
Transforming Public Health Surveillance (Elsevier, 2015) 

Chapter 27 

Analyzing Pathogen Genetic Sequence Surveillance Data to Generate 
New Disease Control Power 

Authors: James S. Koopman1 and Betsy Foxman1 

1,Department of Epidemiology University of Michigan 
 
Over the past two decades, classifying pathogens based on genetic sequence 
(genotype) has become standard practice in most public health surveillance systems.  
Now, technological advances are propelling us into an era of massive genetic data 
availability at dramatically falling costs. Rather than classification based on differences 
in frequency of restriction sites across the genome (such as used by PulsedNet), it is 
possible to rapidly and economically sequence parts or the entire genome of viruses, 
bacteria, and fungi. For current surveillance systems, these data increase the 
discrimination of classification at reduced cost, enhancing detection of outbreaks, and 
local transmission patterns. But when analyzed with new methods to be discussed in 
this chapter, sequence databases provide new power to understand the complex 
systems and evolutionary phenomena generating infection transmission. This leads in 
turn to new power to inform public health decisions at every level.  
 
This new power helps refocus control actions from factors that increase the risks of 
susceptible individuals for getting infected to factors that increase the spread infections 
from infected individuals and to social and structural factors that affect the flow of 
infection through populations. Routine surveillance data analyses can only make 
inferences about the characteristics of individuals that increase their chances of getting 
infected. Analyzing genetic data with the analytic phylodynamic methods discussed later 
in this chapter can make inferences about the characteristics of individuals involved in 
transmitting infection1, 2 and about how contact patterns and risk behavior dynamics 
affect the flow of transmission through a population. Infection control strategies that 
focus only on infection risks miss major opportunities to stop transmission. Focusing 
prevention on contagiousness characteristics can be a highly effective control strategy, 
especially when focused on groups that are major disseminators of infection in a 
population.3 Similarly, intervening on structural factors affecting the flow of infection 
through population, such as sanitation, hygiene, or crowding conditions, has long been 
recognized to be more effective than intervening on individual factors. While such 
structural factors can be deduced from either routine surveillance or genetic sequence 
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surveillance, a deeper understanding of their role within overall transmission systems 
can be obtained when sequences are available. Thus analyzing genetic surveillance 
data with transmission models (see Chapter 26) significantly increases the potential to 
find effective control strategies. 
 
We present a framework in this chapter that allows genetic systems analysts to serve 
health officials. One foundation for that framework is infection transmission system 
analysis as discussed in chapter 26. Transmission system models informed by genetic 
sequence data have the potential to clarify key complexities in infection patterns, 
explain why infection patterns vary among populations, and guide control activities. 
Sequence data alone, however, are insufficient. Genetic data needs to be linked to 
surveillance data to establish at least some of the person, time, place, and risk factor 
exposures of the hosts whose pathogens are sequenced.   
 
To illustrate our vision of what the course forward should be, we will describe how 
genetic sequence data can guide control of two different infections with markedly 
different epidemiologic and evolutionary patterns. The first is HIV, a leading indicator of 
the potential of this field4. We believe that well focused control actions, guided by 
genetic sequence analyses, will first reduce and then eradicate HIV transmission. We 
will then consider influenza for which the methods we advocate have also made 
remarkable inroads toward more effective control. While these two RNA viruses are 
leading examples of success in the methods we will describe, all pathogen control can 
benefit from these methods. 
 

How genetic patterns carry information about transmission 
The genetic sequences of pathogens carry the history of their particular path to the 
current host. That path cannot be read directly from a single sequence. It must be 
inferred by comparing large numbers of sequences. A surprising amount of history can 
be inferred from a small number of sequences because the most recent common 
ancestor of every pair of sequences can be inferred. Increasing the number of hosts 
sequenced and the number of pathogens sequenced within each host increases the 
amount of information that can be extracted. The information arises because every time 
a pathogen reproduces there is some change in the sequence and most of that change 
is carried across transmissions. 
 
Figure 1 illustrates the transmission tree for an infection with a constant endemic 
prevalence. It has many chains of transmission that die out and some that are carried 
on. The sequences of individuals at one point in time are sequenced resulting in the 
coalescent tree shown. Transmission events that involve transmission of only a small 
fraction of the viruses in a host represent bottleneck events that fix some small part of 
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the sequence variation that arose in the source host in a new host. That is a major 
reason why genetic trees reflect transmission trees. The shape of a coalescent tree 
depends upon the growth rate of infections in the population as illustrated in Figure 2 for 
the comparison between the constant growth rate in Figure 1 and an exponential growth 
rate as seen at the start of a new epidemic.  

Figure 1 – The chance die out of some transmission chains during endemic transmission 
produces a coalescent tree 

 

Figure 2 – The coalescent tree has different shapes depending on the infection growth 
history   From Volz EM, Koelle K, Bedford T. Viral phylodynamics. PLoS Comput Biol. 

2013;9(3):e1002947. 
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When characteristics of the hosts from which sequences are obtained are known, the 
location of different classes of individuals on the genetic trees reflects the mixing 
patterns between classes of individuals with those characteristics as illustrated in Figure 
3. Information on when an individual was infected and how long they remained 
infectious can add greatly to the amount of transmission system information that can be 
extracted from sequences. The situation where sequences on a high fraction of cases 
are available is illustrated in Figure 4 with genetic trees both within and between hosts. 
In this case the coalescent tree does not exactly reflect transmission trees so methods 
not using the coalescent must be used to correctly extract the transmission history. 
 

Figure 3 – Genetic patterns reflect the mixing patterns generating infection 
transmissions  From Volz EM, Koelle K, Bedford T. Viral phylodynamics. PLoS 

Comput Biol. 2013;9(3):e1002947 

 

Analytic frameworks for infection control using pathogen genetic sequences 
The analytic frameworks for pathogen genetic sequence data can be grouped into 
descriptive uses and system analysis uses (Table 1). Descriptive uses include 
classification of pathogens into groups for outbreak detection and for characterizing 
evolution and transmission patterns. Systems analysis uses include using sequence 
data to model population dynamics, pathogen flows between populations, and infection 
transmission systems. The division between descriptive and systems analysis uses is 
determined by whether or not the analysis model employed describes a theory-based 
system for population pathogen behavior. Descriptive analyses are well established, 
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while systems analysis uses are emerging rapidly as the genetic data gets more 
complete, software to handle those data improves, and new theoretical frameworks for 
using those data to make important inferences are developed. 
 
