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Abstract

The implementation of non-pharmaceutical public health interventions can have simulta-

neous impacts on pathogen transmission rates as well as host mobility rates. For instance,

with SARS-CoV-2, masking can influence host-to-host transmission, while stay-at-home

orders can influence mobility. Importantly, variations in transmission rates and mobility pat-

terns can influence pathogen-induced hospitalization rates. This poses a significant chal-

lenge for the use of mathematical models of disease dynamics in forecasting the spread of a

pathogen; to create accurate forecasts in spatial models of disease spread, we must simul-

taneously account for time-varying rates of transmission and host movement. In this study,

we develop a statistical model-fitting algorithm to estimate dynamic rates of SARS-CoV-2

transmission and host movement from geo-referenced hospitalization data. Using simulated

data sets, we then test whether our method can accurately estimate these time-varying

rates simultaneously, and how this accuracy is influenced by the spatial population struc-

ture. Our model-fitting method relies on a highly parallelized process of grid search and a

sliding window technique that allows us to estimate time-varying transmission rates with

high accuracy and precision, as well as movement rates with somewhat lower precision.

Estimated parameters also had lower precision in more rural data sets, due to lower hospi-

talization rates (i.e., these areas are less data-rich). This model-fitting routine could easily

be generalized to any stochastic, spatially-explicit modeling framework, offering a flexible

and efficient method to estimate time-varying parameters from geo-referenced data sets.

Introduction

In March 2020, the World Health Organization announced that the spread of SARS-CoV-2

virus–the etiological agent of COVID-19 –was officially a pandemic. Various preventive mea-

sures such as social distancing, wearing masks, and stay-at-home orders were recommended

to contain the outbreak throughout the pandemic, and studies have shown that some non-
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pharmaceutical public health interventions have been more effective than others [1, 2]. At

present, vaccinations play a major role in reducing the number of infectious individuals, seri-

ous illness, and deaths. Because implementation of prevention measures have varied across

space and time, SARS-CoV-2 transmission rates and human mobility rates have changed in

local regions throughout the pandemic. This poses a challenge to modeling studies that seek to

fit appropriate mathematical models of SARS-CoV-2 transmission to local data for the pur-

poses of hypothesis testing (e.g., evaluating effects of specific interventions) and near-term

forecasting (e.g., predicting hospitalization numbers).

As models of disease transmission have become more complex, e.g., spatially-explicit or

agent-based models, the challenges of parameterizing such models by fitting them to disease

surveillance data have increased as well [3]. In classic compartmental disease models that are

based on ordinary differential equations, such as the Susceptible-Infectious-Removed (SIR)

model, only one host population is considered and the pathogen transmission rate is constant

over time. However, these assumptions can be relaxed, such that transmission rates can fluctu-

ate over time (e.g., seasonal-forcing), and/or hosts can reside in distinct populations situated

within a geographic space that are connected by host movement (i.e., meta-population disease

models) [4, 5]. Spatially-explicit disease models that also allow for time-varying transmission

rates can be computationally expensive and pose a challenge for parameterization [6, 7]. For

example, various models of SARS-CoV-2 transmission have allowed transmission rates to

change over time in response to public health interventions [1, 8]. Other models are spatially

explicit, including spatial transmission rates (e.g., the probability of transmission between two

locations) or have allowed for human mobility rates to influence transmission between loca-

tions [5, 9]. A problem with these models, however, is that it is not well known whether they

can be fully parameterized: can we simultaneously estimate time-varying movement rates

between locations and time-varying transmission rates within populations, where both rates

can be influenced by different public health interventions? For instance, lock-downs can limit

travel between locations, and masking that can limit the effective contact rate between individ-

uals, and both of these interventions could ultimately impact the number of observed patho-

gen-related hospitalizations. Moreover, estimating time-varying rates in these models is

important not only for providing accurate short-term forecasts, but also for retroactively

assessing the quantitative effects of public health interventions or population-level behaviors

on observed disease rates.

