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Introduction to this Special Issue:
Modeling and Understanding the Spread of COVID-19

(Part II)
Andreas Züfle, Taylor Anderson

George Mason University
{azufle,tander6}@gmu.edu

The emergence of COVID-19 and its rapid spread across the globe has sparked research collaborations and
initiatives between investigators from a vast number of disciplines including epidemiologists, social scientists,
psychologists, mathematicians, geographers, data scientists, and more - all with the unified aim to better under-
stand, predict, and mitigate the impacts of the disease. Many of these investigators make up the longstanding and
interdisciplinary community that is SIGSPATIAL. Research efforts in this community offer a unique perspective
for which to study the disease with a focus on the development and implementation of novel modeling, simula-
tion, management, querying, and mining approaches that leverage the power of spatial-temporal data, much of
which has increased in resolution and availability in an effort to combat COVID-19.

Part I of this Special Issue on Modeling and Understanding the Spread of COVID-19 [1] showcased current
and emerging research projects related to COVID-19. It provided COVID-19 related datasets to the commu-
nity [2] and presented solutions to mapping COVID-19 [3], detection of COVID-19 clusters [4], and analysis
of change in human mobility due to COVID-19 [5]. Part II of this Special Issue aims to further showcase the
growing number of COVID-19 related research efforts in the SIGSPATIAL community and beyond.

The goal of this newsletter special issue is to rapidly disseminate current research efforts by
the SIGSPATIAL community and to facilitate discussions and collaboration

This newsletter has two sections. The first section presents three research projects and visions related to under-
standing and tracing the spread of COVID-19:

1. the first article by Xiong et al. describes a novel project towards real-time contact tracing of COVID-19
spread. The approach presented in this article takes special consideration on user privacy and allows users
to refine the precision with which their data is collected and used,

2. the second article by Mokbel et al. discusses the limitations of (user-based) contact tracing apps and
lays out the vision and guidelines of moving contact tracing from being personal responsibility to be the
responsibility of facilities that users visit daily,

3. the third article by Bobashev et al. proposes the development and implementation of a novel reinforcement
learning framework that combines compartmental modeling and machine learning approaches to predict
the spread of COVID-19 and evaluate the risk to hospital resources,

4. the fourth article by Kim et al. presents a novel approach for combining predictions from multiple models
of COVID-19 spread into a smaller set of ensemble predictions. The approach facilitates the visual anal-
ysis of the agreement between model predictions while accounting for their assumptions and uncertainty.

In the second section of this newsletter, not directly related to COVID-19, Sarwat discusses challenges and
opportunities for using spatial data systems to support the Internet of Things (IoT).
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All research papers across both parts of this special issue are invited to present their research at ACM
SIGSPATIAL 2020 at the 1st ACM SIGSPATIAL International Workshop on Modeling and Understanding the
Spread of COVID-19 to be held virtually on November 3rd, 2020. This workshop will provide a forum for
our community and collaborators across domains to discuss directions, opportunities, and lessons learned to
continue our fight again COVID-19 and to become more resilient to future diseases.

We hope to welcome you to the workshops and the main conference. A limited number of free conference
(and workshop) registrations are available. For details see https://sigspatial2020.sigspatial.
org/registration/. We’re looking forward to seeing you virtually at the 28th ACM SIGSPATIAL Inter-
national Conference on Advances in Geographic Information Systems (ACM SIGSPATIAL 2020) on Novem-
ber 3-6, 2020!

Finally, we want to cordially thank all the authors for their excellent contributions to this issue.
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Abstract

Contact tracing is an essential public health tool for controlling epidemic disease outbreaks such
as the COVID-19 pandemic. Digital contact tracing using real-time locations or proximity of
individuals can be used to significantly speed up and scale up contact tracing. In this article, we
present our project, REACT, for REAal-time Contact Tracing and risk monitoring via privacy-
enhanced tracking of users’ locations and symptoms. With privacy enhancement that allows
users to control and refine the precision with which their information will be collected and used,
REACT will enable: 1) contact tracing of individuals who are exposed to infected cases and
identification of hot-spot locations, 2) individual risk monitoring based on the locations they
visit and their contact with others; and 3) community risk monitoring and detection of early
signals of community spread. We will briefly describe our ongoing work and the approaches we
are taking as well as some challenges we encountered in deploying the app.

1 Introduction
More than 6.5 million people in the U.S. have been infected with the coronavirus (COVID-19) and more
than 200,000 have died as of September 20201. While there has been a slowdown in new infections in
recent weeks, tens of thousands of new cases are still reported daily nationwide.

Contact tracing [12] is an essential public health tool for controlling epidemic disease outbreaks
such as the COVID-19 pandemic, involving identification and follow-up of all individuals who may have
come into contact with an infected person. In traditional and current CDC-recommended practices2,
contact identification is conducted by asking about the person’s activities. This process, however, does
not scale. It is time-consuming and ultimately infeasible in public health crisis for large scale contact
tracing, as is the case in COVID-19. Failure of traditional contact tracing necessitates alternatives with
high degrees of community acceptance [11]. In addition, contact data collected in this way may be
incomplete (limited to known contacts) or unreliable. Digital contact tracing using real-time locations

1https://covid.cdc.gov/covid-data-tracker
2https://www.cdc.gov/coronavirus/2019-ncov/php/contact-tracing/contact-tracing-plan/contact-tracing.

html
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or proximity of individuals can significantly speed up and scale up contact tracing, as demonstrated
by many efforts in Asia and Europe [22, 29, 27, 21, 30, 41].

In March 2020, we submitted a RAPID proposal to NSF which was funded in April as a collaborative
project among investigators at Emory University3, University of Southern California4, and UT Health
Science Center5. The goal of our project is to develop techniques and a mobile application, REACT,
for REAl-time Contact Tracing and risk monitoring via privacy-enhanced tracking of users’ locations
and symptoms.

In early April 2020, a draft of a seminal paper that was later published in Science [13] was released
that made the case for digital contact tracing for COVID-19. The main observation from the paper
was that since typically only symptomatic cases can be contact-traced, to bring R0 below 1 (and
hence stopping the spread), it was important to notify the symptomatic patient’s contacts as soon as
possible, which would only be possible through digital contact tracing. This was the first paper based
on analysis of real-world COVID-19 data to make such a case, even though prior to that several studies
(including our RAPID proposal to NSF in March) suggested the usefulness of digital contact tracing
for COVID-19.

In mid April 2020, Apple and Google announced their proposed method of using mobile phone’s
bluetooth to exchange secure and anonymous tokens among nearby phones, which would then be used
to notify device owners if they were in proximity of someone (actually someone’s phone) who has been
diagnosed with COVID-19 by health authorities. The approach was elegant but not very effective. In
fact, one could argue6 that the spatiotemporal data Apple and Google already collect from users, i.e.,
user mobility patterns, is much more useful for digital contact tracing.

Since then, discussions and efforts about creating contact tracing apps in the U.S. have become
mired in battles over privacy concerns and inconsistent responses from different states and stakeholders.
Our own project was politicized (ungroundedly) by Breitbart7 in early May. There is also uncertainty
about how much digital contact tracing would help the overall response to the pandemic compared to
other measures including social distancing and mask wearing that are now largely adopted in the U.S.

Indeed, a critical issue in using real-time location traces of users for digital contact tracing is user
privacy. A location trace can expose users to attacks such as unwanted spams/scams or physical danger,
especially in the uncertain times at present. Location traces can be also linked to other information to
disclose sensitive information about an individual, e.g., political views and religious inclinations.

Many contact tracing applications, including the ones from Apple and Google, use Bluetooth-based
proximity only, not absolute locations, to protect privacy. Examples of this include official contact
tracing apps from countries such as United Kingdom, Switzerland, Germany. Of those apps, some keep
the contact data locally in the user’s phone while others upload the contact data to a central location
(e.g., Singapore, Australia). However, ignoring absolute locations sacrifices the ability to estimate the
fine-grained transmission risk based on the type of the locations and identified hot spots, and the ability
to trace indirect contacts. Another drawback is that bluetooth can “travel through walls” and wrongly
identify someone in a neighboring room as a contact. A select few (e.g., Norway) collect both bluetooth
contact data and GPS location data. This approach has led to privacy concerns and consequently a low
adoption rate among citizens8. There have been apps that require mandatory location check-ins from
citizens issued by governments like China [38]. While highly effective for containment interventions,

3https://www.nsf.gov/awardsearch/showAward?AWD_ID=2027783
4https://www.nsf.gov/awardsearch/showAward?AWD_ID=202779
5https://www.nsf.gov/awardsearch/showAward?AWD_ID=2027790
6https://medium.com/@csatusc/why-we-need-more-than-bluetooth-data-to-fight-covid-19-64da29b3164e
7https://www.breitbart.com/asia/2020/05/04/usc-emory-creating-coronavirus-surveillance-system-similar-to-chinas-

social-credit-scoring/
8https://www.bbc.com/news/technology-52355028
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Figure 1: Public Health Utility and Privacy Tradeoffs

these apps have also heightened concerns about surveillance and data abuse.
Besides using cellphone apps, passive digital tracking is gaining popularity. The Chinese govern-

ment now complements contact tracing efforts by using direct cellphone location information as well as
train/plane travel data, while South Korea opts to send mass alerts describing the locations visited by
infected individuals. Wi-Fi localization is being used to check for adherence to social distancing direc-
tives within industrial and university campuses. For example, using the beam-forming technology of
routers to track precisely the flow of people through different regions/floors/buildings and to determine
how well campus buildings are implementing the social distancing9. University campuses such as USC
still opt for a fusion of manual contact tracing with digital contact advice, for example by requesting
possible contacts of an infected individual to call the Public Health number for next steps. However,
this approach does not eliminate the privacy or scaling problem discussed earlier.

We believe a pandemic like COVID-19 requires a careful design of privacy protection—with pub-
lic health benefits and privacy enhancement approaches—that optimizes the tradeoffs (as shown in
Figure 1). The acceptability of contact tracing technology and the ethical use of it mainly depend
on privacy, voluntariness, and beneficence of the data [33]. As governments reopen activities and
businesses, contract tracing and risk monitoring remain important components of the public health
response along with other measures such as testing and support for quarantine.

The goal of our project is to develop techniques and a mobile application, REACT, via privacy-
enhanced tracking of users’ locations and symptoms. Figure 2 gives a schematic for our framework.
Users can voluntarily submit their locations and symptoms to the server, in addition to the proximity
information that is captured by Bluetooth. To enhance privacy, users can control and refine the
precision other users with whom their information will be collected and used. We are developing a
multi-stage privacy approach where users can upload perturbed locations and adjust the privacy level
or precision of the location to be uploaded as their risk evolves. Given such privacy options and
enhancements, we hope that REACT will enhance contact tracing of individuals who are exposed to
infected cases and allow identification of hot-spot locations for decontamination or increased surveillance
to control further spread. The key is to develop efficient and scalable spatiotemporal data structures
and algorithms for contact tracing queries given the potentially large number of users and the multi-
resolution or perturbed location traces. More importantly, our vision is to go beyond contact tracing
and support individual risk monitoring. We hope to develop a learning-based approach to estimate the
risk for the users based on the locations they visit and their contact with others, so they can receive a
real-time exposure risk score and be informed and alerted, e.g., they can self-quarantine or get tested

9https://tippersweb.ics.uci.edu/covid19/d/IwAc1O9Wk/covid-19-effort-at-uc-irvine?orgId=1
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when the risk is high. Finally, we also plan to use the data collected for community risk monitoring
using a social network sensors approach by monitoring a random group and a friends group, to detect
early signals of community spread to prepare for larger-scale infections.

