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Abstract

Typing methods are widely used in the surveillance of infectious diseases, outbreak investigation
and studies of the natural history of an infection. Their use is becoming standard, in particular
with the introduction of High Throughput Sequencing (HTS). On the other hand, the data being
generated is massive and many algorithms have been proposed for phylogenetic analysis of typing
data, addressing both correctness and scalability issues, such as the goeBURST algorithm. Most of the
distance based algorithms for inferring phylogenetic trees follow the closest-pair joining scheme. This is
one of the approaches used in hierarchical clustering. Although phylogenetic inference algorithms may
seem rather different, the main difference among them resides on how one defines cluster proximity
and on which optimization criterion is used. The main goal of this thesis is to study the most well
known phylogenetic inference methods suitable for processing typing data, focusing on the goeBURST
algorithm and the computational problems that appear when dealing with large datasets. This
algorithm must however be run whenever new data becomes available starting from scratch. We
address this issue by proposing two dynamic algorithms allowing data to be continuously integrated
and updated. Experimental results show that these algorithms are efficient at integrating new data
and updating inferred evolutionary patterns, improving the update running time by at least one order
of magnitude.
Keywords: phylogenetic inference; phylogenetic trees; dynamic algorithms; sequence-based typing data

1. Introduction
Biological sequences, namely DNA (deoxyribonu-
cleic acid), RNA (ribonucleic acid) and proteins,
have a central role in molecular biology because
they define almost every cellular activity that occur
in the each organism. The key to uncover these pro-
cesses relies in understanding how these sequences
interact with each other in their own environment.
In order to do that, it is necessary to sequence the
DNA and identify the genes that are part of the
genome. For this, a database with known genes for
that specific organism is used and the matching is
made based on some specific allele according to the
chosen typing method. This way, and by the com-
parison between different genes, it is now possible
to identify its lineage, and then infer evolutionary
relationships through phylogenetic analysis.

The choice of which typing method to use de-
pends on the epidemiological context. These meth-
ods provide further knowledge on surveillance of
infectious diseases, outbreak investigation and the
natural history of an infection. Furthermore, with
the introduction of “High Throughput Sequencing”

(HTS) [1] technology, there have been developed
new typing methods likeribossomal-Multilocus Se-
quence Typing (ribossomal-MLST) [2], Multilo-
cus Variable Number of Tandem Repeats Analysis
(MLVA) [3] or analysis of Single Nucleotide Poly-
morphism (SNPs) [4] through comparison against a
reference genome. Moreover, these recent advances
and the resulting decrease in costs that allow the
analysis of thousands of data, created the need of
developing new efficient methods that are able to
do phylogenetic analysis and that also allow the dy-
namic updating of data into an ongoing study.

The number of practical applications of phy-
logenetic analysis continues to grow and are by
no means limited to the functional and structural
study of genomes. Phylogenetic applications span
much of biology, from human health [5] and foren-
sics [6, 7] to conservation biology [8] and studies
of behavior [9]. Many of these applications require
accurate phylogenetic estimates, not only in terms
of tree topologies, but also in branch lengths (for
estimation of time and/or the amount of change),
ancestral character states (for estimation of evolu-
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tionary transitions), and parameters of evolution-
ary models (for study of evolutionary processes).
Therefore, phylogenetic analysis has become cen-
tral to understanding biodiversity, evolution, ecol-
ogy, and genomes.

1.1. Objectives
The aim of this thesis is to study some well-known
algorithms for phylogenetic inference for process-
ing large scale epidemic data. These methods have
been proposed before the actual massive growth of
epidemic data and, hence, most of existing imple-
mentations are facing great challenges with existing
datasets. On the other hand, these methods rely
often on graph theory and network mining ideas,
which have been evolving in recent years, namely
in what concerns dynamic graphs. Also, if we are
dealing with missing data in large-scale phyloge-
nomic datasets we may want to try different pre-
dictions since making the wrong ones will lead to
negative effects on the phylogenetic inference pro-
cess [10]. Hence, the challenge is to apply some
techniques on two of those algorithms for phylo-
genetic inference, namely the distance-based-MST
and goeBURST Full MST algorithms [11], allow-
ing data to be continuously integrated and updated
without requiring us to compute everything from
start (i.e. dynamically update metrics and phy-
logenetic trees). Hence, it is expected that they
construct the same phylogentic trees.

