DrugTracker: A Community-focused Drug Abuse Monitoring
and Supporting System using Social Media and Geospatial Data
(Demo Paper)

Han Hu, NhatHai Phan*, Xinyue Ye
{hh255,phan,xinyue.ye}@njit.edu
New Jersey Institute of Technology
Newark, New Jersey, USA

Dejing Dou
dou@cs.uoregon.edu
University of Oregon
Eugene, Oregon, USA

ABSTRACT

In this paper, we present a community-focused drug abuse mon-
itoring and supporting system, called DrugTracker, that utilizes
social media and geospatial data in near real-time. Through the
system, users can: (1) Detect drug abuse risk behaviors from social
media platforms, e.g., Twitter; (2) Analyze drug abuse risk behav-
iors by querying consolidated and live datasets with keywords,
spatial entities, and time constraints; and (3) Explore the query
results and associated data through a web-based user interface in
thematic choropleth, heatmap, and statistical charts. To protect the
privacy of the Twitter users, whose data is collected, the system
automatically hides the re-identification elements in tweets and
aggregates the geo-tags into areas such as census tracts. For the
demonstration purpose, our DrugTracker system is populated with
a database that contains about 10 million tweets from the year 2017,
that were annotated as drug abuse risk behavior positive by our
deep learning model.
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1 INTRODUCTION

Even though drug abuse has reached epidemic proportions [17],
there still lacks tools and means to prevent drug abuse epidemics
effectively, especially for local communities and organizations, who
are at the front and center of the fight. Several well-known resources
have been developed for toxicovigilance monitoring include the
National Poisoning Data System [12], the US Food and Drug Admin-
istration, the Drug Abuse Warning Network [1] and the MedWatch
program [6]. These existing systems usually provide statistical data
in the typical yearly fashion, which does not offer adequate infor-
mation about drug abuse activities in a timely manner. This leads
to difficulty in managing available resources and efforts (e.g., anti-
dotes, recovery education, etc.), and to challenges in policy-making
towards achieving best practices in prevention and recovery.

In addition, the prevalent usage of social network sites, mobile
apps, forums, and the internet marketplace, has increasingly been
recognized as a major factor in the spread of drug abuse epidemics
[13]. Social media apps and the internet also make the purchase
of illegal drugs more convenient; access to drugs can be just a
few keystrokes away [16]. As both the exchange of information
and the obtaining of drugs become easier and faster, the drug use
trends become more volatile, diversified, and potentially lethal.
Increasingly, one drug can result in damage, even loss of lives in a
short time window (a few hours/days) [16]. It is an urgent demand
to detect and monitor drug abuse activities on online social media.

Our Contributions. Towards addressing these problems, we
develop a community-focused drug abuse monitoring and support-
ing system, called DrugTracker, using social media and geospatial
data to provide local communities and organizations with the tools
and capabilities to identify and understand the specific needs of
drug misusers and/or abusers in near real-time. A such system
will have crucial benefits to connect local communities and orga-
nizations with individuals and families, who are struggling with
drug abuse, towards a better prevention and recovery outcome.
In our system, well-trained deep learning models are integrated
into the data collection process to detect tweets that contain drug
abuse risk behaviors. Then end-users can operate the web-based
interactive monitoring interface to browse the collected data in
a spatial-temporal context in order to acquire insightful patterns
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about drug abuse risk behaviors. Our system is available on GitHub:
https:// github.com/hu7han73/DrugVis.

2 RELATED WORK

Traditionally, the population of drug abusers and the drug usage
trend are primarily estimated based on hospital emergency room
(E/R) records and surveys. However, basing estimates on surveys
and on E/R visits is increasingly becoming insufficient, because of
those methods of estimating drug abusing populations and drug
usage trends do not necessarily take into account the dynamics
and possibly virtual nature of drug using communities, nor the fast
pace with which drug abuse information cascades through virtual
communities. In the past decade, researchers have utilized social
media data and public forums, such as Twitter, Instagram, Reddit,
and Bluelight, etc., to monitor drug abuse, with aim to potentially
prevent drug abuse, and to reduce its harm [9, 18].

For instance, a number of studies have shown that social media,
such as Twitter, can be excellent data sources for drug abuse and
drug safety surveillance [4, 14]. The potential for exploring and re-
ducing prescription drug abuse through social media is studied [15].
A more systematic study consists of a structured heterogeneous
information network to model the users and posted tweets as well
as their rich relationships constructed for automatic detection of
opioid addictions [5].

