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ABSTRACT

Outbreaks of infectious diseases, such as influenza, are a major societal burden. Mitigation policies dur-
ing an outbreak or pandemic are guided by the analysis of data of ongoing or preceding epidemics. The
reproduction number, Ry, defined as the expected number of secondary infections arising from a single
individual in a population of susceptibles is critical to epidemiology. For typical compartmental models
such as the Susceptible-Infected-Recovered (SIR) Ry represents the severity of an epidemic. It is an esti-
mate of the early-stage growth rate of an epidemic and is an important threshold parameter used to gain
insights into the spread or decay of an outbreak. Models typically use incidence counts as indicators of
cases within a single large population; however, epidemic data are the result of a hierarchical aggrega-
tion, where incidence counts from spatially separated monitoring sites (or sub-regions) are pooled and
used to infer Ry. Is this aggregation approach valid when the epidemic has different dynamics across the
regions monitored? We characterize bias in the estimation of Ry from a merged data set when the epi-
demics of the sub-regions, used in the merger, exhibit delays in onset. We propose a method to mitigate

this bias, and study its efficacy on synthetic data as well as real-world influenza and COVID-19 data.

© 2021 Published by Elsevier Inc.

Introduction

The burden of infectious diseases is felt around the world. De-
veloped countries are often faced with increased health-care ex-
penditure, while developing countries face increased mortality and
detrimental long-term effects on the population [1]. Seasonal epi-
demics such as influenza infect millions of people annually since
preventative measures are imperfect. In the 2017-2018 epidemic,
there were 45 million influenza illnesses and 21 million influenza-
as-sociated medical visits. In the 2018 — 2019 epidemic, the effi-
cacy of the flu vaccine was reported to be as low as 47% [2]. In-
fluenza severely affects vulnerable groups in particular, such as
young children and the elderly [3], and in 2017, the associated
death toll was around 61,000 in the United States (US) [4]. More-
over, the total economic burden of influenza epidemics within the
US is projected to be in the realm of $87.1 billion [5]. The ongo-
ing COVID-19 pandemic has affected more than 251 million peo-
ple worldwide with a fatality of 5 million [6], and an economic
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contraction nearing that of the Great Depression of the 1930s
and with projected injections of more than 5 trillions globally
[7]. Economists estimate, under the optimistic assumption that the
pandemic’s effects will abate in two years, the total cost of the
pandemic would lie at nearly 16 trillion dollars [8] and we are
now seeing the emergence of new strains. Clearly, the severe hu-
man and economic costs of pandemics and regular seasonal epi-
demics motivate the need for accurate methods for risk-prediction
and planning during outbreaks. To this end, Non Governmental
Agencies (NGOs) and health care officials work in tandem to collect
disease incidence data.

Epidemiological models can be used to turn the collected data
into actionable insights [9-11]. The parameters in epidemiological
models quantify the severity of the disease [12] and the param-
eters thus obtained are used to devise strategies of intervention
[13-15]. The reproduction number, Ry, is a critical quantity defined
as the expected number of secondary cases caused by a single in-
fected individual in a population of susceptibles [16-18]. The re-
production number characterizes the growth potential of an epi-
demic [19]. It also serves as a threshold parameter: if above one,
an epidemic is expected to grow, while if below one, an epidemic
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is expected to decay. Ry is widely used for risk-assessment, op-
timization of strategies for intervention or management of allo-
cation of human and economic resources, particularly during the
first stages of a crisis [20-22]. An accurate estimation of the repro-
duction number from observational data is thus critical. However,
such assessment relies on the accuracy of collected epidemiologi-
cal data, which is often noisy due to a variety of factors which we
shall discuss next.

As exemplified by the ongoing COVID-19 pandemic, the collec-
tion of data during an outbreak is challenging because of logistical,
cultural, political, and technical factors, particularly at early stages
of an epidemic or pandemic. For example, under-reporting of cases,
and slow transmission of data between organizations were impor-
tant sources of heterogeneity that made their way into the final
estimates collected by the World Health Organization (WHO) dur-
ing the Ebola outbreak [23]. In the case of influenza in the United
States, data are collected in a hierarchical structure: incidence is
recorded at sub-regional organizations such as local hospitals, ag-
glomerated by regional organizations (such as state level health-
care agencies) before being transmitted to the Centers for Disease
Control and Prevention (CDC) and aggregated to create national in-
fection curves [24]. Modern multi-regional data collection and ag-
gregation practices may no longer reflect the assumptions of typ-
ical epidemiological models. Is such an aggregation approach valid
when the epidemic has different dynamics across the regions moni-
tored? In this study, we characterize bias in the estimation of Ry
from a merged dataset when the epidemics of the sub-regions,
used in the merger, exhibit delays in onset. We propose a method
to mitigate this bias, and study its efficacy on synthetic data as
well as real-world influenza and COVID-19 data.