This work and related implementations will rely
on, and extend the PHYLOViZ framework [12, 13].

2. Background
Phylogenetic analysis aims at uncovering the evo-
lutionary relationships between different species
(OTU – Operational Taxonomic Units), to obtain
an understanding of their evolution. Phylogenetic
trees are widely used to address this task and are
reconstructed by several different algorithms [14].
However, a phylogenetic tree will not always suffice
to correctly represent the evolutionary history of a
population and sometimes a network representation
will be more appropriate [15]. Phylogenetic net-
works provide an alternative to phylogenetic trees
and may be more suitable for datasets whose evolu-
tion involves significant amounts of reticulate events
caused by hybridization, horizontal gene transfer,
recombination, gene conversion or gene duplication
and loss [16]. However, they are hard to analyze and
thus phylogenetic trees are more common. There-
fore, we focus our work on phylogenetic trees and
on the algorithms that are commonly used to recon-
struct them, namely on distance-based algorithms,
where the Hamming distances between pairs of se-
quences are computed [17].

2.1. Distance Matrix Methods
Distance matrix methods take as input the pairwise
distances for a set of OTUs, represented by a matrix
D. These distances do not take into consideration
the number of back mutations1 and multiple muta-
tions that occurred at the same position and there-
fore it underestimates the true evolutionary dis-
tance. To rectify this, a correction formula based on
a model of evolution is often used [16]. For example,
in the case of the Jukes-Cantor model, it assumes all
substitutions are independent, equal base frequen-
cies (i.e. all sequence positions are equally subject
to change), equal mutation rates and no insertions
or deletions have occurred. Given the proportion of
positions that differ between two sequences A and
B (i.e. hamming distance), H(A,B), the Jukes-
Cantor estimate of the evolutionary distance (in
terms of the expected number of changes) between
two sequences is given by Equation (1).

JC(A,B) = −3

4
ln(1− 4

3
H(A,B)) (1)

So, if we assume that those sequences evolved
according to the Jukes-Cantor model of evolution,
to compute a distance matrix that approximates
the true evolutionary distances, we first determine
the Hamming distance between any two sequences
A and B and then apply this transformation to get
a corrected value.

The actual tree is then computed from the dis-
tance matrix, possibly corrected according to some
evolution model, by running a clustering algorithm
that starts with the most similar sequences (Glob-
ally Closest Pair) or by trying to minimize the total
length of the tree (Minimum Evolution).

All these methods can be generalized by algo-
rithm 1.

2.1.1 Globally Closest Pairs methods

GCP based algorithms are widely used in phy-
logeny. They receive as input a dissimilarity matrix
containing all pairwise differences between elements
and return a hierarchy of clusters.

First, a pair of clusters is chosen based on the
minimum dissimilarity criterion over the matrix D.
If a tie occurs, the selection between those cluster-
pairs is arbitrary. Then, the selected pair (Ci, Cj)
is removed from the set, joined together to form one
single cluster (Cu = {Ci ∪ Cj}) and added to the
hierarchy H. The distance between each element of
the selected pair to the new cluster (Diu and Dju) is
Dij/2. Finally, in the reduction step 3, all dissimi-
larities from Ci and Cj to any other element need to
be recalculated taking into account the new cluster

1back mutation is a mutation that restores the original
sequence and hence the original phenotype.
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Algorithm 1: General scheme for hierarchical
agglomerative clustering methods based on dis-
tance matrices.
Input: A matrix D over a set of elements S
(OTUs).
Output: A cluster-hierarchy H over S.
Initialization: Initialize the cluster-set C by
defining a singleton cluster Ci = {i} for every
element i ∈ S. Initialize output hierarchy
H ← C.
Loop: While |C|> 1 do:

1. Cluster-pair selection: Select a pair of
distinct clusters {Ci, Cj} ⊆ C from D,
according to some criterion.

2. Cluster-pair joining: Remove Ci, Cj from
the cluster set C and replace them with
Cu = {Ci ∪ Cj}. Add Cu to the hierarchy H
and calculate the branch length for each
element (Diu and Dju).

