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Abstract
With COVID-19 affecting every country globally and changing everyday life, the ability to forecast the spread of the dis-
ease is more important than any previous epidemic. The conventional methods of disease-spread modeling, compartmental
models, are based on the assumption of spatiotemporal homogeneity of the spread of the virus, which may cause forecasting
to underperform, especially at high spatial resolutions. In this paper, we approach the forecasting task with an alternative
technique—spatiotemporal machine learning. We present COVID-LSTM, a data-driven model based on a long short-term
memory deep learning architecture for forecasting COVID-19 incidence at the county level in the USA. We use the weekly
number of new positive cases as temporal input, and hand-engineered spatial features from Facebook movement and connect-
edness datasets to capture the spread of the disease in time and space. COVID-LSTM outperforms the COVID-19 Forecast
Hub’s Ensemble model (COVIDhub-ensemble) on our 17-week evaluation period, making it the first model to be more accu-
rate than the COVIDhub-ensemble over one or more forecast periods. Over the 4-week forecast horizon, our model is on
average 50 cases per countymore accurate than the COVIDhub-ensemble.We highlight that the underutilization of data-driven
forecasting of disease spread prior to COVID-19 is likely due to the lack of sufficient data available for previous diseases, in
addition to the recent advances in machine learning methods for spatiotemporal forecasting. We discuss the impediments to
the wider uptake of data-driven forecasting, and whether it is likely that more deep learning-based models will be used in the
future.
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1 Introduction

Since the first known case of COVID-19 in December 2019,
the disease has grown into a pandemic of unprecedented
scale, significantly impacting modern life in the twenty-
first century. There have been over 216 million confirmed
COVID-19 infections globally as of August 2021, with the
USA being particularly hard hit, accounting for over one-
third of all infections and 636,000 deaths [25]. As a result,
forecasting the spread of the diseasewithin theUSAhas been
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a significant focus of the Centers for Disease Control and
Prevention (CDC) and National Institutes of Health (NIH).

The nationwide spread of COVID-19 has necessitated
continual adaptations in planning and response decisions.
While substantial uncertainty exists surrounding the contin-
uing spread of COVID-19, a robust forecast can be used to
inform policy, targeted interventions, and mitigation strate-
gies. During the pandemic, forecasts have been used to
allocate medical resources that are in short supply (e.g., ven-
tilators, personal protective equipment, gowns, sanitizer) to
the areas with high COVID risk [17,18,33]. Moreover, they
have influenced the assignment of travel nurses, a group of
qualified nurses who are not employed at specific locations,
but rather, have multiple short-term appointments at hos-
pitals located anywhere in the USA based on demand [3].
Forecasts have also been shown to inform response and miti-
gation strategies [63,96] and help identify preferred locations
for vaccine efficacy trials [22]. The decision of many gov-
ernment authorities to ‘lockdown’ the population has been
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based upon the combination of the current incidence rate
and short-term forecasting of COVID-19 incidence [55,68].
The importance of accurate forecasting is further underlined
by the fact that tens of teams from a variety of academic areas
and industries have shifted their research focus to COVID-19
forecasting since March 2020 [19].

In March 2020, the University of Massachusetts Amherst
created the COVID-19 Forecast Hub [19,78], and since then,
has been publishing weekly forecasts of COVID-19 inci-
dence and mortalities at the scales of national, state, and
county level. In this work, we focus on forecasting incidence
at the highest spatial resolution for which validation data
is widely available, i.e., county level, as the most impor-
tant scale for planning, resource allocation, and medical
equipment distribution. Additionally, adopting preventative
or mitigation strategies such as business restrictions or mask
mandates are largely implemented locally, based on county-
level incidence and prevalence.

The majority of the forecasting surrounding the spread of
COVID-19 has been produced using compartmental mod-
els from epidemiology, in particular SEIR models [31,41,84,
107].Thesemodels divide thepopulation into compartments—
such as Susceptible to the virus (S), Exposed to the virus (E),
Infected with the virus (I), or Recovered from the virus (R)—
and then, use the characteristics of the virus and population
to estimate the flow of proportions between these categories
in order to forecast the spread and/or duration of an epi-
demic. These models have produced reasonable forecasts for
many decades and different epidemics [48,79,94], but their
main strength lies in providing a framework for character-
izing the reproduction rate of a disease, i.e., the expected
number of secondary cases produced by a single (typical)
infection in a completely susceptible population. When it
comes to forecasting, their performance is undermined by
the underpinning assumption of the spatiotemporal homo-
geneity of the spread of the virus [1,37].

In this paper, we propose an alternate approach to inci-
dence forecasting by implementing a data-driven framework
based on a spatiotemporal deep learning architecture, which
we call COVID-LSTM, to reflect our adoption of long short-
term memory (LSTM) network architecture. Our method
utilizes human movement and county connectedness data,
published by Facebook and acquired from mobile devices
carrying the Facebook app, to derive features quantify-
ing the spread of the virus between counties. We integrate
these hand-engineered spatiotemporal features into a LSTM
deep learning model for multivariate time series. Our results
demonstrate that this method is the first to be more accurate
on average than the COVID-19 Forecast Hub’s Ensemble
model (COVIDhub-ensemble) at predicting COVID-19 inci-
dence over multiple forecast horizons.

The main contributions of this paper can be summarized
as follows:

1. COVID-LSTM: A novel framework for integrating spa-
tial features and temporal incidence data using spatiotem-
poral deep learning for disease-spread forecasting;

2. The first model to produce more accurate forecasts, on
average, than the COVIDhub-ensemble at multiple fore-
cast horizons;

3. A novel use of Facebook’s Social Connectedness Index
and Movement Range datasets to define the strength of
spatial connections between counties in the USA, and
the amount of inter-county and intra-county population
movement; and,

4. Openly providing code anddata for reproducibility,wider
implementation, and future research.

The remainder of this paper is set out as follows: in
Sect. 2, we discuss the COVID-19 Forecast Hub and present
both compartmental models and other existing data-driven
approaches; in Sect. 3, we discuss the case data and explain
our use of Facebook’s Social Connectedness Index and
Movement Range datasets to derive spatial features; in
Sect. 4, we present COVID-LSTM in detail; in Sect. 5, we
present our experiments and comparisons with the leading
models currently used by the CDC and NIH, and discuss
some of the model parameters; in Sect. 6, we comment on
our forecasts, the methods, and the future of COVID-19 fore-
casting; and finally, we draw conclusions in Sect. 7.

2 COVID-19 forecasting and related work

Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-
CoV-2) is the highly contagious virus causing the COVID-19
respiratory illness, and responsible for the COVID-19 pan-
demic. It is a relative of SARS-CoV-1, the disease that was
responsible for the SARS epidemic in 2003–2004, andwhich
initially provided valuable insight into the potential spread
of this disease [97].

