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Abstract

Background—We aim to determine the economic and social impact of typical interventions
proposed by the public health officials and preventive behavioral changes adopted by the private
citizens in the event of a “flu-like” epidemic.

Method—We apply an individual-based simulation model to the New River Valley area of
Virginia for addressing this critical problem. The economic costs include not only the loss in
productivity due to sickness but also the indirect cost incurred through disease avoidance and
caring for dependents.

Results—The results show that the most important factor responsible for preventing income loss
is the modification of individual behavior; it drops the total income loss by 62% compared to the
base case. The next most important factor is the closure of schools which reduces the total income
loss by another 40%.

Conclusions—The preventive behavior of the private citizens is the most important factor in
controlling the epidemic.
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1 Introduction

The threat of a global disease outbreak, such as pandemic Influenza, is an important public
health problem facing the world. The current potential for a HIN1 or H5N1 pandemic
underscores the conspicuous risk to public health and global economy. In order to plan and
respond proportionately to such pandemics, public health officials need to have a systematic
assessment of the socio-economic and health impact of the disease, interventions and other
mitigation efforts [11,19,43]. Policy makers desire an understanding of intervention
possibilities and pitfalls for limiting pandemic risk and assisting vulnerable populations [24].
These interventions may include social distancing, a prioritized governmental distribution of
vaccines and antiviral medications, and pharmaceutical consumption in the private sector
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[50,14]. Individuals may possess strong private incentives to avoid the disease, and are
willing to self impose social distancing measures. Traditional models in epidemiology and
economics focus on the prevalence of the disease and the cost of treatment respectively but
the cost of disease avoidance should be considered as well [43]. With the help of
simulations, current research aims to fill this gap and capture the cost of the disease
avoidance caused by the modified behavior [42].

The focus of this research is to understand how individuals in various demographic classes
react to an outbreak given possible behavioral changes and how this modified behavior
affects the spread of the disease. It is well known that people adapt their behavior in
response to a threat posed by a potential epidemic, but a systematic study of this kind of
behavior has not been undertaken to date. Our previous work shows that certain behavioral
changes have potentially harmful side effects during outbreaks [4]. Personal behavior during
an epidemic depends on an individuals’ socio-economic status as well as their perception of
the epidemic in the community [25]. People maximize their well being by choosing levels of
prevention and strategies with respect to their own constraints. A national survey by the
Harvard School of Public Health Project was recently conducted to gauge public reaction to
social distancing and other non-pharmaceutical interventions that may be enforced during a
severe pandemic [11]. The survey highlights the fact that different demographics of people
will react differently to the interventions. This research undertakes the important task of
measuring the economic and social effects of different social distancing and pharmaceutical
interventions that are normally adopted by the public health officials and private citizens in
an effort to contain a “flu-like” epidemic. The importance and effects of school closures,
antiviral distributions, and private social distancing measures are specifically analyzed. It
looks into the fairness of different intervention strategies by examining their economic
impact within specific demographic classes. To understand the full impact of a disease, it is
important to calculate not only the cost of the disease but also the cost of disease avoidance.
The results identify population strata by demographics that are likely to win or lose under
such policies. A number of recent reports and Hurricane Katrina have underscored the
importance of this kind of work [40,10].

2 Methodology

We use an individual-based modeling environment called Simdemics [5] for simulating
epidemic outbreaks. Simdemics is a network-based epidemiological modeling framework
that simulates the spread of a phenomenon across a social contact network. Simdemics
builds upon individual-based mobility, activity, and disease transmission models, see Table
1. This type of model allows one to perform studies at an individual level to evaluate the
effects of public policy during an emerging infectious disease. See [3,27,21,22,23,38] for
recent results and discussion on disaggregate models. The simulation approach taken in this
study relies on three interacting models: Step 1. Statistical models for the creation of
synthetic populations, Step 2. Activity-based model for creating time varying social contact
networks, Step 3. Model of disease transmission. To maintain the readability of the paper,
these steps are described, in detail, in the Appendix as well as a conference version of this

paper [8].

3 The Experimental Design and Its Rationale

3.1 Demographic Classes and Intervention Strategies

This study estimates the differences in economic and social impact on demographic classes
caused by various public antiviral distribution and social distancing strategies as well as
private behavioral strategies. The study simulates a “flu-like” epidemic in the New River
Valley (NRV) region of Southwest Virginia, containing about 150,000 people, using an
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individual-based simulation model. The synthetic population is generated from US Census
data as provided in PUMA (Public Use Microdata Area) and SF3 files (www.census.gov).
Demographic classes are based on the three social factors, i.e., household income, family
size and the age of the individual. It has been shown that these factors are highly correlated
with most other demographic factors such as education, ethnicity, employment etc. and are
hence appropriate for stratification. Individuals are aggregated into demographic classes for
interpretation of outputs.

Income-based classes are low, medium and high and they correspond to families who make
less than $25,000, $25,000-$75,000, and more than $75,000 per year respectively. Similar
income thresholds have been used by other researchers [11]. Classes based on household
size are defined as those containing a single-member, two to three members, and more than
three members. Age-based categories are juveniles (0-18), working adults (19-64), and
retirees (65+). Demographic classes were formed through combinations of each of the three
factors resulting in a total of 27 different classes [47]. However, 3 of the 27 classes were
empty and hence are excluded from the tables. Table 2 displays the categories as well as the
proportion of people (in parentheses) in each demographic class. The results for the middle
groups (e.g., middle income, small families, and adults) are presented in the appendix
(Additional Analysis Section) to simplify the reporting of the more interesting groups on the
extremes of each demographic factor. In Table 3, the column “class” lists the classes with an
exact count of the individual’s in the class. If there are any adult children living in with their
parents, they are counted as adults and assumed to behave as adults.

