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A Method of Obtaining a Correspondence between a Protein and a Set of 

Instances of Mutations of the Protein 

Field of the invention 

The present invention relates to a method of obtaining a correspondence 

between a protein and a set of instances of mutations of the protein. The 

present invention further relates to a method of building a knowledge base 

comprising the correspondences between a plurality of proteins and instances 

of mutations of the plurality of proteins. 

Background of the Invention 

Mutations can be caused by transcription errors in the genetic material, 

deliberate cellular control, damage due to radiation or chemical mutagens, or 

retroviral infection. Mutations may also be introduced deliberately through 

rational design and directed evolution. Although a small percentage of 

mutations confer advantages, the majority of mutations tend to have neutral or 

deleterious impacts leading, in some cases, to the disruption of molecular 

functions or biological processes and possibly, diseases in higher organisms. 

Numerous studies have been conducted on mutations over the years, hence 

generating rich and abundant sources of information 1"8. Unfortunately, the 

information is scattered in a variety of resources, including public and private 

biomedical literature databases. To access this information, a researcher must 

scour the disparate resources for relevant citations. Furthermore, in order to 

convert the information into actionable knowledge, the researcher has to map a 

mutation to its associated protein. This often requires specific expertise or 

domain knowledge. The task is further complicated by the heterogeneous 

document formats, languages style and the slow adoption of common and 
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standardized vocabulary to describe the mutations. As a result, integrating this 

information is time-consuming and susceptible to errors. 

An example scenario is illustrated as follows. When scanning PubMed 15 

literature for information on a particular protein (or protein family), a user, such 

as a protein engineer or a structural biologist, typically has a specific research 

question in mind. Of critical importance is the interpretation of new insights from 

experimentally introduced perturbations, such as point mutations, in the context 

of the researcher's current understanding of a protein, its properties and its 

structure. How does the newly reported mutation directly or indirectly affect the 

kinetics of protein-ligand binding or the conformation of an interaction interface? 

To embark on such an investigation, the user may, for example, record the 

mutation annotations in a paper and retrieve sequence information from 

sequence databases such as GenBank 16 or Swiss-Prot/UniProt 17, and where 

available, structure information from the Protein Data Bank (PDB) 18. The user 

then identifies the positions that the mutant residues occupy on the structure by 

inspecting the structure file. Before proceeding with modelling the 3D structure 

of the mutated protein, the user may also need to address issues such as the 

need to remap coordinates of the residues to accommodate targeting signals 

found in the sequence or inconsistent sequence-structure information which 

may occur in the PDB file 21. From this simplified example scenario, the 

following observations can be made: (a) multiple steps need to be carried out, 

(b) integration of data from various sources are required, (c) thorough checks 

are required to avoid propagating errors to the subsequent steps rendering the 

results unusable, (d) many components in the process readily lend themselves 

to automation. 

The key challenge is thus how to, with minimal intervention from the user, 

extract information from disparate raw-text literature and existing structured 

sources such as mutation databases, and present this information as an 

organized and integrated view. Up until recently this has been the mandate of 

manual curation projects 8' 9 which have resulted in the creation of domain 
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specific mutation databases which now exist in their hundreds, despite their 

eventual obsolescence when funding for curation is not renewed. In such cases, 

these repositories of legacy data are only updated by enthusiastic end users. 

Running in parallel with this trend, a series of independent initiatives, which 

focus on developing automated techniques to facilitate the extraction of 

mutation specific annotations from texts for subsequent reuse in bioinformatics 

analyses, has emerged. Through experimentation with machine learning, 

natural language processing, ontologies and other Artificial Intelligence 

technologies, automated mutation extraction is becoming a more mature and 

realizable goal. 

Furthermore, mutation analysis requires the validation of the detected and 

normalized mutation entity on its corresponding protein sequence which may be 

obtained from web databases such as UniProtKB/GenBank based on the 

corresponding identified protein entity. This may require the correct 

identification of the difference between the numbering used by the authors 

reporting the mutation and the sequence as obtained from UniProtKB/GenBank. 

For multiple mutations on a single protein or a series of mutations, the 

legitimacy can be easily verified using the offsets between the mutations 36. On 

the other hand, this is more difficult for a single mutation as a match of the 

amino acid of the mutation on the sequence might be purely coincidental. Given 

a protein-mutation tuple, mutation grounding is the identification of the 

positionally correct location of a mutation to match its corresponding protein 

sequence retrieved from the web databases and is an important step in 

achieving automated mutation extraction. 

The following initiatives have pioneered the use of text mining techniques to 

recognize, extract and ground mutation entities for automated mutation 

extraction. An early work MuteXt 10 focused on the mutation extraction 

performance for single-point mutations of G protein-coupled receptors and 

nuclear hormone receptors and is an example of a system that attempts to 

perform mutation grounding. Rebholz-Schuhmann et al. 11 focused primarily on 
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the extraction of disease related mutation-gene pairs whereas MutationFinder12 

reported a rule-based system for finding point mutation mentions from abstracts. 

Baker and Witte 13 discussed the Mutation Miner system and a mutation 

extraction-dependent task, namely the mutated-protein structure annotation. 

Mutation Miner is also a system that attempts to perform mutation grounding. 

