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Abstract. We use a synthetic population model of Washington DC, in-
cluding residents and transients such as tourists and business travelers,
to simulate epidemics of influenza-like illnesses. Assuming that the pop-
ulation is vaccinated at the compliance levels reported by the CDC, we
show that additionally implementing a policy that encourages healthy
behaviors (such as covering your cough and using hand sanitizers) at
four major museum locations around the National Mall can lead to very
significant reductions in the epidemic. These locations are chosen because
there is a high level of mixing between residents and transients. We show
that this localized healthy behavior intervention is approximately equiv-
alent to a 46.14% increase in vaccination compliance levels.
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1 Introduction

Influenza transmission is a big concern for society. There are about 24.7 million
influenza cases annually in the US and its economic burden is estimated to be
about $87.1 billion [1]. The CDC-recommended policy is for everyone over 6
months of age to be vaccinated (with rare exceptions). However, the effective-
ness of such pharmaceutical interventions depend upon public adherence. The
compliance level varies quite a bit by age-group, and is below 50% for ages 13-64
across the entire United States (see Table 1).

For big cities, such as Washington DC, apart from the contact patterns among
residents, the spread of such infectious diseases is also affected by the presence of
transients (tourists and business travelers), because they provide a constant pool
of susceptible people who can get infected and pass on the disease easily as they
visit crowded areas and come into contact with each other and with residents
[2]. In the present work, we evaluate the effects of augmenting the vaccination



policy with a relatively mild, location specific, healthy behavior intervention (like
the use of hand sanitizers, covering coughs, minimizing contact with potential
fomites) at major tourist locations. We use a synthetic population-based model
for resident and transient populations in Washington DC.

Compliance for
Age group District of Columbia United States

6 months to 4 years 85.9 69.8
5 to 12 years 71.4 58.6
13 to 17 years 56.7 42.5
18 to 49 years 34.5 31.1
50 to 64 years 50.2 45.1
65 years and over 63.6 66.2

Table 1. Compliance levels for 2012-13 influenza season, reported by CDC.

Some previous studies have suggested that transients play an important role
in epidemics [3–5]. However, they are limited either in assuming homogeneous
mixing among subpopulations or assuming limited mixing among residents and
transients (at hotels). In reality, big cities have many tourist destinations which
are quite crowded and visited by many transients. In our previous work, we have
modeled tourists and business travelers in detail for Washington DC using a syn-
thetic population model [2], where they visit various places to perform activities
like tourism, eating, night life, and work. We also show that closing museums (a
social distancing intervention) does not help in reducing the epidemic but pro-
moting healthy behavior at major tourism locations could significantly reduce
the epidemic.

In this work, we attempt to quantify the effect of healthy behavior in terms
of vaccination compliance for the Washington DC metro area. The results show
that if, in addition to the current level of vaccination compliance, people engage
in healthy behavior at four major museums, it can reduce peak and cumulative
resident infections by 51.2% and 34.58%. It can also delay the epidemic by 3
weeks. We also show that this location specific intervention is approximately
equivalent to having 70-75% compliance rate for vaccination across the entire
population, which is equivalent to a 46.14% increase in the number of people
vaccinated.

2 The Synthetic Population

A synthetic population represents individuals along with demographics (i.e., age,
income, family structure) and mobility related (i.e., type of activity, time, loca-
tion) information. Hence it models the population dynamics (including interac-
tions among individuals) of a region. It is constructed using data from multiple
sources (Table 2) and has been used to study epidemic outbreaks [6].

We use a previous developed synthetic resident population for Washington
DC metro area (about 4.1 million) and synthetic transient population (about
50000). The process of generating resident and transient populations is briefly
outlined below.



Synthetic Population Data source Information provided

Base US population American Community Survey Demographic and sample household data
National Center for Education Stat. Data about schools and children
National Household Travel Survey Activity/travel survey
Navteq Street data
Dun & Bradstreet Business location data

Transient population Destination DC Demographic data
(additional) Smithsonian Institution Visit counts at Smithsonian locations

Table 2. Datasets used for population generation.

