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Hawkes point process models have been shown to forecast the number of daily new cases of epidemic diseases,
including SARS-CoV-2 (Covid-19), with high accuracy. Here, we explore how accurately Hawkes models
forecast surges of Covid-19 in the United States. We use Hawkes models to estimate the effective reproduction
rate R, and transmission density parameters for Covid-19 case counts in each of the 50 United States, then
forecast R, in future weeks with simple exponential smoothing. A classifier based on R, > x is applied to predict
upcoming surges in cases each week from August 2020 to December 2021, using only data available up to that
week. At false alarm rates below 5%, the forecasts based on R, are correct more often than forecasts based
on smoothing the raw case count data, achieving a maximum accuracy of 90% with R, > 1.39. The optimal
decision boundary uses a combination of R, and observed data.

1. Introduction

Hawkes point process models and their extensions such as the
epidemic-type aftershock sequence (ETAS) model (Ogata, 1988, 1998),
HawkesN (Rizoiu et al., 2018; Bertozzi et al., 2020; Chiang et al.,
2022), and the recursive model (Schoenberg et al., 2019) have proven
to be useful in modeling the spread of a variety of epidemic diseases
such as Ebola (Harrigan et al., 2019; Park et al., 2022), Chlamydia
(Schoenberg, 2022), SARS (Wallinga and Teunis, 2004; Cauchemez
et al., 2006), measles (Farrington et al., 2003), Meningococcal disease
(Meyer et al., 2012), Rocky Mountain Spotted Fever (Schoenberg et al.,
2019), and SARS-CoV-2 (Covid-19) (Mohler et al., 2021; Schoenberg,
2023; Phillips and Schoenberg, 2024). Kresin et al. (2022) compared
the accuracy of Hawkes models to that of compartmental models, such
as SEIR, across various infectious diseases, and found that Hawkes mod-
els offered substantially higher accuracy than compartmental models,
with errors in forecast case counts approximately 20%-30% smaller on
average than compartmental models in most cases.

Here, we explore how accurately Hawkes models can forecast surges
of Covid-19 in the United States. One way to evaluate the model’s fore-
casting efficacy is to consider its accuracy in estimating the effective
reproduction rate, which is an important and widely used indicator
for the transmission intensity of an epidemic and an early warning
signal for disease emergence (Anderson, 1991; Southall et al., 2020).
This parameter, denoted R,, represents the mean number of secondary
cases generated by a new infection at time ¢ (Cori et al.,, 2013). In
theory, R, is as an early warning statistic for outbreaks, with values
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above 1 indicating an emerging disease (Southall et al., 2020). Accurate
estimates of R, can be used to inform surveillance efforts and assess
the impact of interventions (Eichner and Dietz, 2003; Ferguson et al.,
2006; Domenech de Celles et al., 2018; Bertozzi et al., 2020; Chiang
et al., 2022).

R, can be estimated retrospectively or in real time. Wallinga and
Teunis (2004) use an expectation maximization (EM) approach to
reconstruct the transmission chains and estimate the number of sec-
ondary cases per individual. Similarly, Mohler, Schoenberg, and Sledge
(2021) apply an EM algorithm to estimate R, over predefined intervals
while simultaneously estimating transmission parameters. These meth-
ods are only suitable for retrospective analysis as the estimates of R,
at a given time rely on subsequent case records, although modifica-
tions for real-time estimation have been proposed (Cauchemez et al.,
2006). Alternatively, Cori et al. (2013) use Bayesian inference with a
Gamma prior on R,, resulting in a Gamma posterior under a Poisson
likelihood for incident cases. Other methods assume R, changes at
estimated or known change points (Browning et al., 2021; Chen et al.,
2021), including a state-space method for detecting change points in
R, based on a discrete-time Hawkes model (Koyama et al., 2021). In
contrast to these methods, we avoid distributional assumptions on the
parameter, allowing R(t) to vary freely over time, and use a direct least-
squares estimation method. We also present an alternating least-squares
procedure for estimating the transmission parameters.

In this paper, we examine the use of the estimated reproduction rate
for forecasting outbreaks in incidence, using transmission parameters
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estimated from a discrete Hawkes model with state-level Covid-19
incidence data from the first six months of 2020. Case count data
are incrementally added week by week and R, is sequentially re-
estimated. We assess the forecast accuracy by observing how frequently
the estimated reproduction rate exceeding a threshold precedes surges
in cases, and compare with forecasts based solely on prior case counts.