3.1.1 Individual Strategies—People with different socio-economic background follow
different preventive strategies to accommaodate their personal constraints. These strategies
are based on how people perceive the society is doing as well as how their own peer group/
demographic class is doing. We project that change in individual behavior is triggered by the
prevalence level of the virus in the overall society (global prevalence) as well as within
one’s own demographic class (local prevalence). To model that, thresholds for these two
factors were set for each class as shown in Table 3. The basic principles followed in setting
these thresholds are (i) the higher the income level, the lower is the overall tolerance for
disease risk and hence lower the global threshold, (ii) children have the lowest thresholds
since adults are protective of the children and monitor reports of widespread illnesses and
absenteeism among children, and (iii) adults have the highest thresholds since they are the
most healthy group. As the main income earners, adults have to take more risk with their
health although some individuals with a high risk of complications may take less risk with
their health. The private interventions are triggered as soon as the local or the global
prevalence threshold is met for the class. The threshold is reached based on the aggregated
number of new infections in a day exceeding a tolerable limit. Please note that only one set
of parameters has been considered here based on our best guess. In real life, there is likely to
be a variation in the application of these thresholds across people.

This threshold measure assumes active surveillance, monitoring, and reporting of infection
counts per day by public health officials. Three interventions available to the people are: buy
antivirals for prophylactic usel; eliminate unnecessary trips such as trips to shopping malls
and recreational facilities; and rely on protection resulting from other people taking
antivirals. The model assumes that when the threshold is crossed, all affluent household
members choose the first option, i.e., purchase over the counter antivirals with a low .3
efficacy for prophylactic use because (1) they can afford to spare resources for the antivirals,
and (2) this strategy is least intrusive to their lifestyle. Members of the middle income class

1A recent study [20] by NIH considered the scenario where private citizens could purchase antivirals in the open market for

prophylactic use.
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choose the second strategy and modify their daily activity schedule by eliminating
unnecessary trips. This social distancing technique reduces their potential contact with the
infected individuals in the society. The individuals from the poorest income class choose to
rely on protective steps being taken by the other members of the society. They find it too
expensive to purchase antivirals; and they already take very few unnecessary trips. We
assume that all individuals in their demographic classes strictly follow their respective
strategies. This may not be true in reality.

Table 3 tabulates the private strategies implemented by the different income classes and the
measurements used for global and local thresholds.

3.1.2 Public Strategies—We simulate two common strategies available to public health
officials; distribution of antivirals to individuals and school closures, see Table 4. The
trigger threshold for the public intervention is set at 1% of the total population becoming
infected. The public stockpile of antiviral courses is limited to 10,000.2 The antiviral courses
are distributed to the individuals based on the following four selection techniques; randomly
selected individuals, poorest individuals, first sick individuals, and those with the highest
simulation infection risk probability (high-risk).

The simulation infection probability of an individual is defined as the probability with which
the individual gets infected when the disease starts from a random person in the population
[6]. We empirically estimate the infection probability of all individuals in the population by
running one hundred simulation runs of the epidemic where each run starts from a different
random individual. To calculate the percentage, we determine the number of times an
individual gets sick and divide it by the total number of runs. For example, if an individual
got infected five times during the hundred runs, his simulation infection probability was
0.05. Under the high infection risk strategy, the antiviral courses were distributed to those
who had the highest risk value as calculated by the above procedure. This group is the
optimal group to work with, as it is the most likely set of individuals to become infected.
While identifying this group would not be implementable, it provides a benchmark for
strategy comparisons with less optimal groups. It is important to point out that this group
does not include people who are at high risk of complications such as obese, diabetics,
pregnant, HIV+ etc. The only demographic used to distribute public antivirals is the income
level. Note that under all the above strategies, the public stockpile of antivirals is distributed
only after the global threshold is met.

For the close school strategy, the trigger threshold is also set at 1% of the total population
becoming infected. The schools are kept closed for a period of two weeks. When the schools
are closed, at least one adult has to be home to care for young children, age 13 or less, who
do not remain alone at home. In the case of both parents working or all adults working, one
working parent/adult stays home. We assume that 75% of the children stay at home when
their schools are closed. The other 25% students follow their after school activities and
hence mix with other children outside the school environment. The 75/25 split is based on
the Activity Survey Data described in the Appendix. However it is possible that this split is
different when the schools close during the normal term.

Overall, there is a limited mixing of children during the school closure in comparison to the
regular school environment. We try various combinations of interventions including school
closure and distribution of public antiviral courses, resulting in nine distinct governmental

2To test the sensitivity of the number of antiviral courses available in the public stockpile, we repeated the entire experiment in which
the public antiviral stockpile was limited to only 1,000 courses. The results of that experiment were not statistically significantly
different from the results of 10,000 course experiment.
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strategies. Refer to Table 5 for previous work investigating these governmental strategies
and individual behaviors.

In order to assess the economic impact of various intervention strategies by demographic
class, we develop seven distinctive scenarios based on individual and governmental actions.
Five of these scenarios involve private and public interventions. A base case is conducted to
determine the economic loss and the size of the epidemic in the absence of any
interventions. Finally, a scenario is developed where no government intervention takes place
and only private strategies are implemented. This scenario helps isolate the socioeconomic
effect of the private strategies. The economic costs for each strategy are derived from direct,
indirect, preventive and treatment costs. The direct costs are composed of income losses due
to an ill worker not reporting to work. This cost combines personal and corporate economic
losses for salaried, wage, and self-employed workers. It is true that all sick leaves do not
necessarily result in income loss to the individuals due to the availability of paid sick leave
for many individuals. However, sick leave still results in productivity loss which causes loss
of income to the society as a whole. Therefore we count all income losses in our calculation.
Direct costs also include the cost of treatment such as outpatient visits, prescription costs,
co-payments, hospitalization etc. The indirect costs are due to parents staying home to care
for ill children. The preventive costs are composed of the governmental actions of
distributing 10,000 antiviral Kits and closing schools for a two week period. The costs of
closing schools is determined by the lost wages for parents staying home to provide child
care and workers associated with the school system. Costs for treating infected individuals
through hospitalizations and outpatient care are calculated based on [37] and provided as
health care costs. Also the rates of outpatient care and hospitalizations of the sick were
based on the fractions given in [37].

