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Relevance filter
The first module for possible use in the pipeline represents another filter component, based on a score computed by an algorithm developed by Epidemico. The indicator score provides a numerical value indicating how similar each post is to previously identified AEs in a manually annotated training set of 350,000 posts. This training was done outside of this study and the indicator scores were provided directly to us by our partners at Epidemico Inc. Therefore, the training dataset used for the indicator score and the training dataset used in this study are different datasets. This value ranges from 0 to 1. For each feature (e.g., medical event description or one- to three-word phrases) identified and extracted from the post, the classifier assigned two probabilities (one for positive and one for negative) that indicates the total times that those features occurred in a positive or negative post in the training set. The two probabilities were then combined using inverse chi-squared (χ2) function to calculate a single indicator score for the post overall. A post with a score closer to 0 indicates a lower probability that the post contained an adverse event mention (e.g., the post is spam). A post with a score closer to 1 indicates a higher probability that the post contained an adverse event mention. Finally, it is empirically determined that if a post does not contain any medical event – or if it does not contain any vernacular phrases describing a medical event – then the post is unlikely to constitute a true positive, and a value of 0.2 is deducted from the indicator score as a penalty. Posts with higher scores indicative of adverse events then underwent curation by a team of human annotators to reduce false positives and provide a feedback loop for the Bayesian classifier. The curators were trained according to standard protocol based on MedDRA coding guidelines and are instructed to not attempt to interpret or infer diagnoses beyond the verbatim post text. 
Named Entity Recognition and mapping
Named entity recognition of product names is performed via dictionary lookup using WHODrug Global. However, some tradenames found in WHODrug Global have a high level of ambiguity and are more likely to represent something else than a medicinal product (e.g. the product named Today). We employ a data-driven method to filter out these kinds of tradenames [1]. A logistic regression model was built to classify a given product name as too ambiguous or not, based on three features: the log-scaled number of reports in VigiBase, the log-scaled frequency of the name in English [2] (or the minimum frequency in case of a multiple words tradename) and a binary variable indicating whether the name is a substance or a tradename (e.g. paracetamol vs Tylenol). We removed from the dictionary all entries classified as having a high level of ambiguity.
Named entity recognition of events is performed via dictionary lookup and machine learning. One dictionary is built using MedDRA LLTs, excluding LLTs having their primary System Organ Class (SOC) among the four following SOCs: Investigations, Social circumstances, Surgical and medical procedures and Product issues. The second dictionary is created using the field Primary source reaction from VigiBase. In this field, the reporter provides a free text description of the suspected adverse drug reaction. These descriptions can thus include common misspellings and layman expressions describing events. Both the LLT dictionary and the dictionary extracted from VigiBase have entries directly mapped to MedDRA PTs.
For the machine learning part of the event NER, we trained 169 independent logistic regressions, one for each PT that has been annotated in at least 20 Tweets of the training dataset. We use a processed version of the Tweets as input for each logistic regression. Each Tweet is tokenized. Then, product names are replaced by a <DRUG> tag to avoid the models to make associations between given products and specific events. At training time, this replacement is performed using the products annotated in the Tweet. At test time, the replacement is done using the results of the product NER described above. User names are replaced by a <USER> tag, urls by a <URL> tag, numbers by a <NUMBER> tag. Hashtags are divided into the hash and the text of the hashtag. Rare tokens, defined as tokens appearing less than 10 times in the training set, are converted to a <RARE> tag. After these replacements, the Tweets are converted to bags-of-grams (up to 3-grams). The logistic regressions were modelled as single layer neural networks in Keras (Python), with sigmoid activations, categorical hinge loss function with adapted weights using the frequencies of the PTs ((1-f)/f), RMSprop optimizer and L2-regularization. The validation dataset was used to set the L2-regularisation parameter (10-6), number of training epochs (100) and learning rate of the RMSProp optimizer (10-2). After training the 169 logistic regressions, we only kept the PTs for which the performance of the logistic regression model exceeded 0.4 on the validation set; 124 models were retained and used as part of the event NER.