2.1 Base Population (Residents)

Generating Synthetic Population: This step generates synthetic individuals
(along with demographics) grouped into households. This is done by combining
marginal demographic distributions and sample household data from the Amer-
ican Community Survey (ACS) using iterative proportional fitting algorithm [7].
The resulting population matches marginal demographic distributions from ACS
at census block group level and preserves the anonymity of individuals.
Locating Households: Each synthetic household is then assigned a home lo-
cation using street data from Navteq and housing structure data from the ACS.
Assigning Activities: In this step, each synthetic individual is assigned a
schedule of activities (i.e., home, work, school, shop) to perform during the
course of a day. Activity templates are created using the National Household
and Travel Survey (NHTS) and data from the National Center for Education
Statistics (NCES). Each synthetic household is mapped to a survey household
based in its demographic and synthetic individuals are assigned corresponding
activities.
Locating Activities: An appropriate activity location (building) is assigned
for each activity of an individual. This is done using the gravity model and SIC
(Standard Industrial Classification) codes from Dun and Bradstreet data.
Sublocation Modeling and Constructing Synthetic Social Contact Net-
work: Each location is subdivided into sublocations (similar to rooms within a
building). Each sublocation has a capacity which depends upon the type of ac-
tivity performed there. The number of sublocations for a location is obtained
by taking into account the maximum number of people present at that location
at any time and the capacity of sublocations. Each person is assumed to be in
contact with all individuals presents at the same sublocation at the same time,
which induces a synthetic social contact network.

2.2 Transient Population

We use the same method for creating the synthetic transient population as for
creating the synthetic resident population, but with different data sources. Ac-
cording to Destination DC 1, there are about 50000 visitors (55% of which are
tourists and the rest are business travelers) visiting Washington DC on any

1 http://washington.org



given day. It also provides marginal demographic distributions about transients
which are used in conjunction with some rules about the party structure using
sampling without replacement technique to generate transients along with their
demographics. Tourists are grouped into parties (i.e., groups of people traveling
together) and business travelers are assumed to be by themselves. All individuals
in a party are assumed to stay at the same hotel, preferentially near the down
town. Hotel locations have been identified using DNB data.

As all individuals in a party are assumed to travel together, they are as-
signed the same set of activities to perform during a day like staying in a hotel,
visiting museums and other tourist destinations (or work activities, for busi-
ness travelers), going to restaurants, and night life activities. Activity locations
have been identified using SIC codes from DNB data and activity assignment is
calibrated to match the visit counts at Smithsonian Institution locations. Sublo-
cation modeling is done in a similar manner as for the base population, except
for four major tourist locations (the National Air and Space Museum (NASM),
the National Museum of Natural History (NMNH), the National of American
History (NMAH), and the National Gallery of Art (NGA)), where we looked up
floor plans to decide the number of sublocations. People are assumed to move
from one sublocation (similar to exhibition) to other at 5 to 15 minutes intervals,
at these four locations. Details can be found in [2].

3 Experiments

We use EpiSimdemics [8], an interaction-based high performance computing soft-
ware for simulating flu-like disease in Washington DC. The disease model is as
shown in Figure 1. Each node represents a disease state and edges represent
transition from one state to other. Edges are labeled with the probability of
transition and the nodes are labeled with the number of days for which a person
remains in this state and the probability of him infecting others. The histogram
in the upper right corner shows the probability of being in the given state versus
the number of days for symptom1, symptom2, symptom3, and asymptomatic
states. The value of transimissibility (4 × 10−5) is calibrated to obtain about
30% of the residents to be infected over the period of 120 days, in the absence
of transients and interventions.
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Fig. 1. The 12-state Probabilistic Timed Transition System (PTTS) disease model



We assume efficacy of vaccine to be 60% 2, i.e., when a person takes vaccine,
with 60% probability, he becomes immune (goes to removed state). Healthy
behavior is a mild, location specific intervention, implemented at four major
museums: NASM, NMNH, NMAH, and NGA. We choose these locations as
they are locations of high mixing, having about 40000 to 80000 visits per day.
We assume that whenever a person engages in healthy behavior (e.g., covering
cough, using hand sanitizers), his susceptibility and infectivity reduce to 60%
of their original values. This is only effective for the time a person is within
these museums. We assume 50% of the people visiting these museums engage in
healthy behavior.

