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Epidemiology via pathogen genetic sequences

Growing amounts of genetic sequence data on pathogens should assist
the study of infectious disease dynamics.

Using this information effectively is a methodological challenge.

The POMP/SMC approach enables general, statistically efficient,
plug-and-play methodology that jointly estimates both disease
transmission parameters and a phylogeny.

We demonstrate the feasibility of our approach through simulation
and apply it to estimate stage-specific infectiousness in a subepidemic
of HIV in Detroit, Michigan.

These methods may be applied in other biological systems where one
seeks to infer population dynamics from genetic sequences, and they
may also find application for evolutionary models with phenotypic
rather than genotypic data.



Phylodynamics

“The study of how epidemiological, immunological, and evolutionary
processes act and potentially interact to shape viral phylogenies.”

From en.wikipedia.org/wiki/Viral_phylodynamics,
paraphrasing Grenfell et al. (2004) who coined the word
phylodynamics.

“Phylodynamics” is also used to describe the inverse problem, using
phylogenetic trees to infer dynamic mechanisms.

Data are typically genetic sequences (partial or complete) on viral or
bacterial pathogens.

en.wikipedia.org/wiki/Viral_phylodynamics


Statistical methods for phylodynamics

For successful phylodynamic inference, mechanisms of transmission
must leave their signature in genetic sequences.

This occurs when pathogen transmission and evolution occur on
similar timescales.

By explicitly relating models of disease dynamics to their predictions
with respect to pathogen sequences, it is possible to estimate aspects
of the mechanisms of transmission (reviewed by Frost et al., 2015).

Most phylodynamic inference methods proceed in three stages.
1 Estimate the pathogen phylogeny using sequence data.
2 Fit models of disease dynamics to properties of the pathogen

phylogeny, such as coalescent times or summary statistics on the tree.
3 Assess robustness of the results to variation in the estimated phylogeny

to account for phylogenetic uncertainty.

It may happen that population dynamics, as estimated by the
transmission model, are inconsistent with those assumed when
estimating the phylogeny.



Previous uses of SMC for phylodynamic inference

SMC techniques have previously been used for inferring phylogenies
(Bouchard-Côté et al., 2012), and for phylodynamic inference
conditional on a phylogeny (Rasmussen et al., 2011).

These approaches avoid the high-dimensional, computationally
challenging problem of joint inference through forward-in-time
simulation of tree-valued processes.
Several innovations were necessary to realize computationally feasible
SMC on models and datasets of scientific interest.

Dimension reduction: constructing the POMP model with genetic
sequences only in the measurement model to reduce the dimension of
the latent variables.
Algorithm parallelization.
Hierarchical sampling.
Just-in-time construction of state variables.
Restriction to a class of physical molecular clocks.
Maximization of the likelihood using iterated filtering.

These innovations have some general relevance to SMC-based
inference for large and complex systems.



Dimension reduction

“A basic principle (or rule of thumb) in Monte Carlo computation: One
should carry out analytical computation as much as possible.” Monte
Carlo Strategies in Scientific Computing (Liu, 2001, Section 2.3).

A standard SMC variance reduction technique is to solve conditionally
linear and Gaussian parts of the model by linear algebra.

We have considerable flexibility how to put a model into the POMP
framework, and we can sometimes choose to place parts of the model
in either the measurement or the state process.

Vanilla SMC requires tractability of the measurement density and
does not scale well with dimension of the latent process. If possible,
move tractable parts of the model into the measurement process.



Dimension reduction: Rewriting the measurement model

Here, we can put the genetic sequences into the measurement model.

Formally, let a measurement consist of an assignment of a new
sequence to an individual in the transmission tree.
The measurement density involves finding the likelihood of the new
sequence given the old sequences and the tree. This likelihood can be
computed efficiently by “peeling,” the name given to the basic POMP
identities on a tree.
Particles representing the latent process do not have to include the
high-dimensional pathogen genome.



Parallelization

Every modern computer is designed for parallel computing. The only
question is whether your algorithm is designed for it!

“Compute or concede,” according to the IMS Presidential Address, “Let
us own data science” by Yu (2014).

We expect to have multiple nodes each with multiple cores. Cores
within a node communicate quickly and share fast access memory.
Embarrassingly parallel algorithms require communication between
processes only to spawn jobs and collect results.
Profile likelihood calculations are embarrassingly parallel
If you expect to compute at least as many profile points as you have
cores available, you probably should not parallelize the rest of your
code - you have more to lose than to gain from this.
Don’t be embarrassed to use embarrassingly parallel algorithms!
For Monte Carlo methods, there is no subsitute for replication!
A Monte Carlo computation is an experiment. Fisher’s design
principles (comparisons, replication, randomization, blocking,
orthogonality, factorial experiment) all apply.



