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ABSTRACT

Efficient Algorithms for Comparing, Storing, and Sharing Large Collections of

Evolutionary Trees. (May 2012)

Suzanne Jude Matthews, B.S.; M.S., Rensselaer Polytechnic Institute

Chair of Advisory Committee: Dr. Tiffani L. Williams

Evolutionary relationships between a group of organisms are commonly summarized

in a phylogenetic (or evolutionary) tree. The goal of phylogenetic inference is to infer

the best tree structure that represents the relationships between a group of organisms,

given a set of observations (e.g. molecular sequences). However, popular heuristics

for inferring phylogenies output tens to hundreds of thousands of equally weighted

candidate trees. Biologists summarize these trees into a single structure called the

consensus tree. The central assumption is that the information discarded has less

value than the information retained. But, what if this assumption is not true?

In this dissertation, we demonstrate the value of retaining and studying tree

collections. We also conduct an extensive literature search that highlights the rapid

growth of trees produced by phylogenetic analysis. Thus, high performance algo-

rithms are needed to accommodate this increasing production of data. We created

several efficient algorithms that allow biologists to easily compare, store and share

tree collections over tens to hundreds of thousands of phylogenetic trees. Universal

hashing is central to all these approaches, allowing us to quickly identify the shared

evolutionary relationships contained in tree collections. Our algorithms MrsRF and

Phlash are the fastest in the field for comparing large collections of trees. Our al-

gorithm TreeZip is the most efficient way to store large tree collections. Lastly, we

developed Noria, a novel version control system that allows biologists to seamlessly
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manage and share their phylogenetic analyses.

Our work has far-reaching implications for both the biological and computer

science communities. We tested our algorithms on four large biological datasets,

each consisting of 20, 000 to 150, 000 trees over 150 to 525 taxa. Our experimental

results on these datasets indicate the long-term applicability of our algorithms to

modern phylogenetic analysis, and underscore their ability to help scientists easily

exchange and analyze their large tree collections. In addition to contributing to the

reproducibility of phylogenetic analysis, our work enables the creation of test beds for

improving phylogenetic heuristics and applications. Lastly, our data structures and

algorithms can be applied to managing other tree-like data (e.g XML).
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1

CHAPTER I

INTRODUCTION

The theory of evolution, which forms the foundation of modern biology, states that all

organisms evolved from a common ancestor. Consequently, a fundamental question

to biology and our understanding of life is how are organisms related to each other?

The most common approach for depicting evolutionary relationships between a group

of organisms is a phylogenetic tree.

Figure 1 shows an example phylogenetic tree between the six members of the

pantherine lineage of cats, which was adapted from Davis et. al. [1]. The direction of

evolution flows from the ancestral root to the leaves of the tree. In Figure 1, Clouded

Leopard is used as the outgroup to root the tree. The big cats (Lion, Tiger, Jaguar,

Leopard, Snow Leopard and Clouded Leopard) are the taxa and are located at the

terminal nodes (or leaves) of the tree. Internal nodes (a . . . d) represent common

ancestors between the organisms. The tree in Figure 1 shows that Lion and Leopard

are sister taxa, as they share a common ancestor labeled by node a.

Understanding the evolution of pantherine cats is critical to the creation of suc-

cessful conservation programs for these rare and beautiful creatures, whose numbers

have dwindled over the years due to poaching and habitat destruction [1]. In addition

to improving our understanding of the big cats, phylogenies have many other appli-

cations, such as convicting and exonerating people suspected of transmitting the HIV

virus [2, 3, 4, 5], drug discovery [6, 7], and tracing the origins of medieval texts [8, 9].

This dissertation follows the style of IEEE Transactions on Computational Biol-

ogy and Bioinformatics.
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Fig. 1. An example phylogenetic tree showing the relationship between the pantherine

lineage of cats. Extinct ancestral taxa are shown at internal nodes, and are labeled

a . . . d. Figure adapted from (Davis et. al) [1].

A. Research Objective

Our goal is to help biologists build better phylogenetic trees. However, inferring the

phylogenetic relationships between a group of organisms is difficult. Since the process

of evolution is not actively observed, the true paths of evolution cannot be known.

Fully resolved and uncontroversial phylogenies are rare. Multiple groups have at-

tempted to reconstruct the phylogeny of the pantherine cats. However, there is great

disparity between these phylogenetic studies [1]. The latest hypothesis for the evolu-

tion of the pantherine cats is shown in Figure 1.

Furthermore, for a set of n taxa, there are (2n−5)!! possible (or candidate) trees

that exist, which cannot be studied exhaustively. This space of possible solutions

is known as tree space. As a result, scientists use heuristics based on NP-hard op-

timization criteria (such as maximum parsimony and maximum likelihood) to limit

the number of hypothetical trees to evaluate. However, instead of returning a single

best hypothesis, phylogenetic heuristics often output tens to hundreds of thousands

of candidate solutions. A common trend in phylogenetics is encapsulating the result
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into a single consensus tree, which is published in a scientific journal. Unfortunately,

the large number of trees used to generate a consensus tree are often discarded and

rarely shared, making it difficult to reproduce results. Furthermore, the assumption

for building a consensus tree is that the information discarded is less important than

the information retained. But, what if this assumption is not true?

Given the difficulties involved with leveraging large collections of trees, how can

we design new approaches that enable biologists better leverage the information con-

tained in their phylogenetic analyses and easily share their results with each other?

In this dissertation, we present several novel algorithms that allow biologists to (a)

quickly compare large collections of trees, (b) efficiently store large collections of trees

and (c) easily manage and share their phylogenetic analyses with each other. The

methods discussed in this work represent the fastest and most efficient approaches

in the field, are applicable to a wide variety of phylogenetic tree collections, and

represent several novel ideas for improving phylogenetic analysis.

B. Our Contributions

We first demonstrate that evaluating trees based solely on scores can belie underlying

topological diversity [10, 11]. Evaluating trees topologically allows us to understand

how heuristics travel through tree space, and helps us ascertain what value (if any)

a slower heuristic may have. Furthermore, assessing the level of tree diversity in a

collection of trees returned by phylogenetic search allows us to determine if the search

converged. In two case studies [12] we performed, we discovered that trees produced

from the same run cluster more closely with each other than with trees derived from

different runs of MrBayes [13], a very popular phylogenetic search heuristic in use

today. This suggests that tree topology should be incorporated as a possible criterion
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for convergence detection. These examples strongly disprove the notion that tree

collections lack value, and underscore the importance of retaining and studying large

collections of trees.

To aid scientists in the analysis of large collections of evolutionary trees, we devel-

oped four novel algorithms capable of comparing, storing and sharing tree collections

composed of tens to hundreds of thousands of trees. We tested our approaches on

four large biological datasets, with each collection containing between 20, 000 and

150, 000 trees over 150 to 525 taxa. An extensive literature search that we conducted

confirmed the unusual size of these tree collections in the context of modern phyloge-

netic analysis, and emphasized that these collections represent our best view of the

future. Thus, the ability of our algorithms to efficiently handle these large datasets

highlights the long-term applicability of our work.

Figure 2 shows an overview of our research contributions. All of our algorithms

take as input a collection of evolutionary trees that can either be homogeneous or
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heterogeneous. Unlike homogeneous tree collections, every tree in a heterogeneous

collection of trees can contain a unique set of taxa. To the best of our knowledge,

no methods have been created that exploit the relationships between heterogeneous

collections of trees. As biological research becomes increasingly collaborative and

scientists begin to merge their results, an ability to identify relationships between

heterogeneous collections of trees will become vital to the community.

Tree collections are first fed into a series of universal hashing functions, which

form the foundation of our work. We extended a previously established Monte Carlo

randomized hashing algorithm for discovering shared topological relationships in a

collection of trees to be a Las Vegas approach. We also show how these hash functions

can be used to discover relationships in heterogeneous collections of trees. Lastly, we

described and implemented two new universal hashing functions for detecting the

set of unique trees in a tree collection. Ultimately, these hash functions allow us

to quickly discover the smallest set of discrete topological units that define a tree

collection, and are critical to the design of our MrsRF, Phlash, TreeZip, and Noria

systems.

We first use our universal hashing functions to develop powerful algorithms that

quickly compare tens to hundreds of thousands of evolutionary trees. Our algorithm

MrsRF [12] is capable of comparing large groups of phylogenetic trees in real-time.

It is based on the MapReduce paradigm, popularized by Google and used by large

companies such as Amazon, Yahoo! and Facebook. When run sequentially, MrsRF is

up to 2.8 times faster than the previous fastest RF matrix algorithm, HashRF [14].

When run in parallel, MrsRF is able to compare 33, 306 phylogenetic trees in approx-

imately 35 seconds. We also present Phlash, a powerful algorithm that is currently

the fastest method for comparing large groups of trees. Phlash’s novelty lies in its

ability to quickly compare trees in numerous ways not yet used in the context of
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topological analysis of phylogenetic trees. The real-time comparison of large groups

of phylogenetic trees allows us to learn more about the underlying collections and the

heuristics that produce them.

Next, we show how to use universal hashing to efficiently compress and store large

collections of phylogenetic trees in our TreeZip algorithm [15, 16]. Tree collections

are currently stored in the Newick format, in which trees can be represented in an

exponential number of ways. The Newick representation of our biological datasets

occupy between 67 MB and 533 MB of disk space. TreeZip is capable of representing

the information in a collection of trees uniquely and in a space that is 98% (74%)

smaller than what can be achieved by an unweighted (weighted) Newick file. When

combined with standard compression methods such as gzip, bzip, and 7zip, we

achieve in excess of 98% space savings. Thus, the TreeZip+7zip representation of our

large biological tree collections can now be e-mailed. Lastly, the textual representation

of the TreeZip (TRZ) compressed format allows for tree operations to be performed

on the file directly in real-time, without any loss of space savings.

Our work with MrsRF, Phlash, and TreeZip motivates the design of Noria, a

distributed version control system for managing phylogenetic analyses. Noria shares

many features of standard distributed version control systems, such as Mercurial [17],

Subversion [18] and Git [19]. For example, Noria allows biologists to easily edit their

tree collections and share them with each other.

However, software version control systems were not designed to manage tree

collections, since they treat trees as unstructured text. Thus, they do not properly

detect when a tree has changed, resulting in duplicate information being stored. In

contrast, Noria uses the TRZ format to efficiently and uniquely represent collections

of trees. Biologists can run phylogenetic analyses in the context of the Noria system,

the results of which are automatically and implicitly stored. This simplifies the often
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tedious process of managing multiple experimental analyses.

In addition to providing benefits to the biology community, our work makes sev-

eral contributions of interest to the computer science community. We have augmented

an earlier established randomized hashing algorithm to be a Las Vegas approach,

added the abilities to detect unique trees, and relate heterogeneous collections of

trees. Our new algorithms improve the speed and efficiency of tree operations, as

they are now performed directly on a compact and unique representation of tree col-

lections. The real-time performance of these operations allows them to be performed

dynamically in the context of other systems, like Noria. The ability to perform real-

time tree operations will be useful in the design of other systems that manage tree-like

data, such as graphs and XML [20] files.

C. Dissertation Organization

The rest of this document is organized as follows. Chapter II describes the princi-

ples behind phylogenetic trees and phylogenetic analyses in detail. In Chapter III,

we discuss current methods for analyzing and storing trees, and their limitations.

Chapter IV discusses our universal hashing functions and how we use them to store

tree data uniquely. In Chapter V we discuss our MrsRF and Phlash algorithms, the

fastest algorithms for comparing large collections of trees. Chapter VI describes our

algorithm TreeZip, the most efficient approach for storing trees. In Chapter VII we

discuss the Noria system. Lastly, we summarize in Chapter VIII.
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CHAPTER II

PHYLOGENETIC ANALYSIS

The goal of phylogenetic analysis is to infer the best tree that describes the rela-

tionships between a group or organisms of interest, given a set of observations (e.g.

molecular sequences). In this chapter, we give a high-level overview of phylogenetic

analysis, establish the value of evaluating tree collections, and present a literature

search that describes the current state of phylogenetic analysis. The work presented

in this chapter motivates the creation of the high performance algorithms and version

control system discussed in this dissertation.

