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Abstract

Dengue is an important vector-borne virus that infects on the order of 400 million

individuals per year. Infection with one of the virus’s four serotypes (denoted DENV-

1 to 4) may be silent, result in symptomatic dengue ‘breakbone’ fever, or develop

into the more severe dengue hemorrhagic fever/dengue shock syndrome (DHF/DSS).

Extensive research has therefore focused on identifying factors that influence dengue

infection outcomes. It has been well-documented through epidemiological studies

that DHF is most likely to result from a secondary heterologous infection, and that

individuals experiencing a DENV-2 or DENV-3 infection typically are more likely

to present with more severe dengue disease than those individuals experiencing a

DENV-1 or DENV-4 infection. However, a mechanistic understanding of how these

risk factors affect disease outcomes, and further, how the virus’s ability to evolve

these mechanisms will affect disease severity patterns over time, is lacking. In the

second chapter of my dissertation, I formulate mechanistic mathematical models of

primary and secondary dengue infections that describe how the dengue virus interacts

with the immune response and the results of this interaction on the risk of develop-

ing severe dengue disease. I show that only the innate immune response is needed

to reproduce characteristic features of a primary infection whereas the adaptive im-

mune response is needed to reproduce characteristic features of a secondary dengue

infection. I then add to these models a quantitative measure of disease severity that

assumes immunopathology, and analyze the effectiveness of virological indicators of
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disease severity. In the third chapter of my dissertation, I then statistically fit these

mathematical models to viral load data of dengue patients to understand the mecha-

nisms that drive variation in viral load. I specifically consider the roles that immune

status, clinical disease manifestation, and serotype may play in explaining viral load

variation observed across the patients. With this analysis, I show that there is statis-

tical support for the theory of antibody dependent enhancement in the development

of severe disease in secondary dengue infections and that there is statistical sup-

port for serotype-specific differences in viral infectivity rates, with infectivity rates

of DENV-2 and DENV-3 exceeding those of DENV-1. In the fourth chapter of my

dissertation, I integrate these within-host models with a vector-borne epidemiologi-

cal model to understand the potential for virulence evolution in dengue. Critically,

I show that dengue is expected to evolve towards intermediate virulence, and that

the optimal virulence of the virus depends strongly on the number of serotypes that

co-circulate. Together, these dissertation chapters show that dengue viral load dy-

namics provide insight into the within-host mechanisms driving differences in dengue

disease patterns and that these mechanisms have important implications for dengue

virulence evolution.
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1

Introduction

Beginning with the simple Susceptible-Infectious-Recovered (SIR) epidemiological

model describing a disease epidemic (Kermack and McKendrick, 1927), mathemati-

cal modeling has been a powerful approach for studying disease dynamics. Notable

extensions of early epidemiological models have been used to study how hetero-

geneities in transmission rates affects disease spread, such as in sexually transmit-

ted infections including HIV, (Anderson et al., 1986; Koopman et al., 1997), and to

study how host-population immunity structure affects strain dynamics and evolution

of multi-strain pathogens (Andreasen et al., 1997; Gog and Grenfell, 2002), among

many other examples.

Availability of quantitative virological and immunological data from infected in-

dividuals has increased interest in the development of within-host models of viral

infections (Nowak and May, 2000; Perelson, 2002). Beginning with models of chronic

viral infections such as HIV and hepatitis C virus (HCV), within-host models have

provided insights into the roles of the immune response in limiting viral infections and

the ways in which individuals respond to treatments such as drug therapy (Nowak

and May, 2000; Perelson, 2002; Perelson and Nelson, 1999; Baccam et al., 2006;
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Saenz et al., 2010; Pawelek et al., 2012). Within-host models are further useful for

understanding the mechanisms underlying immunological assumptions made phe-

nomenologically in many epidemiological models.

As within-host dynamics have become increasingly characterized, questions arise

of how within-host dynamics scale up to impact population-level transmission and

patterns of disease (Handel and Rohani, 2015). In the field of evolutionary epidemiol-

ogy, models nesting within-host models in epidemiological models have been used to

understand how selection pressures at both the within-host and the population level

affect pathogen evolution (Mideo et al., 2008; Gilchrist and Sasaki, 2002; Coombs

et al., 2007). These nested models have been important in determining the ways

in which important epidemiological parameters such as transmission rates, recovery

rates and mortality rates can be interrelated (Mideo et al., 2008). However, few of

these models have been interfaced with data due to the difficulty in collecting data

on both within-host parameters of infected individuals and in quantifying rates of

transmission to susceptible hosts (Handel and Rohani, 2015; Mideo et al., 2008).

My dissertation focuses on the development of quantitative models of dengue,

an arthropod-borne tropical virus endemic in many countries in Southeast Asia and

Latin America. I consider the within-host dynamics of dengue virus, the effect of

these dynamics on the development of severe dengue disease and on dengue virulence

evolution at the population-level.

1.0.1 Dengue biology

The dengue virus is a small RNA virus that is part of the Flaviviridae family

of viruses. Its genome codes for three structural and seven nonstructural pro-

teins (Clyde et al., 2006). The virus comprises four antigenically distinct serotypes

(DENV-1-4), that are further classified into genotypes and sub-genotype clades

(Rico-Hesse, 2003). Dengue is transmitted between humans by the mosquito Aedes
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aegypti, and less frequently, by Aedes albopictus (Guzman et al., 2013), with an

estimated incidence of 390 million individuals annually (Bhatt et al., 2013).

Infection with dengue can result in a wide range of clinical symptoms. 75% of

dengue infections are estimated to be asymptomatic (Bhatt et al., 2013). Symp-

tomatic infections range from dengue fever (DF) to the more severe dengue hem-

orrhagic fever (DHF), that is characterized by capillary permeability. Capillary

permeability in DHF has the potential to lead to hypovolemic shock, resulting in

life-threatening dengue shock syndrome (DSS) (Guzman et al., 2013). These more

severe clinical outcomes have large economic and health costs in regions where dengue

is endemic.

Extensive research has been conducted to understand the causes of severe dengue

disease. However, dengue pathogenesis is still not well-understood due to the com-

plex interactions between host factors, viral factors, and epidemiological factors

(Clyde et al., 2006; Green et al., 2014; Murphy and Whitehead, 2011). Risk factors

for dengue have been well-characterized from epidemiological studies, importantly

showing that secondary heterologous infection is the most important risk factor

for DHF/DSS (Guzman et al., 2013). This is likely due to a phenomenon called

antibody-dependent enhancement (ADE), in which antibodies from a first infection

cross-react with virus from a secondary infection, leading to incomplete neutraliza-

tion. Consequently, the resulting partially neutralized immune complexes enhance

infection into Fc-receptor bearing cells (Murphy and Whitehead, 2011). This theory

has been supported by studies that show that infants born to dengue-immune moth-

ers have an increased risk of severe disease during primary infection (Kliks et al.,

1988). There is also evidence from in vitro studies that human dengue antibodies

can enhance viral growth in peripheral blood mononuclear cells (Kliks et al., 1989;

Morens and Halstead, 1990). Furthermore, an in vivo mouse model has shown that

administration of anti-DENV antibodies is sufficient to enhance infection and disease
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in mice (Balsitis et al., 2010).

Disease outcomes may also be further impacted by host genetics. Some studies,

for example, have shown that individuals of African descent have genetic polymor-

phisms that protect them against severe dengue (de la C Sierra et al., 2007; Coffey

et al., 2009). Age has also been shown to be a potential risk factor of disease sever-

ity, with children under 15 more likely to develop vascular leakage, the hallmark of

DHF, independent of other risk factors (Guzman et al., 2013; Kyle and Harris, 2008).

Other studies have shown that malnourished individuals are less likely to develop se-

vere dengue disease, possibly due to reduced T-cell immunity (Coffey et al., 2009;

Thisyakorn and Nimmannitya, 1993).

Single-serotype infections are thought to elicit lifelong immunity to the infect-

ing serotype (Sabin, 1952). In volunteers challenged with a secondary homologous

dengue virus, immunity against disease was present for the longest interval tested

(18 months) (Sabin, 1952). Additionally, in numerous epidemiological studies ill-

ness from a secondary homologous infection is not reported (Nisalak et al., 2003;

Morrison et al., 2010; Balmaseda et al., 2006). However, cross-protection against

heterologous serotypes following primary infection is believed to be temporary (An-

derson et al., 1997; Montoya et al., 2013; Reich et al., 2013). Volunteers challenged

with a secondary heterologous dengue virus were protected against disease for only

1-2 months following a primary infection (Sabin, 1952). Longitudinal epidemiological

studies have shown that a shorter time interval between first and second heterologous

dengue infection is associated with protection from disease (Anderson et al., 1997;

Montoya et al., 2013). However, it is still unknown whether this period of cross-

protection protects only against the development of disease or also against infection

(Nagao and Koelle, 2008; Katzelnick et al., 2016).

To further complicate understanding of dengue pathogenesis, it is well-documented

that the serotypic identity of the infecting virus impacts the risk of developing severe
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disease (Guzman et al., 2013; Kyle and Harris, 2008). Primary DENV-1 and DENV-3

infections typically result in more severe disease than DENV-2 and DENV-4 primary

infections, whereas secondary DENV-2 infections typically result in more severe dis-

ease than secondary DENV-1, DENV-3 and DENV-4 infections (Nisalak et al., 2003;

Morrison et al., 2010; Balmaseda et al., 2006). There are very few empirical studies

that have identified the mechanistic underpinnings explaining serotype-specific dif-

ferences in disease severity. One reason for this is the breadth of observed phenotypic

and genetic variation within dengue serotypes. It has been hypothesized that some

genotypes of DENV-2 are more virulent due to their ability to replicate to high levels

(Guzman et al., 2013). In vitro studies have shown that the Southeast Asian geno-

type of DENV-2 is able to replicate more efficiently than the American genotype of

this serotype (Cologna and Rico-Hesse, 2003). This Southeast Asian genotype has

also been associated with more severe disease during epidemics in Latin America

(Rico-Hesse, 2003).

Finally, epidemiological studies have shown region-specific differences in the num-

ber and levels of co-circulating dengue serotypes. Dengue spread into Asia during

the 18th and 19th centuries and has spread globally in the past 50 years (Guzman

et al., 2013). In Asian countries such as Thailand, Vietnam, and Sri Lanka, Aedes

aegypti has been widespread in both urban and rural areas since the last half of the

twentieth century (Guzman et al., 2013). In these countries dengue is hyperendemic,

with all four dengue serotypes typically circulating (Clyde et al., 2006). Yet in many

countries in Latin America, only one serotype tends to be present at any point in

time, with the identity of this serotype changing every few years (Balmaseda et al.,

2006).

Several mathematical models of dengue population dynamics have investigated

dengue epidemic dynamics in hyperendemic settings (Wearing and Rohani, 2006; Na-

gao and Koelle, 2008; Ferguson et al., 1999; Adams et al., 2006; Recker et al., 2009).
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These models have been useful in determining the factors necessary to explain the

typical out-of-phase oscillations of dengue serotypes, as well as providing recommen-

dations for potential dengue control strategies. The models assume ADE modulates

dengue incidence by increasing susceptibility or transmissibility following a primary

infection (Wearing and Rohani, 2006; Recker et al., 2009; Ferguson et al., 1999) or

increasing the probability of manifesting severe disease (Nagao and Koelle, 2008).

Cross-protection has been modeled as decreasing susceptibility of a secondary infec-

tion (Adams et al., 2006), as a period of temporary immunity (Wearing and Rohani,

2006), or, as a period that prevents clinical illness but allows for sero-conversion (Na-

gao and Koelle, 2008). The inability to distinguish between these models’ different

immunological assumptions further illuminates the importance of understanding the

immunological mechanisms shaping infection dynamics within a host and how these

within-host dynamics affect dengue transmission and patterns of disease.

1.0.2 Dissertation overview

My dissertation focuses on using quantitative modeling approaches to understand

dengue infection dynamics and the effects of these dynamics on the potential for

dengue virulence evolution. Original results are presented in chapters 2, 3, and 4,

each of which forms the basis of a publication.

In the second chapter of my dissertation, I develop minimal mathematical models

of primary and secondary dengue infections that can reproduce characteristic fea-

tures of target cell and viral dynamics. By extending a simple target-cell limited

model, I show that only the innate immune response is needed to recover the char-

acteristic features of a primary symptomatic dengue infection, while a higher rate

of viral infectivity (indicative of antibody-dependent enhancement) and infected cell

clearance by T-cells are further needed to recover the characteristic features of a sec-

ondary dengue infection. I further formulate these models by quantifying the risk of
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developing severe disease, under the assumption that dengue disease arises as a result

of a cytokine storm (Rothman, 2011; Tisoncik et al., 2012; Martina et al., 2009). I

show that these models can reproduce the increased risk of disease associated with

secondary heterologous infections, and further, that they are consistent with viro-

logical indicators that predict the onset of severe disease, such as the magnitude of

peak viremia, time to peak viral load, and viral clearance rate. Finally, I show that

the effectiveness of these virological indicators to predict the risk of severe disease

depends on the contribution of T-cells in exacerbating the cytokine storm. This work

has been published in the Journal of the Royal Society Interface (Ben-Shachar and

Koelle, 2015) and is in collaboration with my advisor Katia Koelle.

As I completed the second chapter of my dissertation, a detailed data-set of in-

dividual dengue viral load data was made publicly available from a clinical study in

Ho Chi Minh City, Vietnam (Clapham et al., 2014). This dataset includes tempo-

ral viral load data stratified by infected patients’ immune-status, infecting serotype,

and disease manifestation. In the third chapter of my dissertation, I use a Bayesian

Markov Chain Monte Carlo approach to statistically fit the within-host models de-

veloped in Chapter 2 to these viral load data. I address whether and which of the

within-host parameters may differ between individuals, depending on their immune-

status, infecting serotype, or clinical manifestation. The hypotheses tested are based

on immunological and virological hypotheses suggested from dengue empirical stud-

ies. I use model selection criteria to determine which hypotheses are best supported

by the data. I first show that the cellular immune response plays an important role

in regulating viral load dynamics in secondary dengue infections. I then provide

statistical support for antibody-dependent enhancement (but not original antigenic

sin) in explaining differences in disease severity during secondary dengue infections.

Finally, I show statistical support for serotype-specific differences in viral infectivity

rates, with infectivity rates of DENV-2 and 3 exceeding those of DENV-1. These
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results contribute to our understanding of dengue viral load patterns and their rela-

tionship to the development of severe dengue disease. They further have implications

for understanding how dengue transmissibility may depend on the immune status of

infected individuals and the identity of the infecting serotype. This work is in review

at PLOS Computational Biology and is in collaboration with Katia Koelle and Scott

Schmidler.

The fourth chapter of my dissertation quantitatively considers the potential for

dengue virulence evolution in nature, where virulence is assumed to arise through

immunopathology. Numerous theoretical studies indicate that pathogens can cause

damage to their hosts as a consequence of trying to maximize their transmission

capacity (Lenski and May, 1994; Mideo et al., 2008; Alizon et al., 2009; Bull and

Ebert, 2008). However, extensive parasite-driven damage to the host can result in

host death, which decreases a host’s infectious period and therewith the transmission

success of the pathogen. This fitness cost can lead to pathogen evolution to interme-

diate virulence. Theoretical work has also shown that immunopathology can result

in a fitness trade-off that leads to the evolution of intermediate virulence (Day et al.,

2007; Best et al., 2012; Gilchrist and Sasaki, 2002). Despite extensive theory, very

few empirical examples exist that demonstrate the possibility of virulence evolution

through the existence of a fitness trade-off for the pathogen (Alizon et al., 2009;

Mideo et al., 2008). In this chapter, I quantitatively demonstrate the possibility of

evolution toward intermediate virulence in dengue. The approach I use combines the

within-host models developed in chapter 2 and the statistical approaches developed

and used in chapter 3 with empirical data on the transmission probability of dengue

from infected individual to mosquito vector (Nguyet et al., 2013). Specifically, I

quantify how the basic reproduction number R0 and the net population growth rate

r of a dengue virus is affected by within-host dengue virus parameters that have the

potential to evolve. The two within-host parameters I consider (viral production rate
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and the ability to evade the innate immune response) further impact the probability

of developing severe dengue disease. I first show the existence of a non-monotonic

relationship between viral production rate and population level R0, resulting in the

potential for evolution towards intermediate virulence. Given that the virus exists

as four serotypes, I then assess the role that secondary and post-secondary infections

have on dengue evolution of virulence. I show that the optimal viral production rate

differs depending on epidemiological context, with secondary infections selecting for

lower virulence than primary infections. I further find that post-secondary infections

can select for higher virulence relative to secondary infections. I show that similar

trade-offs exist when considering viral evasion of the innate immune response. These

findings indicate that dengue virulence evolution is critically shaped by the levels of

serotype endemicity in a region, suggesting that recent patterns of observed virulence

changes in dengue serotypes may be important to consider in a given epidemiological

context. This work is currently being prepared for submission to PLOS Biology, and

is in collaboration with Katia Koelle.
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2

Minimal within-host dengue models highlight the
specific roles of the immune response in primary

and secondary dengue infections

2.1 Introduction

Dengue is estimated to infect three-hundred and ninety million individuals annually

(Bhatt et al., 2013), making it the most prevalent arthropod-borne viral disease in

the world. The virus is classified into four related, but distinct, serotypes, DENV-1

through DENV-4, each of which is transmitted between humans primarily by the

mosquito Aedes aegypti. While most cases are asymptomatic, disease symptoms,

occurring in approximately one quarter of dengue infections (Bhatt et al., 2013),

range in severity from dengue (“breakbone”) fever (DF) to life-threatening dengue

hemorrhagic fever (DHF), which is characterized by vascular plasma leakage and

may lead to circulatory shock known as dengue shock syndrome (DSS) (Whitehorn

Chapter 2 was modified from a 2015 publication in Journal of the Royal Society Interface,
authored by R Ben-Shachar and K Koelle.
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and Simmons, 2011).

These more severe clinical manifestations of dengue have prompted numerous

studies aimed at improving our understanding of dengue pathogenesis, and with it,

the role that the immune response plays in controlling viral infection. Experimental

studies in mice have shown that the innate immune response is important for clearing

a primary dengue infection, while the adaptive immune response contributes to the

development of severe disease (Shresta et al., 2004; Prestwood et al., 2012). Other

studies have shown that human dengue antibodies can enhance viral growth in vitro

and thereby increase the risk of developing severe disease in a secondary infection

with a heterologous serotype (Kliks et al., 1989; Morens and Halstead, 1990). Fur-

ther studies have shown that T-memory cells established during a primary infection

may act to increase the risk of developing severe disease in a heterologous secondary

infection through increased pro-inflammatory cytokine production (Rothman, 2011,

2004). Complementing these experimental studies, epidemiological studies have suc-

cessfully isolated host and viral risk factors associated with severe disease (Tricou

et al., 2011; Libraty et al., 2002; Vaughn et al., 2000; Green et al., 1999a). Taken to-

gether, these studies have indicated that excessive activation of the immune response

during a dengue infection may lead to a cascade of cytokine production, known as

a cytokine storm, that results in direct damage to vascular endothelial cells and in-

creased capillary permeability (Rothman, 2011; Tisoncik et al., 2012; Martina et al.,

2009). This cytokine storm phenomenon is not unique to dengue, having also been

used to describe pathologies resulting from other viral infections including influenza,

cytomegalovirus, and severe acute respiratory syndrome coronavirus (SARS-CoV)

(Tisoncik et al., 2012).

Apart from experimental studies of viral pathogens, mathematical models de-

scribing infection dynamics within hosts have provided additional insights into viral

kinetics and disease outcomes. These models have in large part focused on chronic
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infectious diseases, such as human immunodeficiency virus (HIV) (Perelson, 2002;

Perelson and Nelson, 1999), and hepatitis C virus (HCV) (Perelson, 2002; Neumann

et al., 1998). For diseases causing acute infection, influenza has been the most ex-

tensively studied pathogen to date, likely due to the availability of human and non-

human animal challenge study data. These influenza models have highlighted the

importance of both the innate and the adaptive immune response in regulating viral

dynamics (Dobrovolny et al., 2013; Handel et al., 2010; Saenz et al., 2010; Pawelek

et al., 2012), and particularly, the role of the innate immune response in contributing

to disease symptoms (Saenz et al., 2010; Canini and Carrat, 2011).

For dengue, we are aware of four existing within-host models. Three of these

models consider the dynamic interaction between free virus, uninfected target cells,

infected target cells, and immune cells (Nuraini et al., 2009; Ansari and Hesaaraki,

2012; Clapham et al., 2014), differing from one another only in the functional forms

used to model viral infectivity, viral clearance, and immune cell dynamics. In all

three of these models the immune cells play a protective role by clearing infected

cells, and are therefore likely to represent T-cells. None of these models considers

the known effects that T-cells and more generally, the adaptive immune response

may have in contributing to dengue disease. Of note, one of these models (Clapham

et al., 2014) was statistically fit to individual-level patient data, with findings indi-

cating that differences in viral dynamics between primary and secondary infections

can be recovered by a higher viral infectivity rate during secondary infections. This

result is consistent with evidence for the enhancement of viral infectivity as a re-

sult of increased levels of non-neutralizing antibodies during a secondary infection

relative to a primary infection. The fourth model considers the dynamic interaction

between free virus, uninfected cells, infected cells, B-cells, and antibodies (Gujarati

and Ambika, 2014). In this model the effect of antibodies is either protective or

enhancing, depending on the antigenic similarity between the virus of the primary
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infection and the virus of the secondary infection. However, this model does not

provide an explicit mechanism by which disease arises. Instead, it assumes that dis-

ease severity is positively correlated with the level of antibodies in a heterologous

secondary infection. None of these existing dengue models consider the role that

the innate immune response plays in controlling the viral infection or how infection

dynamics explicitly impact disease severity.

Here, we aim to develop minimal within-host mathematical models of dengue

infection that are able to recover known features of both a primary and secondary

dengue infection, and that can be used as a basis for understanding characterized

patterns of disease severity. Our approach is thus to analyze models of increasing

complexity, evaluating each model by the dynamic features it can yield. We begin

with a simple target cell limited model, and in a step-wise fashion, consider the

dynamical effects that the innate and the adaptive immune responses contribute

to dengue infection dynamics. By first parameterizing the considered models for

a primary symptomatic infection using a combination of literature estimates and

clinical observations that serve as constraints on model parameters, we show that

only the innate immune response is needed to recover the characteristic features of

a primary infection. To arrive at a minimal model for a secondary dengue infection,

we build up from the minimal primary infection model to recover the characteristic

features of a secondary infection that differ from those of a primary infection. We

find that higher viral infectivity rates along with infected cell clearance by T-cells are

necessary to reproduce these characteristic features of a secondary dengue infection,

underscoring the contribution of the adaptive immune response in these infections.

Finally, we show that the minimal dengue models selected in our analysis yield viral

dynamics consistent with recently published individual viral load data for dengue

(Clapham et al., 2014).

While it has been established that higher viral loads are associated with severe
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disease, there is discordance in the dengue literature on whether the cellular immune

response is protective or facilitates the onset of severe disease (Rothman, 2011; Mar-

tina et al., 2009; Dung et al., 2010; Weiskopf et al., 2013). With the risk of developing

severe disease depending on circulating cytokine levels, we develop two disease sever-

ity parameterizations that differ in the contribution of T-cell secreted cytokines to

disease severity. To discriminate between these different formulations, we then ex-

amine the relationship between known virological indicators of disease severity that

have been isolated in the clinical literature and the risk of developing severe disease.

The models we present here are the first to our knowledge to quantitatively

describe how the interaction of the immune system with dengue virus can lead to

increased cytokine production and thereby an increased risk of manifesting severe

disease. The analysis of the virological indicators of disease severity provides insight

into how infected cells and T-cells may contribute to disease severity. Furthermore,

our analysis highlights how the effectiveness of virological indicators in predicting

dengue disease severity critically depends on the contribution of T-cells to disease

severity.

2.2 Selection of a minimal dengue model

2.2.1 Characteristic features of a primary dengue infection

Viral kinetic data from dengue patients are often absent prior to fever onset (e.g. see

(Tricou et al., 2011; Libraty et al., 2002; Vaughn et al., 2000; Duyen et al., 2011)).

