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Abstract

The aim of this study is firstly to provide scientific background relating to phylogenetic
tracking of bacterial genome through existing models that simulate the effective behavior,
serving as source of assessing how to infer the true population structure. Understanding
bacterial population genetics and evolution is key in epidemic outbreak studies and surveil-
lance of infectious diseases. Current literature focuses on several theories and mathematical
models regarding this issue, namely the Wright-Fisher model, the Infinite alleles model and
the Coalescent model. A practical application is also studied by means of SimBac, a sim-
ulation software. Taking this into consideration, the question lies on whether it is possible
to accurately portrait the relationship between a given sample of individuals taken from the
population, via phylogenetic inference algorithms. In this manner, we will focus our analysis
on UPGMA, Neighbor-Joining and ClonalFrame. Other methods, such as goeBURST Full
MST, GrapeTree and BAPS have been studied in during this thesis, but without practi-
cal application. Of course, all of them yield different graph structures and therefore, the
need to compare graphs has risen and several metrics were established and researched, such
as the Robinson Foulds distance. The theoretical analysis supports practical applicability,
such as the implementation of an algorithm that simulates bacterial behavior and several
experiments that are evaluated in an attempt of concluding on the ability of phylogenetic
algorithms when applied in diverse situations that simulate a real environment.

1 Introduction

Molecular sequences, such as DNA, RNA and proteins, have a fundamental role in biological
research and many applied fields such as medical diagnosis and virology, since they define almost
all cellular activities that occur in each organism. DNA sequencing is the process of reading
nucleotide bases of a DNA molecule. After reconstruction of a genome, or a partial genome, it is
necessary to identify its genes. There are different methods for typing data, such as Multilocus
sequence typing [8] (currently the gold standard in epidemiological surveillance of many bacterial
species) and Single nucleotide polymorphism. The purpose of molecular typing techniques is to
identify strains and allow the evaluation of their evolutionary relationship.

Understanding the structure of a given bacterial species population is vital for interpreting
their response to selection pressures, such as antibiotic treatment or vaccination. However, there
is no information about the true genealogy of a population, since it is impossible to track the
events happening in the history of evolution in real time. In this context, we present mathemati-
cal models for bacterial evolution, such as the Wright-Fisher model, Infinite alleles model and the
Coalescent model, where the effects of recombination and mutation are considered. With such
simulations we have access to all true relationships over time, making it possible to generate the
true relationship between selected individuals and thus the true genealogical tree. Large-scale
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simulations can be constructed using these and other models, representing theoretical true popu-
lation structures and are fundamental not only to understand the process of evolution, but also to
validate both models and methods, such as phylogenetic inference algorithms, and to understand
how the sampling can affect or bias our perception of the true population structure. SimBac
is also considered, a simulator of bacterial evolution under the Coalescent model. We present
a practical application of the theoretical models, which relies on evaluating the performance of
phylogenetic algorithms by calculating their distance to the true genealogy.

2 Models and Simulation

In this section three models of bacterial behavior are studied, for instance the Wright-Fisher
model, the Coalescent and the Infinite alleles model. The latter is an extension of the first.
A software adapted from the Coalescent is also studied, SimBac, to posteriorly be a source of
simulation experiments.

2.1 Mathematical models

Starting with simplest versions, the Wright-Fisher model [5] is used to describe the evolution of
a population where each gene can only be one of two different types (alleles), A and a.

Let us consider a population with N haploid individuals with the same fitness (neutral
evolution) and non overlapping generations, that undergoes random mating. The fitness of an
individual is a measure for the expected number of descendants. In the neutral WF-model, equal
fitness is implemented by equal probabilities for all individuals to be picked as a parent.

Let Xm be a Markov chain that represents the number of A’s in generation m. Remembering
the definition of the binomial distribution, the transition probability is

P (Xm+1 = j|Xm = i) =

(
N

j

)(
i

N

)j(
1− i

N

)N−j

. (2.1)

To build the (m + 1)th generation, it is selected at random N times with replacement from an
“urn” containing the population.

