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1 Age dependent transition probabilites for the modified SEIRD
model

For ease of reference, we briefly represent the model and the variables representing the probability of tran-
sition between various states.

• S: susceptible

• E: exposed (infected, not contagious)

• IS : infectious, symptomatic (clinical)

• IA: infectious, asymptomatic (subclinical)

• R: recovered

• D: deceased
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Supplementary Figure 1: Susceptible-Exposed-Infectious-Recovered-Deceased epidemiological model frame-
work. φ is the transmission probability, while κ is the probability of transitioning from an exposed state to
an infectious one. ρ is the age-dependent probability that an infectious individual will be symptomatic. µ is
probability that an infectious individual will be deceased, while γ is the probability of recovery.

The transitions to each of these states are governed by the probabilities as shown in Supplementary
Figure 1. In this section, we limit our discussion to ρ and µ since these two variables have been reported
as highly age-dependent [1]. All the other transition variables (viz. φ, κ and γ) are modeled as being
independent of the age of the agent Supplementary Figure 2.

We refer to Supplementary Table 1 and obtain the agent-specific value of ρ using the agent’s age. Prior
to starting the simulation, we use this value of ρ to mark the agents for their transition to IA or IS . This
implies, should an agent become infected (E) during the course of the simulation, his transition to IA or IS

is predetermined.

Age ρ

0-9 0.4
10-19 0.4
20-29 0.8
30-39 0.8
40-49 0.8
50-59 0.8
60-69 0.8
70-79 0.8
≥80 0.8

Supplementary Table 1: Age related values of the probability of symptomatic infectiousness, ρ, obtained
from [1] based on measurements taken in China. With more granular data, these can be updated for greater
detail in simulating the epidemic across various age groups.

2 Modeling contact intensity

To properly model the contact intensity, we need to estimate the mean distance between agents (persons)
at each node or vehicle. For any location where interaction might occur, we model the distances between
agents by assigning them random locations within the area. The vehicles and nodes are treated differently.
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Auto Sprawl Auto Innovative

Supplementary Figure 2: Propagation of COVID-19 by age.

2.1 Distances between agents in vehicles

In the case of public transit vehicles, the shape of vehicle is always a rectangle. However, we assume the
exposure to be limited to the immediate square a passenger is in. Hence, we assume the area of potential
exposure to be a square of size equal to the width of the vehicle. Motivated by the data on average dimensions
of vehicles, we make the following assumptions for the effective area of exposure within the vehicles:

Atrain =
1

5
∗ [average area of train car] (1)

Abus =
1

4
∗ [average area of a bus] (2)

APV = average area of a car (3)

Based on the assumptions made above, the effective number of infectious people to which an agent can
be exposed to is also limited to the relevant sample of total number of infectious agents on the vehicle.
If total number of infectious agents on a vehicle at any given time is given by NI [vehicle], the effective
number(NEI [vehicle]) of infectious people can be summarised as follows:

NEI [train] =
1

5
∗ 1

5
∗NI [train]; assuming 5 cars in a train (4)

NEI [bus] =
1

4
∗NI [bus] (5)

NEI [PV ] = NI [car] (6)

(7)

To each agent, we assign a random location chosen uniformly within the potential area of exposure. An
illustration showing the potential exposure areas for train and buses is shown in Supplementary Figure 3.
This is followed by computing the Euclidean distance between the agents based on these uniformly assigned
locations. For faster implementation purposes, we use the mean of Euclidean distances instead. The use
of mean distances is justified because the mean Euclidean distance between two agents converges to the

3



expected distance very fast with increasing number of agents as shown in Supplementary Figure 4. (See [2]
for a detailed treatment of these results).

(a)

(b)

Supplementary Figure 3: Illustration showing assumptions for potential exposure areas in case of Supple-
mentary Figure 3a: train and Supplementary Figure 3b: Bus

(a) Mean distance for unit square (b) Mean distance for unit circle

Supplementary Figure 4: Fast convergence of mean distance with number of points (N)

2.2 Distances between agents performing activity at a node

We partition the area of the cities into representative areas for each node of the transportation network. We
use Voronoi tessellations with a clipping threshold to represent a realistic partition. The clipping threshold
is selected such that post clipping, the sum of all areas, is equal to the area of the respective metros.
Post clipping, a visual representation of the node-specific representative areas for both cities are shown in
Supplementary Figure 5.
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(a) Auto Sprawl (b) Auto Innovative

Supplementary Figure 5: Representative areas of nodes for each city

For ease of representation, we convert these node areas to circular regions of equal as shown in Sup-
plementary Figure 6a. Given the number of infectious agents at the respective node (NI), we choose NI
points on the circle using a Gaussian centered at the centre of the circle. The variance of the Gaussian is
proportional to the area of the circle. The proportion is chosen such that 95% of the points fall within the
area of the circle (Supplementary Figure 6b). Using this relation between variance and area, we capture the
idea that the agents are distributed throughout the representative area of the node. The Gaussian nature
of location assignment captures the idea that hot-spot areas of the node have a higher density of agents at
any given time.