This section gives an overview of COVID-19 disease-
spread modeling, including the role of both compartmental
models and machine learning models. We discuss some of
the highest-performing models used to forecast the spread
of COVID-19, with an emphasis on models addressing the
same problemwe are—forecasting county-level incidence in
the USA. We also discuss the COVID-19 Forecast Hub and
the resulting COVIDhub-baseline and COVIDhub-ensemble
models, as used by CDC, which we later use for comparison
in our experiments.

2.1 COVID-19modeling

The international impact of COVID-19 has led to signifi-
cant research efforts being invested into modeling various
aspects of the disease and policy responses. In a compre-
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hensive review of COVID-19 modeling [13], the authors
identify over 200k published articles on COVID-19, with
approximately 22k of them specifically related to model-
ing. COVID-19 modeling publications cover a large range of
aspects of the pandemic including disease spread [6,35,73,
83,102,107], transmission dynamics [45,57,98,106], diagno-
sis [20,70], contact tracing [46,49], medical treatment [8,57],
non-pharmaceutical interventions [9,23,28,30], and socioe-
conomic influence and impact [24,62,76,95].

The work dedicated to modeling the spread of the dis-
ease can be categorized into two strategies—compartmental
models and data-driven models—which approach the prob-
lem from different directions. Compartmental models are
based on characteristics of the disease while data-driven
models learn the pattern and rate of spread through previ-
ously observed data.

2.2 Compartmental models

Compartmental models are based on a conventional math-
ematical modeling technique for predicting the spread of
infectious diseases. They stratify the population into com-
partments depending on their relationship with the disease
in question. The basis for each of these models is the SIR
model, which was developed in the early twentieth century,
and assigns members of the population into one of three cat-
egories: Susceptible to the virus, Infected with the virus, or
Recovered from the virus [50]. The flow of members of the
population from one state to the next is modeled by the fol-
lowing set of differential equations:

dS

dt
= −β I S

N
dI

dt
= β I S

N
− γ I (1)

dR

dt
= γ I (1)

where S is the number of subjects in the population suscep-
tible, I is the number of subjects currently infected, R is the
number of subjects recovered, and N is the total population
size. Parameters β and γ are based on characteristics of the
disease in the population, and calculate the proportion of the
susceptible population that are becoming infected with the
disease and the rate at which people recover from the disease,
respectively. The ratio of β to γ , referred to as the reproduc-
tion rate or R0, is the expected number of new infections for
each individual infection in a completely susceptible popu-
lation. An R0 of greater than 1 represents a disease that is
growing in the community, while an R0 of less than 1 repre-
sents a disease that is declining in incidence.

The classical SIR model can be extended by including
additional compartments such as exposed (resulting in an

SEIR model) and/or deceased (SEIRD), or other compart-
ments specific to the disease [43]. For COVID-19 modeling,
an exposed category is useful to represent the population
who are in proximity to someone with the disease, but are
not yet showing symptoms due to the incubation period of the
virus [41,47]. In [102], the authors categorize the community
into 6 classes: Susceptible, Exposed, Infected, Quarantined,
Insusceptible, and Recovered, resulting in a SEIQPR model.
The categories of this model do not follow a direct linear
sequence either, i.e., an exposed individual may progress to
being infected, or they may pass to being quarantined, allow-
ing for differing regulations between locations. In [107], the
authors propose a SuEIR model, including a category for
unreported or unconfirmed COVID-19 cases, as the num-
ber of cases reported in the USA is believed to have largely
been under-reported throughout the pandemic. Other meth-
ods have added free parameters to compartmental models to
account for government policy such as social distancing [71]
and travel restrictions [16].

In [38], the authors build upon the traditional SEIRD
model to facilitate real-time COVID-19 forecasting. Their
model, named the Mechanistic Bayesian Model (UMass-
MechBayes), uses a nonparametricmodel of the transmission
rate (βt ) against time. This allows for the transmission
rate to increase or decrease for each measurement period.
A similar approach is presented in [2], where researchers
use machine learning models to accurately and dynamically
quantify the transitions between model compartments. Both
this model, named the COVID-19 Public Forecast model
(Google_Harvard-CPF), and the UMass-MechBayes model
have been identified as producing highly accurate county-
level forecasts in the USA [19], and therefore, we use them
as comparison models in Sect. 5.

2.3 Data-driven approaches

As the COVID-19 epidemic developed into a pandemic dur-
ing 2020, it also provided data at a scale unprecedented in
epidemiology. Within the USA, incidence and death data has
been recorded at the county level, and made freely avail-
able on a daily basis. Data of this magnitude has provided
an opportunity for re-examining the conventional forecasting
methods, and devising data-driven forecasting.

The wealth of data collected during the COVID-19 pan-
demic (as a result of its importance as well as the disease
prevalence) provides an opportunity for researchers to use
autoregressive processes and machine learning as alterna-
tive approaches to compartmental models. Machine learning
is data-driven, meaning that the models identify, and learn
from, underlying spatiotemporal trends in the data. Alter-
nately, compartmental modeling is based on the assumptions
of the spatiotemporal homogeneity and the homogeneity of
the population [37]—assumptions that may be incorrect in
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the case of COVID-19. While models have been extended
to include free parameters to account for demographic fac-
tors [14,61], dependence of transmission rates on time [53],
and metapopulation structure [65,100], this often ends up
with a large number of parameters that must be calibrated for
a given disease and population, which can introduce errors
in incidence forecasting.

One potential reason that data-driven methods are not
common–relative to compartmental models–in the history of
disease forecasting, is the potential sparsity of the data. For
example, the World Health Organization states that around
8,000 people globally were infected with the SARS-CoV-1
outbreak in 2003, and only 8 of these were in the USA [74].
It is reasonable to assume that machine learning methods,
which traditionally improve in performance proportionally to
the quantity of data available [40,90], might have underper-
formed in forecasting this outbreak. However, with millions
of reported infections worldwide, data scarcity is not an issue
for researchers using data-driven approaches to forecasting
the COVID-19 pandemic.

With the global-scale disrupting effects of the COVID-19
pandemic, several research groups leveraging applied Artifi-
cial Intelligence have diverted their attention to COVID-19
forecasting. Additionally, recent research in machine learn-
ing for sparse data and transfer learning should further
facilitate its adoption for disease forecasting, even for smaller
epidemics [88].

In [81], researchers present an autoregressive time series
model (CMU-TimeSeries) that uses time series of both inci-
dence and death data to make forecasts at high spatial
resolutions, such as the county level.