A. Motivation

Why do biologists conduct phylogenetic analyses? In Chapter I, we presented the most

recent hypothesis for the evolution of the pantherine cats. Understanding the phy-

logeny of the big cats and other endangered species allows for the creation of success-

ful conservation programs, thus promoting biodiversity. However, the applications of

phylogenetic trees extend far beyond assisting conservation efforts. Phylogenies have

also been used successfully for selecting proteins for drug interactions [6, 7], ecological

studies [21, 22], and to trace the origins of medieval texts, such as the Canterbury

Tales [9] and Germanic poetry [8].

Reconstructing phylogenies has been critical for several forensic applications [2,

3, 4, 5] related to HIV transmission, and have been used to convict and exonerate

people suspected of purposefully transmitting the virus. In the recent case State of

Texas vs. Philippe Padieu [2], a phylogenetic tree was used to convict the defendant,

Philippe Padieu of “aggravated assault with a deadly weapon” against his six female

victims, resulting in five 45-year sentences and a 25-year sentence to be served con-
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Fig. 3. An overview of the process of phylogenetic analysis.

secutively [2]. Given the high stakes, it is very important for phylogenetic trees to be

robust. As phylogenetic analyses become used for increasingly crucial applications,

their experimental reproducibility will become imperative.

B. A Brief Overview of Phylogenetic Analysis

Phylogenetic analysis is a complex process that can take years to complete. Figure 3

gives a pictorial overview of the major steps involved. Blue arrows (small) depict

actions within a step, while yellow arrows (large) depict transitions between phases

of the analysis. We briefly discuss each of these in turn.

The first step is sample collection and extraction, in which samples from each

organism under study are collected. These organisms of interest are commonly re-

ferred to as taxa. For molecular studies, biological sequences such as DNA, RNA,

and amino acid (protein) are extracted and sequenced. For morphological studies, a

series of characters, or informative traits of interest, are tabulated for all the data.
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Most journals require authors to deposit their sequences into the NCBI GenBank

database [23], which currently contains 150 million sequences. While NCBI performs

some level of quality control, the data is not curated [24]. Molecular data can be

prone to sequencing error or contain missing data. Given the difficulties involved in

sample collection and sequence extraction, this is perhaps the most time-consuming

step of phylogenetic analysis, and can take years to complete.

Once the set of observational data is collected, the next step for molecular phylo-

genetics is multiple sequence alignment. The processing of sequence alignment takes

as input a set of biological sequences of different length and constructs a matrix

in which each sequence is of the same length, through the insertion of gaps in the

sequences. Gap regions reflect the process of insertions or deletions in the evolution-

ary process. The goal is to maximize the number of putatively homologous positions

within a set of sequences, while minimizing the number of gap regions. A multitude of

algorithms for performing multiple sequence alignment exist and are freely available,

from progressive alignment algorithms such as CLUSTAL-W [25], to simultaneous

alignment/tree-estimation algorithms such as POY [26] and SATé [27]. For morpho-

logical studies, a character matrix is created, in which a series of numbers denote the

presence or absence of characters of interest for each organism under study.

The multiple sequence alignment serves as input for phylogenetic analysis. The

goal of phylogenetic analysis is to infer the best tree of interest, given a set of obser-

vations (i.e., the input data). Since the “true” (or actual) tree is not known, each tree

represents a hypothesis of how a group of organisms are related. Let n denote the

number of taxa under study. For small numbers of taxa (n < 10), the set of possible

trees is easily enumerable and can be evaluated individually. However, as n grows

large, the problem quickly becomes intractable: there are (2n−5)!! possible unrooted

trees that can reflect the relationships between n taxa of interest. Figure 4 shows the
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growth of tree space (in digits) with respect to the number of taxa under study. In

Figure 4(a), we show the relationship between the number of taxa (from 10 to 100)

and the size of tree space with respect to some commonly quoted large numbers. For

example, there are approximately 1.7× 10182 possible trees to represent the relation-

ships between 100 taxa, requiring 183 digits. This is roughly on the same order of

magnitude of the estimated number of Go positions (10170), and is far greater than the

number of estimated atoms in the visible universe (1080) and the estimated number

of grains of sand on earth (1020).

For 1, 000 taxa, 2, 861 digits are required to represent the number of hypothetical

trees, whose digital representation in long form would approximately occupy a page of

text. The number of hypothetical trees for 100, 000 taxa is so large that it would take

approximately 159 pages to write out completely, approximately the length of this

dissertation (Figure 4(b)). If we were to calculate the size of tree space for 100 million

organisms (the high end of the number of estimated species on earth), over 256, 000

pages will be needed just to represent the digital representation of this number. That

is over 220 times the length of the Bible, and approximately 52 times the length of

the Mahabharata, the longest epic in the world.

To navigate this space, current phylogenetic analysis software uses fast heuristic

approaches that treat tree inference as an NP-hard optimization problem. Unlike a

deterministic approach, heuristics are not guaranteed to return the same solution (i.e.

the same set of trees) with every run, but will return a set of “good” solutions (trees).

The number of phylogenetics trees returned by these searches typically represent a

very tiny fraction of the total space. Methods are usually classified by the optimization

criterion used. The most common criteria are maximum parsimony (MP), maximum

likelihood (ML) and Bayesian inference (BI).
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Maximum parsimony. Maximum parsimony favors the hypothesis that requires the

least amount of evolutionary change (known as the principle of parsimony, or Occam’s

razor). It is one of the most trusted methods in comparative biology for correctly

establishing homology, especially for fossil and morphological data. Each tree is

assigned a parsimony score based on the number of evolutionary changes needed

to explain it. The most parsimonious tree is the tree with the lowest parsimony

score. The most popular packages for inferring phylogenies via the parsimony criterion

include PAUP * [28] and TNT [29].

Maximum likelihood. Maximum likelihood seeks the tree that maximizes the like-

lihood of the observed data, given a particular tree and model. It is a popular alter-

native to parsimony methods, as likelihood methods are statistically consistent [30].

Under the maximum likelihood criterion, each tree is assigned a log-likelihood score,

and the tree with the lowest log-likelihood score (and hence, the highest likelihood)

is considered the most likely hypothesis. Popular packages for maximum likelihood

include PAUP *and PhyML [31]. However, likelihood calculations are very compu-

tationally expensive. The recent availability of high performance parallel methods

that implement maximum likelihood such as RAxML [32] has helped alleviate this

computational burden.

Bayesian inference. The process of Bayesian inference (also known as Bayesian

analysis) evaluates how likely a tree is, given the observed data and chosen model.

While it uses a likelihood function and the models used in maximum likelihood,

it operates under a very different philosophy. The goal in Bayesian analysis is to

maximize the posterior distribution, which specifies the probability of a particular

tree based on the model, the data (usually in the form of a sequence alignment), and
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the prior knowledge (specified by the prior distribution).

Like maximum likelihood methods, Bayesian analysis is heavily dependent on

the correctness of model chosen, along with any other information from the prior.

Using this information, Bayesian inference returns a set of equally credible trees from

the posterior distribution. Bayesian analysis traditionally used a Monte-Carlo Markov

Chain (MCMC) algorithm, though a variant referred to as Metropolis-coupled Monte-

carlo Markov chain (MC3) is commonly implemented. The most popular program

used for Bayesian inference is MrBayes [13].

While the goal is to derive the tree that best describes the relationships between

a group of organisms, phylogenetic search heuristics tend to return tens to hundreds

of thousands of equally weighted candidate trees, which can further complicate the

process. This collection of trees is commonly used to create a consensus tree, in

which evolutionary relationships that appear in the majority of the trees (majority

consensus) or all of the trees (strict consensus) in the collection appear in the final

tree representation. Biologists present this tree in their published paper describing

the work, and may deposit the tree in a tree repository such as TreeBASE [33].

However, the collection of trees produced by the phylogenetic analysis is often

lost or discarded. One reason for this is the dearth of software systems that make

it easy for scientists to maintain and share large tree collections. However, the pri-

mary assumption here is that the trees produced by the phylogenetic analysis can be

discarded, as they have little to no value. But, is this really the case?

C. Establishing the Value of Phylogenetic Tree Collections

What information can a phylogenetic tree collection tell us? Tree collections represent

a “trace” of how a phylogenetic search heuristic traveled through tree space. We can
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Figure 4: Heatmaps showing the RF distance between the top scoring trees returned from Pauprat
and Rec-I-DCM3.

This suggested two things. First, that there is merit in considering both heuristics, since they both

identify di!erent trees. If they both identified the same set of trees, then it would su"ce to just use

Rec-I-DCM3, which is faster than Pauprat. If speed becomes a serious issue, our results suggest that

time should be spent optimizing the implementation of Pauprat, rather than the algorithm itself.

Secondly at most importantly, parsimony scores contain less information content than topological

distance measures such as the RF distance. If parsimony scores were more informative, they should

be able to capture (rather than hide) the topological diversity in our sets of trees. Thus, distance

methods such as RF should be considered as a better way to summarize the information returned

from phylogenetic search.

2.3.2 Application II: Parallel computation of RF matrices

While the previous work discussed in the first application was promising in its ability to help us

assess the topological diversity within and between di!erent methods, the question became how can

we compare even larger groups of trees? While HashRF was the fastest method for computing an

RF matrix, the number of trees HashRF can compare is limited by the amount of memory on the

9

Fig. 5. Heatmap showing the RF distance between the top scoring trees returned

from Rec-I-DCM3 and Pauprat.

therefore use this data to make conclusions about the effectiveness of the heuristic

that produced them. For example, in [10, 11], we studied the collection of trees

returned by two phylogenetic heuristics: Rec-I-DCM3 [34] and Pauprat [35]. Rec-I-

DCM3 is faster than Pauprat. Our goal was to answer two questions: (i) what value

(if any) do slower heuristics provide? and (ii) how effective are parsimony scores in

distinguishing between different tree topologies?

In Figure 5, we show a heatmap representation comparing the topologies between

the best scoring trees returned from Rec-I-DCM3 and Pauprat on a biological dataset

of 500 seed plants [36]. To illustrate how these algorithms progressed through tree

space, we compare the 5, 194 trees returned from the search that have the top three

scores (step0 . . . step2). The best score parsimony known for this data set is 16, 218.

Thus, step0 trees are the trees returned from Rec-I-DCM3 and Pauprat with score

16, 218, step1 trees returned with score 16, 219, and step2 are the trees returned with

score 16, 220. The heatmap is generated from an underlying 5, 194×5, 194 topological

distance matrix, where each cell (i, j) represents the distance between trees i and j.
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Each cell is assigned a color denoting how similar a pair of trees are to each other.

Hot colors (red to black) denote trees that are very similar. Cold colors (yellow to

white) denote areas that are very dissimilar.

Our visualization shows that Rec-I-DCM3 and Pauprat find topologically dif-

ferent trees that have the same parsimony score. Furthermore, as the parsimony

score increases, there is more variety in the topological structure of the step1 and

step2 trees. The top-scoring trees found by Rec-I-DCM3 algorithm are more similar

to each other than their Pauprat counterparts. Thus, the Rec-I-DCM3 stepi trees

tend to form clusters that are distinct from the stepi Pauprat trees. These results

tell us two things. First, the parsimony score is not as informative as a topologi-

cal comparison at detecting diversity in a collection of trees. Therefore, score alone

should not be used to evaluate a collection of trees. This shows that there is merit in

mining tree collections for additional information (such as the level of tree diversity)

using techniques like the topological distance matrix. Second, the differences in the

trees found by Rec-I-DCM3 and Pauprat suggest that the two heuristics traversed

tree space differently, and returned different collections of trees. Therefore, a slower

heuristic like Pauprat is valuable since it found different, but equally valuable trees.

