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Figure 1.1

Figure 1.2

Figure 1.3

Figure 1.4

Figure 2.1

LIST OF FIGURES

Phylogenetic tree representing the six major species groups of
Streptococcus based on a comparison of the 16S rRNA gene sequence
(Kilian, 2010, Nobbs et al., 2009). The three major pathogens of the
Streptococcus genus are spread across two species groups. S.
agalactiae (GBS) and S. pyogenes (GAS) belong to the pyogenic
group (black rectangles) while S. pneumoniae (Spn) is a member of
the mitis group (red rectangle). Members of the viridans group are
underlined in green.

Schematic of the human nasal cavity, illustrating the location of Spn
carriage in the nasopharynx.

Schematic diagram of Spn epidemiological models. Boxes represent
proportions of hosts in mutually exclusive states: susceptible (S),
infected asymptomatic carriers (C), invasive (I) or recovered and
immune (R). Solid arrows represent flows of individuals between
states, and dashed arrows represent factors influencing those flows.
Parameters regulating the transition between each compartment are
shown next to each arrow (e.g. p, h, f).

The Active Bacterial Core surveillance catchment area. The blue
areas are counties spread across 7 US states including San Francisco
Bay Area, California (CA) (3 counties), Denver, Colorado (CO) (5
counties), Atlanta, Georgia (GA) (20 counties), Portland, Oregon
(OR) (3 counties), Rochester and Albany, New York (NY) (16
counties), select urban counties in Tennessee (TN) (20 counties), and
Baltimore area, Maryland (MD) (6 counties). The orange areas
represent the three U.S. states Connecticut (CT), Minnesota (MN),
and New Mexico (NM).

Schematic diagram of the epidemiological model. Boxes represent
proportions of hosts in mutually exclusive states: susceptible (S),
infected asymptomatic carriers (C), invasive (I) or recovered and
immune (R). Solid arrows represent flows of individuals between
states, and dashed arrows represent factors influencing those flows.
Equations describing the system are presented in Materials and
Methods (methods equations 2.1), along with parameter definitions
(table 2.1). Note there are two paths from Sto I, a direct path governed
by the probability of initial invasion p, and an indirect path governed
by 1-p (probability of initial transition to carriage state) and by the
rate d of invasive disease progression from a carriage state.
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Figure 2.2

Figure 2.3

Figure 2.4

Figure 3.1

Attack rate reliably captures underlying pneumococcal invasiveness
parameters while invasive odds ratios fail. (A) Attack rate (AR =

%) has a positive relationship with both p and d invasive

parameters indicating it accurately represents pneumococcal

invasiveness. (B), Invasive odds ratios (IOR = 249%™ cajcylated
t(dto+p)

with a low reference carriage duration (z, = 5) fails to capture
increasing initial invasive progression (p). (C) Alternatively, I0R
fails to capture increasing constant invasive progression (d) when a
high carriage duration is used as a reference serotype (z, = 20).

Both cross-sectional and longitudinal epidemiological data support
the initial risk model and highlight that IOR is confounded by carriage
duration. (A) IOR data (blue dots, Brueggemann et al. [5]) and model
fit (orange line, 7, /), against carriage duration (7). (B) AR data (blue
dots, Sleeman et al. [4]) and model fit (orange line, p(1-p)), against
carriage duration (). Simultaneously fitting equations [2.2] to both
datasets (A, B) produced parameter estimates p = 2.9 x10*and d =0
(i.e., invasive disease risk at point of colonization only). Serotype 14
was used as the reference for IOR calculations. IOR and AR data from
serotypes 5, 1, 8, 7F, 4, 38, 18C, 3, 33F, 14, 15B/C, 6A, 23F, 6B were
used in the model fitting (Table A.1).

Incorporating additional epidemiological data also provides support
for the initial risk model. (A), Carriage prevalence data (blue dots,
Brueggemann et al. (Brueggemann et al., 2004)) and model fit
(orange line, —LM@DT*D ) " anqinst carriage duration (z). (B)

" b(h(f(p-Dr -1)~fp)”’
Incidence of acquisition data (blue dots, Sleeman et al. (Sleeman et

. . fh(b(p—1)T +1) .
al., 2006)) and model fit (orange line, Py — T fp)) against

carriage duration (). (C), Invasive incidence data (blue dots,
Sleeman et al. (Sleeman et al., 2006)) and model fit (orange line,

fhp(b(p—Dr+1) : : : :
against carriage duration (). Simultaneousl
b-Deha—po+fpi) 29 g (%) y

fitting endemic equilibrium equations (see Sl) to data in figures 2.3A,
B and 4A-C produced parameter estimates p = 2.9 x10-4,d =0, B =
0.24, and f = 3.1 x 10-3 (i.e., invasive disease risk at point of
colonization only). Epidemiological data from serotypes 5, 1, 8, 7F,
4, 38, 18C, 3, 33F, 14, 15B/C, 6A, 23F, 6B were used in the model
fitting (Table A.1).

Alternate models for the force of infection 4 as a function of
population density N. The blue line defines a frequency-dependent
contact structure (4 = «/, where | is the frequency of infecteds and «
IS a rate constant) that is independent of total population density N.
The green line defines a density-dependent contact structure (4 = kNI,

22

24

26

35



Figure 3.2

Figure 3.3

Figure 3.4

Figure 3.5

where NI defines the total density of infecteds in the population)._ The
orange line defines a power contact structure (A = xN'l, contact rate =
kN") and represents a ‘hybrid’ of frequency- and density-dependent
limit cases (when r = 0 we recover the pure frequency-dependent
model, and when r = 1 we recover the pure density dependent model).

Average serotype population density varies widely across serotypes.
Bar chart of average host population density by serotype where
population density is measured in persons per square mile (PPSM).
The bar color encodes the number of IPD cases for each serotype with
the darker color representing higher case counts. Horizontal black
line: average population density across all census tracts with IPD
cases regardless of serotype.

Average serotype population density has a negative correlation with
carriage duration and a positive correlation with invasive attack rate
(AR). (A) Serotype carriage duration (blue dots) against logl0
average serotype population density (measured using census tracts)
yields a significant inverse association (Kendall Tau = -0.348, p-
value = 0.00961). (B) Invasive AR (blue dots) against log10 average
serotype population density (measured using census tracts) yields a
significant positive association (Kendall Tau = 0.328, p-value =
0.011). Two examples of short duration, high invasive serotypes (4
and 7F) are labeled in each plot.

Both the fitted power and piecewise contact rate models indicate that
Spn transmission is density dependent. The fitted power contact rate
model transmission coefficient S (orange line, A(b,r) = bN") where r
= 0.988 and b = 7.69x10-5 against population density N. The fitted
piecewise contact rate model transmission coefficient g (green line,
B(bp) = {bl,’,lI)VIZ: % ; g;;;gZ) where bo = 6.67x10-5 against
population density N. The population density threshold of 3722.82 is
calculated by plugging the fitted x = 11.07 value into the function for
population density (methods equation 3.8) and using the average per
capita invasive incidence of 7.69e-7 cases/week. Both models have a
non-constant relationship with population density suggesting that Spn
spreads through density-dependent transmission at least in lower
population density regions. Model comparisons are made using AlCc
scores (Burnham et al., 2011). For comparison, the pure density- and
frequency-dependent limit cases had AICc scores of 1032.78 and
1222.08 respectively.

Fitting population density and invasive incidence using a power
contact rate function indicates Spn transmission is density dependent.
A) Spn serotype average population density data (blue dots) and the
model fit (green-to-white gradient, Np(t,D*) =

Xi
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Figure 3.6

Figure 3.7

Figure 4.1

NpP(t,D*), Tt <k

{NDP(K,D*), T>K'
hp

" bp(p—1D7(~fhD+h(Dpt—DT+p)—Dp)
of carriage duration t and equilibrium invasive incidence D*. Model
fits support the hypothesis Spn transmission is density-dependent and
that shorter-duration serotypes are more likely to cause invasive
disease in higher-density areas. The model fitting produced the
parameter estimates bp = 6.67x10-5, x = 11.07, and fr = 229. B) A 3D
plot of population density as a function of carriage duration z and
invasive incidence D*. The vertical lines connecting each datapoint
to the fitted function represent the residual error. Additional fixed
parameter values are invasive clearance h = 0.5 and probability of
invasion p = 0.00029.

where NpP(t,D*) =

) of population density as a function

Sensitivity analysis of the population density functions (equations 3.4
and 3.9) reveals that the model fitting results are robust across a wide
range of parameter values. A) and C) Parameter combination plots of
equations 3.4 (Figure 3.6A) and 3.9 (Figure 3.6C) (see methods)
generated by sampling 500 sets of parameter estimates from the
distributions described in Table 3.3 (grey lines) overlayed with Spn
serotype average population density data (blue dots). Both graphs
show that even with wide variation in parameter values the overall
negative association between carriage duration and population
density generally holds. B) First order (grey bars) and total (black
bars) generalized sensitivity indices (GSI) for the population density
function based on the power contact rate model (equation 3.4).
Results show that population density is mainly influenced by changes
in the power exponent parameter r and immune protection parameter
f with a smaller contribution from the transmission rate constant b. D)
First order (grey bars) and total (black bars) generalized sensitivity
indices (GSI) for the population density function based on the
piecewise contact rate model (equation 3.9). The model was most
sensitive to changes in the immune protection parameter fp and the
density-dependent transmission constant bp.

Schematic diagram of the epidemiological model. Boxes represent
proportions of hosts in mutually exclusive states: susceptible (S),
infected asymptomatic carriers (C), invasive (1) or recovered and
immune (R). Solid arrows represent flows of individuals between
states, and dashed arrows represent factors influencing those flows.
Equations describing the system are presented in the main text
(methods equations 3.1), along with parameter definitions (Table
3.2). See Chapter Two for initial model development.

The amount of invasive clustering varies widely between Spn
serotypes and is correlated with disadvantaged populations (PEH or
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Figure 4.2

Figure 4.3

Figure 4.4

Figure 5.1

PWID). Invasive clustering has a significant positive relationship
with proportion of PEH or PWID (Kendall tau = 0.48, p-value =
0.00016). The average proportion of cluster-associated isolates
weighted by invasive case count was 24%. The scatter plot reveals
that serotypes vary widely in their propensity to cluster ranging from
0% cluster-associated isolates (serotypes 1, 18C, 21, 23F, 37, 6A, 6B)
to 68% cluster-associated (serotype 12F). The top 4 most clustered
serotypes (12F, 4, 7F, 20) are labeled in the figure.

IPD clustering proportion is associated with bacterial life-history
traits (positively correlated with high invasive attack rates and short
carriage durations). (A) Serotype IPD clustering proportion (blue
dots) against serotype carriage duration yields a significant inverse
association (Kendall tau = -0.32, p-value = 0.018). (B) Serotype IPD
clustering proportion (blue dots) against serotype invasive attack
rates yields a significant positive correlation (Kendall tau = 0.29, p-
value = 0.028).

The relationship between both household crowding and bus transit
with IPD clustering is confounded by financial instability and
population density. The directed acyclic graph (DAG) represents the
causal interrelationships between variables (nodes) influencing the
development of IPD and IPD clusters. Dark grey nodes are observed
variables and light grey node are unobserved (latent) variables.
Demographic features of interest (Table 4.1) are highlighted in blue
and potential confounders (Table 4.1) are highlighted in green. The
IPD cluster outcome variable is highlighted in red.

Several demographic features associated with health inequality and
crowding are significant predictors of IPD disease and clustering. (A)
and (B) The results show that census tracts with lower average
household incomes, higher population densities, and a higher use of
public bussing are positively associated with both IPD total cases
(panel A) and IPD clustering cases (panel B). The standardized
coefficient confidence intervals for each variable are derived from a
negative binomial multiple regression model that is adjusted for each
variable of interest to have a non-biased effect on IPD outcome based
on the causal DAG in Figure 4.3. (C) The minimal sufficient
adjustment set of each variable of interest as specified by DAG Model
1 and DAG Model 2.

Schematic of IPD cluster hypothesis. We hypothesize that PEH (grey
oval) suffer high rates of IPD clusters (red oval) via 3 interacting
components (green boxes) mediated by two processes (blue boxes):
human density, immune dysfunction, and bacterial life-history traits.
These components influence IPD cluster formation at both the

Xiii

71

75

77

92



Figure 5.2

Figure 5.3

Figure 5.4

Figure A.1

Figure A.2

population (yellow, left half of figure) and within-host levels (grey,
right half of figure).

We propose that the progression to IPD is driven by a positive
feedback loop between invasive inflammation and pneumococcal
infection. The width of the green activation and red inhibition
symbols represent the magnitude of the effect. Innate immune cells
engage pneumococcus in a coupled dynamical system structured
around inhibition of pneumococcal growth by innate immune
response (red inhibition symbol) and a potential positive feedback
loop (clockwise circuit of arrow symbols). (A) Within the general
population, the interaction between innate immunity and Spn is
shifted towards inhibition (wider red inhibition symbol) that leads to
Spn control and eventual clearance. (B) Within vulnerable
populations the delay of innate cell recruitment to the colonization
site and diminished inhibition capability (thinner red arrow) leads to
uncontrolled growth of Spn.

People  experiencing homeless (PEH) have suppressed
immunological responses compared to housed individuals, as
measured by an array of neutrophil functional assays. In a previously
published case-control study, Arranz et al found significant
differences in innate immune response between unhoused individuals
and housed persons matched for gender and age. Using human
peripheral blood neutrophil samples, they found that Neutrophil
adherence (a), neutrophil chemotaxis (b), neutrophil phagocytosis (c,
d) and non-stimulated and stimulated superoxide anion levels (e)
were all significantly higher in housed versus unhoused individuals.
Al = Adherence index; Cl = chemotaxis index; Pl = phagocytic index;
PE = phagocytic efficiency.

Population structure of Streptococcus pneumoniae. Phylogeny was
constructed from 2,416 IPD genomic isolates acquired through the
CDC Active Bacterial Core surveillance (ABCs) program during
2015. The deep branching lineages apparent across the tree
demonstrate the importance of controlling for population structure
when conducting bacterial genome-wide association studies across
serotypes or lineages.

Parametric plot of the fitted model of carriage prevalence against the
fitted model of invasive OR with carriage duration as the independent
variable. The plot shows an inverse correlation that matches the
negative correlation observed in the cross-sectional data described in
Brueggemann et al. The parameter T, is set to 14 weeks.

Schematic diagram of the 2-stage carriage epidemiological model.
Boxes represent proportions of hosts in mutually exclusive states:
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Figure B.1

Figure B.2

Figure B.3

susceptible (S), infected asymptomatic carriers (C1 and C2), invasive
(I) or recovered and immune (R). Solid arrows represent flows of
individuals between states, and dashed arrows represent factors
influencing those flows. Note there are two paths from S to I, a direct
path governed by the probability of initial invasion p, and an indirect
path governed by p and by the rate d of invasive disease progression
from either of the 2 carriage states.

Average serotype population density has a negative correlation with
carriage duration and a positive correlation with invasive attack rate
(AR). (A) Serotype carriage duration (blue dots) against logl0
average serotype population density (measured using ZCTAS) yields
a significant inverse association (Kendall Tau = -0.385, p-value =
0.00415). (B) Invasive AR (blue dots) against log10 average serotype
population density (measured using ZCTASs) yields a significant
positive association (Kendall Tau = 0.256, p-value = 0.048). These
relationships indicate that shorter duration and more highly invasive
serotypes are more likely to cause IPD in denser environments.

Fitting invasive incidence using a power contact rate function
provides support for Spn density dependent transmission. Spn per
capita invasive incidence data in weeks (blue dots) and the model fit

p(bphN(p—1)Tt+h)
h (bpNT—bpNpT)(fh—hpTt+hT+p)’

hp (be(p-D7+1) ) of

br(p—1)t(fh—hpt+ht+p)’ T2k
invasive incidence as a function of carriage duration z and population
density N. Model fit supports the hypothesis Spn transmission is
density-dependent and that shorter-duration serotypes are more likely
to cause invasive disease in higher-density areas. Population density
N was setto N, = 3722.82 PPSM, making the density- and frequency-
dependent transmission coefficients equivalent resulting in a
continuous curve across the two piecewise components.

T<K
(blue line, Dp(t,N) =

Fitting population density and invasive incidence using a power
contact rate function indicates Spn transmission is density dependent.
A) Spn serotype average population density data (blue dots) and the

model fit (green-to-white gradient, N(t,D*) =
hp? hp N

(b(l_”)r(f h-hpeth )~ e GopAprrrs ~ )) )
hp

of population density as a function of carriage duration t and
equilibrium invasive incidence D*. B) Spn per capita invasive
incidence data in weeks (blue dots) and the model fit (green-to-white

gradient, D*(z,N) = b’(’:__l)(f(’;:’__;;:fh:f;)) of invasive incidence as a

function of carriage duration z and population density N. C) A 3D plot
of both population density and invasive incidence as functions of
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Figure B.4

Figure C.1

Figure C.2

Figure C.3

carriage duration z. The vertical lines connecting each datapoint to the
fitted function represent the residual error. Both model fits support
the hypothesis Spn transmission is density-dependent and that
shorter-duration serotypes are more likely to cause invasive disease
in higher-density areas. The model fitting estimated the power contact
rate exponent r = 0.988 (i.e., Spn transmission is constrained by a
nearly linear contact density function), the immune duration
parameter f = 237, and the transmission rate constant parameter b =
0.0000769. Additional fixed parameter values are invasive clearance
h = 0.5 and probability of invasion p = 0.00029.

Additional Sensitivity plots of the population density functions
(equations 3.4 and 3.8). A) Dynamics of the sensitivity indices of the
power contact rate density function (equation 3.4) from z = 1 to 35
reveals that the sensitivity of population density to the main effects
of r, f, and b remain stable across the range of carriage durations. B)
The sensitivity indices of the piecewise contact rate density function
(equation 3.9) from 7 = 1 to 35 indicates the fr and bp parameters
remain stable across carriage durations but sensitivity to the threshold
parameter x increases as the model transitions from density- to
frequency-dependent transmission.

The relationship between IPD outcome (case or cluster) with
household crowding, bus transit, and household income is
confounded. The directed acyclic graph (DAG) represents the causal
interrelationships  between variables (nodes) influencing the
development of IPD and IPD clusters. Dark grey nodes are observed
variables and light grey node are unobserved (latent) variables.
Demographic features of interest are highlighted in blue and potential
confounders are highlighted in green (Table 4.1). The IPD case and
cluster outcome variable is highlighted in red.

The Active Bacterial Core surveillance catchment area. The blue
areas are counties spread across 7 US states including San Francisco
Bay Area, California (CA) (3 counties), Denver, Colorado (CO) (5
counties), Atlanta, Georgia (GA) (20 counties), Portland, Oregon
(OR) (3 counties), Rochester and Albany, New York (NY) (16
counties), select urban counties in Tennessee (TN) (20 counties), and
Baltimore area, Maryland (MD) (6 counties). The orange areas
represent the three U.S. states Connecticut (CT), Minnesota (MN),
and New Mexico (NM).

Schematic diagram of the epidemiological model. Boxes represent
proportions of hosts in mutually exclusive states: susceptible (S),
infected asymptomatic carriers (C), invasive (1) or recovered and
immune (R). Solid arrows represent flows of individuals between
states, and dashed arrows represent factors influencing those flows.
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Equations describing the system are presented in Materials and
Methods (methods equations 4.1), along with parameter definitions
(Table C.2).
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Spn
IPD
GAS
GBS
PS
ABCs
Cps
PLY

Pl-1

Pht

FH
CDC
IOR
AR
PEH
PWID
GSI
GWAS
SCIR

PCV

Streptococcus pneumoniae (pneumococcus)
Invasive pneumococcal disease

Group A Streptococcus

Group B Streptococcus

Polysaccharide capsule

Active bacterial core surveillance
Capsular polysaccharide biosynthesis
Pneumolysin

Pilus islet 1

Pilus islet 2

Choline binding proteins

Histidine triad proteins

Human factor H

Centers for disease control and prevention
Invasive odds ratios

Invasive attack rates

People experiencing homelessness
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SUMMARY

Streptococcus pneumoniae (Spn) is a gram-positive opportunistic pathogen and a
leading cause of bacterial pneumonia, meningitis, and sepsis worldwide. Spn is typically
categorized by serotype and in most cases colonizes the nasopharynx asymptomatically
(defined as carriage). On rare occasions, it can spread into normally sterile sites and cause
severe infections known as invasive pneumococcal disease (IPD). Both the ability of Spn
to cause these life-threatening illnesses (i.e., its invasiveness) and the length of time in
carriage (i.e., its carriage duration) vary substantially across serotypes. IPD cases can occur
in isolation or, occasionally, spread as localized outbreaks, often arising within
disadvantaged communities like people experiencing homelessness (PEH) and people who
inject drugs (PWID). In this dissertation, we seek to explore how pneumococcal life-history
traits, host demographic factors, and the interrelationships between them can impact

invasive disease at the population level.

In Chapter Two we show that variation in carriage duration can confound serotype
invasiveness measurements and identify the best performing metrics for invasiveness. Our
results also support previous work showing that when invasion occurs, it does so at or near
the time of carriage acquisition. In Chapter Three we show that Spn transmission is host
density-dependent, resulting in a stratification of serotypes by human population density.
The fourth chapter provides evidence that the risk of IPD and IPD clustering is in part
governed by human social conditions, with increased risks in disadvantaged populations.
In the final discussion chapter, we provide a broader discussion of potential future

directions of research, building on the work in this thesis.
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CHAPTER 1. INTRODUCTION

In this introductory chapter, 1 will cover broad topics to introduce general concepts
underlying the thesis as a whole. Chapter Two, Chapter Three, and Chapter Four all have
self- contained introductions that go into more specific detail about their specific topics. A
central thread to this thesis is the major human opportunistic pathogen Streptococcus
pneumoniae (Spn, also referred to as the pneumococcus). In this chapter | will review the
basic biology of the Streptococcus genus, with a focus on Spn, followed by a synopsis of
the thesis chapters that follow. The synopsis will introduce the central questions in this
thesis, dealing with the interrelationships between bacterial life-history traits, social

determinants of health, and impacts on human disease.

1.1 Streptococcus Genus

The Streptococcus genus represents a diverse set of over 100 gram-positive bacterial
species that are marked by spherical or ovoid cells and typically arranged in pairs or chains
(Hardie and Whiley, 1997, Krzys$ciak et al., 2013). They primarily colonize the skin and
mucosal surfaces (e.g. oral cavity, throat, and gastrointestinal tract) of humans and animals
and include both commensals and opportunistic pathogens (Krzysciak et al., 2013).
Historically, there have been a number of classification systems employed to define taxa
within the genus to aid in the biological and epidemiological study of this diverse set of
species (Hardie and Whiley, 1997). Using a taxonomic system based on 16S rRNA, the
genus can be subdivided into 6 species groups: pyogenic, mitis, anginosus, bovis, mutans,
and salivarius ((Kilian, 2010, Nobbs et al., 2009). Figure 1.1). The five species groups

excluding pyogenic have also been included within a larger division called viridans group



streptococci (viridis is Latin for green and many of the species produce a greenish
discoloration on blood agar) though this categorization has been previously criticized as
being inconsistent and poorly defined (Doern and Carey-Ann, 2010). The pyogenic group
is notable in that it contains three major B-hemolytic human streptococcal pathogens:
Streptococcus pyogenes, Streptococcus agalactiae, and Streptococcus dysgalactiae subsp.

equisimilis.