Further to this, Gabdoulline et al. reported the customization of the ProSAT 

structure annotation tool 14 to support the upload of mutation annotations from 

selected fields in the BRENDA database or from a custom designed XML 

format. In addition, Kanagasabai et. al 36 proposed a multi-tier system to 

automate the workflow required to support a defined scenario, whereby the 

system is capable of fetching documents from PubMed on the basis of specific 

keywords and processing the fetched documents or documents input directly by 

the user. The documents are parsed to extract the relevant annotations and 

mutation information. In Kanagasabai et. al, information, such as sequence and 

similarity search results, are generated by third party tools and stored as 

instances of an OWL-DL ontology 19. The ontology is later queried and the 

information undergoes application-specific data processing where the mutated 

residues are mapped to the structure before being displayed in a 3D 

visualization. 

In summary, existing approaches to mutation extraction are predominantly 

based on search using regular expressions and rule sets, sometimes in 

conjunction with protein, gene, or organism named entity recognition. Gold 

standard corpora 32 are being created, and promising evaluations of the 

performance and accuracy of mutation extraction techniques are emerging. 

Disambiguation of DNA vs. protein mutations is also shown to be possible 33. In 

parallel, there is also an ongoing discussion on the appropriate metrics and 

evaluation strategies 34 and the need for a benchmark by which to 

systematically compare existing and future mutation extraction applications. 

Despite the numerous reports on mutation extraction techniques, there are few 

studies on the grounding of normalized mutations to real-world entities, such as 

grounding of allelic variations to dbSNP entries 11 and the grounding of point 
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mutations to protein sequences. However, this is an important step to allow the 

extracted mutations and annotation sentences to be reused for machine 

learning or structure annotation. 

Summary of the invention 

The present invention aims to provide a method for obtaining a correspondence 

between a protein and instances of mutations of the protein and for building a 

knowledge base with the correspondences obtained. Note that the term 

"knowledge base" is used in this document to mean a database with semantic 

storage. 

In general, the invention proposes retrieving a plurality of protein sequences 

from sequence banks, for example GenBank, using the name of the protein and 

retaining only the protein sequence with the best match to the instances of 

mutations. This is performed by forming at least one expression that includes 

firstly, wild type residues of the mutations with the residues arranged according 

to the order of their positions in the protein, and secondly, the differences in 

said positions of the wild type residues in the expression (in other words, the 

offsets between the wild type residues), and then matching the at least one 

expression to the retrieved protein sequences. Based on this matching, the 

protein sequence with the best match is found and is retained. 

Specifically, a first aspect of the invention is a method of obtaining a 

correspondence between a protein and a set of instances i = 1 ..., k of 

mutations of the protein, the method including: a) matching a plurality of protein 

sequences in a sequence bank to at least one expression formed using the set 

of instances of mutations wherein each protein sequence comprises a plurality 

of amino acid residues of the protein's constituent peptides and wherein the at 

least one expression includes wild type residues of a subset of the instances of 

mutations in the order of their positions within the protein, and differences in 

said positions of the successive wild type residues in the expression; b) ranking 
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the protein sequences according to the similarity of the protein sequences to the 

set of instances of mutations, the similarity of the protein sequences to the set 

of instances of mutations being determined by the matching in step (a); and c) 

retaining the protein sequence with the highest similarity ranking, said 

correspondence being a relationship between the retained protein sequence 

and a subset of the instances of mutations corresponding to the retained protein 

sequence. Note that the term "subset" is used in this document to include also 

the set of all of the instances of the mutations. 

Since the instances of mutations may, for example, be extracted through text 

mining, they may include false positives. Similarly, since the protein sequences 

may, for example, be obtained from GenBank, they may contain many 

sequences of the same protein obtained via different sequencing methods and 

hence may include errors. The first aspect of the invention is advantageous as it 

provides a robust method of grounding the mutations (which may contain false 

positives) to the protein sequences (which may contain errors). Furthermore, 

the first aspect of the invention is advantageous as it does not merely retain the 

first protein sequence in the list of protein sequences that matches the at least 

one expression. Rather, the first aspect of the invention attempts to match every 

protein sequence retrieved from the sequence banks and retains only the 

protein sequence with the best match. Hence, it is more accurate. 

The step (a) may be performed by repeatedly performing the following sub-

steps: (i) forming a subset of the instances of mutations, the subset including a 

plurality of the instances of mutations; (ii) forming a corresponding expression 

for the subset, wherein the corresponding expression includes the wild type 

residues of the subset of mutations in the order of their positions within the 

protein, and the differences in said positions of the successive wild type 

residues of the subset of mutations; and (iii) matching the protein sequence to 

the corresponding expression; and extracting the longest corresponding 

expression that matches the protein sequence. 
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The invention further proposes building a knowledge base comprising 

correspondences between a plurality of proteins and instances of mutations of 

the plurality of proteins whereby the correspondences are obtained using the 

first aspect of the present invention. 

The invention may alternatively be expressed as a computer system for 

performing such a method. This computer system may be integrated with a 

device for collating and processing text documents. The invention may also be 

expressed as a computer program product, such as one recorded on a tangible 

computer medium, containing program instructions operable by a computer 

system to perform the steps of the method. 