A comprehensive study of cytokines from human infections are similarly missing

(Butthep et al., 2012; Hober et al., 1993), or are taken at few or even only a single

timepoint post infection (Restrepo et al., 2008; Rathakrishnan et al., 2012). Further-

more, there is considerable variation among studies in cytokine levels, potentially due

to their relatively short half-lives (Kumar et al., 2012). Instead of evaluating differ-

ent mathematical models directly by their fit to these incomplete (if at all available)
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data, we here first develop a minimal model for a primary dengue infection that is

able to reproduce well-established characteristic features of the viral infection.

For a primary dengue infection resulting in dengue fever (DF), these features are

(1) target cells (monocytes (Martina et al., 2009)) deplete to approximately 60% of

their original level during dengue infection (from approximately 3.5 ˆ 105 cells/mL

to 2 ˆ 105 cells/mL) (Green et al., 1999a); (2) peak viremia occurs approximately 9

days post viral inoculation based on estimates of the incubation period (Chan and

Johansson, 2012) and the timing of peak viremia after the onset of symptoms (Tricou

et al., 2011); (3) maximum daily clearance rate is approximately 2.2 log10 copies per

mL per day (Tricou et al., 2011); and (4) peak viremia is approximately 9.7 log10

copies per mL for DENV-1 patients (Tricou et al., 2011).

2.2.2 Target cell limited model

We begin by examining a target cell limited model, conceivably the simplest within-

host model formulation. This model, previously used in a model of acute influenza

infection (Baccam et al., 2006) is given by:

dS{dt “ ´βV S

dI{dt “ βV S ´ δI

dV {dt “ pI ´ cV (2.1)

Susceptible cells (S) are depleted by becoming infected with free virus (V ) at

rate βV S. Free virus is produced by infected cells (I) at rate pI and cleared at rate

cV . Infected cells die at rate δI. We can further reduce the system of equations

to two dimensions by assuming, consistent with empirical findings (Sithisarn et al.,

2003), that the dynamics of the virus are fast relative to the dynamics of infected

cells. With this quasi steady-state assumption, equations (2.1) become:
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dS{dt “ ´βρIS

dI{dt “ βρIS ´ δI (2.2)

with V ptq “ ρIptq and ρ “ p
c
. Given that we expect a maximal 2.2 log10 copies per

mL daily decline in viral clearance (the third characteristic feature listed above), we

can calculate the minimum δ needed to achieve this viral decline by assuming that

S « 0 for a short time interval after the viral peak. This assumption was also used

to approximate the viral decline after viral peak in (Pawelek et al., 2012). Under

this assumption, dI{dt “ ´δI and Ipt2q “ Ipt1qe
´δpt2´t1q where t2 “ t1 ` 1. Using

the approximation V “ ρI, V pt2q
V pt1q

“ e´δ. To achieve a 2.2 log10 viral decline, the

minimum δ needed is 5.1 per day.

To determine whether this estimate is biologically reasonable, we first note that

the dengue virus life cycle results in exocytosis of mature infectious particles from the

infected cell, and therefore does not result in bursting of infected cells (Fernandez-

Garcia et al., 2009). Dengue virus has also been shown to be able to manipulate the

antiviral response, resulting in delay or prevention of host cell death (Green et al.,

2014). We therefore assume that the life span of infected cells is similar to that

of uninfected monocytes, which have in vivo life-span estimates ranging from 1 to

2 months (Chen and Wang, 2002). Our minimum estimate of δ yields a life span

estimate of 0.2 days, more than two orders of magnitude shorter than these values.

This suggests that there must be other processes besides background infected cell

mortality that are responsible for viral decline during a dengue infection.

While this simple analysis indicates that a target cell limited model is unlikely

to be able to reproduce the characteristic features of a primary dengue infection

under biologically reasonable parameter values, we also performed a more systematic

analysis to determine the the model’s ability to jointly reproduce the first three
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characterized features of a primary dengue infection (listed in section 2.2.1). We do

not include the fourth characteristic feature (peak viral load) because it is trivial to

reproduce under the assumption of fast viral dynamics. Setting the initial number of

susceptible cells (Sp0q) to 3.5ˆ 105 cells/mL based on absolute counts of monocytes

from (Green et al., 1999a), the model contains only three free parameters: the initial

number of infected cells Ip0q, the infected cell clearance rate δ, and the parameter

combination βρ. Fixing the value of Ip0q, we first examined if there were values of βρ

and δ that could jointly recover the three characterized features of a primary dengue

infection (Figure 2.1a-c).

This figure shows that for a biologically reasonable estimate of δ “ 1{45 per

day (corresponding to an approximate life-span of 1.5 months), there is no value

of βρ for which the model is able to recover the three characterized features of a

primary dengue infection. Under unrealistically high values of δ (« 21.7 per day),

however, the target cell model is able to recover all of the characterized features of a

primary dengue infection (Figure 2.1a-c). These results indicate that a simple model,

extended to incorporate some process that aids in infected cell clearance, could in

principle suffice in reproducing the key features of a primary dengue infection under

biologically realistic parameter values. These overall results are robust to changes

in the initial number of infected cells Ip0q, which impacts the time to peak viremia,

but only minimally impacts the other two viral dynamic features.

2.2.3 Models incorporating aspects of the innate immune response

Given the insufficiencies of the target cell limited model, we turn towards examining

more complex within-host models, specifically those that include the innate immune

response. Type I interferon (IFN) has been shown to be important in inhibiting

viral replication and modulating downstream effects of the immune response, as well

as activating natural killer (NK) cells (Petitdemange et al., 2014), which play an
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Figure 2.1: Primary infection model analysis. Rows show distinct within-host
models examined; columns show the three characteristic features that the models
seek to reproduce. The models are: (a-c) target cell limited model (equations 2.2);
(d-f) innate immune response model with fast NK cell dynamics (equations 2.4); (g-i)
innate immune response model with explicit NK cell dynamics (equations 2.5). The
characteristic features are: (a,d,g) the final fraction of uninfected cells; (b,e,h) time
to peak viremia (days); (c,f,i) daily maximum viral clearance rate (log10 copies/mL).
Each subplot shows the values of one characteristic feature as a function of two varied
model parameters. Values in yellow meet the desired feature values of a primary
dengue infection. Arrows point to the parameter values for which two (row 2) or
three (rows 1 and 3) characteristic features are simultaneously met. In subplots (a-c)
Ip0q “ 1.4ˆ10´47 cells/mL. In subplots (d-i) Ip0q “ 8.62ˆ10´18 cells/mL. The target
cell limited model meets all characteristic dengue features when βρ “ 7.9 ˆ 10´5

(cell/mL)´1 day´1 and δ “ 21.7 per day, although this high δ value is biologically
implausible.

important role in lysing virus-infected cells (Yokoyama et al., 2004). Specifically

in the context of dengue, type I IFN levels have been shown to be elevated early in

infection (Libraty et al., 2002; Kurane et al., 1991; Tang et al., 2010). Similarly, early

activation of NK cells has been demonstrated in dengue patients (Green et al., 1999a;

Azeredo et al., 2006). These studies suggest that these components of the innate

immune response may play an important role in inhibiting dengue virus replication
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(Navarro-Sánchez et al., 2005). To model the effect of the innate immune response

on dengue viral kinetics, we therefore start by considering the effects of IFN and NK

cells as in a recently published influenza model (Pawelek et al., 2012). This model

makes the simplifying assumption that circulating NK cells are proportional to the

level of circulating IFN. With this assumption, the innate immune response model

is given by:

dS{dt “ ´βρIS

dI{dt “ βρIS ´ δI ´ κIF

dF {dt “ qI ´ dF (2.3)

where IFN (F ) is produced by infected cells and decays at rate d, and NK cells lyse

infected cells at a rate proportional to κ.

Because IFN is known to have a short half-life (Shechter et al., 2001), we further

reduce the dimensionality of this model by assuming fast dynamics of F . With this

quasi steady-state assumption, equations (2.3) become:

dS{dt “ ´βρIS

dI{dt “ βρIS ´ δI ´ κ
q

d
I2 (2.4)

where V “ ρI and F “
q
d
I. Our quasi steady-state assumptions for free virus and

interferon levels result in an expected linear relationship between V and F , consistent

with the relationship observed in hospitalized dengue fever patients experiencing a

primary DENV-1 infection (Tang et al., 2010).

Assuming that δ “ 1{45 days´1, equations (2.4) have two free parameter combi-

nations: βρ and κ q
d
, as well as initial condition Ip0q. For a given value of Ip0q, we

analyze the effect of these parameter combinations on the first three characterized
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model features described in section 2.2.1 (Figure 2.1d-f). As in the case of the target

cell limited model, peak viremia levels are trivial to reproduce, so we do not consider

this fourth feature.

This model can simultaneously recover the final fraction of uninfected cells (Figure

2.1d) and the time to peak viremia (Figure 2.1e). However, it cannot simultaneously

reproduce the known daily viral clearance rate (Figure 2.1f) along with these other

two features. In fact, the model cannot recover the viral clearance rate of 2.2 log10

copies/mL for any combination of βρ and κ q
d

due to the nonlinearity introduced

by the I2 term. The non-linear viral decline (on the log10 scale) that results from

the I2 term is also inconsistent with several viral kinetic studies, which show that

viral clearance is largely linear on a log scale (Tricou et al., 2011; Libraty et al.,

2002; Duyen et al., 2011; Wang et al., 2006). These findings indicate that equations

(2.4) cannot jointly reproduce the features of a primary dengue infection. As for the

target-cell limited model, changes in the initial number of infected cells Ip0q will not

change these results as changes in Ip0q only substantially impact the time to peak

viremia and not the other characterized model features.

We also considered a more complex model of IFN in which IFN is secreted ac-

cording to the nonlinear, saturating term qI
K`I

and decays at rate dF . The models

uses Michaelis-Menten dynamics to describe the secretion of IFN as a function of

infected cells. We again assume that IFN decays at some rate dF and that NK cells

kill infected cells at a rate proportional to κIF . The model is given by:

dS{dt “ ´βρIS

dI{dt “ βρIS ´ κIF

dF {dt “
qI

I `K
´ dF (2.5)

where V “ ρI. This model has five free parameter combinations (βρ, κ, q, d and
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Table 2.1: Model parameters for a primary dengue infection using the saturating
IFN production model.

Parameter Unit
Primary
Infection

Sp0q cells/mL 3.5ˆ 105

Ip0q cells/mL 8.62ˆ 10´18

Np0q cells/mL 0
F p0q pg/mL 0
β (copy/mL)´1 day´1 7.38 ˆ10´11

ρ copies cell´1 2.5 ˆ105

κ (pg/mL)´1 day´1 0.02
q day´1 127
d day´1 0.13
K cells/mL 1.17

K) and one free initial condition (Ip0q). Figure 2.2 shows that this model (under

the parameterization provided in Table 2.1) can recover all of the characteristic

features of a primary dengue infection: the final fraction of uninfected cells, time to

peak viremia, viral clearance rate, and peak viral load. To reproduce these features,

particularly the high viral clearance rate, the model requires high IFN levels late

in infection (Figure 2.2d). These high IFN levels late in infection are, however,

inconsistent with kinetic studies that have shown that IFN-α levels of dengue patients

peak early on in infection (before or on the first few days of symptoms) (Tang et al.,

2010) and have decayed to very low levels by defervescence (Libraty et al., 2002).

Because equations (2.4) were unable to jointly recover the characteristic features

of a primary dengue infection and the more complicated model of equations (2.5)

could only reproduce the characteristic features under biologically implausible IFN

dynamics, we next considered whether modeling NK cells explicitly would provide

a sufficient minimal model. Relaxing the fast NK cell dynamics assumption is a

natural next step in increasing model complexity because both in vivo and modeling

studies of human NK cell dynamics during viral infection suggest that NK cells have

a slow decay rate, and thus IFN dynamics are not representative of NK dynamics
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Figure 2.2: Simulated alternative within-host dynamics of a primary infection
using the saturating IFN production model. (a) The fraction of uninfected cells over
the course of an infection (Sptq{Sp0qq. (b) Infected cell dynamics (Iptq cells/mL).
(c) Viral load dynamics (V ptq copies/mL). (d) IFN dynamics for the saturating
IFN production model. IFN dynamics for equations 2.6 are not shown, but follow
proportionally to infected cell dynamics.

(Canini and Carrat, 2011; Zhang et al., 2007). Furthermore, a study of dengue

infected patients showed that NK cell activation markers were elevated one day after

defervescence (Green et al., 1999a), a timepoint at which IFN-α levels are known

to already have returned to low levels (Libraty et al., 2002), suggesting that NK

cells decay at a slower rate than IFN. As in (Canini and Carrat, 2011), we therefore

assume NK cells are activated at a rate proportional to IFN, qNF , and decay at rate
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dNN . With this assumption, the model is given by:

dS{dt “ ´βρIS

dI{dt “ βρIS ´ κIN

dN{dt “ qN
q

d
I ´ dNN (2.6)

where V “ ρI, F “
q
d
I, and we have assumed that δ « 0. Based on (Yokoyama

et al., 2004; Zhang et al., 2007), we assume NK cells have a half-life of 10 days,

corresponding to a value of dN of 0.07 per day. This model has three free parameter

combinations (βρ, κ, and qN
q
d
) and one free initial condition Ip0q. Figure 2.1g-i

shows how changes in βρ and κ impact the model features assuming given values

of qN
q
d

and Ip0q. This figure indicates that a model that explicitly includes the

dynamics of NK cells is able to recover the characteristic features of a primary dengue

infection. Changes in qN
q
d

have similar effects on characteristic viral features as κ,

and changes in Ip0q again only affect the time to peak viremia. Figure 2.3a-d

shows the dynamics of uninfected cells, infected cells, free virus, and NK cells for

this model, parameterized to simultaneously reproduce the three features examined

in Figure 2.1, as well as the fourth feature of peak viremia. Table 2.2 provides the

specific parameter values used. Values of Ip0q correspond to less than one infected

cell to incorporate the time it takes for the first free virion to propagate an infection.

We note that the model recently published by Clapham and coauthors (Clapham

et al., 2014) also can reproduce the characteristic features of a primary infection. This

model assumes that the the immune response proliferates in response to interaction

with infected cells, is present at low levels at the start of the infection, and acts to

kill infected cells. Although the authors do not explicitly interpret their model as one

that models the cellular immune response, their immune response formulation closely

mirrors previous model descriptions of T-cells (Nowak and May, 2000). Contrary
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Table 2.2: Model parameters used for a primary and secondary dengue infection.

Parameter Unit
Primary
Infection

Secondary
Infection Ref.

Sp0q cells/mL 3.5ˆ 105 3.5ˆ 105 (Green et al., 1999a)
Ip0q cells/mL 8.62ˆ 10´18 8.62ˆ 10´18

Np0q cells/mL 0 0
T p0q cells/mL – 1000 scales with δT
Ep0q pg/mL 0 0
β (copy/mL)´1 day´1 1.54 ˆ10´10 1.85 ˆ10´10

ρ copies cell´1 1.1 ˆ105 1.1ˆ105

κ day´1 5.74 ˆ10´4 5.74 ˆ10´4

δT day´1 – 3 ˆ10´5

qN
q
d

day´1 0.52 0.52
dN day´1 0.07 0.07 (Yokoyama et al., 2004)
qT (cell/mL)´1 day´1 – 1.2 ˆ10´4

dT day´1 – 0.1 (Reperant et al., 2012)
qE (pg/mL) cell´1 day´1 0.01 0.01
dE day´1 5 5

to this assumption, an experimental study in mice has shown that T-cells are not

critical for clearance of dengue virus during primary infection (Shresta et al., 2004),

though the relevance of mouse models in understanding human dengue infection has

been questioned given the low replicative ability of dengue in mice. A study of

T-cell responses in human primary dengue infections, however, appears to support

the conclusions reached in the mouse study (Friberg et al., 2011): T-cells are not

activated in large quantities early in infection. Hence, T-cells are unlikely to play a

large role in clearing dengue virus in a primary infection. Since studies support the

role of the innate immune response (over the adaptive immune response) in clearing

primary dengue infections (Shresta et al., 2004; Navarro-Sánchez et al., 2005), we

consider the NK model (equations (2.6)) as the minimal primary infection model.

2.2.4 Characteristic features of a secondary dengue infection

Because the dynamics of secondary dengue infections differ markedly from those of

primary dengue infections, we here further seek to develop a minimal model capa-
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Figure 2.3: Within-host dynamics of a primary and secondary dengue infection.
Primary infection dynamics are shown in black solid lines; secondary infection dy-
namics are shown in gray dashed lines in subplots (a-e). (a) The fraction of unin-
fected cells over the course of an infection (Sptq{Sp0qq. (b) Infected cell dynamics
(Iptq cells/mL). (c) Viral load dynamics (V ptq copies/mL). (d) NK cell dynamics
(cells/mL). (e) T-cell dynamics (cells/mL), secondary infection only. (f) The dynam-
ics of endothelial activators (pg/mL). For endothelial activator dynamics in dotted
gray it is assumed endothelial activators are secreted by both infected cells and T-
cells (α “ 2ˆ10´5). For endothelial activator dynamics in dashed gray it is assumed
endothelial activators are only secreted by infected cells (α “ 0).

ble of reproducing the characteristic features of such secondary infections. Relative

to primary dengue infections, secondary dengue infections (encompassing all symp-

tomatic clinical manifestations) are characterized by: (1) a shorter time to peak

viremia (Tricou et al., 2011); (2) a higher maximum viral clearance rate (approxi-

mately 2.8 log10 copies per mL per day for DF and 3 log10 copies per mL per day

for DHF) (Tricou et al., 2011); and (3) a higher peak viremia. We do not include

as a feature the final fraction of uninfected cells because the dynamics of uninfected

cells in a secondary infection are not well characterized. We also do not attempt to

quantify specific values for peak viremia or the time to peak viremia because viremia

levels from patients with secondary dengue infection are generally already in decline

by the time patients are admitted (Tricou et al., 2011).
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2.2.5 Modification of the minimal primary infection model for a secondary dengue
infection

We first sought to determine whether the minimal model capable of reproducing

the features of a primary dengue infection could reproduce the above features of

a secondary dengue infection. To recover a secondary infection’s shorter time to

viral peak and higher level of peak viremia, a 20% increase in the viral infectivity

rate β was sufficient, resulting in a peak viremia level of 9.8 log10 viral copies at

7.4 days post viral inoculation. This level and timing of peak viremia is consistent

with virological data from secondary DF and DHF patients (Tricou et al., 2011).

This reparameterization can also be easily interpreted biologically in the context of

a phenomenon known as antibody-dependent enhancement (ADE), which proposes

that antibodies from a first infection cross-react with virus from a secondary infection,

but lead to incomplete neutralization. The resulting partially neutralized immune

complexes are thought to enhance viral entry into Fc-receptor bearing target cells,

and, as a result of this increased viral infectivity, lead to higher viremia (Guzman

et al., 2013; Murphy and Whitehead, 2011). While an increased viral infectivity rate

could reproduce shorter times to peak viremia and higher levels of peak viremia, this

change could not reproduce a higher maximum viral clearance rate of at least 2.8

log10 copies per mL per day.

2.2.6 Model incorporating the cellular immune response

Motivated by current understanding of the role that the adaptive immune system

plays in a secondary dengue infection we sought to determine whether extending

the minimal model by implementing the effect of a cellular immune response would

be sufficient in reproducing the higher viral clearance rate seen during secondary

infections. With this extension, the model becomes:
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dS{dt “ ´βρIS

dI{dt “ βρIS ´ κIN ´ δT IT

dN{dt “ qN
q

d
I ´ dNN

dT {dt “ qT IT ´ dTT (2.7)

with, as before, V “ ρI, F “
q
d
I. This model assumes that T-cells, recruited at

rate qT IT and decaying at rate dTT , lyse infected cells at rate δT IT . Substituting

T 1 “ δTT into model equations (2.7) demonstrates that T p0q and δT cannot be

estimated independently. We therefore set T p0q and examined the effect of changes

in δT on model dynamics. We set T p0q to 1000 cells/mL since T-cells undergo more

than a 1,000-fold expansion after a primary viral infection (Belz et al., 2007). By

assuming a life-span of T-cells of 10 days as in (Reperant et al., 2012) and the same

model parameters as for the primary infection model, with the exception of a 20%

increase in β, the model retains only two free parameters: the T-cell recruitment

rate qT and the rate at which T-cells lyse infected cells δT .

Figure 2.4 shows how these two parameter combinations affect the features of

a secondary dengue infection. Both parameters have negligible effects on the peak

viremia value (Figure 2.4a) and the time to peak viremia (Figure 2.4b) because

T-cells are not circulating at high levels before peak viremia. However, higher values

of both qT and δT result in a higher viral clearance rate (Figure 2.4c). Changes in

T p0q mirror those of δT : they influence the viral clearance rate but have little effect

on the peak viremia value and the time to peak viremia.

These results indicate that all three features of a secondary infection can be re-

covered through a reparameterization of the viral infectivity rate β of the primary

infection dengue model (reflecting the effect of the humoral immune response), along

with the explicit incorporation of the cellular immune response. Figure 2.3 shows
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Figure 2.4: Secondary infection model analysis. The effect of changes in parameters
qT and δT on features of a secondary dengue infection using model 2.7: (a) peak
viremia value (log10 copies/mL); (b) time to peak viremia (days); (c) daily maximum
viral clearance rate (log10 copies/mL/day). Values in yellow meet the desired feature
values of a secondary dengue infection. Arrows point to the parameter values for
which all characteristic features are met.

the dynamics of this model relative to the model dynamics for a primary dengue

infection, with parameter values for these simulations provided in Table 2.2. In-

triguingly, these results are consistent with the recent statistical findings of Clapham

and coauthors, which indicate that secondary dengue infections have higher esti-

mated viral infectivity rates and higher viral clearance rates than do primary dengue

infections (Clapham et al., 2014).

2.3 Consistency of simulated model dynamics with observed virolog-
ical data

Individual-level dengue viral load data have recently been made available (Clapham

et al., 2014), allowing us to compare our model simulations against DENV-1 dengue

patient data. These data come from a clinical trial of adult dengue patients at

the Hospital for Tropical Diseases in Ho Chi Minh City, Vietnam (Tricou et al.,

2011). Viremia was measured in the blood twice a day following hospital arrival,

which was within 72 hours of reported symptom onset. Virus was quantified by

RT-PCR. We assume an incubation period between viral inoculation and onset of
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Figure 2.5: Simulations of the minimal models, parameterized according to Table
2.1, alongside viral load data from DENV-1 infected adult patients (Clapham et al.,
2014). (a) Primary infection data and model dynamics. Viral load data from pri-
mary infection dengue fever (DF) patients (n = 15) are shown in green; viral load
data from primary infection dengue hemorrhagic fever (DHF) patients (n = 3) are
shown in gray. (b) Secondary infection data and model dynamics. Viral load data
from secondary infection DF patients (n = 91) are shown in green; viral load data
from secondary infection DHF patients (n = 32) are shown in gray. Model simu-
lations recover generally shorter times to peak viremia (Tricou et al., 2011; Nguyet
et al., 2013), higher viral clearance rates, (Tricou et al., 2011; Vaughn et al., 2000),
and higher peak viremia levels (Tricou et al., 2011; Duyen et al., 2011) observed in
symptomatic secondary infections relative to symptomatic primary infections.

symptoms of 6 days (Chan and Johansson, 2012). Figure 2.5 shows the viral load

kinetics simulated using our minimal primary and secondary infection models under

the parameterizations provided in Table 2.2, along with data from both DF and DHF

primary and secondary dengue infections. Though there is considerable variability in

the observed data, the model simulations effectively capture their general dynamics.

Furthermore, the data shown are consistent with the features described in sections

2.2.1 and 2.2.4.

The dengue viral load data contains both non-infectious and infectious viral par-

ticles (Tricou et al., 2011). However, we can consider only infectious virus in the

model without impacting any of the other model variables by introducing a conver-

sion factor that captures the ratio of all virus particles to infectious virus particles.

By dividing the model parameter ρ by the conversion factor and multiplying the
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parameter β by this factor, the dynamics of the system remain unchanged, with

the exception of the free virus dynamics. These dynamics are changed in that V is

proportionally reduced by the magnitude of the factor at each time point, thereby

modeling infectious virus particles instead of all virus particles.

2.4 Consistency of model with an increased risk of disease in heterol-
ogous secondary infections

Because DHF/DSS is characterized by increased vascular leakage (Martina et al.,

2009), many studies have examined the relationship between pro-inflammatory cy-

tokines that enhance capillary permeability and the risk of developing severe disease.

