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A Risk Analysis for Airborne Pathogens with Low Infectious
Doses: Application to Respirator Selection Against
Coccidioides immitis Spores

Mark Nicas1∗ and Alan Hubbard1

Probability models incorporating a deterministic versus stochastic infectious dose are de-
scribed for estimating infection risk due to airborne pathogens that infect at low doses. Such
pathogens can be occupational hazards or candidate agents for bioterrorism. Inputs include
parameters for the infectious dose model, distribution parameters for ambient pathogen con-
centrations, the breathing rate, the duration of an exposure period, the anticipated number of
exposure periods, and, if a respirator device is used, distribution parameters for respirator pen-
etration values. Application of the models is illustrated with a hypothetical scenario involving
exposure to Coccidioides immitis, a fungus present in soil in areas of the southwestern United
States. Inhaling C. immitis spores causes a respiratory tract infection and is a recognized occu-
pational hazard in jobs involving soil dust exposure in endemic areas. An uncertainty analysis
is applied to risk estimation in the context of selecting respiratory protection with a desired
degree of efficacy.
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1. INTRODUCTION

It is estimated that five million U.S. workers are
exposed to air contaminants at levels requiring the
use of respiratory protective devices at least part
of the time.(1) Respirators are most frequently worn
against chemical toxicants in the form of vapors, gases,
and nonviable aerosols. The general decision strat-
egy for selecting respirators against chemicals is well
established,(2–4) and although it has numerous steps,
the overall idea is simple—one chooses a respira-
tor predicted to keep the inspired level at or be-
low the chemical’s occupational exposure limit. Air-
borne pathogens are ignored in published decision
strategies,(2–4) but the importance of selecting appro-
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priate respirators is implicit in efforts by the Centers
for Disease Control and Prevention to promote do-
mestic preparedness against bioterrorism.(5)

Selecting an air-purifying respirator against an
airborne pathogen is more complex than against a
chemical agent because there are no exposure lim-
its for the number of organisms that may be in-
haled or for infection risk. Past recommendations
from public health agencies for respirator use against
Hantavirus(6) and Mycobacterium tuberculosis(7) have
been based on expert opinion and not on quantitative
risk analysis. More recently, a strategy was described
that applied to a broad array of infectious aerosols,
but it was also a qualitative approach involving un-
specified criteria for acceptable risk.(8)

For pathogens exhibiting high infectious dose val-
ues, we have described a probability framework for
estimating infection risk, and for comparing the effi-
cacy of different respirators in reducing risk.(9) The
example used was Bacillus anthracis, which causes
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inhalation anthrax and is the leading candidate agent
for domestic bioterrorism. The median infectious in-
halation dose is 8,000–10,000 spores as estimated by
the U.S. Defense Intelligence Agency,(10) although
published data for primates and guinea pigs indi-
cate the median infectious dose is closer to 60,000
spores.(11) Our purpose here is to extend the frame-
work to airborne pathogens that cause infections at
low inhalation doses and to illustrate how uncertainty
analysis may be applied to estimating infection risk.
The example used is Coccidioides immitis, a soil fun-
gus that causes a human infection termed coccidioido-
mycosis.(12) Infectious doses of C. immitis are in the
range of 1–10 spores.

To our knowledge, the only previous quantita-
tive risk model for airborne pathogens was a one-hit
model proposed by William Wells and Richard Riley
in the context of M. tuberculosis and influenza
infection.(13,14) These investigators used a determin-
istic “quantum” unit to compute infection risk, where
a quantum was defined as that number of organisms
required to initiate infection. We will show that when
a deterministic infectious dose is more than one or-
ganism, the Wells-Riley model is not appropriate.

2. INDIVIDUAL RISK

Because an individual may have multiple expo-
sure periods, it is necessary to consider how infection
risk accumulates. Computing cumulative risk requires
specifying: (1) an appropriate probability model for
the infectious inhalation dose; (2) the ambient air con-
centrations of the pathogen, CA (#/m3); (3) the respi-
rator penetration values, P (0–1); (4) the breathing
rate QV (m3/hr); (5) the duration of an exposure pe-
riod, T (hr); and (6) the anticipated number of expo-
sure periods, M. Because such complete information
will almost never be available, an uncertainty analy-
sis of the model prediction should be performed. For
this discussion, a number of default assumptions are
employed.