DeepCOVID [83] is recognized as the first deep learning-
based COVID-19 forecastingmodel published for US data. It
uses a multi-layer perceptron to produce state-level forecasts
using cases, deaths, and hospitalizations as a multivariate
input. As this was the first data-driven model published, it
is notable that the resulting forecasts are highly comparable
with the state-of-the-art compartmental models at the state
level [19].

Subsequent to DeepCOVID, various studies have treated
COVID-19 forecasting as a time series forecasting problem,
and addressed it with deep learning. The most popular is
LSTM networks, which is also the architecture that we also
utilize in this work, as they are the state of the art in learning
patterns in temporal data. LSTM networks are implemented
for national-level COVID-19 forecasting in [6,15,35,73,104,
107]. It is likely due to data sparsity, irregularity, and the
required pre-processing, that many researchers have not used
LSTM networks at smaller scales [83]. One notable model,
however, is the Neural Relational Autoregressive Model by
Facebook AI Research (FAIR-NRAR) [60]. This model uses
temporal series of incidence, deaths, and other covariates
quantifying the mobility of the population as input to a

recurrent neural network. This model is the most similar in
structure to ours and is therefore included as a comparison
model in our experiments in Sect. 5.

2.4 COVID-19 Forecast Hub

The COVID-19 Forecast Hub [19,78], created by the Univer-
sity of Massachusetts Amherst, is a repository of COVID-19
forecasts from various research groups across the USA.
Each week, groups submit forecasts for the numbers of new
cases, hospitalizations, and deaths in future days, weeks, and
months at the national, state, and county level in the USA.
The repository hosts over 100 million rows of data that are
openly accessible.

The Forecast Hub works closely with the CDC and passes
on forecasts for use in government communications. The
two common forecast models published by the CDC are the
COVIDhub-baseline model and the COVIDhub-ensemble
model; these are also the two models that we use for compar-
ison in our experiments in Sect. 5. The COVIDhub-baseline
model’s forecast is a neutral reference model with a pre-
dictive median equal to that observed over the same time
period immediately prior. In our experiments, this means that
the predicted number of COVID-19 incidence for a given
county during any future week will be equal to the num-
ber of reported infections in that county during the current
week, i.e., persistence. The COVIDhub-ensemble model’s
forecast is a collaboration between the CDC, 21 research
groups, five private industry groups, and two other govern-
ment groups. The forecast value is the median prediction out
of all eligible models that are submitted through the COVID-
19 Forecast Hub for a given forecast date, hence the size of
the ensemble varies by week and location. The number of
individual models in the ensemble ranges from single figures
during April 2020 to 49 during December 2020, however the
forecasts for some locations include fewer models as not all
model submissions contain predictions for all locations. The
COVIDhub-ensemble’s forecast is rarely the most accurate
for an individual point prediction, but is shown to be signif-
icantly better on average than any single model across all
forecast horizons [19].

Forecast Hub predictions are published for various time
horizons. The focus of this work, and the majority of the
model submissions, is on the more reliable ‘short-term’ fore-
casts, which include forecasts for 1, 2, 3, and 4 weeks into
the future. One important note is that the forecasts are made
for epi-weeks, meaning that the forecast value for the 2-week
horizon is equal to the numbers anticipated to occur during
the week (7 days) that is 2 weeks in the future, rather than a
cumulative forecast for the coming 2 weeks (14 days). Epi-
weeks run Sunday through Saturday, as defined by the CDC,
and are common practice in epidemiology.
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Both a point prediction and a set of quantiles are necessary
for each Forecast Hub submission to enable the creation of
prediction intervals. For forecasting incidence at the county
level, the published quantiles are 0.025, 0.1, 0.25, 0.5, 0.75,
0.9, and 0.975, and therefore, we have included these quan-
tiles in our results (Sect. 5.4).

3 Data

The task we aim to address is to predict COVID-19 inci-
dence at the county level in the contiguous US over 1-, 2-,
3-, and 4-week forecast horizons. Our data has 10 temporal
input features per instance: 2 derived from the raw number of
cases; 6 features derived from Facebook datasets represent-
ing human movement and inter-county connectedness; and 2
weather features. Each feature x is included with a temporal
lag of n weeks: [xt , xt−1, xt−2, . . . , xt−n].

The input features are shown in Table 1 and discussed
further in the following subsections.

3.1 Reported cases

The raw data are downloaded from Johns Hopkins Univer-
sity’s Center for Systems Science and Engineering [25] as
the cumulative number of confirmed COVID-19 infections
per county per day, i.e., incidence. We download data start-
ing April 1, 2020, through February 20, 2021. The period
used for our evaluation begins on SaturdayOctober 31, 2020,
through February 20, 2021. This evaluation period was cho-
sen as it covers three different phases of the pandemic—the
sharp increase in late 2020, the peak around the December–
January holiday period, and the general decline beginning in
the new year. This is reflected in the national case numbers
shown in Fig. 1. All data between the start date and the given

Table 1 The features used in COVID-LSTM

Source Feature

Johns Hopkins Univer-
sity CSSE [25]

New weekly COVID-19 incidence

Monthlymean cumulativeCOVID-19 inci-
dence

Facebook [4,42] Stay put index

Rate of weekly change of stay put index

Change in movement index

Rate of weekly change in change in move-
ment index

Weekly change in social proximity to cases

Monthly mean social proximity to cases

Weather Average minimum temperature

Average maximum temperature

Fig. 1 The observed COVID-19 incidence for our 17-week evaluation
period at the national level. This period covers three periods of dif-
ferential growth of the virus, a rapid increase in November and Early
December, steady growth across the new year period, and a decline in
growth from mid-January to February

evaluation (i.e., forecasting) date is used for training the fore-
cast model, and all evaluation is performed on unseen (held
out) data.

To process this data into a weekly dataframe, we first take
a 7-day rolling average to smooth the irregularities caused
by inconsistent reporting, especially on weekends and holi-
days. From here, we calculate 2 input variables aligned with
the epi-week-based forecast dates: (1) the mean number of
cumulative cases during a given week, and (2) the increase in
new cases reported during a given week, i.e., incidence. This
second variable is also the target variable for our model.

Althoughwe have applied smoothing to the rawdata, there
are still a number of irregularities present. To combat this,
if a county reports a weekly increase of 0 cases, any input
instance containing that value is excluded from the training
data. This assists the model to learn underlying temporal
trends without the noise of inconsistent reporting.

We note that while our model is trained on a target of
rolling average values, the final evaluation is compared to the
raw number of reported cases in a given week (we discuss
this further in Sect. 5.5).

