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Predictive models of control strategies involved in containing

indoor airborne infections

Abstract Recently developed control measure modeling approaches for con-
taining airborne infections, including engineering controls with respiratory
protection and public health interventions, are readily amenable to an integra-
ted-scale analysis. Here we show that such models can be derived from an
integrated-scale analysis generated from three different types of functional
relationship: Wells—Riley mathematical model, competing-risks model, and Von
Foerster equation, both of the key epidemiological determinants involved and of
the functional connections between them. We examine mathematically the im-
pact of engineering control measures such as enhanced air exchange and air
filtration rates with personal masking combined with public health interventions
such as vaccination, isolation, and contact tracing in containing the spread of
indoor airborne infections including influenza, chickenpox, measles, and severe
acute respiratory syndrome (SARS). If enhanced engineering controls could
reduce the basic reproductive number (R,) below 1.60 for chickenpox and 3 for
measles, our simulations show that in such a prepared response with public
health interventions would have a high probability of containing the indoor
airborne infections. Combinations of engineering control measures and public
health interventions could moderately contain influenza strains with an R, as
high as 4. Our analysis indicates that effective isolation of symptomatic patients
with low-efficacy contact tracing is sufficient to control a SARS outbreak. We
suggest that a valuable added dimension to public health inventions could be
provided by systematically quantifying transmissibility and proportion of
asymptomatic infection of indoor airborne infection.
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We have developed a flexible mathematical model that can help determine the best intervention strategies for containing
indoor airborne infections. The approach presented here is scalable and can be extended to include additional control
efficacies. If a newly emergent airborne infection should appear, the model could be quickly calibrated to data and
intervention options at the early stage of the outbreak. Data could be provided from the field to estimate value of R, the
serial interval between cases, the distributions of the latent, incubation, and infectious periods, case fatality rates, and
secondary spread within important mixing groups. The combination of enhanced engineering control measures and
assigned effective public health interventions would have a high probability for containing airborne infection.

Introduction

Airborne transmission is known to be a route of
infection for diseases. About 15 million (>25%) of
57 million annual deaths worldwide are estimated to be
related directly to infectious diseases. Of those infec-
tious disease-related deaths 4 million annual deaths
(7%) occur as a consequence of viral respiratory
infections (WHO, 2004). Worldwide, for example,
severe influenza infections develop in 3-5 million
people annually, and 250,000-500,000 deaths occur
(WHO, 2003b). Control of newly emerging airborne
infections such as severe acute respiratory syndrome

(SARS), potential bioterror agents such as smallpox
and pandemic influenza (Fauci et al., 2005; Morens
et al., 2004) have generated an even more acute sense
of the need to analyze airborne infection transmission.
The transmission route for SARS demonstrated that
the higher transmission probability was probably
caused by environmental air movements and has an
important relationship with ventilation airflow (Li
et al., 2005a,b; Wong et al., 2004; Yu et al., 2004).
The threat that a highly transmissible, highly virulent
respiratory disease agent can present, such as SARS-
associated coronavirus, and for which there is no
effective developing vaccine or antimicrobial drug,
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requires decision makers to give nonvaccine airborne
infection much greater consideration in community
settings than has been traditionally given.

Reducing indoor airborne infection risk had been an
important factor in the developments of layout and
ventilation schemes of public health settings. In light of
the series of studies that attempted to identify the major
sources and routes of indoor airborne infectious particle
transmission, engineers have to recognize that, for both
air and direct contacts, adequate statistical evidence has
been available to support the importance of providing a
bacteria-free microenvironment (Beggs, 2003; Chow and
Yang, 2004; Lee et al., 2005). Because the occurrence of
respiratory disease is thought to be related to the amount
of contagion in the air, engineering controls such as air
dilution and ventilation, filtration, dust suppression, and
air sterilization, which attempt to decrease the concen-
trations of microorganisms in the air, theoretically
constitute effective nonvaccine infectious acute respirat-
ory disease interventions (Lee et al., 2005).

How do we quantify the possible risks of an epidemic
of indoor airborne infection, and how can we evaluate
different control measures that might impact on any
given indoor airborne infection during its emergence and
early-stage growth? Simple mathematical analysis can
provide some insights. We use mathematical models to
give structure and clarity to the analysis of the key
epidemiological determinants of the transmission
dynamics of major indoor airborne infections and
evaluate what interventions worked best in different
settings. We are trying to present analyses of data on key
parameters and distributions and discuss the processes
of data capture, analysis and the impact of public health
measures against indoor airborne infection.

In this paper, we propose an integrated-level mathe-
matical model generated from three different types of
functional relationship: Wells—Riley mathematical
model, competing-risks model, and Von Foerster
equation, both of the key epidemiological determinants
involved and of the functional connections between
them. The proposed model links approximate analyt-
ical methods and a relatively parsimonious stochastic
individual-based simulation model embedding esti-
mates of transmission efficiency and the details con-
cerning the typical course of infection to explore both
what works best and in what combination, and the
degree to which a specific intervention must be applied
in order to evaluate how different control measures
might impact on any given airborne infection during its
emergence and early-stage growth.

