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Chapter One

Introduction
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The spread of infectious disease is inextricably linked to human interaction pat-

terns. In order to develop effective strategies against future outbreaks, it is essential

to understand the intricacies of real-world social encounters. Network theory offers

indispensable tools for capturing these details, as reviewed in (3, 4, 5, 6, 7). We

can model a community using an interaction network, where network nodes repre-

sent individuals and edges represent the interactions between them. Some studies

(3, 4, 6, 7) use analytic and computational results to build idealized networks, which

attempt to provide minimal models for the complex processes involved in realistic

network formation. But several other works (1, 8, 9, 10, 11, 12) endeavor to construct

more accurate networks of social encounters using real-world data. These data-driven

networks often distinguish encounters by context to explore the impact of realistic

social structure on disease dynamics (1, 13). In particular, the network structure

in home, work, and social settings is intrinsically different: homes are small, fully

clustered and distinct; work networks are made up of establishments of various sizes

that sparsely connect households; and social networks are highly connected and, as

such, act as bridges between more isolated homes and workplaces.

To obtain context-specific interaction structure in networks, various types of real-

world data have been used. For example, Yang et al. (8) used census data and a

travel log to assign personal characteristics and daily activity patterns to individuals

in Eemnes, Netherlands. An interaction network was then specified from this data

by assuming individuals interact when they are in the same location at the same

time. In a related way, Bian et al. (9) relied on census data and a travel log to gen-

erate individuals’ daily activities and locations, then assigned interactions between

all individuals within the same location. In (10), a grid-like network of neighbor-

hoods and work locations was constructed based on United States census data, and

individuals were assumed to make contact with one of eight neighbors. Eubank et al.
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(11) used TRANSIMS, a computational tool that is built on transportation infras-

tructure and census data, to create a large synthetic population of agents, each with

their own personal, location, and activity data. Then, similar to the approaches in

(8, 9), interactions were assumed among any individuals with the same location and

time traits.

We note that the real-world data used in the above examples (8, 9, 10, 11) and

several other instances focus on traits of individuals. These data provide very de-

tailed information about agents in a community (i.e., network nodes) and little to no

direct information about interactions between individuals (i.e., edges in a network).

Consequently, we must make strong assumptions in the interaction structure on the

network, potentially losing intricate details that are vital for understanding disease

dynamics.

By contrast, interaction-based data (1) offer an alternative way of developing

network structure that takes an edge-based – rather than a node-based – perspective.

While details about the demographic features and travel patterns of individuals

may be minimal in such studies, interactions between study participants are fully

specified. This gives us ample information about the edges between nodes in the

associated network and removes the need to make strong, sweeping assumptions,

like that all individuals interact whenever they are in the same place and time as in

(8, 9, 10, 11). Interaction-based data exist in several settings; for example, control

policies for sexually transmitted diseases are often based on recorded patterns of

sexual encounters (14, 15, 16). However, interaction logs for casual contacts, which

are often more frequent and unpredictable, are difficult to acquire and minimally

exist in the literature (17).

Yet, for the first time, Read et al. (1) conducted a longitudinal survey of real-
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world casual contact interactions. Students and staff in a university setting were

asked to record all of the individuals with whom they interacted, as well as the con-

text (e.g. home, social, work/school, etc.) in which these interactions took place.

This type of diary-based study provides rich information on the interactions of study

participants, a feature that is often missing from data-driven networks. Neverthe-

less, generating a network directly from the interaction-based data (1) is infeasible.

Foremost, interactions are only recorded in a small subset of the population (namely,

those participating in the survey), so networks that are specified entirely from survey

data are limited in size (18). Moreover, the interaction data, provided from the sole

perspective of survey participants, is necessarily incomplete. While we have a clear

log of the individuals with whom the survey participants interact, we have no infor-

mation on how those other individuals interact. Thus we must consider strategies

for extending and completing the data carefully to produce networks which maintain

the interaction structures present in the data.

To that end, Read et al. (1) presented a method for completing their interaction

data which focused exclusively on the network edges. The authors built sub-networks

for each type of interaction from their context-specific data, however, no information

was generated to differentiate between nodes. Instead, the nodes were connected

randomly in order to maintain the layout of edges recorded in the data. This strategy

produced extended networks which did not preserve many context-specific features.

As an example, the home sub-network in (1) does not consist of distinct home clusters

as one would expect.

Outline of our work

Our work is divided into two main parts. In the first part, we present a new
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approach for completing the interaction data (1) which preserves the key features

present in the data, but also exhibits a more realistic context-specific structure. We

develop sub-networks to represent the encounters in home, social, and work settings

separately. To capture realistic features in each sub-network, we generate some

information on the nodes in addition to the edge-based information provided by

the interaction data. One of our main contributions, therefore, is to address some

of the challenges associated with the limited and incomplete nature of diary-based

interaction data in a context-specific way. This strategy more faithfully represents

features of the real data (1) and allows us to investigate how dynamic responses in

each interaction context influence epidemic evolution. In particular, we explore the

roles that different interaction contexts play on influenza transmission by simulating a

susceptible–infected–recovered (SIR) model of disease spread on our extended diary-

based networks. Then, we investigate the impact of dynamic changes to our network,

representing human responses to infection, and suggest strategies for reducing the

spread of disease. Our results, which agree with previous studies (8, 9), suggest the

following:

• disease spreads most frequently at work but remains localized unless other

interactions are present (§4.2);

• social interactions are responsible for the wider spreading of an epidemic (§4.2);

• dynamic responses to infection can substantially reduce epidemic size (§4.3);

• individuals with influenza are most likely to reduce their work and social in-

teractions (§4.4); and

• staying home from work or school has the strongest impact on reducing the

severity of an influenza outbreak (§4.4).

Additionally, in §4.1, we compare discrete SIR dynamics in the network setting
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to the classical ordinary differential equation framework. This analysis validates

our context-specific modeling approach, and we find qualitative agreement between

disease dynamics on our extended network and data from mild to moderate seasons

of influenza outbreak (§4.4). We note that the above results, presented in Chapters

2–4, were published previously in (19).

In the second part, we adapt our context-specific modeling approach to build a

larger, real-world network for Providence, RI which captures many of the realistic

context-specific features recorded in the interaction data (1). This network separates

similarly into a home, social, and work sub-network, allowing us to investigate how

dynamic responses in each interaction context influence disease progression. Using

an SIR model on the network for Providence, RI, we study the impact of several

intervention strategies on the spread of COVID-19. Ultimately, we compare the

efficacy of these strategies and suggest scenarios where one strategy may be preferred

to another. As an overview, our results indicate the following:

• interactions were substantially reduced in Providence, RI during the COVID-19

pandemic, particularly those in work settings (§7.1);

• a decrease in work interactions is necessary to reproduce the early infection

count recorded in Providence, RI (§7.1);

• closing small businesses does not significantly alter the spread of disease (§7.2);

• interactions in large businesses greatly facilitate the epidemic (§7.2); and

• contact tracing is not a feasible method for lowering the number of people

infected during a COVID-19 outbreak (§7.3).

Furthermore, we use a discrete SIR model on our network to quantify the decreased

interaction rate which reproduces the infection data recorded in Providence, RI at
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the start of the COVID-19 pandemic (§7.1). The results of part two are discussed

in Chapters 5–7.

We complete our study by exploring the implications of our findings and suggest-

ing directions for future work in Chapter 8.



Chapter Two

Preliminaries
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We begin by outlining the key features of the diary-based data (1), herein referred

to as the Warwick data, which serves as the basis for our work. These features are

further summarized in Figure 2.1. Then, we discuss the existing method used by the

authors in (1) to extend the Warwick data to a completed network.

2.1 Overview of the Warwick Study

The Warwick data, presented in (1), is a record of the person-to-person interactions of

49 volunteer participants over the course of 14 non-consecutive days. The volunteers,

consisting of students and staff at the University of Warwick in Coventry, UK, were

asked to keep a log of their conversational interactions on the specified days. These

encounters were categorized based on proximity (casual or skin-to-skin) and context

(home, social, work/school, shop, travel, or other). The resulting record contains a

total of 8661 encounters among 3529 people, which includes the survey participants

and each of the individuals with whom they interacted. Following the terminology

in (1), we will refer to the survey participants as egos and the secondary individuals

they encountered as alters.

There are two main quantitative measurements obtained from the Warwick data

that we rely on to construct our networks for each interaction context. First, for each

of the 49 egos, we know the degree (total number of unique individuals encountered

over the 14 days) in each interaction context:

degree of individual i in interaction context c =
N∑

j=1,j 6=i

acij,

where N is the number of nodes in the network (3529 in the case of the Warwick
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Interactions classified by proximity and context

Study participants = egos, non-participants = alters

Proximity of encounter: casual, skin-to-skin

49 study participants (Univ. of Warwick students & staff)
14 non-consecutive recording days

Total of 8661 encounters recorded

Encounters between 3529 total individuals

Contexts: home, social, work/school, travel, shop, other

Diary-based record of conversational interactions
Warwick data at a glance

Figure 2.1: Key features of the diary-based data collected by Read et al. in (1).

data), and the values of the adjacency matrix A are given by acij = 1 if individuals

i and j interacted in context c on at least one of the survey days (that is, if i and

j are neighbors in the network) and 0 otherwise (see, for instance, (3)). Note that

encounters are categorized by interaction context to obtain separate home, social,

work, shop, and travel degrees for each participant (thus, for example, two nodes

may be neighbors at work, but not at home). These degree measurements are then

used to calculate a separate degree distribution (fraction of nodes in the network

with degree n (18)) for each interaction context.

Second, the survey data includes a record of repeat interactions over the 14 sample

days, and this provides a measure of the strength, or frequency 1/14 ≤ f c
ij ≤ 14/14,

of encounters between individuals i and j in each context c. We note that, because

the Warwick data is recorded exclusively from the perspective of the 49 egos, it is

challenging to obtain accurate measurements of clustering (a widely-studied quantity

related to the connectedness of a graph (20)). For this reason, we focus mainly on

degree and frequency distributions. In Chapter 3, we highlight key features of the

Warwick data in each context and present our algorithms for extending this structure

to larger networks with similar characteristics.
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2.2 Previous Method of Extending the Data

The Warwick data (1) offers insight into the nature of real-world interactions as

recorded by the survey participants. However, the resulting interaction network is

limited by its small sample size. To study disease dynamics on this network, Read

et al. (1) extended the diary-based Warwick data to a completed network by first

making multiple copies of the survey participants, each with the same degree n as an

original ego. These copies were represented as a node in the extended network with n

unconnected edges or stubs emanating from it. No other defining characteristics were

assigned to the nodes in the network. Then, network formation occurred by randomly

connecting stubs with the same weight to create edges between nodes. Because this

approach is not context-specific, key features that distinguish the structure in home,

social, and work/school settings were lost. For example, the extended home network

that results from this approach is likely to be highly connected; yet real-world home

networks are highly clustered and disconnected.

In Chapter 3, we present our context-specific algorithms for generating an artifi-

cial network which accounts for essential differences in home, social, and work/school

settings. We elucidate the key features of the Warwick data (1) in each context and

assign associated traits to the nodes before connecting edges in the network. This

method preserves the interaction structure recorded in the diary-based data (1),

while also approximating a network which could be found in the real world.