S. pyogenes or group A Streptococcus (GAS) is a common cause of bacterial
pharyngitis and skin infections and is the etiology of a broad variety of serious invasive
clinical manifestations including bacteremia, pneumonia, septic arthritis, necrotizing
fasciitis and streptococcal toxic shock syndrome (Walker et al., 2014). Rates of invasive
GAS disease (iGAS) have increased over recent years from 3.6 cases per 100,000
population in 2013 to 7.6 cases per 100,000 population in 2019 in the United States
(https://www.cdc.gov/abcs/bact-facts-interactive-dashboard.html). S. agalactiae (or group
B Streptococcus, GBS) has been recognized as a major cause of illness in neonates and
pregnant women with the severity of disease ranging from mild urinary tract infections to
more serious conditions like bacteremia, endocarditis, and meningitis (Lannes-Costa et al.,
2021). Work by Edwards et al. has shown that S. agalactiae colonization is significantly

associated with black race and younger maternal age (Edwards et al., 2019).

The mitis group is home to the third major pathogen of the streptococcus genus,
Streptococcus pneumoniae, also known as the pneumococcus. Pneumococcus is the focus
of this dissertation and in following sections we will discuss the clinical microbiology,

epidemiology, virulence, and public health surveillance of this organism.
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Figure 1.1: Phylogenetic tree representing the six major species groups of
Streptococcus based on a comparison of the 16S rRNA gene sequence (Kilian, 2010,
Nobbs et al., 2009). The three major pathogens of the Streptococcus genus are spread
across two species groups. S. agalactiae (GBS) and S. pyogenes (GAS) belong to the
pyogenic group (black rectangles) while S. pneumoniae (Spn) is a member of the mitis
group (red rectangle). Members of the viridans group are underlined in green.

1.2 Streptococcus pneumoniae Clinical Microbiology and Diagnostics.

Streptococcus pneumoniae (Spn, or pneumococcus) is a gram positive opportunistic
pathogen and a leading cause of bacterial pneumonia, meningitis, and sepsis worldwide
(O'Brien et al., 2009, Drijkoningen and Rohde, 2014). Several assays have been

traditionally employed (either alone or in combination) for identification of pneumococcus



including colony morphology, hemolysis on sheep blood agar, optochin susceptibility, bile
solubility, and reaction with specific antisera (Kellogg et al., 2001). Of the various methods
available, the optochin susceptibility test and the bile solubility reaction are the most
common (Reller et al., 2008). Optochin, or ethylhydrocuprein hydrochloride, is a derivative
of ethylhydrocuprein which was recognized for its inhibitory effects on pneumococcus
since it was first synthesized in the early 20™ century. Though for solubility and tolerance
reasons ethylhydrocuprein was never used as a human therapeutic, its specific
antimicrobial effects on Spn did lead to the eventual use of optochin susceptibility as a
laboratory diagnostic for S. pneumoniae (Burckhardt et al., 2017). The bile solubility test
assesses whether a microbial organism will undergo lysis in the presence of the bile salt
sodium deoxycholate (Reller et al., 2008). Bile salts like sodium deoxycholate and sodium
taurocholate induce lysis in pneumococcus by activating its production of autolysin
(Shahsikala, 2008). The Optochin and bile solubility reactions are necessary to distinguish
Spn from other viridans group species because S. pneumoniae isolates are typically
optochin susceptible and are bile soluble, whereas other viridans streptococci are typically

optochin resistant and are bile insoluble (Reller et al., 2008).

1.3 S. pneumoniae Life Cycle and epidemiological modeling

Although it is considered a major human pathogen, in most cases Spn colonizes the
nasopharynx (Figure 1.2) asymptomatically (defined as carriage), and is cleared by the
immune system without causing harm (Henriques-Normark and Tuomanen, 2013). The
length of asymptomatic colonization, referred to as carriage duration, is primarily mediated
by a polysaccharide capsule (PS) (Lees et al., 2017). By employing an array of virulence

factors including the PS capsule, Spn colonization can sometimes lead to illness



(Henriques-Normark and Tuomanen, 2013). In the event of illness, Spn will usually cause
non-invasive diseases like otitis media and non-bacteremic pneumonia, but, on rare
occasions, can also spread into normally sterile sites (e.g., blood, cerebrospinal fluid,
pleural fluid, peritoneal fluid) and cause severe infections known as invasive

pneumococcal disease (IPD) (Henriques-Normark and Tuomanen, 2013).
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Figure 1.2: Schematic of the human nasal cavity, illustrating the location of Spn
carriage in the nasopharynx.

We can employ epidemiological compartmental models to represent pneumococcal
carriage and disease within a population. In this model framework, human host individuals
are classified as being either susceptible, infected or recovered (immune), with regard to a
specific, focal strain. Given the important to distinction between carriage and disease states
discussed above, the infected class is often further broken down into a carrier state and an
invasive disease state. The proportions of individuals in a susceptible, carrier, invasive and

recovered class for a focal strain can then be denoted by the variables S, C, | and R



respectively, and solid arrows represent flows of individuals between states (Figure 1.3).
In any specific epidemiological model, the functional forms and parameters governing
transitions between compartments are more precisely defined by model equations, most

often by coupled ordinary differential equations (Anderson and May, 1991).

Figure 1.3: Schematic diagram of Spn epidemiological models. Boxes represent
proportions of hosts in mutually exclusive states: susceptible (S), infected
asymptomatic carriers (C), invasive (I) or recovered and immune (R). Solid arrows
represent flows of individuals between states, and dashed arrows represent factors
influencing those flows. Parameters regulating the transition between each
compartment are shown next to each arrow (e.g. p, h, ).

1.4 S. pneumoniae Virulence Factors

Perhaps the most important virulence factor within the Spn repertoire is the

polysaccharide (PS) capsule. The PS capsule protects the bacterium by limiting its



interaction with the host immune system and avoiding complement-mediated
opsonophagocytosis (Lees et al., 2017, Yother, 2011). The chemical structural and
serologic characteristics of the PS capsule are determined by both the saccharide repeating
units that comprise the PS as well as how they are linked together (Geno et al., 2015, van
Selm et al., 2003). Genes that encode the enzymes used to produce the PS capsule reside
together in a cluster called the capsular polysaccharide biosynthesis (cps) locus. Significant
genetic variation within this site, driven by homologous recombination, has enabled Spn
to generate a wide variety of PS capsules (Mostowy et al., 2017). The antigenic properties
of these diverse polysaccharide capsules also provide a way to characterize S. pneumoniae
through capsular serotyping tests. To date over 90 unique PS capsules, called serotypes,
have been identified although only a limited number of them are known to cause serious
illness (Hausdorff et al., 2005). Both the ability to cause invasive disease (i.e.,
invasiveness) and carriage duration have been shown to vary across pneumococcal

serotypes (Sleeman et al., 2006).

Another key virulence factor enabling S. pneumoniae pathogenicity is a secreted
cytotoxin called pneumolysin (PLY). PLY belongs to a family of pore-forming toxins that
are expressed during the late log phase of growth (Mitchell and Mitchell, 2010). The toxin
first binds to membrane cholesterol on host cells and then oligomerizes as rings. Following
a structural change, the pores perforate the host cell membrane, leading to cell lysis (Vdgele
etal., 2019). Pneumolysin can also manipulate innate immune response by generating both

innate pro- and anti-inflammatory effects (Marriott et al., 2008, Subramanian et al., 2019).

They are also several other virulence factors besides capsule and pneumolysin that

play important roles in Spn pathogenicity. Among the best characterized accessory



virulence factors in the pneumococcal genome are the two pili organelles encoded by pilus
islet 1 (P1-1) and pilus islet 2 (P1-2). These long polymeric structures aid in long-distance
cell adhesion and play an important role in host-pathogen interaction (Hilleringmann et al.,
2015). Another important set of cell wall associated virulence factors are the family of
choline binding proteins (cbp) which use a choline-binding module to anchor themselves
to the cell wall through non-covalent binding of phosphorylcholine (Maestro and Sanz,
2016). These proteins are components of both the core and accessory Spn genome and
participate in several cellular functions including proteolytic activities, immune evasion,
and cell division (Vilhena et al., 2023, Donati et al., 2010). Histidine triad proteins (Pht)
are another class of surface factors that are found among both the core and accessory
genomes of S. pneumoniae (Donati et al., 2010). Histidine triad proteins are identified by
their histidine triad motif (HxxHxH) that is repeated multiple times within the polypeptide
and is predicted to bind divalent metal cations (Bersch et al., 2013). These surface proteins
have been associated with several functions within the cell including metal scavenging,

complement inhibition and adherence to epithelial cells.

Pneumococcal invasiveness varies across both serotypes and Spn lineages (Sleeman
etal., 2006, Brueggemann et al., 2004). Why is it that some strains are more likely to cause
invasive disease remains an open question. Much of the research on this question has
focused, quite naturally, on variation in virulence factors across Spn serotypes.
Investigators have found that invasiveness is positively correlated with the amount of
human factor H (FH) bound to the choline binding protein PspC and the histidine triad
protein PhtD on the Spn capsular surface (Hyams et al., 2013). Factor H is a host inhibitor

of the alternative pathway (a component of the complement system), so by binding FH



pneumococcus can evade complement deposition and neutrophil phagocytosis. Given the
key role complement plays in preventing sepsis, FH binding may explain some of the
variation in serotype invasiveness. Studies have shown that Spn lineages also carry a
significant amount of variation in their accessory genome and that some of these mobile
elements contain virulence factors (Mitchell and Mitchell, 2010, Obolski et al., 2018).
However, it has been difficult to correlate this pneumococcal variation with the observed
disparity in serotype invasiveness (Donkor et al., 2012, Obert et al., 2006). For example, a
study of 47 S. pneumoniae clinical isolates found very few accessory regions with any

notable correlation with high invasiveness serotypes (Blomberg et al., 2009).

1.5 United States Surveillance of IPD

Given the array of virulence factors Spn employs to cause disease and the fact that
the risk of IPD varies across serotypes and lineages, it is critical to understand what strains
are causing serious infections in a population and what communities are most at risk. To
accomplish this task, the CDC is a part of the Active Bacterial Core surveillance (ABCs)
program. The ABCs program is an active laboratory- and population-based surveillance
system that tracks invasive disease caused by several bacterial pathogens including S.
pneumoniae. The total population for pneumococcal ABCs surveillance is approximately
34.6 million. The catchment area (Figure 1.4) is spread across 10 US states including San
Francisco Bay Area, California (CA) (3 counties), Denver, Colorado (CO) (5 counties),
Atlanta, Georgia (GA) (20 counties), Portland, Oregon (OR) (3 counties), Rochester and
Albany, New York (NY) (16 counties), select urban counties in Tennessee (TN) (20
counties), Baltimore area, Maryland (MD) (6 counties); and the entire states of Connecticut

(CT), Minnesota (MN), and New Mexico (NM)). An IPD case is defined as the isolation



of S. pneumoniae from a normally sterile site and is accompanied by a detailed case report
form that captures patient demographic and clinical information. When a pneumococcal
invasive case is identified, the causal strain is isolated, further cultured, and sent to the
StrepLab for strain characterization (e.g., serotyping, multilocus sequence typing,
antimicrobial resistance typing). In the past this would entail running a series of lab tests
but since 2015 each case isolate is whole genome sequenced and run through our strain
typing bioinformatics pipeline (Metcalf et al., 2016b, Metcalf et al., 2016a). Multiple
aliquots of each isolate are then sent to a facility in Georgia for storage and 24-hour
monitoring. Currently, the ABCs biobank contains 71370 independent Spn isolates
spanning 24 years from 1998 to 2022 including 17,167 isolates collected since 2015 that

have been whole genome sequenced.

California (CA) — 3 Counties
Colorado (CO) — 5 Counties
Georgia (GA) — 20 Counties
Oregon (OR) — 3 Counties
New York (NY) — 16 Counties
Tennessee (TN) — 20 Counties
Maryland (MD) - 6 Counties
Connecticut (CT) — Full State
Minnesota (MN) — Full State
New Mexico (NM) — Full State

Created with mapchartnet

Figure 1.4: The Active Bacterial Core surveillance catchment area. The blue areas
are counties spread across 7 US states including San Francisco Bay Area, California
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(CA) (3 counties), Denver, Colorado (CO) (5 counties), Atlanta, Georgia (GA) (20
counties), Portland, Oregon (OR) (3 counties), Rochester and Albany, New York (NY)
(16 counties), select urban counties in Tennessee (TN) (20 counties), and Baltimore
area, Maryland (MD) (6 counties). The orange areas represent the three U.S. states
Connecticut (CT), Minnesota (MN), and New Mexico (NM).

1.6 Synopsis

The focus of this thesis is to understand how the interrelationships between bacterial
life-history traits and social determinants of health can impact aspects of pneumococcal
disease as diverse as how we measure Spn invasiveness (Chapter Two) to how it causes
IPD within at-risk populations living in underserved geographical areas (Chapters Three -

Five). In the following synopsis | briefly outline the contents of the chapters to come.

1.6.1 Chapter Two

Streptococcus pneumoniae (Spn) is an opportunistic pathogen that, while usually
carried asymptomatically, can cause severe invasive diseases like meningitis and
bacteremic pneumonia. A central goal in S. pneumoniae public health management is to
identify which serotypes (immunologically distinct strains) pose the most risk of invasive
disease. The most common invasiveness metrics use cross-sectional data (i.e., invasive
odds ratios (IOR)), or longitudinal data (i.e., attack rates (AR)). To assess the reliability of
these metrics we developed in Chapter Two an epidemiological model of carriage and
invasive disease. Our mathematical analyses illustrate qualitative failures with the IOR
metric (e.g., IOR can decline with increasing invasiveness parameters). Fitting the model
to both longitudinal and cross-sectional data, our analysis supports previous work
indicating that invasion risk is maximal at or near time of colonization. This pattern of early

invasive disease risk leads to substantial (up to 5-fold) biases when estimating underlying
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differences in invasiveness from IOR metrics, due to the impact of carriage duration on
IOR. Together, these results raise serious concerns with the IOR metric as a basis for public

health decision-making and lend support for multiple alternate metrics including AR.

1.6.2 Chapter Three

Infectious diseases are generally dependent on social interactions among their hosts,
with infection requiring susceptible individuals to encounter infected individuals.
Intuitively, the per-capita likelihood of infection in a susceptible individual will depend on
1) the density of hosts (more individuals mean more social contacts), and 2) the frequency
of infected individuals in the population (higher infection prevalence means more risk of
infection per contact). In mathematical models of infectious disease dynamics, these two
dependencies have become associated with two limit-case models, termed ‘density-
dependent transmission’ (more common in wildlife disease models) and ‘frequency-
dependent transmission’ (the norm in human infection studies). In Chapter Three we use
extensive nationwide CDC surveillance data to test for density-dependent transmission in
the pneumococcus. We show that 1) Spn transmission is dependent on host population
density and 2) serotypes with shorter carriage durations and higher invasiveness are less
likely to transmit in less populated areas. These results have important implications for
pneumococcal epidemiology because carriage duration is a key life-history trait that
impacts many other aspects of Spn biology including antimicrobial resistance,

recombination, invasiveness, and serotype prevalence.

1.6.3 Chapter Four
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Invasive pneumococcal disease (IPD) is a rare outcome of pneumococcal acquisition
(on the order of 10 cases of IPD per 100,000 carriage acquisitions), yet for reasons poorly
understood, cases of IPD are increasingly identified as forming clusters of localized
outbreaks. While prior evidence suggests membership within disadvantaged communities
(e.g. people experiencing homelessness) are risk factors for IPD and IPD outbreaks, it is
unclear if individual or societal factors are driving these associations. It is possible that
individual risk factors (e.g. immune deficits) are mediating the correlations between some
at-risk subpopulations and IPD. Here, we consider whether there are broader social
determinants that are also driving the relationships between IPD clusters and disadvantaged
populations. In light of the Chapter Three finding of density-dependent transmission
favoring short carriage duration serotypes in crowded environments, we hypothesize that
disadvantaged populations are at increased risk of IPD and IPD clusters via living and
working in crowded and inadequately ventilated social surroundings, that enrich the most
dangerous short carriage duration serotypes. Using a cluster detection tool to scan genomes
of 13,798 Streptococcus pneumoniae invasive isolates acquired through ABC surveillance,
we find that IPD clusters are substantially more common than expected by chance and are
most common in short carriage duration and high attack rate serotypes. Using causal
analysis tools, we find evidence for social factors associated with crowding to be causal
drivers of both IPD and invasive clustering. These interrelationships between social factors
and Spn disease suggest that spending extended amounts of time in crowded and
inadequately ventilated environments may drive IPD and invasive clustering by acting as
a nexus point where more dangerous Spn strains can spread widely and quickly, especially

within disadvantaged communities.
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1.6.4 Chapter Five

Throughout the three content chapters of the thesis (chapters Two-Four), we provide
evidence that 1) the progression to IPD occurs quickly after carriage acquisition, 2) shorter
duration, more invasive serotypes are more likely to spread in higher population densities
and more likely to cause invasive clustering, and 3) these clusters are more likely to be
comprised of PEH/PWID and tend to occur in underserved geographical regions. In chapter
5 we synthesize the results of this thesis and outline a broad hypothesis to guide future
work. In light of our results, we hypothesize that people experiencing homelessness (and
marginalized communities overall) are at increased risk of IPD and IPD clusters via 1)
epidemiological selection for high transmission, high virulence serotypes, and 2) delays in
innate immune cell recruitment and diminished innate response. In this concluding chapter
I will provide a broader discussion of potential future directions of research, building on
the work in this thesis and our integrative hypothesis for the social and bacterial factors

driving invasive pneumococcal disease.

14



CHAPTER 2. VARIATION IN PNEUMOCOCCAL
INVASIVENESS METRICS IS DRIVEN BY SEROTYPE

CARRIAGE DURATION AND INITIAL RISK OF DISEASE

Adapted from METCALF, B. J., WALDETOFT, K. W., BEALL, B. W. & BROWN, S. P.
2023. Variation in pneumococcal invasiveness metrics is driven by serotype carriage

duration and initial risk of disease. Epidemics, 45, 100731.

2.1 Summary

Streptococcus pneumoniae is an opportunistic pathogen that, while usually carried
asymptomatically, can cause severe invasive diseases like meningitis and bacteremic
pneumonia. A central goal in S. pneumoniae public health management is to identify which
serotypes (immunologically distinct strains) pose the most risk of invasive disease. The
most common invasiveness metrics use cross-sectional data (i.e., invasive odds ratios
(IOR)), or longitudinal data (i.e., attack rates (AR)). To assess the reliability of these
metrics we developed an epidemiological model of carriage and invasive disease. Our
mathematical analyses illustrate qualitative failures with the IOR metric (e.g., IOR can
decline with increasing invasiveness parameters). Fitting the model to both longitudinal
and cross-sectional data, our analysis supports previous work indicating that invasion risk
is maximal at or near time of colonization. This pattern of early invasive disease risk leads
to substantial (up to 5-fold) biases when estimating underlying differences in invasiveness
from 1I0OR metrics, due to the impact of carriage duration on IOR. Together, these results
raise serious concerns with the IOR metric as a basis for public health decision-making and

lend support for multiple alternate metrics including AR.

2.2 Introduction
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Streptococcus pneumoniae (Spn) is a gram positive opportunistic pathogen and a
major cause of childhood bacterial pneumonia, meningitis, and sepsis globally (O'Brien et
al., 2009). Although an important human pathogen, in most cases it colonizes the
nasopharynx asymptomatically (referred to as carriage). Symptomatic S. pneumoniae
usually presents as non-invasive diseases like otitis media and non-bacteremic pneumonia,
but, on rare occasions, it can also spread into normally sterile sites and cause severe

infections known as invasive pneumococcal disease (IPD).

Epidemiological studies of pneumococcal disease are typically organized by
serotype, with each serotype distinguished by an immunologically distinct polysaccharide
capsule. To date over 90 unique serotypes have been identified, although only about 40 are
known to commonly cause pneumococcal disease. The propensity of an individual serotype
to cause invasive disease can be measured from longitudinal data, by estimating the ratio
of IPD incidence to carriage acquisition rate. This quantity is known as the attack rate (AR)
and varies across serotypes from zero (for serotypes not known to cause IPD) to 75 per
100000 carriage acquisitions (serotypes 1 and 5, (Sleeman et al., 2006)). Unfortunately,
obtaining serotype-specific AR metrics of invasiveness is challenging, due to the
requirement of detailed longitudinal studies needed to measure carriage acquisition rates

(Sleeman et al., 2006).

Due to the challenges of acquiring longitudinal data, an alternate metric of
invasiveness based on cross-sectional data is more widely used (Supplement) (Lachen et
al., 2022). The Invasive Odds Ratio (IOR) is calculated from cross-sectional prevalences
of carriage and invasive disease and has demonstrated a positive correlation with capsular-
specific AR (Sleeman et al., 2006). Specifically, IOR is the number of invasive disease
cases over the number of carriage cases for a specific serotype, referenced against either a
particular serotype or all other serotypes. To illustrate, if a is the number of invasive cases

for the focal serotype, b is the number of carriage cases for the focal serotype, c is the
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number of invasive cases for the reference, and d is the number of carriage cases for the
reference, then IOR = (ad)/(bc). Using serotype 14 as a common reference, Brueggemann
et al. estimated that the high AR strains 1 and 5 also have high IOR (4.5 and 6.0

respectively, i.e., 4 to 6 times more invasive than serotype 14) (Brueggemann et al., 2004).

The observed variation in invasiveness (indicated by both IOR and AR) across
strains poses the critical question of mechanism: Why are some strains more likely to
produce invasive disease? Much of the research that has sought an explanation has focused,
quite naturally, on variation in virulence factors (molecular determinants of disease, (Allen
et al., 2014)) across Spn serotypes. Some studies have taken a targeted experimental
approach, for instance Hyams et al. identify serotype-specific interactions with innate
immune components that associate with variation in AR invasiveness (Hyams et al., 2013).
Other studies have taken a more global, genome-wide association study (GWAS) approach
comparing IPD cases against carriage controls that have also found genetic factors outside
of serotype playing a role in predicting invasiveness (Lees et al., 2019). However, it’s
important to note that the GWAS analysis still found 50% of the variation in invasiveness

was attributable to serotype.

In addition to variation in invasiveness with serotype, a growing literature points to
variation in the risk of invasive disease with time since colonization. For example, a
longitudinal study by Grey et al. found that 74% of pneumococcal infections (both invasive
and non-invasive) occurred within the first time point (one month) after acquisition (Gray
et al., 1980). Indirect evidence of a rapid IPD progression following acquisition was also
documented in epidemiological studies that observed annual spikes in adult IPD between
December 24 and January 7 which closely overlapped with winter holiday festivities
(Dowell etal., 2003, Walter et al., 2009). Finally, work on SPN transmission clusters found

that IPD outbreaks are marked by short timespans and high genetic relatedness between
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connected infections, indicating a limited amount of time to transmit and accumulate

within-host genetic diversity (Metcalf et al., 2021).

