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This work developed methods to recognize adverse drug reaction (ADR)-related information
from Twitter data based on two machine learning algorithms, conditional random fields
(CRFs) and recurrent CRFs. Different word representation methods were developed for the
ADR recognition task, including the token normalization, and two state-of-the-art word
embedding methods, namely word2vec and global vectors. Three runs were submitted to the
Pacific Symposium on Biocomputing 2016 Social Media Mining shared task. The best run
achieved an F-score of 0.540, which was ranked second in the shared task on social media
mining (Task 2) of Pacific Symposium on Biocomputing.
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1.   Introduction
Adverse drug reaction (ADR) is defined as an appreciably harmful or unpleasant reaction,
resulting from an intervention related to the use of a medicinal product, which predicts hazard from
future administration and warrants prevention or specific treatment, or alteration of the dosage
regimen, or withdrawal of the product due to an injury caused by taking a medication (Edwards and
Aronson, 2000). Many studies reported that ADRs is a major public health problem with deaths and
hospitalizations in millions, and associated costs of about seventy-five billion dollars annually
(Ahmad, 2003; Lazarou, et al., 1998). This work proposes method for recognizing information
related to ADRs from Twitter data by using several off-the-shelf NLP tools. Two state-of-the-art
supervised sequential labelling algorithms were used to implement the ADR-named entity
recognition (NER) system. The first is the conditional random field model (Lafferty, et al., 2001),
which has been successfully applied in several sequential labeling tasks and demonstrated an
outstanding performance (Dai, et al., 2015; Eltyeb and Salim, 2014). The second is based on
recurrent neural networks (RNNs) (Tomá, et al., 2010). Recently, Yao, et al. (2014) showed that
combining CRFs with RNNs (R-CRFs) can improve the language understanding performance. This
work studies their effect for the ADR-NER task.
2. Methods
The ADR-NER task is formulated as a sequential labelling task by using the IOBES scheme,
which has been demonstrated as the best tag scheme for most NER tasks (Dai, et al., 2015; Liu, et
al., 2015). Several computation linguistics techniques were applied on a given tweet. First,
Tokenizer (Owoputi, et al., 2013) was used to tokenize a tweet into tokens and generate the part-ofspeech (PoS) information for each of them. Each token was then processed by the spell check,
Hunspell, to correct spelling errors and analyzed its morphemes.
2.1. Context Features
For a given token, its surrounding tokens were extracted as features. For a target token, its
context is defined as the token itself with the three preceding tokens, the current token, and its three
following tokens. The following three context representation methods were explored in this work.
2.1.1. Normalized Token
A numerical normalization preprocessing method is used to convert numeral parts in each token
to one representative numeral (Tsai, et al., 2006). The main benefits of this representation includes
the reduction of the number of features, the possibility in transforming unseen features into seen
features and the improvement of the accuracy of feature weight estimation. In addition, special
symbols, such as “@” and “#”, are normalized by removing them.
2.1.2. Word vector representation
This work employed word2vec (Mikolov, et al., 2013) and global vectors (Pennington, et al., 2014)
to generate vector representations of all unique tokens in a corpus of around one hundred thousand
tweets. The corpus was compiled by searching Twitter website for a set of predefined query terms
to collect 7-days of tweets. The query terms were collected by analyzing the ADR-NER training

	
  

	
  

and development sets to list the described ADRs, their related drugs as well as the ADR terms listed
in the lexicon compiled by Nikfarjam, et al. (2015). In word2vec, the continuous bag of words
scheme was used. After generating the token vectors, the simple K-means method was performed
to group tokens into 200 different clusters. With the above word clusters, the value of the context
feature is defined as the cluster number associated for the token. If the current token does not have
an associated clusters, the normalized token will be used.
2.2. Gazette Features
Four gazette features were implemented in this work. The first gazette feature was implemented
as a binary feature that indicates whether or not the current normalized token partially matches with
the gazette entry in a given gazette file. The second gazette feature encoded matched tokens using
the IOB scheme. The ADR lexicon created by Leaman, et al. (2010), was employed as the gazette
file for matching ADR terms. In addition to the ADR lexicon, the tokens annotated with Drug tags
were collected from the training and development sets to form the drug lexicon. A similar gazette
feature was developed based on the created drug lexicon.
2.3. Linguistic Morphology Features
For each normalized token, the lemma and stem generated by the employed spell checker and the
snowball stemmer were selected as features. The PoS of each normalized token generated by
Twokenizer and the prefix of the token were also encoded as features.
3. Results and Discussion
Table 1. The precision (P), recall (R) and F-measure (F) on the test set of the shared task.
CRF Model (Run 1) R-CRF (Run 2)
CRF Model’ (Run 3)
P
R
F
P
R
F
P
R
F
0.782 0.412 0.540 0.718 0.416 0.526 0.778 0.414 0.540
Table 1 shows the overall recognition performance of the submitted three runs. The first and
second runs were based on the CRF and the R-CRF models, respectively. The third run was also
based on the CRF model but its word2vector information was replaced with the one created by
Nikfarjam, et al. (2015), which was created based on one million unlabeled user sentences. Overall,
our models achieved satisfactory precisions but low recalls. The best recall is 0.416 that was
achieved by R-CRF. The results show that the inclusion of the larger corpus to generate the word
vector (Run 3 vs. Run 1) does not illustrate significant advantages. Our error analysis reveals that
all of the three models failed to recognize all of the mentioned drugs in the development set due to
all of them being out-of-vocabulary terms. A further look at the false negative cases reveals that
tweet users do not use technical terms recorded in any drugs or ADR lexicons. Instead, they tend to
use abbreviations, or any other possible descriptive expressions. The above phenomenon leads to
the low recall of all the trained models. The false positives mainly come from the recognition of the
therapeutic	
  side effect consequences of the use of a drug. Surprisingly, the R-CRF model doesn’t
show an improvement of F-measure over the CRF model based on the same feature sets. An error
analysis will be conducted in the future.
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