














Figure 2: Quantiles of the prevalence of diabetes. (a) Target values (b) Predicted values from tweets
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Figure 3: Word clouds of topics correlating with di-
abetes: (a) (b) strongest positive correlation (c) (d)
strongest negative correlation among M = 2000 clus-
ters.
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Figure 4: Word clouds of topics correlating with
melanoma: (a) (b) strongest positive correlation (c¢) (d)
strongest negative correlation among M = 2000 clus-
ters.

or when modeling target values which are only
available in e.g. few counties. Further research
is needed to ascertain whether significant results
can also be achieved in such scenarios, and if
robustness of our approach is improved compared
to bag-of-words-based baselines (Eichstaedt et al.,

2015; Brown and Coyne, 2018; Schwartz et al.,
2018). Furthermore, all mentioned approaches
rely on correlation, and thus do not provide a way
to determine any causation, or ruling out of poten-
tial underlying factors not captured by the model.
Even though using social media data introduces a
non-negligible bias towards users of social media,
our approach was able to predict target variables
tied to very different age-groups, which is encour-
aging and supports the robustness of our approach.

Our method captures language features on a
community scale. This raises the question of how
these findings can be translated to the individual
person. Theoretically, a community-based model
as described above could be used to rank social
media posts or messages of an individual user,
with respect to specific health risks. However, as
we currently do not have ground truth values on
the individual level, and since user’s social media
history has very high variance, this is left for fu-
ture investigation.

Future research should also address the applica-
bility of our model to textual data other than Twit-
ter and potentially from non-social media sources,
to communities that are not geography based, to
the time evolution of topics and health/lifestyle
statistics, as well as to targets that are not health
related. The general methodology offers promise
for new avenues for data-driven discovery in fields
such as medicine, sociology and psychology.
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A Appendices
A.1 Additional Figures
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Figure 5: Word clouds of topics correlating with col-
orectal cancer: (a) (b)strongest positively correlated
topics (c) (d) strongest negatively correlated topics

among M = 2000 clusters.
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Figure 6: Confusion matrix for decile-based prediction
of diabetes prevalence.

A.2 Implementation Details

Tweets were collected according to the provided
datorium IDs using the Tweepy® library. The
tweets were then imported into Google BigQuery*
and processed using Apache Beam®. The sen-
tence embeddings were computed using the offi-
cial Sent2Vec source code and the provided 700-
dimensional pre-trained model for tweets (using
bigrams)®. Clustering was performed by libKM-
CUDA’. Scikit-learn® was used for 10-fold cross
validation, Ridge regression, calculating the corre-

lation and hyperparameter search.

*https://www.tweepy.org/
*https://cloud.google.com/bigquery/
>https://beam.apache.org/
®https://github.com/epfml/sent2vec
"https://github.com/src-d/kmcuda
8https://scikit-learn.org/stable/



