
Bayesian Tracking of Emerging Epidemics Using Ensemble
Optimal Statistical Interpolation

Loren Cobb, PhD,
Department of Mathematical and Statistical Sciences, University of Colorado Denver Campus
Box 170, PO Box 173364, Denver, CO 80217-3364, USA

Ashok Krishnamurthy, PhD,
Department of Mathematics, Physics and Engineering, Mount Royal University, Calgary, Alberta,
Canada T3E 6K6

Jan Mandel, PhD, and
Department of Mathematical and Statistical Sciences, University of Colorado Denver Campus
Box 170, PO Box 173364, Denver, CO 80217-3364, USA

Jonathan D. Beezley, PhD
CERFACS, 42 Avenue Gaspard Coriolis, 31057 Toulouse Cedex 1, France

Abstract

We present a preliminary test of the Ensemble Optimal Statistical Interpolation (EnOSI) method

for the statistical tracking of an emerging epidemic, with a comparison to its popular relative for

Bayesian data assimilation, the Ensemble Kalman Filter (EnKF). The spatial data for this test was

generated by a spatial susceptible-infectious-removed (S-I-R) epidemic model of an airborne

infectious disease. Both tracking methods in this test employed Poisson rather than Gaussian

noise, so as to handle epidemic data more accurately. The EnOSI and EnKF tracking methods

worked well on the main body of the simulated spatial epidemic, but the EnOSI was able to detect

and track a distant secondary focus of infection that the EnKF missed entirely.
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1. Introduction

Mathematical models have been used since 1927 to describe the rise and fall of infectious

disease epidemics (Diekmann and Heesterbeek, 2000; Castillo-Chávez and Blower, 2002a,b;

© 2014 Elsevier Ltd. All rights reserved.

Corresponding Author: akrishnamurthy@mtroyal.ca (Ashok Krishnamurthy) Telephone: +1 403 440 8477 Fax: +1 403 440 6505 .

Publisher's Disclaimer: This is a PDF file of an unedited manuscript that has been accepted for publication. As a service to our
customers we are providing this early version of the manuscript. The manuscript will undergo copyediting, typesetting, and review of
the resulting proof before it is published in its final citable form. Please note that during the production process errors may be
discovered which could affect the content, and all legal disclaimers that apply to the journal pertain.

NIH Public Access
Author Manuscript
Spat Spatiotemporal Epidemiol. Author manuscript; available in PMC 2015 July 09.

Published in final edited form as:
Spat Spatiotemporal Epidemiol. 2014 July ; 10: 39–48. doi:10.1016/j.sste.2014.06.004.

N
IH

-P
A

 A
uthor M

anuscript
N

IH
-P

A
 A

uthor M
anuscript

N
IH

-P
A

 A
uthor M

anuscript



Ma and Xia, 2009). A majority of the models are variations of the three-compartment

nonlinear Susceptible-Infectious-Removed (S-I-R) model developed by Kermack and

McKendrick (1927). A person occupies the susceptible or infectious compartments if he or

she can contract or transmit the disease, respectively. The removed compartment includes

those who have died, have been quarantined, or have recovered from the disease and

become immune. The state variables are the number of susceptible (S), the infectious (I), and

the removed (R) in a closed population. S-I-R models often perform surprisingly well in

modeling the temporal evolution of real-world epidemics, and their spatial variants can

produce a traveling-wave spatial dynamic similar to that displayed by some epidemics. Here

the infectious population is in the crest of the wave, with the susceptible population in front

of the crest, leaving the removed behind.

Tracking and forecasting the full spatio-temporal evolution of an emerging epidemic is

notoriously difficult. Often observational data may be affected by many sources of

measurement error, new data arrives on an irregular schedule, and the model itself is

incorrect in unknown ways. These are also well-known problems in a variety of empirical

areas of high importance, such as storm and wildfire forecasting. The general category of

statistical tracking techniques that incorporate error-prone data as they arrive by sequential

statistical estimation is known as data assimilation (Kalnay, 2003). Use of the statistical

methods of data assimilation can increase the accuracy and reliability of epidemic tracking

by incorporating data as it arrives, with weighting factors that reflect the observed or

expected reliability of the observations. A few applications of data assimilation in

epidemiology already exist (Kalivianakis et al., 1994; Cazelles and Chau, 1997; Costa et al.,

2005; Bettencourt et al., 2007; Bettencourt and Ribeiro, 2008; Jégat et al., 2008; Rhodes and

Hollingsworth, 2009; Dukic et al., 2009; Mandel et al., 2010a; Angulo et al., 2012; Shaman

et al., 2013).

