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Model Categorizations

e Deterministic vs. Stochastic
e Spatial vs. Non-spatial



Deterministic vs. Stochastic

o Deterministic
— Single input/output
— No element of chance
— Mean, median, mode, 95t or 99t%, extreme value(s)

» Stochastic (probabilistic or random)
— Incorporates an element of chance
— Reflects uncertainty and variability
— Multiple input values and outputs
— Statistical distribution based


Presenter
Presentation Notes
It is important to stress that the deterministic models presented here are valid only in case of sufficiently large populations. Moreover, even in case of large populations, as pointed out among the firsts by M. S. Bartlett, in some cases deterministic models should cautiously be used. For example in case of seasonally varying contact rates the number of infectious subjects may reduce to infinitesimal values, thus maybe invalidating some results that are obtained in the field of chaotic epidemics. 


Defining Stochastic Inputs

e Expert opinion
— Survey
— Individual interaction

e Data
— Dataset

— Survey
— Literature


Presenter
Presentation Notes
Expert opinion, needed for situations where data are unavailable or inappropriate, e.g. because the venues are very different. Examples include the expected impact of control strategies, e.g. surveillance zone and infected area efficacy on movement control. Another early example included the probability of transmission if contact were made with an IP, e.g. via animal movement and indirect contacts. Now we evaluate the health status of the individual animal that is moved from the IP. Note this animal may or may not be infected/infectious, which will also determine the probability of an indirect contact resulting in transmission. 


Potential Stochastic Inputs
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Presenter
Presentation Notes
The process of distribution fitting may be some combination of art and science using the data and/or expert opinion. Although in a perfect world you would like complete and relevant data you are often faced with settling on limited data. For instance, you may have only min, max and most likely data. With experts the distribution fitting process may involve selecting one of these distributions and modifying parameters until it best fits the experts perception.


Defining Stochastic Inputs

Sample of monthly shipping frequency data
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Presenter
Presentation Notes
The process of distribution fitting may be some combination of art and science using the data and/or expert opinion. Although in a perfect world you would like complete and relevant data you are often faced with settling on limited data. For instance, you may have only min, max and most likely data. With experts the distribution fitting process may involve selecting one of these distributions and modifying parameters until it best fits the experts perception.


Defining Stochastic Inputs
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Presenter
Presentation Notes
In all cases, N =1000 (dairy cows); k=11.47/day; Latent duration = 3-5 days; SC Infectious duration = 


®)
Stochastic modeling: Intraherd ex.

(number of adequate contacts (k); health state durations (D;))

e Deterministic

e Stochastic

— Farm level
» Dichotomous herd categorization
« Homogeneous animal characteristics

— Truly individual animal


Presenter
Presentation Notes
In all cases, N =1000 (dairy cows); k=11.47/day; Latent duration = 3-5 days; SC Infectious duration = 


Flow diagram of Reed-Frost
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Deterministic SIR Model
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Presentation Notes
Population of 1001 individuals – Deterministic results based on mean values of distributions
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Presenter
Presentation Notes
Population of 1001 individuals – note the different results. You could construct intervals, e.g. probability or confidence, around an “average” value, e.g. mean or median, in addition to ranges. The results may look similar to the deterministic result or they may not. What I would like to do is focus on the bottom right outcome, ie there may be situations where the outbreak simply dies out. Also, an important question is how often will this occur. 


Stochastic SIR Model
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Presenter
Presentation Notes
Assuming a K = 1 and a simplified SIR model, e.g. RF model

Mean =12.3, deterministic = 14 (day 15)


Stochastic SIR Model
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Presenter
Presentation Notes
Mean = 607; deterministic = 786


Stochastic SIR Model
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Presenter
Presentation Notes
Mean = 889; Deterministic = 943 day 15


Stochastic SIR Model
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Presenter
Presentation Notes
Note, this shows the cumulative incidence, with all herds having 1 index case. Therefore for all “1” results, the epidemic never took off, which was  more than 1/3 of the times. Mean = 3.29 (approx. 2 additional cases). Deterministic model predicted an average of 5 total cases.