Vascular leakage, the hallmark of DHF, occurs around the time of defervescence and

lasts for approximately 48 hours (Srikiatkhachorn and Green, 2010). During this

period levels of TNF-α, IL-6, and IL-8 are consistently seen to be elevated in DHF

patients compared to DF patients or healthy controls (Basu and Chaturvedi, 2008;

Srikiatkhachorn and Green, 2010; Chaturvedi et al., 2000; Raghupathy et al., 1998).

TNF-α in particular has been shown to be correlated with disease severity in nu-

merous studies (Martina et al., 2009; Srikiatkhachorn and Green, 2010; Chakravarti

and Kumaria, 2006; Braga et al., 2001; Hober et al., 1993, 1996; Iyngkaran et al.,

1995). Furthermore, human polymorphisms that predispose for high TNF-α produc-

tion have been shown to be associated with increased susceptibility to DHF (Perez

et al., 2010). IL-6 and IL-8 work synergistically with TNF-α to mediate activation of

endothelial cells (Martina et al., 2009). Although the complete role these cytokines

play in dengue pathogenesis is not clear, their peak levels have been shown to be

strongly correlated with disease severity (Rathakrishnan et al., 2012; Hober et al.,

1993; Butthep et al., 2012).

The mechanisms that result in this high cytokine production are complex and

most likely multifactoral (Martina et al., 2009; Mathew and Rothman, 2008). Many
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studies have shown that viremia levels are consistently correlated with disease sever-

ity (Tricou et al., 2011; Duyen et al., 2011; Wang et al., 2006). As high viremia is

both a cause and a consequence of a high number of infected cells, and infected cells

secrete cytokines, it has been suggested that high viremia (reflecting high numbers

of infected cells) is necessary for the development of plasma leakage (Duyen et al.,

2011; Rothman et al., 2014). However, high viremia may not be sufficient for the

development of plasma leakage (Rothman et al., 2014).

T-cell-secreted cytokines have also been implicated in the development of se-

vere disease (Mathew and Rothman, 2008; Rothman, 2011; Rothman et al., 2014).

Specifically, a theory known as original antigenic sin (OAS) proposes that T-memory

cell populations with low avidity for the infecting virus of a heterologous secondary

infection cause a strong pro-inflammatory response, as would any T-memory cell

population activated by a secondary infection. Yet, because of their low avidity, the

ability of these T-cells to lyse infected cells, and thereby to protect against viral infec-

tion, may be poor (Rothman, 2011; Mongkolsapaya et al., 2003). In support of OAS,

a study of dengue virus-specific T-cell responses in Thai children showed that the

majority of dengue-virus-specific T-cells were of low affinity for the infecting serotype

but had high affinity to one of the other three serotypes (Mongkolsapaya et al., 2003).

This study also showed that patients with DSS had stronger T-cell responses than

individuals with less severe disease. In contrast to these pathologic effects of T-cells,

recent studies have suggested that T-cells may instead play a protective role against

severe disease (Weiskopf et al., 2013; Mathew and Rothman, 2008; Dung et al.,

2010). Specifically, Weiskopf and coauthors showed that individuals with a strong

T-cell response were associated with an HLA allele that appears to confer protection

from severe disease (Weiskopf et al., 2013). They further showed that in trans-

genic mice heterologous secondary infections responses directed to serotype-specific

epitopes were impaired, but responses to conserved epitopes were not, suggesting
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that heterologous secondary infections are associated with a limited T-cell response

(Weiskopf et al., 2014). Dung and coauthors further documented a temporal mis-

match between CD8+ T-cell activation and vascular leakage (Dung et al., 2010),

suggesting that T-cell-secreted cytokines do not contribute to the development of

severe disease.

Taken together, these studies show that while both infected cells and T-cells are

known to secrete cytokines associated with severe disease, the contribution of T-cell

produced cytokines to severe disease is unclear (Tisoncik et al., 2012; Martina et al.,

2009; Mathew and Rothman, 2008). To determine whether the minimal models de-

veloped above for a primary and a secondary dengue infection are able to recover the

well-established pattern of increased risk of severe disease in a heterologous secondary

infection, we consider a disease severity formulation under two different parameter-

izations. The first parameterization assumes that T-cell secreted cytokines do not

impact the development of severe disease, while the second assumes that T-cells may

act to exacerbate disease severity (although they cannot alone precipitate severe

disease).

To keep the model as simple as possible, we group endothelial cell activating

cytokines (TNF-α, IL-6, IL-8) into a single variable, E. We assume that these

cytokines are primarily secreted by infected cells at rate qEI, and decay at rate dEE.

To include the possible pathologic role of T-cells, we assume that T-cell secreted

cytokines can amplify a pro-inflammatory response orchestrated by signaling between

infected cells, as suggested by (Dung et al., 2010). Because peak levels of endothelial

cell activating cytokines have been shown to strongly correlate with disease severity

(Butthep et al., 2012; Hober et al., 1993; Rathakrishnan et al., 2012), we assume that

the risk of developing severe disease is proportional to the peak level of E (disease

severity 9 max(E)). Mathematically, the dynamics of disease-associated cytokines

are therefore given by:
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dE{dt “ qEp1` αT qI ´ dEE (2.8)

With α “ 0, T-cell secreted cytokines do not contribute to disease severity, whereas

with α ą 0, these cytokines exacerbate disease severity.

Figure 2.3f shows that both disease severity parameterizations for a secondary

heterologous infection result in higher peak values of endothelial activators compared

to a primary dengue infection, and therefore both parameterizations result in a higher

risk of developing severe disease compared to a primary infection.

2.5 Consistency of models with virological indicators of disease sever-
ity

Clinical studies have indicated that viral kinetic features of an infection may be use-

ful in predicting the risk of an individual developing severe disease (Tricou et al.,

2011; Vaughn et al., 2000; Duyen et al., 2011; Wang et al., 2006). These virologi-

cal indicators include the level of peak viremia, the time to peak viremia, and the

viral clearance rate. To determine if the minimal models developed in the previous

sections are able to reproduce the established relationships between these virological

indicators of disease severity and the risk of developing severe disease, we used a Latin

Hypercube Sampling (LHS) approach (Marino et al., 2008; Blower and Dowlatabadi,

1994). LHS is a random sampling method where uncertainty in each model param-

eter is considered in its contribution to a specified outcome, in our case, the risk

of developing severe disease, which we take to be proportional to the peak level of

endothelial activators E.

We first performed LHS simulations by varying parameters of both the primary

infection and the secondary infection models (Figure 2.6). For a primary infection,

we considered variation in the initial condition Sp0q, and the model parameters

β, ρ, κ, qN
q
d
, and dN on the peak level of endothelial activators. For a secondary
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Figure 2.6: The relationship between virological indicators and the risk of develop-
ing severe disease. Sp0q, β, ρ, κ, qN

q
d

and dN are varied for a primary and secondary
infection. T p0q, δT , qT , and dT are additionally varied for a secondary infection. Pri-
mary infection simulations are shown with pink dots. Secondary infections simula-
tions are shown with dark blue pluses (α “ 0) and light blue diamonds (α “ 2ˆ10´5).
(a) A scatterplot of peak viremia (log10 copies/mL) and the maximum value of en-
dothelial activators (pg/mL) for each LHS simulation. (b) A scatterplot of time to
viral peak (days) and the maximum value of endothelial activators (pg/mL) for each
LHS simulation. (c) A scatterplot of daily viral clearance rate (log10 copies/mL) and
the maximum value of endothelial activators (pg/mL) for each LHS simulation.

infection, we considered variation in these same parameters and initial conditions

as well as in the initial condition T p0q and the T-cell parameters δT , qT and dT

(Figure 2.6). We used a sample size of 500 LHS simulations and sampled each

parameter from a uniform distribution that extended ˘ 10% from the point estimates

provided in Table 2.2.

2.5.1 Peak viremia as a virological indicator

The first virological indicator of disease severity we consider is peak viremia. A

higher magnitude of viral load early in infection has been repeatedly associated with

a higher risk of developing severe disease (Tricou et al., 2011; Libraty et al., 2002;

Duyen et al., 2011; Wang et al., 2006; Nguyet et al., 2013). When a viral peak is

observed, higher values of peak viremia are associated with a higher risk of developing

severe disease (Tricou et al., 2011). Figure 2.6a shows that regardless of whether

T-cell secreted cytokines contribute to disease severity or not, our models reproduce
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the observed positive association between peak viral load and peak endothelial cell

activator levels. Furthermore, Figure 2.6a shows that during a secondary infection,

peak viral load and peak E levels (indicative of the risk of developing severe disease)

are both generally higher than in a primary infection. When we assume T-cell

secreted cytokines contribute to disease severity (α ą 0), secondary infections with

similar peak viremia values to a primary infection nevertheless carry a higher peak

level of endothelial activators.

Despite showing a clear positive relationship between peak viral load and the peak

level of endothelial activators, Figure 2.6a also indicates that this relationship is not

perfect, that is, there is scatter. We can qualitatively understand this scatter between

the level of peak viremia and the peak level of endothelial activators by examining

the directional effects of each varied parameter. In primary dengue infections, and

in secondary dengue infections when disease severity is assumed to be due to only

infected cell-secreted cytokines, the level of peak viremia is almost a perfect predictor

of disease severity (Figure 2.6a). This is because increases in early-acting parameters

(Sp0q, β, ρ) all act to increase the number of infected cells, resulting in both higher

peak viremia and a higher maximum number of endothelial activators. Increases in

late-acting parameters (κ, qN
q
d
, dN , δT , qT and dT ) all act to decrease the number of

infected cells, resulting in both lower peak viremia and a lower maximum number of

endothelial activators.

In secondary dengue infections in which we assume that T-cell secreted cytokines

contribute to disease severity, we see more scatter in the relationship between peak

viremia and peak levels of E. This is because variation in parameters that affect T-

cell dynamics now have disparate directional effects. Specifically, parameter changes

that increase T-cell levels lower peak viremia, but increase peak levels of E.

While our analysis suggests that peak viremia is a relatively good indicator of dis-

ease severity, it also highlights that if T-cells contribute significantly to the cytokine

35



storm, the predictiveness of this indicator is limited.

2.5.2 Time to peak viremia as a virological indicator

The second indicator of disease severity we consider is the time to peak viremia.

Several studies have shown that high viremia levels early in infection are associated

with a higher risk of developing severe disease (Tricou et al., 2011; Libraty et al.,

2002; Nguyet et al., 2013). For primary infections, a shorter time to peak viremia is

associated with higher disease severity, while peak viremia is rarely observed during a

secondary infection, suggesting that virus peaks earlier in secondary infection relative

to a primary infection (Tricou et al., 2011). Figure 2.6b shows that our models recover

this described negative relationship between time to peak viremia and the peak level

of endothelial activators. In secondary infections, when we assume T-cells contribute

to disease severity, a given time to peak viremia results in a substantially higher peak

level of endothelial activators compared to when T-cells only play a protective role.

The relationship between the time to peak viremia and the peak level of endothe-

lial activators displays considerably more scatter than that observed between peak

viremia and the peak level of endothelial activators (Figure 2.6b vs. Figure 2.6a).

This is because the late-acting parameters (κ, qN
q
d
, dN , T p0q, δT , qT and dT ) do not

significantly impact the time to peak viremia, while their values can considerably

impact peak endothelial activator levels. Increased scatter is present when T-cell se-

creted cytokines contribute to the level of endothelial activators, because the number

of T-cells impacts the peak level of endothelial activators, while essentially having

no effect on the time to peak viremia.

Our analysis suggests that the time to peak viremia may be of limited use as

a virological indicator of disease severity if there is considerable variation in the

immune response of individuals. If T-cells contribute to disease severity, the time

to peak viremia becomes an even less effective indicator of disease severity. On the
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other hand, if individual variability is largely dominated by early-acting parameters,

we would expect the time to peak viremia to be an effective indicator.

2.5.3 Viral clearance rate as a virological indicator

Studies have shown conflicting associations between the rate of viral clearance and

the risk of developing severe disease. Wang and colleagues, for example, found that

a lower viral clearance rate was associated with the development of DHF in a study

of 26 individuals experiencing secondary dengue infection (Wang et al., 2006). In

contrast, Vaughn and coauthors found that a higher viral clearance rate was associ-

ated with the development of DHF in a study of 51 individuals experiencing either

a primary or a secondary infection (Vaughn et al., 2000). This latter study further

showed that the viral clearance rate was significantly higher in secondary dengue

infections than in primary dengue infections. Similarly, a third study of 248 indi-

viduals experiencing either a primary or a secondary infection (Tricou et al., 2011)

found a higher rate of viral clearance in secondary dengue infections than in primary

dengue infections, along with a slightly lower rate of viral clearance in patients with

DHF during the secondary infection, compared to those with DF.

Figure 2.6c shows that our models predict a positive relationship between the

rate of viral clearance (quantified as the maximal daily viral clearance rate) and

the peak level of endothelial activators for both primary and secondary infections.

When we assume T-cell secreted cytokines contribute to disease severity, a given viral

clearance rate results in a substantially higher peak level of endothelial activators

compared to when T-cells only play a protective role.

Again, there is considerable scatter in the relationship between viral clearance

rate and the peak level of endothelial activators. This is because changes in the

parameters that affect NK cell and T-cell dynamics have opposite effects on the viral

clearance rate than on the level of endothelial activators. Parameter changes that
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increase the number of NK cells or T-cells simultaneously increase the viral clearance

rate while decreasing the number of infected cells, and therewith peak endothelial

activator levels.

While our findings indicate that the viral clearance rate may not be a good

indicator for predicting the onset of severe disease, they are helpful in understanding

the conflicting results of the studies described above. The results from (Wang et al.,

2006), showing that a lower viral clearance rate was associated with increased disease

severity suggests that T-cells in these patients played largely protective roles, such

that a low clearance rate reflects a suboptimal T-cell response. The opposite result

observed in the other two studies may be explained by inter-individual variation in

early-acting parameters, or, if T-cells contribute to disease severity, by a strong T-cell

response.

2.5.4 Robustness of virological indicator results to alternative disease severity for-
mulations

We also consider if the results shown in Figure 2.6 are robust to alternative dis-

ease severity formulations. One alternative formulation reflects the assumption that

T-cells can secrete cytokines that contribute to disease severity, and that these se-

creted cytokines do not simply amplify, but contribute additively to peak E levels.

This assumption leads to the alternative disease severity formulation of dE{dt “

qEI ` aT ´ dEE instead of equation (2.8), where a is a parameter quantifying the

production rate of endothelial activators by T-cells. This formulation reproduces the

relationships between the virological indicators and peak levels of E observed with

the original disease severity formulation provided in equations (2.8) (Figure 2.7).

With this alternative formulation, however, an individual with high T-cell counts

but low viremia can experience a high risk of developing severe disease, a pattern

that is not supported by the literature (Duyen et al., 2011; Rothman et al., 2014).
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Figure 2.7: The relationship between virological indicators and the risk of develop-
ing severe disease in a secondary dengue infection when T-cells contribute additively
to the risk of severe disease. Here, the dynamics of endothelial activators are given
by dE{dt “ qEI ` aT ´ dEE where a “ 1ˆ 10´2. Sp0q, β, ρ, κ, qN

q
d
, dN , T p0q, δT , qT ,

and dT are varied in these LHS simulations. (a) A scatterplot of peak viremia (log10

copies/mL) and the peak level of endothelial activators for each LHS simulation. (b)
A scatterplot of time to viral peak (days) and the peak level of endothelial activa-
tors for each LHS simulation. (c) A scatterplot of daily viral clearance rate (log10

copies/mL) and the peak level of endothelial activators for each LHS simulation.

Returning to equation (2.8) to describe endothelial activator dynamics, we can

alternatively consider the risk of severe disease to be proportional to the total amount

of endothelial activators secreted during the infection (
ş8

0
Eptqdt). This alternative

formulation also reproduces the described relationships between the virological indi-

cators and the risk of developing severe disease (Figure 2.8). However, this disease

measure incorporates cytokine dynamics after vascular leakage has occurred, making

it, to some degree, biologically unreasonable. The incorporation of post-defervescence

cytokine dynamics also generates more scatter in the relationships between the viro-

logical indicators and the risk of developing severe disease.

2.6 Discussion

Here we have developed a suite of within-host mathematical within-host dengue mod-

els to describe the dynamics of the virus and to better understand the development

of severe dengue disease. By first beginning with a target cell model, and adding
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Figure 2.8: The relationship between virological indicators and the risk of severe
disease when the risk of severe disease is assumed to be proportional to the total
amount of endothelial activators. Sp0q, β, ρ, κ, qN

q
d

and dN are varied for a primary
and secondary infection. T p0q, δT , qT , and dT are additionally varied for a secondary
infection. Primary infection simulations are shown with pink dots. Secondary infec-
tions simulations are shown with dark blue pluses (α “ 0) and light blue diamonds
(α “ 2 ˆ 10´5). (a) A scatterplot of peak viremia (log10 copies/mL) and the risk
of severe disease for each LHS simulation. (b) A scatterplot of time to viral peak
(days) and the risk of severe disease for each LHS simulation. (c) A scatterplot of
daily viral clearance rate (log10 copies/mL) and the risk of severe disease for each
LHS simulation.

increasing complexity, we have arrived at minimal models able to reproduce charac-

terized viral features for both primary and secondary infections. We have shown that

only the innate immune response is needed to recover the model features of a primary

dengue infection, and that for a secondary dengue infection, a higher rate of viral

infectivity (representing ADE) is needed to recover the higher peak viremia value

and the shorter time to peak viremia, while T-cells are needed to recover the higher

viral clearance rate. We parameterized our minimal models using a combination of

literature estimates and described features.

Our models are the first dengue models to link within-host dynamics to a quan-

titative measure of disease severity. Specifically, we assumed that severe dengue

disease, characterized by vascular leakage, results from a cytokine storm, consistent

with current thinking (Rothman, 2011; Tisoncik et al., 2012; Chaturvedi et al., 2000).

We developed two disease severity formulations differing in the contribution of T-

cell secreted cytokines to disease severity. While these disease severity formulations
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greatly simplify the complex mechanisms leading to severe dengue disease, they are

a first step in providing a quantitative framework for understanding the processes

jointly regulating viral dynamics and driving the onset of severe disease.

We have shown through simulation that the models reproduce associative re-

lationships between known virological indicators and the peak level of endothelial

activators, our measure of the risk of developing severe disease, and that these re-

lationships are robust to our disease severity parameterizations. However, we have

also shown that the effectiveness of these indicators depends heavily on the (as yet

disputed) contribution of T-cells in precipitating severe disease.

Although our models can reproduce viral patterns and the association between

known virological indicators and the risk of developing severe disease, our current

parameterizations of the models are not obtained through statistical fits to data.

Instead, our parameterization is based on well-established viral features. While

statistical fits to data, as performed by Clapham and coauthors (Clapham et al.,

2014), are extremely valuable, the lack of available viral and immunological data

early in dengue infection is currently a limiting factor in robustly estimating model

parameters. This underscores the importance of large longitudinal cohort studies in

facilitating the collection of these types of data. The Pediatric Dengue Cohort Study

in Nicaragua (Biswas et al., 2012), for example, routinely tests children for dengue,

and detects inapparent as well as symptomatic infections. This type of study should

be able to obtain detailed viral measurements early in infection, specifically before

viremia peaks. Along with viral kinetic data, more detailed kinetic data of NK and

T-cell activation markers in relation to the timing of vascular leakage, the hallmark

of DHF, are needed to help elucidate the extent of the protective role of NK cells

and the contribution of T-cells to disease severity. Additionally, more detailed ki-

netic studies of cytokines in relation to the timing of vascular leakage will be useful

in determining which cytokines are the best markers of disease severity.

41



In our parameterization of the models, we focused exclusively on the differences

between a primary and a secondary dengue infection. However, it is well known that

the risk of developing severe disease in a secondary dengue infection can depend on

the identities of the particular virus serotype of the primary infection as well as of the

virus serotype of the secondary infection (Guzman et al., 2013; Endy et al., 2004).

The secondary infection model is sufficiently flexible to be able to examine this order-

of-infection effect simply through re-parameterization. A thorough analysis, however,

will critically again depend on data availability. We are currently unaware of any

studies that examine viral load dynamics in individuals experiencing a secondary

dengue infection in which the serotype identity of the primary infection has been

documented.

We also did not explicitly address temporary cross-protection or cross-immunity

between serotypes with our model, although observational and epidemiological stud-

ies have both indicated that individuals are protected either from infection or disease

for up to 2 years following a primary infection (Guzmán et al., 2002; Sabin, 1952;

Reich et al., 2013). Our models, however, could easily accommodate this effect

through a re-parameterization. Presumably, individuals are protected in a heterolo-

gous secondary infection for a period following a primary infection because protective

antibody levels remain sufficiently high to be capable of effectively neutralizing virus.

In our model, this would lead to an increase in the viral clearance rate, lowering ρ

and the within-host basic reproduction number. Because decreases in the basic re-

productive number result in either the inability for a virus to infect an individual

or reduced viremia, this simple re-parameterization of the model indicates that we

should expect to see a lower risk of developing severe disease in recently infected

individuals.

While alternative parameterizations can be used to consider certain questions we

have not examined here, our models make several simplifying assumptions that need
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to be relaxed to address other outstanding questions. First, the secondary infection

model assumes that the humoral immune response occurs immediately and stays at

a constant level (represented by an increased β). Because our current model does

not explicitly include the dynamics of the humoral immune response, we may be

oversimplifying the contribution of antibodies to disease severity. Furthermore, a

dynamic adaptive immune response needs to be modeled to understand for example

the downstream effects of the antibody response in modulating cytokine production

(intrinsic ADE) (Halstead et al., 2010). Second, for simplicity, we do not distinguish

between different types of cytokines and therefore do not include the roles of cer-

tain cytokines in upregulating or downregulating the production of other cytokines,

which may be important in understanding the complex mechanisms leading to the

occurrence of vascular leakage (Martina et al., 2009; Chaturvedi et al., 2000).

Although the assumptions that our within-host mathematical models currently

make limit their applicability to certain questions, we believe that they stand as a

good jumping off point for more complex models. They are a first attempt to under-

stand how the dynamics of dengue virus and the immunological response of its host

affect the risk of developing severe disease. They provide insight into the contribu-

tion of infected cells and T-cells to disease severity and highlight the importance of

within-host dynamics early in the infection in predicting disease severity. They also

highlight that the predictiveness of virological indicators are dependent on our un-

derstanding of the mechanisms leading to severe disease. Modifications of the model,

in terms of both parameterization and structure, will require more extensive datasets

and, critically, continued collaborative interactions between quantitative biologists

and dengue virologists and immunologists.

43



3

Drivers of inter-individual variation in dengue viral
load dynamics

3.1 Introduction

Dengue is an important arthropod-borne virus whose incidence and spatial extent

have increased dramatically in recent years (Bhatt et al., 2013). The virus comprises

4 serotypes (DENV-1-4), each of which is further structured into clades of genetically

similar viruses called genotypes (Holmes and Burch, 2000). Infection by any one of

the four serotypes can result in a range of severity from asymptomatic infection to

symptomatic dengue fever (DF) to potentially fatal dengue hemorrhagic fever (DHF).

Current understanding of why some dengue-infected individuals develop severe dis-

ease while others do not manifest the infection clinically is still limited. This is

due to the complex relationship between the dengue virus and the immune response

(Flipse and Smit, 2015; Murphy and Whitehead, 2011), the presence of antigenic

Chapter 3 was modified from a submitted publication to PLOS Computational Biology, authored
by R Ben-Shachar, S Schmidler and K Koelle.
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cross-reactivity between serotypes (Flipse and Smit, 2015; Wahala and Silva, 2011),

phenotypic variation between dengue genotypes (Zhang et al., 2005; Kochel et al.,

2002), and the lack of a suitable animal model (Zompi and Harris, 2012; Thomas

and Rothman, 2015).

Despite limitations in our current understanding of dengue pathogenesis, key

risk factors for the development of severe dengue disease have been identified in

longitudinal epidemiological studies (Guzman et al., 2013; Fried et al., 2010; Mon-

toya et al., 2013; Bhoomiboonchoo et al., 2015). These studies have shown that the

most important risk factor for severe disease manifestation is a previous heterologous

dengue infection (Guzman et al., 2013). Clinical and experimental studies have in-

dicated that increased disease severity during secondary infection may be explained

by poorly-neutralizing antibody responses and suboptimal cross-reactive T-cell re-

sponses against the infecting serotype (Kliks et al., 1989; Flipse and Smit, 2015;

Rothman et al., 2014; Mongkolsapaya et al., 2003).