Chapter Three

Context-Specific Algorithms for

Lifting the Diary Data
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In this chapter, we present an algorithm for generating an artificial network

which maintains some context-specific features of the interaction structure that was

recorded in the diary-based data (1). Since home, social, work/school, shop, and

travel settings are characteristically very different, our network model consists of

context-specific sub-networks. Including shop and travel interactions did not have

a strong impact on our results, as discussed in Chapter 8, so we chose to neglect

these contexts. Hence we build an extended network in which each individual (or

node) can interact with any other individual in one or more of three settings: home,

social, and work/school. We represent each interaction context by a separate sub-

network on the same nodes; taken together, these sub-networks for home, social, and

work/school interactions make up our full extended network.

Since our goal in this chapter is to build on the work of Read et al. (1) in a

context-specific way, we construct a hypothetical population of 3000 individuals to

mimic the individuals interacting in the Warwick data. This data was collected in a

small study at the University of Warwick, so we do not expect the network extension

to fully capture the interactions of a larger community, such as a college or a city

population. It should also be noted that we do not differentiate between proximity

of interaction (casual or skin-to-skin). Because this simplification limits the types of

diseases we can reliably simulate to those that do not require skin-to-skin contact

for transmission, we will focus on influenza and coronavirus dynamics (see Chapters

4, 6, and 7).

Sub-network construction in each setting proceeds in two main steps. First, we

build the core of the network, assigning edges between nodes to form a collection

of disconnected “units.” This step is context-specific: our home network consists of

households or student dorms in which individuals live; our social network is based on

friend groups; and our work/school network is made up of companies or classrooms.
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The size of these units, therefore, differs between contexts (with work units con-

taining more nodes on average than home units, for example). Second, we assign a

weight to each edge that reflects the frequency of interaction between the two nodes

in that context. We do this by sampling from the respective frequency distribution

generated from the Warwick data (1). For example, to assign a weight to a given

edge in the home sub-network, we sample a weight from the frequency distribution

for home interactions in the Warwick data. These weights, or frequency values f c
ij,

take values between 1/14 and 14/14, since the data (1) was collected on 14 days.

Network construction for the social sub-network has an additional step where some

of the disconnected social units (viz. friend groups) are connected by assigning new

edges between the high-degree nodes in each social unit. This accounts for “popular”

individuals who interact with multiple friend groups. Connections are then further

shuffled in the social network in order to achieve a realistic clustering coefficient seen

in online communities (20, 21).

We provide a detailed summary of our network construction for the home, social,

and work/school contexts in §3.1, §3.2, and §3.3, respectively.

3.1 Home Network Construction

Our home network is expanded from the Warwick data by adding one home unit

at a time. The size of each new household is determined by the degree distribution

for Warwick home encounters (1), and we assume that individuals interact with

all members of their share household. In particular, suppose we sample from this

distribution to obtain a target degree n. We then generate a clique of size n + 1,

so that each individual has degree n. We also define the average local clustering
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coefficient C as

C =
1

N

number of triangles connected to node i

number of triples centered on node i
=

1

N

N∑
i=1

2`i
ni(ni − 1)

,

where N is the number of nodes in the network, a triangle is a set of three mutually

connected individuals, a triple centered on node i consists of node i and any two

nodes it is connected to (whether they are connected to each other or not), ni is the

degree of node i, and `i is the number of edges in Gi (the sub-graph of neighbors of

node i) (18, 20). Note that C = 1 for all the nodes in our home network since each

home unit is fully connected. Therefore, our approach captures the highly clustered,

disconnected structure of the home network. In contrast, because Read et al. did not

use a context-specific algorithm, the extended home network in (1) is unrealistically

connected and does not reproduce this natural clustering feature. We show example

home units in Figure 3.1a.

Once we generate a home unit of size n+ 1, as discussed above, the next step is

to determine the frequency, or weight, of each interaction in the household. Because

survey participants consisted of students and staff at the University of Warwick,

many of these individuals lived in residence halls or shared houses, and this led to high

degree and low frequency interactions in the home setting. Students in residence halls

may encounter many individuals living in their building, but not necessarily see every

housemate every day. In contrast, participants living in residential properties shared

by a smaller group of people might be more likely to display frequent interactions

with a core group of fewer people at home. As we show in Figure 3.1c, having a high

degree is indeed associated with lower average interaction frequency in the Warwick

home data. To account for this feature, we separate the frequency distribution from

(1) into two components: the distribution for survey participants with home degree

less than or equal to 8, and the corresponding distribution for those with degree
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Figure 3.1: Home sub-network. (a) Fully-clustered household units make up our
home sub-network; we show 4 example units. (b) The size of each home is determined
by sampling from the home degree distribution associated with the Warwick data (1).
We also plot the completed Warwick data for direct comparison with our generated
network (the Warwick data is completed by assuming each degree n corresponds to a
fully clustered household of size n+1). (c) Individuals with high degree (inhabitants
of large households) interact with other home members less frequently on average,
while members of small households encounter a smaller core group more frequently.
(d) The distributions for interaction frequencies show good agreement between our
algorithm and the Warwick data (1). We plot the raw Warwick data in (b); in (c–d)
we plot the Warwick data after accounting for a small number of inconsistencies,
such as interactions that were logged by participants on dates that fall outside of the
survey days.

greater than 8. Our motivation to use degree 8 to separate these two types of

homes comes from our observations of the Warwick data in Figure 3.1c: we see that

individuals with degree less than or equal to 8 interact with higher frequencies on

average than individuals with degree greater than 8. This value is also similar to the

findings of Read et al. (1): shared homes had a median household size of less than
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7 and residence halls had a median household size of 7.

For small households, we assign weights to each edge by sampling from the fre-

quency distribution for home interactions with degree less than or equal to 8; and, for

large households, we assign weights to each edge by sampling from the distribution

for degree greater than 8. This completes the home unit. The result is a new, fully-

clustered household of size n + 1 added to the network, where the degree n of each

household member was determined from the diary-based data (1), the frequency of

interactions was sampled from the real frequency distribution (1), and the clustering

coefficient is 1 for every node, since we assume all-to-all coupling.

We summarize our full home sub-network algorithm below:

1. Sample from the home degree distribution of the Warwick data (1) to obtain

a target degree n.

2. Generate a clique of size n+ 1.

3. Assign an interaction weight to each edge in the home unit by sampling from

the appropriate home frequency distribution of the Warwick data (1): the

distribution for n ≤ 8 or for n > 8.

4. Add the new home unit to the existing network and repeat from Step 1 until

the desired number of nodes in the network are generated (i.e., 3000 nodes in

this case). Note we may have to adjust the size of the final home unit to reach

the desired number.

We plot the degree and frequency distributions obtained from this algorithm

alongside the Warwick data (1) in Figures 3.1b and 3.1d. For comparison, we also

plot what we consider to be the completed Warwick data in Figure 3.1b. In par-
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ticular, because we assume all-to-all coupling within each home, we expect that a

Warwick-survey participant (1) with home degree n lives with n other individuals

who also have degree n. Such a home, therefore, contains n + 1 individuals with

degree n. Accounting for these extra individuals, who we assume are not survey

participants, allows us to get a more accurate degree distribution for the total num-

ber of individuals living in homes with the 49 Warwick-survey participants. Thus,

we multiply the total number of participants hn who are recorded as having degree

n by n + 1 to obtain the total number of individuals with degree n. We refer to

this new data set as the completed Warwick data and plot its degree distribution in

Figure 3.1b. Note that it is possible some of the 49 survey participants resided in

the same home. However, we assume that the participants live in separate homes

when constructing our network since the survey is small.

3.2 Social Network Construction

In contrast to interactions in home settings, social encounters are much more

widespread, and we seek to capture this more connected, less clustered character

in our extended social sub-network. This means that we cannot build our social

sub-network by specifying all-to-all coupling within social units as we did for our

home sub-network, which makes realistic network extension more challenging. To

address this, we base our social sub-network construction on a simplified distribution

that captures features of the Warwick data (1). As illustrated in Figure 3.2b, the

social degree distribution appears to be roughly uniform until degree 36, with a few

outliers who have many friends. This observation underlies the construction of our

extended social sub-network.
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We generate our social sub-network in three steps: first, we construct social units

(or friend groups) of 38 nodes each. Within each identical social unit, we assign the

nodes a degree from 0 to 36 in a uniform manner to account for the roughly uniform

distribution on Warwick social degrees less than or equal to 36. (An inductive

argument shows that there is a unique way of specifying a uniform distribution on

38 nodes, and it necessarily forces degree 18 to appear twice.) Next, to capture the

appearance of social outliers with many friends, we randomly select popular nodes

and connect them to high-degree individuals in other social units. Lastly, we shuffle

some connections between nodes to bring the average local clustering coefficient down

to values reported in (20, 21), in analogy with the small-world model of Watts and

Strogatz (22).

We assign interaction weights to each edge in the social sub-network by again

separating the measured frequency distribution (1) for social interactions in the War-

wick data into two distributions. As in the case of home networks, we notice that

individuals with high degree appear to have fewer repeat interactions on average.

Thus, we separate the distribution into one for nodes with degree less than or equal

to 18 and another for degree greater than 18. Sampling our frequencies from these

distinct distributions generates an extended network whose frequency distribution

shows good agreement with the Warwick data (see Figure 3.2c).

Figures 3.2c and 3.2d compare the degree and frequency distributions in our

extended social sub-network to the Warwick data (1). We summarize the full social

sub-network algorithm below:

1. Generate 79 identical social building blocks of size 38 so that the degree distri-

bution within each social unit is approximately uniform from 0 to 36. (Degree

18 necessarily appears twice.)
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Figure 3.2: Social sub-network. (a) Social units, each with a uniform degree dis-
tribution, serve as the basic building block of our extended social sub-network. We
show an example network of 15 nodes with a uniform distribution (our social units
are each made up of 38 nodes, but a smaller network illustrates the structure more
clearly). (b) The social degree distribution for the Warwick data (1) is approxi-
mately uniform from degree 0 to 36. Comparison of (c) social frequency and (d)
degree distributions for the Warwick data (1) and our extended social sub-network.
We plot the raw Warwick data in (b) and (d); in (c) we plot the Warwick data
after accounting for a small number of inconsistencies, such as interactions that were
logged by participants on dates that fall outside of the survey days.

2. For each social unit, choose α of the β most popular (highest degree) nodes in

the unit. Connect each of the chosen nodes to γ high-degree nodes randomly

selected from other social units, where “high-degree” means one of the top β

highest degree nodes in a social unit.

3. Randomly select M edges and, for each such edge, disconnect one end and

reconnect it to another node chosen at random.



21

4. Randomly select and remove 2 nodes to reduce the total network size to the

target 3000 nodes.

5. Assign interaction weights to each edge by sampling from the appropriate social

frequency distribution for the Warwick data (1): the distribution for n ≤ 18

or for n > 18.

We use α = 1, β = 5, and γ = 25. We tested multiple values for these param-

eters and selected those that best fit the degree distribution of the Warwick data

(1). Similarly, we use M = 13000 edges, because this reproduces the average local

clustering coefficient C = 0.16 reported by Ahn et al. (21) for the Cyworld social

network. (Note that we rely on reports (20, 21) of clustering in online communities

to inform our network algorithm because it is difficult to formulate an accurate mea-

sure of clustering from (1).) We found that the fewer edges we randomly shuffled,

the larger the clustering coefficient, with C = 0.8 for M = 0 edges. Thus, tuning

this parameter could allow for the generation of a network with any given clustering

coefficient.

In conclusion, we construct our extended social sub-network in three steps to take

into account the key features of the Warwick data and measurements (20, 21) of clus-

tering in online social communities: the first step, building social units of uniform

degree, captures the approximately uniform character of the Warwick social degree

distribution. The second step, adding edges between randomly selected high-degree

members of social units, accounts for high-degree outliers in the Warwick data (1).

