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G lobal health systems have been severely taxed by the onset 

of COVID-19, the disease caused by SARS-CoV-2. The disease 

has forced health care management organizations to adapt 

and obtain new capabilities that had been considered outside the 

typical domain of the health care management space.1 One of the 

most critical requirements for health care providers has been the 

ability to independently forecast the impact of the outbreak on an 

organization’s resources. To create plans around resource allocation 

and utilization, the Kaiser Permanente Mid-Atlantic States (KPMAS) 

health system required accurate models of how the disease might 

spread within our community and how this would affect our hospital 

utilization. During the epidemic, a wide variety of models intended 

for forecasting demand have been produced. These models span 

a range of structures and fitting methodologies.2-9 We chose to 

employ a compartment modeling approach because of its ease 

of use, conceptual simplicity, proven effectiveness, and ability to 

flexibly specify complex models. Compartment models treat an 

epidemic as a system of differential equations in which patients 

move between discrete states. Compartment models require fitting 

algorithms to optimize the parameters used in their simulation 

forecasts. Particle filtering is one option to perform this training, 

with the significant advantage that this method can be trained 

online. Particle filtering has been used successfully in several 

epidemiological applications, including models of SARS-CoV-2.10

When translating an epidemic forecast into operational decision-

making, it is critical to determine both the data inputs and outputs 

of the model. Many data inputs have been used for modeling the 

pandemic so far. Most modeling inputs include positive COVID-19 

tests; unfortunately, testing volume can be strongly affected by 

regulatory changes in testing protocols and testing priorities.8,9 

KPMAS has experienced several significant changes to its testing 

policies in response to policy directives, test availability, and patient 

demand. These changes caused significant inconsistencies, which 

made testing an unreliable data source for modeling. Another 

popular alternative is COVID-19 deaths, because death data are 

less likely to undergo significant changes in data acquisition or 

record keeping; however, deaths are less frequent and data capture 

Continuously Updated Forecasting of  
SARS-CoV-2 in a Regional Health System
Tori J. Finch, MS; Alexander Crowell, MS; Mamta Bhatia, MS; Jose Martinez, BS; Kadin Caines, MPH; 
Fei Teng, MS; Eric Watson, BS; and Michael Horberg, MD, MAS

ABSTRACT

OBJECTIVES: To build a model of local hospital utilization 
resulting from SARS-CoV-2 and to continuously update it 
with new data.

STUDY DESIGN: Retrospective analysis of real 
performance resulting from a model deployed in a major 
regional health system.

METHODS: Using hospitalization data from the Kaiser 
Permanente Mid-Atlantic States integrated care system 
during the period from March 10, 2020, through December 
31, 2020, and a custom-developed genetic particle filtering 
algorithm, we modeled the SARS-CoV-2 outbreak in the 
mid-Atlantic region. This model produced weekly forecasts 
of COVID-19–related hospital admissions, which we 
then compared with actual hospital admissions over the 
same period.

RESULTS: We found that the model was able to accurately 
capture the data-generating process (weekly mean absolute 
percentage error, 10.0%-48.8%; Anderson-Darling P value 
of .97 when comparing percentiles of observed admissions 
with the uniform distribution) once the effects of social 
distancing could be accurately measured in mid-April. We 
also found that our estimates of key parameters, including 
the reproductive rate, were consistent with consensus 
literature estimates.

CONCLUSIONS: The genetic particle filtering algorithm that 
we have proposed is effective at modeling hospitalizations 
due to SARS-CoV-2. The methods used by our model can 
be reproduced by any major health care system for the 
purposes of resource planning, staffing, and population care 
management to create an effective forecasting regimen 
at scale.
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is significantly delayed. Ultimately, hospital 

admissions proved to be the most effective data 

input for our model because hospitalization 

rate was a robust indicator on which to base 

a modeling strategy.

Using a custom package that fits compart-

ment models on hospital admissions with 

a genetic particle filter, we have applied a 

reliable short-term forecasting framework 

that is currently used in KPMAS to assess and 

plan for the organization’s immediate needs.11 

The primary output of this forecasting methodology—hospital 

admissions—has been used to plan an effective response for 

resource and personnel management across the region. Our 

objectives were to create a simple framework for constructing 

short-term forecasts of SARS-CoV-2 hospital admissions, give a 

realistic view into the real-time results that can be obtained by 

this framework, and provide a detailed comparison of this model’s 

parameter estimates compared with the best estimates available 

in other literature sources.

METHODS
Setting

Kaiser Permanente is the largest not-for-profit integrated health 

system in the United States, serving 12.4 million members nationwide 

and more than 770,000 members in the Mid-Atlantic region, repre-

senting Southern Maryland, the District of Columbia, and Northern 

Virginia.12 KPMAS members are a racially and socioeconomically 

diverse population. The mean age of members is 47.7 years, and 

27.0% of members were 60 years or older as of March 1, 2020. A 

total of 53.9% of members were female.

Data

We included all members of the KPMAS health care system who had 

active membership as of February 7, 2020. We limited our analysis 

to adult members, defined in our analysis as having a birth date 

before March 1, 2002. This provided a total population of 613,268 

patients. We rounded this number to 615,000 for population 

modeling purposes, which constituted a change of 0.3% in the 

assumed population size.

When constructing our models, our primary fitting criterion was 

admission to a hospital with a COVID-19 diagnosis. To facilitate 

modeling, we extracted daily hospital admissions data for each 

day from March 10, 2020, through December 31, 2020. When 

identifying hospital admissions for modeling, we considered only 

the first hospital admission experienced by each patient; we did 

not consider readmissions as part of our daily admission counts. 

There is significant complexity when considering questions of 

readmissions, as including them would require the creation of 

several new compartments. This study was ruled exempt by the 

KPMAS Institutional Review Board.