Figure 4 –Genetic trees depend upon evolution within and between hosts and on 

sampling densities 
From Ypma RJ, van Ballegooijen WM, Wallinga J. Relating phylogenetic trees to 

transmission trees of infectious disease outbreaks. Genetics. Nov 2013;195(3):1055-
1062 

 

Descriptive uses of genetic sequence data 

Pathogen classification analyses 
Pathogen classification analyses use sequence data to group pathogens for 
epidemiologic analyses. Multi-Locus Sequence Testing (MLST) was established with 
this classification purpose in mind. MLST sequences a set of housekeeping genes with 
slow rates of change to characterize bacterial and parasitic pathogens. The initial logic 
leading to MLST employed analytical models that assumed all microbial evolution was 
characterized by a series of clonal expansions.5 The job of MLST was to identify such 
clones. We now know that microbial evolution is more of a continuous process with 
evolution within and between hosts involving processes of diversification and selection. 
The choice of sequences with slow evolutionary clock rates makes the sequence data 
look like a set of clones. But the continuous process of change outside of these slow 
clock genome segments makes the clone definitions seem arbitrary. Analyses of MLST 
classes that relate them to epidemiologic variables can nonetheless make them 
valuable.   
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Table 1 Analytic frameworks for infection control using pathogen genetic 
sequences 

Use of sequence data Analytic objectives Implementation settings 

Descriptive uses of genetic sequence data 
Classification: group 
pathogens by genetic 
sequence patterns 

Epidemiologic risk 
assessments 

Well established and 
growing rapidly in health 
departments 

Descriptive 
phylodynamics: relate 
evolution patterns and 
transmission & disease 
patterns 

Infer how evolutionary 
patterns explain 
epidemiologic patterns and 
vice versa 

Still mainly in academic 
settings or major national 
agencies 

Systems analysis uses of genetic sequence data (arranged in the order of how 
much realism regarding transmission systems can be incorporated) 
Basic coalescent theory: 
model simple population 
dynamics using genetic 
data 

Insight into past histories of 
endemic or epidemic 
infection 

Academic settings or major 
national agencies 

Flow model 
phylogeography: model 
pathogen flows between 
populations 

Insight into local or 
worldwide patterns of 
disease spread 

Academic settings or major 
national agencies 

Analytic phylodynamics: 
model infection 
transmission systems 

Inferences on biological, 
social, behavioral, and 
system determinants of 
infection flow 

Very new and currently only 
applied in academic 
settings 

 
Phylogenetic analyses of whole genomes are now replacing MLST and other 
genotyping methods. Given an extensive phylogenetic tree of a population of microbes, 
one can choose any level of aggregation or refinement of the tree to classify microbes. 
Figure 5 shows genetic clusters defined by different levels of depth in a genetic tree. 
The cluster size distribution depends strongly on the depth of the tree chosen to define 
clusters. For illustration purposes, a small tree is presented. Epidemiologic relationships 
indicating useful classification criteria might be found at any level. 
 
Classification is used to characterize pathogens with different origins, geographic 
patterns, natural histories and prognoses, treatment needs, control potential, or 
transmission routes. Subtype classifications lead to a fuller understanding of 
transmission patterns and evolution of almost every type of pathogen. Due to the high 
dimensionality of sequence data, sequence types can be repeatedly refined and then 
more meaningfully aggregated. This enables existing sequence databases to gain 
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power as new theory is developed that implicates new pathogen characteristics involved 
in either pathogenesis or transmission. The current rise of pathogen sequence 
surveillance databases is motivated by the ability to use sequences for classification 
and is driven by these cost and flexibility considerations.   
 

Figure 5: Illustration of making different cluster definitions resulting in different 
distributions of cluster sizes by defining different depths in a genetic tree 

(Figure constructed by Erik Volz for an oral presentation: “Complex epidemiological dynamics 
generate phylogenetic clustering of HIV in Montreal” Volz E, Romero-Severson EO, Alam SJ 

(University of Michigan),Stephens DA, Brenner BG, Wainberg MA (McGill University), Roger M 
(Centre Hospitalier Universite Montreal) Koopman JS (University of Michigan) Presented at 

Epidemics 2 - Second International Conference on Infectious Diseases Dynamics 2009, Athens, 
Greece. 

 
 
Characterizing genetic strain patterns without analyzing infection flows can be very 
informative for public health decision making, especially in the case of polio, where 
single introduction events are important. For example, the characterization of genetic 
patterns over time for polio in Ghana demonstrated how the process of local eradication 
was related to vaccination efforts and how recrudescence of infection later on was not 
due to occult circulation of asymptomatic infections but rather introduction from known 
infection foci outside of the country.6 
 
Genetic microbial classification focusing on specific functional capacities can be 
especially informative, revealing the emergence of resistance to therapy or the 
emergence of transmissibility or pathogenicity. An interesting pathogenicity case 
involves the surveillance of live polio vaccines in sewage. A set of genetic changes that 
transform vaccines back into transmissible pathogens have been identified.7 Identifying 
vaccines in sewage with these changes helps identify the emerging threats from 
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circulating vaccine-derived polioviruses (cVDPV). When viruses with these genetic 
changes are found, it means that cVDPV have transmitted so extensively in a 
population that they have had time to accumulate mutations making them both more 
virulent and more transmissible. Polio eradication using the current World Health 
Organization (WHO) strategies requires that vaccine viruses be transmitted from 
vaccine recipients to others in the population such that individuals with waning immunity 
have their immunity boosted by vaccine virus infections. Without such transmission, 
immunity can wane to the point that wild poliovirus (WPV) transmission can be 
sustained by individuals who were previously infected or successfully vaccinated. (See 
chapter 26.) Vaccine virus transmission, however, presents the threat of emerging 
virulence in cVDPV so that sewage surveillance for specific genetic changes associated 
with virulence has become crucial to the eradication effort. Detection of pathogenicity 
mutations in sewage can lead to focused control actions before cVDPV becomes a 
more serious problem.7 
 
An interesting transmission case where gene sequences show evolution toward 
increased transmissibility occurs for influenza. Human infections with bird flu strains can 
be highly pathogenic but they do not spread from human to human. Identifying genetic 
changes that facilitate human to human transmission provides a basis for surveillance to 
indicate whether a strain is evolving toward greater transmissibility.8 

Descriptive phylodynamics 
Currently, almost all microbial genetic surveillance is motivated by the classification 
uses just discussed. The value of sequences is only partially realized, however, by 
using them for classification; their greater value lies in advancing descriptions and 
theory about patterns of pathogen spread through populations. Phylodynamics emerged 
in the 21st century9 as the study of how the interactions among epidemiologic, 
immunological, and evolutionary processes lead to phylogenies. Phylodynamics 
analyzes how the evolution of pathogens and immune responses to pathogens relate to 
dynamic patterns of infection within hosts or across populations.10 Through analysis of 
phylogenic trees, phylodynamics gives insight into various epidemiologic phenomena 
such as endemic versus epidemic dynamics, host population structure, and 
immunological selection processes.11 Descriptions of tree shapes for pathogens from a 
defined population thus facilitate hypothesis generation and testing regarding these 
phenomena. 
 
Descriptive phylodynamic analyses use phylogenetic relationships more fully than 
classification analyses that describe geographic, age, and risk group relationships 
related to the spread of infection. Descriptive phylodynamic analyses commonly use a 
basic unit of measure that reflects genetic distances between individual strains rather 
than just strain categorization. Specifying the time when a pathogen emerged or 
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became newly epidemic can be an important objective of descriptive phylodynamics. 
Because descriptive phylodynamic analyses describe more detailed patterns of different 
pathogen strains over time than classification analyses, they provide a fuller description 
of how genetic patterns relate to epidemiologic patterns. This greater detail helps 
investigators develop and test new lines of epidemiologic and phylodynamic theory.   

