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Abstract

The rapid spread of the numerous outbreaks of the coronavirus disease 2019 (COVID-19) pandemic has fueled interest in
mathematical models designed to understand and predict infectious disease spread, with the ultimate goal of contributing to
the decision making of public health authorities. Here, we propose a computational pipeline that dynamically parameterizes
amodified SEIRD (susceptible-exposed-infected-recovered-deceased) model using standard daily series of COVID-19 cases
and deaths, along with isolated estimates of population-level seroprevalence. We test our pipeline in five heavily impacted
states of the US (New York, California, Florida, Illinois, and Texas) between March and August 2020, considering two
scenarios with different calibration time horizons to assess the update in model performance as new epidemiologic data
become available. Our results show a median normalized root mean squared error (NRMSE) of 2.38% and 4.28% in cali-
brating cumulative cases and deaths in the first scenario, and 2.41% and 2.30% when new data are assimilated in the second
scenario, respectively. Then, 2-week (4-week) forecasts of the calibrated model resulted in median NRMSE of cumulative
cases and deaths of 5.85% and 4.68% (8.60% and 17.94%) in the first scenario, and 1.86% and 1.93% (2.21% and 1.45%)
in the second. Additionally, we show that our method provides significantly more accurate predictions of cases and deaths
than a constant parameterization in the second scenario (p <0.05). Thus, we posit that our methodology is a promising
approach to analyze the dynamics of infectious disease outbreaks, and that our forecasts could contribute to designing effec-
tive pandemic-arresting public health policies.
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Mathematical models in epidemiology can be classified
into two broad paradigms: statistical and mechanistic. Statis-
tical models usually consist of purely empirical formulations
based on a set of predetermined mathematical functions
that match the global trend of the observations registered
in epidemiological data series (e.g., infections, deaths, etc.)
[14, 15]. Other statistical approaches can provide greater
modeling flexibility by eliminating the need for predefined
functions, instead relying on machine learning techniques for
predictive modeling [16]. Despite their demonstrated ability
to reproduce and forecast complex outbreak dynamics [17],
statistical models rely heavily on incoming data series and
do not account for the underlying mechanisms of disease
spread. Hence, these limitations may result in uncertain
long-term predictions and high susceptibility to overesti-
mation [14, 16, 18]. Conversely, in mechanistic models, the
population under study is divided into subgroups according
to their disease status (e.g., susceptible, exposed, infected,
recovered, deceased) and a set of mathematical functions
describes the interaction between the different subgroups as
well as the movement across compartments. This description
is most commonly provided through a system of ordinary
differential equations (ODEs). Available epidemiologi-
cal data is then leveraged to estimate the ODE parameters
that characterize the mechanisms of disease transmission,
recovery, and mortality. The formulation of most mecha-
nistic models for infectious disease spread can be traced
back to the special case of an epidemic model proposed
by Kermack and McKendrick [18-22]. Using this model
as a starting formulation, new mechanistic models can be
defined by adding more compartments and mechanisms of
transmission or disease progression to describe more com-
plex dynamics. For example, during the early stages of the
COVID-19 pandemic, several studies aimed at accounting
for disease-specific phenomena, such as levels of disease
severity and distinct pre-symptomatic stages [3, 6, 23-26].
Additionally, these models can also be extended to a spati-
otemporal formulation based on partial differential equa-
tions (PDEs) by accounting for local population densities in
each compartment as well as the mechanisms characterizing
the mobility of individuals in the region under study [5, 11,
27-29]. Agent-based models are another type of mechanistic
approach that have also been used in the context of infectious
disease spread. Instead of relying on differential equation
formulations, these models rely on a set of rules governing
disease transmission, recovery, and mortality to gain insight
into the connection between local interactions and global
dynamics of infectious disease spread over a region of inter-
est [30]. In general, mechanistic models are always limited
by the set of hypotheses underlying their formulation, which
aim at characterizing the spread of the pathological agent
within the population under study, and by the availability
of specific data to identify the parameters governing each
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mechanism in the model. Additionally, classical mechanistic
approaches with a single set of constant parameters cannot
capture multiple waves in an ongoing outbreak (e.g., SIR
and SEIR models; see Supplementary Fig. S1), the effect of
dynamic human behavior (e.g., contacts between individu-
als), or NPIs that could vary in time and dynamically impede
the spread of SARS-CoV-2 (e.g., masking, social distanc-
ing). To account for these events, classical mechanistic mod-
els require an extended formulation featuring, for example,
a parameter update (e.g., NPI implementation) [11, 31] or
the introduction of mechanisms enabling feedback between
immune and susceptible individuals [32].

Hybrid approaches have been developed to overcome the
limitations of the classic statistical and mechanistic modeling
paradigms [33]. Using data-driven dynamic parameterizations
of mechanistic models and leveraging techniques borrowed
from statistical approaches, hybrid models have shown an
improvement over purely statistical or mechanistic models
in terms of explaining the changing nature of mechanistic
parameters due to human behavior and government interven-
tions during infectious disease outbreaks [31, 34, 35]. This
hybrid approach has also attracted much attention in other
areas of computational biology and medicine, such as the
modeling of cancer growth and therapeutic response [36—39].
To calibrate and update time-resolved parameterizations of
mechanistic models of infectious disease outbreaks using
incoming epidemiological data, some studies have shown
promising results by leveraging Bayesian methods [18,
40-43]. However, this approach requires the estimation of
unknown prior distributions for the model parameters and this
may result in a significant bias in parameter identification,
especially at the onset of an outbreak [18]. While a hybrid
method based on machine learning techniques has also shown
promise [29], this approach is generally limited by the lack
of large amounts of disease-specific datasets, especially at
the beginning of infectious disease outbreaks. Additionally,
standard epidemiological data usually characterize only a sub-
set of the mechanistic compartments in the model (e.g., infec-
tions and deaths). This limitation considerably complicates
the determination of time-resolved parameters with respect to
classical mechanistic approaches due to the ill-posed nature
of inverse problems [44]. To address this issue, data-driven,
time-resolved parameterizations may require several assump-
tions or inferences from previous studies that are critical to the
performance of a model (e.g., relationships between param-
eters, assumption of constant value or of the temporal change
of a parameter, initial value estimates, expected parameter
ranges) [5, 11, 13, 24, 27, 45]. Generally, more complex mod-
els require more assumptions about the parameters to mitigate
the parameter identifiability issues [3].

In this work, we present a data-informed methodology to
perform the dynamic parameterization of a modified SEIRD
(Susceptible-Exposed-Infected-Recovered-Deceased)
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model of COVID-19 spread that has been previously used
to reproduce early outbreaks in Italy, Brazil, and the US
[11, 27, 28, 46]. We further develop a computational pipe-
line that implements our methodology, and we test it in five
of the most heavily impacted states (by case numbers) of
the US between March and August 2020, such that we can
neglect the effects of vaccines and loss of immune protec-
tion [47-49]. To obtain time-resolved parameters for this
mechanistic model, our method utilizes two standard epi-
demiological data sources: daily series of cumulative num-
ber of infections observed (CIO) and cumulative number of
deaths (D) [50]. Additionally, we propose to leverage fixed
point estimates of seroprevalence (i.e., presence of SARS-
CoV-2 antibodies in the blood) as a surrogate measurement
of the proportion of recovered individuals in the population
under study [51-54]. The computational pipeline that we
propose in this work performs dynamic model calibration
and outbreak forecasting for a geographical region of interest
in three steps. First, we calculate successive weekly param-
eterizations using our model to obtain daily estimates of
epidemiological parameters. We then fit quadratic B-splines
to the resulting daily estimates of the parameters to obtain
smooth time-resolved functions representing parameter
dynamics. Using the resulting parameter function fits, we
proceed to calculate model predictions of the future number
of COVID-19 cases and deaths. Finally, we analyze the abil-
ity of our approach to recapitulate outbreak dynamics, yield
short-term forecasts, and provide insight into the progression
of the COVID-19 outbreaks in the analyzed states of the US
during the early months of the pandemic.

The remainder of this work is organized as follows. Sec-
tion 2 describes the data, the mechanistic model, the pro-
posed computational pipeline, and the numerical and statisti-
cal methods used in our calculations. Section 3 presents our
resulting model fits and forecasts as well as the estimated
time-resolved trends of the parameters. Section 4 discusses
the results, the limitations of this work, and future directions
of research. Finally, Sect. 5 provides concluding remarks.

2 Methods
2.1 Epidemiological data

We focus on five of the most impacted states in different
regions of the US in terms of total confirmed case numbers
by late-summer 2020: California (CA), Texas (TX), Florida
(FL), New York (NY), and Illinois (IL). Standard epidemio-
logical population variables describing the evolution of the
COVID-19 pandemic in the US at the state level have been
made available in the public domain by the Center for Sys-
tems Science and Engineering at Johns Hopkins University
(JHU CSSE) [50]. As the reliability, accuracy and universal

availability of the number of recovered individuals have been
in question since the early stages of the pandemic, we only
extracted the daily series of cumulative numbers of infections
observed (CIO) and deaths (D) from this database to conduct
the present study [55, 56]. To inform the recovered compart-
ment in our model, we use biweekly state-wide estimations of
seroprevalence (Sp) that were obtained through the summer
of 2020 [51]. Thus, we assume that the population recovered
from COVID-19 carries detectable SARS-CoV-2 antibod-
ies, which is consistent with the previously published studies
on SARS-CoV-2 seroprevalence [57-60], and that recovery
from COVID-19 confers immunity for the time horizon of our
study [54]. Consequently, we consider the reported Sp values
[51] as a proxy for the percentage of recovered individuals
in the living population of each state within our modeling
framework.