The costs for individuals in each strategy are aggregated and compared to the base case to
describe the economic benefits of each strategy to each demographic group as well as the
amount of money spent by the government per person in comparison to the base case
epidemic. In all of the scenarios, the interventions by the government and the modified
behavior of the private citizens greatly reduced the income loss and the number of infections
during the course of the epidemic. Even the least effective intervention diminished the total
size of the epidemic to less than half of the base epidemic. The prevalence of the disease at
its height was reduced by two thirds. It is important to note that the interventions not only
caused the peaks to drop significantly but also delayed the outbreak and reduced the
duration of the epidemic. The epidemic curves for each social class and for each strategy is
shown in the Appendix. Please note that all strategies reported here include behavior
modifications by the private citizens. The only exception is the base case.

4.1 Strategy Label Description

We now describe the strategies that are followed by the public health officials and private
citizens in this study. Under all scenarios except the base case, the private citizens follow
their respective strategies whenever their local or global thresholds are met. The entire
public stockpile of antivirals is distributed by the government to the following people:
poorest, highest risk, first sick, and randomly selected individuals. These are labeled as poor
(P), high risk (HR), sick(S) and random(R) strategies. CS Strategy closes schools for 14
consecutive days. CS+R strategy refers to closing schools as well as distributing the public
stockpile of antivirals to the population at random. Similarly, CS+P, CS+HR and CS+S refer
to closing schools plus giving public antivirals to the poorest, highest risk and sick people
respectively. NoGovt strategy implies that there is no intervention by the government, i.e.,
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no antivirals are distributed and the schools remain open. This strategy helps isolate the
effects of individual behavior.

4.2 Effect of Preventive Behavior

The results show that the most significant reduction in the income loss and the size of the
epidemic was caused by the preventive behavior undertaken by the individuals. This can be
seen by observing Table 6 where the NoGovt strategy performs 60% better in terms of the
total costs and 65% better in terms of attack rate compared to the base strategy. Under the
NoGovt strategy, only the private citizens modified their behavior once alerted to the fact
that a number of peers in their demographic class and in the society have been infected. In
the NoGovt strategy, there is no intervention by the government. The strategies with school
closures and antiviral distributions along with preventive behaviors only slightly outperform
NoGovt. This implies that the private behavior modification was the main factor in reducing
the income loss and the size of the epidemic in all these strategies.

The second best reduction in the size of the epidemic came from the government strategies
that included closing schools which dropped the total income loss and the attack rate by
another 40%. However, this strategy increased the preventive costs by about $18 million
dollars. Among the public antiviral distribution strategies, the distribution of the antivirals to
the highest infection risk individuals proved to be the most effective. Surprisingly, it
performed better than the sick strategy in which antivirals are distributed to the first sick
individuals. Compared to the sick strategy, the high risk strategy performed 25% better in
terms of the attack rate. We believe that this is due to the fact that sick individuals do not go
to school and work which reduces their exposure to individuals whereas the high risk people
still mingle in the society. Giving antivirals to the high risk group keeps them from being
inadvertently infected by the large number of individuals in the society. Strategies involving
school closures shifted the peak of the epidemic curves by several days, and the number of
infected individuals also tailed off earlier compared to the strategies without school closures.
The delay of the epidemic peak is important in real situations for preparing additional
responses and medical services. Figure 1, Figure 2, and Figure 3 show the cost of strategies
by demographic class.

4.3 Effect of Age

Comparing the performance of intervention strategies across demographic classes highlights
their strengths and weaknesses in controlling the epidemic and their usefulness in targeting a
particular strata of the population. Please see Figure 1. For example, closing schools for two
weeks had the best impact on reducing the children attack rate. although it created a large
economic burden on the society; a total of $25 million, of which almost $19 million is in
preventive costs. With this government intervention, the disease was almost eliminated
within the children segment as the attack rate dropped from 0.84 in the base case to 0.07 in
the children class. While closing schools was socially beneficial to the children, the elderly
witnessed a less significant improvement. For the elderly, the attack rate dropped from 0.66
in the base case to 0.18 in the CS scenarios. Although the total number of infections are less
when the schools are closed, the elderly suffered from increased infections immediately
following the opening of schools. This led to a spike in transmissions among all ages which
was then followed by a sharp decline in the epidemic curve. According to the base case, the
elderly portion of the population had a much lower risk of infection. The infection
prevalence in the base case among the elderly was at 66% whereas it was 84% for children.
The difference was likely caused by the isolation of the elderly from the rest of the
population. The overall population has a generally higher mixing rate compared to elderly.
When the schools were closed, the antivirals did not play as key of a role in determining the

Epidemics. Author manuscript; available in PMC 2012 March 1.



1duasnuey Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Barrett et al.

Page 7

outcome of the epidemic. Among all the antiviral distribution strategies, distribution of
antivirals to the high risk group achieved the largest reduction in the attack rate.

4.4 Effect of Family Size

Family size is an important variable in determining a person’s chances of getting infected.
Single individuals are the least likely to become infected as they spend several hours being
alone at home without the extensive exposure to family members. Figure 2 shows the total
costs encountered by family class. The large families had to incur higher preventive costs for
strategies involving school closure. Closing school strategy is least beneficial to singles
since they have no exposure to children. Large families with four or more members almost
certainly have multiple children, and the impact of school closure is most significant for this
class. In general, school closures are very beneficial in reducing the epidemic among all
demographics regardless of the family size. The antiviral distribution strategy mixed with
the school closures had the most significant impact on reducing the size of the epidemic.