3. Reduction: Update matrix D by calculating
the new values (Cuk) for every
Ck ∈ C ′ \ {Ci ∪ Cj}.

Finalize: Return the hierarchy H.

Cu in order to update the dissimilarity matrix. The
algorithm ends when there are no more clusters to
join.

UPGMA (Unweighted Pair Group Method
with Arithmetic-mean), WPGMA (Weighted Pair
Group Method with Arithmetic-mean), SL (Single-
Linkage) and CL (Complete-Linkage) are different
variants of GCP, and they all differ on the reduc-
tion formula used in step 3. UPGMA defines the
similarity between two clusters as their average dis-
similarity. WPGMA defines it by weighting the two
clusters by 1/2. Single-linkage chooses the mini-
mum value and complete-linkage the maximum.

2.1.2 Minimum Evolution principle

Clustering methods try to find the optimal tree us-
ing different evolution models. Some models use
the minimum evolution principle, where a tree is
considered to be optimal if it has the shortest to-
tal branch lengths. In order to get the minimum
evolution tree it must be decided how the branch
lengths are estimated and then how the tree length
is calculated from these branch lengths.

The neighbor-joining is the most common
method and has been widely used in phylogeny in-
ference. All variants of this method try to improve
on its accuracy in reconstructing the true phyloge-
netic tree and also by trying to decrease its com-
putational cost. Here we describe and present the

most widely used variants of this method.

2.1.2.1 Neighbor-Joining and variants

Neighbor-Joining algorithm is the most commonly
used method in phylogenetics and several variants
of this algorithm have been introduced over the
years. While some try to optimize the formulas
used by NJ to better estimate the true and opti-
mal tree others try to improve NJ’s efficiency, both
in terms of running time and memory usage.

NJ (by Studier and Kepler [18]), UNJ, BIONJ,
FNJ and ClearCut methods are variants of NJ (by
Saitou and Nei [19]) that differ from the latter by
applying different criteria over the three steps of
the generalized algorithm 1. These algorithms take
as input a dissimilarity matrix D and then create
a new matrix Q based on the application of some
criterion over D; Q is then used in the step 1 of al-
gorithm 1 as criterion, being updated along D. This
criterion relies on the minimum evolution principle.
Branch lengths are computed in step 2. Finally, in
step 3, the dissimilarity matrix is reduced by delet-
ing a pair of OTUs (i, j) and by estimating new dis-
tances between the new OTU u to any other OTU
k (Duk).

Regarding neighbor-joining efficiency, several
methods were developed to address running time
and memory issues [20, 21, 22, 23, 24, 25, 26]. Nev-
ertheless, and regardless of the implemented opti-
mization technique, their ultimate goal is always
trying to obtain the most accurate tree efficiently.

2.1.3 Distance-based-MST-like methods

As we have seen earlier, the theory of evolution
predicts that existing biological species have been
linked in the past by common ancestors and their
relationships can be depicted as a branched diagram
like phylogenetic trees. The methods that we will
present here use the same evolutionary model of NJ
(minimum evolution) to better estimate the true
phylogenies however they were developed following
a graph theoretic approach.

2.1.3.1 Generic-MST

The problem of finding a minimum spanning tree
can be defined as growing the minimum spanning
tree one edge at a time. At each step, we deter-
mine an edge (u, v) that we can add to T without
creating a cycle in it. Therefore, all edges added
to T guarantee that T must be a minimum span-
ning tree. In the case of a tie, i.e., if a new vertex
u has two safe edges, (u, v) and (u,w), connecting
to the tree T with equal weights, we must define a
comparator, cmp, to decide which one to choose.
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There exist several algorithms that elaborate on
this generic method and they use a specific crite-
rion to determine a safe edge (e.g. Kruskal, Prim,
Boru̇vka, distance-based-MST, . . . ).