While the work of Hyams et al. (Hyams et al., 2013) and Lees et al. (Lees et al.,
2019) highlight the potential importance of virulence factors in driving Spn invasion, they
don’t fully explain the variation in invasiveness across serotypes. One simple alternate
ecological hypothesis is that the variation in invasive metrics is driven by variation in the
duration of serotype carriage. In the case of IOR the logic is simple; serotypes vary in
carriage duration (Sleeman et al., 2006), and increased carriage duration will (all else being
equal) increase carriage prevalence, therefore reducing IOR. We use an epidemiological
modeling approach to mathematically map how different epidemiological assumptions on
the timing of invasive disease translate into differing relationships between carriage
duration and invasive disease metrics, while fixing the ‘virulence factor’ parameters to be
constant across serotypes. We then use existing longitudinal and cross-sectional datasets
(Brueggemann et al., 2004, Sleeman et al., 2006) to parameterize our alternate model
structures, supporting prior experimental and observational research indicating that
invasive disease risk is maximal during the initial stages of colonization (Dominguez-
Huttinger et al., 2017, Dowell et al., 2003, Gray et al., 1980, Walter et al., 2009). Together,
our model and data analysis highlight the limits of widely used IOR metrics to identify
differences in strain virulence and support the conclusion that invasive risk is greatest

during the initial stages of carriage.

2.3 Results

2.3.1 Analyzing the impact of invasive disease timing on metrics of invasive disease (IOR

and AR)
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Figure 2.1: Schematic diagram of the epidemiological model. Boxes represent
proportions of hosts in mutually exclusive states: susceptible (S), infected
asymptomatic carriers (C), invasive (I) or recovered and immune (R). Solid arrows
represent flows of individuals between states, and dashed arrows represent factors
influencing those flows. Equations describing the system are presented in Materials
and Methods (methods equations 2.1), along with parameter definitions (table 2.1).
Note there are two paths from S to I, a direct path governed by the probability of
initial invasion p, and an indirect path governed by 1-p (probability of initial
transition to carriage state) and by the rate d of invasive disease progression from a
carriage state.

Table 2.1: Definitions for the variables and parameters used in the compartmental
epidemiological model.

Parameter | Definition

S(t) Proportion of individuals in the susceptible class (at risk of acquiring the
focal Spn serotype) at time t

C() Proportion of individuals in the carriage class (carrying the focal Spn
serotype) at time t
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Table 2.1 continued

I(t) Proportion of individuals in the invasive class (with an invasive infection
caused by the focal serotype) at time t

R(t) Proportion of individuals in the recovered class (individuals who have
cleared an infection and whose immunity offers protection from
reacquiring the same serotype) at time t.

B Transmission rate

p Probability of progressing from carriage to the invasive state at the time
of carriage acquisition

T The average duration of a carriage for a given Spn strain

d Rate of progressing from carriage to the invasive state that is constant
across the duration of carriage

h Rate of transition from the invasive to recovered class, due to pathogen
clearance.

f Rate of transition from recovered to susceptible class, due to waning
immunity.

The susceptible-carrier-invasive-recovered (SCIR) compartmental model used in
the following analyses is presented in Figure 2.1 and described in greater detail in Materials
and Methods (defined by equations 2.1 and Table 2.1). We begin by addressing from first
principles whether IOR and AR metrics can serve as effective measures of the underlying
invasive disease processes that are governed by parameters p (probability of transition to
invasive state on initial acquisition) and d (rate of invasive disease progression from

carriage state). Given the assumption that the system of ordinary differential equations
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(ODEs) (equations 2.1) reaches an endemic infection equilibrium, we can derive simple

analytical expressions for IOR and AR (see supplementary for derivation), namely that

IOR = To(dT+p)
t(dty+p)’

AR = dt+p

T (1-p)(dt+1) [2.2]

Both invasive disease metrics center on calculating ratios of epidemiological
quantities, which leads to the canceling out of many parameters in the full dynamical
system (equations 2.1), leaving only the invasive disease parameters (d, p) and measures
of carriage duration (serotype specific duration t and reference serotype duration z;). To
assess whether AR and IOR serve as effective metrics of underlying potential disease
parameters d and p, we next assess whether AR and IOR are increasing functions of d and
p (see Supplementary Information (SI)) (Figure 2.2). The AR metric passes this test, as AR
is positively associated with both p and d (Figure 2.2A; the gradients AR’(p) and AR’(d)
are always positive functions). In contrast, IOR fails in an either/or manner. If a long
carriage duration serotype is used as the reference (i.e., 7, > t ), then IOR becomes
negatively associated with d (Figure 2.2B; IOR’(d) < 0). In contrast if 7, < 7, then IOR

becomes negatively associated with p (Figure 2.2C; IOR’(p) < 0).
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Figure 2.2: Attack rate reliably captures underlying pneumococcal invasiveness

parameters while invasive odds ratios fail. (A) Attack rate (AR = &) has a
(1-p)(dt+1)

positive relationship with both p and d invasive parameters indicating it accurately

. . . . dt+
represents pneumococcal invasiveness. (B), Invasive odds ratios (IOR = %)
0

calculated with a low reference carriage duration (z, = 5) fails to capture increasing
initial invasive progression (p). (C) Alternatively, IOR fails to capture increasing
constant invasive progression (d) when a high carriage duration is used as a reference
serotype (z, = 20).

The continued presence of carriage duration parameters in both AR and IOR
metrics points to additional problems with a reliance on AR or IOR as a tool to estimate
intrinsic invasive disease risk, as changes in these metrics could follow solely from changes
in carriage duration 7 across strains (Figure 2.3). Indeed, prior studies report a clear
negative relationship between serotype IOR and carriage duration 7 [5], and a marginal
negative relationship between AR and t (Sleeman et al., 2006). We next ask what values
of d and p are consistent with these qualitative patterns? In the case of IOR, we find that a
negative relationship between IOR and 7 (i.e. the gradient IOR’(t) < 0) is possible if and
only if p > 0 (SI for details). In the case of AR, we find that a negative relationship (i.e.
AR’(t) < 0) is not possible for any combination of d and p. The gradient AR’(7) is
minimized at zero if and only if d = 0 (Figure 2.3B, Sl for details). Together these analytical
considerations lend support for a model where invasive disease risk is associated with
initial strain acquisition only (i.e., p > 0, d = 0). Given the additional assumption that p is
small (<< 0.5), AR = p/(1-p) becomes an effective metric, capturing the underlying key
biological disease process p, without contamination from other epidemiological parameters

including 7. In contrast, IOR now simplifies to IOR = z,/7 and so bears no relationship to

p and is entirely defined by carriage durations.

In this section we have used qualitative properties in existing epidemiological data

to guide our model assumptions. We next use this existing data in a model fitting approach
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to further assess whether our support for early invasive disease risk (p > 0, d = 0) is

warranted.

2.3.2 Fitting the SCIR Compartmental Model to the Spn Carriage and Invasive Disease

Data

The most direct model fitting approach is to fit the expressions for AR and IOR
(equations 2.2 above) to existing AR and IOR data for serotypes with defined carriage
durations (Figure 2.3). For the IOR calculations, following Brueggemann et al.
(Brueggemann et al., 2004). we used serotype 14 as the reference strain (therefore defining
7o= 14 weeks). Fitting the IOR and AR expressions simultaneously (see methods) yields
parameter estimates of p = 2.9 x 10 (95%Cl: 1.3 to 4.6 x 10%) and d = 0.0 (CI: 0 to
1.4*10), lending support for the qualitative conclusion above that invasive disease risk is
associated with strain acquisition (p > 0) and not with ongoing carriage (d = 0). These
results allow simplification of the IOR and AR relationships to carriage duration t to IOR
=1y/7, and AR = p/(1-p), see fitted lines in Figure 2.3. While the best fit model found no
influence of carriage duration on attack rate (Figure 2.3B) there does appear to be a
negative trend when comparing all serotypes catalogued in the Sleeman et al. (Sleeman et
al., 2006) longitudinal data (Spearman rho = -0.33, p = 0.085) which may reflect variation

in invasiveness not attributable to life-history traits.
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Figure 2.3: Both cross-sectional and longitudinal epidemiological data support the
initial risk model and highlight that IOR is confounded by carriage duration. (A) IOR
data (blue dots, Brueggemann et al. [5]) and model fit (orange line, z,/t), against
carriage duration (7). (B) AR data (blue dots, Sleeman et al. [4]) and model fit (orange
line, p(1-p)), against carriage duration (). Simultaneously fitting equations [2.2] to
both datasets (A, B) produced parameter estimates p=2.9 x10#and d =0 (i.e., invasive
disease risk at point of colonization only). Serotype 14 was used as the reference for
IOR calculations. IOR and AR data from serotypes 5, 1, 8, 7F, 4, 38, 18C, 3, 33F, 14,
15B/C, 6A, 23F, 6B were used in the model fitting (Table A.1).

To harness additional epidemiological data provided in the work by Sleeman et al.
(Sleeman et al., 2006) and Brueggemann et al. (Brueggemann et al., 2004) (specifically
carriage prevalence, carriage acquisition rate and invasive incidence), we next fit the
endemic equilibrium state of the entire epidemiological model (Figure 2.1; endemic
equilibrium equations are defined in Sl). In this approach the parameter estimates will not
only be informed by the AR and IOR data but also how parameters effect other aspects of
Spn disease and transmission. Specifically, we now simultaneously fit the endemic
equilibrium solution of the SCIR model with AR and IOR data, plus both the incidence
and prevalence data. Because the longitudinal and cross-sectional data does not include
length of invasive infection, we fix the invasive clearance rate h at 0.5/week based on
previous work by Baldo et al. (Baldo et al., 2015). For IOR calculations, we again use
serotype 14 as the reference strain. In agreement with our analyses above, we estimate p =

2.9 x10* (95%Cl: 1.3t0 4.5 x 10*) and d = 0.0 (CI: 0 to 1.4 x 10°%). In addition, we now
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simultaneously estimate transmission (f = 0.24 (Cl: 0.06 to 0.41; in line with previous
work (Domenech de Cellés et al., 2011, Melegaro et al., 2004)) and immunity loss rate (f
=3.1x 102 (CI: 1.9 x 10* to 5.9 x 10°%). The Brueggemann et al. (Brueggemann et al.,
2004) paper used carriage prevalence instead of carriage duration, but a similar relationship

holds when prevalence is substituted for duration (Figure A.1).

Expanding the data to incorporate additional epidemiological measures did not
change our model fits to AR or IOR data (still captured by Figure 2.3, fitted to AR and IOR
data only). In Figure 2.4 we assess the full dataset fitted model against the additional
epidemiological data on carriage prevalence, carriage acquisition rate and invasive
incidence. Together, Figures 2.3 and 2.4 illustrate that while we capture the overall
pneumococcal transmission dynamics by minimizing model fitting error across multiple
datasets, we can see biases in the model fit to individual datasets. In particular, the fitted
model tends to overshoot the invasive incidence relationship over longer carriage durations

(Figure 2.4C). This is also reflected in the attack rate fit shown in Figure 2.3B.

A key assumption built into this model design is that the duration of carriage
follows an exponential distribution with a constant clearance rate. Given that this is a
decreasing probability density function, the mode is 0 which means, in this context, that
most infections will be cleared immediately. To rule out the possibility that our results
concerning rapid invasion are not simply artifacts of the model design, we show that a
separate two-stage carriage model which generates a non-zero mode of duration yields the

same result as the SCIR model with a constant clearance rate (Supplement).
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Figure 2.4: Incorporating additional epidemiological data also provides support for
the initial risk model. (A), Carriage prevalence data (blue dots, Brueggemann et al.

. . fh(b(p—1)T +1) .
(Bru_eggemann_et al., 2004)) a_nd model fit (c_)r_arlge line, b(h(f(p—l)‘r—l)—fp))’ against
carriage duration (7). (B) Incidence of acquisition data (blue dots, Sleeman et al.

. . fh(b(p—-1)T+1) . .
(Sleeman et al., 2006)) and model fit (orange line, bt(h(f(p—l)‘r—l)—fp)) against carriage

duration (7). (C), Invasive incidence data (blue dots, Sleeman et al. (Sleeman et al.,

. . fhp(b(p—1)T+1) . . .
2006)) and model fit (orange line, b(p_l)T(fh(T_pmprrh)), against carriage duration (7).

Simultaneously fitting endemic equilibrium equations (see Sl) to data in figures 2.3A,
B and 4A-C produced parameter estimates p = 2.9 x10-4,d =0, p = 0.24, and f=3.1 x
10-3 (i.e., invasive disease risk at point of colonization only). Epidemiological data

from serotypes 5, 1, 8, 7F, 4, 38, 18C, 3, 33F, 14, 15B/C, 6A, 23F, 6B were used in the
model fitting (Table A.1).

As a final check on our model inference, we fit two variations of our SCIR model
representing either an initial risk only (d = 0; the model supported above) or constant risk
only (p = 0) progression to invasive disease. In agreement with our model fitting conclusion
that d = 0 (Figure 2.4), an information criterion model comparison approach concludes that

the initial risk model (d = 0) outperforms the constant risk model (Table A.2).

2.3.3 Alternate invasiveness metrics.
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Our model fitting analyses all agree that the risk of invasive disease is front-loaded,
with support for p >0 and d = 0. Given d = 0, we earlier noted that IOR simplifies to 7z, /7,
and therefore bears no relationship to the underlying invasiveness process, p. In contrast,
the AR metric (derived from longitudinal data) simplifies to p/(1-p), preserving
information on p (given p << 0.5). We next ask, are the problems with IOR a common
feature of using cross-sectional versus longitudinal data? We find that this is not the case

— a simple ratio of invasive to carriage cases (I/C) performs better than IOR and captures

information on p (Given d = 0, I/C = hT_”hm). We Note that 1/C also suffers from

contamination by 7 and h, and can be expressed as I/C = AR/(h t). For comparisons among
strains with well-characterized carriage duration, one path to approach AR more closely
from cross-sectional data would be via a ‘corrected I/C” = h T I/C = AR. Similarly, invasive
capacity (IC), defined by Yildirim et al. as the ratio of invasive incidence to carriage

prevalence, suitably represents p (Givend =0, IC = T_%) and can also be corrected for bias

by multiplying by 7 (Yildirim et al., 2010).

2.4 Discussion

Quantifying serotype invasiveness is centrally important to the public health
management of pneumococcal disease. At present, IOR is a commonly used invasiveness
metric, as it is easily calculated from cross-sectional epidemiological data (Song et al.,
2013). To assess the reliability of IOR (and AR) we developed an epidemiological model
of invasive disease progression, separating early colonization and ongoing risk processes.
Our mathematical analysis demonstrates that IOR is prone to qualitative failures (e.g., IOR
declining with increasing invasiveness parameters, Figure 2.2B, C). Fitting this model to
both longitudinal and cross-sectional data (Figure 2.3), we found that variation in IOR can

be, in large part, explained by variation in the life history trait of carriage duration, and
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thus that, contrary to common assumption, variation in IOR does not necessarily imply an

underlying variation in molecular determinants of the ability to cause invasive disease.

Our best fit model supports previous observations that progression to invasive
disease occurs at or near the time of carriage acquisition (p > 0, d = 0). This constraint on
the timing of invasion generates an inverse correlation between invasive odds ratio IOR

and carriage duration (7) defined by the reciprocal function IOR = %" While a negative

association between IOR and 7 has been reported, it has been argued that a relatively small
3-fold difference in carriage duration could not account for the 60-fold variation in IOR
(Brueggemann et al., 2003, Brueggemann et al., 2004). Our analysis illustrates that small
changes in carriage duration t can, in fact, have large impacts on IOR due to the reciprocal

relationship between 7 and IOR and may partially explain this variation in IOR. In contrast,

the fitted model defined attack rate AR to be independent of carriage duration (AR = 1%}).

Together these results agree with the empirical finding of a significant correlation between
IOR and carriage duration (Figure 2.3A), but no correlation between AR and carriage
duration (Figure 2.3B, although, in the latter case, there is a negative trend that may be

attributable to genuine variation in invasive potential, (Sleeman et al., 2006)).

It is reasonable to ask how much of an effect this potential bias has when using
these invasiveness metrics in real-world applications. After all, Sleeman et al. found a good
correlation between AR and IOR and even our own analysis provides some support for
shorter duration serotypes being more invasive. To address this question, we return to our
model of IOR, constrained by data (orange line, Figure 2.3A). Our model (by assumption)
does not allow for any effect of carriage duration (t) on the underlying drivers of
invasiveness (p and 1), so changes in IOR with increasing T capture the magnitude of bias
due to the metric itself. Figure 2.3A illustrates that short-carriage (z = 4-weeks) serotypes

generate 5-fold higher IOR values than long-carriage (20-week) serotypes. This work
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demonstrates that the use of IOR can lead to substantial errors, particularly for short

carriage duration serotypes.

Although it is an assumption in our model, we do not contend that all serotypes are
truly equally invasive, when assessed by their intrinsic virulence parameters p and d. The
positive correlation between innate immune effector interactions and AR invasiveness
measurements (Hyams et al., 2013) indicates that serotypes vary, at least somewhat, in
their intrinsic invasiveness. And the near significant trend between attack rate and carriage
duration (Figure 2.3B) may suggest shorter duration serotypes do have a higher propensity
to cause invasive disease. Instead, this analysis highlights the fact that IOR values are
dependent on carriage duration, so variation in IOR can be due to variation in traits that are
not intrinsically related to invasive capacity. The model addresses the timing of infection
in a simple manner, separating initial from ongoing risk (governed by p and d respectively).
A key future task will be to unpick the within-host dynamics that shape an elevated early
risk (potentially linking pneumococcal regulatory dynamics (Shen et al., 2019) with

microbiome and host responses).

This investigation has several limitations. First, the data analysis component relies
on data obtained from longitudinal and cross-sectional studies from more than 15 years
ago, as this offers the most comprehensive data available. Since then, several additional
formulations of the pneumococcal conjugate vaccine (PCV) have been released that have
dramatically altered the composition of circulating serotypes (Devine et al., 2017). In
addition, specific measurements of serotype carriage duration are also impacted by
environmental factors that can vary across populations (Lees et al., 2017). Finally, our
datasets were pediatric surveillance studies that do not capture unique features of adult
invasive disease epidemiology (Alanee et al., 2007). While we acknowledge invasive risk
factors vary between adults and children, evidence suggests that children are the major

source of community transmission and drive pneumococcal spread which is represented in
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the model (Althouse et al., 2017). More broadly, we note that the foundation of our
investigation is a mathematical analysis based on general principles with the model fitting
component added to help ground the model within a real-world context based on the best

available data.

Reliable measures of invasiveness are essential for Spn research and infection
management, from identifying genomic loci associated with invasive disease (Hyams et
al., 2013) to future vaccine development (Lachen et al., 2020). In this paper we have shown
that IOR is confounded by carriage duration and may be fundamentally flawed as a result.
We further show that the limitations of IOR are not entirely the result of using cross-
sectional data, as alternate cross-sectional metrics such as the ratio of invasive to carriage
cases can preserve more information about underlying invasive disease processes. While
attack rate is more difficult to calculate due to its reliance on longitudinal data for carriage
acquisition rates and invasive incidence, our analysis indicates it is a valid invasiveness
metric and therefore a more solid platform for basing critical decisions in our public health

management of invasive pneumococcal disease.

2.5 Materials and Methods

2.5.1 Epidemiological Model Description

To analyze how different invasive disease progression processes can affect
measures of invasive disease risk, we construct a compartmental epidemiological model.
In this model framework, host individuals are classified as being either susceptible,
infected or recovered and immune, with regard to a specific, focal serotype. The infected
class is further broken down into a carrier state and an invasive state. The proportions of

individuals in a susceptible, carrier, diseased and recovered class for a focal strain are
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denoted by the variables S, C, I and R respectively (Figure 2.1), and their dynamics are

given by the following system of four ordinary differential equations,

dcC

E?=(1—pﬂms—(%+d)c

dl— CS —hl+dC

dR—1C+hI R
dt 7 f

S=1-C—R-1 [21]

The model assumes purely frequency-dependent transmission, from carriers only,
and no multiple infection. In order to isolate the effect of variable serotype carriage
duration on invasiveness measures (i.e., IOR and AR), we assume that intrinsic virulence,
the core set of traits that concern adhesion, invasion and proliferation in disease sites, are
equivalent for all serotypes. Specifically, we assume that our core set of virulence traits
result in a fixed probability p of causing disease directly following initial colonization, and
subsequently a fixed rate d of disease progression from the carriage state to the disease
state. Both of these invasive disease parameters (p,d) are held constant across serotypes
with different carriage durations. Finally, all rates are defined using a time unit of one

week. The model variables and parameter definitions are detailed in Table 2.1.

2.5.2 Study Collection

In order to fit attack rates and invasive odds ratios for this analysis, both
longitudinal and cross-sectional data sets are needed. The incidence of IPD and carriage
acquisition data are obtained through a series of longitudinal studies outlined in Sleeman

et al. (Sleeman et al., 2006). The cross-sectional data are described in Brueggemann et al.
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(Brueggemann et al., 2004). Both the invasive odds ratio and carriage prevalence data are
extracted from Figure 3 in Brueggemann et al. (Brueggemann et al., 2004) using the
WebPlotDigitizer software (Marin et al., 2017). Fitting both datasets poses a challenge
since the cross-sectional study included serogroup information while the longitudinal
datasets characterized strains down to their serotype. A serogroup is a more general
category of antigenically related but distinct serotypes. For example, serotype 12A, 12B
and 12F are all part of serogroup 12. We address this problem using a method similar to
that described by Sleeman et al. (Sleeman et al., 2006), where capsular serotypes 19A, 19F,
9A, 9N and 9V were removed from the analysis due to the significant variation in attack
rates within these serogroups. Unlike Sleeman et al. (Sleeman et al., 2006) we included
serotypes 1, 4 and 5 in the analysis even though these strains contained missing
information, which is highlighted in yellow in Table A.1. Here we assume that the carriage
durations for these serotypes were too short to be reliably detected given the sampling times
of the longitudinal studies, and so a conservative estimate of four weeks (the longest
sampling interval used in Sleeman et al. (Sleeman et al., 2006)) is used. Because it has
been shown that serotypes 1 and 5 are associated with invasive disease (Alanee et al., 2007,
Melin et al., 2010), an attack rate of 75 (the attack rate of serotype 4) is given to both these
strains, as has been done previously (Hyams et al., 2013). All data analyzed in this paper

is presented in Table A.1.

2.5.3 Epidemiological Model Fitting

All statistical analyses and model fitting are carried out using Mathematica
11.1.1.0. To optimize parameter fitting under multiple constraints we simultaneously fit
the cross-sectional and longitudinal datasets. This is accomplished by defining a set of
equations that share independent variables as components of a piecewise function
(implemented via the Mathematica ‘Piecewise’ function). To associate each expression

with its respective dataset we define an index variable that uniquely identifies each dataset
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and is passed as an additional independent variable. This allows the model fitting function
(implemented via the Mathematica ‘NonlinearModelFit’ function) to identify and switch
between the respective datasets and expressions. Parameters are estimated by fitting the
cross-sectional and longitudinal datasets to a set of equations representing carriage, 10R,
AR, carriage acquisition rate and invasive incidence derived from the compartmental
model. A more detailed explanation of the compartmental model fitting method with links

to code is provided in the Supplement.
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CHAPTER 3. HUMAN POPULATION DENSITY DRIVES
PNEUMOCOCCAL DISEASE RISK VIA DENSITY-DEPENDENT

SEROTYPE TRANSMISSION

Adapted from METCALF, B. J., WALDETOFT, K. W., BEALL, B. W. & BROWN, S. P.
2023. Human population density drives pneumococcal disease risk via density-dependent

serotype transmission (in prep).