4.5 Effect of Income

As Figure 3 shows, individuals from different income classes were affected differently from
the various interventions. Costs from the low income class varied across strategies much
more than the costs from the high income class. In terms of net benefits, the low income
class gained the most under the CS+HR strategy and least under the NoGovt strategy. For
this class, all strategies involving school closure resulted in higher benefits than strategies
with no school closures. The government distribution of antivirals did little to reduce the
prevalence of the virus. In general, after antiviral interventions the attack rates turn out to be
almost the same in the low class and the high income class even though the low income
class had not taken any personal action whereas the high income class had modified its
behavior. Originally the high income class had a 6% higher attack rate than the low income
class but the parity after interventions suggests that higher income class’s ability to change
its own behavior had an immense effect on the attack rate. Government interventions did not
help reduce the prevalence of the virus in higher income individuals as much as the other
classes since they could afford their own medications. However, this class did benefit
indirectly by the closing of schools since the epidemic was reduced in the rest of the
population. Antiviral distribution to the high risk group had the greatest effect on the high
incomes but not on the poorest segment.

4.6 Key Findings

Table 6 outlines the direct and indirect income loss, private and public cost of disease
avoidance, attack rate, epidemic size and the total number of sick days by each intervention.
A brief summary of the results shown in Table 6 is provided below:

1. The strategy that results in the smallest attack rate and the least amount of direct
and indirect income loss is CS+HR. This strategy drops the attack rate by 87% and
the total income loss by 82% compared to the base case. The drop in lost income is
90% due to drop in illness and 10% due to reduced care-taking. Note that the CS
+HR strategy performs better than the CS+Sick strategy. Under the CS+Sick
strategy, the total income loss drops by 80% compared to the base case. This result
shows that a proactive strategy that targets the high risk group performs better
economically as well as in containing the epidemic than the reactive strategy in
which the sick people are targeted.

2. The private citizens can greatly influence the epidemic through behavior
modifications as shown by the results of the NoGovt strategy. Under this strategy
there is no intervention from the government such as school closures or antiviral
distribution; only the private strategies stated earlier, i.e., stopping all non-essential
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activities and taking antivirals prophylactically, are in place. This alone causes a
drop in total income loss by 62% and drop in attack rate by 64% compared to the
base case.

The performance of the NoGovt and random strategies are statistically
indistinguishable. This can be verified by comparing the attack rates, sick days, and
income loss columns of these strategies. A similar observation may be made for the
CS+R and CS+P strategies. Given the numerical variation in the outcomes of both
the strategies, they are practically the same in performance. Under the NoGovt
strategy, the government does not distribute any antivirals to people whereas in
random strategy the government gives antivirals randomly. However, under all
these strategies the private citizens follow their modified behavior. This implies
that the distribution of antivirals has only a marginal effect in improving the socio-
economic measures. The most significant contribution comes from the modified
behavior of the citizens.

The average total cost of saving a person is highest when schools are closed. This is
due to added preventive costs such as care-taking of (healthy) children.

The CS strategy in combination with the antiviral distribution to the high-risk class
results in the lowest income loss, number of sick days, epidemic size, and attack
rate.

Tables 7 and 8 show how different strategies affect people across demographic classes. A
summary of the results is as follows:

1.

In the base case, the children and the large families face the highest attack rates.
The singles and elderly face the lowest attack rates.

Closing schools are the most effective strategies across all classes, although
children and large families benefit the most. For the children class, the total costs
go down by 88%, and for large families, the total income loss goes down by 84%
compared to the base case. However, for large families the preventive costs go up
by $10 million primarily due to increased care taking of children and lost wages as
a result of school closures. Compared to the base case, the attack rate for children,
drops from 84% to 8% on an average and for the large families, it drops from 81%
to 15%. The singles and the elderly classes benefit the least.

Closing schools combined with distribution of antivirals to the highest risk
individuals (i.e., CS+HR strategy) works the best across all demographic classes. It
results in the lowest attack rates, lowest number of absolute sick days, lowest
epidemic size and lowest income loss among all classes compared to any other
strategy. We believe that giving antivirals to the highest risk people fares better
than distributing them to the sick because the sick people stay home (from work
after falling sick) and stay out of public circulation whereas the high risk people
continue to mix in the society.

Under almost all strategies, the lowest income class faces the highest attack rates.

The cost of saving a person is by far the highest in the highest income class across
all strategies. For each class, it is calculated by dividing the total income loss for
the class by the difference between the base epidemic size and the class epidemic
size. Under the CS+HR strategy, this per capita cost of saving a life goes as high as
$502 for the high income class whereas it is only $65 for the low income class.
This difference is mainly due to the fact that high income families cause higher
losses in income and productivity for their sick days. The high income families also
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have higher preventive costs because their behavioral strategy requires them to buy
antivirals when their disease prevalence thresholds are met.

5 Summary and Conclusions

This research shows, in detail, the socio-economic impact of public and private mitigation
efforts on different population strata. Note that the results are based on specific thresholds,
strategies and assumptions made on behalf of each demographic class. These are unlikely to
play out exactly in this manner. However, the results still provide useful insights on the role
of behavioral adaptation. They show that the modification of behavior by the private citizens
is the most important factor in containing the epidemic. Behavior modification alone drops
the total income loss by 62% compared to the base case. Simply limiting the number of non-
essential trips and taking antivirals prophylactically can reduce the spread of the virus to
almost one third of its base size. These results signify the importance of actions by the
private citizens and have implications for their level of compliance to health officials’ calls
for social distancing and pharmaceutical measures. The closure of schools results in an
additional 10-15% drop in infections after individuals have modified their behavior. The
best and most effective strategy turns out to be CS+HR which requires school closures,
public distribution of antivirals to the highest risk individuals in the society, and behavior
modification by the private citizens.

In light of our results, we believe that activities such as governmental policies and media
campaigns that urge the public to modify their behavior in order to reduce exposure to an
infectious disease are likely to greatly reduce epidemic attack rates. We find that closing
schools mitigates an epidemic better than the provision of antiviral kits. The governmental
actions of school closure are more effective although less economically efficient in
preventing infections than the distribution of antiviral Kits.
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Below we provide a list of the assumptions used in performing these experiments:

1.
2.