Figure 2: REACT Overview

In this article, we will briefly describe our ongoing work and the approaches we are taking in-
cluding: 1) building efficient, scalable data structures and algorithms for contact tracing queries; 2)
expanding a learning-based approach for modeling user’s risks based on location risk factors, propa-
gated risks from other users, and the user’s self-reported risk factors such as symptoms, demographic
data, existing conditions, and travel history; and 3) enabling a multi-stage privacy approach based on
geo-indistinguishability and its variants [4, 42]. We also describe our progress to date in developing and
deploying the app as we originally planned at our three collaborating institutions. The release of the
app requires intensive security and human subject research reviews that are much more involved than
what we had originally anticipated. In addition, we have encountered other nontechnical obstacles that
we will describe in our case study at USC.

2 Approach
The main goal of our project is to enable contact tracing and risk monitoring via tracking of users’ lo-
cations and symptoms. Upon user’ consent, locations can be automatically uploaded at a user-selected
frequency and granularity. Selected personal data will be collected on a voluntary basis including
demographic information and existing conditions. In-app surveys will be used to collect user symp-
tom data periodically or triggered by time/location following the Ecological Momentary Assessment
methodology [34, 19]. We plan to ask users daily if they experience of any of the symptoms of upper
respiratory illness: fever, chills, muscle aches, cough, congestion, runny nose, headaches, fatigue, and
shortness of breath, as well as if they have a confirmed infection of COVID-19. Given the purpose of
the app, we expect even if there are self-reported false positives, acting in an abundance of caution
would benefit the community.

2.1 Contact Tracing

We envision that whenever a user self-reports onset of COVID-19 symptoms or a confirmed positive
test, we can systematically identify all users who have been in contact with this infected case both
directly and indirectly. Once identified, we can alert other users and update their risks. We discuss
queries to identify contacts in this subsection and risk notification and modeling in next subsection.

6



Figure 3: Transmission Scenarios

We consider three types of transmission of COVID-19: 1) direct person-to-person transmission,
i.e. in close contact with someone infected (simultaneous co-location); 2) fomite transmission, i.e. in
contact with a contaminated surface or object at a location visited by someone infected earlier (lagged
co-location) [25]; and 3) indirect person-to-person transmission by contact with someone who is earlier
in contact with someone infected. Figure 3 illustrates four user trajectories where uc has a confirmed
infection at time t4 and the three transmission scenarios: 1) u1 via simultaneous co-location at t2, 2) u2
via lagged co-location at time t4, and 3) u3 via direct transmission from u1 at t3 (indirect transmission
from uc).

We will first consider the first two scenarios which are the primary ways of transmission. Assume
the location trace of each user is represented as a sequence of visits < u, s, t > (user u at location s at
time t). Given a user uc with confirmed infection, we need to find all users who have simultaneous or
lagged co-location with uc in a back tracing window (this can be parameterized, e.g. as 5 days which
is the currently known median incubation period for COVID-19 [35]). Defining a sequence of visits by
a single user as a trajectory, this problem can be formulated as composition of trajectory range queries
[43] which given a trajectory dataset, a spatial range and a time interval, returns all trajectories that
intersect with both the spatial range and the time interval. For each location s visited by uc at time t
in the time window, we can compute trajectory range query using a spatial range of 6 feet centered at s
and a time interval of up to 72 hours starting at t (the viable time of COVID-19 virus on surfaces [40]).
These parameters can be changed with dynamic evidence such as the distance within closed/open spaces
or modifications in aerosol range according to latest research and CDC recommendations. Consider the
example in Figure 3, the query given uc will return u1 and u2. There are many structures that index
trajectories to efficiently answer such queries, but since we mainly work with visits, we can simply index
visits using point-based indexes. Given the broad availability of R-trees [18] (e.g., with PostgreSQL)
and the need to have our system up and running quickly, we will use an R-tree to index the visits on
the three dimensions: latitude, longitude and time.

The indirect transmission is more challenging both from modeling and computational point of view.
We need to find all users that are directly and indirectly in contact with the confirmed case such as u3
in our example. This can be formulated as a spatio-temporal reachability query [37]. A straightforward
approach is to first run the trajectory range queries using the confirmed case as source, then run
the queries recursively by using the returned trajectories as sources. This will be computationally
expensive, especially when the number of indirect transmission hops becomes more than a few. We
plan to explore an alternative approach by leveraging our prior work [37] which proposed efficient grid
and graph based indexes for answering “single source single destination” reachability queries. The main
idea is to compute reachability on-the-fly by expanding the contact network starting from the query
source and utilizing the spatio-temporal locality for enhanced performance.

7



2.2 Individual Risk Monitoring

While contact tracing is triggered when there is a confirmed infection, we envision REACT will also
allow users to monitor their own risks in real time based on the locations they recently visited and the
aggregated risks of other users they have come in contact with. Whenever a user visits a new location,
we will use our risk model to update the risks for other users, so that they can be informed/alerted
and take preventative measures when necessary. Specifically, we can define a risk score between 0 and
1 for each user u which represents the probability u will contract the virus and 1 means the user has
a confirmed infection. We can gradually train a risk model (e.g. a logistic regression model) based on
the risk factors as we collect more data including confirmed infections (which serves as ground truth).

The following factors can be considered in the risk model for each user u: 1) u’s risk profile including
demographic data and existing conditions, 2) aggregated risk of locations u has recently visited, and
3) aggregated risk of recent contacts with other users. Risk of a location can be dependent on type
of location or Point of Interest (e.g. from Google Map API) and confirmed cases in the area [1].
Risk associated with each contact can be dependent on distance and duration. Due to infrequent or
generalized location tracking for privacy enhancement, distance may not be accurate enough nor can
duration of co-location be captured adequately. Hence, we plan to incorporate the strength of social
relationships between two users as an additional factor. Duration of social contact is typically longer,
suggesting a higher risk, for dyads with social ties rather than dyads of strangers [28, 6]. This social
relationship can be partially explicitly collected from the users (see the subsection below) or implicitly
inferred from their historical trajectories as we have demonstrated in our prior work [31]. The intuition
is that if two people have frequent co-locations, especially at not-popular places, it is likely they are
socially related.

In order to evaluate our risk monitoring algorithms, we need to have realistic data before we collect
real data from the deployed app. We are developing an agent-based spread simulator based on a
real mobility dataset10 to generate test data. Most existing simulations are based on compartmental
models which cannot account for real life mobility patterns. We are using real-world mobility patterns
to inform disease spread and creating a simulator that can generate realistic spread data.

To complement our algorithm development for contact tracing queries and risk monitoring, we are
also designing and developing a user facing dashboard (at USC) to enable public health practitioners to
expedite contact tracing processing and provide recommendations based on risk parameters estimated
from available co-occurrences and user data. The dashboard will enable decision makers to visualize
and optimize interventions as powered by the Spread Simulator.

2.3 Community Risk Monitoring

To monitor the community, we will use the social network sensors approach [8]. Using a novel study
design based on properties of social networks, the method yielded a 2 week advance signal of the H1N1
influenza outbreak in fall 2019 among Harvard undergraduates. In our project, we will invite a random
sample of students at each of our three institutions to participate as a baseline (Random Group). We
will ask the Random Group for contact information for 2-3 of their friends. Subsequently, we will invite
the friends to participate (Friends Group). The value of the social network is that, in an epidemic,
the more central members of a social network become infected earlier. Thus utility of the app as used
with this study design is that not only will we have an estimation of risk, but we also expect a similar
early signal of an outbreak by examining over time the differences between the Random Group and
the Friends Group with its more central members [9, 28].

10the anonymized raw mobility dataset is provided to us by Veraset.
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Specifically, we will track the numbers of users in each group who have a constellation of symptoms
consistent with COVID-19 (fever, dry cough, shortness of breath). Without loss of generality we can
similarly track symptoms consistent with influenza, providing generalized utility for the annual seasonal
influenza outbreak beyond the current pandemic. We will use an adaptation of the cumulative sum
(CUSUM) procedure to detect the first separation of the Friends Group from the Random Group with
respect to prevalence of COVID-19 symptoms [20]. In particular, we will use the CUSUM count method
to determine the separation time [14, 15]. Briefly, we will consider at the end of each day, t, the counts of
the number of users in the Random and Friends groups reporting symptoms consistent with COVID-19,
Y R
t and Y F

t respectively. Assuming that these counts are (conditionally) independent Poisson variables
with mean µRt and µFt , the CUSUM method—based on the likelihood ratios of functions of sums of Y R

t

and Y F
t as t increases—uses sequential hypothesis testing to determine the change point from µFt = µRt

to µFt > µRt which suggests an imminent community outbreak.

2.4 Privacy Enhancements

Despite the utility of contact tracing, the technology also raised a lot of trust concerns [32], including
cultural and behavioral issues [26], privacy and equity [5], legal issues [10], and individual autonomy,
privacy, confidentiality, and social justice [36]. Medical professionals are facing ethical choices between
the public good and individual’s privacy [24]. Besides these intensely debated issues [23], data protection
and user acceptability remain as major barriers [2].

To mitigate privacy risks while ensuring immediate public health impact, the key is to give users
the options to control frequency and precision with which information will be collected. For instance,
users will be able to choose and update frequency of tracking (or a manual check-in option) and the
granularity of tracked locations (e.g., a generalized location range) as their risk evolves and to choose
whether to report symptoms or not.

Given infrequent tracking or generalized locations, results of contact tracing queries may not be
precise. We plan to have a multi-stage approach to address this challenge. In stage 1 (global com-
putation), the server can perform “single source all destination” contact tracing queries to identify
all “possible contacts” over the generalized or imprecise locations. This may lead to false positives
and false negatives. We can adjust or relax both spatial range and temporal interval to account for
generalized locations and infrequent tracking and ensure a low false negative rate. Possible contacts
can then be alerted. In stage 2 (local refinement), alerted users can choose to upload his/her precise
location trace stored locally in the recent window to confirm contact status with the confirmed case.
The server then will perform a “single source single destination” query to get precise result. In our
prior work [39], we have shown that such a multi-stage approach is promising for task assignment given
uncertain/perturbed locations of workers and tasks for spatial crowdsourcing.

Currently, we have adopted and evaluated the geo-indistinguishability (GeoInd) privacy definition
[4, 42, 39, 17] to enable users to protect their locations. Given app users u1 (and u2, respectively), the
ε-GeoInd perturbation mechanism distorts their exact locations l1 (l2) to l′1 (l′2) by adding a spatial
noise vector derived from a 2D Laplace distribution (with scale inversely proportional to ε). The
challenge is then to accurately compute the range or reachability queries over the perturbed locations
and to address the privacy risks associated with a location trace—a straightforward composition of
geo-indistinguishability will render either the privacy or the utility not acceptable.

We extend probabilistic techniques from our previous work in [39] to calculate the range query over
the pair of perturbed locations l′1 and l′2. Recall that the range query captures whether or not two users
actually made a contact (parameterized as a reachable distance R), which is indicative of the risk of
a potential transmission. The objective is to then calculate their reachability probability p(d ≤ R|d′),
where d and d′ are the Euclidean distances of their exact and perturbed location pairs, respectively.
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Our preliminary studies using the Gowalla Geo-social Network checkin dataset [7] verifies that the
probabilistic approach can outperform the baseline oblivious approach (which determines reachability
using the perturbed locations directly), and it can achieve 80% precision and recall given a reasonable
privacy level.