Model Definition and Fitting
We employed an extension to the Susceptible-Exposed-Infectious-

Removed, or SEIR, framework that employed explicit compartments 

for hospitalization and quarantine. These compartments enabled 

us to fit the model using hospital admissions data with a long lag 

between infection and hospitalization. We fit our models using a 

custom implementation of a genetic particle filter. We fit our model 

each week starting on March 31 and concluding on December 22, 

2020 (the last date on which we would have a full week of valida-

tion data). Please refer to Table 1, which displays our selected 

prior distributions and compartment definitions. We offer a more 

detailed explanation of our model definition and fitting process 

in the eAppendix (available at ajmc.com).

Analytical Methods

We employed several metrics to assess model quality. We first compared 

the model’s predictions of cumulative hospital admissions over the 

forecast period with the observed admissions over the period and 

calculated the mean absolute percentage error (MAPE) over each of 

the individual forecast particles. In addition to calculating the MAPE, 

we considered a percentile-percentile plot of the percentiles of daily 

hospital admissions with reference to their forecast distributions. 

We also examined several other statistics, particularly the attack 

rate and parameter values estimated by our model. For each of 

these statistics, we examined the posterior distribution obtained 

by the fitting method by extracting all values of the given parameter 

from particles active by the end of our fitting period. We computed 

our model’s attack rate as the percentage of the population in any 

compartment other than susceptible (ie, all members who had ever 

been exposed). We computed the model’s effective reproductive rate 

(R
eff

) as the product of the contact rate (β), the inverse of the period 

of Infectiousness (1 / γ), and the Susceptible rate (S / N).

RESULTS
Hospital Admissions

During the period from March 10, 2020, through December 31, 2020, 

we observed a cumulative 4301 hospital admissions for SARS-CoV-2. 

Of these patients, 48.9% were female. The mean age of this group 

was 61.8 years, and 56.8% of patients admitted to the hospital for 

SARS-CoV-2 were 60 years or older at the time of the admission.

TAKEAWAY POINTS

 › We constructed a model of COVID-19 hospitalizations using a genetic particle filter to fit a 
modified Susceptible-Exposed-Infectious-Removed compartment model.

 › After 3 weeks of warm-up, our model reliably modeled the data-generating process leading 
to daily hospital admissions.

 › Samples of posterior distributions for key parameters and derived statistics, including attack 
rate, agreed with consensus estimates of these values.

 › Results from this model were used in real time to make decisions about resource allocation 
in a major regional health system.
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Forecast Accuracy
In the first 2 forecast periods (beginning on March 31 and April 

7), the forecast significantly overestimated hospital admissions 

(Figure 1). The median estimate for cumulative hospitalizations 

over the 2-week forecasting period was 2.61 times larger than 

the true admissions in the first week and 1.86 times larger in the 

second. Thereafter, however, forecasts improved (Figure 1). The 

true observed hospital admissions were within the 99% credible 

interval for every week thereafter except for the weeks of June 6 

and October 27, and the MAPE was consistently low (below 50% 

in all weeks after the first 2 forecasts) (Table 2 and eAppendix 

Figure 10). This was especially important at the beginning of the 

second and third waves, which began in late June and late October, 

respectively. Our model was able to quickly compensate for each 

change (Figure 1, Figure 2, and Figure 3).

Parameter Estimates

We examined the posterior distributions observed when forecasting 

for the final period on December 22. We found a median incubation 

period of 3.2 days and a median infectious period of 3.6 days. We also 

estimated that patients quarantined for a mean of 8.9 days before 

being hospitalized and that the hospitalization rate was 5.3%, with 

a credible interval from 5.3% to 5.4%. Our model yielded a median 

attack rate estimate of 13.9%, with a 95% credible interval from 

13.6% to 14.3%, by the final day of fitting on December 22, 2020.

We estimated that R
eff

 was very high (3.1) in late March; however, 

the introduction of social distancing measures quickly reduced this 

to below 1.0 by our model run on April 14. Except for the week of 

May 5, we estimated that R
eff

 remained below 1.0 until July. Our model 

estimated that R
eff

 remained above 1.0 for approximately 4 weeks in 

July (corresponding to the “second wave” reported in the media as 

social distancing guidelines were relaxed) before collapsing back 

below 1.0 until October. Finally, we estimated that R
eff

 was above 

1.0 for each forecast date from October 20 through the end of 2020, 

except for the week of November 10 (which yielded an estimate of 

0.96). Throughout this period, our estimate of R
eff

 varied between 

a median estimate of 1.04 (the final 2 forecasts of December) and 

1.30 (the week of November 24).

DISCUSSION
Model Contributions and Impacts

The methodology described here can be used by health care 

organizations to model the continuing outbreak of SARS-CoV-2 on 

their own populations. Such applications would require relatively 

minimal technical or modeling sophistication in comparison with 

alternative frameworks. We believe that this model framework 

could be useful for any health care system that needs to model the 

outbreak of SARS-CoV-2 in its population.