3.1 Summary

In human infectious diseases, the per-capita likelihood of infection in a susceptible
individual is generally assumed to be dependent on the frequency of infected individuals
in the population (higher infection prevalence means more risk of infection per contact)
and not dependent on population density. In Chapter Three we use CDC surveillance data
on millions of US citizens to test for density-dependent transmission in the pneumococcus.
We show that 1) Spn transmission is dependent on host population density and 2) serotypes
with shorter carriage durations and higher invasiveness are less likely to transmit in less
populated areas. These results have important implications for pneumococcal
epidemiology because carriage duration is a key life-history trait that impacts many other
aspects of Spn biology including antimicrobial resistance, recombination, invasiveness,

and serotype prevalence.

3.2 Introduction
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Infectious diseases are generally dependent on social interactions among their hosts.
Contact-mediated infection requires susceptible individuals to encounter infected
individuals (Borremans et al., 2017). Intuitively, the per-capita force of infection
experienced by a susceptible individual will depend on 1) the density of hosts (more
individuals mean more social contacts), and 2) the frequency of infected individuals in the
population (higher infection prevalence means more risk of infection per contact). In
mathematical models of infectious disease dynamics, these two dependencies have become
associated with two limit-case models (Begon et al., 2002), termed ‘density-dependent

transmission’ and ‘frequency-dependent transmission’ (Figure 3.1).

Force of Infection (A)
0.4}

0.3F
0.2¢

0.1+

‘ ‘ ‘ ‘ — Population Density (N)
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Figure 3.1: Alternate models for the force of infection 4 as a function of population
density N. The blue line defines a frequency-dependent contact structure (4 = I,
where | is the frequency of infecteds and « is a rate constant) that is independent of
total population density N. The green line defines a density-dependent contact
structure (4 = kNI, where NI defines the total density of infecteds in the population).
The orange line defines a power contact structure (A = ¥N'l, contact rate = kN") and
represents a ‘hybrid’ of frequency- and density-dependent limit cases (when r =0 we
recover the pure frequency-dependent model, and when r = 1 we recover the pure
density dependent model).

Under the frequency-dependent limit case, the force of infection 4 (the per-capita
rate of infection experienced by susceptible individuals) is proportional to the frequency of

infecteds in the population, I (blue line, Fig. 3.1). For human communicable diseases, it
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has been generally assumed that interaction patterns don’t scale strongly with density and
that a frequency-dependent contact structure is sufficient (Grassly and Fraser, 2008, Ferrari
et al., 2011) since whether you live in a small community or a mega-city, class-room sizes
and workplaces tend to be on a similar scale. In agreement with this interpretation, an
analysis of UK measles time-series data in the pre-vaccination era supported a frequency-

dependent model (Bjornstad, 2002).

Under the density-dependent limit case, / is proportional to the density of infected
individuals, IN (green line, Figure 3.1), where N is the total population density. Wildlife
ecologists have demonstrated the importance of density-dependent transmission effects
especially in the context of pathogen persistence in wildlife reservoirs and control of
invasive species (Cross et al., 2013, Cross et al., 2010, Berthier et al., 2000). Accounting
for host population density has also been an area of interest for other viral respiratory
pathogens like influenza and, more recently, SARS-CoV-2 though the results have been
mixed. Investigations into the relationship between influenza and population density have
yielded inconclusive results (Garrett, 2007, Mills et al., 2004, Nishiura, 2008, Chandra,
2013) while recent investigations into the spread of SARS-CoV-2 have identified an

association between transmission and population density (Sy et al., 2021).

The two models described above can be generalized as limit cases of a broader
model, for example by introducing a scaling parameter r (orange line, Figure 3.1), allowing
the impact of density to plateau at higher densities (Borremans et al., 2017). In support of
this model, work by Cross et al. found that Brucella abortus transmission in elk was
dependent on density but that the contact network of elk herds followed a hybrid model

that saturated at higher population densities (Cross et al., 2013, Cross et al., 2010).
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With respect to our focal bacterial pathogen Streptococcus pneumoniae, like other
respiratory pathogens, we find that prior epidemiological models overwhelmingly rely on
a purely frequency-dependent contact function (Fig 3.1, blue line). In a structured literature
review (Supplement), we identified only a single article that assumed density-dependent
transmission and that investigation was focused pneumococcal spread within households
(Melegaro et al., 2004). Part of the reliance on frequency-dependent transmission may be
because parameterizing a density-dependent model is difficult with a bacterial pathogen
that has a complex life-history composed of distinct states of carriage and symptomatic

infection.

While Streptococcus pneumoniae (Spn) can cause illness (O'Brien et al., 2009), it
usually colonizes the nasopharynx asymptomatically (referred to as carriage).
Symptomatic S. pneumoniae usually presents as non-invasive diseases like otitis media and
non-bacteremic pneumonia, but, on rare occasions, it can also spread into normally sterile
sites and cause severe infections known as invasive pneumococcal disease (IPD).
Epidemiological studies of pneumococcal disease are typically organized by serotype, with
each serotype distinguished by an immunologically distinct polysaccharide (PS) capsule.
Sometimes, especially in older studies, serogroup (a more general category of related but
distinct serotypes) is reported instead of serotype. PS capsule is the primary virulence
factor of Spn and influences several traits including the duration of carriage, invasiveness
(propensity to cause invasive disease), and carriage prevalence in a population (Sleeman
et al., 2006, Chaguza et al., 2020). Over the first half of the 20th century, the majority of
Spn adult invasive disease was attributable to serogroups 1, 2, 3, and 5 despite them being

rarely identified in carriage (Feikin and Klugman, 2002). This subset is sometimes referred
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to as the ‘epidemic’ serogroups due to their propensity to cause outbreaks in crowded
environments (Feikin and Klugman, 2002). This association with crowding suggests that
some serotypes with low carriage rates may thrive in highly dense and crowded
populations. While serogroups 1, 2 and 5 are now largely eradicated thanks to vaccine and
antibiotic interventions, there remains substantial variation in carriage duration among

currently circulating serotypes (Chapter One, (Sleeman et al., 2006)).

In this investigation, we use extensive CDC surveillance data to test for density-
dependent transmission in the pneumococcus. We hypothesize that short carriage duration
serotypes can only persist in dense human populations, as they rely on a high frequency of
transmission opportunities in their short duration of carriage. We test this hypothesis using
IPD data acquired through the CDC Active Bacterial Core surveillance (ABCs) program
which conducts active laboratory and population-based surveillance for invasive Spn
infections in a population of more than 34.4 million persons. We will show that 1) short
carriage duration serotypes are enriched in the densest human populations, and 2)

pneumococcal transmission is both density- and frequency-dependent.

3.3 Results

3.3.1 Population Density is Correlated with Serotype Carriage Duration and

Invasiveness

To approach our hypothesis that shorter serotype carriage duration is associated
with higher human population density, we begin by characterizing the average human
population density associated with each Spn serotype, and for Spn as a whole. The data for

this analysis was acquired from the Center for Disease Control and Prevention’s ABCs
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program. The average host population density per serotype is calculated using either census
tract or zip code data associated with each Spn invasive disease case (see Methods for more
details). In Fig. 3.2 we see 12-fold variation in serotype-specific human density, ranging
from dense-population 7F (average population density of 15,037 people per square mile
(PPSM), greater than the density of Washington DC) through to low density 23F (average
population density of 1,224 PPSM, less dense than an average suburban neighborhood
(Airgood-Obrycki and Rieger, 2019)). The 12-fold variation in host population density was
significant when using the ANOVA test to compare serotypes (F(55, 9978)= 9.375, p-
value= 2e-16). Across all census tracts with an IPD case, the average population density is
4,502 PPSM, which is not significantly different from the mean population density of 4,600
PPSM across the total surveillance population (Kolmogorov-Smirnov test, p-value =

0.974).
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Figure 3.2: Average serotype population density varies widely across serotypes. Bar
chart of average host population density by serotype where population density is
measured in persons per square mile (PPSM). The bar color encodes the number of
IPD cases for each serotype with the darker color representing higher case counts.
Horizontal black line: average population density across all census tracts with IPD
cases regardless of serotype.

Given the variation in average population density we see across serotypes, we now
ask whether there are bacterial attributes associated with this variation. We focus on two
life-history traits, carriage duration and invasiveness, as they have been shown to be
serotype-dependent (Sleeman et al., 2006). We first look at the association between the
average population density of serotypes acquired from invasive cases with their respective
carriage durations (Fig. 3.3A). A significant inverse correlation between average
population density and carriage duration is evident whether we use census tracts (Kendall
Tau = -0.348, p-value = 0.00961; Figure 3.3A) or ZIP codes (Kendall Tau = -0.385, p-

value = 0.00415; Fig. B.1A) as geographical units of measure. We also examined the
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relationship between population density and serotype invasive attack rate (Fig. 3.3B). Here
we found a positive relationship that was significant for both census tracts (Kendall Tau =
0.328, p-value = 0.011; Figure 3.3B) and ZIP codes (Kendall Tau = 0.256, p-value =
0.0476; Figure B.1B) as geographical units of measure. These relationships indicate that
shorter duration and more highly invasive serotypes are more likely to cause IPD in more

dense environments.

42 7F

= |4 = 7F 4
E £

. o
g 240
-39 >
2 B
[T} c
% ]
S S
536 S
b )
E 235
g g
o
33 2
o g
o —
=

0 20 40 60
10 20 30 Attack Rate (AR)
Carriage Duration (weeks) per 100000 Acquisitions

Figure 3.3: Average serotype population density has a negative correlation with
carriage duration and a positive correlation with invasive attack rate (AR). (A)
Serotype carriage duration (blue dots) against logl0 average serotype population
density (measured using census tracts) yields a significant inverse association
(Kendall Tau =-0.348, p-value = 0.00961). (B) Invasive AR (blue dots) against log10
average serotype population density (measured using census tracts) yields a
significant positive association (Kendall Tau = 0.328, p-value = 0.011). Two examples
of short duration, high invasive serotypes (4 and 7F) are labeled in each plot.

3.3.2 Pneumococcal transmission is both frequency- and density-dependent

The results in Fig 3.3 support our hypothesis that shorter carriage duration strains
(e.g. 4 and 7F) are selected for in more dense environments, and more generally indicate

the presence of at least partially density-dependent transmission in the pneumococcus. In
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order to quantify the extent of density-dependence, we now turn to an explicit model-based

approach.

We begin with the compartmental epidemiological model developed in Chapter
Two (Metcalf et al., 2023), tracking the prevalence of susceptible, carriage, invasive
disease and recovered cases (S, C, I, R, respectively, see methods). On this parameterized
baseline, we modify the transmission term to allow for intermediate degrees of density
versus frequency dependence. Specifically, we follow two distinct forms of interpolation
between the frequency- and density-dependent limit cases described in Figure 3.1. Note
that both interpolation models allow either limit case (pure frequency- or density-
depencence) to be supported by data. First we assess the established power-law
interpolation (transmission coefficient (b,r) = bN', orange line in Figure 3.1, (Borremans

bpN, <k

etal., 2017). Second, we assess a piecewise function (bp) = {b N 7>k
DV =

where T is serotype carriage duration and x is a threshold carriage duration that marks the
transition point from density- to frequency-dependent transmission. The piecewise cutoff
threshold x would naturally be defined in terms of population density instead of carriage
duration but is required to be in terms of carriage duration as a constraint of our model
fitting procedure (see methods). In the methods we derive a relationship between carriage
duration T and population density N (methods equation 3.8) that allows us to represent the
cutoff threshold « in terms of population density (parameter N,.). At population density N,,
the transmission coefficient £ transitions to frequency-dependence where f is fixed at the

threshold value (b, N,.) and invariant across higher population densities.
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Along with population density, the IPD case data acquired from ABC surveillance also

allows us to calculate invasive incidence for each serotype. In the methods we derive a

mathematical relationship between carriage duration t and invasive incidence (methods

equations 3.7). Functions for both population density and invasive incidence are then used

for model fitting and parameter estimation (see methods).

In addition to fitting the relevant force of infection parameters (b and r for the power

law function, and b, and « for the piecewise function), we also fit the duration of immune

protection f. All other model parameters are obtained from previous work (see methods).

Parameter fits under the two force of infection models are presented in Table 3.1, and the

corresponding transmission coefficient 5 as a function of density is presented in Fig. 3.4.

Table 3.1: Fitted coefficient values for

piecewise contact rate models.

parameters used in the power law and

Power Law Contact Rate Model Piecewise Contact Rate Model
Parameter Fitted Coefficient | Parameter Fitted Coefficient Value
Value (95%CI) (95%CI)
r 0.988 K 11.07
(0.709 - 1.27) (8.52 - 13.62)
b 7.69x10-5 bo 6.67x10-5
(-8.99x10-5 - 2.44x10-4) (4.11x10-5 - 9.23x10-5)
f 236.91 fp 229
(190 - 284) (189 - 269)

We estimate the piecewise threshold constant « to be 11.07 (95%Cl: 8.52 to 13.62)

meaning that Spn transmission is density-dependent for carriage durations less than 11.07

weeks and frequency-dependent otherwise. Plugging this value into our function for
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population density (methods equation 3.8) and using the average per capita invasive
incidence of 7.69e-7 cases/week, we find the population density threshold N, is 3722.82
(PPSM). Thus, the frequency-dependent transmission coefficient g, calculated by

multiplying N, by bp, is 0.248.

Transmission Coefficient 8

1.0 AlCc = 1035.97
0.8
0.6
0.4

AlCc = 1017.65
0.2

Population Density (N)
2000 4000 6000 8000 10000 12000 14000

Figure 3.4: Both the fitted power and piecewise contact rate models indicate that Spn
transmission is density dependent. The fitted power contact rate model transmission
coefficient g (orange line, g(b,r) = bN") where r = 0.988 and b = 7.69x10-5 against
population density N. The fitted piecewise contact rate model transmission coefficient
(green line,
bpN, N < 3722.82
Bbp) = {bDNK, N >3722.82
The population density threshold of 3722.82 is calculated by plugging the fitted x =
11.07 value into the function for population density (methods equation 3.8) and using
the average per capita invasive incidence of 7.69e-7 cases/week. Both models have a
non-constant relationship with population density suggesting that Spn spreads
through density-dependent transmission at least in lower population density regions.
Model comparisons are made using AICc scores (Burnham et al., 2011). For
comparison, the pure density- and frequency-dependent limit cases had AICc scores
of 1032.78 and 1222.08 respectively.

) where bp = 6.67x10-5 against population density N.

Table 3.1 and Figure 3.4 show that both models support density dependence in Spn.

Among the two model structures, the piecewise model has greater data support (delta AlCc
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=18.32, implying arelative likelihood of 9509.06 (Burnham et al., 2011)). For comparison,
setting the power law exponent r to 0 and fitting a purely frequency-dependent transmission
model, we find substantially weaker support (delta AICc = 1222.08, relative likelihood of
2.46e44), allowing us to reject the standard epidemiological assumption of no density

dependence.

The piecewise model suggests that Spn transmission is dependent on density below
a critical density threshold of 3722.82 PPSM, whereas above this threshold a purely
frequency-dependent behavior is supported. Plots of the fitted population density and
invasive incidence equations for the piecewise contact rate model are provided in Figures
3.5 and B.2 respectively. The plot of invasive incidence shown in Figure B.2 also provides
an opportunity to check for the internal consistency of the piecewise model fit. If our model
design is correct, then when we set population density N to be the threshold value N, for
the invasive incidence function (equation 3.7), the frequency- and density-dependent
transmission terms £ will be identical. Thus, the two individual functions should connect
at the piecewise threshold point and create a continuous curve as shown in Figure B.2. Bear
in mind the curves will connect only when we set population density to N,.. Otherwise, the
density-dependent curve of the piecewise model will be either above or below the

frequency-dependent function. Plots of the power law model are shown in Figure B.3.
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Figure 3.5: Fitting population density and invasive incidence using a power contact
rate function indicates Spn transmission is density dependent. A) Spn serotype
average population density data (blue dots) and the model fit (green-to-white

] «~ _ (NpP(t,D"), T<kK “
gradient, Np(t,D*) = {NDP(x,D*), > K where NpP(t,D*) =
hp

T th+h(Dp‘t—D‘t+p)—Dp)) of population density as a function of carriage

duration T and equilibrium invasive incidence D*. Model fits support the hypothesis
Spn transmission is density-dependent and that shorter-duration serotypes are more
likely to cause invasive disease in higher-density areas. The model fitting produced
the parameter estimates bo = 6.67x10-5, ¥ = 11.07, and fr = 229. B) A 3D plot of
population density as a function of carriage duration z and invasive incidence D*. The
vertical lines connecting each datapoint to the fitted function represent the residual
error. Additional fixed parameter values are invasive clearance h = 0.5 and
probability of invasion p = 0.00029.

3.3.3 Sensitivity Analysis

While both the power and piecewise contact rate models show that Spn
transmission is density-dependent, they differ in the strength of this dependence. The
power contact rate model suggests nearly pure (r = 1) density-dependence while the
piecewise model supports a hybrid transmission function that plateaus at higher densities.
Each model has several parameters controlling the level of density-dependence that we
fitted in this analysis. We now assess how robust these model results are to varying these
parameters by carrying out two sensitivity analyses. First, to get an overall sense of
parameter sensitivity we generated a parameter combination plot (Figure 3.6A, C) by
sampling 500 datapoints for each estimated parameter from the distributions listed in
methods Table 3.3. Each parameter combination was plotted as a grey line and all 500 plots
were overlayed with the empirical observations in blue. The monotonically decreasing

relationship between carriage duration and population density holds for all 500 curves for
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both the power contact rate model (Figure 3.6A) and the piecewise contact rate model

(Figure 3.6C).

We next evaluate the relative impact of each parameter and whether their effects
are stable across carriage durations. To do this we perform a sequential sensitivity analysis
using the ‘multisensi’ R package with carriage duration acting as the sequential variable.
The parameter ranges used are the 95% confidence interval ranges listed in methods Table
3.3. For the power contact rate model, Figure 3.6B shows the generalized sensitivity
indices (GSI) for each parameter and reveals that the power contact rate function exponent
r and the immune duration parameter f had the most impact on the model with the b
parameter having relatively less influence. A graph of the variation in sensitivity indices
across carriage duration indicates that the main effects are stable across serotype durations
(Figure B.4A). The piecewise contact rate model was most sensitive to the fr and bp
parameters and least impacted by the threshold parameter x (Figure 3.6D). However,
looking at the variation of the indices across carriage duration (Figure B.4B) shows the
impact of «x increases when the model transitions from density- to frequency-dependent

transmission.

A B

20000
1

Population Density (PPSM
10000
1
L ]
-

!

..-f As.. $ °

0
L

T T T T T T T T

0 5 10 15 20 25 30 35

0.0 4

Carriage Duration

48



L]
- - o hq‘... .
.

10000
|

0

20000

Population Density (PPSM)

T T T T T T T T
0 5 10 15 20 25 30 35

Carriage Duration

Figure 3.6: Sensitivity analysis of the population density functions (equations 3.4 and
3.9) reveals that the model fitting results are robust across a wide range of parameter
values. A) and C) Parameter combination plots of equations 3.4 (Figure 3.6A) and 3.9
(Figure 3.6C) (see methods) generated by sampling 500 sets of parameter estimates
from the distributions described in Table 3.3 (grey lines) overlayed with Spn serotype
average population density data (blue dots). Both graphs show that even with wide
variation in parameter values the overall negative association between carriage
duration and population density generally holds. B) First order (grey bars) and total
(black bars) generalized sensitivity indices (GSI) for the population density function
based on the power contact rate model (equation 3.4). Results show that population
density is mainly influenced by changes in the power exponent parameter r and
immune protection parameter f with a smaller contribution from the transmission
rate constant b. D) First order (grey bars) and total (black bars) generalized
sensitivity indices (GSI) for the population density function based on the piecewise
contact rate model (equation 3.9). The model was most sensitive to changes in the
immune protection parameter fp and the density-dependent transmission constant bp.

3.4 Discussion

In this investigation we examined the role of human population density in Spn
transmission, and tested the hypothesis that short duration serotypes are attenuated in lower
density areas, given they have less time to successfully transmit to a new host as compared
to their longer duration counterparts. In agreement with our hypothesis, we show that (i)
Spn serotype distributions are structured by host population density (Figure 3.2), (ii) human

density correlates with serotype carriage duration and attack rate (Figures 3.3, 3.5), and
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(iii) serotype transmission is both frequency- and density-dependent (Figure 3.4). Together
these results show that serotypes are differentially impacted by human population density,
with short carriage duration serotypes less likely to transmit (and cause invasive disease)

in less populated areas.

These results have important and generally overlooked implications for
pneumococcal epidemiology, given the substantial variation in human population density
around the world, and the connections between carriage duration and other traits. Carriage
duration is a key life-history trait that impacts many other aspects of Spn biology including
antimicrobial resistance, recombination, invasiveness, and serotype prevalence (Chaguza
et al., 2016, Kalizang'oma et al., 2021, Sleeman et al., 2006, Li et al., 2013). For example,
longer duration serotypes tend to have higher carriage prevalence within a community (Li
etal., 2013, Weinberger et al., 2009, Hogberg et al., 2007), although these prior studies did
not unpack the role of variation in human population density. Our results indicate this
advantage can be attenuated in regions with high population densities that allow greater

transmission of shorter duration serotypes.

Our results imply that pneumococcal surveillance systems that operate across
different distributions of population densities may report different distributions of
serotypes even if the underlying serotype diversity is the same. This may play a role in the
observed geographical variation of IPD incidence caused by non-vaccine serotypes
following the introduction of pneumococcal conjugate vaccine (Lewnard and Hanage,
2019). Also, previous work has identified a positive correlation between beta-lactam
resistance and carriage duration, likely due to increased antibiotic exposure in strains with

longer human residency times and increased opportunity for recombination with beta-
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lactam resistant Streptococcus mitis (Lehtinen et al., 2017, Kalizang'oma et al., 2021). Our
investigation would therefore suggest that beta-lactam resistance may be more likely to
occur in less populated areas. An important area of future work is to determine if beta-
lactam resistance is inversely correlated population density and to tease apart how beta-

lactam antibiotic prescription rates influences this potential relationship.

More broadly, our results offer a route-map for investigation of density-dependent
transmission in other human pathogens with complex carriage versus invasive
epidemiological dynamics, as seen in various opportunistic bacterial pathogens (e.g.
meningococcus, group A Streptococcus). The introduction of density-dependence to
bacterial epidemiological models also raises new opportunities to revisit classical
epidemiological questions in light of density-dependent effects, including critical
community sizes (Finkenstadt et al., 1998, Bartlett, 1960), vaccine thresholds (Anderson

and May, 1991), and the evolution of virulence (Alizon et al., 2009).

This study has several limitations. The average census tract population density for
the ABC catchment area (4600 PPSM) is considerably higher than the average population
density of the United States population (94 PPSM; (Bureau, 2021)), reflecting a
surveillance focus on more densely-populated regions of the country. Our results indicate
that this surveillance choice may bias the distributions of serotypes (and potentially other
pathogens) that are reported. Also, census tract information for our surveillance dataset
was missing for 1,506 of 13,798 case-patients (11% of total). For parameter estimation, the
quality of the model fits varied widely depending on the algorithms and arguments used.
We evaluated several global and local optimization procedures (e.g. NMinimize, Newton,

InteriorPoint) using AlCc, but our comparisons were not exhaustive and better parameter
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estimations may be possible. The Spn carriage duration and invasive attack rate data used
in this analysis are the most comprehensive available but were acquired more than 15 years
ago as part of a series of longitudinal pediatric studies in the United Kingdom (Sleeman et
al.,, 2006) and may not capture unique features of current adult invasive disease

epidemiology (Alanee et al., 2007).

