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ABSTRACT OF DISSERTATION
CONTRIBUTIONS TO THE MATHEMATICAL THEORY

OF EPIDEMIC DYNAMICS

[ derive a novel model of disease transmission in dynamic host populations (“model
MM”) from mechanistic assumptions. This model addresses several concepts simultaneously:
(1) infection of susceptible individuals occurs through 2 mechanisms, contact with “point”
sources of infectious material resulting in a constant risk, and contact with infectious
individuals resulting in additional risk that varies with the size of the infectious population;
(2) that transmission may cross species boundaries; (3) that population size can effect risk;
and, (4) that individual covariates affect risk. [ demonstrate this model’s theoretical
application by forecasting possible outcomes of abovine tuberculosis (Mycobacterium bovis)
epidemic in a white-tailed deer (Odocoileus virginianus) population using data from a recent
epidemic in Michigan. I conclude that the best use of epidemic forecasting exercises is to
identify critical gaps in knowledge for future research.

Next, [ propose 50 additional candidate models of the epidemic process. I present the
structure of these models by first defining 4 general classes of epidemic models: muitinomial,
structured multinomial, nested logistic regression, and biological-mechanistic. [ then

challenge these models using 2 classic data sets of binomial chain epidemic data from the
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literature (measles, “common cold”) and evaluate the bias-variance tradeoff of each
model/data set combination using Akaike’s Information Criterion (AIC). Model selection
results are not consistent between data sets and no universal model emerges. This conclusion
raises questions about the rational of invoking popular epidemic models in attempts to explain
or predict specific host/parasite dynamics. [ then use Monte Carlo methods to evaluate the
ability of AIC and it’s Bayesian compliment, BIC, to detect model MM as the generating
process of data ot the same sample sizes and similar rates of infection as found in these 2 data
sets. BIC outperformed AIC when the generating process was simple and in the candidate
set of models. [ conclude that sample sizes were insufficient to strongly rule out model MM
as the underlying the generating process.

Finally, I summerize the literature on epidemic dynamics. [ conclude that many

fundamental questions remain open to debate. Inresponse, [ make several recommendations

to direct future research.

Craig Willard McCarty

Graduate Degree Program in Ecology
Colorado State University

Fort Collins, CO 80523

Fall 1999
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INTRODUCTION

The goal of this dissertation is to present a critical analysis of the classic epidemic
problem: “How do we model the transition from the susceptible to the infected state?” Three
general concepts are pervasive throughout as [ address this question from different
perspectives in successive chapters. First, [ emphasize the distinction between mechanistic
and statistical models. Second, I emphasize the relationship of data to model projection,
forecasting, and model fitting and selection (i.e., respectively, describing the logical
consequences of a model, predicting the future, and selecting the “best” approximating model
for a data set). Third, [ emphasize the importance of entertaining multiple a priori models
and hypotheses.

In chapter 1, I derive a novel model of disease transmission in dynamic host
populations and demonstrate its application by forecasting possible outcomes of a bovine
tuberculosis (Mycobacterium bovis) epidemic in a white-tailed deer (Odocoileus virginianus)
population. My approach is mechanistic and bases disease transmission on the probability of
each susceptible individual becoming infected per unit time, and affords the flexibility
necessary to model epidemics in dynamic wildlife populations. I conclude that perhaps the
best use of epidemic modeling exercises is to uncover areas of uncertainty in our knowledge
and suggest testable hypotheses.

In chapter 2, I define and compare 4 classes of epidemic models (41 models in total)

using Akaike’s information criteria (AIC)-based model selection and 2 data sets (measles,

12

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



“common cold”) from the literature. The 4 classes included multinomial, structured
multinomial, nested logistic regression, and biological-mechanistic models. Inall, 52 possible
model-data set combinations are fit and AICc values calculated. Model selection results are
not consistent between data sets and no universal model emerges; only six models were highly
plausible (AAICc < 4) candidates for at least one of the data sets. Although [ detected some
evidence of underlying structure, neither data set suggests that the number of infectious or
susceptible individuals, population size, or time strongly affected epidemic dynamics. My
findings underscore the need for replicated data and experimental evidence to support
selection of any particular epidemic model. The results of my analyses raise questions about
invoking popular epidemic models in attempts to explain or predict specific host/parasite
dynamics.

In chapter 3, I use Monte Carlo methods to evaluate the ability of AIC and it’s
Baysian complement, BIC, to select the model introduced in chapter 1 as the generating
process of epidemic binomial chain data of the same sample sizes and similar rates of infection
as found in the 2 data sets analyzed in chapter 2. As expected, BIC selected the generating
process more frequently than AIC in all scenarios in which the generating process was simple
and in the set of candidate models. My results do not support the notion suggested in chapter
2 that the selection of a biologically unreasonable model by AIC as the best approximating
model for the one of these data sets (“common cold™) is anunfortunate artifact of sample size.

I conclude the dissertation by discussing the complications of quantifying risk in
epidemic models and reviewing current literature (emphasis on 1/1/98 - 4/30/99). Concepts
addressed include spatial and temporal factors, individual and population heterogeneity,

transmission, environmental effects, simultaneous epidemics, and multiple avenues of risk.
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I provide many examples of each factor. I conclude that despite the volume of literature on
epidemic modeling, many fundamental questions remain open to debate and many potentially
fruitful avenues of expansion are open. In response, I make several suggestions to direct
future research in this area: (1) whenever possible, research should emphasize experimental
challenges of current and new theories of epidemic dynamics under the paradigm of multiple
working hypotheses; (2) when true experiments are not possible, quasi-experiments and
correlative studies should adopt information theory based analyses and entertain several a
priori models; (3) epidemic modeling and the concept of “epidemic” should be expanded to
include the propagation of other phenomenon through populations such as ideas, fads,
religions, computer viruses, product specific accidents, cancer, poisoning, substance abuse,
mental illness, eating disorders, child abuse, and domestic violence; and, (4) several principles
of ecology deserve more attention as factors in epidemic dynamics: convergent and divergent

evolution, interspecific competition, fragmentation, metapopulations, source and sink

populations, and island biogeography.

14
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CHAPTER 1

A Versatile Model of Disease Transmission Applied to Forecasting Bovine
Tuberculosis Dynamics in White-tailed Deer

SUMMARY
We derived a model of disease transmission in dynamic host populations and demonstrated
its application in forecasting possible outcomes of a bovine tuberculosis (Mycobacterium
bovis) epidemic in a white-tailed deer (Odocoileus virginianus) population. Qur approach
was mechanistic, based disease transmission on the probability of each susceptible individual
becoming infected per unit time, and afforded the flexibility necessary to model epidemics in
dynamic wildlife populations. We applied this approach to a sex- and age-structured deer
population model. Our model predicted that tuberculosis prevalence in a white-tailed deer
population could rise from about 3% to about 21% over 25 years, and that neither lowered
deer survival nor lowered transmission would be completely effective in eliminating disease
from the population. Maternal transmission appeared unimportant to modeled tuberculosis

dynamics; in contrast, disease was not maintained for more thanl5 years in models lacking

lateral transmission.

Key Words: Bovine tuberculosis; epidemic modeling; modeling; epidemiology; white-tailed;

deer Mycobacterium bovis, Odocoileus virginianus.
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1.1. Introduction

Modeling is an important tool for describing and predicting the dynamics and outcomes of a
wide variety of ecological processes, including infectious disease transmission (Starfield and
Bleloch, 1986; Grenfell and Dobson, 1995). Epidemic models have been used to investigate
the role of disease in population processes, to compare disease management strategies, and
to assess risk of disease transmission within and among species (Anderson and May, 1979,
1982; Grenfell and Dobson, 1995; Barlow, 1996).

Dynamic wildlife populations present unique challenges to traditional epidemic
modeling approaches. A combination of features, including environmental or demographic
stochastisity, nonconstant survivorship, differential susceptibility or infectiousness, individual
covariates, and density-dependence may be required to realistically portray epidemics in free-
ranging wildlife populations. The differential equation approach to epidemic modeling (e.g.,
Anderson and May, 1979) becomes mathematically intractable when such features are
incorporated (e.g., Bailey 1975; Heesterbeek and Roberts, 1995). Similarly, the Reed-Frost
approach is limited by parameters that are conditional on a fixed population size throughout
the duration of the epidemic (Bailey, 1975; Becker, 1981); the latter assumption may be
appropriate in stable human populations, but is of limited utility in applications to fluctuating
wildlife populations. In addition to these difficulties, few epidemic models can be readily
parameterized from data typically provided by wildlife studies. Consequently, models
depicting chronic epidemics spanning many generations of wildlife hosts are relatively
uncommon (Barlow, 1995). Despite these challenges, wider availability of epidemic models

could be useful to those responsible for managing wildlife disease problems.
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Herein, we describe a versatile mechanistic model of disease transmission and
demonstrate its application in forecasting possible outcomes of a bovine tuberculosis

(Mycobacterium bovis) epidemic in a dynamic white-tailed deer (Odocoileus virginianus)

population.

1.2. General Mathematical Approach

We represent the transition from the susceptible to the infected state with a simple mechanical
model. Two assumptions are necessary for this model to apply. First, we assume the
infectious subpopulation produces some number of infectious contacts per member (i) per
unit time (f), denoted as B, We define an infectious contact as any interaction between an
infectious individual and any other individual that would result in disease transmission if the
other individual were susceptible. Second, we assume all individuals within the host
population have equal or known probabilities of contacting any infectious individual per unit
time. The probability of any one susceptible individual being infected by one or more of the

I members of the infectious subpopulation per unit time (Ps,) is calculated as

Ps, =1-(1- P), (L.1)

where P is the probability of any one susceptible individual becoming infected by receiving
one or more infectious contacts from a single infectious individual per unit time. We calculate

the latter probability as:

1 B
le-(l—W) R (1.2)

where [ is the number of infectious contacts per infectious individual per unit time and N is

17
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the total population size. Here, (1-1/N) is the probability of the susceptible individual not
receiving a single infectious contact from that single infectious individual. Substituting

equation 1.2 into equation 1.1 yields the probability of a susceptible individual becoming

infected per unit time:

1\7?
P(s-n:l’(l'ﬁ) . (1.3)

Our model has two key features. First, disease transmission is driven by the number
of potential infectious contacts made by an infectious individual during a given time step (f3).
Because these contacts are randomly allocated across the population, some may be “wasted”
on individuals that are immune or are already infected. This parameter is measurable.
Moreover, B itself can be modeled to reflect changes in the nature of interactions within the
host population, between host species, and with the environment. Second, this model
recognizes that host population size also influences the probability of interactions between
individuals during a given time step. By incorporating total population size into estimating
the probability that a susceptible individual will become infected, this model allows
populations to fluctuate without compromising baseline assumptions about disease
transmission. It follows that three factors act in concert to affect the probability that any
susceptible individual becomes infected during any given period of time: the number of
infectious individuals, the number of infectious contacts each is capable of producing, and the

size of the population where potential interactions may occur.

18

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



1.3. Application to Bovine Tuberculosis Epidemiology

In 1994, tuberculosis was first detected among free-ranging white-tailed deer in northeastern
Michigan; subsequent investigations revealed that tuberculosis was well-established in the
affected deer population (Schmitt et al., 1997). Because this epidemic potentially threatened
local cattle herds and presented significant obstacles to long-term wildlife resource
management, Michigan's Departments of Agriculture and Natural Resources (MDNR)
requested an assessment of various associated risks (United States Department of Agriculture,
unpubl. report). Using the mathematical approach outlined above, we constructed the

following epidemic model as a foundation for the quantitative components of subsequent risk

assessments.

1.4. Modeling Methods

We modeled epidemic and host population dynamics as a multivariate Markov process
(Sharpe, 1988), with each dimension representing the number of individuals in a particular
sex, age, and health class. Transitions between consecutive vectors were governed by a series
of simple rules determined by population dynamics of the host species (analogous to the

difference equations employed in matrix population models; Caswell, 1989) and host-parasite

interactions.

Initially, we constructed a deterministic white-tailed deer population and tuberculosis
epidemic model generally fitted to trends observed in the affected deer population in Michigan
over the last 40 years (Fig. 1.1). This preliminary model served two purposes. First, it
ensured reasonable representation of historic trends in population and tuberculosis dynamics

observed in the affected white-tailed deer population. Second, it provided estimated
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transmission coefficients for use in subsequent projections of epidemic trends. Our model
featured two sexes (male, female), two age classes (fawn, adult), and four health states
(susceptible, first and second year of incubation, infectious), and operated on an annual time
step. Within each time step, fawns were recruited, maternal and lateral tuberculosis
transmission occurred, yearlings and adults of all health states were removed via hunting and
natural mortality, and the disease progressed in incubating animals. Yearling and adult
survival rates were fixed (male = 0.45, female = 0.75) to produce male:female ratios (about
1 male:2 females before annual mortality and about 1 male:4 females after mortality) that
matched field observations (MDNR, unpubl. data). To mimic processes driving white-tailed
deer population dynamics (e.g., McCullough, 1979), fawn recruitment rates (the combination
of fawn birth and survival rates) were adjusted annually (range 0.35 to 0.7) to fit the
simulated population to historic trends (range about 7,600 to about 20,000 deer; Fig.
1.1)(MDNR, unpubl. data). We assumed recruitment and adult survival rates were reduced
by both hunting and natural mortality, but their effects were combined in the model; we
further assumed no compensation in recruitment to counterbalance reduced survival (e.g.,
Bartmann et al., 1992). Because average deer life spans were relatively short under these
survival regimes (about 2 years for males, about 4 years for females), and because severe,
disseminated tuberculosis was rarely observed in affected individual white-tailed deer (Schmitt
et al., 1997), we assumed tuberculosis did not affect recruitment or survival.

Health states reflected exposure to and duration of infection with M. bovis. We
modeled the transition from the susceptible to the infected state using the mechanical model
described in equation 1.3. We assumed all deer in the population were equally susceptible to

tuberculosis prior to infection. However, based on sex-related differences in prevalence
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initially observed in the affected population (males = 0.08, females = 0.02; S. Schmitt, pers.
comm.), we assumed that males were somehow more likely than females to contact an
infectious individual at each time step. We allowed fawns bom to infectious females
additional opportunity to become infected via maternal transmission (7y,,1)-

Once susceptible deer became infected, we assumed a 2 year incubation period before
infected deer could transmit M. bovis to other deer; based on descriptions of lesion size and
distribution in white-tailed deer (Schmitt et al., 1997), it appeared to us that deer in early
stages of infection would be unlikely to shed infectious doses of M. bovis. During the second
year of incubation, we assumed tuberculosis infections would be detectable by conventional
postmortem diagnostic approaches (e.g., Schmitt et al., 1997). Infectious deer remained
infectious for life, each transmitting disease at set rates expressed as infectious contacts per
time step between infectious individuals and females and fawns (B;) and between infectious
individuals and adult males (B,,). Females were additionally capable of transmitting infection
to their fawns at a fixed rate (7y,; = 0.25). We assumed no immunity to or recovery from
tuberculosis once deer were infected.

At each time step, the probability of a susceptible deer entering the first year of
incubation was determined by equation 1.3; the total number of first year incubators was the
sum of deer newly infected via lateral transmission and via matemal transmission. The
probabilities of deer moving from the first to second year of incubation and from the second
year of incubation to the infectious class were sole functions of sex- and age-specific survival
rates; consequently, the overall probability of infected deer surviving to become infectious
was about 0.20 for males and about 0.56 for females. The model tracked total numbers of

deer in each health state at each time step, and also calculated prevalence estimates: we
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defined the numerator for prevalence as the total number of infected deer detectable at
postmortem exam (= second year incubating + infectious) to allow comparison to field data,
and used total population less fawns as the denominator. The model also tracked the total
number of infected deer (= first year incubating + second year incubating + infectious).

Initial conditions were set such that population size was about 15,000 deer and
increasing. We apportioned the initial population using observed sex ratio data (about 33%
males:67% females before annual mortality;, MDNR, unpubl. data) and adjusted fawn
recruitment rates to increase and decrease population size to track historic trends (MDNR,
unpubl. data). We then added one infectious female to the population, and fit the model to
estimate transmission coefficients necessary to yield observed prevalences of about 2.4% in
> |-year-old females and 8.1% in > |-year-old males (3.1% overall for >1-year-old deer) 40
years later (Fig. 1.1). These transmission coefficients (B = 0.5, B,, = 8.1) were used as
baseline epidemic conditions in our projection models.

Next, we allowed stochastic processes to influence the dynamics of the population and
the epidemic to explore the range of possible future trajectories. Initial conditions for
forecasting were taken from year 40 (= 1995) of the deterministic model. We used Monte
Carlo methods (Ross, 1997) to investigate the range of possible outcomes and to derive
variance estimates of relevant functions of the population vector (e.g., yearly prevalence and
probability of transition from susceptible to infected). Alternative management scenarios also
were modeled. As a baseline for comparisons, we left parameters describing population and
epidemic dynamics unmodified from the deterministic model and projected progress of
tuberculosis in the simulated herd for 30 years. We then considered the effects of two types

of management: the first reduced survival rates, and the second reduced transmission; we
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examined these alone and in combination.

We also ran simulations to examine model sensitivity and effects of temporal variation
on model outcomes. Because the adult survivorship of deer in North America is relatively
stable but recruitment rates vary widely across time both within and among populations
(McCullough, 1979; Bartmann et al., 1992), we examined effects of temporal variation in
recruitment for each scenario by modeling yearly recruitment as a Beta random variable
(Ross, 1997) with mean = 0.48 and 80% of the probability mass between 0.20 and 0.75.
Further, scenarios were examined with and without maternal transmission.

For each case of each scenario, we generated 1,000 possible sample paths.
FORTRAN source code for these calculations is available from the authors upon request (see

appendix for a more quantitative description).

L.5. Modeling Results

Under our deterministic model’s survival and transmission assumptions, the basic
reproductive ratio (R,; Heesterbeek and Roberts, 1995) of tuberculosis in white-tailed deer
was >1.0. Consequently, our stochastic model predicted that, given the foregoing
assumptions, there is a high likelihood that tuberculosis will persist in the infected white-tailed
deer population in Michigan. Model outcomes also illustrated the potential effects of
prospective management interventions on the predicted trajectory of this epidemic (Figs. 1.2-
1.3). In general, reducing survival was predicted to be less effective in reducing prevalence
than reducing transmission until the lower threshold for population persistence was reached
(Fig. 1.2); reducing both survival and transmission appeared more effective than either

approach alone. For example, the model predicted that prevalence may rise to about 21%
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over a 25 years period in the absence of management intervention (Fig. 1.3a). Reducing adult
survival by 10% projected drastic population declines over 25 years, from 7,926 to 1,105 deer
on average (standard deviation = 71; range 886 to 1,293,) (Fig. 1.3b). Lowering adult
survival by 10% appeared slightly less effective in reducing predicted prevalence than
lowering transmission coefficients by 10%, but lowering survival reduced the average number
of infected deer to about one fifth the average number predicted by lowering transmission
(Figs. 1.3b, 1.3¢). The model predicted that reducing both survival and transmission by 10%
would diminish both prevalence and total numbers of infected animals (Fig. 1.3d). Reducing
survival beyond 70% of historic rates eliminated both the epidemic and the population by year
25 (Fig. 1.2).

Temporal variation in recruitment increased the uncertainty of observed prevalence
dramatically: standard deviations increased 3.8- to 4.5-fold. However, the epidemic stiil
persisted in all sample paths of most scenarios. Because of low recruitment rates and the long
incubation period of bovine tuberculosis, maternal transmission was not a significant factor
in modeled epidemics: reducing maternal transmission to zero had virtually no effect on model
outcomes. In contrast, tuberculosis was not maintained for more than 15 years in simulated

populations in the absence of lateral transmission.

1.6. Discussion

We believe it useful to distinguish two broad categories of modeling: model fitting and
selection, and forecasting. We consider fitting and selection as a branch of statistics
concerned with the efficient use of data when inferences are limited to the process that

created those data. Here, the usual goal is to select a model, from among candidate models,
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that achieves the best compromise between bias and precision (Burnham and Anderson 1992).
In contrast, forecasting is predicting outcomes in the absence of data generated from the
process being investigated (Caswell, 1989). Thus, all models of future events (in our context,
modeling the possible trajectories of epidemics) are exercises in forecasting. The foregoing
description of our deer-tuberculosis model illustrates several important facets of a general
approach to epidemic modeling: model selection, fitting, and forecasting. As a final step, we
encourage careful appraisal of model assumptions and outcomes. We believe this last step
to be perhaps the most useful product of any modeling exercise.

Our deer-tuberculosis model illustrates the importance of appraising model outcomes.
For example, our model predicted that tuberculosis is likely to persist in the affected deer
population for >25 years under virtually any plausible management strategy and that even a
substantial increase in deer harvest is unlikely to eliminate tuberculosis without imperiling
long-term population survival. Although the 1nodel forecast combined reductions in
transmission and survival as the most effective management strategy, no proven methods for
such intervention have been identified. It is conceivable that severely reducing adult survival
(e.g., >10%) will also reduce tuberculosis transmission, but we can offer no unequivocal
support for this prediction. Also, because the effects of increased harvest on deer social
structure are largely unknown, reducing the overall number of deer may not reduce average
group size or social interactions per unit time; in the absence of such reductions, culling may
be relatively ineffective as a disease management tool (Barlow, 1996). Clearly, management
experiments designed to test these predictions are warranted.

Assumptions about disease transmission also deserve retrospective scrutiny, as our

deer-tuberculosis model illustrates. As in all epidemic models, prevalence dynamics in our
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model were driven by transmission coefficients, the true values of which remain unknown.
We estimated these coefficients by fitting the deterministic model to our and others’
perceptions of both population and disease trends. One perception influencing transmission
coeflicients was that of the epidemic’s historic duration. We were forced to choose a
somewhat arbitrary date for the epidemic’s origin because no one actually knows when bovine
tuberculosis was first introduced into the deer population in Michigan, or by what means that
introduction occurred. Available information strongly suggested that M. bovis had been
enzootic in the affected deer population for at least 20 years: in 1975, a seemingly isolated
case of bovine tuberculosis was diagnosed in a hunter-killed deer from this same population
(Schmitt et al., 1997). We believed it highly unlikely that this was the affected population’s
first tuberculosis case. Several plausible sources of infection for free-ranging deer existed in
Michigan about four decades ago: bovine tuberculosis occurred in cattle, and in captive exotic
and white-tailed deer in Michigan in the 1950's (Ferris et al., 1961, Towar et al., 1965).
Consequently, we believed 1955 (40-years-ago) was a reasonable but conservative estimation
of the epidemic’s origin. Observed data generally support this assumption. A more recent
introduction (e.g., 5- to 10-years-ago) would have required considerably higher transmission
rates to elevate prevalence to levels observed in 1995 (Fig. 1.4). Using such transmission
rates, our model projected that prevalence should now be doubling annually; the latter has not
been observed (Schmitt et al., 1997, MDNR, 1998)(Fig. 1.3). Although more distant
introductions (e.g., 50- to 70-years-ago) seemed feasible (Fig. 1.4), such scenarios might have
tended to underestimate transmission rates and subsequently overestimate potential efficacy
of management interventions. Because these assumptions have such profound effects on

epidemic dynamics, experimental data on or independent estimates of tuberculosis
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transmission among white-tailed deer would greatly enhance the reliability of future modeling
efforts.

The violation of many other less obvious model assumptions also could affect
forecasts. For example, although possible (Morris and Pfeiffer, 1995), for lack of evidence
we assumed that no secondary infectious reservoir existed or will exist among sympatric
species. The presence of a secondary reservoir could cause our model to underestimate
future prevalence and probability of persistence. Similarly, an environmental source of
infection (e.g., contaminated food sources; Schmitt et al., 1997) also could cause the model
to underestimate prevalence and persistence in the future. To address such possibilities,
equation 1.3 could be modified to include a parameter representing constant background risk

posed by an additional source of infection:

1)"
P(S_,)=1-a(l—ﬁj , (1.4)

where o is the probability of not becoming infected via contact with the environmental source
of infection during each time step (appendix; note that when f§ = 0, all transmission comes
from environmental sources). It is also conceivable that B is density-dependent. For lack of
evidence, our model assumed tuberculosis transmission coefficients were density-independent.
As a result, the probability of disease persistence may have been overestimated.
Assumptions about population structure and white-tailed deer behavior could also
affect model outcomes. Based on local perceptions and anecdotal evidence, we modeled the
study population as closed. Emigrating infected deer, possibly searching for new sources of
food after cessation of supplemental feeding, could cause new epidemics in neighboring

populations. Also, because white-tailed deer groups are matriarchal (McCullough, 1979;
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Lagory, 1986; Nelson and Mech, 1987), estimates of transmission parameters made under a
random mixing assumption may be unsuitable for forecasting. Disruption of matriarchal
groups via increased harvest or other processes could affect tuberculosis transmission in ways
not accounted for in our model, causing the model to either over- or underestimate prevalence
trends. Moreover, lack of spatial structure in our model may have oversimplified disease
dynamics by neglecting potential heterogeneity of tuberculosis distribution and prevalence
(e.g., Cheeseman et al., 1981, Barlow, 1991); as a result, culling focused in high prevalence
areas could be more effective than predicted by our model. Despite its potential
shortcomings, we believe this model has at least served to raise questions about tuberculosis
epidemiology in white-tailed deer that may stimulate further empirical investigations.