2.1.3.2 L.R. Foulds, M.D. Hendy and David
Penny

This proposed method is an heuristic method of ap-
proaching the phylogenetic problem. At each itera-
tion, the method identifies the shortest link joining
two unconnected points, which when added indi-
vidually to the existing graph do not create a cycle.
Then, it tries to reduce the graph by “coalescing”,
where necessary. This means that after a link is se-
lected and added to the tree it compares all the pairs
of links incident there, and identifies the changes
that are common to the two links, choosing to coa-
lesce on a pair with the maximal number of common
changes. If a cycle is present an attempt is made
to break it by removing links which give the largest
reduction in the total length of the tree. If there is
more than one largest link, the cycle is left unbro-
ken because it can subsequently be broken by later
additions. The method terminates when all original
species are connected. Although, if at the end the
cycles are still unresolved, all the alternative trees
are presented and the choice is left to the biologist
who may wish to use some additional information.

2.1.3.3 goeBURST

goeBURST algorithm [28] is a globally optimized
implementation of the eBURST algorithm [29] that
identifies alternative patterns of descent for several
bacterial species.

This algorithm can be stated as finding the max-
imum weight forest or, depending on weight defini-
tion, as finding the minimum spanning tree. There-
fore, the optimal solution can be provided by a
greedy approach on identifying the optimal forest
with respect to the defined partial order on the set
of links between STs. Due to its desirable proper-
ties and ease of implementation, goeBURST uses
Kruskal algorithm to achieve that goal.

It consists of building a spanning forest in a graph
where each OTU is a node and two OTUs are con-
nected if and only if they are at distance one (i.e.
if they only are SLVs). Since this forest should be
optimal with respect to link selection, the links be-
tween OTUs with higher number of SLVs must be
selected. In case of a tie it should be considered the
number of OTUs that are at distance two (i.e. num-
ber of DLVs), the number of OTUs that are at dis-
tance three (i.e. number of TLVs), the occurrence
frequency of OTUs, and lastly the assigned OTU
number (ID). Although this last tiebreak is rarely
reached, this criterion is necessary to provide a con-

sistent and unique solution to the problem as it will
always provide a consistent tiebreak solution due
to the uniqueness of the ID. Lower IDs take prece-
dence over higher IDs because it is assumed that in
a growing database with data of several contribut-
ing international studies, the more common OTUs
are sampled first and will have lower ID than the
subsequent studies that will add more OTUs to the
database. These rules define a partial order on the
set of edges between vertices [28] and therefore goe-
BURST can be considered a distance-based-MST
algorithm.

The goeBURST scheme is very similar to algo-
rithm 1 but it skips the reduction step. The final
step is not necessary because it does not need to
update the overall pairwise distances. It also pro-
vides an optimal solution for the link assignment,
since it performs a global optimization taking into
consideration all possible ties at all levels between
STs in the data set.

2.1.3.4 goeBURST Full MST

Using an extension of the goeBURST rules defined
above up to nLV level (where n equals to the num-
ber of loci in a strain), a Minimum Spanning Tree-
like structure can be computed. If one define n as
one, two or three, the results of this algorithm will
be equivalent to calculating goeBURST at those
levels (SLV, DLV and TLV respectively).

For the full MST computation the Boru̇vka al-
gorithm is used to build the tree, which is also a
greedy algorithm for finding a minimum spanning
tree in a graph but with the constraint of having all
edge weights distinct [30, 31].

3. Dynamic distance based
MST algorithms

The MSF problem in goeBURST and the MST
problem in generic-distance-based-MST and goe-
BURST Full MST are particular cases of graphic
matroids [32]. Thus, finding a solution to represent
the phylogenies by the use of MSTs consists of solv-
ing instances of graphic matroids [32, 33, 34] which
can be optimally solved with a greedy approach [35].