In this study, we propose statistical methods to efficiently estimate time-varying transmis-

sion rates and host movement rates in a stochastic and spatially-explicit model of SARS-CoV-

2 transmission. There are many different methodologies for estimating static and dynamic

parameters of epidemiological models (e.g., transmission rates or other rates of transitions

between compartments, like recovery rates, etc.). Common parameter estimation routines

include projection algorithms, gradient algorithms, and algorithms based on least squares

[10]. More recently, Bayesian algorithms and particle filtration methods have been applied to

epidemiological problems [11–13]. These estimation algorithms and associated software help

epidemiologists understand the dominant drivers of disease transmission, allow for improved

forecasting with accurate parameter values, and allow for uncertainty quantification and the

propagation of uncertainty into model forecasts. An overview of different parameter estima-

tion methods with their advantages and drawbacks is given by Chou and Voit [14]. Many of

these model-fitting strategies, however, do not allow for time-varying parameters of mechanis-

tic models that have explicit spatial structure.

Here we propose using a grid search method, which is an optimization algorithm widely

used in machine learning [15, 16], combined with a dynamic programming approach, to effi-

ciently traverse a complicated parameter estimation problem. In grid search, a parameter
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space is defined, and the algorithm searches many possible combinations of the parameter val-

ues to optimize the fit of the model to the data. Dynamic programming is one of the most pow-

erful methods used to solve optimization related problems in mathematics and computer

science [17]. In this method, a complex problem is simplified by recursively breaking it down

into simpler sub-problems such that the larger problem is solved by solving individual sub-

problems. The sliding window technique [18, 19] is a fundamental technique of dynamic pro-

gramming that can be used to tackle optimization problems in which parameters of a model

might vary over time. With a sliding window, a sub-problem is defined over a portion of the

larger data set, effectively looking at multiple time-slices of the data set. The window is moved

over the entire data set while solving sub-problems within each window. This method is fre-

quently applied to solve simple problems including finding local maxima, running averages,

sums of sub-arrays, and is also used in more complicated problems involving complex strings

of characters [18, 20, 21].

Here we introduce a user-friendly method that combines grid search with the sliding win-

dow technique and discuss its time-efficient implementation on a high-performance comput-

ing cluster. We then use simulated case studies to the ability of our method simultaneously

estimate time-varying rates of transmission and host movement within a stochastic and spa-

tially-explicit model of SARS-CoV-2 and COVID-19 disease dynamics. Results show that our

method is able to provide robust parameter estimates, although ability to estimate some

parameters precisely is mediated by specific spatial characteristics of the meta-population of

interest.

Methods

Overview

We start with an epidemiological model that represents the transmission of SARS-CoV-2 and

the hospitalization dynamics related to COVID-19 disease, which we have described previ-

ously [22]. Briefly, the model is a set of differential equations that describes the flow of host

individuals from susceptible to infectious to recovered via immunity, with the potential for

serious illness to lead to hospitalization and mortality (Fig 1). This model version does not

Fig 1. COVID-19 meta-population model schematic. The intra-population model is solved concurrently in each sub-population

(node) of the meta-population. The state variables represent transition from Susceptible (S) to Exposed (E) to various Infectious classes

(I) (asymptomatic (a), pre-symptomatic (p), symptomatic (s), recovering at home (b), hospitalized (h), in the ICU (c1), in the ICU step-

down/recovery unit (c2)) to Recovery (R) or Death (D). Movement of susceptible and infectious host individuals can move the pathogen

among sub-populations, and the probability of movement between any two populations pi,j is described by a distance-based dispersal

kernel.

https://doi.org/10.1371/journal.pgph.0001058.g001

PLOS GLOBAL PUBLIC HEALTH Estimating time-varying parameters of disease models

PLOS Global Public Health | https://doi.org/10.1371/journal.pgph.0001058 September 15, 2022 3 / 15

https://doi.org/10.1371/journal.pgph.0001058.g001
https://doi.org/10.1371/journal.pgph.0001058


include vaccination, although the model could be extended in the future to include vaccination

or other current dynamics of COVID-19 (e.g., multiple viral strains). In the S1 Text, we show

the full model equations, provide definitions for the state variables and parameters, and show

our default parameter values used in the simulation study described herein (Tables A and B in

S1 Text).