In conclusion, we suggest equation 1.3 as a plausible general model of the transition
from the susceptible to the infected state. This model offers several desirable features. For
example, B has a mechanistic interpretation: in equation 1.3, P is the mean number of
infectious contacts between infectious individuals and any other member of the host
population per unit time. It follows that values for § could be measured via controlled
experiments. Unlike the transmission parameter of the Reed-Frost and Greenwood models,
B is independent of population size. However, by holding N constant across time steps,
equation 1.3 simplifies to the Reed-Frost and Greenwood models (Fine, 1977), the only
epidemic models to date that have been subjected to rigorous model fitting and selection
(Bailey 1975; Becker, 1981). In the context of individual-based models (DeAngelis and
Gross, 1992), equation 1.3 can be interpreted as the probability of a susceptible individual
receiving one or more of the available infectious contacts (/B) per time step. This model can

be adapted from discrete to continuous time, although the resulting differential equations are
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somewhat intractable (appendix). Finally, we believe our approach addresses at least two of
the needs identified in Barlow’s (1995) critical review of wildlife disease modeling: equation

1.3 is relatively simple, and it allows reconciliation of deterministic and stochastic models.
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Figure 1.1. Our deterministic model simulated historic trends in deer population (left axis)
and tuberculosis (right axis) dynamics. Transmission coefficients (B = 0.5, By, = 8.1) were
selected to yield a predicted prevalence of about 3.1% 40 years after introduction of one
infected female. Gray bars are total numbers of deer predicted, black bars are numbers of
infected deer predicted, and the line represents simulated prevalence. The diamond is an
independent prevalence estimate derived from field data (Schmitt et al., 1997, MDNR, 1998);
capped bars bound the estimate’s 95% confidence interval.
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Figure 1.2. The effects of two alternative management approaches on tuberculosis prevalence
were examined using our stochastic model. In general, the model predicted that lowering
survival would be proportionately less effective in reducing predicted prevalence than
lowering transmission until the threshold for population persistence was reached; lowering
both survival and transmission appeared more effective than either approach alone.
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Figure 1.3. (a) Models with unaltered parameters predicted that tuberculosis prevalence (right axis) would increase to about 21% over the
next 25 years. (b) Models that reduced survival by 10% produced only a modest reduction in predicted prevalence, but forecast dramatic
declines in mean population size (left axis) and total infected animals (left axis). (c) Models with transmission coefficients reduced by 10%
also produced a modest reduction in predicted prevalence without affecting population numbers. (d) Models that reduced both survival and
transmission by 10% diminished both prevalence and total numbers of infected animals. Gray bars are total numbers of deer predicted, black
bars are numbers of infected deer predicted, and the line represents predicted prevalence; vertical lines span the entire range of prevalence
predictions, and the wider portions of those lines are + 1 standard deviation of prevalence estimates from 1,000 sample paths. Diamonds
are independent prevalence estimates derived from field data (Schmitt et al., 1997, MDNR, 1998); capped bars bound the estimates’ 95%

confidence intervals.
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Figure 1.4. Our deterministic model also was used retrospectively to examine the likely
historic duration of the tuberculosis epidemic in Michigan. Assumptions about epidemic
duration influenced the values of transmission coefficients () necessary for the model to
approximate observed prevalence data (Schmitt et al., 1997). We assumed tuberculosis was
introduced 40-years-ago; a more recent introduction (e.g., 5- to 10-years-ago) would have
required considerably higher coefficients to elevate prevalence to levels observed in 1995.
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APPENDIX (chapter 1)

1.A.1. Quantitative description of the model

We modeled the epizootic and population dynamics of tuberculosis in the affected white-
tailed deer herd as a Markov process on a 12-dimensional random vector (Table 1.A.1). Each
dimension marked the number of individuals in a single sex/age/health state at the end of the
cervid year. The index set was | cervid year. We defined the cervid year as the following
sequence of 5 events: 1 day before fawning, 1 day after fawn recruitment, | day after vertical
(maternal) disease transmission, 1 day after horizontal disease transmission, 1 day after all

adult mortality. Transitions between consecutive vectors were made using the following

rules:

Rule 1: The number of susceptible adult does/bucks 1 day before fawning in year i
equals the number of susceptible adult does/bucks 1 day after all adult mortality in
year i-1 plus the number of susceptible fawn does/bucks 1 day after all adult mortality
in year i-1.

Rule 2: The number of 2nd year incubating adult does/bucks 1 day before fawning
in year i equals the number of first year incubating adult/fawn does/bucks 1 day after
all adult mortality in year /-1 plus the number of st year incubating fawn does/bucks
1 day after all adult mortality in year i-1.

Rule 3: The number of 1st year incubating adult/fawn does/bucks | day before
fawning in year / equals 0.

Rule 4: The number of infectious adult does/bucks 1 day before fawning in year i

equals the number of infectious adult does/bucks 1 day after all adult mortality in year
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i-1 plus the number of 2nd year incubating adult does/bucks 1 day all adult mortality
in year i-1.

Rule 5: The number of susceptible fawn does/bucks 1 day after fawn recruitment in
year i is distributed as a binomial (number of adult does end of year i-1, pu goc
recruiting)/ 2)

Rule 6: The adult susceptible/incubating/infectious population 1 day after fawn
recruitment in year i equals the adult susceptible/incubating/infectious population 1
day before fawning in year /.

Rule 7: The number of infected fawn does/bucks 1 day after vertical disease
transmission in year i is distributed as a binomial (number infectious adult does 1 day
before fawning in year i, pyericat ransmission) " Pladult doe recruiting))-

Rule 8: The number of susceptible fawn does/bucks 1 day after vertical disease
transmission in year / equals the number of susceptible fawn does/bucks 1 day after
fawn recruitment in year / minus the number of infected fawn does/bucks 1 day after
vertical transmission in year i.

Rule 9: The adult susceptible/incubating/infectious population 1day after vertical
transmission in year i equals the adult susceptible/incubating/infectious population 1
day after fawn recruitment in year i.

Rule 10: The number of infected fawn does/bucks 1 day after horizontal transmission
in year i is distributed as a binomial(number of susceptible doe/buck fawns 1 day after
vertical transmission in year i, £,) + number of infected fawn does/bucks 1 day after
horizontal transmission in year i: §, = 1 - (1-1/7) ™ T = the total population size

1 day after fawn recruitment in year i, N, = the total number of infectious individuals
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1 day after fawn recruitment in year i, and B, = the average number of infectious
contacts between a single infectious individual and does or fawns per cervid year.
Rule 11: The number of infected does 1 day after horizontal disease transmission in
year i is distributed as a binomial (number of susceptible does 1 day after vertical
disease transmission in year i, §,).

Rule 12: The number of infected bucks 1 day after horizontal disease transmission in
year i is distributed binomial(number of susceptible bucks 1 day after vertical disease
transmission in year i, £,): £, =1-(1-1/T) "#@ T = the total population size | day
after fawn recruitment in year i, N, = the total number of infectious individuals | day
after fawn recruitment in year / and [, = the average number of infectious contacts
between a single infectious individual and adult bucks per cervid year.

Rule 13: The number of adult susceptible/incubating/infectious does/bucks 1 day after
all adult mortality in year / is distributed as a binomial (number of
susceptible/incubating/infectious 1 day after horizontal disease transmission in year

I, P (gurvival for adult doesbucks))-

We used Monte Carlo simulation to investigate the range of possible sample paths for
this process (Table 1.A.2) and to derive ranges and other variance estimates on various
relevant functionals of the these vectors (e.g., yearly prevalence and probability of transition
from susceptible to infected) for each of the seven management scenarios mentioned in the
previous section. Thus, the deterministic model used in the retrospective assessment projects

as the expected sample path.
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1.A.2. Derivation of equation 1.4

Rearranging equation 1.3 to give the probability of escaping infection and thus not receiving

1 or more infectious contacts gives

el

Now consider a 2nd constant source of risk of infection that is independent of the risk of

infection from the /B infectious contacts that occur during the time period in question.
Denote o as the probability of not becoming infected by the “point source” during the time
period. Given the independent and non-additive relationship between the point source and
the /B infectious contacts, the probability of any given individual escaping all of the infectious

contacts and infection from the point source during the time period is given by

1\"®
o (l - 7\7) :
Consequently, the probability of any given individual becoming infected during the time
period is

1-a(1-—;7)m (Q.E.D.).

1.A.3. Equation 1.4 in continuous time

Equation 1.4 can be used as an alternative to the traditional “mass action assumption” of most

continuous time epidemic models:

s P
o NSI.
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A clear derivation of this equation comes from Heesterbeek and Roberts (1995): “The /
infectives make on average [/ potentially infective contacts per unit of time. Only a fraction
S/N of those contacts is with a susceptible. So, B/S/N is the number of new cases arising per

unit of time.” Replacing this mechanism with the mechanism of equation 1.4 gives

s, —S[l—a(l-%/—)m}. (1.5)

For example, consider the classical epidemic model

s B
P
d B
:17=WSI_Y[
dR

7[:”’

where R is the number of immune or recovered individuals and y is the recovery rate. Note
that in this simple example, the population size and recovery rate are constant, and infected
individuals are instantly infectious (i.e., no incubation period). Replacing the mass action

assumption with equation 1.5 gives
ds ( 1)"’
dt ‘S{l' Y
dl ( 1)"’
dt-S[l— 1- }-71
dR

Z:-YI'

The dynamics of this model are similar to the dynamics of the classical model (Fig. 1.A.1).
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(appendix) Table 1.A.1
Random vector (X,, X,, ..., X,5) used to model a bovine tuberculosis (Mycobacterium bovis)
epizootic in a free-ranging white-tailed deer.

Vector position Interpretation of vector position

X # of susceptible fawn does

X, # of susceptible adult does

X # of 1st year incubating fawn does
X, # of 1st year incubating adult does
X # of 2nd year incubating adult does
X # of infectious adult does

X; # of susceptible fawn bucks

X # of susceptible adult bucks

X5 # of Ist year incubating fawn bucks
X0 # of 1st year incubating adult bucks
Xu # of 2nd year incubating adult bucks
X2 # of infectious adult bucks
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(appendix) Table 1.A.2
Simulated management scenarios and predicted probabilities for susceptible white-
tailed deer becoming infected with bovine tuberculosis within a given year. See text for

description of parameters and their estimation.

Scenario Coefficients (B) _Adult survival _ Transition probabilities
female male female male Syr 10yr 25yr
Status quo 0.50 8.10 0.75 045 0012 0.019 0.047
Reduce transmission 0.45 729 0.75 045 0.009 0010 0.031
(lower B by 10%)
Reduce transmission 0.38 6.08 0.75 045 0.006 0.008 0013
(lower {3 by 25%)
Reduce transmission 0.25 4.05 0.75 045 0.003 0.003 0.002
(lower [ by 50%)
Reduce adult survival 0.5 8.1 0.68 041 0011 0.017 0.037
(by 10%)
Reduce transmission and  0.38 6.08 0.68 0.41 0.006 0007 0010
adult survival
Reduce transmission and  0.25 4.05 0.68 041 0.002 0.001 0.001
adult survival
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(appendix) Figure 1.A.1. Comparison of the dynamics of the “mass action assumption” (a)
with the dynamics of “equation 1.5” (b-f). Arrows indicate direction of epidemic in time.
Initial conditions (a-f) are 99 susceptible, 1 infectious, and 0 recovered. Assumptions (a-f)
are constant population size, constant recovery rate (y=0.15), and instantaneous
infectiousness once infected. Note when a<1 (i.e,, c-f) the final size of the epidemic is 0

remaining susceptible individuals. Trajectories were determined numerically (Press et al.
1990).
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CHAPTER 2

A Comparison of Several Theories of Epidemic Dynamics Using AIC

SUMMARY
We defined and compared 4 classes of epidemic models (41 models in total) using Akaike’s
information criteria (AIC)-based model selection and 2 data sets (measles, “common cold™)
from the literature. The 4 classes included multinomial, structured multinomial, nested
logistic regressior, and biological-mechanistic models. In all, 52 possible model-data set
combinations were fit and AICc values calculated. Model selection results were not
consistent between data sets and no universal model emerged; only six models were highly
plausible (AAICc < 4) candidates for at least one of the data sets. Although we detected
some evidence of underlying structure, neither data set suggests that the number of infectious
or susceptible individuals, population size, or time strongly affected epidemic dynamics. Qur
findings underscore the need for replicated data and experimental evidence to support
selection of any particular epidemic model. The results of our analyses raise questions about

invoking popular epidemic models in attempts to explain or predict specific host/parasite

dynamics.

Key words: Greenwood model; Reed-Frost model; mass action; binomial chain; epidemic

modeling; AIC; model selection; statistical inference; measles; common cold.

45

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



2.1. Introduction to the problem

Models of specific epidemics are abundant in the literature (Dietz and Schenzle, 1985;
Barlow, 1995). Several general theories of epidemic dynamics exist and have allowed authors
a variety of approaches to specific problems (Bailey, 1975; Anderson and May, 1991, Barlow,
1995). Unfortunately, the assumptions of these theories have not been seriously scrutinized.
Only a very few authors (e.g., Bailey, 1975; Becker, 1979) have attempted to describe
existing data and compare alternative models from within a rigorous statistical framework;
of these, none have applied the modern paradigm of information theory based model fitting
and selection (Burnham and Anderson, 1998). Here we define and compare 4 classes of
epidemic models (41 models in total) using 2 data sets from the literature and Akaike’s
information criteria (AIC)-based model selection.

We divide models of epidemic dynamics into two general categories: “statistical
models” which attempt only to describe the pattern of the data, and “mechanistic models”
which attempt to mimic the processes assumed to have generated the data. Mechanistic
models are often more appealing to scientists because they offer potential insights that might
lead to further testable hypotheses; they differ from statistical models in their ability to address
the effects of changes in the system not previously observed. This may explain the dominance
of mechanistic epidemic models in the literature (Dietz and Schenzle, 1985; Barlow, 1995).

The pivotal issue of mechanistic models of epidemic dynamics is how to
mathematically describe the transition from the susceptible to the infected state throughout
the course of the epidemic. Authors have rationalized a variety of approaches, modeling this
transition as dependent on various combinations of constants, random variates, and functions

of the number infectious (/), the number susceptible (S), and the total population size (N).
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Although often neglected, many other phenomena are potential sources of significant effects.
First, does infectiousness or susceptibility vary by individual? For example, is susceptibility
a function of measurable covariates such as age, gender, occupation, and medical history, or
of unknown and hence unmeasurable covariates? Second, does the mechanism of
transmission vary by situation or pathogen? Third, what is the consequence of the population
being open to births/deaths and emigration/immigration during the epidemic? Fourth, does
infectiousness and/or susceptibility change through time independently of the population’s
composition in terms of / and § . Finally, does the spatial arrangement and movements of

members of the population affect transmission?

2.2. Data

A literature search revealed two data sets useful in addressing these questions. Both are
frequency tabulations of epidemic “binomial chains” in which the progress of successive viral
infections was tracked over time within human family households. For example, one class of
chains from households of 5 members with 1 initial infection is: initial infection, followed by
2 new infections and recovery of the first, 1 new infection and recovery of the second and
third, and no new infections and recovery of the fourth; the notation for this chain is 1-2-1-0.
The first infection is assumed to be independent of the last infection because this first
infectious individual had ceased to be infectious after infecting the 2 in some way; the Markov
property is assumed. Chains apparently were not initiated on the same calendar date.
Collecting data in this format was presumably accomplished by visiting each household
separately at time intervals beginning on the date when the first infection was recognized and

continuing with re-visits at intervals that equaled the sum of the infectious and incubation
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periods of the disease in question. To avoid misclassifying chains, a requirement of this
scenario is that infectious and incubation periods be known, somewhat constant, and that the
infectious period is short relative to the incubation period.

Both data sets were analyzed previously by different authors using traditional
methodologies of hypothesis testing (Table 2.1). The first data set, “Heasman and Reid”, is
a tabulation of binomial chains from 664 households of size 5 with 1 initial infection of the
common cold in each household (Heasman and Reid, 1961). This data set was the subject
of extensive analyses by Becker (1980, 1981, 1989). The second data set, “Providence,” is
a tabulation of binomial chains from 434 households of sizes 3 and 4 with 1 initial infection
of measles in each household (Wilson et al., 1939, Bailey, 1975). This data set was analyzed
as two separate sets, conditional on household size, by Bailey (1975).

While far from ideal, together these 2 data sets display variation in several of the
components of the epidemic problem. Each household of each data set represents a replicate
of a specific epidemic. Both data sets exhibit variation in / and § during the course of the
epidemic. The Providence data, while not open to births/deaths or immigration/emigration,
shows variation in household size, thereby simulating this effect via comparison between
households of different sizes within the same data set. In both sets, the spatial component to
the epidemic process is largely constant because, when compared to entire communities,
houses are approximately the same size and are likely to share similar daily activity dynamics.
Further, households are most likely to meet the “homogeneity of mixing” assumption (Bailey,
1975) of most mechanistic models of epidemic dynamics and necessary for many of the
models compared here. Unfortunately, no additional information was collected that might

have further helped our analyses; several, potentially useful covariates (e.g., age and gender
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composition of each household) are unknown. Finally, both illnesses are viral respiratory
tract infections of comparable epidemiology. In both cases, the pathogen is thought to
transmit via intimate contact between individuals, inhalation or ingestion of exhaled infectious
aerosolized droplets or secretions, or by contact with surfaces infected by those droplets or
secretions (Gershon, 1995; Gwaltney, 1995). Entry into the new host is believed to occur

through the respiratory tract or mucous membranes.

2.3. Models

2.3.1 Rationale

For convenience we divide our set of 41 candidate models into 4 classes (multinomial,
structured multinomial, nested logistic, biological-mechanistic) based on our interpretation
of each individual model as “mechanistic” or “statistical” and whether or not individual
models are nested within the global model of each class. For example, model class 2 contains
14 models nested under one global model and is considered to be more mechanistic than

model class 1, but less so than model class 3.

2.3.2 Model class 1, multinomial (I member)

The multinomial model, MULT, recognizes no generating process beyond the simple
observation of different categories of chains, each with different cell probabilities. For

example, under this model the likelihood of the Providence data is

334! 3, )® 100! 0\
' 34 25 36| 1_ 1 . ' 4 3 1 4 3 8 10[, _
3412513612391 1 P2 P3 [l ZP'} 4!3.!1!4!3!8!10!67!”“"’5”“‘”’1”“”9””[1 ;"') '

i=1
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2.3.3 Model class 2, structured multinomial (15 members)

Global model NTSI recognizes the first level of structure generating each multinomial cell of
each data set; each chain classification is the result of a disease transmission process. Under
this model, the probability of transition from the susceptible to the infected state is conditional
on the population size (), the time step (7), the number of available susceptible individuals
(S), and the number of infectious individuals (/). The number recovered (R), is not included

since R=N-S-I. For example, the expected number of 1-2-0 chains (household size 4) under

model NTSI in the Providence data is

2
100(3py=a7-15=37=19N=4T=1.5=3=19 N=4.T=2.5=1.7=2)

which we interpret as the expected number of instances of 2 of 3 susceptibilities (S=3)
converting (p®y-q r-1 s-3,-1 ) to the infectious state in the presence of 1 infectious (/=1) by the
end of the first time step (7=1), followed by 1 susceptible (S=1) not converting (qy-, r=2.5-1.,-2
=1 - Paey 25142, iN the presence of 2 infectious (/=2) by the end of the second time step
(T=2). The coefficient “3" comes from the fact that there are 3 ways to observe this sequence
of events among 3 individuals (+ 1 initial infectious). Model class 2 contains 14 nested sub-
models (N, T, S, I, NT, NS, NI, TI, TS, SI, NTS, NTI, NSI, TSI), some of which are
redundant due to issues of parameter identifiability when applied to these 2 data sets because

N =3 or4issmall. Model I has been previously investigated by Becker (1981) using the

Heasman and Reid data.
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2.3.4 Model class 3, nested logistic (16 members)

Nested logistic regression models, global model logitNTSI, consider transition from the

susceptible to the infected state as a logit transform of some linear combination of the current

population state,

1
Pnrsi = 1+ exp[-(B,+B,N+B,T+B, S+, D]

These models offer nearly the same structure as models in class 2, but their forced additivity
results in greater parsimony. This approach was briefly explored by Becker (1989) using the
Heasman and Reid data but not in a framework of model selection.

Included in this class is our interpretation of the “mass action assumption” (Hamer,
1906; Muench, 1959; Anderson and May, 1979). Unfortunately, this differential equation has

no unique interpretation as a stochastic model or in discrete time (Bailey 1975):

2Ly
The clearest derivation comes from Heesterbeek and Roberts (1995): “The / infectives make
on average B/ potentially infective contacts per unit of time. Only a fraction S/N of those
contacts is with a susceptible. So, B/S/N is the number of new cases arising per unit of time.”
This mechanism, regardless of any specific interpretation as a stochastic model or in discrete

time, requires a positive monotonic / effect. Consequently, we represent the “mass action

assumption” as a logit transform of //N, model logitI/N:

1
PNTSI™ N

1+exp[—(ﬁo+31§)]
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2.3.5 Model class 4, biological-mechanistic (10 members)

For heuristic purposes, all members of this class are considered as modifications of the
McCarty-Miller model, MM (McCarty and Miller, 1998), which recognizes two possible
biological mechanisms of disease transmission: a random apportionment of /5 (the product
of [ infectious individuals and 4 infectious contacts per infectious individual) total infectious

contacts among the N individuals of the entire population at each time step, and a possible

constant level of background risk (1- a):

1 Ib
wrsr=1-a(1-1)"
PNTS.I N

Model MM simplifies to the Reed-Frost model, RF (Bailey 1975), if NV is held constant and
a=1 (i.e., no background risk) and the Greenwood model, G (Bailey, 1975; Greenwood,
1931), if b=0 and N is held constant. Thus, the Greenwood model has a mechanistic
interpretation as a single point source of infection, making the probability of transition from
the susceptible to the infected state a constant regardless of population composition.
Model MM also simplifies to the James-Rossiter model (1989), JR, ifa=1 and N=S;
corresponding to a random apportionment of the /b infectious contacts across only the
susceptible portion of the population. Model MM can be modified to account for variation
of the degree of risk to infection from a point source specific to a population by replacing a
with a beta random variate. For example, the expected number of 1-2-0 chains (household
size 4) in the Providence data under model MM with =0 and a~beta (e, B) is given by

1

E[100(3(1-a)%a?] = 300 +B) J’ (1-a)’a*(1-a)*'aP 'da,

[(a)I'(B) 70

which simplifies to
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00 (a+Da(B+1)8
(c+B+3)(a+B+2)a+B+1)a+B)

This modification is equivalent to the beta-Greenwood model, BG, previously investigated
by Bailey (1975) using the Providence data; allowing separate beta random variates for each
population size gives model BGN. Model MM can be further modified to give the beta-
Reed-Frost model, BRF (Becker, 1981), if a=1, and the term (1 - 1/N)" is replaced by a beta
random variate;, conditioning on N gives Model BRFN (see appendix for additional
clarification).

Finally, included in this class is the propagating point source model, PP, presented
here for the first time, which considers each new infectious individual as a new point source
of risk to infection:

Pyrss =1-(-p).
While mechanistically distinct, model PP is functionally equivalent to model MM when

a=b=1 and the term 1/N is replaced by the parameter p; only with the Providence data set is

this model distinct.

2.4. Model fitting and selection

2.4.1 AIC and Akaike weights

Akaike’s information criteria-based model selection requires 4 steps (Buckland et al., 1997,
Burnham and Anderson, 1998): selection of candidate models for each data set, maximizing
the resulting likelihoods, calculation of an AIC value for each model-data set combination,
and comparison of the resulting AIC values with selection leaning towards models with the

lowest AIC values. Akaike’s information criteria, corrected for small sample biases (AICc),
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is given by:

2K(K + 1)

AICc = -21n £(8|data, model) + 2K + —— =,

where K is the number of model parameters (8) estimated from the data (as maximum
likelihood estimates) and » is the sample size. Theoretically, this procedure selects the model
achieving the most efficient, or “best”, compromise between bias and precision (Burnham and
Anderson, 1998; McQuarrie and Tsai, 1998). Models differing in AICc value from the best
model by more than 4-7 units are generally poor candidates (Burnham and Anderson, 1998).

Alternatively, Akaike weights provide a useful scaled metric (0-1) of model selection

uncertainty for model ; among the R candidate models:

1
exp(— EAAIC,)
wl =R

Z exp(- %AAIC,)

r=1

?

where AAIC, = AIC, - minimum AIC; models with high weights are good candidates

(Burnham and Anderson, 1998).