The Coalescent model [11] is not based on simulating a population, but how genetic variants
sampled from it may have originated from a common ancestor. Once again, its simplest case is fo-
cused on only one gene of the individuals and relies on a number of essential assumptions: (i) The
population is selectively neutral - all alleles are equally fit; (ii) each gene variant is equally prob-
able of passing from one generation to the next; (iii) the genes are not recombining. Afterwards
it will be discussed how to incorporate recombination. As opposed to the Wright-Fisher model,
this one works backward in time, always merging two alleles into one ancestral according to a
random process. Figure 1 is helpful to better understand the concept of such coalescent events,
where the times until most recent common ancestor between groups are explicit. Kingman [7]
showed that time can be scaled such that the time between coalescent events is approximately
an exponential variable with rate k(k − 1)/2, where k is the number of current ancestors. For
more details of the proof see [11]. Variance in the model comes from the random transition of
alleles from one generation to the next and the random occurrence of mutations.

There are several models of reproduction that underlie the basic coalescent process. One
of the models is the Wright-Fisher model, where the entire population is replaced in each time
step. Other models, for instance the Moran model, takes in the order of N time steps before the
population is fully replaced, with N being the number of individuals.
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Figure 1: (Adapted from [11]) Genealogy de-
scribed by a series of coalescent events. The co-
alescing pair is chosen randomly among all pos-
sible pairs of genes.

Figure 2: (Adapted from [11]) The effects of
mutation in sampled DNA sequences. Dark
points denote the location of a mutation event
during coalescence. Asterisks indicate the posi-
tions that have changed compared to the root
sequence.

The number of gene variants in a population depends on its diversity, which depends on the
influence of parameters like mutation. A less diverse population is one that has a significant
number of individuals with the same gene variant, in other words, the same allele. Maximum
variance is when each individual has a different gene variant, resulting in a total of N gene
variants. Minimum variance is when there is only one gene variant among the population. The
subject of focus here is how to trace the genealogical relationship of a sample of n genes backward
in time. A population of constant size N of haploid individuals forms the basis for the study, as
we have special interest in bacterial populations.

Mutations can be imposed on the genealogy, taking place according to a poisson process, as
it happens at a constant rate of µ per gene per time step regardless of the underlying model. The
scaled mutation rate is θ = 2Neµ, where Ne is the effective population size. A simple example
of a genealogy with five DNA sequences, where four mutations occurred, is shown in Figure 2.

Recombination can also be imposed on the genealogy, a process that is described, forward in
time, as the exchange of genetic material between two organisms, producing a descendant with
a genome that differs from both parents. Simulating backwards in time, the genetic material
of one individual is split into two ancestral individuals. A similar process is gene conversion,
modeled as the copy-pasting of a small fragment of DNA from the donor lineage sequence into
the recipient, and only differs from recombination if the genome is linear [16]. However, we will
only focus on circular genomes because typical bacterial chromosomes are circular.

When including mutations in the model, a modified version of the Wright-Fisher model can
be considered, designed Infinite alleles model (IAM). Instead of two types there are infinitely
many types [6] [14] and each mutation brings a new one never seen before. This concept arose
due to the fact that a gene is formed by a considerably high number of base pairs and a mutation
event modifies one or more random base pairs, so the probability that a specify modification at
a specific position results in an allele variation previously seen is very low.

In the genealogical process this is the coalescent with killing, meaning that as time proceeds,
new types enter the population and old types die. It’s expected that after a while the number of
different types settles, which in other words is the diversity in the population. Later on we will
demonstrate the veracity of this expectation.
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Going backwards in time, from m + 1 to m, the probabilities of encounter coalescence and
mutation events are, respectively, m/(θ +m) and θ/(θ +m).

2.2 SimBac

SimBac [1] is a whole-genome bacterial evolution simulator that performs backward in time under
the standard coalescent model with recombination. The standard representation of the phylo-
genetic relationship between ancestral lineages when recombination is included is the ancestral
recombination graph (ARG), a complete record of coalescence and recombination events in the
history of sampled sequences.

This software is distributed as open source (https://github.com/tbrown91/SimBac).

2.3 Host contact network

When simulating populations, and using as reference the work in [15], the environment can be
represented by a host contact network in a more complex and realistic approach, where bacterial
population at each host evolves independently according to the models discussed above. The
interaction between hosts happens by allowing pathogens to migrate from one host to another.

Migration events take place according to network topology and by defining edge transmission
probabilities and migration frequency. After each migration phase, the bacterial pool in each
host is composed by a mixture of its own population and the population samples sent by its
neighbors. A new population is built with the same size as the previous one, by sampling with
replacement from the set of all individuals in the pool.