2.2 Mechanistic model

We employ a modified SEIRD-type compartmental model
obtained from previous mathematical epidemiology studies
designed to recapitulate and forecast the early outbreak of
COVID-19 in the Lombardy region of Italy [11, 27]. Fig-
ure 1 provides a visual summary of the model mechanisms,
along with the main variables and parameters involved in the
formulation. In brief, we assume that the population of the
region of interest can be classified into five compartments
according to their disease status: susceptible (§), exposed
(E), infected (1), recovered (R), and deceased (D). Hence,
the living population (N) can be calculated as the sum of
the individuals in the S, E, I, and R compartments at any
time. Disease transmission occurs through the interaction
between the symptomatic and susceptible individuals, as in
the classical SIR model [22], as well as between suscepti-
ble and exposed individuals. The latter pathway accounts
for the asymptomatic disease transmission, which has been
regarded as a key driver of the COVID-19 pandemic [11, 18,
25]. For simplicity, we assume a unique transmission rate f
for susceptible-exposed and susceptible-infected interactions
[11, 27, 28, 46]. Exposed individuals may either recover
without developing symptoms at a rate ¢, (i.e., asympto-
matic recovery), or exhibit them and move to the infected
compartment at a rate ¢. Then, symptomatic individuals may
either recover at a rate ¢, (i.e., symptomatic recovery) or
ultimately die at a rate ¢p;. The model further assumes that
disease transmission predominantly takes place in highly
populated areas through an Allee effect term characterized
by a fixed population threshold A. Additionally, while the
D compartment automatically accounts for the cumulative
number of deaths, we introduce an ancillary compartment to
account for the cumulative infections observed (CIO, i.e., the
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Fig. 1 Mechanistic model of COVID-19 spread. This figure illus-
trates the compartments in the SEIRD model utilized in this work,
along with the mechanisms of interaction between them. The suscep-
tible population (S) is exposed to the disease by contact with either
exposed individuals (E) or infected individuals (/) at the rate f.
Exposed individuals may develop symptoms and move to the infected
subgroup at a rate o. A fraction of symptomatic patients recovers at a

cumulative number of cases). Thus, the model can be written
as the following set of ODEs:
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While this model was originally posed assuming a con-
stant value for the epidemiological parameters f, o, ¢,, ¢,,
and ¢, here we define these parameters as functions of time
(i.e., p = p(1)) to investigate the time-resolved mechanisms
underlying the spread of COVID-19.

2.3 Data-driven dynamic parameterization

We developed a three-step computational pipeline to perform
a data-driven, time-resolved calibration of the SEIRD model
and yield accurate short-term forecasts of outbreak progres-
sion. This section is divided into three parts respectively
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rate ¢, and moves into the recovered subgroup (R). However, the rest
of the infected group eventually dies at a rate ¢,, and deceased indi-
viduals are counted within the deceased population (D). The model
also features asymptomatic transmission, considered as one of the key
driving forces of COVID-19 spread. Hence, a fraction of the exposed
population never shows symptoms and directly moves into the recov-
ered subgroup at a rate ¢,

describing each of the steps in our computational pipeline,
which are also illustrated in Fig. 2. Supplementary Table S1
further provides a summary of the definitions of the model
parameters and variables of interest within the computational
pipeline. In brief, we first use the available C/O and D data
series in the calibration timeframe [0, 7], where T, denotes
the calibration time horizon, to obtain daily estimates of the
epidemiological parameters by leveraging a combination of
rolling weekly model calibrations and dynamic mean filter-
ing. This approach is further cast as a multi-start strategy
to select the optimal initial guess for the model parameters,
determine the best initial conditions for the model, and find
an adequate level of parameter regularization to limit sharp
oscillations during the successive parameterizations. Second,
the daily estimates of the epidemiological parameters are fit
with quadratic B-splines to obtain a smooth representation of
the time-resolved dynamics of these parameters. Finally, we
use the resulting parameter spline fits to solve the model and
obtain short-term predictions of outbreak spread dynamics
over the 4 weeks after the calibration time horizon T,.. The
selection of the best solution to the multi-start dynamic model
calibration, the determination of the optimal B-spline fit, and
the assessment of model performance during calibration and
forecasting is performed by comparing the model outcomes in
each of the steps of the computational pipeline to the available
D, CIO, and Sp data.

2.3.1 Dynamic mean filtering of rolling weekly
parameterizations of the mechanistic model

The first step in the computational pipeline consists of per-
forming dynamic mean filtering of rolling weekly param-
eterizations of the mechanistic model based on daily series
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Fig.2 Flowchart of the computational pipeline. We first perform
successive weekly calibrations of the model by leveraging the avail-
able data on cumulative deaths (D) and infection observations (CIO)
within the calibration timeframe [0, T,] to obtain daily estimates of
the model parameters. These rolling weekly calibrations are further
cast within a multi-start strategy that samples multiple values for the
initial parameter guesses and initial model conditions (i.e., at day 0),
while also testing variable levels of parameter regularization to limit
spurious oscillations in the parameter values within the calibration
timeframe. Hence, the best solution to the multi-start approach con-
sists of the daily parameter estimates, initial parameter estimates, and
initial model conditions that jointly minimize the mismatch between
the model solution and the available D, CIO, and Sp data during the

of CI0 and D data collected over a global calibration time-
frame [0, 7,]. Mean filtering is extensively leveraged to
smooth epidemiological data for their use within predictive
mathematical models of outbreak evolution of infectious dis-
eases [29, 61-63]. Here, we propose to apply a mean filter
on successive calibrations of the mechanistic model with
constant parameter values over rolling 1-week windows to
obtain daily estimates of the epidemiological parameters of
the model (i.e., f,0,¢,, ¢,, and ¢,).

We define a window of length n,, as a set of any n,, con-
secutive days [f;, 1, + n,, — 1] within the calibration time-
frame [0, 7,], such that k = 0O, ..., n, — 1 with n, denoting the
total number of rolling n,, windows in [O, TC]. In this work,
we set n,, =7, which corresponds to a 1-week window (see
Supplementary Fig. S2). For each window, we calibrate the
model using a nonlinear least-squares method informed by
the CIO and D data collected in days [¢,t, + n, — 1] and
assuming a constant value for the epidemiological param-
eters. We perform this procedure iteratively, advancing the
window by one day after each constant parameterization.
Table 1 provides the parameter space to constrain this cali-
bration problem, which was determined by considering the
value ranges for similar parameters on previously published
studies of the early stages of the COVID-19 pandemic [31,
47, 64-67]. Additionally, we assume that the epidemiologi-
cal parameters are constant over the length of each day, as
this is the lowest temporal resolution of the data used in this
work. This assumption facilitates the merging of different
steps of the computational pipeline without dramatically

B-splines Result

calibration period. Afterwards, B-spline curves are fit to the resulting
daily estimates of the parameters to obtain a smooth functional repre-
sentation of the time-resolved changes of the epidemiological param-
eters. To this end, we consider a collection of B-spline fits using a
varying number of basis functions and leverage endpoint regulariza-
tion, which contributes to render smooth projection of parameter val-
ues into the forecasting timeframe (i.e., for times t > T,). To select
the optimal B-spline fit for each state, we assess the model outcomes
obtained with each B-spline fit against the D, CIO and Sp data avail-
able during the calibration timeframe. Finally, we assess the resulting
time-resolved parameter trends and perform forecasts over the next 4
weeks (i.e., 28 days) after the calibration time horizon 7,

Table 1 Parameter bounds

X e Parameters Calibra-
used in the mu t'1-start tion bounds
selection of initial guesses (day™)
and during the rolling weekly
parameterizations of the SEIRD i 1
model [E , 4]
o 11
147 4
. [L ;]
407 133
b, L1
40° 2
b4 [L L]
300° 10

These parameter bounds were
selected empirically upon the
basis of previously published
studies on the early progression
of the COVID-19 pandemic [31,
47, 64-67]

limiting the usability of the model and resulting parameter
trends.

Let p;,,, denote a parameter value obtained at day 7,, by
calibrating the model with constant parameters for the win-
dow starting on day #, (k,m =0,....n,—1j=1,...,5cor-
responding to f, o, ¢,, ¢,, and ¢,). Then, we define the daily
estimate of each parameter at day ¢,, @,m, as the mean of the
corresponding parameter values obtained from the constant
model parameterizations over all the 1-week windows con-
taining day ¢,, in the calibration timeframe [0, T, ] :

@ Springer
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where n, is the number of available windows containing
day t,,. For the majority of days in[0, T,], n, = n,, = 7 days.
However, notice that for days ¢, with m <n, -1 and
m>T,—n,+1 the number of available windows is
n, < n,, =7 days.

We apply the mean filter defined in Eq. (7) dynamically
as the calibrations over all the windows containing day
t,, are completed. This approach enables the regulariza-
tion of the parameter values in the immediately consecu-
tive window (i.e., [1,,,1, 41 + 1, — 1]) with respect to the
daily estimates obtained for day ¢, (i.e., p; ). The rationale
for this procedure is that it facilitates a smooth transition
in the parameter values during the calibration of subse-
quent windows. Thus, the objective functional J,, used in
the nonlinear least-squares fitting method for the weekly
parameterizations is defined as

m+n,,—1 )
JW :W% Z (Dmodel(ti) - DObS(ti))
i=m
m+n,,—1

+ WCIO Z CIOmodel ( ) CIOobs ( ) )2

i=m

> (Pim—P ’
=
j=1 pjml (8)

The first two terms on the right-hand side of Eq. (8) are
the squared sums of the model-data mismatch of the cumu-
lative deaths (D) and infection observations (CIO) over
the n,, days of the window (i.e., {ti}i=m,...,m+nw—1)’ respec-
tively. The third term regularizes the values of the five
epidemiological parameters to be calibrated within a win-
dow starting on day ¢, (pj,m, j=1..51e, p,0,¢, ¢,
and ¢,) to their corresponding value of the filtered daily
estimates obtained via Eq. (7) for the day immediately
preceding the first day included in the current window
(i-e., Pju-1)- In Eq. (8), wp, weyp, and w, are weights that
enable the adjustment of the relative participation of each
term in the objective functional J,,. In each window, the
weights wj, and w, are scaled relative to one another to
enable a similar participation of the model-data mismatch
in the D and CIO compartments. In particular, we set
wero = 0.1 and wy = 0.1CI0 /Dy, where CIO,, and
D, are the average values of the CIO and D observations
in the current window. The choice of regularization weight

Wy, 18 determined for each US state in this study and
depends on several factors, such as the noise in the epide-
miological data series, the size of the population of each
state, and the dynamic effect of the mean filter on stabiliz-
ing and smoothening the rolling weekly calibrations.
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Hence, varying strengths of regularization result in radi-
cally differing outcomes, ranging from a negligible effect
on model calibration for very low w,,, values, which may
lead to large oscillations of the parameters over consecu-
tive windows, to a severe effect for very high values of
Wreo» Which may yield almost constant daily estimates over
[0,7,].