2.4.2 Likelihoods

We include only one loglikelihood (less multinomial coefficient, and not simplified to assist
interpretation) as an example, the Heasman and Reid data under model NTSL, where (...)y s,

indexes every term within the parentheses:

54

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



423-In[(g*)s 1,611 + 131 In[4(0F)s 1,41(@)s23.] + 36-In[12(6F)5 1 41 (PF)s23.1(@)s5321] +
141n[24(Pq)s 1,41 )s523.1OD s 321D s,011] + 4I0[240F)s 1.4, 1(PF)s523.1PDs321P)s.5.1) +
2 I[12(Pq)5.1,41(PT)5.23.0P)s 3211 + 8I0[12(0G)s 1,41 (P* )5 25.1(@)s53.1.2] +

2:10[12(0q)s 1,610 9)523.1(Ds.3.1.2] + 271045 1,41(P)s5.23.1] + 24 I0[6(°F)s,1.41(T)5.2.2.]
+ 11I{12@°F)s5,1.01PDs.2229)s311] + 31 120°0)s 14,105 2.22P)s3.10] +
1In[6(p°q")s5,1,41(P")s.222) + 3 I[4(P°G)s 1,41(@)s205] +

0-In{4(2’q)s 4, (P) 5213] + O-In[(P*)s,4,] (see appendix for additional clarification).

Standard approaches (Becker, 1981) give simple closed-form solutions for maximum
likelihood estimates of the parameters for all models in classes 1 and 2 by equating the first
derivative of each loglikelihood to 0 and solving for each parameter. For example, the

maximum likelihood estimator of parameter py., ., of model NT is:

~ _ YN=4T=2
PN=4T=20=—,
XN=4,T=2

where yj., r-, is the total number of individuals converting from the susceptible to the infected
state in households of size 4 at the second time step of each household’s epidemic, and x,.., -,
is the total number of such trials (e.g., for the Providence data, yy., r-, =21 and xy., 1, = 40,

SO Pyg =2 =0.525). Weused numerical optimization (Powell, 1964) in cases where no simple

closed-form estimator exists.
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2.5. Results and discussion

2.5.1 Complications

We fit and calculated AICc values for 52 possible model-data set combinations and assessed
goodness-of-fit using the x? statistic (Tables 2.2, 2.3). Model selection results are not
consistent between data sets and no universal model emerges; only six models are especially
plausible (AAIC < 2) candidates for at least one of the data sets. Although we detected some
evidence of underlying structure, neither data set suggests that the number of infectious or
susceptible individuals, population size, or time strongly affected epidemic dynamics. While
our analyses raise several questions about the validity and utility of current theories of
epidemic dynamics, two issues must be considered as we attempt to address them. Were the
data collected accurately, and were sample sizes sufficient to detect weak or complicated
effects?

Misclassification of chains could have occurred in numerous ways. For example,
some instances of the chain 1-2-1 could have been incorrectly classified as 1-1-1-1. Both
measles and the common cold have an infectious prodrome of 1-4 days prior to the
appearance of symptoms and subsequent diagnosis (Gershon, 1995; Gwaltney, Jr., 1995).
If one of the 2 secondary infections occurred early, and one occurred late, both individuals
may have been infectious but only one may have been symptomatic and detected. Further,
we have no guarantee that new infections were not introduced into some households from
outside sources during the period of data collection.

Heterogeneity among households is also an issue. Perhaps, households of size 4
contained more young children than households of size 3 and children are more or less

susceptible or infectious than adolescents and adults. Also, were resistant individuals present
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in any households prior to the start of the study? This seems more likely in epidemics of
measles than the common cold because, unlike the common cold, prior infections of measles
confer long-term immunity (Gershon, 1995; Gwaltney, 1995). Without quantitative

information about such covariates, the presence of undesirable variance components in these

data sets seems likely.

Finally, AICc selects the “best” approximating model and not necessarily the most
faithful representation of the generating process; thus, sample size issues are a concern
(Burnham and Anderson, 1998). For example, if model MM were the true generating
process, model MM could still avoid selection in favor of model G if the level of background
risk (parameter a) is sufficiently higher than the risk due to direct transmission from infectious
individuals to susceptibilities (the product /b). Further, regardless of the number of instances
of each type of chain, data from households of size 5 have only 15 initial degrees of freedom
with respect to our candidate models because there are only 16 possible chains. Similarly data

from households of sizes 3-4 combined have only 10 initial degrees of freedom.

2.5.2 Evidence for structure

The low Akaike weights of model MULT in both analyses suggest that the structure
represented by a binomial chain interpretation of each cell of the multinomial is plausible; that
each chain is the result of a specific disease transmission process and it is useful to model this
process as generating the muitinomial. As a caveat, we point out that the fully parameterized
version of MULT, in which every chain has a unique probability of occurrence and a perfect
fit is achieved, would always be selected over the generating process if it were present as a

candidate model and of higher dimension than MULT. Thus, while selection against model

57

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



MULT is encouraging, its selection as the best approximating model for a particular data set

would not rule out the chain binomial interpretation of this type of data.

2.5.3 Evidence for heterogeneity

Selection of model BG among class 4 models in both data sets and among all models in the
Providence data suggests that heterogeneity of one or more conditions among households is
plausible in the Providence data and at least possible in the Heasman and Reid data. Given
the lack of covariate information, the smaller Akaike weight of model BG in the Heasman and
Reid data is perhaps more surprising than its large weight in the Providence data; in part, the
former may possibly be explained by the multiple etiologies that may cause “colds”
(Gwaltney, 1995). Misclassification of chains seems more likely in the Heasman and Reid
data than in the Providence data given the shorter incubation and longer infectious period of
the common cold relative to measles (Gershon, 1995; Gwaltney, 1995). However this may

contradict the potential for hidden resistant individuals associated with the Providence

measles epidemic.

2.5.4 Evidence for I, S, T, and N effects

Four observations illustrate a lack of conformity between current theories of epidemic
dynamics and the data sets we examined. Neither data set suggests a strong / effect; that risk
to infection increases or decreases when the number infectious exceeds 1. All model-data set
combinations incorporating an / effect gave Akaike weights of <0.12, although it seems
possible that the highly infectious nature of these pathogens and relatively large proportion

of the “population” initially infected may have overwhelmed such effects. Further, while we
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recognize that the Providence data set shows variation in / for only households of size 4,
separate analyses by household size result in no remarkable differences in the model selection
results; model BG is still strongly favored even when the data are partitioned by household
size and no evidence for an / effect emerges. Second, the Providence data only hints at a
possible N effect as model BGN ranked second but with a low weight of 0 165. The 30%
increase in population size is apparently not large enough to detect an N effect with this
sample size (i.e., N, ; = 334, N, , = 100), if it is present in these data. Third, whilea T
effect seems biologically reasonable, only the Heasman and Reid data offer any support for
this notion with the relatively high weights of models logitT and logitTS, 0.166 and 0.144
respectively. It is difficult to argue that even a weak T effect could have been masked by
heterogeneity in the Heasman and Reid data, given the relatively low rank of model BG and
the extremely good fit of virtually all candidate models. Fourth, reasonable evidence is
suggested for a monotonic § effect in the Heasman and Reid data as model lgitS produced
a weight of 0.312; however, in the Providence data all models incorporating this effect gave
weighs <0.001. We can give no biological explanation for this outcome. Perhaps this result
is an artifact of Freedman’s paradox (Freedman, 1983; Burnham and Anderson 1998); or, the

Heasman and Reid data set is an unfortunate sample which deviates greatly from the expected

sample of its generating process.

2.5.5. Evidence for simple generating mechanisms
Failure to detect an [ effect eliminates several of the proposed mechanisms from further
consideration here. Model JR did not generate these data because several of the reported

chains are an impossible result of its suggested mechanism. For example, chain 1-3-0 of the
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Heasman and Reid data could not occur since the probability of the last susceptible escaping
infection is not defined (e.g., since (1-1/S)® is not reasonable when S = 0).

Selection of the beta-Greenwood model for the Providence data has a pleasing
mechanistic interpretation as constant background risk varying in intensity among households.
Explanatory hypotheses are plentiful. Perhaps infections were spread to susceptibilities
through contact with common infected objects within each home such as food, towels, sinks,
or eating/drinking utensils; or perhaps the infectious agent was uniformly distributed in the
air throughout each home. These conditions could produce constant risk; the addition of new
infectious individuals may have little or no further effect other than replenishing and
maintaining risk through time. Because this model was not selected by both data sets,

however, further conjecture is problematic.

2.6.6 Conclusion

“A discipline is a science only if the theories it entertains are universal and falsifiable” (Popper
1972; Dolby 1982). Thus, although we recognize the difficulty of falsifying theories
expressed as probability statements (Dolby, 1982), we are concerned with the proliferation
of models of specific epidemics in the absence of a well-supported underlying theory of
epidemic dynamics. Even a cursory literature search reveals hundreds of such models
published since 1930. Further, although it may be unrealistic to expect that a single unifying
model of epidemic dynamics can adequately represent the myriad of host/parasite relationships
encountered in nature, we are troubled by the lack of significant supporting data sets,
replication, and experimental evidence supporting any particular epidemic model. While the

data analyzed here are admittedly imperfect, the results of our analyses raise questions about
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the propriety of blindly invoking popular epidemic models in attempts to explain or predict
specific host/parasite dynamics. We conclude that until these issues are sorted out and a well
supported theory of epidemic dynamics emerges, models attempting forecasts of the
outcomes of specific epidemics will remain little more than “just so stories” (Kipling, 1902),

whose only real utility may lie in exercising our own imaginations.
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Table 2.1
Data sets used in a comparison of theories of epidemic dynamics.

Heasman and Reid (common cold Providence (measles data; Bailey,
data; Heasman and Reid, 1961) 1975)
chain frequency chain frequency
1-0 423 size 3
1-1-0 131 1-0 34
1-1-1-0 36 1-1-0 25
1-1-1-1-0 14 I-1-1 36
1-1-1-1-1 4 1-2 239
1-1-1-2 2
1-1-2-0 8 size 4
1-1-2-1 2 1-0 4
1-1-3 2 1-1-0 3
1-2-0 24 1-1-1-0 1
1-2-1-0 11 1-1-1-1 4
1-2-1-1 3 1-1-2 3
1-2-2 1 1-2-0 8
1-3-0 3 1-2-1 10
1-3-1 0 1-3 67
1-4 0
total: 434

total: 664
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Table 2.2
Results of a comparison of 21 models of epidemic dynamics using binomial chain data from
households of size 5 from an epidemic of the common cold (Heasman and Reid, 1961).

Model Class K x* (df) AAICc  AICc weight
logitS 3 2 2.34 (9) o' 0.312
logitT 3 2 4.11(9) 1.26 0.166
logitTS 3 3 2.42 (9) 2.00 0.114
logitSI 3 3 2.32(9) 2.02 0.114
logitTI 3 3 2.47(9) 207 0.111
S 2 4 1.39 (8) 3.31 0.060
logitTSI 3 4 2.32(8) 401 0.042
BG 4 2 7.84 (10) 458 0.032
T 2 4 6.43 (8) 5.19 0.023
SI 2 7 1.36 (5) 7.99 0.006
TS 2 7 1.36 (5) 8.00 0.006
TI 2 7 1.38 (5) 8.01 0.006
BRF 4 2 14.2 (10) 8.24 0.005
TSI 2 8 135(7) 10.04 0.002
RF 4 1 17.8 (11) 1122 0.001
MM 4 2 15.7 (7) 12.78 0.001
I 2 3 14.0 (8) 12.90 0.000
logitI 3 2 18.6 (7) 13.18 0.000
G 4 1 22.2 (12) 14.98 0.000
MULT 1 15 e (0) 22.78 0.000
JR 4 1 NA o0 0.000
1. AICc: 1643.28
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Table 2.3
Results of a comparison of 31 models of epidemic dynamics using binomial chain data
Jfrom household sizes 3-4 from an epidemic of measles, Providence Rhode Island
(Bailey, 1975).

Model Class K ¥ (df) AAICc AICc weight
BG 4 6.13 (8) 0! 0.824
BGN 4 5.30 (6) 3.22 0.165
BRF (BPP?) 4 2 22.5(8) 9.81 0.006
MULT 1 10 - (0) 10.71 0.004
RFN 4 4 22.3 (6) 13.64 0.001
T 2 3 83.0 (6) 68.91 0.000
TI 2 4 81.5(4) 70.93 0.000
logitT 3 2 89.8 (6) 71.78 0.000
TS 2 5 81.6 (5) 72.48 0.000
NT 2 5 78.8 (3) 72.53 0.000
logitTS 3 3 90.1 (5) 73.22 0.000
logitNT 3 3 89.9 (5) 73.46 0.000
NS 2 5 76.8 (5) 73.45 0.000
logitTI 3 3 89.8 (5) 73.57 0.000
NSI (others?) 2 6 779 (2) 73.97 0.000
logitNS 3 3 75.0 (5) 74.10 0.000
logitNSI (others®) 3 4 77.54) 75.09 0.000
S 2 3 88.7 (4) 78.89 0.000
SI 2 4 88.8 (3) 80.78 0.000
logitS 3 2 93.8 (5) 82.52 0.000
logitSI 3 3 92.2 (4) 83.17 0.000
G 4 1 101. (7) 85.93 0.000
logitl 3 2 99.0 (6) 90.90 0.000
I 2 2 99.0 (5) 90.93 0.000
NI (logitNI) 23 3 101. (5) 92.59 0.000
logit/N 3 2 95.0 (6) 92.68 0.000
N (GN?, logitN) 234 2 99.7 (6) 95.92 0.000
MM 4 2 99.4 (6) 95.93 0.000
RF (PP) 4 1 125. (D) 114.18 0.000
RFN 4 2 119. (6) 116.20 0.000
JR 4 1 NA 00 0.000
1. AICc = 858.08
2. Model PP with p ~ beta(a, /)
3. In this data set, NSI is equivalent to NTSI, TSI, NTS, and NTI
4. In this data set, logitNSI is equivalent to logitNTSI, logitTSI, logitNTS, and logitNTI
5. Model G, with p conditional on N
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APPENDIX (chapter 2)

Miscellaneous notes and associated references

2.A.1. Heasman and Reid data: model structures, parameter estimates,

miscellaneous interval estimates, and miscellaneous estimated variance-covariance
matrices

2.A.1.1 Model logitS, Heasman and Reid data
Model is
1
Inrst = T4 expl-(Bo + 8,5

(1) Maximized log-likelihood (In£) = -819.630 (Edwards, 1976, Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 2; x> goodness-of-fit = 2.34 (df = 9;
Sakamoto, 1991); AICc = 1643.28; AAICc = 0; AIC weight = 0.312 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of 8, = 0.88206; 95%
profile likelihood interval (95% PLI; Kalbfleisch and Sprott, 1970, Venazon and
Moolgavkar, 1988) for f, is (0.42872, 1.3539).

(3) MLE of 8, = 0.30847; 95% PLI is (0.17990, 0.43318).

(4) Estimated variance-covariance matrix from 8000 bootstrap replicates (Efron and

Tibshirani, 1993), vc(B o8, ). is

00631 -00171
0.00484 |

Corresponding estimated standard error-correlation matrix is

0251 -0979
0.0696 |

continued ...
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2.A.1.2 Model logitT, Heasman and Reid data
Model is
_ 1
Iwrse= 1+exp[-(Bo +B1 1]

(1) Maximized log-likelihood (InL) = -820.261 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 2; x* goodness-of-fit = 4.11 (df = 9;
Sakamoto, 1991); AICc = 1644.54; AAICc = 1.26; AIC weight = 0.166 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of 3, = 2.4571.
(3) MLE of B, = -0.34123.

2.A.1.3 Model 10gitTS, Heasman and Reid data
Model is
_ 1
TS 1 expl=(By +BiT +BoS)

q

(1) Maximized log-likelihood (Inc) = -819.627 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997);, number of parameters (K) = 3; x* goodness-of-fit = 2.42 (df = 9,

Sakamoto, 1991); AICc = 1645.28; AAICc = 2.00; AIC weight = 0.114 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of 3, = 0.96852.
(3) MLE of B, = -0.019829.
(4) MLE of B, =0.29193.

2.A.1.4 Model logitSI, Heasman and Reid data
Model is
1
1+exp[~(Bo +ByS +B, /)]

aNTSI =

(1) Maximized log-likelihood (InL) = -819.627 (Edwards, 1976, Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 3; x* goodness-of-fit = 2.32 (df = 9;
Sakamoto, 1991); AICc = 1645.30; AAICc = 2.02; AIC weight = 0.114 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE,; Lehmann, 1983) of B, = 0.88653.
(3) MLE of B, =0.30825.
(3) MLE of B, =0.0034895.
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2.A.1.5 Mode! logitT1, Heasman and Reid data
Model is
1

1+ exp[—(By + BT+ B,/)] .

agN TSI =

(1) Maximized log-likelihood (In£) = -819.653 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 3; x> = 2.47 (df = 9; Sakamoto, 1991);
AICc = 1645.35; AAICc = 2.07; AIC weight =0.111 (Burnham and Anderson, 1998).
(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of B, = 2.7372.

(3) MLE of B, =-0.31852.

(4) MLE of 8,=-0.30119.

2.A.1.6 Model S, Heasman and Reid data
Model is

Pynrs.g = Ps

(1) Maximized log-likelihood (InL) = -819.265 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 4; x? goodness-of-fit = 1.39 (df = 8,
Sakamoto, 1991), AICc = 1646.59; AAICc = 3.31; AIC weight = 0.060 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimates (MLE’s; Lehmann, 1983) of ps 4,1, Ps3.1.2 Psaris
and p;,, 3 = 0.20021; 95% profile likelihood interval (95% PLI; Kalbfleisch and Sprott,
1970, Venazon and Moolgavkar, 1988) for ps,, , is (0.10159, 0.33162).

(3) MLE’s of ps3,, and p;,,, is = 0.20000; 95% PLI is (0.14736, 0.26067).

(4) MLE of p,,;, = 0.13747; 95% PLI is (0.1132, 0.16649).

(5) MLE of ps,,, = 0.10775; 95% PLI is (0.096273, 0.11984).

(6) Estimated variance-covariance matrix from 8000 bootstrap replicates (Efron and

Tibshirani, 1993), Vc(i’s.u,l »Ps2.3.15 135.2.2.255.2.1.3) 18

[LICE-4 681E-6 -216E-5 -128E-4]

287E-4 -10SE-5 366E-6
767E-4 135E-5

] 3.70E-3 |
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Corresponding estimated standard error-correlation matrix is

(00105 00384 -00743 -0201]
00169 00224 000356

00277 0.00802 |
I 0.0608

2.A.1.7 Mode! logitTSI, Heasman and Reid data
Model is
1
L+exp[—(Bo +B,T +B2S +B3/)]

BV

(1) Maximized log-likelihood (InL) = -819.614 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 4; x* goodness-of-fit = 2.32 (df = 8;
Sakamoto, 1991); AICc = 1647.29; AAICc = 4.01; AIC weight = 0.042 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE, Lehmann, 1983) of B, = 1.5917.
(3) MLE of B, =-0.12267.

(4) MLE of B, = 0.19077.

(5) MLE of B, = -0.11523.

continued ...
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2.A.1.8 Model BG, Heasman and Reid data
Model is

Pyrsy ~ beta(a,B),
[(a+B)

. a-1 -1
ie. f(p)= For()? 1- pf.

(1) Model/data structure is

chain  general structure structure under model BG
1-0 (1-p)* (B+3)(B+2)(B+1)B [(a+B+3)(atB+2)(ctB+1)(a+B)]"
1-1-0 4p(1-p)® 4o(B+S)B+4).. B [(o+B+6)(atB+S5)...(a+B)]"
1-1-1-0 12p*(1-p)’ 12(a+ Da(B+6)... B [(o+B+8)...(a+B)]"
1-1-1-1-0 24p*(1-p)’ 24(a+2)(a+1)a(B+6)..p [(a+p+9)...(a+B)]"
1-1-1-1-1 24p*(1-p)® 24(0+3)...0(B+5)...0 [(a+B+9)...(a+B)]"
1-1-1-2 12p*(1-p)* 12(e+3)...a(B+4)...8 [(c+B+8)...(a+P)]"
1-1-2-0 12p*(1-p)° 12(a+2)...a(B+4)...8 [(a+p+7)...(a+B)]"
1-1-2-1 12p*(1-p)* 12(e+3)...0(B+3)...8 [(a+p+7)...(ca+B)]"
1-1-3 4p*(1-p)® 4(e+3)...a(B+2)...B [(a+B+6)...(a+B)]"
1-2-0 6p*(1-p)* 6(a+1)...a(B+3)..B [(a+B+5)...(a+P)]"
1-2-1-0 12p°(1-p)* 12(a+2)...a(B+3)...8 [(a+B+6)...(a+P)]"
1-2-1-1 12p*(1-p)* 12(a+3)...a(B+2)..8 [(a+p+6)...(a+P)]"
1-2-2 6p*(1-p)? 6(a+3)...aB+1)B [(a+B+5)...(a+B)]"
1-3-0 4p*(1-p)’ 4(o+2)...aB+1)B [(a+B+4)...(a+B)]"
1-3-1 4p*(1-p) 4(a+3)...0B [(a+B+4)..(+B)]"
1-4 p! (a+3)...a [(a+B+3)...(a+P)]"

(2) Maximized log-likelihood (InL) = -821.920 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (X) = 2; x* goodness-of-fit = 7.84 (df = 10;

Sakamoto, 1991) AICc = 1647.86; AAICc = 4.48; AIC weight = 0.032 (Burnham and
Anderson, 1998).

(3) Maximum likelihood estimate (MLE; Lehmann, 1983) of o = 2.8710.
(4) MLE of B =22.737.
(5) continued ...
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(5) continued

6 1 -
= E(p)=0.112;
g4 -
3 Var(p) =0.00373;
2 1 -
SD(p) =0.0612.
o}

0 02 04 06 08 1
p

2.A.1.9 Mode! T, Heasman and Reid data
Model is

PnxrTs.t = Pr

(1) Maximized log-likelihood (InL) = -820.203 (Edwards, 1976, Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 4; x* = goodness-of-fit 6.43 (df = 8,
Sakamoto, 1991); AICc = 1647.86; AAICc = 5.19; AIC weight = 0.023 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of p; , ,, = 0.10775; 95%
profile likelihood interval (95% PLI, Kalbfleisch and Sprott, 1970; Venazon and
Moolgavkar, 1988) for p; , ,, is (0.096273, 0.11984).

(3) MLE’s of ps 5 5.1, Ps222 and ps ;5 = 0.14459; 95% PLI is (0.11944, 0.17233).
(4) MLE’s of ps 35, Ps3.1., and ps 5, , = 0.19833; 95% PLI is (0.13748, 0.27083).
(5) MLE of p,, , , = 0.22241; 95% PLE is (0.074943, 0.44333).

(6) Estimated variance-covariance matrix from 8000 bootstrap replicates (Efron and

Tibshirani, 1993), Vc(ﬁs.l.a.nf’s.z.l.s ) ﬁs.s.1.2aﬁs,4.1.1) 18

‘1.08E-4 S572E-6 -246E-5 163E-4]
194E-4 120E-5 -239E-5
1LOIE-3 -5.00E-5|

1.OIE-2 |
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Corresponding estimated standard error-correlation matrix is

(00104 00396 -00744 0118 |
00139 00271 -00129
00318 -00118]

0133

2.A.1.10 Model S1, Heasman and Reid data
Model is

Pnrs.i1 = Ps-

(1) Maximized log-likelihood (InL) = -818.550 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 7; x> goodness-of-fit = 1.36 (df = 5;
Sakamoto, 1991); AICc = 1651.27; AAICc = 7.99; AIC weight = 0.006 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimates (MLE’s; Anzzalini, 1996) of p ,,, and p;,,, =
0.21932.

(3) MLE of ps3,, = 0.19644.

(4) MLE of ps,;, =0.13733.

(5) MLE of ps,,, =0.10767.

(6) MLE of ps 3, , = 0.20069.

(7) MLE of ps,,, = 0.20507.

(8) MLE of ps,, ; = 6.1429E-7.

continued ...
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2.A.1.11 Model TS, Heasman and Reid data
Model is

Pnrs1 = Prs-

(1) Maximized log-likelihood (In£) = -818.553 (Edwards, 1976, Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 7, x* goodness-of-fit = 1.36 (df = 5,
Sakamoto, 1991); AICc = 1651.28; AAICc = 8.00; AIC weight = 0.006 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of p,, ,, =0.10768.
(3) MLE of p,,, ; = 5.2495E-7.

(4) MLE of ps,,, =0.20504.

(5) MLE of ps,,, =0.13732.

(6) MLE’s of p, 3, , and ps 5 ,, = 0.20863.

(7) MLE of ps,, = 0.19633.

(8) MLE of p,,,, =0.22211.

