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Co-presence, defined as two people being physically proximate to one another, is
a ubiquitous and important phenomenon that remains understudied. There is
strong reason to believe that co-presence may affect health, but it is likely that
these effects are relatively small. Because of this, relatively large sample sizes
are needed to reliably detect these effects, and the data to test such hypotheses
has only recently become widely-available. In this thesis, I use electronic medical
records and hospital administrative data to assess how patient-patient co-presence
in a health care system may affect patient health outcomes.

In Chapter 3, I examine the social effects of co-presence on 5-year survival
in a group of 4,791 chemotherapy patients. Because no metric for measuring
co-presence precisely addressed all the nuances of hospital administrative data, I
create a method to detect when patients are co-present more often than expected
by chance, terming this consistent co-presence. Consistent co-presence thus allows
me to subset co-presence to only that which is likely systematic enough to elicit
social influence. Using this, I construct a consistent co-presence network. I then
model 5-year survival on 1) whether a patient had any consistent co-presence
in the network, 2) the number of patients who survived with whom one was
consistently co-present, and 3) and likewise the number patients who did not
survive with whom one was consistently co-present. I find that being consistently
co-present with at least one other patient increased one’s likelihood of 5-year
survival compared to being consistently co-present with no one. Being consistently
co-present with patients who survived increased one’s likelihood of 5-year survival,
and being consistently co-present with patients who did not survive decreased
one’s likelihood of 5-year survival.

In Chapter 4, I assess the ability to predict subsequent infection based on the
number of hours a patient spends co-present with another patient suspected of
infection. Across five nosocomial infections, I find that this tool has a sensitivity
from 0.95 to 1.00, and a specificity from 0.90 to 1.00. If this metric were put in
place prospectively, I estimate that it would lead to detecting infections between
4 and 32 hours earlier than the current standard operating procedure. I then use
this information, along with biomarker information to detect subclinical infections
in Chapter 5. Subclinical infections are those where the bacterial or viral load is
below a test’s threshold, meaning these infections go undiagnosed. I use a random
forest model to perform the classification, and a variety of regression models
to examine the validity of said model. I then show that subclinical infections
have negative effects both on the affected patients and on the nosocomial disease
dynamics, leading to increased infectious outbreak sizes.

As a supplement to support my analyses in Chapter 5, I develop an efficient
algorithm to be used in social networks analysis for the colored triad census in
Appendix A. I apply this to the outbreak networks observed in Chapter 5 to
understand the patterns of connections of subclinically-infected patients.

In sum, I find that co-presence is a useful and informative construct which
allows us to better understand patient health in hospitals. Additionally, the
outcomes observed here are not exclusive to the health care setting; social
influence and infectious disease spread both occur outside of hospitals. As a
result, this research opens up a wide variety of future work, including studying
these effects in more detail with hospitals and using similar data sources to
examine these effects in other populations and settings.
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Abstract

Co-presence, defined as two people being physically proximate to one another, is
a ubiquitous and important phenomenon that remains understudied. There is
strong reason to believe that co-presence may affect health, but it is likely that
these effects are relatively small. Because of this, relatively large sample sizes are
needed to reliably detect these effects, and the data to test such hypotheses has only
recently become widely-available. In this thesis, I use electronic medical records
and hospital administrative data to assess how patient-patient co-presence in a
health care system may affect patient health outcomes.

In Chapter 3, I examine the social effects of co-presence on 5-year survival in a
group of 4,791 chemotherapy patients. Because no metric for measuring co-presence
precisely addressed all the nuances of hospital administrative data, I create a
method to detect when patients are co-present more often than expected by chance,
terming this consistent co-presence. Consistent co-presence thus allows me to subset
co-presence to only that which is likely systematic enough to elicit social influence.
Using this, I construct a consistent co-presence network. I then model 5-year survival
on 1) whether a patient had any consistent co-presence in the network, 2) the number
of patients who survived with whom one was consistently co-present, and 3) and
likewise the number patients who did not survive with whom one was consistently
co-present. I find that being consistently co-present with at least one other patient
increased one’s likelihood of 5-year survival compared to being consistently co-
present with no one. Being consistently co-present with patients who survived
increased one’s likelihood of 5-year survival, and being consistently co-present with
patients who did not survive decreased one’s likelihood of 5-year survival.

In Chapter 4, I assess the ability to predict subsequent infection based on the
number of hours a patient spends co-present with another patient suspected of
infection. Across five nosocomial infections, I find that this tool has a sensitivity
from 0.95 to 1.00, and a specificity from 0.90 to 1.00. If this metric were put in
place prospectively, I estimate that it would lead to detecting infections between 4
and 32 hours earlier than the current standard operating procedure. I then use this
information, along with biomarker information to detect subclinical infections in
Chapter 5. Subclinical infections are those where the bacterial or viral load is below
a test’s threshold, meaning these infections go undiagnosed. I use a random forest



model to perform the classification, and a variety of regression models to examine
the validity of said model. I then show that subclinical infections have negative
effects both on the affected patients and on the nosocomial disease dynamics,
leading to increased infectious outbreak sizes.

As a supplement to support my analyses in Chapter 5, I develop an efficient
algorithm to be used in social networks analysis for the colored triad census in
Appendix A. I apply this to the outbreak networks observed in Chapter 5 to
understand the patterns of connections of subclinically-infected patients.

In sum, I find that co-presence is a useful and informative construct which allows
us to better understand patient health in hospitals. Additionally, the outcomes
observed here are not exclusive to the health care setting; social influence and
infectious disease spread both occur outside of hospitals. As a result, this research
opens up a wide variety of future work, including studying these effects in more
detail with hospitals and using similar data sources to examine these effects in
other populations and settings.
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1.1 Abstract

In this chapter, I describe the motivation for the thesis, the appropriateness of the

data sources I use, and the specific aims that I address in the thesis. The motivation

for this work includes a summary of the existing literature on how co-presence

can impact health, the gaps in this literature, and how Big Data can enhance our

1
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understanding thereof. In examining the literature, I draw from a variety of fields,

including sociology, psychology, and epidemiology, which have all used co-presence

data in different ways. I show that despite past work looking at this problem from

a variety of angles, there remains a gap in the literature in using and quantifying

co-presence as a potential cause of health effects.

To understand how co-presence can relate to health, I begin by looking at the

more throughly-studied question of how social interaction impacts health. This

includes pathways which do not necessarily require co-presence, but often occur

when individuals are co-present. Indeed, this correlation is often strong enough that

co-presence is used as a proxy indicator of social interaction. Although co-presence

is largely used as a proxy in this context, it gives a basis for understanding how

co-presence on its own may lead to health effects. I examine how co-presence,

irrespective of social interaction, can relate to health outcomes, both biologically

and psychologically. Importantly, I show where there are gaps in this work, which

I aim to address with this thesis.

I then turn to different analytical methods and types of data and research

approaches which could potentially address the relationship between co-presence

and health. I discuss social networks analysis, and how it is particularly useful in

looking at co-presence. There are many potential ways to collect data on co-presence,

and they each have strengths and weaknesses. "Big Data" is one such approach,

which is becoming increasingly common due to its increasing ubiquity. I therefore

discuss the strengths and weaknesses of Big Data generally. These include hefty

limitations centered around the lack of ownership by researchers. I dissect these

limitations, what they mean for researchers, and how we can best proceed in the

face of them. Fortunately, some of these limitations are mitigated in the specific

case of electronic medical records and administrative data, and I discuss why this is

so. This is important, as these data sources form the basis of analyses in this thesis.

Finally, based on the identified gaps in the literature and strengths of electronic

medical records and hospital administrative data, I delineate my aims for the

remainder of the thesis, and how they correspond to the subsequent chapters. In
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short, I aim to assess how patient-patient co-presence, as measured using electronic

medical records and hospital administrative data, affects patient health while

in the hospital.

1.2 The relationship between co-presence and health

Co-presence, defined by two people being physically close to one another, is

something that happens to most people many times each day. The definition

of “near” can alter the observed effect of co-presence. In the context of hospital

administrative data, I specify “near” to mean “within the same hospital ward

bay”, where a ward bay is a subspace of a hospital ward, often coinciding with

a single room. Additionally, not all co-presence is created equal; co-presence in

different contexts or with different individuals has differing potential to affect health.

Repeated co-presence in particular may be more likely to affect an individual. To

examine the effects of such a ubiquitous exposure is difficult, just as discovering the

health effects of smoking in the 1940’s was complicated by the fact that such a large

proportion of adults smoked1. To understand how co-presence can affect health, it

therefore makes sense to first turn to social interaction, a relatively well-understood

exposure which is highly-related to co-presence.

1.2.1 Social interaction

Humans are inherently social organisms, and this has important ramifications

for health and wellbeing. Social interaction, occurring as a result of our social

tendencies, can take the form of both positive and negative effects, such as in

social support2 and infectious disease spread, respectively3. Researchers have found

that social interaction affects health across space4, age5,6, environment7, type of

relationship8, type of interaction9, and demographic factors10.

Social interaction, be it with friends, family, or colleagues, has a strong impact

on our lives. In general, increasing in-person interaction was linked with reduced

mortality11, particularly in the elderly11. This has been examined across different
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types of ties as well, affecting both health outcomes such as mortality and economic

outcomes such as job-seeking12,13.

In addition to physical health, social interaction plays a role in mental health.

Interactions can reduce stress, which subsequently improves mental health9,2,14.

Social interaction in the form of care giving can also have positive effects on mental

well-being9. However, this is not always the case; some benefit more from social

interaction than others. For instance, the same interaction of care-giving can

negatively impact mental health in some individuals9.

Two major mechanisms have been proposed to explain the relationship between

social interaction and health. These are relevant, as there are clear parallels as to

how co-presence may impact health through similar pathways. Other than briefly in

Chapter 3, I do not examine mechanisms in this thesis, as the data I use do not allow

for a thorough disentanglement of mechanisms. However, showing the potential

mechanisms by which co-presence may impact health leads to my specific hypotheses

about how effects of co-presence on health may manifest, as well as suggesting how

follow-up work might try to distinguish between different putative mechanisms.

First of these potential mechanisms is the stress buffering hypothesis, which posits

that positive social interaction reduces stress8. Stress can lead to negative coping

mechanisms, such as smoking or drug abuse, or can activate physiological pathways

which in turn impact health, such as the parasympathetic nervous system15.

However, social interaction is also associated with improved health in the

absence of stress. This led to the main effect hypothesis, where social interaction

itself leads to health improvement irrespective of stress. This can occur through

the reinforcement of normative behaviors which are themselves health-promoting,

through an increase in social integration16, or through informational support which

increases healthy behaviors17.

One subset of the main effect hypothesis is that increased social interaction re-

duces susceptibility to infectious diseases18. Specifically, increased social interaction

is associated with increased natural killer cell and helper T-cell activity19. This

pathway is of particular import to this thesis, as it connects the social and biological
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Social interaction

Social facilitation

Modeling

Stress reduction

Behavior change

Health effects

Figure 1.1: Schematic of mechanisms by which social interaction and co-presence can
lead to health effects. An arrow from one item to another indicates that the first item has
been shown to item in changes in the second object. The multiple, overlapping mechanisms
for social interaction and social facilitation make separating the contributions of each
effects difficult without data designed for the purpose. Because I cannot definitively
disentangle these effects, the important feature here is the overall connection between
co-presence leading to various psychosocial mechanisms and the subsequent health effects.

pathways of the effect on co-presence in health. Also, it suggests that we can’t

simply think of social and biological mechanisms as separable and additive, since

there are circumstances where they might interact. I will return to how co-presence

relates to infectious disease spread later in this chapter.

1.2.2 Social facilitation and modeling

Given the growing body of evidence that social interaction can affect health, it is

important to disentangle the effects of co-presence from those of social interaction

more generally. Social interaction is defined as two individuals communicating with

one another in some form, be it through speech, text, or non-verbal body language,

etc. Studies have shown an effect of co-presence on health independent of social

interaction. The theories of social facilitation and modeling explain how co-presence

alone could affect health. These are phenomena where social interaction is not

actually required, only that individuals are co-present. The general mechanisms

by which social facilitation, modeling, and social interaction, can impact health

are shown in Figure 1.1. Again, due to the nature of the data, I am unable to

conclusively separate these mechanisms. Rather, they make it clear that co-presence

can affect health independently of social interaction.
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Social facilitation is the idea that being co-present with those who are performing

the same task will increase one’s own performance of that task20. Social facilitation

has been tested in a variety of settings and with a variety of tasks being performed.

Research has shown that when near other cyclists, cyclists increase their average

speed via better maintenance of speed throughout21. This affects intellectual as well

as physical tasks, as research has shown test performance improves when around

others22. Social facilitation can also lead to potentially negative outcomes: people

have been shown to eat more when around others, even if they cannot see what

those others are eating23. In all cases, the presence of another performing the same

task leads to a change in performance. This effect is also generally independent

of the actual proficiency of the others’ performance21.

Examining how the presence of others leads to the effects observed via social

facilitation has lead to the hypothesized mechanism that arousal increases when

someone is around others performing the same task24. This arousal includes the

release of neurotransmitters such as adrenaline, which can improve stamina and

performance25. Similar to the stress buffering hypothesis of social interaction, a

reduction in stress based on co-presence alone can also lead to the observed effects

of social facilitation26 (arrow from social facilitation to stress reduction in Figure

1.1). This is particularly pronounced when someone is in the presence of family

and friends as opposed to strangers27.

Differential behaviors and performance can have a marked impact on health.

Such impact can be direct, as in the case of increased caloric intake leading to

obesity and health problems28. It can also be indirect, as increased competitiveness

in physical activity can lead to additional confidence, further leading to increased

physical activity which can improves cardiovascular health29,30 (arrow from social

facilitation to behavior change in Figure 1.1). Stress itself can also lead to reduced

health, so reductions in stress via social facilitation can lead to improved health31,14.

Social facilitation, occurring because individuals are co-present, can therefore

impact health outcomes.
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Modeling, on the other hand, is the theory by which one increases performance

by mimicking someone else performing the same task, again without the need for

social interaction23. Modeling has been tested in a variety of settings generally

finding that task performance (good or bad) increases when modeling occurs32,33,23.

This can directly lead to health effects when the behavior in question is related to

health. As with social facilitation this can include physical exercise34 and caloric

intake35. It also includes behaviors such as seat-belt use, a seemingly-minor behavior

that can prevent death or serious injury36. Although the effects of modeling on

immediate behavior can be pronounced, affecting long-term change can be difficult

if done through modeling, as behavioral changes are often transient37.

The mechanism behind the effects of modeling is relatively straightforward:

individual’s observe others’ behavior, and directly alter their own behavior accord-

ingly to matched the observed behavior (the arrow from modeling to behavior

change in Figure 1.1. The eventual health outcomes then depend on whether the

behavior being modeled is one that promotes wellbeing. This can be complicated

if someone observes conflicting behaviors, as often occurs in realistic settings.

Therefore, although modeling can affect behavior and subsequent health, it can be

difficult to cleanly measure outside of controlled environments. This is something

I discuss in more detail in Chapter 3.

In addition to providing a theoretical reason to believe that co-presence may

lead to health effects, there are also gaps in the literature with respect to study

design and setting in evaluating co-presence. Modeling and social facilitation are

often studied in cases where there is a clear task to be performed, and participants

are often cognizant of this task. The effects of modeling and social facilitation in

settings where this isn’t the case are unknown. In Chapter 3, I therefore leverage the

fact that although they know their data is being collected, patients’ primary concern

when receiving chemotherapy is their treatment, allowing me to test whether effects

such as modeling and social facilitation may occur in settings such as this.
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1.2.3 Proxy for social interaction

In many of the situations described previously, social interaction often occurs when

the participants are co-present. Co-presence is therefore intricately tied to social

interaction, although not exclusively. Many technologies facilitating interaction

exist which do not require physical proximity, such as cell phones and the Internet.

Indeed, these interactions can have important impacts on health as well38. However,

they are not the focus of this thesis, as I am primarily interested in how co-

presence impacts health. Despite these methods to interact without co-presence,

many of our most important interactions still take place with physical proximity39.

Furthermore, many of our digital interactions are used to maintain contacts we

have previously grounded in face-to-face interaction40. Because of this, co-presence

remains inextricably tied to social interaction for our strongest interactions. As a

result, co-presence can be used as a strong proxy for social interaction. In this way,

even though co-presence may have an independent contribution towards health,

it can also reinforce our understanding of social interaction.

One of the earliest studies to examine co-presence was the Southern Women’s

study, where co-presence at various events helped the authors to understand the

society of the American South41. Although Davis et al. did not have any data

on the actual social interactions of his study population, they knew when women

attended the same social event. Information on the women’s co-presence was

arguably sufficient to use as a proxy for more finely-grained social interaction,

and resulted in meaningful conclusions. This assumption that co-presence was

highly correlated to social interaction lead to important conclusions while increasing

the efficiency of data collection.

Theories of how social interaction impact health, such as social support, also

often depend on co-presence. While information can be sent digitally, providing care-

giving support that requires physical help cannot, thus necessitating co-presence.

Additionally, the amount of time two people spend together is correlated with how

much social support they often exchange42. As a result, co-presence can serve as an

important proxy for certain types of social interaction, such as social support.
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Social support is the provision of help to members of one’s social network2.

Increasing perceived and observed social support generally coincides with better

health outcomes2. Social support also takes a variety of functions: instrumental,

emotional, and informational43. Instrumental social support refers to tangible sup-

port one provides, such as babysitting. Emotional social support is defined as making

someone feel cared for, bolstering their sense of self-worth. Informational support

is defined as sharing beneficial information with someone to help them navigate

their situation. Although generally positive, these types of social support can also

be negative in their effects. For instance, in those with mild intellectual disability,

social support can lead to social strain, negatively affecting mental health44.1

More recently, the growth of "Big Data"2 and digital sources of data collection

have made co-presence data more common, even when data on specific interactions

are not available. In these cases, using co-presence as a proxy for social interactions

may give useful information on its own. For instance, cell phones can be used to

monitor when two people are near one another45. This data can then be used to

determine how co-presence, and social interaction by proxy, may relate to various

behaviors or outcomes46. This final example shows one of the main uses of co-

presence in the future: gleaning it from sources of Big Data where co-presence can

be easily determined and monitored, and use it to understand social interaction

in situations where the co-presence may be meaningful .

1.2.4 Infectious disease spread

In addition to being a useful proxy for social interaction, co-presence also may

independently impact health through biological mechanisms. Although the exact

mechanism affecting health may differ, the underlying exposure of co-presence affects

health in both cases. The most intuitive of these is the spread of communicable
1For a more thorough discussion of social support, and how it may affect patients on a

chemotherapy ward, see Chapter 3.
2Throughout this thesis, I use "Big Data" as a general term referring to data sources that either

contain many observations, or many variables per observation. It is not meant to delineate any
specific datasets, or define a cutoff for what qualifies vs. what doesn’t, but rather speak to the
trend towards larger datasets with more observations and variables. I will also use the term "large
observational datasets" synonymously, as this is the parlance often used by epidemiologists.
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disease. Many infectious vectors do not survive long outside of the human body,

and so direct, or near-direct, contact is required47. Co-presence with infected

persons, when measured at a fine enough level, may effectively quantify a person’s

risk of subsequent infection45.

This observation is the basis of contact tracing, where a person with a confirmed

infection has their recent social contacts (i.e. those with whom they were co-present)

examined for the infectious vector48. Ring vaccination (Figure 1.2), vaccinating

those who are identified via contact tracing, was instrumental in the elimination

of smallpox49. Co-presence, therefore, is a valuable tool in understanding the

spread of infectious disease.

Despite the well-known correlation between co-presence and subsequent infection,

the relationship has generally neither been quantified nor assessed prospectively.

Although R0, an estimate of the average number of infections caused by those

initially infected by a disease, is often dependent on co-presence for the spread of

infection, it only implicitly assesses co-presence rather than directly. The reasons for

this have largely been practical - R0 is an important epidemiological parameter that

adequately models many infections, and there have been a paucity of data sources

which allow for accurate quantification of co-presence on an entire population. This

is shifting with the increasing ubiquity of electronic medical records and hospital

administrative data. Addressing this gap in the literature is one of the goals of

this thesis (Chapter 4). Additionally, using co-presence data as well electronic

medical record data, I attempt to infer infections where the bacterial load is below

standard tests’ thresholds (Chapter 5).

1.3 Using networks to understand social processes

Although co-presence can be assessed at a dyadic level, the co-presence shared

by a pair of individuals independent of other individuals, additional insight can

be gained from taking a networks perspective. Social networks analysis is a field

that has existed for over 80 years51, and is aimed at understanding how humans

interact with one another. A more recent, related, field, is network science, which
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Contacts

Contacts of contacts

Index
case

Figure 1.2: Schematic of ring vaccination. An index case infected with an infectious
disease, is identified (red individual). Edges between individuals indicates co-presence.
People with whom the index case has come into contact (orange), and the contacts of their
contacts (yellow) are subsequently identified and vaccinated. If done in time, potential
secondary infections are prevented (green). Adapted from Gerlier 50 .
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has existed for 20 years, which also aims to understand how humans interact with

one another. It has also expanded to encompass a more general set of nodes and

edges, and typically uses a different set of analytical techniques52. In addition

to understanding how social networks and human interaction occur and lead to

a variety of different outcomes, these fields have developed numerous techniques

to address the crucial assumption of many statistical models, which is that that

observations are independent. Below, I briefly describe the basics of social network

analysis (SNA), which I draw on in later chapters.

Constructing a network involves defining a set of individuals, or nodes, and the

connections between them, or edges53. There are a number of different terms across

fields for the same thing, such as nodes also being called vertices or actors, and

edges also being called links or arcs. In the case of a co-presence network, the edges

are formed when two individuals are co-present with one another. The first goal of

SNA is often description of a network, using a variety of well-understood metrics

with summary statistics. These include attributes of the network as a whole, such as

density, which is the fraction of observed edges of all possible edges that could exist

in the network. This also includes node-level attributes, such as degree centrality,

which is the number of edges each node is incident upon. In co-presence networks,

these metrics can impart important information about the patterns of co-presence

between people and their subsequent health. For instance, using measures of a

person’s degree in a co-presence network strongly predicted mortality54.3

More complex analytical methods can address the dependence issues directly.

For example, network structure can be modeled via Exponential Random Graph

Models (ERGMs), which can use any number of structural properties and nodal

attributes the likelihood of a network observation (given a Bernoulli baseline and

the vector of model coefficients, assuming a non-degenerate model)55. This includes

the tendency for triangles to form (triplets of nodes all connected to one another),

the likelihood for nodes with similar attributes to connect, or to propensity for a
3In Orth-Gomer and Johnson 54 , the population is a random sample from Sweden, and as such

avoids the dependency issue. I use a similar approach to sample only unconnected individuals as
a sensitivity analysis in Chapter 3.
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node to have many incoming edges. Modeling a network in this way allows one to

tease apart the tendency for different types of connections and structures to form.

When related to social phenomena, this can lead to insights about human social

interaction56. For instance, modeling a co-presence network with an ERGMs can

lead to insights about the ways in which people become co-present57.4

More complex still, when network data are longitudinal, methods such as

temporal ERGMS (tERGMS)58 and Stochastic Actor-Oriented Models, model the

change over time in a network59. These models typically use panel data, a series of

cross-sectional network data at specific points in time, and include specific functions

for how nodes create or destroy edges between time points. As a result, they

are an important bridge between static networks, and true temporal networks

which include data on a continuous time scale. Temporal ERGMs can lead to

important conclusions about how individuals become co-present on a more precise

temporal resolution than using static networks. Because co-presence is an often

transient occurrence, the networks of co-presence are able to change relatively

rapidly, necessitating the use of temporal methods. Although they are powerful

models, and can model time in a continuous manner, they work best with panel

data, or a series of cross-sections, which is different than the data I use in this thesis.

As a result, I use models focusing on networks where the data exists in continuous

time, which allows for a richer understanding of the underlying processes.

Networks where the data are in continuous time are otherwise known as temporal

networks60. By continuous time, I mean that each edge between two individuals

is present for a set period of time, rather than wholly extant or wholly absent.

This has important consequences for processes on networks when the rate of edge

formation or deletion is of a similar time-scale as the process occurring on the

network. For instance, research showed that there was a greater difference in results

when comparing a static and a temporal network, than when comparing static

networks to a homogeneously-mixing population (that is, considering a completely-

connected network)61. In the case of infections and co-presence networks, the
4I use ERGMs to form the basis of a null model, or baseline model, for simulations in Chapter

5.
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infection and changing co-presence occur at similar time-scales. In other words, the

rate at which an individual’s co-presence changes is of a similar time scale as to

the rate at which one’s infection status changes. If the rates are wholly different

(e.g. kinship edges and infection), then a static network is often adequate. As a

result, a temporal network is the most appropriate approach in the situation of

co-presence and infection, and I use them to help understand nosocomial spread

in Chapter 5. The methodology for analyzing temporal networks is less settled,

as this a very active area of research.

Social networks analysis therefore affords a key perspective and approach to

examining co-presence data. In the next section I turn to different ways of collecting

that data, and how utilizing electronic medical record and hospital administrative

data is a novel approach that can lead to important conclusions about co-presence

and human health.

1.3.1 Bipartite networks

As a brief aside, the analysis of bipartite networks is due special consideration. A

bipartite network is one where instead of a single type of node, there are two types

of nodes, which can form connections between, but not within, types. This is of

particular import, because co-presence networks as I define them here begin as

bipartite networks with patients and wards or ward bays as the two node types.

This mainly comes in the form of the unipartite, or one-mode, projection from

the bipartite network. This is done by manipulating the adjacency matrix. The

adjacency matrix of a one-mode network is square (has the same number of rows

and columns), with a value of 1 in the ith row and jth column indicating an existing

edge from the ith node to the jth node.

The adjacency matrix of a bipartite network, A, is an m× n matrix with nodes

of two different types, arrayed along the rows and columns of A. Each entry in

the matrix Aij is one if and only if there is an edge from node i to node j. By

multiplying the adjacency matrix by its transpose (A × AT ), one is left with a

one-mode square adjacency matrix that connects only one of the two types of nodes
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in the bipartite graph. The values of this matrix can be greater than one if the two

nodes have edges to more than one common node, but this is often simplified to be

a maximum of one. This resultant square matrix is the adjacency matrix of the

unipartite projection of the original bipartite network. The nodes are connected

if they share edges to at least one node of the second type.

Much network analysis on bipartite graphs, including the work in the following

chapters, uses these unipartite projections. This has specific implications for many

aspects of the unipartite network62. Constructing the unipartite projection typically

induces specific peculiarities which need to be accounted for. Therefore, when using

one-mode networks derived from bipartite networks, one needs to be cognizant of this

fact. Newman et al. 63 developed a method to determine the amount of transitivity

that would occur in a unipartite projection of a random bipartite network, and this

can be used to determine if observed transitivity is greater than expected by chance.

In later chapters, I address this issue by taking care to either create networks from

very precise ward bays (Chapters 4 and 5), or reducing the number of edges by

subsetting to only the strongest connections (Chapter 3).