Brief Description of the Figures 

An embodiment of the invention will now be illustrated for the sake of example 

only with reference to the following drawings, in which: 

Fig. 1 illustrates an example mSTRAP system architecture which is an 

embodiment of the invention; 

Fig. 2 illustrates an example OWL-DL mutation ontology employed in the 

system of Fig. 1; 

Fig. 3 illustrates a flow diagram of a method of building a knowledge 

base in the form of an ontology comprising correspondences between a plurality 

of proteins and instances of mutations of the plurality of proteins according to an 

embodiment of the present invention; and 

Fig. 4 illustrates a portion of an example output obtained using method 

300. 

Detailed Description of the Embodiments 

Referring to Fig. 1, a schematic illustration of an example mSTRAP system 

architecture is shown. mSTRAP is a multi-tier system that can be used to 
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automate the workflow required to support mutation studies. This system is 

capable of fetching documents from web databases for example, PubMed on 

the basis of specific keywords and is also capable of processing the fetched 

documents or documents input directly by the user. The documents are parsed 

to extract the relevant annotations and mutation information. 

As shown in Fig. 1, in general, the mSTRAP system coordinates two main 

pipelines: (i) the ontology population workflow (shown as (i) Population) 

comprising document retrieval, information extraction, data integration, and 

ontology instantiation and (ii) the ontology employment workflow (shown as (ii) 

Employment) comprising query of the populated ontology, protein structure 

coordinate retrieval, homology modelling if the structure is unavailable, mutant 

residue mapping and protein structure visualization. A key subsystem in the 

ontology population workflow of Fig. 1 instantiates the ontology with protein 

names and mutations for example, point mutations, extracted through text 

mining from the input documents and then grounds the text-derived mutations 

onto their corresponding protein sequences. The ontology is later queried in the 

ontology employment workflow and the information undergoes application-

specific data processing where the mutated residues are mapped to the 

structure before being displayed in a 3D visualization. 

In one example, the ontology is designed to facilitate data integration in a 

focused application domain and is scripted in the W3C-endorsed standard, (the 

Web Ontology Language (OWL)) using the TopBraid Composer 

(http://www.topbraid composer.com/). Fig. 2 illustrates such an example 

ontology employed in the system of Fig. 1 whereby the ontology shows the full 

conceptualization distinguishing object and data type properties. The 

conceptualization captures core concepts and relations (as object properties) 

relevant to mutation extraction from the literature and corresponding protein 

sequence retrieval. Although the above are sufficient to facilitate integration 

requirements, more extensive information about the data aggregated by the 

workflow can also be captured in the data type properties. As shown in Fig. 2, 
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information, such as sequence and similarity search results generated by third 

party tools are also stored as instances of the OWL-DL ontology 19. 

Referring to Fig. 3, the steps are illustrated of a method 300 which is an 

embodiment of the present invention, and which builds a knowledge base in the 

form of an ontology comprising correspondences between a plurality of proteins 

and instances of mutations of the plurality of proteins. Each of these 

correspondences is obtained via mutation extraction and grounding. Method 

300 is a more detailed explanation of a portion of the ontology population 

workflow in Fig. 1. 

The inputs to method 300 are text documents which may be text content 

downloaded through a PubMed search, USPTO search, Google search and/or 

obtained by parsing a researcher's personal documents. The text of these text 

documents are processed by converting them from their original formats (for 

example, pdf) to ascii text. After this processing, the text documents are then 

passed as input to method 300. 

In method 300, protein names and instances of mutations in the input text 

documents are first extracted and normalized in step 302. Using these extracted 

and normalized protein names and instances of mutations, protein-mutation 

relations are extracted in step 304. Protein-mutation relations are the relations 

connecting the normalized protein names and the instances of mutations, in 

particular, a protein-mutation relation describes the protein that is mutated by 

the instance of mutation, in step 306, the ontology is instantiated with the 

protein names, instances of mutations and protein-mutation relations. In step 

308, protein sequences are retrieved from sequence banks using the protein 

names and the ontology is populated with the retrieved protein sequences. 

Each retrieved protein sequence comprises a plurality of amino acid residues of 

the protein's constituent peptides. In step 310, maximal mapping of the 

instances of mutations onto the retrieved protein sequences for each protein is 

performed. This is followed by the ranking of the retrieved protein sequences of 
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the protein based on the mapping in step 312. The ontology is then refined in 

step 314 to retain only the highest ranked protein sequence and the plurality of 

instances of mutations grounded to it. The output of method 300 is thus an 

ontology comprising correspondences between a plurality of proteins and 

instances of mutations of the plurality of proteins. Fig. 4 illustrates a portion of 

an example output obtained using method 300. 

The above steps of method 300 will now be described in more detail. 

Step 302: Extract and normalize protein names and instances of mutations 

from text documents 

In step 302, instances of mutations are extracted from the input text documents 

by for example, using regular expressions and/or with rule sets whereas protein 

names are extracted from the input text documents by for example, using 

curated protein name gazetteer lists. These extracted entities are then 

normalized. Prior to the normalization of these extracted entities, the co-

references of the extracted protein names may be recognized using anaphora 

resolution. 

In one example, step 302 is performed according to the following steps. 