Our data contains the counties of 48 states in the contigu-
ous US. However, as we are using a time lag of length l, each
county contributes multiple instances to the training set. That
is, for a single county’s case data: x1, x2, x3, . . . , xt , where
we are trying to forecast xt+1, the training data will include
as individual instances:

x1, x2, . . . , x1+l → x2+l

x2, x3, . . . , x2+l → x3+l

x3, x4, . . . , x3+l → x4+l

. . .
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xt−1−l , xt−l , . . . , xt−1 → xt

where the values to the right of the arrows are the target of
the respective training instances. The test instance will be:

xt−l , xt−l+1, . . . , xt → xt+1.

This means that the model is essentially learning patterns in
multivariate temporal series of length l + 1, for each county
and time step.

The results presented in Sect. 5 use input data with a tem-
poral lag of 9. We investigate the use of other temporal lags
in Sect. 5.7.

3.2 Facebook-derived spatial features

In order to account for intra-county human movement pat-
terns, we included movement variables derived from the
Facebook Movement Range dataset [42]. This anonymized,
privacy-protecting dataset is generated by Facebook, and
derived frommobile devices carrying the Facebook app, i.e.,
by tracking the location of users’ log-ins over time tomeasure
the flow of the population. Within this dataset, there are two
metrics, called (1) Change in Movement and (2) Stay Put.
Change in Movement is a measure of the relative change in
aggregatedmovementwithin a county compared to a baseline
of the month of February 2020, which is the month prior to
the first cases of COVID-19 being recorded in the USA. Stay
Put is a measure of the proportion of a county’s population
that has stayed within a small radius for a 24 h period. The
Movement Range dataset is published daily, andwe have cal-
culated the change in movement and the rate of this change
for the appropriate epi-week.

In order to account for inter-county spread of the disease,
we have also incorporated an index called Social Proximity
to Cases (SPC) [58], which is a COVID-19-specific met-
ric incorporating Facebook’s Social Connectedness Index
(SCI) [4]. The SCI is a dataset published by Facebook that
uses the general home location of Facebook friends to quan-
tify the connectedness between those two administrative
units (in our case, the locations are US counties, however
SCI is not available at this scale in all locations internation-
ally). This means that two counties can be connected to one
another without being spatially adjacent. The Social Con-
nectedness (SC) between two counties is calculated as the
ratio of Facebook-friendships between users in those coun-
ties to the total number of possible Facebook-friendships
between those counties, i.e., SC represents the probability
that any two Facebook users in different US counties are
friends on Facebook, given their respective locations. The

SC between counties i and j would be:

SCi, j = FB_friendshipsi, j
FB_usersi × FB_users j

. (2)

The published value for SCI equals the value for SC scaled
to a range of between 1 and 1,000,000,000 and rounded to
the nearest integer.

In [58], the authors found that SCI was highly correlated
with the early spread of COVID-19 cases at the county level
in the USA. Their work defined the SPC metric to quan-
tify the likely exposure of the population of a given county
to positive cases from connected counties. It is calculated as
theweighted sum of the positive cases in the connected coun-
ties, where the weights are the social connectedness between
counties. Specifically, the SPC for county i at time t is:

SPCi,t =
∑

j∈C
Incidence_rate j,t × SCi, j∑

h∈C SCi,h
(3)

where Incidence_rate j,t is the number of positive COVID-
19 cases per 10,000 people in county j at time t , and C is
the set of all counties socially connected to county i (in our
case, C is the set of all other counties in the USA). SCI is a
static index produced annually; however, as SPC is weighted
by the weekly COVID-19 incidence rate, SPC is a dynamic
measure of proximity to cases.

Together, these features help capture the heterogeneous
spatial spread of COVID-19, both intra- and inter-county, for
a given week [93]. In order for our model to learn the spa-
tiotemporal spread, we create temporal series of the weekly
averages of each of these variables. We also include a series
of the rate of change of the variables (as the slope of a lin-
ear regression model) over that week, to account for average
values that have high or low variance.

3.3 Weather features

There is evidence to suggest a correlation between climate
and the spread of COVID-19 [7,67,92], and as such, we have
included temperature as a feature in COVID-LSTM. The fea-
tures included are the weekly average minimum temperature
and weekly average maximum temperature, per county. The
averaging is performed only for the populated areas of each
county based on theUSCensus’s PopulatedPlaces.As above,
these variables are used as a temporal sequence of l+1 weeks
in length.

4 COVID-LSTM

Our COVID-LSTM model is an ensemble regression model
based on a stacked long short-term memory (LSTM) deep
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Fig. 2 The architecture of one
constituent models of
COVID-LSTM, which is an
ensemble of 10 identical
architectures

learning architecture [44], which is a type of recurrent neural
network (RNN). LSTM networks incorporate multiple loop
connections, which enable information to be retained and
flow from one point of the network to the next. As a result,
they have found much success in sequential and list-based
data, such as speech recognition, image captioning, and time
series forecasting, as in our application [36,39,85]. In this
section, we will outline the COVID-LSTM architecture in
depth, and discuss its hyperparameters.

4.1 Architecture

COVID-LSTM is an ensemble of 10 LSTM-based networks,
all identical in architecture, but each initialized randomly and
trained separately. Each network takes a 10-channel multi-
variate time series as input, has 3 hidden layers, and a single
node as output. The first two hidden layers are LSTM lay-
ers, each with 64 units. The final hidden layer is a dense
(fully connected) layer of size 32. The architecture is shown
in Fig. 2.

A single LSTM unit is comprised of three ‘gates,’ which
regulate the information flow through the cell and retain past
information learnt from the sequence of input data. The input
gate determines new information to store from the current
state, the forget gate determines what information to discard
from the previous state, while the output gate determines
the next hidden state or the output value of the unit. The
functioning of these gates is the reason that LSTM networks
outperform ‘standard’ RNNs in almost all tasks [89].

4.2 Hyperparameters

Each individual model was trained for 15 epochs with the
final model chosen as the one with the lowest training error
out of the 15 epochs. We used an Adam optimizer [51] with

a learning rate of 0.001 to minimize the mean squared error
loss. The experiments were performed in Tensorflow 2.5.0.

4.3 COVID-LSTM ensemblemodel

Wedesigned COVID-LSTM as an ensemblemodel to reduce
the variability of the results of a single run. As the training
of deep learning methods is a stochastic process, it may lead
to different fitted models for each training; and therefore,
models fit separately on the same data may generate variable
results. Ensembling generally reduces this variability, while
also improving overall performance [29,66,72,103]. Further-
more, the uncertainty in epidemiological modeling and data
has resulted in ensemble models consistently outperform-
ing individual models [48,79,94]. We define our ensemble
prediction as the median predicted value of all of the con-
stituent model predictions, providing enhanced stability and
consistency of our forecasts. The curators of the COVIDhub-
ensemble model investigated more sophisticated methods
of combining models to form an ensemble, such as using
a trained or untrained weighted mean of the constituent
models, and ultimately found that taking the simple median
generated equally competitive results. [10].