1.4 Measuring co-presence

As stated, examining co-presence and its impact on health, particularly the spread

of infectious diseases, is not new. To reiterate, co-presence is when two people are

simultaneously in a space together. How the space is defined, what distance consti-

tutes co-presence, how long two people must be there for it to qualify as co-presence,

etc. are all aspects that must be defined by a researcher. Co-presence has been

measured using several approaches, including surveys64, synthetic populations65,

and more recently, sensor data45. These methods can also be combined to gain

unique information from each approach66. There is also administrative data, which

is the approach I take. However, to give an idea as to why I do not take these

other approaches, I first describe them as well as their strengths and limitations,

finally showing why this leads me to use Big Data67,68.
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Surveys or diaries can be used to collect co-presence data by asking participants

to recall with whom they were co-present recently69. The exact wording of the

questions varies based on the research questions at hand. The wording of the

question can also limit or exacerbate certain biases70. For instance, research

comparing surveys and sensor data found that shorter-term contacts are not as

well-represented in surveys as longer-term contacts71.

Functions creating simulated data by simulating co-presence networks from

well-known characteristics of human social behavior has resulted in explaining a

variety of outcomes without ever directly collecting co-presence data65,72. Studies

have shown that synthetic datasets can very closely approximate the results of

large-scale surveys on co-presence, indicating that this method can behave quite

well73. However, because the data are synthetic, there is no way to know whether

or not the data accurately represent co-presence.

Sensor data consists of giving participants some form of wearable device or app

that records when it is in close proximity to another device, often by Bluetooth,

Wifi, or RFID74. This allows for an accounting of co-presence unaffected by some

of the biases inherent in other approaches, such as recall bias. Additionally, it

can collect co-presence data at a much finer temporal resolution than survey data,

allowing for richer analysis75. However, sensor data also has flaws: it only works

on participants wearing the sensor, which can lead to unknown biases if only a

subset of people are fitted with one75.

In addition to being measured by multiple methods, co-presence has also been

assessed on populations or samples in a variety of locations, including academics at

conferences74, employees within office buildings76, students in schools77 and patients

and health care professionals in hospitals78. These populations provide particularly

appropriate uses of co-presence data, as it ameliorates some of the limitations

regarding biases in the aforementioned methods. These multiple populations have

allowed us to see how co-presence varies based on setting, generally finding that the

aggregate patterns of co-presence look very similar across settings67. This means
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that findings from co-presence in one context may generalize to others, expanding

the impact of studies using co-presence data.

One important issue in the collection of co-presence data is the large heterogeneity

of the quantities of co-presence involved. The time spent co-present can be a

difference of orders of magnitude from one end of the continuum to the other79.

This makes a number of standard quantitative techniques ineffective, such as using

a mean to describe central tendency, or applying an arbitrary cutoff to dichotomize

the distribution. One approach to addressing this issue is the contact matrix of

distributions, which fits a negative binomial distribution to the co-presence times

between people with a variety of predefined roles, or types of nodes80. However, if

only one type of node exists, then this method loses much of its ability to capture

important heterogeneity, as there are no between-class parameters to estimate. This

is one open problem to which I propose a potential solution in Chapter 3.

All of these methods have important limitations which limit their ability to

assess how co-presence affects health for patients in hospitals. Therefore, I turn to

Big Data, specifically electronic medical records (EMR) and hospital administrative

data (HAD). Although having limitations of its own, which I describe in more detail

in the discussions of Chapters 3, 4, and 5, quantifying co-presence using this data

ameliorates many of the limitations of the other methods described. Like sensor

data, it eliminates many biases inherent in self-reporting. Unlike much of sensor

data, because it is collected on the entire population of patients, it also removes

many potential biases from having non-representative samples. However, human

error may still be present. Next, I discuss some of the positives and negatives of Big

Data in general, and dive more specifically into how they work when using electronic

medical records and hospital administrative data. From a broader perspective, the

novelty in this thesis lies neither in using electronic medical records nor in studying

how co-presence affects health, but in the intersection of these two ideas.
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1.5 Big Data

To better understand how co-presence impacts health, it is important to use

data suitable for the questions at hand. Historically, this has meant collecting

data through surveys81 or observing social interaction over time via ethnographic

work82. However, these data sources are not necessarily equipped to answer several

open research questions related to co-presence effects on health which may be

relatively small. Large observational datasets, often called "Big Data", are becoming

ubiquitous and their use in answering scientific questions is becoming more prevalent.

Importantly, this is not to say that Big Data is superior to other discussed methods in

all aspects. Much of the work I present in later chapters would be augmented by the

use of other approaches due to their specific strengths. In this section, I will discuss

the various benefits and downsides of using Big Data, specifically as it pertains to

electronic medical records and administrative data and to answering questions about

co-presence and health. Big Data, although referring to a large variety of quite

heterogeneous data sources, often indicates a shared set of characteristics. These

characteristics can often be broken down into those that are generally positive,

and those that are generally negative.

1.5.1 The benefits of Big Data

Strengths of Big Data include that it 1) has many observations and 2) is constantly

updating83. These benefits allow one to use the data to answer questions not

typically feasible with other datasets.

The fact that Big Data is big is not surprising - it is stated in the name. Even

so, the evident importance of its size merits mention. It allows one to have a much

larger study population than would otherwise be feasible. For instance, what would

in the past have been only cost-effective in a case-control design, can now be done

for a similar cost using electronic medical records84. This is because the sheer

number of patients in many data sets allows even rare conditions to have large

enough sample sizes to provide adequate statistical evidence.
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Additionally, the size of the datasets allows one to detect relatively small effects.

This is because a large sample size will decrease the standard error of estimated

effects, allowing one to discern effects that would likely not otherwise reach statistical

significance. However, specific to the health care setting, the overriding force of

mortality due to the underlying morbidity is likely to overshadow any health changes

due to co-presence85. Although this is an exciting opportunity, this can lead to the

misuse and over-promising of Big Data. With a large enough sample size, almost any

effect will become significant, even if it is not clinically meaningful86. Researchers

must be cognizant of this possibility when conducting studies with Big Data.

The effects of co-presence on health are likely to fall within one of these categories

- rare or small effects - for a number of reasons. First, if they were large or

common, classical methods would have likely detected them sooner87. Second, the

likely mechanisms of the effect, such as stress reduction, are not large effects in

social interaction studies, and therefore are unlikely to be large when studying

co-presence31. Because of this, using Big Data to measure these effects means an

increased likelihood of detecting a signal relative to the noise.

The fact that Big Data sources are typically constantly-updating and receiving

new data and observations allows for many exciting analyses. For instance, many

longitudinal study designs using surveys are panels - a series of cross-sectional

surveys at predetermined times88. Many Big Data sources instead allow this

information to be collected in real or near-real time, providing a much more accurate

and realistic picture of the underlying changes in whatever is under study. As

stated previously, this allows one to use more complex methods, such as temporal

networks instead of tERGMS, which can allow for richer insight. Additionally,

once a system is in place to collect this data, collecting additional data is often

relatively trivial, and carries minimal costs.

This advantage carries an associated cost - that of data overload. This occurs

in two ways - lack of appropriate methodology and required computational power.

There are many methods for dealing with longitudinal data from a panel design.

Methods such as hierarchical linear models, growth curve models, and generalized
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estimating equations can appropriately model the association induced by having

multiple observations on a single person or unit of observation89. In approaches

where there are correlations within individuals over time and between individuals

due to an underlying social network structure, there are likewise advanced methods

for modeling panel network data, such as SAOMs59 or tERGMs58. However, in

both cases, the methods for continuous-time data are less well-developed. To

some extent this necessitates a bespoke approach to problems of continuous-time

data. The computational power required to conduct these analyses is also a

hurdle to overcome which is induced by the use of Big Data. To an extent, this

can be addressed using optimization methods. I demonstrate this approach in

Appendix A. Other than developing methods specifically with an eye to minimizing

computational complexity, a large amount of time can be eliminated from analyses

using proper techniques90. For instance, many networks are sparse, or contain an

overwhelming majority of absent edges, and sparse matrix methods can leverage

this to dramatically reduce computational time.

1.5.2 Limitations of Big Data

Although Big Data comes with important advantages, there are also potential

downsides, based on the generalization that Big Data is 3) non-representative of

some underlying population 4) controlled by parties with goals differing from the

researcher, and 5) often replete with sensitive data.

Big Data sources often contain information on a subset of individuals, and the

ways in which they enter the dataset means there is often some unknown selection

into the dataset. This can make generalizing to a larger population difficult,

particularly when researchers are used to working with probability samples91.

For instance, when looking at Twitter, only people who join Twitter would be

included in that dataset, and how Twitter users differ from non-Twitter users

is not well-understood92.

The sheer size of many large observational datasets means that they can only be

created and maintained by organizations with sufficient infrastructure and resources
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to do so. These parties generally control these datasets, and their priorities often

supersede those using the data for research, which can carry a host of difficulties

if a researcher is not careful. First and foremost, the data are rarely publicly

available, so getting access can be difficult. Second, the data are often incomplete

with respect to included variables, as what is of interest to a researcher may not

be of interest to the organization. Third, the organization’s interests can change

over time, and with it, the very structure of the dataset. Variables that were

once included may no longer be included because the organization decided such

variables were not needed. Fourth, the way the dataset works may have endogenous

functions that inherently confound the data. For instance, a well-known social

phenomenon is that of triadic closure - an individual’s friends who are initially

unknown to one another are more likely to come to know one another as a result of

their common third-party93. However, one cannot easily ask whether this occurs in

Facebook friendships, since Facebook endogenously recommends friends-of-friends

as potential friends94. Although all of these downsides can be mitigated if the

dataset is under the researcher’s control, the cost of implementing, running, and

maintaining such a dataset can be prohibitive, and so researchers must often work

with the owners of these datasets. Many of these limitations can be avoided if a

researcher works with the owning party, and shows how removing some of these

limitations may benefit those owning the data.

In addition to the concerns of their owners, large observational datasets ne-

cessitate concern about the individuals composing them, as such datasets may

contain sensitive information on said individuals. Hospital administrative data

has Personal Health Information (PHI), mobile phone data has private records of

who-called-whom, etc. Very recently, Facebook has come under heavy scrutiny

for their releasing data to third-party researchers, such as Cambridge Analytica,

without getting individuals’ consent95. Again, the very size of these datasets can be

problematic, as the sheer amount of data on individuals may be enough to eliminate

anonymization96. Coincidentally, the European Union (EU) government had passed

a law in 2016 which fully came into effect in 2018, shortly after the Cambridge
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Analytica scandal. This is the General Data Protection Regulation (GDPR), and

aimed to put the consent for data usage back in the hands of consumers97. This

regulation will impact researchers using large observational datasets in the future,

including those using health care data. Irrespective of regulation, researchers need

to be aware of potential breaches of anonymity when using large datasets, and

proactive in mitigating these risks.

Of course, all the discussion of data used to collect co-presence information has

so far presupposed that one is conducting an observational study. There is also

the potential for a randomized clinical trial (RCT), the gold standard of assessing

causal effects. Any of the data sources thus far mentioned could be used as part of

an RCT, with co-presence appropriately randomized. However, RCTs are expensive,

and are mainly designed to pinpoint an effect size rather than determine whether an

effect exists98. Here, I ask questions that have not been asked before, and therefore

an RCT is not appropriate at this stage of the research trajectory. Once I have

established that there appear to be clinically-significant effects of co-presence on

health by the end of this thesis, then an RCT becomes a potential next step to

examine the precision of the results determined herein.

1.5.3 Hospital Administrative Data and Electronic Medical
Records

Above, I have outlined the positives and negatives of using Big Data for research.

In this thesis, I use Hospital Administrative Data (HAD) and Electronic Medical

Records (EMR). How these benefits and negatives apply to this data merits a

discussion of the strengths and limitations specific to this type of Big Data.

Although they are often used interchangeably, HAD and EMR refer to subtly

different things99,100. EMR is data that is directly taken from a patient on the status

of their health. This includes information such as diagnoses and test results. HAD,

on the other hand, is data collected by the hospital for the purpose of accounting

for the patient in the system, and often for billing. This includes information such

as when a patient entered and left a hospital ward.
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An important distinction then, is between diagnoses, which are the actual medical

morbidity as identified by a doctor, and between coding systems like the International

Classification of Disease, 10th edition (ICD-10), which document conditions and

treatments101. The diagnoses themselves are encoded in a patient’s EMR, while

the ICD-10 code, which is often used for billing purposes, is included in the HAD.

EMRs may also have more complete information; for instance, an EMR may contain

the results of a blood test, whereas the HAD would only note that a blood test was

ordered. Both types of data are therefore needed for a complete understanding of

a patient’s health and the hospital’s response to said health. Because the ICD-10

are often used for billing, there is not a one-to-one correspondence between the

specific medical condition and the documented ICD-10 code. Because of this, the

ICD-10 codes often serve as an important proxy for diagnoses102.

Fortunately, both of the major benefits of Big Data hold up in HAD and EMR.

The data contain many observations, and are consistently updated. One minor

caveat is that unlike many datasets that rely only on digital products and can

be updated in perfectly real-time, HAD and EMR must interface with a physical

system. Because of this, much of the data need be entered by a human coder, and

as such is susceptible to error. In addition, it can be affected by various human

tendencies, such as integer rounding and typos or non-uniform shorthand. For

instance, ward entry and exit times are "heaped", or clustered at even numbers like

the top of the hour. Fully automated systems would be able to capture the exact

time, but there is likely some error in the time entry of these data systems103. For

this reason, in this thesis, I generally perform analyses at hour intervals, as that is

the most precise unit of time where measurements are accurate104.

While the benefits of Big Data apply to HAD and EMR, some of the negatives

are ameliorated in the specific case of HAD and EMR. Most importantly is that of

generalizability and the patient population. Whereas the users of Facebook and

Twitter are not a random sample of the underlying population, patients in a hospital

are more likely to be representative of patients from the hospital’s catchment area.

This is particularly true in countries with single-payer insurance systems like the
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UK, where low Socio-Economic Status (SES) patients are no less likely to use

the health care system than higher-SES patients105,106. To be clear, that is not

to say there are important systemic disparities in health care in these countries,

only that the issue of access is not a major cause of these disparities. In these

countries, the population in the dataset is therefore often very close to the general

population, and so the results are highly generalizable.

The issue of sensitivity of personal information is also less problematic when

using this data. Not because the data are less sensitive, but precisely because they

are very sensitive, and have been recognized as such for a long time. There have

been rules in place on the proper handling of PHI for many years, and these have

generally transitioned to EMR and HAD97,107. This does not mean researchers can

become complacent when using EMR and HAD, but it does mean that potential

pitfalls will often be caught before they can cause harm.

The other downsides of Big Data, stemming from the ownership of the data are

generally not ameliorated in the case of EMR and HAD. Researchers still need to

gain access to these datasets. Researchers often have little say over what variable is

or is not included. The dataset will change over time, particularly as the hospital

system is altered based on policy changes at the national level97. Smaller changes,

such as renovation, may also implicitly impact the data without any clear indication

that it has occurred. For instance, in the data I use, a chemotherapy ward was closed

in 2009, and a brand-new one with a different layout opened. Had I been unaware of

this, the data in Chapter 3 would have been intractably confounded with this change

midway through the data. However, as long as the researcher is cognizant of these

potential issues, and reacts accordingly, their impact can be minimized or absorbed.

1.6 Summary

From the above, it should be clear that a number of health outcomes may depend on

co-presence, and that Big Data in the form of HAD and EMR offers an exciting new

way to measure co-presence to further understand its effect on health. Although

co-presence could be measured in a hospital without using HAD, it would be
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immensely inefficient, and this is likely a large part of why the above gaps in the

literature exist. At the same time, using HAD to study exposures relating to social

interaction other than co-presence would be difficult, if not impossible. This is

because hospitals set up their EHR and HAD to capture the information that is

of interest to them, and not necessarily to researchers. This does not include data

detailing who-talked-to-whom or about a patient’s feelings - these are beyond the

general scope of physicians’ interactions with patients. In this manner, Big Data

and co-presence in hospitals go hand-in-hand, and can be used to answer many

research questions across disciplines that have up to now been elusive.

1.7 Aims

Based on the specific gaps in the literature I have identified in previous section,

combined with the benefits of using HAD and EMR above, I propose the following

aims for this thesis. I will address each aim in a separate chapter. Aim 5 will be

addressed in an appendix, as it is a methodological improvement rather than

a substantive question.

Aim 1: Describe a large database comprising administrative data and electronic

medical records. In addition to describing this specific dataset, I describe more

generally the ways in which networks can be constructed from data of this type.

I do this in Chapter 2.

Aim 2: Determine whether there is evidence of social influence between

chemotherapy patients based on co-presence (Chapter 3). Given the open layout

of a chemotherapy ward, the timing of patient schedules, and the importance of

social support outside the chemotherapy ward, I believe that this setting is the

most likely place to observe social influence based on patient-patient co-presence.

To assess this, I develop a novel method to detect significant co-presence, or when

two patients are co-present more than expected by chance. I also perform a number

of sensitivity analyses to see if other factors could have lead to the same results.

Aim 3: Assess how well a count of the hours of co-presence with a patient

suspected of an infection performs as a screening test for infection (Chapter 4).
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Although co-presence is a known risk factor for infection, and forms the basis of

containment strategies like ring vaccination, the exact relationship between quantity

of co-presence and risk of infection is not known. I quantify this relationship for five

important communicable diseases, both bacterial and viral, and with different modes

of transmission, to assess the efficacy of this test. I also quantify how many hours

earlier each patient’s infection may have been detected if using this test in real-time.

Aim 4: Develop a model to detect subclinical infection based on EMR and HAD,

particularly including co-presence with infected patients (Chapter 5). By subclinical

infection, I mean a bloodstream infection that does not result in symptoms and has a

bacterial/viral load below the standard test’s minimum threshold. To do so, I build

a random forest model (a machine learning method for classification) containing

demographics, health information, biomarker levels, and co-presence with infected

individuals. I assess whether identified subclinical patients experience negative

outcomes to themselves, and to subsequently affect nosocomial outbreak dynamics.

I also perform validation analyses to assess whether the model works as intended.

Aim 5: As part of understanding subclinical infection, I develop a computa-

tionally efficient method for the colored triad census on networks (Appendix A).

This method builds on a paper by Moody 108, and uses matrix multiplication to

calculate the triad census. It takes only 1.5 days on a network of 10, 000 nodes,

much improved relative to the standard approach of counting each triad individually.

I apply the algorithm to the Zachary Karate Club network109, and find that the

method allows one to understand homophily, bridging, and their intersection all

within one analysis simultaneously.



2
Data and study population

Contents
2.1 Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
2.2 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
2.3 Oxfordshire population . . . . . . . . . . . . . . . . . . . 29
2.4 Data population . . . . . . . . . . . . . . . . . . . . . . . 30

2.4.1 Demographics . . . . . . . . . . . . . . . . . . . . . . . . 31
2.4.2 Mortality and morbidity . . . . . . . . . . . . . . . . . . 32
2.4.3 Stay characteristics . . . . . . . . . . . . . . . . . . . . . 37
2.4.4 Ward information . . . . . . . . . . . . . . . . . . . . . 38

2.5 Networks from administrative data . . . . . . . . . . . . 41
2.5.1 Co-presence network . . . . . . . . . . . . . . . . . . . . 44
2.5.2 Ward transfer network . . . . . . . . . . . . . . . . . . . 48
2.5.3 Disease network . . . . . . . . . . . . . . . . . . . . . . 50
2.5.4 Physician network . . . . . . . . . . . . . . . . . . . . . 53

2.6 Study populations . . . . . . . . . . . . . . . . . . . . . . 55

2.1 Abstract

In this chapter I aim to orient the reader to the data I use throughout the rest of

the thesis. I first describe the data and the types of variables it contains. I then

contextualize the data with information regarding the catchment population in

Oxfordshire, UK. Next, I characterize the data with a wide variety of statistics and

visualizations to provide a general impression of how it may or may not relate to

27
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the underlying population. Diving further into visualizations and the strengths of

electronic medical records and administrative data, I explore in detail the ways

these types of data can be used to relate observations to one another in the form of

networks. This includes networks such as patient-patient co-presence networks (the

basis of this thesis), as well as co-morbidity networks, and other types of networks.

Finally, I show how I divide the data into subsets which form the basis of the study

populations in the subsequent substantive chapters in the thesis.

2.2 Data

The data used throughout this thesis are subsets of the Infections in Oxfordshire

Research Database (IORD)110. This database was created by merging administrative

data and electronic medical records of all the patients seen in the Oxford University

Hospitals (OUH) System from 2000 to 2015. Records were linked using standard

methods, and errors were identified and corrected using graphical analysis111.

Records are anonymized at the patient level1.

For each patient utilizing the health care system in Oxfordshire, the database

contains data on their basic demographics (sex and birth date). Each patient’s

flow into and out of the health care system is included: each patients entry to and

exit from the system constitutes one stay. Each stay is divided into ward spells,

with one spell comprising an entry to and exit from a ward. All of these entry

and exit times are recorded, as are the reasons for the transfer (e.g. admission

and discharge). Prior to 2011, ward bay is the highest spatial resolution of patient

location included. From 2011 onwards, a patient’s bed number is included.

Patients’ health records are also recorded, including ICD-10 codes101. ICD-

10 codes are primarily a coding scheme used for billing purposes, but have been
1It is important to note that although patient records do not have names attached, it is quite

likely that individuals’ identities could be reconstructed from the precise nature of the data here.
Because of this, sharing this data, even in its anonymized form, could cause harm to patients
through the risk of identification. Even in aggregate data, an individual may be identified if the
number of patients in a specific category is small enough. For this reason, in collaboration with
colleagues I only shared aggregate data with at least 5 patients in a given category.
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shown to be highly correlated with actual diagnoses112,102. I therefore use ICD-10

codes as a proxy for diagnoses.

Blood and microbiological test orders and their results are included. Both tests

list the time, type of test, value of the result. In addition to a positive/negative result,

microbiological tests that return positive further show any antibiotic resistances

detected in the strain.

Finally, a patient’s admitting physician is known. The admitting physician is

on a patient’s multi-disciplinary team (MDT), and is at least partly responsible for

decisions regarding the patient’s health. For this reason, I use admitting physician

as a proxy to account for physician-specific effects. Similar information is not

available regarding nursing staff, which is a limitation of these data.

2.3 Oxfordshire population

The catchment area of the IORD is the county of Oxfordshire. People residing in

this area have a primary care physician (PCP) and a hospital for all specialties

within the county. The county of Oxfordshire contains 678, 000 people, including

students and military113. In addition to those residing in Oxfordshire, the OUH

is responsible for those temporarily in the county.

The population is aging, but has a large proportion of University-aged students

(Figure 2.1). In the past decade, the population has aged, which has important

implications for the utilization of health care, both within Oxfordshire and across

the country. Migration has also increased in Oxfordshire since 2009, accounting for

at least one third of total population growth (Figure 2.2). This has had important

consequences on the utilization of health care, particularly for morbidities not

common in the English population of Caucasian ancestry. The non-zero migration

into Oxford shows that the population in Oxfordshire is an open, rather than

a closed, cohort. This precludes certain analyses that require a closed cohort.

However, if an individual was born in Oxfordshire, they will appear in the dataset

with a record on their birth date and an ICD-10 code corresponding to birth. In

this manner, the closed cohort of individuals born in Oxfordshire can be inferred
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Figure 2.1: Comparison of age pyramids of Oxfordshire 2015 and 2005 populations.
Orange and blue bars represent female and male populations in 2015, respectively. Black
outlines represent populations in 2005. Reprinted from Oxfordshire’s Health and Wellbeing
Board 113 .

from the data. This information can therefore be used to separate out natural

change (i.e. births and deaths) from migration.

2.4 Data population

Oxford University Hospitals NHS Trust provides >90% of hospital care and all

acute services in Oxfordshire. It includes two large acute-care teaching hospitals,

one specialist orthopedic hospital, and a number of smaller community hospitals

in Oxford and one district hospital 35 miles north.
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Figure 2.2: Comparison of sources of population growth from 2002 to 2015. Population
growth is divided into "Natural change" which includes births and deaths, and "Migration
and other" which includes any movement into or out of Oxfordshire, including to or from
elsewhere in the UK. Reprinted from Oxfordshire’s Health and Wellbeing Board 113 .

2.4.1 Demographics

Overall, the dataset comprises 779,624 individuals, 365,860 of whom are male

(46.93%), and 413,674 of whom are female (53.06%). Looking at the most recent

year in the data (2015), there are 120,809 individuals, 55,137 of whom are male

(45.64%), and 65,670 of whom are female (54.36%). With respect to age, as of

their earliest use of the health care system in 2014, patients were an average of

46.73 years old (SD=27.17). The distribution of patients’ age and sex can be

seen in Figure 2.3. This distribution is highly skewed towards older patients and

infants. For females, there is a spike in health care utilization from age 20-45,

which is likely the result of pregnancy-related health care. I also see the rates of

male hospitalization outpace those of females beginning at age 55, and continuing

until age 80, the life expectancy of men.

Importantly, the data do not contain information about race or location. Post

codes in the UK are highly specific, and having access to the post codes would

compromise anonymity. Race is not collected by the NHS. The population of

Oxfordshire is highly homogeneous, and race would potentially not include sufficient

variability to be inferentially informative.
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Figure 2.3: Age and sex distribution of patients in the IORD in 2014. Patients were
included if they had a hospital spell beginning or ending in 2014. If a patient was observed
multiple times, then their age as of their first visit in 2014 was used.

2.4.2 Mortality and morbidity

Fifty percent of patients survive to age 87 (Figure 2.4). The oldest patient in

the dataset lived to past age 110.

In total, there were 4,748,758 ICD-10 code instances (not unique) in the dataset.

This comprises 11,197 unique ICD-10 codes, of over 14,400 possible codes in the

5th edition114. The distribution of these diagnoses is shown in Figure 2.5. The

distribution is heavy-tailed, with many codes appearing very few times, and a
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Figure 2.4: Kaplan-Meier curve of survival times for patients observed at least once in
the IORD. Death dates are only missing if a person moved outside of the EU and then
died. Survival time was calculated by determining the difference in years between birth
date and death date or the end of the data (1 Jan 2015), whichever came first. If the
latter, patient’s survival time was censored.

few codes appearing a very large number of times. However, it is not power-law

distributed, as the density plot is not approximately linear on the log-log scale.

Instead, the tails are heavier than they would be in a power-law distribution, as the

curve is convex. This is important if one were to simulate distributions of ICD-10

codes in patients. This may also give some insight into how diagnoses co-occur

within people, and may merit further study. The minimum count is one (although

ICD codes exist that did not appear in the dataset, I do not show the number of

codes with zero uses), and the maximum count is 107,624.