The model is spatially-explicit, with host movement driving spatial transmission, so we

must consider the spatial characteristics of host populations in the fitting process to estimate

host movement rates. The model allows host movement rates and local transmission rates to

vary daily, although here we assume rates vary on a weekly basis. These time-varying rates help

account for non-pharmaceutical interventions and/or behavioral changes that influence host

movement between sub-populations and the probabilities of host-to-host transmission. Fur-

thermore, the model is stochastic, meaning that, in fitting the model to data, we need to

account for variability observed across stochastic realizations of the model. Upcoming sections

discuss these issues in more detail.

Spatial and temporal model dynamics

The model allows for spatial dynamics in which hosts move between discrete sub-populations.

Susceptible hosts in a sub-population can therefore get exposed to the pathogen by visiting a

different sub-population or by infectious hosts from different sub-populations who visit their

home sub-population. We denote the per-capita movement rate by m, which describes how

many susceptible and infectious hosts, on average, move between sub-populations per time

step. This rate is not explicitly shown in the intra-population model, but we use it in a Poisson

draw to determine how many individuals will move out of a given sub-population per time

step. After we determine how many individuals will move from each sub-population, we use

the following distance-based dispersal kernel to control the probability of movement from

population j to population i.

pi;j ¼
1

expðdi;j=�Þ
: ð1Þ

The value of ϕ modulates how strongly distance affects movement probabilities (e.g. the

extent to which the number of roadways or transport options overcome raw separation dis-

tance), and di,j is the Euclidean distance between populations i and j (Fig 1). We use the num-

ber of individuals that will move and these pi,j values in a multinomial random draw to

determine how many individuals will move between each sub-population pair per time step.

In the simulations that we present below, we fix the ϕ (i.e., we assume that it is a known param-

eter), but we estimate a time-varying per-capita movement rate mt. Future studies could

address how our fitting methods are capable of simultaneously estimating per-capita move-

ment rate and the parameter ϕ in real settings.

The model also allows for a time-varying local transmission rate, βt. Thus, both the host

movement rate mt and the local transmission rate βt can influence temporal patterns of

COVID-19 related hospitalizations, just as in real human populations in real geographic

regions. It is important to note that βt and mt do not vary per sub-population, although this

could be the case in future studies.

Although modeling time-variation of both local transmission and inter-population move-

ment rates has strong potential for increasing model acuity and sensitivity, it does introduce

potentially confounding causal impacts on model predictions. For instance, increasing the

local transmission rate and the regional movement rate may have similar effects on the

observed number of new hospitalizations per time. Therefore, we must validate whether these
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two parameters are sufficiently identifiable when fitting the model to geo-referenced surveil-

lance data. More broadly, our aim is to develop a generalizable new approach that can untangle

causality issues like this, while simultaneously estimating time-varying rates of transmission

and host movement from hospitalization data.

Model-fitting algorithm

Our model-fitting methods rely on grid search and a sliding window approach for estimating

time-varying transmission and movement rates, validated against geo-referenced data on new

hospitalizations per day. We chose to focus on hospitalization data because, from our experi-

ence, they tend to be more reliable than case data, which are subject to various biases including

spatially and temporally fluctuating sampling efforts. Briefly, our method relies on estimating

the time-varying parameters using time slices (i.e., a sliding window) of hospitalization data, to

account for the fact that changes in transmission rate or movement rate will have delayed

effects on the temporal trends in hospitalization. We also rely on high-performance comput-

ing, running many (thousands of) grid searches concurrently (i.e., in an embarrassingly paral-

lel process) to efficiently search a large parameter space (Fig 2).

