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Abstract

Recently, the Centers for Disease Control and
Prevention (CDC) has worked with other fed-
eral agencies to identify counties with increasing
coronavirus disease 2019 (COVID-19) incidence
(hotspots) and offers support to local health depart-
ments to limit the spread of the disease. Under-
standing the spatio-temporal dynamics of hotspot
events is of great importance to support policy
decisions and prevent large-scale outbreaks. This
paper presents a spatio-temporal Bayesian frame-
work for early detection of COVID-19 hotspots (at
the county level) in the United States. We assume
both the observed number of cases and hotspots de-
pend on a class of latent random variables, which
encode the underlying spatio-temporal dynamics
of the transmission of COVID-19. Such latent
variables follow a zero-mean Gaussian process,
whose covariance is specified by a non-stationary
kernel function. The most salient feature of our
kernel function is that deep neural networks are
introduced to enhance the model’s representative
power while enjoying great interpretability. Our
model demonstrates superior hotspot-detection
performance compared to other baseline methods.

1. Introduction

The ongoing global pandemic caused by the coronavirus
disease (COVID-19) has spread rapidly over more than 200
countries in the world since its emergence in 2019. Even the
largest economies’ resources have been strained due to the
spread of COVID-19. Predicting potential hotspots ahead
of time can play a significant role in deploying targeted
interventions, such as testing, tracing, and isolation, and
slow down the disease spread (Oster et al., 2020b).

Large-scale, population-based testing can indicate regional
hotspots, but at the cost of a delay between testing and
actionable results. Accurately identifying changes in the
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infection rate requires sufficient testing coverage of a given
population, which can be costly and requires substantial
testing capacity. Regional variation in testing access can also
hamper the ability of public health organizations to detect
rapid changes in infection rates. Recent studies (Centers for
Disease Control and Prevention, 2021) aimed at estimating
the spread of COVID-19 by forecasting the number of
confirmed cases or the number of deaths. However, these
methods failed to provide a satisfactory case prediction
accuracy. Therefore, there is a high unmet need for tools
and methods that can facilitate the timely and accurate
identification of infection hotspots and enable policymakers
to act effectively with minimal delay (Rossman et al., 2020).

The Centers for Disease Control and Prevention (CDC) has
worked with other federal agencies to identify counties with
a significant increase in COVID-19 incidence (hotspots)
(Oster et al., 2020b), which offers a unique opportunity
to investigate the spatio-temporal dynamics between the
identified hotspots. The identified hotspots indicate the
relative temporal increases in confirmed cases and mark the
onset of local outbreaks.

In this paper, we propose an effective COVID-19 hotspot de-
tection framework that utilizes the hotspot data and multiple
other data sources to enhance hotspot detection accuracy.
We assume the hotspot and number of cases in the same
location depending on common priori factors, represented
by a latent spatio-temporal random variable. This latent
variable is modeled by a Gaussian process, whose covariance
is characterized by an interpretable non-stationary kernel.
We note that the non-stationarity of our kernel plays a pivotal
role in the success of our model because the spread of the
virus shows heterogeneous spatial correlation across differ-
ent regions. For example, the virus is likely to spread more
slowly in a sparsely populated area such as rural Nebraska
compared to a densely populated area such as New York City.
We formulate our kernel function using carefully crafted
feature functions incorporating neural networks, which pro-
vide greater flexibility in capturing the complex dynamics
of the spread of COVID-19 while still being highly inter-
pretable. To tackle the intractability of Gaussian process
with a large-scale data set, we also derive a sparse model and
fit the model efficiently via a variational learning strategy,
which goes beyond the scope of this paper and will not be
discussed.
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2. COVID-19 Hotspot Detection Framework

This section presents our hotspot detection framework, con-
sisting of two spatio-temporal models: confirmed cases
and hotspots. Consider weeks = f{ =1 ) g starting
from March 15, 2020 to January 17, 2021 and locations
(counties) =fi=1 g, with latitude and longitude
B; 2 R2,8 2 , where represents the space of
geographic coordinate system (GCS). The two models, re-
spectively, focus on weekly confirmed cases H;; 2 Z and
identified hotspots ;; 2 fO 1g of COVID-19 at location
§2 andtime(2 ,where ; =1 if there is a hotspot at
location 8 and time C, and 0O, otherwise.