Lastly, reducing the level of structure in the network by breaking and reconnect-

ing some edges at random brings the clustering coefficient down in agreement with

empirically measured values (21). It is also worth noting that reconnecting edges

when extending the social sub-network provides connections between more clustered
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home and work units in our full network. This step contributes to a fully connected

network with a realistically small characteristic path length (22); in particular, we

find that the characteristic path length for our full network is 2.71.

3.3 Work Network Construction

We build the work sub-network by constructing work units (companies/schools) as

we did for the home and social sub-networks. In this case, however, the work in-

teractions recorded by survey participants in the Warwick data (1) likely occurred

within a single work unit, namely, the University of Warwick. Thus we do not di-

rectly use the degree distribution for work interactions in the Warwick data (1) to

determine the sizes of our work units. Instead, we use data on business sizes in

Coventry, UK, as well as qualitative features that we expect in a work environment,

to determine appropriate work-unit sizes and assign the edges within them. Then,

we assign weights to each edge by sampling from the frequency distribution for work

interactions in the Warwick data (1), thereby only using the Warwick data to inform

interactions within each unit.

To begin, Read et al. (1) found that the degree distribution for casual contacts

across all contexts had a significantly longer right tail than the corresponding distri-

bution for skin-to-skin encounters. Since the majority (95.97% (1)) of encounters at

work were casual, while most skin-to-skin interactions took place in home or social

contexts, we expect that the work/school degree distribution (1) should display a

longer right tail than the distributions for other contexts. Indeed, as we show in

Figure 3.3a, the Warwick degree distribution for work/school encounters displays a

long right-tail, a feature that is characteristic of power-law distributions and often
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captured using network-growth models involving preferential attachment (23, 24).

Preferential attachment is a common means of generating networks with scale-

free power-law distributions, and it was popularized by the work of Barabási and

Albert (24). According to the Barabási-Albert model, network growth occurs by

starting with an initial network of m0 nodes and then adding one node at a time. At

each step, the new node is connected to m ≤ m0 other nodes, with the probability

of connecting to node i given by

Π(ki) =
ki∑N
j=1 kj

, (3.3.1)

where ki is the degree of the ith node and N is the total number of nodes in the

network. This rule means that new nodes are most likely to connect to existing

nodes of high degree, and the result is a network structure in which many nodes are

connected to a few very popular (high-degree) individuals.

We build our extended work/school sub-network using preferential attachment

motivated by the structure of the work environment (one can think of a business sce-

nario in which many employees interact with a common manager). Alternatively, in

the school context, we would envision many students conversing with a few teaching

assistants, and everyone interacting with a single course instructor. Therefore, as we

add nodes to the network, we want each individual to be more likely to connect to

the instructor (node of high degree) than to any given student. The long right tail

of the real work/school degree distribution measured from the Warwick data further

supports our choice to base network extension on preferential attachment. Although

preferential attachment produces distributions with long right tails, it is important

to note that this does not necessarily mean networks with long right tails emerge

from preferential-attachment dynamics. Our focus is on lifting interaction-based
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data to larger networks that maintain the same features, however, and preferential-

attachment methods accomplish this goal.

When developing our model, we tested three different implementations of network

growth using the idea of preferential attachment. We began by building complete

networks one node at a time according to the Barabási-Albert model (24), but this

led to networks with degree distributions that were too narrow. To remedy this issue,

we also tried a variation of the Barabási-Albert model (24) that was motivated by

the fitness model of Bianconi and Barabási (25). In particular, to penalize high-

degree nodes from receiving additional edges after they reach a certain degree k0, we

modified the original probability in equation (3.3.1) to the following:

Π(ki) =
kiη(ki)∑N

j=1 kj
, (3.3.2)

where η(k) = 1
2
(1 − tanh k−k0

ε
) is a cutoff function. Here we select ε, k0 > 0 to best

fit the real data (1). It should be noted that we have replaced ηi, a native fitness

value for each node i that is chosen from a specified distribution in (25), with η(k).

While the original Barabási-Albert algorithm (24) and our altered version of the

fitness model (25) are able to produce degree distributions with the observed long

right tail, neither method captures the high amount of clustering reported in the real

data (1).

To raise the clustering coefficient, we return to the idea of building networks out

of units. Using data on business sizes in the city of Coventry, UK from the Inter

Departmental Business Register (IDBR) (26), we construct unit sizes in a 3000-

person network to match the real size distribution in Coventry. We begin with the

larger businesses, constructing two companies of 310 individuals, three companies of

200 people, five companies of 85 people, and twelve companies of 38 people. We then
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Figure 3.3: Work sub-network. (a) Degree and (b) frequency distributions for
the work sub-network show good agreement between the Warwick data (1) and our
extended model. We plot the raw Warwick data in (a); in (b) we plot the Warwick
data after accounting for some inconsistencies, such as interactions that were logged
by participants on dates that fall outside of the survey days.

use the original Barabási-Albert algorithm (24) to generate the degree distribution

within each large business. Next, we construct the smaller businesses which have 20

or fewer employees and specify a roughly uniform distribution within each unit. Our

choice to use a uniform degree distribution within the small businesses/classrooms

is based on the idea that small settings allow for a more interactive structure than

larger ones. Additionally, incorporating small work units of uniform degree into the

network serves to increase the amount of clustering.

We summarize the details of our full work sub-network algorithm below:

1. Use the original Barabási-Albert model (24) with m = m0 = 30 to generate

the following large work units:

• 2 work units made up of 310 nodes

• 3 work units made up of 200 nodes

• 5 work units made up of 85 nodes

• 12 work units made up of 38 nodes
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(We choose this value of m to best match the degree distribution of the real

data (1).)

2. Generate the following small work units with a uniform degree distribution in

each:

• 17 work units made up of 17 nodes, each with a degree distribution that

is roughly uniform from 0 to 15 (degree 8 will appear twice)

• 26 work units made up of 8 nodes, each with a degree distribution that is

roughly uniform from 0 to 6 (degree 3 will appear twice)

• 134 work units made up of 3 nodes, each with a degree distribution that

is roughly uniform from 0 to 1 (degree 1 will appear twice)

3. Together the work/school units generated in Steps 1–2 represent the network.

Assign an interaction weight to each edge in the network by sampling from the

work frequency distribution for the Warwick data (1).

By combining the concept of preferential attachment in large businesses (or class-

rooms) with uniform degree distributions in small work units, we are able to generate

an extended work/school sub-network with degree and frequency distributions that

capture many of the features of the Warwick data (1), as we show in Figure 3.3.



Chapter Four

Influenza Spread on a

Representative Network
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We now turn to a study of an epidemic spreading on the extended network that

we generate from the Warwick data (1) as described in Chapter 3. We assume a dis-

ease that gives long-term immunity after recovery, so that the susceptible–infected–

recovered (SIR) model framework is appropriate (27). Individuals can therefore

be susceptible (S), infected (I), or recovered (R), and the infected individuals are

assumed to be capable of infecting other susceptible agents. We denote the ith sus-

ceptible node by Si and the jth infected node by Ij. We assume each infected node

recovers from the disease after a time drawn from an exponential distribution with

mean T , where T is the average duration of infectiousness.

We can define the basic reproduction number R0, a quantity commonly studied

for infectious diseases, on our network. Simply put, the basic reproduction num-

ber R0 is the average number of secondary infections produced from one infected

individual during the infectious period T in a population that is otherwise fully sus-

ceptible. We begin by calculating the total number of susceptible individuals that

will be infected by a given infected individual Ij in our network during the infectious

period T . We call this number ST (j). In general, the probability that any infected

individual in the network will infect a susceptible individual per unit contact time

is the transmission risk τ and can be written

τ := P

(
infected individual infects a susceptible individual

unit contact time

)
.

Then, the probability of transmission across a particular edge will be proportional to

the transmission risk τ and scaled by the edge weight (1). For example, consider a

simple network consisting of one infected individual I at time t and one susceptible

individual S that interact with a frequency f that is defined to be the

f :=
contact time

unit time
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between I and S. Then, the probability that I infects S on the time interval dt is

P (I infects S in [t, t+ dt)) = τ · contact time

unit time
· dt = τf dt .

On our extended network, each infected individual Ij can infect any of its susceptible

neighbors in each of the three interaction contexts c (i.e., home, social, and work).

Let N c(j) be the set of indices i such that the ith node is connected to Ij in context

c. Then, in the scenario where all other nodes in the network are susceptible, Ij will

infect

ST (j) =
∑

contexts c

∑
i∈Nc(j)

τ f c
ij T

nodes during the infectious period T , where f c
ij is the frequency of interaction be-

tween Ij and susceptible node Si, i ∈ N c(j), in context c. Finally, to obtain the

basic reproduction number R0, we take the average of ST (j) for any such infected

individual Ij in the network. Let N be the total number of nodes in the network.

Then we define

R0 :=
1

N

N∑
j=1

ST (j) = τ T
1

N

N∑
j=1

∑
c

∑
i∈Nc(j)

f c
ij

 = τ T f̄ ,

where f̄ = 1
N

∑
c

∑N
i,j=1 f

c
ij is the average weighted degree of the network. Note

that this definition allows us to specify the transmission rate τ in terms of the basic

reproduction number R0, viz. τ = R0/(T f̄).

To model disease transmission on our extended network, we define the probability

for a susceptible individual to become infected on a time interval dt. We assume that

0 < dt� 1 so that infection on our network is unique. Suppose that Si is susceptible

at time t. Then Si can be infected by any of its neighbors that are infected at time
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t in each interaction context c. Thus

P (Si is infected in [t, t+ dt))

=
∑

contexts c

∑
j∈Nc(i)

j infected at time t

P (Ij infects Si through context c in [t, t+ dt))

=
∑

contexts c

∑
j∈Nc(i)

j infected at time t

τ f c
ij dt

=
R0

T f̄

∑
contexts c

∑
j∈Nc(i)

j infected at time t

f c
ij dt , (4.0.1)

where we substitute τ = R0/(T f̄) in the final equality.

As we mentioned in Chapter 2, the frequency f c
ij is a weight assigned to each

edge in the sub-network for context c. This approach allows us to account for the

different interaction frequencies individuals and their neighbors may have in each

context. We then simulate stochastic disease spread on our network, and the state

(S, I, or R) of each node is updated at every time step ∆t = 1 day. In the following

sections, we refer to the fraction of infected individuals as a function of time as the

epidemic size, defined as epidemic size = I(t)
N

.

Since influenza offers long-term immunity and can be distributed through casual

interactions (1), we test the spread of a flu epidemic using the discrete SIR model

on our extended network. We consider a mean infection time of T = 4.5 days as

in (28, 29) and use R0 = 1.2515, corresponding to the average of five seasons of flu

surveillance data (30). This value for the basic reproduction number is also consistent

with estimates in (12, 29). We initialize 0.0034% (10 nodes) of the 3000 individuals

in our extended network as infected to provide the seed for disease spreading, while

the remaining individuals start as susceptible. The 10 individuals initially infected
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consist of a randomly chosen node and its neighbors. If we do not reach our target of

10 infected individuals using this method, we select the remaining nodes by sampling

randomly from the individuals connected to the neighbors of the originally infected

seed.

4.1 The Importance of a Context-Specific Net-

work Topology

The discrete SIR approach allows for direct comparison with the classical continuous

SIR model (27), namely:

dS

dt
= −βSI,

dI

dt
= βSI − γI, (4.1.1)

dR

dt
= γI,

where we specify the same parameters and initial conditions as for the discrete model.