Thus, given a graph G and the set F of all forests
over G (i.e. a matroid), the optimization problem is
to find an optimal forest. Note that by allowing any
possible distance for link comparison and thereby
fully generalizing link comparison, any problem of
tree construction becomes a graphical matroid in-
stance [36, 37], that can be solved by several greedy
algorithm, such as the Boru̇vka algorithm [30], the
Kruskal algorithm [38] or the Prim algorithm [39].

4



3.1. goeBURST Full MST
This static version of goeBURST Full MST starts
by defining the maximum number of loci under
analysis (i.e. maximum level) and then we com-
pute for each OTU how many other OTUs are at
distance one, two, etc. In other words, we com-
pute the total number of SLVs, DLVs, TLVs and
so on, till we reach the defined nLV level, for every
single OTU. Finally, we run an adapted version of
Boru̇vka’s algorithm where the merging phase oc-
curs only between components at the same level
(i.e. equal weights).

The main difference between Boru̇vka’s algorithm
and its adapted version relies on the definition of
cheapest edge. This means that instead of selecting
the minimum weight edge for each OTU it starts by
selecting an edge that is at distance one from that
OTU. This is done iteratively for each level till there
are no more edges at that level. Once more, if there
exists more than one edge for the same level, the
goeBURST tiebreak rules are applied till no edges
for that level remain.

3.2. Dynamic MST algorithms
The goal here is allow the addition of a new OTU
to a previously computed minimum spanning tree
without the need of running a static distance-based-
MST algorithm from scratch. This previous com-
puted tree is stored in secondary memory, hence our
approaches take that into consideration.

The adding operation can be divided mainly into
two major steps: pre-processing and adding the new
OTU. The pre-processing step is common to all al-
gorithms and is responsible for creating all struc-
tures that are necessary for the addition step, while
the latter refers to the specific process of adding the
new OTU. Here, we will detail the adding step for
each algorithm.

3.2.1 Dynamic generic distance based
MST algorithm

This dynamic algorithm is the simplest because it
is only based on the pairwise distances. Given a
new OTU, u, it starts by adding the first new edge,
(u, v) ∈ E′, directly in the MST. Since we are
adding u for the first time in the tree, it will not
be necessary to check if it would form a cycle in the
tree or not. Then, iteratively, we add each remain-
ing new edge (in increasing order of the distance)
and check if it will create a cycle by traversing the
tree with a BFS (breadth-first search) approach. If
that occurs and if the new edge weight (distance)
is less than the weight of the highest weight edge
in this cycle, then we create a lower weight MST
by replacing that higher weight edge with the new
edge. Otherwise, the current MST remains optimal

and we discard that new edge.

3.2.2 Dynamic goeBURST Full MST

The addition step regarding dynamic goeBURST
Full MST algorithm is more complex than the latter
because it can change the entire tree. This is due
to the fact that the overall number of locus variants
for all OTUs will vary causing a possible change
on the tiebreak rule applied before by goeBURST
Full MST algorithm. Therefore, we need to start
by updating those values for each OTU in the tree
according to the distances to the new OTU, and sort
them according to the specified comparator. This
comparator is based on the tiebreak rules defined
by goeBURST.

Then, iteratively and by distance level, we start
adding the sorted edges to the new MST, T ′. As
we do not know if the tiebreak applied to the re-
maining edges has changed we also need to check
and compare all edges (u, v) ∈ E in the original
MST, T , for that same level, and also all relevant
edges of u and v. We define (u, v′) as a relevant
edge of u if Duv = Duv′ and v 6= v′, meaning that
the algorithm that generate that MST had to use a
tiebreaker to decide which edge to add.

4. Implementation
Here, we reason about our solutions for the pro-
posed algorithms and discuss the implementation
details for each one. We will start by briefly intro-
ducing part of the framework that gives support to
these algorithms and then we describe the imple-
mentation of each one of them.

