to recognize 
the differences between two highly homologous PFGs and build a hyperplane in high 
dimensional spaces to separate them.  SVMMER has tested 10 groups of PFGs in the 
RuleMiner system and results demonstrated that this method can achieve an average of 
95% accuracy in functional differentiations and protein function predictions, illustrating 
its effectiveness in tackling with the bioinformatics complex problem. 
 
6. Discussion and Conclusion 

In this paper, we tried to address two problems that are closely associated with the 
uncertainties that are likely to occur in the protein function annotations.  To begin, 
computational sequence analysis tool integration represents an enormous problem.  The 
1999’s emerge of Interpro, an integrated documentation resource of protein families, 
domains, and functional sites, has greatly accelerated such research.  It amalgamates the 
major protein signature databases into one comprehensive resource19. However, the 
functional classifications in Interpro mainly focus on protein families, not aimed to 
provide a resolution as required in this study.  To advance this research and achieve our 
goal in building the high-resolution knowledge-based protein analysis system, we present 
a unique form of cellular function categorizations, based on a simple protein function 
classification algorithm.  The main purpose of the protein function classification is to 
establish high-quality representatives of protein cellular functions.  Ideally, these 
representatives must be universal so that they can describe individual functions across 
different species and, yet, accurate enough to represent unique functions, encoded 
possibly by individual protein-encoding genes.  This is the primary reason why we 
include the knowledge-based function analysis into our classification algorithm because 
functional knowledge in Swiss-Prot adds additional information, so additional 
differentiation capability.    

The second problem is that there is no commonly recognized guidance in the protein 
function annotations.  Accordingly, we are equally enthusiastic about building a system 
that has capabilities to define principles or rules for such guidance.  Only when the PFGs
are clearly established and their protein features accurately characterized, can 
unequivocal relationships (rules) between individual functions and the protein features be 
established.  We have shown that the relationships, in some cases, are highly specific in 
which one feature corresponds to one function.  We also demonstrated that the 
relationships are very complex.  One feature may correspond to multiple protein function 



groups or vice verso. These relationships, thus, will have a useful affect on the sequence 
feature-based function annotations.   If it is one to one unique relationships, the protein 
features can be utilized as unique functional identifiers so that cellular functions of 
unknown proteins can be reliably determined.  Otherwise, additional information has to 
be provided to pinpoint the detailed cellular functions or additional algorithms e.g. 
SVMMER, have to be integrated. 

The PFG profiles can provide additional information for the protein function 
annotation.  The reason is that the quality of the predictions largely depends on, in most 
cases, the recognition and differentiation capability of the analysis tools on homologous 
proteins.  In the course of evolution, different protein families have diverged to a 
different extent19,24,28,44. Therefore, flat cutoff scores, commonly used in the function 
determinations, cannot provide reliable separations2-5. In contrast, the PFG profiles, 
which describe the sequence conservations, the diversities of protein features (motifs and 
domains), and the occurrences among organism species, can provide necessary 
information to determine dynamic cutoffs in protein function annotations. 

Despite of the aforementioned properties of the RuleMiner system, there are number 
of problems that have to be addressed.  First, number of protein function groups (PFGs) 
is un-proportionally large considered a limited number of Swiss-Prot proteins involved in 
the process.  Over 21,000 PFGs are established among 74,000 Swiss-Prot proteins (a text 
mining procedure filtered out proteins, which function annotations deem to be unreliable, 
e.g. proteins with function descriptions containing hypothetical or putative), an average 
of less than 4 proteins per PFG. Format of function descriptions in Swiss-Prot database 
may be partially responsible for this problem. Ideally, protein with the same functions 
would have same functional descriptions such as EC numbers for enzymatic proteins so 
that they can be classified as the same KPFCs by the knowledge-based function 
classification procedure.  However, some abnormalities in the function descriptions in 
Swiss-Prot database, especially for proteins, which are less studied and non-enzymatic, 
cause significant problems.   In some cases, proteins with the same functions can not be 
clustered together due to the abnormalities.    

Second, a biased representation of protein functions in the database may cause an 
additional problem.  Some functions are extremely over-represented e.g. alcohol 
dehydrogenase (132 proteins) and Rubisco (526 proteins) while majority of them have 
only one protein entry.  As a consequence, less than half (8834) of the PFGs are covered 
in the PFG profiles. The rules based on these profiles, therefore, have some limited 
coverage of protein functions. The third problem is that some proteins and their functions 
can not be classified into protein function groups (PFGs) at all.  Table 3 gives a list of 
proteins that have no PFG assignments, which further limits the coverage of protein 
functions by the RuleMiner system.  

 The first two problems, however, are highly associated with data quality of Swiss-
Prot database.  With an improvement of data quality and an expansion of protein function 
coverage in the database, the importance of these problems are likely to lessen.   The 
third problem is due to a lack of protein families in the Blocks database.  One of the 
possible reasons is that Blocks database does not have enough coverage for protein 
cellular functions.  The database has not been updated since its last release in August 
2001 (http://www.blocks.fhcrc.org/). The current Blocks database covers approximate 
2000 protein families vs. over 8400 in InterPro release 7.0 
(http://www.ebi.ac.uk/interpro/).   An obvious solution for this problem is to update 
Blocks database based on Interpro protein families, which would significantly increase 
coverage of cellular functions by the RuleMiner system. 



Table 3.  Proteins with no PFG assignments for eight types of cellular functions  

KPFC 
Number of 

proteins with no 
PFGs

Species  Distribution 

H(+)-transporting two-sector ATPase 75 A: 3 B:8 E:56 mit:8 

Transcriptional_activator 25 B:4 E:17 cynal:1 chl:3 

DNA-directed RNA polymerase 30 A:3 B:1 E:13 V:13 

Cytochrome-c oxidase 24 B:5 E:19 

DNA-directed DNA polymerase 50 A:7 B:18 E:11 V:8 mit:4 Plasm:1 

Transcription_factor 19 E:18 B:1 

Replication_protein 9 B:2 E:6 V:1 

Elongation_factor 5 A:5 
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