We assume a total population of constant size N , where S(t), I(t) and R(t) have the

same meaning as in the discrete model and correspond to the sizes of the susceptible,

infected, and recovered populations, respectively, at time t. Here, β := R0

NT
is the

number of new disease cases per unit time and γ := 1
T

represents the rate at which

infected individuals recover from the disease (31).

We compare our model results with simulations of equation (4.1.1) for 200 days

in Figure 4.1. This timescale allows the epidemic to peak, as well as fully return to

its equilibrium (a population with no infected individuals). The differential equation
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Figure 4.1: Epidemic size over time as predicted by the discrete SIR model (4.0.1)
on our full extended network (solid curve), compared to results of the SIR model
(4.1.1) with the same R0 and T parameters (dotted curve) and with fitted parameters
(dashed curve). Each of our curves represent the mean over 100 simulations.

model (4.1.1) for influenza leads to a considerably smaller-peak epidemic size (size of

the infected population) and a later onset of the disease compared to the discrete SIR

model on networks. This means that the model (4.1.1) cannot account for the effects

of complex home, social and work interactions on the progression of the disease. On

the other hand, our discrete SIR model approach allows us to test the impact of

different network structures and interaction contexts on disease spreading. It should

be noted that the basic reproduction number R0 and the mean infection time T in

the continuous model (4.1.1) can be chosen and fit so that the epidemic size over

time closely resembles our discrete SIR model prediction (Figure 4.1). However,

these parameters are different from those considered in our influenza simulations,

suggesting that the classical SIR model may yield erroneous parameter estimates for

R0 and T when fitting realistic epidemic data.
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4.2 Interaction Context Has a High Impact on

Disease Progression

Since the frequencies of interaction are key in the transmission probability formula

(4.0.1), we investigate the contribution of different contexts to disease spread in

Figure 4.2a. As described in Chapter 3, we represent each interaction context in

our network by an individual sub-network with appropriate and unique features. In

particular, our home interaction sub-network is highly clustered and disconnected.

Our social sub-network, in comparison, is less clustered and more connected. Lastly,

the degree distribution for our work sub-network displays a long right tail. By

removing the edges in one or more of these sub-networks, we can study how their

different features impact the spread of disease.

The horizontal lines in Figure 4.2a correspond to the expected percent contribu-

tion of each interaction context to disease spread in the network. We calculate these

percent contributions as f̄c/f̄ , where c stands for the context (home, work/school,

and social) and f̄c is the average weighted degree of interactions in context c. This

measure therefore depends solely on the network structure and frequency of inter-

actions. We obtain the scatter plots in Figure 4.2a by simulating the discrete SIR

model for influenza on our network and calculating the percent contribution that

infected individuals in each context make to the probability of infecting suscepti-

ble nodes at each time step. Figure 4.2a shows that the network predictions and

discrete SIR model contributions to infection agree fairly well throughout much of

the epidemic lifespan. As expected, the comparison is no longer useful for analysis

during the second half of the 200 simulated days when the epidemics dies off (see

Figure 4.1).



34

0 20 40 60 80 100 120 140 160 180 200
Time (Days)

0

0.01

0.02

0.03

0.04

0.05

0.06

0.07

0.08

0.09

Ep
id

em
ic

 S
iz

e

All networks
No social
No work
No home

0 20 40 60 80 100 120 140 160 180 200
Time (Days)

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1
Pe

rc
en

t C
on

tri
bu

tio
n 

to
 D

is
ea

se
 S

pr
ea

d

Work
Home
Social
Fraction work interactions
Fraction home interactions
Fraction social interactions

(b)(a)

Figure 4.2: Role of interaction context in influenza spread. (a) Percent contribution
of each interaction context to disease spread: horizontal lines are expected contribu-
tions given the network structure and frequency of interaction, and scatter plots are
the contributions to epidemic spread observed by simulating the discrete SIR model
(4.0.1) on our network. (b) Epidemic size over time predicted by the discrete SIR
model (4.0.1) using our full network (solid curve), compared with removing social
interactions (dotted curve), removing work interactions (dashed curve), and remov-
ing home interactions (dash-dotted curve). Each of our curves and scatter plots
represent the mean over 100 simulations.

Interactions at work have the highest contribution to disease spread until the

final days: Figure 4.2a reveals that work sub-network interactions influence disease

spread the most as the epidemic grows, peaks, and then begins to die down. This is

expected since the interactions in this sub-network are more frequent and are likely

to last longer than those in the social context. This result is also consistent with our

method of extending the work sub-network in §3.3, which renders the work units more

clustered than the social ones. However, in the late days of the epidemic (between

days 70 and 80), infections at work become less dominant and home interactions

become most responsible for the spread of disease.

Excluding social interactions has the highest impact on disease transmission: We

also simulate the spread of influenza on networks where we exclude certain interaction

contexts. Figure 4.2b shows how the size of the infected population and the onset of

disease are affected when we eliminate the edges in the social, work/school, or home
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sub-networks, respectively. Removing connections through the social sub-network

impacts disease dynamics most strongly, as it prevents the spread of the epidemic

and considerably shortens its duration. This is not surprising given that social

interactions are the only connections between more clustered, disparate home and

work units. However, this result is not clearly reflected in Figure 4.2a, where the

social context has the lowest percent contribution among the networks considered.

While there are fewer social interactions compared to work and home encounters,

the social context allows the disease to spread across loosely connected clusters in

the network, thus facilitating the epidemic.

On the other hand, removing connections through the home sub-network acceler-

ates the outbreak and results in a higher-peak epidemic size. Recall that, on average,

interactions at home are the most frequent. Thus when we remove these connections

from the network, the average weighted degree of the network f̄ decreases consid-

erably in equation (4.0.1). Since R0 remains constant in all of our simulations,

this produces an increased transmission risk τ for each susceptible-infected contact.

Nevertheless, this result is expected given the structure of our extended home sub-

network, which consists of disconnected, fully clustered home units. Without these

isolated interactions, individuals are likely to increase their social and work interac-

tions, which would allow the infection to spread more freely across the connections

in the network. Thus, by increasing the clustering in the network, the home sub-

network limits the overall disease transmission.



36

4.3 Dynamic Responses to Disease Substantially

Reduce Epidemic Size

The network-based discrete SIR model allows us to test how dynamic responses in

the population alter the duration and onset of disease. We consider a few realistic

reactions to the onset of influenza, such as a scenario in which home interactions

become more frequent following infection, while social and work interactions are

reduced. We model such responses to disease by lowering the interaction frequencies

of individuals 1–2 days after they become infected.

Considerably reducing interactions at work leads to a smaller epidemic size and

duration of infection: We show the effect of reducing interactions through different

sub-networks in Figure 4.3a. Reducing social interactions to a large extent decreases

the size of the epidemic, but predicts a similar or slightly increased epidemic duration

(dash-dotted and starred curves, Figure 4.3a). On the other hand, greatly decreasing

the frequency of interactions in the work context yields a smaller epidemic size and

duration of infection (dashed and dotted curves, Figure 4.3a). This is expected

given the network structure that we considered. In particular, reducing frequent

work interactions does not allow the spread of the infection inside work clusters;

and this, in turn, limits the spread of the disease to other network clusters through

occasional social encounters.

This observation is also supported by Figure 4.3b, where we plot the percent

contributions to infection through each context in the situation where work inter-

actions are removed completely after infection onset. Compared to Figure 4.2a, the

work and home percent contributions switch, with home clusters becoming the most

influential in disease spread. The social contribution increases to a small extent, but
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Figure 4.3: Impact of dynamic context-specific responses on disease spread. (a)
Epidemic size over time predicted by simulating the discrete SIR model (4.0.1) on
our full network in comparison to simulations incorporating various dynamic network
responses 1–2 days after disease onset. Percentages represent proportional changes in
interaction made after infection (e.g., “Social: −25%” means an infected individual
will remove 25% of their usual social interactions). (b) Percent contributions of each
context to disease spread: horizontal lines are as in Figure 4.2a, and scatter plots
are contributions to epidemic spread observed by simulating the discrete SIR model
(4.0.1) under the scenario that individuals remove work interactions after infection.
Each of our curves and scatter plots represent the mean over 100 simulations.

only a few of these interactions are likely to spread the disease, as individuals do not

interact in work clusters and can thus no longer spread the infection through social

interactions as well. The high variability of context contributions in this figure is

due to the small epidemic size in this dynamic reaction to influenza (dotted curve,

Figure 4.3a).

4.4 Model Results Capture Trends in NHS Flu

Call Data

Our extended network was constructed using the interaction structure from a diary-

based study in a university setting (1) and likely reflects characteristics of a small

population of 3000 people. Accordingly, we do not expect our model to fit flu dy-
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namics data for the large population of England. However, in order to get a rough

reference of the epidemic sizes and peaks typically observed, we compare the epi-

demic size curves predicted by our discrete SIR model with data from the Public

Health England (PHE) real-time syndromic surveillance system (2), which provides

weekly reports from October to May. Specifically, we extract information on the

percent of National Health Service (NHS) 111 calls attributed to cold or flu during

the winter (2) using WebPlotDigitizer (32).

Figure 4.4 overlays information on the fraction of NHS 111 calls (2) for cold and

flu in England with simulation dynamics given different responses to the epidemic.

Since the seasonal data in (2) varies in shape every year, we plot a few recent rep-

resentative examples of this NHS data. It is worth noting that we shifted all the

curves on the time axis so that the epidemic size peaks are aligned across simulation

and NHS data. In Figure 4.4b, we also shift our discrete SIR model results on the

epidemic size axis by a constant to account for the fact that realistic outbreak data

for influenza has a background epidemic size even outside the peak epidemic weeks.

These shifts do not affect our comparisons, since we are primarily interested in the

peak epidemic size and the epidemic duration.

Reducing social and work interactions yields epidemic dynamics on similar scales

with flu season data: Figure 4.4a shows that simulating influenza spread across

our full network without including any dynamic responses to disease is likely over-

estimating the epidemic size. We also note that in our simulated model, the infection

outcomes include both symptomatic and asymptomatic cases, whereas the NHS data

only reflects symptomatic cases. The peak epidemic size predicted by our model in

this setting is larger than the proportions of NHS 111 calls for cold and flu recorded

for all of the flu seasons in 2013–2019 (2). On the other hand, incorporating dynamic

changes in the social sub-network after infection predicts epidemic behavior that
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Figure 4.4: Comparison of our results with influenza data (2) from England. (a)
Epidemic size evolution predicted by the discrete SIR model (4.0.1) using various
dynamic responses 1–2 days after disease onset (dashed and dotted black curves)
and flu call data (green curve) reported by PHE based on 2017–2018 NHS 111 calls
(2). For comparison, we also show how the SIR model behaves on our full network
in the solid black curve. (b) Epidemic size evolution predicted by the discrete SIR
model (4.0.1) using various dynamic responses 1–2 days after disease onset (dashed
and dotted black curves) and example flu call data (orange and blue curves) reported
by PHE based on 2016–2017 and 2018–2019 NHS 111 calls (2). Percentages in (a)
and (b) represent proportional changes in interaction made after infection, (e.g.,
“Social: −25%” means an infected individual will remove 25% of their usual social
interactions). Each of our curves represent the mean over 100 simulations.

closely resembles the 2017–2018 flu season, which was characterized by moderate to

high levels of influenza activity (2). Similarly, large changes in the pattern of work

interactions leads to a good prediction of the start of the epidemics during the 2016–

2017 and 2018–2019 seasons, both characterized by low to moderate flu activity (see

Figure 4.4b). Our model, therefore, suggests that strategies involving reductions in

work interactions after flu onset may be most effective at avoiding severe influenza

seasons. Our results also indicate that, as expected, individuals are likely to change

their social and work interactions shortly after they contract the flu.