Within-node parallelization

An algorithm is Within-node parallel if it is embarrassingly parallel
between nodes but uses communication and shared memory within
nodes).
This is appropriate if you have a number of nodes comparable to the
number of profile points.

At a minimum, say, 3 replicates at each of 20 profile points = 60 nodes.

What to do if you don’t have that many nodes, but for speed reasons
you think you need to parallelize?

Remember Fisher: if you don’t have resources to replicate you
probably shouldn’t do that experiment!

Cautionary tale: To a first approximation, one imagines that all cores
on a node have equal access to all the shared memory. This isn’t
true! Cores on the same socket have equal access, but large nodes
have multiple sockets.

genPomp uses within-node parallelization to investigate many
alternatives for how a new genetic sequence attaches to an existing
phylogeny.



Hierarchical sampling

SMC algorithms are analogous to sample surveys. Both are based on
importance sampling.

For sample surveys, a cluster sample (choosing a sample of cities,
then sampling within those cities) is often a practical decision. This is
because of communication costs.

Communication costs are also a primary consideration in
parallelization of code.

Here, we say hierarchical sampling instead of cluster sampling, but
the two are closely related.

Parallelization of SMC is a research topic (Paige et al., 2014).
Hierarchical sampling is one simple approach.



Just-in-time variables

The relaxed clock allows evolutionary branch lengths flexibility to
match genetic data.

The relaxed clock for each individual must be part of the latent
process, even though the evolutionary process is placed in the
measurement model. Why?

Relaxed clock variables on a branch of the full phylogenetic tree
(including all hosts, whether or not they are diagnosed or their
pathogens are sequenced) are not needed until that branch is included
in the observed phylogenetic tree.

There is some direct saving from avoiding computation of parts of the
latent process that may never be observed or have any effect on an
observable quantity.

Perhaps more importantly, postponing assignment of evolutionary
clock times until they are informed by data gives variance reduction.



Restriction to a class of physical molecular clocks

Commonly used relaxed molecular clock specifications are hard to
reconcile with underlying evolutionary dynamics.

For example, log normal clock perturbations lack an additivity
property: adding a node to split a branch must change the
evolutionary process along that branch.

We insist that the relaxed clock is part of a Markovian latent process,
preventing such issues.

We require the relaxed clock to be a non-decreasing continuous-valued
Lévy process. In practice, we use a Gamma process clock.



Comments on variance reduction

Variance reduction may sound boring and tedious work.

Often, it is.

Parallelization has more technological excitement but also adds to
coding and debugging complexity.

Sometimes, numerical tractability issues necessitate and inspire
theoretical advances.

It is almost magical when we can carry out inference by accessing the
likelihood surface relating a complex dynamic model to big data.
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The latent process for a GenPOMP

The latent Markov process, {X(t), t ∈ T}, with T = [t0, tend],
models the population dynamics and also includes any other processes
needed to describe the evolution of the pathogen.

Suppose we can write X(t) =
(
T (t), P(t), U(t)

)
, where

T (t) is the transmission forest,
P(t) is the pathogen phylogeny equipped with a relaxed molecular
clock,
U(t) represents the state of the pathogen and host populations.

For example, U(t) may categorize each individual in the host
population into classes representing different stages of infection.

We suppose that {U(t), t ∈ T} is itself a Markov process.



The transmission forest

The transmission forest represents the history of transmission among
hosts.

Nodes in T (t) are time-stamped and of several types.
Internal nodes represent transmission events.
Terminal nodes are of three types:

1 active nodes represent infections active at time t;
2 observed nodes correspond to diagnosis events, possibly associated

with genetic sequences;
3 dead nodes correspond to death or emigration events.

Root nodes at time t0 correspond to infections present in the initial
population.

Root nodes at times t > t0 correspond to immigration events.

Since all nodes are time-stamped, edges of T (t) have lengths
measured in units of calendar time.



The pathogen phylogeny

The pathogen phylogeny P(t) represents the history of divergences of
pathogen lineages.

Internal nodes of P(t) represent branch-points of pathogen lineages,
which, we assume, coincide with transmission events.

The terminal nodes of P(t) are in 1-1 correspondence with the
terminal nodes of T (t).
The distinction between P(t) and T (t) allows for random variation in
the rate of molecular evolution.

A model for sequence evolution is called a molecular clock
Data are over-dispersed. Including overdispersion gives a relaxed
molecular clocks.

The edge lengths of T (t) measure calendar time between events,
whereas edge lengths in P(t) can have additional random variation
describing non-constant rates of evolution.



Schematic diagram: advancing a GenPOMP from t1 to t2
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Black: transmission forest, T (t). Blue: pathogen phylogeny, P(t).