2.A.1.12 Model T1, Heasman and Reid data
Model is

Pnrs, = Pr.r-

(1) Maximized log-likelihood (In£) = -818.561 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 7; x* goodness-of-fit = 1.38 (df = §;
Sakamoto, 1991); AICc = 1651.29; AAICc = 8.01; AIC weight = 0.006 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of ps,,, = 0.10774; 95%
profile likelihood interval (95% PLI; Kalbfleisch and Sprott, 1970; Venazon and
Moolgavkar, 1988) for p;, ,, is (0.096274, 0.11984).

(3) MLE of ps,, ; = 8.0508E-7; 95% PLI is (0.00000, 0.47263).

(4) MLE of p,.,,, = 0.20509; 95% PLI is (0.12590, 0.30340).

(5) MLE of ps,,, =0.13733; 95% PLI is (0.11132, 0.16649).

(6) MLE of p,;,, =0.20077; 95% PLI is (0.036388, 0.49934).

(7) MLE of ps3,, and p; 3, , = 0.19846; 95% PLI is (0.13526, 0.27370).

(8) MLE of p,,;, =0.22282; 95% PLI is (0.074955, 0.44330).

continued ...
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2.A.1.13 Model BRF, Heasman and Reid data
Model is

Avrst = r! and r ~ beta(a ,p),
['(a +B)

ie. f(r)= F T () ret(1- )Pt
(1) Model/data structure is
_chain_ general structure structure under model BRF
1-0 (1-p)* (B+3)(B+2)(B+1)B [(a+P+3)(a+B+2)(a+B+1)(a+B)]"
1-1-0 dp(1-p)° 4a(B+S)(B+4)..B [(a+B+6)(a+p+5)...(at+B)]"
1-1-1-0 12p*(1-p)’ 12(a+1)a(B+6)... B [(a+B+8)...(a+B)]"
1-1-1-1-0 24p*(1-p)’ 24(0+2)(a+1)a(B+6)..B [(@+B+9)...(a+P)]"
1-1-1-1-1 24p*(1-p)° 24(a+3)...0(B+5)..B [(a+B+9)...(a+B)]"
1-1-1-2 12p*(1-p)° 12(et+3)...a(B+4)..8 [(o+B+8)...(a+B)]"
[-1-2-0 *12p(1-p)° 12(c+2)...a(B+5)..B [(a+B+8)...(a+P)]"
1-1-2-1 *12p°q*(1-q%), 12[ (a+2)...a(B+3)...B [(a+B+6)...(a+P)]" -
where q = 1-p (a+2)...a(B+5)...8 [(c+B+8)...(a+P)]" ]
1-1-3 4p*(1-p)* 4(a+3)...a(B+2)..B [(a+B+6)...(a+B)]"
1-2-0 *6p*(1-p)° 6(at+1)a(B+5)...B [(a+B+T7)...(a+B)]"!
1-2-1-0 *12p’q*(1-q?), 12(a+1)a(f+4)..8 [(a+B+6)...(c+B)]" *
where ¢ = 1-p [ 1-(B+6)(B+5) [(ctB+8)(a+B+T)]" ]
1-2-1-1 *12pq*(1-¢%), 12(+2)...a(B+3)..B [(0+B+6)...(a+B)]" o
where q = 1-p [ 1-(B+5)(B+4) [(o+B+8)(a+B+T)]" ]
1-2-2 *6p’q*(1-q%)’, 6(a+1)a(B+1)B[(c+P+3)...(atP)]" »
where ¢ = 1-p [ 1-2[ (B+3)(B+2) [(a+P+S)(atB+4)]" | +
(B+5)...8 [(a+B+7)...(at+p+4)]" ]
1-3-0 *4p’(1-p)* 4(0+2)...0(B+3)...8 [(a+B+6)...(a+B)]*
1-3-1 4p’q(1-q%), 4[ (a+2)..af [(a+B+3)...(at+P)]" -
where q = 1-p a(B+5)..p [(a+p+6)..a+B)]™" ]
1-4 p} (a+3)...a0 [(a+B+3)...(a+P)]".

Stared (*) values are differences between model BG and model BRF.

(2) Maximized log-likelihood (In) = -823.752 (Edwards, 1976, Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 2; x* goodness-of-fit = 14.2 (df = 10,
Sakamoto, 1991); AICc = 1651.52; AAICc = 8.24; AIC weight = 0.005 (Burnham and
Anderson, 1998).
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(3) Maximum likelihood estimate (MLE; Lehmann, 1983) of a = 4.9713.
(4) MLE of B = 39.694.

&)

8 E(r)=0.1113;
‘gs Var(r) = 0.002166;
S §D(r) = 0.0465.

0 02 04 06 08 1
r

2.A.1.14 Model TSI, Heasman and Reid data
Model is

Pnrs1 = Prs.r-

(1) Maximized log-likelihood (InL = -818.549 (Edwards, 1976, Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 8, x* goodness-of-fit= 1.35 (df = 7;
Sakamoto, 1991); AICc = 1653.32; AAICc = 10.04; AIC weight = 0.002 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of p,, ,, = 0.10768; 95%
profile likelihood interval (95% PLI, Kalbfleisch and Sprott, 1970; Venazon and
Moolgavkar, 1988) for py,,, is (0.096274, 0.11984).

(3) MLE of ps,, ; = 5.0002E-7; 95% PLI is (0.00000, 0.47264).

(4) MLE of ps,,, =0.20512; 95% PLI is (0.12590, 0.30341).

(5) MLE of p,;, =0.13735; 95% PLI is (0.11132, 0.16649).

(6) MLE of p,;, , = 0.21428; 95% PLI is (0.058138, 0.46616).

(7) MLE of ps,, = 0.20000; 95% PLI is (0.036387, 0.49935).

(8) MLE of ps3,, = 0.19643; 95% PLI is (0.13019, 0.27639).

(9) MLE of ps,,, = 0.22222; 95% PLI is (0.074948, 0.44332).

continued ...
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2.A.1.15 Model RF, Heasman and Reid data

Model is
2.A

Model is

I
dnr st =T .

I
dnrs1 =T .

(1) Maximized log-likelihood (In£) = -826.489 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 1; %* goodness-of-fit = 17.8 (df = 11;
Sakamoto, 1991); AICc =1654.50; AAICc = 11.22; AIC weight = 0.001 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (Lehmann, 1983) of r = 0.88383; 95% profile
likelihood interval (Kalbfleisch and Sprott, 1970; Venazon and Moolgavkar, 1988) of r

is (0.87305, 0.89406); 95% bootstrap confidence interval (Efron and Tibshirani, 1993)
from 10,000 replicates is (0.874, 0.895).

2.A.1.16 Model MM, Heasman and Reid data
Model is

N
PNTS.I =1—a(1—7v‘) :

(1) Maximized log-likelihood (In£) = -826.021 (Edwards, 1976, Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 2; x* goodness-of-fit = 15.7 (df = 7;
Sakamoto, 1991); AICc = 1656.06, AAICc = 12.78; AIC weight = 0.001 (Burnham
and Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of a = 0.96437, 95% profile
likelihood interval (95% PLI; Kalbfleisch and Sprott, 1970; Venazon and Moolgavkar,

1988) for a is (0.95237, 0.97580);, 95% bootstrap confidence interval (95% BCI; Efron
and Tibshirani, 1993) from 10,000 replicates is (0.893, 1.00).

(3) MLE of b = 0.30646; 95% PLI is (0.26631, 0.34892); 95% BCI from 10,000
replicates is (0.270, 0.452).

continued ...
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2.A.1.17 Model 1, Heasman and Reid data
Model is

Pnrst = Pr-

(1) Maximized log-likelihood (InL) = -825.071 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 3; x* goodness-of-fit = 14.0 (df = 8,
Sakamoto, 1991); AICc = 1656.18; AAICc = 12.90; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimates (MLE’s; Lehmann, 1983) of ps, .., Ps231 Ps3z1s
Psai and pgy,, = 0.11687.

(3) MLE’s of ps;,, and p;,,, = 0.20455.

(4) MLE of p;,, ; = 5.0000E-7.

2.A.1.18 Model logitl, Heasman and Reid data
Model is
l -
1+ exp|-(B,+B,0)]

Pnrss =

(1) Maximized log-likelihood (In£) = -826.165 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 2; x* goodness-of-fit = 18.6 (df = 7,
Sakamoto, 1991); AICc = 1656.46; AAICc = 13.18; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of 8, = 2.5600.
(3) MLE of B, = -0.53984.

2.A.1.19 Model G, Heasman and Reid data
Model is

dyvrs1 =7T.

(1) Maximized log-likelihood (Inc) = -828.125 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 1; x* goodness-of-fit = 22.2 (df = 12;
Sakamoto, 1991); AICc = 1658.26; AAICc = 14.98; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of r = 0.88102; 95% profile

likelihood interval (Kalbfleisch and Sprott, 1970; Venazon and Moolgavkar, 1988) is
(0.87000, 0.89148).
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2.A.1.20 Model MULT, Heasman and Reid data

Model is each class of chain has a unique probability of occurrence.

(1) Maximized log-likelihood (InL) = -816.660 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 15; AICc = 1666.06; AAICc = 22.78; AIC
weight = 0.000 (Burnham and Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of P(observe chain 1-0 in
one trial) = 423/664 = 0.63705; estimated standard error (SE; sqrt( pG/n) ) of the
MLE of P(observe chain 1-0 in one trial) = 0.018660.

(3) MLE of P(... 1-1-0 ...) = 131/664 = 0.19729; SE = 0.015444.

(4) MLE of P(... 1-1-1-0 ...) = 36/664 = 0.054217; SE = 0.0087878.
(5) MLE of P(... 1-1-1-1-0 ...) = 14/664 = 0.021084; SE = 0.0056612.
(6) MLE of P(... 1-1-1-1-1 ...) = 4/664 = 0.0060241; SE = 0.0030030.
(7) MLE of P(... 1-1-1-2 ...) = 2/664 = 0.0030120; SE = 0.0021266.
(8) MLE of P(... 1-1-2-0 ...) = 8/664 = 0.012048; SE = 0.0042339.
(9) MLE of P(... 1-1-2-1 ...) = 2/664 = 0.0030120; SE = 0.0021266.

(10) MLE of P(... 1-1-3-0 ...) = 2/664 = 0.0030120; SE = 0.0021266.

(11) MLE of P(... 1-2-0 ...) = 24/664 = 0.036145; SE = 0.0073551.

(12) MLE of P(... 1-2-1-0 ...) = 11/664 = 0.016567; SE = 0.0049535.

(13) MLE of P(... 1-2-1-1 ...) = 3/664 = 0.0045181; SE = 0.0026026.

(14) MLE of P(... 1-2-2 ...) = 1/664 = 0.0015060; SE = 0.0015049.

(15) MLE of P(... 1-3-0 ...) = 3/664 = 0.0045181; SE = 0.0026026.

(16) MLE of P(... 1-3-1 ...) = 0/664 = 0; 95% profile likelihood interval (95% PLI;
Kalbfleisch and Sprott, 1970; Venazon and Moolgavkar, 1988) is (0, 0.003).

(17) MLE of P(... 1-4 ...) = 0/664 = 0, 95% PLlI is (0, 0.003).

continued ...
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2.A.2. Providence data: model structures, parameter estimates, miscellaneous
interval estimates, and miscellaneous estimated variance-covariance matrices

2.A.2.1 Model BG, Providence data
Model is

Py rss = P, with p ~ beta(a B),

ie f(p)= F%)%&—))p““(l- py’.
(1) Model/data structure is
(size) chain  _general structure structure under model BG
(3) 1-0 (1-p)® (B+1)B [(o+B+1)(a+B)]"
1-1-0 2p(1-p)’ 20(B+1)B [(o+B+2)(at+B+1)(a+B)]"
1-1-1 2p(1-p) 2(a+Daf [(a+p+2)...(a+B)]"
1-2 p’ (a+la [(a+p+1)(o+B)]"
4) 1-0 (1-p)’ (B+2)(B+1)B [(atB+2)...¢a+B)]"
1-1-0 3p(1-p)* 3a(B+3)..8 [(atB+4)..(atB)]"
1-1-1-0 6p*(1-p)* 6(o+1)a(B+3)...8 [(a+p+5)...(a+B)]"
1-2 3p(1-p)’ 3(atDa(B+1)B [(a+p+4)...(a+B)]
1-1-1-1 6p°(1-p)’ 6(at+2)..a(B+2)...p [(a+B+5)...(a+B)]"
1-1-2 3p’(1-p)? 3(a+2)...a(f+1)B [(a+B+4)...(a+B)]"
1-2-1 3p*(1-p) 3(a+r2)(a+)ap [(a+rB+3)...(a+B)]?
1-3 p’ (a+2)...a [(ot+B+2)...(a+B)]™".

(2) Maximized log-likelihood (InL) = -427.025 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 2; x* goodness-of-fit = 6.13 (df = §;
Sakamoto, 1991); AICc = 858.08; AAICc = 0; AIC weight = 0.824 (Burnham and
Anderson, 1998).

(3) Maximum likelihood estimate (MLE, Lehmann, 1983) of o = 1.2298.
(4) MLE of p =0.28963.

(5) Estimated variance-covariance matrix from 8000 bootstrap replicates (Efron and
Tibshirani, 1993), ve(@ ,B) , is
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0.0633 0.0133
0.00360 |

Corresponding estimated standard error-correlation matrix is

{0252 0880]

0.0600
6)
10 _
8 E(p) = 0.8094,
Ze Var(p) = 0.06124;
: -~
N SD(p) = 0.2475.
2
0
0 02 04 06 08 1
P
continued ...
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2.A.2.2 Model BGN, Providence data
Model is

Pyrss = Py With p; ~ beta(a.,,8,), and p, ~ beta(a,,B,),

e.g f(p)= Fl%(f;s)%%%psarl(l‘ ps)prl-
(1) Model/data structure is
(size) chain  _general structure structure under model BGN
(3)1-0 (1-py)? (B;+1)B; [(as*+By+1)(as+B5)]"
1-1-0 2py(1-p;)° 205(B5+1)By [(0sBy+2) (s HBa+1)(ay+B5)]"
1-1-1 2p’(1-py) 2o+ DBy [(a3+B5+2)...(ay+B,)]"
1-2 Py (ay*+1)aty [(oy+B3+1)(o+B5)]
(4)1-0 (1-p.)’ (Be+2)(B+ 1By [(0t*Bet2)...(org+B)]"
1-1-0 3py(1-py)’ 3 oy(By*3)... By [(tgtBy+a)(astByt3)... (e +By)]"
1-1-1-0 6p,2(1-p,)* 6(0g 1oty (By+3).. By [(0g+By+5)... (BT
-2 3p(1-p) 3ot Day(Be+ 1By [(og+Byt4)...(a+B)]"
1-1-1-1 6p.(1-p,)’ 6(aty+2)...0(Bi+2)... By [(0t+BytS)...(a+BI)]"
1-1-2 3p(1-p,) 3(at2)... o (B 1)By [(cgtBytd)...(a BT
1-2-1 3p(1-p,) 3(0t+2)...0 By [(ag+By+3)...(c BT

1-3 Py’ (0gt2)..0ty [(0,+B4+2)...(a+BL)]"

(2) Maximized log-likelihood (InL) = -426.198 (Edwards, 1976, Anzzalini, 1996;
Royall, 1997), number of parameters (K) = 4; x* goodness-of-fit = 5.30 (df = 6,
Sakamoto, 1991); AICc = 861.30; AAICc = 3.22; AIC weight = 0.165 (Burnham and
Anderson, 1998).

(3) Maximum likelihood estimate (MLE; Lehmann, 1983) of a; = 1.0907; 95%
bootstrap confidence interval (95% BCI; Efron and Tibshirani, 1993) from 8,000
replicates for o, is (0.695, 1.79).

(4) MLE of B, = 0.26396; 95% BCI is (0.165, 0.435).

(5) MLE of a, = 1.5794; 95% BClI is (0.880, 3.23).

(6) MLE of B, = 0.34081; 95% BCl is (0.176, 0.701).

(7) Estimated variance-covariance matrix from 8000 bootstrap replicates (Efron and

-~

Tibshirani, 1993), vo(d 5,B5,8 ,.8,). is
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100809 00174 -000271 -0000215]
000470 -0.000391 -497E-5

0367 00702
i 0.0190

Corresponding estimated standard error-correlation matrix is

(0284 0893 -0.0497 -0005491
0.0686 -0.0297 -0.00525

0604 0842
I 0138 |
(8)
10
8 E(p,) = 0.80515;
26 Var(p, ) = 0.066624;
C -
B SD(p,) = 0.25812.
2
0
0 02 04 06 08 1
p3
10 -
. E(p,) = 0.82251;
Ze] Var(p, ) = 0.049990;
g4 $D(p, ) = 0.22359.
2 4
o 4
0 02 04 06 08 1
p4
continued ...
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2.A.2.3 Model BRF (or BPP), Providence data
Model is

Avrst = r' with r ~ beta(a ,B),

: [(a+B) . N
ie. f(r)=m ret(1-r)R!
(1) Model/data structure is
(size) chain  _general structure structure under model BRF
(3) 1-0 (1-p)’ (B+1)B [(erB+1)atP)]”
1-1-0 2p(1-p)® 20(B+1)B [(a+B+2)(a+p+1)(a+P)]"
1-1-1 2p*(1-p) 2(at+af [(a+B+2)...(a+B)]*
1-2 p’ (et [(a+B+1)(a+p)]"
4) 1-0 (1-py’ (B+2)(B+1)B [(outB+2)...(a+B)]"
1-1-0 3p(1-p)* 3a(B+3)...8 [(a+p+4)...(a+P)]"
1-1-1-0 6p*(1-p)* 6(at+1)a(B+3)...8 [(a+B+5)...(a+B)]!
1-2 *3p*(1-p)’ 3(a+1)a(B+2)...8 [(a+f+4)...(a+B)]
1-1-1-1 6p’(1-p)* 6(a+2)...a(B+2)..B [(a+B+S)...(a+B)]"
1-1-2 3p’(1-p)? 3(a+2)...a(f+1)B [(otp+4)...(a+B)]!
1-2-1 *3p’q(1+q), 3[ (a+2)(a+)aB [(at+B+3)..(o+P)]" +
where q = 1-p (a+2)(at+)aB+1)B [(at+p+4)..(atB)]" ]
1-3 p’ (a+2)...a [(a+B+2)...(a+B)]™.

Stared (*) values are differences between model BRF and model BG.

(2) Maximized log-likelihood (InL) = -431.928 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K ) = 2; x* goodness-of-fit = 22.5 (df = 8;
Sakamoto, 1991); AICc = 867.89; AAICc = 9.81; AIC weight = 0.006 (Burnham and
Anderson, 1998).

(3) Maximum likelihood estimate (MLE; Lehmann, 1983) of o = 1.1727.

(4) MLE of § =0.27985.

(5) continued ...

84

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



(5) continued

. E(r) = 0.80734;
6 Var(r) = 0.06342;
SD(r) = 0.25183.

density

2

o]

0 02 04 06 08 1
r

2.A.2.4 Mode! MULT, Providence data

Model is that each class of chain has a unique probability of occurrence.

(1) Maximized log-likelihood (Ing) = -424.133 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 10; AICc = 868.79; AAICc = 10.71; AIC
weight = 0.004 (Burnham and Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of P(observe chain 1-0 in
one trial of household size 3) = 34/334 = 0.1018; estimated standard error (SE;

sqrt( pg/n) ) of the MLE of P(observe chain 1-0 in one trial of household size 3) =

0.030239.

(3) MLE of P(... 1-1-0 ... size 3) = 25/334 = 0.07485; SE = 0.014399.
(4) MLE of P(... 1-1-1 ... size 3) = 36/334 = 0.1078; SE = 0.016969.
(5) MLE of P(.. 1-2 ... size 3) = 239/334 = 0.7156; SE = 0.024685.

(6) MLE of P(... 1-0 ... size 4) = 4/100 = 0.04; SE = 0.010722.

(7) MLE of P(... 1-1-0 ... size 4) = 3/100 = 0.03 SE = 0.017059.

(8) MLE of P(... 1-1-1-0 ... size 4) = 1/100 = 0.01; SE = 0.0099499.
(9) MLE of P(... 1- 1-1-1 ... size 4) = 4/100 = 0.04; SE = 0.010722.

(10) MLE of P(...1-2-0 ... size 4) = 8/100 = 0.08; SE = 0.085790.
(11) MLE of P(... 1-1-2 ...size 4) = 3/100 = 0.03; SE = 0.017059.
(12) MLE of P(... 1-2-1 ...size 4) = 1/100 = 0.01; SE = 0.0099499.
(13) MLE of P(... 1-3 ... size 4) = 67/100 = 0.67; SE = 0.047021.

continued ...
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2.A.2.5 Model BRFN, Providence data
Model is

yrss = ry and r, ~beta(a y,B ),

. _ C(ay+By)
b S T T

a‘v-l(l'rN)ﬁN-l

(1) Model/data structure is

(size) chain  _general structure structure under model BRF
(3)1-0 (1-p,)? (Bs+1)B; [(as*+Bs+1)(as+By)]"!

1-1-0 2 py(1-py)* 2 ay(Bs+1)Bs [(oy+Bs+2)(ts+B5+1 Yoy +By)]™
1-1-1 2 p5*(1-p3) 2(a;+1)ouBs [(0tBst2)...(ay+Bs)]

1-2 Py’ (ot Dy [(otByt 1)y *By)]"
(4) 1-0 (1-py’ (Br2)(Bat DBy [(otg*Bst2)...(custBo)]"
1-1-0 3py(1-py)° 3o (Ba*3)-- Bs [(cg#Ba+4)... (0 tB)]"
1-1-1-0 6p,3(1-p,)* 6(at+1)aty(Bat3)...Bs [(tg+Bs+S)... (B
1-2 *3p(1-py)’ (o 1)ot(Bat2)...By [(agtBat4)... (o, tBy)]
1-1-1-1 6p,’(1-p,)’ 6(ctg+2)...0t(Bat2)...By [(0ts+Bs+S)...(at+B)T
1-1-2 3p (1-p,) 3(0t,+2)...0, (B 1B, [(0gtBs+4)... (0t +B)]™
1-2-1 *3p,°qu(1+q), 3[ (ogt2)(agt)agBs [(otg+Bat3)... (o, B +

where q, = 1-p, (o +2) (ot Dot (Bat 1B, [(o+B,+4).. (o tB)]" ]
} (0t +2)...0 [(ag+Bst2)... B

Stared (*) values are differences between model BRFN and model BGN.

(2) Maximized log-likelihood (InL) = -431.809 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 4; ¥’ goodness-of-fit = 22.3 (df = 6;
Sakamoto, 1991); AICc = 871.72; AAICc = 13.64; AIC weight = 0.001 (Burnham and
Anderson, 1998).

(3) Maximum likelihood estimate (MLE; Lehmann, 1983) of a, = 1.0908.

(4) MLE of B, = 0.26397.

(5) MLE of a, = 1.3196.

(6) MLE of B, = 0.30235.

(7) continued...

1-3 P4
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(7) continued

10

8 E(p,) = 0.81359;
Ze Var(p,) = 0.057843;
| = P
841 SD(p,) = 0.24051.

2

0

0 02 04 06 08 1
p3

1Q 1

8 E(p,) = 0.80516;
26 Var(p, ) = 0.066622;
c .
B4y SD(p,) = 0.25811.

2

0

0 02 04 06 08 1
p4

2.A.2.6 Model T, Providence data
Model is

Pnrs.t = Pr-

(1) Maximized log-likelihood (In£) = -460.465 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (X) = 3; x* goodness-of-fit = 83.0 (df = 6;
Sakamoto, 1991); AICc = 926.99; AAICc = 68.91; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of p, ,,, and p,,, =
0.81296.

(3) MLE of py 3,2, 4221, and ps ;5 = 0.56446.
(4) MLE of p, 3,, = 0.79933.

continued ...
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2.A.2.7 Model T1, Providence data
Model is

Pvrsi1=Prr-

(1) Maximized log-likelihood (InL) = -460.461 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 4; x* goodness-of-fit = 81.5 (df = 4;
Sakamoto, 1991); AICc = 929.01; AAICc = 70.93; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of p,,;, and p; ; ,, =
0.81302.

(3) MLE of p,,,, and p;,,, = 0.56627.
(4) MLE of p, , , = 0.55556.
(5) MLE of p, 3, = 0.80000.

2.A.2.8 Model logitT, Providence data
Model is
1

L+exp[-(Bo +B, )]

qvrs.i =

(1) Maximized log-likelihood (InL) = -462.914 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 4; x* goodness-of-fit = 89.8 (df = 6;
Sakamoto, 1991); AICc = 930.06; AAICc = 71.98; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of 3, = -2.4709.
(3) MLE of B, = 1.0161.

continued ...
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2.A.2.9 Model TS, Providence data
Model is

PnTsi = Prs-

(1) Maximized log-likelihood (In£) = -460.209 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 5; x* goodness-of-fit = 81.6 (df = 5;
Sakamoto, 1991); AICc = 930.56; AAICc = 72.48; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of p;,,, = 0.81140.
(3) MLE of p,, 5, =0.81690.

