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Overview

# Main goal: develop tools for drug repurposing by exploiting
complimentary big data streams, i.e. unstructured texts and
electronic databases of chemico-biological interactions.

# NLP task: discover associations between named entities
(drugs, chemicals, diseases, drug reactions, etc.);

# Data: social media networks, published biomedical literature,
EHRs;

# Method: deep neutral networks;
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Introduction



Why is NLP important?

# Scholarly publications and clinical narratives are primarily
written in text

# People use social networks to share a variety of information
# The exponential growth of unstructured data:

◦ biomedical literature;
◦ clinical trials data;
◦ lab notebooks;
◦ clinical records;
◦ diagnostic reports;
◦ news reports;
◦ social media messages;

# We can extract information and convert it into structured
knowledge
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BioNLP challenges

# Variety of textual subjects
# Variety of communication styles
# Language specific to medical context
# Misspellings
# Ungrammatical sentences
# Short, telegraphic phrases
# Abbreviations, acronyms, and local dialectal shorthand phrases
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Outcome
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Disease Named Entity Recognition



Overview

# A named entity is a word or a word collocation that means a
specific object or an event and distinguishes it from other
similar objects;

# Biomedical NEs:
◦ Protein
◦ DNA
◦ RNA
◦ Cell line
◦ Cell type
◦ Drug
◦ Chemical
◦ Drug reaction
◦ Disease
◦ etc.
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Examples
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Subtasks

# Identifying the part of text that mentions a text (Recognition)

# Classifying it (Classification)

# Mapping it to a medical concept (Normalization)

10 / 32



LSTM-CRF

causedid gassy abdominal cramping

Word

Representation

LSTM

LSTM

O

LSTM

LSTM

O

LSTM

LSTM

B-ADR

LSTM

LSTM

I-ADR

LSTM

LSTM

I-ADR

Bidirectional

LSTM

Encoder

CRF

Input text

11 / 32



Labeling representation

# BIO-scheme (Begin-Inside-Outside)
◦ B - named entity beginning;
◦ I - named entity continuation;
◦ O - not named entity.

Token BIO-labels
fusidic B-Chemical
acid I-Chemical

treatment O
in O

Crohn’s B-Disease
disease I-Disease
patients O
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Word representations

# The vast majority of rule-based and statistical NLP work
regards words as atomic symbols: disease, gene, relation

# In vector space terms, this is a vector with one 1 and a lot of
zeroes

# We call this a “one-hot” representation
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Distributed word representations

“You shall know a word by the company it keeps”

(J. R. Firth, 1957)

# Distributed word representations map each word occurring in
the dictionary to a Euclidean space, attempting to capture
semantic relationships between the words as geometric
relationships in the Euclidean space;

# Started back in (Bengio et al., 2003), exploded after the works
of Mikolov et al., now used everywhere;
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Corpus of health-related posts

# We use the word2vec model trained on domain specific
reviews.

Data Source reviews count tokens count
webmd.com 284 055 20 794 273

askapatient.com 113 836 13 649 150
patient.info 1 472 273 160 750 980

dailystrength.org 214 489 13 880 025
drugs.com 93 845 9 191 434
amazon 428 777 36 499 681

# Download the model in our repository:
https://github.com/dartrevan/ChemTextMining
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# Similar word vectors correspond to either drugs with the same
active compound or to drugs with close therapeutic effects
that belong to the same therapeutic group
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Experiments

We used CADEC: a corpus of adverse drug event annotations:

# 70% for training (875 reviews, 5264 sentences, and 3933
ADRs)

# 30% for testing (375 reviews, 2356 sentences, and 1837 ADRs)
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Results