Annotations for the GenPOMP schematic diagram

The branching pattern of the pathogen phylogeny mirrors that of
T (t) over the interval [t0, t1], so pathogen lineages are assumed to
branch exactly at transmission events. This simplifying assumption
can be changed.

Randomness in the rate of evolution—a relaxed molecular
clock—results in random edge lengths in P(t).
At 1© , an active node splits in two when a transmission event occurs.

At 2© , an active node becomes a dead node (×) when an infected
host emigrates, recovers, or dies.

At 3© , an immigration event gives rise to a new active node with its
own root.

At 4© , a sequence node (•) is spawned when a sample is taken.



More on relaxed molecular clocks

A strict molecular clock models the rate of evolution as constant
through time and across lineages, assuming (i) sequence evolution is
Markovian; (ii) no simultaneous mutations.

These assumptions imply a Poisson-like mean-variance relationship
(Bretó and Ionides, 2011).

Overdispersion (known as a relaxed clock) has been shown to improve
the fit of phylogenetic models to observed genetic sequences in many
cases (Drummond et al., 2006).

In our approach, this corresponds to constructing each edge length of
P(t) as a stochastic process on the corresponding edge of T (t).
Various forms of such processes have been assumed in the literature,
but not all are self-consistent under Markovian assumptions. The
class of suitable random processes includes the class of nondecreasing
Lévy processes, i.e., continuous-time processes with independent,
stationary, non-negative increments.



Schematic diagram: SMC for a GenPOMP
Particle 1 Particle 2 Particle 3

troot t0 t1 troot t0 t1 troot t0 t1
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1. Proposal. Simulate
particles forward from
time t1 to time t2. Then
select an individual to be
sequenced.

w1 w2 w3

P
2. Weighting. Based on the
structure of the proposed trans-
mission forest, construct the
subtree of the phylogeny that
connects the observed sequences.
Use this subtree to compute
weight of the particle: the con-
ditional probability of the new
sequence.

3. Resampling. Resample
particles with probability
proportional to their weights.

Figure: A schematic of the particle filter. Here, we show steps to run the filter
from the first sequence to the second. Transmission forests are shown in black
and phylogenies that connect observed sequences, P̃(t), are shown in blue.
Observed sequences are depicted as blue dots. This schematic shows how the
algorithm uses just-in-time construction of state variables to ease computational
costs. Although the model describes how P(t) relates to T (t) across all branches
of the transmission tree, the algorithm only constructs the subtree of the
phylogeny needed to connect the observations (and therefore evaluate conditional
probabilities of sequences). Note that in our implementation of the particle filter
we introduce additional procedures in the proposal and weighting steps. These
procedures, which are detailed below, allow for more accurate assessment of a
particle’s weight (through hierarchical sampling) and estimation of the conditional
probability of a sequence under a relaxed clock. In our current implementation
(Algorithm ??), assimilation of each data point is followed by systematic
resampling (Arulampalam et al., 2002; Douc et al., 2005); future developments
may aim to increase efficiency further using alternative resampling schemes.



Just-in-time construction of state variables

Although the model of the latent process includes the full phylogeny
of the pathogen, P(t), for the purposes of computation we need only
store P̃(t) in memory.

In our implementation, we add new edges to P̃(t) at the time of
measurement; it is not until a sequence is placed on a lineage of T (t)
that we have enough information to update P̃(t).
We call this approach just-in-time construction of state variables
because simulation of part of the state is postponed until the last
moment.



A hierarchical sampling scheme

We developed a hierarchical sampling scheme to allow for scaling the
effective number of particles while holding only a fraction of the
effective number of particles in memory.

For each of J particles in memory, we consider K nested proposals.
In this hierarchical scheme, we split the proposal into two steps:

proposal of an updated transmission forest.
proposal of the location of the sampled sequence on the transmission
forest.

Each of J particles first proposes an updated transmission forest, then
calculates the likelihood of the next observed sequence for K possible
locations of the observed sequence.

One of the K nested particles is kept, sampled with weight
proportional to its conditional likelihood, and the remaining K − 1
particles are discarded.

The weight of the surviving particle is the average of the conditional
likelihoods of the K nested particles.