The goal of this study is to conduct a preliminary test of the ensemble optimal statistical

interpolation (EnOSI) tracking method, including a comparison with a closely related

tracking technique known as the ensemble Kalman filter (EnKF). The EnKF and other

ensemble-based data assimilation methods are already popular in meteorology and

oceanography, where the dimensionality of the state space commonly exceeds one million

cells. When coupled with a spatial dynamic model, these methods can be used to forecast the

spatio-temporal evolution of an epidemic, and to adjust those forecasts appropriately as

sparse and error-prone data arrives.

This paper is organized as follows. In Section 2 we present a stochastic spatial epidemic

model, and we use it to generate data for the spatial spread of an infectious disease. In

Section 3, we illustrate the Bayesian tracking of emerging epidemics using EnOSI with a

simulated epidemic wave originating in Santa Fe, New Mexico. In Section 4, we compare

the EnOSI tracking results for the stochastic spatial epidemic model with the EnKF variant

presented in Section 3. Finally, in Section 5, we summarize the computational efforts and

discuss the significant challenges in implementing the discussed methods. We provide some

concluding remarks and future directions.
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2. A Stochastic Spatial Epidemic Model

2.1. Epidemic Dynamics

For this study we use a discretized stochastic version of the Hoppensteadt (1975) spatial S-I-

R epidemic model. As with almost all spatial epidemic models since Bailey (1957, 1967)

and Kendall (1965), we assume that individuals are continuously distributed on a spatial

domain. This model uses three variables to define the state of the epidemic at each (x, y)

coordinate:

S(x, y, t) = density (per unit area) of the susceptible population,

I(x, y, t) = density of the infectious population, and

R(x, y, t) = density of the removed population.

Thus, each of these variables is a scalar field that evolves with time. In continuous time the

epidemic dynamics are defined by a system of three partial differential equations for the

state variables. The population is considered to be dispersed over a connected planar domain

; its density is a function of the spatial coordinates x and y. There are no vital

dynamics in this model, meaning that there are no new births or non-disease-related deaths

in any of the three compartments, and there are no movements of the population. The

(deterministic) evolution of the state (S (t) , I (t) , R (t)) is given by

(1)

The function q (x, y, t) gives the rate of removal of infectives due to death, quarantine, or

recovery with immunity. The weight function w (x, y, u, v) measures the influence of

infectives at spatial position (u, v) on the exposure of susceptibles at position (x, y); in this

simulation we used the kernel function w (x, y, u, v) = α exp[−((x – u)2 + (y – v)2)1/2/λ],

which expresses the idea that the influence of nearby infectives drops off as an exponential

function of Euclidean distance, with constant λ, a characteristic of the distance at which the

disease spreads. More mobile societies will have larger values of λ. The parameter α

measures the infectiousness of the disease, given by the product of mixing rate and the

infection rate.

The simulation evolves on a two-dimensional discretized spatial domain with a total of p = n

× m grid cells. A stochastic cell model is created by treating the quantities on the right-hand-

side of (1) as the intensities of a Poisson process and by piecewise constant integration over

the cells. The domain Ω is decomposed into nonoverlapping cells Ωi with centers (xi, yi) and

areas A (Ωi), i = 1, … , p. The state in the inhabitable cell Ωi is the random element (Si, Ii,

Ri), advanced in time over the interval [t, t + Δt] by
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where the random increments ΔSi and ΔRi are sampled from

(2)

The summation in (2) is done only over the cells Ωj near Ωi; for far away cells, the weights w

(xi, yi, xj, yj) are negligible (the definition of “near” and “far” depends upon the value of λ).