From monitoring system perspectives, several well-known re-
sources for toxicovigilance monitoring include the National Poison-
ing Data System [12], the US Food and Drug Administration, the
Drug Abuse Warning Network [1] and the MedWatch program [6].
Myslin et al. [11] evaluated Twitter for information about cigarette
smoking. Moreno et al. [10] mined Facebook regarding alcohol
use. Bosley et al. [2] studied how Twitter users sought informa-
tion about cardiac arrest. Recently, Coloma et al. [3] illustrated the
potential of social media in drug safety surveillance. The NPDS
provides data about calls to poison centers nationwide, and the
information may be used to track the risks of prescription drug
abuse. MedWatch focuses on providing information about adverse
drug events. However, it does not monitor patterns of drug abuse
in near-real time.
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Figure 1: Basic architecture of DrugTracker system.
However, there is still a large gap between existing drug abuse
surveillance methods and what is desired to help them connect and
share the right information and resources with the population that
needs them and with individuals in a timely manner. For instance,
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Table 1: Geo-tag types and frequency

Geo Type Sub-type Percentage
Country 0.29%
Admin 13.63%
Place City 70.69%
Neighborhood 0.32%
POIL 1.06%
Coordinates - 14.01%

there is still a lack of approaches to utilize information networks
that integrate online social media data with offline geospatial data
for discovering and understanding drug abuse, due to a variety of
challenges, such as data discrepancy, uncertainty, sparsity, noise,
and bias. The spread of drug abuse behaviors, and the social struc-
tures and communities of drug abusers in online social media, are
also largely unknown.

To meet the challenges that local communities and organizations
face with regard to drug abuse, we develop a community-focused
online drug abuse monitoring and supporting system using social
media and geospatial data. Different from existing systems, our
DrugTracker system aims to provide local communities and or-
ganizations with the tools to detect and analyze drug abuse risk
behaviors in near real-time.

3 DRUGTRACKER SYSTEM

We select to implement DrugTracker as a web-based visualiza-
tion system, since web-based systems are more flexible and re-
quires virtually no setup process for end-users. Our system (Figure
1) includes two major parts: (1) The back-end, which runs on a
server and provides data services, including data collection, data
pre-processing, deep learning models for drug abuse risk behavior
detection, and data management; and (2) The front-end, which runs
on web browsers to provide interactive User Interfaces (Uls), for
making queries and visualizing analysis results.

3.1 Back-end Services

The back-end does the heavy lifting in the system, which runs a
complete pipeline of collecting and processing data coming from
social media and other sources (e.g., census data). There are three
major modules in the back-end, including the data collection mod-
ule, the data processing module, and the data management module.

For the data collection, we use tweets as a major source of geo-
tagged social media data for its availability and abundance. We
collect tweets through the publicly available Streaming API [19]
using a typical keyword-based crawler well-integrated with trained
deep learning models (i.e., CNN and LSTM models) designed to
detect drug abuse risk behaviors in tweets [7, 8]. In our previous
works [7, 8], we built our human labeled drug abuse risk behavior
dataset, and demonstrated that a deep learning model, which was
trained with both labeled data and large number of unlabeled data,
can achieve state-of-art classification performance (86.63% of Accu-
racy, 89% of Recall, 86.83% of F1-value) on our dataset. The module
is able to continuously collect newest tweets, to feed tweets to deep
learning models, and to update the system with live data, so that
the drug trend can be tracked and analyzed in near real-time.
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The use of geo-tags in tweets is not straight forward. Statistics
of the 2017 dataset, as shown in Table 1, tell us that there are two
major types of available geo-tags: ‘place’ Object and ‘coordinates’
Object. The ‘coordinates’ Objects are GPS points that comes from
Twitter users who have location service turned on, while each ‘place’
Object refers to a named place entity that the tweet is associated
with (but not necessarily originating from) [19]. However, the ‘place’
Objects have several types but the resolution/granularity of each
Object of same type may vary. In this demonstration, we opt to only
use ‘coordinates’ as geo-tags, as they provide the highest location
precision with an adequate quantity of data points.

For offline data, such as geographical data and demographic data,
we use publicly available data from trusted sources (e.g., Census
Bureau). A work-flow is built to pre-join the tweets data with offline
data as a pre-processing step for performance reason. In our system,
we first collect Census Tract data, in the format of Shapefile, and
population census data, in the form of spread-sheets. Then we
joined (table-join and spatial-join) these data with tweets, so that
each tweet record in our database is associated with offline data.