2.1. The Infectious Dose

Discussing the infectious dose involves consider-
ing the alternative frameworks of determinism ver-
sus stochasticism. In a deterministic construct, it is
assumed that a specified number of organisms B must
deposit at the appropriate site in the lungs in an ap-
propriate time interval to initiate infection. For exam-
ple, if an individual’s infectious dose is b = 10 organ-
isms, infection occurs only if 10 or more organisms are

received. Interindividual variability in susceptibility
pertains to the distribution of infectious dose values
across a cohort. If all hosts receive D organisms, the
expected risk of infection (i.e., the infection risk for a
randomly selected host) is the fraction of the cohort
for whom b ≤ D.

The stochastic construct assumes that only one
organism is necessary to initiate infection, with each
organism having an independent probability of suc-
cess in that endeavor. It is assumed that the proba-
bility of success does not vary across the organisms
received by a given individual, although it may vary
across hosts.(15) If r denotes the probability of suc-
cess per organism received by a host, and if D organ-
isms are received, infection occurs with probability:
1 − (1 − r)D. If r is constant across all hosts who re-
ceive D organisms, each host has the same infection
risk. However, if the probability of success per or-
ganism is a random variable ri across hosts, and if all
hosts receive D organisms, the expected risk of in-
fection is 1 − E[(1 − ri)D]. A traditional probability
model for the ri is a standard beta distribution with
parameters α and β.(15–17) In this setting, if all hosts
receive D organisms, the expected risk of infection is:
1 − {�(α + β)�(β + D)/[�(β)�(α + β + D)]}.

We are not aware of published studies for air-
borne pathogens that have compared the determin-
istic and stochastic models. In our earlier probability
framework for inhalation anthrax,(9) we invoked de-
terminism for two reasons. First, given the relatively
large numbers of spores required to infect, it seemed
more plausible that a host’s defense mechanisms had
to be “overwhelmed,” in the sense of exceeding a
threshold dose, as opposed to the circumstance that
each spore had an independent probability of infec-
tion on the order of 10−5. Second, our analysis of
data on guinea pig mortality due to B. anthracis spore
inhalation(11) showed that a deterministic log-normal
distribution model provided a better fit than did sev-
eral stochastic models. Although a stochastic model
provided a slightly better fit for monkey mortality
data, in each exposure group the number of monkeys
(eight) was one-fifth the number of guinea pigs (40).
These analyses are summarized in Appendix 1. Over-
all, the anthrax data are too sparse to permit a dis-
tinction between determinism and stochasticism. For
the present analysis involving the infectivity of small
numbers of organisms, as pertains to C. immitis, we
consider both types of infectious dose models.

For simplicity, we assume that all inhaled or-
ganisms deposit in the target region of the lungs,
such that we need not distinguish between the
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inhaled dose and the deposited dose. We recognize
that these two doses are not equivalent, and that only
pathogens that deposit can infect the host. The reason
for the assumption is that published laboratory stud-
ies on inhalation exposure report only the presumed
inhalation dose and not the deposited dose. Fur-
ther, the deposition probability can be factored into
the analysis, where that probability depends on the
aerodynamic diameters of the particles carrying the
pathogen; particle aerodynamic diameters can vary
with the pathogen and the associated environmental
media.

An issue applying to the deterministic but not
the stochastic infectious dose construct is cumula-
tive dose. That is, the number of inhaled (strictly,
deposited) pathogens in the lungs might accumu-
late across exposure periods close in time and build
to a level exceeding the individual’s infectious dose.
Because available evidence suggests that for some
pathogens the number of organisms in the lungs could
increase across exposure periods occurring within sev-
eral days, we assume that a cumulative dose effect is
possible.

2.2. Other Variables

Several simplifying assumptions are used. We as-
sume that an airborne particle can carry only one
pathogen. This idea is reasonable if the initial target
tissue is the pulmonary region and if the pathogen
is in the 1–5 µm size range, as is true for C. immitis
spores. The ambient exposure level CA is defined as
a constant airborne concentration of pathogens over
a T-hr interval. For an individual, we assume that
CA is log-normally distributed across exposure pe-
riods. Given the overall lack of sampling data for
infectious aerosols, there is no strong justification
for assuming any specific distribution for CA. How-
ever, occupational aerosol exposure levels are usually
well described by log-normal distributions,(18) so it is
reasonable to invoke that distribution for airborne
pathogens.

Similarly, the fractional respirator penetration P
is defined as a constant value over a T-hr interval, and
is reasonably assumed to be log-normally distributed
and independent of the CA values.(19,20) Penetration is
due primarily to inward leakage of air around the res-
pirator’s sealing perimeter. In a strict sense, P cannot
be log-normally distributed because it cannot exceed
one. However, for the types of respirators considered
here, there is negligible probability associated with P
greater than one.