The dynamic calibration method described in this sec-

tion is further cast as a multi-start problem to determine
the global optimal time-resolved parameterization of our
model over the parameter space defined in Table 1. This
approach samples multiple initial guesses for the epidemio-
logical parameters for the first window in [0, 7,]. The initial
guesses for the ensuing windows are set to the values of the
filtered daily estimates obtained for the day that immediately
precedes the beginning of each window (i.e., the last day for
which the mean filter in Eq. (7) can be applied). Addition-
ally, we extend this multi-start strategy to estimate the initial
conditions of the model that cannot be extracted from the
available epidemiological data. For D, and CIO,, we use the
values reported at day O by the JHU CSSE database [50].
We also assume that the number of recovered individuals is
negligible on the day after DNE (day 0), so we fix R, = 0.
Notice that this is not a limiting assumption to describe the
evolution of COVID-19 outbreaks with our model since the
individuals in the R compartment do not contribute to dis-
ease transmission during the timeframe of this study (see
Sects. 2.1, 2.2). Hence, we only need to estimate the initial
conditions for the compartments of infected and exposed
individuals (i.e., [ and E,)), since we can then calculate the
initial condition S, as:
So =Ny — (Ey+ I+ Ry + Dy), ©)
where N, is the US census estimate for the total population
of the state under consideration [68]. Thus, we include [,
and E, = kI, in the multi-start strategy to find their optimal
value within the empirically-defined bounds given by:

cio,

<1, < CIO,, (10)

1 <k, <20. ar)

For any of the subsequent windows starting at day ¢,
(m > 1), the model compartments are initialized to the val-
ues obtained from solving the ODE system using the filtered
daily estimates /p\j,m(j =1,..,5) from day O to day 7,,_, in the
time interval [0, £,,].

We leverage latin hypercube sampling to generate a set
of n; g candidate combinations of initial guesses of the epi-
demiological parameters and the initial conditions /;, and
E, within the parameter bounds defined in Table 1 and Eqgs.
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(10), (11), respectively. To this end, we further assume uni-
form distributions for each of the sampled quantities. Addi-
tionally, to determine an adequate strength of regularization
in Eq. (8), we perform the multi-start calibration for different
empirically-defined values of the corresponding regulariza-
tion weight, namely Wreg = 30, 100, 150, and 400. Then,
we choose the optimal combination of initial parameter
guesses, initial conditions of the model, and regularization
weight as the one minimizing the selection functional J,.,
given by

2

J _l IOOGD z:lﬁ()_l (Dmodel(ti) _Dobs(ti))

C_3 —_
n
Dobs D

Z:'L:C:)O_l (CIOmodel(ti) - CIOobs(ti))2

100e
+ CIO
CIO ;¢ ncio
ng —1 2
" 100€Sp Z,‘:B (Spmodel<ti) - Spobs(ti))
Spobs nSI’

(12)
where np), nep, and ns, denote the number of available D,

CIO, and Sp measurements (i.e., D, CIO,, and Sp .,
respectively) over the calibration timeframe [0, 7,]. Thus,
each term in the right-hand side of Eq. (12) represents the
percent normalized root mean squared error (NRMSE) of
the model-estimated D, CIO, and Sp (i.e., D 41> CIOmoders
and Sp,,.qe> re€Spectively) with respect to the mean of the
observations of each of these variables over the calibration
timeframe [0, 7] (i.e., Bobs, CIO,, and S_pobs, respectively).
The model-estimated values of Sp(¢) are calculated as the
ratio of the model solution obtained for the recovered popu-
lation R() to the living population N(¢) (i.e., the sum of all
non-deceased SEIRD compartments). Furthermore, €, €0,
€5, are relative weights for the participation of the NRMSE
of D, CIO, and Sp in J.. over the calibration timeframe [0, 7],
and are respectively set at 1, 1 and 0.2. In particular, the
lower value of e, aims to scale the NRMSE of Sp to be
comparable to that corresponding to C/O and D, while limit-
ing the effect the relatively high level of uncertainty of the
Sp data available in the literature [51-53, 55].

2.3.2 B-spline fitting

We employ B-splines to construct a smooth functional
representation capturing the temporal changes in the daily
estimates of the model parameters and enabling the extrapo-
lation of these parameter trends to forecast outbreak evo-
lution. B-splines are piecewise polynomial functions that

can provide a smooth and flexible framework to represent
both simple and complex temporal changes in parameter
trends [69—71]. Additionally, B-spline formulations can
be readily extended to increasingly longer time intervals,
thereby enabling the accommodation of new daily param-
eter estimates informed by incoming epidemiological data
to update forecasts during the monitoring of an infectious
disease outbreak.

We calculate the B-spline representation of the time-
resolved dynamics of each epidemiological parameter (i.e.,
p,o,¢,, ., and ¢,) over the forecasting timeframe [0, Tf]’
such that 7, > T,. Hence, the resulting B-spline parameter
functions aim at reproducing the observed outbreak dynam-
ics over the calibration timeframe [0, 7,.] and render a projec-
tion of the parameter trends enabling model forecasting over
the time interval [TC,Tf]. ‘We denote the time-resolved B-spline
representation of each epidemiological parameter by

Py =" N, (P, 0<t<Ty, (13)

where n; is the number of basis functions chosen to build the
B-spline over [0, 7}], N, , denotes each of the B-spline basis
functions of polynomial degree g, and P; ; are the scalar coef-
ficients to be fit to the daily estimates of each epidemiologi-
cal parameter (j = 1, ...,5 corresponding to f, ¢, ¢,, ¢,, and
¢, respectively). In this work, we use quadratic B-splines
(i-e., g = 2), as they possess a sufficient level of smoothness
and flexibility to represent the dynamic changes in the daily
estimates of the model parameters. To construct the B-spline
fit defined in Eq. (13), it is also necessary to define a knot
vector, which consists of a set of non-decreasing scalar val-
ues that determines the position of the basis functions. Here,
we use open uniform knot vectors of the form
[0,0,0,7,75, ... Tf, Tf, Tf], where r|, 1y, ...
are evenly spaced knots placed throughout the calibration
timeframe (see Supplementary Fig. S3). For simplicity, we
assume that the B-spline representations p;(7) for all the epi-
demiological parameters are built with the same B-spline
basis functions.

To calculate the set of scalar coefficients {Pjvi}i=1,...,nf of the

’rnf—q—l’ ’rnf—q—l

B-spline fit for each epidemiological parameter in our model,

p;j(t), we leverage a nonlinear least-squares method. The coef-

ficients {P,- i};—1 . are also constrained to the bounds given
o=l ony

.....

for each parameter in Table 1. The objective functional to be
minimized during the B-spline fit is given by

n, R 2 2
Jp = 2 (wy (p; (1) = Pyi))" + <W6<Pj,nf —Pj,nf_l)> ,
i=0
(14)
where pj(t,-) are the values of the B-spline for parameter P

(j=1,...,5 corresponding to §,0, ¢,, ¢,, and ¢,, respec-
tively) on each of the n, days {ti};=o _, considered within

..... n,
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the calibration timeframe [0, 7], j)\j’i are the corresponding
daily estimates of parameter p; obtained from the mean fil-
tering of the rolling weekly calibrations (see Sect. 2.3.1), and
Pjﬂf and Pj’,,f_1 are the scalar coefficients of the last two
quadratic basis functions, which are the closest to the termi-
nal time horizon 7. Thus, the first term on the right-hand
side of Eq. (14) represents the mismatch between the
B-spline fit and the daily estimates of each model parameter
pj» while the second term regularizes the terminal slope of
the parameter trend to limit dramatic surges or decreases of
the parameter values within the forecasting interval [T, T}].
We empirically set the weights as w, = land w, = 3. Notice
that in Eq. (14) the determination of the B-spline coefficients
{P.fsi}i=1,...,nf only uses data in the calibration timeframe

[0, T.] (i.e., the daily parameter estimates from the mean fil-
tering of the rolling weekly calibration; see Sect. 2.3.1).
However, since the B-spline representations are directly
constructed over the forecasting timeframe [0, 7}-], the result-
ing B-spline fit automatically provides a projection of the
time-resolved parameter trend in the time interval [T, T}],
enabling the forecasting of outbreak dynamics up to the time
horizon 7.

Since the optimal number of basis functions cannot be
determined a priori, we construct a collection of B-spline
representations of the epidemiological parameters leverag-
ing increasingly richer bases ranging from n, = 3, which is
the minimum number of basis functions required to build a
quadratic B-spline curve (i.e., n; = g + 1), to n, = 10, which
is a maximum value that we fix to avoid capturing the local
noise that might be present in the daily parameter estimates
from Sect. 2.3.1. Then, the optimal number of basis func-
tions is determined as the one rendering B-spline parameter
fits that minimize the functional J; given by

2

_1{ 100a,, Z::o_l (Drmodet (1) = Dows (1) )
! 3 l_)obs "'
e 2
N 100a¢o | 26 : (CIOmoqel (1) = CIOGs(1;))
CIO,, "cio
ng —1 2
+ 100“Sp Z,jz) (Spmodel(ti) - Spobs(ti))
gobs nSp

as)

In Eq. (15), ap, a¢p, and ag, denote the relative weight
of the NRMSE of D, CIO, and Sp over the calibration
timeframe [0, 7] and are determined empirically as 3, 3
and 1. As for J,.in Eq. (12), the comparatively lower value
of ag, aims to scale the value of the NRMSE for Sp to
those corresponding to D and CIO, while also limiting
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the impact of the relatively high uncertainty in the Sp data
[51-53, 55].