4.1. Framework
goeBURST Full MST algorithm is classified as dis-
tance matrix method and therefore in order to im-
plement it as we described in the last chapter we
need to have a matrix as input. This matrix can
be provided directly or generated from allelic pro-
files. This means that the pairwise dissimilarity can
be obtained either by a distance vector that repre-
sents directly the distance from one element to the
others or through several profile comparisons us-
ing some similarity measure. To allow these two
types of input we created a generic interface called
PairwiseDissimilarity<T>, where T corresponds
to a specific Identifiable. This type is repre-
sented by an interface and can correspond either
to a DistanceVector or to a Profile.

Now that we have obtained all distances regard-
less of the type of input provided, we can now build
the final matrix that will support our algorithm. As
one may recall from algorithm 1, namely step 2 and
3, this matrix needs to be dynamic in the sense that
it must allow the insertion and removal of some of
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its elements and also allow distances to be updated.
This structure was already implemented efficiently
in [13].

These algorithms were developed in Java and
they are available in https://gitlab.com/

martanascimento/dynamic-phyloviz/wikis/

home.

4.2. Static goeBURST Full MST
This algorithm receives as input a matrix M , ex-
plained earlier, an integer value representing the
maximum number of loci that we want to analyze
and a graph G that represents the adjacency lists
of all OTUs in the matrix M . Then, iteratively by
distance level, it iterates over all OTUs to obtain
all edges that are at that distance. Then, for each
edge (u, v) ∈ E if u and v are in different trees,
we add that edge (u, v) to a new set E′. This new
set must be an ordered set since it will have mul-
tiple edges with the same distance that need to be
prioritized according to a set of tiebreak rules. To
efficiently sort those edges we use a self-balancing
binary search tree, more specifically a red-black
tree (java.util.TreeSet), that uses a compara-
tor based on those rules. Then, for each edge (u, v)
in E′ if u and v are in different trees, we add (u, v)
to the MST T . To trace the OTUs in each tree effi-
ciently we use disjoint sets data structure [31]. This
process repeats till all OTUs are in the final MST
or the maximum level is reached.

4.3. Dynamic MST algorithms
These dynamic algorithms allow the addition of
a new OTU to a previously computed minimum
spanning tree, T , without the need of running goe-
BURST Full MST algorithm from scratch. In or-
der to do this, and for now, we will only need that
previous MST, T . Here we will explain how we
implemented the adding steps for each dynamic al-
gorithm.

4.3.1 Dynamic generic distance based
MST algorithm

The process of adding a new OTU to a MST is
simple because we only have to detect if a cycle is
present or not. This can be done using a queue
(java.util.Queue) to store all OTUs (neighbors)
that were still not visited by BFS, an array of
boolean values (boolean[]) to mark each OTU as
visited or not and an array of integers (int[]) to
store the parent ID of each OTU. This last array
will be very useful to form the path soon as we find
the cycle.

Suppose that we add an edge (u, v) ∈ E′ to the
tree. We start by defining u as the root of our
tree and then we look for v by going through all

neighbors of u that were not visited yet and enqueu-
ing them. These neighbors can be found efficiently
using the graph G data structure that represents
the adjacency lists of all OTUs. If we cannot find
v, then we restart this process for every enqueued
neighbor, otherwise, we backtrace the all process
through the parents’ array adding each to the cycle
path.

The adding stage for this dynamic algorithm only
depends on the time took to detect the presence of
a cycle. For that reason it takes linear time in the
size of the graph to add a new OTU.

4.3.2 Dynamic goeBURST Full MST

The implementation of this algorithm is a little
bit more complex than the generic-distance-based-
MST one. It receives as input an ordered list of
edges E′ and a graph G that were created in the
pre-processing step, a maximum distance level and
also, a MSTResult, R. Till this point, we have only
needed from a previous computation a MST. How-
ever, we have mentioned that this algorithm also
needs to know how this tree was created, i.e., for
each level the subtrees that were clustered. There-
fore, to represent each subtree, we created a new
data structure called MSTCluster that contains a
list of edges. Not only the ones that represent it
but also all edges that were deferred at each level.
So, the MSTResult data structure that we receive
as input contains not only the minimum spanning
tree as a collection of edges but also a collection of
clusters.