To investigate the heavy end of the tail, I show the 20 most common diagnoses

in Table 2.1. After hypertension, chemotherapy-related ICD-10 codes are the most

common. When the diagnoses related to birth, pregnancy, and other non-terminal

diagnoses are removed, the table largely reflects the main causes of death in the

UK115. Interestingly, the difference between live births and live births in hospitals
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Figure 2.5: Distribution of ICD-10 diagnoses used in the data. Codes were rank-ordered
according to their usage, and plotted on a log-log scale. The plot shows the data are
heavy-tailed. The minimum count for a diagnosis is 1 rather than 0 because I omit any
ICD-10 codes which do not appear in the dataset. The density drops to 0 following 1 and
2 diagnoses due to the log-sclae of the x-axis. There is comparatively more width between
these numbers than between latter numbers, allowing the smoothing function to reduce
the density to zero in-between these integers.
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Diagnosis Proportion
Essential (primary) hypertension 0.024

Encounter for antineoplastic chemotherapy and immunotherapy 0.023
Single live birth 0.020

Single liveborn infant, born in hospital 0.019
Type 2 diabetes mellitus without complications 0.010

Atrial fibrillation and flutter 0.010
Unspecified cataract 0.008

Atherosclerotic heart disease of native coronary artery 0.008
Pure hypercholesterolemia 0.007

Other and unspecified asthma 0.007
Second degree perineal laceration during delivery 0.006
Malignant neoplasm of breast of unspecified site 0.005

Personal history of diseases of the circulatory system 0.005
Urinary tract infection, site not specified 0.005

Tobacco use 0.005
Noninfective gastroenteritis and colitis, unspecified 0.005

Sleep apnea 0.004
Chronic ischemic heart disease, unspecified 0.004

Nausea and vomiting 0.004
Secondary malignant neoplasm of liver and intrahepatic bile duct 0.004

Anemia, unspecified 0.004
Other specified pregnancy related conditions 0.004

Angina pectoris, unspecified 0.004
Unspecified acute lower respiratory infection 0.003

Secondary malignant neoplasm of bone and bone marrow 0.003

Table 2.1: 25 most common diagnoses in the patient population, as measured by
proportion of all ICD-10 diagnoses. ICD-10 codes were left at their most specific value
rather than grouping similar codes under common groups of morbidities. The underlying
total of ICD-10 codes in the dataset was 4,748,758.

can ostensibly be used as an indicator of how many and which births occur at

home or other locations outside of the hospital. This could be a useful way to

study the differences between health outcomes of hospital vs. home or outside of

Oxfordshire births. With respect to co-presence, this could also be used to observe

the effects of patient-patient co-presence for infants.

Subsets of diagnoses play an important role in subsequent chapters, specifically

cancer and infectious diseases. I therefore examine just diagnoses pertaining to

these diseases, and their relative frequencies. In Table 2.2, there are diagnoses

related to cancer of the breast, liver, and bone. There were a total of 366,025
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Cancer diagnosis Proportion
Malignant neoplasm of breast of unspecified site 0.071

Secondary malignant neoplasm of liver and intrahepatic bile duct 0.053
Secondary malignant neoplasm of bone and bone marrow 0.044

Malignant neoplasm of bladder, unspecified 0.043
Acute lymphoblastic leukemia 0.034

Malignant neoplasm of unspecified part of bronchus or lung 0.031
Malignant neoplasm of rectum 0.029

Malignant neoplasm of prostate 0.026
Secondary malignant neoplasm of lung 0.026
Non-Hodgkin lymphoma, unspecified 0.024

Multiple myeloma 0.023
Malignant neoplasm of ovary 0.022

Myelodysplastic syndrome, unspecified 0.020
Other and unspecified malignant neoplasm skin/ and unsp parts of face 0.019

Acute myeloblastic leukemia 0.018
Malignant neoplasm without specification of site 0.017

Malignant neoplasm of colon, unspecified 0.016
Secondary malignant neoplasm of retroperiton and peritoneum 0.016

Malignant neoplasm of esophagus, unspecified 0.014
Malignant neoplasm of sigmoid colon 0.012

Leiomyoma of uterus, unspecified 0.012
Secondary and unspecified malignant neoplasm of intra-abdominal nodes 0.012

Chronic lymphocytic leukemia of B-cell type 0.011
Unspecific malignant neoplasm of axilla and upper limb nodes 0.010

Malignant neoplasm of pancreas, unspecified 0.010

Table 2.2: 25 most common cancer-related diagnoses in the patient population. ICD-10
codes relating to infection were selected by counting all ICD-10 codes in the chapter
on neoplasms. ICD-10 codes were left at their most specific value rather than grouping
similar codes under common groups of morbidities. The underlying total of ICD-10 codes
pertaining to cancer in the dataset was 366,025.

diagnoses pertaining to cancer in the data between 2000 and 2015. When looking

at the relative frequencies of the most common cancer-related diagnoses, these

therefore take the top 3 positions (Table 2.2). The most common cancers in the

dataset generally reflect the most common cancers in the UK116.

Although three cancer types are relatively common in the data, no infectious

disease is seen is Table 2.1. There were a total of 45,390 diagnoses pertaining to

infectious diseases in the data. Unspecified viral infection is the most common with

5,429 cases, at an overall rank of 141 (Table 2.3). The top four most common specific

species of infectious disease are S. aureus, E. coli, C. difficile, and Pseudomonas

species. These common bacterial diseases, along with norovirus, form the basis
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Infectious disease Proportion
Viral infection, unspecified 0.120

Sepsis, unspecified organism 0.096
Staphylococcus aureus as the cause of diseases classified elsewhere 0.078

Escherichia coli as the cause of diseases classified elsewhere 0.075
Enterocolitis due to Clostridium difficile 0.063

Viral intestinal infection, unspecified 0.045
Infectious gastroenteritis and colitis, unspecified 0.039

Other viral agents as the cause of diseases classified elsewhere 0.035
Chronic viral hepatitis C 0.033

Pseudomonas (mallei) causing diseases classified elsewhere 0.030
Other bacterial agents as the cause of diseases classified elsewhere 0.027

Candidal stomatitis 0.019
Unspecified staphylococcus as the cause of diseases classified elsewhere 0.013

Sepsis due to other Gram-negative organisms 0.013
Candidiasis of other sites 0.013

Unspecified streptococcus as the cause of diseases classified elsewhere 0.011
Acute hepatitis C 0.011

Sepsis due to Staphylococcus aureus 0.010
Varicella without complication 0.010
Zoster without complications 0.010

Staphylococcal infection, unspecified site 0.010
Other streptococcus as the cause of diseases classified elsewhere 0.009

Streptococcus, group B, causing diseases classified elsewhere 0.008
Viral meningitis, unspecified 0.008

Klebsiella pneumoniae as the cause of diseases classified elsewhere 0.007

Table 2.3: 25 most common infectious disease diagnoses in the patient population.
ICD-10 codes relating to infection were selected by counting all ICD-10 codes in the
chapter on infectious diseases. ICD-10 codes were left at their most specific value rather
than grouping similar codes under common groups of morbidities. The underlying total
of ICD-10 codes pertaining to infection in the dataset was 45,390.

of my work in chapters 4 and 5.

2.4.3 Stay characteristics

The patterns of time patients spend in the hospital is important, as it relates to how

patients can overlap with one another. For example, the potential for overlap in

in-patient wards is very different from out-patient wards. To examine this, I looked

at the general stay and spell properties of patients. To reiterate, a stay is defined as

the interval between when a patient enters and leaves the health care system. A spell

is likewise the interval between a patient entering and leaving one hospital ward.
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The mean stay length was 86.43, with a standard deviation of 5,427.71 hours.

This large deviation was primarily due to the vastly different stay lengths implied

by inpatient vs outpatient visits (Figure 2.6). Additionally, there was heaping

observed at 24, 48, 72, and 96 hours, transitioning into a smooth curve after four

days of stay length. The trough at ~15 hours likely reflects patients not being

discharged overnight (e.g. a patient entering at noon would not be discharged

between 6PM and 8AM, or 6-22 hours after entry). This indicates that there is

underlying hospital procedure that makes certain stay length more common than

others. At a minimum, this is likely partially driven by the working hours of those

responsible for discharging patients, as patients can only be discharged when at

least one such person is active. For out-patient wards, which generally are not open

at night, stays can be no longer than the full opening hours of the ward.

Looking at spell lengths, I observe a similar pattern (Figure 2.7). This is

largely because 56.81% of stays are comprised of a single spell. The mean spell

time was 64.03 hours with a standard deviation of 214.51 hours. I see similar,

but not identical, heaping at the times as observed in Figure 2.6. The times are

slightly lower for spells rather than stays, since each stay consists of a minimum

of one spell, but often more than that.

2.4.4 Ward information

Understanding not only how patients spend time in the health care system, but

also how they traverse the system is important, because the transfers a patient

experiences (or doesn’t) may have implications for their health and eventual

outcomes117,118,119. This can be partly understood through the characteristics

of the wards themselves. This can be further understood via the ward transfer

network, which I describe in the following section.

Ward transfers are limited by the size of the ward. The distribution of the

occupancy of all 145 wards is shown below (Figure 2.8). I calculated this from

the data by counting the maximum number of patients observed in the ward at

any one time. The size of each ward sets a limit on how many patients can be
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Figure 2.6: Distribution of hospital stay length times. Hospital stays are defined as the
time between when a patient enters and leaves the health care system. Maximum peak
occurs at 4.5 hours. Other peaks exist at 0.5, 1, 12, 24, 48, and 72 hours.

co-present with one another at any given time in a given ward. In certain situations,

this needs to be controlled for, as co-presence in a ward with five spaces may be

different than co-presence in a ward with 100.

Also important is the layout of each ward. Wards may be open, partially open, or

composed of individual rooms. Co-presence in these cases may also be qualitatively

different. From 2011 onwards, ward information includes more specificity, sometimes

down to the bed. This allows for a more precise understanding of patient location

within wards, which may relate to the social and biological processes I studied here.



2. Data and study population 40

0.0

0.2

0.4

0.6

−4 0 4 8 12

D
en

si
ty

Log (hours spell time)

Figure 2.7: Distribution of hospital spell length times. Hospital spells are defined as
the time between when a patient enters and leaves a single hospital ward. As such, each
hospital stay comprises one or more hospital spells. Peaks exist at 0.5, 1, 3.5, 11, 20, and
44 hours.

Finally, some wards are in-patient, meaning patients check into the ward and

stay for longer periods of time. Other wards are out-patient meaning a patient enters

the ward and leaves the same day, often after a specific procedure is performed. 90

wards were in-patient and 55 wards were out-patient. I determined this by noting

which wards had zero patients in them overnight, as out-patient wards operate

on regular business hours and close overnight.
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Figure 2.8: Distribution of maximum ward occupancy in 2010. Maximum occupancies
were determined algorithmically by observing the number of patients concurrent in the
ward at any given time, and taking the maximum number over the course of 2010. This
method assumes each ward was at capacity at some point in 2010.

2.5 Networks from administrative data

One of the goals of this thesis is to show the ways in which administrative data can

be used above and beyond its original vision of monitoring patients. One of these

is the interconnectedness between observations. Entries in an electronic medical

record are designed to connect all of a patient’s stays and medical tests together

such that all the relevant information on a patient can be accessed. However,

they are rarely used to relate patients to one another, despite the many ways to
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do so based on the richness of the data collected. Specifically, the data therein

has many interconnected data points which can be used to construct networks.

These networks typically take the form of bipartite networks: those where two

types of nodes exist, and there are connections between different types of nodes,

but not between nodes of the same type120.2

The main network I will use for my analyses is the patient-patient co-presence

network, which is the unipartite projection of the patient-ward bipartite network.

From this network, the patients who are together in a ward or a ward bay at the

same time are linked together. However, there are a number of other important

networks that can be obtained from the data. For example, diseases can cluster

in patients, patients can move from ward to ward, and doctors can share patients.

In this section, I survey the types of relational and network data that can be

constructed from the IORD. Although what I show below is specific to the IORD,

much of it can be generally applied to electronic medical records and hospital

administrative data. In addition to constructing the networks, I also reveal some

basic insights that can be learned from this approach.

The networks I use are summarized in Table 2.4. These networks are the co-

presence network derived from the patient-ward and the patient-ward bay bipartite

networks, the disease network derived from the patient-diagnosis bipartite network,

the physician network derived from the patient-physician bipartite network, and

the ward-transfer network derived from the patient-ward bipartite network but

using the alternative unipartite projection of the co-presence network. Importantly,

all of these types of networks have been used in the literature to make important

conclusions about health care and human health. The table also includes some

basic network statistics for each network53.

2For a brief discussion of bipartite networks, see Chapter 1.
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2.5.1 Co-presence network

Importantly, there are few cases of the ward co-presence network in the literature,

and it therefore represents one of the major novelties of this work. Some studies

examining the trajectory of infections in a nosocomial outbreak implicitly use

the ward co-presence network when examining which patients were at risk of

infection121. Some studies have examined co-presence as measured by devices

sensing one another67,75. Other studies use a hospital ward as a focal point or

inclusion criterion for entry into the study, but do not examine any of the patterns

between patients once in the ward. However, no study to my knowledge has yet

used EMR and HAD specifically to create a co-presence network.

First, as it is the most central to the thesis, I show a general co-presence network

taken from just one month of the data, January 2010 (Figure 2.9). I briefly discuss

some general points of this network here; for a more thorough discussion of these

types of networks, see Chapters 3, 4, and 5. Importantly, I create this network

based on both ward co-presence, and ward bay co-presence. A ward bay is a subunit

of a ward, and allows for more meaningful co-presence information. As stated in

Chapter 1, co-presence largely serves as a proxy for social interaction or for the

transmission of biological vectors. Although some wards are a single, open room

where patients can interact (e.g. the chemotherapy ward), some wards contain

multiple individual rooms. In these cases, co-presence based on just the ward

may not actually indicate that patients were in view of one another. Ward bays

make this assumption more plausible. Based on this, there is a clear difference

in network density (Table 2.4), as the ward bay removes may edges that are

present in the ward-level co-presence network. As can be seen when comparing

Figure 2.9 A and B, the more than double density of B obscures the ability of

one to observe meaningful edges with the naked eye, whereas they are observable

in the ward bay co-presence network.

There is also clustering based on age. Nodes of similar sizes are more likely to be

connected to one-another than to patients of disparate ages. This is because many

types of morbidities are specific to life-stage, and wards often contain patients with
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Men
Women

Figure 2.9: Patient-patient co-presence network in 2010 using a Fruchterman-Reingold
layout. Nodes represent patients, and edges between nodes indicate that the two patients
were co-present in A) a ward bay or B) a ward, for at least one hour. Edge opacity is
proportional to how much time patients were co-present. Node size is proportional to
how long the patient was in a hospital over the year. Node color is based on the most
coarse grouping of ICD-10 codes representing the patient’s first primary diagnosis during
the year.
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similar morbidities. For example, obstetric wards contain women of child-bearing

age. This, combined with sex segregation in some ward bays, also explains the

sex homophily observed in the network.

The transitivity for both of these networks (as well as the latter networks) is

relatively high. This is largely a result of the unipartite projection of the bipartite

network120. Because any set of n patients simultaneously in a ward automatically

forms an n-clique (a subgraph where all n nodes are connected to all other n− 1

nodes) when the unipartite graph is created, this high transitivity and creation

of triangles inflates both of these terms. Here, using the ward bay instead of

the ward only lowers the transitivity slightly, despite the much-reduced density

relative to using the ward level.

I also separate the co-presence networks of in-patients (Figure 2.10) and out-

patients (Figure 2.11). An in-patient is defined as any patient who was in the

hospital for at least one night, and an out-patient if not. This distinction is

important because these wards are separate, and patients in them are subject to

different protocols and exposures. In later chapters, I often subset to only either

out-patient (Chapter 3) or in-patient (Chapters 4 and 5) wards. In-patient status

was defined solely from the HAD. Importantly, the number of ward bays in the

two networks do not sum to the number of ward bays (Table 2.4) in the total

co-presence network because some in-patients begin in an out-patient ward, but

based on their diagnosis may be rapidly moved to an in-patient ward.

The in-patient network (Figure 2.10) shows patients who remained in the

hospital for at least one night. This constituted 36.8% of the patients in the system

over the period examined for the figures, and this stays relatively constant over

the entire period of the data. One can observe many distinct ward bays in this

network based on the clusters of patients who are tightly connected to one-another,

but have no connections to other patients. Despite these highly-clustered wards,

the network as a whole is more dense but less cohesive than the overall co-presence

network. This is likely because other in-patients are transferred between wards
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Men
Women

Figure 2.10: Patient-patient co-presence network in 2010 for in-patients only. Nodes
represent patients, and edges between nodes indicate that the two patients were co-present
in a ward bay for at least one hour. Edge width is proportional to how much time patients
were co-present. Node size is proportional to how long the patient was in a hospital over
the year. Node color is based on patient sex, and node size is proportional to patient age.

to receive different procedures, or as their condition changes, which can lead to

connections between patients that are not transitive.

The out-patient network (Figure 2.11) shows patients who were in the hospital

for a maximum of one working day (63.2% of patients). Interestingly, one can

immediately distinguish the maternity ward from this network, as it shows high

age heterogeneity via the large and small dots, and by the sex homogeneity of large
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nodes indicating the delivering mothers. This goes to show the potential benefits of

visualizing these types of networks before even considering the quantitative aspects

of the network. Although the density of this network was slightly higher than the

overall network, the transitivity was extremely high, at 0.96. This is largely because

out-patients do not experience many ward transfers, they enter the hospital into a

single ward and leave from that same ward. Therefore the only way transitivity

does not occur is if two other patients overlap with the first patient, but not with

one-another. If one assumes patients enter the ward at a uniform rate, and are

there for equal amounts of time, a set of three patients would have a 78% chance

of being transitive3. However, when one factors in the beginning and the end of

the work-day, this would be increased substantially, particularly as the average

stay length increases. This would also be affected by the fact that HAD is not

precisely continuous due to the reasons described previously.

2.5.2 Ward transfer network

Also important to understanding co-presence is the propensity for patients to move

between wards. A ward transfer is an important event in a patient’s health care

trajectory, and often represents either a serious complication, or overcrowding122.

Because of this, the ward transfer network reflects both information regarding

the hospital’s policies and external pressures such as an increase in disease rates

and information regarding individual health status. The ward transfer network

comprises wards which are connected if a patient is transfered directly from one ward

to another. If a hospital is envisaged as a hierarchical pyramid with the hospital

as the top-level, wards as a middle level, and patients ensconced within wards at

the lower level, this information therefore represents both top-down and bottom-up

influences. These can be difficult to tease apart at the level of the static network.

Intra-hospital ward transfer networks have not often been used in research.

Rather, much research focuses on the more macro-level network of inter-hospital
3Each patient is pi ∼ U(0, 1), with a stay length of 0.33. If one conditions on the first patient

(p1) being in the ward from (0.33,0.67) and on both other patients being co-present with p1, then
all three patients are transitively co-present iff |p3 − p2| < 0.33. The difference of two uniformly-
distributed random variables takes a triangular distribution. Therefore, P (|p3−p2| < 0.33) = 0.78.
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Men
Women

Figure 2.11: Patient-patient co-presence network in 2010 for out-patients only. Nodes
represent patients, and edges between nodes indicate that the two patients were co-present
in a ward bay for at least one hour. Edge width is proportional to how much time patients
were co-present. Node size is proportional to how long the patient was in a hospital over
the year. Node color is based on patient sex, and node size is proportional to patient age.
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transfers. These networks often give key insights about patient referral mechanisms,

and the organization of a particular network of hospitals (e.g. hub-based or regional-

based)123,124. The lack of ward transfer networks in the literature is likely because

each hospital has its own policies about ward transfers, and these decisions can also

be influenced by insurance companies, particularly in the US. This makes separating

noise from signal in US ward transfer networks difficult. However, in the UK this is

less of an issue, as the systems across the NHS are relatively well-integrated.

I show the ward transfer network in Figure 2.12, with nodes colored according

to in-patient/out-patient or hospital. In both cases, I observe significant clustering

between wards of similar types. From this, one can see that wards do not equally

send patients to all other wards; there are patterns in how patients move from

ward to ward. For instance, the Accident & Emergency ward (A&E), sends many

more patients out than it receives. Additionally, 16 wards neither send nor receive

patients to or from other wards during the year.

2.5.3 Disease network

The disease network connects ICD-10 codes when they co-occur in a patient. ICD-10

codes are a strong proxy for diagnoses and underlying morbidity102. Goh et al. 125

created one of the first uses of a disease network in the literature by searching

curated databases for genes which were mutually implicated in a single disease,

thereby linking the two diseases. In doing so, the authors were able to discover

clusters of diseases with related genetic causes.

The main downside of the above paper was the time needed to create the network.

Databases had to be manually searched and vetted for each edge. Using hospital

administrative data allows for the clustering of morbidities without additional

curation. I show the disease network based on the hospital administrative data

below (Figure 2.13). Due to the sheer number of ICD-10 codes, not much can be

determined visually. For comparison, the main network in Goh et al. 125 included a

few hundred nodes. To reduce a similar network constructed from ICD-10 codes

down to a few hundred nodes, many related ICD-10 codes would need to be grouped
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Out−patient ward
In−patient ward

A

B

Figure 2.12: Inter-ward transfer network of the IORD in 2010. Each node represents
a ward, and each edge represents patient flow from one node to another. Nodes sizes
are proportional to the number of beds in the ward. Edge widths are proportional to
the logarithm of the number of patients going from one node to another. In A), nodes
are colored based on whether they are inpatient or outpatient wards. In B), nodes are
colored based on the hospital in which they are located. Hospitals are not labeled due to
potential lack of anonymization that might result.
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Figure 2.13: The patient disease network 60-core in 2010. Nodes represent individual
ICD-10 codes, serving as a proxy for diagnoses (n=188). The network was reduced in
size form the full 3,221 nodes because nothing could be gleaned visually from the full
network. Nodes are colored according to the highest-level indicator of the ICD-10 code,
often referring to the broad system affected, or type of morbidity. Nodes are sized in
proportion to the number of patients receiving the code. Edges connect nodes when
at least one patient has both diagnoses, with edge width proportional to the number
of patients sharing those two diagnoses. The nodes for "End-stage renal disease" and
"Preparation for dialysis" had their sizes capped, as they appeared more than an order of
magnitude more often than the next most common ICD10 code.

together. To be directly comparable, the ICD-10 codes would have to be manually

recategorized, as the tiers of specificity within the ICD-10 coding system do not

directly correspond to those used by Goh and colleagues.

For the observed network, the density is relatively low, and the transitivity is

relatively low, especially for a unipartite projection from a bipartite network. This

is largely a result of hospital procedure, in that most patients only have a primary

and potentially a secondary diagnosis; transitive closure would most often only
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occur when a patient had at least three diagnoses 4.

In the network visualization, 60% of the nodes are of one of three ICD-10

categories: circulatory system diseases, abnormal laboratory findings, and factors

influencing health/contact with health services. This indicates that circulatory

system diseases stem from a multifaceted etiology (factors influencing health), and

have a wide variety of lab factors associated with them. Additionally, the same

circulatory system diseases are often co-morbid with one another. This kind of

visualization can give some insight into constellations of diseases that co-occur,

and how they interact with both the health care system, and how their etiology

is notated in EMR and HAD.

Importantly, the NHS data here is inclusive of the connections from the human

disease network based on shared genetic causation. However, it also includes

connections between diseases that arise from a common environmental cause rather

than genetics. Therefore, this network constructed from administrative data, could,

in theory, be used in conjunction with the above work to separate out the genetic

and environmental causes of disease.

2.5.4 Physician network

Finally, the physician network represents which physicians within a hospital share

patients. This is important for a number of reasons. Within the context of this

thesis, it is important because physicians can often serve as a method of transmission

for infectious vectors126. Therefore, even when patients are not connected based

on ward co-presence, they may be connected by their physicians. Although this is

not something I explore in this thesis, it is something that may affect the results.

However, for reasons I explain in Chapters 4 and 5, I do not think this is likely.

In brief, many physicians see patients only in a single ward, so the co-presence

network is inclusive of ties in the physician network.
4Although it is also possible for three different patients to form a complete triad, this requires

three patients to each have one pair from the triad, and none of them to also have the third
diagnosis. This is unlikely.
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Figure 2.14: The patient physician network in 2010. Nodes are admitting physicians
in the data (N=263), with node size proportional to the number of patients. Edges are
formed when two physicians share at least one patient, with edge width proportional to
the number of shared patients.

I show the physician network in Figure 2.14. Although each individual patient

stay only has a single primary physician, a patient entering the hospital for multiple

stays over a period of time could have different physicians, thereby connecting the

physicians through shared patients. However, only 1,054 patients have multiple

physicians within a year, and so the network is relatively sparse. The transitivity

is even lower for this network than from the disease network, and largely for the

same reasons. As it is rare for a patient to have more than one physician, it is even

rarer for them to have more than two physicians in a short period of time (n=64).

Therefore, transitivity between physicians is again relatively unlikely.

Unlike the diagnosis network, there are few enough physicians that structure

can be observed in the network. There is a largest connected component which
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includes 239 of the physicians. Over 100 physicians do not share patients with any

other physicians. The total number of patients a physician has is highly correlated

to whether or not a physician has any connections (p<0.001). As a physician has

more patients, their likelihood of sharing patients with other physicians increases

(OR=1.02 per patient). This is important, as it must be considered when controlling

for patients sharing a physician; the number of patients seen by a given physician

should be added as a covariate to adequately adjust for this. This is an additional

example of an insight that can be gained from examining a specific type of network

from HAD that can have an impact on other analyses also using EMR and HAD.

2.6 Study populations

For each study comprising this thesis, I use a subset of the overall population

to answer specific research questions. The rationale for the particular subset of

patients is described in detail in each corresponding chapter. Below, I show a

general schematic for the population for each study (Figure 2.7).

In the first empirical study, I examine social influence in a chemotherapy ward

(Chapter 3). This study shows proof-of-concept of using co-presence on a restricted

dataset (only 4,700 of the 780k+ patients), and takes place in an environment

where co-presence is likely to be most impactful.

The next two empirical studies (Chapters 4 & 5) use the same initial population

of 245,709 patient in the dataset from 2011 to 2015. However, they differentially

use subsets of this population based on different exclusion criteria (Chapter 5

additionally excludes patients with no biomarker data). In these studies, I examine

the utility of co-presence as a predictor of infection (Chapter 4), and in concert

with biomarkers of subclinical infection (Chapter 5).

In addition to the empirical work, I also make methodological advancements

both within the empirical studies (Chapter 3 where I devise a method to detect

consistent co-presence) and in the appendices (Appendix A where I describe a

computational method for the colored triad census). I apply this latter method in
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Patients: 779,624
Wards: 544
Years: 2000-2014

Patients: 4,791
Wards: 1
Years: 2000-2009

Patients: 133,304
Wards: 411
Years: 2011-2014

Patients: 82,725
Wards: 411
Years: 2011-2014

Chapter 3

Chapter 4

Chapter 5

Include biomarkers
>1 biomarker test

Biological influence
In the hospital >48 hours

Social influence

Chapter 2

Figure 2.15: Study diagram indicating the subsample of patients in each of the following
studies comprising the thesis. Each empirical chapter uses a different subset of patients
based on the time, ward, and other inclusion/exclusion criteria. Year-ranges are inclusive.

Chapter 5 to understand the network characteristics of how subclinical patients

impact nosocomial spread.
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3.1 Abstract

Chemotherapy is often administered in openly-designed hospital wards, where

there is the possibility of social influence on health between patients. Previous

research has found evidence that cancer patients’ health is impacted by social

relationships; however, social influence has not been examined between patients

receiving treatment in a chemotherapy ward. In the current paper, I investigate the

influence of co-presence on five-year survival in a chemotherapy ward. Using data

on 4,691 cancer patients undergoing chemotherapy in Oxfordshire, UK, I construct

a network of patients where edges between patients are based on whether they are

co-present more often than expected by chance. Patients averaged 59.8 years of age,

and 44% were male. I count the total edges to focal patients’ immediate neighbors

or those two nodes away who finish their chemotherapy cycle and survive 5 years or

die within 5 years. Generalized Estimating Equations were used to evaluate the

effect of neighbors’ outcomes on focal patient’s 5-year mortality. Being consistently

co-present with no other patients increased one’s odds of death by 58.9% (CI:

36.6%,84.8%). Each additional edge to a patient dying within 5 years increases a

patient’s mortality odds by 6.6% (CI: 2.9%,10.4%). Each edge to a patient surviving

5 years reduces a patient’s odds of dying by 10.2% (CI: 14.9%,5.4%). The results

suggest that social influence occurs in chemotherapy wards, which may need to

be taken into account in chemotherapy delivery.