We assume that an individual’s breathing rate QV

is constant, and for the C. immitis example, QV =
1.75 m3/hr. The latter value corresponds to a medium
work rate,(2) and is higher than the typically assumed
1.0 m3/hr, which corresponds to a light work rate. Ac-
tivities performed by individuals with the potential for
C. immitis exposure (agricultural workers, construc-
tion workers) would be more rigorous than “light”
work. We also assume that each exposure period is
the same duration; T = 2 hr is a reasonable value.

2.3. Cumulative Risk with No Cumulative
Dose Effect

The lack of a cumulative dose effect in the context
of determinism means that the infectious dose must
be received in one exposure period. For example, if a
person’s infectious inhalation dose is b = 10, receiv-
ing nine organisms in each of two or more consecutive
exposure periods does not cause infection. The lack
of a cumulative dose effect is unrealistic where two
or more periods are close in time and is likely invalid
for C. immitis spore exposures occurring within a day
or two. Rather, the scenario is offered primarily as a
contrast to the situation in which the dose can accumu-
late. Further, the scenario would pertain to exposure
periods far removed in time, such that no viable or-
ganisms inhaled during previous exposures are likely
to remain.

Let qi denote the probability of not being infected
during the i th exposure period, and let M denote the
number of periods. The cumulative infection risk over
M periods conditioned on a particular set of qi values,
denoted R∗

M, is:

R∗
M = 1 −

M∏
i=1

qi (1)

If the qi are independent and identically distributed
random variables across the M periods, the uncondi-
tional cumulative infection risk is given by:

RM = 1 − (E[q])M (2)

where E[q] is the expected value of the random vari-
able qi. Equation (2) follows from the property that
the expected value of the product of two or more in-
dependent random variables is the product of their
respective expectations.

E[q] is related to CA, P, QV, and T in the following
manner. The inhalation dose during the i th exposure
period, Di (# organisms), can be written as:

Di = CA,i · Pi · QV · T (3)
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where CA,i and Pi denote the ambient concentration
and respirator penetration value, respectively, during
the i th exposure period. Pi = 1 if a respirator is not
worn. The description of the actual number of or-
ganisms inhaled depends on the magnitude of Di. If
the dose is usually a small number, say, 10 or less, Di

should be treated as a discrete random variable even
though CA,i and Pi are treated as continuous random
variables. In this case, the integer dose for the i th expo-
sure period is modeled as a Poisson random variable
with expected value λi equal to the RHS of Equation
(3), or:

Pr[Di = d] = (λi)d exp(−λi)
d!

(4)

If B = b denotes the individual’s deterministic infec-
tious dose value, the probability of not being infected
during the i th exposure period is:

qi | B = b = Pr[Di < b] =
b−1∑
d=0

(λi)d exp(−λi)
d!

(5)

Unlike the actual dose received, the expected dose λi

(the parameter of the Poisson probability mass func-
tion) is a continuous variable. The “unconditional”
probability E[q | B = b] is found by the double inte-
gration of qi | B = b across the respective ranges of
CA and P, which constitutes taking the expectation by
conditioning on the value of λi:

E[q | B = b] =
b−1∑
d=0

pd (6)

where

pd =
∫

CA

∫
P

(λ)d exp(−λ)
d!

fCA (cA)fP(p) dc dp

where λ = CA · P · QV · T, and fCA (cA) and fP(p) de-
note the probability density functions for, respec-
tively, CA and P. Without respirator use, integration
over P would not occur.

For a stochastic infectious dose with probability
of success per organism r in a given host, E[q | r] is
computed by:

E[q | r] =
∞∑

d=0

(1 − r)d pd (7)

where pd is defined in Equation (6). Note that Equa-
tion (7) yields a quantity slightly different than the
term e−λ·r in the traditional exponential model.(15) In
the latter, λ is a fixed parameter for a single expo-
sure, but here λ is a random variable across exposure
periods.

2.4. Cumulative Risk with a Cumulative Dose Effect

Consider that the inhalation dose (strictly, the de-
posited dose) can accumulate across exposures close
in time. Let SM denote the sum of the doses over M
consecutive exposure periods close in time, or:

SM =
M∑

i=1

Di (8)

where Di is the inhaled dose for the i th exposure pe-
riod. Given a deterministic infectious dose b and no
loss of viable organisms from previous periods, the
individual’s cumulative infection risk is:

RM = 1 − Pr[SM < b] (9)

As before, if the inhaled dose is a small number, Di is
modeled as a Poisson random variable with expected
value λi equal to the RHS of Equation (3). Again, al-
though the Di are all Poisson variables, they are not
identically distributed due to variability in theλi. If the
infectious dose and the number of exposure periods
are small, it is practical to determine RM as follows.
In a random exposure period, the probability of in-
haling d pathogens is defined by the term pd in Equa-
tion (6). Consider an individual for whom b = 3. For
m = 1, infection risk is: 1 − (p0 + p1 + p2). For m = 2,
infection risk is: 1 − (p2