To better illustrate our sliding-window approach, suppose that we are interested in fitting n
weeks of hospitalization data to estimate weekly-varying transmission rates βt, where t desig-

nates the week of interest. We start the grid search for the first (weekly) value (β0) based on the

first three weeks of hospitalization data (Fig 3). We chose a 21-day window-size because

COVID-19 disease dynamics show an approximately three-week delay between exposure to

SARS-CoV-2 and hospitalization due to COVID-19, i.e., any increase in transmission rate

now may not lead to increased hospitalizations for three weeks. The random grid search tests

many values of β0 across the parameter range. Each time we test a new parameter value, we re-

run the model many times and compare these stochastic realizations to the hospitalization

data using a likelihood method described below. We fix β0 to the best value found during that

particular search, and the 3-week sliding window is then advanced by one week. We then con-

duct a random grid search to find the second week-specific transmission rate (β1). In this case,

we would run the model spanning four weeks, fixing β0 to the best value estimated for the first

week of the model simulation, and inserting the new test value of β1 for the following weeks.

We continue this process, updating each weekly value of βt in succession until we reach the

final week of data. The full, step-wise algorithm is laid out in more detail in the S1 Text

(Table C in S1 Text).

In the interest of clarity, we have thus far left out a complicating detail in this example: we

estimate a value of both βt and mt in each sliding window (Fig 3). For each window, the process

randomly chooses βt or mt to work on first, while the other parameter is set to its value from

the previous window. Suppose βt is chosen first. The process randomly searches across the

range of possible βt, finds the best value, and then repeats a search for mt. Within each window,

this process is repeated multiple times, choosing which parameter is searched for first, such

that any confounding effects of βt and mt are disentangled. In this way, the model considers

the additive impacts of movement and transmission rates on observed hospitalization data in

each consecutive time window.

For each time window, the best parameter set (i.e., a value of mt and βt) is chosen by calcu-

lating a likelihood score that compares the stochastic, spatially-explicit model outputs to the

value of new daily hospitalizations observed in each sub-population. In this case, we compare

the model to these data using a Poisson likelihood, as the hospitalizations are count data.

Although we could use the negative binomial likelihood, using the Poisson was sufficient and

no over-dispersion was observed in the model outcomes.
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The model is stochastic, so the model is executed multiple times (i.e., for multiple realiza-

tions) every time a new parameter value is tested. For each stochastic realization, we output

the number of new hospitalizations per sub-population to construct a spatially-informed likeli-

hood that averages across the model realizations. Part of our challenge was understanding how

best to structure the likelihood equation to account for data coming from distinct sub-popula-

tions. We therefore tested two separate approaches: one that tests model performance against

each sub-population independently, and one that groups sub-populations based on the dis-

tance from the original epicenter sub-population (i.e., we seeded the pathogen into one epicen-

ter sub-population, and then allowed host movement to spread the pathogen regionally

between sub-populations). The reasoning for testing these two distinct likelihood approaches

is rooted in how we model host movement. Because host movement is stochastic and based on

pairwise distance, it is possible that the model-fitting routine would be unable to reliably

match new hospitalizations per sub-population. In other words, it is more likely that the

Fig 2. Implementation scheme of the grid search process on a high-performance computing cluster (HPC). On many CPUs

simultaneously, we randomly search through the parameter space, and each CPU outputs a single best parameter set (based on

likelihood calculations) that was discovered from its independent search process.

https://doi.org/10.1371/journal.pgph.0001058.g002
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model can capture–on average–how far the pathogen may move over time, but not necessarily

the exact sub-populations to which the pathogen will move per time step. More generally, the

pathogen is expected to move from the epicenter towards more distant sub-populations over

time, based on the dispersal kernel assumption, but this process is random.

