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Progress In ID Systems

* “..However, the relationship of these factors to
population dynamics of disease reservoirs or the
biotic and structural complexity of ecological
systems in which transmission occurs remains a
poorly understood area. There has been
insufficient attention given to integrating the
ecological and evolutionary dynamics of these
systems.”

» “Ecology of Infectious Disease”/NSF-NIH



Uncertainty Isn’t a Bad Thing

 Measuring variability in vector abundances —
Mosquito abundance forecasts

* Partitioning variability — where does the analysis
fit and where does it not? — Cotton
rats/hantavirus

* |Inherent Uncertainty in processes- ‘butterfly
effect’

— Value of administrative data

— Interacting systems
(physical/biological/social/medical)



Female Ae. sollicitans: Daily Variability Across Years - Where's the Pattern?
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Measuring Variability in Vector Pop’n
Dynamics and Environment

* Pest species —more is
worse

cameronwebb.wordpress.com
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Environmental Conditions Drive Vector
Population Dynamics

 Many factors but...

* Temperature & Precip.
remain key drivers

* |dentify leading
indicators of changing
populations to predict
dynamics
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Cross-Time Series Analysis: Why it Fails

‘If it rains pretty good in the past 10-15
days we’ll get a lot.

In breeding site takes 6 days
for adults to emerge after a
rain and takes 7 days for
surface water to soak in.

Two scenarios:

— Getrain 10 days ago

— Get rain 14 days ago (none day

10)

Time series of t-10 is
‘contaminated’ with 0” precips
because of carry over from
rain t-17, t-16, t-15,...t-11

Analysis doesn’t capture the
biology



Cross-Deviance Mapping: Events Over
a Preceding Time Interval
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Mosquito Count
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Sometimes We Make the Trouble for Qurselves

* The choice of analytical tools may
unnecessarily hide patterns and inflate our
uncertainty

— Just because it’s in a tool box doesn’t mean it does
what you need

— Need to understand both your system and what
the models are doing



Il. Multiple Scales of Uncertainty

* Many risk factors associated with
infection/likelihood of pathogen occurrence

* Those factors play into assessment of ‘local’
risk

* Partitioning uncertainty (spatially/temporally)
is important for risk assessment



Estimate of VB-ZD Risk Depends Numerous
Factors in Our Samples That are Beyond Our

TABLE 1

Species composition, numbers tested, and numbers seropositive by

ELISA to Sin Nombre Virus antigen

Number Number Seropreva-

Species tested positive lence (%)
Sigmodon hispidus 1,041 117 1132
Oryzomys palustris 22 0 0.0
Peromyscus gossypinus 39 1 2.6
Rattus rattus 294 5 | %7
Rattus norvegicus 40 0 0.0
Mus musculus 64 . 0 0.0
Total 1,500 123 8.2

Species sampled

Control
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FIGURE 2. Size-associated seroprevalence in male (black bars)
and female (gray bars) Sigmodon hispidus. Prevalence increased
with body mass and increased more rapidly in male than in female
S. hispidus.

Demographics

Glass et al 1998



If Want to Relate Environment to Local Risk Need
Good Estimate of Infection in Vector/Reservoir

Raw Prevalence
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Evaluating How These Factors Impact Our
Estimates of Risk/Infection

+ / -
Exposure Status \

Rat Spatial
Characteristics Correlation of
Observations

Local Climate & Habitat Habitat Structure




Build Risk Model of Finding BCCV

- o

Intercept 0.01 0.00-0.04
Female 0.25 0.14-0.45
>200g 625.16 102.62-4573.34
Habitat 1.12 0.14-8.83
Distance to 0.66 0.40-0.99
Habitat

Walsh et al 2007



Incorporating Aspects of Samples Alters
Estimates of Local Infection
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Estimate of Prevalence & Where the Analysis Deviates

_ Observed Infection
Observed Infection Lower than

Higher than Expected Expected

Site Random Effects
® 455-.322

-3.21 --1.38
-1.37 - -0.96
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-0.44 - 0.22
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I1l. Systems Dynamics: Ultimate in Uncertainty

* Even very simple descriptions of
systems can have very complex
behaviors

Equilibrium Becomes More Uncertain

(a) L tb)

Kot et al 1988 Rate Pop’n Increase




Resolution

Detecting Causality in
Complex Ecosystems

George Sugihara,'* Robert May, Hao Ye,! Chih-hao Hsieh,** Ethan Deyle,*
Michael Fogarty,* Stephan Munch®

Science 2012

Analytical Decision Tree
Huffaker 2015
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Figure 2. A framework for Nonlinear Time Series Analysis




Convergent Cross Mapping

X(t+1) = X(1) [3.8 - 3.8 X(f) -0.02 Y(1)] The same system can be:
1 Y(t+1) = V(1) [3.5 - 3.5 Y(f) - 0.1 X(1)] Correlated,
A B .
negatively correlated or
0.8 uncorrelated
at different times
0.6
0.4
02 | 1 1 | | 1 1 .m‘ 1 1 1 1 1 1

x(t) = [X{#) X(t-t).X(t-27)]
Sugihara et al 2012

Kot et al 1988



Linkages are Situation/Location
Dependent

Zambezi 1100-1150 mm
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Identify Long-term Drivers of A Disease Rates

* Pop’n Growth
 Changed Health Syst

* Precipitation/temp
patterns

* Atmospheric CO2
* Vegetation

Observed Data

Diagnose Real-World System Dynamics
Signal Processing
Fourier and Wavelet Spectral Analysis
Singular Spectrum Analysis

Phase Space Reconstruction
Time-delay embedding
Surrogate Data Tests

Aaft surrogates
Pzuedo Phage Space surrogates

Y y

Reductionist Approach Integrative Approach

Linear stochastic dynamics Nonlinear dynamics

v V

Causality Detection
Granger Causality
Dynamic Factor Analysis

Causality Detection
Convergent Cross Mapping

Figure 6. Selecting an empirical causal-detection method
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Summary

* Uncertainty is sometimes self-inflicted

— ‘Brain-dead’ analyses can make a simple problem more
complex

* Intentionally partitioning sources of variation can be
especially useful to understand what your data are
telling you

— And to identify why/where your analysis has ‘gaps’

 Complex patterns may not be ‘noise’ but evidence of
non-linearities & feedbacks

— Administrative, long-term time series become exceedingly
valuable to identify patterns