A text-mining toolkit BioText which uses a gazetteer component is first 

employed to process the text documents and extract the protein names and 

instances of mutations from the text documents. The gazetteer component in 

BioText uses term lists and regular patterns to match against the token of a 

processed text and then tags the terms found. 

For example, the manually curated protein name list from Swiss-Prot may be 

used for extracting the protein names from the text documents by matching the 

processed text of the text documents against the protein name list. This protein 

name list from Swiss-Prot may be further enhanced by incorporating all 
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canonical names and synonyms before being used to perform the extraction. 

Furthermore, instances of mutations in the form of point mutations may be 

extracted by matching the processed text of the input text documents against a 

regular expression of the form as shown in Equation (1). 

[A-Z]([a-z][a-z])?\-?\d+[A-Z]([a-z][a-z])? (1) 

The following rules must be satisfied before an extracted instance of mutation is 

classified as a true positive: (i) both the wild type and mutant residues of the 

extracted instance of mutation must match valid names or letters and (ii) the 

wild type and mutant residues of the extracted instance of mutation must be 

different. If either of these rules is not satisfied, the extracted instance of 

mutation is classified as a false positive and is deleted. For example, 09X will 

be identified as a false positive and will be deleted since it does not satisfy rule 

0). 

Subsequently, the extracted protein names and instances of mutations are 

normalized. Protein names are normalized to the canonical names in the protein 

name list used for extracting the protein names from the text documents, for 

example, the protein name list from Swiss-Prot. After the normalization, the 

protein names are then grounded to the identifiers in the protein name list, for 

example the Swiss-Prot Identifiers in the protein name list from Swiss-Prot. 

Instances of mutations are normalized to a wNm format. For mutations 

containing three letter codes, this is performed by a mapping of the three-letter 

to one-letter amino acid coding. In the wNm format, w and m are one-letter 

amino-acid codes whereby w represents the wild type residue of the extracted 

instance of mutation, m represents the mutant residue of the extracted instance 

of mutation and N is a number indicative of the position of the wild type residue 

w within the protein. 
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Step 304: Extract protein-mutation relations from the protein names and 

instances of mutations 

In step 304, protein-mutation relations are extracted from the protein names and 

instances of mutations obtained from step 302. Protein-mutation relation 

extraction is the task of detecting a mutational change described in a document 

and identifying the protein it is modifying. This may be performed by, for 

example, using sentence level co-occurrences. 

In one example, every input text document is first parsed to extract the 

sentences in-which the protein names and instances of mutations extracted in 

step 302 occur. Then, a relation mining approach is adopted on these extracted 

sentences. In the relation mining approach, two entities are said to be related if 

they co-occur in a sentence. In other words, an instance of mutation is 

determined to be the instance of mutation of a protein if the instance of mutation 

and the name of the protein appear in a same sentence. For example, using the 

relation mining approach, it can be inferred from the sentence "Compared with 

the wild type form of xylanase II, E210D had >100-fold and E210S 1,000-fold 

lower enzymatic activity" that xylanase II is related to E210D and E210S. Using 

this approach, protein-mutation tuples are extracted in step 304 along with the 

respective sentences in which they co-occur. 

Step 306: Instantiate the ontology with the protein names, instances of 

mutations and protein-mutation relations 

In step 306, the ontology is instantiated with the protein names, instances of 

mutations and protein-mutation relations using for example, the Jena API 

(http://jena.sourceforge.net/). 

in one example, the protein names and instances of mutations are instantiated 

as class instances into the respective ontology classes (as tagged by the 

gazetteer) and the protein-mutation relations are instantiated as Object Property 

http://jena.sourceforge.net/


WO 2010/110752 PCT/SG2010/000118 

13 

instances. For example, the protein names and instances of mutations may be 

instantiated as class instances, 'Protein' and 'ProteinMutation', respectively 

whereas for every protein-mutation relation extracted in step 304, an instance of 

the object property 'hasProteinMutation' may be created. Object property 

instances for the synonyms (if available) of the extracted protein names and 

external database identifiers of the proteins may also be added. Instances for 

the corresponding reverse properties, for example 'isProteinMutationOf, may 

also be created. 

Step 308: Retrieve protein sequences from sequence banks using the protein 

names and populate the ontology with the retrieved protein seguences 

In step 308, protein sequences are retrieved from sequence banks (or in other 

words, web databases) such as the GenBank protein sequence database using 

the extracted protein names and the ontology is then populated with these 

protein sequences. 

In one example, for every protein in the instantiated ontology, a query is first 

performed on the GenBank protein sequence database using its. protein name. 