Both of these facts suggest that there is an incredible amount of wealth contained in

a collection of trees, and that it is valuable to consider the merits of a collection as a

whole instead of summarizing the results into a single tree.

Convergence detection. In terms of Bayesian inference, looking at the underlying

topologies of a collection of trees can tell us how well the analyses that produced them

converged. To lessen the chance that a search gets trapped in a locally optimal space,

phylogenetic heuristics are often run multiple times. With multiple executions, the

desired goal is for all the runs to converge to a mutual space.
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Fig. 6. Heatmap depicting the clustering of 12 runs of Bayesian analysis on a collection

of 33, 306 angiosperm trees.

In [12] we performed a case study of how a collection of 33, 306 angiosperm

trees [37] produced by 12 runs of Bayesian analysis converged. If the runs truly had

converged, then the trees should be very similar to each other. Figure 6 shows a

heatmap depicting the 33, 306 × 33, 306 topological distance matrix broken up into

a 12× 12 matrix, where each cell (i, j) denotes the average distance between all the

trees in run i compared to run j. Each run consisted of 2, 000 to 3, 000 trees. Hot

regions, colored in shades of red, denote highly similar trees. Cool regions, colored

in shades of green, denote dissimilar trees. Hierarchical clustering, using the hclust

function in R, is used to cluster highly similar cells in the heatmap to each other.

Contrary to our expectations, the heatmap in Figure 6 shows regions of high

similarity among the trees within a run, and regions of dissimilarity across runs. The

clustering also shows that runs 4, 9, 10 exhibit trees with high levels of similarity

among them. One conclusion is that these runs converged to similar areas of tree
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space in the phylogenetic search and the trees from those runs can be summarized by

a single tree (such as a consensus tree). This is also true for runs 1, 5, 7, and 8. The

clustering of the other runs (runs 2 and 3) and (runs 0, 6, 11) have lower levels of

similarity. This suggestions that there exist several well-supported partitions of the

trees and that each partition should be summarized separately in order to minimize

information loss. Moreover, the data suggests that the 12 Bayesian runs did not

converge to the same place in tree space. Thus, comparing trees that were outputted

from a phylogenetic analysis can also be valuable for detecting convergence in the

context of a phylogenetic analysis.

Our two examples strongly disprove the central assumption that the tree infor-

mation discarded by consensus approaches has no value. Furthermore, there is no

system in place that allows biologists to easily curate their tree collections. Sequence

data is stored in GenBank. Sequence alignment and phylogenetic search algorithms

can be accessed from the software authors and/or are available online. Tree repository

systems such as TreeBASE only store the consensus trees produced by an analysis.

This essentially results in a massive amount of information loss in the phylogenetic

inference pipeline. The amount of information loss is commensurate with the growth

of phylogenetic analysis. As analyses produce more trees, a greater number of trees

are discarded after producing the corresponding consensus trees. But, how big is this

problem? How fast are phylogenetic analyses growing?

D. The Current State of Phylogenetic Analysis

To study the rate of information loss and the growth of phylogenetic analyses, we

conducted an extensive literature search over four highly ranked journals that pub-

lish phylogenetic analyses and encourage the sharing of trees. We are certainly not
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the first to study the growth of phylogenetic analysis and make a call for creating

methods for handling the burgeoning nature of phylogenetic data. A review [38] by

Sanderson et. al. in 1993 looked at the growth of phylogenetic analysis in terms of

the number of analyses that occurred per year, the types of organisms under study,

and the methods being used. They concluded that phylogenetic data was rapidly

accumulating, and called for the creation of a “phylogenetic data base of data and

trees” to store the data related to phylogenetic analysis. This led to the construction

of TreeBASE in 2000 [33]1. Twelve years after its inception, TreeBASE boasts over

“2, 946 publications written by 6, 106 different authors. These studies analyzed 5, 717

matrices and resulted in 8, 462 trees with 465, 762 taxon labels that mapped to 82, 043

distinct taxa” [40]. TreeBASE clearly brings a much needed level of data sharing in

the phylogenetic community. As a result, we make it a focal point around which we

conduct our literature search.

Since Sanderson et. al.’s review over fifteen years ago, the landscape of phylo-

genetic analysis has undoubtedly changed. Bayesian inference and high performance

phylogenetic heuristics did not exist then, and these methods play a large part in mod-

ern phylogenetic analysis. Furthermore, we wish to survey phylogenetic analyses in a

generic sense, without restricting our search to any particular community. We are also

mainly interested in studying how the number of taxa under study (n) and the number

of trees (t) outputted by phylogenetic analysis have grown over the years, which was

not an aspect of data collection performed in the previous review by Sanderson et. al.

Data was collected from each journal from the last fifteen years (1997–2011). In the

following subsections, we describe the methods behind journal selection and sampling,

and the results of our literature search and subsequent analysis on the collected data.

1a prototype was released in 1994 [39]
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1. Journals of Interest and their Population Sizes

Four biological journals were chosen: Nature, Science, Systematic Biology, and Molec-

ular Phylogenetics and Evolution. The four journals were chosen from over 40 journals

listed on the TreeBASE site. Each journal was evaluated based on their impact factor

(IF) and the number of times their authors have deposited trees into TreeBASE (i.e,

the corresponding number of TreeBASE entries). The impact factor reflects the aver-

age number of citations a particular journal has. Journals with higher impact factor

are considered more “important” that those with lower ones. While the impact factor

is not perfect, it is widely used as a measure of journal quality. For example, Nature

and Science have impact factors of 36.101 and 31.634 respectively. The average im-

pact factor of the journals listed on the TreeBASE journals page is 3.409, and the

median is 2.492. We note that while Nature and Science do not require nor recom-

mend their authors to submit their trees to TreeBASE, they were chosen due their

stringent data sharing policies and for having the highest impact factors in the field.

Of the 40 journals indicated by TreeBASE as either recommending or requiring

deposition of trees in their database, Systematic Biology had the highest impact

factor of 11.159. Systematic Biology had an impressive 173 entries in TreeBASE.

This is unsurprising, as the journal requires its authors to submit their final trees and

data matrices to TreeBASE upon publication. It was not, however, in the top three in

terms of entries in TreeBASE. The journals Systematic Botany and Mycologia had the

most number of entries with 473 and 336 entries respectively. However, we excluded

these two journals from our literature search due to their high degree of specialization

to specific audiences and relatively low impact factors (< 2). Systematic Botany is

the journal of the American Society of Plant Taxonomists (ASPT), which requires

that at least one author of a submitted paper be a member of ASPT. Mycologia is
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Table I. Population Sizes. For each journal, we show the number of papers identified

that were relevant for our literature search per year. At the bottom of the table, we

indicate the total number of papers that were relevant to our search from journal.

Journal abbreviations are as follows: Sys. Bio is Systematic Biology, and Mol. Phy.

& Evol. is Molecular Phylogenetics and Evolution.

Year Nature Science Sys. Bio. Mol. Phy. & Evol. Total
1997 15 14 21 62 112
1998 20 15 10 95 140
1999 19 11 21 121 172
2000 22 12 24 155 213
2001 25 17 29 162 233
2002 17 23 19 161 220
2003 15 20 28 188 251
2004 28 13 24 329 394
2005 32 25 28 230 315
2006 36 32 23 270 361
2007 17 18 17 339 391
2008 29 14 17 378 438
2009 18 38 16 289 361
2010 21 30 19 420 490
2011 30 24 21 225 300
Total 344 306 317 3,424 4,391

the official journal of the Mycological Society of America, whose research focus is

on fungus and lichens. The journal Molecular Phylogenetics and Evolution has the

third highest number of entries in TreeBASE with 246 entries. It has a relatively high

impact factor of 4.394 and accepts papers from a broad range of biological disciplines.

For this reason, we picked Molecular Phylogenetics and Evolution to be the fourth

journal that we review.

Table I show an estimate of the population size of relevant papers over the last

fifteen years from each of our journals of interest. For each journal and year, we ob-

tained a population of potential papers. Since Nature and Science publish on a wide

number of scientific disciplines, we narrowed our search using the term “phylogeny”

from the search feature available from each journal’s website. The search term was

purposefully chosen to be generic in order to ensure the maximum amount of cov-

erage. In order to remove papers of irrelevance (i.e. those that did not contain a
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phylogenetic analysis), we manually surveyed each paper to determine if it contained

the information relevant to our literature search (e.g. number of taxa, number of

trees, method of interest). For Systematic Biology and Molecular Phylogenetics and

Evolution, numbers were estimated based on the manual search for relevant papers

for each journal. Papers that discussed analyses performed by other authors or sim-

ply depicted a phylogenetic schematic not based on any type of analysis were not

considered. Super-tree methods were also not considered.

From Table I, one can observe a great disparity in the number of papers pub-

lished by Nature, Science, and Systematic Biology and those published by Molecular

Phylogenetics and Evolution. This is due to the fact that Molecular Phylogenetics and

Evolution focuses almost exclusively on phylogenetic analysis, while the other three

journals have a broader focus. Systematic Biology, while also having a strong focus

on phylogenetic analysis, releases only six issues a year (Molecular Phylogenetics and

Evolution has 12), and also frequently publishes papers on algorithmic methods and

phylogenetic theory. This disparity in population sizes also presents a challenge to us

for sampling. How do we effectively sample from populations with so disproportionate

sample sizes?

2. Sampling Details

In order to assure reasonable sampling coverage, we chose a modified sampling tech-

nique resembling stratified random sampling. Each journal can be subdivided by year

into 15 strata (parts), Nh, where h = 1 . . . 15. Thus, the total population size (N) for

each journal is N =
∑15

h=1 Nh. For each strata (or year), we sample the maximum of

either 10 papers or 10% of the population of papers. Thus, for year 2010 of Molecular

Phylogenetics and Evolution, we sampled 42 papers (N2010 = 420). Meanwhile, for

Nature, we sampled 10 papers (N2010 = 21). TreeBASE is used to guide our sampling.
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If the population of papers contained in TreeBASE for a particular journal and year

does not satisfy our sample size, we then use simple random sampling to fill the rest

of the sample. To ensure that our samples are representative, we pick an additional

three papers at random and ensure that the number of taxa and trees are within the

mean and standard deviation. Outliers were detected and removed through visual

inspection of a scatter plot of the data. In years where the population for a particular

journal was equal to ten, we collect data from all the papers available for that year.

From each paper, we tabulated the number of taxa, the number of trees, the type

of method used for phylogenetic analysis, and the software used for the analysis. In

cases where multiple analyses were available for a paper, we collected as much data

about each analysis performed. It is important to note here that despite the fact that

several papers performed multiple analyses, there were many times that insufficient

data was made available in the text or supplementary work of that paper to determine

details of those analyses. In those cases, the analyses were omitted.

The methods of interest that we surveyed were maximum parsimony (MP), max-

imum likelihood (ML), Bayesian inference (BI) and neighbor-joining (NJ). We picked

these four methods for our analysis as they are the most popularly used methods for

building and inferring trees. We are keenly interested in the type of software used to

conduct those analyses, and to see see how (if any) usage patterns have changed over

time.

3. Analysis

All in all, 2, 019 phylogenetic analyses were surveyed from 858 sampled papers over our

four journals of interest. This represents approximately 20% of our total population

of papers. Analyses performed over 500 taxa or producing more than 500, 000 trees

were conservatively removed as outliers. It is important to note, however, that these
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Fig. 7. Increase in the number of papers that perform phylogenetic analysis over the

last fifteen years, based on population estimates of our four journals of interest.

outliers represent our best view of the future. Additionally, we removed analyses that

we determined to be too “large” for a particular year. 35 analyses met the criteria

for being outliers (1.7% of our data) and were removed from consideration, yielding

1, 984 analyses for further consideration. The average number of analyses performed

per paper was 2.34.

