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Problem Statement

Drug target search
o Relies heavily on inferential computational methods working
with sequence and structure similarities.
o Commonly followed by time consuming manual examination
Automated curation of large data streams
o Micro-arrays, two-hybrid systems provide high throughput
large data collections.
o High data volume makes interpretation challenging.
Protein Function Prediction
o Predicted by extrapolation of information gathered from PUbWEd.qov
small set of proteins. =
o Performed by experts and can have inter-observer variance.
Link unstructured data to structured annotation databases
o How to link free-flowing text data to structured databases N~
automatically? ({ . Adpre—
Gene Ontology -
o Manual annotation of proteins from model organisms.
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A Perspective on Bioinformatics Data

e Bioinformaticians handle a broad spectrum of

heterogeneous data. m U.S. National Library of Medicine
e A vast collection of databases with keywords,

protein sequences, abstracts and structural 3

information.

o INTACT [Hermjakob et al., 2004], BIND [Bader et

al., 2003], DIP [Xenarios et al., 2002]

e Free textual data ‘
o 12 million abstracts in national Library of Medicine Int Ct

(NLM) [Wheeler et al., 2003]
e Maedical Ontologies
o Unified Medical Language Systems (UMLS)
metathesaurus [Bodenreider, 2004]
o Contains 2 million names for 0.9 million concepts.
e Availability of this data is a required precursor to
any text mining solution




Text Mining and Natural Language Processing (NLP)

e Text Mining and Natural language

BTE Output

Our Output

processing (NLP) is a subfield of computer
science

e Concerned with the interactions between
computers and human (natural)
languages.

e In particular, how to program computers to
process and analyze large amounts of natural
language data.
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Applications of Text Mining in Biomedical Text
Analysis



Biological Entity Tagging (Named Entity Recognition)

Recognition and tagging of salient entities in an
unstructured text is of great importance for
searching, curation, and to identify relationship
with other available data.
Example:
o ‘“erythroid myeloid ontogenic factor, changed
fo Zbtb7 after a lawsuit was threatened”
o What are the entities of interest here?
o  What is their relationship?
Query unstructured text, returns relevant
documents.
Challenged by
o Complex biomedical language
o Ambiguous names (proteins may be referred
to by their name or symbol)
o Ambiguous meaning (same name for a gene
and experiment).

Jimbought 300 shares of Acme Corp. in 2006.

[Jm]person bought 300 shares of [Acme COrporapizaion N [2008ime

“Thus, CHTAPROTEIN not only acti-
vates the expression of class II genes .,

but recruits another B cell-specific
coactivator to increase transcriptional

activity of classII promoters ., in

b

B cells gy prype-




Biological Entity Tagging (Named Entity Recognition)

. POS tag | Tag Name | Relative Frequency (%)
e Different approaches have been adopted to address this . N Noun 39.74
PP P Levenshtein PREP | Preposition 11.25
pl"Oblem . PUNC Punctuation 10.27
. A Adjective 9.27
e Ad-hoc rule-based approaches 2 / rick \3 Ve __ 559
) ,Orl_]lll'lC 10n o
o [Fukuda et al., 1998] Maintain a dictionary of words, and NUM__ Number 313
i rcik irkc DET Determiner 2:50
use exact or fuzzy matching P s 250
1 1 1 POSTP Postposition 1.47
o [Krauthammer et al., 2000] using Lavenshtein Distance PORIE | R —
CL Classifier 0.21
[Navarro’ 2001] INT Interjection 0.01
e Machine Learning based approaches (pre-deep learning) e,
o  Training an ML classifier using hand-crafted text features N = 1 :[This|is|a|lsentence] wigrams:

sentence

like POS tags, bigram/trigram frequencies , suffixes
[Tanabe and Wilbur, 2002]

o  Support Vector Machine [Kazama et al., 2002] with N = 3 :[Thislis a|sentence| rgrams: 1252, .,
hand-crafted binary features for named entity recognition

o Bayesian Learning, decision trees and inductive rule
learning [Hatzivassiloglou et al., 2001].

this is,

N = 2 :This|is|a|sentence] vigrams: s

a sentence

in the vocabulary V

1 if a word at k,Wy, is the ith word
Wi,i =
0 otherwise (word feature)

i -0f- 1 if Wy is assigned the ith POS tag
e Deep Learning (State-of-art) | posy, = e A
o Recently, state of art deep learning based approaches 0 otherwise (part-of-speech feature)
(LSTM/RNN) have been applied for biomedical NER 1 if Wi starts with the ith prefix
preg; = in the prefix list
[Wang et aI., 2018, Dang et aI., 2018] 0 otherwise (prefix feature)



Information Retrieval (IR)

e Information Retrieval (IR)

recovers relevant information Google  wemaion etiea e
g ive n a free text q ue ry. All Images News Videos Books More Settings Tools
PY Information retrieval iS the SCienCe About 48,000,000 results (0.44 seconds)

of searching for information in a
document or database, and also
searching for metadata that Basic Information Retrieval
describe data.
o Data can be
m [ext
m Images
m Media Files

Search
query

Relevant
documents




Information Retrieval (IR)

Techniques such as “document neighboring” were

first applied in [Wilbur and Coffee, 1994].

|dea is to keep relevant, connected documents

close to each other in a code-word space.