It is not necessary to compute a Poisson-distributed transmission rate from each source cell

to a given target cell, because a finite sum of independent Poisson-distributed random

variables, each with its own intensity parameter, is itself Poisson-distributed with an

intensity parameter equal to the sum of the individual intensities.

Thus a susceptible individual, at a particular location, may become infected when he/she

comes in contact with an infectious individual from within a neighboring area, with a

monotonically decreasing weighting function that declines exponentially with distance. If

this contact causes sufficient secondary infections then a new epidemic focus will develop at

that new location.

3. Statistical Tracking Using Data Assimilation Methods

We use data assimilation for the statistical tracking of emerging epidemics as they are

unfolding. This involves two basic components: a dynamic model to forecast the state of the

epidemic between arrivals of new data, and observations that are used to update an ensemble

of state estimates. Data assimilation requires estimating the uncertainty both for model and

observations forecasts. Our goal in this paper is to incorporate sparse, episodic and noisy

observational epidemic data over space and time into a dynamic statistical model so as to

produce an optimal Bayesian estimate of the current spatial distribution of the infectious

population, and to forecast the progress of the real epidemic.

3.1. The Kalman Filter (KF)

The Kalman Filter (KF) was first presented by Kalman (1960) and Kalman and Bucy (1961)

as a method for tracking the state of a linear dynamic system perturbed by Gaussian white

noise. For the Kalman filter in discrete time and space, this means that the errors are drawn

from a zero-mean Gaussian distribution with diagonal covariance matrix. The Kalman filter

provides a foundation on which to build a Bayesian data assimilation scheme for epidemics,

after suitable modifications that allow it to work with the nonlinearities implicit in epidemic

dynamics, and with the non-Gaussian nature of epidemic forecasting errors.

The full state of a discretized spatial epidemic model is a grid of n × m cells, each of which

contains a characterization of the population currently within the limits of the cell. To apply
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the Kalman filtering method, we represent the n × m values of the Infectious variable on this

grid as a single long vector x with p = n × m elements, which for the purposes of data

assimilation is the dimensionality of the state space. If we could observe this state vector

without error, our observations would be another vector y that satisfies y = Hx where H is

the linear operator that maps the state vector onto the observational space. Now consider the

situation in which we have a forecast of the current state, xf, and a newly arrived vector of

noisy observations y = Hx + ε, where ε ~ N (0, R). We need to update the forecast by

optimally assimilating these new observations. The result will be called the analysis estimate

of state, xa. The superscripts f and a are used to denote the forecast (prior) and analysis

(posterior) estimate of the current state, respectively.

In the classical Kalman filter, the underlying dynamics are assumed to be linear, e.g.

where F is the matrix of the linear transformation of xt–1 to xt. In other words, it is the model

of the dynamic process assumed by the standard Kalman filter. The analysis estimate of the

state vector is calculated from

where

Here Kt is the Kalman gain matrix at time t,  is the covariance matrix for the forecast state

vector,  is the covariance matrix for the analysis state vector, and R is the measurement

error covariance matrix.

The KF algorithm requires storing and updating the entire covariance matrix of the state

vector. In high-dimensional 2D or 3D tracking problems, the storage space required for the

covariance matrix may easily exceed any physical storage system. To see the storage

problem, consider a 2D simulation of a scalar field that has been discretized on a 103 × 103

grid. The state vector of this system has 106 elements, and its covariance matrix has 106 ×

106 = 1012 elements, requiring four terabytes just to store.

The extended Kalman filter (EKF) (Julier et al., 1995) was an early attempt to adapt the

basic KF equations for nonlinear problems, through linearization. However, the EKF has its

own disadvantages: if the model is strongly nonlinear at the time step of interest,

linearization errors can turn out to be non-negligible, which leads to filter divergence
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(Evensen, 1992). The EKF is not suitable for high-dimensional 2D and 3D data assimilation

problems, because it suffers from the same storage requirements as the KF.

Other commonly used Bayesian tracking techniques for nonlinear problems include the

unscented Kalman filter (UKF) and the particle filter (PF) (Gordon et al., 1993). Particle

filtering is a versatile Monte Carlo technique that can handle nonlinearities in the model and

represents the Bayesian posterior probability density function by a set of samples drawn at

random with associated weights.