Model Impacts to Clinical Operations

The forecasts discussed in this paper have been used extensively 

by KPMAS to make decisions about resource allocation around the 

pandemic. Initially, our forecasts were used primarily to assess 

burndown rates of personal protective equipment and ensure 

that the system rationed this equipment effectively. In addition, 

TABLE 1. Extended SEIR Model Definitionsa

Parameter/
compartment Description Prior distribution/formula

Susceptible The population of patients who may get the disease –

Exposed
The population of patients exposed to the virus  

who are not yet infectious or symptomatic
–

Infectious The population of patients who are actively spreading the virus; may be symptomatic –

Quarantined
The population of patients who are quarantined;  

such patients may be physically infectious, but they are not actively mixing  
with the population. May be hospitalized at a later point

–

Hospitalized The population of patients who are hospitalized and will not require a ventilator –

Removed The population of patients who have either recovered or died without hospitalization –

β The transmission coefficient of infectious patients β ~ Gamma(1.3 / 0.03, 0.03)

γ Inverse of the mean time a patient is infectious γ ~ Gamma(0.3 / 0.01, 0.01)

α Inverse of the mean period of incubation α ~ Gamma(0.3 / 0.01, 0.01)

σ Inverse of the mean period of quarantine σ ~ Gamma(0.2  / 0.03, 0.03)

h The hospitalization rate h ~ Beta(9, 100)

I(t = 0) The starting population of the infectious compartment (mean: 5000) I0 ~ 615000*max (N(160, 20) / 1000000, 100 / 615000)

E(t = 0) The starting population of the exposed compartment (mean: 5000) E0 ~ 615000*max (N(160, 20) / 1000000, 100 / 615000)

S(t = 0) The starting population of the susceptible compartment (mean: 950,000) S0 = 615000 – I0 – E0

SEIR, Susceptible-Exposed-Infectious-Removed.
aTable 1 describes all compartments and parameters used in our modification to the SEIR model, along with the applicable formulae or prior distributions where 
applicable. Please note that all Gamma distributions used the k, θ parameterization of the Gamma distribution.
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clinical leadership was able to use our fore-

casts to determine hospital staffing needs and 

reschedule elective procedures when staff or 

bed availability was expected to run low.

Later in the pandemic, this forecast became 

a critical component of a secondary model that 

was used to forecast COVID-19–related sick leave 

among health care staff. These data were used 

in turn to plan allowable planned paid time off, 

overstaff in anticipation of callouts, and seek 

contract employees to fill predictable gaps as 

staff ran short.

Model Performance Over Time

Generally, after the first 2 weeks, our model fit 

well. However, our model failed to accurately 

model observed hospital admissions during 

our first 2 weeks of forecasts. These forecasts 

employ values for the contact rate (β) that are 

based on the first 2 weeks of modeling. These 

weeks predated strong local social distancing 

measures; thus, the primary basis for our esti-

mate of the reproductive rate did not sufficiently 

account for social distancing.13-16

This highlights a general risk for any backward-looking modeling 

framework. These models assume that future system dynamics are 

consistent with the most recent trends in the system, which may not 

be true. In this case, our model failed to account for the introduc-

tion of strict social distancing measures and nonpharmaceutical 

interventions, including school closures and restrictions on public 

gatherings, dining, and more.14-16 We observed similar results in our 

forecasts at the beginning of the second wave in late June and of 

the third wave in October.

In each of these cases, we noticed that our forecasts tended to 

equalize within 1 to 2 weeks of obtaining data under the new condi-

tions. Our forecasts on June 30, 2020, underestimated hospitalizations 

by 48.8%; however, our forecasts were much better the following 

week, when we obtained a MAPE of only 23.0% (Figure 2). Our 

results in the third wave mirrored this trend, when we obtained a 

MAPE of 47.1% in the week following October 27, but this dropped 

to only 14.5% in the week following November 3, 2020 (Figure 3).

Overall, once the system reached an approximate steady state 

in mid-April, our forecasts were predictive (Figures 1 through 3, 

Table 2, and eAppendix Figures 11 through 19).

Holiday Effects on Model Performance

We can also examine the effects of holidays on the quality of our 

forecasts. For this analysis, we take the holidays, as recognized 

by the US federal government, of Memorial Day (May 25, 2020), 

Independence Day (July 4, 2020), Labor Day (September 7, 2020), 

Columbus Day (October 12, 2020), Veterans Day (November 11, 

2020), Thanksgiving Day (November 26, 2020), and Christmas Day 

(December 25, 2020). Our forecast did not consistently over- or 

underestimate hospital admissions during the weeks in which each 

of these federal holidays occurred (Table 2). Three of these weeks 

were overestimated by the model, and 4 were underestimated.

Parameter Estimates

In addition to producing high-quality forecasts, our model produced 

a set of posterior distributions for a variety of parameters of interest. 

These distributions agreed well with the prevailing literature in 

almost all cases, although our initial value of R
eff

 (active during 

the first week of training) may have been too large.17-25 This is 

likely because the system was underdetermined early in the fitting 

process. Despite this, it should be noted that estimates of the fully 

uncontrolled R
eff

 vary widely, and our value was well below estimates 

for regions like New York City.26,27

Our values for the controlled (with social distancing) reproduc-

tive rate, however, were far closer to the literature consensus.19,20,23 

After our forecast dated April 7, we found that this rate varied by 

week. Generally, we found that the rate remained within bounds 

of approximately 0.7 and 1.0 during periods of extended retraction, 

but it surged into the 1.0 to 1.3 range during the second and third 

waves (Table 2). In comparison, other researchers estimated state-

level reproductive rates to be approximately 1.2 (1.1-1.3) during the 

second wave in early July.17 

When examining the clinical meaning of compartment models, we 

acknowledge that there is no strict, one-to-one adherence between 

the compartments with clinical values. With this caveat in mind, it 

is informative to examine how our estimates compare with clinical 

FIGURE 1. Weekly Forecast of Cumulative Hospital Admissions, April 2020a

KPMAS, Kaiser Permanente Mid-Atlantic States.
aFigure 1 displays the actual (dark blue) and forecast 95% credible interval (light blue) of cumulative 
hospital admissions for the month of April 2020. Note that forecasts for the first 2 weeks predicted signifi-
cantly more hospital admissions than were realized; however, the forecast quality increased significantly 
by the third week.
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values derived from the literature. Observation of individuals has 

indicated that the typical period between exposure and symptom 

onset is approximately 6.4 days.28 Furthermore, individuals may 

begin viral shedding for 1 to 3 days prior to becoming symptomatic, 

and viral load appears to peak within the first week of symptoms.29-31 

In comparison, our model indicated that exposed individuals may 

take a mean of 3.2 days to become infectious, and they may remain 

infectious for a mean of 3.6 days.