Longitudinal epidemiological studies have further indicated that the identity of

the infecting serotype can impact the risk of developing severe dengue disease. For

example, a study in Nicaragua indicated that primary DENV-1 infections were as-

sociated with more severe clinical manifestations than primary DENV-2 infections

(Balmaseda et al., 2006). A study in Thailand showed that DENV-2 was associated

with more severe disease than DENV-1, after controlling for exposure history (Fried

et al., 2010). In this study, secondary DENV-2 and DENV-3 infections were also

twice as likely to result in DHF than secondary DENV-4 infections (Fried et al.,

2010).

There is further evidence indicating that dengue genotypes can differ in virulence

(Rico-Hesse, 2003). The Asian genotype of DENV-2 appears to cause severe disease

more frequently than the American genotype of DENV-2 (Rico-Hesse et al., 1997).

Very little is currently known, however, about why certain dengue serotypes and
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genotypes may be associated with increased disease severity. The most well-studied

mechanism invoked to explain observed differences in virulence involves differences

in viral replication rates between dengue viruses (Guzman et al., 2013). In vitro

studies have shown that the Asian I genotype of DENV-2 appears to have a higher

replication rate than the American genotype of this serotype (Cologna et al., 2005).

Other studies have shown that dengue serotypes can differ in their ability to subvert

type I interferon signaling (Medina et al., 2015) and in patterns of CD8+ T cell

immunodominance (Weiskopf et al., 2015a), both of which may impact patterns of

clinical manifestation.

To better understand the mechanisms underlying these important risk factors for

the development of severe disease, viral load patterns of dengue-infected patients have

become increasingly characterized. High viral loads are generally associated with se-

vere dengue disease (Tricou et al., 2011; Vaughn et al., 2000; Duyen et al., 2011),

and have been suggested to be necessary for the development of plasma leakage, a

hallmark of DHF (Duyen et al., 2011; Rothman et al., 2014). Yet the relationship

between high viral load and increased disease severity becomes inherently more com-

plex when further stratified by clinical manifestation (DF or DHF) and by serotype

(Tricou et al., 2011). In Vietnam, for example, where DENV-1 incidence is typically

high relative to other serotypes, DENV-1-infected individuals generally appear to

have higher viral loads than DENV-2-infected individuals, but DENV-2 infections

are typically associated with higher disease severity (Tricou et al., 2011; Fox et al.,

2011). Apart from viral load levels, the rate of viral clearance and the time to peak

viremia have been used as predictors for the development of severe dengue disease

(Tricou et al., 2011; Duyen et al., 2011; Wang et al., 2006; Fox et al., 2011).

Here, our aim is to improve our understanding of the within-host mechanisms

leading to observed variation in viral load dynamics across dengue-infected patients.

Insight into these mechanisms can shed light on why certain viral load features may
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be useful for predicting dengue disease outcome and on the mechanistic basis behind

identified risk factors. Our approach is statistical in nature: we fit mechanistic

within-host dengue models to viral load measurements from infected patients and use

a Bayesian approach to choose between the models to identify significant drivers of

viral load variation between patients. Bayesian methods have become an increasingly

popular approach for parameter inference (Spiegelhalter, 1995), in part because they

allow for incorporation of prior information of parameters and for a straightforward

analysis of correlation structure between parameters.

Bayesian inference via Markov chain Monte Carlo (MCMC) has been used for

inference of within-host HIV models (Putter et al., 2002; Huang et al., 2006), as well

as, more recently, dengue (Clapham et al., 2014). This latter analysis fit parameters

of a simple dengue within-host model to viral load measurements from exclusively

DENV-1 infected patients of the same clinical cohort we study. The authors con-

sidered model variants in which some parameters differed by individual while others

differed only by group (defined by immune status and clinical manifestation). They

found that individual variation in intrinsic incubation period and immune response

parameters were needed to account for observed inter-individual variation in DENV-

1 virus dynamics (Clapham et al., 2014). They further found that the parameters

controlling viral infectivity and viral clearance were higher in secondary infections

than in primary dengue infections (Clapham et al., 2014).

To complement this work, we here consider the viral load dynamics across dengue

serotypes DENV-1, DENV-2, and DENV-3, while still taking into account that vari-

ation in viral load might arise from differences in the immune status of patients.

Specifically, we consider models of increasing complexity that reflect hypotheses that

have been put forward in the dengue literature. We first consider a model in which

all observed viral load measurements follow the same within-host dynamics. We

build on this model by allowing within-host dynamics of secondary heterologous in-
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fections to differ from those of primary infections in their ability to rapidly invoke a

cellular immune response. Following these models, we consider processes that have

been invoked to explain differences in clinical manifestation outcomes: original anti-

genic sin (OAS) of T-cells and antibody dependent enhancement (ADE). Finally,

we consider models that capture serotype-specific differences in viral infectivity rate,

the strength of the elicited innate immune response, and the strength of the elicited

T-cell response. Comparison of model fits using the Bayesian Information Criterion

first indicates that variation in viral load is in part explained by individual immune

status (primary or secondary infection), with ADE contributing to whether a patient

develops DHF in a secondary dengue infection. Variation in viral load is further ex-

plained by the identity of the infecting serotype, with the best supported hypothesis

having serotypes differ in viral replication rate. Specifically, our analysis shows that

viral replication rates of DENV-2 and DENV-3 are significantly higher than those

of DENV-1. In the Discussion, we consider the implications of these results for

understanding patterns of dengue disease severity and transmissibility.

3.2 Methods

3.2.1 Data

We statistically analyze individual-level dengue viral load data from a clinical trial

of the antiviral drug Cloroquine. This trial enrolled adult dengue patients at the

Hospital for Tropical Diseases in Ho Chi Minh City, Vietnam (Tricou et al., 2011,

2010). Previous analyses of the viral load data indicate that Cloroquine had no mea-

surable effect on viral load dynamics (Tricou et al., 2010). As in previous analyses of

this dataset (Tricou et al., 2011; Clapham et al., 2014), we therefore do not make a

distinction between Cloroquine-treated patients and control patients. Viremia of 239

dengue-infected patients was measured in the blood twice a day following hospital-

ization, which was within 72 hours of reported symptom onset. Virus was quantified
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by RT-PCR and the assay used had a limit of detection of either 1,500 copies/ml

or 15,000 copies/ml (Clapham et al., 2014). Time was measured in days since the

onset of symptoms. In addition to viremia measurements, the dataset included each

patient’s infecting serotype, immune status (primary infection or secondary heterolo-

gous infection), and clinical manifestation (DF or DHF). Patients were infected with

either DENV-1 (N = 142), DENV-2 (N = 51), DENV-3 (N = 39), or DENV-4 (N

= 7). 30 of the patients were experiencing a primary infection; the remaining 209

patients were experiencing a secondary infection. Overall, 170 patients presented

with DF; the remaining 69 presented with DHF. Due to the low numbers of primary

infection DHF patients (N = 4) and of DENV-4-infected patients, we excluded these

individuals from our analyses. Figure 3.1 shows the raw viral load data from the

remaining 228 patients, stratified by infecting dengue serotype (DENV-1, DENV-2,

or DENV-3) and by immune status and clinical manifestation (primary infection DF,

secondary infection DF, secondary infection DHF).

3.2.2 Within-host dynamics

We consider dengue within-host dynamics to be governed by the following set of

equations:

dX{dt “ ´βXV

dY {dt “ βXV ´ αNY ´ δTY T

dV {dt “ ωY ´ κV

dN{dt “ qY ´ dNN

dT {dt “ qTY T ´ dTT (3.1)

where X is the number of uninfected cells, Y is the number of infected cells, V is

the concentration of free virus, N is the number of natural killer (NK cells), and T is
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Figure 3.1: Viral load data. For all subplots, x-axes show time in days since
the onset of symptoms and y-axes show viral load in log10 copies/mL. Dotted lines
show limits of detection for the assays used. Rows correspond to serotypes: (a-c)
DENV-1; (d-f) DENV-2; (g-i) DENV-3. Columns correspond to immune status and
clinical manifestation: (a, d, g): primary infection dengue fever; (b, e, h): secondary
infection dengue fever; (c, f, i): secondary infection dengue hemorrhagic fever. The
number of patients (N) for whom viral load data are available is provided in each
subplot.

the number of T-cells. Free virus infects target cells at rate β, NK cells clear infected

cells at rate α, T-cells clear infected cells at rate δT , infected cells produce free virus

at rate ω, free virus is cleared at rate κ, infected cells stimulate the production of NK

cells at rate q, NK cells decay at rate dN , the interaction of T-cells and infected cells

stimulate the production of T-cells at rate qT , and T-cells decay at rate dT . These

equations are based on a previously published within-host mathematical model for

dengue that is capable of reproducing characteristic features of both primary and
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secondary dengue infections (Ben-Shachar and Koelle, 2015).

In both primary and secondary infections, the innate immune response (repre-

sented by NK cells) plays a pivotal role in regulating viral dynamics. This assumption

is based on empirical studies that have shown support for the innate immune response

(over the adaptive immune response) in clearing primary dengue infections (Green

et al., 1999a; Shresta et al., 2004). The innate immune response has further been

shown to remain important for regulating viral dynamics in secondary infections

(Green et al., 1999a). In secondary infections, we assume that T-cells can contribute

to the clearance of dengue-infected cells, based on a study that showed that T-cells

were required for protection against heterotypic dengue infection in a mouse model

(Zellweger et al., 2015). In primary infections, we assume (based on (Friberg et al.,

2011; Shresta et al., 2004)) that T-cells contribute negligibly to viral load dynamics.

We implement this assumption by setting the initial number of T-cells (T0) to zero in

primary infection model fits. Note that equations (1) do not model antibody dynam-

ics explicitly. However, the magnitude of the viral infectivity rate β can implicitly

incorporate the role of antibodies in enhancing viral infectivity in certain infections.

Equations (3.1) differ from the within-host dengue equations used in (Clapham et al.,

2014). Their equations model clearance of infected cells in primary and secondary

infections by what appears to be an adaptive immune response.

Equations (3.1) contain a total of 5 initial conditions (X0, Y0, V0, N0, and T0) and

9 model parameters (β, α, δT , ω, κ, q, dN , qT , and dT ) (Table 3.1). We first perform an

identifiability analysis on equations (3.1), similar to the approach used by Clapham

and colleagues (Clapham et al., 2014), to determine which of these initial conditions

and parameters could in principle be independently estimated. Substituting V 1 “

βV , N 1 “ αN and T 1 “ δTT into equations (3.1) yields:

51



dX{dt “ ´XV 1

dY {dt “ XV 1 ´N 1Y ´ T 1Y

dV 1{dt “ βωY ´ κV 1

dN 1
{dt “ qαY ´ dNN

1

dT 1{dt “ qTY T
1
´ dTT

1

These equations show that parameters q and α and parameters β and ω cannot

be independently estimated. Due to a lack of knowledge on the value of either q and

α, we assigned α an arbitrarily value of 10´3 per day for all analyses. We further

assigned ω a value of 104 copies/cell/day based on a virological study (Table 3.1).

We assigned values to initial conditions and parameters that have been indepen-

dently derived in the literature. Trivially, we set the initial number of infected target

cells (Y0) and NK cells (N0) both to 0. Following (Clapham et al., 2014), we set the

initial number of uninfected target cells (X0) to 107 cells/ml (Table 3.1). This value

is reasonable, given the range of healthy monocyte densities in plasma of adults (iG-

Pnotebook, 2015; Green et al., 1999a). We further set death rates of NK and T-cells

(dN and dT , respectively) based on literature estimates (Table 3.1).

Finally, because we do not have T-cell kinetic data and do not have early viral load

data, T0 cannot be estimated accurately. Therefore, in models we consider that have

a T-cell immune response, we assigned T0 a value of 105 cells/mL, a reasonable value

based on immunological studies (Table 3.1). We further found that δT could not be

accurately estimated. Fits of equations (3.1) to secondary dengue infections indicated

that this was because changes in this parameter value could be compensated for by

changes in estimates for V0 (Figure 3.2). When fitting equations (3.1) to viral load

measurements from individuals experiencing secondary infections, we found that the

rate at which T-cells clear infected cells (δT ) could not be accurately estimated. To
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Figure 3.2: Viral load and T-cell dynamics under different assigned δT values. (a)
Simulated viral load dynamics under different assigned values of δT . Dotted lines
show limits of detection of the assays used. (b) Simulated T-cell dynamics under
different assigned values of δT . In (a) and (b), simulations shown use parameter
estimates of β, κ, q, qT , and V0 that yielded the highest posterior.

determine why this might be the case, we set δT to a given value and estimated the

remaining model parameters (β, κ, q, and qT ) and initial condition (V0). Figure 3.2a

shows viral load dynamics simulated using model parameters that yielded the highest

likelihood, for 4 different values we assigned to δT p10´5/day, 10´6/day, 10´7/day, and

10´8/day). Figure 3.2b shows the simulated T-cell dynamics under these assigned

values of δT , indicating that the value of δT considerably impacted T-cell dynamics.

Simulated viral load dynamics (Figure 3.2a), however, were remarkably similar to

one another during viral decline, the period for which we have data. Our results

indicate that changes in the value of δT can be compensated for by changes in V0

estimates (Figure 3.2a). Because immunological studies examining T-cell dynamics

have found that T-cells reach counts on the order of 106 cells/ml in dengue infections

de Matos et al. (2015); Green et al. (1999b), we set δT to 10´6 per day (Figure 3.2b).

The only initial condition we thus fit in our statistical analysis of the viral load data

was the initial amount of free virus V0. The parameters in equations 3.1 we fit were

β, κ, q, and qT .

Because the viral load data were reported as a function of time since the onset

53



of symptoms and equations (3.1) describe within-host dengue dynamics from the

start of infection, it was necessary to further estimate the incubation period (IP),

defined as the time between viral inoculation and the onset of symptoms. Because

IP correlates strongly with the initial concentration of free virus (V0), we do not

attempt to estimate IP. Instead, we rely on results from a study that used Bayesian

time-to-event models to estimate IP durations using observations from 35 empirical

dengue studies (Chan and Johansson, 2012). This study estimated an IP of 5.9 days

for dengue, with 95% of the estimates lying between 3 and 10 days. Examination of

the viral load data shown in Figure 3.1 suggests that much of the inter-individual

variability of the data may be explained by individual differences in IP. We therefore

include a random effect on the IP to account for this variability. To incorporate this

random effect, we set the group-level incubation period IPg to the mean value of

5.9 days found in (Chan and Johansson, 2012), and estimate the standard deviation

of the incubation period, σI . We specifically assume that IP durations were log-

normally distributed, based on the results in (Chan and Johansson, 2012).
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3.2.3 Bayesian Implementation

To fit equations (3.1) to the viral load data shown in Figure 3.1, we assume log10

viremia measurements have normally-distributed measurement errors.

Given an incubation period IPj for individual j, the likelihood of the model

parameters γ given this individual’s viral load data Dj is given by:

Ljpγ|Djq “

n
ź

k“1

φpDjptkq|Mpγ, tk ` IPjq, σεq1DjptkqąLODj`

ΦpLODj|Mpγ, tk ` IPjq, σεq1DjptkqďLODj

(3.2)

The likelihood is evaluated over the number of viral load data points n of individ-

ual j. A given viral load data point k is provided at time tk, measured in days since

the onset of symptoms. Djptkq is thus the viremia measurement from individual j

at tk days since the onset of symptoms. To account for the incubation period, the

model-predicted viremia measurements M are measured at times tk + IPj. Both

Dj and M viremia levels are on the log10 scale. φ is the Gaussian probability den-

sity function (pdf), where the parameter quantifying the standard deviation of the

measurement error is σ2
ε , which, as in (Clapham et al., 2014), we set to 1. We use

the Gaussian pdf to calculate the probability of observing Djptkq only if the data

point Djptkq lies above the limit of detection (LOD). Φ is the Gaussian cumulative

distribution function (cdf). We use the Gaussian cdf to calculate the probability of

observing a data point Djptkq at or below the LOD. Rather than sample the IPjs

individually, we integrate them out numerically, assuming the probability density

of IPj is given by logNplogpIPgq, σ
2
I q. The overall log-likelihood is then the sum of

log-likelihoods over all individuals for whom we have viral load data.

We use the Metropolis-Hastings algorithm for MCMC parameter estimation with

a multivariate normal proposal distribution truncated to the positive quadrant as the
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model parameters shown in Table 3.1 are restricted to be positive. We use uniform

improper priors for all estimated parameters.

The MCMC algorithm was run for a total of 300,000 iterations, with a burn-

in of 150,000 iterations. Each model we considered was run for 4 different sets of

initial conditions of all parameters estimated. We assessed model convergence by

calculating the Rubin-Gelman convergence diagnostic for each model and ensuring

that R̂ ă 1.1 for each parameter (Gelman and Rubin, 1992), as well as assessing

posterior trace plots for convergence by eye. For all models, we found R̂ to be ă 1.1

for all parameters. To incorporate parameter correlations, after 30,000 iterations, we

began adapting the covariance of the proposal to the model posterior. At 150,000

iterations, we fixed the covariance matrix.

3.2.4 Models considered

We estimate parameters of equations (3.1) for models of varying complexity that re-

flect hypotheses that have been put forward by virological and immunological studies

of dengue infection. Our goal in fitting these various models is to determine which

hypotheses best explain variation in viral load patterns observed in dengue infected

patients. Table 3.2 summarizes the set of models we consider.

The first model we fit (model 0) is the most basic dengue model: it assumes

that viral load dynamics are regulated by the innate immune response, and that

the adaptive immune response plays a negligible role in regulating viral dynamics in

both primary and secondary dengue infections. It further assumes that viral load

dynamics do not differ by the infecting serotype or disease manifestation (DF/DHF).

This model therefore fits four parameters (β, κ, q, σI) and one initial condition V0.

The second model we fit (model 1) assumes that T-cells are important in clearing

infected cells during secondary infections, but not in primary infections. We imple-

ment this model by fitting the primary infection data to equations (3.1) under the
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Table 3.2: Models considered. Column k lists the number of free parameters. Global
parameters are parameters that are assumed to be the same across all individuals,
regardless of clinical manifestation or infecting serotype. Also shown are highest
sampled log-likelihood values and BIC values for all models considered.

Model k Global
parameters

Clinical-
manifestation-

specific
parameters

Serotype-
specific

parameters

Log-likelihood BIC

0 5 V0, β, κ, q, σI – – -2413 4865
1 6 V0, β, κ, q, qT , σI – – -2344 4735
OAS 7 V0, β, κ, q, qT , σI δT – -2344 4742
ADE 7 V0, κ, q, qT , σI β – -2343 4741
SSβ 8 V0, κ, q, qT , σI – β -2329 4720
SSq 8 V0, β, κ, qT , σI – q -2342 4746
SSqT 8 V0, β, κ, q, σI – qT -2333 4728

assumption that T0 “ 0, and by fitting the secondary infection data to equations

(3.1) under the assumption that T0 “ 105 cells/ml. Under this model, we assume

that all other parameters and initial conditions listed in Table 3.1 are the same across

infection types. This model therefore fits five parameters (β, κ, q, qT , σI) and initial

condition V0.

Models considering differences in clinical manifestation The next models we consider

aim to address whether there are differences in viral load dynamics between indi-

viduals presenting with different clinical manifestations (DF vs DHF), and, if so,

the mechanism(s) responsible for these differences. We first consider a model that

incorporates the process of original antigenic sin of T-cells (model OAS). OAS pro-

poses that fast-acting memory T-cell populations cause a strong pro-inflammatory

response during secondary heterologous dengue infections. Yet, because these popu-

lations have low avidity to the infecting virus, the protective effects of the T-cells in

lysing infected cells are suboptimal (Rothman, 2011). In support of OAS, a study of

T-cell responses in Thai children showed that the majority of dengue virus-specific

T-cells had low affinity to the infecting serotype (Mongkolsapaya et al., 2003). The
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model is mathematically formulated by allowing the rate of T-cell lysis of infected

cells (δT ) to vary by clinical manifestation (DF or DHF) during a secondary infec-

tion, with the expectation that δT would be lower in DHF-manifesting individuals

relative to DF-manifesting individuals. Note that in model 1 we fixed the value of

δT at 10´6 per day. In fitting the OAS model, we therefore chose to fix δTDHF at this

value and estimated δTDF .

We next consider a model that incorporates the process of antibody dependent

enhancement (model ADE). ADE proposes that antibodies produced in a primary

infection cannot completely neutralize virus present in a secondary heterologous in-

fection. However, the resulting partially neutralized immune complexes can enter

Fc-γ-bearing target cells, resulting in increased viral infectivity (Guzman et al., 2013;

Murphy and Whitehead, 2011). Studies have shown that human dengue antibod-

ies can enhance viral replication in vitro (Kliks et al., 1989; Morens and Halstead,

1990) and in vivo (Balsitis et al., 2010). The ADE model therefore hypothesizes that

the viral infectivity rate β is higher in DHF-manifesting individuals relative to DF-

manifesting individuals. The model is mathematically formulated by allowing β to

vary by clinical manifestation (DF/DHF) during a secondary infection. We assume

the same β value for primary DF and secondary DF individuals. We parameterize β

values for secondary DF and DHF cases by letting βDHF “ βDF`∆β, and estimating

∆β and βDF , where ∆β may be positive or negative.

Models considering differences between dengue serotypes The final models we consider

aim to address whether there are differences in viral load dynamics between individu-

als as a function of their infecting serotypes, and, if so, the mechanism(s) responsible

for these differences. Our first serotype-specific model is motivated by DENV-2 infec-

tions, which consistently result in more severe disease than other serotypes (Guzman

et al., 2013). In vitro studies have shown that the DENV-2 genotypes that cause
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more severe disease have higher replication rates than those that cause milder dis-

ease (Rico-Hesse, 2003). We therefore first explore serotype-specific differences in

the viral replication rate by allowing the viral infectivity rate β to differ by serotype

(model SSβ). Due to problems of identifiability discussed above, we do not consider

a model that varies the viral replication rate (ω).

Our second serotype-specific model is motivated by a recent in vitro study show-

ing that dengue serotypes can differ in their ability to block type I interferon signal-

ing (Medina et al., 2015). Specifically, Medina and coauthors found that DENV-3

showed the lowest level of inhibiting interferon signaling, followed by DENV-1, and

DENV-2. To test this hypothesis, we fit a model that allows the rate at which the

innate immune response is elicitepd (q) to vary by serotype (model SSq).

Our third and final serotype-specific model is motivated by multiple in vivo and

in vitro studies that suggest that there may be intrinsic differences in the reactivity of

CD8+ T-cell responses to infecting serotypes (Weiskopf et al., 2015a, 2014, 2015b).

In order to investigate differences in the effector functions of T-cells by infecting

serotype, we fit a model (model SSqT )that allows for serotype-specific differences in

the rate at which T-cell responses are elicited (qT ).

As for the clinical manifestation models, we reparameterize serotype-specific pa-

rameters for DENV-2 and DENV-3, using DENV-1’s parameter value as a reference

point. For example, for model SSβ, we let β2 “ ∆β2 ` β1 and β3 “ ∆β3 ` β1, and we

estimate β1,∆β2 and ∆β3 .

3.2.5 Model selection

We select between models of increasing complexity using the Bayesian information

criterion (BIC) (Kass and Raftery, 1995): BIC “ ´2lnpLq ` klnpnq where lnpLq

is the highest log-likelihood of the model samples, k is the number of free model

parameters to be estimated, and n is the total number of viral load measurements
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Figure 3.3: Traces of model 1. Each color shows a different MCMC run.

(n “ 2415 data points). The BIC penalizes models with a larger number of estimated

parameters. Models having lower BIC values are preferred.

3.3 Results

To first determine whether the viral load data provide statistical support for the

role of T-cells in clearing infected target cells in secondary dengue infections, we

compare the results of fitting models 0 and 1 to the data (Table 3.2). The highest

log-likelihood for model 1 is significantly higher than that of model 0, indicating that

the inclusion of T-cell dynamics in secondary infections significantly improves model

fit. The BIC values of these models indicate that model 1 is preferred over model 0,

despite its higher level of model complexity. Traces of model 1’s MCMC runs with

different initial conditions are shown in Figure 3.3, visually indicating convergence.

Highest posterior and 95% credible intervals for model 1 are given in Table 3.3.