The structure of the paper is outlined as follows. Statewide data
on Covid-19 case counts data are described in Section 2, followed
by a description of the model and estimation methods in Section 3.
These methods are applied to estimate the transmission parameters
and reproduction rate for all 50 states, and the resulting estimates are
further analyzed to see how well they could have forecast surges in
incidence. Results are detailed in Section 4, and a discussion is given
in Section 5.

2. Data description

Daily counts of new Covid-19 cases were obtained for each state
from the Johns Hopkins Covid-19 Data Repository which sourced case
data from the CDC and state public health departments (Dong et al.,
2020; JHUCSSE, 2023). The case counts include both cases confirmed
by a positive PCR test and probable cases defined by a combination
of antigen testing and epidemiological criteria (CDC, 2021). Positive
tests are dated either according to the date of report or date of sample
collection (CDC, 2021). Daily case counts for each state were obtained
for the period 2/1/2020 to 12/31/2021, covering a total of 100 weeks.
We ended the study period at the end of 2021 as many states shifted to
less frequent reporting schedules in 2022, causing irregularities in the
case count data (Dong et al., 2022). We model here only confirmed and
suspected cases, though many Covid-19 infections are asymptomatic or
unrecorded (Ma et al., 2021). The data used are publicly available from
https://github.com/CSSEGISandData/COVID-19.

During the study period, most states experienced two major surges
in reported cases beginning in November 2020 and 2021 and each
lasting until the following March, although the timing, duration, and
magnitude of these surges varied substantially between states. The
reported case counts for California, Texas, Vermont, and Hawaii are
shown in Fig. 1 as examples. California, Texas, and Florida experienced
the highest total number of new cases during the study period, with
5.3, 4.5, and 3.9 million cases respectively. North Dakota and Alaska
experienced the highest per capita incidence during this period, while
Hawaii and Vermont experienced both the lowest per capita incidence
as well as the least total incidence, with approximately 99,900 and
60,200 total cases, respectively, during this study period. Hawaii and
Vermont experienced modest increases in reported case counts during
2020, whereas California and Texas had significant increases in both
the Summer and Winter of 2020. Sudden spikes in case count records,
such as those in Texas in early 2021 and in Vermont in late 2021,
appear in several states throughout the study period.

3. Methods
3.1. Discrete Hawkes model

The Hawkes self-exciting point process (Hawkes, 1971) models the
rate of infections A(r) conditional on previous infection times 7; as

A = p+ Y Rt —1) m
1;<t

The transmission density g(r) and productivity function R(z) are directly
analogous to those in epidemiological models, and accommodate a
variety of parametric and non-parametric forms. The parameter y rep-
resents the rate of new cases immigrating into the location of interest,
and is typically assumed to remain constant over time, though it can
also be modeled as a function of time and/or space.
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In epidemiological applications, Hawkes models have demonstrated
superior forecasting accuracy and flexibility relative to traditional com-
partmental models (Bertozzi et al., 2020; Mohler et al., 2021; Chiang
et al., 2022; Kresin et al., 2022). Following Phillips and Schoenberg
(2024), we use a discrete approximation of the continuous time Hawkes
model (1) to model the case count rather than rate, as cases are reported
as daily counts rather than precise event times. Kirchner (2016) shows
this binned form of Hawkes model corresponds to an autoregressive
model. We fit the model by finding parameters that minimize the
squared error between the observed and modeled daily case counts, as
in Schoenberg (2023).

3.2. Non-parametric estimation of R(t)

We fit the reproduction rate non-parametrically as a step function
over weekly intervals, thus estimating a total of 100 parameters for
each state over the study period. Each estimate represents the expected
number of infections directly transmitted by each case reported that
week. In this section, the transmission time density and baseline rate u
are assumed to be known. In the next section, we present a method for
jointly estimating the transmission mean, baseline, and reproduction
rate R(r). R(t) is assumed constant within each non-overlapping z-
length interval. The window length 7 should be large enough to reduce
the number of intervals with zero cases, which inflate uncertainty
estimates, but not so large that it delays the detection of changes in R(7).
We find that weekly intervals provide reasonably smooth estimates for
the COVID-19 data.

The least-squares estimates for R = (R, ... Ry /T) can be obtained
analytically using the method proposed for continuous-time Hawkes
processes in Schoenberg (2022) and for discrete case counts in Phillips
and Schoenberg (2024). We estimate the final estimate Ry, with
exponential smoothing. Below, we describe the method for the general
case of estimating R(t) over T days using a window length 7, yielding
T/t parameters to estimate.