(4) MLE of p5,, , and p,,, , = 0.58228.

(5) MLE of p,,,, = 0.50000.

(6) MLE of p, ;,, = 0.80000.

2.A.2.10 Model NT, Providence data
Model is

Pnrs: = Pnr-

(1) Maximized log-likelihood (In) = -460.236 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 5, x* goodness-of-fit = 78.8 (df = 3;
Sakamoto, 1991); AICc = 930.61; AAICc = 72.53; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of p;,,, = 0.81140.
(3) MLE of p;,,, = 0.59016.

(4) MLE of p, , 5, = 0.81678.

(5) MLEof p,,,, and p,,,, = 0.52513.

(6) MLE of p, ;,, = 0.79923.

continued ...
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2.A.2.11 Model logitTS, Providence data
Model is
1
1+exp[~(Bo +B1 7 +B,S)]

anrsi =

(1) Maximized log-likelihood (In£) = -462.622 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 3; x? goodness-of-fit= 90.1 (df = 5;
Sakamoto, 1991); AICc = 931.30; AAICc = 73.22; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of B, = -2 0488.
(3) MLE of 3, =0.88710
(4) MLE of 3, =-0.12766.

2.A.2.12 Model 10gitNT, Providence data
Model is
1
L+exp[-(Bo + BN + B, ]

aN TSI =

(1) Maximized log-likelihood (InL) = -462.736 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); K = 3; x* goodness-of-fit = 89.9 (df = 5; Sakamoto, 1991); AICc =
931.54; AAICc = 73.46, AIC weight = 0.000 (Burnham and Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of §, = -2.0488.
(3) MLE of B, =-0.097919.

(4) MLE of B, = 1.0293.

continued ...
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2.A.2.13 Model NS, Providence data
Model is

PNTSI=PNS-

(1) Maximized log-likelihood (InL) = -460.702 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 5; x* goodness-of-fit = 76.8 (df = 5;

Sakamoto, 1991); AICc = 931.53; AAICc = 73.45; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of p;,, , = 0.59016.
(3) MLE of p,,,, = 0.81140.

(4) MLE of p,,,,and p,;,, = 0.60870.

(5) MLE of p,,,, = 0.50000.

(6) MLE of p,,;, =0.81690.

2.A.2.14 Model YogitTI, Providence data
Model is
1
To 15t = 1 expl-(8, + 8,7+ B, )]’

(1) Maximized log-likelihood (InL) = -462.794 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 3; x> goodness-of-fit = 89.8 (df = §;

Sakamoto, 1991); AICc = 931.65; AAICc = 73.57, AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of B, = -2.6877.
(3) MLE of §, = 0.97794.

(4) MLE of B, = 0.25429.

continued ...
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2.A.2.15 Model NTSI (or NSI, TSI, NTS, NTI), Providence data
Model is

PNnTS1 = PNSTI-

(1) Maximized log-likelihood (InL) = -459.926 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 6; x* goodness-of-fit = 77.9 (df = 2;
Sakamoto, 1991); AICc =; AAICc = 73.97; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of p; ,,, = 0.80689.
(3) MLE of p;,,, =0.59016.

(4) MLE of p, , 3, = 0.82667.

(5) MLE of p,,,, = 0.55556.

(6) MLE of p,,,, = 0.50000.

(7) MLE of p, 5, , = 0.80000.

2.A.2.16 Model logitNS, Providence data
Model is
1
L+exp[—(Bo + BN +B,5)]

q,’V,T,S,I =

(1) Maximized log-likelihood (Inc) = -463.060 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 3; x* goodness-of-fit = 75.0 (df = 5,

Sakamoto, 1991); AICc = 931.18; AAICc = 74.10; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of f,=-1.8013.
(3) MLE of B, = 0.69507.
(4) MLE of B, =-0.84351.

continued ...
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2.A.2.17 Model 10gitN TSI (or logitNSI, logitTSI, iogitNTS, logitNTI), Providence data
Model is

1
1+exp[—(Bo + BN +B,S +B;N]

aN.T.s.1 =

(1) Maximized log-likelihood (InL) = -462.537 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 4; x* goodness-of-fit = 77.5 (df = 4;
Sakamoto, 1991); AICc =933.17, AAICc = 75.09; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of 3, = -1.3932.
(3) MLE of B, = 0.86255.

(4) MLE of B, = -0.98273.

(5) MLE of B, = 0.64868.

2.A.2.18 Model S, Providence data
Model is

Pyrs.t = Ps-

(1) Maximized log-likelihood (InL) = -465.456 (Edwards, 1976, Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 3; x* goodness-of-fit = 88.7 (df = 4;
Sakamoto, 1991); AICc =936.97, AAICc = 78.89; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE, Lehmann, 1983) of p;,, ;, 4212 and py3,,; =
0.59546.

(3) MLE of p; ,,, and p, ,,, = 0.79706.
(4) MLE of p, , 5, = 0.82657.

continued ...
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2.A.2.19 Model S1, Providence data
Model is

PNnTs1 = Ps.r-

(1) Maximized log-likelihood (InL) = -465.381 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 4; x* goodness-of-fit = 88.8 (df = 3;

Sakamoto, 1991); AICc = 938.86; AAICc = 80.78; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of p,,,, and p,;,, =
0.60608.

(3) MLE of p,,,, =0.55607.
(4) MLE of p3,,, and p,,,, =0.79711.
(5) MLE of p, , 5, = 0.82670.

2.A.2.20 Model logitS, Providence data

Model is
1
1+exp[—(Bo +BS)]

dNv st =

(1) Maximized log-likelihood (InL) = -468.284 (Edwards, 1976, Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 2; x* goodness-of-fit = 93.8 (df = §;

Sakamoto, 1991); AICc = 940.60; AAICc = 82.52; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of B, = -0.26118.
(3) MLE of B, = -0.49194.

continued ...
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2.A.2.21 Model 10gitS1, Providence data
Model is:
1
1+exp[~(Bo +B1S +B, )]

qNT.SI1 T

(1) Maximized log-likelihood (In£) = -467.597 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997);, number of parameters (K) = 3; x* goodness-of-fit = 92.2 (df = 4;

Sakamoto, 1991); AICc = 941.25; AAICc = 83.17, AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE, Lehmann, 1983) of B, = -0.98747.
(3) MLE of B, = -0.44029.
(4) MLE of §,=0.60231.

2.A.2.22 Model G, Providence data
Model is

dn.rs1 =T

(1) Maximized log-likelihood (InL) = -470.999 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K ) = 1; x* goodness-of-fit = 101. (df = 7,

Sakamoto, 1991); AICc = 944.01; AAICc = 85.93; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (Lehmann, 1983) of r = 0.20764.

2.A.2.23 Model logitl, Providence data
Model is
1
1+exp[—(Bo +B 1))

aNnrst =

(1) Maximized log-likelihood (In£) = -472.474 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 2; x* goodness-of-fit = 99.0. (df = 6;

Sakamoto, 1991); AICc = 948.98; AAICc = 90.90; AIC weight = 0.000 (Bumnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of B, = -2.4706.
(3) MLE of B, = 1.1239.
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2.A.2.24 Model I, Providence data
Model is

PxrTst =Pr-

(1) Maximized log-likelihood (InL) = -472.474 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 2; x* goodness-of-fit = 99.0. (df = 5;
Sakamoto, 1991); AICc =949.01; AAICc = 90.93; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of py,,4, 31215 Pasis
p.j‘z'z‘l, and p4,l,3,l = 079352
(3) MLE of p, ,,, = 0.55552.

2.A.2.25 Model NI (or logitNI), Providence data
Model is

PNTSI = PNI-

(1) Maximized log-likelihood (InL) = -472.307 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 3, x* goodness-of-fit = 101. (df = §;
Sakamoto, 1991); AICc =950.67; AAICc = 92.59; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of p,;,,, and p;,,, =
0.78875.

(3) MLE of py3,1, Ps2sr and py 5, = 0.80424.
(4) MLE of p,,,, = 0.55552.

continued ...
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2.A.2.26 Model logit(I/N), Providence data
Model is

|
Avrsi = N
1+ exp[—(ﬁo +B, N)]

(1) Maximized log-likelihood (InL) = -473.365 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 2; x* goodness-of-fit = 95.6. (df = 6;

Sakamoto, 1991); AICc =950.76; AAICc = 92.68; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE, Lehmann, 1983) of 3, = -2.2353.
(3) MLE of B, = 2.9184.

2.A.2.27 Model N (or GN, logitN)
Model is

Pvrsi =Py

(1) Maximized log-likelihood (InL) = -474.986 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 2; x> = 99.7 (df = 6; Sakamoto, 1991);
AICc =954.00; AAICc = 95.92; AIC weight = 0.000 (Burnham and Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of p, ,,, and p;,,, =
0.78876.

(3) MLE of py 31,1, Ps22.1> Psasr @nd Py = 0.79131.

2.A.2.28 Model MM
Model is

1 bl
pN,T,SJ:l_a(l-'F) .

(1) Maximized log-likelihood (InL) = -474.991 (Edwards, 1976; Anzzalini, 1996,
Royall, 1997); number of parameters (K) = 2; x* goodness-of-fit = 99.4 (df = 6;
Sakamoto, 1991); AICc =954.01; AAICc = 95.93; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE; Lehmann, 1983) of a =0.21044.
(3) MLE of 5 =0.23150E -8.
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2.A.2.29 Mode! RF (or PP)
Model is

I
th,T.S.[ =r.
(1) Maximized log-likelihood (InL) = -485.386 (Edwards, 1976; Anzzalini, 1996;

Royall, 1997); number of parameters (K) = 1; x* goodness-of-fit = 125. (df = 7,

Sakamoto, 1991); AICc = 972.26; AAICc = 114.18; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (Lehmann, 1983) of r = 0.78244.

2.A.2.30 Model RFN
Model is

R
qvrsr =Ty

(1) Maximized log-likelihood (InL) = -485.250 (Edwards, 1976; Anzzalini, 1996;
Royall, 1997); number of parameters (K) = 2; * goodness-of-fit = 119. (df = 6;

Sakamoto, 1991); AICc = 974.28; AAICc = 116.20; AIC weight = 0.000 (Burnham and
Anderson, 1998).

(2) Maximum likelihood estimate (MLE) of r, = 0.78873.

(3) MLE of r, =0.76934.
2.A.3. Miscellaneous methods and derivations
2.A.3.1 Comments on FORTRAN code and numerical methods
We used Powell’s method written in FORTRAN 77 (Powell, 1964, Press et al., 1992) to
perform all numerical optimizations. We executed these computations on an 166+ Cyrix
686 micro-computer running the linux 1.2.13 operating system (Peterson, 1998;
http://metlab.unc.edw/LDP). We used the “f2c” compiler, which translates FORTRAN 77
to C (Feldman and Weinberger, 1990) followed by “gcc” to make each executable. We
verified hardware and compiler reliability by compiling and executing numerous examples

of the FORTRAN code with “xif’ on an IBM RISC System/6000 (lamar.colostate.edu)
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mini-computer running the AIX operating system (Hoskins and Davies, 1999). We also
verified the reliability of Powell’s optimization method using “proc NLP” of SAS (Cody
and Smith, 1997; http://www sas.com) on this system; We compared results obtained
using Powell’s method with the results of several optimization methods available with

“proc NLP”; we found no discrepancies.

2.A.3.2 Example calculation of chain probabilities under model BG.

For example, 3pg” under model BG implies

3l (a+B)

l 4 a-1_p-1
TP qu pq dp

_ (@+B) Fa+HIB+4) ! [(a+B+5)
F@)TP) TC@+p+S) Jol(a+DI(B+4)

(a+1)-1 q(p+4)-1 dp.

Now, since

J‘l F(a+B+5) (a+1)-1q(p+4)-1dp =1
o (e + DI +4) ’

we get

A[(a+B) [(a+HI'(B+4)
C@)CB) T(a+B+S5)

Recalling that ['(x +n+1) = (x + n)['(x + n),

where x € R and n € Integers, gives

3a(B+3)(B+2)(B+1)B
(e +B+4)a+B+3)a+P+2)(a+B+D(a+P)

Other chain probabilities, under any of BG, BGN, BRF, or BRFN, are derived similarly.
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CHAPTER 3

Evaluating the Ability of Information-Based Model Selection to Detect
Mechanisms of Disease Transmission in Binomial Chain Epidemic Data

SUMMARY

In this chapter we use Monte Carlo methods to evaluate the ability of Akaike’s information
criteria (AIC) and it’s Baysian complement, BIC, to detect the McCarty-Miller model
(McCarty and Miller, 1998) as the generating process of epidemic binomial chain data of the
same sample sizes and similar rates of infection as found in the 2 data sets analyzed in Chapter
2 (common cold, Heasman and Reid, 1961; measles,Wilson et al., 1939). As predicted, BIC
out-performed AIC in all scenarios in which the generating process was in the set of candidate
models. Our results do not support the notion suggested in Chapter 2 that the selection of

a biologically unreasonable model by AIC as the best approximating model for the Heasman

and Reid data is an unfortunate artifact of sample size.

Key words: Greenwood; Reed-Frost; binomial chain; epidemic modeling; model selection;

statistical inference; AIC; Monte Carlo; measles; common cold.
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3.1. Introduction to the problem

3.1.1 Review

Models of specific epidemics are numerous in the literature (Dietz and Schenzle, 1985,
Barlow, 1995). Several general theories of epidemic dynamics exist and have allowed authors
a variety of approaches to specific problems (Bailey, 1975; Anderson and May 1984; Barlow,
1995). However, a recent application of model selection using Akaike’s information criteria
(AIC; Akaike 1973), corrected for possible small sample bias, AICc (Sugiura 1978, Hurvich
and Tsai 1989; Burnham and Anderson, 1998) to 2 classic data sets (“Heasman and Reid”,
and “Providence”; Table 3.1), has raised doubts about the validity and utility of these theories
(Chapter 2). In this chapter we use Monte Carlo methods (Morgan, 1984, Efron and
Tibshirani, 1993; Hjorth, 1994) to evaluate the ability of AICc and it’s Baysian complement,
BIC (Akaike 1978; Schwarz, 1978, Burnham and Anderson, 1998), to detect the McCarty-
Miller model, MM (McCarty and Miller, 1998) as the generating process of epidemic
binomial chain data of the same sample sizes and similar rates of infection as found in these
2 data sets. Specifically, we address three questions: (1) What parameter values of
generating process MM are conducive to selection of MM as the “best” model by either
AICc or BIC?, (2) If selection of MM fails, what models are favored by AICc and BIC?, (3)
Finally, could the selection of a biologically unreasonable model (logitS) by AICc as the best

approximating model for the Heasman and Reid data set be somehow explained even if MM

were the generating process?
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3.1.2 Mode!l selection under efficiency and consistency
Information theory based model selection requires 4 steps (Buckland et al., 1997; Burnham
and Anderson, 1998; McQuarrie and Tsai, 1998): (1st) selection of candidate models for the
data, (2nd) maximizing the resulting log-likelihoods, (3rd) calculation of an information
criteria for each model-data set combination, and (4th) selection of the “best” model based
on a comparison of the corresponding criteria values. Two general classes of information
criteria have resulted from the Frequentist and Baysian philosophies (Burnham and Anderson,
1998; McQuarrie and Tsai, 1998): efficient criteria (e.g., TIC, AIC, AICc, QAIC, QAICc,
TIC, FPE, Cp, PRESS), and consistent criteria (e.g., BIC, SIC, HQ). Diversity within these
2 classes is primarily the result of differing interpretations of what constitutes a “best” model.
A selection critena that asymptotically (i.e., sample size ~ « ) chooses the model from
the set of candidates with the minimum mean squared error distribution is called efficient
(Shibata, 1980; McQuarrie and Tsai, 1998). This approach assumes that the true generating
process is of infinite dimension and therefore is not a candidate model; selecting the “best
approximating” model is therefore the goal. The theoretical measure of discrepancy between
the approximating model (M,) and the generating process (M) targeted by AIC and AICc

is Kullback-Leibler discrepancy, K-L (Kullback and Leibler, 1951):

fr(x))
A My M,)=FE;|logl ———||

Kulback-Leibler discrepancy is not used directly as a model selection criteria since (1) the true
generating process (M) is usually not known, (2) additional uncertainty must be accounted

for since the data only provide an estimate of f,(x), and (3) even if £,(x) is know, computation
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of the required expectation may be impractical (Burnham and Anderson, 1998). Akaike’s

information criteria, corrected for small sample biases (AICc), is given by

2K(K +1)

AICc = -21nL(§|data, model) + 2K + i
- n- K-1

where n is the sample size and X is the number of model parameters (8) estimated from the
data (as maximum likelihood estimates) and n is the sample size. Removal of the last term
gives AIC. Akaike’s information criteria is a biased estimator of the expected K-L
discrepancy.

A selection criteria that asymptotically (i.e., sample size ~ = ) chooses the correct
model (i.e., the generating process) from the set of candidates with probability one is called
consistent (Bozdogan, 1987; McQuarrie and Tsai, 1998). This approach assumes that the

generating process is represented in the set of candidate models. BIC is a consistent criteria:

BIC = -21n L(f|data,model) + In(n)- K,

where n is the sample size and K is the number of model parameters (0) estimated from the
data (as maximum likelihood estimates) and # is the sample size. BIC is not efficient and it
does not estimate expected K-L discrepancy (Burnham and Anderson, 1998; McQuarrie and
Tsai, 1998). The derivation of BIC assumes equal priors on all candidate models and weak
priors on the estimates of the parameters of each model (Burnham and Anderson, 1998). In
many traditional settings (e.g., generalized additive models, time series), BIC consistently out-
performs AIC when the generating process is present as a model in the candidate set and

sample size is large (MQuarrie and Tsai, 1998).
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While information criteria may be used to select the “best” model, current theory
suggests that making inferences from only the selected model may be less than optimal
(Burnham and Anderson, 1998). Three methods of assessing model selection uncertainty
have been recommended. As a general rule, models differing in AICc value by 2-4 units from
the best model should not be ruled out as good candidates and models differing by >4-7 units
are very weak contenders. Similar recommendations for BIC have not yet appeared.
Alternatively, Akaike weights provide a normalized metric (0-1) of model selection

uncertainty for model / among the R candidate models:

1
exp[- 5AAIC,}

2 1
Z exp[— 5AAIC,}
r=1 et

W, = ,

where AAIC, = AIC, - minimum AIC; models with high weights are good candidates
(Burnham and Anderson, 1998). In a Baysian context, Akaike weights using ABIC, can be
taken to give the posterior probability of each candidate model being the generating process.
Finally, bootstrapping provides a robust method of assessing model selection uncertainty and

is applicable in virtually all model selection problems regardless of the selection criteria

(Burnham and Anderson, 1998).

3.2. Candidate models and the results of Chapter 2

3.2.1 General classification of models
Candidate models for the Heasman and Reid and Providence data sets may be conveniently

divided into 4 classes based on an interpretation of each individual model as being
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“mechanistic” or “statistical” and whether or not individual models are nested within the
global model of each class. For example, model class 2 contains 14 models nested under one

global model and is considered to be more mechanistic than model class 1, but less so than

model class 3.

3.2.2 Model class 1, multinomial (I member)
The multinomial model, MULT, recognizes no generating process beyond the observation
of different categories of chains, each with different cell probabilities. For example, under this

model the likelihood of the Hesiman and Reid data (Table 3.1):

664!
4231131136!14141218121212411 11311131010 "

15 0
P2 p pi° pi‘p;‘pépi‘pfpépfa‘pnPupnpupls(l > p,] .

Model MULT is not selected by AICc for either the Heasman and Reid or Providence data

sets; AAICc > 10.0 and Akaike weights <0.005 in both cases.

3.2.3 Model class 2, structured multinomial (15 members)

Global model NTSI recognizes the first level of structure generating each multinomial cell of
each data set; that each chain classification is the result of a disease transmission process.
Under this model, the probability of transition from the susceptible to the infected state is
conditional on the population size (¥); the time step (7);, the number of available

susceptibilities (S); and the number infectious (/). The number recovered (R), is not included
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since R=N-S-/. For example, the expected number of chains 1-2-0 of the Heasman and Reid

data set is

2 2 2
554(6P.V=5,T=1,S=4,1= 1‘1N=5,T=1,S=4,1=1‘1»’:5,7:2,5:2,1:2),

which represents the expected number of instances of 2 of 4 susceptibilities (S=4) converting
(P*v=s1-1.5-4-1 ) tO the infectious state in the presence of 1 infectious (/=1) at the end of the
first time step (7=1) and 2 not converting (Gy-s r-y s-ss-1 = | = Py=s.r-1.5-4,-1)> fOllowed by 2
susceptibles (§=2) not converting (qy-s -, s-2,-2), in the presence of 2 infectious (/=2) at the
end of the second time step (7=2). The coefficient “6* comes from the fact that there are 6
ways to observe this sequence of events among 3 individuals (+ 1 initial infectious). Model
class 2 contains 14 nested sub-models (N, T, S, I, NT, NS, NI, TI, TS, SI, NTS, NTI, NSI,
TSI ). Because N =3 or 4 is small, models NTS, NTI, NSI, and TSI are all equivalent to
global model NTSI when applied to the Providence data set. Models in class 2 are not

selected by AICc for either the Heasman and Reid or Providence data sets; AAICc > 3.0 and

Akaike weights <0.06 in all cases.

3.2.4 Model class 3, nested logistic (15 members)

Nested logistic regression models, global model logitNTSI, consider transition from the
susceptible to the infected state as a logit transform on some linear combination of the current

population state,

1
PN TSt = expl-(By + B N+ B,T+B.S+B.0]
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These models offer nearly the same structure as models in class 2, but force additivity
resulting in greater parsimony. Because N =3 or 4 is small, logitNTS, logitNTIL, logitNSI,
logitTSI are all equivalent to global model logitNTSI when applied to the Providence data
set. Included in this class is our interpretation of the “mass action assumption” (Chapters

1,2), which we represent as a logit transform of //N, model logitI/N:

1

PNTSIE BNk
1+ exp[—(ﬁo + Bl—ﬂ
N

All model in this class, except logitl and logitl/N, are good candidates for the

Heasman and Reid data set:

logitS, AAICc =0, weight =0.312;
logitT, AAICc = 1.26, weight = 0.166;
logitTS, AAICc =2.00, weight =0.114,
logitSI, AAICc = 2.02, weight = 0.114;
logitTI, AAICc =2.07, weight = 0.111,
logitTSI, AAICc = 4.01, weight = 0.042;
logitl, AAICc = 13.18, weight <0.001.

Curiously, models in this class are very poor candidates for the Providence data; AAICc >

71.0 and Akaike weights <0.001 in all cases.

3.2.3 Model class 4, biological mechanistic (10 members)
For heuristic purposes, all members of this class can be considered as modifications of the
McCarty-Miller model, MM (Chapter 2; McCarty and Miller, 1998), which recognizes two
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possible biological mechanisms of disease transmission: a random apportionment of /b (#
infectious * average number of infectious contacts per infectious individual) total infectious
contacts among the N individuals of the entire population at each time step, and a possible

constant level of background risk (1- a):

1 IB
=1- a(l - —) ‘
Py rTs.i N

Model MM simplifies to the Reed-Frost model, RF (Bailey 1975), if N is held constant and
a=1 (i.e., no background risk) and the Greenwood model, G (Bailey, 1975; Greenwood,
1931), if B=0 and Nis held constant. Model MM also simplifies to the James-Rossiter model
(1989), JR, ifa=1 and N=S§; corresponding to a random apportionment of the /B infectious
contacts across only the susceptible portion of the population. Model MM can be modified
to account for variation of the degree of risk to infection from a point source specific to a
population by replacing a with a beta random variate. For example, the expected number of
1-1-1-2 chains in the Heasman and Reid data set under model MM with =0 and

(1-a) ~ beta(a,f) is given by:

F(a+B) (! 15, a-1_p-1
E[664(12(1-a)*a’] = 7968 ——— L | (1- 1-a)® 'aP1d
[664(12(1-a) " a’] F(a)l“(B)L( a)'a’(l-a)* 'a" 'da,

which may be written as,

8F(a+[3) [(a+)'(B+S) ¢! T(a+p+9)
F@)B) T'(a+B+9) Jol(a+4)'(B+3)

(I_a)(ﬂ+4)-’la(B+5)—lda’

which since,

F(a+B+9)
[(@+4)IP+9)

J’:(l_a)(a«»n-la(ﬂ-d)—l -1
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simplifies to,

68 [a+B)(a+4)[(B+4)
Te)T (BT (e +B+9)

and since I'(e+1) = al(e), finally giving,

2968 (o +3) (e +2)(a + 1o (B +4)B +3)...8
(o +B+8)a+B+7)...(a+P) ’

This modification is equivalent to the beta-Greenwood model, BG, previously investigated
by Bailey (1975) using the Providence data set; allowing separate beta random variates for
each population size gives model BGN. Model MM can be further modified to give the
Kermack-McKendrick model, BRF (Becker, 1981), ifa=1, and the term (1 - 1/N)? is replaced
by a beta random variate; allowing separate beta random variates for each population size
gives model BRFN.