10.

11.
12.

The epidemic starts from five index cases, chosen randomly.

All simulations were performed 100 times by changing the random seed. The
economic and infection results are provided as the average cost and mean number
of infections per group over the 100 iterations.

School closure always occurs for a 14 day period.

Anti-viral prophylaxis course lasts for 10 days and treatment course lasts for 5
days.

Trigger thresholds for public and private intervention strategies are stated in Table
2. All global thresholds are based on total disease prevalence level in the society
and local/personal thresholds are based on people not reporting to work in a
person’s demographic class.

The private citizens take the following preventive actions to avoid getting the
disease. The high income households buy antivirals, the medium income
households stop their non-essential activities such as shopping and recreational
trips, and the lowest income households hope their contacts are taking adequate
preventative steps and hence take no action. When the high income households buy
antivirals for prophylactic use, it is bought for every member of the household.

The public interventions are based on only the global trigger which is set at 1% of
the total number of people being sick in the society. The public interventions
involve closing schools and distributing antivirals.

When a young child (age 13 or younger) is sick, a non-working older sibling or
parent stays home but if all adults are working, a working adult misses work to stay
home with a young child for the two week duration schools are closed. We assume
that the adult is able to take leave from work as needed.

Infected individuals do not go to work or school. This results in a schedule change
for infected workers, infected children, and the working parent of an infected child.

The income of the adult is calculated by dividing the household income by the total
number of working adults in the household.

Efficacy of the generic over the counter anti-viral is assumed to be 30%.

The private stockpile of antivirals (or the number of courses available from the
market) is unlimited but the public stockpile is limited to 10,000 courses.

Computational Epidemiology Models

Aggregate computational epidemiology models often assume that the population is
partitioned into a few sub-populations (e.g. by age) with a regular interaction structure
within and between sub-populations. The resulting uniform mixing model can typically be
expressed as a set of coupled ordinary differential equations. Such models focus on
estimating the number of infected individuals as a function of time and have been useful in
understanding population-wide interventions. For example, they can be used to determine
the level of immunization required to protect a population from an epidemic. See [3,2,31]
for more discussion on this class of models. The individual based modeling framework we
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use is Simdemics [5] which simulating epidemic outbreaks at the individual level of
granularity. Simdemics belongs to a new emerging class of models called network based
epidemiological models that use a detailed representation of social contact networks; such a
representation is crucial for studying the questions related to the role of individual behavior
and public policies. This disaggregated, agent based model can represent each interaction
between individuals and can thus be used to study critical pathways of the diseases. It can be
used to study the effect of public policies and individual behavior on the dynamics of
infectious diseases. Disaggregate models require neither partitions of the population nor
assumptions about large scale regularity of interactions. The three interacting models used
by Simdemics allow for the diffusion of an infectious disease across a network: Step 1.
Statistical models for the creation of synthetic populations, Step 2. Activity based model for
creating time varying social contact networks, Step 3. Model of disease transmission. More
discussion about Simdemics can be found in [3,21].

Statistical Models of Urban Populations

Step 1 generates a synthetic population by integrating a variety of databases from
commercial and public sources into a common architecture for data exchange. The process
preserves the confidentiality of the original individuals and produces synthetic agents with
realistic attributes and demographics. The population is a set of people and households
associated with a set of demographic variables drawn from the census. The population is
comprised of a collection of agent objects, each associated with a set of attributes. Each
individual is placed in a household with other people and each household is placed
geographically in such a way that a census of our modeled population is statistically
indistinguishable from the original census, if aggregated to the block group level. Thus, the
generated population used in simulations are statistically indistinguishable from the census
data. See [9,45,46] for additional details.

Activity Based Models of Social Contact Networks

In Step 2, a set of activity templates for households are determined based on several
thousand responses to an activity or time-use survey. The modeling methodology is called
activity based travel demand models and is now accepted as the de facto standard in
transportation science, see [13,12] for recent overviews. Our early work in this area [9]
played an important role in the development of this methodology. The activity templates
include the sort of activities each household member performs and the time of day they are
performed. Each synthetic household is then matched with one of the survey households
using a decision tree based on demographics such as the number of workers in the
household, number of children, their ages, etc. The synthetic household is assigned the
activity template of its matching survey household. For each household and each activity
performed by this household, a preliminary assignment of a location is made based on
observed land-use patterns, tax data, etc. For a city, demographic information for each
person and location, a minute-by-minute schedule of each person’s activities, and the
locations where these activities take place are generated by a combination of simulation and
data fusion techniques. These synthetic individuals interact, as real people do, with various
degrees of fidelity, with each other and the built infrastructure (shopping locations, offices,
work etc.) to produce a realistic social contact network based on the movements and the
activities of every individual in the population. The social contact network from the above
population is constructed as follows. We have a labeled dynamic bipartite graph Gp|, where
P is the set of people and L is the set of locations. If a person p € P visits a location | € L,
there is an edge (p, I, label) € E(Gp| ) between them, where label is a record of the type of
activity of the visit and its start and end times. Each vertex (person and location) can also
have labels. The person labels correspond to demographic attributes such as age, income,
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etc. The labels attached to locations specify the location’s attributes such as its x and y
coordinates, maximum capacity, etc. Note that, there can be multiple edges between a
person and a location recording different visits. This produces synthetic individuals that just
like real individuals can now carry out other activities like eating, socializing, shopping, etc.
An important point to note here is that such data is impossible to collect on this scale by
measurements or surveys.