The paper is organized as follows: in Section 2, we showcase
a real-world example of variation in epidemic onset, and discuss
how such variation arises in epidemiological data. Section 3 pro-
vides background on the SIR model and how its parameters are
interpreted. In particular, we discuss how temporal delays in the
onset of an epidemic affect the epidemic curves and bias estimates
of the reproduction number. Section 4 details the method we pro-
pose to reduce this bias by explicitly accounting for temporal off-
sets, introducing a new Shifted-SIR model (S-SIR). In Sections 4 and
5, we validate our method using synthetic data and real-world in-
fluenza data collected in the United States, respectively. Finally, in
Section 6 we use our methodology to illustrate how the methodol-
ogy can help reduce errors at early stages of epidemics even when
understanding of the underlying disease dynamics is not yet clear.
We conclude with a discussion of related work and the implica-
tions of our method in Section 7.

Heterogeneity in epidemic data

The procedures for reporting cases of infectious diseases vary
from country to country but generally follow a hierarchical struc-
ture. Starting from hospitals and clinics, data is collected, tabu-
lated and aggregated before being passed onto regional authorities
and NGOs. This process is repeated and the aggregated statistics
are sent to national bodies where it is used for intervention pol-
icy, crisis response, planning and management. In resource-limited
settings, some of this hierarchical infrastructure has to be created
on-the-go during an outbreak [26].

By way of example, consider a government agency in the United
States that wishes to quantify the severity of the influenza epi-
demic in 2014. Typically, the severity of an epidemic is assessed by
estimating the Ry from data collected locally and then aggregated.

However, the aggregation process smoothes out local hetero-
geneity that are relevant for the assessment of the severity of the
epidemic. For example, in Fig. 1 we plot the incidence curves for
the 2014 influenza outbreak in several major states in the United
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States; here we observe non-uniformity in the start times of the
epidemic across the various (sub-regions) states. Week 40 of the
year is typically used by the CDC to denote the start of the flu sea-
son [25].

Decisions on quantifying the severity of the disease are made
using national level epidemic data and the aggregation infras-
tructure that creates the national data pools the data from the
sub-regions. Typical compartmental models assume that incidence
curves reflect a single large well-mixed population. This assump-
tion is violated when sub-regional epidemics begin at different
points in time. Failing to account for this heterogeneity in onset
of the epidemic among sub-regions can bias estimates of Ry in-
ferred from the aggregated data. We pause to reflect on how such
heterogeneity in onset time of epidemics could arise.

1. Errors in Data Reporting: An infection curve typically repre-
sents the number of infected individuals over time. However,
the reported number is often a noisy estimate of the true num-
ber of individuals infected. Deviations from ground truth can
occur due to under-reporting [27,28], or errors in tabulation.

2. Ecological bias: Typical compartmental models assume a sin-
gle, mean, rate of infection and recovery across the entire popu-
lation. Aggregating incidence counts from sub-regions in which
there is high variance in the rates of infectivity and recov-
ery may result in inferring a global reproduction number, Ry
[29] that is not representative of the reproduction numbers of
sub-regions. This is a case where ecological bias can arise in
epidemiological studies [30]. Correcting ecological bias of this
nature is difficult due to non-identifiability in the data: namely
that there exists an infinite set of sub-regional incidence curves,
each corresponding to different values of Ry, that can give rise
to an observed aggregated infection curve.

3. Offset in epidemic onset in sub-regions: Epidemics rarely
begin simultaneously across spatially separated geographic re-
gions. Due to factors such as the population density of sub-
regions and the variation in disease vectors, there are often
delays in the onset of the epidemic. These delays can be dif-
ficult to detect: for example, California in Fig. 1, has a non-zero
number of cases of influenza as baseline before the onset of the
epidemic, making it difficult to pinpoint exactly how to define
the onset of the epidemic. Organizations like the CDC often use
week 40 in the year as an empirical mark of the beginning of
seasonal epidemics such as the flu. This is a choice that aligns
well with the epidemic dynamics in some sub-regions but not
others.

We next focus on mitigating errors in estimating Ry, and
thereby the quantification of epidemic severity, due to the third
scenario highlighted above. We expect that when delays in epi-
demic onset among sub-regions are comparable to the duration of
the epidemic, the aggregated curve is fundamentally altered. We
conjecture that the resulting bias in Ry arises because parameters
in compartmental models are forced to capture delays, in addition
to the dynamics of the epidemic.

Hereafter, sub-regions refer to collection sites for epidemic data
while regional data refers to the aggregation of incidence counts
from such sub-regions to form the incidence curve from which Ry
is inferred. We work with the canonical epidemic compartmental
model, the SIR model, described succinctly in the next section.

The SIR model
Form and basic assumptions
The Susceptible Infectious Recovered (SIR) model is ubiquitous

for the analysis of epidemic data [31]. It splits a homogeneous
population into three groups, or compartments, and represents the
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Variation in sub-regional epidemic curves in 2014
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Fig. 1. Flu outbreaks in 2014: Infection curves for influenza across different states of the U.S. On the x-axis is weeks elapsed since week 40 [25], used by the CDC as a
marker for the onset of the flu season. On the y-axis is the number of individuals who report to outpatient clinics with an influenza like illness. Note that the maximum

number of infected individuals differs across sub-regions.

progression of the epidemic as the status of individuals transition
through the compartments. Typically, nearly all individuals are ini-
tially considered to be Susceptible while a small number of in-
fected individuals are introduced in the naive population. The rates
of change of the proportion of individuals in each compartment are
governed by coupled ordinary differential equations governing the
number, or fraction, of the susceptible (S), infected (I) and recov-
ered (R) individuals:

ds dl dR
a_—ﬂSI, a_ﬂSI—)/I, E_yl. (1)

We work with the normalized model where S+1+R=N=1.
B is the mass action parameter encompassing contact and trans-
mission rates between susceptible and infected individuals, and y,
the rate of recovery of infected individuals.