CDC (Oster et al., 2020b) defined the hotspots based on
relative temporal increases in the number of cases, i.e., the
occurrence of the hotspots depends on the spatio-temporal
correlation across different locations and over time, and
not on the mean number of cases. Hence, we capture the
correlation between H;; and ; by connecting these two
models in the spatio-temporal space ,( B;” through a latent
spatio-temporal random variable 5,0 B”, characterized by
a Gaussian process (GP) with zero mean and covariance
specified by a kernel function :.

The goal is to find the optimal pair of these two models that
best predict the hotspots and the cases for one week ahead.
We refer to the proposed framework as the spatio-temporal
Gaussian process (STGP).

2.1. Spatio-Temporal Gaussian Process (STGP) Models

For the notational simplicity, we first denote the spatio-
temporal coordinate .0 B, by x;; 2 , B R3.
For any subset X with # spatio-temporal coordinates,
the set of function variables f B f5,x;;"0x, 2x has joint
zero-mean Gaussian distribution

?.£7 =N, fj0 Kxx” (1)

where Kxx is a # # matrix and its entries are pairwise
evaluations of : ,x x%, 8x x’ 2 X.

Case model. We define a spatio-temporal model for the
confirmed cases in the following form:

Hit = ‘it E] 511Xl't” £ nit 82 C2

where n;; N, 0 fz" is assumed to be i.i.d. normally
distributed; “;; is the mean of number of confirmed cases at
week ( in location §.

We assume the mean of the number of confirmed cases in a
certain location relates to covariates in other locations accord-
ing to an underlying undirected graph =, ", where

is the set of vertices representing all the locations, and

f,8 9”2 2gis a set of undirected edges representing the
connections between locations. There is an edge between two
vertices whenever the corresponding locations are geograph-
ically adjacent. Let (;, B »[in1 Lizt [iiz.” 2 RE

denote the data of location 8 2 at time ( 2 and
8;; B»rl,; [ [ 1,;2.” 2 RE denote the param-
eters of the corresponding location; ! denotes the number of
features. Here, in practice, we use the number of confirmed
cases, the number of deaths, and six community mobilities
variables in the past two weeks as the input features with
I = 16. Formally, we define “;; as

‘i = ( j78j T

72H¢ j:,i,j"2

82 (2 )

where H, =fg:C 3 ¢
with memory depth 3 ).

(g represent the recent history

For a set of # observed spatio-temporal coordinates X, we
denote the number of confirmed cases and their estimated
means as'y B intg,,i,t":Xﬁczx and - B f‘itg”i,t":xchXv re-
spectively. Then we can express the conditional probability
distribution of y as

2,¥if" =N,yj- Kxx , FI” 3)

where Lis a # # identity matrix.

Hotspot model. We express the conditional probability of
the hotspots h for a subset of spatio-temporal coordinates X
as:

?"hjf“ = B,, itjq" 5 ﬂXl't""” (4)

Xgc 2X

where Bn itjqn 5 ,,Xit””” = q" 5 ,.Xit””hsc 1,1 q,, 5 ,,Xl't”""l hae
is the likelihood for the Bernoulli distribution and q is a
sigmoid function.