0 + 2 · p0 · p1 + 2 · p0 · p2),
where the sum in the parentheses accounts for
the number of ways leading to S2 < 3. For m =
3, infection risk is: 1 − (p3

0 + 3 · p2
0 · p1 + 3 · p0 · p2

1 +
3 · p2

0 · p2), where the sum in the parentheses accounts
for the number of ways leading to S3 < 3; and so
forth. Because this procedure is computationally te-
dious for large b or m, Monte Carlo simulation is more
readily used to determine the probability distribution
of SM.

For simulation, the geometric means and geomet-
ric standard deviations of the log-normal CA and log-
normal P distribution are specified, along with values
for QV and T. For a given simulation, a value is ran-
domly drawn from the CA distribution, and a value is
randomly drawn from the P distribution. The corre-
sponding λ value is computed by Equation (3), and a
Poisson random variable D with expected value λ is
generated. This procedure is repeated M times, and
the sum of these random D values equals SM. Fifty-
thousand SM values are so generated to obtain a stable
distribution. By inspection (via computer), the frac-
tion of SM values less than b equals Pr[SM < b].

Even if the Di variables were identically dis-
tributed, a decrease in the number of previously de-
posited organisms in the lungs would be expected due
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to respiratory tract clearance mechanisms. Therefore,
the number of viable organisms in the lungs after M
exposure periods should be less than the sum of the
Di values. Although one could posit a function de-
scribing the decrease in viable organisms over time,
for simplicity, we do not consider respiratory tract
clearance. Further, experiments with radio-labeled
B. subtilis spores showed that nearly 100% of spores
that deposited in the alveolar region of guinea pigs
were present 24 hours later.(21) Because our exam-
ple for similarly sized C. immitis spores involve ex-
posures occurring over two days, the risk estimates
should be little affected by ignoring respiratory tract
clearance.

3. COHORT INFECTION RISK

In essence, for each cohort member one specifies:
(1) the distributions of CA and P, (2) the deterministic
infectious dose B, or the stochastic success probability
per organism r, and (3) the values of QV and T. Next,
the individual’s cumulative infection risk RM is com-
puted by one of the methods previously outlined. The
mean of the individual RM values equals CRM. If QV

and T are constant across individuals and time, the
cohort analysis must still account for interindividual
variability in B or r. There may also be interindividual
variability in mean CA values and in mean respirator
P values, but only variability in B and r are considered
here.

3.1. Cumulative Risk with No Cumulative
Dose Effect

Assume that everyone experiences the same re-
spective log-normal distributions of CA and P with M
exposure periods. For small deterministic infectious
dose values, a probability mass function Pr[B = b]
models the discrete infectious dose distribution across
hosts. Let E[q | B = b] be the probability of no infec-
tion during a random exposure period given B = b.
The cohort infection risk is:

CohRM =
∞∑

b=1

(1 − (E[q | B = b])M) · Pr[B = b]

(10)

For a stochastic infectious dose with r constant across
all hosts, CohRM = 1 − (E[q | r])M, where E[q | r]
is specified by Equation (7). Because everyone is
equally susceptible, the cohort risk is any member’s
risk. In the alternative, if r is a random variable across

hosts and is described by a standard beta distribution
with parameters α and β, the cohort infection risk is:

CohRM =
1∫

0

(1 − (E[q | r])M) · �(α + β)
�(α)�(β)

× rα−1 (1 − r)β−1 dr (11)

where E[q | r] is again specified by Equation (7).

3.2. Cumulative Risk with a Cumulative Dose Effect

Analogous procedures are used where a cumula-
tive dose effect pertains. Again assume that everyone
experiences the same respective log-normal distribu-
tions of CA and P, that everyone has M exposure pe-
riods, and that B has a discrete probability mass func-
tion. Let Pr[SM ≥ B | B = b] denote the probability
that the cumulative inhaled dose exceeds the infec-
tious dose value over M periods given B = b. The co-
hort infection risk is:

CohRM =
∞∑

b=1

Pr[SM ≥ B | B = b] · Pr[B = b]

(12)