Models of Disease Transmission

Step 3 consists of developing a computational model for representing the disease within
individuals and its transmission between them. The model can be viewed as a networked
probabilistic timed finite state machine. Each individual is associated with a timed
probabilistic finite state machine. Furthermore, the automata are connected to other
automata — this coupling is derived from the social contact network. The state transition is
probabilistic and is timed (e.g. may represent a distribution of incubation times). It may also
depend on the attributes of the people involved (age, income, health status, etc.) as well as
the type of contact (intimate, casual, etc.). Individual automata update their states in
responses to changes in internal state and state of its neighbors. For this study, a potentially-
pandemic disease model for HSN1v influenza was utilized for tracking an individual’s state
throughout the stages of disease progression. By combing the disease model with
information from the social network, contact timings with infected individuals, individual
susceptibility, and the potential use of antiviral medications, synthetic individuals may
become infected and follow a probabilistically determined disease path. This culminates in
returning to an uninfected state through the usage of antivirals or reaching the removed state
where the individual is no longer infectious or susceptible. Figure 4 displays the model used
in this study. Each node is a finite state an individual remains in until a certain duration has
elapsed. The duration distribution for intervals between 2 to 5 days and 3 to 6 days is
included in the figure. The next state is determined probabilistically by selecting one of the
outgoing edges to another state. Whether or not the agent has been treated with antiviral
medications affects the edge probabilities in the disease model. For simplicity, the edges
with a 1.0 probability are not labeled in the figure. This model has been calibrated through
and utilize by previous research [4,21,20,30].

Model Validation

Extensive efforts have been made to validate the overall approach and specific components
of the model. This includes structural validity of models, matching the data produced to field
data, and formal specifications of these models for software verification [9,30,21]. Results
on population mobility and social network construction were presented and reviewed
annually at [48]. Epidemiological simulations were also reviewed and discussed as a part of
a letter report by the National Academies and published in [30]. Simdemics has been used
in more than half a dozen user defined case studies; these case studies have further improved
and served to validate the various models [4,20,33]. This study illustrates, what we believe
is, the first use of high resolution simulation-based microeconomic analysis in the context of
public health epidemiology.

Additional Analysis

The results for the Poor, Sick, High Risk, and CS strategies are provided here to allow a
simpler comparison between the strategies that combine closing schools with antiviral
distributions in the main text. Under the poor, sick, and high risk strategies, the antiviral
courses are distributed by the government to the poor, first sick, and high risk respectively in
addition to the fact that the private citizens modified their behavior. It is interesting to note
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that these strategies performed only slightly better than the NoGovt strategy. Tables 9, 10,
11, and 12 complement the tables in the Results section. The tables primarily include
information concerning the middle income, small family, and adult classes as well as the
poor, sick, high risk, and close school strategies. The following findings involving these
classes and strategies were observed:

1.

Closing schools (CS) is the second largest single factor in reducing the income loss
and epidemic size (modified individual behavior is the largest factor). Under the CS
strategy, the income loss due to care taking (of sick children) drops by 93% and the
income loss due to illness drops by 75% compared to the base case. The epidemic
size is lowered by 87,237 or 78% compared to the base case.

Closing schools results in fewer number of sick children and sick adults, and hence
lower productivity and income loss due to sickness. Our results show that more
children fall sick when schools are open, and more working adults have to stay
home to take care of the sick children. Keeping schools open results in more than
$4 million in indirect income loss whereas CS results in less than $1 million in
indirect income loss. However, closing schools, results in much higher cost of
disease avoidance ( $18 million) because many working adults have to forgo work
and stay home with children.

In the base case, the direct income loss is highest to the adults and small families.

In terms of the absolute numbers, the adults and the medium income class face the
highest epidemic size, sick days and income loss. This is due to the fact that a
higher proportion of the population belongs to these classes.

In case of high risk strategy, the cost of saving a life for the low income class goes
as low as $9.60.

The total income losses are the highest for the adult class and lowest for the singles
class across all strategies. This is due to the fact that 70% of the population belongs
to the adult class and only 11% population is single.

The absolute total cost benefit is highest for the adult class and lowest for the
singles and elderly class for the same reason. Benefits are difference between the
base cost and strategy cost.
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Total Cost of Different Strategies by Age
Class

L.L.L.l_l_l_l_

ase  NoGoy Rand (SRand CSPoor CSSick CSHR

Intervention Srstegy

Figure 1.
Total costs include direct income loss, indirect income loss, preventive, and health care costs
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Total Cost of Different Strategies by
Familiy Class
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Figure 2.
Total costs include direct income loss, indirect income loss, preventive, and health care costs
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Total Cost of Different Strategies by
Income Class
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Figure 3.
Total costs include direct income loss, indirect income loss, preventive, and health care costs

Epidemics. Author manuscript; available in PMC 2012 March 1.



Page 19

Barrett et al.

1223456

NIH-PA Author Manuscript

123456

SO

---- antiviral ---

The Disease Model

Figure 4.

NIH-PA Author Manuscript

NIH-PA Author Manuscript

Epidemics. Author manuscript; available in PMC 2012 March 1.



duasnuely Joyiny vVd-HIN 1duosnuey JoyIny vd-HIN

duasnuely Joyiny vd-HIN

Barrett et al.

Page 20

Total Infected
0.8 Base
o / e NOGO
3 o6 v
o / —Rand
“ 05
- / Poor
2 04 .
S / = High Risk
H .
§ 0.3 / e SCK
3 0.2 CS+Rand
- 0.1 CS+Poor
CS+HR
0 k
CS+Si
1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 e
Figure 5.

Total number of infected individuals by day
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Number of infected individuals by day
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Figure 7.
Epidemic curves of the children class
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Figure 8.
Epidemic curves of the adult class
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Epidemic curves of the elderly class
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Figure 10.
Epidemic curves of the singles class
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Figure 11.
Epidemic curves of the small families
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Epidemic curves of the large families
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Epidemic curves of the poor class
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Epidemic curves of the medium income class
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Epidemic curves of the high income class
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Table 1

Models and modeling approaches used in Simdemics.