In Figure 7 we show how the number of papers containing relevant phylogenetic

analyses has increased over time. The x-axis represents our years of interest, while

the y-axis denotes the number of papers found per year. From Figure 7, we can see

a steady increase in the number of papers performing phylogenetic analysis over our

four papers of interest, at an average growth rate of 1.09. Over the last fifteen years

there has been a five-fold increase in the number of papers producing phylogenetic

analyses. If this trend were to continue, we would see another five-fold increase
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(between 1, 000 − 1, 500 papers) on phylogenetic analysis appearing annually over

these four journals in the next fifteen years.

a. Trends in the number of taxa and trees produced over time

In Figure 8 we see how the average number of trees and taxa have changed over time

over our different journals of interest. Figure 8(a) shows how the number of trees have

changed over time. From this figure, we can clearly see an increase in the average

number of trees produced by phylogenetic analyses. From 1997 to 2006, the average

number of trees produced by phylogenetic analyses increased from around 100 trees

to well over 10, 000 trees. However, from 2006 to today, the increase has been much

more gradual. This suggests that the number of trees being produced by analyses are

monotonically increasing. Over the last ten years, the number of trees produced by a

phylogenetic analysis has increased by a factor of 100. While the rate of growth has

slowed since then, it will not be surprising to see analyses in the next fifteen years

producing over 100, 000 trees on average.

Figure 8(b) shows how the average number of taxa under study has changed

over time over our different journals. Unlike the number of trees, the number of taxa

under study between journals remained fairly consistent over the years. There are

two spikes in years 2007 and 2010 for the journal Science. The data does not seem

to suggest that these spikes are due to outliers. We do, however, note that Science

published a special issue on phylogenetics in 2010. That said, the number of taxa

has barely doubled over the last ten to fifteen years. It is safe to say that within the

next fifteen years, the average number of taxa analyzed will be still the hundreds.

Note that this prediction reflects the average number of taxa. On the high end, the

number of taxa will likely be in the thousands.
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Fig. 8. Number of Trees and Taxa varied over time. (a) show how the number of

trees have varied over time. (b) shows how the number of taxa has varied over time.
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Fig. 9. Frequency of different methods across all collected data. Plot (a) shows an

overall distribution of the data. Plot (b) shows how the distribution of analyses varies

according to year.

b. Trends in the type of analysis method used over time

In Figure 9 we illustrate some trends on the types of analyses formed. Figure 9(a)

shows the distribution of the types of analyses performed over the last fifteen years.

Approximately 26.6% of the observed analyses employed maximum likelihood, and

an additional 10.4% of analyses used neighbor-joining. Bayesian analyses made up

another 25.1% of the analyses over the last fifteen years. Parsimony analyses made

up the last 37.9% of analyses.

However, this plot does not take into account how the percentage of analyses has

varied over time. In Figure 9(b), we show the distribution of methods as it varies over

year. In the early years, maximum parsimony methods dominated the field, hovering

around 60% fifteen years ago. Over time, we’ve seen a decline in the percentage

of maximum parsimony methods performed, while we’ve seen a rise in popularity

of other methods, especially Bayesian analyses. From 2001 to 2009, we’ve seen a
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rapid rise in the number of Bayesian analyses being performed. However, in recent

years, the number of Bayesian analyses has declined slightly. This is likely due to the

criticism that Bayesian analyses tends to over-estimate branch lengths [41, 42, 43].

The decline of Bayesian methods has been commensurate with the rise of maximum

likelihood in recent years. This is largely due to the availability of high performance

maximum likelihood software packages, such as RAxML, which is better suited with

handling the computational complexity of likelihood calculations. Neighbor-joining

has gradually declined in use. In recent years, we notice it is used in studies in which

the phylogenetic analysis is supplementary to another main result (e.g. sequencing

the genome of an organism).

c. Trends in software used for phylogenetic analysis

In terms of software, the data revealed that PAUP * (85% usage) and MrBayes (88%

usage) are the dominant software used for Maximum Parsimony and Bayesian Infer-

ence analysis respectively. For Parsimony analysis, the Goloboff suite of programs

(TNT [29], NONA [44], and SPA [45]) come in second, but only consist of approxi-

mately 7.4% of all the analyses (but 33% of analyses performed in 2011). A similar

story can be told for BEAST [46], which is the second-most popular package in use

for Bayesian analysis. BEAST is only used in approximately 5.6% of the analyses

(26.5% of analyses performed in 2011). For maximum likelihood analysis, RAxML

has become a dominant player in recent years, used in 60% of the observed maximum

likelihood analyses in 2011. PhyML is the next most popular method for likelihood

analysis. Given the infrequency in which neighbor joining analysis is used today, we

were unable to determine which package (between PAUP * and MEGA) is dominant

today.

The data that we collected clearly suggests that MrBayes and Bayesian inference
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is a very popular method for phylogenetic analysis in use today, composing almost half

of the analyses performed in 2011. Our data also suggests that Bayesian inference

produces the most trees. This is largely due to the fact that the number of trees

produced by Bayesian analysis can easily be increased by increasing the sampling

frequency along the posterior distribution. Given our results, we make comparing

and storing tree collections produced by Bayesian analysis (and MrBayes) a priority

in the algorithmic design of the methods presented in upcoming chapters.

E. Our Biological Datasets

In order to handle the burgeoning growth of phylogenetic tree collections, efficient

algorithms are needed that can efficiently analyze and store large collections of trees.

Given the results of our analysis, datasets commonly produced today have tens of

thousands of trees over less than a hundred taxa. To ensure that our algorithms are

capable of handling the current sizes of collections produced today and within the

next several years, we obtained four large biological datasets:

freshwater 20, 000 trees (20, 000 unique) obtained from a Bayesian analysis [47] of

an alignment of 150 taxa (23 desert taxa and 127 others from freshwater, marine,

and oil habitats) over two independent runs of MrBayes.

angiosperms 33, 306 trees (33, 169 unique) obtained from a Bayesian analysis [37]

of 567 taxa (560 angiosperms, seven outgroups) dataset over twelve runs of

MrBayes.

fish 90, 002 trees (47, 649 unique) obtained from an unpublished Bayesian analysis

of 264 fish taxa over 2 runs of MrBayes.

insects 150, 000 trees (32, 300 unique) obtained from a parsimony analysis [48] of
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525 insect taxa over 5 runs of TNT.

By today’s standards, these datasets would be considered atypical. However,

they are very representative of what will be typical in the future. In the next chapters,

we will show how our powerful algorithms are able to handle these large datasets.

F. Summary

In this chapter, we presented the reader with a brief overview of phylogenetic analysis,

and demonstrated that tree collections are getting lost in the pipeline. This is due to

the current assumption that tree collections are not useful, and that the consensus tree

contains all the information needed to reflect the results of a phylogenetic analysis.

We have shown this to be demonstratively false. In two applications, we showed how

understanding the level of topological diversity in a collection of trees can tell us a lot

about the algorithms that produced them. This is useful for elucidating differences

among trees with the same score, establishing the value of slower heuristics and

detecting convergence.

Given that this assumption does not hold and that tree collections are valuable,

we then studied the rate of information loss through a study of how phylogenetic

analysis has evolved over the last fifteen years. We found that the pace of phylogenetic

analysis has rapidly quickened. The number of trees produced on average by analyses

in 2011 is greater than the number of trees in the entirety of TreeBASE. We also

showed that the large number of trees produced in recent years is largely due to the

increased popularity of Bayesian analysis, and that the number of trees produced by

phylogenetic analysis is on the rise and is expected to grow. Thus, new methods are

needed that can handle the burgeoning growth of phylogenetic data, especially as it

relates to tree collections.
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We also presented the biological datasets that will be used to demonstrate the

performance of many of the algorithms demonstrated in this dissertation. In the

context of the results of our literature survey, these datasets are unusually large. The

ability of any approach to efficiently handle such large datasets will speak for the

long-term usability of such approaches. In the following chapters, we will show how

our algorithms for analyzing, compressing and storing trees are capable of handling

these large datasets.
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CHAPTER III

CURRENT METHODS AND RELATED WORK

Now that we have established the value of tree collections, what work currently exists

for comparing, storing, and sharing trees? In this chapter we discuss the most relevant

algorithms and methods that have motivated this dissertation, and the limitations of

each. In Section A we discuss current methods for comparing trees. In Section B,

we discuss current methods for storing and representing trees on disk. Lastly, in

Section C we discuss current methods for sharing trees. In the chapters that follow,

we will demonstrate how our high performance algorithms have overcome many of

the limitations presented here.

A. Comparing Phylogenetic Trees

Comparing evolutionary trees is an important component of analyzing and visualizing

the results of a phylogenetic analyses [49, 50]. In Chapter II, we demonstrated two

such applications. But, how are trees compared? In this section, we discuss the basics

of tree topology and the most common metrics for comparing trees and collections of

trees. We also discuss some challenges as it relates to assessing topological diversity

among a set of trees, especially as tree collections get larger.

1. Bipartitions: Topological Units of a Tree

A phylogenetic tree can be decomposed into a set of bipartitions. A bipartition is a cut

on an edge in the tree that partitions the set of taxa into two (hence, “bipartition”).

Edges adjacent to taxa are considered trivial bipartitions, as they do not make a

statement of evolutionary interest. Every tree necessarily has n trivial bipartitions.

In Figure 10(a), bipartition AB|CDEF splits the taxa in T0 into two unordered sets,
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(a) unweighted trees

(b) weighted trees

Fig. 10. A collection of six phylogenetic trees depicting the relationship between six

taxa labeled from A . . . F . Both (a) and (b) are identical. The difference is that (a)

is an unweighted representation of the trees while (b) is a weighted representation.

{A,B} and {C,D,E,F} respectively. Every unrooted binary (or bifurcating) tree has

exactly n− 3 non-trivial bipartitions. Rooted binary representations have n− 2 non-

trivial bipartitions. Unrooted (rooted) trees with less than n− 3 (n− 2) bipartitions

are referred to as multifurcating trees.

It is very common for trees to have weighted edges, where these weights represent

evolutionary distances known as branch lengths. Figure 10(b) shows a weighted rep-

resentation of six trees. With weighted trees, trivial bipartitions have weights. Thus,

for weighted trees, 2n− 3 bipartitions are considered for unrooted trees, and 2(n− 1)

bipartitions are considered for rooted trees.

Quartets are another common building block for trees, which are based on subsets

of four taxa [51, 52]. For a tree over n taxa, there are 3×
(
n
4

)
, or O

(
n
4

)
possible quartets.

While there are a greater number of possible bipartitions to represent the relationships

between n taxa (2n−1 − n − 1), each tree has O(n) bipartitions. In contrast, every

tree necessarily has
(
n
4

)
quartets. Furthermore, since trees returned from phylogenetic
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search are the “best” trees found by a particular heuristic, there theoretically should

be a high degree of bipartition sharing amongst the trees in the collection, indicating

that the search had converged. For example, in Figure 10, AB|CDEF is a bipartition

that is found in all six trees. One can also observe that the bipartition ABC|DEF

was found in four of the six trees. Thus, AB|CDEF is represented six times in a

collection of trees, and bipartition ABC|DEF is represented four times. As a result,

there are 8 unique bipartitions out of the 18 total that exist in this collection of trees.

2. Distance Methods

Comparing phylogenetic trees can generally be divided into two classes. One class of

tree measures such as NNI and SPR distances compute the number of steps need to

transform one phylogenetic tree into another [53, 54]. The other class of measures

are based on decomposing the hierarchical structure of trees into simpler structures

(such as bipartitions or quartets) and comparing the differences between them. While

methods based on tree transformations (e.g. NNI and SPR) often lead to computa-

tionally intractable or NP-hard problems, distances based on comparing tree sets are

quite tractable and are the most popular methods for computing tree distances in

practice. Bipartition methods are more popular than quartet methods, since they

are less computationally-intensive to calculate. In the scope of this dissertation, we

focus on bipartition-based methods. However, it is important to note that trees can

be compared using either bipartitions or quartets.