We seek to minimize the error in estimating the case count N(¢) for
day

T -1

2IN®D = u= Y R5)gt = )N @
=2 s=1
Let N be the vector of observed daily counts excluding the first day, and
G be the (T'— 1) x (T /= — 1) matrix with entries G = Zﬁ;(j_l)ﬁl gli—
5)N(s). G;; represents the total expected number of new cases on day i
directly infected from cases occurring in window j. With this notation,
(2) can be expressed as:

N =GR 3

A column of 1s can be appended to G to estimate the baseline in-
tensity u as an intercept. When G is invertible, the estimates R can
be computed quickly and directly using standard least-squares solvers.
However, the matrix G is generally sparse and ill-conditioned, with a
banded structure determined by r and the length of the transmission
interval. When = = 1, G is lower triangular. While increasing r can
reduce sparsity by incorporating more cases into each interval, this
effect is limited as g(r) is typically only positive over relatively short
intervals. As in Phillips and Schoenberg (2024), to avoid issues with
matrix singularity and improve the stability of estimates, we regularize
the system in (3) by adding a penalty on the solution norm:

x>

= min |IN-u—-GRI3+plRI3 )

Ry.-Ryjeey
The regularization parameter p controls the degree of smoothing. We
incrementally increase p until all estimates are non-negative, searching
over values of 107%¢,(G), where o, is the largest singular value of G.
The standard errors for the regularized least-squares estimates can be
calculated as:

Var(R) = s>(GT G + pD)7!, (5)
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Fig. 1. Daily reported cases per 100,000 persons in California, Texas, Hawaii, and Vermont. Population estimates are from the 2020 decennial census.

2o 1 5 12
s°= T—_d”N(I)—N(t)ll ,
where d = T'/r. The covariance matrix (5) can be calculated efficiently
using the Cholesky factorization of GTG + pI.

In order to emulate real-time forecasting, we apply simple expo-
nential smoothing to forecast Ry, from the least-squares estimates
Ry ... Rp/,_; calculated using (4). Exponential smoothing effectively
captures short-term trends in time series without imposing strong as-
sumptions about the underlying data structure, which accommodates
our non-parametric estimates of R(r). This method forecasts values by
applying a weighted average of previous estimates, with weights that
decay exponentially at a rate of a. We use « = 0.5 here. The variance
of the forecast value Ry, is calculated based on the residual variance
from earlier forecasts (Brown, 1963).

For comparison, we present daily estimates of R(r) from EpiNow2
(Abbott et al.,, 2024), the model used by the Centers for Disease
Control’s outbreak analytics team (CDC, 2024). This model is based on
the Bayesian method for estimating R(t) proposed in Cori et al. (2013),
but assumes a zero-mean Gaussian Process prior on the first differences,
log R, —log R,_;. We set the prior for the initial reproduction number to
have mean 2 and standard deviation 1. For both methods of estimating
R(1), we use the same transmission parameters which are estimated in
the following section.

3.3. Estimation of transmission density parameters

Transmission parameters are estimated for each state using data
from 2/1/2020 to 7/31/2020. Since the transmission time density for
statewide Covid-19 data was shown in Schoenberg (2023) to be approx-
imately normal, we model the transmission time density parametrically
using a truncated normal distribution: g ~ N,o(v,0), and estimate the
mean v for each state. To avoid overfitting the training period, we
fix the standard deviation ¢ at 1 based on the range of 0.4 to 1.56
estimated by Schoenberg (2023) across all states.

The reproduction rate R(¢) is fit simultaneously with the transmis-
sion mean and baseline rate as follows. Starting from initial estimates
R©® and p4©, a non-linear optimizer determines v that minimizes the
squared error in daily cases. R and y are then calculated analytically
based on (4), with the matrix G formed using the current estimates of
v and augmented to include an intercept for estimation of u. The final
estimate of R is estimated with exponential smoothing as detailed in
the previous section. We iterate between these steps until the estimates

of v, u, and R converge. This algorithm is detailed in Algorithm 1.
For simplicity, we initialize R© as a constant vector of 0.5 and y© =
N(t), and use the BFGS routine in R’s optim. We set the convergence
threshold to ¢ = 10~2 and the maximum number of iterations to 100.