Competing-risks theory (Brookmeyer et al., 2003,
2004, 2005) is used to account for the impact of
different enhanced measure efficacies from both engin-
eering controls and respiratory protection on the
airborne infection risk. The selected optimal control
measures include environmental controls by ventilation
and air filtration, as well as respiratory protection.
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Inclusion of competing risks in the model recognize
that an individual may face substantial benefits in risk
reduction of airborne infection from many different
control measures including technological controls at
the source (by surgical mask and treatment booths),
environmental controls (by ventilation, air filtration
and ultraviolet germicidal irradiation), and receptor
controls (by respiratory protection via respirators)
(Barnhart et al., 1997, Chow and Yang, 2004; Myatt
et al., 2004; Nardell et al., 1991; Nazaroff et al., 1998;
Rudnick and Milton, 2003).

Fraser et al. (2004) have derived a Von Foerster
equation-based criteria for outbreak control in that
they adopted two key properties of transmission of
basic reproductive number (R,) and the proportion
of asymptomatic infections that arise prior to the onset
of symptoms (0) to analyze the general properties of
directly transmitted agents that determine the likely
success of certain public health measures for containing
early-stage outbreaks. They indicated that Ry and 6 are
both strong predictors for successfully describing the
impact of simple public health control measures
against the infectious diseases. By estimating R, and
0 for SARS, human immunodeficiency virus-1, small-
pox, and influenza A, they concluded that SARS and
smallpox are easier to control using the simple public
health measures of isolation and contact tracing and
quarantining.

Fraser et al. (2004) and Anderson et al. (2004) have
also given some insights that by some combination of
certain efficacious control measures, we could decide
whether such public health measures would work
effectively if applied with a given efficacy to control
the spread of specific pathogens with defined biological
and epidemiological properties. We employ the
Wells—Riley mathematical model of airborne infection
(Fennelly et al., 2004; Rudnick and Milton, 2003) to
estimate the exposure concentrations in indoor envi-
ronments where cases of inhalation airborne infection
occurred based on reported epidemiological data and
epidemic curves and Ry and its variability in a shared
indoor airspace.

The objective of this paper was to establish a general
quantitative framework that can help predict whether
simple control measures including engineering controls
and public health interventions or some specific com-
binations can be successful in containing epidemic
growth of indoor airborne infections if applied effica-
ciously at an early-stage outbreak. To focus the
analysis, simulations are based on the highly dissem-
inated epidemic of indoor airborne infections in
Taiwan including SARS, influenza, chickenpox, and
measles as a model. We interpret these results in terms
of the generic performance of future control measure
purposes in which appropriate interventions of highly
effective strategies for implementing them are prepared
before the start of the epidemic.



Materials and methods
Epidemiology data of influenza, chickenpox, measles, and SARS

In the present study, we focus quantitatively on
reanalysis of epidemiological data of influenza, chick-
enpox, measles, and SARS that are highly disseminated
epidemics of indoor airborne infections in Taiwan.
Influenza caused 20-40 million deaths in the 1918
pandemic, and continues to kill thousands each year
(Mills et al., 2004); moreover, the viral strains and
influenza season varying from country to country have
made influenza a still uncontrollable disease. Chicken-
pox has a high transmission rate between children in
school settings. Measles is a generally mild disease, yet
its very high incidence among healthy children gives
rise to considerable morbidity. Infectious acute respir-
atory diseases have impact on human health. SARS is a
recently described illness of humans with a high case
fatality rate (Donnelly et al., 2003) that has spread
widely since November 2002. Taiwan had the third
highest number of cumulative SARS cases and SARS
deaths in the world (WHO, 2003a). Moreover, more
than 90% of SARS cases in Taiwan have been linked
to hospital settings (WHO, 2003c).

With the detailed epidemiological data from reported
cases regarding influenza, chickenpox, measles, and
SARS associated with epidemic curves (numbers of
cases by date/week/month of symptom onset), we
estimated the quantum generation rate for selected
indoor airborne infections in the absence of interven-
tions and control efforts based on infected probability
estimated from Wells—Riley equation. Infectivity data
of influenza and chickenpox were adopted from the
Center for Disease Control of Taiwan based on a
weekly basis number from January 2003 to April 2005.
A daily basis infectivity data for measles were adopted
from Riley et al. (1978) in a suburban elementary
school setting. Because there is relatively little empir-
ical data of distribution of measles case in Taiwan,
accordingly, we must rely on whatever empirical data
are available. Epidemiology of SARS reported by
Taipei Municipal Ho-Ping Hospital from April 24 to
May 8, 2003 were used in the present study.

Highly infectious risk frequently happens as a result
of person-to-person transmission in indoor environ-
ments; hence, we used a real ventilation scenario to
simulate the control efficacy. The indoor environment
regarding engineering control information of influenza
and chickenpox was adopted from the Construction
and Planning Agency, Ministry of Interior, China
(http://www.cpami.gov.tw/pwi/br/br_26-1.php). For
SARS and measles, engineering control data were
adopted from the Taipei Municipal Ho-Ping Hospital
and a typical elementary school setting, respectively.