In 1978, Bourque [55] developed the partition metric (or symmetric difference)

for comparing two trees. It is the number of bipartitions that are not shared with

the other tree. Steel and Hendy [50] describe the partition metric as i(T1) + i(T2)−

2vs(T1, T2), where i(T ) denotes the number of internal edges (or bipartitions) and

vs(T1, T2) indicates the number of shared bipartitions among the two trees.



35

The partition method is closely related to the Robinson-Foulds [56] distance

metric, developed in 1981 by DR Robinson and LR Foulds. The RF distance is

currently the most popular way to compare trees. It computes the topological distance

between two trees by comparing their set of bipartitions. Let BT define the set of

bipartitions found in tree T . The RF distance between two trees Ti and Tj is:

RF (Ti, Tj) =
|BTi − BTj |+ |BTj − BTi |

2
. (3.1)

The RF distance is obtained by dividing the partition metric by two. In 1985,

WHE Days proposed a linear time algorithm [57] (Day’s algorithm) for compar-

ing trees. Several packages that compute the RF distance between trees, including

PHYLIP [58], CMB [59], RAxML [32], PhyloNet [60] and HashRF [14, 61], imple-

ment derivations of Day’s algorithm. The RF Rate is a normalized form of the RF

distance, achieved by dividing the RF distance by the maximum RF distance, which

is n− 3 for unrooted binary trees over n taxa.

For weighted phylogenies, there is a corresponding weighted RF distance [62].

For bipartition B in tree T , we denote its weight as w(B). For two trees Ti and Tj

the weighted RF distance (WRF) can be defined as:

WRF (Ti, Tj) =
∑

B∈
∑
Ti∪

∑
Tj

|wi(B)− wj(B)| (3.2)

Here, B ∈
∑
Ti ∪

∑
Tj represents the total set of bipartitions over our two trees.

Thus if tree T does not have a certain bipartition B, then w(B) = 0.

Another method for computing weighted phylogenies is called the Branch Score

distance [63], proposed by Kuhner and Felsenstein in 1994 and implemented in the

treedist [64] program in PHYLIP [58]. The Branch Score distance can be defined

as:
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BSD(Ti, Tj) =
∑

B∈
∑
Ti∪

∑
Tj

√
(wi(B)− wj(B))2 (3.3)

It is important to note that while PHYLIP implements the Branch Score distance

as the sum of the square root of the squares of the differences in weights (as shown

above), the original Branch Score distance proposed by Kuhner and Felsenstein is

simply the sum of the squares of the differences [64].

3. Topological Matrices for Comparing Trees

To compare t trees, any number of the above metrics can be applied to form a t× t

distance matrix, where each cell (i, j) in our matrix D represents the topological

distance between trees Ti and Tj. There are several applications for using RF matrices

such as visualizing collections of trees [10, 49] and clustering tree collections [65].

The inspiration for much of our work is HashRF [14, 61], a fast, sequential algo-

rithm for computing an all-to-all RF matrix to compare t unrooted trees on n taxa.

Previous work [14, 61] has shown HashRF to be faster than algorithms implemented

in other packages. Thus, it is our focus. For a bipartition B, HashRF uses a global

hash table H to store that bipartition along with the identities of the trees (TIDs)

that contain that bipartition. HashRF uses two uniform hash functions h1 and h2,

where the h1 value represents the hash table location for storing the bipartition B

and h2 provides a shortened bipartition identity (BID) for this bipartition. Each

unique bipartition is represented uniquely in the hash table as a (key, value) pair,

where the key is the bipartition of interest, and the value is a list of tree ids (TIDS)

of the trees containing that bipartition. We discuss these hashing functions and this

hashing procedure in detail in Chapter IV.

To compute the RF matrix D, every location representing a unique bipartition is
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visited and its list of tree identities (TIDs) are extracted. For each pair of trees Ti and

Tj in the list of TIDs, entry D[Ti, Tj] is incremented by one to compute a similarity

matrix. Once the hash table has been traversed, each entry D[i, j] is subtracted from

n−3, the maximum RF distance, to produce the RF matrix. The worst-case running

time of HashRF is O(nt2).

4. Limitations

As phylogenetic analyses continue to increase in size, they produce more trees. As

the number of outputted trees t grows very large, it becomes exceedingly difficult to

compute the t × t matrix. One major bottleneck is memory. As t grows large, the

amount of memory needed to allocate the t × t matrix grows quadratically. For ex-

ample, over 3 GB of memory is needed to compare 33, 306 trees of our angiosperms

dataset. HashRF and other previous approaches cannot compare our fish and

insects datasets composed of 90, 002 and 150, 000 trees each, as their matrices

require 27 GB and 60 GB of memory respectively. Thus, more memory efficient

approaches are needed to compare datasets that are relevant to modern phylogenetic

analyses.

While RF distance is the most popular way to compare trees, a common criticism

is that it is easy to construct an example where the presence of a single rogue taxon

yields the maximum distance between trees. As an example, consider the two trees

in Figure 11. If we remove taxon E, the trees clearly have the same underlying

topology. However, given the placement of E, the two trees have completely different

bipartitions, thus yielding the maximum RF distance of 3 for this example. This

suggests that the biological community should look beyond current measures such as

RF distance to compare trees: what other metrics can be used to compare trees?.

Furthermore, comparing weighted phylogenies is very difficult, due to the com-
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Fig. 11. How a single “rogue” taxon can produce the maximum RF distance between

two trees.

putational complexity of the operation. While several packages claim to compute the

weighted RF distance, we find that none of them do so correctly. WHashRF, the

weighted version of HashRF, does not consider the full scope of weighted bipartitions

needed to properly calculate the weighted RF distance between trees. RAxML and

PhyloNet both claim to calculate weighted RF, but actually implement RF rate, which

does not require branch lengths for its computation. MESQUITE [66] also claims to

calculate weighted RF, but we were unable to verify this. While the treedist pro-

gram in PHYLIP does not implement weighted RF distance, it does implement the

Branch Score distance. However, our testing has shown that treedist is limited

to comparing approximately 1, 000 trees, and that a weighted computation of the

corresponding 1, 000× 1, 000 matrix over 150 taxa takes approximately 38 minutes.

Given the computational complexity of comparing weighted phylogenies, it is

not surprising that no existing package can compare large groups of weighted trees.

However, popular phylogenetic search heuristics such as MrBayes do output weighted

phylogenetic trees. Therefore, it is imperative that methods be created that can effi-
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ciently compare large groups of weighted phylogenies: how can we efficiently/quickly

compare weighted trees?

Lastly all the methods and examples discussed so far are over homogeneous

collections of trees, in which every tree in the collection contain an identical leaf

set. In heterogeneous collections of trees, every tree in the collection can have a

unique set of leaves or a subset of leaves that are contained in other trees in the

collection. To operate on such collections, it is essential that one is able to discover

shared relationships between the trees in the collection. To the best of our knowledge,

there are no currently available methods to achieve this. How can we discover shared

relationships in heterogeneous collections of trees?

B. Storing Phylogenetic Trees

Methods are needed that store phylogenetic tree collections efficiently. In this section,

we address the most common ways available for representing and storing phyloge-

netic trees, the Newick and NEXUS formats. We also discuss TASPI, a method for

compressing trees on disk. We do not discuss XML formats for trees such as Phy-

loXML [67] or NeXML [68], as they were not designed to represent large collections

of trees.

1. The Newick Format

The Newick format [69], first proposed in 1986, is the most widely used file format

to represent phylogenetic trees. In this format, the topology of the evolutionary

tree is represented using a notation based on balanced parentheses. A Newick for-

matted tree uses nested parentheses to represent the evolutionary relationships (or

subtrees) within a phylogenetic tree. Matching pairs of parentheses symbolize inter-
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nal nodes in the evolutionary tree. Every tree string is terminated by a semi-colon.

For example, a sample Newick string representation for the phylogenetic tree shown

in Figure 1 is (((Lion, Leopard), Jaguar),((Tiger, Snow Leopard), Clouded

Leopard));. To represent t trees, it is common to create a file of t Newick formatted

strings, with each string on a separate line. This file is referred to as a Newick file or

a PHYLIP tree file.

2. The NEXUS Format

Phylogenetic trees are rarely created in a vacuum. They are most commonly the

product of phylogenetic analysis, and thus are associated with an input data set. In

order to standardize the way phylogenetic analysis programs handle input files, Mad-

dison et. al developed the NEXUS format [70] in 1997. The file format consists of a

series of modular units, referred to as blocks, which contain a certain type of phyloge-

netic data. For example, sequence data are commonly stored in either CHARACTERS or

DATA blocks. For phylogenetic trees, there is a corresponding TREES block. However,

it is important to note that TREES blocks contain Newick-formatted trees. Thus, in

terms of representing phylogenetic trees, there is no real difference between PHYLIP

and NEXUS files.

That said, the NEXUS format does allow one to associate the input of a phy-

logenetic analysis (e.g. the data) with the output (the sets of trees). Thus, it is

widely used as a standard for input to phylogenetic programs and for representing

their output. The format is very flexible and extensible, allowing a program to pick

and choose which blocks they wish to handle. Several phylogenetic analysis tools,

such as PAUP * and MrBayes, have also declared their own NEXUS blocks to con-

tain batch information for running their heuristics. These are known as PAUP and

MRBAYES blocks respectively.
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3. TASPI

One way to reduce the amount of space a set of trees utilizes on disk is through

the use of compression. The Texas Analysis of Symbolic Phylogenetic Information

(TASPI) [71, 72] shows the benefits of having a compressed representation of phy-

logenetic trees. To the best of our knowledge, it is the only previously described

approach for compressing evolutionary trees. It is written in the ACL2 language. At

a low-level, TASPI uses hash-consing [73] to achieve decreased storage requirements

and improved accessing speeds. One key advantage of TASPI over standard compres-

sion methods is that the TASPI compressed form is text, allowing it to be used as

input for other phylogenetic programs while retaining its space savings. Compression

methods such as gzip, bzip and 7zip, on the other hand, would require the input

Newick file to be decompressed before it could be processed. For files that need to

be frequently analyzed, the amortized space savings will be 0%. However, there is

no public implementation of TASPI available. Given that the primary purpose of

TASPI was to compute consensus trees, it is also not clear if a decompression routine

is provided.

4. Limitations

The largest limitation to Newick-formatted trees and file formats that utilize the

Newick standard, is that the Newick string representation for a tree is never unique.

For example, for the tree in Figure 1, another valid Newick representation is ((Jaguar,

(Leopard, Lion)),((Tiger, Snow Leopard), Clouded Leopard));. For a par-

ticular tree with n taxa, there are O(2n−1) different (but equivalent) Newick strings

to represent its topology. We will refer to these different, but equivalent representa-

tions as commutations.
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Consequently, general-purpose data compression techniques cannot leverage domain-

specific information regarding the Newick file. In other words, consider a Newick-

formatted file that contains 100, 000 commutations of a single tree topology. This

file would appear random to standard compression methods, which will consequently

compress it poorly. While TASPI does look for common subtrees in a collection of

Newick strings, the designers note that TASPI can’t always differentiate between the

multiple Newick string representations a tree can have. Therefore, it is imperative

to create an efficient, yet unique representation of large collections trees in order to

store them minimally on disk.

C. Sharing Phylogenetic Trees

As phylogenetic methods increase in popularity and the outputs from their analyses

continue to grow in size, better methods will be needed to encourage the sharing of

the results of phylogenetic analyses. Sharing of phylogenetic data has many uses.

In addition to promoting the reproducibility of experimentation and allowing fellow

scientists to independently verify the results of a phylogenetic analysis, making tree

data available allows scientists to make statements about co-evolution of species, and

offers a test-bank of real data for software designers to use [38]. In this section, we

consider some of the most common methods for sharing phylogenetic data.

