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Adverse event recognition in Twitter: 
results from the WEB-RADR consortium
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I totally regret taking oxycontin today! Makes me wanna puke!! 
Bluuh! #badexperience
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Background
Pharmacovigilance consists in monitoring the safety of medicinal products throughout 
their life cycle. As clinical trials usually include a limited number of participants in a 
homogenous, non-fully representative population, constant post-marketing surveillance 
of medicines is an absolute necessity to detect rare and possibly serious adverse drug 
reactions (ADRs) as early as possible. 

Traditionally, pharmacovigilance activities have relied on spontaneous reports describing 
cases of suspected ADRs. However, the rise and massive spread of social media over the 
last decade poses the question whether social media data can be harnessed and reliably 
utilized for pharmacovigilance purposes. Answering this question has been one of the 

aims of the WEB-RADR consortium, a large 3-year project involving partners from 
industry, regulatory agencies and academia, and supported by the Innovative 
Medicines Initiative [1].

With hundreds of millions of active users openly sharing their thoughts and 
experiences, Twitter has the potential to be a useful resource for pharmacovigilance, 
complementing by its unsolicited nature, timeliness and breadth of patient coverage 
the more traditional data sources [2]. We present the results of a pipeline of adverse 
event recognition in Twitter, developed in the course of the WED-RADR project.

Aim
Implement a pipeline to recognize and normalize medicinal products (P) and medical 
events (E), and then characterize their relationship as an adverse event (AE) or not.

Methods
Remove tweets of low relevance

Perform Named Entity Recognition (NER) of medicinal product and medical 
event mentions. Normalize to well-established terminologies (WHODrug and 
MedDRA, the Medical Dictionary for Regulatory Activities)

Characterize every P/E pair according to the relationship implied by the author

Developed and published by Epidemico, a WEB-RADR collaborator [3]

Score for resemblance to AE tweets

Threshold 0.7

Datasets
For training the pipeline:
A proprietary manually-annotated dataset of around 145,000 Tweets, 
provided by WEB-RADR collaborators (training/validation/test split: 
100,000/30,000/45,000).

For testing generalizability:
WEB-RADR Reference dataset of 57,473 manually annotated Tweets that 
will be made publicly available as a benchmark for comparison with future 
work on the task. The results provided here are given for this dataset.

Results
Despite a good performance on the hold-out sample of the training 

dataset (96% recall of AE relations), the relevance filter provided by 
Epidemico poorly generalized on the WEB-RADR reference dataset 

(64% recall), leading to an early loss of 36% of the AE relations. 
Nonetheless, it is in the NER module that we proportionally 

lose most of the AE relations, by not managing to capture 
either the medicinal product or the medical event (48% 

recall, compared to 61% recall on the hold-out sample). 
Most of the true AE relations remaining when we apply 

the AE classifier do get recognized as AE relations 
(73% recall), but 64% of the suspected AE relations 

are false positives.

Overall, the pipeline achieved a precision of 
36% and a recall of 23% (F1-score 0.28) on 

the WEB-RADR reference dataset.

Discussion
This study highlights two major difficulties with developing methods of automatic detection of adverse 
events in Twitter posts: 1) detecting and normalizing medical events is a challenge in Twitter posts, probably 
due to the noisiness of the data (e.g. misspellings, abbreviations, diversity of layman expressions), 2) the 
transferability of models outside the universe of the training data to external datasets is poor, despite the 
use of a training/validation/test setup. The latter difficulty is poorly understood and should be the object of 
more research, to investigate the true ability of AE recognition algorithms to harness social media data.
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In comparison
Results from an already published automated 
AE recognition pipeline [3].

Published 
performance

0.716

0.863

0.782

0.185

0.319

0.234

0.358

0.226

0.277

Precision

Recall

F1

Performance on 
the WEB-RADR 

Reference
Our 

performance

P E
P E P E P E

P
E

P
E

P E P E

P E

1,396 
AE relations

316 
AE relations

57,473 Tweets
1,057 AE posts
56,416 non AE

Products recognized via dictionary lookup, filtered 
for ambiguous names (e.g. the product ‘Today’)

Events recognized via dictionary lookups (MedDRA + vernacular extracted 
from VigiBase, the WHO global database of individual case safety reports) 
and logistic regressions using Tweets as bag-of-grams.

Applied to every possible P/E pair in a Tweet

Classifies whether the author implied an AE 
relation from the product to the medical event

Logistic regression based on document features (e.g. number of URLs, of 
words, of user mentions), syntactic features (e.g. P before E, number of words 
between P and E) and semantic features using word2vec representations [4]
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