Our first likelihood structure therefore treats each sub-population independently:

Li ¼
Xt̂

j¼t0

XP

k¼1

log� Poisson ðDataj;k;Modelj;kÞ ð2Þ

Here Li is the log-likelihood for one model realization, t0 is the start time, t̂ is the day upon

which the simulation ends (i.e., the end of the time window), and P is the number of sub-popu-

lations. Thus, Dataj,k is the number of new hospitalizations recorded in sub-population k on

day j. We then average the likelihood across the stochastic realizations:

�L ¼

PR
i¼1

Li

R
: ð3Þ

Here, �L is the average log-likelihood for a given parameter set, and R is the number of

model realizations that we simulate per parameter set.

The likelihood expressed in Eq 2 accounts for each sub-population individually. In other

words, the model keeps track of the number of daily hospitalizations per sub-population, and

the likelihood calculation compares the model’s output of hospitalization per sub-population

to the true value of hospitalization per sub-population from the data. Given the randomness of

host movement, as described above, we tested an alternative likelihood structure in which we

grouped sub-populations based on their radial distance from the known epicenter sub-popula-

tion (Fig A in S1 Text). In this case, we sum the number of hospitalizations across sub-popula-

tion groups:

Li ¼
Xt̂

j¼t0

XG

k¼1

log� Poisson
XPk

l¼1

Dataj;l;
XPk

l¼1

Modelj;l

 !

: ð4Þ

In Eq 4, G represents the number of sub-population groupings, and Pk represents the num-

ber of sub-populations in group k, such that l refers to the sub-populations in group k. Thus,

we sum the number of new hospitalizations on day j across all of the sub-populations in group

k. Here, we grouped populations based on a circular buffer of 50km (Fig A in S1 Text).

Overall, the grouped spatial likelihood structure (Eq 4) provided a superior fit, so we used it

for all analyses presented below. An explicit comparison between model fits when we used

likelihood Eq 2 (non-spatial) versus Eq 4 (spatial) is included in the S1 Text (Figs A-D in S1

Text). Future studies could however use either likelihood structure effectively.

Simulated data and analysis

Our overall goal was to test whether we could reliably estimate both a weekly-changing trans-

mission rate and human movement rate by fitting our spatial and stochastic model to spa-

tially-referenced hospitalization data. To conduct these tests under an idealized scenario, we

simulated hospitalization data with known model parameter values and then used our fitting

routine to determine if we could recover accurate estimates of these known parameters. We

Fig 3. Illustration of the sliding window method with grid search to estimate the transmission rate βt and the movement rate mt, concurrently

for n−2 weeks.

https://doi.org/10.1371/journal.pgph.0001058.g003
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simulate data from three different geographic region types: urban, suburban, and rural (Fig 4).

The urban area has sub-populations with larger numbers of individuals grouped within a

smaller geographical area (population size mean (range): 205,745 (448–3,252,452); total popu-

lation size: 4,732,148; spanning 8,413km2), whereas the rural area has sub-populations with

smaller numbers of individuals scattered across a larger spatial area (population size mean

(range): 2,190 (201–6,527); total population size: 72,292; spanning 9,778km2), with the subur-

ban area as an intermediate between the two (population size mean (range): 63,160 (496–

1,019,882); total population size: 1,136,887; spanning 6,968km2). The population sizes and spa-

tial distributions of these three regions were based off spatially shuffled population data from

three real counties in Arizona (Maricopa, Pima, and Apache). The sub-population locations

and population sizes were originally generated from a 1km2 global data set on population size

[23]. These 1km2 values were clustered to make larger sub-populations. Then, we shuffled the

latitude and longitudes of these sub-populations to randomize their locations. However, once

we shuffled the locations, we used the same spatial arrangement of sub-populations for all the

simulations of the disease model described below. Data on the locations and population sizes

of all sub-populations can be found in the GitHub repository.