1. Electronic Transfer

If a tree collection is small enough, it can be transferred between scientists via e-mail.

However, for large datasets such as the ones we study, this is not often possible, as

the files are several megabytes in size, even when compressed. More computationally

savvy users can try to share trees by using an FTP server or uploading it to a personal
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web-space. However, this requires a certain amount of technical know-how, and most

scientists (including computer scientists) do not have the time or patience to set up

their own FTP servers. DropBox [74] is a service for sharing large files that emerged

in 2007 and has enjoyed a steadily increasing popularity. Users can sign up for an

account that allows for 2 GB of space for free. Larger accounts can be obtained for

a monthly service fee.

2. Tree Databases

One way to encourage scientists to share their collections of trees is through the

use of tree databases. TreeBASE [33, 39, 40] is the most popular repository for

phylogenetic trees. Due to the burgeoning nature of phylogenetic data, Sanderson et.

al proposed in 1993 the construction of a phylogenetic tree database that will promote

sharing of phylogenetic data amongst scientists [38]. A prototype of TreeBASE was

released in 1994, and over the last seven years the database has significantly matured

and is endorsed by several venues [33]. Several journals, most notably Systematic

Biology and Nature, encourage or require their users to deposit their tree data in

TreeBASE. Dryad [75] is another noteworthy database, which also interfaces with

TreeBASE. While Dryad’s stated purpose is to offer a “home” for data that is not

housed elsewhere, we noticed a handful of studies that deposit tree data in Dryad.

3. Limitations

While tree repositories such as TreeBASE and Dryad have increased in popularity,

most trees deposited in these repositories are the single consensus trees produced

at the end of the analysis. As of December 2011, there are only 8, 462 total trees

contained in TreeBase [40]. It is worth noting that all our large datasets of trees

contain more trees individually than the whole of TreeBASE.
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This massive data loss severely hampers the ability of scientists to independently

reproduce and verify the results of a phylogenetic analyses. Furthermore, it limits

the access to large test datasets for scientists who care about creating more efficient

methods and algorithms. While the literature survey in Chapter II demonstrates the

burgeoning nature of phylogenetic analysis, our research group has had considerable

difficulty procuring large phylogenetic datasets derived from real data. Therefore

for the sake of reproducibility and creating test beds, methods that allow scientists

to easily share their tree collections with each other will be of great value to the

community.

D. Summary

In this chapter, we discussed current methods for comparing, storing and sharing

trees. We focus on bipartition-based methods for comparing trees. The most popular

way for comparing a pair trees is the Robinson-Foulds (RF) distance metric. To

compare t trees, RF distances can be summarized in a t×t RF distance matrix. While

several methods exist for computing RF distance matrices, this becomes a difficult

problem as trees become fairly large. How can we efficiently compare 150, 000 trees,

for example? We also discussed an oft-mentioned limitation of the RF distance metric

itself, in which a “rogue” placement of a single taxon can cause two similar trees to

be maximally dissimilar under RF distance. This suggests that work should be done

on exploring other measures for comparing trees.

While several formats have been proposed for storing trees (most popularly the

Newick format), they do not represent trees uniquely. For any tree over n taxa, there

are O(2n−1) Newick strings that can represent it. While TASPI has shown the benefits

of compressing phylogenetic trees, the code is not publicly available, and the authors
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can not always handle the multiple Newick representations that a tree can have. For

the sake of efficiently storing trees, a format that efficiently represents a collection of

trees in a normalized fashion would be of great value to the community.

Lastly, despite the availability of tree databases and other electronic methods for

sharing trees, it is very difficult to procure the tree collection that was outputted by a

phylogenetic analysis. TreeBase, while it contains data from over 2, 500 publications

and 4, 500 authors, still has fewer trees in its entire database than many modern

Bayesian analyses output in a single run. While Dryad purports to store data that is

not stored in other sources, it too does not contain tree collections. This represents a

massive loss of data, which could otherwise be used for verification of scientific results

and as test data for software developers.

The achievements and limitations discussed in this chapter motivate much of the

work in this thesis. Inspired by the strides of fellow researchers, we have sought to

address the many challenges facing the comparison, storage and exchange of phylo-

genetic trees. In the following chapters, we will present methods that address and

provide a solution for each of these current challenges.
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CHAPTER IV

UNIVERSAL HASHING OF PHYLOGENETIC TREES

The first step in helping biologists manage and share their large tree collections is

to quickly extract the evolutionary relationships contained within the trees. We

represent the shared relationships (or bipartitions) in a collection of trees through

our novel use of hash functions. Hashing allows us to capture both the set of unique

bipartitions and the set of unique trees. We also show how these hashing functions can

be used to capture relationships between heterogeneous collections of trees. The hash

functions studied in this section form the foundation of the powerful phylogenetic

algorithms that analyze tens of thousands of trees presented in later chapters.

A. Universal Hashing of Phylogenetic Trees

How do we use universal hashing functions to determine the set of unique bipartitions

in a collection of trees? Unlike regular hashing techniques, universal hashing selects

a hash function h randomly from a class of hash functions, thus guaranteeing that

the probability of collision is at most 1
m

, where m is the length of our hash table. The

idea of using universal hashing functions to capture bipartition information contained

in a collection of trees was first proposed by Amenta et. al. [76], as a method to

construct a majority consensus tree in linear time. These functions were extended

and heavily used in the design of the HashRF (computes the Robinson-Foulds distance

matrix) [14, 61, 77] and HashCS (computes consensus trees) [78] algorithms developed

by Sul et. al., and upon which the work presented in this dissertation is based. This

prior work demonstrated the power of these universal hashing functions for computing

tree operations over large collections of trees. We extend the Monte Carlo randomized

hashing scheme to be a Las Vegas approach, and show how it can be used to detect
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(a) unrooted (b) rooted

Fig. 12. An illustration of how bipartitions are collected on an (a) unrooted and a

(b) rooted representation of T1 from Figure 10. For unrooted trees, n−3 bipartitions

are collected. For rooted trees, n − 2 bipartitions are collected. The extra collected

bipartition determines the root.

unique trees and support heterogeneous collections of trees.

B. Using Hashing to Detect Unique Bipartitions

Bipartitions are first collected from each tree using depth-first traversal. We use a

bitstring representation for our bipartitions in order to prepare them as input for our

hashing functions. A particular bipartition can be represented uniquely as an n-bit

bitstring, where each location in the bitstring corresponds to a particular taxon of

interest. Taxa are ordered lexicographically for consistency, and unrooted trees are

rooted according to their Newick representation. Thus, in Figure 12, the first bit

represents taxon ‘A’, the second represents taxon ‘B’, and so forth. For unrooted

trees, we collect n− 3 bipartitions. For rooted trees, n− 2 bipartitions are collected,

with the extra bipartition used to establish the root (see Figure 12).

Prior to depth-first traversal, each trivial bipartition is assigned a bitstring of

all zeros, save for the location corresponding to its taxa. Thus, trivial bipartition

A|BCDEF is assigned the bitstring 100000, bipartition B|ACDEF is assigned the

bitstring 010000 and so forth. During depth first traversal, the bitstring for each bipar-

tition is recursively computed using the OR operation. Thus, bipartition AB|CDEF

has a bitstring representation of 110000. To ensure that no errors occur in the un-
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rooted case, we enforce that the left most bit (in this case ‘A’) always has the value

of 1. Hence for T1’s bipartitions of AB|CDEF , ABD|CEF , and ABCD|EF , the bit-

string representations will be 110000, 110100, and 111100, respectively (Figure 12(a)).

Let t denote the number of trees in our collection and n denote the number of

taxa contained in each tree. For each taxon i from 1 . . . n, two random numbers are

generated, ri and si. These are used in conjunction with the bitstring and fed into

universal hash functions, h1 and h2, which are used to calculate the hash table location

of a bipartition and the corresponding bipartition identifier (BID) respectively. Let

BT denote the set of bipartitions of T , and let B denote a bipartition of interest of

tree T , such that B ∈ BT . Then h1 can be defined as

h1(B) =
∑

bi × ri mod m1. (4.1)

Here, bi is the bit located in position i of B and ri is the random number from set

R corresponding with the taxa denoted by index i. Since there are at most O(nt)

unique bipartitions in a collection of t trees, m1 is the first prime number larger than

n× t and denotes the length of our hash table. The BID calculation is similar. h2 is

defined as

h2(B) =
∑

bi × si mod m2, (4.2)

where si is the unique random number from set S associated with taxon bi. Our

calculation of h2 will output a BID that can be stored in the hash table. m2 denotes

the maximum value of a bipartition identifier. We calculate m2 as the first prime

greater than t × n × c, where c is a large constant that bounds the probability of

error arbitrarily close to 0 (O( 1
n×t×c)). Together, the h1 and h2 values represent a

unique identifier for a particular bipartition in the tree. In the example that follows,

R = (22, 45, 19, 27, 12, 20), S = (32, 42, 24, 31, 16, 26), m1 = 37, and m2 = 3, 607.
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(a) unweighted

(b) weighted

Fig. 13. An illustration of stored bipartitions in the hash table for the (a) unweighted

and (b) weighted tree collections depicted in Figure 10.
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Figure 13(a) shows the contents of the hash table after the bipartition information

from our tree collection in Figure 10 is extracted and fed through our universal hashing

functions. For example, bipartition ABCD|EF (Figure 10) will be stored in hash

table location H[h1(ABCD|EF )] (or H[2]). h2(ABCD|EF ) (or 129) will be used

as the BID1, and the TIDs at this location are T0, T1 and T3, indicating that this

bipartition is contained in trees T0, T1 and T3 (Figure 13(a)). Continuing the example,

the hash table shows that there are 8 unique bipartitions (AB|CDEF , ABC|DEF ,

ABCD|EF , ABD|CEF , ABE|CDF , ABDE|CF , ABCF |DE, and ABCE|DF )

out of 18 total.

For weighted trees, we also store branch lengths in our hash table, in an array

that corresponds with our list of tree identifiers. For example, bipartition ABCD|EF

which is contained in trees T0, T1 and T3 has edge weights of 0.23, 0.33 and 0.57

respectively in Figure 10(b). They are stored along with the tree identifiers in our

hash table at location H[2.129] (Figure 13(b)). Since weighted trees have weights

along the trivial bipartitions, they are collected along with the n − 3 non-trivial

bipartitions, yielding 2n− 3 total bipartitions collected per tree. Trivial bipartitions

are not collected in the unweighted case as all the trees have them.

C. Using Hashing to Detect Unique Trees

Let k denote the number of unique bipartitions in our set of t trees. We can represent

each tree T as a k-bit bitstring (I), where each position denotes a unique bipartition

in a collection. Ordering of bipartitions do not matter, so long as the ordering is

consistent for all trees. In the context of our algorithms, we enforce an ordering

based on the number of ones in the bitstring, with ties broken lexicographically. If

1For simplicity of explanation, we will refer to hash table locations as H[h1.h2].
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Fig. 14. An illustration of using hashing to detect the set of unique topologies con-

tained in the tree collection from Figure 10.

the tree T contains bipartition j, then Ij = 1. Else, Ij = 0. We now generate two

new sets of of k random numbers, O and P , where oj is the jth random number in O

and pj is jth random number in P . We define a new hash function h3 as

h3(T ) =
k∑
j=0

Ij × oj mod m3. (4.3)

Here, h3 corresponds to a hash table location in a new hash table, the length of which

is m3. Since there can only be t unique trees, m3 is defined as the first prime greater

than t. h4 is used to generate a unique tree identifier (TID). It is defined as

h4(T ) =
k∑
j=0

Ij × pj mod m4. (4.4)

Since there can be at most t identical trees, m4 is the first prime greater than t× c.