Finally, included in this class is the propagating point source model, PP, which

considers each new infectious individual as a new point source of risk to infection:
=1-(1-p)’
Pvrs.i p).

While mechanistically distinct, model PP is functionally equivalent to model MM when
a=B=1 and the term 1/N is replaced by the parameter p; only with the Providence data set is
this model distinct.

Models in class 4 are very poor candidates for the Heisman and Reid data set; AAICc
> 4.50 and Akaike weights <0.04 in all cases. In sharp contrast, models BG and BGN are
the only plausible candidates for the Providence data set: BG, AAICc =0, weight = 0.824;

BGN , AAICc =3.22, weight =0.165 .
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3.4.2, Likelihoods

We include only one log-likelihood (less multinomial coefficient, and not simplified to assist

interpretation) as an example, the Providence data under model NTSI, where (...)y s,

indexes every term within the parentheses:

34'1“[(‘12 vl T 25'ln[z(Pq)s,l,z,l(q)a.z,l.l] +36:In[2(pq)11.5.1(P)s200) + 239'ln[(P2)3.1,.’.1] +
4"“[(‘13)4.1.3,1] + 3'ln[3(Pq2)4.1.3.1(q2)4.111] + l'ln[é(qu)u.s.1@4)4.111(‘1)4.3.1,1] +
4““[6(1"72)4.1.3.1(”‘1)4.111@)4_3.1.1] + 3'ln[3(P‘Il)4.l.3.1(P2)4.Lu] + 8'1n[3(Pl‘1)4,1.3.1(‘11)4.11.:] +

10In[3(°q)s1 5., (P)s212] + 67-In[(P),,35.] (see appendix of Chapter 2 for additional

clarification).

Standard approaches (Becker, 1981) give simple closed-form solutions for maximum
likelihood estimates of the parameters for «ll models in classes 1 and 2 by equating the first
derivative of each log-likelihood to 0 and solving for each parameter. For example, the

maximum likelihood estimator of parameter p,., ., of model Nl is:

~ _ yN=4’1=l
PN=4T=2 ="
XN=4.1=1

where y,.., ;-, is the total number of individuals converting from the susceptible to the infected
state in households of size 4 at the second time step of each household’s epidemic, and xy., .,

is the total number of such trials. We used numerical optimization (Powell, 1964) in cases

where no simple estimator exists.
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3.4. Monte Carlo study: methods, results and discussion

3.4.1 Monte Carlo methods

We investigated 18 scenarios of data generated under model MM (Figures 3.1-3.18); 6
mimicking the Heasman and Reid data, and 12 mimicking the Providence data. We chose
combinations of the parameters of model MM that produce similar rates of infection as found
in these 2 data sets and generated 10,000 fictitious data sets for each scenario. We used a
simple linear congruential generator (Knuth, 1981), modeling the probability of conversion
of each susceptible individual to the infected state at each step of the chain as an independent
Bernoulli trial, to generate each chain of each household; 664 instances for scenarios
simulating the Heasman and Reid data, and 434 instances for scenarios simulating the
Providence data (appendix). We confirmed that 10,000 replicates were sufficient to give
estimates of model selection frequency reliable to 2 decimal places by comparing the results
of 10,000 replicates of scenario 3 (Figure 3.3) with 50,000 replicates of scenario 3 (e.g.,
Burnham and Anderson, 1998).

Our candidate models were chosen based on the results of Chapter 2. We chose 21
models to challenge data from the 6 Heasman and Reid scenarios (Figures 3.1-3.6): MULT,
T, S, I, T, SI, TS, TSI, logitT, logitS, logitl, logitTI, logitSI, logitTS, logitTSI, G, BG,
RF, BRF, MM, and JR. This is the same set used in Chapter 2 for the AICc based analysis
of the Heasman and Reid data. We chose 11 models to challenge data from the 12
Providence scenarios: N, S, I, NI, logitS, G, BG, RF, RFN, BRF, and MM. This setisa
subset of the set used in Chapter 2 for the AICc based analysis of the Providence data. We
chose a reduced set for 4 reasons. First, the reduced set shortens computation time and

minimizes problems associated with the numerical optimization routine (Powell, 1964) used
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to maximize many of the log-likelihoods. Second, because the Providence data set is small,
it is unlikely that models having >3 parameters will be selected by AICc or BIC; the results
of Chapter 2 support this belief. Third, many of the models in the original set of 31 models
used in Chapter 2 incorporate similar effects. Finally, not all 31 models were necessary to
address our stated goals.

We used the same FORTRAN source code used in Chapter 2 (see appendix) to
calculate the maximized log-likelihoods for every simulated data set-model combination.
FORTRAN code was compiled using f2¢ (Feldman and Weinberger, 1990; http://netlib bell-
labs.com/f2c, 1999) and run on a Cyrix 686 166+ under the Linux operating system
(Slackware version 1.2.13, Barkakati, 1996). Computations times were practical, 46 hours
for scenarios 1-6 (Figures 3.1-3.6). We verified the reliability of the f2c translator and the
Cyrix 686 processor by comparing the results of scenarios computed using this system with
results obtained by compiling (“xIf”; http:/lamar.colostate.edu) and running the same
scenarios on an [BM RS6000 under the UNIX operating system (AIX version 4; [BM

copyright 1982, 1996; http://lamar.colostate.edu).

3.4.2 Detecting the generating process

Two observations deserve notice: (1) The generating process was more likely to be correctly
identified in the simulated Heasman and Reid data than in the simulated Providence data, and
(2) BIC out-performed AICc in all but one scenario. AICc correctly identified the generating
process >55% of the time in only 4 of the 6 Heasman and Reid scenarios (Figures 3.1, 3.2,

3.5, 3.6) and only once (Figure 3.16) in the 12 Providence scenarios. Performing slightly

better, BIC correctly identified the generating process >55% of the time in 5 of the 6
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Heasman and Reid scenarios (Figures 3.1, 3.2, 3.4, 3.5, 3.6) but again only once (Figure 3.16)
in the 12 Providence scenarios. Apparently the combinations of values for the parameters of
model MM necessary to produce data similar to the Providence data are not sufficient to

provoke consistent selection of MM over more parsimonious models such as RF and G or

more flexible models such as RFN.

3.43 RFN vs. MM

Model MM and model RFN each have 2 parameters when applied to the Providence data
set. However model RFN will always give an equal or better fit than model MM because it
does not constrain the N effect as MM does. Consequently, it is not surprising that model
RFN was selected more frequently than MM in 7 of the 12 Providence scenarios (Figures
3.7-3.12, 3.15) by both AICc and BIC. Because the number of parameters in model MM is
independent of the variation in V, both AICc and BIC would be more likely to select MM

over RFN given greater variationin NV than the 2 values, N =3 or 4, present in the Providence

data set.

3.4.4 Accidental evidence for heterogeneity

The empirical probability of selecting a model incorporating individual heterogeneity, models
BG and BRF, by either AICc or BIC is very low in all scenarios considered. The probability
of selection exceeds standard alpha levels in only 1 scenario; model BRF is selected by AICc
with probability 0.14 and BIC with probability 0.07 in scenario 6 (Figure 3.6); the empirical
probability of the selection of either BG or BRF is <0.05 in all other cases. Consequently,

the selection of model BG by AICc with a high Akaike weight of 0.824 as the best candidate
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for the Providence data set is probably not the result of this data deviating even strongly from
the expected sample if the true generating process was MM or another similar process.

Not surprisingly, model selection analyses of data generated under model RF (Figures
3.4-3.6) are more likely to result in selection of BRF than BG. Similarly, model selection
analyses of data generated under model BG (Figures 3.4-3.6) are more likely to result in
selection of BG than BRF. Further, it is not surprising that scenario 6 (Figure 3.6) resulted
in the highest selection probability for a model incorporating heterogeneity, since it was
generated under the most extreme example of model RF investigated (i.e., model MM with
a=1.0, B=0.75 versus, for example, scenario 5, MM with a=1.0, B=0.5).

3.4.5 Is logitS unreasonable under MM?

The empirical probability of selecting model logitS by either AICc or BIC is low in
all scenarios considered; p<0.05 for all Heasman and Read scenarios (Figures 3.1-3.6), p<0.2
for all Providence scenarios (Figures 3.7-3.18). Consequently, the selection of model logitS
by AICc (weight 0.312) as the best candidate for the Heasman and Read data set is probably
not the result of this data deviating even strongly from the expected sample if the true

generating process was MM or another similar process.

3.5. Conclusions

It is unrealistic to expect that the generating process is present as a model in any set of
candidate models (Burnham and Anderson, 1998). However, it is not unrealistic to suppose
that a key central generating mechanism exists and that individual observations may obscure
this mechanism from detection with “noise”caused by individual heterogeneity or errors in

data collection. This is especially arguable in the case of infectious epidemics in which it is
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known that the disease always physically transmits from host to host but that individual hosts
and environments vary greatly; versatility is probably the key to successful pathogen
evolution. Studies such as these are useful to reveal what can be detected in the absence of
such noise and can lead to many useful specific and general observations.

First, studies collecting binomial chain data should record sufficient covariate
information to model individual heterogeneity; minimally, gender, age, and degree of
crowding. Unfortunately, this information was either not collected, collected haphazardly,
or not adequately reported (e.g. “crowding” information presented by Heasman and Reid) to
model these effects in either the Providence or Heasman and Reid data sets.

Second, for data of these sample sizes and rates of infection, model MM will not be
selected by either AICc or BIC over model G unless threshold values for the B parameter of
this model are exceeded. Roughly, if model MM were the underlying generating process of
the Heisman and Reid data and a candidate model, it would not be selected by AICc or BIC
unless B >0.25 (i.e., 0.25 infectious contacts per infectious individual) and the effects of
individual heterogeneity were somehow controlled. A threshold value is more difficult to
determine for the Providence data from our study because of the similarity of model MM to
model RFN.

Third, studies questioning the existence of an N effect as modeled by MM using
binomial chain data should collect data from populations of more than 2 different sizes.
Model RFN will always give an equal or better fit than model MM because it does not
constrain the N effect as MM does. However, the number of parameters in model MM is
independent of the number of populations sizes; unlike model RFN, in which the number of

parameters increases by one unit for every populations size. Consequently, both AICc and
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BIC will penalize model RFN but not MM as the number of population sizes increases.
Finally, in the absence of heterogeneity, selection of model logitS by either AICc or
BIC is highly unlikely if model MM is the generating process for data of the same sample
sizes and similar rates of infection as found in the Heasman and Reid and Providence data
sets. Consequently, the selection of model logitS by AICc as the best approximating model

for the Heasman and Reid data remains biologically unexplained.
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Table 3.1

Data sets used in a challenge of theories of epidemic dynamics. Both are frequency
tabulations of epidemic “binomial chains” in which the progress of successive viral infections
was tracked within human family households. For example, one class of chains from
households of 5 members with | initial infection is initial infection, followed by 2 new
infections and recovery of the first, | infection and recovery of the second and third, and no
new infections and recovery of the fourth; the notation for this chain is 1210.

Heasman and Reid (common cold Providence (measels data; Bailey

data; Heasman and Reid, 1961) 1975)
chain frequency chain frequency
10 423 size 3:
110 131 10 34
1110 36 110 25
11110 14 11 36
11111 4 12 239
1112 2
1120 8 size 4:
1121 2 10 4
113 2 110 3
120 24 1110 I
1210 11 1111 4
1211 3 112 3
122 1 120 8
130 3 121 10
131 0 13 67
14 0
total: 434
total: 664
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Expected distribution under # selected | 10,000 simulations
model MM (actual dist. of data) (mean weight | selection)
chain frequency model K AlCc BIC
10 272.0 (423) MULT 15 18 (0.44) 0
110 1393 (131) T 4 131 (0.36) 0
1110 66.8 (36) S 4 088 (0.47) 0
11110 26.7 (14) I 2 1156 (0.46) 19 (0.70)
11111 6.7 ) TI 7 19 (0.29) 0
1112 42 (2) SI 7 57 (0.25) 0
1120 209 (8) TS 7 0 0
1121 52 (Q2) TSI 8 56 (0.43) 0
113 22 () logitT 2 0 0
120 653 (24 logitS 2 0 0
1210 2601 (11) logitl 2 149 (0.27) 95 (0.57)
1211 6.3 3) logitTI 3 37 (0.25) 0
122 4.1 (1) logitSI 3 19 (0.20) 0
130 136 (3) logitTS 3 75 (0.30) 18 (0.43)
131 5.1 (0) logitTSI 4 0 0
14 1.1 (0) G 1 7239 (0.42) 9812 (0.91)
BG 2 36 (0.33) 0
RF 1 0 56 (0.69)
BRF 2 0 0
MM 2 0 0
JR 1 0 0

Figure 3.1. (left) Expected distribution of 664 binomial chains under model G (model MM
with @=0.8, B=0.0) and actual distribution of the Heisman and Read data (Heisman and Read,
1964). (right) Results of 10,000 Monte Carlo replicates of model selection analysis with model
G (model MM with a=0.8, B=0.0) as the generating process for 664 binomial chains. Note that

these conditions produce a more infectious epidemic than observed in the Heisman and Read
data.
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Expected distribution under # selected | 10,000 simulations
model MM (actual dist. of data) (mean weight | selection)
chain frequency model K AlCc BIC

10 4357 (423) MULT 15 0 0
110 141.2 (131) T 4 479 (0.33) 0
1110 38.1 (36) S 4 574 (0.29) 0
11110 76 (14) | 2 574 (0.34) 0
11111 038 4) TI 7 0 0
1112 05 (2) SI 7 95 (0.23) 0
1120 4.7 (8) TS 7 0 0
1121 0.5 (2) TSI 8 0 0
113 02 (2) logitT 2 0 0

120 26.1  (24) logitS 2 431 (0.23) 47 (0.72)

1210 52 (1D logitl 2 720 (0.23) 48 (041
1211 0.6 (3) logitTI 3 48 (0.18) 0
122 0.3 (D logitSI 3 288 (0.26) 0
130 22 3 logitTS 3 47 (0.40) 0
131 04 0) logit TSI 4 144 (0.37) 0

14 0.1 (0) G 1 5500 (0.29) 8423 (0.74)
BG 2 144 (0.21) 0

RF 1 956 (0.32) 1482 (0.62)
BRF 2 0 0
MM 2 0 0
JR l 0 0

Figure 3.2. (left) Expected distribution of 664 binomial chains under model G (model MM with
a=0.9, B=0.0) and actual distribution of Heisman and Read data (Heisman and Read, 1964).
(right) Results of 10,000 Monte Carlo replicates of model selection analysis with model G
(model MM with a=0.9, B=0.0) as the generating process for 664 binomial chains. Note that

these conditions produce a slightly less infectious epidemic than observed in the Heisman and
Read data.
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Expected distribution under
model MM (actual dist. of data)

# selected | 10,000 simulations
(mean weight | selection)

chain frequency model K AlCc BIC
10 348.5 (423) MULT 15 21 (041) 0
110 150.3 (131) T 4 266 (0.34) 0
1110 57.1 (36) S 4 956 (0.43) 0
11110 170  (14) I 2 1492 (0.39) 0
11111 30 4) TI 7 83 (0.30) 0
1112 1.7 () SI 7 40 (0.25) 0
1120 11.1 (8) TS 7 48 (0.26) 0
1121 29 (2) TSI 8 40 (0.29) 0
113 08 (2) logitT 2 0 0
120 414  (24) logitS 2 117 (0.32) 23 (0.43)
1210 7.0 (1)) logit] 2 4 (0.18) 0
1211 3.0 3) logitTI 3 81 (0.27) 7 (0.30)
122 24 (N logitSI 3 121 (0.27) 0
130 5.7 (3) logitTS 3 7 (0.33) 0
131 2.7 (0) logit TSI 4 24 (0.41) 0
14 03 0) G | 4073 (0.35) 6262 (0.82)
BG 2 156 (0.44) 41 (0.33)
RF | 2327 (0.42) 3629 (0.80)
BRF 2 144 (0.65) 38 (0.65)
MM 2 0 0
JR 1 0 0

Figure 3.3. (leff) Expected distribution of 664 binomial chains under model MM (a=0.9,
B=0.25) and actual distribution of Heisman and Read data (Heisman and Read, 1964). (right)
Results of 10,000 Monte Carlo replicates of model selection analysis with model MM (a=0.9,
B=0.25) as the generating process for 664 binomial chains. Note that these conditions produce
a more infectious epidemic than observed in the Heisman and Read data.
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Expected distribution under # selected | 10,000 simulations
model MM (actual dist. of data) (mean weight | selection)
chain frequency model K AlCc BIC

10 531.2 (423) MULT 15 0 0
110 103.1 (131) 4 199 (0.31) 0
1110 159 (36) S 4 386 (0.36) 0
11110 1.7 (14) 2 254 (0.34) 0
1111 0.1 4) TI 7 30 (0.19) 0
1112 0.1 (2) SI 7 5 (0.19) 0
1120 0.9 ®) TS 7 0 0
1121 0.1 (2) TSI 8 0 0

113 00 (2 logitT 2 175 (0.19) 30 (0.33)

120 8.4 (24) logitS 2 331 (0.24) 77 (0.42)

1210 19 (1) logitl 2 118 (0.27) 19 (0.53)
1211 0.1 3) logitTI 3 25 (0.26) 0

122 0.1 (1) logitSI 3 481 (0.24) 2 (0.33)
130 03 3) logitTS 3 0 0
131 0.1 0) logitTSI 4 36 (0.23) 0

14 0.0 (0 G 1 3046 (0.25) 3761 (0.56)

BG 2 105 (0.34) 31 (047)

RF l 4323 (0.3D) 5881 (0.64)

BRF 2 471 (0.39) 150 (0.51)
MM 2 0 0
JR | 15 (0.50) 49 (0.9%5)

Figure 3.4. (leff) Expected distribution of 664 binomial chains under mode!l RF (model MM
with a=1.0, B=0.25) and actual distribution of the Heisman and Read data (Heisman and Read,
1964). (right) Results of 10,000 Monte Carlo replicates of model selection analysis with model
RF (model MM with a=0.1, B=0.25) as the generating process for 664 binomial chains. Note

that these conditions produce a less infectious epidemic than observed in the Heisman and Read
data.
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Expected distribution under # selected | 10,000 simulations
model MM (actual dist. of data) (mean weight | selection)
chain frequency model K AlCc BIC

10 425.0 (423) MULT 15 26 (0.40) 0
110 143.6 (131) T 4 167 (0.32) 0
1110 40.7 (36) S 4 301 (0.38) 0
11110 86 (14) I 2 561 (042) 0
11111 1.0 4) TI 7 65 (0.29) 0
112 06 (2 SI 7 75 (0.24) 0
1120 48 (8) TS 7 102 (0.29) 0
1121 1.2 (2) TSI 8 0 0
113 0.2 (2) logitT 2 0 0

120 227 (24) logitS 2 226 (0.27) 22 (042)

1210 102 (11 logitl 2 16 (0.24) 11 (0.31)
1211 1.2 (3) logitTI 3 148 (0.29) 0
122 1.4 1 logitSI 3 251 (0.27) 0
130 20 () logitTS 3 17 (0.43) 0
131 1.2 0) logit TSI 4 27 (0.32) 0

14 0.1 (0) G l 658 (0.29) 943 (0.64)
BG 2 36 (0.25) 0

RF ! 6631 (0.40) 8959 (0.83)

BRF 2 693 (0.44) 65 (0.66)
MM 2 0 0
JR l 0 0

Figure 3.5. (/eft) Expected distribution of 664 binomial chains under model RF (model MM
with a=1.0, B=0.5) and actual distribution of the Heisman and Read data (Heisman and Read,
1964). (right) Results of 10,000 Monte Carlo replicates of model selection analysis with model
RF (model MM with a=0.1, B=0.5) as the generating process for 664 binomial chains. Note

that these conditions produce an epidemic approximately equivalent to the Heisman and Read
data.

125

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Expected distribution under
mode!l MM (actual dist. of data)

chain

# selected | 10,000 simulations
(mean weight | selection)

frequency model K AlCc BIC
10 340.0 (423) MULT 15 22 (0.63) 0
110 149.9 (131) T 4 25 (0.26) 0
1110 586 (36) S 4 199 (0.45) 6 (0.49)
11110 18.1  (14) I 2 928 (0.49) 0
11111 33 4) TI 7 122 (0.33) 0
1112 19 (2) SI 7 53 (0.33) 0
1120 10.7 (3) TS 7 57 (0.30) 0
1121 4.2 (2) TSI 8 42 (0.33) 0
113 09 (2 logitT 2 0 0
120 347 (24) logitS 2 26 (0.35) 10 (0.39)
1210 233 (1D logitl 2 0 0
1211 42 (3 logitTI 3 62 (0.25) 0
122 55 (D logitSI 3 43 (0.28) 0
130 50 () logitTS 3 15 (0.49) 0
131 49 (0) logit TSI 4 0 0
14 04 (0) G 1 38 (0.30) 139 (0.64)
BG 2 36 (0.36) 0
RF 1 6920 (0.57) 9587 (092)
BRF 2 1412 (0.62) 258 (0.68)
MM 2 0 0
JR | 0 0

Figure 3.6. (left) Expected distribution of 664 binomial chains under model RF (model MM
with a=1.0, B=0.75) and actual distribution of the Heisman and Read data (Heisman and Read.
1964). (right) Results of 10,000 Monte Carlo replicates of model selection analysis with model
RF (model MM with a=0.1, B=0.75) as the generating process for 664 binomial chains. Note
that these conditions produce a more infectious epidemic than observed in the Heisman and

Read data.
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Expected distribution under
model MM (dist. of actual data)

chain frequency

size 3:

10 13.0 (34

110 209 (29)

I 85.0 (36)

12 215.1 (239)
size 4:

10 32 )

110 21 (3)

1110 28 ()

120 44  (8)

1111 6.1 (4)

112 96 (3)

121 399 (l10)

13 31.9  (67)

# selected | 10,000 simulations
(mean weight | selection)

model K AlCc BIC

N 129 (0.40) 215 (0.51)
S 3 222 (0.49) 21 (0.46)
I 3 0 0

NI 3 1131 (0.52) 94 (0.68)
logitS 2 543 (0.44) 597 (0.538)
G | 0 51 (0.37)
BG 2 0 0

RF l 16 (0.31) 270 (0.52)
RFN 2 6071 (0.43) 6831 (0.33)
BRF 2 6 (0.63) 5 (0.72)
MM 2 1882 (0.39) 1916 (0.46)

Figure 3.7. (leff) Expected distribution of 434 binomial chains under model MM (a=1.0,
B=4.0) and actual distribution of the Providence data (Bailey, 1975). (right) Results of 10.000
Monte Carlo replicates of model selection analysis with model MM (a=1.0, B=4.0) as the

generating process for 434 binomial chains.
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Expected distribution under # selected | 10,000 simulations
model MM (dist. of actual data) (mean weight | selection)
chain frequency model K AlCc BIC
size 3: N 2 176 (0.43) 258 (0.53)
10 58 (34) S 3 387 (0.48) 37 (0.64)
110 10.1  (25) I 3 I (0.25) 0
111 663 (36) NI 3 1128 (0.55) 62 (0.42)
12 251.8 (239) logitS 2 942 (0.44) 1108 (0.56)
size 4: G 1 1 (0.21) 110 (0.41)
10 13 @) BG 2 0 0
110 0.7 (3) RF 1 27 (029) 259 (0.51)
1110 1.1 (H RFN 2 5736 (0.42) 6579 (0.50)
120 23 (8) BRF 2 13 (0.51) 13 (047)
111 36 (4) MM 2 1589 (0.37) 1574 (0.43)
112 75  (3)
121 39.1 (10)
13 444 (67)

Figure 3.8. (/eff) Expected distribution of 434 binomial chains under model MM (a=1.0,
B=5.0) and actual distribution of the Providence data (Bailey, 1975). (righr) Results of 10,000

Monte Carlo replicates of model selection analysis with model MM (a=1.0, B=5.0) as the
generating process for 434 binomial chains.