The idea has been built upon recently, using

word2vec [Mikolov et al., 2013], doc2vec [Le and

Mikolov, 2014], sentence2vec [Le and Mikolov,

2014], which assigns code-words which are close to

each other in vector space, and can be used to train

ML classifiers.

The current state-of-art in biomedical NER uses the

abpve code-word representation of the words

o One such method was proposed in [Wang et al.,

2018] which uses word2vec embeddings to
represent biomedical text.

Type of relationship Word Pair 1 Word Pair 2
Common capital city Athens Greece Oslo Norway
All capital cities Astana | Kazakhstan | Harare Zimbabwe
Currency Angola kwanza Iran rial
City-in-state Chicago Mlinois Stockton California
Man-Woman brother sister grandson | granddaughter
Adjective to adverb apparent | apparently rapid rapidly
Opposite possibly | impossibly ethical unethical
Comparative great greater tough tougher
Superlative easy easiest lucky luckiest
Present Participle think thinking read reading
Nationality adjective || Switzerland Swiss Cambodia | Cambodian
Past tense walking walked swimming swam
Plural nouns mouse mice dollar dollars
Plural verbs work works speak speaks




Extracting Protein-Protein/Gene-Gene Interactions

e Extracting the protein interaction relationship is an
important research topic in bioinformatics and N
systems biology. comp. ds .D
e Extracting protein-protein interactions involves 7, ‘et %%%ﬁw
searching for two proteins in the text and lendosporeladj Baclush proten/] [promater[polymerssch | - HglUNEs
determining whether they interact with each oth ’S“e”’“” [ RNAM ]
e In previous studies, researchers searched for
protein-protein interactions manually.
e Challenging because:
o No unified naming rule for proteins has been

established yet pg 0~y g g S
o Many proteins and genes use the same o (o

name



Extracting Protein-Protein/Gene-Gene Interactions

Efforts have been made to extract semantic relationships between
proteins automatically from free text on PubMed [Kim et al., 2007]
Similar analysis methods of literature abstracts include grammatical
analysis [Fundel et al., 2006, Saric et al., 2005], context-free grammar
analysis [Temkin and Gilder, 2003], and other information retrieval
methods.

Recently, another method was proposed in [Mallory et al., 2015] called
DeepDive for large scale extraction of gene interaction from full-text
literature



Extracting Protein-Protein/Gene-Gene Interactions

b In addition to controlling transcription of phrC, sigmaH appears to control
expression of at least one other gene required for production of CSF.

appear/v control/v

cor:f_in /&tﬂﬁ)@

addition/n ||sigH/NE,| | exression/n require/v_pass

comp_to compwor
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genic_interaction(7,6)



Extracting Gene-Trait Interactions (Predicting Genes)

e Various different approaches have been proposed for this.
o SUSPECTS [Adie et al., 2006] is a web-based server which combines annotation and
sequence-based approaches to prioritize disease candidate genes in large regions of interest.
o  POCUS [Turner et al., 2003] (prioritization of candidate genes using statistics), a novel computational
approach to prioritize candidate disease genes

e Recently, another method was proposed in [Gaulton et al., 2007] called CAESAR,
which tries to address some of the challenges with SUSPECTS and POCUS.

e Particular, CAESAR is not limited to one or more genomic regions, and all genes
annotated in database are candidates.

suspzcrs"
CANDIDATE GENE SEARCH home  search  help  v28.3

J Rank genes between markers | Rank genes around a marker Rank genes fulfilling criteria

» obesity QTL (see reference)

« rheumatoid arthritis QTL (see reference)

» asthma QTL (see reference)

» deafness QTL (see reference)

» premature degenerative osteoarthropathy (Mendelian) (see reference),



Extracting Trait-Gene Interactions (Predicting Traits)

e The relationship can also be extracted the other way round.

e Given a summary statistic of genes and polygenic traits as training examples,
can a system be trained to produce polygenic traits given a gene
profile?

e Recently Paré et al. in [Paré et al., 2017] proposed a machine learning
based method which uses summary-level data from large genome-wide
meta-analyses to improve the prediction of polygenic traits.