2.5 App Development

The current REACT11 app is forked from an existing open source project named Covid Community
Alert12. The REACT app collects proximal contacts (via Bluetooth) and locations (via GPS if per-
missed by user) for contact tracing. It maintains the anonymity of its users by recording ephemeral
device IDs that persist for the duration the app is installed and can be reset by user by re-installing
the app.

We extended the app with additional location privacy features. A UI page requests the user to
input a desired privacy level (between low, medium and high) for sharing his/her locations. This
privacy level is interpreted as the level of perturbation that is applied to user’s location before it is
transmitted to the receiving server. We implemented the GeoInd based location perturbation with
predefined privacy levels. Another UI element provides the functionality for the users to self-report
their COVID status (e.g., from symptomatic, tested positive/negative, recovered). The app works as
follows. A user registers the device by sending a randomly generated device ID to the server when first
time use the app (no personal information collected). The app keeps scanning surrounding Bluetooth
signals and collects the IDs of the nearby devices. The interaction information including devices IDs,
timestamp, interaction duration and GPS location are sent to the back-end server. When a confirmed
case is reported, the back-end server finds the potential contacts and estimates their total risk score. If
the risk score exceeds a preset level an alert is relayed to these users as a notification on their device.

3 Deployment: Challenges and Lessons

Our original plan was to develop and release a mobile app at our three collaborating institutions. At
Emory University, at the time of writing, we are still under security review by the university IT office
and IRB review for the human subject research, which will not proceed without satisfactory security
review. At UT Health, the IRB review has been approved. At University of Southern California
(USC), earlier versions of the app had gone through the security reviews and hence efforts were made
to deploy it for real use. In this section, we discuss some of the practical and non-technical challenges
we encountered in releasing the app for real use at USC.

As early as mid-May 2020, Shahabi’s team at USC developed multiple contact-tracing app proto-
types using a variation of techniques to detect and collect user location data. The very first app used
the phone’s location API to store mobility patterns. The later versions included a QR-code scanning
capability to allow for scanning of location QR-codes as a way for the user to voluntarily check in and
out of a location (e.g., a classroom). The final version of the app, developed on May 22nd 2020, also
added bluetooth for proximity tracking. All these data collections had opt-out options. The goal was
to modify the app later per our proposed ideas in the NSF RAPID project to collect location data at
different spatial and temporal resolutions determined by the user and only store the detailed data on
the user’s device. Our first goal, however, was to influence one of our institutions, in this case USC
(through Shahabi’s participation in USC’s contact-tracing subcommittee) to actually adopt and use

11https://github.com/Emory-AIMS/react
12https://coronavirus-outbreak-control.github.io/web/
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the app for faculty, staff and students as they come back to campus. Unfortunately, these efforts were
not successful for non-technical reasons. We review these reasons below.

Both Google and Apple restricted the release of any app on their app stores that was related to
COVID-19 in general and for contact-tracing in particular. They required the backing of a health
organization for COVID-19 apps. With this requirement, we could not release our app, even to be used
by volunteers under IRB, unless we have the backing of our respective organizations. At USC, we tried
to release different variations of our app, went through rigorous reviews of our IT offices for security and
privacy, and at the end none of the variations (except for an early adaptation of a symptom collection
app at USC, called SCORE) made it to the app store. Basically, the time cost of releasing an app
was so high that it overshadowed the cost of developing the app itself. More importantly, even if we
released the app, as discussed below, we did not have the backing of our institute to recruit students
to use the app, which in turn rendered the releasing of the app useless.

The main hesitation of the organizations to support and release a contact-tracing app was to protect
the users’ location privacy. This was a surprise to us for three reasons. First, many apps already freely
collect users’ locations. Second, there is a decade of research on location privacy by our community that
can be incorporated, starting from simple measures of allowing users to control the specificity of their
reported locations (for instance, building level or shopping-center level), the frequency of reporting (for
example, once or twice a day) and to remove sensitive locations. More sophisticated measures and
technologies can also be incorporated, such as storing and searching all data in an encrypted form,
similar to storing passwords or banking information. Both approaches have been studied extensively
for location data in the past decade, e.g., [3] and [16]. Third, in case the integration of data about
one’s health status (in this case COVID-19 exposure) and location data was sensitive, we considered
approaches to separate the location data from health data, each being stored and accessed by trusted
parties within an organization. This is usually the first step in any privacy and security research,
where threat models are clearly defined. However, unfortunately, we never proceeded sufficiently far to
clearly define threat models. The main obstacle was the “perception” of privacy violation surrounding
any contact-tracing app. We could not solve this concern of perception with technical solutions, and
instead partnerships with colleagues from communication and journalism are needed to design and
deploy broader messaging campaigns.

Finally, we tried to convince the health offices within our organization about the usefulness of
digital contact tracing to get their support in convincing our institute to support the release of a
contact-tracing app. Towards this end, working through the USC’s contact-tracing subcommittee, we
showcased numerous proof-of-concept tools, demonstrations and presentations, directly to USC’s health
practitioners and managers who were in charge of contact-tracing on campus to demonstrate what
could have been done if location data were collected. The utilities included user-friendly dashboards
to quickly find overlapping trajectories with the trajectory of an infected case, identifying hotspot
locations (through density mapping of infected trajectories) and utilities to detect environmental and
indirect contacts. However, at the end, the health organizations preferred traditional contact tracing
approaches where individuals were interviewed thoroughly and then broad notifications were sent to
anyone who could have potentially been collocated with the positive cases. Clearly the approach is
not scalable but due to limited access of students and faculty to campuses (due to remote teaching),
the issue of scalability has not been the main concern of health practitioners as they were dealing with
other critical and time-sensitive issues.

Consequently, even though we designed and developed several useful solutions, we could not con-
vince the decision makers at our institution to support the utilization of our tools for us to make a real
impact in our community.
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4 Conclusion
In this article, we presented our ongoing project for real-time contact tracing and risk monitoring via
privacy-enhanced mobile tracking. We described the approaches we are taking for privacy enhanced
contact tracing and risk monitoring, the preliminary results we have obtained which are encouraging,
as well as some challenges we encountered in deploying the app. While there are continued privacy
concerns, and other non-technical obstacles, we believe digital contact tracing remains an important
component of the public health response and it requires careful designs and technical developments
which we will continue to work on in order to ensure privacy protection and public health benefits.
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Abstract

As pandemic wide spread results in locking down vital facilities, digital contact tracing is deemed
as a key for re-opening. However, current efforts in digital contact tracing, running as mobile
apps on users’ smartphones, fall short in being effective and present two major weaknesses related
to accessibility and apparent privacy concern augmentation. Indeed, accessibility is affected
by several factors such as smartphone penetration, age, or socio-economic conditions. The
privacy concern on the other hand comes from the fear of having a piece of technology that is
monitoring us all the time, everywhere, even when contact tracing is irrelevant. This paper lays
out the vision and guidelines for the next era of digital contact tracing, where the contact tracing
functionality is moved from being personal responsibility to be the responsibility of facilities that
users visit daily. Our proposal tackles the two aforementioned shortcomings by disengaging
users from using their own smartphones and requiring facilities to provide the technological
devices needed for contact tracing. By doing so, we reassure users that their contacts are only
considered in places where manual contact tracing is not effective, and cease being recorded as
soon as they leave the facilities they visit. A privacy-preserving architecture is proposed, which
can be mandated as a prerequisite for any facility to re-open during or after the pandemic. We
finally outline research opportunities and challenges revolving around contact tracing system
design and data management.

1 Introduction

– We are not proposing a solution to coronavirus problem, but rather a technological option to the
problem of lock-downs and the shutdowns of the economy – Raj Reddy, HLF 2020.

In the wake of the world wide pandemic caused by the spread of COVID-19 virus, which disrupted
our lives in an unprecedented way, we came quickly to realize that our best shot at the pandemic
is the WHO and CDC recommended three-step protocol: test, isolate, and trace[40]. While many
of us discovered contact tracing (CT) for the first time, it turned out that CT has been vital in
stopping the spread of infectious diseases [15] in the last few decades. The way it works is quite
straightforward: Once a patient is confirmed positive of some communicative disease, a community
health worker talks to the patient to learn about other people who were in recent contact with the
patient to screen them for the disease symptoms [41]. This can be achieved by listing names of
people or places visited. Such simple human-based process had significant impact in saving lives
by early diagnosing patients and avoiding further disease spread for tuberculosis (TB) [10], sexually-
transmitted disease [12], Severe Acute Respiratory Syndrome (SARS) [22], foot-and-mouth-disease [20],
smallpox [29], Ebola [42], among others.
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Unfortunately, human-based contact tracing does not scale up to pandemic cases, with unknown
immunity, high reproduction rate, and complex transmission mechanisms (e.g., airbone, surface) where
contacts could be unknown to the patient, e.g., people met in airports, malls, or restaurants [32]. To
hint into the scale we are talking about, it is reported that 300,000 human contact tracers are needed for
COVID-19 in the USA alone [2, 9]. With a pandemic wide spread and a worldwide lock down, causing
unprecedented economic crisis, contact tracing is identified as a must for pandemic control [17], the
EU Commission for instance recommends that contact tracing is needed for people to return to hotels
and camping sites [14]. In the USA, several states have made contact tracing a prerequisite for re-
opening, including California [26], Pennsylvania [35], Virginia [43], among others [25]. Motivated by
the limitations of human contact tracing, several governments have partnered with IT industry such
as telecommunication companies [27] and tech giants such as Apple and Google [24] to deploy digital
contact tracing solutions. The result is hundreds of mobile contact-tracing apps [28] where users would
need to download the app and enable bluetooth connection and/or GPS location.

Despite the variety of proposals and applications, existing contact tracing solutions revolve around
two main approaches:

• Bluetooth User-to-user Contact Tracing. The user is given a token ID to use every few hours.
Once two users were in contact, their bluetooth connections will recognize each other ID and save
it in a phone log. If a user is tested positive for a pandemic, her contacts are notified accordingly.
Examples include Apple-Google BLE approach [24] and the decentralized privacy preserving solution
promoted by the European Union [38].

• GPS Location-based Contact Tracing. Users periodically log their locations with the running
app. Once a user is confirmed positive, her locations are used to formulate spatio-temporal queries
to identify other users who have been at the same places and time. These users are then notified
accordingly. Examples include SafePaths app[30], etc.

Though both approaches ensure user privacy through using pseudonym IDs [11], the bluetooth
approach ensures more privacy by not reporting user locations. Meanwhile, it may miss some contacts
who were in the same place with a confirmed patient, but only few minutes apart. On the other side, the
GPS approach helps identifying risky locations and hot-spots. However, it may end up reporting false
positives as it depend on the accuracy of the GPS signal. It is worth noting that some app solutions
combine both approaches such as EHTERAZ [16], which is the official national app in the state of
Qatar. However, both these two approaches suffer major shortcomings. First, they both require the
users to have somewhat modern smartphones that support GPS and/or BLE, which as we will show
in the next section is not the case of everyone. Second, often the success of these solutions rely on the
voluntary willingness of users to install and run the app in their devices. Finally, installing an app that
tracks users everywhere all the time, even when contact tracing is not needed, slows down the wide
adoption needed for these solutions to work.