3.2 Introduction

Cancer is a leading cause of death in the United Kingdom (UK), with one in four

people dying of cancer (UK, 2014). Cancer patient outcomes, particularly the gold-

standard 5-year survival, have been robustly associated with a number of individual

characteristics such as treatment protocol, age, sex, and cancer severity127,128,129.

A patient’s social sphere may also impact patient outcomes: there is evidence,

for example, that social ties (e.g. increased social network size and interactions)

are associated with both reduced all-cause mortality and cancer-specific mortality,
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and that this relationship may be stronger for women130,131,132. However, there is

limited research considering the effect of the social context of cancer treatment

itself on patient survival. Indeed, chemotherapy—one of the most common forms

of treatment—is often administered in out-patient group settings, representing

one important social context for further inquiry. To this end, I investigate the

impact of network members’ co-presence, survivorship, and death on individual

chemotherapy patients’ survival.

3.2.1 Stress-mediated effect of social influence on health

Social influence may be an important interpersonal mechanism impacting health

outcomes of cancer patients receiving treatment in the chemotherapy ward through

patients’ stress response. Patients entering chemotherapy generally have three

concomitant threats to their health: the physical disease of the cancer, the neuro-

endocrine stress based on uncertainty related to the course of the physical disease,

and the cellular response to chemotherapy133,134. Although the cancer itself is

the major cause of mortality, the effects of stress on health are also important;

reduced stress can significantly reduce 5-year mortality in chemotherapy patients135.

Therefore, if stress is altered by some social influence process, then such processes can

impact overall health and survival of cancer patients. A spectrum of social influence

mechanisms exists, each distinguished by variation in the type of interaction.

Each has different implications for how social influence may impact the patient’s

stress response. The strongest effects of social influence are in the context of

direct interactions with close social ties136,131. This work generally considers the

exchange of social resources, including informational, emotional, and instrumental

support137,138. There are a number of robust associations between the structure

and function of patients’ social support networks, patients’ stress response, and

ultimately their health outcomes. These include the strength of ties11,139, received

social support140, and perceived social support139. Such support resources have been

shown to influence how patients with a health stressor manage that stress141. For

example, Croyle and Hunt 142 showed that patients experienced different responses
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to a medical test result based on whether or not they interacted with a confederate

receiving the same test result; those receiving similar results experienced lower

stress levels than those that differed. However, not all social interactions result

in positive outcomes. For instance, patients can also support one another via an

exchange of information143, but if the information is poor, one’s perception of the

sharer’s knowledge is negative, or the relationship between network members itself

is negative, the health outcomes of this interaction can be deleterious144,145.

Social influence may also occur in the absence of direct interaction. A patient’s

physical appearance, for example, may convey information about their true health

status which other patients observe; such information can impact, in turn, the

observer’s health. Previous research has shown that the mere presence of others

engaged in the same task impacts physiological arousal and performance, in what

is known as social facilitation20. Also, individuals will alter their behavior based on

the behavior of those around them, in what is known as modeling56. While there is

not a specific behavior or task in chemotherapy, one still observes others responding

well or poorly to treatment over time. These observed responses could then effect

arousal or stress pathways, resulting in indirect influence dependent on the outcomes

of the observed patients. Both social facilitation and modeling can therefore result

in differences in behavior and stress response that ultimately impact health.

Finally, it is important to note that these social processes may result in differential

stress responses based on whether the relationship in question is with a stranger

or a familiar individual. For example, one study found that people had slower

latent cognitive reaction times based on fMRI when presented with a familiar face

when compared to an unfamiliar face. Such responses likely indicate increased

arousal for participants when observing familiar faces136, a result previously found

in animal models146. Thus, observing familiar people elicits different reactions

than observing strangers. In the setting of chemotherapy, patients almost always

begin as strangers, but may become more familiar over time (whether through

direct interaction or observation and mitigated through a process of consistently
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being co-present together), and those who do become familiar may exert stronger

influence on one another.

3.2.2 Social influence in other social contexts for chemother-
apy patients

There is strong evidence to suggest that social influence can impact stress and

therefore health outcomes through a variety of interpersonal processes. Much of

the research investigating social influence processes in cancer patients has involved

patients in settings outside the chemotherapy ward. For example, couples support

one another when one member has developed cancer. Although only one member

is affected by cancer, both experience stress due to the diagnosis and both are

likely to engage adaptive changes to the stress by supporting each other141. In

this context, couples have a pre-existing relationship in which members intimately

know and support each other prior to the cancer diagnosis.

There is also a large body of evidence that members of cancer social support

groups benefit from exchange of social support resources147. While patients in

cancer support groups likely do not know each other prior to joining the group,

patients join such groups because they are seeking and in need of support from

experientially similar others. Additionally, all patients entering into cancer support

groups self-identify as persons with cancer, which can enhance the social interactions

with other, like-minded individuals. This is particularly important, as those with

similar experiences are ideally situated to influence others’ stress buffering via

emotional sustenance, assistance in active coping, or role modeling148. Such support

groups represent a context in which patients form a rapport de novo, followed by

subsequent strengthening or weakening of their relationship.

In contrast, patients within the chemotherapy ward may or may not be actively

seeking social support from others receiving chemotherapy; their primary purpose

is cancer treatment. Any social exchange occurring while receiving chemotherapy is

secondary to treatment. However, the chemotherapy ward is an important social

context to investigate whether social influence naturally occurs, and if so, what
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impact such influence has on patients’ health outcomes. I hypothesize that social

influence can be both positive and negative. For example, I would expect that

positive patient outcomes, such as cancer survivorship, would positively impact

patients receiving treatment together. However, negative patient outcomes, such

as physical decline and death, may negatively impact the survivorship of patients

receiving treatment together. The latter proposition is based on evidence indicating

that the death of a close network member, such as a spouse, likely accelerates one’s

own mortality149,150. More generally, previous research has shown that disruption

in one’s social network can adversely affect psychological distress which can lead

to adverse health outcomes151,152. Noticing that familiar patients are no longer

in the chemotherapy ward (due to death or successfully finishing chemotherapy)

may have similar effects if one considers those others as members of their social

network. Thus, the chemotherapy setting represents an ideal context to investigate

the influence of patient outcomes and network disruption on survivorship and

whether such influence can occur when neither pre-existing social ties nor an explicit

desire for social support are present.

3.2.3 Social networks

Past research has alluded to the role of social network resources in cancer pa-

tients’ health trajectories, but has not made use of sociometric data, primarily

due to the cost and difficulty associated with its procurement. These studies

have predominantly focused on very small networks of couples153, been primarily

qualitative (Wolf, 2015), or have used data from a subset of the people represented

in the network154. However, all of these studies build the evidence base that

the connections between people within a network have important implications

for social influence processes that facilitate cancer patients’ adaptation to their

diagnosis and treatment. Moreover, there is a breadth of research showing that

social influence is impacted by network structure for a variety of health outcomes,

and this is robust across age, race, and socioeconomic status38,155,156,157. Indeed,

this body of research focuses primarily on established social relationships or support
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group settings and shows that influence does not depend solely on individual,

independent dyads or a direct social connection, but that the overall structure of the

network is important. There are methodological issues when examining influence

processes within such contexts—differentiating between selection or influence is

generally difficult—limiting the types of inferences one can make158. However,

the chemotherapy ward is not a context within which one self-selects or chooses

partners, providing a unique opportunity to evaluate influence processes with a

limited possibility for social selection bias.

3.2.4 Research questions and hypotheses

In the current paper, I investigate the influence of cancer patient health outcomes on

individual five-year survival in a longitudinal chemotherapy treatment co-presence

network. I do so in the context of the chemotherapy ward, where patients are

unlikely to have previous social ties with others in the ward, and who are not present

primarily to seek social support. Despite this, there is ample opportunity for social

influence to occur either directly via the exchange of social support resources or

indirectly by consistent observation of other patients’ health changes over time.

As such, health outcomes of those with whom cancer patients are consistently

co-present can potentially influence individual patient outcomes. To this end, I

investigate whether co-presence between chemotherapy patients is associated with

survival and whether such influence mechanisms vary by sex132.

3.3 Data and Methods

The data come from the Infections in Oxfordshire Research Database, which is

composed of standard National Health Service (NHS) administrative records. This

data set was originally established to monitor infectious diseases (e.g. recording

full genotyping of infectious agents), and also contains complete individual health

records. The data for the analysis comprises all 4,691 patients in the hospital’s

single outpatient chemotherapy ward from Jan 1, 2000 to Jan 1, 2009. I exclude

49 patients who received chemotherapy for conditions unrelated to cancer (e.g.,
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for multiple sclerosis). The data also include 109 left-censored cases (representing

2% of cases) who were already receiving chemotherapy at the time data collection

began. Each patient’s medical history is broken into individual visitation spells

(n=43,898) in the chemotherapy ward with time stamps for both entry and exit. A

chemotherapy spell is defined as every occurrence with unique entry and exit times

of any patient into the chemotherapy ward. The date of death is also recorded

for each individual through June, 2015.

3.3.1 Chemotherapy ward and process of treatment

As an out-patient setting, the chemotherapy ward was open between 8 a.m. and

8 p.m. from Monday through Friday. The ward was split into two treatment

rooms, containing 10 beds and 6 chairs, respectively, arranged in a circle (Figure

3.1). The beds were fitted with a screen that could be drawn when privacy was

desired. Other than that, all patients in the same treatment room were in view

of one another for the duration of treatment. Upon arriving to the ward, patients

began in the waiting room and underwent bloodwork to ensure eligibility for

chemotherapy. This was typically done on the day of treatment, but could be

done the day before. Depending on the results of the blood test, chemotherapy

could commence, be postponed, or canceled.

Chemotherapy regimens are stringent in the timing of doses. The timing of a

patient’s initial dose is based on the importance of immediate treatment, availability

in the ward and patient preference. Once the first treatment is scheduled, the

rest of the treatments follow a standard schedule, with a few hours of variation on

any given day depending on patient availability. Therefore, patients with whom

one overlaps are primarily determined by who is in the ward at the time of the

initial dose, and the prescribed timing of chemotherapy. This informs pairs of

individuals for which I consider influence possible.
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Figure 3.1: Layout of the chemotherapy ward. Treatment rooms 1 and 2 comprise 8
and 6 patient spaces, respectively. Patients begin spells in the waiting room, and are
taken to either treatment room 1 or 2 depending on a number of factors.

3.3.2 Consistent co-presence network construction

The network of interest represents patient co-presence in the chemotherapy ward.

Because I want the connections to represent quantities of co-presence with the

potential for social influence, and no measure perfectly captures all the dimensions I

think are important for social influence, I use two different methods for determining

co-presence. Although a standard measure such as the Jaccard index provides a

continuous, undirected measure that is both straightforward to compute and whose

properties are well-known, it results in very high values for individuals who are only

in the ward for short periods of time. Additionally, I observe significant heaping at

certain values of the Jaccard index (Figure 3.2). This heaping likely represents

underlying hospital policies that result in patterns of patient-patient overlap which

are not controlled for in the Jaccard index. Moreover, the Jaccard index makes the

assumption that social influence can occur after a moment of co-presence, which I

believe is somewhat unrealistic since previous work has shown that the likelihood

of influence is positively correlated with the strength of a relationship159. The

primary measure of co-presence therefore defines patients as connected when they
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Figure 3.2: Kernel density-smoothed function of Jaccard indices. I observe heightened
frequency of Jaccard index values at 1, 1/2, 1/3, 1/4, and 1/5, which indicates some sort
of endogenous underlying process influencing patient ward spells and therefore overlap
not accounted for by the Jaccard index.

are consistently co-present in the ward. This allows us to check the robustness

of, and supplement the primary analysis.

I posit that two patients are consistently co-present (CCP) if their chemotherapy

treatments overlap more often than would be expected by chance. To derive this

variable, I first define a meaningful cutoff in terms of time co-present. As previously

stated, a patient’s chemotherapy visits are primarily determined by their first visit

and the standard schedule for their prescription. I assume a patient’s first visit

could vary plus or minus one day based on bed availability and patient preference.

For example, assume a patient’s first treatment spell is on March 15. The window
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for overlap is therefore March 14-16. All patients who had a spell within this window

represent the corresponding risk set of patients with whom the focal patient could

have overlapped. The window defining the risk set excluded weekends; thus, the

risk set window for a patient scheduled to receive treatment on a Monday included

the previous Friday and the following Tuesday. Based on these assumptions, I

determine how often each patient would have overlapped with others conditional

on when chemotherapy began. I observe with whom overlap and for how long they

overlap based on a random sample from the risk set, assuming the periodicity of

chemotherapy holds. By repeating this procedure 1000 times for each patient, I

create a patient-specific empirical distribution of overlap times, and draw a cutoff

at the 99th percentile of this distribution, forming an edge between the focal actor

and the other patient. Formally, this can be written as:

Aij =

1 if |H(i) ∩H(j)| > Q99(|H(i) ∩H(j)|)∀k
0 otherwise

Where H(i) is the set of hours spent in the ward by patient i and Q99 is the

99th percentile of that patient’s co-presence times with other patients based on the

empirical distribution. For a visual explanation of this method, see Figure 3.3.

Thus, an edge in this co-presence network is drawn between two patients when

the amount of time spent co-present in the ward is greater than the time at least

one of the patients in question spends with 99% of the risk set of patients randomly

sampled. I will refer to the edges in this network as an indicator of patients who

are “consistently co-present” (CCP). Unlike the Jaccard-weighted person-hours,

Aij = 0 does not imply that there was 0 overlap between i and j, only that I

do not consider such overlap significant, that is, i and j are not consistently co-

present. While this method results in a directed network (patient i’s overlap with

patient j may be significant for patient i but not patient j), nearly all ties were

mutual (>99%). Given that empirically nearly all ties are mutual and theoretically

co-presence is symmetric, I treat the network as undirected. Thus, edges in the

network have the convenient interpretation that two patients are connected when
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Figure 3.3: Heuristic vignette of what constitutes consistent co-presence. Colored blocks
indicate the hours each of 4 patients are present in the ward over three different days.
A) shows a case where patient A overlaps with patient B for all three spells. However,
had A’s first spell been 5 hours earlier or later, they would have overlapped with C or D,
respectively just as much as they overlapped with B, so their overlap with B is not more
than expected by chance due to random variation in the first spell, and therefore A and
B are not consistently co-present. B) shows a case where A and B would be considered
consistently co-present. Here, A still overlaps with B during all three spells. Had A’s
first spell been moved earlier or later, A would not have greatly overlapped with any
other patients, so A’s overlap with B is greater than that expected by chance. This
therefore controls for the underlying scheduling possibilities not accounted for by the
Jaccard-weighted person-hours.
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at least one of them was consistently co-present with the other. The resulting

network is shown in Figure 3.4.

Figure 3.4: Exemplary largest connected component of network overlap among
chemotherapy patients from 2000 to 2009 (n=2,228). An edge exists between two patients
if they were co-present in the chemotherapy ward more than expected (p<0.01). Node color
ranging from white to red indicates the week at which each patient began chemotherapy,
representing the temporal nature of this network (with white values corresponding to
January 1st, 1998). The edge color value indicates the amount of time the two connected
patients spent together in the ward (darker edges representing more time co-present in
the ward).
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3.3.3 Dependent variable

The primary outcome is a patient’s 5-year mortality, which is the gold-standard in

cancer survivorship research and practice127. Patients’ outcomes were measured

at the end of treatment by recording the last chemotherapy session followed by a

6-month period with no visit to the chemotherapy ward. The outcome was recorded

1=death if they died within 5-years of their end of treatment date and had a

diagnosis of cancer at the hospital spell most temporally proximate to their date of

death (i.e. count as censored patients who die of causes unrelated to their cancer),

and 0=survival otherwise. Because the chemotherapy data ends in 2009, and I

have death data through mid-2015, there is no administrative censoring for 5-year

survival—I treat de facto right-censoring after 2015 simply as 5-year survival.

3.3.4 Independent variables

Any consistent co-presence: I construct a dichotomous variable for whether a

patient has any edges in the consistent co-presence network.

1-path Influence: I count the number of connections a patient has in the network.

CCP (i) =
∑

Ai· (3.1)

Furthermore, I posit that the effect of consistent co-presence may differ based

on the health status of the patient with whom one is consistently co-present. I

therefore divide these counts by the 5-year survival status of the alters.

CCPS1P (i) =
∑

j

(Aij ∗ S(j)), j 6= i (3.2)

CCPD1P (i) =
∑

j

(Aij ∗ (1− S(j))), j 6= i (3.3)

Where S(j) is equal to one if patient j survived at least 5 years following their

chemotherapy and zero otherwise.

2-path Influence: Although I a priori expect the influence to be between directly-

connected patients only, I include 2-path influence variables representing the presence

or absence of 2-paths in the consistent co-presence network as a negative control.
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While it is possible that a patient two steps away may influence a directly-connected

patient, I believe there would be no influence independent of the mediating patient,

and such an effect should be non-significant. Additionally, because they both overlap

with similar patients, any latent characteristics leading to co-presence would also

likely be similar. Although a significant result for these covariates could be due to

either latent similarity between patients two steps away or due to influence over

two steps in the network, the lack of a significant result indicates that neither

of these mechanisms are likely at work ceteris paribus. I therefore construct the

variables as total weight of open two-paths between a focal patient and another

patient based on whether the other patient survived (CCPS2P ) or died (CCPD2P ).

Weights of the open 2-paths were equal to the product of the two individual edge

weights on the path. These can be written as:

CCPS2P (i) =
∑

j

((A× A)ij ∗ S(j)), j 6= i (3.4)

CCPD2P (i) =
∑

j

((A× A)ij ∗ (1− S(j))), j 6= i (3.5)

Co-presence and Sex Interaction: Finally, I add two terms to the model for

the interaction between patient sex and the direct path consistent co-presence

terms (CCPS1P & CCPD1P ) to determine if there are differences in observed social

influence based on the sex of the focal patient (as opposed to those with whom

they are consistently co-present).

3.3.5 Covariates

A number of covariates are included in the fitted models as controls for other

sources of heterogeneity. First, I include patient sex and the age of the patient

at the start of chemotherapy. In addition, I control for variables related to the

chemotherapy treatment itself. These include the number of visits to the ward

during the chemotherapy cycle and the total time in the ward over all ward visits.

As well, I include the timing with respect to the 10 years of observation of when

each patient began their chemotherapy, allowing me to control for any exogenous
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changes to survival as treatment improved over time. I also control for the total

person-hours of overlap each patient had with all others in the ward.

To account for the effect of disease severity on 5-year survival I include variables

derived from the ICD-10 codes (C00-C99) on patients’ health records101. Previous

studies largely focused on a single type of cancer and adjust for the disease stage160.

No studies could be found that adjusted for the severity of cancer across primary

cancer sites, giving no basis from past literature for which to adjust for disease

severity. Thus, I generalized past approaches by including all primary cancer types

as a series of dummy variables, one for each observed cancer type, for a total of 20

variables, with pancreatic cancer as the arbitrary baseline. Empirical 5-year survival

in these data ranged from 7% of patients for brain cancer to 94% for prostate cancer,

indicating a large variance in basal prognosis with respect to the location of the

primary cancer116. Patients that were recorded as having non-specific, ill-defined,

secondary, or miscellaneous multiple sites (i.e., from ICD codes C76, C77, C78,

C79, C80, C97) were given their own dummy variable as these cancers are typically

more rare and more difficult to treat161.

Although the ICD-10 code does not explicitly differentiate between stages of

cancer, I can distinguish Stage IV, the most severe cases, where the neoplasm

has aggressively spread to a second tissue with a secondary cancer diagnosis

(metastasized)162. I include an indicator variable for any secondary cancer diagnoses

during a patient’s treatment as a proxy for metastasis. Left-censored patients

(n=145) had this variable imputed based on the full data set as a function of a

patient’s covariates. Model checking diagnostics revealed that the results were

robust to this imputation.

Finally, I control for the admitting consultant physician. The admitting

consultant physician can induce latent homophily among patient outcomes if their

patients are placed together in the ward and survival outcomes are similar due

to either shared physician treatment decision strategies or because patients have

similar cancer types. For every spell, an admitting consultant physician is assigned

– these physicians generally specialize in a given cancer type. Over the 9-year period
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of the study, there were a total of 73 admitting consultant physicians. However,

only 24 of them saw at least 10 different patients. To retain model parsimony and

avoid degeneracy, I included 24 indicator variables for these physicians. The referent

group is therefore those patients who saw one of the 49 admitting physicians with

less than 10 chemotherapy patients. For parsimony and space I show only the

physicians with the largest positive and negative significant effects.

3.3.6 Analysis

To evaluate the hypotheses that social influence in a chemotherapy ward impacts

patient mortality, I fit a series of Generalized Estimating Equations (GEE) to

account for the repeated measures of individuals with multiple chemotherapy

cycles. I use a binomial variance with a logit link function to estimate the

probability that an individual dies within 5 years of their last treatment. I use an

exchangeable covariance matrix to model the correlation between patients’ successive

chemotherapy treatments. I fit several models using a step-wise blocked variable

design. In the first block (Model 1), the outcome is modeled as a function of

focal actor age, gender, time of chemotherapy cycle, number of treatment spells,

the prognosis rank of cancer with which the patient was diagnosed, whether an

individual had multiple tumor diagnoses (proxy for metastasis), total hours in the

ward, and total person-hours of overlap with other patients. I then added the direct

influence effects (Model 2) and then the indirect influence effects, or open two-paths

(Model 3). Finally, as previously stated, patient sex may moderate the relationship

between social contact132. I therefore add interaction terms between the influence

effects and whether the focal patient is male or female (Model 4).

3.3.7 Sensitivity analyses

Based on the limitations and assumptions of the model and data, I perform a number

of sensitivity analyses to assess how robust the results are to these limitations and

results. These include an alternative assessment of co-presence, the effect of total

independence between observations, the effect of nurses on health outcomes, a
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survival analysis instead of a dichotomous outcome, and treating cancer diagnosis

as a continuous variable rather than categorical.

Jaccard Index as an alternative measure of co-presence

Although the consistent co-presence measure was designed specifically to address

the question at hand, I recognize that its novelty makes assessing and interpreting

it more difficult. As a result, I use an alternative measure for co-presence which is

more well-understood. The secondary network measure I use is the Jaccard index,

the matrix of which is defined as the intersection of the two patients’ treatment

times divided by the union of these patients’ treatment times. In other words:

Jij = |H(i) ∩H(j)|
|H(i) ∪H(j)| (3.6)

where H(i) is a function that returns the set of hours patient i spent in the

chemotherapy ward during the course of their treatment, and its magnitude is

the total number of hours patient i spent in the ward. I subset the denominator

based on the time patients i and j could have spent together; i.e. when they are

both alive and undergoing chemotherapy. This gives a quantitative measure of how

often i and j were together relative to how often they could have been together,

resulting in a weighted and undirected network such that Jij = Jji, and Jij = 0

indicates 0 hours of overlap between i and j.

However, the Jaccard index has some limitations, hence my use of it as a

secondary measure. One such limitation is its lack of sensitivity to total patient

chemotherapy hours; when two patients overlap and are only in the ward for a

single spell, their Jaccard index is very high and indistinguishable from two patients

who are repeatedly in the ward together over time. This is evident in the large peak

in the empirical density of the Jaccard index at one (Figure 3.2). Of those, 1,762

Jaccard indices stem from single-visit overlaps. To address this, I up-weight the

Jaccard index by the hours spent in the ward by the focal patient.

Using this metric, I construct 1-path and 2-path weights similarly to the

consistent co-presence network. However, due to the limitations of the Jaccard
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index, and because it is continuous rather than dichotomous, I make modifications.

As previously noted, complete overlap of treatment, whether over 1 or 100 hours,

will result in equivalent Jaccard indices. I therefore weight the Jaccard index by the

number of hours the focal patient spent in the ward. I call this the Jaccard-weighted

person-hours, which differentiates overlap of only a few hours from that of many

hours while still adjusting for the relative potential for overlap by any two patients.

The Jaccard-weighted person-hours for a focal patient can be written as:

JW (i) = |H(i)|
∑

j

Jij, j 6= i (3.7)

This total count is then partitioned into the Jaccard-weighted person-hours with

directly-connected patients who survived at least 5 years following chemotherapy

(JWS1P ) and with those who died within 5 years following chemotherapy (JWD1P ),

allowing us to separate their relevant effects and understand more about underlying

influence mechanisms. These can be written as:

JWS1P (i) = |H(i)|
∑

j

(Jij ∗ S(j)), j 6= i (3.8)

JWD1P (i) = |H(i)|
∑

j

(Jij ∗ (1− S(j))), j 6= i (3.9)

Where S(j) is equal to one if patient j survived at least 5 years following their

chemotherapy and zero otherwise.

I also include 2-path influence variables representing the sum of Jaccard-weighted

person-hours for paths to non-adjacent patients two steps away from the focal patient

based on their outcomes (survival or death) as a negative control. I therefore

construct the variables as total weights of open two-paths between a focal patient

and another patient based on whether the other patient survived (JWS2P ) or died

(JWD2P ). Weights of the open 2-paths were equal to the product of the two

individual edge weights on the path. These can be written as:

JWS2P (i) = |H(i)|
∑

j

∑
k

(Jij ∗ Jjk ∗ S(k) ∗Mik), j 6= i, k (3.10)
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JWD2P (i) = |H(i)|
∑

j

∑
k

(Jij ∗ Jjk ∗ (1− S(k)) ∗Mik), j 6= i, k (3.11)

Where Mik equals 1 when i and k are not directly connected in the co-presence

network (i.e. they are never co-present), and zero when they are.

Cancer severity as a continuous variable

Although I treat cancer severity as a series of dummy variables for the primary

cancer diagnosis, I recognize this might not be the most parsimonious way to do

so. Additionally, this method averages out the correlation with mortality across

the study period. If the prognosis changes (as I observe a significant decrease in

mortality the later during the study period one begins chemotherapy), the method

I use will not account for this. However, if I treat the cancer type as a rank-ordered

variable based on the predicted-year mortality, I save degrees of freedom in the

model. Additionally, although the prognoses of the types of cancer may change

during the study period, the rank-order should be less susceptible to change.

Correlations between patients

It should be noted that the GEE does not adjust for the correlation between patients.

Patients within two steps of each other may have correlated survival/death counts

(e.g. if patients A and B are both connected to patient C, and C survives, A and

B’s count are correlated) and may also have other unmeasured latent factors which

are correlated between them. To examine whether this had an effect on the model

inferences, I reran the GEE with random samples of patients who are all at least

two steps away from one another and should, therefore, be largely independent.