Systems analysis uses of genetic sequence data 
Systems analyses use formal mathematical models of causal processes to assess and 
elaborate phylodynamic theory. They integrate evolutionary models used in 
phylogenetic analyses with models describing the forces spreading infection in 
populations and fit these to observed genetic patterns. Most studies to date are of 
viruses, which have sufficient genetic variation with enough overall genome stability to 
make the task easier than with bacteria. Bacterial genomes are more complicated 
because they have many insertions and deletions, homologous recombinations, and 
mobile genetic elements.12 Moreover, there are more sources of false positive and false 
negative reads with regard to these sources of genetic variation. The expense and work 
involved for bacteria means that most systems analyses using genetic sequence data to 
date are for viruses, but that should change over the next decade.11, 13  
 
Phylodynamic theory explains how the forces affecting pathogen evolution in individuals 
and in populations affect the spread of infection over time and the patterns of genetic 
sequences that result from those forces. Pathogen sequences in a human population 
evolve under the influence of transmission because transmission represents a 
bottleneck in the pathogen population; only a small number of pathogens are 
transmitted from the larger population that has grown and accumulated genetic changes 
within a host. This bottleneck promotes sequence drift because only a small part of the 
diversity in viable genomes evolving in a host is transmitted to a new host.14 Because of 
this drift, sequences in each host can be related to the sequences of other infected 
hosts to describe high dimensional clustering patterns that reflect the flow of infection 
throughout a population. Bottlenecks also occur in infection flow at levels within and 
above the individual. For example, in foot-and-mouth disease virus, these bottlenecks 
help genetic sequences reflect infection flow at tissue, individual, farm, and region 
levels. Thus, systems analyses of infection flow dynamics are possible at all of these 
levels.14 Many infections have similar potential for hierarchical systems analyses. 
 
In the bottom part of Table 1 we distinguish three types of models representing three 
levels of theory that use genetic sequences to analyze and estimate the forces 
spreading infection in populations. These are presented in the order of the realism they 
add to processes generating infection levels and patterns in a population. These 
divisions organize concepts useful for our exposition on how systems models can be fit 
to genetic data. 
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Basic coalescent theory 
Basic coalescent theory15 uses a simple Wright-Fisher model of neutral evolution to 
construct continuous entity models of the processes by which separate lines of 
evolution converge in the direction from the present to the past. The assumptions 
allowing for continuity entail a further assumption that the sample of cases whose 
sequences are analyzed represents a small fraction of all cases. Coalescent analyses 
make inferences about broad populations from relatively small numbers of samples 
since each pair in a sample reflects a unique path back to a most recent common 
ancestor. Coalescent analyses use the information extracted all the way back on these 
paths to infer population size over time. They are commonly used to describe the past 
sizes of pathogen populations across human populations.   
 
Coalescent theory inferred sizes of microbial populations are often interpreted in terms 
of incidence and prevalence of human infection. But because the simple population 
models used do not correspond to the true processes generating population dynamics, 
the incidence and prevalence estimates can represent extreme distortions from true 
incidence and prevalence.16 One perspective on this distortion is that it arises because 
a simple model is used that is highly unrealistic and even gross characteristics of the 
population size patterns generated may not be robust to realistic relaxation of the simple 
model assumptions. Regardless of this limitation, coalescent analyses allow us to get 
some vision of past histories of endemic or epidemic infections for which we had no 
information previously. Hepatitis C in Egypt is a classic and highly useful illustration of 
coalescent analysis that allowed for the inference of epidemic spread arising undetected 
in the past from a suddenly higher transmission.17 In this case, injections related to 
schistosomiasis control programs were implicated.  Other coalescent analyses in 
different countries with different strains showed different epidemiologic behaviors. Most, 
however, had epidemics rising in the 20th century and seem likely to be related to blood 
transfusions and needle sharing.18 

Flow model phylogeography 
A second level of systems analysis with genetic data fits models of pathogen flows 
between populations without modeling the transmission system processes behind these 
flows.19-22 Most often, phylogeographic models do not detail population pathogen size, 
incidence, or prevalence in the populations between which flow is modeled. If they do, 
they use the simple population models of coalescent theory to do so. They parameterize 
genetic flows between populations but not human flows that may either carry an 
infection elsewhere or pick up an infection and bring it back home. The literature on 
pathogen phylogeography using genetic flow models is large and growing rapidly. 
Descriptions of influenza flow have been particularly informative and have influenced 
control actions relating to pandemic control and vaccination. This will be discussed later 
in this chapter when we use influenza to illustrate the major chapter messages.  
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Analytic phylodynamics 
Analytic phylodynamics is a third level of systems analyses. It fits models of infection 
transmission systems to genetic sequence data. Transmission models relax simplifying 
assumptions in the simple population models usually used for coalescent analyses. 
They do the same for the infection flow processes of phylogeographic models.  
 
Coalescent theory provides one framework for fitting transmission models to genetic 
data.18, 23 Multi-type birth-death process formulations provide another.24 Several 
different groups are working to develop new methods that go beyond these.  A virtue of 
all these new methods for fitting transmission system models to genetic sequence data 
is that the model parameters and structures allow one to make inferences about the 
characteristics of infected individuals that make them highly contagious and the 
characteristics of populations that facilitate the flow infection. Standard surveillance 
analyses, in contrast, only allow for inferences about what makes individuals more 
prone to infection. 
 
A significant advance that enables fitting transmission models to genetic data involves a 
formulation that translates the continuous processes in differential equation (DE) 
models (see Chapter 26), which are in the past to future direction into the coalescent 
model direction of present to past that captures coalescent events.23 This formulation is 
able to capture the likelihoods of different trees. Thus it facilitates estimation. The 
framework for a formulation of this type that was used to estimate the fraction of 
transmissions from different stages of HIV infection2 is presented in Figure 6. The 
statistical advances discussed in chapter 26 for fitting dynamic system models to 
surveillance data can be adapted to this framework.   
 
Using transmission models facilitates inference robustness assessments in ways that 
phylogeographic models and standard coalescent models cannot. The amorphousness 
of the classic coalescent model and the failure to specify transmission events in 
phylogeographic models makes the path to relaxing simplifying assumptions unclear. In 
contrast, the wealth of experience with transmission system models provides many 
more established avenues to determine whether realistic relaxation of simplifying model 
assumptions will change a key inference.   
 