Figure 3.4 shows the fit of model 1 to the viral load data. While Figure 3.4a

and Figure 3.4b show fits to representative individuals experiencing a primary and

a secondary infection, respectively, Figure 3.4c and Figure 3.4d show the fits to all

individuals experiencing primary and secondary infections, respectively. These latter
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figures show that much of the variation in viral load dynamics apparent in Figure 3.1

can be accounted for by inter-individual variation in IP. Figure 3.4e and Figure 3.4f

show distributions of incubation periods for individuals experiencing primary and

secondary infections, respectively. Intriguingly, primary infection incubation periods

appear to generally be longer than secondary infection incubation periods.

Figure 3.5 shows simulations of model 1’s dynamics, with parameter sets that

were sampled from the posterior. The secondary infection model simulations show a

steeper viral decline compared to primary infection simulations (Figure 3.5b), due

to the activation of T-cells, consistent with empirical observations (Duyen et al.,

2011; Vaughn et al., 2000). Although many viral kinetic studies have shown that

secondary infections have higher viral peaks than primary infections (Tricou et al.,

2011; Vaughn et al., 2000; Libraty et al., 2002; Duyen et al., 2011), our model does

not reproduce this finding (Figure 3.5b). This may be because viral peaks were

present in under 30% of individuals. Our model simulations further indicate that we

expect NK-cell absolute counts to be lower in secondary infection relative to primary

infections (Figure 3.5c), consistent with findings in (Green et al., 1999a).

3.3.1 Models considering differences in clinical manifestation

To determine if original antigenic sin (OAS) of T-cells can account for differences

in viral dynamics between secondary DF and DHF patients, we fit model OAS (de-

scribed above), with our expectation being that δTDF ą δTDHF . Figure 3.6a shows the

density estimate for δTDF , relative to the assigned value of 10´6 per day for δTDHF ,

indicating that δTDF estimates do not appreciably differ from the value assigned to

δT,DHF . This is also reflected in the highest posterior log-likelihood of model OAS

being the same value as that of model 1, despite an additional free parameter. The

BIC value for the OAS model is higher than that of model 1, indicating that model

1 is statistically preferred over the more complex model OAS.
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Figure 3.4: Fits of model 1 to viral load data. (a) Simulations of model 1 (green),
using draws from the posterior distribution, alongside measured viral load dynamics
from a representative individual experiencing a primary infection. (b) Simulations
of model 1 (purple), using draws from the posterior distribution, alongside measured
viral load dynamics from a representative individual experiencing a secondary infec-
tion. In both (a) and (b), the model simulations are adjusted in time using the IP
value for the plotted individual that maximized the likelihood calculation provided
in equation 3.2. (c) Model simulation, given in time since infection, alongside viral
load measurements from all individuals experiencing a primary infection. (d) Model
simulation, given in time since infection, alongside viral load measurements from all
individuals experiencing a secondary infection. In (c) and (d), viremia measurements
are shifted in time based on the IP values that maximized each individual’s likelihood
calculation provided by equation 3.2. In (a)-(d) dotted lines indicate the limits of
detection. (e) Histogram showing maximum likelihood incubation periods for indi-
viduals experiencing a primary infection. (f) Histogram showing maximum likelihood
incubation periods for individuals experiencing a secondary infection, stratified by
clinical manifestation (DF or DHF).
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To determine if antibody-dependent enhancement (ADE) can account for dif-

ferences in viral dynamics between individuals that differ in clinical manifestation,
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Figure 3.5: Simulations of model 1, using parameter sets drawn from the posterior
distribution.Solid lines show simulations using parameters with the highest posterior
value. (a) Dynamics of uninfected target cells X. (b) Dynamics of free virus V . (c)
Dynamics of NK cells N . (d) Dynamics of T-cells T in secondary infections.
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we fit model ADE (described above), with the expectation that the viral infectivity

rate in DHF-manifesting individuals would exceed the viral infectivity rate in DF-

manifesting individuals: βSIDHF ą βDF . Figure 3.6b shows the density estimates for

parameters βSIDHF and βDF . While βSIDHF estimates do appear to be higher than

βDF estimates, the difference is small. As a result, the highest posterior log-likelihood

of model ADE is only slightly higher than that of model 1 (Table 3.2). Due to the

higher number of free parameters in model ADE, this model therefore results in a
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Figure 3.6: Parameter estimates from the clinical manifestation models. (a) Den-
sity estimates of T-cell clearance rate δTDF for model OAS, alongside the assigned
value of δTDHF (vertical line). (b) Density estimates of viral infectivity rate β for
model ADE. Density estimates in (a-b) are of models fit to the full dataset. (c)
Density estimates of βDF and βSIDHF when the ADE model is fit to the subset of the
data for individuals with a detected viral peak. (d) Histogram showing maximum
likelihood incubation periods for individuals experiencing DF or DHF when the ADE
model is fit to the subset of the data for which individuals with a detected viral peak.
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higher BIC than model 1, such that model 1 is statistically preferred over model

ADE.

One reason why we might find only slight differences in viral infectivity rates be-

tween DHF-manifesting and DF-manifesting individuals is because most of the viral

load data shown in Figure 3.1 do not include the viral peak. In the absence of viral

peaks, the model cannot disentangle higher viral infectivity rates β from lower incu-

bation periods IP for DHF compared to DF patients. To see if we could disentangle
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Table 3.4: Models fit to subset of the data containing viral peaks (N = 65 individuals,
n = 747 viral load data points). The parameters estimated, the highest sampled log-
likelihood values, and BIC for each model are given.

Model k Global
parameters

Clinical-
manifestation-

specific
parameters

Serotype-
specific

parameters

Log-likelihood BIC

1 6 β, κ, q, qT , IPg, σI – – -860 1760
ADE 7 κ, q, qT , IPg, σI β – -855 1756
SSβ 8 κ, q, qT , IPg, σI – β -848 1749
SSqT 8 β, κ, q, IPg, σI – qT -852 1757

differences in β from differences in IP , we fit model 1 and model ADE to the subset

of the viral load data in which viral peaks were present (N = 65 individuals). Instead

of fitting V0 and setting IPg to 5.9 days, we fit IPg and set V0 “ 7.5ˆ10´4 copies/ml,

the highest posterior value of V0 for model 1 (Table 3.3). We adopted this approach

because we expect that in this subset of data the mean IP value of individuals in

which the viral peak is observed is lower than in the full dataset. We incorporated

a lognormal prior on IPg such that IPg „ logNplogp5.9q, 0.15q, to ensure that the

mean IPg value is between the expected 3-10 days (Chan and Johansson, 2012). Ta-

ble 3.4 shows that the highest posterior log-likelihood for model ADE in this case is

higher than that of model 1, and that the BIC of model ADE is significantly lower

than that of model 1. This indicates that model ADE is preferred over model 1 when

only viral load data containing viral peaks is considered.

Figure 3.6c shows density estimates for model ADE’s βSIDHF and βDHF on this

subset of the data. Estimates for βSIDHF exceed those of βDF , as expected un-

der ADE. Furthermore, the IP values that yielded highest likelihoods in DHF-

manifesting individuals are generally shorter than those in DF-manifesting individ-

uals (Figure 3.6d), accentuating the trend already apparent in model 1’s fit to the

full dataset (Figure 3.4e and 3.4f). This result is consistent with empirical evidence

showing a negative relationship between IP and disease severity (Nishiura and Hal-
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Figure 3.7: Simulations of model ADE fit to viral peak data, using draws from
the posterior distribution. Solid lines show simulations using parameters with the
highest posterior value. (a) Dynamics of uninfected target cells X. (b) Dynamics of
free virus V . (c) Dynamics of NK cells N . (d) Dynamics of T-cells T in secondary
infections.
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stead, 2007). Figure 3.7 shows simulations of model ADE fit to the viral peak data.

Viral loads peak earlier in DHF relative to DF patients (Figure 3.7b), and immune

cells are activated earlier in DHF relative to DF patients (Figure 3.7c and Figure

3.7d), consistent with the findings in (Green et al., 1999a).

3.3.2 Models considering differences between dengue serotypes

To determine whether difference between serotypes may explain some of the observed

variation in viral load dynamics seen in Figure 3.1, we next fit the three serotype-

specific models described above to the viral load data. We first consider model SSβ,
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Figure 3.8: Parameter estimates from the serotype-specific models. (a) Density
estimates for serotype-specific viral infectivity rates β for model SSβ. (b) Density
estimates for serotype-specific innate immune response activation rates for model
SSq.(c) Density estimates for serotype-specific T-cell activation rates qT for model
SSqT . (d) Density estimates for serotype-specific viral infectivity rates β for model
SSβ that was fit to only the subset of the viral load data with individuals with a
detected viral peak.

β ((copies/ml)-1 day-1)×10
-10

3 4 5 6

d
e

n
s
it
y

×10
9

0

2

4

6

8

10

12

14

16

18

(a)

q (day-1) ×10
-3

0 0.5 1 1.5

d
e

n
s
it
y

0

1000

2000

3000

4000

5000

6000

(b)

q
T
 ((cells/ml)-1 day-1) ×10

-6
0 2 4 6

d
e

n
s
it
y

×10
6

0

1

2

3

4

5

6

(c)

β ((copies/ml)-1 day-1)×10
-10

2 4 6 8

d
e

n
s
it
y

×10
9

0

2

4

6

8

10

12

14

(d)
DENV-1

DENV-2

DENV-3

which allows viral infectivity rates to differ by serotype. Since DENV-2 is thought to

have a high replication rate (Rico-Hesse, 2003), and DENV-2 typically causes more

severe disease than DENV-1 and DENV-3 (Guzman et al., 2013), we hypothesize

that β2 ą pβ1, β3q. Figure 3.8a shows the serotype-specific density estimates of β for

this model. These density estimates indicate that (β2, β3q ą β1, partially consistent

with our hypothesis. Our finding that the replication rate of DENV-3 is as high as

DENV-2’s may be accounted for by a study finding that some DENV-3 clades cause

high incidence of severe dengue disease (Messer et al., 2003).

To address whether there is support for serotypes differing in their ability to block

interferon signaling, we fit model SSq to the viral load data. Based on (Medina et al.,

2015), we expect the strength of the innate immune response q to vary by serotype,

with q3 ą q1 ą q2. Figure 3.8b shows the serotype-specific density estimates of q for

this model. The results of this model are contrary to expectation, with q3 estimates

significantly lower than the estimates for q1 or q2.

Finally, to address whether there is support for serotypes differing in their elici-

tation of the T-cell immune response, we fit model SSqT to the viral load data. We
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specifically hypothesize that T-cell response is higher for secondary DENV-2 and

DENV-3 infections than secondary DENV-1 infections (qT2, qT3q ą qT1. This hy-

pothesis is based on work by Bashyam and coauthors (Bashyam et al., 2006) that

found that secondary DENV-2 and DENV-3 infections were associated with higher

magnitudes of CD8+ T-cell secreted cytokines than were secondary DENV-1 and

DENV-4 infections. This suggests that the T- cell response may be higher for sec-

ondary DENV-2 and DENV-3 infections than in secondary DENV-1 and DENV-4

infections. Figure 3.8c shows serotype-specific density estimates of qT for this model.

The model fits are consistent with our hypothesis that qT2 and qT3 values exceed the

value of qT1.

Table 3.2 shows the highest log-likelihood and the BIC values for each of these

three models. All three models have higher log-likelihoods than model 1. Based on

BIC, the viral load data best support the model in which serotypes differ in their

viral replication rates (model SSβ), followed by model SSqT . Only these two models

are preferred over model 1. Despite these two models’ similarity in likelihood values,

the models differ dramatically in their T-cell dynamics (Figure 3.9). As expected, T-

cell dynamics are similar across serotypes for model SSβ. In contrast, the magnitude

of the T-cell response for DENV-2 and DENV-3 is much higher than for DENV-1

under the SSqT model.

Because we did not see peak viral load in many individuals, it was difficult to

distinguish between model SSβ and model SSqT . To attempt to statistically distin-

guish between these two models, we again fit models to the subset of the data that

contained viral peaks. Table 3.4 shows the highest log-likelihood and BIC values for

both models. These results show that model SSβ fits the data significantly better

than model SSqT . In this case, only model SSβ is strongly preferred over model 1.

Serotype-specific density estimates for β, when fit to this subset of data, are shown

in Figure 3.8d. Of note, the maximum likelihood IP values estimated under model
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Figure 3.9: Simulations of model SSβ and model SSqT ’s T-cell dynamics by
serotype, using draws from the posterior distribution. (a) DENV-1 (b) DENV-2
(c) DENV-3. Simulations are for secondary infections only.
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SSβ do not appear to differ by serotype (results not shown), regardless of whether

the model is fit to the entire viral load dataset or only the data containing viral

peaks. That incubation periods do not differ by serotype is consistent with findings

from (Chan and Johansson, 2012).

Figure 3.10a-c show simulations of model SSβ (fit to the entire viral load dataset)

alongside viral load dynamics of single representative individuals experiencing a

DENV-1, DENV-2 or DENV-3 infection, respectively. Figure 3.10d-f show viral

load data from all individuals experiencing a DENV-1, DENV-2, or DENV-3 infec-

tion, respectively, alongside model simulations. The higher viral infectivity rates

in DENV-2 and DENV-3 infections relative to DENV-1 infections result in shorter

times to peak viremia and higher viral clearance rates. Highest posterior and 95%

credible intervals for model SSβ, when fit to the entire viral load dataset, are given

in Table 3.3.
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Figure 3.10: Fits of model SSβ to viral load data.(a) Simulations of model SSβ
using draws from the posterior distribution, alongside measured viral load dynam-
ics from a representative individual experiencing a secondary DENV-1 infection. (b)
Simulations of model SSβ, using draws from the posterior distribution, alongside mea-
sured viral load dynamics from a representative individual experiencing a secondary
DENV-2 infection. (c) Simulations of model SSβ, using draws from the posterior
distribution, alongside measured viral load dynamics from a representative individ-
ual experiencing a secondary DENV-3 infection. In (a-c), the model simulations are
adjusted in time using the IP value for the plotted individuals that maximized the
likelihood calculation provided in equation 2. (d-f) Model simulations, given in time
since infection, alongside viral load measurements from all individuals experiencing a
DENV-1 (d), DENV-2 (e), or DENV-3 (f) infection. In (d-f), viremia measurements
are shifted in time based on the IP values that maximized each individual’s likelihood
calculation provided by equation 2. Gray lines show primary infection data and black
lines show secondary infection data. Parameters yielding the highest likelihood were
used to simulate the model dynamics. In all subplots, dotted horizontal lines show
limits of detection.
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3.4 Discussion

By fitting within-host dengue models to viral load data, we have shown these data

can be used to discriminate between hypothesized within-host processes leading to

differences in clinical manifestation and between dengue serotypes.

Our results first indicate that much of the inter-individual variability in dengue

viral load dynamics can be explained by differences in the length of individuals’ in-
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cubation periods (IP). This IP variation may arise because of individual differences

in viral inoculum sizes, or because of individual differences in the reporting of symp-

toms. It may also arise because of variation in viral reproduction rates. Indeed,

our results indicate that secondary DHF patients generally have shorter IPs than

do primary and secondary DF patients (Figure 3.4), consistent with the hypothesis

that antibody-dependent enhancement drives disease severity. Our statistical fits to

viral load data, in contrast, did not support the hypothesis that original antigenic sin

was a driver of severe disease. Our findings are consistent with recent work indicat-

ing that T-cells may have net protective rather than pathologic effects in secondary

infections (Weiskopf et al., 2013; Zellweger et al., 2015).

In fitting our serotype-specific models to the viral load data, we showed that

DENV-1, -2, and -3 differ from one another in their viral infectivity rates β. These

findings are consistent with the hypothesis that serotypes that cause more severe

disease may have higher replication rates (Rico-Hesse, 2003). Studies have indicated

that viral replication rates can vary by dengue genotype, with different genotypes

of the same serotype having different replication rates (Cologna and Rico-Hesse,

2003; Cologna et al., 2005). Unfortunately, the viral load data we have analyzed do

not have genotype-level resolution, although during the time period of the clinical

trial (2007-2008), DENV-1 genotype I and the Asian-American DENV-2 genotype

were dominating (Vu et al., 2010). We do not have information about the DENV-3

genotype circulating during this time.

Our serotype-specific findings are consistent with a recent meta-analysis of dengue

virus kinetics in non-human primates (Althouse et al., 2014). This meta-analysis

found that the time to detectable viremia for DENV-1 was longer than for DENV-2

and DENV-3, indicating that DENV-1 is likely to have a lower replication rate than

either DENV-2 or DENV-3. This finding is also consistent with our results that

show DENV-2 and DENV-3 viral load dynamics peak before the onset of symptoms,
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whereas DENV-1 viral load dynamics peak after the onset of symptoms. These

findings provide an explanation for why DENV-1 viral load appears to be high relative

to DENV-2 and DENV-3 viral load, despite DENV-1 infections typically resulting in

less severe disease (Tricou et al., 2011). Further, they highlight that measuring viral

load magnitude for DENV-2 and DENV-3 infections after the onset of symptoms

may not be a good predictor of disease risk because viral clearance has already

begun when measurements are typically taken.

Our results are further relevant to understanding serotype-specific differences in

population-level transmissibility. For many infectious diseases, viral load levels are

thought to affect transmission potential (Handel and Rohani, 2015). This is also the

case for dengue: the probability of transmitting dengue to Aedes Aegypti has been

shown to increase with viral load of the infected individual (Nguyet et al., 2013).

This suggests that further characterization of serotype-specific differences in viral

load dynamics can improve our understanding of dengue virus transmission at the

population level.

Our ability to distinguish between models was in part limited by the absence

of viral load data early in infection. For example, though shorter time to viral

peak and high viremia magnitude is consistently associated with more severe dengue

disease (Tricou et al., 2011; Duyen et al., 2011; Libraty et al., 2002; Vaughn et al.,

2000), our models were unable to reproduce these trends because we do not have

enough individual viral load data that contained viral peaks. Fitting model ADE

to only the viral peak data showed that with data on early infection dynamics we

could ultimately discriminate between differences in viral replication rates between

individuals differing in clinical manifestation. This model was able to reproduce the

earlier time to peak seen during DHF infections relative to DF infections. These

results highlight the importance of collecting data before the onset of symptoms in

order to detect viral peaks. Additionally, our results highlight that models that result
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in similar viral dynamics can display very different immune cell dynamics (Figure

3.9). Kinetic immune cell data, along with viral load data taken before the onset

of symptoms, will be very useful in future work that aims to discriminate between

dengue models.

Dengue human infection model experiments currently underway (Larsen et al.,

2015) will become an important resource for understanding early viral load and im-

mune cell dynamics. There are currently DENV-2 and DENV-3 viruses that already

meet dengue fever criteria for these experiments, and models of all four serotypes are

being developed (Larsen et al., 2015). Though these models have been developed to

evaluate vaccine efficacy, infecting dengue-naive individuals with these strains and

obtaining many viral and immune measurements during the infection will be very

useful in deciphering within-host processes leading to severe disease.

A final shortcoming of the viral load data we analyzed is that we do not know

the primary infecting serotype for individuals experiencing a secondary heterologous

infection. Because order of infection is known to be an important risk factor for

severe disease (Guzman et al., 2013), knowledge of the primary infection serotype

in further analyses would allow us to disentangle how the primary infection shapes

the viral kinetics of secondary heterologous infection. Longitudinal dengue studies

in which one dengue serotype typically predominates, such as the Pediatric Dengue

Cohort Study in Nicaragua (Kuan et al., 2009), are thus invaluable for ultimately

understanding the role that order of infection plays in shaping viral dynamics.

Despite limitations inherent in the data, our analyses indicate that inter-individual

variation in dengue viral load patterns can shed light on which within-host processes

are important in regulating viral dynamics. Collection of individual dengue viral

load data at fine temporal resolution, spanning the entire infection duration, will

be important for further understanding the relationships between dengue viral load,

disease severity, and dengue transmissibility.
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4

Virulence evolution in dengue and its dependence
on epidemiological context

4.1 Introduction

Theory on the evolution of virulence proposes that parasites will evolve to an inter-

mediate level of virulence when a trade-off exists between parasite transmissibility

and virulence, where virulence reduces either the duration of infection or the host

contact rate (Lenski and May, 1994; Frank, 1996; Alizon et al., 2009; Ewald, 1983).

Highly virulent parasites can efficiently transmit to new hosts as a consequence of

high within-host pathogen levels, yet their transmission is tempered by death, in-

capacitation, or other factors limiting onward transmission. Relatively avirulent

parasites, on the other hand, can persist in a host for longer, but at levels of limited

transmission success. Given the occurrence of these trade-offs, theory predicts that

a pathogen’s fitness may be optimized at intermediate levels of virulence.

In recent years, the role that immunopathology may play in driving host disease

has become increasingly apparent in certain pathogenic infections. In these cases,

where the host’s own immune response, rather than the presence of the pathogen,
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is the direct cause of damage to host tissue, theory also indicates that pathogen

virulence may remain under selection (Day et al., 2007; Long and Graham, 2011;

Best et al., 2012). Depending on the particular mechanism by which it occurs,

immunopathology can result in a parasite evolving to either higher or lower virulence

relative to when immunopathology is absent (Day et al., 2007).

While theory on virulence evolution has a rich history, few empirical studies

convincingly demonstrate the existence of a fitness trade-off that would result in the

evolution towards intermediate virulence. The best-documented examples are in HIV

(Fraser et al., 2007) and in a protozoan parasite of monarch butterflies (de Roode

et al., 2008). Here we present a quantitative analysis that indicates that dengue virus

is subject to a fitness trade-off that would select for intermediate virulence.

In brief, dengue is an important vector-borne disease that comprises four anti-

genically distinct serotypes, each of which is structured into three to five clades called

genotypes (Rico-Hesse, 2003). Infection with dengue can result in a broad range of

clinical manifestation, ranging from asymptomatic infection, to ‘breakbone’ dengue

fever (DF), to dengue hemorrhagic fever (DHF) and dengue shock-syndrome (DSS)

(Guzman et al., 2013; Kyle and Harris, 2008).

A consideration of the immune history of dengue-infected individuals has been

critical for understanding the onset of severe disease (Guzman et al., 2013; Kyle and

Harris, 2008; Murphy and Whitehead, 2011). Dengue infection is thought to induce

long-lived immunity against the infecting serotype (Guzman et al., 2013), but only

a transient period of cross-protection against heterologous dengue serotypes (Sabin,

1952; Guzman et al., 2013). Primary dengue infections can result in severe disease,

but they do so rarely, with the majority of these infections being asymptomatic or

resulting in DF (Guzman et al., 2013). In contrast, secondary heterologous infec-

tions have an appreciably higher risk of developing into severe disease (DHF/DSS)

(Guzman et al., 2013). Unlike either primary or secondary infections, tertiary and
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quaternary (henceforth, ‘post-secondary’) infections contribute very little to dengue

hospital admissions (Gibbons et al., 2007; Guzman et al., 2013), although they are

known to occur. These immune-status related risks of developing severe disease are

currently understood in the context of dengue disease arising as a consequence of

immunopathology, with a cytokine storm being responsible for the development of

vascular leakage (Rothman, 2011; Tisoncik et al., 2012), the hallmark of DHF. Evi-

dence for the role that immunopathology plays in driving dengue disease comes from

the observation that cytokines that cause direct damage to vascular endothelial cells,

such as TNF-α, IL-6 and IL-8, are consistently seen at higher levels in DHF patients

compared to individuals with less severe dengue fever at the time when severe disease

occurs (Butthep et al., 2012; Hober et al., 1993; Rathakrishnan et al., 2012).

For dengue, the probability that severe disease results in death is low, estimated

at less than one percent (World Health Organization, 2016). Disease-induced mor-

tality is therefore unlikely to play a large role in limiting the evolution of virulence

in dengue. However, variation in immune response activation during infection can

have large effects on viral load dynamics and the duration of infectiousness. Severe

dengue infections are a consequence of high levels of immune response activation and

are associated with both high viral load peaks and high viral clearance rates (Tricou

et al., 2011; Vaughn et al., 2000). With recent work showing that viral load levels

of infected patients impact the probability that the virus is transmitted to dengue’s

mosquito vector (Nguyet et al., 2013), the observed high viral load peaks in severe

dengue cases would increase transmissibility. However, the shorter duration of infec-

tiousness that arises from rapid viral clearance would act to limit the number of days

during which transmissibility can occur. As such, the potential for a quantitative

fitness trade-off is present.