Survival Analysis

Although the outcome of interest is 5-year survival, the data include precise patient

survival times. As such, I also fitted a Cox proportional hazard model to evaluate

the robustness of the inferences163. This allows assessment of the hazard of death

accounting for survival time instead of just the probability of death.
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Sensitivity Analysis for Nurses

I recognize that nurse heterogeneity could affect the health outcomes of patients

and also be correlated to patient-patient co-presence, which could explain the

results. I was unable to obtain data on nursing staff, but I present here a sensitivity

analysis. First, I create n nurses, ranging from 5 to 95 and randomly assign each a

quality of care parameter. This parameter takes a normal distribution with mean=0

and sd=0.65, the distribution of physician parameters from Table 3.2, Model B,

meaning I assume that the effects of nurse heterogeneity are approximately the same

magnitude and distribution as physician heterogeneity (which I observe). Each

patient is assigned a primary nurse either based on assortative mixing with the

nurses of their neighbors or their own health outcome. The probability of whether

the nurse is based on assortative mixing or patient outcome was chosen to range

from 0.05 to 0.95. If the nurse is assigned based on the neighbor(s)’ nurse(s) one

nurse is chosen at random among neighbors set with probability proportional to

the Jaccard index with those neighbors, which is written as:

P (Ni = Nj) ∝ Jij (3.12)

Where Ni is the nurse assigned to patient i.

If the nurse is chosen based on the patient’s outcome, then a nurse is chosen

with probability proportional to the probability of survival if the patient survived,

or proportional to the probability of death if the patient died. I assume the nurse

heterogeneity parameter relates linearly to the log-odds of survival (because the

physician parameters do), and so calculate the probability straightforwardly. For

this probability, I assume all patients have the population mean probability of

survival (33%) as their baseline which is modified only by the nurse heterogeneity

parameter. This is written as:

P (NA = n) ∝


exp(log(0.5)+HN(n))

1+exp(log(0.5)+HN(n)) if S(A) = 1
1− exp(log(0.5)+HN(n))

1+exp(log(0.5)+HN(n)) if S(A) = 0

Where HN(n) is the heterogeneity parameter for nurse n.
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This results in 95% of probabilities of survival ranging from 12.0% to 64.7%.

Assuming the patient survived, a nurse with a heterogeneity parameter at the 97.5th

percentile of the distribution would be chosen 5.4 times more often than a nurse

with a heterogeneity parameter at the 2.5th percentile. This forced association

between nurse parameter and patient outcome is not meant to precisely reflect

how nurses are assigned in the ward, but rather to fulfill the necessary condition

that nurse assignment is correlated with outcome to induce confounding. Each

combination of number of nurses and assortativity probability was run 100 times,

and the proportion of significant (p<0.05) direct effects were recorded.

Ties concurrent with pre-existing social ties

Given that the study population is drawn from a relatively small catchment area,

it is possible that my belief that patients in the chemotherapy ward do not know

one another prior to initiating chemotherapy is incorrect. However, I believe ties

of this sort are very unlikely, as they would stem from the confluence of a number

of unlikely events. First, both patients in a dyad would need to be diagnosed

with cancer, the lifetime risk of which in the UK is 50% (UK, 2014). Second,

both patients would need to know one another. Given a population size at risk

of cancer in Oxfordshire is 80,000 and that each person knows on average 600

individuals164, each pair of individuals has an 0.75% chance of knowing one another

under a random mixing model. Finally, the individuals must be diagnosed around

the same time, have similar availability schedules, and go to the same clinic, to

be on chemotherapy concurrently. Given that most cancers occur between the

ages of 50 and 80, this occurs one time in thirty if I non-conservatively assume

that a year qualifies as “around the same time”. If I assume these events are

independent then the probability of two patients knowing one another and being

on chemotherapy around the same time is 0.0000625. Given that each patient sees

115 patients on average in chemotherapy for at least one hour, this only nets out

to an average of about 0.007 such alters per patient stemming from pre-existing
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social ties. I therefore do not believe that such preexisting ties would be a large

enough presence to affect the results.

3.4 Results

Table 3.1 reports the descriptive statistics of the sample. The 4,691 chemotherapy

patients from Jan. 1, 2000 to Jan. 1, 2009 had a mean age of 59.8 (SD=13.1), and

44% (n=2,094) were male. The patients underwent a total of 43,898 chemotherapy

spells, which consisted of an average of 8.5 (SD=10.9) visits to the chemotherapy

ward per spell with each visit lasting, on average, 4.0 hours (SD=5.3). Two thirds

of the patients had a single diagnosis of cancer (N=3,122), 994 had 2 diagnoses,

and one patient had 9 diagnoses. With respect to the affected organ or organ

system, 1,108 patients were diagnosed with breast cancer – the most common cancer

diagnosis – treated in the chemotherapy ward with a 5-year survival of 91% (based

on UK statistics). Approximately 500 patients were diagnosed with lung cancer;

lung cancer is the second most severe cancer type with a 5-year survival of only

18% in the UK. A total of 850 people had a diagnosis of unspecified or multiple

cancers that could not be classified to a single location. Finally, the 145 patients

who were left-censored and therefore had no recorded cancer diagnoses had imputed

values between 1.21 and 1.54 cancer diagnoses.

Results based on the GEEs using consistent co-presence are presented in Table

3.2. Being older, male, or having more severe cancer was associated with increased

likelihood of death across all models (Model 1). This is consistent with previous

literature and trends in cancer survival. The number of ward visits during a

chemotherapy cycle and the total time of the cycle were not significant predictors of

death. Additionally, the later in the study period a person began chemotherapy, the

better their chance of survival, indicating a trend towards better treatment over time.
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Variable Mean (SD) or N (%)
Age 59.79 (13.00)
Male 2094 (44%)
Number of ward visits during cycle 8.51 (10.94)
Time of chemotherapy cycle (years) 0.32 (0.48)
Average time in ward per spell (hours) 3.95 (5.32)
Number of cancer diagnoses 1.30 (0.63)
Primary cancer diagnosis
Breast 1108 (24%)
Lung 443 (9%)
Pancreas 125 (3%)
Unspecified 850 (18%)
Other 2165 (46%)

Number of patients co-present with 113.91 (122.18)
Total person-hours of co-presence 1012.66 (1,997,599)
No CCP 2,712 (50%)
CCPS1P 0.93 (2.86)
CCPD1P 1.50 (4.77)
CCPS2P 13.96 (36.73)
CCPD2P 23.09 (49.43)

Table 3.1: Demographic characteristics of the 4,691 patients receiving
chemotherapy at any time from January 1, 2000 to Jan 1, 2009.
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In the consistent co-presence network GEE I fit a term for whether an individual

had any significant co-presence (No CCP). In Model 1, the term for whether an

individual is an isolate (i.e., no CCP) indicates that isolates were more likely to die

within five years than those co-present with other patients (0.420, CI: 0.265,0.575).

Thus, patients benefit from significant consistent co-presence with at least one other

patient in the ward, irrespective of alters’ outcomes.

In Model 2, the 1-path influence parameters show a beneficial effect of neighboring

patients having survived for 5-years (-0.104 CI: -0.157,-0.051) (CCPS1P ), and

an adverse effect of neighboring patients having died within 5-years (0.086 CI:

0.051,0.121) (CCPD1P ). Thus, there appears to be both positive and negative direct

influence based on the health status of those one spends time with. When considering

2-path influence, the effects of non-transitive two paths to patients surviving at least 5

years survival is not significant (CCPS2P ), but the result for non-transitive two paths

with patients dying within 5 years was significant in Model 3 (0.006 CI: 0.0003,0.012)

(CCPD2P ). This latter result indicates some evidence of influence through open

2-paths. Finally, there is no significant moderating effect of sex (Model 4).

To illustrate the influence of co-presence in the chemotherapy ward, I present

the predicted probabilities from Model 2, for three hypothetical patients at varying

levels of risk (Figure 3.5). The low, medium, and high-risk patients had predicted

probabilities of death of approximately 23%, 69% and 91%, respectively. For

low- and medium-risk patients, I observe approximately a 2% change in predicted

survival when comparing patients with no co-presence with those co-present with

only patients having one type of outcome (survival or death). However, when

patients are co-present with a mix of patients who die and patients who survive,

the net effect, on average, is a minor decrease in predicted probability of survival

for the patient. For the high-risk patient, smaller changes in predicted probability

are observed due to the high baseline risk of death.

The robustness analyses are, on average, consistent with the main findings.
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Figure 3.5: Predicted probability of 5-year mortality for patients with varying risk
profiles and potential for social influence. Across panels, the first bar represents the
predicted probability from model 4 with 0 for all influence terms. The average patient was
one who had the median values for all covariates (rounded for dichotomous and categorical
variables). This equates to a 69 year old female whose chemotherapy lasted 9 visits over 3
months and spent 30 hours in the ward starting in 2005, with a single diagnosis of a tumor
of the ovaries. The low-risk and high risk patients had values based on the first and third
quartile of the covariates depending on whether the relationship between 5-year mortality
and the covariate was negative or positive, respectively. The low-risk patient was a 61
year-old female who visited the ward 9 times over the course of a month and spent 30
hours in the ward starting in 2007, with a single tumor of the breast. The high-risk
patient was a 79 year-old male whose chemotherapy included 2 visits to the ward over 4
months and spent 30 hours in the ward starting in 2003, whose primary diagnosis was
cancer of the stomach, but had multiple cancer diagnoses. It is important to stress that
these patients are not necessarily observed in these exact combinations of covariates; they
are chosen in the way they were to demonstrate heterogeneity of the predicted probability
of survival. Within each panel, influence terms were given the rounded mean value for the
variable in question (refer to Table 3.2). No influence means the patient was co-present
with no-one (never actually observed but gives a baseline probability). “Alters survive”
means a patient was only co-present with patients surviving at least 5 years, and “alters
die” means a patient was only co-present with patients dying within 5 years. “Both”
means a patient was co-present with both types of patients.

There are a few exceptions (Table 3.3 and Figure 3.3). Notably, the direct effect of

co-presence with patients surviving 5 years is not significant when using an outcome

of survival time instead of dichotomous survival. However, this analysis does not

adequately adjust for intra-patient correlations. Additionally, the sensitivity analysis

for nurse heterogeneity parallels the reduced robustness of the direct effect of co-

presence with patients who survive at least 5 years evident from the survival analysis,

assuming the simulation model adequately captures nurse-induced heterogeneity.
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When examining cancer severity, Model B shows the results of treating cancer

severity as a continuous variable rather than categorical (Table 3.3). The results

are parallel to the main results measure in that both co-presence with surviving

and co-presence with dying patients are significant.

For the potential lack of independence between observations, I remove a random

sample of patients such that the only patients remaining are not directly connected.

Model C shows results that are generally in the same direction and approximately

the same magnitude as the models with all the data included (Table 3.3). Generally,

the spread of coefficients is greater than the variance of the coefficients from the full

model. Importantly, consistent co-presence with patients dying within 5 years had

a median value very similar to the point estimate from the full model, indicating

that the finding for that variable was reasonably reliable. The median value for

the consistent co-presence with patients surviving 5 years also had a median value

very similar to the point estimate from the full model.

Because a dichotomous outcome allowed us to use a GEE framework, I focused

on that outcome rather than a survival analysis, despite the potential for censored

observations. I therefore examined a survival analysis (Table 3.3, Model D). I

observe that the results are generally similar to the main results, except there is a

non-significant relationship between consistent co-presence with patients surviving

for 5 years and patient survival. This may in part be due to the lack of control

for intra-patient correlations as in the GEE. It may also be in part due to the

assumption of proportional hazards in the Cox model - if the assumption is violated

the model would fit poorly.

Finally, I examine the potential for a nurse’s ability to induce correlations

between patients’ outcomes, accounting for these results. For each combination

of number of nurses and assortativity, I show the proportion of models in which

the main results remain significant (Figure 3.6).

Overall, I see that the significance of the main findings is relatively robust to the
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Figure 3.6: Heat map represents results of sensitivity analysis for effects of nurse
heterogeneity.

number of nurses. I observe that the fraction of significance falls below 50% when

the probability of assigning nurse based on adjacent patients’ nurses falls between

0.55 and 0.65 for the effect of co-presence with patients surviving at least 5 years,

and between 0.75 and 0.85 for the effect of co-presence with patients dying within

5 years. These sensitivity analyses show that the results are relatively robust to

nursing effects on the order of physician effect, since at any given time there are

multiple nurses in the chemotherapy ward, and nurses generally take on patients as

the nurses are available. Because of this, many patients who are co-present will have

different nurses, resulting in a relatively low probability that co-present patients

will have the same nurse. Therefore, the high values of nurses being assigned to
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co-present patients are likely greater than those actually occurring, meaning the

results would likely not be reduced by the effects of having a common nurse.

3.5 Discussion

In the current paper, I investigated whether cancer patient survival is associated with

the survival of those with whom they are co-present during chemotherapy treatment.

The results suggest that co-presence matters. I find that a connected patient’s

death increases the likelihood of the focal actor dying, and a connected patient’s

survival decreases the focal actor’s chance of death. These results are approximately

symmetric; being connected to a single survivor is similarly protective as being

connected to a single non-survivor is deleterious to patient survival. There are no

significant results for interactions between consistent co-presence and patient’s sex,

which is not what I expected given previous findings132. However, the study data

come from previously unexplored social environment, so different mechanisms may

be at play. Placing the results of this study in the context of cancer treatment, the

magnitude of these results (Figure 3.5) is less than that of chemotherapy clinical

trials but still clinically meaningful. Here I observe a survival differential of 2% for

patients at low to moderate risk when comparing no co-presence vs only co-presence

with surviving patients, whereas effective chemotherapy clinical trials report survival

differences of around 8%165,166. In effect, chemotherapy patient survival may be

modified by one quarter the quantity of the effect of the choice of chemotherapy.

Regarding the 2-path variables, I observe a non-significant result for the con-

sistent co-presence with surviving patients two steps away. At the same time, I

found a significant effect of consistent co-presence with patients dying within 5

years 2 steps away, albeit marginally. As such, it would therefore only take a

minimal amount of latent confounding between patients to remove that effect while

leaving the main effect significant. Given the small magnitude of this effect and
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its significance level, even a small amount of measurement error could result in

this finding. Therefore, I believe that the 2-path influence variables reinforce the

main findings. However, future research should aim to more thoroughly test if this,

and other network effects not measured here are in fact at play.

Based on the above results, the mechanism by which social influence occurs

becomes clearer. I observe no significant association between total person-hours of

overlap and one’s outcome, indicating that solely being around more people for more

time on its own does not affect one’s health. In this context, just being around others

receiving treatment with similar stressors does not seem to impart any health effects

suggesting that social facilitation and social support are not the underlying influence

mechanism. Previous research suggests that only 2/3rds of chemotherapy patients

in the UK indicated receiving adequate emotional support from hospital staff (NHS,

2014). Thus, many patients may be actively seeking but not receiving support

from others, particularly other patients, during treatment. Future research should

therefore focus on whether and how support networks emerge in chemotherapy

wards to elucidate the content of interactions we’ve detected via co-presence here.

The influence effects between connected patients, on the other hand, likely

reflect mechanisms where one’s outcome is related to the outcome of others, where

either co-present patients form social relationships, or they observe others’ health

trajectories. The mere observation of other cancer patients’ health changes over

time may influence the observer’s own stress regarding their own cancer prognosis

and subsequent health142. This process is akin to social modeling, however one

may not consciously be altering how they respond to treatment. Rather, patients

may see others doing better or worse which might decrease or increase their stress,

respectively, which in turn can impact their health.

Although network disruption was possible, it is unlikely that it is the mechanism

given the results. If patients being removed from chemotherapy caused disruption

to other patients’ networks in the ward, then I would expect to see adverse effects
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of focal actors’ neighbors finishing chemotherapy regardless of their neighbors’

outcomes. Instead I observe connected patient’ outcomes are positively correlated,

indicating network disruption is not the mechanism underlying the findings.

Since the data used herein are observational, the results may stem from

unmeasured confounding. I address the two forms I believe have the greatest

potential to explain the results, but this is not an exhaustive list. First, patients

may know one another prior to entering the ward, and any “social influence” observed

here is the result of social interaction and influence outside of the chemotherapy

ward due to preexisting social ties. If true, I detect social influence outside the

chemotherapy ward via the measure of co-presence and in the presence of large

amounts of noise. However, as I show in the Methods, I believe that the number of

ties due to pre-existing relationships is likely minimal, limiting the effect this could

have on the results. Second, nurse heterogeneity may explain the results if related

both to patient outcomes and co-presence between patients. All of the nurses in

the ward are specially trained as chemotherapy nurses which would ideally limit

heterogeneity across nurses167. Furthermore, given that I assume nurse effects are

on the same order of magnitude as physician effects in the sensitivity analysis, I

observe that the results are robust to nurse heterogeneity. Alternatively, if nursing

effects (due to either nurse heterogeneity or other endogenous factors such as

understaffing) do in fact explain the results, then I have detected meaningful nurse

effects on patient survival previously not reported in the literature. Such potential

effects should be investigated in the future. However, it is still possible that these

confounders are not exhaustive. Outside of the approaches taken here, one can also

employ sensitivity analyses which can place bounds on the size of an unmeasured

confounder which are sufficient to remove the significance of the findings168.

With the above limitations in mind, this research has potentially important

implications for the study of social networks. Whatever the underlying mechanism, I

detect influence effects based solely on co-presence data from administrative records,
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which is much more efficient to gather than detailed relationship data. Although

one may ask whether the ties used here really represent meaningful social ties, a

recent survey found that 78% of patients in Britain said they would prefer to be

treated in a communal setting indicating that patients feel they benefit from in

close proximity to other patients169. Thus, consistent co-presence represents the

opportunity for patients to develop meaningful social ties during treatment. While

it is unknown whether such ties developed amongst the patients studied here, it is

clear that there is evidence of social influence among those who are consistently

co-present. Moreover, I have employed a variety of novel approaches in my effort

to rule out alternative explanations of the main findings. Future researchers may

find the use of rank-order cancer diagnosis, cancer severity, physician effects, and

holistic robustness checks valuable in their own work.

The results imply that co-presence relates to health in the context of the

chemotherapy ward. This is particularly important, as some chemotherapy wards

are moving towards individual rooms for patients. However, given the observed

negative effects and possibility of unmeasured confounding, implementing changes

to the ward and patient scheduling to benefit from this knowledge is difficult. If the

observed social influence operates via changes to stress, then reducing patient stress

in the ward without changing patient scheduling may be able to positively impact

all patients. Oncologists can consider whether social influence may be at play in the

wards to which they admit patients for chemotherapy, and whether scheduling to

maximize co-presence of patients would sui generis be therapeutic. Given evidence

that cancer support groups improve survival, patients could also be encouraged

to engage in social support while in the chemotherapy ward, which could reduce

stress137,133. Altering chemotherapy in this way can mitigate the deleterious effects

of co-presence with patients experiencing negative outcomes and strengthen the

positive effects of co-presence with surviving patients.

With these future directions and applications in mind, the findings in this
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paper are an important first step in describing the possibility of social influence

occurring among patients co-present in a chemotherapy ward; a setting primarily

for biological treatment, not treatment through social support and influence

processes. Importantly, because I focus on mere co-presence, any findings not due

to unmeasured confounding are likely to under-estimate the effect of social forces

on health outcomes as co-presence represents the minimally necessary condition

for influence. I hypothesize that the mechanism of this influence is mediated

by stress response to co-presence with familiar others. Future research should

focus on measurement of individual coping and stress processes in these settings

to test this hypothesis directly.
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4.1 Abstract

Nosocomial infections are a significant burden on the health care system. One

potential avenue of research aimed at decreasing nosocomial spread is to detect

infection earlier. I examine to what extent patient-patient co-presence, defined by

patients concurrently residing in the same ward bay, as assessed by electronic medical

records, serves as a screening test for infection. Although assessed retrospectively,

this method is designed for prospective use in earlier identification of infected

individuals in hospitals. Also, rather than examining only those with confirmed

infections (as in the case of contact tracing), I count co-presence with those suspected

of infection as well. I examine all 133,304 patients in a single UK county’s NHS

trust from 2011-2015 who were in the health care system for at least 48 consecutive

hours. I count the number of hours each patient is co-present with those who

received an infectious disease test. I treat this count as the index diagnostic test

for subsequent infection, and examine its efficacy across five infections from the

following organisms: E. coli, MRSA, C. difficile, P. aeruginosa, and norovirus. I

compare this to the reference test of a positive microbiological test or diagnosis. I

calculate ROC curves and their corresponding AUC, as well as sensitivities and

specificities at optimal cut-points. Finally, I determine how many hours earlier or

later each patient would receive a positive result from the index test relative to the

reference test. Across the five infectious diseases, measures of Area Under the Curve

(AUC) ranged from 0.92 to 0.99. The optimal cut-point ranged between 25 and 59

hours of co-presence. If the index test had been used real-time in this population,

true positives could have been detected an average of one day earlier.These findings

show that configuring electronic health data to monitor co-presence with individuals

tested for infection would help predict subsequent nosocomial infection, and would
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do so earlier than current standard of care.

4.2 Introduction

Nosocomial, or hospital-borne, infections are a burden on the health care system.

Despite advancing medical technology and standards of care, the attributable costs of

each case of nosocomial infection across the globe range from $2,992 to $29,000170,171.

In the UK, each patient with a nosocomial infection costs an additional £3,154, for

an estimated total of £930.62 million per year172. As well, nosocomial infections

adversely impact patient health outcomes such as length of stay173 and mortality174.

Because the problem of nosocomial infection is well-known, mitigation has been

approached from many different angles. These include preventing infection175,

reducing the time to identify an infection176,177, and stopping subsequent outbreak

once an infection is identified178. Preventing infection is generally preferable to

treatment after infection179. However, preventing infection relies on changing norms

and factors often out of the hospital’s control since many infections occur within

the community and are brought into the hospital. These community-acquired

infection cannot be prevented within the hospital; only subsequent infections can be

prevented. Stopping the spread of infectious disease relies on timely identification of

an infection. Furthermore, there are rising concerns about the overuse of antibiotics

and their subsequent effect on antibiotic resistance. Thus, this work focuses on early

identification strategies that will provide opportunity for containing an infection

and thus preventing its spread.

Current approaches to effective infection control in hospitals are limited by

the time it takes to run microbial tests, and also the costs associated with these

tests. Depending on hospital resources, most nosocomial infections are tested via a

microbiological culture, (q-rt)PCR or BacLite Rapid MRSA180. All of these methods

have downsides; bloodstream concentration of the vector can be below the detection
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threshold, and microbiological culture in particular may require multiple days before

a result is confirmed. Both of these limitations make controlling infectious outbreaks

difficult. As a result, researchers have focused on other diagnostics that may indicate

infection, such as biomarkers of immune activity or inflammation181,182. However,

tests based on biomarkers also suffer from multiple downsides - they are costly,

invasive, and have sensitivities and specificities of around 80%.

Other, non-biological methods exist for detecting infection. For example, contact

tracing has been used in the past to find those most at risk of acquiring an infection.

Contact tracing identifies those persons who have come in close physical proximity,

that is co-presence, with others who have been infected183,184. This has been

used in previous nosocomial outbreaks to determine an infection’s source, and the

path by which it spread through the hospital population185. Contact tracing is

typically done retrospectively once an infection is confirmed186. Despite this use,

the patterns of patients being near infected individuals has not been examined

prospectively as a screening test sui generis.

To do so in real-time requires a fast method for tracking and linking patients, such

as hospital administrative and electronic medical records and guidelines on when

co-presence has reached a critical point such that infection is likely. Researchers

have advocated for such novel uses of large administrative datasets, or “Big Data"187.

These data sources are already used in health care for applications such as general

infectious disease monitoring188, population health surveillance189, and hospital

transfer networks190. EMR and HAD have the advantages of providing near-real-

time information. Additionally, once the infrastructure is in place, the costs are

minimal, both in terms of time and financial resources.

One way to address this challenge is to push for methods that allow more rapid

testing of biomarkers. An entirely different approach, presented in this paper, seeks

to use administrative and patient data generated as a byproduct of managing patient

care. I show that an approach using patient administrative data can both be more
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cost effective and speed up the time to diagnosis, thus decreasing the associated

health burdens on hospitals. In this paper, I consider the interpersonal measure of

co-presence with an infected patient as an indicator of infection risk. Specifically, I

use the amount of time a patient is in the same bay of a hospital ward as patients

who received a microbiological test as a screening test for nosocomial infection to

identify thresholds after which infection is likely to occur. I use this for two reasons:

1) this is the information that would be available in real-time if this test were to be

used prospectively, and 2) testing for infection is often indicative of a suspicion that

the patient is infected. I will refer to this co-presence time as the “index test"191.

Although similar to contact and link tracing, this approach is distinct in that it

is ideally applied prospectively to predict infection, rather than retrospectively to

follow the spread of an infection (although retrospective uses are also valid).

As an index test, co-presence with tested or diagnosed individuals would have the

intended use of surveillance. As many hospitals already have administrative data and

electronic medical records that could be monitored for patient-patient co-presence,

implementing this index test would likely be inexpensive and efficient. The clinical

role of this index test would be as screening; a result indicating likely infection

would lead to additional tests or increased monitoring of those patients during the

incubation period of the vector. Here I present evidence that the number of hours

of co-presence with patients either receiving a microbiological test or diagnosis of

infection is a strong screening test for nosocomial infection within UK hospitals.

4.3 Methods

4.3.1 Study design and population

The study population comprised all 133,304 patients with NHS hospital stays of at

least 48 hours in a single county in the UK from 1 January, 2011 to 1 January, 2015.
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I subset to 48 hour stays because I define a nosocomial infection as one occurring

more than 48 hours after a patient enters the hospital192. These patients comprise

a consecutive series, where the index test was assessed retrospectively. I assess

the index test on the following infectious diseases: MRSA, Clostridium difficile,

Escheria coli, Pseudomonas aeruginosa, and norovirus. This study follows STARD

guidelines for the reporting of a new diagnostic191. Ethics committee approval

was gained from the University of Oxford IRB.

4.3.2 Test methods

The reference test was either a diagnosis of the infection in question as assessed

by ICD-10 code101, or a positive microbiological test based on the test used by the

NHS at the time for the disease in question, which was pre-specified. The hospital

administrative data was not configured such that physicians or lab technicians

could examine co-presence, and as such the index test results were not available

to the performers of the reference test. There were no missing or indeterminate

reference test results, and the data do not contain any reference to adverse events

due to the reference test.

The index test was the number of hours a patient spent co-present with tested

or diagnosed patients assessed at the time of microbiological testing or diagnosis,

whichever came first. Co-presence was defined as the time both patients were in

the same hospital ward bay. Clinical information and reference test results were

available to performers of the index test. There were no missing or indeterminate

index test results due to the administrative nature of the data; every patient’s

co-presence was precisely quantifiable. As the index test was done entirely in silico,

there were no adverse events due to conducting the index test.

The index test of time co-present was based on tested or diagnosed patients

rather than patients with confirmed infection to more accurately reproduce the
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knowledge that would be available were this a prospective study. Because the test

was assessed retrospectively, the data would allow us to perfectly calculate the

hours of co-presence at the time of observation, but this scenario would not occur

in practice. Tests for the presence of infectious vectors take time to return results,

particularly microbiological cultures, where previous studies have shown the time for

optimal results is five days193. Therefore, I reduced the information available to us

when calculating the index test to accurately reflect what could be done in practice.