3.2. Ensemble Kalman Filter (EnKF)

The EnKF solves this storage-and-retrieval problem by (in effect) calculating the

covariances from the members of an ensemble of simulations, as they are needed. The result

is an elegant Bayesian update algorithm with dramatically improved efficiency and storage

requirements (Mandel et al., 2010a).

The ensemble Kalman filter (EnKF) was introduced by Evensen (1994), modified to provide

correct covariance by Burgers et al. (1998), and improved by Houtekamer and Mitchell

(1998). The EnKF is a popular sequential Bayesian data assimilation technique that uses a

collection of almost-independent simulations (known as an ensemble) to solve the

covariance problem of Kalman filtering for systems with very high-dimensional state

vectors. It does this using a two-step process: first estimate the covariance matrix from the

ensemble, then perform an ensemble update. The stored covariance matrix of the KF is

replaced by sample covariances computed from the ensemble members. These sample

covariances are then used to calculate the Kalman gain matrix.

The success of the EnKF in many diverse applications has also stimulated the invention of a

plethora of variant algorithms. At our last count, there were at least 15 different named

variants of the EnKF in the literature. However, it may be fair to say that there are only two

basic approaches to the EnKF update: stochastically perturbed observations (Monte Carlo),

and “square-root” filters (deterministic). Both approaches adopt the same covariance

estimate step, but differ in the ensemble update step. Regardless of the specific approach

employed, the goal is to obtain a Bayesian estimate of the state as efficiently as possible. In

many real-world examples these two approaches perform quite similarly. A more detailed

description EnKF may be found in the book by Evensen (2009), and there is a good tutorial

by Mandel (2007).

The EnKF analysis update equations are the same as the classical KF equations, except that

they use the covariance of the forecast ensemble to substitute for the matrix Q, which in a

high-dimensional system is, as noted above, too large to store. Let X be a random ensemble

matrix of dimension 3p × N whose columns are realizations sampled from the prior

distribution of the system state of dimension p = n × m with ensemble size N. Then the

EnKF update formula is:

(3)
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where Y is the observed ensemble data matrix of dimension 3p × N whose columns are the

true state perturbed by random Gaussian error. H is, as before, the linear operator that maps

the state vector onto the observational space of dimension 3p × 3p. The deviation Y – HXf is

commonly referred to as the “observed-minus-forecast residual” or simply as the innovation.

In the above equation Ke is the ensemble Kalman gain matrix given by

where Qf is the forecast-error covariance matrix of dimension 3p × 3p, and R is the

symmetric and positive-definite observational (measurement) error covariance matrix of

dimension 3p × 3p. The EnKF technique contains two sources of randomness: the random

model input, and the measurement errors. Assuming that these two sources of randomness

are uncorrelated, the analysis-error covariance matrix of dimension 3p × 3p can be

computed from the equation

3.3. Ensemble Optimal Statistical Interpolation (EnOSI)

In the EnKF, the model error covariance matrix is evolved fully at each data assimilation

step using an MCMC method. In contrast, Optimal Statistical Interpolation (OSI) is a data

assimilation technique based on statistical estimation theory in which the model error

covariance matrix is predetermined and assumed to be time-invariant. The model error

covariance matrix is dependent only on the distance between spatial grid cells. The

correlation length can be adjusted empirically.

OSI was derived by Eliassen (1954). This method has been referred to as “Statistical

Interpolation”, “Optimal Interpolation”, or “Objective Analysis.” OSI is called univariate if

the observations are of a single scalar field, and multivariate if the observations of one or

more scalar fields are used for estimating another scalar field (Talagrand, 2003).

Multivariate OSI was developed independently by Gandin (1965) for the analysis of

meteorological fields in the former Soviet Union. It requires the specification of the cross-

covariance matrix between the observed scalar fields and the scalar field to be estimated

(Borovikov et al., 2005).

The ensemble OSI (EnOSI), used here, requires less computational effort than the EnKF,

because the model error covariance matrix is fixed and not recalculated at every update step.