We consider three situations for each of the three regions. First, we fix the weekly-varying,

per-capita movement rate mt to known values, while we estimate the weekly-varying transmis-

sion rate βt. Second, we fix βt while we attempt to estimate mt, and third, we attempt to esti-

mate both time-varying parameters concurrently. These three experimental conditions will

help us better understand the potential for untangling the impact of the two parameter values,

considering that both parameters could have similar effects on local hospitalization rates. We

imposed realistic patterns of βt from local COVID-19 data across Arizona, and for mt, we

assumed low initial movement (due to, for example stay-at-home orders), which then return

rather quickly to a “normal” baseline, which was a pattern seen across the USA [24, 25]. We fit

the model to the simulated data from each of the three region types separately, but using the

same parameter values and the same conditions in each grid search. We set the grid search

range of βt to [0.001,0.6] and range of mt to [0.0,0.08]. We simulated a total duration of 296

days starting from 03-01-2020 for the epidemic and we used a 3-week sliding window in the

fitting routine; we thus estimated parameter values for 40 weeks. We implemented the

Fig 4. Simulated regions with different population densities and spatial structures.

https://doi.org/10.1371/journal.pgph.0001058.g004
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algorithm on 5000 independent CPUs on a high-performance computing cluster, with 10 grid

searches and 20 realizations per week per CPU. Each CPU outputted a single best parameter

set from the overall search. From this global search, we used the best 200 parameter sets (based

on overall likelihood) to simulate the model and visualize model fit.

Results

In general, our model-fitting routine does a very good job of accurately recovering weekly-

varying values of the transmission rate βt, regardless of whether the movement rate mt is

known (fixed) or simultaneously estimated (Figs 5–7). Additionally, in all scenarios, the

model-fitting routine showed a high match between the model-estimated hospitalization

dynamics and the actual (simulated) data. There was less precision in our method’s estimation

of mt, regardless of whether βt was fixed to known values or estimated simultaneously. While

the average tendency tended to match the correct pattern of mt when βt was fixed, there was

lower precision of mt when both rates were estimated simultaneously. Interestingly, we can see

that when the hospitalization numbers increase due to an increase in transmission rate (βt),
the fitting algorithm over-estimates mt but slightly under-estimates βt in those same time-peri-

ods (in the scenario where both parameters are being estimated simultaneously). This high-

lights and validates a concern outlined earlier, namely, the difficulty of accurately separating

the effects of multiple simultaneously estimated parameters, when those parameters can have

similar effects on model outcomes. In this case, movement and transmission rates can have

similar effects on hospitalization patterns, and it seems that the analysis tended to favor move-

ment over infection rate in rationalizing hospitalization patterns. Finally, and as expected, our

precision of estimating transmission and movement rates was generally lower for the suburban

Fig 5. Model-fitting of weekly transmission rate βt and daily hospitalizations when movement rate mt is set to

known values.

https://doi.org/10.1371/journal.pgph.0001058.g005
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and rural regions compared to the urban region, most likely because these regions had lower

total hospitalization numbers, and we therefore had less statistical power to estimate model

parameters.

Discussion

In this work, we explore a method to fit a spatially-explicit, stochastic model of COVID-19 to

location-specific hospitalization data to estimate time-varying parameters. Specifically, we

address whether the method allows us to simultaneously estimate time-varying transmission

rates and time-varying movement rates. Using grid search and a sliding window technique,

our method estimates weekly-varying transmission rates with high accuracy regardless of the

variability of the movement rate. On the other hand, the accuracy of movement rate estimation

is comparatively lower, although the fitting algorithm does capture important overall patterns

in time-varying movement rates. We also show that the accuracy of model fitting varies by

geographic context and population densities: the fit is most precise in high-density geographi-

cal regions (e.g., suburban to urban settings), and there is more error in low-density (e.g.,

rural) settings. This is likely due to lower data availability in these rural settings (e.g., lower

total hospitalizations over time), reducing the method’s statistical power to estimate parame-

ters. Our model-fitting routine offers an effective and efficient method for fitting non-linear,

stochastic and spatially-explicit models to longitudinal data, which is not limited to mathemat-

ical models of COVID-19 or even epidemiology.