We estimated the period between self-quarantine and hospitaliza-

tion to be approximately 8.6 days on average. This value has been 

estimated by various other studies to be anywhere from 5.0 days to 

11.0 days.25,32,33 Also, other studies, including randomized controlled 

trials of patients with COVID-19 that began tracking shortly after 

infection, found a variety of hospitalization rates from 3.2% to 7.1% 

in their control groups.34-37 Our own estimate of 5.3% was largely 

consistent with these other estimates.

One outcome of great interest is the current attack rate of the 

virus, which is often detected using serology or antibody testing. 

Although there were few publicly available seroprevalence studies 

dating from the end of 2020 at the time of this writing, Bajema et al 

estimated seroprevalence of COVID-19 in Maryland at approximately 

10.2%, in the District of Columbia at 6.5%, and in Virginia at 3.2% 

using samples taken from September 7 through September 24, 

2020.38 When weighted by the membership distribution in each 

jurisdiction, this indicates a serological estimate of 7.5%, although 

KPMAS’s Virginia membership is primarily concentrated in Northern 

Virginia (and may therefore be underestimated by this measure). 

Our model forecast dated September 15, 2020, estimated an attack 

rate of 9.1%, with a 95% credible interval of 8.7% to 9.4%. We feel 

that this indicates broad agreement between the 2 measures, 

because subsequent studies have found that seroprevalence was 

significantly higher in Northern Virginia than in the state overall 

and because seroprevalence can underestimate overall attack rate 

because of rapid decay in antibody rates.39-41

Limitations

The chief limitation to the system that we have proposed is its 

reliance upon historical data and the inability to incorporate real-

time information to update its R
eff

. In practice, we demonstrated 

that the model may take up to 3 weeks to incorporate such changes 

into its forecasts.

We suggest that any organization using this model incorporate 

institutional and real-world knowledge into the forecasting frame-

work provided. To do this, such organizations need only add new 

transitions in the system contact rate at relevant times. For instance, 

we might add a break point within the last 3 weeks of fitting if the 

local region had reopened schools or relaxed social distancing 

measures. This limitation, although important, is universal to any 

retrospective model and should be considered as a limitation upon 

data-based forecasting efforts in general.

The models described in this study are also limited by the data 

available to us. We have employed only the membership of the 

TABLE 2. Error Rates for Weekly Cumulative Hospital Admissionsa

Forecasting weeks

MAPE 
over all 

forecasts 
(%)

Percentile of observed 
hospitalizations in 

forecast distribution 
(%)

March 31-April 6, 2020 374.6 N/Ab

April 7-April 13, 2020 64.1 N/Ab

April 14-April 20, 2020 15.7 25.6

April 21-April 27, 2020 19.5 94.3

April 28-May 4, 2020 21.7 96.1

May 5-May 11, 2020 27.1 2.4

May 12-May 18, 2020 11.8 31.4

May 19-May 25, 2020 16.1 11.5

May 26-June 1, 2020 37.2 6.3

June 2-June 8, 2020 13.2 72.6

June 9-June 15, 2020 12.7 43.1

June 16-June 22, 2020 39.1 5.2

June 23-June 29, 2020 16.6 43.4

June 30-July 6, 2020 48.8 99.9

July 7-July 13, 2020 23.0 41.6

July 14-July 20, 2020 21.3 71.9

July 21-July 27, 2020 22.6 69.9

July 28-August 3, 2020 33.9 11.1

August 4-August 10, 2020 24.7 36.2

August 11-August 17, 2020 17.8 31.7

August 18-August 24, 2020 16.9 63.8

August 25-August 31, 2020 15.0 45.2

September 1-September 7, 2020 20.0 78.6

September 8-September 14, 2020 28.0 39.3

September 15-September 21, 2020 22.3 59.2

September 22-September 28, 2020 15.1 66.1

September 29-October 5, 2020 47.1 19.7

October 6-October 12, 2020 35.6 98.0

October 13-October 19, 2020 27.7 84.3

October 20-October 26, 2020 16.1 76.9

October 27-November 2, 2020 47.1 8.3

November 3-November 9, 2020 14.5 59.2

November 10-November 16, 2020 41.0 99.9

November 17-November 23, 2020 17.8 65.6

November 24-November 30, 2020 21.7 11.8

December 1-December 7, 2020 15.3 60.2

December 8-December 14, 2020 11.1 33.9

December 15-December 21, 2020 10.0 48.0

December 22-December 28, 2020 17.6 14.5

MAPE, mean absolute percentage error; N/A, not applicable.
aTable 2 demonstrates the forecasting accuracy of our model on cumulative 
weekly hospital admissions. For each week, we measured the MAPE over all 
forecast simulations and the percentile of the observed hospitalizations within 
the distribution of forecast simulations. The dates for each week refer to the 
period over which data were collected for the comparison. Each forecast was 
generated at the beginning of the relevant forecast period. From these data, 
it is apparent that there was significant improvement in model performance 
after the first 2 weeks. 
bCould not be computed because all forecasts were overestimates.
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KPMAS health care system for modeling. We 

assume that our population is representative 

of the mid-Atlantic region.

