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Abstract—Knowledge generation from citizens is becoming
both more feasible as well as important. Data directly from
individuals can be critical as it can add information beyond
what is available otherwise. Crowdsourced data also is very
amenable in open data efforts given the nature of its generation.
In this talk I will describe several efforts in which we are
generating crowdsourced knowledge from open data and using
it to more readily improve knowledge in public health.
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I. INTRODUCTION

Public health has had a culture of information-sourcing
directly from individuals, whether through surveys or other
means, and thus citizen science has naturally become in-
tertwined in many public health efforts. For example, syn-
dromic reporting for acute respiratory infections (flus and
colds) is now in place in 11 countries in Europe (Influen-
zanet), Australia (Flutracking) and the United States and
Canada (Flu Near You). The types of data being garnered
from these growing systems is also expanding; spanning bio-
logical specimens (nasal, saliva, fecal) [1], [2], physiological
data [3] and text-based data [4]. Many of these systems
aggregate and share data in various forms. In particular we
expand on a particular effort in sourcing molecular data
directly from individuals as well as our development of
methods to use open-data in disease models.

II. CROWDSOURCING MOLECULAR DISEASE DATA

Participatory systems have been shown useful to address
the need for real-time information about infections circulat-
ing in the community, however they have been limited to
self-reported syndromic information only [4], [5]. Though
important for early outbreak detection and epidemic moni-
toring, symptom information on it’s own presents an incom-
plete picture of disease incidence. Without information about
the viral etiology of the illness, viral burden and prevalence
cannot be accurately estimated, and selection of appropriate
treatment and prevention measures is limited. To address
this challenge, we developed the GoViral platform [1]. The
platform was intended to help gather data and evaluate
whether a cohort of lay volunteers could, and would find it
useful to, contribute the syndromic data as well as specimens

for molecular analysis. Volunteers are recruited, given a kit
(collection materials and customized instructions), instructed
to report their symptoms weekly, and when sick with cold
or flu-like symptoms, requested to collect specimens (saliva
and nasal swab). In this talk we will discuss the system in
more detail, as well as how the data is collected and shared.

III. MOBILITY PREDICTION FROM OPEN DATA

In public health efforts, modeling of disease is an im-
portant challenge and as part of this, predicting individual-
level mobility patterns is vital. While data sources such as
GPS trackers or Call Data Records are temporally-rich, they
are expensive, often not publicly available, or garnered only
in select locations, restricting their wide use [6], [7]. Con-
versely, geo-located social media data are publicly and freely
available, but present challenges due to their sparse nature.
Further, much existing work has focused on predicting next
location only, though knowledge of an entire movement
timeline is relevant for emerging applications. Accordingly,
we have developed a stochastic framework, Intermediate
Location Computing (ILC) which combines approaches
from several existing mobility prediction methods, alongside
community behavior, to predict every missing location from
an individuals social media timeline [8]. We compare ILC
with several state-of-the-art approaches. For three major
cities, ILC predicts at 1 and 2-hour resolution with up to 86%
accuracy, 19% better than compared methods. We show how
amount of community data improves prediction, and that
community movement improves prediction of an individuals
movement more on weekends versus weekdays. Overall this
work presents a new algorithm to predict practical and
continuous individual-level mobility patterns with sparse but
a readily available, open data source.
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