In this paper, we outline our vision for a digital contact tracing that is more inclusive and tackles
some major shortcomings of existing app based solutions described above, such as accessibility and
coverage. Our main contributions are summarized in the following bullet points:

• Paradigm shift. We posit that contact tracing should not be the responsibility of individuals, but
that of facilities instead. Manual contact tracing is enough to recollect contacts made in limited
private spaces, such as home. Digital contact tracing should be reserved to somewhat large facilities
where it is hard to recollect the contacts.

• Accessibility. While there are 100s of papers, products, and research efforts about contact tracing
mobile apps, they suffer from a major accessibility problem where not all people have access to
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smartphones. Our vision is the first that does not require access to smartphones. Instead, contact
tracing becomes the responsibility of facilities that people visit. Our vision can also be seen as
bridging the accessibility gap when deployed in parallel with app-based solutions.

• People acceptance. We propose to proceed with contact tracing in a similar way we did with
CCTVs. That is, deployment and management is the responsibility of facilities, storage is limited
to a given period, and most importantly, access and distribution are heavily regulated, even for
law enforcement. Moreover, similar to CCTV that do not follow us home, we propose that contact
tracing be done only in places of exposition to large crowds of unknown people.

The rest of the paper is organized as follows. In Section 2, we make the case that app-based contact
tracing does not work. Hence, in Section 3, we lay out our vision and guidelines for the next era of
digital contact tracing. We believe that contact tracing should not be made as user responsibility and
should not be running on user phones. Instead, contact tracing should be the responsibility of facilities
and business entities (e.g., work places, malls, stadiums, restaurants, subways, etc) where the ability to
do contact tracing can be made as a prerequisite for these facilities to re-open. In Section 4, we outline
the architecture that can realize our vision in a privacy-preserving way. We finally conclude the paper
with further remarks in Section 5.

2 Contact Tracing Apps Do Not work

Unfortunately, even though there are tremendous efforts put in developing app-based contact tracing,
it did not deliver what it has promised, mainly for the following two reasons:

(1) Need for large cooperating population. One of the very first apps, TraceTogether from Singa-
pore [37], has only reached around 1.4M users (25% of population) after more than two months of
release. This means that the probability that two random people in contact have both installed the
app is only 6.25%(0.25*0.25). This is assuming the best case scenario in which all users who have the
app running in the background. With this tiny ratio, there is not much real benefit of such apps [36].
Meanwhile, though Iceland is reported to be the country with the highest population ratio using a con-
tact tracing app (38%), that did not help much [7]. (2) Low and biased smart phone penetration. Smart
phone penetration varies across countries, e.g., 24% in India, 81% in USA and 95% in S. Korea [33].
This leaves a major part of the population without access to app-based contact tracing [13]. More im-
portantly, smart phone penetration is inversely biased with COVID-19 spread. More poor areas have
higher COVID-19 ratio [6] and much less smartphone penetration, hence less access to contact-tracing
apps.

So, unless contact tracing apps are made mandatory and used by the very large majority of popu-
lation, they will not be effective [18, 39]. With such serious issues, it becomes apparent that current
efforts in digital contact tracing fail to meet the expectations. As a result, thoughts are going back to
use human-based contact tracing, especially in USA, where it is estimated that 300,000 human contact
tracers are needed for COVID-19 [2, 9].

3 Next Era of Contact Tracing: Guidelines

Our vision for the next era of digital contact tracing goes beyond mobile apps to be along the following
guidelines:

• Focus on unknown contacts. Human tracers can efficiently identify family members, friends, or
neighbors, but cannot identify unknown contacts who the patient have contacted in public facilities,
e.g., malls, restaurants, work places. This should be the main focus of digital contact tracing.
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Figure 1: System Architecture. Facility 1 deploys user-to-user contact tracing, Facility N deploys
location-based contact tracing. More facilities can be added independently.

• Focus on indoor environments. People spend most of their time indoors, where it is more likely
to get infected [8]. In USA, a national survey shows that people spend 87% of their time indoor and
5% in a vehicle [21]. Digital contact tracing should put more focus on indoor facilities.

• Contact tracing is not a personal responsibility; it is surveillance. People should not
download any apps. Instead, each facility should be responsible on its own contact tracing for its
visitors. If someone is tested positive, authorities will contact recently visited facilities and get
their log of the patient contacts. The ability to do contact tracing would be a prerequisite for any
facility to re-open. This is similar to say that facilities will not re-open unless they comply with
new hygiene guidelines. This also goes inline with the requirement that facilities should have enough
CCTV camera coverage to ensure safe operations, where authorities will get access to, when accidents
happen.

• Context-Aware tracing. Digital contact tracing needs to go beyond the idea of one size fits all
(same app running for everyone everywhere) to the more general case of context-awareness in terms
of both infrastructure and analysis. For infrastructure, each facility may decide on its own way
of deploying contact tracing technology. Meanwhile, the analysis of whether two persons were in
contact would depend on the facility type.

• Privacy-preserving. Ensuring healthy environment should not be traded with privacy. Contact
tracing should ensure that facilities do not have access to any user private information.

4 The Vision for the Next Era of Contact Tracing

Figure 1 gives the system architecture of our vision for the next era of digital contact tracing. Each
facility will decide on deploying one or both of the two approaches described in Section 1, which we
refer to as User-to-User and Location-based Contact Tracing. Then, each facility will have its own
built-in infrastructure (Section 4.1), privacy-preserving registration process (Section 4.2), and stored
data structure (Section 4.3), which may be different based on the underlying infrastructure.

Once a person is identified positive with a pandemic, a contact tracing procedure is triggered at a
government-owned server to identify the set of recently visited facilities (Section 4.4). For each of these
facilities, the server issues an API call that will trigger the facility query processing module to return
a set of candidate contacts. An additional (optional) context-aware contact tracing analysis module
(Section 4.5) can be applied on the server side to get more accurate contact tracing information.
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4.1 Infrastructure

The underlying infrastructure would be significantly different for User-to-User and Location-based con-
tact tracing as follows:
User-to-User Contact Tracing. Upon entering a facility, visitors will be given a Bluetooth Low
Energy (BLE) gateway in the form of a detached device, wristband, or key chain, that will be handed
back before leaving. Examples of such devices are here [3]. Each of these devices continuously broad-
casts its own ID while reading the IDs of nearby devices. The reading log stored at each device would
have the form (BLE ID, timestamp, signal strength) which presents the ID of the nearby device, along
with the time and signal strength of reading that device. The latter is used as an indication of how
close is the nearby device.
Location-based Contact Tracing. Upon entering a facility, visitors will be given a small Beacons
device that would be returned before leaving. Examples of such devices are here [4]. Unlike the BLE
gateway devices in user-to-user contact tracing, Beacons devices: (a) have much smaller size, and
(b) only broadcast their own IDs, but do not read any signal. Meanwhile, the facility will have several
gateway readers fixed on the walls or ceiling that read broadcasted data from the Beacon devices in
the form of (BLE ID, timestamp, signal strength). Examples of such gateways are here [5].

4.2 Privacy-Preserving Registration Process

The privacy-preserving registration process is the same for both user-to-user and location-based contact
tracing. A facility visitor will need to sign-in upon entry using a government-owned machine by entering
her phone number or government ID. The machine will immediately generate a unique random ID that
is given to the facility in exchange of the BLE or Beacon device. The random ID will be sent either
as SMS to the visitor phone to ensure it is an actual number or as SMS to the machine itself in case
the visitor has provided government ID instead of phone number. This means that the facility knows
nothing about the visitor personal data. To the facility, the visitor is just a government-generated
unique random ID. Furthermore, government and facilities will completely wipe any data is more than
two weeks old.

Frequent visitors to a facility, e.g., employees at a work place, frequent airport travelers, or loyal
store customers, may need to do the sign up process only once, where their phone numbers will be
linked with their employee IDs or loyalty numbers. Then, the BLE or Beacon devices can be given
to them once and actually attached to their work IDs or loyalty cards that they have to scan upon
entering the facility.

4.3 Stored Data Infrastructure

The data structure stored on the government-owned server is independent from the underlying infras-
tructure of each facility. It is basically one big table with the schema (PhoneID, FacilityID, VisitorID,
timestamp), which indicates that a user with a certain phone or ID number has visited a certain facility
ID at a certain time, and was given a certain visitor ID. For efficient retrieval, the table is accessed
through two hash tables for PhoneID and VisitorID.

Meanwhile, each facility, regardless of the underlying contact tracing infrastructure, maintains a
Master table with the schema (VisitorID, BLE ID, time in, time out), which indicates that a certain
BLE or Beacon ID was given to a certain visitor within a certain time frame. The Master table is
accessed through two hash tables for VisitorID and BLE ID. In addition, each facility maintains the
following data structure(s), based on the underlying infrastructure:
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User-to-User Contact Tracing. Each facility maintains a Contacts table: (BLE ID1, BLE ID2,
timestamp, signal strength), which logs the timestamp and signal strength for each pair of BLE devices
that came close to each other. The signal strength is converted to some universal distance measure
(e.g., meters) to accommodate that different devices may present signal strength differently. The table
is populated by combining all readings received from individual BLE devices, and is accessed through
a hash table over BLE ID1. Data will be duplicated in this case because each device would insert a
tuple about its contact of the other device. We can try to optimize, by creating a unique key which
concatenates (sort(BLEID1, BLEID2), timestamp).
Location-based Contact Tracing. Each facility maintains a Locations table with the schema
(BLE ID, location, timestamp), which logs the locations of each BLE within the facility at a cer-
tain timestamp. The indoor location is not a traditional < lat, log > coordinates. Instead, it is more
of a symbolic descriptive location based on the facility map [31]. The Locations table is accessed by a
hash table over BLE ID, and is populated through a typical trilateration process where the readings
from three fixed Gateways for the same BLE is used to come up with the symbolic BLE location at
a certain time [19]. Such process has been commonly used in indoor positioning systems for real-time
asset tracking [34].

4.4 Contact Tracing Procedure

Once a person is confirmed positive for the pandemic, the contact tracing procedure is triggered on
the server side by government officials. A simple local query with the patient phone (or ID) and a
certain time period (e.g., last two weeks) would return the set of facilities F visited by the patient,
with the anonymized visitor ID and timestamp of each visit. A patient may have visited the same
facility multiple times, each with a different visitor ID. For each facility in F , the server sends an API
call inquiry asking for all visitor IDs who were in contact with the patient visitor ID.