Conversely, our model assumes that the entire 

KPMAS membership is part of a single population 

for modeling purposes, which implies perfect 

social mixing. This assumption is not true 

because the members are spread over a wide 

geographic region. However, we did see that 

the model was able to effectively overcome this 

limitation. Our early (unpublished) experiments 

on subpopulations indicated that there was no 

forecasting accuracy to be gained by modeling 

these groups individually. In general, we strongly 

recommend that any users attempting to use this 

framework on a diverse population investigate 

whether the framework is more effective when 

applied to each subpopulation.

CONCLUSIONS
Using a genetic particle filtering methodology, 

we constructed a weekly rolling forecast of 

hospital admissions. When conditions remained 

stable, we found that this methodology produced 

highly accurate forecasts of hospital admissions. 

Furthermore, our model produced convincing 

posterior distributions of several key variables 

of interest in the COVID-19 literature.

Beyond the contributions of this study’s 

specific methodology to the health care manage-

ment domain, we also have demonstrated 

the effectiveness of a new extension to the 

particle filter fitting technique—genetic particle 

filtering—on real data. To our knowledge, this 

constitutes the first use of this technique 

in a real-life epidemiological setting. When 

combined with our strong performance results, 

we believe that the advantages of this method-

ology (conceptual simplicity and computational 

efficiency) imply that it should be explored 

further in the epidemiological literature. n
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FIGURE 2. Weekly Forecast of Cumulative Hospital Admissions, July 2020a

FIGURE 3. Weekly Forecast of Cumulative Hospital Admissions, November 2020a

KPMAS, Kaiser Permanente Mid-Atlantic States.
aFigure 2 displays the actual (dark blue) and forecast 95% credible interval (light blue) of cumulative 
hospital admissions for the month of July 2020. Hospital admissions experienced a significant and unex-
pected uptick at the beginning of the month; however, the model was able to adapt quickly, and hospital 
admissions landed within the credible interval during future weeks.

KPMAS, Kaiser Permanente Mid-Atlantic States.
aFigure 3 displays the actual (dark blue) and forecast 95% credible interval (light blue) of cumulative 
hospital admissions for the month of November 2020. This figure captures the most significant uptick in 
hospital admissions during the winter 2020 surge. Weekly forecasts displayed some uncertainty as to the 
magnitude of the surge, but realized admissions remained within expected bounds overall.
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Supplement – Model Definition 

Our forecasting methodology employed a Genetic Particle Filter (GPF), which we applied to a 

modified SEIR compartment model.  In this supplement, we will review the construction of both 

the SEIR model and our GPF algorithm, along with our reasoning for using this method. 

Compartment Models 

Compartment models are an epidemiological tool for forward simulation of disease spread.  

Members of a population are assigned to a collection of compartments, each of which indicates a 

distinct step in an individual patient’s disease course.  Traditionally, these compartments are 

Susceptible (not yet infected), Exposed (exposed, but not yet capable of spreading the disease to 

others), Infectious (impacted by the disease and capable of spreading it to other members of the 

population), and Removed (no longer capable of infecting others or being infected, typically due 

either to death or because of acquired immunity).   

This model can be used to simulate disease spread using a series of Differential Equations.  

Members of the population move through each compartment according to either the static 

governing equations or a value drawn from a generating distribution.  Typically, members of the 

Infectious compartment have the potential to expose others, expressed by moving patients from 

the Susceptible compartment into the Exposed.  Transition between the other compartments is 

governed by a static or memoryless random transition process (such as a Poisson process). 

  



Modified SEIR Model 

 

 

Distinct diseases may also be modeled with modified versions of this framework.  One popular 

extension is to allow members to transition from the Infectious compartment back to the 

Susceptible compartment (to reflect diseases in which acquired immunity is fleeting).  In our 

review of the literature on modeling SARS COV-2, we found that most infectious spread occurs 

in the pre-symptomatic stages or in the early symptomatic stages at the beginning of a patient’s 

infection ; however, patients could frequently spend relatively long periods between becoming 

symptomatic and requiring a hospitalization.1  This prompted us to incorporate an additional 

Quarantined compartment, which would represent this period between a patient having the 

potential to spread the virus and hospitalization or recovery. 

In addition, we also incorporated a ‘split’; members of the Quarantined compartment can 

transition to either a Hospitalized compartment or to a regular Removed compartment.  In our 

model, the Hospitalized compartment represents a patient that has been removed from the 

population with a hospitalization, and we do not model internal hospital dynamics.  Therefore, 

the population of the Hospitalization compartment includes all patients that have ever been 

hospitalized due to SARS COV-2.  We decided not to explicitly model internal hospital 

dynamics because these dynamics were not likely to impact the rest of the model (since 

hospitalized patients were strictly quarantined and infection rates in our healthcare staff were 



low) and our primary output was hospital admissions.  It is possible to construct a separate model 

of hospital, Emergent Care, and Intensive Care dynamics using a simulation that takes entrants 

into the Hospitalized compartment as inputs. 

Please note that, in constructing the transitions from the Quarantined compartment into either the 

Hospitalized or Removed compartments, we employ a single transition rate (σ), along with a 

hospitalization rate (h).   An alternative construction of this model could use two rates (σ! and 

σ"). Because we used a Poisson process to model outflows from this compartment and we split 

these flows according to a Binomial distribution with h as our proportion of hospitalizations, 

these two model descriptions are identifiable.  To verify this, it is only necessary to note that the 

sum of two independent Poisson processes is itself a Poisson process, and the distribution of a 

Poisson variate conditioned upon its sum with an independent Poisson variate is Binomial.2  Our 

parameterization was advantageous because we were more confident in our prior belief regarding 

the hospitalization rate h than we were in either of the outflow rates we could have modeled 

otherwise (σ! and σ"). 

During forward simulation, we employed a Poisson process to model transitions between 

compartments.  We chose this process as our modeling framework because the Poisson process 

is memoryless, meaning that we would not have to account for the time any individual member 

of the population spent in any given compartment.  This is a generalization to the static rate 

incorporated by deterministic compartment models, which is also necessarily memoryless. 