3 Phylogenetic inference

In the previous section it was studied how to construct a population, where “true” evolution
trees can be drawn since we have access to all data and steps of the simulation. This section
is related to the study of phylogenetic inference methods which attempt to recover relationship
between observed organisms [9]. There are several methods that construct phylogenetic trees
and they can all be seen as clustering methods because they apply several clustering techniques
in their approach. After reviewing different types of algorithms it was decided to apply UPGMA,
Neighbor-Joining, goeBURST Full MST, GrapeTree and two Bayesian approaches, where all of
them are distance based methods but Bayesian ones, that are character-state method.

Distance based methods take as input a distance matrix D, which take as input all sequence
types (STs) present in the sample. A ST is a unique allelic profile assigned to individuals that
share identical alleles. This way clusters are created, each being formed by individuals designated
with the same ST, which are called Operational Taxonomic Units (OTUs) [2]. These methods
are all hierarchical agglomerative clustering methods,. Thus, clusters are iteratively joined in a
bottom-up approach, starting with matrix D where D(i, j) is the pairwise distance between each
pair of OTUs i and j. There are a variety of algorithms, UPGMA and NJ were the ones adopted
for inference evaluation.

In UPGMA, at a clustering step where Ci ∪Cj are joined, the updated distance between this
new cluster and another cluster Ck is given by

D((Ci ∪ Cj), Ck) =
|Ci|Dik + |Cj |Djk

|Ci|+ |Cj |
. (3.1)

In NJ [12] a matrix Q is created by applying some criterion over D, a criterion that relies on the
minimum evolution principle. Original NJ (by Saitou and Nei) defines Q as the least-squares
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estimation of the branch lengths. The definition of Q follows,

Qij =
1

2
Dij +

1

2(r − 2)

r∑
k=1,k 6=i,j

(Dik +Djk) +
1

r − 2

r∑
k=1,k 6=i,j

r∑
l=k,l 6=i,j

Dkl, (3.2)

where r is the number of OTUs in D. The branch lengths are then computed,

Diu =
1

2
Dij +

1

2(r − 2)

[ r∑
k=1,k 6=i,j

(Dik −Djk)
]
, Dju = Dij −Diu, (3.3)

and the distance matrix is then updated by calculating the distances between the new OTU u
(i and j merged) and all the others,

Duk = λ(Dik −Diu) + (1− λ)(Djk −Dju), (3.4)

where λ = 1
2 .

Character state methods such as Bayesian approaches are based on probabilistic models of
how the tree and the data are interrelated. The suitability of a tree is evaluated with its posterior
probability, that is, the probability of the tree given the data. In other words, the question in
Bayesian inference is ”What is the probability that this hypothetical tree (T ) is correct, given
the data (D) that we have observed, P (T |D)?”. The question is answered by Bayes’ theorem:

P (T |D) =
P (D|T )× P (T )

P (D)
(3.5)

where P (T |D) is the posterior probability; P (T ) is the prior probability, based on the knowledge
of T before analysis of the data; P (D|T ) is the likelihood, which can be specified in various ways;
P (D) is actually the sum of P (T&D) over all possible hypotheses T and is the quantity that is
needed to normalize them so that they add up to 1. So the more usual form is

∑
T P (T )P (D|T ).

One adversity with Bayesian approaches to phylogeny reconstruction is the vast number of
possible tree topologies, making them highly demanding computationally, and so, impractical
for very large data sets.

For unrooted trees, the number of possible topologies with N organisms is

(2N − 5)!

2N−3(N − 3)!
(3.6)

whereas the corresponding number for rooted trees is

(2N − 3)!

2N−2(N − 2)!
(3.7)

These numbers boost rapidly when increasing N .
On the other hand, they are the only way to obtain a complete measure of uncertainty,

making them really desirable.
There are various techniques and softwares enabling Bayesian statistical analysis, most of

them rely on Markov chain Monte Carlo (MCMC) computation.
There are a variety of phylogenetic softwares used for inferring phylogenies under a Bayesian

framework. We will focus on ClonalFrame [4]. Another common softwares are BAPS [3] and
MrBayes [10].
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4 Evaluation and Validation

The study elaborated in the previous sections consists of understanding the evolution of bacterial
populations and how to reconstruct it for a collection of organisms in order to obtain the best
approximation to reality.