Because of limited knowledge, both from observa-
tions and theoretical understanding of transmission in
a ventilated airspace, we need to characterize uncer-

Containing indoor airborne infections

tainty and variability. We used a Monte Carlo simu-
lation to quantify our uncertainty concerning infection
probability and quantum generation rate. We used the
Kolmogorov—Smirnov (KS) statistics to optimize the
goodness-of-fit of distributions. We employed Crystal
Ball software (Version 2000.2; Decisioneering, Inc.,
Denver, CO, USA) to analyze data and to estimate
distribution parameters. For this study, 10,000 itera-
tions are sufficient to ensure stability of results.

Parameter estimates for f; and 0 by Wells—Riley mathematical
equation

The key epidemiological variable that characterizes the
transmission potential of a disease is the basic reproduc-
tive number (Ry), which is defined as the average number
of successful secondary infection cases generated by a
typical primary infected case in an entirely susceptible
population. Ry > 1 implies that the epidemic is spread-
ing within a population and that incidence is increasing,
whereas Ry < 1 means that the disease is dying out. An
average Ry of 1 means the disease is endemic equilibrium
within the population. R essentially determines the rate
of spread of an epidemic and how intensive a policy will
need to be to control the epidemic.

Fraser et al. (2004) give the other key variable
determining the controllable level of infectious disease,
0, the proportion of asymptomatic infection, which
determines the potential for symptom-based public
health control measures to reduce the number of
infections. Fraser et al. (2004) pointed out that the
choice of parameter 0 has the key advantage that at the
start of an outbreak it can readily be estimated by
using contact tracing as it is the proportion of
infections occurring with an asymptomatic infector.

We modify the Wells—Riley mathematical equation
proposed by Rudnick and Milton (2003) to estimate
the transmission potential of four selected indoor
airborne infections. The modified Wells—Riley mathe-
matical equation expresses transmission potential of
infection as a function of the fraction of inhaled air
that has been exhaled previously by someone in the
building (i.e., rebreathed fraction) using CO, concen-
tration as a marker for exhaled-breath exposure.

Rudnick and Milton (2003) proposed a Wells—Riley
mathematical equation as:

T S TR ) [

where P is the probability of infection for susceptible
population, D is the number of disease cases, S is the
number of susceptible population, / is the number of
infectors, ¢ is the quantum generation rate by an
infected person (quanta/h), p is the breathing rate per
person (m*/h), 7 is the total exposure time (h), Q is the
outdoor air supply rate (m°/h), and ¥ is the volume of
the ventilated space (m?).
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The outdoor air supply rate (Q) can be expressed as
functions of the fraction of indoor that is exhaled-
breath (f), people in the ventilation airspace (n), and
the breathing rate per person (p), as Q = np/f based on
the total CO, level in the indoor air contributed from
human origin and outdoor air supply and person-to-
person transmission of infectious diseases through the
recirculation air in the ventilation airspace. When we
consider / = 1 and S = n — 1 and incorporate Q = np/
f into Equation 1, R, for an airborne infection in a
building environment can be derived from Equation 1
and expressed as,

RO—(n—l){l—exp{_Zﬂ

- (R

Parameter estimates for 6 of four selected indoor
airborne infections including SARS, measles, chicken-
pox, and influenza are determined by the specific
biological characteristics of the etiological agents. By
the definition of # = (incubation period — latent per-
iod)/infectious period, we can calculate the distribution
of 0 using the Monte Carlo simulation technique to
quantify the uncertainty concerning 0 attributable to
large variance of incubation period, latent period, and
infectious period for a specific indoor airborne infection.
The period from the point of infection to the appearance
of symptoms of disease is termed the incubation period,
whereas the period from the point of infection to the
beginning of the state of infectiousness is termed the
latent periods. The incubation, latent period, and
infectious periods are respectively 1-4, 1-3, and 4—
8 days for influenza, 8-13, 6-9, and 6-7 days for
measles, and 13—-17, 812, and 10-11 days for chicken-
pox (Anderson and May, 1991).

(2)

Competing-risks model

In this study, we adopted the concept of competing-risks
model (Brookmeyer et al., 2003, 2004, 2005) to account
for the impact of different enhanced measures from
engineering controls and respiratory protection on the
indoor airborne infection risk. The competing-risks
model is a probabilistic model by which the dynamics
of the interplay among different enhanced engineering
control measure strategies can be described. Implicitly,
the basic assumption of the probabilistic calculations on
competing-risks model was based on an underlying
Poisson model in that the different engineering control
measures act independently of each other.

We link the competing-risks model and Wells—Riley
mathematical equation to estimate the reduction of
potential infectious force of Ry. Based on the compet-
ing-risks model, the optimal Ry can be obtained by
incorporating the effectiveness of engineering control
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measures including recirculation filter, air change rate,
and the respiratory protection into Equation 2, as

Ry =(n— 1){1 —eXp [ (%Q_r::)>

(3)

(1 —exp(—(ACH + ACHrnr)t))} },
where Q, is the airflow rate through a recirculation filter
(m>/h), 5 is the efficiency of a respiratory protection
device used by a susceptible person (dimensionless), 7, is
the single-pass removal efficiency for infectious droplet
nuclei passing through the recirculation filter (dimen-
sionless), ACH is the air change rate (h™"), ACH, is the
air change rate through a recirculation filter (h™").