3.4. Forecasting surges using R,

To mimic estimation in real-time, we sequentially incorporate case
data week by week from 8/1/2020 to 12/25/2021, re-estimating R(t)
using only data up to the latest available date for a total of 72 forecast
periods. For any time ¢, the estimate of R(?) is used to forecast upcoming
surges in cases just after time 7.

Early warning signals are often evaluated with synthetic data, which
can struggle to capture the biases and noise in real data (Unkel et al.,
2012; Southall et al., 2020). Methods for validating signals with real
data include checking whether signals coincide with rising incidence or
public health interventions (Brett and Rohani, 2020; Liu et al., 2021),
defining outbreaks based on a window around the peak incidence date
(Cowling et al., 2006; Son et al., 2020), or estimating the inflection
points of the series with smooth curves (Kaur et al., 2020; O’Brien
and Clements, 2021). Here, we define a surge as the times when
the smoothed weekly case count increases by at least 10% for more
than three consecutive weeks. This criterion effectively captures major
outbreaks. Fig. 2 highlights the surge periods for a sample of states,
with data for all 50 states shown in Figure S1. We use R, > x, where x
is some threshold, as a classifier to predict whether a surge, as defined
above, will occur either one or two weeks after time 7. This method
is compared to an “incidence-based” classifier based on the percent
change in weekly incidence: % > y, where N(7) is the case
count at time 7 and w represenfeswa given week. It is also compared
to a “random guesser” null model that simply predicts surge times
completely at random. We evaluate the performance of each classifier
using a receiver operator characteristic (ROC) curve which reports the
true positive and false rate across a range of thresholds x, y.

A linear support vector machine (SVM) is used to determine the line
that maximally separates weeks during surges from non-surge weeks
based on the previous week’s predicted R, and change in incidence
(Boser et al., 1992). The SVM is trained to predict whether the 72
forecast periods in each state are during a surge using the observed
and estimated measures from the previous week.
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Fig. 2. Weekly reported cases in individual states with red points highlighting surge weeks, identified based on our criterion of >10% increase in smoothed weekly incidence

sustained for more than three consecutive weeks.
4. Results
4.1. Transmission density estimates

Estimates for transmission time parameters converged for all states
in an average of 5 iterations using the alternating least-squares method
described in Algorithm 1, applied to the first six months of Covid-19
case data for each state. Across the 50 states, the root mean squared
error (RMSE) in predicted cases ranged from 6.0 cases/day in Vermont
to 1,010 cases/day in Texas, with mean 173 cases. Louisiana had
the highest population-adjusted RMSE of 9.0 cases/day per 100,000
persons.

As examples, the observed and modeled case counts for Texas and
Louisiana are shown in Fig. 3 along with estimates from EpiNow?2.
Forecasts for the week after the training period are also shown, with
both methods using the last estimated R, to project cases beyond the
observed period. High RMSE for fitted cases in these states is due to
the model smoothing over several spikes in the observed case counts.
Modeled cases from (1) and R, estimates from (4) closely align with
those from EpiNow2. EpiNow2 produces smoother R(t) estimates with
lower uncertainty than the least-squares estimates due to its prior
enforcing smoothness. Early in the pandemic, both methods show
significant uncertainty and instability in R(z). Standard errors are high
when fewer than 1,200 cases had been reported, but decrease sub-
stantially as cumulative incidence increases. Eventually, R(t) fluctuates
around 1, with estimates above 1 corresponding to periods of increasing
incidence. Forecasts in incidence and R, are also similar across models.
On a MacBook Air with M1 chip, EpiNow2 required 6 min (Texas) and
3 min (Louisiana) to sample four chains, while least-squares estimates
were computed in seconds.

The estimated truncated normal transmission densities for all 50
states are shown in Fig. 4. With the standard deviation fixed at 1,
most states have a mean transmission time of around 6.2 days, while
10 states have means below 6. In Florida, Michigan, Missouri, and
New York, the transmission means ranged from 1.1-1.5 days, possibly
reflecting overfitting to random fluctuations in the case data.

(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

The estimated background rate of immigration y was less than 15
cases/day in 43 of the states. Louisiana had the highest background rate
of 67 cases/day. The estimated parameters for each state are reported
in supplementary Table 1.