 
  



Genetic Particle Filter 

To fit our models, we wrote a Genetic Particle Filtering algorithm in the Python programming 

language.  The Particle Filtering (PF) approach is a Bayesian model fitting methodology that 

allows for online learning, which was a strong advantage for a model which would have to be run 

many times, incorporating slightly more data each time. 

Traditional PF models incorporate a simulate-and-eliminate method of fitting.  The model begins 

by constructing many sets of parameters and starting conditions (each called a ‘particle’).  Then, 

the model simulates each particle according to some dynamic rules for a set period (such as the 

stochastic numerical integration we described above).  Then, each particle is evaluated by 

comparing its outputs with the outputs obtained by the data.  If enough particles are sufficiently 

unlikely, the whole body of particles is resampled (with replacement) according to the relative 

likelihood of each model to produce the data. 

Some authors incorporate slight alterations to this framework.  For example, Li, et al. eliminated 

the resampling step to instead use a genetic algorithm.  In the genetic algorithm, particles with low 

likelihood are altered to look more like higher-quality particles.  We employed a simplified version 

of the algorithm described by Li, et al. wherein we omit the mutation step.3  Our algorithm follows. 

1. For n = 1 : N, do 

a. Draw an initial set of parameters  

𝜌#,%	~	𝑃𝑟𝑖𝑜𝑟(𝜌#,%	) 

b. Draw an initial set of state estimates 

𝑋#,%	~	𝑃𝑟𝑖𝑜𝑟(𝑋#,%	) 

c. Set the initial weight of each sample to an arbitrary constant (𝑤#,%	 =
'
(

). 

d. Set the initial time 𝑡 = 0. 



2. For each daily observation with date 𝑡' and number of hospitalizations 𝑌)!, do 

a. For n = 1 : N do 

i. While 𝑡 < 	 𝑡' do 

1. If a parameter resampling point has been reached, resample that 

parameter from its new prior. 

𝜌),%	~	𝑃𝑟𝑖𝑜𝑟(𝜌),%	) 

 

2. Forward simulate by 1 time-step (𝑑𝑡 using stochastic system 

dynamics (as described above). 

3. Set 𝑡 = 𝑡 + 𝑑𝑡 

ii. Calculate the probability of obtaining the observed number of 

hospitalizations from the simulated outflows from the Infected 

compartment and update the particle weights. 

𝑤),%4 =	𝑤)*',% ∗ (𝐵(𝑌)|𝐻) − 𝐻)*', ℎ%) + 0.0001) 

Where 𝐵(𝑌|𝑁, 𝑝) represents the Binomial Probability Mass Function 

(PMF) of observing 𝑌 successes, given a total population size 𝑁 and success 

probability 𝑝. 

Note that we add a small constant offset to prevent numerical overflow 

errors when probabilities are vanishingly small. 

iii. Normalize weights for all samples. 

𝑤),% =	
𝑤),%4

∑ 𝑤),%4%
 

 

iv. Calculate the effective sample size 



𝑆+,, =	B
1

𝑤),%-%

 

b. If 𝑆+,, < 𝑆./% do 

i. Select the top 𝐹𝑙𝑜𝑜𝑟(𝑆+,,) samples by weight 𝑤),%; label this as set 𝐴 

ii. Select all samples that are not part of set 𝐴; label this as set 𝐵 

iii. For i in 1 ∶ (𝑁 − 𝐹𝑙𝑜𝑜𝑟G𝑆+,,H) do 

1. Randomly select a particle 𝑝0 from set 𝐴 uniformly 

2. Randomly select a particle 𝑝1 from set 𝐵 uniformly 

3. Calculate 𝑏 =
2"#

2"#32"$
 

4. Create a new particle 𝑝%+2; for each parameter or value 𝑥%+2, set 

𝑥%+2 = 𝑏 ∗ 𝑥0 + (1 − 𝑏) ∗ 𝑥1 

iv. Add the new particle 𝑝%+2to particle set 𝐶 

c. Combine particle sets 𝐴 and 𝐶 to create a final set of particles to continue 

modeling 

Hyperparameters and Model Fitting 

We used 20,000 particles to fit our models.  We used an effective sample size of 12,000 as our cut-

off to genetically re-sample particles.  Each week, we resampled the contact rate (𝛽) from the prior 

Γ(43.3,0.03).  Because our initial experimentation demonstrated that it took approximately three 

weeks for the contact rate parameter to converge, we skipped the resampling step for the two weeks 

prior to producing each forecast. 



Weekly Fitting Process 

We employed a rolling fitting procedure that produced forecasts on a weekly basis.  We observed 

our first COVID-19-related hospitalization on March 17th, 2020 and elected to begin our training 

period one week before that date.  Based on simulations and experimenting with fitting quality, 

we found that it took approximately three weeks for our model to accurately capture system 

dynamics.  Based on this information, we decided to ‘freeze’ the contact rate (𝛽) three weeks prior 

to our forecasting date but employed weekly resampling of this parameter prior to that time.  This 

led us to the following process: 

1. Sample all parameters and starting values on March 10th, 2020 and create our first model 

checkpoint 

2. On every 7th day (one week) until the end of the experimental period: 

a. Recover the previous model checkpoint 

b. Run particle filter daily for 7 days 

c. Create a new model checkpoint 

d. Run particle filter daily for another 14 days (brings us to the date of the forecast) 

e. Construct a forecast of the following two weeks using forward simulation with the 

latest parameters 

We ran this process for 39 weeks, starting from March 31st, 2020 (three weeks from the beginning 

of our training data) through December 22nd, 2020. 