The reproduction number, the average number of secondary in-
fections caused by a single infected individual introduced in the
population, is derived as Ry = BS \where Sp is the initial fraction
of susceptible individuals in the population.

The primary use of Rg is as a threshold parameter to quantify
whether an outbreak is expected to die off or spread and grow into
an epidemic. When Ry > 1, the region experiences an epidemic
with an increase in the number of cases, I. When Ry < 1, the out-
break dies out (I decreases). The value of Rq is therefore crucial for
risk assessment and testing intervention strategies such as plan-
ning for the number of drugs to allocate, hospital beds to prepare,
and healthcare workers to deploy during the epidemic. An under
or over-estimation of the reproduction number can have disastrous
public health and economic consequences.

Note that the SIR model makes a number of implicit assump-
tions such as homogeneity in the distribution of the recovery and

infection rates. Anyone is equally likely to be infected and recover.
The model also assumes homogeneity in the social contact net-
work: i.e. any infected individual is equally likely to be the source
of infection for any other individual, not accounting for distance,
heterogeneity in pathogen shedding, residence in the same indoor
space, or contributions from air contamination indoors for respira-
tory diseases for example [32-34]. Several extensions to the model
have been proposed to account in various ways for homogeneity
in spatial and temporal scales or shedding amounts and timescale
competitions [35-39], but there is no universal approach yet to
best account for these effects in general.

We begin with a demonstration on synthetic data to show how
delays in onset of epidemics in sub-regions can affect assessment
of Ry from the regional data.

Motivating the problem with the SIR model

The setup is as follows. We consider an epidemic with Ry = 2.3
as manifested in ten different sub-regions. Each sub-regional epi-
demic is characterized by a choice of Ry ~ |[NV(2.3;1)|. The inci-
dence curves are simulated and visualized in Fig. 2 [A]. The re-
gional data is given by their aggregation in Fig. 2 [B]. Although
typically, Ry would only be estimated from regional data, in this
exercise, we use the SIR model to infer Ry from each of the sub-
regional curves and their aggregation - we visualize the results in
Fig. 2 [C]. Next, we repeat the exercise in Fig. 2 [D-F] but this time
simulate epidemics where the epidemic onset in the sub-regions is
delayed, with a delay uniformly sampled from two to six weeks.

Without delays in onset of epidemics in sub-regions, even with
noise in the observational data and a small degree of variation in
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Fig. 2. Time-delay is a source of error when inferring R,. [A] shows the infection curves for populations in ten hypothetical regions alongside the aggregated infection
curve in [B]. [C] shows the results of inferring Ry using the SIR model on all the sub-regional data, the aggregated curve along with the true Ry = 2.3. [D], [E], and [F] follow
similarly but showcase instances where there is heterogeneity in epidemic onset time between the sub-regions with resulting values of Ry estimated using the SIR model

that are much further away from the ground truth.

the sub-regional Ry, inferring Ry from the aggregated data using
the SIR model yields a reasonable estimate Ry = 2.4 compared to
the true value of 2.3. However, in the presence of delayed epidemic
onsets in the sub-regions, the inferred Ry = 1.8 from regional data
is less accurate, further from the true value. This demonstrates
how a naive approach to the inference of the reproduction number
can lead to a serious underestimation of the severity of an out-
break.

To illustrate the importance of the problem, let us consider a
population of a million individuals. In the absence of temporal
offsets, the model’s estimation, Ry = 2.4, (blue line in panel [C])
would be approximately 240,000 infected individuals while the
true number, Ry = 2.3, (orange line in panel [C]) predicts 230,000.
This is an under-estimation of 10,000 individuals or 1% of the pop-
ulation. In the presence of heterogeneity due to variation in epi-
demic onset (panel [F]), the number of underestimated infected in-
dividuals rises up to 200,000. This is 20% of the population, and
four times larger than the error incurred in the absence of tem-
poral variation in disease onset. Such large errors in the predic-
tion of the number of infected individuals can have dramatic con-
sequences during an outbreak; for example: from an operational
standpoint, care facilities may be under-prepared for dealing with
the additional influx of sick patients.