Whenever a facility receives a query with a visitor ID and a timestamp, it uses its Master table to
map the visitor ID to the BLE ID used during the visit, along with the visit time frame. Then, based
on the underlying infrastructure, the following information is retrieved and sent back to the server:
User-to-User Contact Tracing. Given a BLE ID and visit time frame, the facility will use its
Contacts table to retrieve all other BLE IDs that were reported in contact with the visitor BLE ID,
along with the timestamp and estimated distance of each contact event. Then, a reverse lookup over
the Master table will get the corresponding Visitor ID for each contacted BLE ID. The information sent
back to the requesting authority server will have the schema (VisitorID, timestamp, estimated distance).
Location-based Contact Tracing. Given a BLE ID and visit time frame, the facility will use its
Locations table to retrieve the trajectory of locations (with timestamps) within the facility during the
visit. Then, a spatio-temporal indoor range query [23] would retrieve all the BLE IDs that were in
a close spatio-temporal proximity to the given BLE ID. The parameters of spatio-temporal proximity
are set in a conservative way, e.g., within 10 meters distance and 10 minutes time frame. Then, a
reverse lookup over the Master table will get the corresponding Visitor ID for each nearby BLE ID.
Finally, the information sent back to the requesting authority server is: (VisitorID, location, timestamp,
spatial proximity, temporal proximity). In addition, each facility may optionally send the full spatio-
temporal trajectory of the patient visitor within the facility, which can be used for further analysis at
the requesting authority.
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4.5 Context-Aware Contact Tracing Analysis

When the government-owned server receives back the results from each facility, it may just use the list
of contacts or nearby visitors as the ones in risk. In this case, a reverse lookup with the Visitor ID
over the local server table would return the phone number (or ID) of each visitor. Health officials can
take it from there and start contacting the people accordingly. However, as a means of increasing the
accuracy, additional context-aware contact tracing analysis can be employed based on the underlying
infrastructure:
User-to-User Contact Tracing. The signal strength of each contact may be interpreted differently
based on the facility type. For example, within a stadium, one may focus on the readings with high
signals. Within a restaurant, one may even report lower signals, only if they were persistent over a
certain period of time. Within a Mall, a different search criteria and parameters can be used.
Location-based Contact Tracing. Assuming the availability of facility layout, the spatial and
temporal proximity of visitors may be interpreted differently based on the facility type and layout.
Two contacts who are close by spatially and temporally may have a wall in between, and hence the
proximity is not risky. Meanwhile, a heatmap may be depicted for the facility indicating regions of
high risk, where contact information may be interpreted differently. Furthermore, depending on the
nature of the pandemic and how it spreads (e.g., via surface or air), we can find users who have been
to the spots recently visited by a patient. For example, a patient who uses a table in a food court,
leaves it, then another visitor uses the same table.

Generally speaking, there are many context-aware indoor analysis that can be deployed [1], though
there are way more rich analysis for the case of location-based contact tracing than user-to-user contact
tracing. Having the context-aware analysis module on the server side instead of having it on each
facility is mainly to allow health officials to change the parameter settings and search criteria without
the need to get back to the facility. Another alternative is to have such analysis on the facility side,
accessed via more sophisticated API calls that account for more parameters such as minimum distance,
contact time interval, and location label.

5 Conclusion

The paper makes the case that current app-based contact tracing techniques are not effective. Then, the
paper lays out the vision for the next era of digital contact tracing where the responsibility of contact
tracing is moved from the persons to the facilities that the persons visit. Each facility, e.g., mall, work
place, stadium, train, restaurant, should have the ability to do contact tracing for all its visitors. Such
ability could be enforced as a prerequisite for any facility to re-open during a pandemic. A privacy-
preserving architecture and infrastructure that achieve such vision is presented. The architecture allows
each facility to independently decide whether to deploy a user-to-user or location-based contact tracing
approach. The former approach mainly reports the people in contact to the patient, while the second
approach additionally reports the locations of the patient and the contacts.
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Abstract

Prompt surveillance and forecasting of COVID-19 spread are of critical importance for slow-
ing down the pandemic and for the success of any public mitigation efforts. However, as with any
infectious disease with rapid transmission and high virulence, lack of COVID-19 observations
for near-real-time forecasting is still the key challenge obstructing operational disease predic-
tion and control. In this context, we can follow the two approaches to forecasting COVID-19
dynamics: based on mechanistic models and based on machine learning. Mechanistic models
are better in capturing an epidemiological curve, using a low amount of data, and describing
the overall trajectory of the disease dynamics, hence, providing long-term insights into where
the disease might go. Machine learning, in turn, can provide more precise data-driven forecasts
especially in the short-term horizons, while suffering from limited interpretability and usually
requiring backlog history on the infectious disease. We propose a unified reinforcement learning
framework that combines the two approaches. That is, long-term trajectory forecasts are used in
machine learning techniques to forecast local variability which is not captured by the mechanistic
model.

1 Introduction

Spatio-temporal forecasts of infectious diseases rapidly move to the forefront of policy and public health
response because of their key role in risk mitigation strategies. During the COVID-19 pandemic, this
has become especially important in areas with high demographic, economic, and political variability.
For example, in North Carolina decisions on opening and closing businesses because of COVID-19 are
made at the state, county, and local levels. When Wake County leadership announced the lifting of
some restrictions, the town of Apex issued an order to continue keeping the strongest restrictions.
Similarly, areas that are either remote or used for seasonal vacations (e.g., mountain or beach counties)
might exhibit different disease dynamics than those produced by the rest of the state. Because of high
spatial heterogeneity, COVID-19 forecasting is important at the local level. Local outbreaks could
overwhelm public health systems, hospitals, and emergency rooms.

Hence, to facilitate hospital preparedness, it is critically important to forecast hospital capacity and
probabilities that capacity could be overtaken by emerging patients. This relies on two interconnecting
models: one predicts how many people are likely to become infected in each of the areas and another
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describes how infected individuals move to and between appropriate health care centers. This second
model provides the eventual answer to health officials, while the first model stays in the background
until needed. To provide the solution at the local level we use an explicit synthetic population, a
database that represents the entire population of U.S. residents (over 300 million synthetic individuals).
For each of the synthesized individuals (agents), this database contains demographic characteristics
and geographic location (Figure 1). More details and a working viewer are available at http://

synthpopviewer.rti.org/ and elsewhere [3, 13]. Multiple layers can be added to the database to
make it relevant to a specific question. The COVID-19 layers could include school and work assignment,
hospital and emergency department, etc.

Figure 1: Snapshot of the synthetic population for Wilmington, NC.

For the purpose of forecasting hospital load in North Carolina, a team of Response to Intervention
(RTI) researchers developed a spatially explicit agent-based model (ABM) that forecasts to which
hospital sick patients are likely to move and where they might be transferred if the hospital is over
capacity or doesn’t have the proper equipment. This model was developed for North Carolina and
considers a synthetic population, where synthesized agents represent over 10 million North Carolina
residents. The model also uses 110 short-term acute care hospitals (STACHs), 421 nursing homes,
and 10 long-term acute care hospitals (LTACHs). At each day timestep, individual health status and
location are updated. Figure 2 shows a map with marked locations of health care providers.

The other model provides a forecast of how many individuals are going to be infected and how
many will be sick to the point of going to the hospital in the future. Such a model can have different
levels of granularity. One level is a county-level system dynamics model that assumes homogeneous
mixing (each individual has the same chance to meet any other individual), which leads to the mass
action principle, where the risk of infection is proportional to the prevalence of infectious individuals
and the proportion of susceptible individuals. Under these assumptions, individuals are equally likely
to get infected and thus randomly spread infection through the population. More sophisticated models
can include age and social structure (some people have more and closer contacts than others) and
geographic locations and allow for disease transmission to occur in clusters.
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Figure 2: Locations of health care providers

ABM approaches have been widely used in a large number of areas including health care, epidemi-
ology, economics and finance, and social sciences. Epidemiology of infectious diseases is one of the
most natural areas to apply it. For example, an ABM was developed to forecast pandemic flu in North
Carolina and New York, where the model explicitly described the household structure and people’s
movements and activities through the day including going to work and school, being in a household,
or in community spaces and transportation [4, 5]. These models allowed us to identify the areas at the
highest risk and estimate the contribution of these areas to the epidemic. For example, for New York,
it was shown that public transportation (including subways) contributed less than 10% to disease inci-
dence, while households and schools provided the majority of new cases and thus acted as transmission
clusters [10]. Recently we considered synthetic populations to describe seasonal influenza in Russia [8].
The study had an additional challenge of estimating background susceptibility.

The length of the forecasting time horizon is critical for preparedness, but it is also challenging. The
longer the time horizon, the higher the uncertainty, especially when policy and environment change
in unpredictable ways. Nevertheless, one could foresee at least some impacts such as weekends, major
holidays, and scheduled public announcements such as on business and school closures and openings.

2 Methodology

There are at least two approaches to forecasting COVID-19 dynamics: based on mechanistic models
and based on machine learning. Mechanistic models are better at capturing an epidemiological curve
and describing the overall trajectory of disease dynamics, hence providing long-term insights into
where the disease might go. Machine learning, in turn, can provide more precise data-driven forecasts,
especially in the short-term horizons, while suffering from limited interpretability. We propose a unified
reinforcement learning (RL) framework combining the two approaches. That is, long-term trajectory
forecasts are used in machine learning techniques to forecast local variability, which is not captured by
a mechanistic model.

The choice of the “best” model generally balances model fidelity, explanatory features, data avail-
ability, and computational requirements. A summary of these features is described in [2] and is pre-
sented in Figure 3. In [11] we conducted a comparison of the simpler system dynamics model and an
ABM of pandemic flu with a number of interventions. Not surprisingly, higher granularity brings higher
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fidelity but also increases uncertainty because of the variability of model parameters and structural
assumptions.

In the current study, we start mechanistic modeling with a system dynamics approach. System
dynamics models are quick to execute and thus are easy to calibrate. Future ABMs will start with the
average parameter values of the system dynamics model and will expand around those values. Our
system dynamics model divides the population into Susceptible, Exposed, Infectious, and Recovered
individuals and considers the movements of individuals between these compartments. Thus, the model
is commonly called an SEIR model. Specifically, for COVID-19 we also consider whether individuals
are symptomatic or asymptomatic, which in turn requires estimation of disease transmission from an
asymptomatic person. Assuming homogeneous mixing, the initial SEIR model can be described in a
differential equation form:

dSm

dt
= −

∑
v

(βmv
a Iva + βmv

s Ivs )Sm), (1)

dEm
k

dt
=

∑
v

pmk [βmv
a (Iva − ξaIva) + βmv

s (Ivs − ξsIvs )]Sm − µkEm
k ,

dImk
dt

= µkE
m
k − γkImk − δkImk

dRm
k

dt
= γkI

m
k

where S, E, I, and R denote susceptible, exposed, infected, and recovered, respectively, and for sim-
plicity total immunity is assumed. In turn, k = a, s denote symptomatic and asymptomatic subgroups,
respectively; pk is a fraction of symptomatic or asymptomatic cases; and β, µ, γ and δ are transmis-
sion rate, infectivity period, recovery, and excess mortality rates, respectively. Quarantine of identified
symptomatic and asymptomatic cases is denoted by ξ. We assume that there exists no excess mortality
among asymptomatic cases (i.e., δa = 0). Upper indexes correspond to age groups m and v. Finally, we
assume homogeneity of the daily number of contacts within an age group and heterogeneity between

Figure 3: Hierarchy of simulation models in increasing levels of complexity. At the higher level Statis-
tical, Markov, and System dynamics models do not distinguish between individuals in the populations
and describe populations (or subpopulations) as a whole. As the names suggest, microsimulation and
agent-based models describe each individual in the population and thus could be averaged across specific
characteristics to obtain population-level estimates. In the current project, we consider a challenging
question. Do these modeling approaches have to be mutually exclusive? Each brings something to the
forecast, and perhaps we can benefit from combining at least two of them.
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groups.
This model is defined at the county level and could be further expanded to represent rural or urban

parts of the county, adding migration of individuals between counties and between urban and rural
county components. The model is adequate enough to describe the dynamics of COVID-19 in most
counties. For low-density rural counties (e.g., in Appalachia) the assumption of homogeneous mixing is
no longer valid, and an explicit ABM might be more adequate. For the sake of simplicity, we still keep
the differential equation formalism but add a stochastic transmission component. Future models will
be fully agent-based to consistently describe local geographic elements of disease clusters and patient
assignments to hospitals. We fit the model to the reported case data where we also need to consider
multiple reporting biases such as under-reporting, reporting of certain subpopulations (e.g., age 65+),
and the availability of disease test kits.