We note that we do not expect to recreate the double-peak curves observed in

some of the seasons represented in Figure 4.4, since the dynamic responses in our

model are not influenced by factors such as cognition of epidemic spread (as in (12)).

In the study (12), the authors use a heterogeneous graph-modeling approach to de-
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scribe flu virus transmission in a population of hospital patients and an agent-based

model incorporating many unknown parameters to model the dynamic change in

individuals’ interactions as a reaction to the epidemic. Although our minimal SIR

modeling approach does not reproduce all of the features of realistic epidemic dynam-

ics in Figure 4.4 (such as double peaks or onset of the epidemics), our simulations are

similar to real influenza epidemics in terms of outbreak size and duration. Moreover,

our focus in this work is on developing methods for lifting interaction-based diary

data to larger networks. In the future, it would be interesting to explore how more

realistic disease models (e.g., that include dynamic responses based on cognition)

behave on our lifted network in comparison to influenza data.



Chapter Five

A Context-Specific Network for

Providence, Rhode Island
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In Chapter 3, we presented an algorithm for generating an artificial network which

extends the interaction structure recorded in (1). Our algorithm represented each

interaction context with a separate sub-network in order to preserve many of the fea-

tures that distinguish the structure in home, social, and work settings. For example,

the home interaction sub-network is highly clustered and disconnected, while the

social sub-network, in comparison, is less clustered and more connected. In Chapter

4, we simulated an influenza outbreak on a hypothetical network and discovered the

importance of taking a context-specific approach to network construction (see Fig-

ure 4.1). In fact, Figure 4.4 illustrated that the simulations on this context-specific

network were able to capture trends observed in NHS flu call data.

In this chapter, we adapt the algorithm introduced in Chapter 3 to generate

a specific, real-world network which accounts for the context-specific interaction

features that are recorded in the Warwick data (1). In particular, we build a larger

network of 100,000 nodes to model the city of Providence, Rhode Island (RI), which

has an estimated population of 179,883 individuals (33). Recall from Chapter 3 that

each sub-network was built in two main steps. First, edges were assigned between

nodes to form a collection of units. Second, we assign a weight to each edge reflecting

the frequency of interaction in that context, which we sample from the appropriate

frequency distribution for the Warwick data (1). We now alter step one: in order

to build a network suitable for Providence, RI, we form units which match the

distribution of homes and businesses in the United States (U.S.) and the state of

Rhode Island, respectively. Then, step two remains the same, that is, we allow the

interaction structure of the diary data (1) to inform the frequency of interaction

within each unit. Once again, we do not differentiate between the proximity of

interaction (casual or skin-to-skin) and we will therefore focus on the spread of

diseases which do not require skin-to-skin contact for transmission in the remaining
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chapters.

In the sections below, we outline the modifications made to the algorithm in

Chapter 3 to generate a network for Providence, RI and present the steps for con-

structing each sub-network. The home, social, and work/school sub-networks are

discussed in §5.1, §5.2, and §5.3, respectively.

5.1 Home Network Construction

In Section 3.1, we built the home network by adding one home unit at a time. First,

we sampled a household size n + 1 and generated a clique containing n + 1 nodes.

In order to build a network that is suitable for Providence, RI, we sample each new

home unit size from the size distribution of households in the U.S. in 2019, which

we obtain from U.S. census data (34). Then, we assign an interaction weight to

each edge in the unit as we did before: by sampling from the frequency distribution

for home interactions in the Warwick data (1). We add this new home unit to

the existing network and begin the process again. The resulting home sub-network

consists of disconnected, fully clustered households which match the size distribution

of homes in the U.S. and interaction frequencies on each edge that were drawn from

the diary-data recorded in (1).

We summarize these steps below:

1. Sample a home unit size n+ 1 from the household size distribution in the U.S.

(34).

2. Generate a clique of size n+ 1.
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Figure 5.1: (a) Degree and (b) frequency distributions for the home sub-network for
Providence, RI. We use U.S. household-size data (34) and the frequency distribution
for home interactions in the Warwick data (1) to construct the network.

3. Assign an interaction weight to each edge in the home unit by sampling from

the appropriate home frequency distribution of the Warwick data (1): the

distribution for n ≤ 8 or for n > 8.

4. Add the new home unit to the existing network and repeat from Step 1 until

we have generated 100, 000 nodes (adjusting the size of the final home unit as

necessary).

We plot the degree and frequency distributions for the home sub-network in

Figure 5.1.

5.2 Social Network Construction

In Section 3.2, we constructed the social network in three steps, taking into account

the key features of the Warwick data (1) and measurements (20, 21) of clustering in

online social communities. In particular, we built identical social units of uniform
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degree to match the approximately uniform character of the Warwick social degree

distribution (1). Then, we added and shuffled edges in the network to account for

high-degree individuals and to match the clustering coefficient observed in online

communities (21). We assume that these features exhibited by real-world social

interactions are not inherently location-specific, and thus they can be used to model

social interactions in many locations. Therefore, we construct the social network for

Providence, RI using the same steps listed in Section 3.2. However, since our social

network contains 100, 000 nodes, we must shuffle far more edges in the network to

reach the desired average local clustering coefficient C = 0.16 reported by Ahn et al.

(21). Specifically, we found that C = 0.16 when we shuffle M = 285, 000 edges.

These updated steps are outlined as follows:

1. Generate 2631 identical social building blocks of size 38 so that the degree

distribution within each social unit is approximately uniform from 0 to 36.

(Degree 18 necessarily appears twice.)

2. For each social unit, choose α = 1 of the β = 5 most popular (highest degree)

nodes in the unit. Connect each of the chosen nodes to γ = 25 high-degree

nodes randomly selected from other social units, where “high-degree” means

one of the top β highest degree nodes in a social unit.

3. Randomly select M = 285, 000 edges and, for each such edge, disconnect one

end and reconnect it to another node chosen at random.

4. Randomly select and remove 16 nodes to reduce the total network size to the

target 100, 000 nodes.

5. Assign interaction weights to each edge by sampling from the appropriate social

frequency distribution for the Warwick data (1): the distribution for n ≤ 18

or for n > 18.
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Figure 5.2: (a) Degree and (b) frequency distributions for the social sub-network
for Providence, RI. We use measurements of clustering in online social communities
(20, 21) and the frequency distribution for social interactions in the Warwick data
(1) to construct the network.

The degree and frequency distributions for the social sub-network are shown in

Figure 5.2.

5.3 Work Network Construction

In Section 3.3, we built the work network by first forming a collection of unit sizes

according to the size distribution of businesses in Coventry, UK. Since our goal in

this section is to build a work network suitable for Providence, RI, we use U.S. census

data on business sizes in the state of Rhode Island in 2017 (35) to construct unit

sizes in a 100, 000-person network. Then, we assign the edges in each unit the same

way we did in Section 3.3. Specifically, we generate the large work units using the

original Barabási-Albert algorithm (24) and we generate the small work units such

that the degree distribution within each unit is roughly uniform. Finally, we assign

a frequency of interaction to each edge in the network by sampling from the work

frequency distribution for the Warwick data (1).
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Figure 5.3: (a) Degree and (b) frequency distributions for the work sub-network
for Providence, RI. We use Rhode Island business-size data (35) and the frequency
distribution for work interactions in the Warwick data (1) to construct the network.

We summarize these new steps below:

1. Use the original Barabási-Albert model (24) with m = m0 = 30 to generate

the following large work units:

• 79 work units made up of 600 nodes

• 50 work units made up of 300 nodes

• 312 work units made up of 60 nodes

(We choose this value of m to best match the degree distribution of the real

data (1).)

2. Generate the following small work units with a uniform degree distribution in

each:

• 480 work units made up of 16 nodes, each with a degree distribution that

is roughly uniform from 0 to 14 (degree 7 will appear twice)

• 750 work units made up of 8 nodes, each with a degree distribution that

is roughly uniform from 0 to 6 (degree 3 will appear twice)
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• 1300 work units made up of 4 nodes, each with a degree distribution that

is roughly uniform from 0 to 2 (degree 1 will appear twice)

3. Together the work/school units generated in Steps 1–2 represent the network.

Assign an interaction weight to each edge in the network by sampling from the

work frequency distribution for the Warwick data (1).

We present the degree and frequency distributions for the work sub-network in

Figure 5.3.



Chapter Six

COVID-19 Dynamics in

Providence, Rhode Island
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We return to the discrete susceptible-infected-recovered (SIR) model laid out

in Chapter 4 to explore the spread of an infectious disease on our context-specific

network for Providence, RI. We use the same notation as in Chapter 4, denoting the

ith susceptible node by Si and the jth infected node by Ij. As before, we assume

each infected node recovers from the disease after a time drawn from an exponential

distribution with mean T , where T is the average duration of infectiousness. We

define the basic reproduction number to be R0 = τ T f̄ , where τ is the transmission

risk defined in Chapter 4 and f̄ is the average weighted degree of the network. In

words, R0 represents the average number of secondary infections produced from one

infected individual during the infectious period T in a population that is otherwise

fully susceptible.

We define the probability for a susceptible individual to become infected on a

time interval 0 < dt� 1. Let N c(i) be the set of indices j such that the jth node is

connected to node i in interaction context c. Then

P (Si is infected in [t, t+ dt)) =
R0

T f̄

∑
contexts c

∑
j∈Nc(i)

j infected at time t

f c
ij dt , (6.0.1)

where f c
ij is the interaction frequency between Si and Ij in context c. This derivation

is treated in more detail in Chapter 4. We then simulate stochastic disease spread on

our network for Providence, RI, updating the state (S, I, or R) of each node at every

time step ∆t = 1 day. In the following analyses, we refer to the cumulative total

infections over time as the total infection count, defined as total infection count =

I(t) + R(t). This quantity represents the total number of infections caused by the

outbreak by time t and does not remove “closed cases” (that is, those who have

recovered or died).
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Since coronavirus disease 2019 (COVID-19), the disease caused by severe acute

respiratory coronavirus 2 (SARS-CoV-2), is distributed through casual interactions

(36), we use this discrete SIR model on our network for Providence, RI to study

a COVID-19 outbreak in Providence, RI. Since the COVID-19 pandemic is still

developing, we restrict our study to the start of an outbreak in this chapter and then

explore the effect of control measures which are introduced early in the development

of the epidemic in Chapter 7. We also do not differentiate between asymptomatic

and symptomatic individuals since the infectiousness in each case is similar (37).

At this time, the duration of conferred immunity to SARS-CoV-2 after recovering

from the infection is still unclear. However, a very recent study tested the immuno-

logical memory to SARS-CoV-2 in recovered individuals and found that 95% of the

test subjects retained immune memory six months after infection (38). Thus we

assume that immunity will last at least 200 days in all recovered individuals and

utilize the SIR model framework (6.0.1) on this timescale (27). In the future, as

more is understood about the nature of this disease and the duration of conferred

immunity, our model can be updated or exchanged. For example, if the virus is

found to confer immunity for a fixed and finite period of time, we could model a

COVID-19 outbreak on our network for Providence, RI using an SIRS model, which

accounts for short-term immunity and then a return to susceptibility.

We begin our simulation with a single infected node, chosen at random, while

all other individuals in our network for Providence, RI are initialized as susceptible.