Note that in the experiments discussed here, we ensured over-
lap between the sub-regional epidemic curves in Fig. 2 [D]. Clearly,
in the extreme case in which the epidemic curves do not over-
lap, the use of an SIR model for the aggregated model can no
longer hold. The aggregated curve would either be in the form of
a plateau or appear as a series of epidemic curve peaks, possibly
suggesting multiple epidemic waves. These extreme cases imply
obvious breakdowns of the SIR type model for the aggregated data,
and so are not of high concern: a typical user would not typically
try to extract SIR-type parameters from such multi-modal or “flat”
epidemic data curves. However, more concerning is the intermedi-
ate regime for which delays in onset are important, but with suf-
ficient remaining overlap between epidemic curves, such as shown
in Fig. 2 [D]. In such cases, there is no obvious distortion of the
aggregated epidemic curve. As we have seen, in such cases, the
Rp inferred is typically biased and in particular, is underestimated.
Indeed, in such intermediate cases, the SIR model is incapable of

capturing time-delays, or offsets, in the onset of the epidemic in
sub-regions, the source of errors we seek to avoid. To remedy this
pathology, we next introduce an alternative epidemic model.

Shifted-SIR (S-SIR) model

The shifted-SIR model uses an additional parameter to explicitly
capture delays in the onset of the epidemic.

Denoting by t the start time of the epidemic, and I the indica-
tor function:

I[x] =1 if x holds, 0 otherwise.

The S-SIR model has the following dynamics for each of the com-
partments of a population:

ds

T It > t](-BSD),

di =1t SI—-yl 2
o =1t > T1(BsI =y, )
dR

Pl 1t > t](yD).

The key difference between Equations (1) and (2) is the incorpo-
ration of an additional parameter to the model, 7. When t > T,
the Shifted SIR, and the SIR model are equivalent. When t < t, the
shifted SIR model preserves the initial conditions of the differential
equation without temporal evolution. In this way, the model has a
mechanism to explicitly account for the start time of each infection
curve, and the new parameter has a rooting in a physical, measur-
able effect of delay in onset or reporting, or a combination of both.
Consequently, this means that the parameters 8, y that govern the
infection dynamics, and by proxy reproduction number Ry, are not
used to model the early portion epidemic data attributed to delays
and noise; they can instead focus on modeling infection counts af-
ter T time-steps.

Simulation and parameter estimation in the S-SIR model: For
a given choice of 7, one can simulate from this model using an SIR
model followed by right-shifting the simulated curve right by t
time-steps. However, the incorporation of t to the compartmental
model requires new methods to fit parameters from epidemiologi-
cal data. We use a grid search for 7 and nested within it, a least-
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Fig. 3. Inferring parameters of the S-SIR model For each sub-region, we simulate noisy data following SIR dynamics with severity Ry and time-delays Uniform(z — 1,7 + 1)
(top row) and Uniform(t — 3, 7 + 3) (bottom row) using the values of Ry, T displayed in the top row of the legend. The aggregated curve (Data) is then used to infer the
parameters of an S-SIR model and we simulate from the resulting model (Sim.; alongside the inferred parameters). The faded graphs are the epidemic curves in the sub-

regions.

squares [59-61] based fitting procedure to estimate 3,y from in-
fection counts I. The practitioner’s prior estimates for what values
T can take for a given epidemic may be used to constrain the grid
search. We defer the reader to the supplementary information (SI)
for a detailed exposition on how the parameters of the model are
inferred.

Inferring parameters of the S-SIR model: We first reflect upon
how heterogeneity in epidemic onset manifests in aggregated inci-
dence curves. In Fig. 3 we study eight different scenarios, where
both Ry, T take high and low values (values listed in the figure-
key labelled as Data). In the top row, each of the ten sub-regional
epidemic curves (faded curves) are assumed to be generated from
an SIR model with the corresponding value of Ry and shifted to
the right by an offset drawn from Uniform(t — 1,7 +1). In the
bottom row, each of the ten sub-regional epidemic curves (gen-
erated as above) are shifted to the right by an offset drawn from
Uniform(t — 3, T + 3). The top row illustrates the case where there
is a small degree of heterogeneity in onset times among the sub-
regions and the bottom row illustrates the case where there is a
large degree of heterogeneity. The aggregated curve (depicted with
the label Data) is then used to infer the parameters of the S-SIR
model. We simulate from the model and display the estimated pa-
rameter values (K, ©) alongside the curve from the simulation,
noted with Sim in the figure-key.

The results showcase a few important aspects of the inferred
parameters. First, across the board, we find that simulation from
the S-SIR model with the inferred parameters presents an accurate
fit to the aggregated, epidemic curve. Second, when the epidemic
onset delays in the underlying sub-regions have a small amount
of variation (top row), when they differ greatly (bottom row) and
the epidemics among the sub-regions have the same fraction of in-
fected individuals, the value taken on by 7 lies close to the small-
est time-delay among the sub-regions. We conjecture that this is
because the smallest time-delay among the sub-regions is the min-
imum delay that may be identified from the aggregated infection
counts. In practice the degree of observational noise, the number
of sub-regions, the severity of the epidemic in each sub-region and
the heterogeneity in delay onset affect the values of Ry, T inferred.

Improving Ryusing the S-SIR model Next, we perform a more
thorough quantitative study of scenarios to understand where the

S-SIR model can improve the estimation of Ry in the presence of
offsets in epidemic onset in sub-regions.