Ry—0 critical control line by Von Foerster equation-based model

We adopted the Von Foerster equation-based control
model (Fraser et al., 2004) to analyze the impact of the
combinations of non-engineering control measures
including isolation, contact tracing, and vaccination.
The Von Foerster equations are usually used to
determine the disease spread dynamics of the current
number of people Y at time ¢ who were infected time t
ago as Y(z,7) (Murray, 2001). Based on the Von
Foerster equation-based model, Fraser et al. (2004)
show how the two key parameters Ry and 6 can be used
to predict whether control policies involving isolation
and contact tracing will lead to outbreak containment.
Accordingly, following the parameter estimates for
Ry and 0, we can construct the Ry — 0 critical control
line from the control measure efficacy and estimate
Ry value from modified Wells—Riley equation of four
selected indoor airborne infections of influenza, chick-
enpox, measles, and SARS.

Based on the R, — 0 critical control line, for each
scenario, if a given infectious agent is below the Ry — 0
curve, the outbreak is always controlled eventually,
whereas above the curve, additional control measures
would be required to control spread. The critical
control line dividing outbreak control from epidemic
growth can be determined by the following equation
(Fraser et al., 2004),

Ry |:(1 — 81)(1 — 82) +81(1 — 82)0+ (1 — 81)820
(4)

+ 0 =1
81822_0 =1,

where & and &, represent the two different control
measure effectiveness assigned for four indoor airborne
infections. Equation 4 is originally calculated from
following algebraic equation as:

/0 TR — e+ e SE[ -6+ aS@lde =1, (5)



together with an assumption of the exponential infec-
tiousness distribution of f(r) = Ry ¢ © where f(1)
represents infectiousness at time t since they were
infected and S(7) is the cumulative density function of
the incubation period distribution that represents the
proportion of people not having symptoms by time 7.
Fraser et al. (2004) assume that all susceptible individ-
uals are equally likely to become infected. In addition,
make the unrealistic but simplifying assumption that
the infectiousness distribution is exponential.

To adopt an appropriate control measure, we have
to seek the balance rigorously between the control
costs and infectious risks, yet there are many control
measure strategies that had been deliberately discussed
including the engineering control, public health inter-
ventions, and vaccination. However, control measure
efficacy, control measure cost, and intervention time by
government, as well as quantification of the control
measure effectiveness are still an important issue. We
divided control measure strategies into three categories
of engineering, public health interventions, and specific
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combination of engineering controls and public health
interventions to simulate the variation of Ry — 0 curve
and to estimate the uncontrollable level.

Results
Epidemic curves and quantum generation rates

Based on the epidemic curves for cases reported for
influenza,  measles, chickenpox, and SARS
(Figure la—d), the probability distribution of quantum
generation rates (¢, quanta/h) could be calculated from
the modified Wells—Riley equation (Equation 1) to-
gether with the estimated probability of infection (P) and
the adopted input parameters (Table 1). Probabilities of
infection for influenza, measles, chickenpox, and SARS
shown in Table 1 were estimated based on statistical
criteria, comparisons of distribution parameters, and
visual interpretation of histograms and resulted in the
lognormal (LN) distribution optimizing the KS statis-
tics.

(b) Measles
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Fig. 1 Quantitative epidemiology of number of cases reported and the probability distribution of quantum generation rates calculated
from the modified Wells—Riley equation (Equation 1) together with the estimated probability of infection (P) and the adopted input
parameters (Table 1) for influenza (a, e), measles (b, f), chickenpox (c, g), and SARS (d, h)
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Table 1 Input parameters used in modified Wells—Riley mathematical equation to estimate the quantum generation rate (q)

People in the Volume of the Total Fraction of indoor
ventilated shared airspace, exposure Breathing air that is exhaled Number of Probability of
airspace, n V(m®) time, t (h) rate,* p (m3/h) breath, f infectors, / infection, P
Elementary school
Influenza 50 600 6 0.38 0.00076° 1 0.0052, 1.51°
Taipei Municipal Ho-Ping Hospital
SARS 20,832 145,602 6 1.375 0.0247¢ 1 0.00015, 2.66
Kindergarten
Chickenpox 360 1656 5 0.32 0.00076° 1 0.00045, 2.71
Elementary school®
Measles 616 4200 4 0.32 0.00464 1 0.0019, 1.52

@Adopted from ICRP 66 (ICRP, 1994).

®Calculated based on @ = np/f for Q = 20 m3/h/m? and floor area = 200 m? (Construction and Planning Agency, Ministry of Interior, China).
“Based on Q = 5 air changes per hour (ACH) (A standard regulation level of hospital emergency room by the Construction and Planning Agency, Ministry of Interior, China).

dAdopted from Riley et al. (1978).
Lognormal distribution with a geometric mean and a geometric standard deviation.

Table 2 Input parameters of modified Wells—Riley mathematical model to estimate basic reproductive number ()

People in the Volume of Breathing Fraction of indoor Estimated quantum
ventilated the shared Total exposure rate,® air that is exhaled Number of generation rate,
ACH (h’w) airspace, n airspace, V (md) time, t (h) D (m3/h) breath, f infectors, / q (h™
Airplane®
Influenza 5 54 168 6 0.48 0.0306° 1 68.67, 1.52°
Taiwan University Hospital
SARS 5 300 7465.5 24 0.48 0.00386¢ 1 28.94, 2.66
Airplane®
Chickenpox 5 54 168 6 0.48 0.0306° 1 59.07, 1.99
Airplane®
Measles 5 54 168 6 0.48 0.0306¢ 1 124.89, 1.51

#Adopted from Rudnick and Milton (2003).