As the AE relation classifier uses contextual information on both the product and event, we need to return a word (a hit term) for every PT for which the logistic regression model gave a positive result for a given Tweet. To do that we used the weights of the regression models to find the word in the Tweet that is most associated with the positive PT.
Adverse event relation classifier
With product-event pairs detected by the NER module and in posts with indicator score above 0.7, we trained a classifier to recognize the pairs with an AE relationship. We used the 62,099 product event pairs from the training set to train a logistic regression classifier based on a number of features (2058 features in total). Some features relate to the Tweet itself, some to the product, some to the event and some to the product-event pair. To capture semantic characteristics, we have used Word2Vec vectors [3] pre-trained on a large corpus of 400 million Tweets [4]. We clustered the vectors into 500 clusters using K-means, as was successfully done in a previous study [5]. The list of features is the following:
· Tweet features
1. Number of URLs in the post 
2. Number of hashtags in the post 
3. Number of user mentions in the post 
4. Number of tokens (words) in the post 
5. Number of medicinal product dictionary hits in the post 
6. Number of event dictionary hits in the post 
7. Presence of tokens belonging to given Word2Vec clusters in the post (binary)*
· Medicinal product features
1. Number of tokens in medicinal product hit
2. Proportion of number of tokens in medicinal product hit and number of tokens in the total medicinal product hit span (1 if the hit is continuous) 
3. [bookmark: _GoBack]Number of VigiBase reports with this term (log-scaled) 
4. Presence of tokens from given Word2Vec clusters in the 3 tokens before and 3 tokens after the product hit (binary)**
· Medical event features
1. Number of tokens in event hit 
2. Proportion of number of tokens in event hit and number of tokens in the total event hit span (1 if the hit is continuous)
3. Number of VigiBase reports with this term (log-scaled)
4. Presence of tokens from given Word2Vec clusters in the event hit (binary)*
5. Frequency of the least common word in the event hit (log-scaled)
6. Presence of tokens from given Word2Vec clusters covered within the event hit if the hit is un-continuous (binary)*
7. Presence of tokens from given Word2Vec clusters in the 3 tokens before and 3 tokens after the event hit (binary)**
· MP/ME pair features
1. Number of tokens between the medicinal product and event hit
2. Presence of tokens from given Word2Vec clusters for the tokens between the product hit and the event hit (binary)*
3. The medicinal product is a treatment for the event according to the VigiBase indication dictionary (binary)
4. Number of product IDs that overlap between the product and the treatment list for the event in the indication dictionary
5. The product hit appears before the event hit (binary)
6. The event hit appears before the product hit and no other event hit is found between them (binary)
7. The product hit appears before the event hit and no other product hit is found between them (binary)
8. The first token before the event hit is part of the medicinal product hit (binary)
9. The second token before the event hit is part of the medicinal product hit (binary)
10. The third token before the event hit is part of the medicinal product hit (binary)
11. The first token after the event hit is part of the medicinal product hit (binary)
12. The second token after the event hit is part of the medicinal product hit (binary)
13. The third token after the event hit is part of the medicinal product hit (binary)
* feature that in practice constitute a number of features, one for each Word2Vec cluster
** feature that in practice constitute 6 times a number of features, one for each Word2Vec cluster

Any feature based on the presence of a Word2Vec cluster that is not observed at least 20 times in the training set is removed. All features are min-max-normalized. The logistic regression is trained as a single layer neural network using Keras (Python) with sigmoid activation, binary cross-entropy loss, Adam optimizer and L2-regularization. Hyperparameters were tuned using the validation set: batch size of 2048, 50 training epochs, 10-6 regularization and 10-3 learning rate. The classification threshold was chosen based on the maximum obtained F1-score for the training set.
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