In this section we present the experimental evaluation, where we put into practice the math-
ematical models for evolution - The Coalescent and IAM - to simulate populations and true
genealogies of different samples. Phylogenetic inference algorithms are applied to those samples
in an attempt to reconstruct their evolutionary relationship, and the results are compared to
the “real” trees in order to validate their capacity of reconstruction. We divide the experiments
into two subsections: SimBac, to simulate evolution based on the coalescence of genetic variants,
using DNA sequences directly; and IAM, to simulate evolution based on the history of events
that led to each OTU being considerate, using MLST data. The main algorithms we are using
for inference are UPGMA and NJ. Bayesian methods could not be studied for IAM populations,
since they require character data and this simulations are based on MLST data.

Several studies are conducted. We focus on the influence of parameter rates, mutations and
recombination, as well as sample sizes, on the performance of algorithms. Parameter rates range
from 0.01 to 0.0001, which results in 9 combinations of mutation and recombination rates in a
population. In SimBac, we do not extract samples since the model is based on the coalescence
of sequence variants and not individuals but we vary the size of the genomes and number of
sequences. In IAM, we examine the effect of extracting samples, such as all elements of the last
generation, a variety of percentages of the last generation and of more than one generation, from
the same population.

After the experiments, our goal is to finally conclude about the capacity of a phylogenetic
tree reconstruction by the inference algorithms, the influence of a complex host contact network,
the sample size and, most of all, answer the question: How far is the inferred tree from the real
one?

4.1 SimBac

As discussed before, SimBac software is based on the Coalescent model, where the objective is
to trace back the events that led to the genetic variants present in current time.

As we are dealing with sequence data, we have to define the length of the genomes we wish to
simulate. Bacterial genome sizes range from 0.6 Mb to <8 Mb, where 1 Mb= 106 bp. Naturally,
sequence lengths and computational costs are directly proportional, particularly in ClonalFrame.
For this reason, experiences with ClonalFrame could not be practiced in a very large domain. So,
firstly we generated an example of 5 whole genomes with length 4 Mb, m = 0.01 and r = 0.01.
The program was run for 10000 iterations (including 5000 burn-in iterations). Results show that
although all the inferred trees have RF distance 0 to the true topology, ClonalFrame did not
infer distance between nodes as well as the other algorithms. It has been studied that it is not
suitable for a small number of nodes.

The following datasets adopted were set to have a total length of fragments of genetic material
equal to 10000bp, which approximately mimics MLST data.

A dataset with N=50 was generated in order to evaluate the performance of ClonalFrame on
a larger environment, taking into account the computational cost. The parameters’ rates were
set to be m = 0.01 and r = 0.01, as in the previous example. The program was run for 150000
iterations (including 50000 burn-in iterations). In Figure 3 the resulting trees are presented, this
is, the true clonal genealogy (Figure 3 a), the tree inferred by ClonalFrame (Figure 3 b) and also
the trees inferred by UPGMA (Figure 3 c) and NJ (Figure 3 d, rooted with midpoint rooting).
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(a) True clonal genealogy (b) Genealogy inferred by ClonalFrame

(c) Genealogy inferred by UPGMA (d) Genealogy inferred by NJ

Figure 3: Application to 50 sequence variants with 10000bp. The normalized RF distances
between the inferred trees by ClonalFrame, UPGMA and NJ, and the real one are 0.3, 0.404 and
0.404, respectively.
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Table 1: Performance of phylogenetic inference algorithms (UPGMA and NJ) for datasets with
N=1000 and different rates of mutation (m) and recombination (r). The measure of performance
is the normalized RF distance between the true genealogy tree and the inferred tree by each
algorithm.

treeUPGMA treeNJ

Mean SD Mean SD

m = 0.01, r = 0.01 0.708 0.011 0.696 0.017

m = 0.01, r = 0.001 0.758 0.024 0.734 0.023

m = 0.01, r = 0.0001 0.764 0.018 0.739 0.02

m = 0.001, r = 0.01 0.901 0.019 0.896 0.02

m = 0.001, r = 0.001 0.948 0.008 0.941 0.011

m = 0.001, r = 0.0001 0.953 0.009 0.949 0.008

m = 0.0001, r = 0.01 0.995 0.004 0.994 0.003

m = 0.0001, r = 0.001 0.993 0.002 0.993 0.002

m = 0.0001, r = 0.0001 0.994 0.003 0.993 0.004

To evaluate the performance of the inference algorithms for big populations, we simulated
coalescence with N=1000. For each combination of m and r, we ran 10 simulations in order to
calculate mean and standard deviation of the normalized RF distance between the true clonal
genealogy and the inferred trees by UPGMA and NJ. The results are displayed in Table 1.