This model formulation flexibility is illustrated by a phylodynamics study of dengue in 
Vietnam that used progressively more realistic models and methods.25 A standard 
coalescent approach to the genetic sequence data (the Bayesian Skyline plot in the 
BEAST software) did not come close to reproducing the temporal pattern of dengue 
hospitalizations over a 7-year period. Using an SIR (susceptible, infectious, recovered) 
model of transmission had minimal effect in improving the pattern. Adding mosquito 
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vectors into the model did, however, make a large improvement, as did adding spatial 
details or both vectors and spatial details. Note that the only data used in these 
analyses are the genetic data. The import of this demonstration is that the genetic data 
are clearly informative to the underlying transmission dynamics, but inferences from 
such analyses are valid only when model formulations are sufficiently realistic. The 
inference robustness assessment methods presented in chapter 26 are needed to 
validate the inferences by realistically relaxing simplifying assumptions. 
 

Figure 6: A framework allowing for differential equation models to capture 
transmission tree likelihoods:  Taken from Figure 1 in {Volz, E. M., J. S. Koopman, et al. 
(2012). "Simple epidemiological dynamics explain phylogenetic clustering of HIV from patients 

with recent infection." PLoS computational biology 8(6): e1002552.} 

 
 
The direction for future analyses, however, is not to use genetic data alone, as in this 
dengue analysis; all data sources that could be informative and strengthen inferences 
should be used. As commented above, genetic data analyzed with transmission models 

A simple gene genealogy that could be generated by an 
HIV model.  Dark branches with taxa labeled A 
correspond to stage-1 (early/acute infected hosts).  
Ligyht branches with taxa labeled C correspond to 
stage-2 (chronic infections).  Event 1 represents the 
coalescence of two lineages corresponding to early 
acute infection.  Event 2 represents coalescence of an 
early and a late infection.  Event 3 represents the stage 
transition of an early infection to a late infection.  Event 
4 represents the transmission by a late infection which 
is not ancestral to the sample.  Top: Includes an 
unsampled lineage (dashed).  Middle: The unsampled 
lineage has been pruned from the tree.  The point 
where the lineage is pruned corresponds to event 4.  
The number of lineages as a function of time (NLFT) 
which correspond to a host with early/acute infection 
(black) or chronic infection (grey). 
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can make inferences about who is doing the infecting that routine surveillance data 
cannot—but routine surveillance data may be better able to establish the time course of 
population infection patterns than genetic data. If the time is short between infection and 
when the samples sequenced are obtained, and if samples are collected continuously 
over time, timing will be well established. But for chronic infections where the time when 
the sequence is obtained can be quite long after transmission, other data that can help 
establish timing will be helpful. The HIV example discussed later provides an example 
of how that can proceed.  

Types of genetic sequence data and differences in their analysis 
The two basic types of sequence data are consensus and deep sequence data, some 
characteristics of these relevant to phylodynamic analyses are presented in Table 2.  
 

Table 2 Characteristics of genetic sequence affecting their contribution to 
analyses 

Characteristic Description Contribution to analyses 
Consensus from Sanger or 
Deep sequence methods 

A single read on the most 
likely nucleotide at a site 
with some sites being 
called ambiguous 

Main type of data used to 
date to make genetic 
inferences that inform 
transmission analyses 

Characteristics relevant to both consensus and deep sequences 
Genome coverage Number (or fraction) of 

base pair sites in a genome 
that are sequenced 

Improves precision and 
validity of genetic tree 
inferences 

Accuracy Low error on base pair calls Improves genetic tree 
inferences 

Characteristics relevant to only deep sequences 
Depth The number of times a 

nucleotide is read during 
sequencing 

Increased depth detects 
rare variants and describes 
virus diversity within a host 

Read length Number of base pair reads 
linked across a single deep 
sequence read haplotype 

Longer reads improve 
within host genetic tree 
inferences 

 
Consensus sequences read the dominant nucleotide at each base pair site even though 
the sample being read may have some strands of sequence that differ from the 
dominant base pair pattern. If there is a high fraction of nucleotide differences at a base 
pair site, a consensus read calls that site ambiguous. All of what have been called “next 
generation” sequencing methods provide deep sequences that indicate how many 
reads there are for each nucleotide at each base pair site. Almost all new sequence 
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data is now data from deep sequencing. Sometimes these data are summarized, 
however, as consensus sequences. To date, all analytic phylodynamic studies have 
been conducted using consensus sequences. But deep sequences, with properties we 
will describe, should increase the power of analytic phylodynamic studies to fit 
transmission model parameters. 
 
A basic difference between consensus and deep sequences is that the former only 
allow for genetic tree inferences between hosts, while the latter can help make within 
host inferences. In either case, however, the validity and preciseness of genetic tree 
inferences will be improved by greater accuracy and a greater number of base pairs that 
are read. All of the deep sequencing methods make higher error rates per base pair site 
on a single read than the Sanger chemistry that has been dominant in generating 
consensus sequences. But when many different sequence strands are read 
independently in a host (that is to say with greater read depth), bioinformatics methods 
can improve overall accuracy to a level that is greater than the Sanger chemistry 
methods. 
 
The methods discussed in the “Analytic phylodynamics” section above (see p. ***) have 
only been applied to consensus sequence data. In the new age of deep sequencing 
data, however, within host tree inferences will help to determine the direction of 
transmission when fitting genetic data to individual based models. Such fitting 
processes are being pursued by several research groups and there is hope these will 
improve inferences about transmission system parameters and conformations from 
what is possible when fitting only consensus sequence data. To see why this is the 
case, see Figure 7. The distance between consensus sequences only tells us whether 
they are close. It does not indicate who the likely source case is. When trees can be 
constructed from all different haplotypes (sequence patterns) within two hosts, the 
haplotypes (taxa) within the recipient host will be nested within the diversity of the 
source host. The biggest determinant of whether or not a particular deep sequencing 
method will allow for within host genetic tree inferences is the read length. There are 
marked differences in read length obtained from the currently available deep 
sequencing technologies. 
 
Another contribution of more and longer deep sequence reads will be in improving 
inference robustness assessments. To date, phylodynamic analysis has not paid close 
attention to assessing how different micro-evolutionary model assumptions affect 
phylodynamic inferences. Describing within host evolutionary patterns helps to 
determine what evolutionary process assumptions might need relaxing in order to make 
valid phylodynamic inferences from population level genetic sequence patterns. 
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Figure 7: Within host phylogenies across a transmission pair 
Figure prepared by Michael P. S. Brown2, Malinda Schaefer1, Yan Guo2, William Kilembe3, 

Susan Allen1, Eric Hunter1, and Ellen E. Paxinos2  Affiliations: 1 Emory University, Atlanta, GA 
2 Pacific Biosciences®, Menlo Park, CA 3 Zambia Emory HIV Research Project, Lusaka, 

Zambia 

 

Technologies generating sequence data with different characteristics 
Two technologies affect the characteristics of sequence data in Table 2: 1) technologies 
for preparing sequencing libraries and 2) technologies involved in the actual 
sequencing. A sequencing library is a set of sequences from a sample that have been 
prepared according to a specific protocol. The protocol may break longer genomes into 
shorter ones, generate PCR amplicons, and add “barcodes” to the sequences to identify 
either the subjects they come from or the PCR amplicons that produced a particular 
sequence. All methods of library preparation for modern deep sequencing generate 
some bias between the libraries and what was in the host. These can potentially affect 
phylodynamic inferences. But ways to detect or handle such biases are improving.26   
 
One important difference in library preparation is whether one amplifies defined genome 
regions or starts sequencing reads at random points across the whole genome. Specific 
region amplification using specific paired primers can help increase the length and 
number of haplotype determinations that one can compare across different subjects. In 
other words, it makes the inference of genetic trees within hosts more possible.27 When 
sequencing library barcodes identify each separate sequence amplified from the host, 
this allows for haplotype descriptions across the amplified regions.   
 