5 Experiments

In this section, we present the results of forecasting county-
level reported COVID-19 incidence using COVID-LSTM.
We compare our forecasts to 6 comparisonmodels, including
the one used by theCDC to informdecisions at a federal level,
and present our results in terms of both mean absolute error
and mean absolute percentage error. All models are assessed
across 1-, 2-, 3- and 4-week forecast horizons.
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After providing comparison with other leading models,
we investigate the uncertainty in our forecasted values using
quantile regression, and turn to look at our forecast errors and
the outliers still present in the data. Finally, we aggregate our
output to investigate trends in our forecast errors at a national
level.

All experiments were run on a machine with an Intel
Xenonprocessor andUbuntu version 20.04.Ourmodelswere
trained using a NVIDIA GeForce RTX 3080 graphics card
with 10GB of RAM.

5.1 Comparisonmetrics

We compare our forecasts to those of different models by
mean average error (MAE) and mean average percentage
error (MAPE). MAE is the metric used by the COVID-19
Forecast Hub to compare the performance of forecasts, and
therefore, we have chosen to align with this decision, as the
Hub is the primary reference point for COVID-19 forecasting
in the USA.

It is calculated as:

MAEt =
∑

j∈C |ŷ j,t − y j,t |
|C | (4)

where C is all of the counties included in the forecast, ŷ j,t
is the forecasted value for county j in week t and y j,t is the
true value.

MAPE calculates the error in the forecast as a percentage
of the ground truth value. In our application, this means that
the error in the forecast of each county’s incidence contributes
equally to the evaluation metric. It is calculated as:

MAPEt = 100

|C |
∑

j∈C

|ŷ j,t − y j,t |
y j,t

(5)

where C is all of the counties included in the forecast, ŷ j,t
is the forecasted value for county j in week t and y j,t is the
true value.

As a percentage error, there are certain instances where
MAPE is undefined or does not make sense [56]. For exam-
ple, when forecasting COVID-19 at the county level in the
USA, many small counties record zero weekly incidence,
meaning that any forecast greater than zero will have an infi-
nite MAPE. For this reason, we have reported MAPE for
only the 50 most populous counties in the USA.

5.2 Comparisonmodels

Our experiments presented in Sect. 5.3 compare the forecast
of COVID-LSTM to 6 other leading forecasting models: 2
models that have been identified by the Forecast Hub as con-
sistently high performing at the county level [19]; 2 models

that share notable similarities to COVID-LSTM; and, 2mod-
els produced by the Forecast Hub, one of which has been the
basis of reporting and projection by the US CDC.

High-performing individual models
The University of Massachusetts Mechanistic Bayesian
model (UMass-MechBayes) [38]1 and Google and Harvard
University’s COVID-19 Public Forecast model (Google_
Harvard-CPF) [2] are identified as consistently high-
performing forecasts of COVID-19 incidence at the county
level in the USA [19,78]. UMass-MechBayes is a SEIRD
model modified to include nonparametric estimates of vary-
ing transmission rates and nonparametric modeling of case
discrepancies to account for testing and reporting issues.
Google_Harvard-CPF is a machine learning-infused SEIR
model that emphasizes explainability. It uses an encoder
model to extract information from spatial and temporal
covariates to update the transitions between compartments
in the model.

Similar models The Carnegie Mellon Delphi Group’s Time
Series model (CMU-TimeSeries) [81]2 and Facebook Arti-
ficial Intelligence Research’s Neural Relational Autoregres-
sive model (FAIR-NRAR) [60] share similarities with our
technique as they frame the problemas a data-driven forecast-
ing problem. CMU-TimeSeries uses incidence and deaths as
inputs to an autoregressive time series model for forecast-
ing at the county level. FAIR-NRAR is based on a recurrent
neural network architecture and adds covariates to repre-
sent regional sociodemographics, the population mobility,
and local policies.

Forecast Hub models The final two models are those
produced by the Forecast Hub—COVIDhub-baseline and
COVIDhub-ensemble, as discussed in Sect. 2.4. The
COVIDhub-baseline represents persistence, i.e., the follow-
ing week will have the same number of incidence as the
previous week, and is developed as a universal bench-
mark in the USA, while the COVIDhub-ensemble is the
best county-level forecasting model (through ensembling
multiple models created by leading universities and tech
companies), and is used by the US CDC and other govern-
ment departments in decision-making.

1 We note that the UMass-MechBayes model only publishes forecasts
for 485–490 US counties per week and the results shown in the experi-
ments section are based on these predictions only.
2 We note that the CMU-TimeSeries model only publishes forecasts
for 199 US counties per week and the results shown in the experiments
section are based on these predictions only.
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Table 2 Average weekly mean absolute error of COVID-19 cases per
county over the whole evaluation period

Forecast horizon
1 week 2 weeks 3 weeks 4 weeks

CMU-TimeSeries 810.90 1235.14 1531.42 1706.18

UMass-MechBayes 457.82 711.11 962.01 1307.32

Google_Harvard-CPF 136.07 200.91 259.87 321.32

FAIR-NRAR 98.31 156.96 192.08 213.10

COVIDhub-baseline 91.13 139.55 180.14 214.62

COVIDhub-ensemble 78.77 121.87 155.40 183.32

COVID-LSTM 87.29 110.97 121.46 133.22

Model with lowest error shown in bold

5.3 Forecasting COVID-19 incidence

The average weekly MAE of the forecasts produced by
COVID-LSTM and the six comparison models over the four
different forecast horizons are listed in Table 2.

The results show that four models—FAIR-NRAR,
COVIDhub-baseline, COVIDhub-ensemble, and COVID-
LSTM—have substantially lower average weeklyMAE than
the remaining three models. Figure 3 shows the MAE of
COVID-LSTM against these 3 closest competitor models for

each forecast date in our test period. For the 1-week ahead
forecast horizon, different models generate lower errors,
depending on the specific week. However, it is evident that
COVID-LSTM has a lower error in many weeks across
the 2-, 3-, and 4-week forecast horizons. Over the 1-week
ahead forecast, the COVIDhub-ensemble model is on aver-
age 9 cases per county more accurate than COVID-LSTM,
which itself is 4 cases per county more accurate than the
COVIDhub-baseline. Over the 2-, 3-, and 4-week horizons
however, COVID-LSTM considerably outperforms FAIR-
NRAR, the COVIDhub-baseline, and COVIDhub-ensemble
models on average. Specifically, COVID-LSTM is on aver-
age 11, 34, and 50 cases per county more accurate than the
COVIDhub-ensemble for the 2-, 3-, and 4-week horizons,
respectively. COVID-LSTM is also 11, 45, 71, and 80 cases
per county more accurate on average than FAIR-NRAR for
the 1-, 2-, 3-, and 4-week forecast horizons, respectively.