Models

References

Urban Population Mobility Models [7,12,48,49]

Natural Disease History
Transmission Models
Social Network Models

Types of Interventions

[2,18,30,31,35]
[30,31,35]
[21,30,41]

[22,23,29,30]
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Table 2

Demographic classes based on age, household income and size

HHIncome (population frac) HHSize (population frac)  Age (population frac)

0-25K (0.32) Poor 1(0.11) Single 0-18 (0.20) Child
25K-75K (0.52) Medium Inc. 2-3 (0.54) Sm. Family 19-64 (0.69) Adult
75K+ (0.16) High Inc. 4+ (0.35) Lg. Family 65+ (0.11) Elderly
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Demographic classes and their respective thresholds to trigger public and private intervention strategies

Table 3

Demographic Class (population)

Global Threshold (% sick in the society)

Local Threshold (%o sick in class)

Low Income - No Action

All family sizes and ages (48,493) None None
High Income - Buy antivirals
Single, Elderly (131) 1 2
Lg.Fam., Child (4,430) 5 None
Lg.Fam., Elderly (275) 15 1
Governmental - Antivirals and close schools
Public 1 None
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Table 4

Government and Private Intervention Descriptions

Intervention

Description

Poor
Random
High Risk
Sick

CS

Social Distancing

Antivirals given to the 10,000 poorest individuals.

Antivirals given randomly to 10,000 individuals.

Antivirals given to the 10,000 most often infected in previous simulations.
Antivirals given to the first 10,000 that fall sick.

Schools are closed for a period of two weeks.

Eliminate unnecessary trips and activities.
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Table 5

Related work on behavior and policy

Policies Reference
Behavior and demographics [11,17,39]
Social distancing and reducing trips [16,23,27,32,51]
Prophylaxis antivirals [1,16,23,27,34,36,44]
Treatment antivirals [1,16,27,44,36]
Close school duration [11,44,15,27,32,51]

Epidemics. Author manuscript; available in PMC 2012 March 1.

Page 35



Page 36

Barrett et al.

20°20€ GL'TE (861'F) L0'vE (L6€'F) ¥5'S 12T £1'8T (€60'F) 2T'8 (600F) 9270 0€..0T (TT0'%) 02T°0 S+S0
0z€lT 69V (005¥) ZT'TE (917'¥) 8y 12T €787 (520'¥) G529 (600°F) ¥2°0 15688 (TT0'¥) 060°0 UH+SD
9T'5z¢ 69'TE (g8z'F) eTve (822'%) 89'S 12T €V'8T (z50'¥) 28°L (900'F) €6°0 9606TT (900'F) 9ST'0 d+S0
v1'v2e 19'T€ (v0e'¥) TC'vE (v 1LS 12T £1'8T (550'¥) 68°L (L00'F) 96°0 8686TT (900'F) ¥ST'0 d+S0
90912 N7 (vee¥) seve (6€2'%) 88°8 12T 050 (890°'F) v6'6 (9z0F) z8°€ 191702 (900°%) 0920 wopuey
(1s1p AV

69'TEC G6'6€ (62¢'F) 98'G2 (822'%) 8¢'6 127 0 (2L0%) 20'TT (820%) ¥2'v 0€6v02 (L00'F) €920  0Ou) IA0DON

0 0 (L10'%) 28'59 (Se0¥) L0°ST 0 0 (Te0¥) ze0e (TT0'¥) €7°0T 196185 (Too'¥) zeL'0 aseg
panes (lw $) sugauag  (j1w $) S1S09 ||V (hw'$) areAnd ‘IN0D) ssau||l 01 Buryel-ared sAep 3I1S  (9) ayeu Moeny ABarens
uos.lad 1509 Juaiedino (hw $) s1509 (1w $) s1509 anp (1w $) ssoj 0} anp (1w $) sso|

Jad 7 lendsoH BAIUBA3Id dAIUBARI awoaul 39a41g aW0dul 30341pu|

juads $

NIH-PA Author Manuscript

(SsunJ uolenWIS palpuny auo uo paseq ‘Asq ‘PI1S) Abarens Aq sonsiels Jueuodwi|

99|qel

NIH-PA Author Manuscript

NIH-PA Author Manuscript

Epidemics. Author manuscript; available in PMC 2012 March 1.



Page 37

Barrett et al.

28'T1e 2607 44 9L¢ (44" ST0 8eT 0 1960¢ ¥Z0 Aap|3
98'¢¢ 6€96 199 8T'S 86’ LE0 0 z8'e 6SLLY 1€0 pIyo
e 85997 196 29'8 80C €L0 96'C ¥8'C 899¢8 T€0 we467
00'TT 28e 28'C S6'T LL 800 0Tt 0 70802 44 a1buis
L2CET 7198 128 £7'6 €01 62T S¢S 98T 8.99¢ 9€'0 aulyBiH
80°0T 91187 ¥8'T §e'q 16C 910 LT 610 17596 LEO uimo
ABajens wopuey
60T 6eEy LeC S6C €eT 600 40} 0 182T¢ §20 Aap|3
YXAIRY 8520T 619 89'S 10T 120 0 vy 6vE8Y €€0 p1yd
1212 86V.T S0'6 816 12¢ sie0] €ee Zre £68€8 Ze0 we467
S0°€ §80% 19C 1154 g8 200 vZT 0 192T¢ vZ'0 a1bus
16°9¢T €588 LG, L0°0T 7T 121 €L'S 20C L00.E 90 oupybiH
0 06.8T ¥8'T cLs e 0 16T 950 75586 8€0 uimo]
ABa1e))S 1UBWUIBAOD) ON
0 98¢TT 0 LS. 19°€ 0 68°¢ 0 ¥2./8S 990 Aiepi3
0 €L09¢ 0 EV'ET 00°€ 0 0 ey'0T ST09ET 780 p1yd
0 ¥65EY 0 ¥S'TC €19 0 86, ev'L ¥869¢¢ 180 we467
0 ¥160T 0 ST9 vee 0 16°€ 0 G0.S €90 a1buis
0 61v8T 0 1281 88'C 0 SSTT LLe 69896 9.0 oulybIH
0 0€TYe 0 0z'0t 68'S 0 6c€ 260 1GT8.T 0,0 uImoT
ase) aseg
panes uos.iad azisiId3 (1w $) suyausg (i (i (nw ssau||l Bunjey sAep XIS a1l doeny  sse|D
Jad Juads ¢ $) 150D IV $) 1502 Jusiredino $) 1500 3AIUANIH (1w $) ssoj -a4ed (1w $) ssoj
79 [eudsoH awoou| 1841q awoou| 39341pu|

NIH-PA Author Manuscript

L9lqel

sse[a salydeibowap Ag pue ABayens Aq sonsnels Jueniodw|

NIH-PA Author Manuscript

NIH-PA Author Manuscript

Epidemics. Author manuscript; available in PMC 2012 March 1.