The setup for the experiments are as follows. Across either ten
or one hundred sub-regions, we first simulate an SIR epidemic and
shift the epidemic curve to mimic a delayed onset. Folded random
noise (with standard deviation of 0.005) is added to each point in
every simulated curve. The curves are aggregated and the aggre-
gation is used to infer the parameters of the SIR and the S-SIR,
using O(X, 0) and Algorithm 1, respectively. We then study the er-
ror between the inferred value R and the true value, Ry. Each such
experiment is repeated 1000 times.

We study two kinds of epidemics with different severities: Ry =
1.8, Ry = 3.1. We vary the way in which the delay in epidemic on-
set in sub-regions, T, behaves among the sub-regions by selecting
four distributions from which t (in unit of weeks) is sampled:

.t ~T(03)
.Tt~T(5)

. T ~ Uniform[0, 3]
. T ~ Uniform[7, 10]

A WN —

The results of our analysis are depicted in Fig. 4 when t is
drawn from a Gamma distribution among the sub-regions and in
Fig. 5 when t is drawn from a Uniform distribution. Both vio-
lin plots indicate that the SIR and S-SIR models underestimate Ry.
However, across all results, we find that errors in the estimation
of Ry inferred from the S-SIR model are on average, lower than er-
rors in Ry from the SIR model, suggesting that explicitly accounting
for time-delays does improve the accuracy of the inferred Ry. We
examine several follow up questions in turn.

Accuracy in the absence of time-delays:

Figs. 4 and 5 show the results of the inference with small time
delays (two columns on the left of all the plots of the figures). We
note that from the perspective of planning for epidemics, it is wor-
rying that even small time-delays in epidemic onset in sub-regions
result in an appreciable error in the estimation of Ry from aggre-
gated data, giving a lower value than reality on the ground; this
showcases a scenario that calls for concern about bias in the es-
timates of Ry. Such scenario is particularly concerning when the
epidemic is severe (relatively high Rg). The Figs. (4 and 5) show
that both synthetic scenarios tested, we find some gains from the
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Fig. 4. Synthetic results (Gamma distribution): The number of sub-regions on the left plot is 10 and on the right is 100. In each, we study the distribution of errors
between the true Ry and inferred values when the time-delays and severity of infection with the sub-regions are varied. We find that the S-SIR systematically obtains better

results across all settings.
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Fig. 5. Synthetic results (Uniform distribution): The number of sub-regions on the left plot is 10 and on the right is 100. In each, we study the distribution of errors
between the true Ry and inferred values when the time-delays and severity of infection within subregions are varied. We find that the S-SIR systematically obtains better
results across all settings but does particularly well when there are larger time-delays in the sub-regions.

use of the S-SIR model which has a lower (on average) error in the
estimation of Ry than the SIR model.

Accuracy in the presence of time-delays:

When time-delays in sub-regions are larger (right two columns
in the subplots of Figs. 4 and 5, we continue to find that the S-SIR
model outperforms the SIR model. The improvements yielded by
the S-SIR model are particularly visible when all the sub-regions
have consistent shifts in the start of the epidemic and when the
epidemic is more severe.

Over or under-estimation:

Across all the results we find that there can be a degree of
under-estimation of Ry when the sub-regions have time-delays, re-
gardless of the method used. This is problematic; an underestima-
tion of the epidemic severity can result in worse consequences on
affected population than an overestimation of the severity.

The results on synthetic data demonstrate that the S-SIR model
does improve the estimation of Ry realizing values closer to the
ground truth. The results also characterize scenarios when we can
expect the use of such models to be of benefit: namely, when the

delays in onset are large across sub-regions. We next discuss the
insights gained from the synthetic data on characterizing the sever-
ity of epidemics from real-world influenza data.

Quantifying the severity of seasonal influenza

Influenza is a respiratory, viral, infectious disease which spreads
via air. Seasonal influenza is recurrent; the young and the aged are
particularly vulnerable to developing serious complications. Char-
acterizing the severity of an epidemic both when it is ongoing as
well as a posteriori is vital for public health management. We study
how offset in epidemic onset times in aggregated data gathered
from subregions in the United States affects the estimation of the
severity of epidemics nationally. Epidemic data is collected in a hi-
erarchical structure that spans multiple levels. Here, we focus on
two levels of the hierarchy. The sub-regions will contain incidence
counts available at the state level. The regional incidence counts
correspond to those at the national level.
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Fig. 6. Influenza outbreaks of 2017: On the right, across different states, each (green) curve represents the fraction of people in the infected (I) compartment. On the left is
the aggregated National level infection curve. The comparison of the abilities of the SIR and S-SIR models to capture the influenza incidence curves is shown.
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Fig. 7. Error on national - aggregated - level infection data: Across all the years we find that the S-SIR model incurs a lower error than that of the SIR model.