Sequencing technology is evolving extremely rapidly and the amount of information 
generated by this technology for a given cost has grown tenfold over each couple of 

Donor with chronic HIV Infection
Recipient with acute HIV 
Infection where all 
haplotypes are related to a 
single clade in the donor
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years. In choosing a technology for generation of data that will inform public health 
policy using analytic phylodynamics methods, it seems wise to choose methods that will 
allow for use of data collected now to which transmission models can be fit as long as 
10 years from now. By then, methods that generate long unbiased haplotype reads will 
likely enhance phylodynamic analyses. 

HIV sequences and HIV control 
Genetic sequence analysis has elucidated the HIV transmission system in a variety of 
ways and understanding of this highly complex system should emerge as phylodynamic 
methods are increasingly applied to HIV sequences and as deep sequences replace 
consensus sequences. The fact that more sequences are available for HIV than any 
other pathogen makes it a good case to illustrate the major points in this chapter. 
 
The HIV transmission system is all of the elements and processes that keep HIV 
circulating in some defined region or population group. HIV transmission systems in 
different localities are highly diverse. There are differences between heterosexual, 
injection mediated, and homosexual transmission modes; between ethnic, age, social, 
and behavioral groups; between regions with different levels of other infections that alter 
HIV transmission; different medical care structures; and different social structures that 
affect the interactions between all these factors. Even slight differences in how high risk 
behaviors of individuals vary over time can make major differences in infection 
patterns.28 This diversity means that control actions that were effective at one time in 
one place may not be effective at other times or places. Thus WHO has promoted the 
mantra “know your epidemic.” An alternative to analyzing the complexities of 
transmission in a population is to find “magic bullets” like broadly protective vaccines 
that will stop transmission under any conditions. But HIV has been waiting for vaccines 
that could be just around the corner for 30 years and a broadly protective vaccine is 
most likely many years off. 
 
Scientific advances offer powerful new opportunities for HIV control. Antiviral medicines 
for treatment or prophylaxis stop transmission. Male circumcision can slow transmission 
among heterosexuals but not homosexuals. Behavioral interventions are sometimes 
effective. The promise of partially effective vaccines and for a cure offers the hope for 
additional control tools. These, however, are unlikely to be magic bullets.  We will still 
need to “know our local epidemics” in order to allocate resources in a way that achieves 
control. To see how HIV genetic data can help with that, we describe how HIV 
sequence data is being used. 

HIV genetic data analyses affecting public health policies 
HIV illustrates the value of genotyping, phylogeographic and phylodynamic analysis. 
Phylogenetic analyses also have been quite informative in characterizing HIV infection 
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forces and patterns. Genetic sequencing identified two different groups of HIV, types 1 
and 2, which were found to have quite different natural histories of infection and 
immunity. Phylogenetic analyses show that type 1 (HIV-1) has four subgroups that 
arose from separate introductions of infection to humans from primates. The M 
subgroup of HIV-1 accounts for the vast majority of the AIDS epidemic. Subtypes and 
sub-subtypes of recombinant forms of the M subgroup have strong geographic and risk 
group distributions that tell a story of how HIV has spread over time at a macro level 
without having to fit a model to the data. The highest diversity of subtypes is in the 
regions where the virus was first introduced into the human population.29 The flow of 
infection from there and in many local regions has been described based on such 
analyses. Subtype distributions are useful for distinguishing epidemiologic populations 
with different modes of transmission. For example, genotypes separate men who have 
sex with men (MSM) from other risk groups in some situations,30 but in others,MSM 
appear to act as bridges to other risk groups.31 
 
The major reason for obtaining HIV sequences has been to classify HIV-1 M group 
strain subtypes by antiviral resistance mutations. Genetic sequences are far cheaper for 
resistance testing than assays of biological resistance behaviors. They have the 
advantage of indicating pre-resistance states because some biological resistance 
mechanisms occur only after the accumulation of several specific mutations. Because of 
the life and death value of resistance assays, sequences have become available for 
most patients under medical care in developed countries and are becoming increasingly 
available everywhere. The sequences gathered for resistance testing are the 
sequences that currently constitute most HIV genetic surveillance databases. 
Thousands of studies have shown informative epidemiologic relationships using 
sequences in these databases. For example, genetic patterns reveal a unique history of 
the B subtype in China32 and highly compartmentalized epidemics in Europe.33 HIV in 
South Africa has been largely subtype C, but there is also a focus in Southern Brazil 
that phylogeography indicates derives from a limited importation at one time with 
subsequent defined patterns of internal spread.34 
 
For epidemiologic studies, however, HIV genome regions not connected to resistance 
testing have proven to be especially informative about HIV transmission and population 
patterns.35-37 Using information theory supported approaches, complex sequence 
patterns have been related to geographic regions in a manner the promises to be more 
widely useful to study epidemiologic patterns.37   
 
Surveillance for transmission of resistant HIV subtypes is currently the major 
surveillance program that uses genetic sequences. Initially in the US such surveillance 
used sequences from the residuals of diagnostic specimens paid for by the Centers for 
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Disease Control and Prevention; now only tests ordered by doctors are used. Most 
detected resistance has arisen as the result of treatment. Detecting transmission of 
resistant strains is a major reason for resistance surveillance. Finding resistance 
mutations in individuals who have not received any antiviral medication is presumptive 
evidence of transmission of resistant strains. Finding resistance mutations throughout 
genetically linked transmission clusters is more definitive evidence. Transmitted 
resistance has been relatively infrequent in the era of triple therapy regimens but 
remains a threat requiring vigilance.   
 
The majority of phylodynamics studies have been conducted using resistance sequence 
databases. Some patterns of HIV transmission are seen clearly using these databases.  
In the US and Europe, phylogenetic clustering alone reveals a story of transmission 
from early HIV infections in MSM sustaining a broader epidemic.38-44 Phlyogenetic 
analysis alone also reveals that most transmission between MSM is in narrow age 
groups.2 Clustering presumably indicating early infection transmission has also been 
noted in African populations.45 

Analytic phylodynamic inference of early infection transmission fractions 
The fraction of transmissions from acute infection is expected to have a big effect on 
how effective treatment as prevention (TasP) can be in stopping HIV transmission. Until 
recently this fraction was well estimated in only one study,46 as directly observing 
transmissions is extremely difficult and expensive. Now phylodynamic analysis can be 
used to estimate this fraction. Descriptive phylodynamic studies support the inference 
that early transmissions represent a high fraction of all transmissions.39, 40, 42-44 But the 
fraction of transmissions from early infection cannot be directly calculated from the 
frequency of clustering.2, 16 For that, one must use an analytic phylodynamics approach 
that fits models and then evaluates inferences made from these models using the 
inference robustness assessment approach presented in chapter 26. A key first step in 
that process was performed using a resistance database from MSM in Michigan. Forty-
five percent of transmissions were inferred to have occurred in the first year of 
infection.1 The analytic approach to making this inference employed multiple different 
types of HIV surveillance data that are available in most US states together with the 
sequence data. The way these different data types were integrated into the analysis is 
illustrated in Figure 8.   
 