Our goal is to quantify the benefit of healthy behavior intervention in addition
to current vaccination compliance levels. We present results for the following
scenarios: no intervention, vaccination at current compliance levels (Table 1),
vaccination at current compliance levels plus healthy behavior at four major
museums, and vaccination at 70% and 75% compliance levels. Only residents are
initially infected. So transients do not bring disease to the city. However during
their stay in the city, they may get infected and infect others. This represents
the best case scenario, epidemic outcomes are worse if transients are allowed to
be infected when they arrive. As per Destination DC, the average length of stay
for transients is 5 days, hence we assume that every day approximately 20% of
the transients leave the city and they are replaced by new, incoming transients
with exactly the same demographics and activity patterns.

Scenario Total number Number of simulations
of simulations with epidemic outbreak

No intervention 100 99
Vaccination at CDC compliance levels 100 69
Vaccination at CDC levels + healthy behavior 100 49
Vaccination with 70% compliance 100 40
Vaccination with 75% compliance 100 31

Table 3. The number of simulations when there was an outbreak.

We run 100 simulations for each scenario. In some cases, initial infections do
not result into an outbreak. Table 3 shows the number of cases with epidemic
outbreak. For statistical tests, we only consider cases when there was an outbreak
and also remove outliers (Outliers are detected by SPSS as points which fall
outside the whiskers of box-plots. They shift the mean of the group which is
used in t-test for comparison.). Pairwise comparison using t-tests require the
data to be normally distributed. As we have enough number of samples (even
after removing outliers), we can assume data to be normally distributed using
central limit theorem. We perform Levene’s test (for equality of variance) for
determining which t-test to perform. If two groups have equal variances then we
do a two sample t-test, otherwise we do Welch’s t-test. Doing multiple t-tests
can potentially lead to type I error (rejecting null hypothesis when it is actually
true). However, all p-values obtained here are very small (≤ 4.085×10−6). Hence,

2 http://www.cdc.gov/flu/about/qa/vaccineeffect.htm



we are fairly confident that differences are significant whenever the t-test test
suggests so.

3.1 Results

First, we evaluate the effect of vaccination at current compliance levels. We
use 2012-13 compliance rates by age, as reported by the CDC (Table 1). We
use compliance rates for DC and US for residents and transients, respectively.
69 cases resulted in an outbreak with current vaccination compliance levels as
opposed to 99 cases in absence of it. Figure 2 shows the fraction of residents
infected at peak, cumulatively over 120 days, and the day of peak as box-plots.
Results (Table 4) show that vaccination at current compliance rate reduces the
fraction of residents infected at peak and cumulatively over the period of 120
days by 65.45% and 67.82% (statistically significant), respectively. It also delays
the peak by about 2 weeks.
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(b) Fraction of residents infected cu-
mulatively over 120 days.
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Fig. 2. Comparison of various scenarios (in case of an outbreak and without outliers)
in terms of box-plots.

Next, we evaluate how much benefit it would yield if people engage in healthy
behavior at four major museum locations in addition to current vaccination
compliance levels. As opposed to 69, 49 cases resulted in an outbreak when
healthy behavior is encouraged at museums. Distributions of the fraction of
residents infections at peak, cumulatively over 120 days, and the day of peak
are as shown in Figure 2. Results (Table 4) show that it can significantly reduce
the peak and total resident infections by 51.2% and 34.58%, respectively. It also
delays epidemic by 3 weeks.