4.2 IAM

Based on the mathematical models studied, an algorithm intended to simulate a population was
implemented and different experiments were practiced for the evaluation of performance.

Taking as default populations with 1000 isolates per generation and 1000 generations, we
first consider the entire pool of isolates from the last generation to be the sample size and to
reconstruct the genealogy, thus grouping every element by profile and generating the tree for
every OTU present in the last generation. After evaluating the diversity of the population over
time by the SID [13], we excluded populations with rates of mutation equal to 0.0001. Results
are displayed in Table 2. The variable T denotes the generation(s) from where the sample is
extracted, so in this first case, T=1000. The outcome shows a slightly higher standard deviation
than in the study with SimBac (Table 1), although the inferred trees have lower distance to the
real one. The best results were found for rates m = 0.01 and r = 0.001. Decreasing m increases
standard deviation, so inference results become a little more inconsistent.

In a real environment it is not possible to track down all individuals from a generation. It
is more realistic that a small portion is recovered, drawn from different generations. In that
sense, experiences with various sampling rates were conducted. Having a “pool” of individuals,
corresponding to the generations from where we are sampling, sample sizes correspond to 40%,
20%, 10%, 5% and 1% of the pools, which are respectively 400, 200, 100, 50 and 10 isolates
from a pool with last generation, and 1600, 800, 400, 200 and 40 isolates from a pool with the
last 4 generations. The number of nodes might influence results making it harder to interpret.
When the sample size is decreased, it is very probable that some STs present in the pool are
not considered for inference and thus, the number of nodes decline. Some runs resulted in too
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Table 2: Performance of phylogenetic inference algorithms (UPGMA and NJ) for IAM popula-
tions with N=1000, T=1000 and different rates of mutation (m) and recombination (r). The
measure of performance is the normalized RF distance between the true genealogy tree and the
inferred tree by each algorithm.

treeUPGMA treeNJ

Mean SD Mean SD

m = 0.01, r = 0.01 0.682 0.071 0.613 0.059

m = 0.01, r = 0.001 0.664 0.037 0.516 0.056

m = 0.01, r = 0.0001 0.669 0.083 0.572 0.092

m = 0.001, r = 0.01 0.85 0.186 0.813 0.123

m = 0.001, r = 0.001 0.78 0.135 0.727 0.154

m = 0.001, r = 0.0001 0.829 0.114 0.693 0.139

few OTUs as we reduce sample sizes, since isolates are randomly chosen and can belong to the
same OTU. In such cases we would re-run until inference was possible. In general the algorithms
performed better for the rates m = 0.01 and r = 0.0001, as it was observed when inferring the
whole last generation. It appears that decreasing sample size does not diminish the power of
reconstruction algorithms.

In an even more realistic approach, one should consider a host contact network, as mentioned
in section 2.3. Each host represents an environment where a population evolves and interaction
between hosts mean that some bacteria migrates from its host to another. Based on the im-
plementation in [15], a population was constructed with m = 0.01, r = 0.001, 10 hosts, 1000
individuals in each host and generation, 1000 generations, a probability of transmission of 0.01
(equivalent to an exchange of 10 individuals when a migration event occurs) and migrations from
50 to 50 generations. Thus, each generation is composed by 1000× 10 individuals, each labeled
with its host. This simulation resulted in excessively high diversity, impracticable for inference
algorithms, once they work with hamming distances to infer proximity and almost all nodes
had maximum distance. In an attempt of finding a system less diverse, we also constructed a
simulation, similar to the previous one, only changing mutation and recombination parameters
to m = 0.001 and r = 0.01. Such adjustment resulted in less diversity in the pool, although still
very high. Phylogenetic trees were inferred for different samples from last generation, and the
RF distance was always higher than 0.9.

5 Conclusion

In a real environment it is impossible to know the true history of events that led to the current
STs, and it is very important to simulate it through the mathematical models as a way to validate
both models and methods, such as phylogenetic inference algorithms. In this context we provide
a view of the most well known phylogenetic inference methods suitable for processing typing data
and their differences. Some of the exposed algorithms, specifically UPGMA and NJ, were used
to infer genealogies and results were compared to the corresponding true genealogies by means
of the Robinson-Foulds metric. Results show that besides this metric is very sensitive, diversity
in a pool is strongly related to the performance of algorithms, for instance, decreasing mutation
rates aggravate the capacity of tree reconstruction by the inference algorithms.
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