Extracting Trait-Gene Interactions (Predicting Traits)

UKBiobank Calibration set
(N=10K for height and BMI; N=1K case-control pairs for diabetes; 1.98M SNPs)

GIANT summary associations Gradient boosted and LD adjusted (GraBLD) heuristic
(N~220K) I___________________l
Step 1: Gradient boosted and LD adjusted I

1 > - SNPs divided in 5 contiguous parts
OR " - Prediction of regression coefficients of SNPs in each part using I
= remaining 4 parts |

|

DIAGRAM summary associations I I
(N~62K) I 4 |
Step 2: Correction for LD I
| - Corrects regression coefficients for LD with other SNPs in gene score I

Final gene score

1
Prediction of height, BMI and Prediction of height, BMI and
diabetes in independent Diabetes in HRS
UKBiobank validation set (N~8.3K)

(N~130K for height and BMI;
N~5.7K case-control pairs for diabetes)



Applications of Text Mining in DNA/RNA Sequence
Prediction



Sequence Alignment in DNA/RNA

Mary did not slap the green witch

e Alignment is also an important topic in natural language My ng€ sl3p sizp slap the reen Witch
prOCGSSI ng. Mary not slap slap slap hUI.LL-Ehe glc—er '.:J;{tch
e DNA or RNA sequences can also be viewed as text. My Kabs i brtafacy 3 B ywre e

Sequence-based multiple sequence alignment methods e no dsba una botefada a s brfja veice |
can be used only at the sequence similarity level.

e The secondary structures of ncRNAs are usually more
conserved than their sequences

e The functions of many ncRNAs are therefore
determined by their secondary structure rather than by
their sequences.

e As aresult, structure-based multiple sequence
alignment methods have been developed to align an
input sequence to known ncRNA structures to
determine the ncRNA class to which the input sequence
belongs



Sequence Alignment in DNA/RNA

e Alignment is also an important topic in natural language
processing.

e It was used for an early version of machine translation
system.

Mary did not slap the green witch

’f o~ -_.' [ \ \ N\
.

J -~ > \
l' _.I'-. .-'-- 1‘ '- .‘.. \\ i
Mary not slap slap slap the green witch
" \ "\_\ \\\ "\\

PIéw not slap slap slap NULL Eﬁe gr%en '.\;ftch

Mary no daba una botefada a la verde br:'uja
L L] HID.4
| Mary no daba una botefada a la bruja verde |




Sequence Alignment in DNA/RNA

e To this end, LocARNA [Will et al., 2007] have been proposed and used to
automatically align secondary structures using an energy function.

e Another extension to this method called LocRNA-P [Will et al., 2012] uses a
probabilistic model to model uncertainities in sequence alignment.

Freiburg RNA Tools

LocARNA - Alignment & Folding




Remarks and Conclusion



Remarks

Many methods proposed for NLP tasks such as NER,
POS Tagging, Semantic Relationship mapping and so
on can be directly applied to a number of biomedical
text analysis problems.

Some of these methods can be generalized to work
with DNA sequences, performing sequence alignment,
motif detection, and protein structure prediction.



Future Work

e Where are we headed?
o NLP in biomedical text analysis have enabled industry to spur into action.
m Automated report generation, where layman language from patient-doctor interaction is
automatically mapped to proper biomedical concepts in UMLS dictionary.
e Echo -> echocardiogram
e \Valve in aorta -> Aortic Valve Stenosis
m Many startups are working in this domain
e Phraze hitps://www.phraze.co/
e  PlutoH]I http://plutohi.com
e NotableHealth http://notablehealth.com/
o Easy and highly relevant searchability from an ocean of free text literature
m  Google like capability to search through unstructured free text, while producing results
similar to structured database queries.
Exact results for text-based queries.
Query: “Does p53 pathway get suppressed in high grade gliomas?”
e Answer: “Yes. More details can be found in paper: Modern Brain Tumor Imaging”



https://www.phraze.co/
http://plutohi.com
http://notablehealth.com/

Future Work

e Inspiration from other fields

o As more and more NLP methods are being improved using Machine
Learning (ML) and Deep Learning (DL), it is only a matter of time
before ML and DL enters into bioinformatics completely.

o Even for tasks not directly related to NLP, ML/DL can prove useful.

o As more gold-standard data is generated (DNA sequence alignment,
gene-trait relationships), data-driven technologies like ML/DL will start
becoming relevant.

o However, ML/DL applications may pose a challenge regarding
interpretability.



Some Applications not Covered in this Review



Some Applications Not Covered in this Review

e Text Mining applications in Protein Research

e Application to noncoding RNA Identification

e A good place to review these applications is [Zeng et
al., 2015]
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