Index and reference test times were determined in the following manner: for

patients with a confirmed infection, co-presence time was computed based on

the time when the microbial test was collected or the diagnosis recorded in the

EMR, whichever came first. For patients who were neither tested nor diagnosed,

no corresponding time existed. For these patients, their time of assessment was

chosen randomly from their hospital stay such that the distribution of times for

patients with a negative reference test matched the distribution of times for those

who had a positive reference test. This ensured that no systematic differences

existed between those with positive or negative reference tests. To ensure I only

assessed nosocomial infections, I exclude those whose test or time of assessment

was within the first 48 hours of hospitalization192.

Finally, the exact infectious period of tested or diagnosed persons was unknown.

Co-presence is most meaningful if there is the potential for transmission of the

infection, which only occurs during the infectious period. Therefore, I applied

deterministic infection periods to model when patient-patient co-presence had the

potential to transmit infection194. Patient’s diagnosis or microbiological test time

was considered the midpoint of their infectious period, with the length of their

infectious period equal to literature values for the mode of the infectious period

length (Table 4.1)195,196,197,198,199. The times surrounding a diagnosis or test were

therefore what was considered salient for the purpose of patient-patient co-presence.
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Disease Mode Infectious Infectious period
period (hours) (range)

C. difficile 198 60 24-96
E. coli 196 120 80-160
MRSA195 72 48-96

Norovirus199 44 12-72
P. aeruginosa 197 48 12-72

Table 4.1: Values for the infectious period for each infectious disease or control condition
used. Microbiological tests were assumed to occur at the midpoint of the infectious period.

4.3.3 Analysis

To compare the measures of diagnostic accuracy, I use the Receiver-Operator

Characteristic (ROC) curve and the area under the curve (AUC). I calculated the

95% confidence intervals of the AUC using bootstrapping. This is a conservative

approach which generally increases the width of the confidence interval to better-

estimate out-of-sample performance. To determine the optimal cut-point for these

curves, I assume that the clinical costs of false positives, false negatives, true

positives and true negatives are all equal. Following this, the optimal cut-point is

the point closest to a perfect test (100% sensitivity and specificity) in Euclidian

space. I assess the sensitivity and specificity at optimal cut-points.

To quantify the effectiveness of the index test, I calculated the number of hours

between the time a patient’s microbiological test was administered and when they

first crossed the cut-point of co-presence during their hospital stay. I also calculated

the number of hours between when a patient’s infectious period began and when

they first crossed the cut-point of co-presence during their hospital stay. I take

the minimum of these two numbers, which represents the number of hours earlier

the infectious disease could be detected if this method were implemented relative

to the current standard operating procedure.

Finally, because of the number of assumptions made in assessing the index

test of co-presence, I conduct sensitivity analyses on the data. To determine if

the results generalize to hospitals with only ward-level co-presence data (rather
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than bay), I rerun the analysis at the ward level. To determine whether the use

of the mode for infectious period length unduly affected the results, I also ran the

analysis using the literature values for minimum and maximum infectious period

lengths. Finally, it is possible that any significant predictive power of co-presence

is because of the presence of a quarantine ward. If patients are moved into a

quarantine ward due to suspected infection, then hours of co-presence with infected

or tested individuals would be artificially high. I test this by also removing the

quarantine ward from the analysis.

4.4 Results

The patients included in the study, their reasons for exclusion, and their reference

tests can be seen in Figure 4.1. I observe that most patients were excluded due to

being inpatients or being tested for microbiological vectors within the first 48 hours.

This left the study population of patients who could contract nosocomial infection.

The demographics of these patients are shown in Table 4.2. Patients were on

average 56 years old, and 45% were male. On average, these patients spent 13

days in the hospital, and 5.40% of them died while in the hospital. In total, 8,684

(6.51%) patients were infected with one of the five nosocomial infections studied.

After applying the index test to this set of patients, I observed very distinct

distributions of co-presence time with diagnosed or tested patients for those whose

reference test was negative compared to those whose reference test was positive

(Figure 4.2). Irrespective of a specific cutpoint, the distributions of co-presence

times were strongly differentiated based on whether or not a patient had a positive

reference test (infectious disease test or diagnosis). For all five infections, patients

with a negative reference test had a distribution of co-presence times (index test

results) much lower than for patients with a positive reference test.

To quantify the performance of the index test, I created receiver operator
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Potentially eligible participants
N=1,026,828

Eligible participants
N=245,709

Reference and index tests
N=133,304

Reference test positive

Vector Only after 
test result

MRSA 474

E. coli 2,594

P. aeruginosa 1,109

C. difficile 133

Norovirus 16

Reference test negative

Vector Only after 
test result

MRSA 132,830

E. coli 130,710

P. aeruginosa 132,195

C. difficile 133,171

Norovirus 133,288

Excluded
In hospital <48 hrs. (n=781,119)

Excluded
Reference test in first 48 hours

(n=113,505)

Figure 4.1: Patient flow diagram. Number of excluded eligible patients differs by
infectious disease because different numbers of patients had their reference test within the
first 48 hours of their stay, and therefore were likely not nosocomial infections. The number
of eligible participants excluded differs between infectious diseases because different sets
of patients had their reference and index tests within the first 48 hours of their hospital
stay. Importantly, the different populations for each infectious disease are not exclusive;
each patient is in all five population, and only their results on the reference and index
tests change.
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Variable
Mean (SD) or N (%) Mean (SD) or N (%)
Age (years) 56.4 (27.8)
Sex (male) 59,988 (44.80%)
Stay length (hours) 319.5 (568.8)
Died in hospital 7,180 (5.40%)
Infected with C. difficle 3,192 (2.39%)
Infected with E. coli 3,501 (2.63%)
Infected with MRSA 665 (0.50%)
Infected with norovirus 22 (0.02%)
Infected with P. aeruginosa 1,304 (0.98%)

Table 4.2: Baseline demographics and clinical characteristics of patients based on the set
of patients who received both a reference and an index test for the nosocomial infection
in question.

characteristic (ROC) curves based on multiple cutoffs of hours co-presence with

infected individuals. The ROC curves have areas under the curve (AUC) ranging

from 0.92 to 0.99 (Table 4.3). The optimal cutpoint ranges from 29 to 59 hours

depending on the infection in question. This means patients must spend over 24

hours co-present with infected patients before the number of false negatives is

minimized. Of note is that these hours can be accrued concurrently as a patient can

be co-present with multiple tested or diagnosed patients simultaneously. Sensitivities

and specificities at these cutpoints are also shown in Table 4.3. Sensitivities are

all at least 0.95, and sensitivities are all at least 0.90. These results are robust to

analyses conducted at the ward level rather than the bay level, decreasing by a

maximum of 10%. Moreover, the results are largely unchanged when the quarantine

ward is removed from the analysis, as tests or diagnoses are often received prior

to transfer to the quarantine ward. The hours of co-presence leading up to the

receipt of test or diagnosis are therefore not affected by the co-presence in the

quarantine ward which follows.
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Figure 4.2: Empirical probability density functions of hours of co-presence with infected
individuals (index test) stratified by the presence of a diagnosis or positive microbiological
test (reference test). Each panel represents one of the communicable diseases tested: A)
C. difficile, B) E. coli, C) MRSA, D) P. aeruginosa, and E) Norovirus.
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For patients with a positive reference test and a positive index test (true

positives), I examined how many hours earlier they would have been tested if

the reference test was administered immediately upon crossing the threshold of

co-presence (Table 4.3). I observe that on average, the amount of time saved ranges

from 6 hours for C. difficile to 22 hours for P. aeruginosa. The ranges show that even

when the infectious period is changed, the results remain qualitatively the same.

4.5 Discussion

In this paper, I have shown that the number of hours of co-presence with tested

or diagnosed individuals serves as a strong predictor of infection. Further, I show

that the optimal cut-point for all four diseases tested is greater than 24 hours.

This is important, as previous methods, such as contact tracing, typically uses

any contact vs none (or no co-presence vs. any) as a cutoff for potential infection.

Instead, I are able to use a data-driven approach to determine the quantity of hours

co-present with a patient suspected of infection which maximally predicts infection.

Additionally, I show that if co-presence time is used as a screening test, patients’

infections may be detected as much as 22 hours earlier, on average. Importantly, I

do so using only electronic medical records which are constantly updated in near

real-time within hospitals using such systems. In quantifying this test, I hope that

it will potentially be used as a screening tool in hospitals, and that it will foster

the use of electronic medical records for other purposes. Thus, informatic systems

can be designed based on this work to identify those patients who may be at risk

of infection due to time co-present with those suspected of infection.

The index test of patient-patient co-presence would ideally be used as a screening

test; once a patient was co-present with a tested or diagnosed patient for at least

the cutoff time of 29-59 hours, they would then be tested for the microbiological

agent and subsequently monitored for signs of infection. I have shown that if
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this were done, infections could be identified earlier than on current standard

operating procedure. This earlier detection may lead to reduced infectious periods

for patients, as treatment could be administered sooner. Further, if there were

downstream effects, the values I estimate in Table 4.3 may be underestimates. For

instance, if earlier detection of a patient’s infection via this index test resulted in

earlier quarantine for that patient, then this would prevent other patients being

infected via co-presence with the original patient. These downstream effects are

not captured in the calculations of the person-hours of infection potentially saved,

and would require simulation studies to evaluate this counterfactual, which is

beyond the scope of this paper.

Although I omitted quantifying the cost of various outcomes, I recognize that

this is an important factor in the design and implementation of new tests, both

for understanding the impact the test may have, but also for deciding the ideal

cut-point. Here, I used the point closest in Euclidian space to the perfect test,

as a starting point for optimal cut-points. If the cost of a false positive based on

co-presence is too high (i.e. the cost of time, money, and space for microbiological

specimens), the optimal cut-point can be adjusted to better reflect the costs of

false positives and false negatives. This will also influence whether the use of this

screening test is cost effective in practice - given the large number of false positives,

testing all patients who are co-present with tested individuals may incur large costs,

making this test inefficient for rare infections. To clarify, although the specificities

across infectious diseases are very high, the very large number of patients without

infection means even these high sensitivities translates to hundreds or thousands

of false positives. In addition to false positives, diseases like MRSA which are

closely-surveilled in hospitals may not see dramatic increases in the early detection

rate. Even though the index test correctly identifies almost 500 MRSA-infected

patients, only eight hours per patient are saved. However, for common infections

that are not as closely surveilled, this test would have myriad benefits both in terms
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of health outcomes and costs, even with the cost of false positives.

As previously stated, this test has many advantages. First, many hospitals

already use some form of electronic medical record, so adapting them to monitor

co-presence with infected and tested individuals should carry minimal effort. These

forms of data can also be passively monitored for relevant amounts of co-presence,

meaning the cost to perform the index test is inexpensive once the passive monitoring

is enabled. This test is also fast; a result is returned immediately when a patient

crosses the threshold of co-presence. Finally, this test is specific to the infection

being examined. A positive result of co-presence with patients tested for E. coli

only strongly predicts an E. coli infection. Because the co-presence is only counted

with patients who have a specific disease, this test specifically identifies the infection

in question. This is in contrast to some diagnostic tests which measure general

indicators of infection, and must be used in concert with physician expertise to

identify the specific infection182. All of these strengths indicate that this test would

strongly supplement the tests currently available.

Because the index test is based on administrative data, there are inherent

limitations that make this approach imperfect. First, this method cannot disentangle

disease-specific modes of transmission, and does not perfectly capture all the methods

by which infectious diseases can transmit. A vector may transfer directly from patient

to patient, or may be transmitted between the two by a third non-patient party,

such as a health care practitioner. There may be other methods of transmission not

from person-to-person that would not be predicted via co-presence (e.g. residual

vector on a surface). The co-presence test makes no assumption on the method of

transmission, and instead leverages the increased risk of infection for patients who

are co-present with an infected patient. These results therefore show the strength

of association between co-presence with other patients and subsequent infection,

and it is this association which can be leveraged for screening.

If this method were to capture transmission through third-parties, every patient
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contact with said third party would need to be included, which is outside the realm

of most hospital administrative datasets. Including such third-parties would limit

the general applicability of this method. Further, these results are based on the

relatively crude measure of co-presence, and therefore likely represent the minimum

strength of the association; increased sophistication (e.g. bed-level information)

can increase the association between co-presence and infection, and therefore the

predictive power of this test. I also make assumptions in creating the index test,

which could impact the results. These include assuming all infected patients receive

the reference test at the midpoint of their infectious period, and that everyone

has an equal-length infectious period. However, I apply the same assumptions

to all the patients, so there should be no differential effect between infected and

uninfected patients. Finally, this test was quantified using data from NHS hospitals.

Standard operating procedure for infection control exists that may make the results

here non-generalizable. However, future work should be done to examine whether

similar results occur elsewhere.

In this paper, I have shown that using electronic medical record-based co-

presence time with patients tested for a microbiological agent is a strong candidate

as an indicator of nosocomial infection. Beyond the implications for nosocomial

spread, this suggests that co-presence in hospitals matters: patients are not truly

isolated and independent from one another, and this needs to be recognized, and

leveraged for better health care. Although these results are a strong starting point

for using co-presence as a screening test in the hospital setting, more work needs

to be done to validate and strengthen these findings. Co-presence as a screening

test should be evaluated prospectively in a hospital, which will then even more

accurately reflect what health care practitioners see in real-time, rather than the

retrospective data I use here. Additionally, the potential benefits and costs of using

this as a screening test are not clear; the downstream benefits are complicated

and may be stronger than indicated here. On the balance of the strengths and
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potential caveats discussed herein, I have shown that co-presence is a powerful

indicator of nosocomial infection, which merits further study and may have benefits

towards reducing nosocomial spread in hospitals.
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5.1 Abstract

Subclinical infections, those where the bacterial or viral load are below a test’s

detection threshold, likely have negative affects on patient outcomes, and affect the

disease dynamics of nosocomial outbreaks. However, given the difficulty to detect

subclinical infections, their presence and potential impact has gone unaddressed. I

use a random forest model to separate infected and uninfected individuals based on

electronic records and hospital administrative data. Patients whose classification

is switched from uninfected to infected are considered subclinically-infected. I

perform cross-validation on infected patients to determine the model’s accuracy.

Using regression models, I estimate the impact of subclinical infections on hospital

stay length and likelihood of death. Finally, I determine the effect of subclinical

infections on disease dynamics by observing both connections in the static network,

and disease models on the temporal network. Of 82,711 patients, the model

identifies 183 with subclinical MRSA, 136 with subclinical C. difficile, and two

with subclinical norovirus. The model detects between 75% and 100% of known

infections in cross-validation. Subclinical infections negatively impact both hospital

stay length and likelihood of death during a hospital stay, but to a lesser extent

than full infection. Subclinical infections of MRSA and C. difficile likely impact

nosocomial dynamics by connecting groups of otherwise-unexposed patients to

the infection in question. However, timely detection and quarantine of subclinical

infections could reduce the impact of nosocomial outbreaks. I find strong evidence
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that the model detects subclinical patients, and that these subclinical infections

negatively impact both individual patients, and those with whom they share the

hospital. Future studies should examine this prospectively to determine the efficacy

of this model in real-time, and whether the simulated intervention would indeed

reduce the impact of nosocomial outbreaks.

5.2 Introduction

Nosocomial infections burden the health care system, each costing an average of

£3,154, for an estimated total of £930.62 million per year172, and this impact has

been increasing over time200,201. Because of this importance, reducing the impact

of nosocomial infections has been an important research aim and clinical care focus,

with a variety of approaches. One important aspect of reducing nosocomial infections

is having effective diagnostic tests for the disease in question, as faster, more accurate

diagnostic tests can lead to reduced infectious disease spread. Standard-of-care

tests202 and other methods, such as biomarker tests203 do not detect all infections

because either the timing of the test is incorrect (e.g. a patient is tested just

before or after infection) or the test is not sensitive enough to detect a low viral

or bacterial load. Therefore, patients with a minor infection which cannot be

detected by diagnostic tests may go unnoticed by the health care system. I term

such patients subclinically-infected, and my main aim in this paper is to identify

subclinically-infected patients, evaluate whether those patients determined to be

subclinically infected impact the health of other patients and, thus, contribute

to nosocomial outbreak dynamics.

The magnitude of this problem is currently unclear. Because subclinical

infections are by definition undetectable, there is no way of knowing the impact

these infections may have on patient health and health care outcomes. However, it

is likely a problem, as research in other fields such as infectious disease epidemiology
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and immunology have shown. In studying bovine tuberculosis, researchers are aware

that there is a point during the progression of the disease where a cow is infected

but not yet test-sensitive, often building this stage into their disease models204,205.

Importantly, including this pre-detection stage of infection in models of disease

dynamics improves accuracy of observed infection rates, indicating that subclinical

infections impact disease dynamics. Similarly, it is known that microbiological

testing in nosocomial infection does not have a 100% sensitivity, and naming the

stage at which someone is infected but does not yet test positive on an infectious

disease test "subclinical infection" makes this phenomenon explicit and provides

definitional clarity206,207.

Subclinically-infected patients are distinct from colonized patients. Those with

subclinical infections have a bloodstream infection, but their infection neither

reaches detectable levels nor results in any symptoms. This may be due to increased

innate immunity, receiving only a small initial amount of infectious vector, or

some other reason. Colonized patients, on the other hand, have an infectious

vector somewhere on their person that enables transmission and puts themselves

at increased risk of infection, but they do not have infectious vector in their

bloodstream208. These differences are important, as the results I present are specific

to subclinically-infected patients rather than colonized patients.

Despite being distinct, there are a number of similarities between subclinically-

infected and colonized patients that make understanding subclinical infections

easier. For instance, patients who have been colonized by an infectious disease may

transmit the infection to others without showing signs themselves209,210. Similarly,

subclinically-infected patients may themselves be infectious, leading to infections

in others. Subclinically-infected patients may also be able to transmit to more

patients than those with overt infections, as they are not removed to a quarantine

ward after having their infection confirmed211. This is because they, like colonized

patients, are not easily detected by standard methods. Because of this, the presence



5. Using patient-patient co-presence to detect subclinical nosocomial infections 114

of subclinically-infected patients may alter the dynamics of nosocomial spread.

Recent improvements in our understanding of colonized patients have led to

better protocols aimed at reducing the impact thereof, which can partially be

applied to subclinical infections as well. One main method is active surveillance,

where all patients are screened for colonization on entrance to the hospital, and can

reduce nosocomial infection by up to 39%177. This allows physicians to catch sources

of infection that do not otherwise manifest. However, active surveillance would

only limit transmission of those entering the ward colonized, missing nosocomial

subclinically-infected patients185. As patient who eventually develop subclinical

infections do not enter the ward infected, and never reach detectable levels of

infectious vector, they would be detected by neither active surveillance nor standard

microbiological testing.

Although active surveillance itself cannot be used to identify subclinical patients,

incorporating both HAD and EMR can lead to detection of nosocomial subclinical

infections. HAD is any information collected on patients for the purposes of

monitoring their progression through the health care system212. These data are

commonly collected on patients, but are not often used for diagnostic purposes.

EMR contain the information on patients specific to their health and treatment,

and are often used for medical decision-making213. However, constantly monitoring

these data sources on a patient while they remain in the health care system can

shed light on the status of their immune functioning, and lead to the inference of

infectious vector in their system despite an inability to directly detect it.

EMR data include biomarkers, which are often used in testing the status of

the immune system. Infection has pronounced effects on many biomarkers, which

can be leveraged to detect infection203,214. Biomarker tests are routinely done in

patients even when infection is not suspected, particularly with the increasing

utilization of active surveillance. Here I propose to use these data to detect

potential subclinical infection.
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There is additional information that can be used to predict infection in HAD.

As I have shown previously, an important indicator that predicts infection is

co-presence with patients tested for infection 4. Researchers have also used patient-

patient co-presence and administrative data to to trace outbreaks through hospital

populations185. Because co-presence strongly predicts subsequent infection, it also

likely predicts subclinical infection, as subclinical infection is a necessary step

towards overt infection. Co-presence then, is an additional index that can improve

our ability to identify patients who are likely subclinically infected.

Therefore, using biomarkers, co-presence with infected patients, and additional

information from the HAD and EMR, I can likely detect individuals with subclinical

infections who would otherwise go unnoticed via standard disease surveillance.

Individuals in the subclinically-infected phase will demonstrate low bacterial or

viral load, but will likely have biomarker indicators that are elevated, placing them

somewhere between those who are uninfected and those with confirmed infections.

Thus, I hypothesize that subclinically-infected patients will exhibit biomarkers more

similar to those with overt infection and will have time co-present with patients

who have confirmed infections. My aims in this paper are therefore fourfold. I

will a) use machine learning classification methods to determine patients with

likely subclinical infectious diseases b) examine the validity of this method and the

identified patients c) determine the individual health effects of having a subclinical

infection, and d) understand how the presence of subclinically-infected patients

may impact nosocomial disease dynamics.
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5.3 Methods

5.3.1 Data source

The data come from the Infections in Oxfordshire Research Database, which com-

prises standard National Health Service (NHS) administrative data and electronic

medical records. This data set was originally established to monitor infectious

diseases, and also contains complete individual health records. The data for the

analysis comprises all 82,725 patients in the health care system from Jan 1, 2011 to

Jan 1, 2015 in the hospital for at least 48 hours, and with at least one biomarker test

during their stay. I subset to at least 48 hours to ensure I only identify nosocomial

infections, rather than community-acquired infections192.

The data contain information on microbiological and biomarker tests. For

microbiological tests, each test is timestamped and includes information about

the tested vector, whether it was detected, and any antibiotic resistance detected.

Biomarker tests include the timestamp and the corresponding value of the test

(with units). Records without any biomarker tests (n=50,577) do not have sufficient

meaningful information to be used for classification, and so are removed from the

analysis. Each patient’s medical history is broken into individual visitation stays

in the hospital with time stamps for both entry and exit. A stay is defined as

every occurrence with unique entry and exit times of any patient into a hospital.

Stays are broken down into spells, which are every unique period of time in a

given ward with entry and exit times. The date of death is recorded for each

individual through 2015. Specific wards are also divided into ward bays, which

provide additional spatial precision about patient locations. Additionally, the

dataset includes information about diagnoses based on ICD-10 code and admitting

physician101. The ICD-10 codes are used as a proxy for diagnoses, which has been

shown to have good sensitivity and specificity102.

In this paper, I examine three infectious diseases which cover the range of
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nosocomial illnesses: C. difficile, MRSA, and norovirus. This includes bacterial and

viral infections, infections that transfer through multiple mechanisms, and have

different standard operating procedures for diagnosis, treatment, and containment.

All of these factors may influence the performance of the method, so I gain additional

understanding of the method and of subclinical infections in doing so. For more

information on the dataset, see Chapter 2.

5.3.2 Random forest classification analysis

To identify patients who have a subclinical infection, I use random forest models.

A random forest is a machine learning method for grouping observations based on

patterns of covariates. Outside of neural networks, random forests are often one of

the best machine learning methods that do not over-fit to the data at hand, yet

retain significant predictive power215. They are also able to non-parametrically fit

non-linearities without prespecification. Because the true status of patients isn’t

known (as there is no detection method for subclinical infection), the models

cannot be supervised. However, I initially group patients according to their

infection status, and in this way, the models are semi-supervised216. Models

were fit allowing for 2 classes (initialized as uninfected and confirmed infected

based on microbiological test or diagnosis).

The variables I chose to include in the models were those that would indicate

a potential infection earlier than the markers used for infectious vector tests.

Current tests measure either the bacterial/viral load directly or measure the specific

antibodies to those infections. Both of these only occur relatively late into an

infection (Figure 5.1). I therefore use variables relating to the cell-mediated

immune response (CMI), which includes many markers of general infection or

swelling. These are eosinophils, neutrophils, white blood cells, and C-reactive

protein (CRP). Based on the work in Chapter 4, I include as a predictor the
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Figure 5.1: General progression of the immune response. Standard infectious disease
tests either measure directly the presence of bacteria or virus, or specific antibodies to
those vectors, which both occur relatively late in the infection. However, the cell-mediated
immune response (CMI) occurs relatively early, allowing for early detection of subclinical
infection. Figure adapted from Pollock and Neill 204 .

amount of time a patient spent with other infected patients in the ward, as this

gives an early indicator of subsequent infection. I also include whether a patient had

any other infectious disease diagnoses during their stay. This will prevent patients

who have some other infection from appearing subclinical via this method. Finally,

I include demographic information including sex, age, hospital stay start time (to

allow for time trends), primary diagnosis, and admitting physician. After models

were run, some patients who were initially classified as uninfected were instead

classified as infected. These are the patients classified as subclinically-infected, as

their characteristics appear similar to those with overt infection.

5.3.3 Validation

In addition to being difficult to detect, the presence or absence of subclinical infection

cannot be verified, especially retrospectively. Because there is no gold standard
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detection method for subclinical infection, no identification method can conclusively

determine a patient’s subclinical infection status. Previous work has discussed the

practice of classification models when no reference standard exists217,218,219. This

research advocates examining external factors or outcomes that would be affected by

the results of the model, but are not part of the model. It also stresses the importance

of standard methods such as cross-validation. I use both approaches here.

To assess the internal validity of the findings, I first conducted a cross-validation.

To do so, I randomly initially classified 10% of infected patients as uninfected.

I then re-ran the random forest model, and observed how many of the known

infected patients were recovered and properly classified as infected. I repeated this

simulation 100 times to observe the variability in the process.

For external validation, I fit models for two health outcomes not used in the

classification process: hospital stay time, and survival during the hospital stay.

These are both outcomes in which infectious diseases result in worse outcomes220,221.

Therefore, if the random forest model has accurately identified individuals with

subclinical infection, models using the classification from the random forest model

as a predictor of health outcomes will have improved fit indices relative to using

only microbiological test and diagnosis information. For hospital stay time, I fit a

linear regression model. For dying while in the hospital, I fit a logistic regression.

In both cases, I compare the model fit (as measured by the BIC) when using only

infection information from microbiological tests and the model fit when using the

latent class membership. All models were adjusted for age, sex, time of hospital

stay beginning, primary diagnosis and admission consultant. I also attempted

to do the same for the time to readmission, conditional on the patient surviving

through their hospital stay. However, due to the reduced sample sizes, the fitted

accelerated failure time models did not converge.
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5.3.4 Health outcomes

Although I group those I believe have subclinical infection with observed infected

patients for the purpose of validation, I hypothesize that the outcomes for those

in the subclinically infected phase will lie somewhere between those who are not

infected and those with confirmed infections. Therefore, I fit the same models I

fit previously (linear regression for hospital stay time and logistic regression for

death during hospital stay), but instead of only using the two classes, I use a

categorical variable with three values: uninfected, subclinical, and infected. All

models were adjusted for age, sex, time of hospital stay beginning, primary diagnosis

and admission physician. The baseline in all models is the uninfected class, and

I expect that for each model, subclinical patients will have outcomes worse than

uninfected patients, but better than infected patients.

5.3.5 Disease dynamics

In addition to understanding how subclinical infections may impact individual

health, it is also important to understanding how they may impact the dynamics

of nosocomial infection. To do this, I construct the patient-patient co-presence

network, where each patient is represented as a node, and nodes are connected

by edges if the patients are in the same ward bay for at least an hour together

(see Chapter 2). Due to the small number of subclinical infections observed for

norovirus, I subset this to only MRSA and C. difficile.