2.3.3 Forecasting outbreak evolution

Since the B-spline functions are directly constructed over
the forecasting timeframe [0, 7;], the resulting B-spline fits
automatically provide a projection of the trend of the time-
resolved parameters in the time interval [T, T;]. We then use
these spline-based parameter functions to solve the mecha-
nistic model in [0, Tf] and, hence, obtain a forecast of the
model compartments up to the time horizon 7;. Given that
the original dynamic model parameterization obtained via
mean filtering featured daily-resolved parameter values (see
Sect. 2.3.1), we also assume that the spline-based parameter
values are constant during the length of each day for con-
sistency between the steps of our computational pipeline.
To assess the validity of our forecasts with respect to the
epidemiological data available in [T, Tf]’ we calculate the
NRMSE of the model-predicted CIO, D, and Sp.

2.3.4 Confidence intervals

The mean filter described in Sect. 2.3.1 is applied in the first
step of our computational pipeline in a purely deterministic
manner. We consider it as a pre-processing step of the epide-
miological data to obtain the daily parameter estimates that
will ultimately facilitate a smooth dynamic parameteriza-
tion of our mechanistic model using B-splines. However,
we characterize the uncertainty in the resulting spline fits of
the epidemiological parameters as well as in the mechanistic
model fits and forecasts by calculating 95% bootstrapped
confidence intervals. For each optimal spline fit obtained for
each epidemiological parameter, we generate 1000 bootstrap
samples of the corresponding residual vector, which is calcu-
lated from the mismatch between the optimal B-spline fit and
the daily estimates of each model parameter (see Eq. (14)).
Each bootstrap sample is added to the daily estimates of the
corresponding epidemiological parameter, and we calculate
a B-spline fit following the approach described in Sect. 2.3.2
with the optimal number of basis functions. We repeat this
operation with the 1000 bootstrap samples, thereby obtain-
ing a collection of 1000 B-spline coefficient sets that define
an equal number of B-spline fits for each epidemiological
parameter. Hence, to calculate the 95% confidence interval
of the B-spline fits of each epidemiological parameter, we
take the 2.5 and 97.5 percentiles of the resulting collection
of B-spline fits over the forecasting timeframe [0, Tf]. Then,
we use the 1000 sets of dynamic epidemiological parameters
from the corresponding 1000 B-spline fits obtained for each
epidemiological parameter, and we solve the SEIRD model
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for each of dynamic parameter set following the approach
in Sect. 2.3.3. Hence, the 95% confidence intervals of the
SEIRD model fits and forecasts are obtained by taking the
2.5 and 97.5 percentiles of the corresponding mechanistic
model solutions over the forecasting timeframe [0, Tf].

2.3.5 Dynamic versus constant parameterization
of the mechanistic model

To assess the degree of improvement arising from the use
of our computational pipeline, we compare the calibration
and forecasting results of our dynamic parameterization
approach with respect to a standard constant parameteri-
zation scheme. Hence, the constant parameterization aims
at finding a unique set of epidemiological parameters
(i.e., p,0,¢,,¢,,and ¢,) that fit the model to the CIO and
D data series over the calibration timeframe [0, 7.]. This
parameterization is also performed via a nonlinear least-
squares method leveraging the functional in Eq. (8) with-
out the inter-window regularization term. We further cast
this parameterization problem within the same multi-start
approach described in Sect. 2.3.1 and, hence, we choose
the initial parameter guess and initial model conditions
using the selection functional provided by Eq. (12).

2.4 Computational study setup

The data sources described in Sect. 2.1 were used to
construct two scenarios to assess the performance of our
time-resolved parameterization method. These scenarios
are based on the date of the last Sp estimate leveraged
to inform the dynamic calibration of the mechanistic
model. First, we use scenario D152, in which the calibra-
tion timeframe ranges from the day following the decla-
ration of national emergency (DNE) in the US (March
14, 2020) up to 152 days after the DNE, when the first
Sp state-specific estimates used in this study were meas-
ured [51] (see Supplementary Table S2). Hence, scenario
D152 features the minimum amount of CIO, D, and Sp
data to leverage our dynamic calibration method. Then,
we further consider scenario D166, where the calibra-
tion timeframe spans from the day after the DNE and
up to 166 days following the DNE, thereby including
two Sp estimates to inform the parameterization of the
model [51] (see Supplementary Table S2). We use sce-
nario D166 to assess how the availability of further CIO,
D, and gy data to inform the dynamic model calibration
contributes to update the ensuing model forecasts of the
COVID-19 outbreak spread. As the outbreak evolution
may considerably change over one month, in both sce-
narios we focus on forecasting the model solution during

the 4 weeks after the time horizon used for model calibra-
tion (i.e., T, =T, + 28 days) [41, 72]. Hence, in both sce-
narios, the model predictions in the time interval [T, T}]
are compared to daily measurements of CIO and D as well
as two biweekly estimates of Sp [51] (see Supplementary
Table S2).

2.5 Numerical and statistical methods

The computational pipeline described in this work is fully
implemented in MATLAB® (R2021a, The Mathworks, Natick,
MA, USA). The SEIRD model in Egs. (1)—(6) is solved using a
Runge—Kutta method as provided by ode45 [73]. The calibra-
tion of the mechanistic model within each rolling window as
well as the B-spline fits are carried out by leveraging Isgnonlin
from the Optimization Toolbox. Specifically, we use the trust-
region-reflective algorithm to solve these two types of non-
linear least-squares problems. We further use lhsdesign from
the Statistics and Machine Learning Toolbox to perform Latin
hypercube sampling (r; 35 = 1500 ) of the candidate initial
parameter guesses and initial conditions of the model within
the multi-start step of the computational pipeline assuming
uniform distributions for each input. Additionally, we use
ranksum from the Statistics and Machine Learning Toolbox
to perform one-sided and two-sided Wilcoxon rank sum tests
(a = 0.05) to compare the calibration and forecasting results
of our dynamic parameterization, as well as the correspond-
ing results obtained with the dynamic versus the standard
parameterization with constant parameter values over the
whole calibration timeframe.

3 Results

3.1 The proposed computational pipeline
recapitulates COVID-19 infection spread
and provides accurate short-term forecasts
over 2 weeks

We first employed our computational pipeline in the D152
scenario, which features the minimum amount of CIO, D,
and Sp data to use our dynamic calibration method (see
Sect. 2.4). Figure 3 shows the model fits and forecasts of
COVID-19 outbreak dynamics that result from applying
our computational pipeline to the data from the five states
considered in this study in the D152 scenario. Table 2 fur-
ther provides the cumulative and weekly values of NRMSE
assessing the quality of the model fits and forecasts. Addi-
tionally, methodological details for each state in this sce-
nario, such as the selected regularization weight of the
dynamic mean filter, the estimation of the initial conditions,
and the number of quadratic B-spline basis functions that
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Fig.3 Recapitulation and forecasting of COVID-19 outbreak dynam-
ics using the dynamic parameterization of the mechanistic model
obtained in the D152 scenario. This figure shows the fits and forecasts
of COVID-19 infectious spread obtained with our computational
pipeline in the D152 scenario in the states of California (a), Texas
(b), Florida (c), New York (d), and Illinois (e). From left to right, the
first plot in each panel shows the susceptible (S) and recovered (R)
subpopulations; the second plot shows the exposed (E) and infected
(1) subpopulations along with the C/O; and the third plot shows the

represent the parameters can be found in Supplementary
Table S3.

Despite the diverse epidemiological dynamics of COVID-
19 infection spread indicated by the time courses of CIO and
D in Fig. 3, our computational pipeline achieves a median
(range) NRMSE of 2.38% (1.40%, 6.98%) and 4.28%
(1.99%, 5.63%) in these two compartments during dynamic
model calibration, respectively (see Table 2). Additionally,
the median (range) of NRMSE for Sp during dynamic model
calibration is 14.14% (2.41%, 38.50%), such that the model
estimations of Sp are all either within or near the reported
95% CI of the corresponding Sp estimates in the literature
(see Supplementary Table S2).