The pre-processed tweets data is stored and managed in a NoSQL
database (MongoDB). For the fields in the original tweet objects,
only those fields that are used by the front-end are stored. Several
further pre-processing steps are preformed, including: (1) The time-
stamp of each tweet, which is in UTC, is converted to local time
using geo-location information; (2) Re-identification information
in each tweet’s texts, i.e., User Mention and URL, are removed;
and (3) The sub-category of each tweet is extracted by identifying
drug abuse-related keywords. Indexes are created for the fields of
time-stamp, text, keywords, and geo-location to support fast text
queries and spatial queries. Python and PHP scripts are served as
the interface between the back-end and the front-end that execute
queries and generate responses to the front-end.
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Figure 2: Mapping Area: (a) Choropleth and (b) Heatmap.
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3.2 Front-end Interactive Visualization

The front-end is built based on the open-sourced NeighborVis Sys-
tem [20]. The basic UI layout and some components are inherited,
while new functions are added to incorporate the different functions
offered in our system. The front-end is a dynamic web page con-
structed with HTML and Javascript. Javascript framework Leaflet
is used for the core mapping functionality. Other frameworks, such
as Heatmap-js and D3 are used for drawing heatmap and charts,
respectively.

Figure 3: An example of polygon-shaped query area.

One noticeable change we made to the system is that the tweets
displayed to the users in the front-end are always aggregated into
some desired form instead of individually. This is done for two
reasons: (1) To protect the sensitive information that the tweets and
the classification results contain; and (2) To enable the displaying
and analysis of tweets at population scale, as it is impractical to
show millions of tweets on the map. The aggregation can be done
on different types of administrative regions or entities, depending
on the users’ needs. For demonstration, we aggregate our data into
Census Tract level. The UI of our system is demonstrated in Figures
2-4. The visualization layout is divided into three sections from
left to right: (1) Query Management; (2) Mapping Area; and (3)
Statistical Information.

Query Management. To begin, users should provide a query by
clicking a button on the left panel to launch a query interface (Figure
2). A query has two mandatory constraints: temporal constraint and
spatial constraint, and one optional constraint: content constraint.
The temporal constraint limits the local posting-time of tweets and
is specified by a start and an end date. The spatial constraint limits
the location where the tweets are from and can be either a user
defined area (optional shapes are circle, rectangle, and polygon
Figure 3), or a list of states. The actual query area has a minimum
granularity (Census Tract level in demonstration) to prevent the
disclosure of individual tweet’s location. The content constraint can
be a list of keywords and phrases, e.g., “get high," “smoke blunt," etc.
Users can also query multiple datasets at once to improve efficiency.

Once the query is submitted, the back-end will process the query
and send aggregated results to front-end for displaying in the map-
ping area. Our system provides two basic mapping options: Choro-
pleth and Heatmap (Figure 2). Choropleth displays the number of
tweets that match the query within each area with a color mapping
from green (low) to red (high). Jenks natural breaks is the default
classification (binning) method. The choropleth can also display
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Figure 4: Analysis functions: (a) tweet samples, (b) Temporal
analysis, (c) Category frequency, and (d) Word cloud.

the tweets data conjugated with selected offline data (e.g., normal-
ize the number of tweets by the population in each Census Tract).
Heatmap provides a way to view the data in a more analog way, by
showing the density in a spectrum of colors from blue (low) to red
(high). On the left-side panel, users can select which dataset and
query to view, and can fine-tune the parameters of the generated
maps (e.g., opacity, number of bins, and heatmap intensity).

There is a collapsible panel (Figure 4) on the right consisting
of five sub-panels, each of which presents a set of information
corresponding to the current query that aids the analysis, including:
(1) Query information, shows the parameters that are used for this
query; (2) Random samples of tweets in the query (Figure 4a); (3)
Temporal analysis of different scopes, including by year, by month,
by week, by day, by weekday, and by hour-of-day (Figure 4b); (4)
Word cloud of most popular words in among the tweets in the query
(Figure 4d); and (5) Bar chart of frequency of each category (e.g.,
type of drug mentioned in each tweet) (Figure 4c). If the user is
interested in more detailed analysis, by clicking the items in these
panels, e.g., a keyword in (Figure 4d), and a category in (Figure
4c), a sub-query with updated parameters will be launched and
new results will be displayed. The user can easily switch between
queries to compare them.

4 CONCLUSION AND FUTURE WORKS

In this paper, we developed a community-focused drug abuse mon-
itoring and supporting system, called DrugTracker, using social
media and geospatial data in near real-time. Our DrugTracker sys-
tem provides vital source of information when combating the drug
abuse epidemiology, and proposed a function rich visualization
system that can help local communities and organizations being
informed about drug trends, locating drug abuse hot-spots, and
reaching online users who may in need for help.
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Several future works can be done on the proposed system. Here
we just name a few: (1) Integrates more varieties of offline geospatial
data that fits the needs of different aggregation levels; (2) Integrates
more advanced privacy preserving methods that enables more de-
tailed analysis with lower risk of unwanted leak of privacy; and
(3) Further enrich the system with social connections (e.g., follow-
ing, user mention) to enable the association of social connection
information with geospatial data that aids the analysis.
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