Parameter Estimation 

To obtain estimates for a model parameter or other outcome measure (such as attack rate), we 

examined the posterior distribution obtained by the fitting method by extracting all values of the 



given parameter from particles active by the end of our fitting period or the indicated fitting week.   

We computed our model’s attack rate as the percentage of the population in any compartment other 

than Susceptible (i.e. all members that had ever been Exposed).  We computed the model’s 

effective reproductive rate (𝑅+,,) as the product of the contact rate (𝛽), the inverse of the period 

of Infectiousness ('
4
), and the Susceptible rate (5

(
). 
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Supplementary Results 

 eAppendix Figure 1. Weekly Hospital Admission Forecasts 



   

   

   

   

   

   

   



 
eAppendix Figure 1 displays the weekly hospital admissions (orange), along with our forecasts 
over the same period and the 95% Credible Interval.  The red line indicates the final date of 
training data available for fitting. 
 
  

   

   

   

   

   

   



eAppendix Figure 2. Final Posterior Distribution Estimate of Alpha 

 
eAppendix Figure 2 displays the final posterior distribution of alpha (the inverse of the 
incubation period) estimated using all our fitting data.  This median estimate of this parameter 
corresponded to an average incubation period of 3.2 days. 



eAppendix Figure 3. Final Posterior Distribution Estimate of Gamma 

 
 
eAppendix Figure 3 displays the final posterior distribution of gamma (the inverse of the 
infectious period) estimated using all our fitting data.  This median estimate of this parameter 
corresponded to an average infectious period of 3.6 days. 
  



eAppendix Figure 4. Final Posterior Distribution Estimate of Sigma 

 
eAppendix Figure 4 displays the final posterior distribution of sigma (the inverse of the 
quarantine period) estimated using all our fitting data.  This median estimate of this parameter 
corresponded to an average infectious period of 8.9 days. 
  



eAppendix Figure 5. Final Posterior Distribution Estimate of COVID Hospitalization Rate 

 
eAppendix Figure 5 displays the final posterior distribution of the hospitalization rate estimated 
using all our fitting data.  This median estimate of this parameter corresponded to a 
hospitalization rate of 5.34%. 
 
  



eAppendix Figure 6: Effective Reproductive Rate by Week 

 
eAppendix Figure 6 displays the median estimate and 95% Credible Interval of the effective 
reproductive rate (𝑅+,,).  The posterior estimates used for this figure were taken from the active 
model on the given date, using all of the fitting data to that point.  The reproductive rate started 
very high in the middle of March, but quickly decreased to approximately 1 by the middle of 
April.  We observed two periods where the effective reproductive rate increased to above 1.0 for 
extended periods; in July 2020  (the ‘second wave’) and again in late October through the end of 
the year (the ‘third wave’). 
  



eAppendix Figure 7. Posterior Distribution of Cumulative Attack Rate by December 22nd, 2020 

 
eAppendix Figure 7 posterior distribution of our cumulative attack rate by the end of the fitting 
period (December 22nd, 2020).  The cumulative attack rate here refers to the percentage of 
individuals that were no longer in the Susceptible population by the relevant date.  The median 
estimate from this distribution was 13.9%. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  



eAppendix Figure 8: Hospital Admissions Forecast P-P Plot 

 
eAppendix Figure 8 displays the Percentile-Percentile (P-P) plot.  We construct the observed 
percentiles by obtaining the percentile of each week’s hospital admissions data in the bootstrap 
probability distribution of that same week’s most recent forecast.  If this distribution closely 
resembles the uniform distribution (the orange line), then we would say that our forecast closely 
resembles the generating distribution.  In this case, we note that there is a concentration of 
observations in which the true value is a very low (or 0th) percentile, indicating that our 
forecasts tended to overestimate future hospitalizations.  This was largely attributable to the 
significant overestimates obtained in the first two weeks of forecasting. 
 
  



eAppendix Figure 9: Hospital Admissions Forecast P-P Plot (excluding First Two Weeks) 

 
eAppendix Figure 9 displays the Percentile-Percentile (P-P) plot of weekly forecasts.  We 
construct the observed percentiles by obtaining the percentile of each week’s cumulative hospital 
admissions data in the bootstrap probability distribution in the prior week’s forecast.  If this 
distribution closely resembles the uniform distribution (the orange line), then we would say that 
our forecast closely resembles the generating distribution.  In this example, we note that the 
observed distribution is very close to the theoretical distribution, indicating that our model did 
not have a consistent tendency to over- or under-estimate weekly hospitalizations and estimates 
of variance appear to be well-calibrated in aggregate.  
  



eAppendix Figure 10: Histogram  of Weekly MAPE (%) (Excluding March 31st) 

 
eAppendix Figure 10 displays a histogram of our realized MAPE from each week as compared 
to the prior week’s forecast distribution of cumulative hospitalizations.  Note that we exclude the 
forecast dated March 31st, 2020 because it skews the scale of the histogram.  For the remaining 
forecast dates, we calculate the MAPE as the mean absolute error of cumulative hospitalizations 
over all forecast simulations for the week.  Calculated this way, MAPE was less than 20% in 18 
of the 39 forecast weeks and less than 50% in 37 of those weeks. 
 