(a) Circular representations of Voronoi areas shown for
three sample nodes

(b) Splitting of agent into layers according to activity
(W: Work, E: Education, S: Shopping, O: Other)

Supplementary Figure 6: Assigning random locations to agents at a node

2.2.1 Distances between agents staying at home

The treatment of home is similar to a square vehicle of area 223 m2, as given by the survey from US census
bureau [3].

3 Contact network generation

A contact network carries information about the frequency and intensity of contacts between the agents at
different points in space and time. We accomplish the creation of the contact network from the output of
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transportation simulation by separate treatment of different modes of the interaction within the network.
The interaction can be either in a stationary location (e.g. a node of the city) or while traveling. Each type
of interaction is a contact network. We create separate contact graphs for the three most relevant types of
interactions: interactions while using public transit, interactions while performing an activity at a node of
the city and interactions while staying at home. A union of these individual contact graphs gives us the
full contact network for the city. We assume that the individuals who choose to drive alone, do not come
into contact with anyone else during the course of the journey. Hence, we do not account for driving as an
activity.

3.1 Temporal split

In order to simplify the construction of the contact network, we split the contact network into networks
at different times of the day. The temporal resolution of contact network used in our simulations is 5
minutes. The contact network at any 5 minute window is a graph with several disconnected components,
each component being a clique as shown in Supplementary Figure 7a. Each clique represents a location
where interaction between agents might occur. At any given time all the agents present at a given location
represent the nodes of the clique. The size of each clique is equal to the number of agents at the corresponding
location. In order to handle large number of agents, we simplify the graph structure and transform each
clique to a hub-and-spoke structure as shown in Supplementary Figure 7b. This transformation significantly
reduces the number of edges in the graph and as a consequence, reduces the computing resources required
to carry out the simulation. The hub-and-spoke representation is conveniently represented using the data
structure discussed in Section 6.

(a) G[t]: Contact graph at time t
(b) Hub and spoke representation of G[t]. Each green ver-
tex is a dummy vertex introduced to represent a location
of potential contact. (viz. a bus, train, home or a node of
city)

Supplementary Figure 7: Two representations of the contact graph. The blue vertices represent agents while
green vertices represent a location. The edges are not weighted in this representation and are not linked to
the intensity of contact between agents.

3.2 Spatial split for activities

The construction of the contact network ensures that different locations in space are represented as a stan-
dalone component. However, the activities contact network is an exception to this. In case of the activities
network, several agents present at the same node of the city may be performing a different class of activity,
hence do not run a risk of interaction. In order to model this, we split the activity contact network at a
node into different layers based on the type of activity as shown in Supplementary Figure 6b. Thus, only
intra-layer interactions between agents are allowed.
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3.3 Complementary cumulative distribution functions

We plot the complementary cumulative distribution functions (CCDFs) of the activity-specific contact net-
works, as well as those their union, for each city in order to explore their scaling properties Supplementary
Figure 8. The CCDFs are shown for each 5-minute contact network.

3.4 Scaling properties

4 Calibration

To find Θ, we calibrate in order to achieve a basic reproductive number (average number of secondary cases
caused by an infected person in the early stage of the epidemic) of R0 = 2.5 using:

R0 =
1

X

X∑
m

S∑
n

(
1− e−Θ′ ∑

m τnm

)
(8)

where Θ′ = Θq0, i0. We use the above equation to solve for Θ′.
We notice that if we calibrate Θ′ for an R0 = 2.5 for a contact network generated using a sample of the

population, the same Θ′ does not provide a resultant R0 = 2.5 when simulating with the full population. It
results in very high values of R0. We hypothesize that this behavior is due to the contact graph becoming
sparse when we use a small sample of the population. As building a sample of contact network happens
to be an active area of research, we leave sampling out of the scope of this work [4]. We carried out our
calibration on full contact network using the entire population for both cities.

We also observed that the R0 is not stable when using small number of initial infections(I0). The variation
in R0 decreases as we increase I0. This behavior is shown in Supplementary Figure 10 using three sample
sizes of the population. We observe that as the population size increases, a higher value of I0 is required to
achieve a stable R0. During calibration, we used I0 = 1000 and while simulating the epidemic for 270 days,
we started with an I0 = 200.
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(a)

(b)

Supplementary Figure 8: Activity-based contact networks. Complementary cumulative distribution
(CCDF) plots of time-dependent contacts (clockwise): Union, Work, Education, Transit, Other and Shop-
ping. a Auto Sprawl ; b Auto Innovative.