During the forecasting interval, the cumulative NRMSE
values reported in Table 2 show that the performance of
our computational pipeline to forecast the COVID-19
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cumulative deaths (D). The shaded areas around the model fits and
forecasts for each compartment represent the corresponding 95%
bootstrapped confidence intervals. The vertical dotted line indicates
the end of calibration period and the beginning of the forecasting
interval. Daily measurements of CIO and D were obtained from the
JHU CSSE COVID-19 dashboard [50], and are represented as hol-
low circles. Pointwise estimates of the recovered population were
obtained from published seroprevalence (Sp) studies and error bars
indicate their corresponding 95% confidence intervals [51]

outbreak dynamics is comparable to its ability to reca-
pitulate the observations of D, CIO, and Sp during the
calibration timeframe in each state. Indeed, no significant
difference was observed between the cumulative NRMSE
of CIO, D, and Sp obtained during calibration and each
of the weeks within the forecasting interval across the
five states (p=0.22, 0.42, and 0.22 between calibration
and longest forecast in two-sided Wilcoxon rank-sum
tests, respectively). Nevertheless, the results in Table 2
also suggest that the model predictions may worsen as
we consider an increasingly distant forecasting time hori-
zon, although the changes in weekly NRMSE for CIO,
D, and Sp across the five states are not significant under
two-sided Wilcoxon rank-sum testing. For example, the
median (range) of the weekly NRMSE of CIO across the
five states is 5.85% (1.10%, 7.38%) in the second week,
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Fig.3 (continued)

and 8.60% (1.98%, 25.20%) in the fourth week (p = 0.42;
two-sided Wilcoxon rank-sum test). Similarly, the median
(range) of the weekly NRMSE of D across the five states
is 4.68% (0.83%, 13.64%) in the second week, and 17.94%
(0.70%, 37.78%) in the fourth week (p = 0.42; two-sided
Wilcoxon rank-sum test). Finally, the median (range) of
the Sp forecasts is 25.59% (2.81%, 61.83%) in the second
week, and 34.82% (9.27%, 47.46%) in the fourth week (p
= 1.00; two-sided Wilcoxon rank-sum test). As a notable

exception, we observe significantly lower weekly NRMSE
values for the predictions of CIO in the first week versus
the second week of the forecasting interval (p = 0.048;
one-tailed Wilcoxon rank-sum test). Additionally, despite
the high NRMSE obtained for the Sp forecasts, these
model predictions still remain either comparable to or
completely within the 95% confidence interval reported
for the Sp data (see Fig. 3 and Supplementary Table S2).
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Table 2 Quality of fits and

< . States Scenario Cumulative NRMSE (%) Weekly NRMSE (%)
forecasts in the D152 scenario
D CIO Sp D CIO Sp

CA Calibration 2.32 2.00 2.41 - - -
Forecast W1 1.77 2.62 - 1.77 2.62 -
Forecast W2 3.63 5.68 61.83 4.68 7.38 61.83
Forecast W3 6.80 10.07 - 10.01 14.78 -
Forecast W4 11.33 15.98 50.50 17.94 25.20 42.36

X Calibration 4.28 2.38 19.99 - - -
Forecast W1 6.65 3.27 - 6.65 3.27 -
Forecast W2 9.36 5.01 17.53 11.05 6.14 17.53
Forecast W3 11.88 6.86 - 14.90 9.17 -
Forecast W4 14.25 8.65 26.66 18.40 11.95 34.82

FL Calibration 5.27 6.98 38.50 - - -
Forecast W1 6.15 4.86 - 6.15 4.86 -
Forecast W2 10.89 5.40 59.87 13.64 5.85 59.87
Forecast W3 17.04 6.03 - 23.68 7.01 -
Forecast W4 25.25 6.85 52.94 37.78 8.60 47.46

NY Calibration 1.99 1.40 9.87 - - -
Forecast W1 0.74 0.96 - 0.74 0.96 -
Forecast W2 0.78 1.03 2.81 0.83 1.10 2.81
Forecast W3 0.78 1.18 - 0.76 1.43 -
Forecast W4 0.76 1.43 6.70 0.70 1.98 9.27

IL Calibration 5.63 5.05 14.14 - - -
Forecast W1 3.80 5.65 - 3.80 5.65 -
Forecast W2 391 5.69 25.59 4.01 5.73 25.59
Forecast W3 4.04 5.45 - 4.27 5.00 -
Forecast W4 4.20 5.28 27.30 4.61 4.83 28.44

This table provides the NRMSEs of state-specific model calibrations and forecasts of cumulative deaths
(D), cumulative infection observations (CIO), and seroprevalence (Sp). Model calibrations relied on D
and CIO data during the 152 days following the DNE along with a single endpoint estimate of Sp at day
152. The ensuing forecasts are calculated over the next 4 weeks following the time horizon for calibration,
which are denoted by W1, W2, W3, and W4. The reported NRMSE:s for the forecasts are provided on a
weekly and cumulative basis (i.e., considering the 7 days in the ith week and the 7i days from the calibra-
tion time horizon up to the end of the ith week, respectively). The weekly NRMSE values for Sp are only
available every 2 weeks because the corresponding estimates were measured at this frequency [51]

3.2 Assimilation of further data improved
the performance of the computational pipeline
in recapitulating and forecasting the dynamics
of COVID-19 outbreaks

We investigate the adaptive performance of our computa-
tional pipeline as further epidemiological data becomes
available in the D166 scenario, where we extend the calibra-
tion timeframe by 2 weeks and assimilate the corresponding
daily measurements of D and CIO as well as an additional Sp
estimate (see Sect. 2.4). Figure 4 shows the model fits and
forecasts of COVID-19 infection spread yielded by our com-
putational pipeline for the five states in the D166 scenario.
Table 3 further provides the cumulative and weekly values
of NRMSE measuring the quality of the model fits and fore-
casts. Additionally, methodological details for each state
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in this scenario can be found in Supplementary Table S3
(e.g., regularization weights, initial conditions, number of
B-spline basis functions).

Figure 4 shows that, in the D166 scenario, the compu-
tational pipeline provided updated time-resolved model
parameters that enabled the recapitulation of the observed
time courses of CIO, D, and Sp within the extended calibra-
tion timeframe, with a median (range) of NRMSE of 2.41%
(0.38%, 4.54%), 2.30% (2.12%, 71.87%), and 20.62% (6.96%,
34.03%) across the five states, respectively (see Table 3).
Furthermore, we observe again that our computational pipe-
line exhibited a similar performance in recapitulating and
forecasting CI10, D, and Sp according to the corresponding
cumulative NRMSE values reported in Table 3 (p = 0.55,
0.31, and 1.00 between calibration and longest forecast in
two-sided Wilcoxon rank-sum tests, respectively). Likewise,
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Fig.4 Recapitulation and forecasting of COVID-19 outbreak dynam-
ics using the dynamic parameterization of the mechanistic model
obtained in the D166 scenario. This figure shows the fits and forecasts
of COVID-19 infectious spread obtained with our computational
pipeline in the D166 scenario in the states of California (a), Texas
(b), Florida (c), New York (d), and Illinois (e). From left to right, the
first plot in each panel shows the susceptible (S) and recovered (R)
subpopulations; the second plot shows the exposed (E) and infected
(1) subpopulations along with the CIO; and the third plot shows the

the results in Table 3 also show that the weekly NRMSE of
CIO, D, and Sp may worsen as we consider an increasingly
distant forecasting time horizon, although the inter-week
changes in these NRMSE values across the five states are
non-significant under two-sided Wilcoxon rank-sum testing.
For example, the median (range) of the weekly NRMSE of
CIO, D, and Sp is 1.86% (0.30%, 2.74%), 1.93% (0.20%,
2.50%), and 19.25% (0.80%, 47.59%) in the second week,
and 2.21% (0.85%, 3.64%), 1.45% (0.16%, 6.02%), and
15.52% (0.32%, 31.55%) in the fourth week, respectively.
As in the D152 scenario, we note that, while the NRMSE
values obtained for Sp during calibration and forecasting are
high, they are still within or comparable to the 95% confi-
dence interval of the Sp estimates reported in the literature
(see Supplementary Table S2).

cumulative deaths (D). The shaded areas around the model fits and
forecasts for each compartment represent the corresponding 95%
bootstrapped confidence intervals. The vertical dotted line indicates
the end of calibration period and the beginning of the forecasting
interval. Daily measurements of CIO and D were obtained from the
JHU CSSE COVID-19 dashboard [50], and are represented as hol-
low circles. Pointwise estimates of the recovered population were
obtained from published seroprevalence (Sp) studies and error bars
indicate their corresponding 95% confidence intervals [51]

While the calibration performance in the D166 scenario
is similar to that observed in the D152 scenario (p = 0.69,
0.69, and 0.55 for CIO, D, and Sp under two-sided Wilcoxon
rank-sum testing, respectively), we see an overall improve-
ment in the forecasts of COVID-19 outbreak dynamics
when further CIO, D, and Sp data are leveraged to inform
the model in the D166 scenario. Comparing the prediction
results from the D152 and D166 scenarios, we obtained
that data assimilation in the latter led to superior forecasts
of CIO values over the 4 weeks of the forecasting interval
(»=0.028, 0.048, 0.048, 0.028 for cumulative NRMSEs and
p=0.028, 0.048, 0.048, 0.028 for weekly NRMSEs under
one-sided Wilcoxon rank-sum testing, respectively). This
improvement in predictive power was also observed in the
forecasts of D values in the D166 scenario (p =0.048, 0.028,
0.028, and 0.028 for cumulative NRMSEs and p=0.048,
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Fig.4 (continued)

0.028, 0.028, 0.048 for weekly NRMSEs under one-sided
Wilcoxon rank-sum testing, respectively). Nevertheless, the
quality of the prediction of Sp values was comparable in
the second and fourth weeks of the forecasting interval in
both scenarios (p=0.27, 0.15 for cumulative NRMSEs and
p=0.27, 0.11 for weekly NRMSEs under one-sided Wil-
coxon rank-sum testing, respectively).