Figure 3 shows a common trend in which our model error
peaks around the national holidays in late November and late
December, which may be indicative of lags and inconsisten-
cies in reporting. We will explore this further in Sect. 5.5.

The average weeklyMAPE of the forecasts of each model
is shown in Table 3, and the MAPE of the 4 highest-

Fig. 3 The mean absolute error for COVID-LSTM against the best published comparison models, for forecast horizons of 1–4 weeks in advance
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Table 3 Average weekly mean absolute percentage error (MAPE) of
COVID-19 cases per county over our evaluation period in the 50 most
populous counties

Forecast horizon
1 week 2 weeks 3 weeks 4 weeks

CMU-TimeSeries 24.26 38.01 49.39 47.31

UMass-MechBayes 24.94 38.21 53.92 62.72

Google_Harvard-CPF 29.04 49.13 66.79 71.41

FAIR-NRAR 21.91 42.39 57.12 54.16

COVIDhub-baseline 23.30 37.64 51.09 51.39

COVIDhub-ensemble 19.72 32.33 42.95 43.31

COVID-LSTM 22.06 29.29 35.60 38.30

Model with lowest error shown in bold

performingmodels is shown inFig. 4 for thewhole evaluation
period.

The MAPE results, similar to the MAE results previously
reported, show that the COVIDhub-ensemble performs best
at the 1-week forecast horizon while COVID-LSTM is best
across all of the 2-, 3-, and 4-week forecast horizons.

To further contextualize the significance of these results,
in [78], the authors stated that approximately half of themod-
els submitted to the Forecast Hub had errors larger than the
COVIDhub-baseline model. Furthermore, the COVIDhub-
ensemble model, which is used by the CDC in reporting
forecasts, is an ensemble of tens of individually calculated
models each week, and the best COVID-19 Forecasting
model in theUSA [19]. COVID-LSTM is the first COVID-19
forecasting model to outperform the COVIDhub-ensemble
model on average over any forecast horizon [19], and it does
so across two evaluation metrics and three forecast horizons.

5.4 Prediction intervals

To align with the COVID-19 Forecast Hub predictions and
submission requirements, COVID-LSTM is also capable
of producing prediction intervals for each forecast. These
are produced using quantile regression adapted for deep
learning [52,54,101]. To generate quantiles, we adapt our
output layer to be of the same size as the number of
quantile predictions required and modify the loss function
to minimize cumulative loss over all quantiles. Figure 5
shows our predictions for a 1-week forecast horizon for
six individual counties. The corresponding 95% prediction
interval is shown in gray. We note that these counties—
Los Angeles, California; Milwaukee, Wisconsin; Pulaski,
Arkansas; Boulder, Colorado; Duval, Florida; and Philadel-
phia, Pennsylvania—are for illustrative purposes and have
not been chosen for any specific purpose, with the exception
of Los Angeles County, which has the highest number of
cumulative reported COVID-19 cases in the USA.

Figure 5 shows that the large majority of our 95% pre-
diction intervals contain the true value. Where the true value
falls outside of the value, it is often because of a significant
change in the number of reported cases that week, either
an increase or a decrease. For example, the week starting
January 16, 2021, saw a decrease of approximately 40% in
recorded COVID-19 infections in Los Angeles County com-
pared to the previous week—the week of January 9, when
most likely, case numbers piled up (and under-reported) dur-
ing the New Year’s holidays were added to reports, and thus,
was followed by a week with much fewer cases. Likewise,
and most likely for the same reason, the week starting Jan-
uary 2, 2021, saw an increase of approximately 40% inDuval
county compared to the previous week, and then a similar
decline the following week. In each of these examples, the
reported case numbers fell outside of our model’s prediction
interval, but as we elaborate in the next section, this is largely
due to noise in the reported data as opposed to a poor model
performance.

5.5 Outliers and rolling average incidence

The reporting of confirmed COVID-19 cases has been noisy
and inconsistent in most countries worldwide; however, the
inconsistencies are more pronounced at smaller scales such
as US counties. For instance, according to Johns Hopkins
data [25], 23 counties in Utah have recorded zero cases of
COVID-19 sinceApril 2020 through July 2021, including the
counties of Cache, Washington, and Weber, each of which
have populations exceeding 100,000 people. Similarly, in all
counties of Nebraska, zero positive cases were recorded in
the months of June and July 2021.

Inconsistencies in county incidence reporting can also be
observed at a national level, as shown in Fig. 6. During the
holiday period in December 2020, the national number of
new daily cases dropped from 240,000 on December 23 to
below 100,000 on December 25, and then increased again to
240,000 on December 31, only to drop by 90,000 cases the
following day. There are also observable weekly cycles in
the daily data with lower cases reported on the weekends.

The variation in case data can be attributed to various
causes including: the availability of tests and testers, lags in
reporting, false positives, the number of asymptomatic cases,
the incubation time of the virus, political motivations, and
public policy [5,12,75,91,99,105].

We address the noise in the data to some extent by using
a 7-day rolling average of incidence in training, instead of
using the raw numbers. This form of data smoothing is
standard practice in time series analysis [11]. Although we
used the smoothed values in training data, we calculated
MAE presented in Fig. 3 against the raw data (as ground
truth) without smoothing. It can also be argued that the
smoothed data should be used as the ground truth in eval-
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Fig. 4 The mean absolute percentage error for COVID-LSTM against the best published comparison models, for forecast horizons of 1–4 weeks
ahead in the 50 most populous counties in the USA

Fig. 5 COVID-19 forecasts and 95% prediction intervals from COVID-LSTM for 6 counties in the USA

123



258 International Journal of Data Science and Analytics (2023) 15:247–266

Fig. 6 US daily reported cases of COVID-19 highlighting the reporting
variability around the 2020–21 holiday period

Table 4 Comparison of the performance of COVID-LSTM using aver-
age weekly MAE of COVID-19 cases per county against raw case
numbers and a 7-day rolling average of case numbers

Forecast horizon
1 week 2 weeks 3 weeks 4 weeks

Raw 87.29 110.97 121.46 133.22

Rolling ave 62.58 91.33 103.79 121.76

uation (i.e., in calculating MAE), as otherwise the models
may be penalized heavily and unfairly in weeks duringwhich
data reporting was inconsistent (e.g., due to holidays or other
reasons discussed above). When we compare the forecasts
of COVID-LSTM to the rolling average case numbers, as
opposed to the raw numbers, the average MAE of our model
decreases at every forecast horizon (as shown in Table 4).