The EnOSI approach may provide a practical and cost-effective alternative to the EnKF for

tracking epidemics. The constant model error covariance matrix in our epidemic simulation

used a version with the covariance function having an exponential decay along the off-

diagonal entries. The ensemble Kalman gain matrix was then calculated using this time-

invariant covariance matrix with a fixed structure, but its spatial structure is derived from an

ensemble of state vectors. The accuracy of the EnOSI process will be affected if the

approximate covariance matrix differs substantially from the true covariance matrix.

Therefore, one disadvantage of the EnOSI is the need for a fixed spatial covariance structure
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that can reasonably represent the epidemic dynamics throughout the whole domain at all

times.

The EnOSI analysis update equation, using the constant covariance, is given by

(4)

where

3.4. Example: An Epidemic Wave Originating In New Mexico

To create a preliminary test of the performance of EnOSI and other tracking algorithms

designed for high-dimensional state vectors, we constructed a spatial simulation of an

epidemic that originates in Santa Fe, New Mexico, and spreads outwards towards

Albuquerque and Denver, Colorado. In this simulation the epidemic moves smoothly

towards Albuquerque, but jumps suddenly to Denver as if carried by an infectious traveler in

an automobile or airplane. Properly detecting and assimilating a new locus of infection that

is far from any existing loci is a serious challenge for EnKF algorithms (Beezley and

Mandel, 2008; Mandel et al., 2010a). Unlike the EnKF, the EnOSI handles such situations

without difficulty.

To improve the realism of the test for the case in which an entirely new disease emerges for

the first time, we initialized all members of the tracking ensemble so that they contain no

disease whatsoever. New observations in the form of an empirical scalar field of disease

prevalence arrives at time steps 10, 20, 30, 40, and 50. These data are complete in the sense

that in this case H is just the identity matrix (i.e. there is no regional aggregation of data, and

no missing data). The tracking algorithm forecasts the state up until the time when data is

received, and then it assimilates this data into the forecast.

The R statistical computing language (R Development Core Team, 2010), freely available

from www.cran.r-project.org , was used to carry out the simulations for the spatial spread of

the epidemic. Population density data were downloaded as Gridded Population of the World

(GPW) data files for 2010 at 1/4 degree resolution from the Center for International Earth

Science Information Network at the Columbia University (CIESIN, 2002) and converted to

the array-oriented Network Common Data Form (NetCDF) format. High resolution files are

preferred for regional subsets. The 1/2 degree GPW resolution was too coarse, and the 2.5

minute GPW resolution generated a covariance matrix that was too large for storage in a

laptop computer. We settled on the 1/4 degree GPW resolution as a compromise. We

restricted the simulation to the rectangle defined by the coordinates: West: −109°, East:

−102°, North: 41.2°, South: 31.4°. These datasets were then loaded into R using the built-in

package ncdf (Pierce, 2010).
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4. Results

We have applied the EnOSI for the New Mexico-Colorado example mentioned above to the

epidemic model described in Section 2 with an ensemble of size 25. We have found as an

empirical matter that an ensemble of just 25 members works almost as well as 100 or more

members for the EnOSI, but we have not performed any systematic set of tests such as

described by Gillijns et al. (2006). The asymptotics of the EnOSI will have to be found

analytically, with a convergence proof such as the one we constructed earlier for the EnKF

(Mandel et al., 2011). For this example the Infectious state of the model is the output of the

observation function. Synthetic data were simulated from a model and initialized in exactly

the same way as the ensemble.

In our epidemic application, the perturbed observations Y in (3) and (4) were obtained by

sampling from the Poisson distribution with the intensity equal to the data value, instead of

using Gaussian perturbations as in the standard EnKF. This is the key feature behind the

successful use of our method and it also guarantees that Y has nonnegative entries and thus

the columns of Y are meaningful as the Infectious variable.