Table 4 further analyzes the change in weekly NRMSEs
of the predictions obtained in the D152 and D166 scenar-
ios for CIO, D, and Sp over the two overlapping weeks of

@ Springer

the forecasting interval in the two scenarios. Due to the
biweekly frequency of the Sp data, the comparison to the
corresponding model prediction is performed only in the
second week of the forecasting interval of the D166 sce-
nario (i.e., the fourth week of the forecasting interval in
the D152 scenario). During the first week of the forecast-
ing period in the D166 scenario, the median (range) of
the change in the NRMSE of C/O and D and are —5.92%
(—=13.74%, —1.36%) and —9.04% (—22.77%, —0.61%),
respectively. During the second week, the change in the
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Table 3 Quality of fits and

< . States Scenario Cumulative NRMSE (%) Weekly NRMSE (%)
forecasts in the D166 scenario
D CIO Sp D CIO Sp

CA Calibration 2.12 241 20.96 - - -
Forecast W1 0.97 1.04 - 0.97 1.04 -
Forecast W2 1.67 1.52 0.80 2.10 1.86 0.80
Forecast W3 2.20 2.04 - 2.90 2.73 -
Forecast W4 2.71 2.33 20.07 3.68 2.95 31.55

TX Calibration 3.00 1.98 20.62 - - -
Forecast W1 2.37 0.42 - 2.37 0.42 -
Forecast W2 2.15 1.04 47.59 1.93 1.38 47.59
Forecast W3 2.03 1.41 - 1.81 1.89 -
Forecast W4 1.88 1.40 29.21 1.45 1.36 10.50

FL Calibration 7.87 4.52 34.03 - - -
Forecast W1 0.90 1.09 - 0.90 1.09 -
Forecast W2 1.92 1.62 19.25 2.50 2.00 19.25
Forecast W3 2.79 2.07 - 3.81 2.71 -
Forecast W4 4.03 2.60 17.09 6.02 3.64 15.52

NY Calibration 2.15 0.38 6.96 - - -
Forecast W1 0.15 0.07 - 0.15 0.07 -
Forecast W2 0.18 0.22 11.32 0.20 0.30 11.32
Forecast W3 0.18 0.39 - 0.17 0.58 -
Forecast W4 0.23 0.55 20.75 0.34 0.85 28.70

IL Calibration 2.30 4.54 18.49 - - -
Forecast W1 0.68 1.48 - 0.68 1.48 -
Forecast W2 0.58 2.24 25.73 0.47 2.74 25.73
Forecast W3 0.48 2.28 - 0.17 2.34 -
Forecast W4 0.42 2.26 20.18 0.16 221 0.32

This table provides the NRMSEs of state-specific model calibrations and forecasts of cumulative deaths
(D), cumulative infection observations (CI0O), and seroprevalence (Sp). Model calibrations relied on D and
CIO data during the 152 days following the DNE along with two endpoint estimates of s, at days 152 and
166. The ensuing forecasts are calculated over the next 4 weeks following the time horizon for calibration,
which are denoted by W1, W2, W3, and W4. The reported NRMSE:s for the forecasts are provided on a
weekly and cumulative basis (i.e., considering the 7 days in the ith week and the 7i days from the calibra-
tion time horizon up to the end of the ith week, respectively). The weekly NRMSE values for Sp are only
available every 2 weeks because the corresponding estimates were measured at this frequency [51]

weekly NRMSE of the forecasts of CIO, D, and Sp are
-6.61% (—23.34%, —1.67%), —15.83% (—35.27%,
—-0.50%), and —2.71% (—41.56%, 12.77%). These
changes in the predictive performance were significant
for CIO and D both in the first week (p = 0.008 and 0.028
under one-sided Wilcoxon rank-sum testing, respectively)
and the second week of the forecasting interval of the
D166 scenario (p = 0.016 and 0.028 under one-sided Wil-
coxon rank-sum testing, respectively). Changes in the Sp
prediction during overlapping weeks were not significant
(p =0.21; one-sided Wilcoxon rank-sum test). However,
the magnitude of improvement in forecasts differs for each

state. For example, while we obtain substantial reduction
of the NRMSE of CIO, D, and Sp in California during the
second week of the forecasting interval in the D166 sce-
nario (— 15.83%, — 23.34%, and — 41.56%, respectively),
the corresponding reduction in NRMSE values in Illinois
is comparatively milder (—4.14%, —2.09%, and —2.71%).
Additionally, there were two cases in which the NRMSE
of the predictions is higher in the D166 scenario than in
the D152 scenario, which correspond to the forecasts of
Sp in Texas (12.77%) and New York (2.05%). However,
these increases are relatively small compared to the large
uncertainty associated with Sp estimations [51-53, 55].
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Table 4 Comparison of

. Scenario
forecasting accuracy between

States

NRMSE-D (%) NRMSE-CIO (%) NRMSE-Sp (%)

the D152 and D166 scenarios CA Forecast

D152-W3 vs. D166-W1

Forecast

D152-W4 vs. D166-W2

X Forecast

D152-W3 vs. D166-W1

Forecast

D152-W4 vs. D166-W2

FL Forecast

D152-W3 vs. D166-W1

Forecast

D152-W4 vs. D166-W2

NY Forecast

D152-W3 vs. D166-W1

Forecast

D152-W4 vs. D166-W2

IL Forecast

D152-W3 vs. D166-W1

Forecast

D152-W4 vs. D166-W2

-9.04 —13.74 _
—15.83 —23.34 —41.56
—12.53 -8.75 -
—16.47 —-10.57 12.77
—-22.77 -5.92 _
—-35.27 —-6.61 —28.21
-0.61 —-1.36 _
-0.50 —-1.67 2.05
-3.59 -3.52 _
—4.14 ~2.09 -2.71

This table provides the changes in the NRMSE of cumulative deaths (D), cumulative infection observa-
tions (CIO), and seroprevalence (Sp) measured from the state-specific forecasts in weeks 3 and 4 of the
D152 scenario (Table 2) with respect to weeks 1 and 2 of the D166 scenario (Table 3). A decrease in
NRMSE (i.e., a negative value in this table) represents an improvement in forecasting accuracy in the
D166 scenario as data between days 152 and 166 are assimilated in the model calibration. Conversely, an
increase in NRMSE (i.e., a positive value in this table) represents a worse forecasting result in the D166
scenario. The reported changes in NRMSEs for the forecasts are provided on a weekly basis. The weekly
NRMSEs for Sp are only available every 2 weeks because the corresponding estimates were available at

this frequency [51]

3.3 Refinement of model parameterizations drives
the improvement of model forecasting accuracy
as epidemiological data are assimilated
into the model calibration

Figures 5 and 6 provide the time courses of the state-spe-
cific model parameters calculated with our computational
pipeline for the D152 and D166 scenarios, respectively.
Furthermore, Supplementary Figures S4 and S5 show the
corresponding raw daily estimates obtained from the roll-
ing weekly parameterization of the model and used for
B-spline fitting (see Sect. 2.3). The D152 and D166 sce-
narios required a median (range) of 10 (7,10) and 8 (7,10)
basis functions, respectively (see Supplementary Table S3).
Parameters exhibiting a marked oscillatory trend in their fil-
tered daily estimates required a higher number of B-spline
basis functions to smoothly capture their dynamics. This
feature also tended to narrow the 95% confidence intervals
of the corresponding B-spline fits, as each basis function
described a shorter segment of the B-spline curve represent-
ing the parameter dynamics.

The assimilation of further data during the dynamic
parameterization of the model in the D166 scenario resulted
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in an update of the daily estimates obtained from the roll-
ing weekly calibration (see Supplementary Figs. S4 and
S5), which further induced an update of the corresponding
B-spline fits describing the dynamics of the epidemiologi-
cal parameters (see Figs. 5, 6). In general, the B-spline fits
within the overlapping region of the calibration timeframes
between both scenarios (i.e., the 152 days following the
DNE) remained very similar, with a median (range) root
mean-squared difference of 0.0074 (0.0002, 0.0685) day™"
across all states and parameters. The update in the dynamic
parameterization of the model derived from data assimila-
tion in the D166 scenario was primarily noticeable in the
terminal trend in the parameter B-spline fits, which led to
the improvement in forecasting results observed in the D166
scenario (see Sect. 3.2). For example, comparing Figs. 5 and
6, we observe that the terminal trend in the contact rate (f) in
New York is updated to higher values in the D166 scenario
to account for the persistent presence of infections occurring
in the population of this state. Conversely, in Illinois, instead
of the approximately constant value obtained for the termi-
nal contact rate obtained in the D152 scenario, the incoming
data considered in the D166 scenario ultimately update the
temporal trend of this parameter to a slight slowdown. These
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Fig.5 B-spline representations of dynamic model parameters for
each state in the D152 scenario. Panels (a—e) show the temporal func-
tions describing the dynamics of the epidemiological model param-
eters obtained with our computational pipeline in the D152 scenario
for the states of California, Texas, Florida, New York, and Illinois,
respectively. These time-resolved functions were obtained by fitting
the corresponding parameter daily estimates resulting from the mean

two comparisons are further illustrated in detail in Supple-
mentary Fig. S6. Considering the 2-week interval between
the two calibration time horizons (i.e., between days 152 and
166), the mean (range) of the root mean-squared difference
is 0.0282 (0.0000, 0.0926) day™~! across of all epidemiologi-
cal parameters and states, which contributes to a noticeable
change in D and CIO compartments (see Figs. 3, 4, 5, 6). In
particular, on day 152 we observed a mean (range) abso-
lute change of —0.0072 (—0.0698, 0.0758) day™" across all
the parameter values. Likewise, on day 166, we obtained
an absolute difference of —0.0096 (—0.1113,0.0771) day~!
across all the parameter values.

Figures 5 and 6 further show that the parameter trends
computed using our computational pipeline revealed
some noticeable similarities between the states. First,
the contact rate f(7) exhibits a steep decrease soon after
the DNE, which suggests that individuals were actively
limiting contact before the DNE, and that this behavior

filtering step with quadratic B-splines. The resulting B-spline fits pro-
vide the dynamics of each parameter during both the calibration and
forecasting periods, which are separated by a vertical dashed line in
each plot. The shaded area surrounding each parameter B-spline fit
indicates the corresponding 95% bootstrapped confidence interval.
The number of basis functions used to represent the parameters in
each state can be found in Supplementary Table S3

was predominant during the first weeks of the outbreak in
each state. Second, the death rate ¢,(¢) showed an over-
all decreasing trend towards the end of the calibration
timeframe in both scenarios, although the peak in death
rate occurred at different times across the states. Hence,
the dynamics of ¢,(7) suggests an underlying progressive
improvement in effectively managing COVID-19 patients
at medical centers across the US. Third, the symptomatic
recovery rate ¢, (f) tends to exhibit a substantial increase
either in the beginning or towards the end of the calibra-
tion time horizon in both scenarios (i.e., by the beginning
of summer 2020). This trend may suggest an intense test-
ing campaign during broad infectious spread in the popu-
lation. Finally, the asymptomatic recovery ¢,(¢) and the
symptomatic recovery ¢,(¢) rates exhibit the largest oscil-
lations, which suggest a greater difficulty in estimating
their dynamics [41, 56]. In Sect. 4, we comment further
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Fig.6 B-spline representations of dynamic model parameters for
each state in the D166 scenario. Panels (a—e) show the temporal func-
tions describing the dynamics of the epidemiological model param-
eters obtained with our computational pipeline in the D166 scenario
for the states of California, Texas, Florida, New York, and Illinois,
respectively. These time-resolved functions were obtained by fitting
the corresponding parameter daily estimates resulting from the mean

on the epidemiological implications of these parameter
trends.