®Adopted from ICRP 66 (ICRP, 1994).

“Based on Q = 0.3 ACH, a mean value adopted from Rudnick and Milton (2003).
YBased on Q = 5 ACH (Construction and Planning Agency, Ministry of Interior, China).
®Lognormal distribution with a geometric mean and a geometric standard deviation.

After optimizing the KS statistics, lognormal distri-
bution was the best fit for quantum generation rates of
influenza, measles, chickenpox, and SARS (Figure le—
h). Figure le-h indicates that measles has relatively
largest quantum generation rate of LN(124.89 quanta/h,
1.51) than that of influenza [LN(68.67, 1.52)], chicken-
pox [LN(59.07, 1.99)], and SARS [LN(28.94, 2.66)].

Parameter estimates for basic reproductive number (fy) and proportion
of asymptomatic infection (6)

We consider two highly infectious environmental set-
tings, National Taiwan University (NTU) Hospital for
SARS and aircraft Boeing 737 for influenza, chickenpox,
and measles (Table 2), to assess the public health impact
of control measures against indoor airborne infection.
We used reported epidemic curves (Figure 1a—d) and
proposed model in Equation 2 to quantify the uncer-
tainty concerning basic reproductive number (R)
attributable to the large variance of infected probabil-
ities and estimated quantum generation rates of selected
airborne infection (Tables 1 and 2).
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Table 2 gives the adopted assumption of the indoor
environment such as the total exposure time and
breathing rate in considering the normal conditions for
four airborne infections, whereas we also assume the
number of infectors is equal to 1. Other parameters
such as the people in ventilated airspace, volume of the
shared airspace, and fraction of indoor air that is
exhaled breath are adopted from three actual reported
cases. Figure 2a—d illustrates probability density func-
tions of the optimized lognormal distributions of R in
that the Monte Carlo simulation results show
LN(10.65, 1.44), LN(17.6, 1.4), LN(9.25, 1.83), and
LN(2.65, 2.55) for influenza, measles, chickenpox,
SARS, respectively. The most notable feature of the
lognormal distributions of Ry is the considerable right
skew for chickenpox and SARS. Figure 2 also indi-
cates that measles has the largest R, value (gm = 17.61)
than that of influenza (10.65), chickenpox (9.25), and
SARS (2.65).

We could estimate the proportion of asymptomatic
infection (0) based on the definition of 6 = (incubation
period — latent period)/infectious period applied to
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Fig. 2 Probability density functions of basic reproductive number (R,) followed the lognormal (LN) distributions of LN(10.65, 1.44),
LN(17.6, 1.4), LN(9.25, 1.83), and LN(2.65, 2.55) for (a) influenza, (b) measles, (c) chickenpox, and (d) SARS, respectively
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Fig. 3 R, — 0 distributions with 90% confidence interval (CI)
for four selected indoor airborne infections in that the 0 and R,
values, respectively, range from 0.19 to 0.44 and 5.53 to 18.49
for (a) influenza, 0.15 to 0.44 and 9.88 to 28.65 for (b) measles,
0.26 to 0.64 and 3.25 to 24.1 for (c) chickenpox, and 0.0001 to
0.11 and 0.25 to 5.31 for (d) SARS

four indoor airborne infections. We incorporate prob-
ability distribution into Monte Carlo simulation to
obtain 5th-95th percentiles as 90% confidence interval
(CI) for Ry — 0 distributions (Figure 3a—d). The 90%
CIs of 0 range from 0.19-0.44, 0.15-0.44, 0.26-0.64,

and 0.0001-0.11, whereas the 90% CIs of R, range
from 5.53-18.49, 9.88-28.65, 3.25-24.1, and 0.25-5.31,
for influenza, measles, chickenpox, and SARS, respect-
ively. Figure 3 also reveals that SARS has the relatively
smallest range of 6 and R, (0.0001 < # < 0.11 and
0.25 < Ry < 5.31) than that of the other three indoor
airborne infections.

Impact of engineering control measures

Following the concept of competing-risks model, we
could reduce Ry value from no control scenario by
incorporating the engineering control measure strat-
egies such as enhancing the efficiencies of recirculation
air filter capacity and air change rate, as well as the
respiratory protection by personal masking. We
employed Equation 3 together with the adopted
engineering control measures including enhancing air
exchange rate and air filtration capacity as well as
personal masking (Table 3) to estimate the controlled
Ry, i.e. R, for selected four airborne infections.
Apparently as indicated in Table 3, Rc values have
efficiently reduced from no controlled Ry. For airborne
infections such as influenza, chickenpox, and measles
in an aircraft setting, engineering controls can provided
a reliable control strategy to decrease the transmission
potential and spread rate of an epidemic in that the
efficacies range from 60% to 80% (Table 3). SARS, on
the other hand, is predicted to be 60% efficacy with
enhanced ACH and personal masking in a hospital
setting (Table 3).
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Table 3 Engineering control values of enhanced ACH and air filtration capacity, and
personal masking efficiency of four airborne infections with the estimated controlled Ay
(Re)

Enhanced  Enhanced air ~ Masking
ACH filtration efficiency Derived
() (Qmd (M) (o) o Fo (Re)
Airplane
Influenza 15% 10.92° 0 10.65, 1.44° 397, 1.49
Taiwan University Hospital
SARS 5 0 0.58° 265, 2.55 1.13, 2.57
Airplane
Chickenpox 157 10.92° 0.58¢ 9.25,1.83 1.60, 2.20
Airplane
Measles 15% 10.92° 0.58¢ 17.61, 1.40 3.06, 1.50

@Adopted from Mangili and Gendreau (2005).