FASTA formatted sequences are then retrieved using the Entrez Programming 

Utilities: EUtils (http://www.ncbi.nlm.nih.gov/entrez/query/static/eutils_help.html) 

provided by NCBI. Next, the FASTA sequences are populated under the 

'ProteinSequence' class in the ontology and object property instances of 

'hasProteinSequence' are created for the proteins. The object property 

instances relate the proteins to the retrieved FASTA sequences. Information 

about each protein sequence such as the raw FASTA sequence, rank, date, etc. 

are instantiated as data type properties. Instantiating the ontology with all the 

retrieved protein sequences and the extracted mutations before proceeding to 

the mapping in step 310 is advantageous as the ontology helps to add 

semantics to the retrieved protein sequences for example, by organizing the 

sequences based on a protein classification. 

http://www.ncbi.nlm.nih.gov/entrez/query/static/eutils_help.html
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Step 310: Map the instances of mutations of each protein onto the retrieved 

protein sequences of the protein 

In step 310, instances of mutations of each protein are mapped onto the 

retrieved protein sequences of the protein using an offset analysis. This is done 

using the expression of the form as shown in Equation (2) whereby wiN-im-i, 

W2N2ITI2, • • •, wkNkmk are instances of the k mutations to be mapped. Each 

instance i = 1,...k specifies a corresponding wild type residue Wi, a 

corresponding number Ni indicative of the position of the wild type residue Wi 

within the protein, and a corresponding mutant residue mi which is made to the 

corresponding residue W|. To form the expression in Equation (2), the instances 

of the mutations to be mapped are sorted in an ascending order of Ni and fi = 

Ni+i - Ni are the offsets between adjacent mutations i.e. the distances between 

the wild type residues Wj and wi+i. 

wr{f1}w2-{f2}- • -{fk-i}wk (2) 

If all the mutations are true positives, then this regular expression as shown in 

Equation (2) can be applied to the retrieved FASTA formatted protein 

sequences to return candidate sequences. However, even a single false 

positive can break this process often resulting in no matches. Thus, in step 310, 

a maximal mutation mapping technique is used. The maximal mutation mapping 

technique is described as follows. 

For every protein, instances of the mutations from each free-text document are 

processed separately. Firstly, instances of the mutations of a protein are 

ordered in an ascending order based on their positions Ni within the protein. A 

greedy algorithm is then used to map as many instances of mutations as 

possible to each retrieved protein sequence of the protein until the regular 

expression shown in Equation (2) fails to return any match. In other words, the 

greedy algorithm is matching the retrieved protein sequences to the regular 
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expression shown in Equation (2). The more similar the protein sequence is to 

the expression, the more the number of instances of the mutations mapped. 

The steps of an example greedy algorithm are described as follows. This 

example greedy algorithm potentially returns successful grounding of sizes 

greater than or equal to 2. 

1. Let P be a protein and M-i, M2, • • •, Mk, where Mi = WiNirrii, k > 2, be the k 

associated mutations of the protein P, wherein the mutations Mi, M2, • • •, Mk are 

sorted in the ascending order of Nj. 

Let S be the list of protein sequences retrieved by querying sequence 

banks using the name of the protein P. 

2. Let Q <— 0, where O is the null set; 

3. For x =1,2, ... k-1 

4. Let G <— { Mx} 

5. For y = x+1, ... k 

6. G <— G U{ My} 

7. Using the mutations in G, construct a regular expression 

wr{fi}w2-{f2}- • -{f|G|-i}W|G| as in Equation (2), and match it 

against S. Let NSM be the number of successful matches. 

8. If NSM = 0 , then 

9. G <— G - { My} 

10. Remove all members of Q that are subsets of G. 

11. Add G to Q if |G| > 1, and no member of Q is a 

superset of G. 

12. Endlf 

13. EndFor 

14. If NSM ^1, Then 

15. Remove all members of Q that are subsets of G. 

16. Add G to Q if and no member of £2 is a superset of 

G. 
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17. End If 

18. EndFor 

19. Return Q. as the set of groundings. 

The following examples illustrate how the example greedy algorithm as 

described above works: 

Example 1: Consider {M-i, M2, M3, M4} where only M3 is a false positive. 

Both loops (steps 3 & 5) will run till x = 1 and y = 3. At this stage, the "If 

condition" in step 8 will be satisfied and {M-i, M2} will be added as a successful 

grounding. Then the inner loop (step 5) continues till the end (y=4) and exits to 

the outer loop in step 14. The "If condition" will be true when y = 4, and {M-i, M2, 

M4} will be added as a successful grounding whereas {M-i, M2} is removed as it 

is a subset of G = {M-i, M2, M4}. The outer loop continues but no new grounding 

is added in step 16, since {M2, M4} is covered by an already-existing grounding. 

Example 2: Consider {M-i, M2, M5} where all M-i, M2, M5 are all true 

positives. 

With x = 1 in the outer loop, the inner loop will run through all y = 2,...,5 and will 

end with NSM = 1- This will be detected in step 14, and {M-i, M2, ..., M5} will be 

added as a successful grounding to CI. The outer loop will continue from x = 2 

and so on but no new grounding will be added because all further groundings 

will be detected as subsets of Q in Step 16. 

Example 3: Consider {Mi, M2, M5} where all Mi, M2, M5 are false 
positives (or just 1 of them is a true positive). 
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The "If condition" in step 8 will always be satisfied, but no grounding will be 

added to Q since G will always be a singleton set i.e. |G|>1 will always be true. 

Thus, a null set will be output in Step 19. 

For each protein extracted from the text documents, the above example greedy 

algorithm is repeatedly performed on the protein sequences retrieved from the 

database for the protein. 

The above example greedy algorithm repeatedly performs the following steps of: 

firstly, forming a subset of the instances of mutations, the subset including a 

plurality of the instances of mutations; secondly, forming a corresponding 

expression for the subset whereby the corresponding expression includes the 

wild type residues of the subset of mutations in the order of their positions within 

the protein, and the differences in said positions of the successive wild type 

residues of the subset of mutations; and thirdly, matching the protein sequence 

to the corresponding expression. The greedy algorithm then extracts the longest 

corresponding expression that matches the protein sequence. 