Fig 6. Model-fitting of weekly movement rate mt and daily hospitalizations when transmission rate βt is set to known values.

https://doi.org/10.1371/journal.pgph.0001058.g006
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Grid search is a reliable parameter optimization method in low dimensional spaces and is

also simple to implement in code. When executed in parallel, grid search becomes highly effec-

tive and allows more than just a point estimate. In our routine, we use a high-performance

computing environment to execute many grid search processes in parallel, allowing us to

quantify a likelihood profile (i.e., probability distribution) for each parameter. Moreover, in

our algorithm, we added various aspects of randomness that increased the ability of the algo-

rithm to effectively explore a broad parameter space in a time-efficient manner. Overall, our

algorithm shows promise for estimating time-varying parameters, and it is easy to modify the

Fig 7. Model-fitting of weekly transmission rate βt and movement rate mt concurrently.

https://doi.org/10.1371/journal.pgph.0001058.g007
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underlying code to work with different spatial and stochastic models in epidemiology and

beyond. We envision future projects that will allow us to wrap this fitting routine into a gener-

alized parameter fitting framework, in which users could insert their model of interest, data

source, and likelihood function to automate the process of parameter optimization.

Our method was not as ideal for simultaneously estimating time-varying transmission and

host movement rates from a single source of data. This is a common problem in estimating

model parameters that may have correlated or similar effects on the model dynamics. Fortu-

nately, our fitting algorithm is flexible enough that in future projects we can construct a likeli-

hood structure that includes more than one source of data. In particular, the movement and

transmission rates would likely be more separable if we leveraged a movement-specific data

source. For human pathogens, mobility data is becoming much more common thanks to elec-

tronic devices that include GPS. For instance, several studies have recently used mobility data

from “SafeGraph” to inform epidemiological models of COVID-19 [5, 26]. In addition, our

likelihood function did not account for spatial relations between populations except for how

the populations were situated in reference to the disease epicenter. As the epidemic spreads

locally and regionally, the distance from the disease epicenter becomes less relevant, as other

populations may become more important epidemic hubs. Therefore, improving our likelihood

function to more explicitly account for spatiotemporal auto-correlation (e.g., [27, 28]) as the

epidemic progresses may improve parameter identifiability. We also did not do rigorous stud-

ies to test whether the spatial arrangement of sub-populations could influence our ability to

estimate transmission or movement rates. Future studies could address how different likeli-

hood structures and the use of real mobility data could improve inference using our methods.

In emerging epidemic and pandemic situations, allowing for time-varying parameter values

of epidemic models is critical for multiple reasons. If the purpose of the modeling exercise is to

make short-term forecasts of disease outcomes, then accurately representing the transmission

dynamics “up to present” (i.e., accurately hindcasting) is imperative to ensure that the “future”

model dynamics account for temporally auto-correlated effects. Furthermore, it is important

to have a reliable method to quantify the effects of specific public health interventions on

model dynamics, for retroactively or even proactively understanding and modeling their

impacts on epidemic patterns. Our method offers an efficient and substantially automated

method to update model fits and forecasts for complex, spatially-explicit and stochastic models

that should be useful in a variety of academic and applied contexts.

Supporting information

S1 Text. Supporting documentation, including figures, tables, equations, and algorithms.

(DOCX)

Author Contributions

Conceptualization: Saikanth Ratnavale, Eck Doerry, Joseph R. Mihaljevic.

Data curation: Saikanth Ratnavale.

Formal analysis: Saikanth Ratnavale, Joseph R. Mihaljevic.

