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ABSTRACT
We describe the synthesis of detailed social contact networks
of Delhi, India, and Los Angeles, USA, for urban-scale epi-
demiological simulations. The network synthesis is done by
combining information from multiple data sources, since so-
cial contact information cannot be obtained through direct
surveys. We compare the two networks on various structural
and dynamical metrics. Through the comparison between
the two cities, we show important similarities and differences
between urban regions in different parts of the world.
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1. INTRODUCTION
This paper describes the construction of large-scale, data-

driven synthetic social contact networks for epidemic sim-
ulations. In a social contact network, the nodes represent
people, and edges represent interactions between people who
come into close enough contact with each other to transmit
an infection. This is the network over which an epidemic
propagates, it cannot be obtained through direct surveys,
because most people do not know all the people they come
into contact with during a day.

Our approach is to construct an approximation to the so-
cial contact network by combining data about demograph-
ics, activity patterns, and activity locations. We describe
the construction of synthetic social contact networks for the
cities of Los Angeles, USA, and Delhi, India. These are
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large populations, and their social contact networks con-
sist of millions of nodes and hundreds of millions of edges.
Furthermore the networks are quite irregular and are not
well-described by simple network models.

A crucial question is how to assess the quality of the con-
structed networks. This is broadly a question of validation.
However, validation of such complex models is not simply a
matter of comparing epicurves against real data, since it is
very easy to match a sequence of numbers of infections by
tweaking any of a large number of parameters.

Our approach here is to do a detailed comparison of struc-
tural and dynamical metrics on the two networks to deter-
mine the differences between them. This serves as a kind of
cross-validation, since the two networks are generated from
different data sources. Additionally, the process for generat-
ing the Los Angeles network follows relatively mature tech-
nology using high-quality data sources, and has been used in
multiple prior studies that have gone through rigorous peer
review [1,3]. By comparing the Delhi network with the Los
Angeles network, we can build trust in the Delhi model if
the differences between it and the Los Angeles network are
explainable in terms of cultural and demographic differences
between the two cities.

2. METHOD
We propose two methods to generate synthetic popula-

tions and networks for Delhi and Los Angeles. Both methods
consist of the following broad steps: (i) synthesize a baseline
population with a detailed individual structure and the same
aggregate statistical properties of the real population; (ii)
assign each individual a reasonable activity schedule based
on mobility survey; (iii) create locations in the region where
synthetic people can take their activities.

The two methods differ in specific models used in each
step because the data sources of the two cities have differ-
ent format or quality. First, subjective surveys regarding
individual behavior in residential areas are used to synthe-
size the Delhi network but not for the Los Angeles network.
This is because about 40% of the population in Delhi do not
travel on a daily basis and have activities mainly in their
home and neighborhood. Second, some data sets used to
synthesize the Los Angeles network are more refined than
the ones used to construct the Delhi network, for example
the activity survey data. In the Delhi network, no activ-
ity survey is available for the Delhi population. Therefore, a
travel survey for another Indian city, Thane, is utilized. The
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two networks constructed, therefore, reflect differences not
only for the populations themselves but also those residing
in the data sources.
Validation: We have made extensive efforts to validate our
models; see [2] for an in-depth discussion. This includes: (i)
data validation: matching diverse measured data sources,
such as properties reported in the census, traffic, and peo-
ple’s activities, (ii) functional validation: ensuring the syn-
thetic network is based on accepted social theories and data
integration techniques, and (iii) structural validation: we
use approaches from statistical physics and complex systems
to show several emergent properties are consistent with ob-
served system-level phenomena.

3. COMPARISON OF THE TWO NETWORKS
We compare the networks at various levels. Different from

traditional approaches like ERGM models, realistic social
contact networks are irregular, unstructured and dynam-
ically changing, therefore difficult to measure or describe
with any single metric. We describe a number of metrics
for comparing the two networks. These metrics are divided
into four classes: (i) metrics that capture the features of the
population, built infrastructure and their layout (network la-
beling structure); (ii) network level metrics that capture the
structural features of the dynamic social contact network;
(iii) dynamical features that capture the epidemic dynamics
over the networks; and (iv) policy metrics that capture the
effect of controls. We briefly show some results below.
Person-location networks GPL. The degree distri-
bution of the people-location graph is plotted in Figure 1,
wherein the two networks differ in details but both reveal
a power law like degree distribution. This large-scale struc-
ture is documented frequently in the literature [4] (thus a
validation of our networks).
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(a) the Delhi network
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(b) The Los Angeles network

Figure 1: Degree distribution for people-location networks

Comparison of Epidemic Dynamics. Epidemic simula-
tion shows that the internal interactions between subpopu-
lations are very different in the two networks (Figure 3). For
example, in the Los Angeles network, preschool children are
a little bit more vulnerable than average (the red line), but
in the Delhi network, they are the most resistant subpopula-
tion. The difference comes from the different structural role
the subpopulation plays in the two networks. Most preschool
children in the Delhi network stay at home and thus corre-
spond to high clustering low degree nodes, contributing to
their low vulnerability. Children in the Los Angeles net-
work go to daycare together thus representing a very dif-
ferent mixing pattern. The different mixing, together with
different demographic structure and household structure in
the two cities (Figure 2) shape the epidemics as shown. In
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(a) Subpopulations by age-
group.
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Figure 2: A comparison of the synthetic populations of Delhi
and Los Angeles on some demographic measures.

addition, the school children are the most vulnerable sub-
population in both networks. These structural features may
help us in designing effective intervention strategies.
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Figure 3: Epidemic curves show subpopulation epidemics
in the Delhi network (left) and the Los Angeles network
(right) when R0 = 1.35. Both populations are partitioned
to four groups based on age: preschool, school age, adult,
and senior. Each dashed curve shows the fraction of people
in that subpopulation infected on each day when there is no
intervention.

4. CONCLUSION
We have introduced a number of metrics to describe and

compare large social contact networks. Some metrics are
well studied in the literature while others are new and cap-
ture the specific aspects of the networks. Our analysis re-
veals interesting differences and similarities between the net-
works.
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