Finally, natural variation in dengue virulence has been documented, with occur-

rences of outbreaks in which virulent dengue genotypes associated with severe disease
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emerge and displace less virulent genotypes (Rico-Hesse et al., 1997; Vu et al., 2010;

Messer et al., 2003; Guzman et al., 2013; OhAinle et al., 2011; Rico-Hesse et al.,

1997). This existing variation in naturally occurring dengue strains indicates that

the virus has the structural capacity to alter certain of its virulence-impacting phe-

notypes. Selection thus has the potential to act on this existing genetic variation

and associated phenotypic variation, or to act on variation that may arise de novo

at a later time point.

Here, we draw on a large body of theoretical literature to quantitatively exam-

ine the structure of fitness trade-offs in dengue in the context of dengue virulence

evolution. Our approach synthesizes previously published within-host dengue mod-

els (Ben-Shachar and Koelle, 2015) parameterized from individual-level dengue viral

load data (Clapham et al., 2014) and experimental work linking dengue viral load

with transmission to its mosquito vector (Nguyet et al., 2013). We find empirical

support for a trade-off between dengue transmissibility and the duration of infectious-

ness when examining two separate evolvable within-host phenotypes under selection:

the viral production rate and the ability of the virus to evade the immune response.

Importantly, we demonstrate that the phenotypes maximizing viral fitness depend

on epidemiological context, specifically on the proportion of dengue infections that

are primary, secondary, and post-secondary infections. Population-level patterns of

immunity therefore are expected to structure selection pressures on dengue virulence.

4.2 Methods

To examine the possibility of virulence evolution in dengue, we need to determine

the relationship between evolvable within-host phenotypes that simultaneously affect

viral fitness at the level of the population and virulence, defined here for dengue as the

risk of developing severe disease. We first detail below the within-host dengue model

we use at the core of our analysis. We then describe how we obtain baseline parameter
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values of this model for primary, secondary, and post-secondary dengue infections.

Finally, we detail how we integrate this within-host model into an epidemiological

context. It is this epidemiological context in which selection on dengue phenotypes

occurs.

4.2.1 Within-host model

The within-host model we use to assess the potential for dengue virulence evolution

is based on a previously published model for dengue that quantifies the interaction

between the virus and the immune response during a productive dengue infection

(Ben-Shachar and Koelle, 2015). The equations model the dynamics of uninfected

cells X, infected cells Y , free virus V , natural killer (NK) cells N , T-cells T , and

cytokines that activate endothelial cells E:

dX{dt “ ´βXV

dY {dt “ βXV ´ αNY ´ δTY T

dV {dt “ ωY ´ κV

dN{dt “ qY

dT {dt “ qTY T

dE{dt “ qEY p1` αTT q ´ dEE (4.1)

Uninfected cells become infected with free virus at rate βXV . Infected cells are

cleared by NK cells at rate αNY and by T-cells at rate δTY T . Virus is secreted at

rate ωY and cleared at rate κV . NK cells are activated at rate qY and T-cells are ac-

tivated at rate qTY T . We do not include death rates of NK cells or of T-cells in order

to sustain protective effects of the immune response at the end of infection. Endothe-

lial activating cytokines E are secreted by infected cells Y , with T-cells having the

potential to contribute to their production, resulting in the endothelial activator pro-
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duction term of qEY p1` αTT q. Endothelial activating cytokines are cleared at rate

dEE. Because severe dengue disease results from a cytokine storm, we operationally

define virulence as being proportional to the peak level of endothelial activating cy-

tokines: virulence 9 max(E). We have previously used this definition of virulence in

a slightly modified version of these equations (Ben-Shachar and Koelle, 2015), and

have shown that the risk of disease formulation is consistent with virological indi-

cators of disease development. These include higher levels of peak viremia, shorter

times to peak viremia and higher viral clearance rates being associated with a higher

risk of severe disease. Our formulation of virulence is also consistent with the timing

of plasma leakage in severe disease occurring shortly after peak viral load, at the

time of defervescence (Rothman, 2011). Given the discordance in the literature of

the role of T-cells in contributing to disease (Rothman, 2011; Mongkolsapaya et al.,

2003; Weiskopf et al., 2013; Dung et al., 2010), we consider two parameterizations

of the equation governing the rate of change in the number of endothelial activating

cytokines: one in which T-cells do not contribute to the risk of developing severe

disease (αT “ 0) and one in which they do (αT ą 0).

4.2.2 Parameterizations of within-host model

Viral load data used to fit within-host models

We parameterize the within-host dengue model given above with baseline values that

we derive by statistically fitting equations (4.1) to individual-level dengue viral load

data. These data come from a clinical trial of adult dengue patients at the Hospital

for Tropical Diseases in Ho Chi Minh City (HCMC), Vietnam. The trial studied

the effects of the antiviral drug Cloroquine on dengue (Tricou et al., 2011, 2010),

but the drug had no measurable effect on viral load dynamics (Tricou et al., 2010).

We therefore do not distinguish between Cloroquine-treated patients and control

patients. Viremia of 239 dengue-infected patients was measured in the blood twice a
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day following hospitalization, which was within 72 hours of reported symptom onset.

Virus was quantified by RT-PCR and the assays used had limits of detection of either

1,500 copies/ml or 15,000 copies/ml (Clapham et al., 2014). The dataset included

each patient’s infecting serotype (DENV 1-4), immune status (primary infection or

secondary infection), and clinical manifestation (DF or DHF).

The dataset only included symptomatic infections, so is not representative of

all dengue infections. Longitudinal cohort studies indicate that only 6-40% of in-

fections are symptomatic (Montoya et al., 2013; Morrison et al., 2010). Viral load

measurements from inapparent or asymptomatic infections are generally not avail-

able, although a recent study has shown that asymptomatic infections exhibit lower

viremia than symptomatic infections (Duong et al., 2015). In the HCMC dataset,

highest viral load measurements fell in the range of 6-10 log copies/ml, consistent

with other studies analyzing viral load measurements of symptomatic dengue infec-

tions (Tricou et al., 2011; Vaughn et al., 2000; Duyen et al., 2011; Libraty et al.,

2002; Murgue et al., 2000). To most reasonably consider viral load measurements

representative of both asymptomatic and symptomatic infections we therefore used

only a subset of the viral data in our analyses. Specifically, we used the subset of

the viral load data for which the highest primary infection viral load was ď 8 log

copies/ml and for which the secondary infection viral load was ď 8.5 log copies/ml.

A difference of 0.5 log copies/ml between highest viral load magnitude in primary vs

secondary infections was chosen for consistency with findings in (Tricou et al., 2011).

This chosen subset of the viral load dataset included 11 primary infections (37% of

all primary infections) and 90 secondary infections (43% of all secondary infections).

Stratified by serotype, the data included 59 DENV-1 infections (2 primary infections;

57 secondary infections), 20 DENV-2 infections (4 primary infections; 16 secondary

infections), 18 DENV-3 infections (5 primary infections; 13 secondary infections) and

4 DENV-4 infections (all secondary infections).
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Model parameterization for primary and secondary dengue infections

Based on immunological studies that indicate that the innate immune response is

largely responsible for regulating viral dynamics in primary infections (Green et al.,

1999a; Shresta et al., 2004), and as in (Ben-Shachar et al., 2016), we set the ini-

tial number of T-cells, T0, in equations (4.1) to zero when statistically fitting the

within-host dengue model to viral load data from primary infections. This results

in an absence of a cellular immune response, such that the primary infection model

effectively becomes a subset of equations (4.1) above with the state variables lim-

ited to X, Y, V,N and E. Given immunological findings that T-cells contribute an

important role in regulating viral dynamics in secondary infections (Zellweger et al.,

2015), we use equations (4.1) in their entirety when fitting the model to viral load

data from secondary infections.

We simultaneously fit the within-host model to primary and secondary infection

viral load data using a Markov Chain Monte Carlo (MCMC) approach, constraining

most of the model parameters to be the same across primary and secondary infections.

Our statistical approach is described in detail in (Ben-Shachar et al., 2016), which

fits a slight variant of equations (4.1) to a much larger proportion of the HCMC

dengue viral load dataset to address sources of inter-individual variation in viral load.

Briefly, we use an adaptive MCMC approach to fit the model equations to the data

using the Metropolis-Hasting algorithm, assuming log10 viremia measurements have

normally-distributed errors. We run the algorithm for a total of 300,000 iterations

with a burn-in of 150,000 iterations. We incorporate individual-level variation using

a random effect on the incubation period, the time between viral inoculation and the

onset of symptoms. Due to parameter identifiability described in (Ben-Shachar et al.,

2016), we assign values to certain parameters and estimate the values of others. We

here assign values to parameters α, δT and ω, as well as initial conditions X0, Y0, and

83



N0. We further set κ because, as the value of this parameter increases, the parameter

combination βω
κ

becomes unidentifiable. Because we fit equations (4.1) to a subset of

the viral load data we do not expect the mean incubation period to be the same as in

the full dataset. We therefore fit the mean incubation period and assign a value to the

initial concentration of free virus V0, based on our previous estimate (Ben-Shachar

et al., 2016). Finally, because the dynamics of endothelial activating cytokines do

not impact viral load dynamics (equations (4.1)), parameters qE and dE could not

be estimated. We set these values to reflect empirical levels of endothelial activating

cytokines observed in (Butthep et al., 2012; Hober et al., 1993; Rathakrishnan et al.,

2012).

We let two parameters differ between primary and secondary infections: the viral

infectivity rate β and the innate immune response activation rate q. This decision

is guided by numerous studies that have identified characteristic differences in viral

dynamics of individuals experiencing either their primary or their secondary dengue

infection (Tricou et al., 2011; Duyen et al., 2011; Vaughn et al., 2000). These differ-

ences include typically a higher peak viral load, a shorter time to viral peak, and a

higher viral clearance rate in secondary relative to primary dengue infections (Tri-

cou et al., 2011; Vaughn et al., 2000; Duyen et al., 2011; Ben-Shachar and Koelle,

2015). The shorter the time to viral peak and the higher peak viral load in secondary

relative to primary infections is consistent with the theory of antibody dependent

enhancement. This theory proposes that antibodies from a primary infection cross-

react with a virus from a secondary infection, but are not sufficiently effective to

neutralize the virus.The antibody-virus complexes that form, however, enhance en-

try into Fc-γ-receptor bearing cells, resulting in an increased viral infectivity rate

(Murphy and Whitehead, 2011; Guzman et al., 2013). We therefore expect, in agree-

ment with our recent findings (Ben-Shachar et al., 2016), that the viral infectivity

rate β will be higher in secondary than in primary infections. We further allow the
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innate immune response activation rate q to differ between primary and secondary

infections, given some evidence that this rate differs between primary and secondary

infections due to intrinsic ADE (Halstead et al., 2010; Green et al., 2014).

In practice, we do not estimate separate β values and separate q values for primary

and secondary infections. Instead, we let the viral infectivity rate of a secondary in-

fection be given by the sum of the viral infectivity rate of a primary infection rate and

an offset value (βSI “ βPI`∆βSI ), and estimate the offset value (∆βSI ) in addition to

the viral infectivity parameter of a primary infection βPI . This reparameterization

incorporates expected dependencies between parameters and limits correlations be-

tween βPI and βSI . We adopt an analogous approach for estimating the strength of

the innate immune response in primary and secondary infections (qPI “ qSI `∆qPI ).

In total, we fit 7 parameters: βPI ,∆βSI , qSI ,∆qPI , the rate of T-cell activation qT ,

the mean incubation period IPg and the standard deviation of the random effect

on the incubation period, σ. We fit the model to the HCMC data subset described

above (n “ 101 infections), assuming that model parameters do not differ by dengue

serotype (DENV-1-4). While we previously showed evidence for serotype-specific

differences in viral infectivity rates (Ben-Shachar et al., 2016), these results were

obtained using a much larger subset of the HCMC viral load dataset and a slightly

more complex within-host model. When we considered serotype-specific differences

here using the chosen subset of the viral load data, the model fits indicated no appre-

ciable differences between the serotypes’ viral infectivity rates. We thus used results

that assumed no parameter differences between serotypes.

Post-secondary infections

Based on the lack of viral load data from post-secondary infections, we were unable

to parameterize the within-host model given by equations (4.1) using the statistical

approaches we used to parameterize primary and secondary infections. We there-
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fore instead considered three alternative scenarios for these infections, based on the

limited number of existing post-secondary infection studies (Olkowski et al., 2013;

Sierra et al., 2012; Koraka et al., 2007). The first study found that the significantly

reduced risk of developing severe disease during a post-secondary infection was asso-

ciated with the presence of heterotypic dengue antibodies (generated from an indi-

vidual’s primary and secondary dengue infection) (Olkowski et al., 2013). A second

study showed that post-secondary infections resulted in a milder inflammatory re-

sponse (TNF´α, IFN ´ γ) and a higher regulatory response (IL-10 and TGF´β

levels) than secondary infections (Sierra et al., 2012), suggesting a strong protective

immune response during post-secondary infections. The third study (in non-human

primates) showed that tertiary infections resulted in lower viremia levels than pri-

mary and secondary infections (Koraka et al., 2007). It is unknown how strong the

cellular immune response is in post-secondary infections, although T-cells are likely

to be largely protective against disease in these infections (Weiskopf et al., 2015a).

Taken together with studies that have shown high viral load is associated with severe

disease (Tricou et al., 2011; Vaughn et al., 2000; Duyen et al., 2011), these studies

suggest that peak viral load in post-secondary infections is lower than in primary

and secondary infections. However, the duration of infectiousness of post-secondary

infections relative to primary and secondary infections, and the extent to which they

contribute to disease transmission, is unknown.

The first of the three scenarios we consider for post-secondary infections is that

they do not contribute to transmission, so we can exclude them from our virulence

evolution analyses. The second and third scenarios differ in the roles that the humoral

and cellular arms of the adaptive immune response play in limiting dengue viremia

in post-secondary infections. The second scenario assumes that low viremia in post-

secondary infections is driven largely by a protective heterotypic antibody response.

This scenario translates into a very low viral infectivity rate β in post-secondary
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infections, along with a moderate post-secondary T-cell response. The third scenario

assumes that low viremia in post-secondary infections is driven largely by a protective

T-cell response. This scenario translates into a high rate of T-cell activation qT , along

with a relatively low viral infectivity rate, in post-secondary infections.

4.2.3 Quantifying population-level viral fitness

Epidemiological model

To quantify dengue viral fitness at the level of the population, we use two metrics:

the basic reproduction number R0 and the intrinsic rate of population growth r. For

a disease that is endemic in a population, fitness maximization is equivalent to R0

maximization (Frank, 1996; Lenski and May, 1994; Bull and Ebert, 2008). For a

disease that is undergoing epidemic dynamics, maximization of fitness is equivalent

to maximization of the intrinsic rate of population growth (Lenski and May, 1994;

Frank, 1996; Bull and Ebert, 2008; Bolker et al., 2010). This distinction is important,

given that the relative fitness values of two strains may differ depending on whether

the epidemiological context of the virus is an endemic setting or an epidemic set-

ting. In our analyses, we consider both measures of viral fitness when assessing the

potential for dengue virulence evolution.

To quantify viral fitness at the level of the population, we start with a simple

vector-borne epidemiological model based on the Ross-MacDonald framework (Keel-

ing and Rohani, 2008):
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dXh{dt “ µhNh ´
a

Nh

ThmYmXh ´ µhXh

dYh{dt “
a

Nh

ThmYmXh ´ γYh ´ µhYh

dXm{dt “ µmNm ´
a

Nh

TmhYhXm ´ µmXm

dYm{dt “
a

Nh

TmhYhXm ´ µmYm (4.2)

Here, Xh is the number of susceptible hosts, Yh is the number of infected hosts, Xm

is the number of susceptible mosquitos, and Ym is the number of infected mosquitos.

Susceptible hosts are born into the population at an overall rate of rate µhNh and be-

come infected at a per capita rate of aThmYm
Nh

, where a is the mosquito biting rate, Thm

is the probability that a bite successfully transfers the virus from infected mosquito

to susceptible host, and Nh is the total number of hosts. Infected individuals recover

at a per capita rate γ (such that the average duration of host infectiousness is given

by D = 1/γ). Infected and susceptible hosts both die at a per capita rate of µh.

Susceptible mosquitoes are born into the population at an overall rate of µmNm and

become infected at a per capita rate of aTmhYh
Nh

, where Tmh is the probability that a

bite successfully transfers the virus from infected host to susceptible mosquito. In

line with other vector-borne disease models for dengue (Keeling and Rohani, 2008;

Wearing and Rohani, 2006; Recker et al., 2009), we assume infected mosquitoes re-

main infected for the duration of their lives. Infected and susceptible mosquitoes

both die at a per capita rate of µm.

To simplify this vector-borne disease model we can assume that the dynamics

of the vector are fast compared to those of the host, such that mosquitos are in

quasi-steady state: dXm{dt « 0 and dYm{dt « 0. Under the assumption that

aTmhYh ăă µmNh (which is consistent with the parameterization we will use below),

the reduced system of ordinary differential equations becomes:
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dXh{dt “ µhNh ´
a2ThmTmhNm

Nhµm

Xh

Nh

Yh ´ µhXh

dYh{dt “
a2ThmTmhNm

Nhµm

Xh

Nh

Yh ´ pγ ` µhqYh (4.3)

For this model, it is straightforward to derive both the basic reproduction num-

ber R0 and the intrinsic growth rate r. Using the equation for dYh{dt, the basic

reproduction number R0 is given by:

R0 “
a2ThmTmhNm

Nhµm

1

γ
(4.4)

where, per definition, we have set the host population to be completely susceptible

(Xh{Nh “ 1), and made the assumption that the host mortality rate µh is negligible

relative to the host recovery rate γ. This calculation is equivalent to calculating R0

as the product of the average number of mosquitoes infected from a single infectious

individual and the average number of susceptible hosts infected by a single infectious

mosquito.

The net population growth rate, defined as the per capita change in the number

of new cases per unit of time also follows from the dYh{dt equation above. Again

assuming a completely naive population (Xh{Nh “ 1q, we have:

r “
a2ThmTmhNm

Nhµm
´ γ (4.5)

Parameterization of the epidemiological model

The above expressions for R0 and r contain 7 parameters: the mosquito biting rate

(a), the ratio of mosquito population size to host population size (Nm{Nh), the

mosquito lifespan (1{µm), the probability that an infected mosquito transfers the
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virus to a susceptible host upon a bite (Thm), the probability that an infected host

transfers the virus to a susceptible mosquito upon a bite (Tmh), and the host duration

of infectiousness (1{γ). To evaluate the potential for virulence evolution in dengue,

we assume a constant biting rate a, a constant ratio of population sizes Nm{Nh,

and a constant mosquito lifespan 1{mum. Quantifying the probability that a bite of

an infected mosquito transfers the virus to a susceptible host is difficult without a

human challenge model of dengue infection. However, a recent modeling study found

that mosquito to human infectiousness did not depend on the viral load titer of the

infecting blood meal (Ferguson et al., 2015). Based on this finding, we assume that

Thm is dependent only on the time since mosquito bite, and not on human viral load

titer.

To quantify the probability that an infected host transmits the virus to a suscep-

tible mosquito at the time of a bite, we rely on a recent experimental study analyzing

factors that influence transmission success of dengue virus to susceptible mosquitos

(Nguyet et al., 2013). The study fed 407 susceptible mosquitos on a total of 208

hospitalized dengue patients and found in a multivariate regression analysis that

host viremia was the strongest covariate explaining successful human-to-mosquito

abdomen infection, although other covariates were also identified (Nguyet et al.,

2013). Based on this finding, the authors quantified the relationship between patient

viremia and the probability of human-to-mosquito abdomen transmission using lo-

gistic regression for each of dengue’s four serotypes. The experimental data and the

fit regression curves are shown in Figure 4.1. We used this determined relationship

to couple the viral load dynamics of our within-host model (V ) to the probability of

viral transmission from infected human to susceptible mosquito Tmh. Specifically, as

detailed in (André et al., 2003), we calculate an average value for Tmh by integrat-

ing the probability of host-to-mosquito transmission across an infected individual’s

duration of infectiousness:
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Tmh “

ş8

τ“0
mpV pτqqdτ

D
(4.6)

where V pτq is the host’s viral load at time point τ since the start of infection, and

D is the average duration of host infectiousness. The probability that a bite will

successfully transfer the virus from host to mosquito, mpV pτqq, is given by the logistic

regression equation mpV q “ 1
1`e´pV´µqσ

, which was parameterized experimentally in

(Nguyet et al., 2013). D is determined by the viral load dynamics of our within-host

model. We specifically define D as the duration of time an individuals viral load

exceeds 1500 copies/mL, the lower limit of detection of the viremia assays used in

the HCMC dataset.

Quantifying viral fitness as a function of evolving within-host phenotype

We consider the possibility of evolution of two distinct within-host viral phenotypes:

the viral production rate ω and the innate immune response activation rate, q, based

on empirical evidence that these phenotypes both exhibit natural variation and im-

pact dengue virulence (Cologna et al., 2005; Cologna and Rico-Hesse, 2003; Green

et al., 2014; Manokaran et al., 2015), and impact population-level viral fitness. The

most well-studied example of the emergence of a virulent dengue genotype is the

replacement of the American genotype of DENV-2 with the Asian I genotype of

DENV-2, associated with large outbreak of severe disease, beginning in Cuba and

Venezuela in the 1980s and later spreading to Brazil and Colombia, among other

countries (Guzman et al., 2013; Rico-Hesse et al., 1997). In vitro studies demon-

strated that the Asian I genotype of DENV-2 has a higher viral production rate rel-

ative to the American genotype of this serotype and can outcompete the American

genotype in infection experiments (Cologna and Rico-Hesse, 2003). More recently,

Manokaran and colleagues identified a potential mechanism explaining how the PR-
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Figure 4.1: The relationship between viral load and fraction of mosquitos infected
pmq by serotype. Dots show data from (Nguyet et al., 2013) and lines show fitted
logistic equations, given by the functional form mpV q “ 1

1`e´pV´µqσ
.

2B Asian-American DENV-2 clade (which was associated with more severe disease)

displaced the PR-1 clade during the 1994 epidemic in Puerto Rico (Manokaran et al.,

2015). The authors showed in vitro that the PR-2B clade had increased levels of of

subgenomic flavivirus RNA that can bind to a specific host protein important for in-

ducing interferon expression. This binding resulted in lower IFN levels but increased

viral fitness during PR-2B infections compared to PR-1 infections (Manokaran et al.,

2015).

The viral production rate is given by the parameter ω in equations (4.1) above.

To quantify how viral fitness changes with the viral production rate, we quantify both

the basic reproduction number R0 and the intrinsic population growth rate r under
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a broad range of ω values. In practice, we first set the parameters of the within-host

model to the values that yielded the highest likelihood in the statistical fit to the

viral load data. We then simulated the within-host model across a wide range of

ω values. For each of these within-host simulations, we calculated the peak level

of endothelial-activating cytokines (max(E)), our measure of virulence. We further

computed the duration of infectiousness D (“ 1{γ) and the time-varying probability

of host-to-mosquito transmission mpV pτqq. We used these results to calculate the

average host-to-mosquito transmission probability Tmh using equation (4.6). From

this calculated Tmh, and using the duration of infectiousness D, we calculated both

R0 (equation (4.4)) and r (equation (4.5)) over a range of ω values. To gauge levels

of uncertainty in the relationship between ω and fitness, we repeated our analysis 25

times, each time drawing a parameter set from the posterior distribution of within-

host parameters rather than using the highest likelihood parameter set. We then

compute the 2.5% and and 97.5% quantiles to obtain 95% credible intervals of the

25 draws.