This study uses coalescent methods but builds a more realistic HIV population model 
than the usual coalescent methods would. The model used is a transmission system 
model. But the complexities of historical, behavioral, biological, spatial, and social 
factors affecting HIV transmission are not built into the model. Instead a semi-catalytic 
model approach was used. Catalytic models model the force of infection generating 
incident cases rather than the transmission system processes like contact rates and 
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patterns that generate the force of infection. The forces of infection from early infection 
and later infection were modeled separately in order to infer the fraction of 
transmissions from acute infection. The pattern of change over time in the force of 
infection and the resulting incidence were modeled using splines. The data were 
informative enough so that there was little variation in the incidence patterns estimated.   
 
Figure 8: Data and analysis methods used by Volz et al [1] to infer the incidence 

of HIV over time and the fraction of transmissions during the first year of HIV 
infection 

 
 

Given these semi-catalytic model analysis results and the dengue phylodynamics 
demonstration of the power of the genetic data to inform fairly detailed mechanistic 
models of dengue transmission25, the next steps for analytic phylodynamics analysis of 
HIV should involve more detailed mechanistic modeling of contact and transmission 
processes. That will be important because the fraction of transmissions from early 
infection by itself cannot answer a key public health issue: what that fraction implies 
about the potential for HIV TasP to stop HIV transmission.   
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To model TasP effects, behavioral dynamics and population contact patterns affecting 
both the fraction of transmissions from acute infection and the basic reproduction 
number (R0) are needed. When the fraction of transmissions during early infection is 
high, effective diagnosis and treatment rates that make cases non-contagious will have 
to be higher to prevent the same number of cases. But the number of transmissions that 
must be prevented to stop transmission can also vary dramatically across different 
transmission systems. Any given endemic level of infection might be produced by a high 
or a low R0. Contact patterns and risk behavior volatility play a big role the relationship 
between R0, endemic prevalence, and the fraction of transmissions from acute infection. 
To stop transmission, TasP needs to get the R0 down below 1. An R0 of 10 means TasP 
must stop more than 90% of transmissions. But at an R0 of 1.1, TasP needs to stop less 
than 10% of transmissions. If a small, tight group of high risk individuals who do not 
often change their risk behavior sustains the epidemic by transmitting to lower risk 
individuals, the R0 can be very high. If risk fluctuation is the driver of transmission, R0 
can be very low. Analytic phylodynamic studies will help distinguish what the real 
situation is. Very different control decisions are indicated if a tight, long-lasting high-risk 
group is driving the epidemic. In that case, pre-exposure prophylaxis (PrEP) could be 
highly efficacious if focused on this group. On the other hand, if risk fluctuation is driving 
transmission and new individuals are continuously entering high risk situations, PrEP 
will have difficulty reaching a moving target and intensive Test and Treat (T&T) in high 
risk settings might be the best TasP approach. 

Informative value of genetic data with different characteristics 
For HIV it appears that deep sequence data with long read lengths should be 
particularly informative, but it is not yet clear how much value will be added by long 
reads that allow for construction of within host genetic trees. In this section we discuss 
some of the evolutionary dynamics that affect the value of different sorts of genetic data. 
 
Genetic data are particularly informative for HIV analyses because transmission 
involves only one or a few viruses getting through the eclipse period after infection and 
causing infection to take off47. That, together with the high rate of diversity development 
within hosts, generates high genetic diversity. However, the rapid evolution within hosts 
can make population inferences about transmission using analytic phylodynamics 
methods more difficult. Genetic sequence data obtained in late infection might differ 
considerably from the initial infecting strain—and the strains they transmitted. As seen 
in Figure 9, this is due to the “ladder like” pattern of HIV within host evolution that is 
driven by selection processes involving immunity or treatment. That ladder like pattern 
is due to strong selection from immunological or antiviral treatment forces that eliminate 
most of the variation that occurred earlier while allowing viruses with lesser diversity to 
proliferate and diversify before the next big selection event creating a new step on the 
ladder.  
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Figure 9 Illustrations of population trees for HIV and influenza H3N2 and a within 
host tree for HIV 

Taken from elements of figure 1, Bryan T. Grenfell, et al. Science 303, 327 (2004); Dynamics 
of Pathogens: Unifying the Epidemiological and Evolutionary 

 
 
The ladder like history of HIV strains within a host means that if a high fraction of 
transmissions occur early during infection, the genetic distances between sequenced 
HIV and the viruses an individual transmitted could be far greater than the average 
distance between viruses down a chain of early infection transmission. Most likely, 
however, enough transmitted diversity will remain in deep sequences late in infection to 
make those deep sequences informative. The informative value is in fitting model 
parameters much more than deducing whether one individual infected another 
individual. For model fitting, data with more dimensions are helpful. Consensus 
sequence data only provide a distance measure, and they do not have any dimension 
that indicates which of two individuals preceded the other in any chain of transmission 
between them. Patterns like those from the deep sequences that generated Figure 7 
can do that and thus deep sequences will have more power to estimate transmission 
model parameters. 
 
Deep sequence data could also be used to assess the stage of infection when an 
individual was diagnosed and had their virus sequenced. Volz et al.1 found that even 
with consensus sequences the best indicator of stage of infection was the fraction of 
base pair reads that were ambiguous. This is a measure of how much diversity there is 
at base pair sites within a host. Even if haplotype reads were not possible and only 
individual base pair site diversity was assessed, deep sequencing would give a far 
better measure of viral diversity and thus age of infection in a host. If haplotype reads 
are available, that measure should be even better. 
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Another value of haplotype deep sequence reads is in assessing what assumptions for 
an evolutionary model at the population level are consistent with observed evolutionary 
outcomes within an individual. Currently almost no attention is paid to the effects of 
evolutionary model assumptions on the population inferences made from phylogenetic 
analyses of consensus sequences between hosts. Within host haplotype patterns 
should help suggest what evolutionary distance measures between hosts would be 
most informative for population level analyses. 
 

The value of analytic phylodynamics for influenza control 
Genetic surveillance and analytic phylodynamic studies that fit transmission system 
models to the genetic surveillance are proving just as informative for influenza as they 
are for HIV, despite the differences between influenza and HIV in its genetic patterns 
and in the forces affecting those patterns. Whereas acquired immunity plays almost no 
role in determining HIV population patterns, immunity and evolution to escape that 
immunity are the dominant factors making influenza a serious and complex health 
problem. HIV and influenza also differ markedly with regard to the natural history of 
infection and the degree of genetic bottleneck imposed by infection. Influenza has short 
infections that are usually fully controlled by acquired immunity in a couple of weeks. 
The bottleneck imposed by influenza is not as tight as for HIV, so more within-host 
variants are transmitted by influenza. 
 