Our analysis shows that more invasive short carriage duration serotypes will spread
more easily in communities with higher population densities (Figure 3.3). Importantly, in
regions where population or housing density is associated with lower community
socioeconomic status, these shorter duration, higher invasive serotypes may be
preferentially targeting the very communities that are least equipped to intervene or
respond. In the following Chapter Four we examine the implications of density-dependent

pneumococcal transmission in the context of the social determinants of health.

3.5 Methods

3.5.1 Study Collection

The CDC Active Bacterial Core surveillance (ABCs) program conducts active
laboratory and population-based surveillance for invasive SPN infections (in 10 states
(complete states or selected counties), representing more than 34.4 million persons
(https://www.cdc.gov/abcs/reports-findings/survreports/gas18.html). ABCs defines an
invasive SPN case as illness in a surveillance area resident with isolation of SPN from a
normally sterile site. Surveillance staff at sites complete a standardized case report form
that includes basic demographic characteristics and risk factors of infection on all cases,

and coordinate collection and transfer of isolates to CDC’s Streptococcus lab for

52



characterization. In total, 11,245 available invasive Spn isolates from cases identified in

2016-2019 were included in the analysis.

We calculated the average population density for serotypes acquired from invasive
disease cases that were within the catchment area of the ABC surveillance program from
2016 through 2019. We used data obtained from 2015-2019 5-Year estimates of the
American Community Survey (ACS) and U.S. Census Bureau's 2021 Planning Database
(PDB) with both census tracts and ZIP Code Tabulation Areas (ZCTAS) as the geographic
units of measure. To calculate the average population density for each S. pneumoniae
serotype acquired through ABC surveillance at the ZCTA level, we used ZCTAs obtained
from the 2015- 2019 American Community Survey 5-Year Estimates dataset B01003 to
infer population size. Geographic area for each ZCTA was obtained using the 2017 land
area data from the Gazetteer file 'ZIP Code Tabulation Areas'. For census tract population
density measurements, we used the U.S. Census Bureau's 2021 Planning Database (PDB)
which provides both population count and land area data at the census tract level.
Population density for each census tract or ZCTA was calculated by dividing the population
size by its land area. A population density was associated with each invasive case by linking
the ZCTA or census tract population density with the zip code or census tract recorded in
the case report form. To ensure the ZCTAs correspond to the correct zip code we validated
each pairing using the crosswalk database created by the Census Reporter project
(https://censusreporter.org/). Serotype invasive incidence was obtained by dividing
serotype IPD case counts by total serotype population size. Serotype population size was
calculated by identifying the unique set of census tracts where an IPD case was found and

summing their individual population sizes.
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Carriage duration data was obtained from a study from (Sleeman et al., 2006). We assumed
that the carriage duration for serotype 4 was too short to be reliably detected given the
sampling times of the longitudinal study, so we imputed a conservative estimate of four

weeks (the longest sampling interval used in Sleeman et al.) instead (Chapter Two).

3.5.2 Epidemiological Model Description

1/F

Figure 3.7: Schematic diagram of the epidemiological model. Boxes represent
proportions of hosts in mutually exclusive states: susceptible (S), infected
asymptomatic carriers (C), invasive (1) or recovered and immune (R). Solid arrows
represent flows of individuals between states, and dashed arrows represent factors
influencing those flows. Equations describing the system are presented in the main
text (methods equations 3.1), along with parameter definitions (Table 3.2). See
Chapter Two for initial model development.

3.5.2.1 Power Contact Rate Model
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To analyze how different invasive disease progression processes can affect
measures of invasive disease risk, we construct a compartmental epidemiological model of
pneumococcal transmission based on previous work developed in Chapter Two (Metcalf
et al., 2023). In this model framework, host individuals are classified as being either
susceptible, infected or recovered and immune, with regard to a specific, focal serotype.
The infected class is further broken down into a carrier state and an invasive state. The
proportions of individuals in a susceptible, carrier, diseased and recovered class for a focal
strain are denoted by the variables S, C, | and R respectively (Figure 3.7), and their
dynamics are given by the following system of four ordinary differential equations where

the force of infection 4 = bN'C

dc C
— =(1—=p)bN"CS — =
It (1-p) -

dl
— = pbN"CS — hl

dat
dR _C R+M
dt 1t f

S=1-C—I1—-R.  [31]

Recall that the force of infection r parameter specifies how population density
impacts transmission (Fig 3.1). Depending on the value of r, the power contact density
function allows for a purely density-dependent (r=1) or frequency-dependent (r=0) host
contact structure (Borremans et al., 2017). An r value between 0 and 1 generates a hybrid
contact density function that has an intermediate saturating shape which is more strongly

density-dependent at lower population densities but plateaus at higher densities
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(Borremans et al., 2017). The model assumes transmission is from carriers only, there are
no multiple infections, and that intrinsic virulence, the core set of traits that concern
adhesion, invasion, and proliferation in disease sites, are equivalent for all serotypes. In
other words, the invasive disease parameter p is held constant across serotypes with
different carriage durations. Finally, all rates are defined using a time unit of one week.

The model variables and parameter definitions are detailed in Table 3.2.

Table 3.2: Definitions for the variables and parameters used in the compartmental
epidemiological model along with values and reference sources used in the model
fitting.

Variables
Definition (Units)

S(t) Proportion of individuals in the susceptible class (at risk of
acquiring the focal Spn serotype) at time t

C(t) Proportion of individuals in the carriage class (carrying the focal
Spn serotype) at time t

1(t) Proportion of individuals in the invasive class (with an invasive
infection caused by the focal serotype) at time t

R(t) Proportion of individuals in the recovered class (individuals
who have cleared an infection and whose immunity offers
protection from reacquiring the same serotype) at time t

Fixed Parameters From Prior Literature
Value
Definition (Units) (Reference)

p Probability of progressing to the invasive state at the time of | 0.00029
carriage acquisition (Metcalf et
al., 2023)

T Average duration of carriage for a given Spn strain (weeks) Serotype
dependent
(Sleeman et
al., 2006)
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Table 3.2 continued

h Rate of transition from the invasive to recovered class, due to | 0.5
pathogen clearance (per week) (Baldo et
al., 2015)

N Population density (persons per square mile) Serotype
dependent
(Langley et
al., 2015)

Estimated Parameters
Definition (Units)

f Power contact rate model duration of immune protection
(weeks)

r Power contact rate function exponent

b Power contact rate model transmission rate constant

K Carriage duration threshold constant for the piecewise contact

rate model (weeks)

bo Piecewise contact rate model density-dependent transmission
rate constant

f Piecewise contact rate model duration of immune protection
(weeks)

Solving the system of differential equations representing the SCIR model at a stable

endemic equilibrium [S*, C*, I*, R*] yields the following,

N—T
~br— bpt

*

N~"(bh(p — 1)TN" + h)

C =-—
b(fh — hpt + ht + p)
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pN~"(b(p — 1)TN" + 1)

I =
b(p — )t(fh — hpt + ht + p)

., fRNTT(b(p—1)IN" + 1)

“bp-De(h—hprthitp)

A key aim for this analysis is to estimate the level of density-dependence within the
host contact structure as represented by the power contact rate function exponent r, using
serotype-specific epidemiological data on carriage duration t, population density N, and
invasive incidence D. To do this we first derive the steady state invasive incidence D* from
the equilibrium solutions to this system of differential equations by defining a function
based on new invasive cases (D* = pbN" C*S™) yielding,

pN~"(bh(p — 1)TN" + h)

D*(z,N) = b(p— Dt(fh— hpt + ht + p)’

[3.3]

We then derive an expression for population density as a function of carriage
duration and invasive disease abundance by rewriting the equation for invasive incidence

at equilibrium (D* equation 3.3 above) in terms of population density N,

N(z,D*) =

-1/r

hp? hp .
(b(l_p)f(f h=hpe+ht+0) (g e~ ))
hp

3.5.2.2 Piecewise Contact Rate Model
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We also present an alternative epidemiological compartmental model that employs
a piecewise transmission term function with a defined density-dependent and frequency-
dependent component. Besides the transmission term, the overall structure of the model is
unchanged from Figure 3.7. The model dynamics are given by a system of four ordinary

differential equations,

d
= (- p)pIboles — -

dt

ar_ [bp]CS — hI
dt_pﬁ D

drR C R+M
dt 1t f

S=1-C—I1—R. [3.5]

Where the transmission term B[bp] is conditional on the threshold carriage duration

parameter «,

Bbp) = {bl:?vl\,i: s

The threshold carriage duration parameter k marks the transition point from
density- to frequency-dependent transmission. This piecewise threshold cutoff would
naturally be defined in terms of population density instead of carriage duration. It is
required to be written in terms of carriage duration here as a constraint of fitting two
functions, population density and invasive incidence, simultaneously. At least one

parameter, in this case carriage duration, needs to link the two functions together to use
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both equations to fit shared parameters. However, once we estimate x we can plug that
value into our function for population density N (equation 3.8, derived below) to represent
the cutoff threshold in terms of N (parameter N,). At population density N,, the
transmission coefficient f§ transitions to frequency-dependence where f is fixed at the
threshold value (b, N,.) and invariant across higher population densities (Figure 3.4). The
endemic equilibrium [S*, C*, I*, R*] solutions for the piecewise contact rate model are
provided below,

1
~ (p — DBlbp]

ST =

(» — D1p[bp] +1

O = G -2 - 1085y

= p(z(2 —2p)B[bp]l —2)
(@ — Dt(—f +p—2)—1)B[bp]

oo f(=Dplbp) + 1)

oDt opb, O

Similar to the power contact rate model, the piecewise model steady state invasive
incidence Dp" is based on new invasive cases from the density-dependent (Dp* =

pbpNC*S™) and frequency-dependent (Dr* = pbpN,.C*S™) components yielding,

p(bphN(p — 1)T + h)
(bpNT — bpNpT)(fh — hpt + ht + p)’
hp(bp N (p — 1)T + 1)

, T=2K
\ bpN,.(p — 1)t(fh — hpt + ht + p)

T<K

Di(t,N) = [3.7]

60



We next derive a piecewise expression of population density as a function of carriage
duration 1 and invasive incidence D. For the density-dependent component, we rewrite the

equation for invasive incidence at equilibrium (Dp*) in terms of population density N,

* — hp
NpP(7,D7) = bp(p=1)t(~fhD+h(DpT~DT+p)~Dp) 1341

By definition, we cannot rewrite the frequency-dependent invasive incidence equation in
terms of N since it is not a function of N. Instead, we specify that past the piecewise
threshold cutoff carriage duration , serotypes will transition from density- to frequency-
dependent transmission, and both the contact and transmission rates will hold constant at
that level across all larger population densities. Thus, the piecewise function for population
density will be the following,

NpP(t,D"), T<K

NP DY, Tz 3O

Np(z,D*) = {

3.5.3 Statistical Analysis

We use the ‘NonlinearModelFit’ function from Mathematica 11.1.1.0 to perform
model fitting for both the power and piecewise contact rate models. We simultaneously fit
the population density and invasive incidence data captured by ABCs by defining equations
for population density and invasive incidence as components of a piecewise function.
Parameters are then estimated for both the power contact rate model (equations 3.3 and
3.4) and the piecewise contact rate model (equations 3.7 and 3.9). The data used for model
fitting is provided in Table B.1. For the power contact rate model, we use the Automatic

method which enables Mathematica to choose a model fitting algorithm based on the data
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and model. For the piecewise contact rate model, we use the NMinimize global
optimization algorithm employing the Differential Evolution function minimizer with the
parameters CrossProbability = 0.1 and ScalingFactor = 0.9. We also specify that local
search be performed by the QuasiNewton method using the PostProcess argument. A
sensitivity analysis of the model fit employing equations 3.4 and 3.9 is performed using
the ‘multisensi’ R package v2.1-1. For the power contact rate model, parameter ranges are
calculated using the 95" percentiles of either the Normal distribution (parameter f) or the
truncated Normal distribution (parameters r and b). The truncated Normal distribution is
required to prevent negative b values and values of r that exceeded the limit case (r = 1)
(Table 3.3). Ranges for the fr, bp, and x parameters of the piecewise contact rate model are
all derived from the Normal distribution (Table 3.3). The Normal and truncated Normal
mean and standard deviation values come from the best fit model estimates. The truncated
normal distributions are generated using the ‘truncnorm’ R package v1.0-9. All additional
statistical analyses are carried out using the base package of R v4.3.3 and all plots are
created using either the base package or ‘ggplot2’ v3.5.0. Only serotypes with at least 5

invasive cases were included in the analysis.

Table 3.3: The distribution function and sampling boundaries used in the sensitivity
analyses testing the inverse relationship between population density and carriage
duration. Parameter ranges are modified from Table 3.1 to use truncated Normal
distributions where required to avoid parameter selections outside of biological limits
(for parameters r and b). The parameter combinations plots sampled from the normal
and truncated normal distributions to generate 500 sets of parameter estimates for
both the power and piecewise contact rate models. The GSI sensitivity analysis used
the upper and lower boundary constraints representing the 95 percentiles of the
normal and truncated normal distributions to implement the GSI factorial design
method.
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Power Law Contact Rate Model

Parameter | Distribution Arguments Lower Bound | Upper Bound
b Trunc Normal Mean = 7.69e-5

SD =8.32e-5 6.35e-6 2.47¢e-4
f Normal Mean = 237

SD =234 191 282
r Trunc Normal Mean = 0.988

SD =0.139 0.680 0.995
Piecewise Contact Rate Model
Parameter | Distribution Arguments Lower Bound | Upper Bound
fe Normal Mean = 229

SD =19.8 190 268
bo Normal Mean = 6.67e-5

SD = 1.28e-05 4.16e-05 9.18e-05
K Normal Mean = 11.07

SD =1.27 8.58 13.56

63




CHAPTER 4. HUMAN SOCIETAL DETERMINANTS AND
BACTERIAL LIFE HISTORY TRAITS SHAPE

PNEUMOCOCCAL INVASIVE DISEASE RISK

Adapted from METCALF, B. J., WALDETOFT, K. W., BEALL, B. W. & BROWN, S. P.
2023. Human Societal Determinants and Bacterial Life History Traits Shape

Pneumococcal Invasive Disease Risk (in prep).

41 Summary

Invasive pneumococcal disease (IPD) is a rare outcome of pneumococcal acquisition
(on the order of 10 cases of IPD per 100,000 carriage acquisitions), yet for reasons poorly
understood, cases of IPD are increasingly identified as forming clusters of localized
outbreaks. While prior evidence suggests membership within disadvantaged communities
(e.g. people experiencing homelessness) are risk factors for IPD and IPD outbreaks, it is
unclear if individual or societal factors are driving these associations. It is possible
individual risk factors (e.g. immune deficits) are mediating the correlations between some
at-risk subpopulations and IPD. Here, we consider whether there are broader social
determinants that are also driving the relationships between IPD clusters and disadvantaged
populations. In light of the Chapter Three finding of density-dependent transmission
favoring short carriage duration serotypes in crowded environments, we hypothesize that
disadvantaged populations are at increased risk of IPD and IPD clusters via living and
working in crowded and inadequately ventilated social surroundings, that enrich the most

dangerous short carriage duration serotypes. Using a cluster detection tool to scan genomes
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of 13,798 Streptococcus pneumoniae invasive isolates acquired from a surveillance
population of approximately 34.6 million people (the CDC Active Bacterial Core
surveillance program), we find that IPD clusters are substantially more common than
expected by chance and are most common in short carriage duration and high attack rate
serotypes. Using causal analysis tools, we find evidence for social factors associated with
crowding to be causal drivers of both IPD and invasive clustering. These interrelationships
between social factors and Spn disease suggest that spending extended amounts of time in
crowded and inadequately ventilated environments may drive IPD and invasive clustering
by acting as a nexus point where more dangerous Spn strains can spread widely and

quickly, especially within disadvantaged communities.

4.2 Introduction

Streptococcus pneumoniae (Spn) is a gram positive opportunistic pathogen and a
leading cause of bacterial pneumonia, meningitis, and sepsis worldwide (O'Brien et al.,
2009, Drijkoningen and Rohde, 2014). Pneumococcus is typically categorized by serotype,
with each serotype distinguished by an immunologically distinct polysaccharide (PS)
capsule. Although it is considered a major human pathogen, in most cases it colonizes the
nasopharynx asymptomatically (defined as carriage), and is cleared by the immune system
without causing harm (Henriques-Normark and Tuomanen, 2013). However, by employing
an array of virulence factors, Spn colonization can sometimes lead to illness (Henriques-
Normark and Tuomanen, 2013). Usually, Spn will cause non-invasive diseases like otitis
media and non-bacteremic pneumonia, but, on rare occasions, can also spread into
normally sterile sites and cause severe infections known as invasive pneumococcal disease

(IPD) (Henriques-Normark and Tuomanen, 2013). The ability of Spn to cause these life-
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threatening illnesses (i.e., its invasiveness) varies substantially across serotypes (Sleeman

et al., 2006, Brueggemann et al., 2004, Metcalf et al., 2023).

Relative to carriage, invasive disease is uncommon with rates ranging from about 1
to 75 cases per 100,000 carriage acquisitions depending on the serotype (Sleeman et al.,
2006, Brueggemann et al., 2003). While IPD is a normally rare outcome of Spn, due to
circumstances not well understood, it can occasionally also spread as localized outbreaks.
Sometimes these outbreaks will occur within disadvantaged communities like people
experiencing homelessness (PEH) and people who inject drugs (PWID) and may be linked
to populations living in crowded environments that experience intense physical or
psychosocial stress (Tomczyk et al., 2016, Romney et al., 2008, Gladstone et al., 2022,

Dawood et al., 2011, Ly et al., 2021).

Spn invasive outbreaks have historically been difficult to study because of their
rarity (Jefferies et al., 2007). Invasive outbreak identification presents a difficult challenge
for traditional epidemiological tools because it requires capturing epidemiologically linked
rare events that are temporally and geographically related. An alternative approach is to
identify invasive clusters via genomic methods, by identifying sets of IPD cases that have
close genomic identity, regardless of any conventional information on epidemiological
links. Over the past few years, the CDC streptococcus lab (StrepLab) has been given a
unique opportunity to study pneumococcal invasive clusters via genomic means that, until
recently, have gone undetected. The StrepLab is a member of the Active Bacterial Core
surveillance (ABCs) system which provides active laboratory- and population-based
surveillance for key invasive bacterial pathogens. By genomically clustering related strains

using a conservative distance threshold of 10 single nucleotide polymorphisms (SNPs)
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across the genome, we found that Spn invasive clusters have been significantly
underreported (Beall et al., 2022a, Metcalf et al., 2021). Additionally, we have found that
Spn serotypes vary in their propensity to form invasive clusters and this variation is
correlated with the proportion of cases that come from disadvantaged populations (PEH or
PWID) (Beall et al., 2022a, Metcalf et al., 2021). The fact that invasive cluster risk is
serotype dependent is important since other life history traits of Spn infection are tied to
serotype, including measures of virulence such as attack rate (Chapter Two, (Sleeman et

al., 2006)).

While prior evidence suggests membership within disadvantaged communities are
risk factors for IPD, IPD outbreaks and IPD genomic clusters, it is unclear if individual or
societal factors are driving these associations. It is possible individual risk factors (e.g.
immune deficits) are mediating the correlations between some at-risk subpopulations and
IPD. Dock workers, for example, may be at higher risk for IPD because they have greater

exposure to inorganic dust and metal fumes (Cassir et al., 2021).

Here, we consider whether there are broader social determinants that are driving
the relationships between IPD clusters and disadvantaged populations. We propose that
disadvantaged populations are at increased risk of IPD and IPD clusters via living and
working in crowded and inadequately ventilated social surroundings. In previous work
(Chapter Three) we have shown that crowded high population density locations enable the
spread of shorter duration serotypes, that tend to be more virulent (higher attack rate). We
hypothesize this process will induce a negative correlation between serotype carriage
duration and clustering propensity. Using a cluster detection tool to scan genomes of

13,798 Streptococcus pneumoniae invasive isolates acquired through ABC surveillance,
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we find that IPD clusters are substantially more common than expected by chance, clusters

are more common in short carriage duration serotypes, and we

find evidence for social factors associated with crowding to be causal drivers of both IPD

and invasive clustering.

4.3 Results

4.3.1 Expected Number of Clustered Isolates Assuming an Independent Outbreak Risk

While the per-person risk of progressing into invasive disease given pneumococcal
acquisition is low (p = 0.0003, Chapter Two), given the size of our sampling population
(~34M), we would expect some clustering to occur by chance. To estimate how much IPD
clustering we should expect to see in our data, assuming independent risk of IPD, we use
our previously described math model (Chapter Two, methods, (Metcalf et al., 2023)).
Given the assumption that a cluster of size k is the product of k independent invasion events
(i.e., pv), we find that the proportion of cluster-associated cases among all IPD cases is p/(1-
p). Using our previous estimate of p = 0.0003, this implies that ~ 0.03% of cases (~ p) will
be a part of clusters under our null model of independent IPD events (see methods for

derivation of p/(1-p) result).

4.3.2 Proportion of cluster-associated cases is substantially greater than our null

expectation

Using an average invasive incidence of 9.4 cases per 100,000 persons and an
average surveillance population or 33,508,337 persons tracked over 5 years, our math

analysis above predicts we will find ~ 4.7 cases (0.03%) in clusters over a 5-year period by
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chance. To assess this prediction, we used genomic relatedness (10 SNP per genome cluster
cutoff, see methods) to define and identify clusters among 13,798 IPD isolates acquired
through ABCs during 2015-2019 where a whole genome sequence was available. Using
this approach, we found 3,020 cases in clusters, representing a substantial 22% of all IPD

cases, far exceeding our 0.03% prediction of 4.7 cases.

The 3,020 clustered cases were allocated to 1,095 IPD clusters across 31 serotypes.
Genomic clusters had an average size of 2.76 isolates (ranging from 2 to 40 isolates), with
130 of these clusters (representing 15 serotypes) comprised of at least 4 isolates. The mean
duration from first to most recent isolate in a cluster was 440 days (range, 0-1,776 days).
The pairwise genomic distance for isolates in a cluster ranged from 0 to 10 SNPs with an
average overall pairwise distance of 6.64 SNPs. Cluster-associated isolates were from

patients whose average age was 56.5 (range, 0-93) years.