Several studies suggest that individuals with mild to moderate COVID-19 remain

infectious up to 10 days after symptom onset and individuals with severe to criti-

cal COVID-19, or acute immunocompromise, remain infectious up to 20 days after

symptom onset (39, 40, 41, 42, 43). We also note that the infectious period for

COVID-19 begins at least 2 days before the onset of symptoms (44). With these
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details in mind, we consider a mean infection time of T = 14 days. Finally, to de-

termine the appropriate value of R0 for our purposes, we calibrate our model using

infection data from Providence, RI during the COVID-19 pandemic in Section 6.1

below.

6.1 Calibrating the Basic Reproduction Number

R0

In the discrete SIR model (6.0.1) described in the section above, we define the basic

reproduction number R0 to be R0 = τ T f̄ , where τ is the transmission risk defined

in Chapter 4 and f̄ is the average weighted degree of the network. In words, R0

represents the average number of secondary infections produced from one infected

individual during the infectious period T in a population that is otherwise fully

susceptible. Thus we can think of R0 as a measure of the contagiousness, or trans-

missibility, of a pathogen. The value of R0 is not constant for a given pathogen;

instead it is highly sensitive to human behavior and the region for which it is calcu-

lated (45). Currently, the Centers for Disease Control and Prevention (CDC) reports

that R0 = 2.5 is the best estimate for the SARS-CoV-2 reproduction number in the

U.S. (46). This estimate is representative of the point estimates of R0 obtained in

(47, 48, 49, 50, 51), but the value is expected to change as more data becomes avail-

able. In general, however, the estimation of R0 tends to be model-specific. That is,

R0 is determined relative to the modeling framework being used at the time and the

value may even differ between models for the same disease (52).

Our goal is to determine an appropriate value for R0 in our SIR model (6.0.1) in

order to approximate the transmission rate of SARS-CoV-2 in Providence, RI. The
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Figure 6.1: Total infection count over time predicted by simulating the discrete SIR
model (6.0.1) on our network for Providence, RI given various values of R0. The
scatter plot represents the weekly total infection count recorded in Providence, RI
by the RIDOH (58). We remove the initial data point when Providence, RI recorded
< 5 infections and plot from March 14 (when Providence, RI recorded 30 infections).
We align this date with the day our simulations surpass 30 total infections. Each of
our curves represent the mean over 100 simulations.

value of R0 should represent the basic reproduction number during baseline spread,

that is, without any control measures present in the city. To do this, we run the

model repeatedly, varying the value of R0 in each simulation and observing the total

infection count of the resulting COVID-19 outbreak on our network for Providence,

RI. Considering several estimated ranges for R0 in the literature (53, 54, 55, 56, 57),

we begin with R0 = 1.75 and increase the value of R0 by 0.05 in each simulation

until we reach R0 = 3.5. Then, we plot the total infection count over time for each

simulation and compare the results to the actual recorded infections in Providence,

RI during the COVID-19 pandemic. For the latter, we use weekly infection data

obtained from the Rhode Island Department of Health (RIDOH) for the city of

Providence, RI between March 1, 2020 and September 11, 2020 (58).
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There are a few limitations to this method. First, the infection data (58) recorded

in Providence, RI during the COVID-19 pandemic is actually a measure of positive

test results and may not reflect the true number of cases in Providence, RI at the

time. Thus, our model will be calibrated to the number of positive test results,

rather than the actual number of infections in the city. Given more accurate data

for the total infections in Providence, RI during the COVID-19 pandemic, we could

re-calibrate our model using the same method as above in order to obtain a better

estimate for R0. Second, infection control measures were implemented early in the

COVID-19 pandemic in Providence, RI (see Section 7.1). In fact, the first infection

was recorded in Rhode Island on March 1, 2020 (58) and then widespread stay-

at-home orders and business closures were introduced on March 28, 2020, when

the city had only surpassed 100 total infections (viz. 0.06% of the population)

(59). Therefore, the infection data (58) that we use to calibrate our model only

logs uninterrupted disease spread for 28 days, which does not allow us to match the

results of our test simulations with the data deep into the epidemic lifespan.

Figure 6.1 presents the total infection count predicted by simulating the SIR

model (6.0.1) with several different values of R0. We find that when R0 = 2.5, our

model (6.0.1) approximates the infection count in Providence, RI (58) at the start

of the outbreak fairly well. Interestingly, R0 = 2.5 is also the current best estimate

for the SARS-CoV-2 basic reproduction number in the U.S. according to the CDC

(46). For these reasons, we assign R0 = 2.5 in our model (6.0.1) for all subsequent

simulations.
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6.2 Work Interactions Maintain Disease Trans-

mission

We examine the contribution of each interaction context in our network for Provi-

dence, RI to the spread of COVID-19 in Figure 6.2a. The expected percent contribu-

tions, based solely on the network structure, predict the actual contributions realized

by simulating the discrete SIR model (6.0.1) on our network for COVID-19 quite well

during the first 200 days of the outbreak. For reference, the calculations of these

measures are described in Section 4.2. Figure 6.2a reveals that work interactions

contribute most to the spread of disease, which is not surprising since interactions at

work occur more frequently and likely last longer than social interactions. This also

aligns with the construction of the work sub-network, which renders the work units

more clustered than the social units. Interestingly, the home sub-network interac-

tions contribute least to disease spread on the network for Providence, RI. Although

interactions at home are more frequent than social and work interactions, they tend

to be contained within smaller, disconnected groups. In particular, we construct

our home units using household data for the U.S. in 2019 (34) where 90% of homes

contained 4 or fewer individuals (with single-occupant homes comprising one-quarter

of those).

To better understand how the unique features of our sub-networks influence dis-

ease progression, we simulate the spread of COVID-19 on networks where we exclude

certain interaction contexts. Figure 6.2b shows how the total number of infections

and the rate of new infections in the population are affected when we eliminate

the edges in the home, social, or work/school sub-networks, respectively. Removing

connections in the home sub-network slows the rate of infection during the course

of the epidemic, but it does not strongly impact the total number of individuals
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Figure 6.2: Role of interaction context in COVID-19 dynamics. (a) Percent contri-
bution of each interaction context to disease spread: horizontal lines are expected
contributions given the network structure and frequency of interaction, and scatter
plots are the contributions to epidemic spread observed by simulating the discrete
SIR model (6.0.1) on our network. (b) Total infection count over time predicted
by the discrete SIR model (6.0.1) using our full network (solid curve), compared
with removing home interactions (dotted curve), removing social interactions (dash-
dotted curve), and removing work interactions (dashed curve). Each of our curves
and scatter plots represent the mean over 100 simulations.

who will become infected. This is expected since most infections occur at work or

through social interactions during the first 200 days of the outbreak (see Figure

6.2a). Reducing social interactions slows the spread of disease more substantially,

however, since the social interactions act as bridges between more loosely connected

clusters in the network. Yet removing interactions at work impacts disease dynamics

most strongly, as it prevents the spread of the epidemic and considerably shortens

its duration. Nevertheless, we find that removing interactions in each context slows

the spread of disease on the network. This is noteworthy for scenarios where it is

important to minimize the number of individuals infected at a given time.



Chapter Seven

Intervention Strategies and the

Spread of COVID-19
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We saw in Chapter 4 that the network-based discrete SIR model allows us to

explore how dynamic responses in the population alter disease progression. Here we

study the impact of several infection control measures implemented during a COVID-

19 outbreak in Providence, RI. Due to the interaction-based structure of our network

for Providence, RI, we focus on control measures which reduce interactions between

individuals to curtail the spread of disease.

In Section 7.1, we examine some of the measures taken in Providence, RI during

the COVID-19 pandemic. We look specifically at the stay-at-home order, which

limited interactions in social settings, and the closure of all non-essential businesses,

which limited interactions in work settings (59). These measures were implemented

simultaneously on the day that the total infection count in Providence, RI surpassed

100 infections (58). Then, in Section 7.2, we consider a partial business closure,

in which small businesses remain open while large businesses are required to close.

Lastly, we study a contact tracing scheme, where infected individuals and their

collection of contacts in the network self-quarantine (Section 7.3). This effort works

to isolate known infected individuals, as well as individuals who may have been

infected, thereby reducing interaction during the infectious period.

7.1 Lockdown in Providence, RI during the COVID-

19 Pandemic

During the COVID-19 pandemic, several measures were implemented in Providence,

RI to limit the interactions between individuals. Two such measures began on March

28, 2020 after Providence, RI had recorded more than 100 total infections: a stay-

at-home order, which limited interactions in social settings, and a closure of all
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non-essential businesses, which limited interactions in work settings (59). These

measures remained in place until May 8, 2020 (60). For brevity, we call this six-week

period the lockdown period.

Similar measures have been discussed in recent studies and the lowered con-

tact rate which results from these widespread control measures has been modeled in

various ways. For example, the authors in (61) incorporated a time-dependent trans-

mission rate into their modified SEIR model which decreases after the introduction

of the lockdown measures. Other works construct separate models for the differ-

ent stages of lockdown, including one representing disease transmission before the

lockdown is implemented and another representing disease transmission during the

lockdown. The transmission rate is then defined to be lower in the lockdown model

(62, 63). Another compartmental model separates the susceptible and infected in-

dividuals into two classes: those who reduce their interactions due to the lockdown

measures and those who do not reduce their interactions. Then, the impact of the

intervention is quantified by assigning a separate, lower infection rate to the class of

individuals who participate in the lockdown (64).

The above examples (61, 62, 63, 64) and several other studies use the lowered

infection rate which results from the intervention as a way to represent the decreased

interaction rate in the community. In this section, we center on the decreased in-

teraction rate instead and determine the extent to which we must lower interactions

in our network in order to reproduce the infection data recorded in Providence, RI

during the lockdown period (58). To do so, we simulate a COVID-19 outbreak on

our network for Providence, RI using the SIR framework (6.0.1) laid out in Chapter

6. We begin the simulation without any intervention. Then, in order to match the

timeline of the lockdown period, we lower the interaction frequencies in our network

on the day that the outbreak surpasses 100 or more total infections. We consider this
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Percent reductions on interaction frequencies throughout network
Social Work Home

Week 1 (Day 1) −5% −5% +10%
Week 2 (Day 8) −10% −5% +10%
Week 3 (Day 15) −15% −20% +20%
Week 4 (Day 22) −25% −35% +20%
Week 5 (Day 29) −35% −50% +5%
Week 6 (Day 36) −25% −50% +5%

Table 7.1: Weekly changes in interaction which reproduce the total infection count in
Providence, RI during the lockdown in 2020 (58). Percentages represent proportional
changes in interaction made at the start of each week for all individuals (e.g., “Social:
−5%” means all individuals will remove 5% of their current social interactions). “Day
1” of the intervention corresponds to the day that the total infection count surpasses
100 infections. Reductions are applied cumulatively. After Week 6, the resulting
interaction frequencies are maintained for the remainder of the simulation.

to be “Day 1” of the intervention. We then lower the social and work interactions

at the start of each week for six weeks. We also account for a resultant increase in

home interactions at each week. Then, after the sixth week, the lowered interaction

frequencies are maintained for the remainder of the simulation.

The specific proportion of interactions in our network which must be lowered in

order to reproduce the total infection count in Providence, RI during the lockdown

period (58) are listed in Table 7.1. Note that the reductions are applied cumulatively.

For example, at the start of Week 1, we lower the social interaction frequencies

throughout the network by 5%. Then, at the start of Week 2, we lower the social

interaction frequencies throughout the network by a further 10%, which amounts to

a 14.5% reduction on the original social interaction frequency values.