As shown above, the greedy algorithm involves an inner loop and an outer loop, 

such that a generation of subsets is formed by every complete cycle of the inner 

loop. The subsets of the instances of mutations comprise at least one 

generation of subsets which share a first instance of mutation, each generation 

of subsets formed by: generating a first subset of the generation consisting of 

said first instance of mutation and successively generating further subsets by: 

firstly, adding to the most recently generated subset of the generation an 

instance of mutation at a subsequent position within the protein, to form a new 

subset of the generation; secondly, generating a corresponding said expression 

for the new subset; and thirdly, determining whether the corresponding 

expression for the new subset of the generation matches the protein sequence, 

and if the protein sequence does not match the corresponding expression 

formed for the new subset of the generation, the instance of mutation at said 
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subsequent position is removed. Each generation of subsets ceases after an 

instance of mutation at the furthest position, k, within the protein is included. 

After the completion of every cycle of the inner loop, a new cycle of the inner 

loop begins to form a new generation of subsets. The subsets in each 

generation begin with an instance of mutation at a position subsequent to the 

position of the instance of mutation the subsets in a previous generation begin 

with. Furthermore, the subsets in the final generation comprise two elements. 

The above example greedy algorithm is advantageous as the algorithm is not 

halted once it encounters a single false positive since the single false positive is 

merely skipped over. Also, by having an inner loop and an outer loop, different 

generations of subsets beginning with different instances of mutations can be 

evaluated. Thus, longer hits can be achieved by the above greedy algorithm, in 

other words, the groundings achieved by this greedy algorithm comprise more 

instances of mutations. 

Step 312: Rank the retrieved protein sequences based on the mapping 

In step 312, the retrieved protein sequences for each protein are ranked 

according to how similar they are to the regular expression (in Equation (2)) 

formed by the instances of mutations of the protein. In one example, this is 

performed by using a scoring function that computes the number of mutations 

mapped onto each protein sequence. A protein sequence with a greater number 

of mutations mapped onto it is given a higher similarity ranking. In another 

example, if the example greedy algorithm as described above is used, the 

ranking of the protein sequences is such that a protein sequence is given the 

highest similarity ranking if its corresponding longest matching expression 

returned by the greedy algorithm is the longest among all the protein sequences. 

In the event that there is more than one protein sequence having the highest 

similarity ranking, these protein sequences are ranked again by computing a 
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sequence offset distance. A protein sequence is given a higher rank if its 

sequence offset distance is smaller. The sequence offset distance depends on 

the distances between the instances of mutations mapped to the protein 

sequence. In one example, it is the average distance between these instances 

of mutations. If the greedy algorithm as described above is used, the sequence 

offset distance of a protein sequence depends on the distance(s) between the 

instances of mutations in the subset of instances of mutations corresponding to 

the longest matching expression obtained for the protein sequence. In one 

example, it is the average distance between the instances of mutations in this 

subset. 

Step 316: Refine the ontology to retain only the highest ranked protein 

seguence and the instances of mutations grounded to at least one protein 

seguence 

In step 316, the ontology is refined by retaining only the highest ranked protein 

sequence and the instances of mutations grounded to at least one protein 

sequence. 

In one example, the top hit sequence, in other words, the protein sequence with 

the highest similarity ranking is selected and retained whereas all the other 

protein sequences and their properties are un-instantiated. Instances of 

mutations that are not grounded to any protein sequence are recognized as 

false positives and are uninstantiated. Furthermore, instances of mutations not 

grounded to the top hit sequence are also uninstantiated unless they are 

grounded to other sequence(s). On the other hand, positions of the instances of 

mutations successfully grounded to the top hit sequence are stored as data type 

properties of the ProteinSequence class instance. A class instance of the 

correspondence of the retained protein sequence is also created in the ontology. 

The correspondence of the retained protein sequence is defined as the 

relationship between the retained protein sequence and the subset of the 

instances of mutations corresponding to the retained protein sequence (or, if the 
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above example greedy algorithm is used, the subset of mutation instances used 

to form the longest matching expression corresponding to the retained protein 

sequence). 

Performance Evaluation 

To evaluate method 300, a gold standard corpus using the COSMIC database 

(http://www.sanger.ac.uk/genetics/CGP/cosmic/) is built. Using three target 

protein families: PIK3CA (42 full-text papers), FGFR3 (37 full-text papers) and 

MEN1 (19 full-text papers), the performance of the protein-mutation tuple 

extraction task (i.e. steps 302 - 304) and the mutation grounding task (i.e. steps 

310 - 314) of method 300 were evaluated. 

For this performance evaluation, two measures, namely (i) precision and (ii) 

recall are measured. For the protein-mutation tuple extraction task, precision is 

defined as the fraction of the correctly extracted protein-mutation tuples over all 

the extracted protein-mutation tuples, whereas recall is defined as the fraction 

of the correctly extracted protein-mutation tuples over all the protein-mutation 

tuples which should have been extracted. For the mutation grounding task, 

precision is defined as the fraction of the correctly grounded sequences over all 

the grounded sequences, whereas recall is defined as the fraction of the 

correctly grounded sequences over all the sequences that should have been 

grounded. In the mutation grounding task, sequences retrieved from the 

databases were checked using pair wise sequence alignment to ensure more 

than 99% homology with gold standard protein sequences. 