Setup: We obtained incidence reports for influenza from the
CDC [40]. The data contains dates and raw counts of individuals di-
agnosed with influenza-like-illness (ILI) each week. For each state
and year, we define time zero using the CDC’s classification of the
beginning of the flu year, which is the 40th week in the calen-
dar year [25]. We self-normalize the raw counts (for example in
Fig. 1) to create incidence curves where each point represents the
fraction of the population in the Infected (I) compartment. The
influenza data represents the incidence of the disease. Here, this
is the number of new cases reported each week. Compartmental
models typically involve prevalence: the number of infected indi-
viduals a given time. The two do not always coincide but since re-
covery from influenza typically takes five to seven days, this du-
ration maps well with the temporal granularity of the available
weekly case data. Thus, we make the assumption in this work that
the two are interchangeable and learn the parameters of the com-
partmental models herein using the incidence data, similar to prior
studies of influenza [41].

The first value of the incidence curve is used as the initial con-
dition of Equations (1) and (2). For the S-SIR model, the T was
limited to 20 weeks.

For this data, we no longer have access to the ground truth val-
ues of Ry. Therefore, as one proxy to measure how well the result-
ing model explains the data, we measure absolute error between
the raw data and the curves simulated under each model with the
learned parameters. Denoting Is as the (vector of) data simulated
from a model with learned parameters and I; as the raw incidence

data, we denote the absolute error &£:

1 T
5=TZ|’§—’5|~ (3)
t=1

A smaller absolute error implies that the parameters fit by the
model more closely align with the observed data.

The effects of aggregation: Are there delays in sub-regional
epidemics for influenza? We visually inspect the incidence curves
among sub-regions in Fig. 6 to answer this question. We find a
few instances where the epidemic onset is delayed. For example in
populous states such as Illinois, California and Georgia, there is a
large and sudden spike in the number of infected individuals over
a short two or three week window. We can therefore suspect that
the national aggregated level epidemic is affected as well.

In Fig. 6, we compare the results from SIR and S-SIR models
learned on the incidence data both at the state level and at the
aggregated national level. Here we verify that (a) the S-SIR model
makes use of the parameter 7 and (b) that doing so enables it to
capture more accurately capture the peaks of the epidemic the na-
tional data and the sub-regional data. Both of these observations
suggest that delays in sub-regional epidemics do play a role in how
well Rg is inferred on aggregated data. We conjecture this happens
because the underlying epidemic data exhibits heterogeneity in the
start of the epidemic among the sub-regions it is aggregated from
(relative to the CDC'’s fixed point of observation for the start of the
epidemic season). When the SIR model is fit directly to such data,
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Fig. 8. Ry estimated from regional and national Incidence curves: For six years, we visualize the values of Ry estimated from regional (green) and national (red) levels
incidence curves. The data was extracted and processed based on the incidence counts released by the CDC [42]. (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)

it uses B, y to fit early trends in the epidemic curve leaving it un-
able to capture the peak of the epidemic well. In contrast the S-SIR
does not use B,y to model the data until T time has elapsed giv-
ing it the ability to model the peak of the epidemic curve more
accurately.

Quantifying model performance: In Fig. 7, we quantify the ab-
solute error obtained on national incidence curves for years rang-
ing from 2012 to 2018. Across many of the years, we find that the
S-SIR model has a lower error than the SIR model. In the supple-
mental material, we repeat this exercise at the sub-regional level -
averaging the results across years from 2012 to 2018 - where we

continue to find that the S-SIR captures the data better than the
SIR model.

Comparing estimated reproduction numbers: We visualize
the values of Ry estimated by both algorithms in Fig. 8. On the
x-axis are the results from the SIR model and on the y-axis are the
results from the S-SIR model. In green are the (paired) estimates
from each sub-region while in red are the estimates obtained from
the national level incidence curves. We see a large degree of cor-
relation between the values of Ry inferred by the two algorithms.
Across several years however, the value of Ry estimated using the
SIR model is always smaller than that estimated with the S-SIR
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model. Since we do not know the ground truth, it is impossible to
know for certain which model is more accurate; however, the ob-
servation that the S-SIR model provides a better fit to the epidemic
curve data (Fig. 7) along with Fig. 8, suggests that the SIR model
underestimates Ry. We provide further evidence to support this hy-
pothesis by looking at Fig. 12 where we visualized the learned t
from the S-SIR model. We see that years in which the S-SIR model
performs better than the SIR model in Fig. 7 correspond to years
where the inferred value of 7 is largest.

Infectivity in ongoing epidemics: In the previous experiments,
our analysis of the data was retrospective - i.e. the epidemic had
come and gone. Using retrospective data, we can simulate an ongo-
ing epidemic by limiting the length of the infection curve used to
estimate the model parameters. For the national incidence curves
for four years, we estimate the parameters of the SIR and S-SIR
model using data up to weeks 10, 15, 20. For each choice, we cal-
culate the value of Ry and display it in Fig. 10. The top row de-
picts the results obtained from the SIR model while the bottom
row contains the results from the S-SIR model. There are two ob-
servations of note - first, the S-SIR model captures best the peak of
the epidemic; and second, the values of Ry obtained, even during
estimation of an ongoing epidemic, are higher than those obtained
by the SIR model. Both observations suggest again that the S-SIR
model yield more conservative, higher, estimates for Ry.