Disease transmission parameters are key to the understanding of future disease dynamics; there-
fore, we also consider county vulnerability indices, which we calculated based on multiple sources of
socioeconomic and health data. We have developed a county vulnerability dashboard (Figure 4) that
is publicly available at https://RTImerge.org.

Figure 4: County vulnerability index with respect to COVID-19 dynamics

This mechanistic modeling effort results in describing the dynamics of symptomatic and asymp-
tomatic infected individuals. Figure 5 shows an example of a model fit to Gaston county data. Deter-
ministic SEIR models produce a smooth curve fit that tracks past mean-field disease dynamics. The
key component of prediction is forecasting how policy measures will impact the transmission rate. For
that purpose, we developed a model linking the dynamics of a SEIR beta parameter with public health
actions. Mechanistic models allow one to simulate a variety of scenarios and pre-train a deep learning
model on these scenarios. Although the SEIR model allows us to consider “what if” scenarios and
provide mechanistic explanations of “why,” they don’t capture all the richness of disease dynamics.
The addition of stochastic components leads to consideration of uncertainty and higher boundaries of
risk through a family of stochastic realizations.

Mechanistic models are limited in their applications because they only produce results based on a
hardwired mechanism which could be miss-specified. Furthermore, such models can neglect a variety
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Figure 5: Examples of model fit to Gaston County case reports

of smaller factors that are collectively influential. These factors could be captured by a mechanism-
agnostic data-driven model that learns with the data. For example, Long-Short Term Memory (LSTM)
algorithms can capture short- and long-term factors that can also change in time.

In this project, we aim to develop a reinforcement learning (RL) framework which systematically
combines mechanistic SEIR models with data-driven LSTM algorithms to get the best of both worlds:
that is, the interpretability of mechanistic models and predictive capabilities of deep learning methods.

Our approach is described below and is illustrated in Figure 6:

1. Based on past data we fit the SEIR model and train the LSTM model.

2. Based on forecasted subjective beliefs on policy changes in the future use the SEIR model to
predict the numbers of infected individuals (smooth curves).

3. Use the SEIR-predicted data as input into the LSTM model to produce an improved forecast.

4. Through reinforcement learning update both the SEIR and LSTM forecasts as new data become
available.

Our goal is to build a highly adaptive model capable of readjusting its prediction on the future
disease course, in accordance with changes in public response and bio-atmospheric information. As
shown in Figure 6, RL plays an important role to control the dynamic of the SEIR beta parameter,
which is directly linked to public health actions. Hence, this model-free RL adapts its parameters on
the fly (i.e., learning from experience and using the latest updated official data). As a consequence,
we will be able to update our predictions in potentially highly uncertain and volatile disease scenarios
such as the current coronavirus spread.

The main difference between the proposed RL methodology with respect to other approaches is the
ability to summarize multiple policies for outbreak response via parameter adaptation in our mech-
anistic model. Indeed, existing techniques primarily focus on learning context-dependent policies for
complex epidemiological models, in which the conventional approach consists of evaluating the expected
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Figure 6: Reinforcement learning of mechanistic (SEIR) and data-driven (LSTM) models.

performance of different potential interventions via stochastic simulations [9, 12]. However, such ap-
proaches predominantly model the RL problem from a spatial perspective, leaving the time variable as
only part of the evolution of the states [1, 6] and mostly obtaining optimal decisions in fully observable
environments [7]. In contrast, our proposed approach accounts for the dynamics of COVID epidemics
via mechanistic models and allows us for building highly adaptive models capable of readjusting the
delivered forecasts for the future disease course.

3 Conclusion and Future Work

The ultimate goal of this project is to develop a novel methodology for forecasting the COVID-19 spread
via synergistic interaction between mechanistic and data-driven models under the RL framework. In
particular, the proposed methodology is based on the new idea of using RL as a part of solving a
time-series forecasting problem under the assumption of dynamic stability and requires identification
of the following main components: states, environment, reward function, and agent interactions. Since
RL focuses on learning an optimal policy, we also need to obtain significant feedback between agents
and the ongoing behavior of the system and ensure that our adaptive learning still can be formulated
as a Markov Decision Process problem (i.e., the challenges that are both largely unsolved in a context
of RL for space-time data).

By effectively combining mechanistic models with deep learning tools, the proposed RL approach
to epidemiological forecasting can harness the strength of both theoretical and data-based models and
deepen our understanding of the hidden mechanisms behind COVID-19 progression. In the near term
future, we plan to investigate the utility and limitations of the proposed methodology at the county level
and then investigate the transferability of the derived tools to other states and spatial data resolution.

Acknowledgements

This work is supported in part by the grants from the National Science Foundation DMS 2027793/2027802
and the ConTex Postdoctoral Fellowship grant.

31



References

[1] D. Bertsekas. Rollout, Policy Iteration, and Distributed Reinforcement Learning. Athena Scientific,
1 edition, 8 2020.

[2] G. Bobashev. Simulation modeling of hiv infection—from individuals to risk groups and entire
populations. In C. Chan, M. G. Hudgens, and S.-C. Chow, editors, Quantitative Methods for
HIV/AIDS Research, chapter 10, pages 201–229. Chapman & Hall/CRC Biostatistics Series, 1
edition, 8 2017.

[3] J. Cajka, P. Cooley, and W. Wheaton. Attribute assignment to a synthetic population in support
of agent-based disease modeling. Methods report (RTI Press), 19:1–14, 09 2010.

[4] P. Cooley, L. Ganapathi, G. Ghneim, S. Holmberg, W. Wheaton, and C. Hollingsworth. Us-
ing influenza-like illness data to reconstruct an influenza outbreak. Mathematical and Computer
Modelling, 48:929–939, 02 2008.

[5] N. Ferguson, D. Cummings, C. Fraser, J. Cajka, P. Cooley, and S. Burke. Strategies for mitigating
an influenza pandemic. Nature, 442:448–52, 08 2006.

[6] P. Hernandez-Leal, B. Kartal, and M. Taylor. A survey and critique of multiagent deep reinforce-
ment learning. Autonomous Agents and Multi-Agent Systems, 33, 10 2019.

[7] S. Ivanov and A. D’yakonov. Modern deep reinforcement learning algorithms, 2019. Available at
https://arxiv.org/abs/1906.10025.

[8] V. Leonenko and G. Bobashev. Analyzing influenza outbreaks in russia using an age-structured
dynamic transmission model. Epidemics, 29:100358, 2019.

[9] P. Libin, A. Moonens, T. Verstraeten, F. Perez-Sanjines, N. Hens, P. Lemey, and A. Nowé. Deep
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Abstract

In response to the COVID-19 pandemic, there have been various attempts to develop realistic
models to both predict the spread of the disease and evaluate policy measures aimed at mitiga-
tion. Different models that operate under different parameters and assumptions produce radi-
cally different predictions, creating confusion among policy-makers and the general population
and limiting the usefulness of the models. This newsletter article proposes a novel ensemble
modeling approach that uses representative clustering to identify where existing model predic-
tions of COVID-19 spread agree and unify these predictions into a smaller set of predictions.
The proposed ensemble prediction approach is composed of the following stages: (1) the selection
of the ensemble components, (2) the imputation of missing predictions for each component, and
(3) representative clustering in application to time-series data to determine the degree of agree-
ment between simulation predictions. The results of the proposed approach will produce a set of
ensemble model predictions that identify where simulation results converge so that policy-makers
and the general public are informed with more comprehensive predictions and the uncertainty
among them.

1 Introduction

SARS-CoV-2 is a highly contagious human respiratory coronavirus resulting in mortality across the
United States and worldwide [2]. Researchers have made considerable efforts to understand the virus’
infection dynamics and develop various models to shed light on the future. Forecasts obtained from the
models are used to predict the number of cases and deaths to support the development of effective policy
interventions and the public health response. However, the wide range of COVID-19 models employ
different parameter settings, are designed based on various assumptions, and are inherently uncertain.
As a result, existing models produce a range of radically different predictions making it difficult for
decision-makers and the broader public to understand, compare-between, and validate them, creating
barriers to their use. Therefore, there is an urgent need to cross-evaluate the wide-range of existing
COVID-19 models, find a consensus among their predictions, and increase the transparency of model
assumptions and their inherent uncertainty.

Ensemble modeling is a term that describes the wide range of approaches used to combine pre-
dictions from multiple models, also known as components [28]. Components can be mathematical,
curve-fitting, or agent-based models and typically operate under a range of different assumptions and
use different data sources. The ensemble components can be combined using various algorithms, one
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of which is referred to as stacked generalization [39] or stacking. In this approach, a single ensemble is
generated by simply averaging predictions derived from equally weighted components. In variations of
this approach, ensemble components may be weighted based on whether they meet a specific condition.
These weights may be assigned statically or may change adaptively over time [22]. Aside from averag-
ing, some ensembles are generated using the median, the trimmed mean to exclude extreme predictions,
voting, Bayesian model averaging, multiple linear regression, and principal component regression [38].

Ensemble models often have been found to outperform any single model by offsetting component
biases [33, 41]. If the components are diverse and independent, ensemble approaches can generate
predictions with increased prediction accuracy and reduced error variance [17]. Thus, ensemble mod-
eling has been utilized extensively to make predictions about weather and climate [18, 21], hydrologic
processes [38], species distributions [10], and more recently infectious disease including influenza [31],
Ebola hemorrhagic fever [37], dengue [14, 40], and COVID-19 [1, 23, 30].

Traditionally, ensemble approaches summarize the various predictions between components into
one single prediction. However, the reliance on ensemble means without critical examination of the
ensemble components can be dangerous. Mackenzie [21] illustrates this concept using three models,
each of which indicates that a river is unsafe to cross at some point. Yet the average of the models
says otherwise. In other words, acknowledging the assumptions and the resulting variation and bias
among component predictions is important and can hold key information that explains future conditions
otherwise ignored by their ensembles.

Therefore, we propose the development and implementation of an ensemble approach using repre-
sentative clustering [32, 43] that is capable of exploring the various dimensions of agreement between
ensemble components and thus is not limited to combining the component predictions into a single
prediction. The novel representative clustering approach is proposed as follows: (1) selection of the
ensemble components, (2) imputation of the missing predictions for each model, and (3) application of
representative clustering to develop ensembles.

In this newsletter article, we begin by introducing the wide range of existing COVID-19 models
that are available as potential ensemble components, their predictions, and their uncertainty . Next,
we propose the novel ensemble prediction approach that will be used to unify selected components as
ensembles. Finally, we present some initial results before describing our next steps.

2 Ensemble Clustering Approach

This study proposes the development of a novel ensemble prediction approach (see Figure 1) that is
capable of exploring the various dimensions of agreement between ensemble components and thus is
not limited to combining the component predictions into a single prediction. The proposed ensemble
prediction approach is composed of the following stages: (1) the selection of the ensemble components,
(2) the imputation of missing predictions for each model, and (3) the application of representative
clustering so that it can be applied to time-series data and thus determine the degree of agreement
between simulation predictions. Model cross-comparison is a rare practice in the modeling community.
Therefore, our efforts to bring together different COVID-19 models and cross-compare them is also a
novel contribution.