In Figure 7.1a, we plot the effects of these changes iteratively along with the

infection data for Providence, RI during and after the lockdown period (58). Each

curve represents a COVID-19 outbreak in which some or all of the weekly reductions

are implemented. When we reduce the interactions in the network for the full six-
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Figure 7.1: Relationship between interaction rates and disease transmission during
the lockdown in Providence, RI. (a) Total infection count over time predicted by
simulating the discrete SIR model (6.0.1) on our network for Providence, RI, along
with scenarios in which all or some of the weekly reductions in Table 7.1 are imple-
mented. “Week x” indicates that the changes in interaction listed in Table 7.1 were
implemented from Week 1 through Week x and then maintained for the remainder
of the simulation. (b) Total infection count over time predicted by simulating the
discrete SIR model (6.0.1) on our network for Providence, RI, along with scenarios
in which one interaction context is removed at the start of the intervention. The
scatter plot represents the weekly total infection count recorded in Providence, RI
by the RIDOH (58). We align the date March 28 on the horizontal axis with Day 1
of the intervention in each of our simulations. Day 1 occurs when the total infection
count has surpassed 100 infections. Each of our curves represent the mean over 100
simulations.

week lockdown period (the “Week 6” curve, Figure 7.1a), the predicted total infection

count agrees with the infection data from Providence, RI (58) for about 119 days

(which includes the six-week lockdown period, as well as the following 7 weeks). To

match the data further, we could continue the process, increasing the interactions in

the network appropriately.

Interactions were significantly reduced during the lockdown period, with the great-

est decrease occurring in work settings: In order to generate a COVID-19 outbreak

with a total infection count that matches the data recorded in Providence, RI (58),

we made significant reductions to the interaction frequencies within our network in
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both social and work settings. Interactions were lowered the most during the later

weeks of the six-week lockdown. This difference is reflected in Figure 7.1a, where we

plot the total infection count of outbreaks where only some of the weekly reductions

are implemented. Indeed, when the social and work interactions were only reduced

by the values in Table 7.1 for the first one, two, and three weeks, the resulting total

infection counts show little variation. However, larger decreases in the interactions

which occurred in the final three weeks of the lockdown swiftly lowered the total

number of infections caused during the first 200 days of the outbreak. We also no-

tice that the most significant decrease occurred in work interactions. This could

indicate that the closure of all non-essential businesses was more wide-reaching than

the stay-at-home order.

A decrease in work interactions is necessary to reproduce the total infection count

during the lockdown period in Providence, RI: We also tested a scenario in which all

social interactions in the network were removed completely at the start of Week 1

and for the remainder of the simulated outbreak (blue curve, Figure 7.1b). In this

scenario, no changes were made to the work interactions. Figure 7.1b shows that

this hypothetical response results in an outbreak with a total infection count that

is far greater than the total number of infections recorded in Providence, RI during

and after the lockdown period (58). Thus, to reproduce the lowered infection rate

observed in Providence, RI during this time, some reduction of the work interactions

is necessary.
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7.2 Small-Business Interactions Only Mildly Im-

pact Disease Progression

In Section 7.1, we discussed some of the infection control measures implemented

during the COVID-19 pandemic in Providence, RI to slow the spread of disease.

One of these was a closure of all non-essential businesses aimed at reducing the

interactions between individuals in work settings (59). By simulating a COVID-19

outbreak on our network for Providence, RI, we saw that a decrease in the frequency

of work interactions was necessary to achieve the lowered infection rate (58) recorded

in Providence, RI during the lockdown (see Figure 7.1b). However, the economic

impact of long-term closures can be substantial on businesses which cannot continue

operating through remote or virtual means. Oftentimes larger businesses, such as

universities and corporations, are able to operate remotely, while smaller businesses

cannot. In an effort to mitigate this economic impact on smaller businesses, we

consider the effect of a partial business closure on the evolution of COVID-19. We

explore several closure scenarios which emphasize the larger businesses and leave

smaller businesses open.

Recall that the work sub-network in our network for Providence, RI is comprised

of many disconnected work units, ranging from 4 to 600 employees (see Section 5.3).

For our study, we define units with 60 or fewer employees to be “small businesses”

and units with greater than 60 employees to be “large businesses” (i.e., the units with

300 and 600 employees). This cutoff value falls into the range of typical definitions

for the size of small and medium-sized enterprises (SMEs) used by international

organizations such as the World Bank and United Nations. SMEs are typically

considered to be enterprises having fewer than 100-250 employees (although an exact

definition does not exist) (65).
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Figure 7.2: Impact of a large-businesses-only closure on the spread of COVID-19.
Total infection count over time predicted by simulating the discrete SIR model (6.0.1)
on our network for Providence, RI, along with scenarios in which the interactions in
large businesses are reduced or removed completely. In all cases, small-business inter-
actions remain unchanged. “Large-business: closed” means that the large-business
interactions were removed completely at the start of the intervention. “Social, Home:
none” means that no changes were made to the social or home interactions. “Large-
business, Social, Home: Table x” means that the large-business, social, and home
interactions were reduced according to the scheme described in Table x. The scatter
plot represents the weekly total infection count recorded in Providence, RI by the
RIDOH (58). We align the date March 28 on the horizontal axis with Day 1 of
the intervention in our simulations. Day 1 occurs when the total infection count has
surpassed 100 infections. Each of our curves represent the mean over 100 simulations.

We begin by simulating a COVID-19 outbreak on our network for Providence,

RI without intervention. Then, when the total infection count has surpassed 100

total infections, we implement a large-business closure on our network. To model a

scenario in which large businesses are closed while small businesses remain open, we

only lower the frequency of work interactions between individuals in large businesses.

In the case where large businesses close completely, we reduce the large-business

frequencies to zero.
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Percent reductions on interaction frequencies throughout network
Social Large-Business Home

Week 1 (Day 1) −5% −5% +10%
Week 2 (Day 8) −10% −5% +10%
Week 3 (Day 15) −15% −20% +20%
Week 4 (Day 22) −25% −35% +20%
Week 5 (Day 29) −35% −50% +5%
Week 6 (Day 36) −25% −50% +5%

Table 7.2: Weekly changes in interaction adapted from the values which reproduce
the total infection count in Providence, RI during the lockdown in 2020 (58). In
this scenario, we keep small businesses open and only lower the work interactions in
large businesses. Percentages represent proportional changes in interaction made at
the start of each week for all individuals (e.g., “Social: −5%” means all individu-
als will remove 5% of their current social interactions). “Day 1” of the intervention
corresponds to the day that the total infection count surpasses 100 infections. Reduc-
tions are applied cumulatively. After Week 6, the resulting interaction frequencies
are maintained for the remainder of the simulation.

A complete closure of all large businesses drastically slows the spread of disease:

Figure 7.2 shows the result of various closure schemes which apply only to the large

businesses. Completely closing the large businesses has the greatest impact on dis-

ease dynamics, even when no other changes are made to the interactions between

individuals. Here, we consider a scenario in which all large businesses are completely

closed on Day 1 of the intervention, but small businesses remain open and social

interactions continue as usual. This closure scheme significantly slows the spread of

disease during the time it is implemented (blue curve, Figure 7.2). Moreover, we

find that the infection rate in our simulated intervention is much lower than the

infection rate in Providence, RI during the six-week lockdown (58) which closed all

non-essential businesses (labeled March 28 through May 8 in Figure 7.2). After 200

days, the total infection count continues to increase; however, this depressed infection

rate remains. Therefore, closing large businesses can act as a way to slow the spread

of disease. This could be especially beneficial in scenarios where it is important to

reduce the number of individuals infected at a given time.
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Percent reductions on interaction frequencies throughout network
Social Large-Business Home

Week 1 (Day 1) −2.5% −5% +5%
Week 2 (Day 8) −5% −5% +5%
Week 3 (Day 15) −7.5% −20% +10%
Week 4 (Day 22) −12.5% −35% +10%
Week 5 (Day 29) −17.5% −50% +5%
Week 6 (Day 36) −12.5% −50% +5%

Table 7.3: Weekly changes in interaction adapted from the values which reproduce
the total infection count in Providence, RI during the lockdown in 2020 (58). In
this scenario, we keep small businesses open and only lower the social interactions
by half of the values used to reproduce the total infection curve during the lockdown
period in Providence, RI. Percentages represent proportional changes in interaction
made at the start of each week for all individuals (e.g., “Social: −2.5%” means
all individuals will remove 2.5% of their current social interactions). “Day 1” of
the intervention corresponds to the day that the total infection count surpasses
100 infections. Reductions are applied cumulatively. After Week 6, the resulting
interaction frequencies are maintained for the remainder of the simulation.

The total infection count is not greatly affected by closing small businesses: We

also considered a hypothetical scenario in which the lockdown in Providence, RI was

applied only to large businesses and social interactions. To model this, we lower the

interactions in large businesses by the same amount that interactions were lowered

across all businesses in Providence, RI (see Table 7.2), and then maintain the usual

interactions in the small businesses (green curve, Figure 7.2). Comparing the green

curve in Figure 7.2 to the “Week 6” curve in Figure 7.1a, we find that the total

infection count is nearly identical whether we lower the interactions in the small

businesses or keep the interactions as usual. In fact, keeping small businesses open

in this scenario has essentially no effect on the number of individuals infected or the

rate at which these infections occur.

It is worth noting that small businesses often effect social interactions, and there-

fore a scenario in which small businesses remain open would likely have more social

interaction than was observed during the lockdown period in Providence, RI. For
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this reason, we tested another scenario in which the social interactions were only

lowered by half of the amount that social interactions were lowered during the lock-

down period (i.e., the “Social” column in Table 7.1). These values are listed in Table

7.3 and the resulting total infection count is plotted in Figure 7.2 (yellow curve).

We find that even when small businesses remain open and social interaction is in-

creased in this way, the total infection count is only slightly greater than the infection

data recorded during the lockdown period in Providence, RI (58). In fact, we can

substantially slow the spread of disease by lowering the interactions in the large busi-

nesses by the same amount as during the lockdown period (i.e., the “Large-Business”

column in Table 7.2) and making no changes to the social interactions whatsoever

(black curve, Figure 7.2). Thus the significant decrease in interactions within large

businesses is a key factor for achieving the lowered infection rate that was observed

in Providence, RI during the lockdown period (58).

7.3 Contact Tracing Does Not Reduce the Total

Infection Count

In Sections 7.1 and 7.2, we explored intervention strategies which preemptively re-

duce the interactions of all individuals in the community to control the spread of

disease. Now, we consider a contrasting intervention strategy where the interactions

of susceptible individuals are only reduced when there is a chance that they have

been infected. In this method, after an individual is found to be infected, pub-

lic health officials “trace,” or find, all other individuals who have recently been in

close contact with the infected individual. For COVID-19, the CDC designates a

close contact to be any individual who has maintained in-person interaction with
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an infected individual during the period beginning 2 days before symptom onset

(or 2 days before a test was administered) until the infected individual is isolated

(66). Then, the individuals considered to be close contacts are asked to voluntarily

quarantine for the duration of the disease incubation period. This effort aims to

reduce the spread of disease by quickly finding and isolating potential cases, thereby

minimizing the chance of exposure for other individuals. For brevity, we refer to

this process of widespread contact tracing and subsequent self-quarantine as simply

contact tracing.