The algorithm starts by updating the overall
number of locus variants for each OTU. Then, it-
eratively and by distance level `, selects all edges
from all clusters that are at distance level ` and all
new edges from E′ that are at the same distance
and adds them on a new set E′′. For each edge
(u, v) ∈ E′′, we update the clusters for u and v
with all edges that are at distance ` from u and v,
respectively, and if it connects different subtrees in
T ′ we add it in the new tree T ′ and we merge the
previous two clusters into one.

The adding stage for this dynamic algorithm de-
pends on the time took to get all edges for each
level, the time to sort them and also the time took
to create and update the clusters. For all these rea-
sons this algorithm takes a quasilinear time in the
worst case, O(n log n) in the size of the graph to
add a new OTU in a minimum spanning tree.

4.4. Data persistence
After running all the proposed algorithms they out-
put a phylogenetic tree in newick format. However,
goeBURST Full MST and dynamic goeBURST Full
MST algorithms also output a .result file that
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corresponds to the serialization of the Java Object
MSTResult. This file can then be used by any dy-
namic algorithm, through deserialization, to allow
the addition of a new element to it.

This solution for loading data can be discussed
since dynamic generic-distance-based-MST algo-
rithm may not need the information of the entire
tree and consequently only loading into memory the
information regarding the path found by breadth-
first-search.

5. Experimental Evaluation
To evaluate the performance of the dynamic algo-
rithms, we ran them against our implementation of
goeBURST Full MST where we can observe the ef-
ficiency of our solutions. We performed the tests for
the Streptococcus pneumoniae MLST dataset avail-
able in PubMLST2, with the number of OTUs vary-
ing from n = 10 to n = 1000 and running times av-
eraged over 500 executions. We also used two Sin-
gle Nucleotide Polymorphism (SNP) [40] datasets,
one with random data and Salonella typhi, with the
number of OTUs varying from n = 10 to n = 400
and n = 10 to n = 1000, respectively, and running
times averaged over 100 executions. However, we
will only present here the results regarding MLST
dataset.

All experiments were performed on a machine
with the following specifications: Intel Core i5 2.7
GHz quad core processor with 8 GB of memory.

5.1. Time
Streptococcus pneumoniae MLST dataset contains
a profile length of 7 and a total of 1000 profiles
(OTUs). If we look at Figure 1, that represents a
time comparison between the three different algo-
rithms, we can observe the time, in milliseconds,

2https://pubmlst.org
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Figure 1: Dynamic vs static algorithms running time
comparison as new OTUs are incremen-
tally integrated for Streptococcus pneumo-
niae MLST dataset.

that the static algorithm takes to add n OTUs
against the time that both dynamic algorithms take
to add a new OTU to a MST with n − 1 OTUs.
For instance, goeBURST Full MST takes about
≈ 400 ms to add 500 OTUs, while dynamic generic-
distance-based-MST and dynamic goeBURST Full
MST take much less time (about ≈ 10 ms and ≈ 30
ms, respectively) to add a new OTU to a previously
computed 499 OTUs MST. This clearly shows the
great advantage of the dynamic algorithms on inte-
grating new data and updating inferred evolution-
ary patterns.

We can also make a direct comparison between
both dynamic algorithms. We can observe that
generic-distance-based-MST is faster than the dy-
namic goeBURST Full MST. This analysis supports
our study since the dynamic generic-distance-based-
MST process of updating a minimum spanning tree
is much simpler because it only depends on the pair-
wise distances between OTUs. This algorithm just
checks if an edge creates a cycle on the graph and,
if that is the case, it removes the heaviest edge from
that same cycle. However, this difference is not sub-
stantial when we compare it with goeBURST Full
MST because any of them is much better than the
latter on integrating new data.