®Adopted from ICRP 66 (ICRP, 1994).

“Adopted from Lee et al. (2005).

dAdopted from Nazaroff et al. (1998).

“Lognormal distribution with a geometric mean and a geometric standard deviation.

Impact of public health interventions

Here we investigated intervention strategies chosen to
demonstrate the impact of four selected airborne
infections, as characterized by Ry — 0 curve, on the
efficacy of public health intervention. We considered
100% effective isolation of symptomatic patients (i.e.,
& = 1) and ranged values of effective vaccination (i.e.,
&) adopted from published empirical data (Table 4)
for influenza, chickenpox, and measles. For SARS, we

30 1
(a) Influenza
25 F 100% isolation effect + 90%
vaccine effect

20 | 100% isolation effect + 70%

15 F
< 10}
- Uncontrollable
-] 5 -
"E Controllable
: 1
g 0
E 0 0.5
>t

30 .
-E (c) Chickenpox
St -
= 25 effect + 95%
1=
2 20 effect + 73%
3
m 15

10 |

5 F

0

0 0.5

Table 4 Public health interventions of effective isolation, vaccination, and contact
tracing of four airborne infections with the estimated uncontrollable ratios

Airborne Effectiveness Effectiveness Uncontrollable
infection #1 (e1) (%) #2 (&) (%) ratio (%)
Influenza Isolation (100) Vaccination (70-907) 93.5-97.9
SARS Isolation (100) Contact tracing [50 (30-80)] 0-1.2
Chickenpox Isolation (100) Vaccination (73-95%) 96.7-98.7
Measles Isolation (100) Vaccination [73 (32-89)°] 99.7-100

@Adopted from Couch (1999).
bAdopted from Vazquez et al. (2005).
“Mean (min, max) that is adopted from De Serres et al. (1996).

considered 100% effective isolation along with the
ranged value of effective contact tracing (Table 4).
Criteria for outbreak control of R, — 0 critical control
line that separates epidemic growth (above the line)
from outbreak control (below the line) can be deter-
mined by Equation 4 with two assigned public health
control measures (Figure 4).

Each control line represents a specific scenario,
consisting of various control efficacies in that the dark
color lines denote the higher efficacy, whereas the light
color lines indicate the lower efficacy of the chosen
control measures (Figure 4a—d). For each scenario, if a
given airborne infection is below the Ry — 6 control
line, the outbreak is always controlled eventually.
Areas above the control line indicate that additional
control measures would be required to control spread

(d) SARS

100% isolation effect + 80%
contact tracing effect
100% isolation effect + 30%
contact tracing effect

0.5 1

Proportion of asymptomatic infection (6)

Fig. 4 Criteria for outbreak control of Ry — 0 critical control line that separates epidemic growth (above the line) from outbreak
control (below the line). We examine the effectiveness of two public health control measures including isolation and vaccine for (a)
influenza, (b) measles, and (c) chickenpox, whereas isolation and contact tracing for (d) SARS in containing the spread of the disease at

the early-stage of outbreak
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rate. We calculated the percentage of uncontrollable
ratio which varied with the control efficacies, demon-
strating 93.5-97.9%, 0-1.2%, 96.7-98.7%, and 99.7—
100% for influenza, SARS, chickenpox, and measles,
respectively (Table 4).

Comparing Ry — 6 control lines for influenza, mea-
sles, chickenpox, and SARS (Figure 4 and Table 4), it is
clear that SARS is the easiest of the four airborne
infections to control because of its low Ry and 0 values.
Our analysis indicates that effective isolation of symp-
tomatic patients with low-efficacy contact tracing is
sufficient to control a SARS outbreak (Figure 4d). On
the other hand, influenza, measles, and chickenpox are
predicted to be very difficult to control even with 100%
effective isolation along with 90-95% effective vaccin-
ation. Therefore, additional control measures have to be
incorporated into public health intervention strategies.

Containing indoor airborne infections

Combinations of engineering controls and public health interventions

We further investigated the efficacy of some combina-
tions of engineering control measures with public
health interventions in containing epidemic growth of
influenza, chickenpox, and measles. The chosen com-
binations of the engineering control measures and
public health interventions of four selected airborne
infections given in Table 5 are used to predict the
uncontrollable ratio in Ry — 0 curves. Figure 5a—d
represents the criteria for outbreak control lines by
combination with public health interventions and
engineering control measures for influence, measles,
chickenpox, and SARS, respectively.