We consider an outbreak of COVID-19 on our network for Providence, RI in

which widespread contact tracing is instituted early in the outbreak. Because of the

interaction-based nature of our network for Providence, RI, we are able to easily

locate the contacts of each newly infected individual. However, our network does

not account for the timing of interactions, so we cannot specify a newly infected

individual’s recent contacts. Instead, we set a threshold frequency f̂ (called the

close-contact threshold) and quarantine any susceptible contact whose total fre-

quency of interaction with the infected individual in all contexts is greater than or

equal to f̂ . That is, for each newly infected individual Ij, we quarantine all suscep-

tible individuals Si such that fij ≥ f̂ , where fij is the sum of interaction frequencies

1/14 ≤ f c
ij ≤ 14/14 between Si and Ij in each interaction context c. We call this

collection of susceptible individuals {Si}i the close contacts of Ij. We then model

the quarantine by lowering the interaction frequencies of Si throughout the network.

We mention that this model for contact tracing does not allow us to be precise

with the individuals we quarantine. For example, a newly infected individual may

not interact with all of its high-frequency contacts during the 2-3 days leading up

to a diagnosis, yet our method will quarantine them anyway. Similarly, a newly

infected individual may have interacted with some of their low-frequency contacts
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during the infectious period, but we do not quarantine any of them. Even so, quar-

antining an infected individual’s high-frequency contacts is a reasonable assumption

for our network since high-frequency contacts likely represent housemates, those in

a common social circle, and colleagues, which are individuals that are likely to be

seen regularly.

We begin by simulating a COVID-19 outbreak on our network for Providence,

RI without intervention. Then, matching the timeline of the interventions studied

in Section 7.1 and 7.2, we start the contact tracing process when the total infection

count has surpassed 100 infections. We account for the pre-symptomatic infectious

period for COVID-19 by reducing the interactions of each newly infected individual

and the interactions of their close contacts 2-3 days after they become infected (44).

For our model, we consider f̂ = 2/14 to be a reasonable threshold for determining

which individuals should be considered close contacts. We note that the average

nonzero summed frequency fij for each pair of individuals i and j in the network

is 1.9144/14. For comparison, we also tested several contact tracing schemes when

f̂ = 3/14 and found that the resultant total infection curves were nearly identical to

those generated for the same scenarios when f̂ = 2/14 (results not shown).

Quarantining individuals who may have come in contact with an infected indi-

vidual does not substantially alter the number of people infected during a COVID-19

outbreak: In Figure 7.3, we plot the impact of several contact tracing schemes which

are implemented during a COVID-19 outbreak on our network for Providence, RI.

We find that in all realistic scenarios, isolating infected individuals and quarantin-

ing their close contacts is not sufficient to lower the number of individuals infected

over the epidemic lifespan. Moreover, the rate at which new infections occur in the

community is not substantially decreased even when large portions of the infected

individuals have their contact traced. Incidentally, we only predict a considerable
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Figure 7.3: Inefficiency of contact tracing in the case of COVID-19. Total infection
count over time predicted by simulating the discrete SIR model (6.0.1) on our network
for Providence, RI, along with scenarios in which contact tracing is implemented to
various extents. In each contact tracing scenario, the close-contact threshold is f̂ =
2/14. “x% of infected” indicates that x% of all newly infected individuals are isolated
and have their close contacts traced and quarantined. The subsequent percentages
represent proportional changes in interaction made by the infected individual and
their close contacts (e.g., “Social: −75%” means the individuals will remove 75% of
their current social interactions). We begin the plot on Day 1 of the intervention in
each of our simulations. Day 1 occurs when the total infection count has surpassed
100 infections. Each of our curves represent the mean over 100 simulations.

reduction in the spread of disease when contact tracing is performed for 100% of

infected individuals (blue and dotted curves, Figure 7.3). However, this value is not

attainable in a real-world scenario since a portion of infections may remain undis-

covered and many close contacts may not self-quarantine.

This result aligns with several studies in the literature which found that a large

proportion of close contacts must be quarantined before symptom onset to signifi-

cantly reduce the transmission of SARS-CoV-2 (67, 68, 69). This conclusion depends

highly on the pre-symptomatic infectious period of COVID-19. As the length of this
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period increases, a higher percentage of transmission occurs before symptom onset.

Accordingly, contact tracing must be increased to successfully curtail the epidemic

(68, 69). Our model indicates that a 2-3 day pre-symptomatic infectious period in

the case of COVID-19 (44) is sufficient to maintain the epidemic even when a large

proportion of infected individuals have their contacts traced and quarantined.



Chapter Eight

Discussions and Future Work
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The study of infectious diseases and the measures used to control them depend

greatly on the underlying interaction structure in the community. However, knowl-

edge of human interactions at the individual level is difficult to obtain given the

challenges imposed by large-scale data collection (3). In this work, we propose a

method for extending and completing data from the groundbreaking casual-contact

survey (1) in a context-specific manner. Our methods, detailed in Chapter 3 and

then adapted to the real world in Chapter 5, expand on the approach taken in (1)

by constructing unique sub-networks to model the interactions in home, social, and

work/school settings. We are able to capture context-specific details which differen-

tiate the interaction structure in each setting, while also maintaining key features

of the diary-data (1). In particular, our extended sub-networks reflect the specific

degree and cluster distributions revealed in (1) and use the interaction frequencies

in this data (1) as weights for our network edges.

We first tested our extended network by simulating the spread of influenza using

the discrete SIR model (4.0.1) in Chapter 4. Our results show that the classical dif-

ferential equation SIR system with the same choice of influenza parameters is unable

to reproduce the epidemic size results of the discrete SIR model (Figure 4.1). This

suggests that accounting for network structure is crucial for understanding real-world

disease transmission. Our network model also predicts that the home, social, and

work sub-networks have significantly different effects on epidemic dynamics (Fig-

ure 4.2). In particular, we find that while social interactions are less frequent and

account for a small percent of infections, they greatly facilitate disease spread by

providing connections between work and home clusters.

Realistically, individuals often choose to reduce various interactions after con-

tracting an infectious disease. Accounting for such dynamic responses in our discrete

SIR model yields predictions of epidemic-size behavior that are similar to epidemic
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data (2) for recent flu seasons (Figure 4.4). One limitation of our model is that it

cannot recover the double-peak epidemic size displayed in several flu seasons, as this

would likely require knowledge of how the dynamic response to the disease varies

with time and epidemic size (12).

Regarding the limitations of our approach, it is important to note that we built

our network using a small survey (1) that was collected in a specific location (the

University of Warwick). Hence we began by constructing a small, hypothetical pop-

ulation of 3000 individuals, and we studied disease transmission on this network.

This strategy allowed us to develop various methods for extending diary-based data

in a context-specific way, but our small network cannot fully capture the interaction

structure in a larger, more general community.

Later, in Chapter 5, we constructed a larger network of 100, 000 individuals based

on the real-world structure of human behavior in Providence, RI. Using household-

size data from the United States (34) and businesses-size data from Rhode Island

(35), we assigned edges between nodes in the network to represent realistic inter-

actions in the community. Then we adapted the context-specific algorithms from

Chapter 3 to inform the frequency of interaction in each context.

We utilized this larger, context-specific interaction network for Providence, RI to

study the impact of several intervention strategies introduced early in a COVID-19

outbreak in Chapter 7. Similar to our study of influenza dynamics in Chapter 4,

we simulated the spread of COVID-19 on our network using the discrete SIR model

(6.0.1). We were able to reproduce the infection data recorded in Providence, RI

during the COVID-19 pandemic (58) by greatly reducing the interactions in social

and work settings (Figure 7.1). In fact, our results indicate that a decrease in work

interactions is necessary to reproduce the lowered infection rate that was observed
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during that time. However, we found that the influence of interactions at work on

disease progression varied widely by business size. In particular, decreases in the

work interactions which occur in small businesses did not significantly affect the

number of infections caused by the disease. Yet we can greatly slow the rate of

transmission throughout the network by decreasing the interactions which occur in

large businesses (Figure 7.2).

Another common strategy for curtailing disease spread is widespread contact trac-

ing and subsequent self-quarantine. The goal in this scenario is to isolate individuals

who may have been exposed before they become contagious. However, our findings

show that a contact tracing strategy alone does not greatly reduce the total number

of individuals infected by SARS-CoV-2 (Figure 7.3). The 2-3 day pre-symptomatic

infectious period (44) is sufficient to maintain disease spread in the community.

Our results in Chapters 6 and 7 on the dynamics of COVID-19 are limited in a

few ways. First, the available infection data during the COVID-19 pandemic in Prov-

idence, RI is actually a measure of positive test results (58). Hence our discrete SIR

model is not directly calibrated to the true total infections in Providence, RI. Given

more accurate infection data for Providence, RI during the COVID-19 pandemic, we

could re-calibrate our model using the same method in Section 6.1 to obtain a better

estimate of the transmission rate. Second, the COVID-19 pandemic is still develop-

ing and the duration of conferred immunity to SARS-CoV-2 after recovering from the

infection is not well-understood. However, following a study in which 95% of test

subjects retained immune memory to SARS-CoV-2 after approximately 6 months

(38), we assumed that immunity lasts at least 200 days in all recovered individuals

so that the susceptible-infected-recovered (SIR) model framework was suitable (27).

Given more information on the duration of conferred immunity to SARS-CoV-2, we

may find it more appropriate to use an SIRS model, which accounts for short-term
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immunity and then a return to susceptibility.

In this work, we take a minimal approach to simulating disease transmission on

our extended network, as our focus is on illustrating methods for lifting interaction-

based diary data to larger networks. In the future, it may also be interesting to

incorporate more realistic dynamic responses to disease onset into our modeling

framework to further test our extended network. One could also explore the effects

of seasonality on influenza dynamics in different interaction contexts on our network.

The discrete epidemic spread model can also be applied to diseases that do not

confer long-term immunity (such as bacterial meningitis). The spread of these dis-

eases is simulated using the susceptible–infected–susceptible (SIS) model, and the

probability of transmission is defined as in (4.0.1). Our results for meningitis show

that the epidemic size reaches an equilibrium after about 150–250 simulated days,

and that the dynamic evolution compares well to meningitis outbreak data from the

World Health Organization (70). Similar to our predictions for influenza, we find

that changes in the interaction behavior of individuals lead to significant reductions

in the peak epidemic size (results not shown). In this work, we considered simple

models, such as the SIR and SIS models, to reduce the number of parameters and

interactions in our calculations. It would be interesting to consider models such

as SEIR (which have an added exposed compartment) within this framework and

explore the influence of more complex interactions.

A small percentage of the interactions recorded in the Warwick data (1) occurred

in the context of shopping and travel. We also tested the discrete SIR model on net-

works that included these interactions, which are more likely to take place during

weekends, as suggested in the Warwick data. Our extension of these sub-networks

to a larger population is based on sampling from the travel and shop degree distri-
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butions, as well as specifying all-to-all coupling of nodes in clusters (based on the

idea that groups of individuals traveling or shopping together are small and fully

clustered). The epidemic size over time given these complete networks is almost

identical to the full network results in Figure 4.1 (results not shown), so we chose

not to include these contexts in our main results. However, it would be interesting

to consider these sub-networks in future simulations of disease spread across sev-

eral communities generated as in Chapter 5. This approach could be used to study

the speed of disease spread across cities, as well as to identify and test strategies

for isolating an epidemic. Furthermore, the approach that we proposed for lifting

and extending diary-based data in a context-specific way could be extended by dif-

ferentiating between proximity of interactions in the Warwick data (1) (casual or

skin-to-skin). This would allow for a comparison of diseases that spread through

casual interactions with those that require close contact between individuals. More-

over, since the extended networks in (1) include interaction proximity, incorporating

the type of contact into our networks in the future would offer a more direct means

of comparing our results to the conclusions in (1). This could give additional insight

into how model predictions depend on the particular methods used to lift diary-based

data to extended networks.
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