Learning objective. We aim to detect the hotspot while
taking advantage of the information that have been recorded
in the number of confirmed cases. To this end, we find the
optimal model parameters by solving the following combined
objective:

max D" B ha)" s X )" ®)

where X controls the ratio between two objectives and ) 2

is the set of parameters defined in GP. The ,)” B log ?,.y”
denotes the log marginal likelihood of observed confirmed
cases and j,)" B log ?,h” denotes the log marginal like-
lihood of observed hotspots. We note that log marginal
likelihood of cases in the second term plays a key role in
“regularizing” the model by leveraging the information in
the case records as shown in Fig. 7 (Appendix D). We also
present the :-fold cross validation that quantitatively mea-
sures the | score of the hotspot detection and the mean
square error of the case prediction with different X in Fig. 8
(Appendix D). The result confirms that the appropriate
choice of X can significantly improve the performance of
hotspot detection.
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Figure 1. An illustration of the deep neural network that maps an ar-
bitrary spatial location B to its covariance  and the corresponding

weight Fg.

2.2. Spatio-Temporal Deep Neural Kernel

We discuss the choice of the kernel function : in this
subsection. Standard GP models use a stationary covariance,
in which the covariance between any two points is a function
of Euclidean distance. However, stationary GPs fail to adapt
to variable smoothness in the function of interest. This is
of particular importance in geophysical and other spatial
data sets, in which domain knowledge suggests that the
function may vary more quickly in some parts of the input
space than in others. For example, COVID-19 is likely to be
spreading slower than in sparsely versus densely populated
regions. Here, we consider the following non-stationary

spatio-temporal kernel:

]
R !
0 0B B™=a,0 (™ Fr h" B B 6)

r=1

where a,0 (% is a stationary kernel that captures temporal
correlation between time ¢ and (% h-"" B B" is a component
of the non-stationary spatial kernel which evolves over
the space and F;g " is the corresponding weight satisfying
R, F;Or" = 1. 7 is the number of components considered.
By likening the relationship between the spatial kernel
component to that of the Gaussian component in Gaussian
mixture, we seek to enhance the representative power of
our kernel by adding more independent components to the
spatial kernel.
Stationary temporal kernel. We define the kernel func-
tion that characterizes the temporal correlation between
¢ 2  asan stationary Gaussian function:

1 .. ..
a,0 (" =exp ﬁjjc 0%

where T, 2 R_ is the bandwidth parameter. This kernel
function hypothesizes that the level of virus’ transmission is
highly related to its recent history and their correlation will
decay exponentially over time.

Non-stationary spatial kernel. To account for non-
stationarity, we now allow the smoothing kernel to depend
on spatial location B. For ease of discussion and simplicity
of notation, we omit the superscript A in h»" " B B" and Fsor s
and present the structure of a single non-stationary spatial
kernel component. We use ", " to denote a kernel which
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Eigure 2. An examples of the spatial kernel with two components
~F2h»"" B’ evaluated at the same location B. This instance is

constructed using two different kernel ”*, which are parameterized

by two randomly generated i and i5.

is centered at the point s and whose shape is a function of

location s. Once "\, " is specified for all B 2 R2, the
correlation between two points B and B? is then
h,8 8"/  7,,D",D"3D (7)

R2

Because of the constructive formulation under the mov-
ing average specification, the resulting correlation function
h,B B" is certain to be positive definite. We favor working
with the kernels *,, " rather than working directly with the
correlation function h,B B% since this makes it difficult to
ensure symmetry and positive definiteness for all B and B'.
Following the idea of (Bernardo et al., 1998; Zhu et al.,
2021), we define each /g, ” to be a normal kernel centered
at B with spatially varying covariance matrix . In this case
given the parameterized ¢ and g, the correlation function
is given by an easy to compute formula

1

S 2 B
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The derivation of this formula can be found in Appendix B.

To assure that the kernel f*;,, "g vary smoothly over space
we parameterize  and then allow the parameters to evolve
with location. For this paper we will focus on a geometrically
based specification which readily extends beyond the use of
the Gaussian kernel considered here.

There is a one-to-one mapping from a bivariate normal
distribution to its one standard deviation ellipse, so we
define a spatially varying family of ellipses which, in turn,
defines the spatial distribution for . Let the two focus
points in R? denoted by 7, B ,K..,B" k,,B"" 2 and

7, B, ki,B" Kky,B” 2 define an ellipse centered at
B with fixed area . This then corresponds to the Gaussian