Consequently, the contrast of influenza within host versus population genetic patterns is 
the exact opposite of HIV. As shown in Figure 9, population genetic patterns of HIV are 
radial with persistent lines of diversity over time, while within-host patterns are ladder 
like. Influenza, in contrast, has radial patterns within the host and ladder like patterns at 
the population level. The ladder like pattern at the population level is driven by escape 
from acquired immunity at the population level, just as the ladder like pattern of infection 
within the host for HIV is driven by escape from immune responses.   
 
Phylogeographic studies of influenza are revealing population patterns of spread that 
help focus on the emerging strains in specific parts of the world that should lead to 
changes in vaccines’ antigenic structures and how control should focus on specific 
populations in order to decrease infection levels worldwide.48 A classic study describes 
the worldwide flow of newly emerging influenza strain variants, showing that China and 
Southeast Asia are the centers from which new variants that spread worldwide 
emerge.49 This description has been refined with new data and improved methods that 
show NorthAmerica can also originate new strains that spread globally, but to a much 
lesser extent than China and Southeast Asia.50   
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Because vaccines are the focus of influenza control and the influenza virus is always 
changing to escape vaccine-induced immunity, understanding what drives the virus 
escape is currently a major focus of influenza phylodynamic studies using surveillance 
data. Despite decades of efforts to develop methods to predict influenza evolution, 
much remains unknown about what drives influenza antigenic variation. There are three 
major theories being explored. The first is that antigenic variation is driven by episodic 
selection, a theory that requires a strong selective pressure for a few key mutations.51, 52 
Another theory, that clonal selection drives antigenic drift, requires a high rate of 
mutations affecting immunity but with weak selective effects acting on each mutation.51, 

52 Finally, a more recent theory has been expressed in dynamic model terms.53 It holds 
that avidity variation in the binding receptor of hemagglutinin to cells is the driver of 
antigenic drift with the drift being just a side effect of the binding receptor evolution. 
Experimental studies provide some support for each of these theories. But testing them 
must ultimately be done using surveillance data in the context of analytic phylodynamics 
where the competing models are fit to genetic, antigenic data, and general surveillance 
data. 
 
Another use of analytic phylodynamics in influenza is to predict cross species jumps 
and pandemic potential of different animal influenza outbreaks. A deep sequence 
approach to influenza virus surveillance across species has been proposed to serve this 
end.54 This surveillance objective should also be pursued using analytic phylodynamic 
methods. Predicting the evolution of virulence after a species jump is an important part 
of predicting cross species jumps. Indeed, recent analyses show that such evolution is 
necessary for cross-species infections to lead to epidemics in new species.55 Finding 
genetic variants related to virulence is thus one step toward predicting cross species 
jumps. Genetic variants of the virus causing the 2009 H1N1 influenza pandemic have 
been found that predict disease severity.56 Other analyses demonstrate that deep 
sequence rather than just consensus sequencing will be necessary to detect and 
explain such transmission.57 Complete sequences are now available for most human 
infections from animal strains. A variety of different source types of influenza strains are 
involved. Testing theories about cross species jumps will require analytic 
phylodynamics methods. Again, once a strong theoretical base has been established by 
such studies, routine surveillance to predict cross species jumps will continuously 
integrate analytic phylodynamic methods. 

Public health agency organization of analytic efforts 
The power of population level genetic patterns to inform public health decisions can be 
increased by each of the following: 1) analytical capacity available to the public health 
agency that encompasses both systems epidemiology and data mining, 2) the linkage 
of genetic surveillance data to the person, time, and place characteristics of individuals 
in the surveillance databases, 3) user friendly software that makes analytic 
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phylodynamics accessible to more epidemiologists, and 4) institutional relationships that 
enable public health leaders to guide analysis in directions that will most influence their 
disease control decisions. The importance of points 1 and 2 has been illustrated by our 
examples. Point 3 is something that almost seems inevitable in our age of rapidly 
advancing computational systems. Point 4, however, still represents a weak link. 
Perhaps the single most important thing that could be done to strengthen this link would 
be to organize meeting between policy makers, modelers, and those organizing the 
genetic data that seek to establish the process of inference choice and inference 
robustness assessment presented in Chapter 26. Good communication between public 
health leaders, public policy makers, epidemiologists, and modeling and statistical 
experts is essential for creating the systems that will make a difference.   
 
Because this field is changing so rapidly, the surveillance base for full use of ideal deep 
sequence data within an analytic phylodynamics approach cannot be immediately 
instituted. An initial foundation should be built first by instituting programs that advance 
typing analyses, then descriptive phylodynamics analyses, then transmission system 
model analyses that are not fit to genetic data, then finally to full analytical 
phylodynamics that fit transmission models to genetic sequence data. In setting up 
typing and descriptive phylodynamic analyses, however, decisions on how to sequence 
and how to handle and store sequence data should take into consideration their ultimate 
use for full analytical phylodynamics. 
 
Analytic capacities in systems epidemiology and phylodynamics are mostly in academia 
and are currently rare in the public health system. A structure of collaboration must be 
established to eventually move these capacities into public health agencies. As that 
collaboration emerges and as the public health value of inferences made from systems 
epidemiology and data mining analyses becomes more evident, we can expect further 
increases in the generation and use of microbial sequence surveillance data. 
 
There might be two types of modelers working with genetic data. One would have all of 
the functions and competencies listed for the modeler handling policy issues in Chapter 
26. In that case, the functions and competencies of the genetic data analyst might be 
more constrained to the descriptive genetic analyses listed in Table 1 and the 
phylogeographic analyses under the analytic analyses in the second part of that table. 
More individuals will have the needed skills for these analyses. Fewer will be available 
to handle coalescent analyses and analytic phylodynamic analyses. The best option for 
many health departments will be to collaborate with academics. This type of genetic 
data analyst, along with academic phylodynamicists, could then help with the modeling 
skills listed in Chapter 26 to integrate genetic data into transmission models. That would 
be an efficient path to accomplish analytic phylodynamic analyses. A program manager 
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having the functions and capacities listed for such a person in Chapter 26 will also be 
essential for the modeling team consisting of a modeler, a genetic data analyst, and 
academics to achieve public health goals. 

Challenges to Implementation 
There are several challenges to achieving the full integration of genetic information into 
public health surveillance. The infrastructure for collecting samples, sequencing them, 
and linking those samples to surveillance data needs improvement. The resulting 
genetic sequences linked to surveillance data are enormous datasets that require 
considerable investment to store and maintain them for current and future use. There 
are also bioinformatics challenges resulting from the continual evolution of sequencing 
platforms continue to evolve, with each sequencing technology producing different types 
of data, which requires the development of new analytic pipelines for data use and ways 
to either harmonize across data types or integrate the different types for surveillance.  
More appropriate analytic software with user-friendly interfaces is needed. Finally, 
descriptive data on the rates of diversity related to transmission within a population over 
time must be accumulated to strengthen inferences about new sequence patterns.  