4.3.3 IPD clustering and serotype.

Given we observe a substantial excess of clustered cases compared to our null
expectation, we now turn to ask what forces impact the extent of clustering. According to
our hypothesis, we expect PEH and PWID to be disproportionately associated with IPD
clustering and with shorter duration serotypes. We propose that shorter duration, more
invasive serotypes will be more likely to cluster because, based on work presented in
Chapter Three, they are more likely to spread and cause invasive disease in highly crowded
environments. Fig. 4.1 shows that Spn serotypes do vary in their propensity to form
invasive clusters, with serotype-specific proportions of clustered cases ranging from zero

(serotype 1, 18C, 21, 23F, 37, 6A, 6B) to 68% (serotype 12F). Figure 4.1 further shows
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that this variation is positively correlated with the proportion of PEH or PWID (Kendall

tau = 0.48, p-value = 0.00016).
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Figure 4.1: The amount of invasive clustering varies widely between Spn serotypes
and is correlated with disadvantaged populations (PEH or PWID). Invasive
clustering has a significant positive relationship with proportion of PEH or PWID
(Kendall tau = 0.48, p-value = 0.00016). The average proportion of cluster-associated
isolates weighted by invasive case count was 24%. The scatter plot reveals that
serotypes vary widely in their propensity to cluster ranging from 0% cluster-
associated isolates (serotypes 1, 18C, 21, 23F, 37, 6A, 6B) to 68% cluster-associated
(serotype 12F). The top 4 most clustered serotypes (12F, 4, 7F, 20) are labeled in the
figure.
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4.3.4 IPD clustering is associated with serotype carriage duration and invasive attack

rate

The disparity in IPD cluster proportion seen across serotypes is notable since
several Spn life history traits are tied to serotype (Sleeman et al., 2006). Two of the most
important with respect to transmission and invasive disease progression are Spn carriage
duration and invasive attack rate. Using data obtained from Sleeman et al. (Sleeman et al.,
2006), we show in Figure 4.2 that % IPD cases in clusters is negatively associated with
serotype carriage duration (Kendall tau = -0.32, p-value = 0.018) and positively associated
with serotype attack rate (Kendall tau = 0.29, p-value = 0.028), in agreement with our

hypothesis.
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Figure 4.2: IPD clustering proportion is associated with bacterial life-history traits
(positively correlated with high invasive attack rates and short carriage durations).
(A) Serotype IPD clustering proportion (blue dots) against serotype carriage duration
yields a significant inverse association (Kendall tau = -0.32, p-value = 0.018). (B)
Serotype IPD clustering proportion (blue dots) against serotype invasive attack rates
yields a significant positive correlation (Kendall tau = 0.29, p-value = 0.028).
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4.3.5 Social features associated with health inequality are significant predictors of IPD

and clustering

Given that certain communities like PEH and PWID are at increased risk for IPD
and more likely to form invasive clusters (Ly et al., 2021, Mosites et al., 2019, Beall et al.,
2022Db), it is possible there are societal factors at play in pneumococcal invasion in addition
to host and pathogen effects. The ABCs dataset offers a unique vantage point to study these
social determinants since the patient case report form has census tract and zip codes that
can be linked with demographic census data. To capture social factors that potentially play
a causal role in determining IPD cases and clusters, we extracted a range of potentially

relevant demographic variables from US census data (see methods for more details).

Our broad hypothesis is that high density environments will promote IPD clusters,
as dense environments promote pneumococcal transmission and select for more invasive
serotypes (Chapter Three). To assess the role of human population density, we focus on
four demographic parameters connected to aspects of human density that we specifically
hypothesize will promote IPD clusters: population density, household crowding, use of bus
transit, and low income (Table 4.1). Using a univariate analytical approach, we find that
IPD and invasive clustering are significantly positively associated with population density,
bussing mass transit, and household crowding and negatively associated with household

income (Table C.1). These univariate results support our hypothesis, but what of potential
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confounding effects due to other indirect causal connections with a range of potentially

confounding demographic and bacterial factors (Table 4.1)?

Table 4.1: Definitions of the demographic attributes included as possible IPD case
and clustering determinants, extracted from US Census data (both the American
Community Survey (ACS) and the Planning Database (PDB)). Units are provided as

parentheticals in the Definition column.

Demographic Features of Interest

Variable DAG Definition Data
Model Source
Household Income Fig. 4.3  Average household income of a U.S. Census
Fig. C.1  census tract (United States dollar) PDB
Population Density ' Fig. 4.3  Number of people in a square mile of U.S. Census
Fig.C.1 land area within a census tract PDB
(persons per square mile)
% Bussing Transit Fig. 4.3  Households commuting by bus within = U.S. Census
Fig. C.1  census tract (percentage) ACS
B08301
% Household = Fig. 4.3  Households living in crowded housing U.S. Census
Crowding Fig. C.1  units within census tract (percentage) PDB
Potential Confounders
Variable DAG Definition Data
Model Source
Housing Per Income @ Fig. 4.3 | Proportion of household income U.S. Census
Fig. C.1 devoted to housing costs within ACS
census tract B25071,
B25092,
B25008
Fed Pov Lev Fig. 4.3  Persons living below the federal U.S. Census
Fig. C.1  poverty level (percentage) PDB
Child<5 Fig. C.1  Proportion of children under 5 within = U.S. Census
a census tract ACS
B01001
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Table 4.1 continued

Sero Car Dur Fig. 4.3  Average duration of carriage per Spn Sleeman et
Fig. C.1  serotype (weeks) al. (Sleeman

et al., 2006)

Sero Inv AR Fig. 4.3  The ratio of IPD incidence to carriage Sleeman et
Fig. C.1  acquisition rate per Spn serotype al. (Sleeman

(IPD cases per 100,000 carriage et al., 2006)
acquisitions)

To address potential confounding effects, we formalize causal connections among
our variables as a directed acyclic graph (DAG) (Pearl and Mackenzie, 2018). Capturing
causal relationships as a DAG allows use of established causal inference logic to guide
how to conduct appropriate statistical controls (Pearl and Mackenzie, 2018). Causal
inference allows us to avoid logical pitfalls associated with both univariate analyses (e.g.
overlooking confounding variables) and all-variable multivariable analyses (e.g. opening
collider biases, collinearity (Gregorich et al., 2021, Schisterman et al., 2017, Ténnies et al.,
2022)), but we recognize that causal inference tools are still limited by assumptions
embedded in the specific defined DAG. In the current analysis, our favored DAG is
illustrated in Figure 4.3, with an alternate DAG explored in the supplementary materials
(Figure C.1). Using these DAG models, we obtain unbiased effect estimates by generating
the minimal sufficient adjustment set for each feature of interest which are the minimal set

of covariates that require adjustment (Figure 4.4C).
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Figure 4.3: The relationship between both household crowding and bus transit with
IPD clustering is confounded by financial instability and population density. The
directed acyclic graph (DAG) represents the causal interrelationships between
variables (nodes) influencing the development of IPD and IPD clusters. Dark grey
nodes are observed variables and light grey node are unobserved (latent) variables.
Demographic features of interest (Table 4.1) are highlighted in blue and potential
confounders (Table 4.1) are highlighted in green. The IPD cluster outcome variable
is highlighted in red.
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Using the causal DAG in Figure 4.3 to identify non-biased statistical adjustments,

we identify several attributes related to financial instability and crowding that are

associated with invasive pneumococcal cases and clusters (Figure 4.4).

A)

Variable
Household Income
Pop Density

% Bussing

% Household Crowding

B)

Invasive Clustering

Coef Cl 2.5% Cl197.5%

-0.55 -0.62 -0.48
0.24 0.19 0.28
0.18 0.12 0.23

0.098 0.048 0.15
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Variable
Household Income
Pop Density

% Bussing

% Household Crowding

C)

Coef

-0.42

0.14

0.18

0.045

IPD Case

Cl 2.5%

-0.45

0.12

0.15

0.019

Cl197.5%

-0.39

0.16

0.20

0.072

[TTTTTTTTTTTTTITTITTITT oo Tl
-0.45-0.3-0.15 0 0.1

Variable

DAG Model 1 (Figure 4.3)

Minimal Sufficient Adjustment Set

Population Density

No adjustment needed

Household Income

No adjustment needed

Mass Transit — Bussing

Housing Per Income, Pop Density

Household Crowding

Housing_Per _Income, Pop Density

Variable

DAG Model 2 (Figure C.1)

Minimal Sufficient Adjustment Set

Population Density

No adjustment needed

Household Income

Pop_Density

Mass Transit - Bussing

Housing Per_Income, Pop Density

Household Crowding

Child<5, Housing Per Income, Pop Density

Figure 4.4: Several demographic features associated with health inequality and
crowding are significant predictors of IPD disease and clustering. (A) and (B) The
results show that census tracts with lower average household incomes, higher
population densities, and a higher use of public bussing are positively associated with
both IPD total cases (panel A) and IPD clustering cases (panel B). The standardized
coefficient confidence intervals for each variable are derived from a negative binomial
multiple regression model that is adjusted for each variable of interest to have a non-
biased effect on IPD outcome based on the causal DAG in Figure 4.3. (C) The minimal
sufficient adjustment set of each variable of interest as specified by DAG Model 1 and

DAG Model 2.
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In Figure 4.4 we find that percent of households commuting by bus within a census
tract, census tract population density, census tract average household income, and
households living in crowded housing units within census tract are all significantly
predictive of IPD and Spn invasive clustering. Given that population density and average
household income are on different scales and several features are in different units, we use
standardized coefficients to compare the magnitude of effect between the explanatory
variables. We see that for both IPD and cluster-associated cases, average household income
has the largest magnitude followed by population density and percent of households
commuting by bus which had comparable effects. Percentage of overcrowded households
within a census tract was predictive for IPD and cluster-associated cases, though its overall

impact was the weakest among the four variables studied.

4.4 Discussion

While Spn continues to be the leading cause of community-acquired bacterial
pneumonia, its impact on invasive disease has been curtailed by the introduction of the
pneumococcal conjugate vaccine (Pilishvili et al., 2010, Peyrani et al., 2019). Adult
invasive disease, however, still remains a challenge and especially within at-risk
communities like PEH and PWID where IPD outbreaks have been known to occur (Ly et
al., 2021, Vanderkooi et al., 2011, Kellner et al., 2021). The goal of this analysis was to
leverage ABC surveillance data to understand the forces driving the persistence of IPD and
invasive clustering within the US population. We show that Spn invasive clusters are
significantly more likely to be comprised of individuals from at-risk populations like PEH
and PWID (Figure 4.1) and that the serotypes generating these clusters are more likely to

have shorter carriage durations and higher attack rates (Figure 4.2). Our analysis also
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supports a causal association of several social determinants of health linked with crowding
and income to both IPD and invasive clustering. Using standardized coefficients, we find
that household income had the largest effect size, followed by population density and bus
transit with comparable effects, and finally household crowding with a marginal impact on

IPD and clustering (Figure 4.4).

The lineages with the highest proportions of clustered isolates (serotypes 7F, 12F, 4,
and 20) also had the highest proportions of PEH or PWID and were distinctly separated
from other serotypes in Figure 4.1. This agrees with previous work associating these
serotypes with invasive disease outbreaks and genomic clusters (Beall et al., 2022a, Zulz
et al., 2013, Robinson et al., 1999, Gladstone et al., 2022). Our finding that serotypes with
shorter carriage durations and higher levels of invasiveness have an increased propensity
to cluster is consistent with our hypothesis that these serotypes are more likely to cause
IPD clusters because they rely on high population density environments to spread to new
hosts (see also Chapter Three). We expect this would lead to an association between
invasive clusters and disadvantaged communities (i.e. PEH and PWID) as shown in our
investigation because these communities tend to live in crowded and inadequately
ventilated conditions that promote disease transmission (Moffa et al., 2019, Badiaga et al.,
2008). This also agrees with previous work showing that PEH have higher rates of Spn
carriage are more likely to develop invasive disease compared to the general population
(Lemay et al., 2019, Mosites et al., 2019, Ly et al., 2021). Broadening out to the population
level, we would expect census tracts with lower socioeconomic levels and higher crowding
indicators to have a higher propensity to cause IPD and invasive clusters. In fact, this is

what we observe in our analysis (Figure 4.4).
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This study has several limitations. The census tract information in our ABC
surveillance data was missing for 1,506 of 13,798 case-patients (11% of total) and, as might
be expected, was disproportionately higher in PEH (609 of 781 cases, 78%) compared to
non-PEH (897 of 13,017 cases, 6.9%). Because of a lack of stable housing, there may also
be measurement error in the location metadata that was available for people experiencing
homelessness. Thus, we are likely underrepresenting the impact of host demographic
factors on IPD within PEH communities. In addition, the Spn carriage duration and
invasive attack rate data used in this analysis are the most comprehensive available but
were acquired more than 15 years ago as part of a series of longitudinal pediatric studies
in the United Kingdom (Sleeman et al., 2006). Over this time, several formulations of the
pneumococcal conjugate vaccine (PCV) have been released that have altered the
composition of circulating serotypes (Devine et al., 2017). Also, these pediatric
surveillance studies may not capture unique features of adult invasive disease

epidemiology (Alanee et al., 2007).

It's important to underline that the causal DAG presented in Figure 4.3 to guide
covariate adjustments represents our assumptions on causal interactions among variables,
and clearly other assumptions (in particular the incorporation of additional causal factors)
can be made. The results we gain from it should therefore not be considered immutable.
Whether we control for biases and, if so, what methods we use, can meaningfully change
the predicted effect our selected attributes have on IPD and invasive clustering. We
illustrate this by comparing attribute coefficient values from our baseline DAG Model 1
(Figure 4.4) against three alternate models: univariate, multivariate, and an alternate DAG

Model 2 (Figure C.1). In the alternate DAG Model 2, we include the proportion of children
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under 5 in a census tract as an additional node in the graph which incorporates the effect
children have on Spn transmission (Althouse et al., 2017). The coefficients and significance
values for each variable of interest across the four models are provided in Table C.2. We
see the univariate method generally agrees with our baseline DAG Model 1 and the
alternate DAG Model 2, but the multivariate approach yields some substantial differences.
These discrepant results may be due to how multivariable regression can distort the effects
of independent variables when not guided by a causal framework. Multiple regression may
include highly correlated or collinear features that can increase the standard errors and
widen confidence intervals (Schisterman et al., 2017, Gregorich etal., 2021). Additionally,
if the set of independent variables includes a collider, the regression analysis may induce
artificial, and sometimes paradoxical, associations that have no causal basis (Tonnies et al.,

2022).

The interrelationships between community factors and Spn disease described in our
analysis suggests that spending extended amounts of time in crowded and inadequately
ventilated environments may drive IPD and invasive clustering by acting as a nexus point
where Spn strains can spread more widely and quickly, especially within disadvantaged
communities. These results have important implications for future research and potentially
for public health management. We underline at this point that our conclusions are not to
guide against public transportation which provides substantial benefits, particularly to
disadvantaged populations. Any restrictions to public transit could compound chronic
stress effects on immune health and increase IPD potential in at-risk communities (i.e. the
causal arrow from ‘Housing_Per Income’ to 'IPD Risk' in Figure 4.3). In Chapter Five we

address how future research can build on the findings of this and other chapters in this
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thesis to further resolve the interacting impacts of bacterial, individual, and social

determinants of invasive pneumococcal disease.

45 Methods

45.1 CDC ABCs surveillance data (genomic and case history)

The Active Bacterial Core surveillance program is an active laboratory- and
population-based surveillance system that tracks several invasive bacterial pathogens
including Streptococcus pneumoniae. The total ABCs surveillance population is
approximately 34.6 million people, distributed across 10 US states (Figure C.2). The
catchment area includes 3 full US states (Connecticut (CT), Minnesota (MN), and New
Mexico (NM)) and selected counties within 7 other states (California (CA), Colorado (CO),
Georgia (GA), Oregon (OR), New York (NY), Tennessee (TN), Maryland (MD)). An IPD
case is defined as the isolation of S. pneumoniae from a normally sterile site (e.g., blood,
cerebrospinal fluid, pleural fluid) and is accompanied by a detailed case report form that
captures patient demographic and clinical information. We use the CDC’s Active Bacterial
Core surveillance to identify cases of IPD from January 1, 2015, through December 31,
2019. Laboratory audits are performed at least once per year to ensure all cases of disease
under surveillance are reported. Surveillance staff at sites complete a standardized case
report form that includes basic demographic characteristics and risk factors of infection on
all cases, and coordinate collection and transfer of isolates to CDC’s Streptococcus lab for
characterization. We include all available invasive Spn isolates from cases identified in

2015-2019 where a whole genome sequence was available (13,798 of 15,705 total cases).

45.2 Census data and bacterial traits
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To identify demographic features associated with IPD and clustering, we use data
obtained from 2015-2019 5-Year estimates of the U.S. Census Bureau’s American
Community Survey (ACS) and 2021Planning Database (PDB) with census tract as the
geographic unit of measure (Table 4.1). For population density measurements, we use the
U.S. Census Bureau’s 2021 Planning Database (PDB) which provides both population
count and land area data at the census tract level. Population density for each census tract
is calculated by dividing the population size by its land area. A population density is
associated with each IPD case by linking the census tract population density with the
census tract recorded in the case report form. Commuting data is acquired from the BO8301
data table titled ‘Means of Transportation to Work” using 2015-2019 5-Year estimates of
the ACS and the proportion of children under 5 in each census tract is obtained from the

B01001 data table titled ‘Sex By Age’ also using 2015-2019 5-Year estimates of the ACS.

An important consideration for this analysis is how to quantify financial instability. Some
measures like the percentage of households under federal poverty and average household
income do not consider the variation in cost of living across our surveillance sites. To
measure the overall financial health of a census tract, we constructed an attribute that
measures the proportion of household income devoted to housing costs
(Housing_Per_Income variable in Figure 4.3 and C.1) from 3 tables sourced from the 2015-
2019 ACS 5-Year Estimates. Rental monthly housing costs as a proportion of income were
obtained from table B25071, owner monthly housing costs as proportion of income were
obtained from table B25092, and proportion of renters and owners in each census tract was
obtained from table B25008. The total monthly housing costs as proportion of income for

each census tract was derived from the weighted average of owner and renter housing costs.
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We treat this metric as a proxy of non-discretionary income since housing costs are
generally the largest non-discretionary expense (Kirkpatrick and Tarasuk, 2011, Stone,
2010). This measure has the advantage over other financial metrics in that it responds to
changes in cost-of-living expenses. One issue with using the ‘Housing Per Income’
variable as a measure of the overall financial health is that the data is missing for 566 of
the 7,608 census tracts used in our analysis. To assess the impact of this level of
missingness, we set missing census tracts to both the minimal and maximal
‘Housing Per Income’ values from our dataset and found that either imputation did not
materially change our results. For our analysis, we set all missing census tracts to the more

conservative minimal value.

Both Carriage duration data and invasive attack rates were obtained from a study
from Sleeman et al. (Sleeman et al., 2006). Carriage duration for serotype 4 was too short
to be reliably detected given the sampling times of the longitudinal study, so we imputed a
conservative estimate of four weeks (the longest sampling interval used in Sleeman et al.)

instead.

45.3 Cluster Identification

The cluster analysis workflow begins by completing an all-vs-all pairwise core-
genome SNP distance matrix generated using Nucmer from the MUMmer package v3.9.4
(Kurtz et al., 2004). To improve computational efficiency, this step of the program is run
on a high-performance computing (HPC) system where the pairwise comparisons for each
isolate are run as separate jobs. The distances are reformatted into an adjacency list and

then fed into the hclust clustering tool in the R “stats” package v3.6.2 which defines clusters
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using a SNP cutoff of 10 (R Core Team, 2020). Finally, each isolate belonging to a cluster
of at least 2 cases is annotated with the following epidemiological metadata for each
patient: patient age, ABC surveillance site, culture date, long term care facility (LTCF)
residence status (yes/no), PEH status (yes/no), and past or current injection drug use status
(yes/no). Due to the strong correlation between PEH and injection drug use the union of
these two attributes (defined as either PEH or PWID) was used in this analysis and was

referenced as PEH/PWID status (yes/no).

45.4 Causal inference methods

We formalize our causal analysis of host demographic features associated with IPD
and clustering using a directed acyclic graph (DAG) methodology. Employing a causal
DAG framework allows the use of established causal inference methods to properly guide
covariate adjustment in our statistical models (Pearl and Mackenzie, 2018). In our focal
DAG (Figure 4.3), we explicitly capture causal assumptions linking our variables of
interest (e.g. a causal link from household income to living at or below the federal poverty
level). To account for an increase in IPD potential in disadvantaged communities due to
chronic psychosocial stress, we include an arrow from the ‘Housing Per Income’ to 'TPD
Risk' nodes. For our analysis, we specify a direct causal path from host population density
and bussing public transit to invasive disease and IPD clusters through duration in crowded
environments (a latent variable). We also include a causal path from household crowding

to IPD and IPD clustering through duration in crowded environments.

The graph reveals that housing as proportion of income (node ‘Housing Per Income’) and

population density (node ‘Pop Density’) act as confounders in the relationships between
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bus transit use and household crowding with IPD and IPD cluster formation. However,
when they are adjusted for, there is a direct causal path for both bus transit use and

household crowding exposures.

In order to assess the robustness of the causal associations delineated in Figure 4.3,
we also present an alternative causal DAG that includes a more comprehensive set of
variable interactions and looks at mass transit more broadly (Figure C.1). In this
formulation 1) Housing_Per_Income and Pop_Density act as confounders for mass transit
use, 2) Housing_Per_Income, Pop_Density, and children under 5 confound household

crowding, and 3) Pop_Density acts as a confounder for Household_Income.

4,55 Statistical modeling

The ABCs case report form provides the census tract for each invasive case. Using
this geocoded identifier, we connect each patient case with an area-level measurement of
key social determinants of health. These features can then be used as independent variables
in a negative binomial regression random effects model to identify features associated with
Spn invasive disease and clustering. We treat the U.S. State of each case location as a
random effect, the health equity metrics as fixed effects, and either total invasive case or
total cluster-associated case counts for each census tract as dependent variables. To account
for census tracts varying in population size, we model the counts as proportions by using
the offset option with census tract population size as the parameter. All random-effects
modeling is performed using the R ‘lme4’ package v1.1.31 (R Core Team, 2020). For
estimation of the causal effect between each health equity metric and IPD total and cluster-

associated cases, we employ the causal DAGs shown in Figure 4.3 and C.1. We define
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each health equity metric as an exposure and use the ggdag v0.2.10 and dagitty v0.3-1
package in R to identify the adjustments required to isolate a non-biased path between the
variable and census tract case counts (either total IPD cases or cluster-associated cases).
We then adjust for these biases by adding them as covariates in the negative binomial
model described above. Finally, to compare the relative magnitude of the effects of
different explanatory variables, we standardized the independent variables using the ‘scale’
function in R and created standardized coefficients (a mean of 0 and a standard deviation

of 1).

4.5.6 Mathematical modeling

Though the probability of invasion per carriage event is low (previously estimated
in Chapter Two to be 0.0003), the large number of Spn carriage acquisitions that occur in
the US ensures that thousands of invasive cases will be reported within the CDC Active
Bacterial Core surveillance (ABCs) system. If enough invasive cases occur, we expect
some number of them to be caused by the same strain simply by chance. Also, we would
expect serotypes with higher invasive attack rates (AR) to be more likely to produce
outbreaks simply because they will cause a higher number of invasive cases relative to a
less invasive serotype with a similar carriage duration. This will confound any relationship
between attack rate, carriage duration and clustering propensity. We can quantify how
much of the observed clustering signal is attributable to random chance by modifying the
Spn compartmental model that we developed previously in Chapter Two (Metcalf et al.,
2023). The proportions of individuals in a susceptible, carrier, invasive diseased and

recovered class for a focal strain are denoted by the variables S, C, I and R respectively in
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Figure C.3, and their dynamics are given by the following system of four ordinary

differential equations,

i—iz(l—p)ﬁCS—(%+d>C

dl =pfCS —hl +dC

dR—1C+hI R
dt 1 f

S=1-C—-R-1 [41]

The model variables and parameter definitions are presented in Table C.2 and
detailed in Metcalf et al. (Metcalf et al., 2023). We first derive a function representing the
number of cluster-associated isolates by additionally assuming that a cluster of size k is the
product of k independent invasion events (i.e., p). To calculate the number of cases from
clusters of size k, we multiply the cluster probability by the number of new infections (8CS)

and sum across all possible clusters greater or equal to size 2 yielding the following infinite

sum, Yp,(p ) BCS.