The result for each member of the ensemble is a Bayesian update of the forecast scalar field,

which is referred to as the analysis (i.e. the posterior estimate). We assume that data arrive

only once every 10 time steps, with errors. A total of 5 assimilation cycles were performed

in this manner. The mean and standard deviation (not reported here) of the ensemble

analysis values in each cell of the scalar field gives the EnOSI estimate of the state of the

epidemic, with its uncertainty quantified. The following figures present a spatial “image” of

the number of infectious persons over the planar domain considered in the New Mexico-

Colorado example. All images were generated using NASA Panoply software (Schmunk,

2013) from NetCDF input.

Figure 2 shows the epidemic prevalence in Santa Fe, New Mexico, at time 10. The initial

forecast (center panel) is empty, as it should be for the first appearance of any disease. The

EnOSI analysis (right panel) shows that the arriving data have been partially assimilated,

with a resulting picture that is indistinct and less than fully accurate.

Figure 3 (time 20) shows that the epidemic has grown towards Albuquerque, and that a very

small new focus of infection has appeared in Denver. The forecast handles the movement

towards Albuquerque quite well, but is devoid of any infection in Denver. After assimilation

of incoming observational data, the analysis now also reflects a small focus in Denver. This

demonstrates that the EnOSI —unlike the EnKF algorithm —is able to detect and assimilate

a new and distant focus of infection.

Figure 4 (time 30) shows the epidemic gaining size, and beginning a major expansion within

both Albuquerque and Denver. Every time new observations are available and are

assimilated there is an improvement of the prediction of the number of infectious.

Figure 5 (time 50) shows the epidemic gaining definition within the most heavily populated

urban regions. The analysis steps, after data assimilation, are now tracking the epidemic

quite well.
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We observe that the prediction improves as data is assimilated over time. The analysis thus

provides a realization conditioned on all prior data and newly arrived data.

For comparison, Figure 6 shows the EnKF analysis steps at times 20 and 30, after data

assimilation. Two aspects of these maps should be noted. First, the EnKF incorrectly

forecasted a ring of small secondary infection loci around the primary infection locus. These

loci were not in the simulation, yet they persist and even grow larger in the EnKF tracking

solution. Second, the EnKF entirely missed the secondary infection in Denver, Colorado (in

the north). By contrast, the EnOSI found and correctly tracked the secondary infection in

Denver, and did not produce any spurious secondary infections.

Table 1 provides the root-mean-squared error (RMSE) values for EnKF and EnOSI

calculated from the current model error for each cell at the time new data arrive, both before

and after assimilation. The EnOSI has a lower RMSE value than EnKF at all time steps.

5. Conclusion

The spread of newly emerging infectious diseases poses a serious challenge to public health

in every country of the world. Tracking the spread of an epidemic in real-time can help

public health officials to plan their emergency response and health care. The purpose of this

paper has been to present some preliminary comparative results on the statistical tracking of

emerging epidemics of infectious diseases using two Bayesian data assimilation techniques,

namely ensemble Kalman filter (EnKF) and ensemble optimal statistical interpolation

(EnOSI). Our simulation results suggest that EnOSI can be used to track the spatio-temporal

patterns of emerging epidemics from noisy data. We found that EnOSI can efficiently adjust

its estimated spatial distribution of the number of infectious, if and when the epidemic jumps

from city to city. The EnOSI appears to be superior to the EnKF in two ways: it does not

spuriously forecast multiple secondary outbreaks —a problem that is common to the EnKF

when applied to epidemic data —and it does not require advance knowledge of the location

of any secondary outbreak. The tracking accuracy in our simulations provides visual

evidence of the good performance of the EnOSI approach.

The EnOSI as presented here requires the use and inversion of the state covariance matrix,

which can become astronomical in size if stored as a full matrix —a grid of n × m points for

a model with v state variables requires the storage of O(v2n2m2) numbers. Sparsification of

the covariance matrix can decrease the computational cost somewhat, depending on the

spatial assumptions used. For a completely different approach, we plan to investigate

another version of OSI by Mandel (2010), which reduces the storage required by trimming

the Fast Fourier Transform (FFT) of the covariance matrix, a technique also used in the FFT

EnKF (Mandel et al., 2010a,b,c). We are currently developing a scheme for modeling the

cross-covariance matrix for the ensemble based data assimilation methods. We hope to

extend these to more general compartmental models of epidemiology.