A comparison of MAE calculated against the raw versus
smoothed case numbers for the evaluation period is shown
in Fig. 7. These plots show that when evaluating against the
smoothed case numbers, COVID-LSTM performs better in
almost every prediction.While the ForecastHub submissions
are compared based on the prediction of raw case numbers,
we would recommend that any decision-making or data-
driven policy is based on the smoothed values of confirmed
COVID-19 cases to account for inconsistencies in reporting.

5.6 Error analysis using aggregated county-level
incidence

Our county-level evaluations above are presented as MAE,
which provides no indication if COVID-LSTM’s results are
consistently over- or under-estimating the true totals. To
investigate this, we have aggregated our county-level fore-
casts to the national level for comparison with the observed
national incidence at both 1- and 4-week forecast horizons.

We have also aggregated the county-level forecast for the
COVIDhub-ensemble for further comparison. A plot of these
is shown in Fig. 8. We note that these are not national-level
forecasts as they are aimed at minimizing the per-county
error, as opposed to minimizing the error in the national inci-
dence.

The 1-week forecast horizon shows that both COVID-
LSTM and the COVIDhub-ensemble underestimate weekly
incidence when cases are rising nationally, and overestimate
it when cases are declining, i.e., they appear to have a bias
toward persistence. When considering the 4-week horizon,
this effect is less pronounced for COVID-LSTMbut still very
evident for the COVIDhub-ensemble. There is potential for
future work to investigate this further in an attempt to reduce
bias and improve the forecasts even further.

We note that on one forecast date—January 2, 2021—
both models substantially underestimate the true number of
cases, which is likely due to the previous week’s low data
reporting during the holidays (as discussed in Sect. 5.5) and
the fact that this date represents the global maximum of new
COVID-19 cases.

5.7 Temporal lag

The results presented in Sect. 5.3 use input datawith a tempo-
ral lag of 9 weeks, i.e., series with a length of 10—the current
week and the 9 weeks prior. We chose this value based on an
initial cross-validation performed on a smaller sample of the
training data, as this is common for hyperparameter tuning
in machine learning [69,87]. However, there is no guarantee
that the chosen value is optimal. Figure 9 shows the average
MAE over the evaluation period using data with longer or
shorter temporal series for a 1-week forecast horizon. We
can see that our choice to use a temporal lag of 9 weeks
produces a low MAE but not conclusively the lowest.

Table 5 shows the average MAE over the whole evalua-
tion period. These averages suggest that our results may have
been marginally stronger if we used a lag of 10 weeks rather
than 9, however this is obviously based on a comparison of
evaluations on the test data, which would not be possible to
see prior to performing the experiments, which are simula-
tions of real-world model deployment.

5.8 Socioeconomic variables

Many models of disease spread incorporate socioeconomic
and demographic variables such as median household
income; proportion of the population over 65; proportion
of black or Hispanic residents; and the political leanings
of county residents [26,34,77]. Socioeconomic variables are
latent variables representing factors that may cause the dis-
ease to spread faster or slower in a given county. For example,
having a lower median income may imply reduced access to
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Fig. 7 The mean absolute error for COVID-LSTM forecasts when compared to the raw confirmed cases and a 7-day rolling average of these values

Fig. 8 US weekly total reported cases of COVID-19 shown against the aggregated county-level numbers forecasted by COVID-LSTM and the
COVIDhub-ensemble at 1- and 4-week horizons
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healthcare or fewer white-collar workers who can work from
home.

In order to test whether socioeconomic and demographic
variables would improve our forecasts, we defined a hybrid-
LSTM model to incorporate atemporal variables alongside
our existing temporal ones. The hybrid-LSTM architec-
ture is shown in Fig. 10. The variables we considered in
this model were: population density, proportion of black
residents, proportion of Hispanic residents, proportion of
indigenous residents, proportion of residents aged over 65

Fig. 9 The mean absolute error for COVID-LSTM trained on input
data with different temporal lags for the 17-week evaluation period.
The 9-week lag (red) was chosen for use in the final model through
cross-validation on the training data

years, rural land as a proportion of the county area, propor-
tion of residents who voted for Donald Trump in the 2016
US presidential election, and median household income, all
at the county level.

A comparison of the MAE for the hybrid-LSTM model
against COVID-LSTM and the COVIDhub-ensemble is
shown in Fig. 11. The results show that the additional
variables do not significantly improve the forecast over
COVID-LSTM on all dates over a 1-week forecast horizon.
As listed in Table 6, the average MAE across the evaluation
period for the hybrid-LSTM is 88.05, which is comparable
with COVID-LSTM (87.29). The similarity of these errors
indicates that the majority of the predictive power results
from the temporal features and the Facebook-derived con-
nectedness and movement features. These findings are also
consistent with those of the Forecast Hub researchers who

Table 5 The average weekly mean absolute error for COVID-LSTM
trained on input data with different temporal lags for the whole evalu-
ation period

Temporal lag (weeks) Average MAE

5 90.38

6 94.21

7 96.78

8 89.38

9 87.29

10 86.05

Fig. 10 The architecture of one
constituent model of our
Hybrid-LSTM architecture,
which is an ensemble of 10
identical architectures
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Fig. 11 The mean absolute error for the hybrid-LSTM shown against
COVID-LSTM and the COVIDhub-ensemble

Table 6 The mean absolute error for the hybrid-LSTM shown against
COVID-LSTM, COVIDhub-ensemble, and COVIDhub-baseline

Model Average MAE

COVIDhub-baseline 91.13

COVIDhub-ensemble 78.77

COVID-LSTM 87.29

Hybrid-LSTM 88.05

observed that models with fewer variables tended to perform
very well in COVID-19 short-term forecasting [19].

6 Discussion

Our evaluation results indicate that our data-driven, spa-
tiotemporal forecasting using deep learning is more accurate
than the COVID-19 Hub Ensemble of multiple models at
predicting county-level incidence over 2-, 3-, and 4-week
forecast horizons. Further, the performance metrics of our
data-driven algorithm (including on the 1-week horizon)
would further improve if a smoothed 7-day rolling aver-
age of incidence is used as criteria for calculating MAE.
The major benefit of a data-driven disease-spread model is
that the external factors that drive the spread across time and
space,which are represented in the recorded case numbers for
each county, are directly utilized in forecasting. This means
that we can produce highly accurate forecasts without the
need to quantify variables such as the reproduction rate (R0),
which currently, are calibrated based on estimates that may
not generalize to the larger population well. We have demon-
strated this by using an evaluation period that covers a time
of high spread, a plateauing of the spread, and a decline in
the spread of COVID-19. However, circumventing parame-
ters such as R0 is a double-edged sword, as many of these
variables are key indicators of disease spread, in a univer-
sally agreed-upon framework to epidemiologists. While we

have demonstrated that our data-driven method is superior
to the state-of-the-art epidemiological models across most
forecast horizons, the lack of these indicators may prevent
its uptake in the field. Nevertheless, we here emphasize the
merit of each approach for its strength: compartmental mod-
els for characterizing parameters of a disease, and machine
learning for forecasting incidence in the general population.