Funding acquisition: Crystal Hepp, Eck Doerry, Joseph R. Mihaljevic.

Investigation: Saikanth Ratnavale.

Methodology: Saikanth Ratnavale, Joseph R. Mihaljevic.

Project administration: Joseph R. Mihaljevic.

PLOS GLOBAL PUBLIC HEALTH Estimating time-varying parameters of disease models

PLOS Global Public Health | https://doi.org/10.1371/journal.pgph.0001058 September 15, 2022 13 / 15

http://journals.plos.org/globalpublichealth/article/asset?unique&id=info:doi/10.1371/journal.pgph.0001058.s001
https://doi.org/10.1371/journal.pgph.0001058


Software: Saikanth Ratnavale, Joseph R. Mihaljevic.

Validation: Saikanth Ratnavale, Joseph R. Mihaljevic.

Visualization: Saikanth Ratnavale.

Writing – original draft: Saikanth Ratnavale.

Writing – review & editing: Saikanth Ratnavale, Crystal Hepp, Eck Doerry, Joseph R.

Mihaljevic.

References
1. Bertozzi AL, Franco E, Mohler G, Short MB, Sledge D. The challenges of modeling and forecasting the

spread of COVID-19. Proceedings of the National Academy of Sciences. 2020; 117: 16732–16738.

https://doi.org/10.1073/pnas.2006520117 PMID: 32616574

2. Drake JM, Dahlin K, Rohani P, Handel A. Five approaches to the suppression of SARS-CoV-2 without

intensive social distancing. Proceedings of the Royal Society B: Biological Sciences. 2021; 288:

rspb.2020.3074. https://doi.org/10.1098/rspb.2020.3074 PMID: 33906405

3. Keeling M, Rohani P. Modeling infectious diseases in humans and animals. Princeton University Press;

2008. Available: http://books.google.com/books?hl=en&lr=&id=G8enmS23c6YC&oi=fnd&pg=

PP2&dq=Modeling+infectious+diseases+in+humans+and+animals&ots=rEKOvv6ouK&sig=

bgqo9VzQx1s6ODlin54Bo92ky7k

4. Yang W, Kandula S, Huynh M, Greene SK, van Wye G, Li W, et al. Estimating the infection-fatality risk

of SARS-CoV-2 in New York City during the spring 2020 pandemic wave: a model-based analysis. Lan-

cet Infect Dis. 2021; 21: 203–212. https://doi.org/10.1016/S1473-3099(20)30769-6 PMID: 33091374

5. Yang W, Shaff J, Shaman J. Effectiveness of non-pharmaceutical interventions to contain COVID-19: A

case study of the 2020 spring pandemic wave in New York City. J R Soc Interface. 2021;18. https://doi.

org/10.1098/rsif.2020.0822 PMID: 33620263

6. Riley S. Large-Scale Models of Infectious Disease. Science (1979). 2007; 316: 1298–1301. Available:

http://www.sciencemag.org/content/316/5829/1298.abstract

7. Riley S, Eames K, Isham V, Mollison D, Trapman P. Five challenges for spatial epidemic models. Epi-

demics. 2015; 10: 68–71. https://doi.org/10.1016/j.epidem.2014.07.001 PMID: 25843387

8. Chinazzi M, Davis JT, Ajelli M, Gioannini C, Litvinova M, Merler S, et al. The effect of travel restrictions

on the spread of the 2019 novel coronavirus (COVID-19) outbreak. Science (1979). 2020; 368: 395–

400. https://doi.org/10.1126/science.aba9757 PMID: 32144116

9. Block P, Hoffman M, Raabe IJ, Dowd JB, Rahal C, Kashyap R, et al. Social network-based distancing

strategies to flatten the COVID-19 curve in a post-lockdown world. Nat Hum Behav. 2020; 4: 588–596.

https://doi.org/10.1038/s41562-020-0898-6 PMID: 32499576
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