For influenza, if we apply 100% effective isolation
with two different vaccine effects of 70% and 90%
(Figure 5a) combined with three engineering control

Table 5 Combination of the engineering control measure and public health intervention control measures of four airborne infections to predict the uncontrollable ratio

Enhanced air

Airborne Enhanced filtration (Q,) Masking Effectiveness Effectiveness Uncontrollable
infection ACH (h™) (m/h) efficiency (175) #1 (1) (%) #2 (e2) (%) ratio (%)
Influenza 15 10.92 0 Isolation (100) Vaccination (70-907) 39.6-50.9
SARS 5 0 0.58 Isolation (100) Contact tracing [50 (30-80)] 0-0
Chickenpox 15 10.92 0.58 Isolation (100) Vaccination (73—95") 40.8-48.3
Measles 15 10.92 0.58 Isolation (100) Vaccination [73 (32-89)] 20.2-37.7

#Adopted from Couch (1999).
®Adopted from Vazquez et al. (2005).
“Mean (min, max) that is adopted from De Serres et al. (1996).

20 1 -
(a) Influenza 20 (b) Measles
100% isolation effect + 90% 100% isolation effect + 89%
I5F vaccine effect 15 vaccine effect
100% isolation effect + 70% 100% isolation effect + 32%
vaccine effect vaccine effect
—_~ 10 - 10 L
&
&
5
= 5rF 5F
£
=
: 1
- 0 0
:3 0 0.5 0 0.5 1
2
S 201 i 201
‘a (¢) Chickenpox (d) SARS
2 — 100% isolation effect + 80%
o 15[ 100% isolation effect + 95% 15| contact tracing effect
.g vaccine effect 100% isolation effect + 30%
= 100% isolation effect + 73% contact tracing effect
10 F vaccine effect 10
5T 5
0 0
0 0.5 0 0.5 1

Proportion of asymptomatic infection (6)

Fig. 5 Criteria for outbreak control lines by combination of public health interventions and engineering control measures for (a)

influenza, (b) measles, (c) chickenpox, and (d) SARS, respectively
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measures including enhanced ACH and air filtration
capacity as well as personal masking, resulting predic-
ted uncontrollable ratios range from 40% to 51% that
are much lower than that of 94-98% with no engin-
eering control measures involved. For measles and
chickenpox, on the other hand, the 100% effective
isolation and two different vaccine effects of 32% and
73% with additional engineering control measures
(Table 5), the uncontrollable ratios are dramatically
decrease from 97% to 100% with no engineering
control implemented to 20-38% and 41-48%, respect-
ively (Figure 5b,c).

Discussion

Based on our modeling methodology and results, four
crucial points are discussed: (i) Why influenza and
chickenpox still have as high as 50% uncontrollable
ratio? (i1)) How will we know which one is the most
suitable control strategy for a specific indoor airborne
infection? (iii) Should additional effective interventions
be implemented, how to manipulate the criteria for
outbreak control Ry — 0 critical curve to contain the
airborne infection or a newly emergent infectious
disease? (iv) Future challenges toward the control and
transmission of airborne infections.

Why do influenza and chickenpox still have uncon-
trollable ratio as high as 50%? The epidemiological
data and the biology of the etiological agent may
provide the explanations. First, the empirical data of
distribution of chickenpox and influenza cases adopted
are from January 2003 to April 2005 and to date there
is still no free full-scale vaccination in Taiwan, with the
result that the vaccination coverage rate is too low to
control airborne infections, although the vaccination
effectiveness of chickenpox and influenza range from
70-95% (Table 5). The specific vaccination policy may
depend on the target population of interest, ethnic
groups, geographic areas, epidemic strain of virus,
disease seasonality, and consultations and admission
rates varying from country to country (Wang et al.,
2005). Secondly, there are higher levels of asympto-
matic transmission () for influenza (Fraser et al.,
2004) and chickenpox. Even if we carry out the efficacy
of public health interventions in the presence of
engineering control measures, the probability of suc-
cess for containing influenza and chickenpox is still not
significant.

Lee et al. (2005) proposed three intervention categ-
ories including personal measures, administrative
controls, and engineering controls for containing
infectious acute respiratory disease. Engineering con-
trols are generally considered more reliable than other
intervention categories as they do not require individ-
ual compliance or enforcement of administrative poli-
cies (Lee et al., 2005). Vaccination remains the primary
public health intervention and has been demonstrated
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to reduce influenza-related morbidity. However, the
antigenic variability of influenza virus necessitates
continuous surveillance to identify new vaccine candi-
date strains, and vaccine efficacy is reduced in key
target groups such as the elderly and immunocompro-
mised (Ferguson et al., 2003). However, this modeling
approach of Wells—Riley mathematical equation has
two assumptions: (i) a well-mixed airspace, and (ii)
steady-state conditions. These assumptions simplify
ventilation condition when modeling the control strat-
egies, and thus we did not consider the interaction
between the infiltration flow and ventilation flow.

Our results also imply that control measures based
on case identification such as contact tracing, isola-
tion, vaccination and treatment, that might be central
to the control of one specific airborne infection, will
only be partially successfully for the other infectious
disease. For example, for influenza, unlike SARS,
substantial transmission occurs before the onset of
case-defining symptoms. This implies that measures
that generally reduce contacts between persons,
regardless of infection status, may be our most
powerful protection against a pandemic until adequate
vaccine and antiviral medicines can be produced, at
which point mass-vaccination and prophylaxis may be
more effective than targeted approaches (Mills et al.,
2004).

