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Background

The use of social media data for biomedical research has gradually increased over the years. With the
COVID-19 pandemic, researchers have turned to more non-traditional sources of clinical data to
characterize the disease in near-real time (1), spread of misinformation about facemasks (2), study
health-related societal implications (3,4), characterization of what unproven therapies are people
discussing (5,6), as well as the sequelae that recovered COVID-19 cases present (7). However, manually
curated social media datasets are difficult to come by due to the expensive costs of manual annotation
and the efforts needed to identify the correct texts. When datasets are available, they are usually very
small and their annotations do not generalize well over time or to larger sets of documents. As part of
the 2021 virtual Biomedical Linked Annotation Hackathon, we created and released (8), a dataset of over
120 million automatically annotated tweets for biomedical research purposes. Incorporating
best-practices, we identified tweets with potentially clinical relevance, allowing biomedical researchers
unfamiliar with processing and annotating social media data to directly focus on relevant tweets. To
bridge the gap between using social media data for health research with OHDSI researchers, we have
annotated this dataset using concept identifiers from the OHDSI Vocabulary, producing a total of
751,245,366 annotations.

Methods

To prepare the dataset released in this work, we looked for named entity recognition (NER) pipelines to

identify biomedical entities in text. We opted to evaluate: MedSpaCy (9), MedaCy (10), and ScispaCy

(11), alongside a traditional text tagging pipeline from Social Media Mining Toolkit (SMMT)(12). The main

reason for selecting these text processing pipelines is the fact that they are all based on SpaCy (13), a

widely adopted open-source library for Natural Language Processing (NLP) in Python. Several

preprocessing steps like URL and emoji removal were performed on all tweets. Please note that the

selected NER pipelines are usually tuned and developed to annotate specific types of clinical/scientific

text, from either electronic health records, clinical notes, or scientific literature. The only

general-purpose tagger is the Social Media Mining Toolkit, which does not perform any specialized tasks

other than tagging or annotating text.

As the data source for this work, we used one of the largest COVID-19 Twitter chatter datasets available

(14). We used version 44 of the dataset (14), which contains 903,223,501 unique tweets. To improve the

quality and relevance of the annotations, we used the clean version of this dataset, which has all

retweets removed. Leaving us with a total of 226,582,903 unique tweets to annotate. From this subset,

we selected only English tweets, as all the systems evaluated were created to extract/annotate

biomedical concepts in this language.

For transparency and reproducibility, all the code used for this work can be at:
https://github.com/thepanacealab/annotated_twitter_covid19_dataset



Results

For the evaluation of the annotations from each NER system and the SMMT tagger, we will use as a gold

standard, a manually annotated dataset created for symptoms, conditions, prescriptions, and

measurement procedures identification in patients with long COVID phenotypes [21]. This dataset

consists of 10,315 manually annotated tweets, by multiple clinicians. Currently, the dataset is not

publicly available but will be released at a later date. To determine which system to use for the

large-scale annotation of the Twitter COVID-19 chatter dataset, we evaluated all systems against the

manually annotated gold-standard. Here, while we grouped the annotations into three categories: drugs,

conditions/symptoms, and measurements. We did not use the systems’ annotation categories, but

rather their annotated terms and spans. This was done to accommodate the custom entity categories

that systems like MedSpaCy and MedaCy have in their default settings and the fact that we are using

only the first UMLS concepts identified by ScispaCy. Table 1 shows the annotation overlap analysis.

Table 1. Annotation overlap analysis between gold standard dataset and evaluated systems.

We would like to stress again that MedSpaCy and MedaCy are at a disadvantage as their models are

trained on considerably different data that does not work well with Twitter data. ScispaCy, however,

performs fairly decently (in comparison) as the larger models capture relevant annotations when the

tweet’s text is clean and well-formed. While it is clear that regular text annotation performed the best in

replicating the annotations that our clinicians made, we still annotated all 226,582,903 dataset tweets

and evaluated the overlap of annotations made by the different systems. Table 2 shows the comparison

between counts of produced annotations, processing time, and overlaps in annotations between the

systems.

Table 2. Annotation overlap evaluation for complete dataset.



Figure 1. presents an example of a tweet that has been annotated with OMOP concept identifiers
(magenta highlighting). Considering just this part of the figure first, you can see that aside from creating
a link between the words in the tweet and concepts in OMOP vocabularies, this work also includes rich
context about what these words mean. For example, the chain of “hospital” + “positive” + “COVID-19” .
In addition to the OMOP concept identifiers, we have also included NER person (red highlighting), date
(orange highlighting), organization (blue highlighting), and location (grey highlighting) tags. While these
tags are not provided as part of the current release, we include them here as an example of how this
work can easily be extended using current NLP tools (like those examined in this work).

Figure 1. Illustration of a tweet annotated with OMOP concept identifiers (magenta) and enriched with NER person, date,
location, and organization tags.

Conclusion

In this work we release a biomedically oriented automatically annotated dataset of COVID-19 chatter
tweets. We believe that such a dataset will bridge some of the gaps between the researchers of the
OHDSI community into using social media data for large-scale epidemiological, social, or even clinical
analyses. The resulting dataset and biomedical annotations is the first and largest of its kind making it a
substantial contribution with respect to using large-scale Twitter data for biomedical research, nicely
standardized using the OHDSI vocabulary.
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