4.2. Forecasting surges in cases

Fig. 5 shows ROC curves for forecasts of surges, averaged over all
50 states, using 3 methods: Hawkes estimates R, > x, an “incidence-
based” model that uses the percent change in weekly incidence, and
a random guesser that predicts surge weeks at random. The random
guesser has a slope of two because a prediction is counted as correct
if a surge occurs either one or two weeks after time 7. The ROC curves
for individual states using the Hawkes model are also shown in Fig.
5. Based on the averaged ROC curves, at a false positive rate of 1%,
the Hawkes model achieves a true positive rate of 44%, compared to
10% for the incidence-based model and 2% for the random guesser.
These rates correspond to a decision boundary of R, > 1.33, and change
in incidence > 78%. With this false positive rate, the Hawkes model
correctly predicts an average of 7 more surge weeks per state than
the incidence-based model. The incidence-based model captures more
true positives than the Hawkes model at false positive rates above 8%.
The Hawkes model achieves its highest accuracy across all states of
90% using the decision boundary R, > 1.39 while the highest average
accuracy from incidence based model is 82% using percent change
> 35%.

Fig. 6 compares ROC curves using R, estimates from Epinow2 in
Georgia and Vermont, where the Hawkes model had the best and
worst predictive performance, respectively. The ROC curves for both
methods roughly align, with Hawkes estimates showing slightly better
performance in Georgia, while Epinow2 performs better in Vermont.
For each state, the 72 forecasts were calculated in less than a minute
using the least-squares estimator (4). In contrast, obtaining posterior
estimates for R(t) in a single state using EpiNow2 required 15 h. We
sampled four chains on a supercomputer with eight cores, using a
random walk prior over weekly intervals and the fixed transmission
parameters estimated in Section 3.3.
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rate R(t) estimated weekly based on (4) (blue) and daily by EpiNow2 (orange). Ribbons indicate the interval + one standard deviation around the estimates. The lower end of the
uncertainty interval is truncated at 0 to exclude negative estimates. Uncertainty estimates are not displayed for the Hawkes model until the cumulative case count exceeds 1,200.
EpiNow2 does not calculate estimates until the first case. For reference, a dotted horizontal line indicates R = 1. In either panel, the vertical dashed line indicates the end of the

observation period; values to the right of this line represent forecast estimates.
web version of this article.)
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Fig. 4. Estimated transmission densities for all 50 states (gray lines), and averaged across all states (thick black line). The transmission density here reflects the time between

reported cases and is assumed to follow a truncated normal distribution.
version of this article.)

Six states stand out with significantly lower true positive rates in
Fig. 5. Three of these states, Florida, Michigan, and Missouri, had
estimated transmission means around one, suggesting the model gen-
eralized poorly. The other three states, Vermont, Nevada, and Idaho,
experienced periods of elevated or increasing incidence that did not
meet our surge criteria, unlike most states where case counts quickly

(For interpretation of the references to color in this figure legend, the reader is referred to the web

decreased after peaking. Fig. 7 illustrates this by showing the predicted
surge weeks for Nevada and Vermont, which had the lowest true posi-
tive rates among all 50 states. Vermont experienced a prolonged period
of sustained incidence in the summer of 2020 that was not correctly
forecast by the Hawkes model, while Nevada saw a small increase in
incidence in April 2021 that led to false positives in both models. For
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Algorithm 1 Alternating least-squares procedure for simultaneous es-
timation of transmission parameters v, baseline rate u, and effective
reproduction rate R, as a step function over z-length intervals.

1: Input: Incident count data {N, }, |» transmission density function
g(t;v), exponential smoothing rate ¢, maximum iterations maxiter,
convergence threshold e.

2: Output: Estimated parameters R,, ...,

3: Initialize Rg)), ,Rg)}r, u© and vO,

4: for each iteration k = 1,2, ..., maxiter do

5:  Update v¥) by minimizing the root mean squared error:

jéT/n v, and a

V0 = arg min v/MSE(v; R&-D, y(k=D)
where
-1
MSE(v) = Z(N = ZR Ng(t —s;v)
6: Form the (T — 1) x (T/ri— 1) matrix G®), where:
jr

Gy= Y

s=(j—1)r+1

gli—s; v(k))NS.

7:  Augment G%® to include a column of ones to estimate an
intercept:

G=(01 GW).