We explore the fitness effect of the evasion of the innate immune response by

considering variation in the innate immune response activation rate, given by the

parameter q in equations (4.1) above. Our approach differs slightly from the ap-

proach described above for ω because q is one of the parameters we statistically

estimate using MCMC. Therefore, varying qPI as described above for ω would break

correlations between parameters. We instead set the primary and secondary q val-

ues that resulted in the highest sampled likelihood estimates and re-fit equations

(4.1) for parameters βPI ,∆βSI , qT , IPg, and σ. In order to directly compare q values

for primary, secondary, and post-secondary infections, we assumed a constant ratio

between qPI and q for secondary infections and post-secondary infections. We then

repeat the analysis that was presented above for ω, but in this case vary qPI .
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Virulence evolution in different epidemiological contexts

We consider dengue evolution of virulence in different endemic contexts which differ

in the frequency of primary, secondary, and post-secondary infections. Instead of

considering a complex 4-serotype dengue model, we simply assess how epidemiolog-

ical context affects the evolution of dengue virulence by defining contexts by the

proportion of infections that are primary infections (p1q, the proportion of infections

that are secondary infections (p2), and the proportion of transmissable infections that

are post-secondary infections (p3`). These proportions necessarily need to sum to

one. Given a specified epidemiological context (only some of which are dynamically

attainable), and a specified within-host phenotype value, we can calculate an overall

R0 as a weighted average of the primary, secondary, and post-secondary R0 values,

denoted R0overall. When the viral production rate is under selection, this overall R0,

at a given ω value, is given by:

R0overallpωq “ p1R01pωq ` p2R02pωq ` p3`R03`pωq (4.7)

Similarly, when the rate at which viral infection activates the innate immune

response is under selection, the overall R0, at a given q value, is given by:

R0overallpqq “ p1R01pqq ` p2R02pqq ` p3`R03`pqq (4.8)

Using the first of these equations, we determine the value of ω that maximizes

the overall R0 value under different epidemiological contexts. Similarly, using the

second of these equations, we determine the value of qPI that maximizes the overall

R0 value under different epidemiological contexts. We denote this maximized R0

value, R˚0 , and corresponding ω or qPI value, ω˚ or q˚PI , respectively.

When we consider evolution of the innate immune response activation rate,

R0overall peaks at two values: one at the minimum qPI value allowed and one at
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a higher value. Which of these values is higher changes depending on epidemiolog-

ical context. For consistency, we report the higher optimal qPI value. This value

decreases with a higher proportion of primary infections and increases with a higher

proportion of secondary infections.

4.3 Results

4.3.1 Parameterization of within-host model

Using the statistical MCMC approach described above, we fit equations (4.1) to the

chosen subset of primary infection and secondary infection viral load data. The pos-

terior densities for all seven parameters we fit are shown in Figure 4.2. As expected,

the viral infectivity rate of secondary infections (βSI) is estimated to be higher than

that of primary infections (βPI), presumably due to antibody-dependent enhance-

ment (ADE). The innate immune response activation rate in secondary infections

(qSI) is also lower than the rate in primary infections (qPI), consistent with intrinsic

ADE acting to suppress the innate immune response. Figure 4.3a,b,e,h,i show viral

load data and within-host model simulations using the highest sampled log-likelihood

parameter estimates. A higher viral infectivity rate and a lower innate immune re-

sponse activation rate result in secondary dengue infections having a higher peak

viral load than primary dengue infections (Figure 4.3a,b). The dynamics of T-cells

in secondary infection are further shown in Fig 4.3e, and the dynamics of endothelial

activating cytokines in primary and secondary dengue infections are shown in 4.3h

and 4.3i, respectively. Simulated peak levels of endothelial activating cytokines (Fig-

ure 4.3 h-j) indicate that secondary infections should be at higher risk for developing

severe disease than primary infections. This is the case both for when T-cells do not

contribute to the risk of developing severe disease (αT “ 0) and for when they do

contribute to disease risk (αT ą 0). This expectation of higher risk in secondary in-

fections than in primary infections is consistent with epidemiological studies (Duyen
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Figure 4.2: Posterior density estimates for within-host parameters. (a) Viral infec-
tivity rate; (b) Innate immune response activation rate; (c) Mean incubation period;
(d) Standard deviation of the log-normally distributed incubation period distribu-
tion; (e) T-cell activation rate.

et al., 2011; Tricou et al., 2011; Vaughn et al., 2000). Figure 4.4 shows the dynamics

of the remaining variables of the within-host model (uninfected target cells, infected

target cells, NK cells).

Figure 4.3 also shows proposed model dynamics for post-secondary infections.

Under both scenarios 2 and 3, post-secondary viral load dynamics result in lower

peak viral loads than do primary or secondary infections (Figure 4.3c,d vs. 4.3a,b

and Table 4.3.1). Post-secondary infections under scenario 2 exhibit a long duration

of infectiousness, while post-secondary infections under scenario 3 exhibit a short

duration of infectiousness (Figure 4.3c,d and Table 4.3.1). Peak endothelial acti-
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Figure 4.3: Within-host dynamics by immune status. (a-d) Viral load dynam-
ics by immune status. (e-g) T-cell dynamics by immune status. Dashed lines
show limits of detection for the viral load assays used. (e-g) T-cell dynamics by
immune status. (h-k) Endothelial activating cytokine dynamics by immune sta-
tus. In (a, b), viral load data are shown alongside model simulations. Viral load
measurements are shifted in time based on the incubation period values that max-
imized each individual’s likelihood calculation. (c, f, j) Within-host dynamics of
post-secondary infections under scenario 2, with low viral infectivity and a weak
T-cell response. (d, g, k) Within-host dynamics of post-secondary infections un-
der scenario 3, with a strong T-cell response. (i-k) Dotted lines show endothe-
lial activators when αT ą 0. Solid lines show endothelial activators when αT “ 0.
For primary and secondary infection simulations the highest samples log-likelihood
estimates of the parameter values are used. Primary infection parameters are:
β “ 5.1 ˆ 10´10copies/ml´1day´1, q “ 0.07/day. Secondary infection parameters
are: β “ 5.2 ˆ 10´10, q “ 0.04/day, qT “ 3 ˆ 10´5cells/ml´1day´1. Post-secondary
infection parameters under scenario 2 are: β “ 3.6 ˆ 10´10, q “ 0.3/day, qT “

10´4cells/ml´1day´1. Post-secondary infection parameters under scenario 3 are:
β “ 4.6 ˆ 10´10, q “ 0.3/day, qT “ 2.5 ˆ 10´4cells/ml´1day´1. For all scenarios:
κ “ 10/day. V0 “ 10´3 copies/ml. qE “ 10´2/day, dE “ 5/day. αT “ 10´6. All other
model parameters were assigned, based on (Ben-Shachar et al., 2016): α “ 0.001/day,
δT “ 10´6/day, ω “ 104 copies/cell/day. X0 “ 107 cells/ml. Y0 “ N0 “ 0 cells/ml.
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Figure 4.4: Within-host dynamics of target cells, infected cells and NK cells by
immune status. (a-d) Target cell dynamics by immune status. (e-h) Infected cell
dynamics by immune status. (i-l) NK cell dynamics by immune status

vating cytokine levels in post-secondary infections (Figure 4.3jk) are lower than in

either primary or secondary infections, resulting in an expectation of lower disease

development risk. This expectation is consistent with findings from epidemiological

studies (Gibbons et al., 2007; Olkowski et al., 2013). These results are robust to the

parameters chosen for qE and dE.

4.3.2 Fitness trade-offs in primary infections

We first consider selection on the viral production rate ω and the innate immune re-

sponse activation rate q in the epidemiological context of a single circulating serotype,

where all infections are primary infections. We consider these trade-offs in the con-

text of a DENV-3 infection (Figure 4.5). Similar qualitative results are obtained for

other serotypes, trade-offs in the context of a DENV-2 infection are shown in Fig-
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ure 4.6. The estimated logistic regression curves quantifying the probability that an

infected host transmits the virus to a susceptible mosquito upon a bite for DENV-3

and DENV-4 infections were similar, as were those of DENV-1 and DENV-2 Nguyet

et al. (2013). Therefore, we do not show trade-off for DENV-4 and DENV-2.

In Figure 4.5a, we show how virulence of a primary infection depends on the viral

production rate. As expected, and consistent with empirical findings (Cologna and

Rico-Hesse, 2003), higher viral production rates result in a higher risk of developing

severe disease, as indicated by higher peak levels of endothelial activating cytokines.

Figure 4.5b shows how the basic reproduction number of dengue depends on the viral

production rate. R0 is maximized at a production rate of 1.1ˆ104 (copies/cell/day),

which is associated with intermediate virulence (Fig 4.5a). Maximization of R0 at an

intermediate viral production rate results from a trade-off between peak viral load

and the duration of infectiousness. High viral production rates result in high peak

viral loads, but simultaneously in rapid viral clearance and a correspondingly short

duration of infectiousness (Figure 4.7a,b). Low viral production rates result in long

durations of infectiousness, but low peak viral loads (Figure 4.7a.b). In an endemic

single-serotype setting, R0 maximization is thus expected to select for intermediate

virulence when viral production rate is the phenotype under selection. Figure 4.7d

shows the canonical trade-off curve between recovery rate (1/duration of infectious-

ness) and transmission rate when ω is evolving during primary infections (Alizon

et al., 2009). This curve saturates as the recovery rate increases and shows that the

evolutionary stable strategy (given by the tangent of the curve) occurs at an inter-

mediate recovery rate and transmission rate, which corresponds with intermediate

virulence.

In Figure 4.5c, we show the relationship between the viral production rate and

the intrinsic rate of population growth r, which is the quantity that is maximized

in epidemic epidemiological settings. Unlike for R0, we do not see a peak in r at
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Figure 4.5: Fitness trade-offs in primary dengue infections. (a) The effect of viral
production rate ω on dengue virulence. Virulence is assumed to be proportional to
the maximum level of endothelial activating cytokines (max(E)). (b) The effect of
viral production rate on R0. (c) The effect of viral production rate on r. (d) The
effect of the innate immune response activation rate q on dengue virulence. (e) The
effect of the innate immune response activation rate on R0. (f) The effect of the
innate immune response activation rate on r. 95% credible intervals were taken from
the viral fitness values for each value of ω of q shaded in either green or orange,
respectively. Black lines show estimates of the highest sampled log-likelihood. The
vertical black line in (b) shows the value of ω that maximizes R0. Calculations of
R0 and r required the specification of epidemiological parameter values. Here, we
assumed a biting rate of a “ 0.2 bites/day, a ratio of mosquito to human population
sizes of Nm

Nh
“ 5, a mosquito lifespan of 1{µm “ 10 days, and a probability that an

infected mosquito passes the virus to a susceptible host upon a bite of Thm “ 0.4.
In the case of R0 maximization (b,e), alternative values for these epidemiological
parameters would not change the viral production rate that maximizes fitness, as
these values would simply scale the shown R0 values by a constant. In the case of
r maximization (c,f), alternative epidemiological parameter values can change the
viral production rate that maximizes r. However, a non-monotonic relationship be-
tween viral replicate rate and r can only occur for values that result in low values of
R0 ă 2 (Johansson et al., 2011). Regardless of the parameterization, the viral pro-
duction rate that maximizes r is higher than the value that maximizes R0. Here, we
assume that the probability that an infected host transmits the virus to a susceptible
mosquito upon a bite is given by the logistic regression curve of DENV-3. Figure
4.6 shows results for when DENV-2 logistic regression curves are used instead.
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Figure 4.6: Fitness trade-offs in primary dengue infections using the logistic-
regression curve of DENV-2. (a) The effect of viral production rate ω on dengue
virulence. (b) The effect of viral production rate on R0. (c) The effect of viral pro-
duction rate on r. (d) The effect of the innate immune response activation rate q on
dengue virulence. (e) The effect of the innate immune response activation rate on
R0. (f) The effect of the innate immune response activation rate on r. 95% credible
intervals were taken from the viral fitness values for each value of ω of q shaded in ei-
ther green or orange, respectively. Black lines show estimates of the highest sampled
log-likelihood. Epidemiological parameter values assumed were as in Figure 4.5.

intermediate values of ω (Figure 4.5b), although there is an apparent leveling-off

of r at high viral production rates. These results are somewhat sensitive to the

epidemiological values used. For lower values of a, Thm or Nm{Nh, r reaches a peak.

However, these parameters correspond to R0 values ă 2, which is lower than typical

R0 estimates for dengue (Johansson et al., 2011). Regardless of the epidemiological

parameters used, we expect viral production rates to evolve to high levels in epidemic
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Figure 4.7: Within-host trade-off relationships during primary infections. (a) Viral
load dynamics at or near optimum R0 value for selection on viral production rate.
Low ω in purple, ω that maximizes R0 in pink, high ω in green (b,c) Effect of
changes in (b) ω and (c) q on viral peak magnitude and duration of infectiousness.
Warmer colors represent higher R0 values. (d) Relationship between the recovery rate
and transmission rate when the viral production rate is evolving. (d) Relationship
between the recovery rate and transmission rate when the innate immune response
activation rate is evolving.

settings, resulting in high levels of dengue virulence. These results are consistent with

the expectation of transient virulence in other pathogens (Bolker et al., 2010) and

arise because the cost the virus endures for a decreased duration of infectiousness is

reduced in epidemic relative to endemic settings.

We next consider the potential for virulence evolution when the innate immune

response activation rate is under selection. Figure 4.5d shows how virulence of a

primary dengue infection depends on this rate, indicating that evasion of the innate

immune response (lower q) results in a more highly virulent phenotype, consistent

with (Manokaran et al., 2015). Figure 4.5d shows how the basic reproduction number

of dengue depends on the innate immune response activation rate. R0 increases
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monotonically with a decrease in q, indicating that selection on this phenotype in

endemic settings would result in a highly virulent virus (Figure 4.5e). Similarly, in

epidemic settings, where evolution maximizes r, a highly virulent virus with a low

innate immune response activation rate phenotype is expected to evolve (Figure 4.5f).

Evolution towards lower innate immune response activation rates is expected under

both epidemic and endemic epidemiological settings because decreases in q result

in both increased peak viral loads and increased durations of infectiousness (Figure

4.7c), such that no fitness trade-off is apparent. Figure 4.7e shows the relationship

between recovery rate and transmission when q is evolving. This relationship is not

concave, further indicating no fitness trade-off.

4.3.3 Fitness trade-offs in secondary infections

Next, we consider dengue virulence evolution in the context of secondary heterologous

infections (Figure 4.8). As for primary infections, we consider these trade-offs in the

context of a DENV-3 infection (Figure 4.8). Similar qualitative results are obtained

for other serotypes, trade-offs in the context of a DENV-2 infection are shown in

Figure 4.9. We first consider evolution of dengue’s viral production rate ω, assuming

that all infections are secondary infections (Figure 4.8a,b,c). Figure 4.8a again

shows that virulence increases with an increase in ω, regardless of whether T-cells

contribute to immunopathology.

As in a primary dengue infections, a fitness trade-off in ω is apparent in endemic

settings where R0 is being maximized (Figure 4.8c). An intermediate viral pro-

duction rate (associated with intermediate virulence) is thus optimal for the virus

when all dengue infections are assumed to be secondary infections. However, the

value of ω that maximizes R0 in a secondary infection, ω “ 3.4ˆ 103 copies/cell/day

(Figure 4.8b) is lower than in a primary infection (Figure 4.5b). This suggests that

dengue would evolve to be less virulent if only secondary heterologous infections
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Figure 4.8: Fitness trade-offs in secondary dengue infections. (a) The effect of
viral production rate ω on dengue secondary infection virulence. (b) The effect
of viral production rate on R0 of dengue secondary infections. (c) The effect of
viral production rate on r of dengue secondary infections. (d) The effect of the
innate immune response activation rate q on dengue virulence. (e) The effect of the
innate immune response activation rate on the R0 of dengue secondary infections. (f)
The effect of the innate immune response activation rate on r of dengue secondary
infections. Black lines show simulation results using parameters having the highest
likelihood; shaded areas show 95% credible intervals. Purple region shows virulence
when αT ą 0. Green region shows virulence when αT “ 0. Black vertical lines show
values of the within-host phenotype of interest (ω or q that maximize fitness (R0 or
r). Epidemiological parameter values assumed were as in Figure 4.5, except for the
viral production rate β, which here samples from the posterior distribution of βSI .
As in Figure 4.5, we used the DENV-3 logistic regression curve. Figure 4.9 shows
results for when DENV-2 logistic regression curves are used instead.

occurred than if only primary infections occurred. This (perhaps counterintuitive)

result stems from secondary infections having higher peak viral loads and shorter

durations of infectiousness than primary infections. Because the transmission ad-
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vantages coming from increases in peak viral loads saturate at high peak viral loads,

and come at the cost of decreasing the duration of infectiousness, onward transmis-

sion of secondary infections is maximized at a lower value of ω than for primary

infections. Figure 4.10a show the viral load dynamics of the optimal R0 during a

secondary infection when ω is evolving. Because the corresponding ω value is low, the

viral load dynamics result in smaller viral peak and longer duration of infectiousness

than that in a primary infection (Figure 4.10a compared to Figure 4.7a).

Not only does onward transmission get maximized at lower values of ω in sec-

ondary infections relative to primary infections, but the fitness trade-off is more

pronounced in secondary infections. This is because of the role of T-cells in viral

clearance in secondary infections. Specifically, because T-cells are activated at the

mass-action rate of qTY T , small increases in the number of infected cells results in

more rapid T-cell activation. At higher values of ω, this decreases the duration of

infectiousness more rapidly for secondary infections than for primary infections, thus

increasing the fitness cost of higher viral production rates. Figure 4.10b shows the

relationship between viral peak magnitude and duration of infectiousness for sec-

ondary infection. Figure 4.10d shows the relationship between recovery rate and

transmission rate. The evolutionary stable strategy occurs at a lower recovery rate

and transmission rate than in primary infections.

In an epidemic setting, when r is under selection, we see similar trends as for a

primary infection: selection towards a viral production rate that is associated with

higher virulence and a saturation in r at large values of ω (Figure 4.8b). This

saturation occurs more rapidly than in primary infections because peak viral loads

are higher at a given value of ω in secondary infections relative to primary infections.

We next consider whether fitness trade-offs are apparent when the innate immune

response activation rate q is the within-host dengue virus phenotype under selection

(Figure 4.8d-f). Figure 4.8d shows that virulence of secondary infections is expected
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Figure 4.9: Fitness trade-offs in secondary dengue infections using the DENV-
2 logistic regression curve. (a) The effect of viral production rate ω on dengue
secondary infection virulence. (b) The effect of viral production rate onR0. The
black vertical line shows the value of ω that maximizes R0. (c) The effect of viral
production rate on r. (d) The effect of the innate immune response activation rate q
on dengue virulence. (e) The effect of the innate immune response activation rate on
R0. The black vertical line shows the value of q that maximizes R0. (f) The effect of
the innate immune response activation rate on r. The black vertical line shows the
value of q that maximizes r. All non-vertical black lines show simulation results using
parameters having the highest likelihood; shaded areas show 95% credible intervals.
Purple region shows virulence when αT ą 0. Green region shows virulence when
αT “ 0. Epidemiological parameter values assumed were as in Figure 4.5, except
for the viral production rate β, which here samples from the posterior distribution
of βSI .

to be higher at lower innate immune response activation rates, regardless of whether

T-cells contribute to virulence or not. This finding is consistent with the results from

the primary infection analysis (Figure 4.5d).
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Figure 4.10: Within-host trade-off relationships during secondary infections. (a)
Viral load dynamics at optimal R0 value when ω is evolving is in green. Viral load
dynamics at optimal R0 value when q is evolving is in orange. (b,c) Effect of changes
in (b) ω and (c) q on viral peak magnitude and duration of infectiousness. Warmer
colors represent higher R0 values. (d) Relationship between recovery rate and trans-
mission rate when the viral production rate is evolving. (d) Relationship between
recovery rate and transmission rate when the innate immune response activation rate
is evolving.

Unlike for primary infections, however, we find evidence for a fitness trade-off

in the innate immune response activation rate in secondary dengue infections when

R0 is being maximized (Figure 4.8e). This trade-off emerges as a consequence of

the feedback between NK cells and T-cells. As q decreases from high values, peak

viral load and the duration of infectiousness increase as a result of a weak innate

immune response (Figure 4.10c), resulting in a higher R0. However, as q decreases

further, the number of cells infection early in infection increases, leading to activation

of T-cells. Once circulating, these T-cells rapidly clear infected cells, resulting in a

shortened duration of infectiousness as well as a lower peak viral load (Figure 4.10c).

108



Figure 4.10e shows the transmission-recovery curve when q is evolving, indicating

that the fitness trade-off occurs at short recovery rates and low transmission rates.

We see similar results in secondary dengue infections in epidemic scenarios when

r is under selection, with fitness being maximized at a value of q that is associated

with intermediate virulence (Figure 4.8f). This is a result of the lower peak viral load

that results at low innate immune response activation rates, due to the compensatory

effects of T-cells. In comparison to primary dengue infections, under both epidemic

and endemic scenarios, we thereby expect secondary infections to (again, perhaps

unexpectedly) lead to lower virulence dengue phenotypes than primary infections.

4.3.4 Fitness trade-offs in post-secondary infections

Next, we consider dengue virulence evolution in post-secondary infections, under the

three distinct scenarios for within-host dynamics described above. We again consider

these trade-offs in the context of a DENV-3 infection (Figure 4.11). Similar qualita-

tive results are obtained for other serotypes. Trade-offs in the context of a DENV-2

infection are shown in Figure 4.12. Under the first scenario, dengue virulence evo-

lution in post-secondary infections is not considered since post-secondary infections

are assumed to be unable to transmit.

Under both the second and the third scenario for post-secondary infection dy-

namics, higher viral production rates result in higher virulence (Figure 4.11a). This

is the case regardless of whether T-cells contribute to immunopathology.

In an endemic setting, where fitness maximization corresponds to R0 maximiza-

tion, an intermediate viral production rate is optimal, such that evolution towards

intermediate virulence is expected (Figure 4.11b). Under both scenarios, the value

of ω that maximizes R0 is higher in a post-secondary infection than in a secondary

infection (Figure 4.11c). For scenario 2 the ω value that maximizes R0 is 1.35ˆ 104

copies/cell/day and that for scenario 3 is 4.8 ˆ 103 copies/cell/day. However, while
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Figure 4.11: Fitness trade-offs in post-secondary dengue infections for scenarios 2
and 3. Purple lines show post-secondary infections with low T-cell responses (scenario
2) and pink lines show post-secondary infections with high T-cell responses (scenario
3). (a) The effect of viral production rate ω on dengue post-secondary infection
virulence. (b) The effect of viral production rate on the basic reproduction number
R0 of dengue secondary infections. (c) The effect of viral production rate on the
intrinsic rate of increase r of dengue secondary infections. (d) The effect of the
innate immune response activation rate q on dengue virulence. (e) The effect of the
innate immune response activation rate on the R0 of dengue secondary infections. (f)
The effect of the innate immune response activation rate on r of dengue secondary
infections. The black vertical line shows the value of q that maximized r. Dotted lines
show virulence when αT ą 0. Solid lines show virulence when αT “ 0. Black vertical
lines show values of the within-host phenotype of interest (ω or q that maximize
fitness (R0 or r)).

this value of ω is higher than in a primary infection under scenario 2, this value of

ω is lower than in a primary infection under scenario 3 (Figure 4.5b versus Figure

4.8b). This is because post-secondary infections have similar fitness trade-offs to

primary infections under scenario 2, where T-cell responses are assumed to be low

and NK cells are largely responsible for viral clearance. Because peak viral load is

lower in post-secondary infections relative to primary infections (due to the low viral

infectivity rate β), R0 is maximized at higher viral production rates than primary
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Figure 4.12: Within-host trade-off relationships during post-secondary infections.
(a-d) Effect of changes in (a-b) ω and (c-d) q on viral peak magnitude and duration
of infectiousness. Warmer colors represent higher R0 values. (a, c) Effect of changes
in (a) ω and (c) q on viral peak magnitude and duration of infectiousness during
post-secondary infections with moderate T-cell responses (scenario 2). (b, d) Effect
of changes in (b) ω and (d) q on viral peak magnitude and duration of infectious-
ness during post-secondary infections with high T-cell responses (scenario 2). (e)
Relationship between recovery rate and transmission rate when the viral production
rate is evolving. (f) Relationship between recovery rate and transmission rate when
the innate immune response activation rate is evolving. (e-f) Scenario 2 is in purple;
scenario 3 is in pink.

infections (Figure 4.11b). Under scenario 3, the strong T-cell response assumed

during a post-secondary infection leads to a significant shortening of the duration

of infectiousness at high viral production rates, thereby increasing the fitness costs

of high ω. As such, fitness is maximized at lower viral production rates, associated

with lower virulence (Figure 4.11b).

In an epidemic setting when fitness maximization is equivalent to r maximiza-

tion, we see similar patterns as for a primary and secondary infection, regardless of
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which scenario is assumed for post-secondary infections. These patterns are fitness

maximization at higher viral production rates (and virulence levels) compared to

endemic settings, and a saturation in r at large values of ω (Figure 4.11c).