4. COCCIDIOIDES IMMITIS

4.1. Background

Coccidioidomycosis is an infection, typically lim-
ited to the respiratory tract, caused by inhaling
C. immitis spores. The fungus infects soil in areas of
the southwestern United States, primarily California,
Arizona, New Mexico, and Texas.(12,22,23) Aerosoliza-
tion of spores occurs via wind currents and human
activities (plowing, digging, excavation) that disturb
soil. Overall, 60% of infected persons are asymp-
tomatic or have mild symptoms of an upper respi-
ratory tract infection that resolve spontaneously. In
the remaining 40%, a lower respiratory tract infec-
tion develops with more severe symptoms, such as
fever, cough, weakness, and difficulty in breathing;
acute illness usually resolves without medical therapy
but may last for several weeks. In less than 1% of
persons, the organism disseminates outside the lungs
and leads to meningitis and infections of bones, joints,
skin, and soft tissues. The risk of disseminated dis-
ease varies among ethnic groups, with the risk being
10-fold greater among African Americans and
Filipinos than among Caucasians.(22)

In 1998, there were 719 cases reported in
California,(24) although underreporting of cases may
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be substantial. Over a five-year period in the early
1980s, the average incidence was estimated to be
30% greater than the number reported to the Califor-
nia Department of Health Services (CDHS); in one
county endemic for C. immitis, the average incidence
was 600% greater than reported to the CDHS.(12)

Disease risk is increased for occupations with expo-
sure to soil dust. Among all recognized occupational
cases reported to the California Department of In-
dustrial Relations in the period 1960–1972, 17% in-
volved agriculture, 21% involved construction labor-
ers, and 34% involved state and local government.(12)

A variety of governmental jobs can involve soil
dust exposure (e.g., surveyors, construction engineers,
zoologists).

4.2. The Infectious Dose

Published data on airborne infection by C. im-
mitis spores are sparse. Approximately 40 years ago,
U.S. Army researchers conducted experiments in
which small groups of Rhesus monkeys (Macaca
mulatta) were exposed to different spore aerosol
concentrations.(25–27) These data are summarized in
Table I. With one exception, the listed dose is the
estimated number of spores inhaled by a monkey. In-
halation of 10 spores infected all animals, whereas the
severity of the infection sequela was dose dependent.
For example, among five monkeys inhaling 50 spores,
the lung lesions were localized with little destruction
of lung tissue and dissemination to lymph nodes, and
no deaths occurred; in three of five monkeys inhaling
300 spores, there was extensive pulmonary disease re-
sulting in death.(27)

Table I.

Number
Dose Exposed Infections Mortality Reference

10 5 100%a NR 25
10b 10 100% 30% 26
50 5 100% 0 27

100 5 100%a NR 25
300 5 100% 60% 27

1,000 5 100%a NR 25
10,000 5 100% 80% 27

aIt is inferred from the description in Reference 25 that all ex-
posed monkeys were infected, although the actual data were not
presented.
bIntratracheal inoculation of spores.
NR = not reported.

These data do not permit distinguishing be-
tween a deterministic versus stochastic infectious dose
model. A plausible deterministic model for humans is
the following. Human susceptibility is thought to lie
between that of the monkey and the dog, and stud-
ies have shown that intratracheal inoculation of 10
C. immitis spores infects 100% of dogs.(26) The inhala-
tion dose infecting nearly 100% of exposed humans
should also be ≤10 spores, and it is thought that as few
as one or two spores can initiate infection in many
individuals.(12) Therefore, posit that the infectious
dose distribution is geometric with parameter θ . The
proportion of individuals requiring an integer dose b
for infection is given by: Pr[B = b] = θ(1 − θ)b−1.

One way to estimate bounds for θ is to find a set of
θ values such that that the probability is at least 95%
that 5/5 randomly selected persons are infected given
an inhalation dose of 10 spores. Again, 5/5 monkeys
each inhaling 10 spores were infected (see Table I).
According to the geometric distribution model, the
population fraction for which the infectious dose is 10
spores or less, Pr[B ≤ 10], is:

Pr[B ≤ 10] =
10∑

b=1

θ(1 − θ)b−1 (13)

Among five randomly selected persons, the prob-
ability that all five have an infectious dose value
≤10 spores is the binomial probability: (Pr[B ≤ 10])5.
Therefore, find θ such that (Pr[B ≤ 10])5 ≥ 0.95. This
criterion is satisfied for θ ≥ 0.37. The upper bound
θ = 1 signifies that all individuals are infected by one
spore.

In the stochastic framework, with r constant
across all hosts, the analogous procedure is to find a
set of r values such that: [1 − (1 − r)10]5 ≥ 0.95. This
criterion is satisfied by r ≥ 0.37. Interestingly, if ri is a
random variable across hosts, a standard beta distri-
bution on [0, 1] for the ri is inconsistent with the above
criterion, because no ri can be less than 0.26. To ex-
plain, the lowest r value permitted would correspond
to 4/5 hosts each having r = 1. To satisfy the criterion
that 5/5 hosts who each receive 10 spores are infected
with at least 95% probability, the r value for the fifth
host cannot be less than 0.26.