8



(a)

(b)

(c)

(d)

Supplementary Figure 9: Contact network scaling. Fitted contact network degree distributions (dashed
lines) compared to observed distributions from simulation (solid lines) shown for the respective activities:
Work, Shopping, Other and Transit. Only hourly fits are displayed for clarity. a Auto Sprawl ; b Auto
Innovative. c Fitted parameters for Auto Sprawl (square markers �) and Auto Innovative (diamond markers
♦). Work follows a Weibull distribution, while Shopping and Other are fitted to exponential distributions.

Transit is fitted to a power law. Parameters are only significant within time periods shown. d Fitted k̂min

for each activity (Work, Shopping, Other and Transit). Time-dependence is exhibited for all activities except
Transit.
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Supplementary Figure 10: Basic reproductive number R0 versus the initial number of infected agents I0 for a
fixed values of Θ′. In order to study this behavior of R0, we sampled three different sized sets of individuals
from Auto Sprawl and set a small Θ′. The I0 was chosen between 0 and 5000 with more samples for smaller
values.
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5 Performance

The prototyping for this study was implemented in Python. The experiments were performed an Ubuntu
machine each core having a speed of around 1 GiB. In this section, we comment on the run times for the Auto
Innovative city. The run time of the entire script can be divided into four parts. First, the pre-processing of
the output files from the transport simulator (SimMobility in this case). This part takes around 5 minutes
to complete. Second, the creation of three sets of contact graph; Home graph, Activity graph and Transit
Graph. Each set of graphs has 288 graphs- one for each 5 minute time of the day. The creation of graphs
takes around 90 minutes for a full population of 4.5 million agents in the case of Auto Innovative. Third,
the Union operation to combine each type of individual contact graph (Home, Activity and Transit) takes
around 10 minutes using 10 threads in parallel. Fourth, the actual simulation for a period of 270 days takes
around 9 hours.

There are several avenues where the performance can be improved. First, we can parallelize the graph
creation process in temporal dimension. The contact graphs at different times of the day can be generated in
parallel. Second, we can parallelize the actual simulation process, with each thread processing one component
of the contact graph as shown in Supplementary Figure 7b.

6 Pseudocode

Data Structure representing a contact Graph at timestep t (G[t])

At every time-step t, the contact graph G[t] is a set of two maps: {forwardDicts, backwardDicts}
forwardDicts is a Map 〈 key: personi, value: dummyj〉 // representing an individual (personi)
who is present at a dummy location (dummyj) at time t

backwardDicts is a Map 〈 key: dummyj ,value: [pid1, pid2, .., pidnj
]〉 // where nj is number of

individuals at the location dummyj at time t
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PanCitySim Framework

stateV ector ← (S/E/IA/IS/R/D) for every person
Initialise stateV ector[person] = S ∀ persons
I0 ← 200
ρbinary ← use ρ from table to mark every person for a possible transition to IS ;

day ← 1 // 270 days=9 months

while day ≤ 270 do
timestep ← 1 // we use 5-minute timesteps, total of 24*12=288 timesteps in a

day

while time− step ≤ 288 do
G← GUNION [timestep]

for each dummy in G do
for each person in G[backwardDict[dummy]] do

if stateV ector[person] = IA then
countInfect← countInfect+ 1

if dummy = activity(W/E/S/O) node then
area← (vornoi area of node(Av))
samplelocs ← (countInfect locations in a circle using a Gaussian with σx = σy = 0.0572∗Av)
referenceloc ← (1 location in a circle using a Gaussian with σx = σy = 0.0572 ∗Av
meandist ←(mean Euclidean distance between referenceloc and samplelocs)

if dummy = Train then
meandist ← (Ametro coach ∗ 0.2)0.5 ∗ 0.5
countInfect← countInfect ∗ 1

25

if dummy = Bus then
meandist ← (ABus ∗ 0.25)0.5 ∗ 0.5
countInfect← countInfect ∗ 1

4

if dummy = Home then
meandist ← 6.5

if countInfect > 0 then
for each person in G[backwardDict[dummy]] do

φnt = 1− exp (−Θ′calibrated ∗ 1
mean3

dist
∗ countInfect)

if stateV ector[person] = S then
if RAND(0, 1) < φnt then

stateV ector[person] = E

for each person in stateV ector do
use γ for transitions IS → R and IA → R
use age-specific µ for transitions IS → D
use predetermined ρbinary to choose E → IA or E → IS
use κ to realise the transition acoording to the path chosen in previous step
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