We then define a function Lr which represents cases from clusters of size k as a proportion
of all new invasive cases by dividing the sum of all clusters greater or equal to size 2 by

the invasive incidence (pBCS),

LP — Z?:Z(pk)ﬁcs —

p
SCS P [4.2].
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The proportion of cluster-associated cases from new invasive cases will be
approximately p if p is small. To calculate the expected number clusters present within our
dataset, we use the 1-year average invasive incidence (9.4 cases per 100,000 persons) and
average surveillance population (33,508,337 persons) obtained from the 2015 — 2019 ABC
surveillance  reports  (https://www.cdc.gov/abcs/reports-findings/surv-reports.html).
Multiplying 1-year incidence, population size, and 5 yields total estimated cases over a 5-

year period and multiplying that value by p provides the expected total cluster count.
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CHAPTERS. GENERAL DISCUSSION

5.1 Summary of work

Given the dangerousness of invasive Streptococcus pneumoniae infections,
understanding the factors and interactions that drive invasive disease and IPD clustering
within disadvantaged groups is critical for guiding public health policy. In this dissertation,
we sought to explore how pneumococcal life-history traits, host demographic factors, and
the interrelationships between them can impact invasive disease at the population level.
We began in Chapter Two with an analysis of how variation in carriage duration can
confound serotype invasiveness measurements. The modeling from that investigation also
supported previous work showing that when invasion occurs, it does so at or near the time
of carriage acquisition. In Chapter Three we discussed how host population density
interacts with serotype carriage duration and can modulate the distribution of serotypes
circulating within communities of different population densities. The fourth chapter
focused on how social determinants of health and variation of invasiveness among Spn

serotypes can increase the likelihood of genomic IPD clusters occurring.

Each content chapter includes a self-contained discussion, so in this final discussion
chapter | will provide a broader discussion of potential future directions of research,
building on the work in this thesis. In this concluding chapter we motivate future work by
presenting a hypothesis that people experiencing homelessness are at increased risk of IPD
and IPD clusters via 1) epidemiological selection for high transmission, high virulence
serotypes, and 2) delays in innate immune cell recruitment and diminished innate response.

The proposed work presented here will assess how social determinants of health can not
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only shape an individual's risk of developing invasive disease but also shape the virulence

and transmissibility of the pathogen itself.

5.2 Societal and Within-Host Determinants of Invasive Pneumococcal Disease

Outbreaks

Invasive pneumococcal disease (IPD) is a serious and normally rare outcome of
Streptococcus pneumoniae (Spn) colonization that, under circumstances not understood,
can sometimes also spread as localized outbreaks especially among disadvantaged
populations. As discussed in Chapter Four, both the risk of IPD and involvement with IPD
outbreaks is heightened in disadvantaged communities like people experiencing
homelessness (PEH) and people who inject drugs (PWID). In Chapter Four we find
evidence for social factors associated with crowding to be causal drivers of both IPD and
invasive clustering, but we did not directly investigate the potential role of individual

factors such as immune deficits in shaping individual disease risk.

While there is evidence that PEH suffer reduced innate immunity (discussed below),
the effect of innate immune cell behavior on IPD risk is also not fully known. Changes in
innate immune response in at-risk populations may be important given the evidence
detailed in Chapter Two showing that when invasion does occur, it does so very quickly
after Spn acquisition. This naturally leads us to ask what conditions following acquisition
trigger IPD and what features of Spn strains, host demography and immunity make IPD
outbreaks more likely. While this dissertation outlines bacterial and host demographic
factors impacting IPD clustering, we do not know how these patterns are shaped by the

interplay of homelessness, host immunity and serotype.
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Building on the results presented in Chapters Two, Three and Four, we propose that
IPD clusters emerge from the confluence of three major components: innate immune
response, microbial life-history traits, and host population and housing density (Figure 5.1,
green boxes). In this chapter we will discuss how these components influence IPD cluster
formation at both the population and within-host levels and lay the groundwork for future

work to test the hypotheses laid out in Figure 5.1.

Aim1 Aim 2
People
Experiencing
Homelessness
. . Innate
ng.h Density Immune
Environments .
Dysfunction
Selection for
High Increased Risk
Transmission for IPD
Serotypes
Bacterial
Life-History
Traits
Population Individual

Figure 5.1: Schematic of IPD cluster hypothesis. We hypothesize that PEH (grey oval)
suffer high rates of IPD clusters (red oval) via 3 interacting components (green boxes)
mediated by two processes (blue boxes): human density, immune dysfunction, and
bacterial life-history traits. These components influence IPD cluster formation at
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both the population (yellow, left half of figure) and within-host levels (grey, right half
of figure).

5.2.1 Population Level

As discussed in Chapter Four, we find that Spn invasive clusters are significantly
more likely to be comprised of individuals from at-risk populations (i.e., PEH or PWID)
(Figure 4.1). This agrees with previous work showing that PEH have higher rates of Spn
carriage are more likely to develop invasive disease compared to the general population
(Lemay et al., 2019, Mosites et al., 2019, Ly et al., 2021). It also dovetails with research
demonstrating that PEH and PWID are more likely to live in overcrowded housing
environments that promote disease transmission (Moffa et al., 2019). At the population
level, we hypothesize that shorter duration; higher attack rate serotypes are more likely to
cause IPD clusters because they rely on high population density environments to spread to
new hosts (described in Chapter Three). Thus, clusters of invasive disease are more likely
to occur within disadvantaged communities because these communities tend to live in

crowded and inadequately ventilated conditions (Moffa et al., 2019, Badiaga et al., 2008).

Support for this hypothesis comprises most of the work presented in this
dissertation. In Chapter Four we described how Spn serotypes vary widely in their
propensity to cause invasive clusters (Figure 4.1) but that serotypes with shorter carriage
durations and higher attack rates are positively associated with clustering proportion
(Figure 4.2A and 4.2B respectively). Our analysis also supports a causal association of
several social determinants of health linked with crowding and income to invasive
clustering. In Figure 4.4 we show that percent of households commuting by bus within a

census tract, census tract population density, census tract average household income, and
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households living in crowded housing units within census tract are all significantly
predictive of IPD clustering. The associations between public transit and household
crowding with invasive clustering (Chapter Four, Figures 4.4A, 4.4B) provide support that
spending extended amounts of time in crowded and inadequately ventilated environments
play a role in invasive cluster transmission by acting as a nexus point where Spn strains

can spread more widely within disadvantaged communities.

Here we underline that these crowded, high-density environments may also
differentially select for transmission of shorter duration and more highly invasive Spn
serotypes. The relationship between household crowding and public transit with clustering
propensity also connects to the results of Chapter Three demonstrating density-dependent
transmission in Spn (Figures 3.4). In Chapter Three we find that shorter duration serotypes
are more likely to cause invasive disease in higher population density areas (Figure 3.5).
This may be because shorter duration serotypes do not spread as well in lower density areas
due to having less time to successfully transmit to a new host as compared to their longer
duration counterparts. A similar mechanism may be driving the relationship between IPD
clustering and health inequality measures. Spending extended amounts of time in crowded
unventilated environments may provide opportunities for shorter duration and more highly
invasive serotypes to successfully transmit within disadvantaged populations. This
mechanism would explain the correlations we observe between both serotype carriage

duration and attack rate with IPD clustering percentage (Figure 4.2).

5.2.2 Within-host Level
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At the within-host level, we hypothesize that delays in innate immune response and
diminished phagocytic efficiency play a critical role in determining whether a carriage
acquisition progresses into invasive disease or not. In a normal course of events, host innate
immunity will begin mounting a response soon after Streptococcus pneumoniae
colonization (Figure 5.2). Prompt and efficient response from Neutrophils and
Macrophages will blunt Spn growth and epithelial damage caused by inflammation will be
limited (Weight et al., 2019, Jochems et al., 2017, Zivich et al., 2018, Weiser et al., 2018).
This leads to Spn control and eventual clearance from the host (Figure 5.2A). However, in
communities experiencing disadvantage (e.g., people experiencing homelessness) where
neutrophil delay and diminished effectiveness have been documented, we hypothesize
epithelial damage caused by an overshoot in inflammation response can lead to invasion.
Without a prompt innate response, Spn can grow unimpeded generating higher bacterial
densities which have been previously associated with IPD (Wolter et al., 2014, Carrol et
al., 2007). As the innate immunity cells begin to lyse Spn and release pneumococcal toxins
the system shifts towards the positive feedback loop (wider green arrows) where the
epithelial cell damage caused by toxin release and innate inflammation promotes more
innate cell recruitment leading to further epithelial damage and so on eventually leading to

invasion (Figure 5.2B).
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Figure 5.2: We propose that the progression to IPD is driven by a positive feedback
loop between invasive inflammation and pneumococcal infection. The width of the
green activation and red inhibition symbols represent the magnitude of the effect.
Innate immune cells engage pneumococcus in a coupled dynamical system structured
around inhibition of pneumococcal growth by innate immune response (red inhibition
symbol) and a potential positive feedback loop (clockwise circuit of arrow symbols).
(A) Within the general population, the interaction between innate immunity and Spn
is shifted towards inhibition (wider red inhibition symbol) that leads to Spn control
and eventual clearance. (B) Within vulnerable populations the delay of innate cell
recruitment to the colonization site and diminished inhibition capability (thinner red
arrow) leads to uncontrolled growth of Spn.

To understand why disadvantaged populations are more likely to be associated with
invasive clusters we need to know how the invasion process differs between PEH and
PWID versus the general population. Previous work discussed in Chapter Two has shown
that when invasion occurs, it tends to occur quickly after Spn acquisition and that serotypes

vary in their propensity to cause invasive disease (Sleeman et al., 2006, Dominguez-
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Huttinger et al., 2017). The timing of invasion suggests that the innate immune response
can play a critical role in modulating the progression into invasive disease depending on

how it initially counters Spn colonization.

The innate branch of the immune system recognizes pneumococcus through pattern
recognition receptors (PRR) which primarily activate inflammatory mediators and
cytokines (Koppe et al., 2012). The PRR-regulated cytokines then stimulate recruitment of
neutrophils and macrophages. It has been shown that pneumococcus can manipulate innate
immune response for its own purposes (Marriott et al., 2008). For example, pneumolysin
(PLY), a key pneumococcal cytolysin, generates both innate pro- and anti-inflammatory
effects. Previous work has revealed that PLY promotes inflammation by means of
neutrophil recruitment but can also lower inflammatory signals in through its binding with
mannose receptor C type 1 (MRC-1) (Subramanian et al., 2019, Weiser et al., 2018). Work
by Zafar et al found that promoting inflammation can aid Spn in transmitting to a new host

by increasing pneumococcal shedding (Zafar et al., 2017).

There has been some work interrogating how the innate immune responses differ
between disadvantaged groups and the general population. A case control study by Arranz
et al, found that there was a strongly suppressed immune response in the homeless group,
with  decreased adherence, chemotaxis, phagocytosis, superoxide levels,
lymphoproliferation and NK activity (Arranz et al., 2009). IL-2 and plasma antioxidant
levels were also impaired (Figure 5.3) (Arranz et al., 2009). Notably, they found that
neutrophil chemotaxis appears to be deteriorated in the homeless population as well as a

strong functional decline in phagocytic capacity.
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The effect of delayed immune response on Spn disease progression was analyzed
in previous work that showed perturbing the recruitment of both neutrophils and
macrophages was associated with pneumococcal outgrowth and mortality (Paudel et al.,
2019, Santos and Vera, 2020). By inhibiting CXCR2, a regulator of inflammatory
neutrophil and exudate macrophage recruitment, Herbold et al found that reducing
neutrophil recruitment 10 to 25% resulted in increased mortality of S. pneumoniae infected
mice (Herbold et al., 2010). The previous studies by Arranz et al and Herbold et al supports
the hypothesis in that a delay in neutrophil response is more likely to occur in PEH and
may induce the positive feedback loop that damages the epithelial layer and eventually

leads to Spn invasion.
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Figure 5.3: People experiencing homeless (PEH) have suppressed immunological
responses compared to housed individuals, as measured by an array of neutrophil
functional assays. In a previously published case-control study, Arranz et al found
significant differences in innate immune response between unhoused individuals and
housed persons matched for gender and age. Using human peripheral blood
neutrophil samples, they found that Neutrophil adherence (a), neutrophil chemotaxis
(b), neutrophil phagocytosis (¢, d) and non-stimulated and stimulated superoxide
anion levels (e) were all significantly higher in housed versus unhoused individuals.
Al = Adherence index; ClI = chemotaxis index; Pl = phagocytic index; PE =
phagocytic efficiency.

5.3 Proposed Future Work

To test our overarching hypotheses, | propose to (1) classify the genomic
determinants associated with invasive clustering, and (2) quantify the impact of delayed
innate immune response on pneumococcal invasion across multiple serotypes sourced from
the CDC Streptococcus strain bank. Figure 5.1 provides an overview schematic of how the

two aims interact.

5.3.1 ldentifying genes and loci associated with invasive clustering

To identify genes and loci associated with invasive clustering we will employ two
tools, Scoary and Pyseer, that will perform bacterial genome-wide association studies. To
find cluster-associated genes we will first construct a pan-genome of our Spn isolate
collection using the Roary v3.11.2 software and then employ Scoary v1.6.16 to carry out a
series of pairwise comparisons using an algorithm that will control for bacterial population
structure (Figure 5.4) (Brynildsrud et al., 2016, Page et al., 2015). To control for the
multiple comparisons executed at this step, we will use the Benjamini-Hochberg

correction. As a way to complement the Scoary analysis and to gain additional resolution
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beyond the gene level, we will look for genomic loci associated with clustering via the
Pyseer v1.3.3 tool (Lees et al., 2018). Pyseer will use unitigs (sequence elements built from
kmers) representing the genomic variation across the pneumococcal isolate set to identify
cluster-associated loci (Jaillard et al., 2018). Pyseer provides a number of association
models that control for lineage effects by either treating them as fixed effects in a
generalized linear model or as random effects within a linear mixed model. Our hypothesis
anticipates that genes or genomic loci associated with clustering would likely be involved
in the adherence, colonization, and inflammatory processes of pneumococcal infection. We
believe the presence/absence of virulence factors or allelic variation within these virulence

genes would be especially likely to correlate with IPD clustering.
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Figure 5.4. Population structure of Streptococcus pneumoniae. Phylogeny was
constructed from 2,416 IPD genomic isolates acquired through the CDC Active
Bacterial Core surveillance (ABCs) program during 2015. The deep branching
lineages apparent across the tree demonstrate the importance of controlling for
population structure when conducting bacterial genome-wide association studies
across serotypes or lineages.

5.3.2 Invitro and in vivo model systems to assess the impact of Neutrophil delay

Our goal is to use both in vitro and in vivo model systems to assess the impact that
delaying Neutrophil recruitment (a key process of innate immune response) has on Spn
invasion. We will test a range of pneumococcal serotypes and lineages obtained from the
CDC Active Bacterial Core surveillance (ABCs) biobank (a collection of over 71000 Spn

isolates sourced from ABCSs) to measure how the impact of this delay varies across strains.

The in vitro model will adapt previously established protocols based on a transwell
plate design that approximates neutrophil recruitment and epithelial migration towards the
site of infection (Deng et al., 2018, Brissac et al., 2021, Moreland and Bailey, 2006). To
measure invasion and transcytosis of pneumococcus we will first seed A549 cells (1 x
1075) on the underside (apical side) of a 24 well PET transwell (8 um pore membrane) and
incubate to allow the cells to form a confluent monolayer. Cells will then be rinsed with
PBS and infected with 500 ml of a 10”6 CFU/mlI suspension of selected Spn strains, or
mock infected (DMEM only). At 0, 3, and 6 hours after the 2 h infection incubation time,
transwells will be placed in a new ultra-low binding 24 well plate (Corning, Costar) and 5
x 1075 neutrophils will be added to the top (basolateral side) of each individual transwell
membrane insert. The plates will then be incubated for 3 h. To measure the amount of

invading intracellular bacteria, A549 cells will be lysed by addition of cold water and 15
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min of incubation at 4°C before plating and CFU counting. Transcyctoisis will be
quantified by plating, and CFU counting growth media collected from the lower chamber.
Each neutrophil delay (0, 3, and 6 hours) will be replicated in triplicate. To test the effect
of neutrophil delay on different Spn strains we will repeat this experiment using 10
different Spn serotypes that vary in both invasiveness, carriage duration and clustering

propensity.

The in vivo mouse model will modify a methodology previously described by Zafar
et al. and Herbold et al. to determine how slowing innate recruitment affects invasion for
both high-propensity and low-propensity clustering serotypes (Zafar et al., 2017, Herbold
et al., 2010). A cohort of 4-day-old pups will be divided into two experimental groups of
10 pups each. The neutrophil delay group will receive intraperitoneal applications of the
CXCR2 antagonist SB-225002 (15 ug/g of body weight) at 12 and 18 hours prior to
infection with S. pneumoniae. The second group will act as a control and will receive a
mock application of 50 ul of Todd-Hewitt broth per mouse. Both groups will be intranasally
inoculated with 2,000 CFUs of S. pneumoniae suspended in 3 mL of PBS. Bacterial
shedding will be measured by tapping the nares of the pups over a TS agar plate
supplemented with streptomycin (200 mg/mL) and the pups will be monitored for 10 days
post infection to measure the rate of invasive disease onset within each group. This
experiment will be run once with a high cluster-propensity serotype and again with a low
cluster-propensity serotype. We will select high- and low-clustering representative

serotypes from both the bioinformatics analysis and the transwell in-vitro experiment.

Given our hypothesis, we predict that neutrophil delay will increase the risk of invasion

for all serotypes and that the magnitude of risk will correlate with the length of delay. The
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invasion risk will also be differentially pronounced among short carriage duration
serotypes that tend to be highly invasive and highly clustered. Together, the in vitro and in
vivo modeling approaches will assess whether, and to what degree, a delayed innate
immune response can explain the higher IPD risk observed in PEH (and marginalized
communities overall) and what tipping points exist in the host-pathogen interaction that

will lead to excessive epithelial damage and invasion.
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APPENDIX A.SUPPLEMENTAL MATERIAL FOR CHAPTER 2

The SCIR Compartmental Model Fitting Method

The equations representing attack rate and invasive odds ratio are derived from the

stable endemic equilibrium [S*, C*, I, R*] solutions of the SCIR model given below,

., dr+1
Bt — Bpt

. fR(B(p—Dr+dr+1)
— B(r(dt — fpr + fr + 1) + f(dT + D))

= fdt+p)(Blp—Dr+dr+1)
B(p — 1)T(h(d‘[ —fpt+fr+ 1)+ f(dr+ p))

. _ h(dr+ DB —-Dr+dr+1)
B(p — Dr(h(dr — fpr + fr + 1) + f(dr + p))

where the proportions of individuals in a susceptible, carrier, diseased and recovered class

for a focal strain are denoted by the variables S, C, | and R respectively.

Carriage prevalence for a focal serotype is defined by the proportion of carriage
cases, C*, which we express as a percentage (C** 100). Incidence of IPD (linc) is
calculated as number of new invasive disease cases in 100,000 person-years (Sleeman et
al., 2006). The number of new invasive infections is the sum of inflow terms from the

invasive disease differential equation,
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I, = pBC*S* +dC*

In our model we track proportions of S, C, I, and R and the time unit is weeks. By
multiplying the proportions by the population size n to get counts and converting the time

unit, we generated the following equation for invasive incidence in 100,000 person-years,

NN .
ppcmE 4 accm)
line = - 52 % 100000 = (pBC*S* + dC*)5200000

Similarly, the incidence of carriage acquisition (Cinc) is calculated as the number of new
nasopharyngeal acquisitions divided by the total population at risk in 100 person-years.
The description in Table 1 of Sleeman et al. (Sleeman et al., 2006) stated carriage
acquisition incidence was per 100,000 child-years but we believe this is a typo. New

carriage acquisitions are represented by the following equation,
Crew = (1 -p)pC*s*

Again, multiplying the proportions by n and converting the time unit yields the following

equation for carriage acquisition incidence in 100 person-years,

oy 8'n)
1-p)B(C*n) -
= ( p)B(n R 52 %100 = ((1— p)BC*S*)5200

inc

The serotype specific attack rate (AR) from Sleeman et al. (Sleeman et al., 2006) is
calculated as the ratio of invasive incidence to carriage acquisition incidence per 100000

acquisitions. Simplifying and cancelling terms yields the following equation,
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C*S* + dC* dt +
_PB 100000 = TP 100000

AR = ppes d-p)dct D

The invasive odds ratio (IOR) is defined as the number of invasive disease cases
over the number of carriage cases for a specific serotype, referenced against either a
particular serotype or all other serotypes. To illustrate, if a is the number of invasive cases
for the focal serotype, b is the number of carriage cases for the focal serotype, c is the
number of invasive cases for the reference, and d is the number of carriage cases for the
reference, then IOR = (ad)/(bc). In the study by Brueggemann et al. (Brueggemann et al.,
2004) a single reference (serotype 14) was used to calculate IOR. Thus, we use serotype
14’s carriage duration of 14 weeks for the reference type and define IOR as the following

equation where 1 is the focal serotype carriage duration,

I'(t=1)C"(t =14
ore = LT=w)C (=14
C*(t=1p)l*(t = 14)

Because we had carriage prevalence, invasive incidence, carriage acquisition
incidence, AR and IOR data for each serotype and the functions describing these
epidemiological attributes all used the same parameters, we wanted to estimate the
parameters by model fitting all five functions simultaneously. To achieve this, we use the
‘NonlinearModelFit’ function in Mathematica to estimate the S, p, d, and f parameters
which represent the transmission rate, rapid invasive progression probability, constant
invasive progression probability and immunity clearance rate respectively. One other
parameter, invasive clearance rate (h), is fixed in the analysis with h set to 0.5 weeks based
on previous work by Baldo et al. (Baldo et al., 2015). We fit these equations simultaneously

by building an object function comprised of the five equations and by employing the
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‘Piecewise’ Mathematica function which uses a dummy variable as a condition in order to
associate each equation with its corresponding epidemiological dataset. The code for this

model fitting procedure is available as a supplementary file (Mathematica notebook).
Deriving the Mathematical Relationship between IOR and Carriage Duration

To understand the first principles of the relationship between IOR and carriage
duration using the compartmental model we constructed odds ratio calculations for a
hypothetical set of pathogen strains. As described in the methods section, we assume that
multiple strains co-circulate independently (thus co-infections do not change focal strain
dynamics and need not be tracked explicitly) and reach an endemic equilibrium. Strain
comparisons can be made explicit by subscripting strain numbers to infection classes (e.g.,
Co, C1) and to strain life-history parameters (e.g., po, p1). The odds that the reference strain
0 causes disease (given carriage of strain 0) is then simply lo/Co. Similarly, the odds that
focal strain 1 causes disease (given carriage of 1) is 11/C1. Thus, the odds ratio of disease
in strain 1 (relative to strain 0) is 12Co / C1lo. We can now ask: How does the odds ratio of
disease vary with focal carriage duration? Formulating the invasive odds ratio equation as
a function of focal carriage duration yields the following expression,

To(dty +p)

IOR(1y) = —‘El(d‘to o)

Increasing the commensal-specific carriage duration 11 will decrease IOR, as commensal

stages will increase their relative representation in the population (Figure 2.3A). Note that

with the d parameter set to 0, IOR written as a function of focal carriage duration simply
70

becomes the reciprocal equation IOR(t) = —. In other words, it is just the clearance rate

T
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of the focal serotype multiplied by the reference carriage duration. Given that this is a
relational expression IOR can therefore vary by orders of magnitude over short carriage

durations.