Stochastic SIR Model
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Presenter
Presentation Notes
Mean =6.9, deterministic = 8 (day 15)
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Presenter
Presentation Notes
1) All animals are in the same state. Each farm get a duration of each state. Reed-Frost dynamics are used to spread the infection. In this example, the herd infection status is based on the most advanced state in the herd, e.g. starting out when there is 1 latent infection, the herd is latent, here shown to range from 3-5 days, indicating that the herd may remain latently infected for 3-5 days (red). Once an animal moves from to the SC infectious state (days 3-5, green) the herd is classified as SCInf. Finally, by days 6-9, all herds become classified as Clinically Infectious (blue).


Stochastic SLIC
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Presenter
Presentation Notes
2) Animals have individual states. Each _farm_ get a duration of each state. Reed-Frost dynamics are used to spread the infection. E.g. D=2, D’=3 and D’’=3
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Presenter
Presentation Notes
3) Animals have individual states. Each _animal_ get a duration of each state. Reed-Frost dynamics are used to spread the infection.  Note the tighter distribution. Also note that reality may be a blend of this and the previous distribution, ie specific herd types have a mean distribution for a characteristic, however, animals within the herd differ. This could reflect herd differences, e.g. beef vs dairy, nutrition status, or even pathogen difference or seasonal variability.
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Presenter
Presentation Notes
Basically these 3 models vary in their hierarchical treatment of disease at the herd level: 1. all animals have individual durations of disease states (here I only), which is what DADS model does. vs. 2. each animal in the herd has this duration and 3. the entire herd enters this state at a given date (old NAADSM??).
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Presenter
Presentation Notes
Basically these 3 models vary in their hierarchical treatment of disease at the herd level: 1. all animals have individual durations of disease states (here I only), which is what DADS model does. vs. 2. each animal in the herd has this duration and 3. the entire herd enters this state at a given date (old NAADSM??).
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Presenter
Presentation Notes
Changing no. of iterations from 1 (top left) to 10 (top right), 100, 1000(bottom right). Note there does not appear to be a major difference, especially from 100 to 1000 iterations. There is a somewhat larger range as the number of iterations increases but not a lot.


Deterministic vs. Stochastic Herd Level
SLIC Model (N = 1001; Iterations =10, 100, 1000)
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Presenter
Presentation Notes
Changing no. of iterations from 1 (top left) to 10 (top right), 100, 1000


Stochastic Model Conclusions

Produce ranges of outcomes, which may
provide more information than “average” results
from deterministic models

May avoid unreliable predictions resulting from
epidemic “burn out”

Caution should be used when using increased
iterations (Cls vs. PIs)

More (iterations) is better but “costs” more
Require additional data/information


Presenter
Presentation Notes
Mean = 8.62, deterministic = 9 (day 15)


Spatial Models




Davis Animal Disease Simulation
(DADS) Model
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Populating Spatial Models

Surveys

Federal level data (USDA National
Agriculture Statistics Service (NASS))

Industry collaborators
State collaborators
Merged databases


Presenter
Presentation Notes
Federal level data – note EU countries, including DK, which have movement information similar to what we are trying to get with NAIS, which would track individual animals or lots to enable the near real time trace back and trace forward of “all” livestock in the country.
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Presenter
Presentation Notes
We are currently collecting herdtype –specific data on a statewide basis. Results shown here demonstrate the difference in simulation results when using the more accurate/complete data collected from the various surveys, compared with what one might expect if they were to use data perhaps collected from a previous (or preexisting) herd type.
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Presenter
Presentation Notes
Geographic data were originally collected in a 3-county survey for CA. Later we have expanded to the entire State of CA, based on survey or State data made available to us. In addition, we have increased the CA database using survey data and are moving to an “intelligent randomization” approach to the data that Dr Clarke mentioned. This is illustrated in the example for dairies in Fresno. Additional data collection for livestock and wildlife have occurred in TX and OK, illustrations are shown for TX. Finally, as part of a State Fair study, we have collected Fair and Show information across the US.