I start by dividing the observed infections into individual outbreaks. An outbreak

was defined as all infections occurring with less than 96 hours between consecutive

infections. This period is greater than the incubation phase for the majority of

cases, so any exposed individuals would have likely transitioned to infected or

subclinically infected within this time frame. In creating outbreaks in this manner,

I separate out putatively-independent occurrences of infection, allowing me to
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study each in isolation. This also gives a population of outbreaks, against which

simulations can be compared, rather than to just an n of one situation if I examined

the entirety of the data at once.

To understand how subclinical infections affect the spread of infection on this

network I build statistical models for the occurrence of configurations of sets of

three patients each of whom may be uninfected, infected, or subclinically infected.

I can represent these configurations as colored triads, with three different colors

corresponding to the respective infection status of each patient, and then apply

a colored triad census to each recorded outbreak (Appendix A). I calculate the

colored triad census for each outbreak individually. This census counts the number

of uniquely colored and structured triads in the network. By coloring the nodes

according to infection status (uninfected, infected, or subclinically infected), there

are 56 unique colored triads.

I construct a baseline, or null, model by fitting an Exponential Random Graph

Model (ERGM) to the network with terms for edges, geometrically-weighted edgewise

shared partners, and nodemix. These terms model the number of edges, number

of times a pair of connected nodes both connect to a common third node, and

the number of times a node of a given attribute connects to a node with a given

attribute (may be the same or different), respectively. In sum, these model the

density, triadic structure, and attribute mixing of the network, all the components

of the colored triad census. Any colored triad counts which significantly differ

from the distribution implied by this model therefore indicate an interplay between

these factors not modeled by the ERGM. Again, I do this to the network for each

outbreak. I simulate 1,000 networks from each ERGM, and calculate the colored

triad census for all of them, summing the counts across outbreaks, and comparing

the observed counts of the colored triads to the null distribution. The percentile of

the observed count is a pseudo-p-value. Any colored triads which are significantly

over- or under-observed in this model indicate colored triads where the structure
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S E T I R

Figure 5.2: Dynamic model schematic. The five stages are Susceptible, Exposed,
Subclinically-infected (Test insensitive), Infected, and Recovered. Arrows directly to and
from the recovered category are based on the empirical data of patients entering and
leaving the hospital rather than governed by any parameters.

and color of the nodes interacts to alter the propensity to connect.

Using knowledge gained from the colored triad census, I move to the temporal

network. Although the static network leads to important insights, edges between

patients are only temporarily extant, particularly with respect to the lifetime

of the infectious vectors, and as such, a temporal network is the appropriate

model for fuller analyses60,222. I therefore fit a dynamic infectious disease model

to the temporal network. This model has five categories: uninfected, exposed,

subclinically-infected, infected, and removed (Figure 5.2). Patients can move from

uninfected to exposed based on their exposure to subclinically-infected and infected

patients. Once exposed, they transition through to either subclinically-infected

or infected at exponentially-distributed rates. Whether they become infected

or subclinically-infected is determined by the observed fraction of infected and

subclinically-infected patients in the data.

A patient can move to the recovered stage at any time, based on the underlying

temporal network (e.g. when a patient’s stay ends through discharge or death).

Additionally, patients who are infected or subclinically-infected can also clear the

infection while at the hospital, becoming susceptible again. I also model the

hospital’s quarantine policy by artificially increasing the recovery rate of infected

individuals; with respect to infectiousness, they "recover" once they are moved to
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the quarantine ward. For this reason, the duration of infectiousness is lower for

infected than for subclinical, although the likelihood of transmitting infection in a

given hour is much higher for infected patients. Becoming infected is proportional

to the person-hours one spends with infected and subclinical patients. I reduce the

average length of infection and the infectiousness over time as the hospital increases

its response to the outbreak. This way, simulated outbreaks die out within the

time of each observed outbreak, reflecting reality.

I first calibrate the model by using the observed data from the outbreaks, and

I do so separately for the MRSA and the C. difficile models. Using the observed

outbreaks without the subclinically-infected patients, I estimate the average time

exposed, the average time of infection, and the probability of exposure given co-

presence with an infected patient. I then add in the subclinically-infected patients,

and recalibrate the model, adding in the parameters for average length of being

subclinically-infected, and for the probability of exposure given co-presence with

a subclinically-infected patient. I do these calibrations by simulating an outbreak

on each outbreak network 100 times with a given set of parameters. The objective

function to minimize was the Euclidian distance between the 3-dimensional set of

median outbreak size, mean outbreak size, and Fano factor (variance divided by

mean, which gives an estimate of the "burstiness" of the outbreak)223. I explored

the parameter space via a Metropolis-Hastings algorithm224.

With the calibrated models, I simulate an intervention on the subclinically-

infected patients. I rerun the simulation after reducing the infectious period of

subclinical patients so that it mirrors that of infected patients comparing this to

the results of the simulations without the intervention imposed. If the intervention

has an effect, then the intervention would ameliorate the effects of infection spread

via subclinically-infected patients.
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5.4 Results

The study population consisted of 82,711 individuals who were on average 57

years old, and 46% of them were male (Table 5.1). The average stay length

was 389 hours, and the most common primary diagnosis was hypertension, with

2,396 cases (2.9%). There were 977 unique diagnoses. 911 individuals tested

positive for MRSA, 1,920 patients tested positive for C. difficile, and 31 individuals

tested positive for norovirus.

Variable Mean (SD) or N (%)
(n=82,711)

Age (years) 57.42 (25.17)
Sex (male) 1,579 (46.0%)
Stay length (hours) 388.88 (714.27)
Patients with MRSA 911 (1.10%)
Patients with C. difficile 1,920 (2.27%)
Patients with norovirus 31 (0.04%)

Table 5.1: Demographic information about the study population.

5.4.1 Identification and validation

Based on the random forest classification, there are a total of 183 patients sub-

clinically infected with MRSA, 136 with C. difficile, and 2 with norovirus. The

different covariates used had differential strength in classification, with co-presence

leading to the strongest separation between the latent classes (Figure 5.3). Of

the biomarkers, C-reactive protein and neutrophils best differentiated between

uninfected and latent classes.

The cross-validation reliably picked up at least 80% of known infected cases across

all three diseases 5.2. The recovery was best for C. difficile, and worst for norovirus.

This was largely due to the small numbers involved in predicting norovirus cases.

The results showed that the models had better fit when considering the subclinical

patients as infected rather than uninfected (Table 5.3). Additionally, patients with



5. Using patient-patient co-presence to detect subclinical nosocomial infections 125

0.00

0.25

0.50

0.75

0 2 4 6

C−reactive protein

D
en

si
ty

0.00

0.25

0.50

0.75

0 2 4 6

C−reactive protein

D
en

si
ty

0.00

0.25

0.50

0.75

0 2 4 6

C−reactive protein

D
en

si
ty

0.0

0.5

1.0

1.5

0 1 2 3 4

Eosinophils

D
en

si
ty

0.0

0.5

1.0

1.5

0 1 2 3 4

Eosinophils

D
en

si
ty

0.0

0.5

1.0

1.5

0 1 2 3 4

Eosinophils

D
en

si
ty

0.0

2.5

5.0

7.5

0 2 4 6

Log(hours co−presence)

D
en

si
ty

0

10

20

0 2 4 6 8

Log(hours co−presence)

D
en

si
ty

0

10

20

30

0 2 4 6

Log(hours co−presence)

D
en

si
ty

A

B

C

D

E

F

G

H

I

Uninfected

Infected

Subclinical

MRSAC. difficile Norovirus

C
-r

ea
ct

iv
e 

pr
ot

ei
n

E
os

in
op

hi
ls

T
im

e 
co

-p
re

se
nt

Figure 5.3: Probability density function plots of biomarkers and overlap-hours with
infected patients divided by latent class status. A, B, and C show C-reactive protein,
eosinophils, and time spent co-present with infected individuals, respectively for C. difficile.
D, E, and F show the same for MRSA, and G, H, and I show the same for norovirus.
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Disease Median % correctly identified (Range)
MRSA 0.86 (0.80,0.95)
C. difficile 0.90 (0.84,1.00)
Norovirus 0.81 (0.75,0.89)

Table 5.2: Cross-validation results. For each of 1,000 trials, 10% of infected patients
were randomly reclassified as uninfected. The percentage of these that were recaptured as
infected by the random forest was recorded.

a subclinical infection on average had worse outcomes than uninfected patients,

but better outcomes than infected patients. Although the models always had

higher BICs using the latent class membership, the magnitude by which the fit

increased was greatest for C. difficile.

Infection Outcome BIC Difference Coefficient Coefficient
Subclinical (SD) Infection (SD)

MRSA Stay length 6.41 108.40 (22.05) 634.47 (48.94)
Death 2.99 0.47 (0.24) 0.61 (0.10)

C. difficile Stay length 8.45 174.46 (40.64) 719.83 (102.93)
Death 7.91 1.26 (0.39) 1.00 (0.15)

Norovirus Stay length 10.95 284.53 (118.39) 562.39 (465.98)
Death -0.08 -8.57 (80.68) 0.19 (0.55)

Table 5.3: Model results for external outcomes. Models were fit using 1) only the
diagnosis of infection as found in the EMR and 2) including a third category for subclinical
infections. The BIC difference between these models is shown in the third column; a
positive number indicates that the model with subclinical infections was a better fit. The
models used for each of the three outcomes are as follows. Stay length was modeled
via a linear regression controlling for age, sex, time to infectious disease test, primary
diagnosis and consulting physician. Dying while in the hospital was modeled using a
logistic regression controlling for everything in the stay length model as well as stay length.
A positive coefficient indicates infection or subclinical infection predicted an increased
likelihood of dying while in the hospital

5.4.2 Effects on individual health

I next examined the effect that subclinical infection had on patient health outcomes.

Recall that I hypothesize that patients with subclinical infection would have

outcomes midway between uninfected and infected individuals, since subclinical

individuals have bacterial or viral loads that are below the sensitivity threshold of
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the respective test, and bacterial/viral load is correlated to severity. To an extent,

I observe that in the results (Table 5.2). The results for MRSA and C. difficile

are in line with what I expect; health outcomes are negative and significant for

infected and subclinical patients, but of lesser magnitude for subclinical patients.

For norovirus, I observe the same trend for hospital stay length, but no significant

effect on survival for either the infected or the subclinically-infected.

5.4.3 Effects on disease dynamics

In addition to understanding how subclinical infections affected individual patient

outcomes, it is important to understand how their presence affected the dynamics

of the infection in the population. There were a total of 106 outbreaks of MRSA,

and 39 outbreaks of C. difficile. Outbreaks ranged in size from 1 to 66 patients.

The total numbers of patients in the health care system during outbreaks ranged

in size from 439 to 3,790 patients.

I calculated the colored triad census on the individual outbreak static networks

to understand how subclinical infections related to the overall network structure,

comparing the counts to those observed in simulations from the baseline ERGMs

(Figure 5.4; Appendix A).

These results conform to a number of a priori expected features, showing that the

colored triad census detects expected effects. The complete triad of infected patients

is observed more often than expected by chance, due to the hospital’s operating

procedure of moving infected patients to a quarantine ward. The connected triad of

subclinically-infected patients is observed less frequently than expected by chance,

reflecting the fact that the random forest only includes co-presence with infected

individuals, not with those later classified as subclinical. Therefore, co-presence with

a subclinically-infected patient is not predictive of subclinical infection, leading to a

lack of edges between subclinically-infected patients. Because I observe the expected
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Figure 5.4: Heat map of colored triad census. The colored triad census was applied to the
observed temporal network, and 1,000 networks simulated from the ERGM representing
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bottom-right node, and the bottom-left node, respectively. White cells indicate redundant
colored triads.
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effects, the unexpected results of the colored triad census are more likely true effects.

This approach also leads to conclusions about the role of subclinically-infected

patients in disease dynamics. I find that the triad consisting of a subclinically-

infected patient connecting two otherwise-unconnected infected patients is observed

more frequently than expected by chance, and the triad consisting of a subclinically-

infected patient connecting two otherwise-unconnected uninfected patients is ob-

served less frequently than expected by chance. Together, these findings indicate

that subclinical patients may connect infected patients who otherwise would not

be connected. If the temporal ordering of infections in the triad is infected to

subclinical to infected, then the subclinically infected patient may be responsible

for transmitting the infection to the third patient.

To test the possibility that subclinically infected patients exacerbate nosocomial

outbreaks, I use the temporal network to understand how the presence or absence

of subclinically-infected patients affect the dynamics of the infections. The results

from the SETIR model (infections including subclinical) are shown in Table 5.4.

The SETIR model was calibrated on the observed data with subclinical infections,

and as such, reflects the central tendency of the observed outbreak, but had higher

variation (greater range and SD of outbreak size than the observed outbreaks).
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I also examine how disease dynamics might be affected by early identification

and quarantine of subclinical patients (Table 5.4, row 2). I assume that the early

identification and quarantine of subclinical patients would reduce their infectious

period to similar levels as the infected patients. When I do so, I see that outbreak

size is reduced to below the levels of the outbreak not including subclinical infections

(7.45 vs 6.43 for MRSA, 6.09 vs 4.78 for C. difficile). This indicates some of the

infections are likely caused by exposure to subclinically-infected patients, and that

intervening in this way could reduce outbreak size.

5.5 Discussion

In this study I show that I can detect patients with likely subclinical infection based

on electronic medical records and hospital administrative data. I perform a number

of analyses to assess the validity of the model, showing that it both recaptures known

infected individuals and that identified subclinical patients have health outcomes

between uninfected and infected patients, as expected. I find that subclinical patients

help explain nosocomial outbreak dynamics by connecting otherwise-disconnected

groups of infected patients. Finally, if subclinical patients could be identified and

quarantined like infected patients, then nosocomial outbreaks could be reduced.

Importantly, the presence of subclinically-infected patients affects the disease

dynamics of nosocomial outbreaks. Not only do I find that subclinical infections

impact an individual’s health, but that affected patients are themselves likely

infectious. Even though the model indicated that subclinical patients are less

infectious than infected patients, they go unnoticed due to their lack of symptoms,

remaining a potential vector in the hospital for longer than patients with overt

infection. This is particularly important if a patient is transfered between wards;

if they are subclinically-infected, then they potentially expose entire additional

groups of patients to an infection. Indeed, this likely occurs and is responsible
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for some infections in an outbreak, as I observed from the 201− SII triad being

observed more often than chance. However, if subclinically-infected patients can

be identified and quarantined at a similar rate as infected patients, nosocomial

outbreaks can be dampened, and their eventual impact lessened.

The behavior of the algorithm identifying the subclinically-infected patients is

important. As shown in Figure 5.3, the time co-present with infected patients

was the strongest classifier, creating sharp divides between uninfected and infected

individuals. None of the biomarkers were strongly predictive on their own, but

in concert, the four biomarkers composing the CMI response (white blood cells,

eosinophils, neutrophils, and CRP) helped to further differentiate infected from

uninfected individuals. The inclusion of these factors was important, as the CMI

response happens relatively early in infection, when bacterial and viral loads

are still low204.

The model has a number of inherent strengths as well, which make it well-suited

to detect subclinical patients. Random forest models allow for complex non-linear

relationships between the variables and latent class. This allows the model to

maximally separate groups. The model can also capture a variety of potential

transmission pathways in addition to direct patient-to-patient contact. For instance,

the inclusion of a patient’s consulting physician covers transmission via health care

staff, which is often responsible for a substantial fraction of nosocomial infection188.

For health care practitioners such as nurses who are often located within a single

ward, the co-presence metric would also capture infection spread through these

persons. I can also account for bacteria living on surfaces outside the human body

by artificially extending a patient’s time in the ward as contaminated surfaces

often play a part in nosocomial infection spread225.

Despite its general effectiveness, the model did behave less well with respect to

norovirus. This is largely because of the very few cases of nosocomial norovirus

in the hospitals examined. When a patient presents with norovirus, they are
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very often immediately sent home226. Because of this, very few patients are

exposed to norovirus in the hospital, and do not subsequently develop nosocomial

norovirus. The model then observes almost no patients who were co-present with

infected patients, leading to very few subclinical cases. Additionally, I observe

better separation in some of the biomarkers for bacterial infections than for viral,

which makes the remaining information less informative for separating infected and

uninfected patients.227,214. This does not mean that subclinical cases of norovirus

do not exist, but that if they do, this model is unable to capture them.

The assumption that the model identifies subclinical patients is a strong one,

and is one that cannot be directly verified based on the definition of subclinical

infections. However, the analyses I performed to assess the validity of the model all

indicated that the algorithm was accurate at detecting subclinical infections. First,

the models for stay length and survival in the hospital show better model fit when

using the latent class membership rather than the positive microbiological test. If a

subclinical infection triggers an immune response, particularly while a patient deals

with the morbidity that brought them to the hospital, then negative outcomes are

expected. The cross-validation also shows that the model can accurately recover

known infected patients relatively well. If subclinically-infected patients do indeed

appear similar to infected patients, then the model is likely similarly accurate in

detecting subclinically-infected patients. My examination into the dynamics of the

disease also reflect the likely accuracy of the model.

In conclusion, the findings demonstrate that electronic medical records and

hospital administrative data can be used to screen for subclinical infection across

a number of bacterial, but not viral, diseases. These subclinical infections impact

both affected patients and can lead to infection in other patients, affecting disease

dynamics. Additional studies should examine this prospectively, attempting to

identify subclinically-infected patients in real-time, and whether interventions would

reduce the impact of nosocomial outbreaks as shown here in simulation. This
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work is therefore the first step towards showing that subclinical infections are

an under-appreciated problem in the realm of nosocomial outbreaks. Only by

recognizing that these infections likely exist and have adverse effects on patients

can I move to pro-actively reduce their impact.
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6.1 Summary of results

The results of the previous chapters can be simply stated thusly: patient-patient

co-presence matters for health in hospital settings. It matters to patients’ health,

their trajectory of wards, and possibly even to their mental health. The evidence,

135
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notably, is entirely based on an analysis that restricts itself to the use of electronic

medical records and hospital administrative data.

In Chapter 2 I describe the dataset and the population comprising its catchment

area. I also cover demographics and some other information about the structure of

the data. Finally, I show how a variety of bipartite networks can be constructed

from EMR and HAD, as well as some basic insights that can be gleaned from

each source. Here, I also highlight how the patient-patient co-presence network

is the least studied of these, and is part of why I choose to examine the effect

of co-presence on patient health.

In Chapter 3, I show that the co-presence patterns of patients when in the

chemotherapy ward matter with respect to 5-year survival following chemotherapy.

Being around any patients consistently had a strong positive effect on survival out-

comes, as predicted by sociological theories such as social facilitation20. Additionally,

this strong effect was moderated based on whether patients responded positively or

negatively to their treatment, in line with theories such as modeling56. This work

makes strong contributions to the fields of health services research and sociology,

both empirically and methodologically. With respect to health services research,

the finding of ameliorated outcomes when consistently around other patients is

at odds with the current trends of increasing privacy in chemotherapy wards in

some countries228, and of increasing use of oral chemotherapy which can be taken

at home229. Sociologically, this work improves our understanding of how some

types of interactions may occur de novo. The chemotherapy ward is a place where

patients generally do not know one another prior to beginning treatment. The

detected effects therefore arise from new social interactions, which is often difficult

to observe. Furthermore, the method used to detect consistent co-presence was

a novel data-driven method to determine a patient-specific cutoff, rather than an

arbitrary cutoff, addressing a common criticism of dichotomization.

This chapter also served an important role in the construction of this thesis by
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working as a proof-of-concept of the planned further analyses and chapters. Instead

of using the entirety of the data, a small, manageable subset was chosen. This subset

was somewhere I a priori most expected to be able to detect the effect of co-presence.

If I was unable to detect it in this case, I would have been unlikely to detect it

elsewhere, and would have likely needed to refocus my efforts. As well, it allowed

me to slowly build towards optimization for larger analyses, as was needed in the

following chapters. This was also an important point towards the construction of

Appendix A, as it required previous knowledge of optimization techniques. Without

the foundation gained in conducting this chapter, constructing the algorithm and

gaining the insights from conducting it would likely not have occurred.

In Chapter 4, I show that the hours of co-presence with patients suspected

of infection is a strong predictor of subsequent infection. This finding held across

different infectious diseases with different modes of transmission, as well as both

bacterial and viral infections. Furthermore, this test is disease-specific unlike many

other predictive tests which test for general markers of infection. This builds on

previous work where the co-presence network of patients was implicitly used to

understand the path of transmission in a nosocomial outbreak, but is the first

time it is explicitly used as a predictive test on its own. This is potentially an

important advance in using EMR and HAD, as it shows how monitoring these

data can lead to improved predictions of patient health.

In Chapter 5, I again show that co-presence is an important predictor of health

outcomes. At a minimum, the results therein show that increasing co-presence

with infected patients is correlated with worse outcomes, including length of stay,

survival, and readmission rates. Beyond that, it shows that the data from EMR

and HAD are more than the sum of their parts: health states outside of those

measurable by standard methods may be discoverable through the rich information

contained in the EMR and HAD. Again, this points to the import of EMR and AD

in understanding and monitoring patient health. More pressingly, this work may
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point to the presence and effect of patients with subclinical infections, which is not

something being addressed by the medical community, despite others’ knowledge

that it occurs (e.g. in bovine tuberculosis205).

6.2 Strengths and limitations

Although I describe the strengths and limitations of each individual chapter within

the confines of that respective chapter, there a number of generalizations I would

like to highlight here.

As previously described, a number of strengths and limitations derive from the

use of EMR and HAD here. The temporal precision and large number of data

points on each patient were incredibly useful in understanding health at such a

detailed level. This also allowed me to build a number of data-driven approaches

that would have been much more noisy in smaller datasets. Using these data also

changed the types of questions I was able to ask, particularly with public health

implications in mind. Because these data came from EMR and HAD, I was very

realistically able to ask how the results could be turned around and implemented

in existing medical systems to actively monitor patient health. In other words,

the transition from retrospective to prospective study in this setting is less of a

gap than in many other frameworks.

One important limitation across all the studies was a lack of additional demo-

graphic data, including race and some proxy for SES. This precluded me from asking

certain questions, particularly whether there was a difference in care or outcome

across these attributes. Additionally, the sheer size of the data would have allowed for

appropriately-powered analyses to detect these effects. For this reason, having access

to race and SES data would benefit studies such as those presented in this thesis.

Beyond the general limitations of Big Data described in Chapter 1, these studies

had a common limitation that bears further examination: being unable to infer
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mechanism. Although all the results I show have potentially important consensuses

for health care outcomes, the exact mechanism by which they occur is not explicitly

defined through the methodological approach I took. For example, both social

facilitation and social support could explain the outcomes observed in Chapter

3. Using only co-presence data cannot distinguish between them. In this way,

other, more traditional methods such as surveys would be needed to supplement

these results. The same goes for Chapters 4 and 5, where the data do not

distinguish between method of vector transmission. Whether co-presence predicts

infection because it is directly passed from patient to patient or because the two

patients share a nurse who transmits the infection from one patient-to-another

cannot be determined from this data alone.

6.3 Future work

The work shown herein is largely a first step towards understanding co-presence

and health. This is because 1) these questions have generally not been asked due

to the difficulty of gaining data to answer them and 2) even now that sufficient

data was gathered, the underlying mechanisms couldn’t be elucidated. Therefore,

this work opens up a number of future directions to better understand the effect of

co-presence on health. I intend to carry some of it out on my own as an immediate

follow-up, but some of it is outside of my expertise and is likely best done by

experts in their respective fields.

Importantly, Chapter 5 was the first chapter in which I explicitly made full

use of the temporal nature of the data and the subsequent networks. Although the

results from the temporal models largely conformed to what I had already found

via the static network, they allowed me to address more-nuanced explanations of

the initial findings. This approach also allowed me to model a variety of time-

dependent interventions which would have likely been impossible to implement
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via a static network. Using what I learned from this approach and applying it to

Chapter 3 would likely yield new insights. Specifically, instead of using the static

network and having entire chemotherapy regimens as the unit of observation, I

can use the temporal network and have individual chemotherapy spells be the unit

of analysis. In doing so, I can use more temporally-proximate outcomes, such as

day-to-day health based on biomarkers. This will allow for a much more nuanced

understanding of the effects initially observed in Chapter 3.

As briefly stated in Chapter 3, the results therein invite additional investigation

using data and methods I have not used here. The data lack a number of variables

which could partially or totally account for the observed associations. Future

research may aim to replicate these analyses inclusive of additional data on these

potential confounders. The data I used also lacked information allowing me to

explicitly disentangle the potential mechanisms. Furthermore, it did not include any

information about the subjective patient experience; it is unknown whether patients

did interact with one another, and whether they were conscious of the health status

of those around them. This kind of data will likely never be captured in HAD

or EMR, and therefore other approaches, such as surveys or ethnography would

be useful to establish this. This approach would be needed to fully understand

the effects first observed in Chapter 3.

In addition to gleaning more insight from this data on the same effects previously

observed, this work also opens the door to other approaches towards the same

question. Now that I have established that social influence likely occurs in the

chemotherapy ward, previously-uncertain efforts, such as surveying chemotherapy

patients, may be seen as more likely to yield results, and therefore are more worth

pursuing. This could lead to additional understanding of the mechanisms, which

are not easily fully identifiable based on my approach.

The results in Chapters 4 and 5 lend themselves to further prospective research

to understand how well the results would perform in practice. Using EMR and
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HAD to predict subsequent infection could be highly-impactful if shown to still

be highly predictive in a prospective setting. Although I did all I could to have

my retrospective data best resemble the analogous prospective data, there may be

eventualities I did not foresee. These would become apparent in a prospective study.

Similarly, the results from Chapter 5 only show that it is likely that subclinical

infections exist in the health care system. A prospective study that uses the

algorithm I developed could identify potential subclinical patients in real-time.

These patients could be monitored more closely, which would catch "subclinical"

infections that were not truly subclinical, but were missed due to a lack of scrutiny

of the patient. They could also be pro-actively quarantined without the confirmed

presence of an infection. If subsequent infections then decrease, this would be

additional evidence that these patients are truly harboring infection.

In Chapter 1, I note that research has shown that co-presence can increase

immune activity. At the same time, co-presence is a strong predictor of infection,

often a necessary component (See Chapter 4). These two effects of co-presence

are opposed, but have not been studied in concert. Disentangling these effects

could therefore lead to increased understanding of each individual pathway. For

instance, the studies examining the effect of co-presence on immune activity often

look at aggregate social interaction whereas studies examining the risk of infection

based on co-presence look at much more temporally-proximate co-presence. These

disparities in temporal scale make disentangling these effects difficult. A single

study examining both on a similar time scale would likely provide additional

insight into these phenomena.

Finally, the algorithm I developed in Appendix A invites future use in under-

standing networks where both structure and node attributes matter. My approach

of defining a null hypothesis and sampling therein yields analyses that combine

many traditional analyses at once. The algorithm itself is also designed to be

efficient and work on networks up to 1000’s of nodes, allowing it to be applied
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to a wide variety of empirical networks.