5. APPLYING THE PROBABILITY MODELS

5.1. A Hypothetical Example

Consider a group of road construction workers
who disturb soil in an area endemic for C. immitis.
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There are no published data for airborne spore levels
during road construction, but based on calculations
not shown here we estimate the concentration can be
on the order of 1–10 per m3. Assume the airborne
spore concentration is log-normal with GM[CA] =
0.54 per m3 and GSD[CA] = 3, such that E[CA] =
1 per m3. Assume that each worker’s breathing rate
is QV = 1.75 m3/hr, and that each worker has avail-
able a Type N100 half-mask respirator to wear during
eight two-hour periods over two days while exposed to
soil dust. Assume that each worker’s respirator pen-
etration values are log-normal with GM[P] = .032,
GSD[P] = 2, and E[P] = .041, such that only 5% of
the penetration values exceed 0.1, in which case the
respirator is deemed to have acceptable reliability.(3,4)

To begin, posit a geometric deterministic infec-
tious dose distribution with parameter θ = 0.37, and
no cumulative dose effect. Equation (6) is used to
compute values of E[q | B = b] without and with res-
pirator use; b values up to 20 are used, because for
θ = 0.37, less than 0.01% of the cohort have an in-
fectious dose greater than 20. Next, Equation (10) is
used to compute the cohort infection risk over M = 8
periods without versus with respirator use. The latter
cohort risks are, respectively, CohR8 = 0.95 and 0.27.
In the alternative, consider the same geometric deter-
ministic infectious dose distribution with a cumulative
dose effect over two days. Monte Carlo simulation is
used to find Pr[S8 ≥ B | B = b] for b values up to 20,
and Equation (12) is used to compute the cohort in-
fection risk. Without versus with respirator use, after
M = 8 periods the respective CohR8 values are 1 and
0.32.

Fig. 1 depicts how infection risk accumulates over
the exposure periods. Given no cumulative dose ef-
fect, Curve #1 corresponds to no respirator use; Curve
#2 corresponds to respirator use. With a cumulative
dose effect, Curve #3 corresponds to no respirator use;
Curve #4 corresponds to respirator use. The figure
demonstrates two ideas. First, a half-mask respirator
is predicted to greatly reduce infection risk, although
in this example the risk is still substantial. Second,
where exposure periods are close in time, failing to
account for a cumulative dose effect would lead to
underestimating infection risk.

Interestingly, in this scenario the stochastic infec-
tious dose model with r = 0.37 constant across all co-
hort members, CohRM = 1 − (E[q | r = 0.37])M, pro-
vides essentially the same risk estimates as does the
deterministic model incorporating a cumulative dose
effect.
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Fig. 1. Cumulative infection risk for up to eight exposure periods
for a cohort whose infectious dose values for C. immitis spores fol-
low a geometric distribution with parameter θ = 0.37. Other model
parameter values are described in the main text. Curve #1 is infec-
tion risk without a cumulative dose effect and without respirator
use. Curve #2 is infection risk without a cumulative dose effect
and with half-mask respirator use. Curve #3 is infection risk with
a cumulative dose effect and without respirator use. Curve #4 is
infection risk with a cumulative dose effect and with half-mask res-
pirator use.

5.2. An Uncertainty Analysis

Because model parameters will be uncertain in
almost every application, risk estimates will be un-
certain. Traditional Monte Carlo simulation meth-
ods for uncertainty analysis permit placing probability
bounds on the risk estimates and assessing the rela-
tive influence of different parameters. To measure the
uncertainty importance of a given input (variable), we
use the correlation coefficient of the sampled output
values with the corresponding sample of values for
the input:(28)

Uρ(xj, R) =
∑n

i=1(xj,i − xj)(Ri − R̄)√∑n
i=1(xj,i − xj)2

√∑n
i=1(Ri − R̄)2

(14)

where xj denotes the j th uncertain input (j = 1, . . . ,k),
Ri is the risk estimate for the i th random value of xj,
and R̄ is the mean value of R over n values of xj.
The Uρ(xj, R) values are inherently global measures
of uncertainty importance over the joint probability
distribution for the k inputs.
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Consider a scenario analogous to the previous
example. An eight-hour excavation is planned in a
location suspected of C. immitis infection, for exam-
ple, a site in an endemic region visibly contaminated
with animal waste. The risk manager intends that each
worker will use a respirator for four two-hour periods,
with the aim of limiting the cohort infection risk to less
than 0.05 with a high degree of confidence, say, 95%.
The candidate respirator is a Type N100 full-face res-
pirator. The construct to be applied is a deterministic
infectious dose model with a geometric distribution
and a cumulative dose effect.