8: Solve for u® and ng),...,Rgc;T_] from G, incrementally

increasing the regularization parameter p until:

min R > —0.01.
9:  Apply exponential smoothing to R(k) ,R#‘}Fl to estimate R;f}f
10: if

(k) _ (k=1) (k) _ [ (k=1)
v & Vl) l R lu (klll) l <€, max{R(k) - R(k_l)} <e
v M

then
11: break
12: end if
13: end for
14: Return Rf)k), ,Rfrk}f, v and u®.

the other 44 states, the Hawkes model forecast very accurately: at a
false positive rate of 5%, the average true positive rate of the Hawkes
model among these states is 78%.

Fig. 8 shows the predicted R, and change in incidence for each of
the 72 forecast weeks across all 50 states. A linear SVM is used to
determine the optimal separating line between the surge and non-surge
weeks based on the previous week’s change in incidence and predicted
R,. This optimal boundary achieves 82% accuracy at forecasting surge
weeks, with a 4.9% false positive and 61% true positive rate.

5. Discussion

The Hawkes model provides a simple analytic formula for both real-
time and retrospective estimation of the effective reproduction number
R,. Estimates can be calculated without distributional assumptions on
R, and accommodate a wide range of transmission densities. Our esti-
mates align closely with those from EpiNow2 (Fig. 3), but are computed
significantly more efficiently and do not require tuning priors or an
MCMC sampler. At a false positive rate of 1%, the real-time Hawkes
model had a 44% true positive rate over all 50 states, compared to a
10% true positive rate for an incidence-based model. This represents
the correct detection of 7 more surges per state, on average, compared
to forecasts based solely on observed incidence during the 72 forecast
periods in this study (Fig. 5).
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Fig. 5. ROC curves comparing three methods for forecasting surges in cases: R,
estimates from a Hawkes model (solid black), observed changes in incidence (blue),
and a random predictor (dashed black). The true and false positive rates are averaged
across all 50 states, with individual state curves shown for the Hawkes model (gray).
(For interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)

We estimate considerable variation in R, over the study period
(Fig. 3), reflecting both endemic seasonal patterns and changes in
infectiousness due to factors such as the emergence of new variants and
public health measures reducing the number of social contacts. Some
methods attempt to disentangle these influences, such as the endemic-
epidemic modeling framework (Held et al., 2005, 2006; Bracher and
Held, 2022) which estimates a time-varying reproduction and base-
line rate, often using sine-cosine terms to capture seasonality. For
COVID-19 data, Congdon (2022) and Alaimo Di Loro et al. (2024)
model a variable baseline and reproduction rate using space-time ran-
dom effects while also incorporating spatial interactions. Future work
should further develop methods for jointly estimating endemic and
epidemic components of observed incidence, especially for emerging
diseases like COVID-19 where historical data are limited. This could be
achieved through parametric models incorporating covariates (Chiang
et al., 2022) or non-parametric approaches such as Gaussian processes
(Mohler, 2013).

The estimates of mean transmission means here (Fig. 4) are some-
what higher than in some other studies of Covid-19 transmission (Lauer
et al., 2020; Schoenberg, 2023). The transmission time distribution esti-
mated here reflects the intervals between reported cases, delayed from
the actual infection times by the incubation period, which Lauer et al.
(2020) estimated to have a median of 5.1 days, and potentially further
lagged by delays in testing after exposure. Four states had transmission
means around one day, potentially due to autocorrelation in daily
case counts arising from reporting practices. Although, consistent with
Schoenberg (2023), we did not find significant day-of-week effects in
reported cases, the near exponential transmission distributions in these
states indicate possible reporting issues. Future work should consider
adjusting the baseline rate to account for reporting differences between
weekdays and weekends that may bias transmission estimates. For
simplicity, we assumed the transmission time distribution was fixed
over the study period, but future work could extend this by using
different transmission parameters in different time periods.

The least-squares uncertainty estimates (5) are unstable at the start
of the pandemic when fewer than 1,200 cases were reported, but
decrease significantly once more data are available. This instability
is due to the sparsity in the initial columns of the transmission ma-
trix whose inverse is used to calculate standard errors. Future work
should consider methods to pool information across states to stabilize
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Fig. 6. ROC curves comparing the performance of R, estimates from the Hawkes model (blue) and from EpiNow2 (orange) for predicting surges in cases in Georgia and Vermont.
The dashed line indicates the performance of a random guesser. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of

this article.)
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estimates, especially when incidence is low or towards the end of the
observation window, without giving unreasonable weight to estimates
from other states (Diouane et al., 2024). Additionally, methods to prop-
agate uncertainty in the transmission parameters should be considered
in future work.
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