Table 1 shows the results obtained using method 300. As shown in Table 1, 

high precision and recall are achieved in method 300 for both the protein-

mutation tuple extraction task and the mutation grounding task. In contrast, the 

precision and recall achieved by existing systems (such as the MutationMiner or 

the MugeX) in the protein-mutation tuple extraction task are only approximately 

80% and 50% respectively. As these results and the results of method 300 are 

http://www.sanger.ac.uk/genetics/CGP/cosmic/
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obtained using different corpora, for concreteness, another evaluation using the 

algorithm of Kanagasabai et. al. 37 was performed on the COSMIC gold 

standard corpus. The average precision and recall achieved using this algorithm 

for the protein-mutation tuple extraction task is found to be only 77% and 66% 

respectively whereas the average precision and recall achieved using this 

algorithm for the mutation grounding task is found to be only 52% and 38% 

respectively. Thus, it can be seen that method 300 is capable of achieving 

significant improvements over existing systems or algorithms due to its robust 

maximal mutant mapping technique. 

Task Protein-Mutation Tuple Extraction Mutation Grounding 

Precision % Recall % Precision % Recall % 

FGFR3 99.4 69.7 71.4 54.1 

MEN1 99.5 61.5 83.3 52.6 

PIK3CA 98.8 79.6 91.8 70.9 

Table 1 

Furthermore, method 300 is advantageous as it is an ontology-driven workflow 

for mutation extraction and grounding, where the two tasks are implemented as 

complementing and reinforcing each other rather than as distinct steps. 

Although the step of extracting protein names and instances of mutations from 

text documents in method 300 is akin to for example, the MutationFinder 12, 

which employs more complex regular expressions and rules, method 300 is 

different from the approach in MutationFinder in that it extracts instances of 

mutations from the text documents based on a high recall step and relies on a 

novel ontology mining and refinement method to improve precision. In particular, 

method 300 uses a maximal mutant mapping technique that can achieve better 

results than other algorithms. Furthermore, the applicability of method 300 is not 

limited to only a few protein families unlike algorithms such as the algorithm of 

Kanagasabai et al. 36 which employs an iterative approach for mutation 

grounding using a lot of task-specific heuristics, thus limiting its applicability 

across many protein families. 
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Claims: 

1. A method of obtaining a correspondence between a protein and a set of 

instances /' = 1 k of mutations of the protein, the method including: 

a) matching a plurality of protein sequences in a sequence bank to at least one 

expression formed using the set of instances of mutations wherein each protein 

sequence comprises a plurality of amino acid residues of the protein's 

constituent peptides and wherein the at least one expression includes wild type 

residues of a subset of the instances of mutations in the order of their positions 

within the protein, and differences in said positions of the successive wild type 

residues in the expression; 

b) ranking the protein sequences according to the similarity of the protein 

sequences to the set of instances of mutations, the similarity of the protein 

sequences to the set of instances of mutations being determined by the 

matching in step (a); and 

c) retaining the protein sequence wjth the highest similarity ranking, said 

correspondence being a relationship between the retained protein sequence 

and a subset of the instances of mutations corresponding to the retained protein 

sequence. 

2. A method according to claim 1, wherein if more than one protein sequence 

has the highest similarity ranking, the step (b) further comprises the steps of: 

i) computing a sequence offset distance for each protein sequence having the 

highest similarity ranking, the sequence offset distance depending on the 

distance(s) between the instances of mutations corresponding to the retained 

protein sequence; and 

ii) ranking the protein sequences having the highest similarity ranking according 

to the sequence offset distances. 

3. A method according to claim 2, wherein the sequence offset distance is an 

average distance between the instances of mutations corresponding to the 

retained protein sequence 
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4. A method of building a knowledge base comprising correspondences 

between a plurality of proteins and instances of mutations of the plurality of 

proteins, the method including: 

iii) obtaining a correspondence between each protein and the instances of 

mutations of the protein by a method according to any of claims 1 to 3; and 

iv) creating a class instance of the correspondence of the retained protein 

sequence in the knowledge base. 

5. A method according to claim 4, further comprising the following steps prior to 

the step (iii): 

v) extracting the instances of mutations and names of the proteins from text 

documents; and 

vi) extracting protein-mutation relations between the extracted instances of 

mutations and the extracted names of the proteins, wherein the protein-

mutation relation describes the protein that is mutated by the instance of 

mutation. 

6. A method according to claim 5, wherein the step (v) further comprises the 

steps of: 

vii) extracting the names of the proteins from the text documents by matching 

processed text of the text documents against a protein name list; and 

viii) extracting the instances of mutations from the text documents by matching 

the processed text of the text documents against a regular expression [A-Z]([a-

z][a-z])?\-?\d+[A-Z]([a-z][a-z])?. 