128

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Expected distribution under # selected | 10,000 simulations
model MM (dist. of actual data) (mean weight | selection)
chain frequency model K AlCc BIC
size 3: N 2 213 (0.57) 284 (0.50)
10 26 (34) S 3 462 (0.43) 20 (0.57)
110 4.7 (25) I 3 0 0
11 488 (36) NI 3 1552 (0.41) 0
2 2779 (239) logitS 2 1656 (0.40) 1806 (0.51)
size 4 G 1 10 (0.21) 156 (0.44)
10 06 (4) BG 2 0 0
110 02 (3) RF 1 40 (0.32) 377 (0.48)
1110 04 (1) RFN 2 4807 (0.39) 6138 (0.48)
120 L (® BRF 2 5 (0.70) 5 (0.56)
1111 1.9 @) MM 2 1255 (0.32) 1214 (0.39)
112 58  (3)
121 349 (10)
13 556 (67)

Figure 3.9. (/eft) Expected distribution of 434 binomial chains under model MM (a=1.0,
B=6.0) and actual distribution of the Providence data (Bailey, 1975). (righr) Results of 10.000

Monte Carlo replicates of model selection analysis with model MM (a=1.0, B=6.0) as the
generating process for 434 binomial chains.
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Expected distribution under # selected | 10,000 simulations
model MM (dist. of actual data) (mean weight | selection)
chain frequency model K AlCc BIC
size 3: N 2 288 (0.40) 361 (0.48)
10 18.8 (34) S 3 352 (0.45) 32 (0.43)
110 286 (29) | 3 23 (0.20) 0
111 922  (36) NI 3 516 (0.45) 28 (0.57)
12 1944 (239) logitS 2 722 (0.42) 696 (0.54)
size 4: G \ 33 (0.23) 418 (0.46)
10 38 “4) BG 2 15 (0.45) 8 (0.44)
110 2.6 3 RF 1 49 (0.33) 796 (0.33)
1110 34 H RFN 2 4609 (0.42) 4414 (0.50)
120 6.3 (®) BRF 2 22 (0.42) 7 (0.65)
1111 6.7 (4) MM 2 3371 (0.38) 3240 (0.46)
112 99 (3)
121 381 (10)
13 29.1 (67)

Figure 3.10. (/eft) Expected distribution of 434 binomial chains under model MM (a=0.8.
B=3.0) and actual distribution of the Providence data (Bailey, 1975). (righr) Results of 10.000
Monte Carlo replicates of model selection analysis with model MM (a=0.8, B=3.0) as the

generating process for 434 binomial chains.
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Expected distribution under # selected | 10,000 simulations
model MM (dist. of actual data) (mean weight | selection)
chain frequency model K AlCc BIC
size 3: N 2 201 (0.39) 274 (0.33)
10 83 (34) S 3 389 (0.44) 24 (0.41)
110 14.1 (23) I 3 2 (0.26) 0
111 748 (36) NI 3 713 (0.51) 63 (0.51)
12 236.8 (239) logitS 2 1113 (0.41) 1141 (0.54)
size 4 G 1 32 (0.22) 360 (0.43)
10 1.6 4) BG 2 8 (0.30) 8 (0.33)
110 09 3) RF 1 70 (0.31) 709 (0.33)
1110 1.4 (D RFN 2 4713 (0.41) 4751 (0.49)
120 34 (8 BRF 2 22 (0.32) 8 (0.36)
1111 4.1 «) MM 2 2719 (0.36) 2662 (043)
112 80 (3)
121 39.0 (10)
13 41.7  (67)

Figure 3.11. (left) Expected distribution of 434 binomial chains under model MM (a=0.8.
B=4.0) and actual distribution of the Providence data (Bailey. 1975). (right) Results of 10,000

Monte Carlo replicates of model selection analysis with model MM (a=0.8, B=4.0) as the
generating process for 434 binomial chains.
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Expected distribution under # selected | 10,000 simulations
model MM (dist. of actual data) (mean weight | selection)
chain frequency model K AlCc BIC
size 3: N 2 387 (0.36) 418 (0.49)
10 3.7 (34) S 3 495 (0.45) 31 (0.33)
110 6.6 (25) I 3 0 0
11 563 (36) NI 3 1267 (0.42) 0
12 267.3 (239) logitS 2 1564 (0.40) 1639 (0.51)
size 4: G l 37 (0.19) 339 (0.4%)
10 07 ) BG 2 8 (0.26) 0
110 03 (3) RF 1 89 (0.27) 767 (0.51)
1110 035 (1) RFN 2 4083 (0.38) 4790 (0.46)
120 L7 @®) BRF 2 68 (0.36) 29 (0.44)
111 22 @) MM 2 2002 (0.34) 1987 (0.40)
112 57 (3
121 357 (l10)
13 532 (67)

Figure 3.12. (left) Expected distribution of 434 binomial chains under model MM (a=0.8.
B=5.0) and actual distribution of the Providence data (Bailey, 1975). (right) Results of 10.000

Monte Carlo replicates of model selection analysis with model MM (a=0.8. B=5.0) as the
generating process for 434 binomial chains.
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Expected distribution under # selected | 10,000 simulations
model MM (dist. of actual data) (mean weight | selection)
chain frequency model K AlCc BIC
size 3: N 2 931 (0.39) 612 (0.54)
10 16.49 (34) S 3 505 (0.46) 32 (0.61)
110 2566 (23%) I 3 214 (022) 0
11 89.80 (36) NI 3 116 (0.38) 1 (0.48)
12 202.0 (239) logitS 2 1225 (0.34) 739 (0.48)
size 4: G 1 813 (0.25) 3522 (0.54)
10 2225 @) BG 2 193 (0.41) 49 (0.35)
110 1.349 (3) RF 1 457 (0.32) 1760 (0.54)
1110 1.939 (1) RFN 2 1376 (0.37) 739 (0.43)
120 6.896 (8) BRF 2 227 (0.39) 8l (0.43)
1111 4956 @) MM 2 3943 (0.34) 2465 (0.42)
112 8811 (3)
121 36.69 (10)
13 37.13 (67)

Figure 3.13. (/eff) Expected distribution of 434 binomial chains under model MM (a=0.5.
=2.0) and actual distribution of the Providence data (Bailey, 1975). (right) Results of 10.000

Monte Carlo replicates of model selection analysis with model MM (a=0.5, B=2.0) as the
generating process for 434 binomial chains.
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Expected distribution under # selected | 10,000 simulations
model MM (dist. of actual data) (mean weight | selection)
chain frequency model K AlCc BIC
size 3: N 2 608 (0.37) 501 (0.48)
10 7.331 (34) S 3 556 (0.47) 46 (0.69)
110 12.49 (25) I 3 75 (0.21) 0
11 71.81 (36) NI 3 277 (0.45) 0
12 242.4 (239) logitS 2 1914 (0.36) 1363 (0.49)
size 4 G 1 350 (0.25) 2032 (0.52)
10 0.9386 (4) BG 2 63 (0.38) 32 (042)
110 0.4686 (3) RF l 380 (0.27) 1932 (0.54)
1110 0.7396 (1) RFN 2 2451 (0.38) 1396 (0.45)
120 3506 (8) BRF 2 64 (049) 16 (0.74)
1111 2767 4 MM 2 3247 (0.34) 2482 (0.40)
112 6.558 (3)
121 35.89 (l0)
13 49.13 (67)

Figure 3.14. (left) Expected distribution of 434 binomial chains under model MM (a=0.5,
B=3.0) and actual distribution of the Providence data (Bailey, 1975). (righr) Results of 10,000
Monte Carlo replicates of model selection analysis with model MM (a=0.5, B=3.0) as the
generating process for 434 binomial chains.
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Expected distribution under # selected | 10,000 simulations
model MM (dist. of actual data) (mean weight | selection)
chain frequency model K AICc BIC
size 3: N 2 727 (0.37) 609 (0.50)
10 3.258 (34) S 3 508 (0.42) 16 (0.42)
110 5873 (25) I 3 0 0
111 53.59 (36) NI 3 359 (0.37) 0
12 271.3 (239) logitS 2 1979 (0.33) 15325 (0.46)
size 4. G 1 315 (0.25) 1695 (0.49)
10 0.3960 (4) BG 2 35 (0.34) 4 (0.49)
110 0.1582 (3) RF 1 563 (0.29) 2055 (0.53)
1110 02663 (1) RFN 2 3001 (0.34) 2262 (0.42)
120 1.683 (4) BRF 2 81 (0.35) 15 (0.36)
I 1.417 (3) MM 2 2432 (0.31) 1819 (0.37)
112 4479 (8)
121 3195 (10)
13 59.65 (67)

Figure 3.15. (left) Expected distribution of 434 binomial chains under model MM (a=0.5,
B=4.0) and actual distribution of the Providence data (Bailey, 1975). (right) Results of 10,000

Monte Carlo replicates of model selection analysis with model MM (a=0.5, B=4.0) as the
generating process for 434 binomial chains.
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Expected distribution under # selected | 10,000 simulations
model MM (dist. of actual data) (mean weight | selection)
chain frequency model K AlCc BIC
size 3: N 2 832 (0.29) 56 (0.51)
10 1336 (34) S 3 522 (0.40) 16 (0.56)
L10 21.38 (25) [ 3 760 (0.30) 50 (0.53)
L1 85.50 (36) NI 3 73 (0.36) 0
12 213.8 (239) logitS 2 847 (0.29) 114 (0.51)
size 4: G 1 5664 (0.27) 9087 (0.70)
10 0.8000 (4) BG 2 477 (0.36) 35 (0.65)
110 0.3840 (3) RF l 345 (0.28) 585 (0.39)
1110 06143 (1) RFN 2 44 (0.29) 0
120 7679 (8) BRF 2 82 (0.34) 12 (0.52)
111 2458 ) MM 2 354 (0.26) 45 (0.34)
112 6.144 (3)
121 30.72 (10)
13 5120 (67)

Figure 3.16. (left) Expected distribution of 434 binomial chains under model MM (a=0.2.

B=0.0) and actual distribution of the Providence data (Bailey, 1975). (right) Results of 10,000

Monte Carlo replicates of model selection analysis with model MM (a=0.2, B=0.0) as the

generating process for 434 binomial chains. Note that under these conditions (i.e.. a=0.2,
=(0.0), data generated under MM are equivalent to data generated under model G.
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Expected distribution under # selected | 10,000 simulations
model MM (dist. of actual data) (mean weight | selection)
chain frequency model K AlCc BIC
size 3: N 2 862 (0.29) 90 (0.46)
10 8.907 (34) S 3 548 (0.38) 3 (049)
110 1490 (25) I 3 400 (0.27) 11 (0.63)
111 76.37 (36) NI 3 21 (0.27) 0
12 2338 (239) logitS 2 896 (0.29) 152 (0.43)
size 4: G 1 5304 (0.27) 8475 (0.68)
10 05196 (4) BG 2 414 (0.39) 72 (0.55)
110 0.2232  (3) RF l 594 (0.29) 1048 (0.39)
1110 0.3691 (1) RFN 2 147 (0.29) 24 (0.39)
120 5.328 (8) BRF 2 205 (0.34) 26 (0.50)
1111 1.762  (4) MM 2 609 (0.25) 99 (0.37)
112 5.0867 (3)
121 30.19 (10)
13 56.52 (67)

Figure 3.17. (left) Expected distribution of 434 binomial chains under model MM (a=0.2,
B=0.5) and actual distribution of the Providence data (Bailey, 1975). (right) Results of 10,000
Monte Carlo replicates of model selection analysis with model MM (a=0.2, B=0.5) as the
generating process for 434 binomial chains.
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Expected distribution under # selected | 10,000 simulations
model MM (dist. of actual data) (mean weight | selection)
chain frequency model K AlCc BIC
size 3: N 2 752 (0.31) 93 (0.51)
10 5938 (34) S 3 551 (0.36) 0
L10 10.29 (23) [ 3 93 (0.21) 0
L1l 66.90 (36) NI 3 30 (0.23) 0
12 2509 (239) logitS 2 1274 (0.30) 322 (0.45)
size 4 G 1 4695 (0.26) 7827 (0.65)
10 03375 @) BG 2 352 (0.36) 30 (0.40)
110 0.1291 (3) RF 1 733 (0.28) 1454 (0.58)
1110 02195 (1) RFN 2 323 (0.29) 31 (0.43)
120 3.658 (8) BRF 2 167 (0.27) 0
1111 1.244  (4) MM 2 1030 (0.23) 243 (0.34)
112 4145 (3)
121 28.86 (10)
13 6141 (67)

Figure 3.18. (leff) Expected distribution of 434 binomial chains under mode! MM (a=0.2.
B=1.0) and actual distribution of the Providence data (Bailey, 1975). (right) Results of 10.000
Monte Carlo replicates of model selection analysis with model MM (¢=0.2, B=1.0) as the
generating process for 434 binomial chains.
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APPENDIX (chapter 3)

FORTRAN code used to generate a single data set using model MM (a = 0.9, B=0.0) as the
generating process of 664 binomial chains each starting with one initial infectious individual
in a population of size §; thus mimicking the Heasman and Reid data set (Heasman and Reid,
1961). Brackets, “[...]”, indicate comments, line continuations, and line numbers.

[C] program data5.f

IMPLICIT REAL (X)

REAL TOTALS. B, A

INTEGER CHAIN, SEEDI, S, I, COUNT

TOTALS =664 0
A=09
B=00

[C] data values are 1nitialized to 1E-4 to avoid problems associated with 0 valued cells
DATA X1, X11. X111, X1111, X11111

[+]/ IE~+. 1IE-4. IE-}, 1E~4, IE-¥/

DATA X1112, X112, X1121, X113. X12
[+]/ 1E~4, 1E~4, IE-4, 1E-4, 1IE-¥/

DATA X121, X1211, X122, X13. X131. X14
[+]/ IE~4, IE~4. IE-4, 1E-4, 1E-4. 1E-Y/

OPEN (FILE = "DATAS", UNIT = 1)
OPEN (FILE = "SEEDSTORE", UNIT = 2)

READ (2.*) SEED1

DO [100]. K = 1. INT(TOTALS)
S=4
=
COUNT =0
CHAIN = 10000
DO[150] J=1. 4
IF (I .[EQ. 0) THEN
$=0
ENDIF

IF (S .GT. 0) THEN
COUNT =0
DO[125]11=1,S
IF (RAN4(SEED!.0) .LT. PSIS(ALPHA BETA.I)) THEN
COUNT = COUNT + |
ENDIF
[125] CONTINUE
S=§ - COUNT
[= COUNT
ELSE
1=0
ENDIF
CHAIN = CHAIN + I * 10#*(5-J-1)
[150] CONTINUE
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[F (CHAIN .EQ. 10000) THEN
X1=X1+1

ELSETIF (CHAIN .EQ. 11000) THEN
X11=XI11+1

ELSEIF (CHAIN .EQ. 13100) THEN
X131 =X131+1

ELSEIF (CHAIN .EQ. 14000) THEN
Xl4=X14+1

ENDIF

{100] CONTINUE

WRITE (1.*) X1

WRITE (1.*) X14
WRITE (1.*) "THIS IS A PLACEHOLDER"

CLOSE(1)
XDUMMY = RAN4(SEEDL.1)
CLOSE(2)

END

REAL FUNCTION PSI5(A.B.D)
REALB. A

INTEGER I

PSIS = 1.0 - A*(4.0/5.0)**(B*REAL(D))
END

FUNCTION RAN4(SEED. TOGGLE)

[C] simple linear congruential generator (Knuth, 1981)
INTEGER SEED, TOGGLE
PARAMETER (M=714025, IA=1366. IC=150889)
SEED = MOD(SEED*IA+IC,M)
[F (TOGGLE .EQ. 1) THEN
REWIND (2)
WRITE (2,*) SEED
ENDIF
RAN4 = FLOAT(SEED)/FLOAT(M)
RETURN
END
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CONCLUSION
Epidemic Dynamics: Truth, Models, and Data

SUMMARY
I close this dissertation by discussing various complications of quantifying risk in epidemic
models and reviewing current literature (emphasis on 1/1/98 - 4/30/99). Concepts addressed
include spatial and temporal factors, individual and population heterogeneity, transmission,
environmental effects, simultaneous epidemics, and multiple avenues of risk. [ provide many
examples of each factor. [ conclude that despite the volume of literature on epidemic
modeling, many fundamental questions remain open to debate and many potentially fruitful
avenues of expansion are open. In response, [ make several suggestions to direct future
research in this area: (1) whenever possible, research should emphasize experimental
challenges of current and new theories of epidemic dynamics under the paradigm of multiple
working hypotheses; (2) when true experiments are not possible, quasi-experiments and
correlative studies should adopt information theory based analyses and entertain several a
priori models; (3) epidemic modeling and the concept of “epidemic” should be expanded to
include the propagation of other phenomenon through populations such as ideas, fads,
religions, computer viruses, product specific accidents, cancer, poisoning, substance abuse,
mental illness, eating disorders, child abuse, and domestic violence; and, (4) several principles

of ecology deserve more attention as factors in epidemic dynamics: convergent and divergent
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evolution, interspecific competition, fragmentation, metapopulations, source and sink

populations, and island biogeography.

4.1. Introduction

4.1.1 Preliminaries

[t is a fact of life that at all times and in all places we are at risk to infection. Quantifying this
risk is not simple and persists as an active topic of both academic and practical interest (e.g.,
Grenfell and Dobson, 1995; Mollison, 1995, Isham and Medley, 1995; Donnelly and
Ferguson, 1999). The central question is “How do we describe risk in the most useful and
efficient manner?” In this discussion [ address this question and its related issues by
integrating concepts from the philosophy of science, ecology, and epidemic modeling using
examples from the current literature on risk, epidemics and epidemic dynamics with emphasis
on literature published 1/1/98 - 4/30/99.

Because questions and answers must have a context, [ begin by defining essential
vocabulary. In the broadest sense, “risk” is the chance of change in an individual or
population. “Risk to infection,” my focus here, is the chance of change in an individual or
population that can be attributed to some external factor which propagates through (in most
cases) the biological world in time. The study of “risk” is the main topic of “epidemiology”,
which [ consider to be “a science.” I adopt Popper’s definition of science, “A discipline is a
science if the theories it entertains are universal and falsifiable,” and that theories are
falsifiable only through controlled experiments (Platt, 1964; Popper, 1972; Dolby, 1982). A
distinction between statistical and mechanistic models is also required: a statistical model

attempts to mimic the pattern of the data while a mechanistic model attempts to mimic the
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process that created the data (Chapter 2). Also necessary are the concepts of projection,
forecasting, and model fitting and selection: a projection is the logical consequences of a
model; a forecast is a prediction of the future or the hidden past or present using any means
(Chapter 1; Caswell, 1989); model fitting and selection is the science of selecting the “best”

model for a given data set (Chapters 2-3; Burnham and Anderson, 1998).

4.1.2 Efficient descriptions of risk

What is an efficient description of risk? The answer at least satisfies Ocham’s razor (Burnham
and Anderson, 1998): the principle in philosophy that assumptions introduced to explain a
thing must not be multiplied beyond necessity. [n terms of model fitting and selection the
answer is parsimony: a model is parsimonious if it achieves a good compromise between
goodness-of-fit to the data and the precision of each parameter’s estimate (Chapter 2,
Burnham and Anderson, 1998). Interms of forecasting (e.g., Chapter 1), the definition is not
as clear and involves many additional factors depending on the specific situation and goal of

the problem- examples are measurability and economics.

4.1.3 Useful descriptions of risk

What is a useful description of risk? Two interpretations are advantageous since some models
can be useful for their precision and some for their uncertainty. Models of risk capable of
making precise forecasts would adequately describe the essential statistics and dynamics of
the cause (e.g. threshold dynamics, final size; Heesterbeek and Roberts, 1995) and assist in
the design of management strategies (e.g. vaccination protocols; Anderson and May, 1991).

Less capable models are still useful, but in a different sense because they expose important
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testable hypotheses (e.g., Chapter 1).

4.1.4 Epidemics

Epidemics, literally “upon the population,” occur when there is a noticeable appreciation in
a risk (or risks) within a population or among populations. Epidemics occur at 3 spatial
scales: (1) epidemics occur within individuals as a condition spreads throughout the body- an
unusual but technically correct interpretation (e.g., Afenya and Bentil, 1998, Wu and Ding,
1999); (2) between individuals- the most common interpretation; and, (3) among populations
of individuals. If “risk™ itself is a function of the number or presence of infected individuals
in (or associated with) the population, the epidemic is said to be an “infectious epidemic.”

The term “infectious disease epidemic” is reserved for situations in which harm comes to

individuals of the population who are infected.

4.2. Concepts and components of epidemics

4.2.1 Truth is complex

Epidemic dynamics and individual risk are certainly complex. The most general model of risk
recognizes only 2 interacting concepts, the susceptibility of the individual and the hostility of
the environment: risk to individual i at time ¢ is a function of the state of individual / at time
t and the state of environment at time . Many useful divisions of this global model have been
explored in the literature. The earliest treatments (e.g., Hamer, 1906, Kermack and
McKendrick, 1927; Greenwood, 1931) focus on the individual as a member of one of 4 sets
at any point in time with the total population remaining closed (Bailey, 1975; Anderson and

May, 1991): susceptible; infected but not infectious and therefore incubating; infectious; and
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immune. Subsequent work builds on this foundation, recognizing additional components of
the epidemic process while attempting to produce useful and efficient models of more specific
problems (Chapters 1-2): variation in modes of transmission; individual heterogeneity with

respect to infectiousness, susceptibility and incubation; host and vector population dynamics;

spatial spread, and, environmental factors.

4.2.2 Susceptibility

The simplest interpretation of “susceptibility” has two components: (1) susceptibility is a
binomial condition, either the individual is susceptible or immune; and, (2) every member of
the population in question is identically susceptible. A more realistic interpretation of
“susceptibility” admits 4 additional concepts. First, susceptibility varies among individuals
at any given time as the result of some combination of two factors: (1) the probability of
successful infection given equivalent contact with infectious material varies among
individuals; and, (2) the probability of contact with infectious material varies among
individuals. Second, susceptibility of the individual varies in time. This can occur through
some combination of at least 3 mechanisms: (1) behavioral changes in the susceptible
individual; (2) changes in the health of the susceptible individual which lower the dose
necessary for infection (e.g., malnutrition, immunity from previous exposure or vaccination
may be transient); and, (3) accumulation of contacts with infectious sources resulting in the
achievement of a threshold necessary for true infection. Third, susceptibility varies by
population. The mean susceptibility of individuals may be different from population to
population. Fourth, the concept of “susceptibility” applies among populations. Populations

may be differentially susceptible to initial infection.
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Current literature reveals that differential susceptibility is the rule rather than the
exception (Table 4.1). Because differential susceptibility can have major effects on projection
and forecasting exercises, interest in this issue among epidemic modelers has recently surged
(e.g. Halloran, 1996; Castillo-Chavez et al., 1997, Dushoff, 1997, Dwyer, 1997, D’ Amico et
al, 1998; Gilbert et al., 1998; Karlaftis and Tarko 1998; Lui, 1998; Moller et al., 1998;
Siegmund et al., 1998; Yang and Silveira 1998; Ferguson et al., 1999). However, absent
from the literature are comprehensive assessments of the relative importance of the factors
predicting differential susceptibility and their distributions in populations of interest for

specific diseases (HIV is an exception: Table 4.1).

4 2.3 Infectiousness

Like “susceptibility”, the simplest interpretation of “infectiousness” has two components: (1)
infectiousness is a binomial condition, either the source is infectious or not; and, (2) infectious
sources are identically infectious. A more realistic interpretation of infectiousness admits 4
additional concepts. First, infectiousness varies among sources at any given time as the result
of some combination of 3 factors: (1) some sources are more likely to confer infection given
equivalent contact with a susceptible individual, perhaps providing a larger dose per contact
or a more effective delivery per contact; (2) some infectious sources may make more
infectious contacts per unit time; and, (3) the infectiousness of any given source may vary in
time and different sources may be at different stages in their own infectiousness. Third,
infectiousness varies by population. Mean infectiousness may vary by population, in spite of
an equivalent number of infectious sources. Fourth, the concept of “infectiousness™ applies

among populations. Populations may be differentially infectious to other populations in spite
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of an equivalent number of infectious sources in each.

The concept of “differential infectiousness” has received less attention among
epidemic modelers than the concept of “differential susceptibility” (e.g., Blythe and Anderson,
1988; Cairns, 1990; [annelliet al , 1992; Stigum, 1994, Baker and Stevens, 1995; Garnett and
Anderson, 1996, Halloran, 1996, Castillo-Chavez et al., 1997; Taylor et al., 1998; Hyman et

al,, 1999). This may be because clear examples of differential infectiousness are relatively rare

(Table 4.2).

4.2 4 Transmission and transmission models

Adding to the complexity of differential susceptibility and infectiousness is the concept of
“transmission” (Fig. 4.1). Transmission is the act of passing a dose of infectious material
from a source to another entity: vertical transmission occurs when a dose is transmitted from
a parent to an offspring (e.g., “maternal transmission” in the model of Chapter 1); horizontal
transmission occurs when a dose is passed between peers (e.g., Chapter 2: models RF, MM,
and the “mass action assumption)”; and, infection from a “point source” (e.g., Chapter 2:
models G, BG, and PP) occurs when a dose is received from a reservoir of infectious material
whose infectiousness is largely independent of the number of infectious individuals in the
populations (e.g., a contaminated water supply). Both Inter- and intra-specific transmission
occur through 4 general mechanisms (numerous examples of each: Cecil et al, 1996; Olendorf
et al., 1999): (1) by direct contact (e.g., intercourse, kissing, across the placenta, breast
feeding) or by a proximate inanimate mechanical vector (e.g., droplet spray from coughing,
sharing a drinking glass); (2) through an inanimate mechanical vector (e.g., contaminated

water or food); (3) through an animate mechanical vector, one not actually infected (e.g.,
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filariasis: larvae are transmitted from the bloodstream of one person to another by mosquitos);
and, (4) through a biological vector, one actually involved with the life cycle of the parasite
(e.g., malaria: mosquito vector is an intermediate host). Further complicating these
classifications is the concept of an intermediate vector, one that disseminates the infectious
material to the actual vector. For example, flies and cockroaches can transport infectious
material from feces to food (e.g., toxoplasmosis).