Another advantage of a data-driven, autoregressive, spa-
tiotemporal model, such as COVID-LSTM, is that many
variables that are difficult to measure or model are auto-
matically captured using proxy variables. For instance, in
the USA, with many local governments and states leading
their own policy interventions (e.g., school closures, business
restrictions, masking or social distancing), keeping track of
these policies and codifying them to data is next to impossi-
ble for approximately 36,000 municipalities and townships,
or 13,506 school districts. While we attempted to capture
social distancing through the inclusion of daily movement
ranges, we are not explicitly including any dataset listing
policy mandates or business restrictions. Further, we are not
tracking mask mandates (since temporal data on masking at
the county level does not exist). However, policy intervention
or individual behavior change reflects itself in the number of
observed cases in the current and prior weeks, which we use
in the models as an input feature.

The same can be said about the seasonality of the disease
spread. COVID-19 cases have peaked in theUSAboth during
the Fall of 2020 followed by a winter surge, as well as sum-
mer of 2021 inmany parts of the country. Our autoregressive,
data-driven model captures potential seasonality by follow-
ing the trend of cases in each county, based on its specific
climate.

Similarly, vaccination can be a confounder in many states
in late 2021. To this date (September 2021), several states
are not making county-level data available for vaccination,
and the rate of vaccination has been spatially heteroge-
neous across the country. While our model evaluation period
presented in this paper does not overlap with the public
availability of vaccines, in general, more vaccinations in
a county would lead to a drop to new infections, which
would be captured by our autoregressive model on-the-fly,
as opposed to the traditional compartmental models that may
require updating of the model parameters and incorporating
new assumptions. We leave the incorporation of vaccination
statistics and investigating its potential effect on forecasting
performance for future research.

It is worth noting that while Facebook-derived datasets
may not be perfectly representative of different demographic
layers in the USA, our models generate county-level fore-
casts (in a similar fashion used by the Forecast Hub and
the CDC), and not age-, race-, or gender-specific forecasts.
Nevertheless, in terms of representation, Facebook has more
than 200 million users in the USA, resulting in one of the
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largest datasets available on human movement and county-
connectivity. Furthermore, Facebook, which has 2.89 billion
users worldwide, releases similar datasets for other countries
as well, including locations where other sources of data are
scarce.

We also note that our data-driven models benefit from the
wealth of data present for COVID-19 cases when compared
to previous pandemics or epidemics. If the data were more
sparse—i.e., more values of zero recorded—a LSTM-based
model would have more difficulty learning patterns [27,64].

Based on the information presented in this section and the
overall accuracy of COVID-LSTM, we argue that disease-
spread modeling should move to a realm of coexistence of
compartmental models and data-driven models.

6.1 Future opportunities

While our model produces highly accurate forecasts, we
acknowledge that there are outstanding challenges, which
if addressed, may further improve its performance, and the
performance of COVID-19 forecasting overall.

First, while we have accounted for some of the noise in
the data through smoothing, a systematic algorithm for iden-
tifying and handling irregularities in the county-level data
would likely improve model performance. Researchers at
the Forecast Hub in the U.S. have invested significant effort
for building automated anomaly detectionmethods; however,
they report that their experiments did not yield consistently
satisfactory results that improve over human judgment [80].

Secondly, while our model can account for vaccination
rates through weekly incidence, an explicit input variable
representing the proportion of vaccinated residents in the
county may improve the model further. We note that this
is not publicly available at the county level in the USA at
the time of writing (September 2021). There is also scope
to explore the relationship between movement variables and
vaccination status, i.e., whether the people moving about are
or are not vaccinated.

Thirdly, forecasts will improve from a deeper understand-
ing of the disease characteristics. Studies have founddifferent
values for R0 for different geographical areas and different
stages of the pandemic, ranging from 3.1 in Brazil [21] to
5.7 in Wuhan, China [86]. Similarly, the incubation period
is widely reported as 5 days; however, it has been measured
as potentially being up to 14 days and likely depends on the
variant [59]. An increase in the genomic sequencing of con-
firmed COVID-19 cases, and further understanding of the
transmissibility of different variants of the disease, may also
help improve forecasting performance. However, at present,
very little genomic sequencing of confirmed cases in theUSA
is being conducted compared to other countries [32,82].

While the above represent notable challenges and oppor-
tunities for improving future COVID-19 forecasts, there are

many other complexities of the data and disease (as identi-
fied in [13]), which a deeper understanding of will lead to
improved forecasting performance.

7 Conclusion

In this paper, we presented COVID-LSTM, a data-driven
approach to county-level forecasting of COVID-19. We
approached the task as a spatiotemporal machine learning
problem by using a temporal series of cases and hand-
engineered spatial features derived from Facebook move-
ment and connectedness datasets. COVID-LSTM outper-
forms the COVIDhub-ensemble on our 17-week evaluation
period, making it the first model to be more accurate than
the COVIDhub-ensemble over one or more forecast periods.
Specifically, over the 2-, 3-, and 4-week forecast horizons,
COVID-LSTM is 11, 34, and 50 cases per county more accu-
rate than the COVIDhub-ensemble.

The high predictive power of our deep learning-based
approach for forecasting COVID-19 incidence at high spa-
tial resolutions is notable, especially given its incorporation
of spatial features derived from Facebook. Facebook has
over 2.89 users worldwide, and releases similar datasets for
many other countries. This means that a similar forecasting
approach could be useful in data-poor regions or where other
sources of data may be scarce.

We have demonstrated that a data-driven spatiotemporal
approach to forecasting would be greatly informative and
beneficial for decision-making and planning purposes. We
also acknowledge that (1) our conclusions are valid at the
spatial scale and for the study area/period that we have used,
not necessarily for any specific region, gender, or age group,
and (2) forecasts are not the only output of compartmental
epidemiological models, and that the uptake of data-driven
approaches in the field may require future work to integrate
and utilize both data-driven and traditional epidemiological
models.

Future research should investigatemethods for calibrating
compartmental models in the framework of deep learn-
ing, to offer the benefits of both models: more precise
forecasting and better characterization of the contagion.
Another worthwhile research direction includes designing
deep architectures for direct incorporation of spatial features,
to potentially improve upon our current approach of hand-
engineered spatial features. Lastly, future research should
investigate the incorporation of vaccination variables for
forecasting at high spatial resolutions, especially that annual
booster shots and seasonal COVID-19 epidemics may define
the world’s new norm.
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Supplementary material

To aid replication, the code for ourmethod and the raw results
of all experiments are available at https://github.com/geohai/
covid-lstm.
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