Here we show that the approach presented is scalable
and can be extended to include additional control
efficacies. Taking influenza as an example, we incor-
porate one additional public health intervention of
handwashing to simulate the controllable level in the
presence of three effective public health interventions
and enhanced engineering control measures. The
Ry — 0 critical control line can be determined by the
following equation:

Ro{(l — 81)(1 — 82)(1 - 83) —|—81(1 — 82)(1 — 83)0
+e(l —er)(1 —e3)0+e3(l —ep)(1 —&)0
+ [8182(1 — 83) + 8183(1 — 82) +8283(1 — 81)}
[0/(2 = 0)] + e16223[0/(3 — 20)]} = 1, (6)

where &3 is the effectiveness of handwashing was 45%
(Ryan et al., 2001). The estimated uncontrollable ratios
range from 28% to 31% compared with 40-51% with
no hand washing involved. The result indicates that the
percentage reduction in incidence of influenza would be
relatively modest. Despite incorporating additional
public health interventions, we still could not fully
control the pandemic of influenza. Our results are
probabilistic and demonstrate considerable variability
in the potential size of the epidemic in the absence of
and in response to engineering control and public
health intervention. Public health officials need to keep
this probabilistic characteristic of success in mind when
planning and evaluating their response. We have



developed a flexible mathematical model that can help
determine the best intervention strategies for contain-
ing indoor airborne infections at the early stage of
outbreak.

However, beginning in the early 1990s, a new wave
of epidemiological research emphasizes the transmis-
sion of heterogeneity (Ferguson et al., 2003). Modeling
the contact probability among different age-specific
force of infection even at the social networks frame-
work (Eubank et al., 2004) will be a key point to
describe the transmission patterns realistically. For the
cluster group of human contact network in the indoor
settings, person-to-person transmission will be a quick
way to spread airborne infections. Therefore, it is
important to model the infectious disease outbreaks

Containing indoor airborne infections

varying with the age and social-specific force of
infection and to describe the higher risk subpopulation
or high transmission settings by control strategies.
Further research will pinpoint the contact network
epidemiology to explicitly capture patterns of disease
transmission and thus enable more accurate and
detailed predictions of the effect of control measures
on the magnitude and distributions of an outbreak of
indoor airborne infection.
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Appendix

Derivation of quantum generation rate (g)
The infection probability can be given as,

D

P==, (7)
where S is the number of susceptible and D is the
number of cases for four airborne infections. The input
susceptible numbers are 368,404, 368,404, 616, and
20,832 for influenza, chickenpox, measles, and SARS,
respectively. The quantum generation rate ¢ can then
be derived directly from Equation 1 as:

_ —nln(l — P)
q_lﬁ{ ~ il -exo(-2)]} ®)

Combining competing-risks model with Wells—Riley equation

Based on the competing-risks model, the generation
probability of infectious agent within ¢ hours will be

t
. A
1 o AT A= C1 — 1 — (7
/OAe e "' drt —/1+C{ exp[—(4+ O)1]},

©)

where C is the cleared rate combined with ACH (i.e.,
C = ACH + ACH,#,) to decrease the risk of infectious
agents, and A is the generation rate to increase the risk
of infectious agents [1 = p(1-#,)/V], and the infectious
agent dose D is: D = Iqt.

Thus, the probability that at least one of D infectious
agent generation with a Poisson distribution will be:

()

i+ C

P =1-—exp|-D [1 —exp(—(4+ C)t)]]

(10)
We simplify Equation 10 for 4 < < C,
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P =1-exp [—D%(l - exp(—Ct))} (11)

Equation 3 can be rewritten by incorporating the
definitions of C, A, and D associated with the defini-
tions of Q = Vx ACH and Q,= V x ACH, into
Equation 11 as:

ro-en{- [

[l — exp(—(ACH + ACHrnr)t)]}. (12)

Therefore Equation 3 could be derived by incorpor-
ating Equation 12 into Equation 7 as Ry = S X P =
(n—1) x P.

Combining Ay — 0 critical control line with Von Foerster equation

We deliberately manipulate the mathematical deriva-
tions to arrive at the critical control line originally
appeared in Fraser et al. (2004). Based on the following
algebraic equation

/OOO B — &1 + 1S — & + e2S(e)de = 1,
(13)

we incorporate the definitions of f(t) = Roe ", S(z) =
e ", 0 = 1/(v+1) into Equation 3, obtaining



o0
/ Ry [e” —g e T —me THgme T4g e
0

Foy e DT g e o (HDT g g ef(zm)f} dz

e T e T
— Ro| (1 —e)(1 =) — -
0[_1_( ea)(1—&) = —al—a)
e" -1 o
_ 1 — W —(2v+1)t =1
yrrelme) Fange .

(14)

We rearrange the definitions between v and 0 as: v =
(1/0)—1 to show that
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| 0
W+l 2-0 (15)

We finally incorporate Equation 15 into Equation 14 to
arrive at Equation 4 as:

Ry [(1 —e)(l —&)+e(l —e&)d+ (1 —&)ed

+88i =1
P
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