 
 
 
 
 
 
 
 
 
 
  



eAppendix Figure 11: Weekly Forecast of Cumulative Hospital Admissions, April 2020 
 

 
eAppendix Figure 11 displays the actual (orange) and forecast 95% Credible Interval (blue) of 
cumulative Hospital Admissions for the month of April 2020.  Note that forecasts for the first two 
weeks predicted significantly more hospital admissions than were realized; however, the forecast 
quality increased significantly by the third week. 
  



eAppendix Figure 12: Weekly Forecast of Cumulative Hospital Admissions, May 2020 
 

 
eAppendix Figure 12 displays the actual (orange) and forecast 95% Credible Interval (blue) of 
cumulative Hospital Admissions for the month of May 2020. 
  



eAppendix Figure 13: Weekly Forecast of Cumulative Hospital Admissions, June 2020 
 

 
eAppendix Figure 13 displays the actual (orange) and forecast 95% Credible Interval (blue) of 
cumulative Hospital Admissions for the month of June 2020.  Hospital admissions tapered 
during the beginning of the month, but they experienced an unexpected uptick at the beginning of 
July (the final week in this period). 
  



eAppendix Figure 14: Weekly Forecast of Cumulative Hospital Admissions, July 2020 
 

 
eAppendix Figure 14 displays the actual (orange) and forecast 95% Credible Interval (blue) of 
cumulative Hospital Admissions for the month of July 2020.  Hospital admissions experienced a 
significant and unexpected uptick at the beginning of the month; however, the model was able to 
adapt quickly, and hospital admissions landed within the credible interval during future weeks. 
  



eAppendix Figure 15: Weekly Forecast of Cumulative Hospital Admissions, August 2020 
 

 
eAppendix Figure 15 displays the actual (orange) and forecast 95% Credible Interval (blue) of 
cumulative Hospital Admissions for the month of August 2020.  Hospital admissions slowed 
during this period and the model’s Credible Interval decreased in size, indicating greater 
confidence. 
  



eAppendix Figure 16: Weekly Forecast of Cumulative Hospital Admissions, September 2020 
 

 
eAppendix Figure 16 displays the actual (orange) and forecast 95% Credible Interval (blue) of 
cumulative Hospital Admissions for the month of September 2020.  There were no significant 
changes in system dynamics during this period relative to the prior month. 
  



eAppendix Figure 17: Weekly Forecast of Cumulative Hospital Admissions, October 2020 
 

 
eAppendix Figure 17 displays the actual (orange) and forecast 95% Credible Interval (blue) of 
cumulative Hospital Admissions for the month of October 2020.  Hospital admissions slowly 
began to increase in volume over the course of the month and the model kept pace with these 
increases. 
  



eAppendix Figure 18: Weekly Forecast of Cumulative Hospital Admissions, November 2020 
 

 
eAppendix Figure 18 displays the actual (orange) and forecast 95% Credible Interval (blue) of 
cumulative Hospital Admissions for the month of November 2020.  This Figure captures the most 
significant uptick in hospital admissions during the Winter 2020 surge.  Weekly forecasts 
displayed some uncertainty as to the magnitude of the surge, but realized admissions remained 
within expected bounds overall. 
  



eAppendix Figure 19: Weekly Forecast of Cumulative Hospital Admissions, December 2020 
 

 
eAppendix Figure 19 displays the actual (orange) and forecast 95% Credible Interval (blue) of 
cumulative Hospital Admissions for the month of December 2020.  Admissions accelerated 
during this month but remained within forecast limits.  



eAppendix Table 1: XXXXX Population by Race 
 
 

eAppendix Table 1 describes the share of hospital admissions experienced by different racial 
communities in the XXXXX region in comparison to the size of these communities.  We found that 
the African American and Hispanic communities experienced significantly higher hospital 
admissions due to SARS-CoV-2 than did the White community, relative to the communities’ 
respective sizes.  This tendency reflects a national trend for SARS-CoV-2 to have an outsized 
impact on underprivileged communities. 
 
  

Race Share of XXXXX Population (%) Share of SARS-CoV-2 
Hospital Admissions (%) 

Black/African American 36.3 48.9 

Hispanic/Latino 11.7 21.7 

White 27.2 18.4 

Other/Unknown 24.8 11.0 



eAppendix Table 2: Weekly Estimate of Most Recent Effective Reproductive Rate 

Forecast Date Modeled Effective Reproductive Rate 

3/31/2020 3.078221 

4/7/2020 1.208857 

4/14/2020 0.860239 

4/21/2020 0.760732 

4/28/2020 0.897348 
5/5/2020 1.084143 
5/12/2020 0.942217 
5/19/2020 0.817318 
5/26/2020 0.8703 
6/2/2020 0.749999 
6/9/2020 0.782632 
6/16/2020 0.828729 
6/23/2020 0.678058 
6/30/2020 0.737748 
7/7/2020 1.073609 
7/14/2020 1.038559 
7/21/2020 1.065016 
7/28/2020 1.115466 
8/4/2020 0.977562 
8/11/2020 0.903047 
8/18/2020 0.844067 
8/25/2020 0.87115 
9/1/2020 0.888358 
9/8/2020 0.990041 
9/15/2020 0.901216 
9/22/2020 0.996268 
9/29/2020 0.935294 
10/6/2020 0.86775 
10/13/2020 0.991077 
10/20/2020 1.147826 
10/27/2020 1.188287 
11/3/2020 1.070405 
11/10/2020 0.960245 
11/17/2020 1.174237 
11/24/2020 1.298769 
12/1/2020 1.102536 
12/8/2020 1.133221 
12/15/2020 1.035665 
12/22/2020 1.033415 



eAppendix Table 2 displays the model’s estimate of the active effective reproductive rate for each 
forecast date in the study period.  Note that this rate is only above 1.0 consistently during the 
initial outbreak of the pandemic, during July (the ‘second wave’) and during the final two 
months of 2020 (the ‘third wave’).  Even then, the effective reproductive rate is frequently still 
controlled (the maximum after the first week is only 1.3), indicating that social distancing and 
other control measures were likely quite effective at keeping the rate of spread relatively low 
compared to the uncontrolled rate observed before the implementation of any social distancing 
measures (in March, 2020). 
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