Uncertainty in θ is modeled by a monotonically-
increasing triangular density function on the interval
[0.37, 1.0] with E[θ ] = 0.79. This θ range is consistent
with the Table I dose-response data, and a triangu-
lar density function is posited because θ values closer
to 1 have greater consistency with those data. Uncer-
tainty in the future mean airborne spore concentra-
tion E[CA] is modeled by a log-normal distribution
with a mean of 1 spore per m3 and with GSD = 6 (a
high degree of uncertainty corresponding to a percent
CV ≈ 500%). Uncertainty in the mean respirator pen-
etration value E[P] is modeled by a uniform distribu-
tion with a five-fold range centered on mean = 0.0041;
the latter corresponds to the mean of a wearer’s log-
normal penetration distribution (with GSD = 2) such
that the distribution conforms to acceptable respira-
tor performance.(4) It is reasonable to treat θ , CA, and
P as mutually independent. Other model inputs are
the same as in the previous scenario for C. immitis.

Based on 50,000 random vectors of θ , E[CA] and
E[P], Fig. 2 shows the distribution of the output cu-
mulative cohort infection risk, CohR4. The best esti-
mate is CohR4 = 0.033, with 16% of values exceed-
ing 0.05, and 5% exceeding 0.15. Although CohR4

nominally satisfies the intent that the cohort infec-
tion risk be less than 0.05, there is only 84% confi-
dence that this constraint is met. To satisfy the desired
degree of confidence, the risk manager would need
to choose a respirator that permits less penetration,
for example, a powered air-purifying respirator.(4) In
this scenario, the three inputs exert the greatest effect
on risk estimate uncertainty in the following order:
mean spore concentration, mean respirator penetra-
tion value, and θ . The respective sample correlation
coefficients are 0.80, 0.15, and 0.069.

6. DISCUSSION

The deficiency in the traditional Wells-Riley
model is now readily explained. These investigators
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Fig. 2. The distribution of cohort risk estimates given four exposure
periods and uncertainty in the values of the mean spore concen-
tration, the mean respirator penetration value, and θ . The posited
distributions of these parameters, and the values of other model
parameters, are described in the main text. The histogram is based
on 50,000 random vectors of the uncertain inputs. The mean risk is
CohR4 = 0.033, with 16% of values exceeding 0.05.

believed that a quantum unit could be used with the
Poisson probability mass function to compute infec-
tion risk, where a quantum is that number of organ-
isms equal to a deterministic infectious dose.(13,14) If
µ denotes the expected number of quanta inhaled
in a single exposure period, the Wells-Riley model
equates infection risk with the Poisson probability of
inhaling zero quanta: R = 1 − exp(−µ). In contrast,
our deterministic framework considers a person’s in-
fectious dose value b and the expected number of or-
ganisms inhaled λ, and relates these to infection risk
via Equation (5). The two constructs give the same
risk estimate only if b = 1, in which case µ = λ.

The Wells-Riley model leads to a positive error
in estimating infection risk if b > 1, with the relative
error increasing as b increases. One result is that the
model can fail to realistically predict risk reduction
due to measures that reduce the inhaled pathogen
concentration. To illustrate, assume that an individ-
ual’s infectious dose value is b = 10, and that the ex-
pected number of organisms inhaled during an expo-
sure period is λ = 10. Based on the Wells-Riley model
with µ = 1 (or λ/b), the infection risk is 0.63. Based on
our Equation (5), the risk is 0.54. Next, consider that
a control measure reduces the expected number of
organisms inhaled to λ = 1, or one-tenth the original
value. Based on the Wells-Riley model with µ = 0.1,
the infection risk is 0.095, which is still substantial.
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Based on our Equation (5), the risk is 1.1 × 10−7,
which might be termed de minimis.

That said, in its original application to M. tuber-
culosis infection, the Wells-Riley model appears to be
a good descriptor of infection risk because the biolog-
ical evidence indicates that just one bacillus initiates
infection.(13) The Wells-Riley model can be consid-
ered a special case of the deterministic model with
b = 1 for all individuals and D a Poisson variable. In
the alternative, it can be considered a special case of
the stochastic one-hit model, 1 − (1 − r)D, with r = 1
for all individuals and D a Poisson variable.