Job functions and competencies for genetic analyst of infection transmission 
Job functions and competencies for genetic analyst of infection transmission 

1. Organize and maintain files of genetic data that can be linked to other 
surveillance data 

2. Perform preliminary bioinformatics analysis of deep sequencing output 
3. Perform phylogenetic analyses that establish genetic distances and evolutionary 

time scales both within hosts and between hosts 
4. Categorize sequences into genotypes using criteria adapted to specific purposes 

established in conjunction with epidemiologists using the surveillance system 
data 

5. Perform descriptive phylogeographic analyses that establish the origin of 
pathogens coming into the jurisdiction and the spatial and social patterns of 
spread within the jurisdiction 

6. Collaborate with a transmission system analyst and a phylodynamics analyst to 
make inferences about infection control options within the context of an inference 
robustness assessment 

Competencies of a genetic analyst of infection transmission 
1. Ability to use genetic data files generated from Sanger sequencing and each of 

the different deep sequencing platforms 
2. Ability to modify the structure of two different formats for genetic data so that they 

can be used in a single analysis 
3. Ability to use diverse bioinformatics software 
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4. Ability to use and modify as needed the various phylogenetic analysis software, 
especially BEAST 

5. Ability to perform cluster analyses from phylogenetic sequence output 
6. Ability to use phylogeographic analysis software 
7. Ability to communicate across all levels of the surveillance team the implications 

of genetic data patterns observed from a phylogenetic analysis 

Key Concepts 
1. In an age of genomic plenty, where massive amounts of sequence data on 

pathogens can be gathered inexpensively, surveillance of pathogen sequences is 
growing rapidly. 

2. Pathogen sequence data provide classification criteria that increase the power of 
traditional epidemiologic analyses and are replacing other typing methods. 

3. Phylodynamics assesses how genetic sequence patterns of pathogens relate to 
infection transmission system dynamics and pathogen evolution dynamics. 

4. Phylodynamic analyses use phylogenies as data inputs into models to detect 
individual traits associated with increased transmission in a way that routine 
surveillance cannot. 

5. Genetic sequences considerably increase the power of models to determine 
what drives the flow of infection through populations. 

6. Population genetic sequence patterns allow inferences about population 
transmission patterns because transmission represents a bottleneck in pathogen 
population patterns. 

7. Descriptions of genetic patterns in relationship to epidemiologic variables can 
help develop hypotheses about the infection transmission system and 
evolutionary phenomena that sustain pathogens. 

8. Fitting models of transmission systems to sequence patterns along with other 
surveillance data helps epidemiologists to make inferences about the potential 
effectiveness of control actions. New methods for such model fitting are 
developing rapidly. 

9. RNA viruses are the pathogens most readily analyzed by fitting models to genetic 
patterns.  But new sequencing power means that all pathogens can be cost-
effectively analyzed with these methods. 

10. Linking genetic sequence data to other surveillance variables adds considerable 
power for both traditional epidemiologic analyses and inferences from fitting 
models to data. 

11. Genetic surveillance systems are justified by the immediate benefits to traditional 
epidemiologic analyses and future potential to guide control decisions. 
Considering future applications as systems are built is essential, as the length of 
time with good surveillance adds power to the inferences that can be made from 
model fitting.  
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Discussion Questions 
Suppose you have a collection of consensus HIV sequence data from Sanger chemistry 
methods that has been gathered over the past 10 years to determine antiviral treatment 
resistance status.  Each available sequence is linked to an individual whose gender, 
age group, principal risk behavior, date of diagnosis, geographical area of residence, 
and CD4 count are available. 
1. Formulate a descriptive analysis of such sequences that groups sequences into 

different clusters and will be informative with regard to the groups where 
transmission is most active.  Provide a blank table that could be filled in by your 
descriptive analysis.  Discuss how different patterns in this table would influence 
decisions about HIV control actions. 

2. Describe output that could be produced by a phylogeographic analysis that not only 
defines populations by geography but by major risk behavior as well.  Outline a 
graphic or a table that could be produced by such a phylogeographic analysis.  
Discuss how different patterns in this graphic or table would influence decisions 
about HIV control actions. 

3. Give the very broad outlines of how a phylodynamic analysis of this data would help 
determine the influence of risk behavior volatility (periods of high then low then high 
etc. risk behavior) on infection levels in homosexual and heterosexual groups.  To 
do this you must outline the broad characteristics of dynamic system models that 
would be fit to the data.  Risk behavior volatility increases both the overall level of 
infection in a population and the fraction of transmissions that occur early in an 
infection. 

 
Phylogeographic analyses are used to assign a region of origin for the source virus in all 
cases of polio anywhere in the world.  In Dec. 2012 a virus with an origin in Pakistan 
was discovered in Cairo Egypt sewage.  There were no paralytic cases in Egypt.  Then 
from March 2013 to March 2014 a highly related virus was found continuously in 
sewage in Israel.  Again there were no paralytic cases in Israel.  Two closely related but 
distinct strains were found during this time.  Both Israel and Egypt have been without 
paralytic poliomyelitis cases for many years and they both have good acute flaccid 
paralysis surveillance and good vaccination programs.  From 2005 to Oct 2013 only 
inactivated polio vaccine was used in Israel.  It protects against paralytic polio but is less 
protective against asymptomatic infection.  In late 2013 there was a large outbreak of 
paralytic poliomyelitis in Syria from a strain highly related to the Egypt and Israel strains.  
Vaccination had been interrupted in Syria due to the civil war.  Note that paralytic 
poliomyelitis only occurs in individuals without immunity from either wild polio virus or 
oral polio vaccine virus. 
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4. What descriptive phylodynamics analyses comparing Israeli and Syrian phylogenetic 
patterns might be used to compare the overall number of transmissions and the rate 
of transmissions in these two countries?  In Syria all the sequences come from 
patients and in Israel all the sequences come from sewage.  The sewage sequences 
are from separate individual plaques on tissue culture plates from the sewage. 

5. What would be the advantage of having done the sequencing of sewage using 
technology like the PacBio technology that gives long haplotype reads of different 
virus particles from the sewage? 

 
Noroviruses are a major cause of nausea and vomiting in both higher income and lower 
or middle income countries.  They have caused major problems on Cruise Ships.  They 
are classified into different strains and the nature of the illness produced varies a little 
from one strain to another.  They are spread from feces and sometimes from vomit 
largely through direct skin contact or through water although aerosols from vomit might 
also be involved.  It is now possible to sequence noroviruses found in water and a 
recent study in Africa found a variety of strains in three different rivers. 
6. How could norovirus sequences be used to guide control actions in high income 

countries? 
7. How might they be used cost-effectively to guide control of norovirus transmission in 

low and middle income countries? 
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