For completeness, we compared the fitting and forecasting
results of our dynamic calibration pipeline to those obtained
using a standard non-dynamic approach (i.e., with constant
parameter values over time). Supplementary Figures S7 and
S8 show the fits and forecasts obtained with this standard
calibration method in the D152 and D166 scenarios, respec-
tively, while Supplementary Tables S4 and S5 provide the cor-
responding NRMSE values. Moreover, Supplementary Figs.
S9-S11 compare the NRMSE distributions obtained with the
dynamic and constant (i.e., non-dynamic) parameterization
approach during the calibration and forecasting timeframes
in the D152 and the D166 scenarios, respectively. Comparing
Figs. 3 and 4 to Supplementary Figs. S7 and S8, the dynamic
parameterization proposed in this study renders qualitatively
better fits and forecasts than a classical constant parameter
calibration. From a quantitative standpoint, our computational
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filtering step with quadratic B-splines. The resulting B-spline fits pro-
vide the dynamics of each parameter during both the calibration and
forecasting periods, which are separated by a vertical dashed line in
each plot. The shaded area surrounding each parameter B-spline fit
indicates the corresponding 95% bootstrapped confidence interval.
The number of basis functions used to represent the parameters in
each state can be found in Supplementary Table S3

pipeline with a dynamic model parameterization provides a
superior fit to the observed data during the calibration time-
frame of both scenarios, with significantly lower NRMSE in
CIO and D in both the D152 scenario (p = 0.008 and 0.008
under two-sided Wilcoxon rank-sum testing, respectively) and
in the D166 scenario (p = 0.008 and 0.008 under two-sided
Wilcoxon rank-sum testing, respectively). The results of our
dynamic calibration approach did not show a significantly bet-
ter forecasting ability in the D152 scenario (e.g., p = 0.421,
0.421, and 0.690 for the 4-week cumulative NRMSE of C/0,
D, and Sp forecasts under two-sided Wilcoxon rank-sum test-
ing, respectively), although we observe a trend towards lower
weekly NRMSE values for the predictions of CIO using our
dynamic calibration method (see Supplementary Fig. S9). Fol-
lowing the data assimilation in the D166 scenario, our compu-
tational pipeline yields superior predictions of the CIO than the
model with constant parameters in the first, third, and fourth
week of the forecasting interval (p = 0.008, 0.008, and 0.008
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under two-sided Wilcoxon rank-sum testing, respectively).
Additionally, in the D166 scenario, we further observe a
trend towards lower weekly NRMSE in forecasting CIO in
the second week after the calibration time horizon as well as
in predicting the D compartment dynamics over the whole
forecasting interval (see Supplementary Fig. S10). Regard-
ing Sp, no significance was obtained comparing the model
recapitulations and predictions of this quantity using either
calibration method, although we observe a trend towards lower
NRMSE with our dynamic calibration approach (see Supple-
mentary Fig. S11).

4 Discussion

We have presented a computational pipeline that enables the
time-resolved parameterization of a mechanistic model of
infectious disease spread to facilitate the recapitulation and
forecasting of outbreak dynamics. This approach leverages
the idea that it takes a short-to-intermediate timeframe for
epidemiological changes to manifest in the case and death
numbers reported during an outbreak. Thus, the computa-
tional pipeline seeks to capture the dynamic changes in the
mechanisms of infectious disease spread through a time-
resolved parameterization primarily informed by standard
time series of cumulative infections and deaths (i.e., CIO and
D in our model, respectively). Additionally, in this study we
further propose to leverage seroprevalence (Sp) estimates
as a surrogate for cumulative recoveries. We applied our
computational pipeline in five of the most heavily impacted
US states during the first wave of the COVID-19 pandemic
(i.e., NY, FL, IL, TX, and CA). In general, our results show
that the dynamic parameter trends can be used for analysis
and making short-term forecasts during an outbreak, which
tend to exhibit higher accuracy as we inform the model with
further Sp estimates.

We dynamically parameterized the SEIRD model with
our computational pipeline using two different calibration
time horizons, at 152 and 166 days following the day after
the DNE. This computational setup enabled us to analyze
the performance of our dynamic parameterization method
in two scenarios with different data availability, since in the
D166 scenario the computational pipeline is informed by a
larger number of daily measurements of CIO and D, as well
as two Sp estimates instead of only one in the D152 sce-
nario. Our results show that the proposed dynamic calibra-
tion strategy enables the model to recapitulate the observed
time series of C/0O and D within an NRMSE of 10% in both
scenarios (see Tables 2, 3, as well as Figs. 3, 4). The analysis
of the model predictions was carried out over the 4 weeks
following the calibration time horizon in each scenario. The
short-term forecasts over the first 2 weeks result in accurate
predictions of the CIO and D values, especially when fur-
ther epidemiological data was used to inform the dynamic

calibration: while we observed cumulative NRMSEs for
CIO and D around or below 10% in the D152 scenario, the
corresponding values were always below 3% in the D166
scenario (see Tables 2, 3, as well as Figs. 3, 4). However,
the long-term forecasting performance diverges between the
two calibration scenarios and across the states. In the D152
scenario, fourth-week forecasts ranged from an accurate
prediction of both the D and CIO compartments (e.g., less
than 2% NRMSE in New York; see Fig. 3 and Table 2), to a
considerable overestimation in the CIO and D compartments
(e.g., near 25% NRMSE in California and 40% NRMSE in
Florida, respectively; see Fig. 3 and Table 2). Conversely,
the assimilation of further CI0, D, and especially Sp data in
the D166 scenario led to forecasting NRMSE values for the
CIO and D below 7% in the third and fourth weeks of the
forecasting interval (see Table 3 and Fig. 4). Thus, the inclu-
sion of further epidemiological data in the computational
pipeline led to significantly superior forecasts of CIO and D
in the D166 scenario (p < 0.05 during the whole forecasting
period; see Sect. 3.2).

The comparison of the time-resolved B-spline fits rep-
resenting the dynamics of the model parameters in both
scenarios further suggests that the improved forecasting
performance in the D166 scenario is likely due to a better
estimation of the parameter trends once the data between
days 152 and 166 after the DNE are assimilated into the
model calibration. The dynamic parameterization of the
model may not capture incipient changes in the mecha-
nisms of disease spread near the calibration time horizon,
which can compromise the quality of the ensuing forecasts.
Conversely, if these mechanisms do not exhibit significant
changes by the calibration horizon, then our computational
pipeline may enable an accurate longer-term prediction of
D and CIO. Hence, poorer forecasts likely result from the
limited ability of the local parameter trends to accurately
capture long-term changes in the mechanisms that they rep-
resent, especially near the calibration time horizon. Never-
theless, while a priori we expect long-term predictions to
exhibit poorer reliability than short-term forecasts, in some
cases, the terminal trends of the parameters in the calibration
period suffice to project reliable longer-term predictions of
D and CIO. For instance, this superior long-term predic-
tive power was observed in New York in the D152 scenario
(<2% cumulative and weekly NRMSE of CIO and D in the
fourth week of the forecasting period; see Table 2), and it is
generalized in the D166 scenario across the five states ana-
lyzed in this study (< 7% cumulative and weekly NRMSE
of CIO and D during the fourth week of the forecasting
period; see Table 3). Thus, continuous assimilation of epi-
demiological data in the model calibration may contribute to
refine the dynamic model parameterization and yield more
accurate long-term predictions of D and CIO. Additionally,
since forecasting accuracy is ultimately determined by the
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reliability of the terminal trends of the parameter functions,
future studies should investigate extensions of our compu-
tational pipeline to refine the terminal time-resolved param-
eterization of the model and quantify its uncertainty.

Seroprevalence studies have been deemed critically use-
ful in monitoring COVID-19 outbreaks and ensuing public
health decision-making [51-53, 74]. A distinctive feature of
our computational pipeline is using seroprevalence estimates
(Sp) to inform model calibration. However, while inform-
ing model calibration with several Sp values refined the
predictive power of our computational pipeline, we gener-
ally observe a larger error in the fits and predictions of Sp
compared to the error in the D and CIO compartments (see
Tables 2, 3). This is likely a result of the limited availabil-
ity of seroprevalence data and its associated high level of
uncertainty [51]. Indeed, these are the two primary reasons
why we do not directly use the Sp estimates as an input to
inform the rolling weekly calibrations, but rather to inform
the selection functionals enabling the identification of the
optimal initial condition estimates and number of basis func-
tions (in which the recovered subpopulation in the model is
used to approximate the Sp estimate; see Sect. 2.3). Thus,
we believe that more frequent and accurate seroprevalence
studies could contribute to obtaining more precise forecasts
of outbreak dynamics with our computational pipeline.