Thus, we can once again bound the probability of double collision to be an arbitrarily

small O(1
c
) by choosing a large c value.

Figure 14 depicts the result of hashing the six trees in figure 10 through h3 and

h4. In this example, O = (16, 11, 41, 29, 1, 32, 4, 24), P = (81, 12, 50, 57, 39, 6, 19, 42),

m3 = 7, and m4 = 601. When we feed our six trees through these two new hash

functions, both trees T0 and T3 hash to location H[0.132], since their k-bitstring

representations are identical. All the other trees hash to different locations. A linear
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Fig. 15. Bipartitions in a heterogeneous collection of trees. How do we hash them?

traversal of this new hash table reveals that there are 5 unique trees, and T0 and T3

share the same topology.

D. Supporting Heterogeneous Trees

To extend the usefulness of hashing for representing relationships between trees, we

need to look beyond homogeneous collections of trees (where all trees in the collec-

tion contain the same n taxa each) to heterogeneous collections. In a heterogeneous

collection of trees, trees have different taxa. For example, the two trees in Figure 15

are heterogeneous. How can we capture relationships contained in heterogeneous col-

lections of trees?

To detect similarity between heterogeneous trees, we introduce the concept of

a partial bitstring. A partial bitstring is a bitstring representation of a bipartition

in which the bitstring is just as long as the last (right-most) ‘1’ bit. Thus for T1 in

Figure 15, bipartition AB|CDEF will be stored as 11, bipartition ABC|DEF will

be stored as 111, bipartition DEF |ABC will be stored as 000111, and bipartition

and EF |ABCD will be stored as 000011. For T2 in Figure 15, bipartition AB|CDE

will be stored as 11 and bipartition ABC|DE will be stored as 111, and bipartition

DE|ABC will be stored as 00011. For each of these cases, the bitstring representation
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Fig. 16. An illustration of stored bipartitions in the hash table for the heterogeneous

trees shown in Figure 15.

is only as long as the right-most ‘1’-bit.

However, note that both bipartition AB|CDEF and AB|CDE have the repre-

sentation 11. The reason may not be immediately intuitive in the normal definition

of the bipartition. Interpreting this bitstring in the classical sense would be “A and B

are on one side and C, D, E and F are on the other.” With this interpretation, 110000

is not a valid representation for AB|CDE, since F is not grouped together with taxa

C, D and E, as it does not exist in this tree. However if we interpret bitstring 11 as

“A and B form a group/clade that C, D, E and F is not part of” the representation

makes sense. For T1, taxa A, B are in the tree, but not grouped with taxa C, D, E,

and F. For T2, A B, are in the tree, but not grouped with taxa C, D and E. Since F

is not in T2 it automatically follows that it is not grouped with taxa D and E, and

therefore 11 is a valid representation for this relationship. We note that we treat all

heterogeneous trees as being rooted. Thus, unrooted heterogeneous trees are treated

as rooted trees in the context of these hashing functions.

Heterogeneous trees can now be hashed together using the hash functions h1

and h2. Assuming the same random numbers for R and S from before, Figure 16

shows the result when hashing using this scheme. Using this scheme, T1 and T2
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both share relationships 11 (AB) and 111 (ABC). T1 has the unique relationships

000011 (EF) and 000111 (DEF). T2 has the unique relationship 00011 (DE). The

ramifications of being able to hash heterogeneous trees are monumental. By being

able to identify relationships between heterogeneous collections of trees, we can now

perform operations quickly on these datasets. For example, we can compute the RF

distance between trees T1 and T2. With two bipartition in common, the Robinson-

Foulds distance between T1 and T2 is DRF (T1, T2) = 2+1
2

= 1.5. In later chapters, we

will show how this allows us to compare and compress heterogeneous trees efficiently.

E. Handling Hashing Collisions

A consequence of using hash tables is the potential for collisions. Type 0 collisions

occur when multiple input trees share a common bipartition, which is a consequence of

the input, and not considered an issue. For example, the six tree identifiers hashing

to location H[30.74] in Figure 13 is an example of type 0 collision, as is the four

tree identifiers hashing to location H[12.98]. Type 1 collision occurs when multiple

bipartitions hash to the same hash line (though have different BIDs), which is a

consequence of hashing. The probability of type 1 collisions is 1
m1

. In Figure 13(a),

the bipartitions with BIDs 121 and 124 are an example of type 1 collisions, as they

both reside on hash line 32.

Type 2 (double) collision occurs when two different bipartitions are assigned the

same BID and hash to the same hash line. That is, h1(Bi) = h1(Bj) and h2(Bi) =

h2(Bj) and Bi 6= Bj. This would be a serious error, and would mean that our results

are incorrect. Under the Monte Carlo version of this algorithm, the probability of

type 2 collision is 1
m1·m2

, which can be bounded to an arbitrarily small value of O(1
c
)

by choosing very large c values in setting the m2 value.
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The primary difference between a Monte Carlo and a Las Vegas randomized

algorithm is that the latter guarantees 0% error, while the former arbitrarily bounds

the probability of error close to 0%. A Las Vegas approach was not utilized in previous

approaches such as HashRF and HashCS due to memory concerns. By choosing a

very efficient way of storing bitstrings, the algorithms presented in this dissertation

store an explicit representation of the bipartition in our hash table, with minimal

overhead on performance. Thus, we can always check if Bi = Bj. This guarantees

us 0% probability of error, and makes our hashing strategy a Las Vegas approach.

To eliminate the possibility of non-termination, our code terminates and notifies the

user to restart the approach if a Type 2 error is ever detected. In practice, this has

never occurred.

F. Summary

In this chapter, we discussed our universal hashing functions for detecting unique

evolutionary relationships between a group of trees. We then showed how these hash-

ing functions have been extended to detect the set of unique trees in a collection.

Representing bipartitions as partial bitstrings allows us to hash heterogeneous collec-

tions of trees. Lastly, we show how collisions are handled, and how storing an explicit

representation of the bitstring in the hash table augments the previous Monte Carlo

hashing strategy to a Las Vegas approach, guaranteeing 0% error.

Hashing allows us to quickly capture the shared relationships contained in a

collection of trees. Once this information is uniquely captured, operations can be

performed rapidly on this data. In the context of phylogenetic analysis, we can

quickly compare trees to each other, or compute consensus trees. We can also quickly

determine the number of unique trees in a collection. The ability to represent het-
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erogeneous trees in this context means that operations designed for homogeneous

datasets (e.g. tree comparison) can now be applied without additional overhead to

heterogeneous collections of trees. To the best of our knowledge, there are no other al-

gorithms that perform operations on heterogeneous collections of trees, underscoring

the critical importance and novelty of our work.

The hashing functions discussed here form the basis of all the work discussed in

this dissertation. In upcoming chapters, we will show how the hash table allows us

to compare trees very quickly. We also show how an encoded representation of the

hash table allows us to store tree collections in a very space-efficient textual format.

The ability to detect unique trees plays a critical part in the structure of this format,

and also forms the basis of our merge algorithm in our Noria system. Lastly, the

ability for the hash table to handle heterogeneous trees opens up a whole new world

of possibilities. In later chapters, we will also discuss how this ability allows us to

compare heterogeneous collections of trees and store them efficiently.
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CHAPTER V

EFFICIENT ALGORITHMS FOR COMPARING LARGE GROUPS OF

PHYLOGENETIC TREES

In Chapter II we showed an example of how topological matrices can be used to

elucidate information that would otherwise be hidden by a single consensus tree,

such as determining if a phylogenetic search actually converged. In order for tree

comparison to be used in the context of phylogenetic search and other applications, it

must be performed in real-time. In this chapter, we present MrsRF [12], a fast parallel

algorithm capable of computing large RF matrices in real-time. Furthermore, we

present Phlash, a fast and novel algorithm that is capable of comparing trees using a

variety of different methods. Together, these two approaches offer biologists a variety

of new ways to study the information contained in their tree collections.

A. Motivation

To compare t trees, scientist commonly construct an RF distance matrix, where every

cell (i, j) represents the RF distance between trees Ti and Tj. However, as the number

of trees t grows very large, computing large t × t distance matrices becomes very

difficult. If we attempt to store the entire t× t matrix in memory, the O(t2) memory

footprint quickly becomes a bottleneck and restricts the maximum number of trees

that can be computed. How can we construct large topological distance matrices in

real-time?

Furthermore, in Chapter III we demonstrated that one of the limitations of RF

distance is that the presence of a single rogue taxon can produce maximally distant

trees. Are there other metrics that can be used to compare trees? Our solutions

MrsRF and Phlash are the fastest in the field for comparing large collections of trees.
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Furthermore, our Phlash algorithm is capable of comparing trees using a variety of

distance and similarity methods. Our Phlash algorithm is also capable of comparing

large groups of weighted phylogenies, something no other available method can do.

B. MrsRF: Using MapReduce for Comparing Trees with Robinson-Foulds Distance

MrsRF(MapReduce Speeds up RF) is a MapReduce based algorithm for computing

the all-pairs Robinson-Foulds distance between t evolutionary trees on multi-core

computing platforms. To get around the memory bottleneck, MrsRF divides the

global t×tmatrix into a series of sub-matrices which are then computed independently

via MapReduce.

MapReduce is a paradigm popularized by Google for designing parallel applica-

tions. The novelty of our work centers around using MapReduce in a non-standard

way. Typical uses of the MapReduce framework reduce the final output into a smaller

representation than the initial input. One of the interesting aspects of the all-pairs RF

distance problem is that the output size (a t× t RF matrix) is much larger than the

input size (t phylogenetic trees). Under the all-pairs RF problem, we are significantly

expanding the data.

In addition to enabling RF matrices to be computed in real-time, MrsRF shows

the applicability of MapReduce for creating fast algorithms for phylogenetic analysis.

MrsRF is free to download from http://mrsrf.googlecode.com. As of March 2012,

MrsRF has been downloaded 95 times [79].

1. MapReduce

MapReduce [80] is an exciting new paradigm for designing parallel applications. It

was popularized by Google to support the parallel and distributed execution of data
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Fig. 17. Word count example using the MapReduce paradigm.

intensive applications. To process petabytes of data, Google executes thousands of

MapReduce applications per day. The MapReduce model is used for a variety of appli-

cations, such as distributed sort and grep, Google web indexing, and data processing

by large companies such as Amazon, Yahoo! and Facebook. Furthermore, there is

interest within the bioinformatics community to harness the power of MapReduce to

develop parallel applications to process large datasets of genomic data. For example,

CloudBurst [81], a MapReduce application for sequence analysis, has recently been

released.

The central features of the MapReduce framework are two functions: map()

and reduce(). The map() function produces a set of intermediate key/value pairs.

The reduce() function accepts an intermediate key and a set of values and merges

them together. Both the map() and reduce() functions are written serially by the

programmer. The underlying MapReduce framework takes care of scheduling these

functions on the multi-core system.

Figure 17 shows an overview of how the MapReduce paradigm operates in order

to count the number of words in a file. We have as input the title of a popular
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children’s book, with two words located on each line. The master splits the file line

by line, assigning each instance of the map function (or mapper) one line of input.

Each mapper takes its line of input and splits it into words. The mapper then outputs

a (key, value) pair of the word and the value 1 (indicating that the word was found

exactly once). Since all the lines are independent from each other, all mappers are

run in parallel. If the number of lines were to exceed the number of designated

mappers, then the master would delegate new lines to available mappers after each

mapper has processed its given input, until all lines are exhausted. As each mapper

outputs (key, value) pairs, these pairs are merged to form keys with associated lists

of values. In the reduce phase, each instance of the reduce function (or reducer) takes

as input a key and associated list of values.

For example, in Figure 17, our first reducer takes as input the key one and

the associated list 1. This list contains only a singleton, since the word “one” only

occurred once in our input. In contrast, our fifth reducer takes in as input the key

fish and the associated list 1-1-1-1, as “fish” occurred four times in the input file.