Invasive OR Analysis

We begin by testing the basic premise of invasive OR comparisons that increasing
the initial or constant disease risk (increasing p1 or d1 in our model) will increase the odds
ratio of disease. The effect of increasing the constant disease progression in the focal strain
(d1) on the odds ratio of disease can be readily identified by inspecting the gradient of IOR
on d:

pro(t — 179)

IOR'(d) = e, ¥ )2

which is positive when 7, < 7. A similar analysis for the effect of the initial carriage risk
alone (p1) yields an outcome where, assuming z, > t, the gradient of OR on p1 will also
be positive. Thus, increasing p1, will lead to higher invasive odds ratios only when the
reference carriage duration is sufficiently large

dry)(zy — 1)

R = a4

To determine what values of p and d are consistent with the observed negative

relationship between IOR and t we calculate the derivative of IOR with respect to t
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[42)]

IOR'(7) = ———P20
0 (T) TZ(dT() + p)

The gradient IOR on t shows that IOR will maintain a negative association with t as long

as p > 0 and d is not negative (which is an assumption of the model).
Deriving the Mathematical Relationship between AR and Carriage Duration

Similar to our analysis with IOR we can also use the compartmental model to derive
an equation for the attack rate and investigate how this same set of focal traits can affect
invasiveness. Attack rate is the ratio of invasive disease incidence over carriage acquisition
rate. Since both rates are based on the generation of new cases, each measurement only
depends on the inflows into their respective compartments as shown in Figure 2.1.
Mathematically, attack rate is the sum of inflow terms in the invasive disease differential
equation (pBCS + dC) over the inflow term in the carriage ODE ((1 — p)BCS). The

endemic equilibrium solution for the attack rate yielded the following expression

dt +p

AR(D) = - (- D(dt+1)

Using the equation for AR(z), we observe that isolating the effect of carriage duration on

attack rate reveals a more complicated relationship between z, d and AR. Assuming

d
AR'(T) = s
positive parameters, taking the gradient of AR on 7 yields, (dr +1)2, Thus, if

the constant progression to invasive disease term d is greater than zero, then the gradient
of AR on z will always be positive, signifying an increasing proportional relationship

between attack rate and carriage duration. However, If the d term equals 0, then the attack
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rate equilibrium expression AR(z) simplifies to 1%’ which is invariant across carriage

duration.

Attack Rate Analysis

Using a similar method as the IOR analysis we test the basic premise that increasing
the initial or constant disease risk (increasing p or d in our model) will increase the Spn
invasive attack rate. Taking the gradient of AR on d reveals that AR '(d) is always a positive
function and thus AR will always have a positive relationship with the constant invasive
risk parameter

, _ T
ARN(d) = 312

This is also true for the initial disease risk scenario. Taking the derivative of the AR with
respect to p also yields a positive function indicating AR will always increase with a higher
initial invasive disease risk

1
AR'(p) = G-1?

Two-Stage Carriage Compartmental Model Analysis

Model design and parameter definitions are the same as described in the main text
except the carriage compartment is split into two stages C1 and C2 (Figure A.2).
Reconfiguring the Carriage state in this way changes the clearance rate to a sum of 2

independent exponentially distributed random variables with mean 2/t each, resulting in

the same average total carriage duration t. By introducing a two-step process for the
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carriage state, we can move away from an exponential distribution of carriage wait times
(with modal duration of zero) to an Erlang distribution allowing for a modal duration

greater than zero.
The system of ordinary differential equations describing this system is as follows:

dct 2
S =(-ppCL+es-(S+d)ct

dc2 2 2
—:—Cl—<d+—)62
dt T T

dl
= = PB(C1+C2)S +d(C1+C2) — hi

dR—ZCZ R + hi
dt 1 f

§S=1-C1-C2—-R—-1

Fitting this model to the longitudinal and cross-sectional dataset described in the main text
converges to the same solution of parameter estimates as the single carriage stage
compartmental model: p = 2.9 x104 (95%Cl: 1.4 to 4.6 x 104),d =0.0 (Cl: 0 to 1.4 x 10
5 $=0.23(Cl: 0.06t0 0.41), f=3.1x 102 (Cl: 2.6 x 10 t0 6.0 x 10-%). Notably, assuming
d =0, the IOR and AR expressions simplify to z,/z, and p/(1-p) respectively. Allowing the
two carriage clearance rates to vary (i.e., setting the duration from C1 -> C2 to two weeks

and the duration from C2 -> R to 7 — 2 weeks) does not change the results of the model fit.

Most Common Metrics Used by Researchers to Measure Pneumococcal Invasiveness
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Several methods can be used for measuring invasiveness across pneumococcal
serotypes. They can be categorized into four main approaches: invasive attack rate (IAR),
invasive odds ratio (IOR), invasive capacity (IC), and invasive case-to-carrier (Invasive
C2C) measurements (see introductions and citations in the main text). The goal of this
analysis is to perform a literature survey to estimate how much each metric is used in the
field. This survey does present a challenge in that three of the methods (attack rate, odds
ratios, and case-to-carrier ratios) are general epidemiological rate measurements and not

specific to tracking pneumococcal invasiveness.

Given this constraint, we used the Publish or Perish wrapper tool
(https://harzing.com/resources/publish-or-perish) to search for selected keywords
associated with IAR, IC, IOR and invasive C2C in Google Scholar and sorted the matching

papers by year. The search terms used for this analysis are provided below:

Google Scholar Search Terms

Title: ("streptococcus pneumoniae” OR "pneumococcus” OR "pneumococcal™)

Keywords: "streptococcus pneumoniae” "invasiveness” ("odds ratio™ OR "attack rate" OR

("case-carrier" OR "case-to-carrier") OR "invasive capacity™)

When this search was run on 3-12-2023 it yielded 476 papers for review. As mentioned
earlier, because attack rates, odds ratios, and case-to-carrier ratios are general
epidemiological rates, we must verify the matching papers are referring to Spn
invasiveness. Thus, we then read the Methods sections of 83 of the most recent studies

(representing studies published since 1-1-2020) to ascertain if the article was using the
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measurement to track invasive Spn disease. We determined that 36 of the 83 papers made
a total of 45 references to Spn invasiveness (some papers referred to more than one

reference metric).

The results indicate that invasive metrics derived from cross-sectional data (IOR,
IC, and invasive C2C representing 37 references) are more likely to be used than invasive
attack rate (8 references) which is generated using longitudinal data. Across metric types,
invasive odds ratio (18 references) was the most common measurement followed by
invasive case-to-carrier ratio (10 references), invasive capacity (9 references), and lastly,

invasive attack rate (8 references).

113



—
o

. 8

a4

e

2 B°

&

g

S 4

2

)

0~ .' o —eo® g
5 10 15 20 25 30

Carriage Prevalence (%)

Figure A.1: Parametric plot of the fitted model of carriage prevalence against the
fitted model of invasive OR with carriage duration as the independent variable. The
plot shows an inverse correlation that matches the negative correlation observed in
the cross-sectional data described in Brueggemann et al. The parameter T, is set to 14

weeks.
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Figure A.2: Schematic diagram of the 2-stage carriage epidemiological model. Boxes
represent proportions of hosts in mutually exclusive states: susceptible (S), infected
asymptomatic carriers (C1 and C2), invasive (1) or recovered and immune (R). Solid
arrows represent flows of individuals between states, and dashed arrows represent
factors influencing those flows. Note there are two paths from S to I, a direct path
governed by the probability of initial invasion p, and an indirect path governed by p
and by the rate d of invasive disease progression from either of the 2 carriage states.

Table A.1: Dataset used to fit the epidemiological compartmental model. This set of
observations was created by combining the longitudinal data from Sleeman et al.
(Sleeman et al.,, 2006) with the cross-sectional study of Brueggemann et al.
(Brueggemann et al., 2004). The data were merged using a similar method as that
used by Sleeman et al. except we included the imputed data points highlighted in
yellow. Because the data are derived from separate studies, the column attributes will
not perfectly align with one another. For example, serotype 33F registered 0 invasive
cases, yet has a non-zero invasive odds ratio. This is because the invasive cases
attribute came from the Sleeman study while the IOR data were from Brueggemann
et al.
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CROSS SECTIONAL | LONGITUDINAL

DATA DATA
Seraype | S| ot | Care | imasie | Atk | 2R

(%) Ratio Incidence (Weeks)
5 0.113 6.19 0 0.16 75 4
1 0.113 4.61 0 0.74 75 4
8 0.378 0.211 1.78 0.43 30 12.2
TF 0.889 1.68 1.07 0.51 36 5.5
4 0.964 1.04 0.71 0.54 75 4
38 0.699 0.141 1.07 0.11 10 12
18C 1.89 0.608 4.99 1.1 24 135
3 2.19 0.121 5.35 0.4 9 6.2
33F 2.40 0.221 2.5 0 0 16.3
14 5.63 1.00 9.99 5.27 53 14
15B/C 5.63 0.101 5.35 0.04 1 6.8
6A 12.17 0.081 8.93 0.76 8 9.3
23F 12.68 0.131 16.05 1.21 8 16.7
6B 15.29 0.151 32.1 1.39 5 19.9

Table A.2: Model comparison of epidemiological models with different invasion
timing. Model comparison of the epidemiological model with the early invasion
progression parameter p and a constant progression parameter d against a model
with only the d progression parameter. The Akaike information criterion (AIC),
corrected Akaike's Information Criterion (AlCc) and Bayesian information criterion
(BIC) all showed a significantly better fit (lower criterion value) for the model that

included the early invasive disease parameter.

The comparison probability was

generated by using the following formulas: A = constant progression criterion value -

early progression criterion value and p = exp(-A / 2).
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Early Progression Cons. Progression Comparison

Criterion Model Model Probability
AIC 568.723 599.068 2.57e-7
AlCc 569.661 599.684 3.02e-7
BIC 579.966 608.062 7.93e-7
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APPENDIX B.SUPPLEMENTAL MATERIAL FOR CHAPTER 3

Epidemiological compartmental models require that a contact structure be specified.
These contact structures are usually frequency-dependent or density-dependent. We
performed a literature survey to estimate how much each contact structure is used in the

field.

The first step in this analysis is to identify the papers that researchers use when citing
density-dependent contact structures for their work. To accomplish this, we used the
Publish or Perish tool (https://harzing.com/resources/publish-or-perish) to search for
selected keywords associated with density-dependent compartmental models in Google
Scholar and sort the matching papers by year. We generated a collection of 148

pneumococcal articles using the following keyword search terms:

"density dependence”|"density dependent” -"cell density” transmission susceptible
"streptococcus pneumoniae”|pneumococcus|pneumococcal "compartmental
model"”|"epidemiological model”|"dynamic model”|"mathematical model”|"transmission

model"

Using the R statistical programming language, we then filtered out all papers that

didn’t contain pneumoniae, pneumococcal, pneumococcus or PCV in the title:

setwd('/Users/ben_metcalf/Desktop/SPN-AIll_popDens_Analysis_6-18-

2020/Spn_contact-struc_litReview_1-1-2023/")

118



dfl <- read.delim(""Spn_contact-dens_Rev_PoP_qry-GQ6_1-5-

2023.csv",header=TRUE,sep=",’, fill=TRUE)

df2 <- df1[grepl("pneumoniae|pneumococcal|pneumococcus|pcv”, tolower(df1$Title)),]

This left 5 remaining articles:

[1] "Pneumococcal capsule blocks protection by immunization with conserved surface

proteins"

[2] "Frequency-dependent selection in vaccine-associated pneumococcal population

dynamics”

[3] "Periodicity of epidemics of invasive disease due to infection with Streptococcus

pneumoniae in the United States™

[4] "Estimating the transmission parameters of pneumococcal carriage in households”

[5] "Estimating the transmission parameters of pneumococcal”

Papers 1-3 didn't refer to density dependence within the context of epidemiological
modeling and were removed. Papers 4 and 5 refer to the same study and is the only article
to incorporate density dependence transmission although it was not at the population level.
Their work focused on how household size impacted Spn spread. Finally, to validate the
google scholar results, we performed a more comprehensive search of Streptococcus
pneumoniae modeling papers using the PubMed citation database. We generated a

collection of 100 pneumococcal articles using the following search terms:
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(("'streptococcus

pneumoniae”[Title/Abstract]|pneumococcus| Title/Abstract]|pneumococcal|[ Title/Abstract
D AND ("compartmental model"[Title/Abstract]|"epidemiological
model"[Title/Abstract]|"dynamic model"[Title/Abstract]|*mathematical

model”[Title/Abstract]| transmission model”[Title/Abstract]))

We then searched the 50 most recent papers for “frequency dependence|dependent” or
“density dependence|dependent” keywords. We found no additional pneumococcal

transmission papers that were employing a density dependent contact function.

Table B.1: Pneumococcal life-history traits and host population metadata aggregated
by serotype. This set of observations was created by combining the longitudinal data
from Sleeman et al. with population density data from United States Census Bureau's
2021 Planning Database. Table provides invasive case counts (IPD case count),
locations sampled (State Count), census tracts sampled (Census Tract Count),
average census tract population density (Avg Pop. Dens.), average census tract
population size (Avg Pop. Size), per capita IPD rate (IPD Rate), and carriage
duration.

Spn IPD State Census  Avg Pop. Avg Pop. IPD Rate Carriage

Serotype Case Count Tract Dens. Size (per capita) Duration
Count Count (sq. mi.) (weeks)

4 183 9 146 14790.50 5296.22 241E-04 4

12F 300 10 253 6725.08  5540.99 2.09E-04 4.9

7F 108 9 97 15037.27 6079.33 1.83E-04 55

15C 151 10 146 4918.19 5370.71 190E-04 5.9

3 1421 10 1060 4855.85 5233.52 2.25E-04 6.2

15B 182 10 173 4681.43 947711 1.88E-04 7.7

)\ 15 7 15 4784.47 4333.27 231E-04 79

17F 120 10 116 4732.12  4776.48 2.16E-04 8.3
11A 383 10 355 4689.81  5236.60 2.00E-04 8.9

6A 13 6 13 5265.90  5106.15 1.96E-04 9.3
38 138 10 130 3635.66  5894.14 1.74E-04 12
23A 487 10 437 4465.81  5239.81 1.99E-04 12.2
8 416 10 339 4162.81  5081.04 2.20E-04 12.2

10A 189 10 181 4966.21  5396.66 1.89E-04 125
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Table B.1 continued

20 295 10 257 5671.61  4994.63 2.17E-04 125
19A 367 10 341 5227.81  5140.32 2.05E-04 126
9N 565 10 499 457155  5292.31 2.04E-04 13

19F 346 10 325 4898.12  5583.79 1.88E-04 13.2
22F 1035 10 854 434790  5326.07 2.07E-04 13.2

18C 7 4 7 3771.06  4423.00 2.26E-04 135
14 13 6 13 9481.60  5355.38 1.87E-04 14

16F 385 10 359 4729.83  5056.40 2.06E-04 15

21 40 10 40 4131.21  5513.20 1.81E-04 154
33F 436 10 390 3406.75  5442.27 1.95E-04 16.3
23F 6 4 6 122426  4223.00 2.37E-04 16.7
15A 462 10 423 4362.58  5097.45 2.05E-04 17.3
6B 19 8 19 5860.13  4980.89 2.01E-04 199

35F 152 10 149 443452  5364.64 1.88E-04 31.9

Log10 Population Density (sq. mi.)
Log10 Population Density (sq. mi.)

0 20 30 Attack Rat; (AR)
Serotype Carriage Duration (wks) per 100000 Acquisitions

Figure B.1: Average serotype population density has a negative correlation with
carriage duration and a positive correlation with invasive attack rate (AR). (A)
Serotype carriage duration (blue dots) against logl0 average serotype population
density (measured using ZCTAs) yields a significant inverse association (Kendall Tau
= -0.385, p-value = 0.00415). (B) Invasive AR (blue dots) against logl0 average
serotype population density (measured using ZCTAs) yields a significant positive
association (Kendall Tau = 0.256, p-value = 0.048). These relationships indicate that
shorter duration and more highly invasive serotypes are more likely to cause IPD in
denser environments.
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Figure B.2: Fitting invasive incidence using a power contact rate function provides

support for Spn density dependent transmission. Spn per capita invasive incidence

data in weeks (blue dots) and the model fit (blue line, Dp(t,N) =
p(bphN (p—1)T+h) T<kK

~ (bpNt—bpNpt)(fh—hpt+hT+p)’ : L : .
(bpNe=bpNpr)(Fh=hptthtp) ) of invasive incidence as a function of carriage
mp(br(p-1)r+1) ..

br(p—1)t(fh—hpt+ht+p)’ T=
duration r and population density N. Model fit supports the hypothesis Spn
transmission is density-dependent and that shorter-duration serotypes are more
likely to cause invasive disease in higher-density areas. Population density N was set
to N, = 3722.82 PPSM, making the density- and frequency-dependent transmission
coefficients equivalent resulting in a continuous curve across the two piecewise
components.
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Figure B.3: Fitting population density and invasive incidence using a power contact
rate function indicates Spn transmission is density dependent. A) Spn serotype
average population density data (blue dots) and the model fit (green-to-white

gradient, N(z,D") =
-1/r
hp? hp .
b(1—p)‘tUh—hpT+ht+p)( -D )
(1-p)(fh—hpt+ht+p) (1-p)(fh—hpt+ht+p) -
” ) of population

density as a function of carriage duration t and equilibrium invasive incidence D*. B)
Spn per capita invasive incidence data in weeks (blue dots) and the model fit (green-

to-white gradient, D*(t, N) = b’(’:__l)(f(';g’__:;fhj;)) of invasive incidence as a function
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of carriage duration r and population density N. C) A 3D plot of both population
density and invasive incidence as functions of carriage duration z. The vertical lines
connecting each datapoint to the fitted function represent the residual error. Both
model fits support the hypothesis Spn transmission is density-dependent and that
shorter-duration serotypes are more likely to cause invasive disease in higher-density
areas. The model fitting estimated the power contact rate exponent r =0.988 (i.e., Spn
transmission is constrained by a nearly linear contact density function), the immune
duration parameter f = 237, and the transmission rate constant parameter b =
0.0000769. Additional fixed parameter values are invasive clearance h = 0.5 and
probability of invasion p = 0.00029.
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Figure B.4: Additional Sensitivity plots of the population density functions (equations
3.4 and 3.8). A) Dynamics of the sensitivity indices of the power contact rate density
function (equation 3.4) from = = 1 to 35 reveals that the sensitivity of population
density to the main effects of r, f, and b remain stable across the range of carriage
durations. B) The sensitivity indices of the piecewise contact rate density function
(equation 3.9) from r =1 to 35 indicates the fr and bp parameters remain stable across
carriage durations but sensitivity to the threshold parameter x increases as the model
transitions from density- to frequency-dependent transmission.
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APPENDIX C.SUPPLEMENTAL MATERIAL FOR CHAPTER 4
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Figure C.1: The relationship between IPD outcome (case or cluster) with household
crowding, bus transit, and household income is confounded. The directed acyclic
graph (DAG) represents the causal interrelationships between variables (nodes)
influencing the development of IPD and IPD clusters. Dark grey nodes are observed
variables and light grey node are unobserved (latent) variables. Demographic
features of interest are highlighted in blue and potential confounders are highlighted
in green (Table 4.1). The IPD case and cluster outcome variable is highlighted in red.

Table C.1: Relationship between attribute and dependent variable (cluster cases or
total cases) can vary depending on the causal model. Rows represent the variables of
interest and columns represent a causal model choice. Cells shaded red indicates
either a change in coefficient significance or sign compared to the baseline model,
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DAG Model 1. Asterisks designate the following significance thresholds: * = <0.05, **
=<0.01, *** = <0.001.

Cluster Cases

DAG Model 1 DAG Model 2
Variable (Figure 4.3) Univariate Multivariate  (Figure C.1)
Population 0.238*** 0.238*** 0.113*** 0.238***
Density
Household -0.548*** -0.548*** -0.446*** -0.488***
Income
Mass Transit - | 0.176*** 0.298*** 0.126*** 0.176***
Bussing
Household 0.0978*** 0.207*** 0.119***
Crowding
Total Cases

DAG Model 1 DAG Model 2
Variable (Figure 4.3) Univariate Multivariate  (Figure C.1)
Population 0.140*** 0.140*** 0.140***
Density
Household -0.419*** -0.419*** -0.376*** -0.399***
Income
Mass Transit - | 0.178*** 0.228*** 0.134*** 0.178***
Bussing
Household 0.0452*** 0.127*** 0.0463***
Crowding
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California (CA) - 3 Counties
Colorado (CO) -5 Counties
Georgia (GA) — 20 Counties
Oregon (OR) — 3 Counties
New York (NY) — 16 Counties
Tennessee (TN) — 20 Counties
Maryland (MD) - 6 Counties
Connecticut (CT) — Full State
Minnesota (MN) — Full State
New Mexico (NM) — Full State

Created with mapchartnet

Figure C.2: The Active Bacterial Core surveillance catchment area. The blue areas
are counties spread across 7 US states including San Francisco Bay Area, California
(CA) (3 counties), Denver, Colorado (CO) (5 counties), Atlanta, Georgia (GA) (20
counties), Portland, Oregon (OR) (3 counties), Rochester and Albany, New York (NY)
(16 counties), select urban counties in Tennessee (TN) (20 counties), and Baltimore
area, Maryland (MD) (6 counties). The orange areas represent the three U.S. states
Connecticut (CT), Minnesota (MN), and New Mexico (NM).
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Figure C.3: Schematic diagram of the epidemiological model. Boxes represent
proportions of hosts in mutually exclusive states: susceptible (S), infected
asymptomatic carriers (C), invasive (I) or recovered and immune (R). Solid arrows
represent flows of individuals between states, and dashed arrows represent factors
influencing those flows. Equations describing the system are presented in Materials
and Methods (methods equations 4.1), along with parameter definitions (Table C.2).

Table C.2: Definitions for the variables and parameters used in the compartmental
epidemiological model.

Parameter | Definition
S(t) Proportion of individuals in the susceptible class (at risk of acquiring
the focal Spn serotype) at time t

C() Proportion of individuals in the carriage class (carrying the focal Spn
serotype) at time t

1(t) Proportion of individuals in the invasive class (with an invasive
infection caused by the focal serotype) at time t
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Table C.2 continued

R(t) Proportion of individuals in the recovered class (individuals who have
cleared an infection and whose immunity offers protection from
reacquiring the same serotype) at time t.

S Transmission rate

p Probability of progressing from carriage to the invasive state at the time
of carriage acquisition

T The average duration of a carriage for a given Spn strain

h Rate of transition from the invasive to recovered class, due to pathogen
clearance.

f Rate of transition from recovered to susceptible class, due to waning
immunity.
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