A schematic of our hierarchical sampling scheme.

troot t0 t1

t1 t2

1. Proposal (part 1). Simulate
the transmission forest forward
from time t1 to time t2.

2. Proposal (part 2). Copy
the particle K times. For each
copy, propose an individual to
sequence.

w1 w2 wK

P
3. Weighting. For each
of the K copies, construct
the subtree of the phylogeny
that connects the observed
sequences. Use this sub-
tree to compute weight of
the particle: the conditional
probability of the new se-
quence.

w̄ = 1
K

K∑
k=1

wi

4. Sampling. Select one of the K particles
with probability proportional to its weight.
The sampled particle takes the average of the
K particle weights from the previous step as its
weight.
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Model for infection and disease progression
Smith et al. · doi:10.NNNN/molbev/mst1 MBE
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FIG. 2. A flow diagram showing the possible classes for infected individuals. The columns represent stage of disease: with

subscripts 0, 1 and 2 representing early, chronic, and AIDS stages respectively. The rows represent diagnosis status, with

the top row representing undiagnosed individuals, Ik, and the bottom row representing diagnosed individuals, Jk, where

k∈{0,1,2}. ρk are per capita rates of diagnosis and γc are rates of disease progression. Arrows out of classes that do not

flow into other classes represent the combined flow out of the infected population due to death and emigration.

to the intensive nature of the computations, further developments will be required to handle considerably

larger datasets. Some empirical results concerning how our GenSMC implementation scales with number

of sequences are given in the supplement (Section S2.3). We discuss applicability to the range of current

phylodynamic challenges in the discussion section.

A study on simulated data

Using the individual-based, stochastic model of HIV described above (Fig. 2), we simulated epidemics

conditional on observing 30 sequences. We set the length of the simulated sequences to be 100 bases. We

set parameters governing the rate of evolution at relatively high values to generate a high proportion of

variable sites. As computation scales with the number of variable sites, the computational effort in this

simulation study could be comparable to fitting real sequences of greater length. Parameters values and

their interpretations are specified in Tables 1 and 2. Algorithmic parameters are specified in Section S4.2.

Each simulated epidemic consisted of a transmission forest and a set of pathogen genetic sequences. We

randomly selected 5 epidemics to fit. Each dataset consists of two types of data: times of diagnoses and

pathogen genetic sequences. A representative simulated transmission forest and its associated pathogen

genetic sequences are shown in Fig. 3.

For each of the selected epidemics we ask two questions. First, when all other parameters are known,

is it possible to infer εI0
and εI1

using only diagnosis times? Second, how does inference change when

we supplement the diagnosis data with pathogen genetic sequences? To perform this comparison we

estimated two likelihood surfaces for each epidemic: one using only the diagnosis likelihood, and one

using both the diagnosis likelihood and the genetic likelihood. We estimated each surface by using the

particle filter to compute a grid of likelihood estimates with respect to the two parameters of interest:

10

A flow diagram for HIV.

Ik classes represent undiagnosed infections.

Jk classes represent diagnosed infections.

k = 0, 1, 2 denotes early, chronic and AIDS stages.

Infection can come from within, or outside, the study population.



Top: diagnosis data only. Bottom: including sequence data
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FIG. 4. Grid-based estimates of likelihood surfaces and likelihood profiles from fitting to simulated data. The top row

shows the surface (A) and profiles (B and C) estimated using only the diagnosis likelihood. The bottom row shows the

surface (D) and profiles (E and F) estimated using both the diagnosis and the genetic likelihood. Red dots and red lines

indicate true values of εI0 and εI1 used in simulation. Point estimates and 95% confidence intervals are shown in green

just above the horizontal axis of the likelihood profile plots. Confidence intervals for E and F account for both statistical

uncertainty and Monte Carlo noise (Ionides et al., 2016) using a square root transformation appropriate for non-negative

parameters. Augmenting the diagnosis data with genetic data yields smaller confidence intervals for εI0 and εI1 , and resolves

the nonidentifiability of these parameters when estimated using only the diagnoses. Note that scales of the likelihood surfaces

shown in A and D are not the same; E and F have the same scale as B and C but with a vertical shift.
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FIG. 5. The distribution of age at diagnosis through time for black MSM in Detroit, MI. The cohort that we selected for

analysis is outlined in red. We excluded the data from 2012 to limit effects from delays in updating the MDCH database.

29 individuals that were diagnosed at ages greater than or equal to 60 years are not shown on this plot.
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FIG. 6. Estimated likelihood profiles from fits to data from the black, MSM cohort. A-C show likelihood profiles computed

using only the diagnosis likelihood. D-F show likelihood profiles computed using both the diagnosis likelihood and the genetic

likelihood. G and H show likelihood profiles computed using only the diagnosis likelihood when ψ is fixed at zero. Black

dots represent particle filter likelihood evaluations of parameter sets obtained using iterated filtering. Red dots represent

mean log likelihoods of the multiple likelihood evaluations (black dots) at each point in the profile. Red lines are loess fits

to the red dots. Green bars along the lower margin of each panel encompass 95% confidence intervals for each parameter.

Confidence intervals account for both statistical uncertainty and Monte Carlo noise (Ionides et al., 2016). The smoothed

profile was calculated on the square root scale, appropriate for non-negative parameters, with a green dot indicating the

maximum.
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