Page 38

Barrett et al.

SY'18¢ 6817.L €0€T 86CT 14 9T'0T 08T LS50 V1¢ve Y10 we-67
€49°¢C S0.¢ oT'T ve'T (44 00 0T'T 0 S6ECT 9T'0 a1buis
0¥'8TS 69G€ 9%6'TT 6C'TT 44 0L'L TT°€ G20 GTGST ST°0 oulybIH
8079 G8.L L2°€ 0c'e 8g’ 69T 860 S00 10€9€ 9T'0 auimoT

ABarens »21S+SD
96°LT 88¢¢ 60°€ vZT 8¢ 9T'0 180 0 SYTTT €10 Aap|3
L0°LT T.0C 196 €T 80’ o 0 iZA0] 8¢¢6 100 pryd
10'8.¢ 8G€9 GEET 754" €e’ SE0T 140] LS50 9T68¢ Z¢To we-467
06'L €70¢ qT'e 66 ST L00 1170 0 €T.6 170 a1buis
6¥°20S L€6¢ 69¢CT 8G°0T LT 8L, 8E¢C eral] TOEET ¢To oupybiH
6599 7009 GG'€ 00°€ or’ ¥8'T TL0 S0'0 6968¢ Z¢To auimoT]
ABarens sty YbIH+SD
16'8T €60€ 8¢ 69'T 174 qT'o 60T 0 6T9VT 810 Aap|3
0CvT €46¢ 056 8T 4% €€0 0 €6°0 90STT 800 pryd
8¥°G8¢ €3.L 8¢t EV'ET €9’ €¢0T 98T 690 Ge8LE vT0 we467
6v'€C 8v.¢ T6C SVE'T 9 6T0 00T 0 Y79ET 910 a1bus
99'9¢S Z6.€ 06'TT 6ETT 9 0L'L 8T'€ erAll] 0869T 670 oupybiH
8.'v8 Tees Tce S6°€ 69’ 8T¢C 10T L00 8VE0Y LT0 auimoT]
ABarens 100d4+SD
8.°8T 6€0€ 98¢ 9T 14 aT'0 v0'T 0 S691T 810 ApepIa
S0'9T ¥99¢ 876 Wl 4% LE0 0 96°0 S09TT 600 prud
¥9°06¢ Z108 18°¢CT LV'ET €9’ €01 18T €L0 268LE ST0 we-67
LG9'6 09.¢ 68¢C LET L L00 €0T 0 EYorT 9T'0 a1buis
8¢'TES TLLE T6'TT SV'1T 9 8L, v1'€ LZ0 L189T 910 oulybIH
18T, S6€8 Tce 99°'¢ L G8'T 20T L00 68117 LT0 auimon
ABarens puey+SD
panes uos.iad azisidg3  (jiw $) suyausg (nw (nw (hw Bunjey sAep XIS a1l doeny  sse|D
Jad Juads ¢ $) S150D IV $) 3502 Juanredino $) 3502 AIUAAIH (1w $) ssoj -aJed (1w $) ssoj
79 [endsoH awoou| 19841Q awoou| 39a41pu|
sse[a salydeibowap Ag pue ABayens Aq sonsnels Jueniodw|
8 9|qel

NIH-PA Author Manuscript

NIH-PA Author Manuscript

NIH-PA Author Manuscript

Epidemics. Author manuscript; available in PMC 2012 March 1.



Page 39

Barrett et al.

€9'TT 198¢ €8¢ va'T LE 600 10T 0 VLTET LT°0 Alap|3

19°TT Ivee 196 V1T oT 120 0 9.0 €970T 800 prud
panes uosiad azisidg  (jiw $) suyausg (nw (nw (nw ssau||l Burel sAep >dIS  elesdoeny  sse|d
Jad juads ¢ $) 51500 IV $) 1509 juanedino $) 1509 dAIUBNAIH (11w ¢) ssoj -a4e9 (1w $) sso)

79 [endsoH awoou| 19a41q

aWwodu| 10a41pu]

NIH-PA Author Manuscript

NIH-PA Author Manuscript

NIH-PA Author Manuscript

Epidemics. Author manuscript; available in PMC 2012 March 1.



1duasnuey Joyiny vd-HIN 1duasnue Joyiny vd-HIN

wduosnue Joyiny vd-HIN

Barrett et al.

Demographic classes and their respective thresholds to trigger public and private intervention strategies

Table 9

Demographic Class (population)

Global Threshold (% sick in the society)

Local Threshold (%o sick in class)

Medium Income - Stop non-essential activities

Single, Adult (4,635) 5 2
Single, Elderly (992) 2 1
Sm.Fam., Child (4,844) 5 None

Sm.Fam., Adult (32,095) 5 4
Sm.Fam., Elderly (5,494) 3 1
Lg.Fam., Child (13,573) 5 None
Lg.Fam., Adult (16,861) 5 4
Lg.Fam., Elderly (738) 3 1
High Income - Buy antivirals
Single, Adult (285) 2 5
Sm.Fam., Child (1,034) 5 None
Sm.Fam., Adult (10,132) 2 3
Sm.Fam., Elderly (1,552) 15 3
Lg.Fam., Adult (6,364) 2 2
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