7. A method according to claim 6, wherein if the wild type residue or the mutant 

residue of an extracted mutation does not match a valid name or letter or if the 

wild type residue is the same as the mutant residue of an extracted mutation, 

the step (viii) further comprises the step of deleting the extracted mutation. 
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8. A method according to any of claims 5 to 7, wherein the step (v) further 

comprises the steps of: 

ix) normalizing the extracted names of the proteins to canonical names in the 

protein name list; 

x) grounding the extracted names of the proteins to identifiers in the protein 

name list; and 

xi) normalizing the extracted instances of mutations to a wNm format where w 

represents the wild type residue of the extracted instance of mutation, m 

represents the mutant residue of the extracted instance of mutation and N 

indicative of the position of the wild type residue of the extracted instance of 

mutation within the protein wherein w and m are one-letter amino acid codes. 

9. A method according to any of claims 5 to 8, wherein the step (vi) is performed 

by determining that a protein is mutated by an instance of mutation if the 

instance of mutation and the name of the protein appear in a same sentence of 

the text documents. 

10. A method according to any of claims 5 to 9, further comprising the step of 

instantiating the knowledge base with the extracted instances of mutations, the 

extracted names of the proteins and the extracted protein-mutation relations. 

11. A method according to claim 10, wherein the extracted instances of 

mutations and the extracted names of the proteins are instantiated as class 

instances, and the extracted protein-mutation relations are instantiated as 

Object Property instances. 

12. A method according to any of claims 4 to 11, further comprising the 

following steps prior to the step (iii): 

xii) retrieving protein sequences from a sequence bank; and 

xiii) instantiating the knowledge base with the retrieved protein sequences. 
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13. A method according to claim 12, wherein the sub-step (xiii) further 

comprises the sub-steps of: 

ix) populating the retrieved protein sequences under a class in the knowledge 

base; and 

x) creating object property instances for the proteins, the object property 

instances relating the proteins to the retrieved protein sequences. 

14. A method according to any of claims 1 to 13, wherein the step (a) further 

comprises the following sub-steps for each protein sequence: 

repeatedly performing the following sub-steps (14i) — (14iii): 

(14i) forming a subset of the instances of mutations, the subset 

including a plurality of the instances of mutations; 

(14ii) forming a corresponding expression for the subset, wherein 

the corresponding expression includes the wild type residues of the subset of 

mutations in the order of their positions within the protein, and the differences in 

said positions of the successive wild type residues of the subset of mutations; 

and 

(14iii) matching the protein sequence to the corresponding 

expression; and 

extracting the longest corresponding expression that matches the protein 

sequence. 

15. A method according to claim 14, wherein each instance of mutation 

specifies a corresponding wild type residue w„ a corresponding number A/, 

indicative of the position of the wild type residue w, within the protein, and a 

corresponding mutant residue mi which is made to the corresponding wild type 

residue w•, and the corresponding expression is of the form wi»{U}w2»{h}---{k-

^•wk wherein fi is the difference in the positions of the successive wild type 

residues w,• and w, +i of the subset of mutations. 
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16. A method according to claim 14 or 15, wherein the step (b) further 

comprises the sub-step of ranking the protein sequences by assigning a highest 

similarity ranking to the protein sequence for which the corresponding longest 

expression is longest. 

17. A method according to claim 16, wherein if it is found that more than one 

said protein sequence is such that the corresponding longest matching 

expression is longest, those protein sequences are ranked by: 

computing a corresponding sequence offset distance of the longest 

matching expression, the sequence offset distance depending on the distance(s) 

between the corresponding subset of instances of mutations; and 

identifying the protein sequence for which the corresponding sequence 

offset distance is smallest. 

18. A method according to claim 17, wherein the sequence offset distance is an 

average distance between the instances of mutations in the corresponding 

subset of instances of mutations. 

19. A method according to any of claims 14 to 18, wherein the subsets of the 

instances of mutations comprise at least one generation of subsets which share 

a first instance of mutation, each generation of subsets formed by: 

generating a first subset of the generation consisting of said first instance 

of mutation; 

successively generating further subsets by: 

(19i) adding to the most recently generated subset of the generation an 

instance of mutation at a subsequent position within the protein, to form a new 

subset of the generation; 

(19ii) generating a corresponding said expression for the new subset; 

(19iii) determining whether the corresponding expression for the new 

subset of the generation matches the protein sequence; and 
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(19iv) if the protein sequence does not match the corresponding 

expression formed for the new subset of the generation, the instance of 

mutation at said subsequent position is removed. 

20. A method according to claim 19, wherein the subsets in each generation 

begin with an instance of mutation at a position subsequent to the position of 

the instance of mutation the subsets in a previous generation begin with. 

21. A method according to claim 19 or 20, wherein each generation of subsets 

ceases after an instance of mutation at the furthest position, k, within the protein 

is included. 

22. A method according to any of claims 19 to 21, wherein the subsets in the 

final generation comprise two elements. 

23. A method according to any of claims 3 to 22, wherein the step (c) further 

comprises the sub-step of uninstantiating the remaining protein sequences and 

the instances of mutations not matching any protein sequences. 

24. A computer system having a processor arranged to perform a method 

according to any of claims 1 to 23. 

25. A computer program product such as a tangible data storage device, 

readable by a computer and containing instructions operable by a processor of 

a computer system to cause the processor to perform a method according to 

any of claims 1 to 23. 