 - Total 15,585 km² (6,017 mi²)� - Land 15,443 km² (5,963 mi²)�- Water  142 km² (55 mi²), 0.91%

300 dairies or approx. 1 dairy/20 sq. mi. therefore few would be located within 5-10 kms of each other, which was shown to be critical in the UK 2001 where 50% of post-movement ban premises were within 3km and 80% 10kms

Refs: 4. Ferguson NM, Donnelly CA, Anderson RM: The foot-and-mouth epidemic in Great Britain: pattern of

spread and impact of interventions. Science 2001, 292(5519):1155–1160,

[http://dx.doi.org/10.1126/science.1061020].

Also of note we are working with NASS data to acquire more precise locations and spatial relationships.

5. Ferguson NM, Donnelly CA, Anderson RM: Transmission intensity and impact of control policies on

the foot and mouth epidemic in Great Britain. Nature 2001, 413(6855):542–548, [http://dx.doi.org/10.1038/35097116].

6. Keeling MJ, Woolhouse ME, Shaw DJ, Matthews L, Chase-Topping M, Haydon DT, Cornell SJ, Kappey J,

Wilesmith J, Grenfell BT: Dynamics of the 2001 UK foot and mouth epidemic: stochastic dispersal

in a heterogeneous landscape. Science 2001, 294(5543):813–817,

[http://dx.doi.org/10.1126/science.1065973].


Geolocation Data: CA Dairies
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Total herds infected

Simulation Results: Random vs.
Actual Locations

Predicted number of infected herds:
actual vs. randomized dairy locations
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e NASS vs. true data sims.
— Min. similar but early end
— Mean 60% underestimate
— Max. 75% underestimate

e Implications

— Underestimates epidemic
Impact and duration

— Potentially misdirects
resources

— No info. > misinformation?



Circular Controls in UK 2007
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Day: 20

= | atent
Subclinical
= Clinical

o Index hend

Intentional Introduction: 5 herds, 4 states
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Presentation Notes
Tom, sorry for the delay, but these are taking much longer than expected by virtue of the fact that there are 5 index herds throughout the US. It looks like it will take about 2 hrs per epidemic. We are running 20 epidemics, 10 with and 10 without vaccination. The index herds are located in CA (large dairy), KS (large dairy and large beef), KY (large beef) and NC (large swine). The screen captures represent what we expect at 20 days after the index cases. We assume confirmation and associated 3-day statewide movement bans in all infected states will begin about 10 days after the first infection (latent case). 
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Importance of Stochastic and Spatial

Components: Wild Pigs
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Presenter
Presentation Notes
Figure 20: Spatial swine herd risk of infection from 800 simulated outbreaks of FMD occurring

in the valley region (bold) of California where the index herd is a swine and statewide

movement bans of 0 (A), 3 (B), 7 (C) and 14 (D) days.

Directs focus on spatially high risk areas

Resource allocation

Surveillance

Dynamic and can be updated as epidemic progresses




Spatial Model Conclusions

o Spatial models enhance visualization of an
epidemic

 They may more accurately reflect spatial
relationships, e.g. LAS, controls and spread

« Computationally, they make life very difficult



®)
Stochastic, Spatially Explicit Model

Conclusions

* Need for data
— Spatial
— Contact (DC, IDC)
 Need for complexity (stoch., spatial)
e Importance of model precision/predictability

* Need to consider model use during an
epidemic with latent variable information



Presenter
Presentation Notes
While deterministic models may be good approximations for stochastic models in large populations of randomly mixing individuals and high contact rates, this is not true for complex situations such as what we face with diseases such as FMD which would infect a complex network of herds.

The point of model precision/predictability refers to the potential to make incorrect recommendations if imprecise data are used. Also, note as these models evolve, results will vary. We are typically most comfortable with the latest results and are constantly trying to understand differences in results as the models “evolve”, which was especially true as we made the shift from statewide to nationwide modeling, which added the complexity of interstate animal movements.
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WUD – Western United Dairymen

CDC – california dairy council

PDHGA – prof. dairy heifer growers assoc.

CWGA – California wool growers assoc.

CCA – California Cattlemen’s Assoc.

ARPAS – Am. Registry of Professional Animal Scientists




Questions?
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