Selecting an initial time point early in the COVID-19 pan-
demic, such as the DNE, enabled us to neglect the recovered
individuals before the model calibration timeframe. Yet, the
initial number of exposed and symptomatic infected indi-
viduals remained unknown, and its estimation is pivotal to
recapitulating outbreak dynamics since both subpopulations
can transmit COVID-19 disease [5, 18, 25, 64]. To address
this challenge, our computational pipeline accommodates
the estimation of these initial conditions (i.e., E; and )
using a multi-start framework within the mean filtering step,
which further selects optimal initial guesses for the epide-
miological parameters within admissible bounds based on
early published values in the literature (Table 1). Notably,
our results suggest that by the DNE, there were approxi-
mately 9-18 times more asymptomatic than symptomatic
individuals (see Supplementary Table S2), which agrees
with the early estimates in the literature [55].

A central outcome of our computational pipeline con-
sists of the set of state-specific time-resolved parameters
that describe the evolution of the initial COVID-19 outbreak
during the first five months after the DNE. We posit that
the patterns contained in the dynamic changes in param-
eters may contain information about the progression of the
COVID-19 outbreak and the impact of NPIs. For example,
the contact rate f(¢) sharply drops within the first month
after the NPIs targeting the transmission rate of COVID-19
came into effect around the DNE [61]. Then, approximately
two months after the DNE, the states of New York, Illinois,
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and Florida start exhibiting a moderately increasing trend
in disease transmission that is maintained until the summer
of 2020. Although such increases have been attributed in
part to the relaxation of NPIs [61], some models account for
this phenomenon by introducing a lockdown fatigue term,
as people may contribute to the transmission of the disease
regardless of the NPIs in effect [75]. Additionally, the death
rate ¢,() exhibits an overall decreasing trend over the ana-
lyzed period and becomes stable at values approximately
ranging between 0.008 and 0.003 day~!, which agree with
the previous estimates in the literature [65, 76] and indicate
that there may have been a learning curve in successfully
treating COVID-19 symptoms [77-79]. Furthermore, the
dynamics of the asymptomatic recovery rate ¢,(f), which
represents the terminal step of the asymptomatic COVID-19
infection pathway in our model, appears to follow different
dynamics in each state. In New York and California, ¢,(¢)
exhibits a decreasing trend over the analyzed period, which
may ultimately reflect the result of an effective application
of NPIs and changes in social habits to reduce asymptomatic
transmission. Moreover, the high values of the function
describing ¢, in these two states suggest that asymptomatic
transmission has been dominant in the early stage of the
pandemic. While in Texas ¢, stays approximately constant
over time, this parameter exhibits a rising trend in Illinois
and Florida, which seems to be further supported by a paral-
lel increase in the contact rate f(7). Hence, the dynamics of
¢,(¢) obtained in this study suggests that the asymptomatic
COVID-19 infection pathway is a central driver of COVID-
19 outbreak progression, as suggested by multiple studies in
the literature [5, 11, 25]. Thus, future studies should further
investigate the correlations between the parameter trends
calculated with our computational pipeline, which may con-
tribute to obtain more robust model calibrations and param-
eter projections ultimately enabling more precise forecasts.

We further compared the performance of our compu-
tational pipeline featuring a dynamic parameterization of
the mechanistic model against a standard non-dynamic
calibration approach leveraging a constant value of the epi-
demiological parameter over the analyzed time period. As
expected, this comparison revealed that our approach yields
a significantly superior recapitulation of the daily measure-
ments of CIO and D (p < 0.05; see Sect. 3.3). Both param-
eterization approaches rendered a comparable performance
in forecasting outbreak dynamics in the D152 scenario,
although the NRMSE distributions suggest a trend indicat-
ing superiority of our dynamic parameterization approach.
The assimilation of further epidemiological data in the D166
scenario revealed a significantly better performance in pre-
dicting CIO in the first, third and fourth weeks of the fore-
casting interval (p < 0.05; see Sect. 3.3) as well as a trend
towards a superior predictive power in the second week and
in forecasting D over the whole forecasting interval. These
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results align with the varying predictive performance of our
dynamic parameterization approach depending on whether
the daily parameter estimates capture ongoing changes in
the mechanisms of disease transmission by the end of the
calibration timeframe. Future studies could delve into this
comparative analysis over sequential time horizons to refine
the dynamic parameterization approach and improve the pre-
dictive performance against the standard calibration method
with constant parameters (e.g., by improving the projection
of the terminal trend in the B-spline parameter fits over the
forecasting period).

Despite the promising results obtained with our compu-
tational pipeline, this study also features several limitations.
First, our computational pipeline does not address the issue
that epidemiological data may feature significant errors and
uncertainties in data collection [72, 80, 81]. However, our
approach can be straightforwardly extended by adding a pre-
processing step to de-noise the epidemiological data [29, 63].
Additionally, our computational pipeline could be recast in a
Bayesian framework to accommodate a more robust quanti-
fication of uncertainty from the input data to model forecast-
ing [18, 35, 40—43]. With these developments, the compu-
tational pipeline could also palliate large oscillations in the
daily parameter estimates between successive calibrations,
and hence yield more reliable forecasts. Second, the dynamic
mean filtering of our computational pipeline may have limited
accuracy compared to more advanced methodologies, such
as an Extended Kalman Filter [82, 83], which can effectively
accommodate the estimation of uncertainty in the model
parameters. Third, our pipeline is implemented in a sequen-
tial approach without feedback during calibration. Thus, our
current approach could be extended by adding a loop from
the spline fitting back to the mean filtering step, such that
the trends captured by splines are leveraged to refine the roll-
ing window mean filtering step (e.g., within the regulariza-
tion term in Eq. (8)). Fourth, we only considered quadratic
B-spline bases constructed with open uniform knot vectors
to represent the time-resolved parameter functions. We think
that this functional space is a practical choice that can provide
sufficient smoothness to accommodate the dynamic param-
eterization of infectious disease models. However, future
studies could investigate the performance of other alterna-
tives within our computational pipeline, such as B-splines
of different polynomial degrees and with optimally located
knots [69—71] or logistic functions [18, 42, 84]. This analysis
could also provide a deeper insight in the impact of noise and
underreported data on the resulting dynamic parameterization.
Fifth, we assume that five epidemiological parameters in the
model (i.e., f, o, ¢,, ¢,,and ¢,) require a dynamic parameteri-
zation. Previous studies have represented complex COVID-
19 outbreak dynamics leveraging a smaller set of dynamic
parameters or only the transmission rate f as a time-varying
parameter [11, 18, 27, 42, 43, 84]. In the development of the

computational pipeline presented in this study we observed
that neither constant parameters nor leveraging only f as a
dynamic parameter rendered a superior performance in repro-
ducing and predicting COVID-19 outbreaks than our dynamic
parameterization approach (see Supplementary Figs. S7, S8,
and S12). Nevertheless, we think that future studies should
investigate model selection strategies [85, 86], which can be
used to adaptively optimize the number of dynamic param-
eters during the course of an infectious disease outbreak.
Sixth, our modeling approach does not account for the spatial
mobility of the population. Although domestic and interna-
tional travel was heavily restricted at the beginning of the
pandemic, our computational pipeline could be extended to
account for the movement of the population through a mobil-
ity network or using a PDE based on our mechanistic model
[5, 11,27, 64]. Finally, this study aimed at providing an initial
assessment of our computational pipeline, so we restricted its
application to five states and two calibration scenarios during
the early stage of the COVID-19 pandemic in the US. Thus,
future studies could investigate the application of our method
recursively over subsequent time horizons, in other states in
the US and other countries, and in more advanced stages of
the COVID-19 pandemic. In the latter case, the mechanistic
model may require an extension to accommodate the decay of
antibodies inducing loss of protection against the disease (e.g.,
by introducing a feedback loop from the R to the S compart-
ment) as well as the protective effect of COVID-19 vaccines
[47, 48]. Additionally, considering longer timeframes for the
recapitulation and prediction of outbreak dynamics than those
considered in this study may require the inclusion of natality
and non-COVID-19 mortality terms in the model [11, 27] (see
Supplementary Fig. S13).

We believe that dynamic parameterization methods, like
the one proposed in this study, may have significant future
applications that could impact public health decision-mak-
ing. For example, the model forecasts and time-resolved
parameterizations may serve as a basis to define model-
inspired early markers of severe outbreaks and characterize
the effect of diverse types of NPIs on the mechanisms of out-
break progression. Such developments would enable a priori
quantitative estimation of the necessary level of restriction
for an NPI to be effective in a specific region, which could be
further adjusted as more epidemiological data is assimilated
into the model calibration. Likewise, these predictions could
be used to anticipate regions that are predicted to experi-
ence severe outbreaks and lead to a preliminary allocation
of essential medical materials and workforce to mitigate
the pressure on the health system of those regions. Thus,
the predictive technology detailed in this work has a great
potential to act as a decision-making tool to guide public
health interventions targeting specific mechanisms of infec-
tious disease spread.
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5 Conclusion

We have developed a computational pipeline that enables the
dynamic parameterization of a modified SEIRD model (sus-
ceptible-exposed-infected-recovered-deceased) describing
COVID-19 outbreak dynamics using time series of cumula-
tive infections (CIO) and deaths (D), as well as pointwise
seroprevalence (Sp) estimates as a surrogate for the num-
ber of recovered individuals. Our computational pipeline
allows for the estimation of dynamic daily parameters from
these epidemiological datasets, which are then fit to quad-
ratic B-spline basis functions to obtain a smooth temporal
formulation of the dynamics of the model parameters. We
demonstrate that such a dynamic parameterization approach
can be used to recapitulate outbreak dynamics and forecast
future COVID-19 cases and deaths. Future developments
of our methodology could potentially enable public health
officials to gain a deeper understanding of the mechanisms
underlying infectious disease outbreaks and, hence, use this
information as a predictive tool to design region-specific
outbreak-arresting NPIs and optimize the allocation of lim-
ited resources to prepare regional healthcare systems for
overwhelming influxes of patients. We believe that these
capabilities could contribute to advancements in the current
public health paradigms in terms of monitoring, manage-
ment, and preparedness against future outbreaks.
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