5.2. Memory
The results in the Table 1 were obtained using the
Java interface MemoryPoolMXBean. It represents
a management interface of the memory resources
managed by Java virtual machine. This way we
can get the peak of memory usage of a memory
pool since the virtual machine was started.

Both dynamic algorithms use about the same
amount of resources but more when comparing to
goeBURST Full MST. This is due to all the struc-
tures that they need beforehand to execute, unlike
the static algorithm that starts from scratch. So,
it is interesting to note that, although it is more or
less the double, it grows linearly, which is accept-
able since we are supporting a dynamic structure.

6. Conclusions
Large epidemiological studies on pathogen popu-
lations start to emerge as sequencing technologies
become commodity, continuously generating huge
volumes of typing data, and also ancillary data.
And there is no doubt about the importance of such
studies for the surveillance of infectious diseases and
the understanding of pathogen population genetics
and evolution. There are still however a number of
challenges. Phylogenetic analysis is one of the main
tools used in this context and, although there are
many phylogenetic inference methods as we saw be-
fore, their differences and similarities are not clear
most of the time. On the other hand, given the
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Table 1: Memory analysis, in megabytes, of Strepto-
coccus pneumoniae dataset for the proposed
algorithms.

n
goeBURST
Full MST

Dynamic
generic-
distance-

based-MST

Dynamic
goeBURST
Full MST

10 3.25 3.90 3.90
100 4.55 5.20 5.20
200 8.45 12.35 11.05
300 13.19 28.60 25.35
400 19.82 34.25 34.25
500 28.47 35.16 34.80
600 52.11 35.31 35.30
700 51.84 68.43 68.42
800 52.27 119.07 90.58
900 73.31 137.14 137.21
1000 74.95 187.71 156.56

huge volume of ever growing data to analyze, many
methods are becoming unpractical due to their com-
putational complexity.

We provide in this paper an unifying view on
most well known phylogenetic inference methods
suitable for processing typing data. As we dis-
cussed, these methods share a common algorithmic
background and differ only on optimization criteria
and related evolution models. Taking this observa-
tions into account, one can better understand the
difference among these methods and, from a compu-
tational point of view, can address simultaneously
several challenges in common with all algorithms.
Moreover, given that datasets are not only huge but
are growing continuously, dynamic updating is be-
coming mandatory. And given the strict relation
between clustering and these methods, we believe
that well known techniques developed in last years
for clustering large data can be useful in this con-
text.

Based on the study presented here, we imple-
mented goeBURST Full MST method and two
dynamic updating techniques: dynamic generic-
distance-based-MST and dynamic goeBURST Full
MST algorithms. Although there are well known
dynamic algorithms for computing and updating
minimum spanning trees, they are not directly us-
able in this context due to distance updating and
tie breaking rules based on locus variants.

The main contributions of this thesis are the
unified view of the most commonly used inference
methods and the improvements over state of the art
graph clustering methods in what concerns dynamic
graphs. In particular we contributed with practi-
cal and scalable implementations of the proposed
methods providing always an optimal solution.

6.1. Future work
There are several possible continuations of the work
done in this thesis. One could extend this study to
several different algorithms. We have already pro-
vided an explication on how globally closest pairs
methods can be dynamically updated, and there-
fore it could be a good starting point to try to ap-
ply some of the techniques that were explained in
that context to other algorithms. It will also be
interesting to extend this work by studying and im-
plementing the update operation on the dynamic
algorithms, instead of just the addition of a new
element.

Most of the discussed hierarchical clustering
methods were developed a long time ago, hence
studying different ways to optimize these methods
could have a major impact on their performances
and, thereby, their usability.

Another interesting work would be how would
different evolution models impact on the results of
an algorithm in computing the phylogenetic tree
and how close their results are when comparing to
the real tree.

However, exploring new methods and new dy-
namic techniques are, in our opinion, the most in-
teresting directions for future work.
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