2.1 Model Integration

Selection of Model Components and Parameters. With the rapid spread of SARS-CoV-2,
researchers have been designing simulation models to predict new cases and deaths as well as to under-
stand the impact of different mitigation measures such as social distancing and mandatory lockdowns.
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Figure 1: Ensemble clustering approach overview.

These models develop and implement approaches ranging from metapopulation, curve-fitting and sta-
tistical, as well as agent-based and in many cases the source code and the prediction data has been made
publicly available. For example, the Global Epidemic and Mobility Model (GLEaM) is a metapopula-
tion model that combines geographic mobility and population data with disease dynamics [36]. This
effort was adapted and calibrated to model many outbreaks, including most recently the COVID-19
pandemic [4]. Another team of experts from the Los Alamos National Laboratory utilized their exper-
tise in disease modeling and developed a statistical model to make new case and death predictions for
COVID-19. Predictions from this model are publicly available [5]. The Imperial College COVID-19
Response Team adapted an established agent-based epidemic model [8, 12] to COVID-19 as well as
developed a new mathematical model to estimate disease spread [7]. The Institute for Health Metrics
and Evaluation (IHME) has developed a curve-fitting type of statistical model to project new cases
and hospital beds needed [24], which is publicly available to use [13].

The models described above are just a few of the many that have been developed and implemented to
predict COVID-19 trajectories of spread (see also Table 1 for more examples). In general, the CDC splits
existing models into two categories [3]. One category includes models that make predictions under the
assumption of business as usual meaning that existing control methods will remain in place [29, 34, 35].
The other category includes models that make predictions under different possible scenarios, usually
with respect to testing the effect of different policy measures or the degree to which the population
follows these guidelines [6, 11, 25, 27].

In the model integration stage, we will select a number of models as ensemble components. Table 1
presents some examples of existing models with open and available data that can be used as potential
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Table 1: Examples of potential ensemble components.
Team Name and Reference Model Name Model Type

Auquan Data Science [34] MLOptimized Modi-
fiedSEIR

Modified SEIR model with compartments
for reported and unreported infections.
Non-linear mixed effects curve-fitting

Carnegie Mellon Delphi Group
[9]

TimeSeries A basic AR-type time series model fit us-
ing case counts and deaths as features

Columbia University [27] Select County-level SEIR model

CovidAnalytics at MIT [20] DELPHI SEIR model

Discrete Dynamical Systems
[15]

Negative Binomial
Dynamical System

Jointly modeling daily deaths and cases
using a negative binomial distribution

GT [29] DeepCOVID Deep learning

Institute for Health Metrics and
Evaluation [25]

CurveFit Non-linear mixed effects curve-fitting

Los Alamos National Labs [26] GrowthRate Statistical dynamical growth model ac-
counting for population susceptibility

MOBS Lab at Northeastern [35] GLEAM COVID-19 Metapopulation,
age structured SLIR model

NotreDame-FRED [6] NotreDame-FRED Agent-based model developed for in-
fluenza with parameters modified to rep-
resent the natural history of COVID-19

Youyang Gu (YYG) [11] ParamSearch SEIR model with machine learning layer

ensemble components. The goal is to select models that employ a range of modeling approaches and
use a variety of assumptions. This is an important feature of the ensemble modeling approach, which
relies on the diversity and independence between the ensemble components. Based on our selection,
we will obtain each model’s prediction data, made open and available by the COVID-19 Forecast Hub
[30] as well as each model’s respective repository or web pages. Although it varies from model to
model, most model prediction data includes a start date, a prediction date, the predicted number of
cumulative cases, the predicted number of incident and cumulative deaths, the predicted number of
incident hospitalizations, the corresponding location for the prediction, and the confidence interval. We
consider each prediction to be a “Possible (future) World”, analogous to work in uncertain database
management [42, 44, 45]. The difference in uncertain database management is that current and past
data is uncertain, whereas for disease prediction, it is data from the future that is uncertain. But in
both cases, the challenge is to find a consensus among possible worlds (different database instances or
different predictions) and enrich this consensus with reliability information.

Imputation of Missing Predictions. Due to the nature of independence of each model’s de-
velopment, the temporal resolution of the prediction data that is available for each model may be
inconsistent and asynchronous. Imagine that two different models that make predictions starting from
May 1st and onward. Model X might estimate the number of deaths and cases each day for the next
four weeks. Model Y might estimate the number of deaths and cases each day for the next twenty
weeks. In another scenario, imagine that another model, Model Z begins making predictions that start
on May 5 and onward. Thus, there are no predictions available from Model Z from May 1st to May
4th. With the assumption that all of the models are calibrated to the most recent ground truth, the
more recent the date of the forecast is, the more accurate the model is.

The inconsistent temporal resolution of the prediction data presents a challenge for the inclusion of
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important components into the ensemble. As a result, we propose the use of imputation algorithms to
fill the prediction gaps. In a sense, we aim here to predict the missing predictions of the models. We
represent predictions in a three-mode tensor Pi,j,m such that a cell pi,j,m corresponds to a prediction
made on Day i, made for Day j, by model m. For example, if one mode m predicts on Day i =
10/02/2020 that there will be 5000 deaths on Day j = 10/09/2020, then we will have pi,j,m = 5000.
This tensor is sparse, as existing models publish their predictions sparsely (often once per week),
and predictions are made only for a short time window (often 14 or 28 days). As part of the model
integration stage, we will test and evaluate various imputation algorithms and determine which are most
accurate in predicting the missing model predictions. Some of the imputation algorithms we aim to
test include linear interpolation, linear regression, non-negative matrix factorization [19] for individual
prediction models, and tensor factorization [16]. We hope that more complex imputation algorithms
are able to leverage collaborative filtering to fill missing model prediction by assessing that “other
models had relatively high predictions for this day” and “this model had relatively low predictions for
this day made on earlier days.”

2.2 Representative Clustering

Once we have imputed the data, we will have obtained a broad set of predictions, each corresponding to
different “possible worlds” generated from different models, different parameters, and under different
assumptions. Each possible world consists of time series data, corresponding to the predicted number
of incident and cumulative cases, the predicted number of incident and cumulative deaths, and the
predicted number of incident hospitalizations. We want to use an approach that has been published
for clustering of uncertain data [43] by mapping possible worlds into a reduced feature space then
clustering possible worlds (in our case predictions) as depicted on the bottom half of Figure 1. Each
cluster then corresponds to a set of mutually similar predictions which may stem from different models.
We will then select the median among these predictions (defined as the prediction that minimizes the
pairwise distance to other predictions in the same cluster) as a cluster representative. Assuming that
each model has the same likelihood to correctly capture the unknown future, we can apply inductive
statistics to estimate the probability that a cluster represents the unknown true future and provide an
error bound using the radius of the cluster (the maximum distance between the cluster representative
and other predictions in the same cluster). As the project continues, we will use supervised learning
to reinforce the weights of those models and parameters, yielding the most accurate predictions. Each
cluster representative can be considered an ensemble of models with a high degree of agreement between
predictions. These representative will then be visualized on a dashboard which, instead of exploring
the plethora of existing predictions, allows us to visually analyze a small number of representative
predictions together with their confidence values. For example, the user may be presented with Model
X and given the information that 40% of all predictions agree with this prediction up to an error which
will be visualized using error bounds. This condensed representation takes the burden from users to
interpret an overwhelming number of predictions and allows them to focus on only a small number of
representative predictions.

3 An Online Medium to Disseminate Our Results

It is a likely scenario that the COVID-19 health emergency will continue into the coming several
months and perhaps years. In a time of such uncertainty, policy-makers are right now relying on
existing COVID-19 models to anticipate future conditions. Leveraging simulation models’ predictive
capabilities is critical to rapidly inform the public about what’s likely to come and help policy-makers
plan for those conditions. Therefore, there is an urgent need to compare and synthesize the wide-range
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of existing COVID-19 models and their resulting simulations, disseminate this information clearly,
and increase transparency about model assumptions and uncertainty. To address this need, we have
designed a COVID-19 Ensemble Dashboard as a medium for which the broader public, decision-makers,
the modeling community, and key organizations can explore and compare between existing models. The
prototype for our proposed dashboard is presented in Figure 2.

Figure 2: COVID-19 Ensemble Dashboard

Our dashboard aims at providing two main functionalities regarding the status of COVID-19 at the
US country-level and state-levels: (1) Giving users the option to examine dozens of existing COVID-19
models’ predictions and over time, including both weekly and daily predictions as well as incident
and cumulative metrics. Besides this, we provide a “stacked” time-series visualization to see all US
states in the same picture. Users can also display individual predictions plotted against the ground-
truth numbers, which facilitates examining model performance against real-world results; (2) Allowing
users to examine the results from our representative clustering approach, as outlined in section 2.
With this functionality, the users will be able to examine the agreement and disagreement between
various models periodically. This functionality is currently being implemented and will be integrated
as periodic reports into our dashboard. The dashboard will be updated as needed to incorporate new
data and models as they become available, facilitating the opportunity to rapidly cross-compare new
predictions and disseminate this information to the public.
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4 Conclusion and Future Work

In this newsletter, we propose a novel ensemble modeling approach that leverages representative cluster-
ing to both examine the degree of agreement between models of COVID-19 spread and their predictions
as well unify predictions into a smaller subset. The novel ensemble clustering approach begins with
the process of data integration and thus the selection of ensemble components and the imputation
of each component’s missing predictions. Next, clustering is used to find a set of ensembles that are
representative of groups of models with predictions that have a high degree of agreement for the same
forecasting horizon. This research is still in early stages. Future steps include implementation and
testing of the proposed approach. The proposed approach has the advantage of not being limited to
the generation of one ensemble and thus acknowledges the unique assumptions of the components while
removing the burden from policy makers, the general public, as well as other researchers to interpret
an overwhelming number of COVID-19 model predictions.
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[44] A. Züfle, G. Trajcevski, D. Pfoser, M. Renz, M. T. Rice, T. Leslie, P. Delamater, and T. Emrich. Handling
uncertainty in geo-spatial data. In 2017 IEEE 33rd International Conference on Data Engineering (ICDE),
pages 1467–1470. Ieee, 2017.
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Abstract

The Internet of Things (IoT) has recently received significant attention. An IoT device may
possess an array of sensors that for example monitors the air temperature, carbon monoxide
level, wifi signals, and sound intensity. IoT data is initially created on the device, then sent
over to a central database system (e.g., the cloud) that organizes and prepares such data for the
ongoing use by myriad applications, which include but are not limited to smart home, smart city,
the industrial internet, connected cars, and connected health. Data generated by IoT devices
is inherently spatial and temporal. For instance, an audio signal represents the variation of
the sound intensity (retrieved by a sound sensor) over the time dimension. Furthermore, IoT
devices are either installed in a static location (e.g., a building, a traffic intersection) or can be
attached to moving objects such as a connected vehicle or a wearable device. In this article, we
argue that existing IoT data systems do not properly consider the SpatioTemporal aspect of such
data. Hence, the article represents a call for action to the SIGSPATIAL community in order to
conduct research on building systems and applications that treat both the spatial and temporal
dimensions of IoT data as first class citizens.