Method Exact Partial
P R F P R F

baseline CRF 0.63 0.60 0.61 0.81 0.75 0.75
feature-rich CRF 0.67 0.65 0.66 0.83 0.76 0.76
2-layer LSTM 0.64 0.70 0.67 0.81 0.85 0.80
2-layer GRU 0.64 0.71 0.67 0.82 0.80 0.80
2-layer LSTM+CRF 0.70 0.70 0.69 0.82 0.82 0.79
2-layer LSTM+CNN+CRF 0.68 0.70 0.69 0.81 0.85 0.80
3-layer LSTM 0.66 0.70 0.68 0.82 0.83 0.80
3-layer GRU 0.67 0.72 0.69 0.82 0.84 0.80
3-layer LSTM+CNN+CRF 0.69 0.71 0.70 0.83 0.85 0.81
3-layer GRU+CNN+CRF 0.70 0.71 0.71 0.82 0.83 0.80
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Is social media data suitable for drug repurposing?

Drug repurposing is the application of known drugs and compounds
to treat new indications (i.e., new diseases).

Examples:

Yaz – first approved for pregnancy prevention, now also used for
moderate acne vulgaris.

Trazadone – Originally trialed as antidepressant unsuccessfully,
now used as sleep aid.
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Retrospective analysis

Vyvance (Lisdexamfetamine Dimesylate)

Approval history: 2007 – Attention-Deficit/Hyperactivity Disorder.
2015 – Moderate to Severe Binge Eating Disorder (BED)

Extracted from social media: decrease in appetite (2007); appetite
decreased, appetite suppression, no appetite (2008).

In science: The first clinical study of Lisdexamfetamine in Binge
Eating Disorder was started in January 2010.
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Medical Concept Normalization



Overview

# Goal: map a variable length text to medical concepts and
corresponding classification codes in some external system or
ontology;

# Task: automatically assign ICD-10 codes to fragments of
clinical texts written in English;

# Data: death certificates from from CLEF eHealth 2017
challenge;
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Death certificates
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Task

# According to the task, every raw text corresponds to the
ranked set of codes;

Raw Text rank ICD-10 codes
Neutropenic fever, pneumonia 1 D70

2 R509
3 J189

# Idea: consider this task as sequence to sequence learning.

Neutropenic fever, pneumonia => D70 R509 J189
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Encoder-decoder model

# Consists of encoder and decoder models;
# Encoder produces latent representation (code) of the input;
# Decoder produces output from the latent representation.
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Medical Concept Normalization

# As input, we use distributed
word representations (word
embeddings);

# Encoder and Decoder are
recurrent neural networks
(RNNs):

◦ Encoder is a
bidirectional LSTM

◦ Decoder is a left to right
LSTM

# Vector of cosine similarities
was concatenated to the
encoded state.
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Medical Concept Normalization

# For each ICD-10 code a document was constructed by
concatenating diagnosis texts belonging to that code;

# TF-IDF was calculated on the each document;

# For a given input sequence, the TF-IDF vector representation
was calculated;

# Cosine similarities are calculated between each document and
the input sequence TF-IDF vectors;

# Resulting vector of cosine similarities in the i-th position
contained the cosine similarity measure between input
sequence representation and i-th ICD-10 code representation.
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Dataset

# We adopt a CDC American Death Certificates Corpus provided
for the task of ICD-10 coding in CLEF eHealth 2017

Train Test
Certificates 13,330 6,665
Lines 32,714 14,834
Tokens 90,442 42,819
Total ICD codes 39,334 18,928
Unique ICD codes 1,256 900
Unique unseen ICD codes - 157
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Results

P R F
Official runs submitted

Encoder-decoder LSTM .893 .811 .850
TUC-MI-run1 .940 .725 .819
SIBM-run1 .839 .783 .810
WBI-run1 .616 .606 .611

LIRMM-run1 .691 .514 .589
Average score .670 .582 .622
Median score .646 .606 .611

Non-off
LIMSI .899 .801 .847
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Summary

# We have utilized deep neural networks for disease named entity
recognition and medical concept normalization;

# The neural network performs significantly better than other
methods;

# Future work:
◦ Explore alternative distributed word representations;
◦ Further improvements with other neural architectures.
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Thank you for your attention!
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