Last, we want to see what level of compliance would be required to get results
similar (or comparable) to healthy behavior intervention at targeted tourism lo-
cations (on top of current vaccination compliance). If compliance for vaccination
is increased to 70% and 75% (for both residents and transients; for all age groups



Scenarios Variable Levene test t-test

statistic p-val t df p-value groups means 95% CI

group-1 group-2 Lower Upper

1 and 2 peak infections 3.951 0.049 251.956 146.296 <2.2e-16 0.042 0.015 0.027 0.028
total infections 0.79 0.376 373.089 156 <2.2e-16 0.344 0.111 0.232 0.234

day of peak 0.226 0.635 10.282 156 <2.2e-16 50.804 35.443 12.410 18.313

2 and 3 peak infections 1.204 0.275 59.440 105 <2.2e-16 0.015 0.007 0.0071 0.0076
total infections 6.064 0.015 35.486 73.494 <2.2e-16 0.111 0.072 0.036 0.040

day of peak 8.795 0.004 -8.444 72.098 2.248e-12 35.442 57.978 -27.855 -17.216

3 and 4 peak infections 5.248 0.025 -13.475 80.673 <2.2e-16 0.007 0.0087 -0.0019 -0.0014
total infections 10.052 0.002 8.082 70.415 1.241e-11 0.072 0.064 0.007 0.011

day of peak 10.531 0.002 8.172 69.451 9.265e-12 57.978 36.132 16.514 27.179

3 and 5 peak infections 2.78 0.099 -4.977 74 4.085e-06 0.0071 0.0078 -0.001 -0.0004
total infections 9.822 0.0024 13.984 69.966 <2.2e-16 0.072 0.057 0.013 0.018

day of peak 5.87 0.018 7.524 73.218 1.083e-10 57.978 36.367 15.887 27.336

Table 4. Statistical tests for comparing various scenarios. Scenarios are numbered as
follows: 1 - No intervention, 2 - Vaccination at current compliance levels, 3 - Vaccination
at current compliance levels and healthy behavior at major museums, 4 - Vaccination
at 70% compliance, and 5- Vaccination at 75% compliance.

except the groups that already have higher that 70% or 75% compliance), there
are still 24.38% and 10.40% (statistically significant; Table 4) more residents
infected at peak, respectively, and peak is about 3 weeks earlier as compared to
the use healthy behavior in addition of current vaccination compliance levels.
It reduces the total number of resident infections over 120 days by 12.05% and
21.21% (statistically significant), respectively, and only 41 and 31 cases resulted
in an epidemic outbreak as opposed to 49 cases.

The tradeoff between increased vaccination and healthy behavior is that there
are more number of residents infected and more chances of an outbreak, in
the latter case, while the number of infections at peak is reduced (which is
very important from healthcare planning perspective as it decides the number
of resources (i.e., antivirals, beds, etc.) required at a time) and the epidemic
is delayed significantly (which gives more time for preparation). The healthy
behavior intervention would presumably also be much cheaper to implement.

4 Conclusions

While the CDC recommends flu vaccinations for everyone over 6 months of
age, compliance levels remain relatively low. In this work we show that instead
of focusing effort on increasing compliance, it may be easier to implement a
localized healthy behavior intervention in the Washington DC metro area.

We quantify the effects of the healthy behavior interventions by conducting
simulations to find a comparable level of reduction in the epidemic through
vaccinations alone. Results suggest that if, in addition to current vaccination
compliance levels, people engage in healthy behavior at major tourism locations,



it can yield significant benefits (in terms of peak, cumulative infections and the
day of the peak). We show that this is comparable to increasing vaccination
compliance rate to 70% to 75%.

Limitations: Though the model constructed is as detailed and high-fidelity
as possible, it has some limitations. In real world, apart from museums, some
other locations (i.e., public transport) also have high mixing and have similar
influence on epidemics. However, we expect that our results would hold qualita-
tively if we include them. We do not differentiate between different mechanisms
of flu transmission (i.e., direct, droplet). We assume that engaging in healthy
behavior reduces infectivity and susceptibility to 60% of the original values. But
in reality, the reduction in infectivity and susceptibility depend upon the type
of healthy behavior (i.e., covering cough, using hand sanitizer, etc.). Here also,
we expect that this would not change the results qualitatively.
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