Heterogeneity in tacross states: Having studied how the S-SIR
improves estimates of Ry from regional data, we study the spa-
tial patterns in the inferred values of T from sub-regional data. We
group the sub-regions based on standard federal regions and av-
erage the values of 7 for states in each group. We visualize the
federal regions in Fig. 9 and the results in Fig. 11. Across both time
and space, we find that the S-SIR model infers a non-zero value
of T suggesting that the underlying epidemic is indeed beginning
later than week 40, with large variations from region to region,
and with several regions showing an increase in epidemic onset
time in the 2015-2018 window (e.g., regions I, V, VII, VIII, and X).
This can result in delays in onset of the national epidemic curve,
as witnessed in Figs. 6 and 12, which subsequently interferes with
the accuracy of the estimation of Ry from national aggregated data.

Robustness of 7 When only given access to the regional epi-
demic data, how robust are our estimates of T to observational
noise in the data? To answer this question, we use the national
level epidemic curves, perturb the raw counts using additive Gaus-
sian noise (with standard deviation set to a varying percentage
of the peak infection counts during that year) while restricting
ourselves to valid epidemic curves by using the absolute value
when the addition of noise results in negative counts. Then, we
re-estimate 7 over one-hundred random trials. We visualize the re-
sults in Fig. 12. We vary the percentage of the peak infection count
between 1% and 5% both of which represent a significant amount
of observational noise added to the epidemic curve. Note that the
noise (which is a constant function of the peak infection count)
results in larger variation during the early and late stages of the
epidemic curve than in the middle.

This experiment serves to assess the feasibility of using 7 to
anticipate whether the model we propose can assess the existence
of time-delays from regional epidemic data. When the observa-
tional noise lies around 1% of the peak epidemic curve, we find
that the variation is distributed tightly around the value of T esti-
mated from the noise-free regional data, implying that the use of T
is within reasonable limits for a practitioner to assess whether or
not time-delay is an important effect in the data. When the stan-
dard deviation of the noise is increased to around 5% of the peak
infection counts, we continue to find that in over 50% of the trials,
the value of t inferred indicates that one can expect time-delays
in the underlying data.
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Fig. 12. 7 inferred from national (regional) level infection data: Across all the years we show the t from the S-SIR model. The intervals showcased are from re-estimating

7 from epidemic curves with additive Gaussian noise .

Application to the ongoing COVID-19 pandemic

COVID-19 has spread over the globe, has infected over 251 mil-
lion people worldwide, more than 5 million of whom have died
[6]. Here, we compare the fit obtained to data from an S-SIR model
with an SIR model on infection data collected from Italy at the
early stage of the epidemic. It is important to note that by now, we
know that the dynamics of COVID-19 is more complex than an SIR,
but here we use only this approach to illustrate how the methodol-
ogy can help reduce errors at early stages of epidemics even when
understanding of the underlying disease dynamics is not yet clear.
Given that the SIR model is the one initially typically used with
new epidemics of unknown pathogens, we use an SIR rather than
other models to make this illustrative point. Of course as knowl-
edge of the disease evolution improve, we can use the same time-
shifted approaches with more complex epidemic models, and this
is beyond the scope of this manuscript.

The data we use for this illustration was updated daily, at
the time, from the National civil protection department and can
be downloaded from the official GitHub repository github.com/
pcm-dpc/COVID-19.git. The data include information on those who
were infected, recovered, and died. The epidemic began in Lom-
bardy, a region in the north of Italy, and spread over the course
of a month to the rest of the country. Fig. 13 (large panel) shows
how Ry changes as a function of the amount of data used to in-
fer its value (on the x-axis) in the early stage of the epidemic.
The error bars around the values of Ry quantify the uncertainty on
the estimate which is obtained by perturbing the infection curve
with observational noise, and repeatedly estimating the reproduc-
tion number. The figure illustrates the significantly higher Ry com-

1

pared to that of influenza. The estimation is consistent with other,
independent, estimates [44]. The figure also shows that the esti-
mates start high, and decrease over time. The SIR and S-SIR es-
timates diverge in the early stages of the outbreak (large panel)
but converge to consistent values further on (small panel). Further-
more, early estimate of Ry from the S-SIR are significantly more
robust than initial estimate from the SIR model. This suggest that
the time-shift parameter of the S-SIR captures useful information
in the early stages of an epidemic when data are scarce, prone to
miss-reporting errors and when the underlying dynamics of the
disease are not well understood.

Since the onset of COVID-19, our knowledge evolved and of
course now we know that an SEIR may be more appropriate and
that policy interventions over time have to also be accounted for
to account for changes in the values of Ry over time. Hence, we
conjecture that in the early stage of the pandemic and onset of
its various recurrent waves, the S-SIR could be a good model to
estimate Ry, keeping in mind its limitations when complex inter-
ventions are being used.