1 Motivation

The Internet of Things (IoT) has recently received significant attention from both industry and
academia. The Boston Consulting Group predicts that by 2020, $267 Billion will be spent on IoT
technologies, products, and services [1]. IoT represents a network of devices, each equipped with a va-
riety of sensors (and actuators) that sense and collect data about the local environment. For example,
an IoT device may possess an array of sensors that monitors the air temperature, carbon monoxide
level, wifi signals, and sound intensity. Data created by an IoT device goes through three main phases:
the first phase is the initial creation, which takes place on the device, and then sent over the Internet
to a central database system (e.g., the cloud). The second phase is how the central database system
collects and organizes this data. The third phase is the ongoing use of such data by myriad applications,
which include but are not limited to smart home, smart city, the industrial internet, connected cars,
and connected health.

Data generated by IoT devices has the following key characteristics: (i) Spatial and Temporal: Data
collected by a device represents a physical quantity, i.e., a signal, that continuously varies over time.
For instance, an audio (sound) signal represents the variation of the sound intensity over the time
dimension. Also, IoT devices are usually installed in a static location such as a building or a traffic
intersection. However, some IoT devices are attached to objects that move in space like a connected
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vehicle or a wearable device. In both cases, the data generated by an IoT device possess a spatial
location attribute that represents the longitude and latitude coordinates of the sensed observations.
(ii) Heterogeneous and Interconnected: Not all IoT sensors are the same; a spectrum of various sensors
exists and each sensor measures a different thing. For instance, a camera generates image signals
while a microphone generates an audio signal; each signal type has different physical and mathematical
characteristics [2]. For example, an ultrasonic motion sensor sends a signal when it detects motion
whereas a microphone sensor only sends a signal when it detects a sound. Also, IoT data is inherently
interconnected and can be linked to other data sources such as the city data, the web and social media.

Given such characteristics, a central data system must provide a spatial / spatio-temporal data
management query Application Programming Interface (API) side-by-side with a digital signal pro-
cessing API for programmers to develop IoT applications. Such requirement makes it really difficult for
off-the-shelf systems to digest and process IoT data. The problem becomes even more challenging as
the volume of data collected from IoT devices increases at a staggering rate. Today, RADAR, LIDAR,
and CAMERA sensors have a bandwidth of up to 15 Mbit/sec, 100 Mbit/sec, and 3500 Mbit/sec,
respectively. A connected vehicle, equipped with several of such sensors, generates data at a rate that
exceeds 25 GB per hour [3]. The volume of such data will increase even more with already 2.8 trillion
IoT devices deployed globally in homes and road intersections by the year 2019 [4], the 10 million
self-driving cars equipped with dozens of sensors to be on the road and the 7 million drones to be
flying in U.S. skies by 2020 [5, 6]. That makes it almost impossible for state-of-the-art big spatial data
systems to handle real-time or near-real time IoT analytics applications.

2 A Spatio-Temporal Data Model for IoT Data

Recently proposed IoT data models [7, 8] over the semantics of things, sensor observations, and appli-
cations. Several works model IoT data for health-specific application such as real-time prediction of
blood alcohol content using smartwatch sensor data [9]. Many papers model IoT data for smart city
applications [10, 11]. One potential research direction will build upon these efforts. We can model
IoT data using the SenosorThings standard published by the Open Geospatial Consortium (OGC) in
2016. The standard provides a formal / generic API to model and query IoT things, which can rep-
resent a smart car, smart watch, traffic camera, smart oven, etc... The API also models the collected
observations, connections among IoT devices as well as their spatial and temporal attributes [12].

Recent works model IoT data, given its interconnected and linked nature, as a graph [13, 14], which
integrates data generated by various IoT devices as well as integrates IoT data with other relevant
data sources, e.g., semantic web and infrastructure networks. Thus, it makes sense to model linked
IoT data as a graph and store it in a graph database system such as Neo4j [15] and Titan [16],
which also support spatiotemporal attributes that can capture the location and time aspects of sensed
observations [17, 18, 19, 18, 20, 21]. As depicted in Figure 1, the IoT graph is modeled as a property /
labeled graph G = (V,E, ϕ, ψ) such that (1) V is a set of vertexes that represent things (IoT devices
and sensors) in an IoT network. Vertexes can also represent real world entities generated by other data
sources, e.g., Knowledge Graphs, Social Graphs, and the Web. (2) E is a set of edges that connect
IoT things and also connect IoT things to other entities collected from other data sources. (3) ϕ is
a mapping function ϕ : V → L, where L is a set of labels or types, (4) ψ is a mapping function
ψ : E → L [22]. The IoT graph is a property graph that possesses at least one spatial label/type in L.
In such a graph, some vertexes semantically represent spatial objects, which possess spatial location
attributes, e.g., point, polygon. The spatial attribute of a vertex is denoted as v.loc. Given such graph,
a user may ask a query like “Find patterns in the IoT graph of audio signals observed by an IoT device
located in Downtown Tempe such that the observation value is larger than 140 dB”. A main challenge
though is how a graph data system can evaluate the combination of spatial (e.g., range, K-Nearest
Neighbors, spatial join), temporal, and graph predicates on linked IoT data [23, 24, 25].

43



!"#$%&'!"('
)*+,-#./#0$&'1!"#+'#+'2'342-/'5#/6'70!')*8#,*9'

:;$*-&'15#/6'0<'!*4.*9''

!"#$%&'!"='
)*+,-#./#0$&'1!"#+'#+'2'342-/'5#/6'70!')*8#,*9'

:;$*-&'15#/6'0<'!*4.*9''

>0,2/#0$&'>0,('
)*+,-#./#0$&'1?-#,@62-A'B$%#$**-#$%'?C#DA#$%9'

>2/>0$%&'EFFGH=FIJIK'L(((GIFM(FNO'

>0,2/#0$&'>0,='
)*+,-#./#0$&'13@630$%'?C#DA#$%'H9'

>2/>0$%&'EFFGHJFPPHK'L(((GI=N=MQO'

Located_at 

Located_at 

)2/23/-*24&')3('
R"*$04*$0$!#4*&'

=Q(MLQFLQ(!(F&QQ&QQS=Q(MLQFLQ(!(H&QQ&QQ'

)2/23/-*24&')3F'
R"*$04*$0$!#4*&'

=Q(MLQFLQ(!(F&FQ&QQS=Q(MLQFLQ(!(H&QQ&QQ'

IoT_DS 

:T+*-8*AR-0.*-/6&':R('
$24*&'17$/*$+#/6'0<'2'30C$A'3#%$2D9'

)*+,-#./#0$&'1/"*'24.D#/CA*'0<'2'+0C$A'4*2+C-*A'#$')*,#T*D'UA?V9'

:T+*-82/#0$&':('
!#4*&'=Q(MLQFLQ(!(F&QQ&QQ'

W2DC*&'PQ'

:T+*-82/#0$&':='
!#4*&'=Q(MLQFLQ(!(H&QQ&QQ'

W2DC*&'(HQ'

:T+*-82/#0$&':F'
!#4*&'=Q(MLQFLQ(!(H&QQ&QQ'

W2DC*&'PN'

:T+*-82/#0$&':H'
!#4*&'=Q(MLQFLQ(!(F&FQ&QQ'

W2DC*&'JQ'

3*$+0-&'3F'
)*+,-#./#0$&'1X#,-0."0$*9'

3*$+0-&'3('
)*+,-#./#0$&'1X#,-0."0$*9'

Generates_DS 

Generates_DS 

IoT_DS 

H
as

O
bs

er
v 

HasObserv 

HasObserv 

HasObserv 

Prop 

Prop 

FeatureOfInterest 

FeatureOfInterest 

Figure 1: IoT modeled using the SensorThings OGC standard

3 Scalable Geospatial Processing of IoT data

There exist a few research efforts, which focus on developing scalable data infrastructure for IoT
data [26, 9]. For instance, Dey et. al proposed a scheme where edge devices offer free computational
slots to servers in a cloud based data analytics system [27]. The Aura system prototype [28] enables
building ad-hoc clouds using IoT devices in the nearby physical environment. Jiang et. al evaluated
cloud-based data storage options for IoT data [29] whereas Li et. al experimented the use of NoSQL
database technology to store massive-scale IoT data [30]. However, none of these efforts takes into
account spatio-temporal data processing operations, which are vital for processing IoT data [9].

State-of-the-art spatial and spatio-temporal data systems [31, 21, 32, 33, 34] do not provide native
support for digital signal processing and machine learning operations whereas numerical frameworks
such as MatLab do not provide in-house support for spatial data management. Futhermore, Such
systems do not provide an out-of-the-box API to handle IoT sensor data. For instance, the Apache
Spark Dstream API that can chop up live IoT data stream, represented as observations, into batches
of X seconds. Spark can then treat each batch of data as an RDD and processes them using RDD
operations. Finally, the processed results of the RDD operations are returned in batches. However, such
APIs are not easy for programmers to develop IoT applications and are not natively optimized to run
the combination of spatial, spatio-temporal, digital signal processing, and machine learning operations
on IoT data. Examples of queries that require such combination include: “Q1: Report gunshots heard
in Downtown Tempe area between 13:45 and 14:00 pm on 2018/03/01”, “Q2: Report gunshots heard
nearby (e.g., within 0.1 mi) a School in the City of Tempe”. Q1 needs to filter out IoT data records
that neither lie within Downtown Tempe nor observed between 13:45 and 14:00 pm on 2018/03/01. Q1
also needs to convert the audio signal into a time-frequency representation, e.g.., mel-spectrogram, by
applying Fast Fourier Transform (FFT), then discrete cosine transform, and finally applying an urban
sound classifier to detect gunshots. Q2 does the same with the exception that it applies a spatial join
operation to retrieve observations only nearby schools.

Having said that, a promising research direction will incorporate IoT data awareness in state-of-
the-art big spatial data systems such as Apached Sedona (GeoSpark) [35]. Furthermore, that also
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requires that system developers design a middleware framework, which understands the IoT devices
streaming data to the central data system on one side and the requirements of applications accessing
such IoT data on the other side. The proposed middleware system will tune the central data system
to adaptively decide whether or not to eagerly propagate data from the device to the central system.
I plan to modify existing relational and spatial query processing algorithms to leverage the IoT device
capabilities and handle the different rate and types of data generated by various IoT devices. To capture
the interconnected nature of IoT data, a spatial data system must also provide a graph processing API
in addition to the spatial / spatio-temporal API. Such a combination is already supported by existing
graph data systems [15, 16, 36, 37], however such systems treat the spatial attribute as a second class
citizen, and hence cannot achieve real time or near real time performance. The community needs to
craft efficient query operators that accelerate location-aware graph queries and also investigate new
index structures that take into account network aspect of linked IoT data as well as the spatial and
Spatio-Temporal aspects.

4 Conclusion

The Internet of Things (IoT) is getting more popular every day. The spatial, temporal, big, fast,
heterogeneous, and interconnected nature of collected IoT data makes it difficult for off-the-shelf spa-
tial data systems to digest and process such data, especially for real-time or near-real time analytics
applications. The goal of this article is to encourage the community to design and develop spatial and
spatiotemporal data infrastructure that can capture, store, query, analyze data from connected IoT
devices at scale. The outcome of that research can provide a tool for data scientists, policy makers,
and businesses to better utilize and extract value from IoT data growing at a staggering rate.
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