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Objective
Create an analysis pipeline that can detect the behavioral determi-

nants of disease in the population using social media data.

Introduction
The explosive use of social media sites presents a unique oppor-

tunity for developing alternative methods for understanding the health
of the public. The near ubiquity of smartphones has further increased
the volume and resolution of data that is shared through these sites.
The emerging field of digital epidemiology[1] has focused on meth-
ods to analyze and use this “digital exhaust” to augment traditional
epidemiologic methods. When applied to the task of disease detection
they often detect outbreaks 1-2 weeks earlier than their traditional
counterpart [1]. Many of these approaches successfully employ data
mining techniques to detect symptoms associated with influenza-like
illness [2]. Others can identify the appearance of novel symptom pat-
terns, allowing the ability to detect the emergence of a new illness in
a population [3]. However, behaviors that lead to increased risk for
disease have not yet received this treatment.

Methods
We have created a methodology that can detect the behavioral de-

terminants of disease in the population. Initially we have focused on
risky behaviors that can contribute to HIV transmission in a popula-
tion, however, the methodology is generalizable.

We collected 15 million tweets based on 32 broad keywords relat-
ing to three types of risky behaviors associated with the transmission
of HIV: drug use (e.g. meth), risky sexual behaviors (e.g. bareback),
and other STIs (e.g. herpes). We then hand coded a subset of 2,537
unique tweets using a crowd-sourceable “game” that can be distrib-
uted online. This hand-coded set was used to train a simple n-gram
classifier, which resulted in an algorithm to select relevant tweets
from the larger database. We then generated geocodes from text lo-
cations provided by the tweet author, supplemented by the ~1% of
tweets that are already geolocated. We scaled these geocodes to the
state and county levels, which allowed us to compare HIV prevalence
in our collected data with public health data.

Results
We present the correlation between behaviors identified in social

media and the corresponding impacts on disease incidence across a
large population. Hand coding revealed that 34% of tweets with one
or more of the 32 initial keywords was relevant to behaviors associ-

ated with HIV transmission. Among the three categories of initial
search terms, the drug category yielded 21% true positives, compared
to 9% for risky behaviors, and 2% for other STIs. The n-gram clas-
sifier measured 66% sensitivity and 44% specificity on a test set. In
addition, our geolocation algorithm found coordinates for 88% of text
locations. Of those, a test sample of 59 text locations showed that
83% of geolocations are correctly identified. These components com-
bine to form an analysis pipeline for detecting risky behaviors across
the United States.

Conclusions
We present a surveillance methodology to help sift through the vast

volumes of these data to detect behaviors and determinants of health
contributing to both disease transmission and chronic illness. This ef-
fort allows for identification of at-risk communities and populations,
which will facilitate targeted, primary and secondary-prevention ef-
forts to improve public health.
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