Discussion

There is a large body of work studying various sources of het-
erogeneity that arise in the estimation of Ry from data using epi-
demiological models. Extensions of the SIR model, such as the SEIR
model [35], tackle heterogeneity due to differences in how diseases
affect individuals in populations. Others focused on relaxing the
assumptions made by typical compartmental models by incorpo-
rating variation in population sizes and the effect of vaccination
[45] into the model of disease dynamics. In [46], heterogeneity in
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Fig. 13. Ry estimated from the 2020 COVID-19 pandemic: the large panel shows the estimation of the Ry using the national level curve data from the SIR versus S-SIR
models in the early stage of the outbreak. The small inset panel shows the estimate in later stages. These estimates are not as reliable as in the later stages of the pandemic

there were complex dynamics (e.g. policy intervention) in place.

removal from the Infected compartment is studied and its effect on
Ry is derived. [32] studies rates of infection in diseases where there
is population heterogeneity (such as the level of social activity dis-
played by individuals), social-distancing and changes in hygiene. In
the context of the Ebola outbreak in West Africa, [47] discusses the
importance of accounting for uncertainty in the estimated model
parameters. Variation in epidemiological curves and its parameters
as a function of the variation in assumptions about the contact net-
works were also studied [48,49].

Biases incurred due to inferences made at the level of aggregate
data is referred to as aggregation bias [50,51]. For example, [51] ex-
amined changes in regression coefficients (for prediction problems)
in the presence of data aggregation. Here, we identify a form of
such bias in the estimation of Ry that arises from the offset in
temporal onset of epidemics in sub-regions used to produce ag-
gregated epidemic data. Without fine-grained mobility information
between sub-regions as in [52], the offset captures some degree
of spatial information about how the virus spreads - for example,
given sub-regional data, sorting the regions by their values of t
may prove useful in understanding how a new disease is spread-
ing due to mobility. Closely related to our work in spirit is that of
[53], who studies the effect of the incubation period for soilborne
plant pathogens and the resulting differences in the understanding
of the spread of plant diseases. Similarly, albeit with a different
focus, [54] explore methods to model epidemic waves composed
of overlapping sub-epidemics. They use generalized-logistic growth
models to forecast trajectories of emerging epidemics. Among sta-
tistical approaches, [51] examined change in regression coefficients
used for prediction as a function of data aggregation. Note also
that Bayesian hierarchical models [55] have been used to capture
knowledge about how epidemic curves in previous seasons might
dictate the behavior of the epidemic in the following season. How-
ever, while [55] does experiment with a scaled and shifted SIR
model, their analysis does not touch upon when and why such a
model might be warranted, and the kinds of biases it corrects for.

Our work focuses on elucidating the effect of shift or delay be-
tween sub-units of data on the predictions done on the aggregated
data. We showed how a mismatch between the generative assump-
tions of epidemiological models and how data is gathered can bias
inferences made about the reproduction number and thus, the es-
timation of severity of epidemics. In particular, we quantified er-
rors accrued when estimating R in the presence of delayed epi-
demic onset as well as when the sub-regional epidemic data have
delayed onsets. Our work illustrates how the lack of alignment be-
tween the assumptions made in a model and the data generating
process can distort decisions made using the estimated parame-
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ters. To address and correct for this distortion, we introduced and
validated the Shifted-SIR (S-SIR) model and provided an algorithm
for parameter estimation, as a means to correct for the effect of
delays in epidemic onset.

The subsequent analysis on synthetic data showcases the
strength of the S-SIR model where we see that by explicitly ac-
counting for time-delays within the compartmental model, we are
able to correct and mitigate some of the bias in the estimation of
Ro.

In its current form however the S-SIR model is limited to mod-
eling time-shifted dynamics arising from an SIR model. Extend-
ing the approach to more general classes of compartmental mod-
els (e.g. the Susceptible-Exposed-Infected-Recovered model) may
be appropriate for infectious disease that are known to undergo
more complex dynamics.

When should the S-SIR model be used? If one has access to
sub-regional local data, then policy decisions should be made sep-
arately for each sub-region. However, sub-regions can be sparsely
populated, their data can be noisy or otherwise unavailable. In
such scenarios policy decisions must be made from aggregated re-
gional data. Recall from our earlier example, that serious hetero-
geneity in onset can introduce a systematic under-estimation of Rg.
An under-estimation of 1.8 instead of 2.3 (Fig. 2) translates to a
difference of 200,000 cases in a population of 1 million, in other
words 20% error, which can be dramatic when estimating bed-
capacity match to cases in time of pandemics. It is thus clear, that
the best course of action would be to account for offsets with the
S-SIR model when learning from regional - aggregated - epidemic
curves. Doing so can mitigate some of the bias incurred in the esti-
mation of Ry with important implications for planning of response
and management of cases.

Finally, as different modalities of data collection [56] are inte-
grated for epidemiological modeling, it is vital to rethink our mod-
eling framework to take into account the different levels of the
data generation hierarchy [57]. Here, we presented one approach
to mitigate errors, and systematic under-estimation in particular,
in inferring Ry due to heterogeneity in epidemic onset, particu-
larly at early stages of epidemics when data is scarce and pooling
data is common, while understanding of the underlying dynamics
of the disease is not developed. Using our validated proposed S-SIR
model and methodology, we hope that more accurate estimates of
the reproduction number that matters on the ground can be used
to improve planning and intervention, and mitigate mortality and
morbidity rates in seasonal diseases such as influenza [58] and par-
ticularly at the early stages of newly emerging diseases such as
those we are experiencing with COVID19 [6].
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