The research reported here lays the groundwork for further efforts to investigate the utility

of data assimilation for tracking diseases in real-time, and to find the best-performing

algorithms for this task. Our future work includes determining the asymptotics of the EnOSI,
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improving the underlying spatial epidemic model, and extending our R tools for comparing

other stochastic and deterministic variants of the EnKF (Anderson, 2001; Tippett et al.,

2003; Beezley and Mandel, 2008; Mandel et al., 2009; Ott et al., 2004; Hunt et al., 2007).

These variants aim to enhance the performance of the ensemble filters by representing the

underlying model error statistics in an efficient manner. Finally, methods for incorporating

long-distance human movements to track the rapid geographical spread of infectious

diseases have been proposed in the literature (Brockmann, 2009; Belik et al., 2009; Merler

and Ajelli, 2010; Balcan et al., 2010; Belik et al., 2010). The approach demonstrated here

has not been evaluated on real data. Hence the credibility of the approach remains to be

assessed. In the future, we plan to explore such spatially extended epidemic models to track

emerging epidemics.
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Highlights

• Ensemble optimal statistical interpolation (EnOSI) was tested as a technique for

tracking spatial epidemics in real-time.

• A spatial S-I-R epidemic model of an infectious disease was used to generate

dynamic epidemic data for this test.

• The tracking results were compared to the ensemble Kalman filter (EnKF). The

EnOSI is simpler and faster in execution speed

• Both the EnOSI and EnKF performed well on the main body of the epidemic,

but the EnKF also forecast spurious infections.

• The EnOSI successfully detected and tracked a far-flung secondary outbreak,

while the EnKF missed the secondary outbreak.
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Figure 1.
The initial spatial distribution of the susceptible population. The focus area of the simulation

includes all of New Mexico and Colorado, and small sections of surrounding states and

provinces.
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Figure 2.
The epidemic at time 10, as shown by the spatial distribution of infectious people. Left

panel: the true state of the epidemic. Center panel: the forecast (prior) state of the epidemic,

before the arrival of the first observational data. Right panel: the analysis (posterior) state of

the epidemic, after data assimilation.

Cobb et al. Page 16

Spat Spatiotemporal Epidemiol. Author manuscript; available in PMC 2015 July 09.

N
IH

-P
A

 A
uthor M

anuscript
N

IH
-P

A
 A

uthor M
anuscript

N
IH

-P
A

 A
uthor M

anuscript



Figure 3.
The epidemic at time 20, as shown by the spatial distribution of infectious people. A new

focus of infection has appeared in Denver (the small blue spot to the north), and has been

successfully assimilated. Left panel: ground truth. Center panel: forecast. Right panel:

analysis.
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Figure 4.
The epidemic at time 30, as shown by the spatial distribution of infectious people. The

infectious zone is expanding rapidly. Left panel: ground truth. Center panel: forecast. Right

panel: analysis.
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Figure 5.
The epidemic at time 50, as shown by the spatial distribution of infectious people. Both the

forecast and analysis estimates now accurately reflect the true spatial distribution of the

epidemic prevalence. Left panel: ground truth. Center panel: forecast. Right panel: analysis.

Cobb et al. Page 19

Spat Spatiotemporal Epidemiol. Author manuscript; available in PMC 2015 July 09.

N
IH

-P
A

 A
uthor M

anuscript
N

IH
-P

A
 A

uthor M
anuscript

N
IH

-P
A

 A
uthor M

anuscript



Figure 6.
The epidemic at times 20 and 30 using EnKF, as shown by the spatial distribution of

infectious people. Both EnKF analysis estimates display multiple spurious secondary

infections, and neither displays the actual secondary infection in Denver, Colorado. Left

panel: Time 20 analysis. Right panel: Time 30 analysis.
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Table 1

Root mean square error (RMSE) values for EnKF and EnOSI.

10 20 30 40 50

EnKF 0.7444 1.9515 5.7406 17.3312 41.1058

EnOSI 0.3110 0.9464 1.1430 2.2182 5.5226
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