Airborne pathogens have long been recognized
as occupational hazards, but application of quantita-
tive risk analysis to the workplace has been focused
mainly on adverse health effects induced by chemical
agents. Clearly, a quantitative framework for assess-
ing airborne infection risk is an important supplement
to the expert judgment that must be applied in select-
ing control measures such as respiratory protection.
We remark that advances in the design of respira-
tory protection were stimulated by the use of poison
gases and aerosols as chemical warfare agents dur-
ing World War I; collateral benefits subsequently ex-
tended to workplace users.(3) We speculate that cur-
rent attention to domestic bioterrorism will stimulate
in like manner a more quantitative approach to assess-
ing occupational infection risks and selecting control
measures.

APPENDIX

Groups of guinea pigs and Macacus rhesus mon-
keys were briefly exposed to spore aerosols. Based
on the aerosol concentration, the duration of expo-
sure, and the assumed breathing rate (150 mL/min
for guinea pigs and 1200 mL/min for monkeys), the
inhalation dose for each group was estimated. The
endpoint scored was death of the animal. Table AI
summarizes the data for guinea pigs exposed to spores
carried by “4.5 µm [aerodynamic diameter] particles,”
and for monkeys exposed to “single-spore clouds.”(11)

The fit of four models was investigated. The first
is a single-parameter stochastic model (referred to as
the simple binomial model):

π(D) = 1 − (1 − r)D (A1)

where D is the dose (number) of organisms received,
r is the probability that any single organism infects the
host, and π(D) is the host’s probability of becoming
infected. For simplicity, it was assumed that infection
always led to death. In this model, all organisms have

Table AI

Dose (# Spores Inhaled) # Dead/# Exposed

Guinea Pigs
18,750 6/40
34,650 18/40
40,350 17/40
56,100 13/40
57,750 22/40
89,550 22/40

153,750 28/40
Monkeys

35,160 1/8
38,520 4/8
54,360 5/8
68,760 6/8
77,760 5/8
80,400 3/8

120,000 8/8
150,000 7/8
199,200 8/8

the same probability of causing infection, which does
not vary between hosts (all hosts have equal suscepti-
bility), and the probability of any particular organism
causing infection is independent of all others. The only
parameter to be estimated is θ = log(r).

The second model is an extension of the first. For
a given host, Equation (A1) applies, but the value of r
varies between hosts according to a beta distribution
(referred to as the beta binomial model). Specifically,
the model is:

πi(D) = 1 − (1 − ri)D (A2)

where ri is the probability of infection per organism in
the i th host, and ri follows a standard beta distribution
across hosts with parameters α and β. This is a two-
parameter model with θ1 = ln(α) and θ2 = ln(β).

The third model assumes that the dose required
to infect a host is deterministic, but the deterministic
doses vary across hosts according to a log-normal dis-
tribution (referred to as the log-normal model). The
probability that a randomly selected host is infected
by a dose D is the probability that the host’s infection
threshold B is less than D:

π(D) = �

(
z = log(D) − µ�

σ�

)
(A3)

where B follows a log-normal distribution with pa-
rameters θ1 = µ� and θ2 = σ�, and �(z) is the cumu-
lative standard normal distribution evaluated at the
argument z. Note that µ� is the logarithm of the geo-
metric mean, and σ� is the logarithm of the geometric
standard deviation.



1162 Nicas and Hubbard

Table AII

Guinea Pig Data Monkey Data

Model θ1, θ2 AIC θ1, θ2 AIC

Simple binomial −11.5, NA 366.5 −11.1, NA 77.1
Beta binomial 4.0, 15.5 368.5 4.1, 15.1 77.4
Log-normal 11.1, 1.6 364.4 10.9, 0.72 78.2
Logistic −1.1, 1.4 × 10−5 368.4 −1.7, 3.0 × 10−5 80.0

The fourth model is an empirical, logistic dose-
response construct (referred to as the logistic model)
that treats the probability of infection as a function of
dose:

π(D) = 1
1 + exp(−(α + β · D))

(A4)

This is also a two-parameter model with θ1 = α and
θ2 = β.

The four models were fit using maximum likeli-
hood to the guinea pig and monkey data. The eval-
uation of fit was done using Aikaki’s information
criterion.(29) This statistic measures the relative fit of
each model to the data, while penalizing the fit for
the number of parameters. The statistic does not rep-
resent a definitive test of the appropriateness of each
model. Rather, it is a measure of the relative evidence
from the data for each of the four models. A smaller
AIC value represents a better relative penalized fit.
The results of the model fitting are summarized in
Table AII.

Roughly, a difference in the AIC of two or more
is considered a potentially superior fit. For the guinea
pig data, the deterministic log-normal dose model ap-
pears to fit the data best. For the monkey data, the
first three models are essentially equivalent in their
fit, with the logistic model appearing to be a less com-
pelling fit to the data.
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