6.4 Summary

In sum, I have used EMR and HAD to show that the patients with whom one is

co-present while in a health care system impacts one’s health. This occurs through

both psychosocial and biological mechanisms. These findings are important to a

number of fields, and advance both the methodology and the empirical findings

forwards. Although not without limitations, they are important first steps towards

understanding how this relatively-unexplored phenomenon occurs, and how we

can use this knowledge to improve health. Fortunately, the work immediately

suggests future steps that can be taken to expand on these results to further our

understanding of the mechanisms at play.
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A.1 Abstract

The triad census is an important approach to understand local structure in social

network analysis, providing comprehensive assessments of the observed relational

configurations between triplets of actors in a network. However, researchers are

often interested in combinations of relational and categorical nodal attributes. In

this case, it is desirable to account for the label, or color, of the nodes in the triad

census. In this paper, I describe an efficient algorithm for constructing the colored

triad census, based, in part, on existing methods for the classic triad census. I

evaluate the performance of the algorithm using empirical and simulated data for

both undirected and directed graphs. The results of the simulation demonstrate

that the proposed algorithm reduces computational time many-fold over the naïve

approach. I also apply the colored triad census to the Zachary karate club network

dataset. I simultaneously show the efficiency of the algorithm, and a way to conduct

a statistical test on the census by forming a null distribution from 1, 000 realizations

of a mixing-matrix conditioned graph and comparing the observed colored triad

counts to the expected. From this, I demonstrate the method’s utility in the

discussion of results about homophily, heterophily, and bridging, simultaneously

gained via the colored triad census. In sum, the proposed algorithm for the colored

triad census brings novel utility to social network analysis in an efficient package.

A.2 Introduction

The triad census is an important approach towards understanding local network

structure. Holland and Leinhardt 230 first presented the 16 isomorphism classes of

structurally unique triads possible in a directed network without loops. To conduct
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a triad census, one simply counts each occurrence of these structures, without

respect to the labeling of the nodes (here I use node label, color, characteristic, and

attribute interchangeably). This is useful insofar as specific triads, or combinations

thereof, may relate to underlying social processes giving rise to an observed network.

For example, bridges (triads with one null dyad and two non-null dyads) may be

important in navigating social networks231, and certain triads may be more or

less favorable based on structural balance theory (e.g. the 300 is balanced but

the 201 is not, see Figure A.1)232. Moreover, a variant of the triad census, motif

analysis, investigates the statistics of various triad configurations (motifs), and

has found wide application in biology233.

Also important to network structure are nodal characteristics and how they

relate to tie formation or dissolution. This has been the subject of research on

homophily (individuals having similar attributes with those to whom they are

connected)234. However, homophily is an observed phenomenon, not a process.

The processes giving rise to homophily are varied, often confound the relationship

between networks and outcomes, and are difficult to tease apart158. Methodological

advances, such as stochastic actor-oriented models can disentangle these effects to

some extent59. Other analyses have attempted to disentangle the processes leading

to homophily from structural processes, such as triadic closure235. Additionally,

the coloring of nodes in a network has been an important question for many graph

theorists and indeed represents a major topic in this field236.

Although nodal characteristics and the triad census are important, they have

rarely been examined fully in conjunction. Yet, there are a few cases where specific

colored triads have been studied. For example, Gould and Fernandez 237 study

brokerage based on triad structure and group membership simultaneously. This

same approach has been used to study brokerage in dynamic networks238. As

well, a study by Marcum and Koehly 239 examined specific colored triads based

on generational membership within families; in this work the authors showed that
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inter-generational ties were observed in different quantities than expected based on

the underlying null model. None of the past research evaluated the full census of

colored triads, rather, researchers have focused instead on specific colored triads

that were a priori expected to be relevant to the processes at hand. As a result,

these foundational works were not exhaustive with respect to all alternatives. In

other words, previous research examining a subset of colored triads likely had some

number of false negatives due to not examining every colored triad; this could

be addressed by censusing the colored triads.

The examination of node characteristics together with local structure is important

as it provides opportunity to simultaneously study the occurrence of triadic structure,

nodal attributes, and the interactions between them. For instance, certain colored

triads may be forbidden, such as three-cycles between strict heterosexuals in mixed-

orientation sexual contact networks240. Impermissible triads would be categorized

the same as those that were not observed due to chance in a triad census, potentially

missing important social processes or constraints at play in this type of network.

Only by incorporating node coloring into the triad census can this pattern be

fully elucidated.

Based on this methodological gap in the literature, I develop a method to census

the colored triads for any one-mode binary network with arbitrary number of colors.

Due to the large numbers of isomorphism classes of size 3 as the number of colors

increases, this method requires computational efficiency in addition to mathematical

accuracy. As well, one is often interested in forming a null distribution with which to

compare observed colored triad counts. If the null distribution cannot be analytically

solved, one would likely census the colored triads of many simulated networks, further

increasing the need for the algorithm to be computationally efficient.

Current most-efficient methods for the triad census exploit the sparseness of

networks241, and scale sub-quadratically (as the number of edges increases the

time to run the algorithm is faster than the number of edges squared). However,
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methods that exploit network sparseness by inferring the number of null triads

do not work in the colored case because they do not explicitly interrogate every

triad, and there are multiple isomorphism classes among the null triads due to

the coloring. Therefore, I extend the methodology of Moody 108 , which is based

on matrix algebra and interrogates every triad.

This paper (1) presents the colored triad census and its computational complexity,

(2) shows that this approach can be used on large networks (tested for up to 10, 000

nodes) with up to 10 colors in relatively-efficient time, and (3) uses the method

many times to create null distributions of colored triad censuses to form the basis

of conditional uniform graph tests. (4) I illustrate the benefits of an analysis

incorporating the colored triad census using a well-known dataset, Zachary’s

Karate Club109.

A.3 Algorithm

Since the original appearance of the triad census in 1976, a number of papers have

explored how to compute the triad census of a network in an efficient manner.

Although approximately-quadratic methods (in terms of number of nodes) exist for

calculating the triad census for sparse networks, (e.g. Batagelj and Mrvar 241), I

use the algorithm presented by Moody 108 here. This is because the more efficient

methods avoid interrogating null triads directly by taking advantage of the sparseness

of graphs, the subsequent large number of null (003) triads, and the known number

of total triads. Instead, they interrogate all triads with at least one edge, and

then subtract that count from the total number of triads in the network to arrive

at the number of null triads. This is insufficient in the colored triad census as

there are differently-colored null triads, and the count of each cannot therefore be

algebraically determined. For example, if there are two colors, four different null

colored triads exist (0-3 nodes of color A). The exact breakdown of the null triad
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into the four colored triads cannot be determined without interrogating each null

triad, thereby losing the efficiency gained when not considering colors. Moody’s

algorithm does not employ this limiting shortcut, and I therefore use it as a basis for

the colored triad census algorithm. Additionally, because many networks are sparse,

I can leverage computational techniques for increasing the efficiency of sparse matrix

operations242, further reducing the computational complexity of the algorithm.

Moody 108 showed that the count of each of the 16 triad isomorphism classes

could be derived by using matrix algebra on the adjacency matrix of the graph and

its derivatives. To review, let A be the adjacency matrix of a network, and Aij = 1

when a tie exists from node i to node j. Let E be the symmetrized matrix A, formed

by making any edge in A reciprocal via Eij = max(Aij, Aji). The complement of E,

Ē, is formed by subtracting the complete network adjacency matrix from E, so that

Ēij = 1 if and only if there is neither a tie from i to j nor a tie from j to i. Next, I

have M , the mutual matrix of A, and is made by removing any asymmetric edges

from A, or Mij = min(Aij, Aji). Finally, C is the matrix of only asymmetric edges,

and is calculated by C = A −M . Therefore, Cij = 1 ⇐⇒ Aij = 1 & Aji = 0.

Based on these matrices, Moody demonstrates how to calculate the number of each

of the 16 isomorphism classes for the case of unlabeled graphs (or, equivalently, for

a graph consisting of nodes of the same single color). Generally, this was done by

multiplying (either through dot-product or element-wise multiplication) the three

matrices corresponding to the relevant edges in the triad of interest. There were

two triads (111U and 111D) that were not directly amenable to this process and

were calculated via addition and subtraction of other triad types, respectively.

To extend this work to the case of multiple colors, I introduce the out-coloring

and in-coloring matrices, Kr and Kr′ , respectively, where r is the focal color of

matrix K. Here, the in-coloring matrix is the transpose of the out-coloring matrix.

The out-coloring matrix is calculated by evaluating the color of the nodes row-wise,
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such that rows indexing nodes of the focal color are composed in the following way:

Kr
i• =


1 if R(i) = r

0 if R(i) 6= r

(A.1)

Where R(i) is a function returning the color of node i. As above, the in-coloring

matrix is the transpose of the out-coloring matrix in Eq. A.1.

My algorithm works by using the in- and out-coloring matrices to evaluate and

“switch on" edges that have nodes of the focal colors at the ends (or tails) of edges

in the adjacency matrix A of the network. I adapt the triad census nomenclature

of Holland and Leinhardt 230 by appending the colors after the name of the triad.

The colors are ordered from the top node proceeding clockwise in Figure A.1. I

have arbitrarily adapted the orientation of the triads from the triad census figure in

Holland and Leinhardt 230 for computational reasons. The orientation is important

here because triads with the same orientation may no longer be isomorphic when

color is introduced. Figure A.1 makes it possible to count unambiguously and name

only unique colored triads. Therefore, T102−123 is the triad consisting of 1 symmetric

dyad and 2 null dyads, where the top node is of color 1, the bottom-right node is

of color 2 and the bottom-left node is of color 3. This is distinct from the T102−312

triad because the coloring of the nodes is not identical from the previous triad.

Following this, the general formula for an arbitrary triad “T " with an arbitrary

coloring triplet is:

T = Tr
(
(K1 ×H(T, 1, 2)×K2′)(K2 ×H(T, 2, 3)×K3′)(K3 ×H(T, 3, 1)×K1′)

)
(A.2)

In the above, “×" refers to element-wise multiplication, and “Tr" is the trace

function. For an arbitrary triad, “T " has a color triplet r1, r2, r3. H(T, i, j) is a
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003 012 102 021D

021U 021C 111D 111U

030T 030C 201 120D

120U 120C 210 300

Figure A.1: The 16 isomorphism classes of triads and their orientation used here with
respect to the color numbering. When colors are added to these triads, they are labeled
starting from the top node and proceeding clockwise.

function returning the matrix specific to the type of edge between nodes i and j

in triad “T ". For example, in a 102 triad, the first edge from the top node going

clockwise is a symmetric edge from node one to node two (Figure A.1). H(T102, 1, 2)

in this case would be the matrix E for the symmetric matrix, and the sandwiching

color matrices would turn the proper edges on and off if nodes one and two were

of the specified colors. If the edge is an asymmetric one, and the direction of

the edge in Figure A.1 is counter-clockwise, then C ′ is used instead of C to force
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the edge to go in the proper direction.

At this point, there are redundant triads due to certain colored triads being

isomorphic. For instance, the T003−122 is isomorphic with T003−221 and T003−212, and

would be triple-counted. These are removed by checking for isomorphisms based

on matrix row and column permutations of the triad. If two colored matrices are

identical after such row and/or column permutations, then they are isomorphic,

and all but one are. I arbitrarily decide to keep the triad whose coloring triplet

name comes first alphanumerically. It should be noted that removing in this way is

computationally expensive, particularly as the number of colors and nodes grows

large. I therefore shorten this process by performing it once for 1 to 10 colors

and storing the unique isomorphism classes. This leaves only unique isomorphism

classes of colored triads, which can then be accessed in linear time.

The number of unique isomophism classes for a given number of colors can be

shown for each of the 16 ismorphism classes in the triad census. The 16 classes

separate into four types of colored triads, depending on how many structurally-

distinct positions there are in the triad (e.g. the two ends of the edge in a 102

triad are not structurally-distinct from one another, but are distinct from the node

with no edges). The calculation for the number of each isomorphism class for

arbitrary number of colors (k) is shown in Table A.1. Each combinatoric term in

each row (together with their respective leading permutation coefficients) counts

the number of colored triads when there are three, two, or one unique color(s),

respectively. For example, in a network with three colors,the ‘300’ and ‘003’ classes

have only one accessible permutation when there are three colors present in the

triad (i.e.
(

3
3

)
), six ways when there are two colors (i.e. 2

(
3
2

)
), and three ways

when there is one color in the triad (i.e.
(

3
1

)
).

If these numbers are summed over the 16 isomorphism classes, the total number

of colored isomorphism classes of triads for k colors is returned. Similarly, the same

can be done for undirected triads, solely summing over the 4 triads observed in the
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Isomorphism classes Number of colored triads

300 and 003
(

k
3

)
+ 2

(
k
2

)
+
(

k
1

)
030C 2

(
k
3

)
+ 2

(
k
2

)
+
(

k
1

)
102 021D 021U 201 120D and 120U 3

(
k
3

)
+ 4

(
k
2

)
+
(

k
1

)
012 021C 111D 111U 030T 120C and 210 6

(
k
3

)
+ 6

(
k
2

)
+
(

k
1

)
Table A.1: Expression for the number of isomorphism classes within a triad class. k is
the number of colors

undirected case. Table A.2 reports the total number of colored triads for undirected

and directed networks over a range of k. Clearly, the number of isomorphism

classes grows quite quickly as k increases.

Number of
colors

Number of directed
colored triads

Number of undirected
colored triads

1 16 4
2 104 20
3 328 56
4 752 120
5 1440 220
6 2456 364
7 3864 560
8 5728 816
9 8112 1140
10 11080 1540

Table A.2: The number of colored triad isomorphism classes for directed and undirected
networks for k ranging from 1 to 10.

The algorithm implemented as an R package is publicly available and is linked

to this paper via github: https://github.com/jlienert/ColoredTriadCensus.

A.4 Algorithmic performance

If a naïve implementation of matrix multiplication is used, this algorithm runs with

computational complexity O(N3 ∗ 3k). It scales with the number of nodes cubed

(N3) because of the matrix multiplication involved in the algorithm. However,

https://github.com/jlienert/ColoredTriadCensus
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many software packages use algorithms that reduce the complexity of matrix

multiplication to O(N2.38)243. Furthermore, by taking advantage of methods for

matrix multiplication using sparse matrices (as appropriate due to the sparse nature

of most social networks), this complexity is reduced closer to O(N2)244. The exact

benefit gained by using sparse matrix multiplication varies based on how sparse

the matrix is. This ranges from the nearly-optimal O(N2) when very few edges

exist, to worse than the optimized algorithm when many edges exist. The scaling

with 3k comes from the number of distinct colored triads the algorithm needs to

evaluate, and the number of isomorphism classes scales in such a manner.

To test the efficiency of the algorithm, I apply it to networks ranging in size

from n = 10 to n = 10, 000 with the number of colors ranging from k = 3 to k = 10,

all holding the average degree constant at 6 by creating Erdös-Rényi graphs with

an edge probability of 6
N−1 . This reflects the average number of ties participants

often enumerate in social networks surveys245. The runtime of the algorithm with

these parameters can be seen in Figure A.2. In general, increasing K results in

constant increases in log(runtime), which is what I expect based on the theoretical

computational complexity. As expected, I also observe a super-quadratic increase in

log(runtime) as N increases. Although it is super-linear, it is still below the curve

that would exist if I used matrix multiplication not optimized for sparse matrices

(dotted line in Figure A.2). This difference shows the expected time saved by using

sparse matrix methods. Finally, I observe changes in the rank-order and decreases

in runtime going from 10 to 100 nodes. This is also due to the computational time

involved in initializing the sparse matrices and storing and operating on sparse

matrices, and as such is not unexpected. Additionally, because the average degree

was held constant, the smaller networks are much more dense, and therefore are

actually less efficient than if they used standard matrix multiplication methods.

To be perfectly optimized, therefore, the algorithm would use standard matrix

multiplication for small networks, and switch to sparse methods for larger networks.
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However, the gains would be minimal, generally under 10 seconds, and would require

additional logical steps to check for network size, minimizing the gain. I therefore

use sparse matrix methods for all network sizes.
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Figure A.2: Runtime of the algorithm on networks ranging from size 10 to 10, 000
nodes in orders of magnitude, and from one to ten colors. Additionally, the dashed
line represents the computational time that would be expected using standard matrix
multiplication methods for k = 10. These runtimes were generated using virtual PCs
including 1 dual core CPU and 10GBs of RAM.
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A.5 Empirical use and example

To show the empirical value of this algorithm, I use the Zachary karate club

social network109. This is a well-known historical network that describes the social

relationships between 34 members of a university karate club. Ties exist between

members if they overlapped in at least one of eight contexts representing undirected

relations. These relations varied in terms of likely strength of the association. Likely

at the weak end of the spectrum is being enrolled in the same class at the university,

while likely at the strong end is being a student-teacher at the studio. Additionally,

three ties are specific to activities with a part-time instructor.

Member “factions" were identified as a node attribute, taking one of five mutually

exclusive values: strongly associated with the president, weakly associated with

the president, neutral, weakly associated with the part-time instructor, or strongly

associated with the part-time instructor. These are labeled "Zs", "Zw", "N", "Hw",

and "Hs", respectively. These labels can be placed on an ordinal scale from -2 (Zs)

to 2 (Hs) to quantify members’ direction and strength of alignment. This undirected

network with five colors represents a case that is rich in the number of colored

triads (220) for detailed conclusions to be drawn using the proposed algorithm

(which is general to both undirected and directed networks).

I initially ran the colored triad census on the social network using the faction as

the nodal attribute. This provided the basis for the empirical observed colored triad

census. To determine whether these triads were observed more or less often than

expected by chance, I constructed a null model. As the choice of null model can have

important ramifications for the null distribution of triads, I chose a model where

edge formation is a function of the probability of ties between nodes of specific

attributes246. The null model is a mixing-matrix conditioned uniform random

graph distribution based on probabilities of edges between nodes of particular color

combinations247. This matrix comprises empirical probabilities of ties between
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groups, with the diagonal representing within-group tie probabilities. Observations

of significantly over- or under-represented colored triads are the result of network

effects beyond homophily and heterophily. Networks are then generated from this

matrix via a Bernoulli random graph process á la Erdös and Rényi 248 . This null

model therefore conditions on graph size, the distribution of node factions, and the

probability of ties within and between factions. By generating networks from the

null model, I can observe whether colored triad counts deviate from that expected

based on the marginal distribution of faction mixing. Because I condition on the

above parameters, if I observe statistical deviations in the colored triad census,

it indicates that the structure of the network is dependent on parameters other

than those on which I conditioned.

Moreover, for any triad, the expected number and variance can be calculated

assuming each tie follows a Binomial distribution (which is a reasonable assumption

for most binary social network data). The observed number can then be com-

pared to these numerical results and a p-value extracted from an exact Binomial

test. This equates to the following probability, expectation, and variance for

an example colored triad:

P (T ) =P (Aij = 1|R(i) = r1, R(j) = r2)× P (Aij = 1|R(i) = r2, R(j) = r3)

×P (Aij = 1|R(i) = r3, R(j) = r1)
(A.3)

E(T ) = P (T )×
L(T )∏
r=1

(∑
Kr
•1

S(T, r)

)
(A.4)

V (T ) = E(T )× (1− E(T )) (A.5)

The probability of T , P (T ) in Equation A.3 is based on the mixing-matrix of

the three colors (r) involved in the triad T . As is standard for the mixing-matrix

approach, this continues to assume that all edges in the graph are independent.
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For the expected value of a specific triad, I multiply the probability of a single one

of those triads by the total number of colored triplets that exist in the graph. In

Equation A.4, the expectation of the triad, L(T ) returns the number of unique

colors in T and ∑Kr
•1 is the number of nodes of color r in the graph. Also, I take

the nodes one, two, or three at a time depending on how many times that color

repeats in T , represented by S(T, r). This expectation therefore follows a binomial

distribution, and it’s variance follows accordingly in Equation A.5.

However, to show that this method also works for null distributions that are not

analytically solvable, I construct a null distribution based on simulated draws from

the null model. As the number of trials increases, the simulated null distribution

of the colored triad census should asymptotically approach the analytical solution

shown above. For each of 1, 000 trials, I draw random networks from the null

distribution, and run the triad census on all these networks. Comparing the

observed count to the null distribution then allows us to get an approximate p-value

for a conditional uniform graph test, and test the over- or under-representation

of each colored triad. I now turn to these results.

A.6 Results

Figure A.3 is a heatmap of the approximate p-values associated with each binomial

exact test against the null for each triad, clustered by the triad and the colored

triplet as returned by the proposed algorithm. I use a clustering algorithm to

group color triplets with similar profiles across the types of triads. This assists with

identifying trends across different colored triads, leading to conclusions that would

likely be missed if all the colored triads were individually examined. I find particular

importance in three branch cutpoints in the clustering algorithm on the color triplets.

The first branch in the clustering algorithm (A in Figure A.3) separates four color

triplets, comprising 16 colored triads, with a pattern of over-observed 003 and 102
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triads, and under-observed 201 and 300 triads. These results show that these color

triplets are those that are less clustered than expected by chance. The color triplets

all contain nodes of two factions with the first two nodes being Hs, that is, those

strongly aligned with the part-time instructor. This indicates that those who are so

aligned are likely to form ties to one another, but not to members of other factions.

The only exception in this group is that two Hs nodes are more likely to form a tie

from one of the Hs members to a Hw member, but even in this case the complete

triad (003) is still observed less than expected by chance. This particular result is,

perhaps, unsurprising, since Hs and Hw members are close in alignment, more so

than with those aligning with the president. Therefore, given the tendency towards

homophily they are likely to overlap, though less strongly than members of the

same faction; hence, the under-observed T003−HsHsHw.
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The second branching point in the clustering (B in Figure A.3) separates the

group of color triplets that are over-observed for the 003 triad, under-observed

for the 102 and 201 triads, and observed about as much as expected for the 300

triads. All the triplets in question have nodes of different factions in the first and

second position. Because the edge in the 102 triad is between the first and second

node in the triplet (Figure A.1), this means that these are all triplets where the

first edge is less likely than expected by chance, and the lack of formation of the

first edge subsequently hampers the formation of the edge between the second

and third nodes in the triplet (201 triad). The first two nodes of these triplets

are often (e.g., 16 out of 21) from two factions at least a distance of two away

(e.g. N and Hs), indicating members of a faction are not likely to overlap with

members who are too disparate from their faction. Put another way, this pattern

of triads shows a lack of faction heterophily.

The third branch point (unlabeled) is primarily singling out the group of color

triplets that were not observed in the network, and I cannot draw conclusions about

their prevalence. The fourth branch point (C in Figure A.3), however, distinguishes

a group of five triplets that are under-observed for the 102 triad and over-observed

for the 201 triad. This means that the edge between the first two nodes is less likely

than expected by chance, but once that edge does occur, the second edge occurs

more often than expected by chance. All these triplets begin with a Zs member,

and the 201 triad in this case is effectively a bridging tie between it and another.

Interestingly, the bridging node is anything other than an Hs (whom are primarily

consigned to this role in branch A, as discussed above). The third node was another

Zs member in four of five triplets. This indicates that Zs members of the karate

club did not often overlap members of other factions, but when they did, provided

it was not with an Hs, that second person also often overlapped with another Zs.

Although the above examples show homophily and bridging, analyzing the full

colored triad census allows us to draw further conclusions by looking at other
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colored triads. In particular, the homophily has mostly been a story of the Hs

nodes, and the bridging primarily about the Zs nodes. The 300 triad of both of

these factions, when comprising three nodes of the same faction, are observed more

often than expected by chance in both cases, which has different implications on

the previously-noted results. For the Hs nodes, homophily is strengthened, as not

only do Hs nodes not often overlap with members of other factions, they also very

strongly overlap with one another. This may partially be an artifact of the types of

overlap, as stated before, three of the overlap activities involve direct participation

in the part-time instructor’s studio, but there are no corresponding groups for the

president. This means that those who are Hs or Hw may have more opportunity

to overlap with one another due solely to the structure of the data. On the other

hand, the triplet of all Zs members also has an over-observed 300 triad. Although

there are other triads that seem to indicate bridging between Zs members (C in

Figure A.3), given that Zs members are also densely connected to one-another, the

practical effect of these potential bridging ties is reduced. Observing this joint effect

of homophily and bridging ties was possible only through the complete colored

triad census. Neither a standard triad census nor a brokerage analysis would have

revealed the intricacies of these results.

In sum, it is clear from these results that the colored triad census allows one to

examine multiple trends simultaneously that are often done in isolated analyses,

including homophily, heterophily, and brokerage. Importantly, it also allows for

generalizations based on the clustering of various triads or color triplets, as well as

specific results based on individual triads. In this manner, the colored triad census

can yield results on multiple structural levels simultaneously, all while examining

local structure, nodal attributes, and their interaction—that is, net of all alternatives

involving mixtures of node coloring and triadic configurations.
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A.7 Limitations

There are some limitations to this method. First, it is only computationally efficient

relative to existing methods (including brute force counting). Networks of 10, 000

nodes or more will take over a day to run using the proposed algorithm for the

colored triad census. However, this is an easily parallelizable process (by partitioning

the separate algebraic steps, for example), and so the real time necessary to run

the analysis can be greatly reduced by taking advantage of this feature. The

time needed for the parallelized colored triad census is approximately inversely

proportional to the number of computational cores used in the calculation (plus

some overhead). Second, the interpretation and visualization of these results is

complicated, particularly as the number of colors increases. Examining all of the

triads simultaneously reduces the likelihood of missing interesting results because a

specific colored triad was excluded. However, the sheer number of colored triads

means that making complete sense of results can be difficult. Even if the results

are carefully examined for all colored triads, it is conceivable that one might miss

an important result out of the 11, 080 colored triads in a directed, 10-color network,

no matter how meticulous the examiner’s eye. However, use of standard clustering

algorithms and heatmaps (as in Figure A.3) may help to ease interpretation of

the results at both a coarse- (general groups of triads) or fine-grained (individual

colored triads) perspective. That said, I recognize that the interpretation is not

straightforward and that this is a first effort at understanding these results, but I

believe that having an algorithm to efficiently calculate the colored triad census

will spur additional work towards interpreting and using the results. As a result

better approaches therein will emerge with time and use.



A. An efficient counting method for the colored triad census 164

A.8 Conclusions

In this paper, I have extended the matrix algebra methods of Moody 108 to calculate

the colored triad census for any network, directed or undirected, with an arbitrary

number of colors in a relatively computationally efficient manner. I have shown

a number of mathematical results regarding the colored triad census, including a

generalized equation for an arbitrary colored triad, the number of isomorphism

classes for arbitrary numbers of colors, and the expectation and variances for colored

triads. I analyzed an empirical social network using the algorithm, and calculated

approximate p-values for each colored triad, based on an analytic exact binomial

test for less complex null distributions, or approximately through simulation for

more complex null distributions. I have also shown the type of conclusions that

can be drawn from these results, observing results that would not be feasible with

many other currently available methods.

One additional benefit of this method is that it can be directly used as a

counting tool for sufficient statistics in network inference models, such as exponential

random graph models (ERGM). The colored triad census essentially allows one to

simultaneously evaluate the effect of local structure and node attribute on network

structure in an ERGM, building off previous work where researchers explicated

the ERGMs capacity for including the triad census249. I believe that the colored

triad census is a useful technique with an efficient implementation that can be

widely-applicable in social networks research, showing the continued importance of

the triad census even in this era of stochastic models for complex networks.
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