Modeling the transition from the susceptible to the infected or incubating state is the
central problem of mechanistic epidemic modeling (Chapter 2). Like risk, the most global
model is simple: risk of infection to individual / at time ¢ is a function of the state of individual
i at time  and the state of environment at time ¢. Of course, this “simple” global model is
deceptive; the goal of creating useful epidemic models is to determine which variables will

produce an acceptable approximation to truth (Chapters 1-3).

4 2.5 Incubation

Clinically, “incubation” refers to the time period between infection, or the initiation of the
illness, and the first appearance of symptoms; however, for our purposes, incubation is the
period between infection and infectiousness. Again, heterogeneity is the rule; virtually all
diseases show a 0.5 to 4 fold range in incubation periods among cases (human examples:
Cecil et al., 1996; Olendof et al., 1999). With 3 exceptions, investigators have given little
attention to modeling this heterogeneity. First, the incubation period of some infectious
diseases varies inversely with the size of the initial infectious dose (e.g., Typhoid fever: Cecil
et al, 1996; Olendorfet al., 1999). Consequently, especially dose-potent infectious sources,

those that transmit a larger than average dose per contact but do not necessarily have more
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infectious contacts per unit time, may affect epidemic dynamics by shortening the incubation
periods of some individuals, perhaps increasing the speed of the epidemic through the
population. Second, the incubation period of some infectious plant diseases varies with
temperature (e.g., Godoy et al., 1999; Xu, 1999). This may be a general rule among
poikilotherms and hibernating homeotherms, but documentation is lacking. Third, the mean
incubation period of HIV resulting from blood transfusions, appears to vary by age (1.97
years for children (0-4 yrs old at infection), 8.23 years for adults (5-59 yrs) , and 5.50 years

for elderly patients (>60 yrs), Medley et al., 1987). These issues deserve more attention.

4.2.6 Spatial spread

Examples of the spatial spread of pathogens, both within and among populations, are
abundant in the current literature (Table 4.3). Spatial spread from population to population
occurs in 2 ways: the infectious agent migrates by a vector, or infectious individuals migrate.
Boats and planes are important intermediate vectors of human pathogens from population to
population; and, as an interesting caveat, the confined conditions in planes and boats might
result in a small epidemic among passengers while in transit, thus increasing the probability
of transmission to the new population when the destination is reached (e.g., Klontz et al ,
1989). Epidemic models addressing spatial spread are abundant (e.g., Thieme, 1980; Barlow,
1991; Bolker et al., 1995; Sattenspiel and Dietz, 1995; Clancy, 1996, Rhodes and Anderson,

1996; Bonabeau et al., 1998; Filipe and Gibson, 1998; Murray and Salomon, 1998; Swinton,

1998; Ball, 1999).
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4.2.7 Climate, weather and pollution effects

Climate is the most significant predictor of the geographic distribution of a species; seasonal
patterns often predict the behavior and grouping of populations within geographic ranges
(e.g., migration to breeding areas); and, day-to-day weather usually affects the movements
and behavior of individual members of populations (e.g., schools close on “snow days”).
Consequently, climate and weather are factors affecting differential susceptibility and

infectiousness. Curiously, this issue is relatively undeveloped in the literature (Table 4 4).

4.3. Synthesis and recommendations

4.3.1 Characteristics of the current literature on epidemic modeling

Examples of epidemic models are numerous in the literature. For this discussion [ reviewed
over 200 papers and books on epidemic dynamics and related topics. To quantify the current
trends of this literature, [ queried Biological Abstracts, and Medline and censussed
Biometrics, Ecology and The American Naturalist, for instances of epidemic models
published 1/1/98-4/30/99; I found 42 examples. [ classified 33 (77%) as adopting a
mechanistic approach, 8 (19%) as adopting a statistical approach, and only 1 incorporating
both approaches (e.g., Ellneret al., 1998). [ further classified 33 (77%) as exercises in model
projection and forecasting and only 10 (23%) as exercises in model fitting and selection.

Based on this sample, the proceeding discussion, and Chapters 1-3, I have S

recommendations.
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4.3 .2 First recommendation

The most striking feature of the literature on epidemic modeling is the dearth of experimental
evidence for virtually any theory proposed. For example, none of the 43 recent papers
(1/1/98-4/30/99) I reviewed reported on the results of an experiment. In fact, among the
200+ papers reviewed, <10 reported any sort of experimental challenge (i.e., random
allocation of treatments and controls, replication, etc..) to proposed theories (notable
exceptions: Dwyer, 1991,1992; D’ Amico et al., 1996, Dwyer et al.,, 1997). Experimental
manipulations, preferably under the paradigm of *“multiple working hypotheses” (Chamberlain,
1964), are the best way to obtain reliable knowledge (Platt, 1964; Popper, 1972). More

experimental challenges of the underlying theories of epidemic dynamics are needed.

4.3.3 Second recommendation

The Paradigm of information theory-based model selection using Akaiki’s Information
Criteria (AIC) offers numerous advantages over other approaches (Chapters 2-3; Burnham
and Anderson, 1998). Because many models can be fit to a data set, it is important to
entertain other possible explanations of a phenomenon and use the available data in the most
efficient manner (i.e., bias variance tradeoff: Chapters 2-3; Burnham and Anderson 1998).
Although this paradigm is now common in many fields (e.g., time series analysis, capture-
recapture: Brunham and Anderson, 1998), in my review I found only 2 examples in the
epidemic modeling literature in which AIC was used to pick a best approximating model from
a candidate set (i.e., Dwyer et al., 1997, Wu and Ding, 1999). This approach should be
integrated whenever data from quasi-experiments are encountered- the rule, rather than the

exception, of most epidemic data.
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4 3 .4 Third recommendation

The concept of “epidemic” is broader than usually assumed in the literature on epidemic
modeling. Any phenomenon whose incidence in a population increases with time is an
epidemic (Table 4.5). There are few examples of epidemic models of other phenomenon

besides the host-parasite system in the literature. These analogies deserves more attention.

4.3.5 Fourth recommendation

Ecology is “the study of the natural environment and of the relations of organisms to each
other and to their surroundings” (Ricklefs and Gary, 1999). Although the integration of
epidemiology and ecology has received considerable recent attention (e.g, Grenfell and
Dobson, 1995) many of the classic concepts and problems of ecology deserve more attention
within the context of infectious disease.

Ecology defines “fitness” as the “genetic contribution by an individual’s descendants
to future generations of the population” (Ricklefs and Gary, 1999). Fitness is an important
component of evolution: the selection of a trait occurs if, and only if, the trait is heritable and
some factor in the environment confers a fitness advantage to those individuals who posses
the trait. Four questions are immediate. First, what makes a pathogen “fit?” Second, what
is the fitness advantage, if any, of “virulence?” Third, by what diversity of mechanisms do
pathogens and their hosts coevolve? Fourth, can examples of convergent and divergent
evolution among pathogens be identified in the current literature? Although the evolution of
pathogens is well documented, especially in response to antibiotics and vaccines (e.g.,
Aggarwal, 1999; Beltranetal., 1999; Villa et al., 1999) and many pathogens show remarkably

similar epidemiology (e.g., Herpes and AIDS, Dobbins et al., 1999), these questions have
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received relatively little attention when compared to the volume of literature on epidemic
models (notable exceptions: Anderson and May, 1982; Massad, 1987, Herre, 1993; Ewald,
1994; Andreasen and Christiansen, 1995; Read et al., 1995; Goff et al., 1997; Ebert, 1998;
Hastings, 1998; Bergstrom et al., 1999).

Competition is the “use or defense of a resource by one individual that reduces the
availability of that resource to other individuals, whether of the same species or other species”
(Ricklefs and Gray, 1996). Under what conditions do pathogens compete with one another?
Can pathogens affect the competitiveness of their hosts (Yan et al., 1998)?

A meta-population is a population of populations; (Hanski and Gilpin, 1997). The
member populations are often classified into 2 categories: “sources” provide excess members
to colonize new areas and maintain *“sink” populations, those that would not persist without
constant immigration. Are there source and sink populations of infectious disease? For
example, are developed countries sink populations for pathogens which are readily detected
and cured with adequate medical care in developed countries. Documentation of possible
meta-populations in the current literature are rare (e.g., Kern et al., 1999). These hypotheses
are testable.

Fragmentation, the disruption of habitat into discontinuous parts (Bissonette, 1997),
has at least 3 implications for host-parasite dynamics. First, fragmentation can affect the
distribution of animate and biological vectors, possibly limiting the geographic range of a
pathogen. Second, fragmentation which separates populations of hosts, should reduce the
rate of transfer of pathogens among populations. Third, the de-fragmentation of host habitats
should favor pathogens. Has the increased density and connectedness of the global human

population “de-fragmented” the habitat (i.e. humans) of some human parasites? These
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hypotheses are testable.

The theory of island biogeography makes two predictions about the colonization of
islands from mainlands (MacArthur, and Wilson, 1967, Whittaker, 1998): (1) islands closer
to mainlands should have greater species diversity than islands further from mainlands; and,
(2) larger islands should have greater species diversity than smaller islands. This concept
applies to endemics and epidemics at two scales: the individual as an island and the population
asanisland. By analogy, the theory predicts that individuals living in isolation should harbor
a less diverse community of parasites and be less likely to suffer new colonization. At the
population level, isolated populations should have less parasite diversity. Because epidemics
represent new colonization, by analogy, the theory predicts that large cosmopolitan
populations should experience a greater diversity of epidemics per unit time than smaller

isolated populations. These hypotheses are testable.
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Table 4.1

Ten examples from the current literature (1,198 - 4/30/99) of differential susceptibility to infectious
disease at both the individual and population level (human hosts, unless otherwise indicated).

Disease

Comments and references

Chlamydia trachomatis

Dengue

Diphtheria

Ebola

Hepatitis A

HIV

Q fever

Tuberculosis

West Nile fever

Winter dysentery
(in cattle)

Susceptibility varies by gender: men are more susceptible (Michelson et al..
1999).

(1) Susceptibility varies by age and previous exposure to different strains:
previous exposure can increase susceptibility (Deparis et al.. 1998,
Ferguson et al., 1999). (2) Individuals with more knowledgeable about
dengue may be less susceptible (Gupta et al.. 1998).

Susceptibility varies by age and gender: young, middle aged. and women
are more susceptible (Vitek et al.. 1999).

Susceptibility varies by cultural and socio-economic factors (De Roo et al..
1998; Georges et al., 1999): willingness to care for ill family members
increases susceptibility (De Roo et al., 1998).

(1) Susceptibility may vary by and within age classes: children of immune
mothers show varving degrees of immunity for first 13 months (Zhang et
al.. 1998). (2) Susceptibility varies by age. gender. drug use.
soctoeconomic status. and sexual preference: gay men. [V drug users.
disadvantaged youth, and males are more susceptible and very young
children are less susceptible (Ferson et al., 1998).

(1) IV drug users are more susceptible (Donisi et al, 1998 Haverkos. 1998,
Celentano et al., 1999): heroin users more susceptible than
methamphetamine users (Zule and Desmond. 1999); susceptibility
changing as drug use patterns change (Gibney et al.. 1999). (2)
Susceptibility varies by age, ethnicity, marital status. occupation, and
education (Celentano et al., 1999): older individuals are more susceptible to
horizontal transmission (Donisi et al., 1998), female prostitutes are more
susceptible (Rae-Grant et al., 1999); single illiterate woman are more
susceptible (Kilian et al., 1999). (3) Strong evidence that risk factors are
changing: heterosexuals becoming more susceptible (Donisi et al.. 1998).

Susceptibility increases given current infection with HIV and previous
exposure (Boschini et al., 1999).

(1) Susceptibility increases given current infection with HIV (Misra et al..
1998; Murray, 1998; Topley et al., 1998; Villalbi et al., 1999). (2)
Susceptibility varies by occupation: gold miners are more susceptible to
tuberculosis and other pulmonary diseases (Corbet et al., 1999); nurses are
more susceptible (relative risk, 2.3; Nakasone, 1999).

Susceptibility varies by living conditions: mosquitoes in the home and
having a flooded basement increases susceptibility (Han et al., 1999).

Susceptibility of a population to outbreak varies among populations
according to husbandry practices (Smith et al., 1998).
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Table 4.2

Six examples from the recent literature (1/1,90 - 4/30/99) of differential infectiousness at both the
individual and population level (human hosts, unless otherwise indicated).

Pathogen

Comments and reference

HIV

Human papillomavirus

Measles

Plasmodium yoelii
(in mice)

Schistosomiasis

Tuberculosis

(1) Infectiousness varies according to behavior: **...a small subset of infected
people may be responsible for a disproportionate number of infections.”
(Hyman et al., 1999); anal sex is more infectious (Lazzrin et al., 1991). (2)
Infectiousness varies by case: “Although this series was small, the
prospective observations suggest that viral load was the only characteristic in
the recipient that contributed to heterasexual infectiousness.” (Operskalski et
al., 1997); infectiousness varies over time by case (Shiboski and Padian,
1998; Hyman and Stanley, 1999). (3) Evolving cducational programs arc
reducing infectiousness (Cates et al., 1997 Kilian et al. 1999). (4)
Infectiousness varies by gender: men are more infectious and vasectomy may
reduce infectiousness (Kreiger et al., 1998; Vernazza et al., 1999). (5)
Evolving treatment methods may be reducing infectiousness (Veugelers et
al, 1998). (6) Undiagnosed cases are more infectious (Cates et al., 1997):
window period between initial infectiousness and detectability (i.e.
patient/blood donor becomes seropostive) averages 45 days. but some remain
infectious and seronegative for 6 months (Peterson et al.. 1994). (7)
Vaccination breakthrough might lead to reduced infectiousness relative to
normal course of infection (Longini et al.. 1996; Rida. 1996, Rida ct al..
1997, Datta et al., 1998). (8) “Available data leave little doubt that other
STDs facilitate HIV transmission through direct, biological mechanisms...”
(Fleming and Wasserheit, 1999).

Infectiousness affected by secondary conditions: HIV-induced
immunosuppression increases the severity. duration and infectiousness of
anogenital warts (Judson, 1992).

Infectiousness may vary according to previous exposure: “Vaccinated index
cases may have been less infectious than unvaccinated index cases. since
they produced fewer clinical cases among exposed children (relative risk =
0.55, 95% CI 0.29-1.04).” (Cisse et al.. 1999).

“When Plasmodium yoelii-infected .{nopheles stephensi mosquitoes were
each allowed to feed on a single mouse, we noted that sporozoites from
mosquitoes with higher sporozoite loads were more infectious in 13 of 30
(43%) mice.” (Pumpuni, et al., 1997).

Some infectious water sources are more infectious than others (Etard and
Borel, 1992).

(1) Infectiousness varies from case to case (Toyota, 1994; Rieder, 1995.
Ridzon et al., 1997). (2) Infectiousness varies as cases progress:
“Infectiousness increased significantly in the last of three semesters during
which the source case was symptomatic.” (Braden, 1995). (3) Infectiousness
may vary due to secondary infections: HIV may reduce infectiousness (Elliot
etal., 1993; Nunn et al., 1994).
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Table 4.3

Ten examples from the current literature (1/1/98 - 4/30/99) of the spatial spread, both within and
among populations, of infectious disease (human hosts, unless otherwise indicated).

Pathogen

Comments and reference

Cholera

Dengue

Green mold
(in commercial
mushrooms)

HIV

Influenza

Measles

Methicillin-resistant
Staphylococcus aureus

Penicillin-resistant
Streptococcus
pneumoniae

Poliovirus

Rabies
(in racoons)

(1) “Since 1991, a large recrudescence of cholera epidemics occurred, both
in the continents where cholera is endemic, and in traditionally cholera-free
areas.” (Grassi et al., 1998). (2) Migrants from endemic countries caused
out-breaks in Tadjikistan, Uzbekistan and Kazakhstan in 1993-94
(Semiotrochev et al., 1994).

(1) Dengue has spread among Japanese main islands (Hotta, 1999).

(2) Intra-familial transmission is different from inter-familial transmission:
“Analysis of dengue spread in Teroma (French Polynesia) confirmed that
dengue transmission occurs primarily in the house, thus vector control
campaigns should incorporate focal insecticide spraying and systematic daily
use of insecticide in houses.” (Deparis et al., 1998).

Within populations: “Spatial analysis revealed that green mold foci were
more likely to occur in neighboring sections along the beds rather than
above. below. or across from cach other.” (Rosye et al.. 1999).

Among populations: spread from urban to rural areas in Haiti (Picrre and
Fournier, 1999); " Although Bombay (Mumbai) appears to be the main focus
for acquired immunodeficiency syndrome (AIDS) in India. rapid spread has

occurred through other major cities as well.” (Sehgal, 1998 also, Misra et
al., 1998).

“This analysis indicates that diffusion over long distances. possibly due to
global transportation systems, is so quick that homogeneous global mixing

occurs before the epidemic builds up within infected patches.” (Bonabeau et
al.. 1998).

[ntra-familial transmission is different from inter-familial transmission:
“The frequency of measles and subclinical measies - defined as a four-fold or
greater rise in antibody titre without clinical signs or symptoms - was related
to intensity of exposure according to whether the index case was in the same
hut, household, or compound.” (Whittle et al.. 1999).

“This outbreak is the first known report of the [berian MRSA clone in the
United States.” (Roberts et al., 1998).

“The global spread of multidrug-resistant Streptococcus pneumoniae
clones is well documented in the literature.” (Castaneda et al, 1998).

33 strains of wild type poliovirus have spread across Russia and the CIS
(Lipskaya et al., 1998).

“The maximum linear movement (12.9 km) among five ear-tagged rabid

raccoons in the study area was significantly greater than that of 19 normal
radio-collared raccoons (2.58 km) in the area.” (Diehl et al., 1998).
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Table 4.4

Four examples from the current literature (1/1:98-4/30/99) of the effects of climate, weather, land use
changes, and pollution on epidemic dynamics (human hosts, unless otherwise indicaled).

Pathogen

Comments and reference (models: Martens, 1998)

Japanese encephalitis

Saint Louis encephalitis (SLE)

Water borne pathogenic bacteria

Wheat leaf rust
(in wheat plants)

“The population of the vector mosquito, Culex tritaeniorhynchus.
has decreased in rice fields where new methods for rice
cultivation have been applied. Nowadays, rice fields have small
amounts of water due to technology which controls the
management of intermittent water supply. new varieties of rice
have been developed to shorten the period of cultivation, and
pesticides are extensively used.. ...., Moreover, the global
warming, the changes in environment and emergence of
insecticide-resistant mosquitoes increase the risk of epidemic in
Japan and other Asian countries at any time.” (Kamimura, 1998).

“Epizootic and epidemic transmission of SLE to sentinel
chickens and humans in Indian River County (Florida) was
greatest immediately following heavy rainfalls that synchronized

Culex nigripalpus oviposition (the vector) and blood feeding.”
{Day and Curtis, 1999).

“The industrial pollution of a water reservoir (the Volga). ... The
total amount of bacteria increases simultaneously with the
decrease of their specific diversity. .... which may lead to the
growth of the epidemic danger of the polluted areas of the water
reservoir.” (Boiko and Pogorelova, 1998).

Speaking of experimental results: “Ozone significantly reduced
disease severity, uredospore production and increased the latent
periad of leaf rust on young plants, consequently inhibiting the

epidemic spread on upper leaves of mature plants.” (Tiedemann
and Firsching, 1998).
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Table 4.5
Fifteen examples of phenomenon that propagate like infectious diseases.

Phenomenon Typical route of infection and comments on pathogenisis.

Alcoholism (1) Three routes: by example from parent to child (vertical
transmission); by example among peers (horizontal transmission),
and, through advertising (point sources of infection). (2) Concepts of
heterogeneity, susceptibility, incubation, and infectiousness apply
(e.g.. Duncan et al., 1998b; Reifman et al., 1998).

Cancer (1) Not communicable but source of causative carcinogens is
analogous to a point source of infection. (2) Concepts of
heterogeneity. susceptibility, incubation, and infectiousness apply
(e.g., HIV vicums more susceptible to some cancers: Cook-Mozaffar
et al., 1998; farmers are more susceptible to some cancers:
Acquavella et al., 1998).

Computer viruses (1) Computer files are infectious; inanimate vectors are computer
disks and email. (2) Concepts of heterogeneity. susceptibility.
incubation, and infectiousness apply- users who use anti-viral
programs are less susceptible.

Crime (1) Compulsion to commit crimes may be infectious among peers.
(2) Concepts of heterogeneity, susceptibility, incubation. and

infectiousness apply (general: Moran, 1999; shoplifting: James et al..
1979).

Domestic violence, child abuse  Possible route: by example from parent to child (vertical
transmission). (2) Concepts of heterogeneity, susceptibility.
incubation, and infectiousness apply (e.g.. Dearwater et al., 1998;
Mulder et al., 1998).

Drug abuse (1) Two routes: by example from parent to child (vertical
transmission), and by example among peers (horizontal
transmission). (2) Concepts of heterogeneity, susceptibility,
incubation. and infectiousness apply (e.g., Brooks et al.. 1998; Shaw
etal.. 1999). (3) At least 2 examples of the application of epidemic
models to the propagation of drug abuse are in the literature (Egan
and Robinson, 1979: Hoppensteadt and Murray, 1981).

Eating disorders (bulimia, (1) Two routes: by example from parent to child (vertical

anarexia) transmission), and by example among peers (horizontal
transmission). (2) Concepts of heterogeneity, susceptibility,
incubation, and infectiousness apply (by race: le Gange et al.. 1998:
by gender: Lindeman, 1999).

Mental iliness (1) Some personality disorders may transmit vertically through
mechanisms of behavior and genetics (e.g., phobias: King et al.,
1998). (2) Concepts of heterogeneity, susceptibility, incubation, and
infectiousness apply (by upbringing: Mulder et al., 1998).

table continued...
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Table 4.5 (continued)

Examples of phenomenon that propagate like infectious diseases.

Phenomenon

Typical route of infection and comments on pathogenisis.

Obesity

Poisoning

Product specific accidents

Religions, philosophies,
values. ideas. fads. jokes.
rumors

Smoking

Suicide

Teen pregnancy; adolescent
sexual behavior

(1) In some cases: by example from parent to child. (2) Concepts of
differential susceptibility apply (e.g., Goran et al., 1998).

Not communicable but cases contracted from point sources. (2)
Concepts of heterogeneity, susceptibility, incubation, and
infectiousness apply (e.g., children are more susceptible to lead
poisoning: Goyer, 1996; Koike, 1999).

(1) Products themselves transmit to consumers (hosts) via
adveruising (point sources) and word-of-mouth (person-person); with
the product comes the chance of injury (an additional point source
risk). (2) Concepts of heterogeneity. susceptibility, incubation. and
infectiousness apply (e.g.. bicycle riders who wear helmets - use
varies by age - are less likely to suffer injury: Bolen et al., 1998).

(1) Three routes: by example from parent to child (vertical
transmission); by example among peers (horizontal transmission).
and. through advertising (point sources). (2) Concepts of
heterogencity, susceptibility, incubation, and infectiousness apply.
(2) At least 2 examples of the application of epidemic models to the
transmission of ideas are in the literature: ideas (Goffman and
Newill, 1964), and rumors (Dietz, 1967).

(1) Three routes: by example from parent to child (vertical
transmission); by example among peers (horizontal transmission),
and, through advertising (point sources of infection). (2) Concepts
of heterogeneity, susceptibility, incubation, and infectiousness apply
(e.g., Duncan et al., 1998a; Jackson et al., 1998).

(1) In some cases compulsion to commit suicide may be infectious:
suicide clusters (Cox and Skegg, 1993: Hazell, 1993). (2) Concepts
of heterogeneity, susceptibility, incubation, and infectiousness apply
(e.g.. Marsi. 1997. Caces and Harford. 1998).

(1) Age of first intercourse may be affected by peer pressure . (2)
Concepts of heterogeneity, susceptibility, incubation apply (e.g..
Rowe and Rodgers, 1994). (3) At least 2 epidemic models exist in
the literature (Rowe and Rodgers, 1994; Stoolmiller, 1998).
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Figure 4.1. Graphic depiction of the complex interaction of heterogeneity, susceptibility,
incubation, infectiousness, and transmission. (a) The risk of infection experienced by
“susceptible i ” during At is a complex function of her biological susceptibility during At, her
interaction with each member of her environment during At, and (b) the infectiousness of each
source in her environment during At.

176

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.