We next consider the potential for virulence evolution in post-secondary infections

when the innate immune response activation rate q is under selection. Again, we see

lower values of q correspond to higher virulence, regardless of which post-secondary

infection scenario is considered and regardless of whether T-cells contribute to im-

munopathology (Figure 4.11d). In an endemic setting, we see maximization of viral

fitness occurring at intermediate activation rates under both post-secondary infection

scenarios (Figure 4.11e). As in secondary infections, this apparent fitness trade-off

arises from feedback between NK cells and T-cells. The optimal value of q is lower

under scenario 2 than scenario 3, although both post-secondary infection scenarios

result in lower optimal activation rates than in secondary infections. This is because

the stronger the T-cell response can be, the higher the fitness cost of low q values,

resulting in R0 maximization at higher q values. This fitness cost of low q values

derives from the shortened duration of infectiousness (Figure 4.12c,d). Figure 4.12d

shows the relationship between recovery rate and transmission rate for both post-

secondary infection parameterizations. The evolutionary stable strategy occurs at

lower recovery rates for scenario 2 than scenario 3, as expected.

In epidemic settings in which fitness maximization is equivalent to r maximiza-

tion, the fitness trade-offs are again similar to secondary infections. Under both

post-secondary infection scenarios, r is maximized at intermediate innate immune

response activation rates. Again, fitness maximization occurs at lower values of q

than in endemic settings, consistent with selection towards higher virulence in epi-

demic relative to endemic settings.
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4.3.5 Evolutionarily optimal viral production rates in different epidemiological con-
texts

Given the existing uncertainties about the within-host dynamics and onward trans-

mission of post-secondary infections, we again consider the three distinct post-secondary

infection scenarios when analyzing virulence evolution by viral production rate changes

in different epidemiological contexts. Figure 4.13a shows the optimal viral repro-

duction rate for dengue in all possible epidemiological contexts under scenario 2,

characterized by a very low viral infectivity rate and a moderate T-cell response.

Figure 4.13b shows the optimal viral reproduction rate for dengue in all possible

epidemiological contexts under scenario 3, characterized by a low viral infectivity

rate and a high T-cell responses. Both Figures 4.13a and b contain the first scenario,

when post-secondary infections have insufficient viral load to be considered infectious

when p1 ` p2 “ 1.

We first consider the case when post-secondary infections do not contribution to

transmission. Optimal viral production rates are higher in epidemiological contexts

with a higher proportion of primary infections. Because higher viral production

rates correspond to higher virulence, this indicates that environments with a single

serotype circulating should select for more virulent dengue genotypes. In contrast,

environments that have only two dengue serotypes circulating (or have 4, but post-

secondary infections do not contribute to onward transmission), should select for less

virulent dengue genotypes. These results make sense in the context of Figure 4.5b

and Figure 4.8b, which indicated that optimal viral production rates are higher in

primary infections than in secondary infections.

We next consider scenario 2 (Figure 4.13b). Under this scenario, our results have

shown that the viral production rate that maximizes R0 in post-secondary infections

is considerably higher than secondary infections and slightly higher than for primary

infections (Figure 4.11b, 4.8b, 4.5b). Therefore, in epidemiological contexts with
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Figure 4.13: Evolution of virulence in different epidemiological contexts when the
viral production rate is under selection. (a) Evolutionarily optimal viral production
rates in different epidemiological contexts, when post-secondary infections have very
low viral infectivity rate and moderately low T-cell responses (scenario 2). (b) Evo-
lutionarily optimal viral production rates in different epidemiological contexts, when
post-secondary infections have a high T-cell response (scenario 3). (a-b) Colors show
optimal ω values, ω˚, that result in highest overall R˚0 values.

a high proportion of primary and/or post-secondary infections, the evolutionarily

optimal ω˚ is high (Figure 4.13a). This is associated with high virulence. For a given

proportion of secondary infections, as the proportion of post-secondary infections

increases, the evolutionarily optimal ω˚ decreases slightly, because the optimal ω

of post-secondary infections is higher than that of primary infections. Again, the

presence of secondary infections results in evolution towards lower virulence.

Finally, we consider scenario 3 (Figure 4.13b). Under this scenario, our results

have shown that the viral production rate that maximizes R0 in post-secondary in-

fections is higher than in secondary infections, yet lower than in primary infections

(Figure 4.11b, 4.8b, 4.5b). Therefore, optimal viral production rates are high-

est in epidemiological contexts with a high proportion of primary infections and a

low proportion of secondary and post-secondary infections. At a given proportion
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of primary infections, virulence is again higher, the higher the proportion of post-

secondary infections.

4.3.6 Evolutionarily optimal evasion of the innate immune response in different
epidemiological contexts

Next, we turn to assessing the potential for virulence evolution by viral evasion

of the innate immune response in different epidemiological contexts. Figure 4.14a

shows the optimal innate immune response activation rate for dengue in all possible

epidemiological contexts under scenario 2, characterized by a very low viral infectivity

rate and a moderate T-cell response. Figure 4.14b shows the optimal innate immune

response activation for dengue in all possible epidemiological contexts under scenario

3, characterized by a low viral infectivity rate and a high T-cell responses. Both

Figures 4.14a and b contain the first scenario, when post-secondary infections have

insufficient viral load to be considered infectious when p1 ` p2 “ 1.

We again first consider the case of when post-secondary infections have insuffi-

cient viral load to be considered infectious. Optimal innate immune response activa-

tion rates are lower in epidemiological contexts with a higher proportion of primary

infections. Because lower innate immune response activation rates correspond to

higher virulence, this indicates that environments with a single serotype circulating

should select for higher virulence dengue genotypes. In contrast, environments that

have only two dengue serotypes circulating (or have 4, but post-secondary infections

do not contribute to onward transmission), should select for lower virulence dengue

genotypes. These results make sense in the context of Figure 4.5b and Figure 4.8b,

which indicated that optimal innate immune response activation rates are lower in

primary infections than in secondary infections.

We next again consider scenario 2 (Figure 4.14a). Under this scenario, our results

have shown that the innate immune response activation rate that maximizes R0 in
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Figure 4.14: Evolution of virulence in different epidemiological contexts when the
innate immune response activation rate is under selection. (a) Evolutionarily optimal
innate immune response activation rates in different epidemiological contexts, when
post-secondary infections have very low viral infectivity rate and moderately low
T-cell responses (scenario 2). (b) Evolutionarily optimal innate immune response
activation rates in different epidemiological contexts, when post-secondary infections
have a high T-cell response (scenario 3). (a-b) Colors show optimal q values, q˚, that
result in highest overall R˚0 values

post-secondary infections is higher than in primary infections (which do not experi-

ence a trade-off) but lower than in secondary infections. Therefore, epidemiological

contexts that select for more virulent dengue genotypes are those that have a high

proportion of primary infections, resulting in selection towards low q. Given a certain

proportion of primary infections, however, the presence of a greater proportion of

post-secondary infections results in a lower q and greater virulence (Figure 4.14a).

Finally, we consider scenario 3 (Figure 4.14b). Under this scenario, our results

have shown that the innate immune response activation rate that maximizes R0 in

post-secondary infections is higher than in primary infections, and slightly lower than

in secondary infections. Therefore, optimal innate immune response activation rates

are lowest in epidemiological contexts with a high proportion of primary infections
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and a low proportion of secondary infections. At a given proportion of primary

infections, virulence is again higher, the higher the proportion of post-secondary

infections. As such, scenarios 2 and 3 both predict that primary infections (and to

a much lesser extent, post-secondary infections, especially in scenario 3) acting to

drive increases in virulence by selecting for lower innate immune response activation

rates.

4.4 Discussion

Here we have shown empirical support for the long-standing trade-off theory between

transmission and virulence in the context of the dengue virus. We considered viru-

lence as arising from immunopathology via a cytokine storm, which causes increased

risk of disease but does not affect mortality. We explored two distinct molecular

means by which virulence may evolve: by selection on the within-host viral produc-

tion rate and by selection on viral evasion of the innate immune response. We have

shown that evolution towards intermediate virulence, when it occurs, results from a

trade-off between time-averaged transmission rate and the duration of infectiousness

in both of these cases (Nguyet et al., 2013).

We were able to show this trade-off in part due to the availability of viremia

measurements from dengue patients, that were made publicly available in (Clapham

et al., 2014). These data were used to parameterize the within-host model needed

to illustrate the observed fitness trade-offs. Our analysis also critically depended on

quantitative estimates on how within-host viral load affects the probability that a

susceptible mosquito picks up the virus at the time of biting an infected host (Nguyet

et al., 2013). Though data on how pathogen load affects transmissibility is scarce

(Handel and Rohani, 2015), we hope studies such as this one will spark interest in

increased collection of data that would facilitate linking within-host and population

level processes.
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Theory on immunopathology and evolution of virulence has focused on how viru-

lence evolution depends on the relationship between immunopathology and parasite

exploitation (Day et al., 2007), or how immunopathology directly affects epidemio-

logical traits (Best et al., 2012). Our analysis adds another piece of complexity to

these theoretical studies by showing that strain interactions and thus, epidemiolog-

ical context, can impact selection pressures on the virus, and thus affect virulence

evolution. Specifically, we have shown that virulence should evolve to higher levels

when primary infections dominate. In contrast, secondary dengue infections put se-

lection pressures on the virus to evolve lower virulence. This is the case for both

within-host phenotypes we examined here. When viral production rates are the phe-

notype under selection, secondary dengue infections experience lower fitness benefits

to increasing viral production rates, because increases in peak viral loads do not lead

to appreciable increases in transmission probability. When innate immune response

activation rates are the phenotype under selection, secondary dengue infections ex-

perience increased fitness costs to decreases in these rates. This is because strong

T-cell responses result when the innate immune response is weak, and these T-cell

responses act to decrease the duration of infectiousness. The result that secondary

infections should select for lower-virulence phenotypes is perhaps counterintuitive

because it is well known that these infections have the highest risk of developing into

severe disease. Intriguingly, these results align with existing theory on the role of

immunopathology on virulence evolution, which found that when immunopathology

positively affects parasite fitness with little effects on host mortality, there will be

selection for less severe disease (Best et al., 2012).

Viral dynamics of post-secondary dengue infections have not been well-characterized,

as very few symptomatic post-secondary infections typically present in hospitals

(Gibbons et al., 2007). We therefore considered three distinct scenarios for post-

secondary infections. Under scenarios 2 and 3 (which assumed that post-secondary
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infections can transmit dengue), we have shown that post-secondary dengue infec-

tions select for less virulent phenotypes than secondary infections. However, de-

pending on whether post-secondary infections are characterized by a weak or strong

T-cell response, they can select for either higher or lower virulence than primary

infections (Figure 4.11). Viremia measurements from post-secondary dengue infec-

tions are therefore critical to resolve the effect of post-secondary infections on dengue

virulence evolution.

Importantly, a recent study characterizing whether mosquitos could become in-

fected by biting a host with an asymptomatic dengue infection showed that, con-

trolling for viral load, asymptomatic individuals were more infectious to mosquitos

than symptomatic individuals (Duong et al., 2015). Though this study included only

13 asymptomatic individuals, this work has important implications for the role of

asymptomatic infections in driving dengue transmission patterns, and the increased

importance of post-secondary infections in transmission dynamics, given that the

majority of these infections are inapparent (Gibbons et al., 2007). If asymptomatic

individuals are more infectious to mosquitos than symptomatic infections, we would

expect the virus will evolve toward decreased virulence in a typical post-secondary

infection.

Based on our analyses, we would expect evolution toward increased virulence

when the fraction of secondary infections is low (Figures 4.13, 4.14). Therefore, we

would expect evolution toward increased virulence in regions where a single serotype

is predominating compared to a setting where two serotypes are circulating. These

findings are consistent with the emergence of virulent DENV-2 genotypes in many

countries in Latin America (Rico-Hesse et al., 1997), where one serotype typically

predominates. In Cuba, for example, DHF was first detected during a 1981 DENV-2

outbreak and was identified as a Southeast Asian strain of DENV-2 (Guzmán et al.,

2002), following a DENV-1 outbreak four years before. In Nicaragua, evolution of a
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virulent DENV-2 genotype was seen during a DENV-2 epidemic in 2007-2008 imme-

diately following a DENV-3 epidemic (OhAinle et al., 2011). There are also examples

of emergence of virulent dengue strains in hyperendemic settings in Vietnam and Sri

Lanka (Vu et al., 2010; Messer et al., 2003). Our findings suggest that emergence of

virulent strains in a hyperendemic setting will more likely occur when the fraction

of secondary infections are low.

Here we have shown support for a trade-off between transmission and virulence

for dengue virus. Further, we have shown that for dengue, understanding of viru-

lence evolution is incomplete without considering the epidemiological context. More

broadly, these results provide empirical support for how patterns of immunity can

have large effects in shaping pathogen virulence evolution.
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5

Conclusion

In this dissertation I have shown how the formulation of within-host mathematical

models of dengue and the statistical fitting of these models to dengue viral load

data are useful for identifying the potential mechanisms driving variation in viremia

among dengue-infected individuals. I have further shown that characterizing these

patterns of variation have important implications for understanding the mechanisms

driving severe dengue disease and dengue virulence evolution.

Chapter 2 details the different arms of the immune response needed to reproduce

characteristic features of primary and secondary dengue infections. By extending

these models to quantify the risk of developing severe dengue disease, I assessed the

effectiveness of common virological indicators of disease severity. Chapter 3 provides

statistical support for certain mechanisms driving variation in viral load patterns of

dengue-infected individuals. Specifically, antibody dependent enhancement appears

to explain variation in viral load by clinical manifestation, and there is statistical

evidence for serotype-specific differences in viral infectivity rates. Finally, Chapter 4

demonstrates a virulence fitness trade-off for dengue and shows how virulence evolu-

tion critically depends on epidemiological context, shaping the population patterns
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of immunity.

5.0.1 Implications for vaccination

This last chapter has important implications for dengue vaccination, a particularly

timely issue, given the recent licensing of the first approved dengue vaccine, Denvaxia.

This Sanofi Pasteur-developed vaccine has been approved in Mexico, the Philippines,

Brazil and El Salvador following two large-scale Phase 3 trials (CYD14 in Southeast

Asia in 2014, enrolling 10,278 individuals (Capeding et al., 2014); CYD15 in Latin

America in 2015, enrolling 20,869 individuals (Villar et al., 2015)). This vaccine

is a live-recombinant attenuated tetravalent vaccine (CYD-TDV) (Capeding et al.,

2014). In both trials, vaccine efficacy was significantly higher in individuals that

were seropositive compared to seronegative (Capeding et al., 2014; Villar et al.,

2015) (74.3 % for seropositive individuals, 35.5 % for seronegative individuals in the

CYD14 trial (Capeding et al., 2014); 83.7 % for seropositive individuals vs. 43.2 %

for seronegative individuals in CYD15 (Villar et al., 2015)). Efficacy also differed

by serotype, with the lowest efficacy for DENV-2 infections (35 % in CYD14, 42 %

in CYD15) (Capeding et al., 2014; Villar et al., 2015). Given the vast differences in

vaccine efficacy based on serostatus, the vaccine is licensed for individuals aged 9-45

year olds in endemic settings. Presumably, individuals vaccinated will already have

had at least one prior natural infection.

After examination of these results, a dengue modeling consortium reporting to

the World Health Organization (WHO) has recently assessed the epidemiological im-

pact of Dengvaxia in various transmission settings. This assessment was provided to

the WHO to inform their recommendations for the rollout of the vaccine. Based on

fits to CYD14 and CYD15 trial date, the modeling consortium assumed Dengvaxia

acts like a silent natural infection, essentially as a fifth serotype DENV-5 (Katia

Koelle, personal communication). Despite the modeling group’s detailed assessment
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of the epidemiological consequences of a putative vaccine rollout, there has been no

consideration to date of the possible evolutionary consequences of this rollout on

dengue virus. Given that vaccines can impact the evolution of pathogen virulence

(Read et al., 2015; Gandon et al., 2001), assessing this possibility in dengue is criti-

cal. If we assume the vaccine will act primarily as a silent secondary infection, in a

hyperendemic setting it will skew the distribution of cases to be primarily primary

infections and post-secondary-like infections. While this vaccination policy would

decrease disease (as a consequence of making secondary infections silent infections),

the work in chapter 4 indicates that the virus may evolve to become more virulent.

Other scenarios to consider will depend on the age of vaccination and the transmis-

sion intensity of dengue (which jointly determine the proportion of vaccine recipients

that are seronegative at vaccination, vs. seropositive at vaccination). Consideration

of how vaccination alters the proportion of primary, secondary (or secondary-like),

and post-secondary (or post-secondary-like) natural infections will have important

consequences for predicting the selection pressures placed on dengue virulence evolu-

tion. Further characterization of how the distribution of circulating serotypes affects

virus selection pressures will also be important to consider, especially due to the

low-efficacy of the vaccine against DENV-2.

5.0.2 Future directions

Though dengue pathogenesis is still poorly understood, new rich datasets currently

at both the within-host level and population-level make this an exciting time to be a

dengue researcher. To conclude this dissertation, I discuss the types of data that are

currently being collected and how they can be used to understand dengue disease

and transmission patterns.

The within-host analyses presented in this dissertation highlight the importance

of early infection dynamics in understanding the risk of developing severe dengue
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disease. Dengue human challenge studies are currently underway to aid in the de-

velopment of dengue vaccines and therapeutics (Larsen et al., 2015). However, these

models will also be very useful in characterizing dengue early infection dynamics,

such as the length of the intrinsic incubation period and when viral load peak occurs

in relation to the onset of symptoms. The NIH is currently developing two mod-

els: one that induces mild symptoms and another that induces dengue fever (Larsen

et al., 2015). The model that induces mild symptoms will be useful in understanding

immune correlates of protection following vaccination and how time since subse-

quent vaccinations impacts immune activation. Characterizing immune correlates of

protection will be vital as analysis of Dengvaxia showed that neutralizing antibody

levels thought to be predictive of protection can be high even when vaccine efficacy is

low (Capeding et al., 2014). The model that induces more severe symptoms will be

very useful in better understanding dengue pathogenesis during a natural infection

if detailed kinetic immune response data is collected. Within-host dengue models

fit to these data will be useful in obtaining an integrated understanding of how the

different arms of the immune response interact dynamically.

Characterization of asymptomatic infection transmissibility is also an important

avenue for dengue research. Cohort studies in Nicaragua (Kuan et al., 2009) and

Peru (Morrison et al., 2010) are able to quantify yearly ratios of inapparent to ap-

parent dengue infections. These ratios vary widely by year and depend on infection

age, transmission intensities, and time intervals between consecutive dengue infec-

tions (Montoya et al., 2013). A recent study quantifying asymptomatic infection and

mosquito infectiousness indicates that asymptomatic infections may play an impor-

tant role in dengue transmission dynamics (Duong et al., 2015). There is a need

for mathematical and statistical models to examine the drivers of fluctuations in

the inapparent to apparent ratio and how inapparent or asymptomatic infections

affect population-level transmission dynamics. Large ongoing studies in Peru quan-
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tifying mosquito infectivity from asymptomatic individuals will be a vital resource

for how transmission from asymptomatic individuals alters dengue force of infection

estimates.

Much like the role of asymptomatic dengue infections in dengue transmission is

changing traditional ideas of drivers of dengue transmission, recent work has called

into question the traditional dengue paradigm that homologous reinfection cannot oc-

cur (Katzelnick et al., 2016). A recent study characterizing the relationship between

neutralizing antibody titers and disease symptoms in the long-standing Nicaraguan

cohort showed that neutralizing antibody titers increased between the year following

a primary infection and before a secondary infection (Katzelnick et al., 2016). A

comparable trend was seen in a hospital-based study in Nicaragua (Puschnik et al.,

2013). These results are counterintuitive as studies have suggested that antibody

titers wane after primary infection (Guzman et al., 2007; Anderson et al., 2014).

Waning cross-reactive antibodies following primary infection are thought to explain

a titer-dependent role of cross-reactive antibodies: whereas high levels of antibodies

are protective, intermediate levels can be enhancing and contribute to ADE (Ander-

son et al., 2014). This pattern is supported by studies in infants, which show that

as maternal antibody wanes and reach intermediate levels, infants typically have

higher incidence of DHF (Kliks et al., 1988). The pattern is further supported by

a study in Cuba, which showed a decrease in cross-reactive antibody titers 20-22

years following a DENV-1 epidemic compared to antibody titers collected 4-8 years

after the epidemic (Guzman et al., 2007). Yet, Katzelnick and coauthors suggest

that the increase in antibody titer in the Nicaraguan studies may be due to boosts

in neutralizing antibody titer following a secondary homologous reinfection (Katzel-

nick et al., 2016). They hypothesize that this reexposure is quickly controlled but

is enough to stimulate the immune response and increase the level of neutralizing

antibodies (Katzelnick et al., 2016). Support for this hypothesis comes from a study
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in non-human primates which showed that homologous reinfection can boost neu-

tralization antibody titers (Bernardo et al., 2008). Additionally, a recent study in

Iquitos, Peru provided indirect evidence for homologous reinfection by analyzing age-

dependent prevalence of DENV-2 prevalence following a DENV-2 epidemic (Forshey

et al., 2016). Cohort studies such as (Montoya et al., 2013; Morrison et al., 2010)

will be useful in detecting homologous reinfections if inapparent infections are tested

more frequently and blood samples are assayed using serotype-specific RT-PCR or

other detailed assays. Importantly, there is a need for modeling studies that consider

how homologous reinfection impacts dengue transmission dynamics and patterns of

disease severity in various endemic settings.

As more dengue immunological and virological data are collected and long-running

cohort studies and hospital studies provide important epidemiological data, consid-

eration of how dengue within-host processes impact population-level dengue trans-

mission dynamics will become increasingly needed. Furthermore, it is important to

consider how non-stationarities such as control methods and changing demograph-

ics of both humans and mosquitos drive variation in disease incidence (Earn et al.,

2000). As described above for vaccination, these non-stationarities are further im-

portant to consider as they can alter the selection pressures on the virus and shape

dengue evolutionary dynamics.

Growing incidence of dengue as a result of climate change, urbanization, and

increased travel (Messina et al., 2015) has resulted in tremendous expansion of dengue

research in recent years. It is safe to say that dengue’s classification as a neglected

tropical infected disease may not be applicable anymore. Yet, there are still many

basic questions about dengue that remain to be answered. Hopefully, increased

collaborations between immunologists, virologists, ecologists, mathematicians, and

statisticians will lead to integrated approaches to tackle dengue’s many complexities.

126



Bibliography

Adams B, Holmes EC, Zhang C, Mammen Jr MP, Nimmannitya S, Kalayanarooj
S, Boots M. 2006. Cross-protective immunity can account for the alternating
epidemic pattern of dengue virus serotypes circulating in bangkok. Proc Natl Acad
Sci U S A 103: 14234–9.

Alizon S, Hurford A, Mideo N, Van Baalen M. 2009. Virulence evolution and the
trade-off hypothesis: history, current state of affairs and the future. J Evol Biol
22: 245–59.

Althouse BM, Durbin AP, Hanley KA, Halstead SB, Weaver SC, Cummings DAT.
2014. Viral kinetics of primary dengue virus infection in non-human primates: a
systematic review and individual pooled analysis. Virology 452-453: 237–46.

Anderson KB, Gibbons RV, Cummings DAT, Nisalak A, Green S, Libraty DH, Jar-
man RG, Srikiatkhachorn A, Mammen MP, Darunee B et al. 2014. A shorter time
interval between first and second dengue infections is associated with protection
from clinical illness in a school-based cohort in thailand. J Infect Dis 209: 360–8.

Anderson R, Wang S, Osiowy C, Issekutz AC. 1997. Activation of endothelial cells
via antibody-enhanced dengue virus infection of peripheral blood monocytes. J
Virol 71: 4226–32.

Anderson RM, Medley GF, May RM, Johnson AM. 1986. A preliminary study of the
transmission dynamics of the human immunodeficiency virus (hiv), the causative
agent of aids. IMA J Math Appl Med Biol 3: 229–63.
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de la C Sierra B, Kouŕı G, Guzmán MG. 2007. Race: a risk factor for dengue
hemorrhagic fever. Arch Virol 152: 533–42.

de Matos AM, Carvalho KI, Rosa DS, Villas-Boas LS, da Silva WC, Rodrigues
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