Each reducer takes its list of values, sums all of its member’s values, and outputs this

sum of values with the key. Thus, the output of reducer 5 will be fish-4.

a. Phoenix: a MapReduce library

The underlying MapReduce framework of MrsRF is based on Phoenix [82] v.1.0,

a multi-core MapReduce approach. Phoenix is a threads-based implementation of

MapReduce designed specifically for multi-core systems where all computing cores

have access to shared memory. It dynamically schedules map and reduce tasks to

available compute cores. Consider a N × c multi-core cluster configuration, where

N represents the number of physical nodes (or machines) of the cluster and c is

the number of computing cores per node. Each of the cores on a node share access
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to memory. Phoenix works on a 1 × c configuration. We augment Phoenix with

OpenMPI in order to use distributed-memory clusters, where N ≥ 1.

Hadoop [83] is the most popular framework for developing MapReduce appli-

cations. While we had developed MrsRF’s implementation in both Phoenix and

Hadoop, we discovered that we were able to achieve significantly better performance

using Phoenix over Hadoop. There are other advantages for using Phoenix. Hadoop

often requires a dedicated cluster, and for programs that are not data-intensive on the

input, the overhead of writing to the HDFS greatly outweighs any potential benefits.

Phoenix, on the other hand, is easy to install.

We hybridized Phoenix with Open-MPI for the sake of our application, allowing

it to run on large clusters. This hybrid implementation also makes MrsRF portable,

allowing the user to run the program locally on a multi-core environment before test-

ing it out on a large cluster. Furthermore, the framework’s ANSI C implementation

and combination with OpenMPI allows it readily interface with most modern clusters,

since the Pthreads library is ubiquitous to Unix-like systems, and MPI is a standard.

2. Algorithm Description

The design of MrsRF is motivated by the HashRF algorithm. Moreover, in MrsRF,

bipartitions are analogous to words in the MapReduce word count example. MrsRF

takes as input a tree file containing t trees and a N × c cluster configuration. The

number of cluster nodes specifies the number of physical machines that executes the

code. The number of cores is the number of CPUs within each node. For serial

execution, N = 1 and c = 1. If instead one wanted to run MrsRF on 2 machines each

containing 4 CPUs, the respective N and c values would be 2 and 4.

There are two main steps to our MrsRF algorithm. First, we organize the N

nodes into a grid in order to partition the t input trees among the nodes. Phoenix,
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Fig. 18. Global partitioning scheme of the MrsRF algorithm. Here, N = 4. Each of

these 4 sub-matrices will be calculated by a separate instance of MrsRF(p, q).

the underlying MapReduce library, automatically distributes the input for a single

node amongst its c cores. That is, it works for 1 × c cluster configurations. As a

result, we manually partition the input among the N nodes. If N is a perfect square,

then we assume the nodes are organized into a
√
N ×

√
N grid. If N is not a perfect

square, let i = b
√
Nc. If N mod i = 0, then we assume a N/i × i grid of nodes.

Otherwise, we decrement i until it divides N evenly1.

For N = 4, the N nodes are partitioned into a 2 × 2 grid (see Figure 18). If

N = 18, we obtain a 6 × 3 grid. The size of the input tree file has no bearing on

how the N nodes are organized into a grid. Secondly, once the nodes are organized

in a grid using OpenMPI, the MrsRF(p, q) algorithm is executed on each node to

compute a p × q sub-matrix. For example, consider node N2 in Figure 18. Let P

and Q represent the row and column trees, respectively, in the sub-matrix. For node

N2, P = {Tt/2, . . . , Tt−1} and Q = {T0, . . . , Tt/2 − 1}. Hence, the size of node N2’s

sub-matrix is p× q, where p = |P| and q = |Q|.

Once each node is finished computing its p × q sub-matrix, the final t × t RF

1Note that a suboptimal solution will be reached with prime numbers.
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matrix is the concatenation of the N sub-matrices.

3. MrsRF(p, q): Computing a p× q RF sub-matrix

The heart of our MrsRF algorithm lies in the subprogram MrsRF(p, q), which runs in-

dependently on each of the N nodes. Each node has access to the input file containing

the t trees and is responsible for retrieving the appropriate trees for its P and Q sets.

A node knows which trees belongs to its P and Q sets based on its identifier within

the node grid. In Figure 18, P = {Tt/2, . . . , Tt−1} and Q = {T0, . . . , Tt/2 − 1} on node

N2. If the number of computing cores on node N2 is eight, then the trees associated

with sets P and Q will each be split into four files, yielding a total of eight input files

for the eight cores. Under MapReduce, these eight files will be automatically assigned

to the cores on node N2.

Under MrsRF(p, q) the trees in P are compared to the trees in Q. If P = Q, all

trees are compared to each other. Node Ni’s sub-matrix is created in parallel using

two MapReduce phases as described below.

a. Phase 1 of the MrsRF(p, q) algorithm

The first map stage. Similarly to HashRF, the first MapReduce phase is responsible

for generating the global hash table. That is, every bipartition is given a unique

identifier (key). Its values are the tree identities (TIDs) that contain that bipartition.

The number of mappers corresponds to the number of cores utilized on a particular

node. Each mapper sends its trees to HashBase to create a local hash table. HashBase

is our name for a modification to HashRF that outputs a hash table from its input

trees. Each line from the hash table that is provided to MrsRF(p, q) from HashBase

consists of a bipartition Bi and the associated list of tree ids that were found to share

it. In addition, all the bipartitions that are found are given a marker to denote which
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Fig. 19. Phase 1 of the MrsRF(p, q) algorithm. Two mappers and two reducers are

used to process the input files, where P = {T0, T1} and Q = {T2, T3}.

input file created it. This is to ensure that bipartitions shared within a tree file are

not compared to each other. The bipartition and its list of tree ids form a (key, value)

pair, which is emitted as an intermediate for the reduce stage.

In Figure 19, there are two input files, each containing two trees each. Trees in

the first file are only compared to trees contained in the second file. In the figure, we

assume there are only two mappers, where each mapper is responsible for handling

one of the two input files. Each mapper creates a local hash table based on the trees

that it receives by using a marker of “1” (for file 1) or “2” (for file 2) to keep track

of trees and their bipartitions from the P and Q sets, respectively. Each mapper

then emits its marked hash table to the reduce stage. For example, in Figure 19,

the first mapper emits the following (key, value) pairs: (AB|CDE, (1, T0, T1)),

(ABC|DE, (1, T0)), and (ABD|CE, (1, T1)). These (key, value) pairs are pro-

cessed in an intermediate stage, where each reducer processes all of the values asso-

ciated with a particular key.

The first reduce stage. Once the map stage completes, each of the r reducers takes

as input a (key, list(value)) pair with bipartition Bi as the key and a list of tree id
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Fig. 20. Phase 2 of the MrsRF(p, q) algorithm. Once again, there are two mappers

and two reducers. The horizontal bars between elements represent a partition that

separates trees from one file from trees in the other. Bipartitions containing elements

on only one side of the partition are discarded.

lists as the value. There will be at most m lists of tree ids for each bipartition. Each

reducer then combines these O(m) lists in a manner such that the trees from file 1

are separated from the trees from file 2 to form a single line in the global hash table.

Each row of the global hash table represents a unique bipartition among the t trees.

Continuing with our example from Figure 19, the first reducer processes the lists

associated with keys ABD|CE, and ABC|DE. Thus, the first reducer receives the

list of lists (ABD|CE, (1, T1)) and (ABC|DE, (1, T0), (2, T2, T3)) and outputs

the final (key, value) pairs of (ABD|CE, (T1 ||)), and (ABC|DE, (T0 || T2, T3)),

respectively. The symbol || denotes a partition that separates trees from the first

input file with trees from the second input file.

b. Phase 2 of the MrsRF(p, q) algorithm

The second map stage. Each of the m mappers receives an equal portion of the

global hash table based on the total number of comparisons required to process the

(key,value) pairs. In Figure 20, key (ABC|DE) has as its list of values (T0||T2, T3).
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Two total comparisons will be done since T0 is compared to T2 and T3. In general,

if there are u tree ids on the left side of || and v trees on the right side, then u × v

total comparisons are required. Each mapper then computes a local similarity matrix

from its portion of the hash table. In the second reduce stage, this similarity matrix

will be converted into a RF (or dissimilarity) matrix.

Consider Figure 20. The first mapper has two rows of the global hash table

assigned to it. Next, it computes a p × q similarity matrix from those hash table

elements. In our example, the resulting similarity matrix is of size 2 × 2. To do

this, it compares the tree ids in the first partition of a row to the tree ids located in

the second partition of a row, and increments the local similarity matrix accordingly.

For example, for the hash table row (ABC|DE, (T0 || T2, T3)), the first mapper

increments by one the locations (T0, T2) and (T0, T3) in its local similarity matrix.

Rows that do not contain elements in both of its partitions are discarded. Therefore,

in Figure 20, the hash table row (ABD|CE, (T1 ||)) is discarded. Each increment to

entry (i, j) in the similarity matrix represents that the pair of trees Ti and Tj share

a bipartition.

Once a mapper has finished processing its hash table, it emits its similarity

matrix for processing in the reduce stage. The key is the row id and the value is the

contents of that row id. Thus, in Figure 20, the first mapper emits the (key, value)

pairs (T0, (1, 1)), and (T1, (0, 0)).

The second reduce stage. Here, the input is a similarity matrix row identifier, i, and

a list of rows that contain the local similarity scores found by each of the mappers.

For a particular key, the number of rows within the list of rows received by a reducer

is equal to the number of mappers, m. In Figure 20, the first reducer receives the

following (key, value) pair for similarity identifier, T0: (T0, (1, 1), (1, 0)). The reducer
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sums up the columns of each of the lists to produce (T0, (2, 1)). To produce the RF

distance for row Ti, each column in the final similarity matrix is subtracted from

n − 3, the maximum possible RF distance where n represents the number of taxa

in the t trees of interest. Together, the output from the reduce stage yields a final

sub-matrix. For each node Ni, the resulting sub-matrix is written to a file. These

files can then be combined to form a final RF matrix, or be kept in their partitioned

form for easier handling.

4. Algorithm Analysis

MrsRF(p, q) is where all of the computation for the MrsRF algorithm lies. At least

one node will require O(t) time to obtain the trees for its P and Q sets. The first

map phase of the MrsRF(p, q) algorithm, which is based on HashRF’s first phase,

requires O( (n(p+q))
m

), where n is the number of taxa and m is the number of mappers.

O(n(p+q)) is the total number of bipartitions that must be processed across the p+q

trees and inserted into the hash table. Suppose b unique bipartitions are found. In the

worst case, a bipartition has a length of p+q, which reflects the fact that it appears in

all p+ q trees. Hence, the complexity is O( b
r
(p+ q)) for the first reduce phase, where

r is the number of reducers. For the second phase of the MrsRF(p, q) algorithm, in

the worst case, each mapper requires O( bpq
m

) to produce its local similarity matrix.

Each reducer requires O(mpq
r

) time. Hence, if p and q are large enough, phase 2 is

more time-consuming than phase 1 in the MrsRF algorithm. Our analysis does not

incorporate communication costs as there is not an explicit model of communication

for the MapReduce framework.
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5. Experimental Analysis

We ran our experiments on 20,000 and 33,306 biological tree collections consisting

of 150 and 567 taxa, respectively. MrsRF was implemented using Phoenix [82],

a MapReduce implementation for shared memory multi-core platforms, and Open-

MPI [84]. Our results show that MrsRF is a promising methodology for parallelizing

the all-pairs RF distance problem. In our experiments, MrsRF shows good overall

speedup. On 8 cores, MrsRF is over 6 times faster than the best-performing sequen-

tial algorithm, which is also MrsRF run on a single core. For 32 cores, it is 18 times

faster than the serial version of MrsRF. Speedup resulted from allowing the underly-

ing MapReduce runtime system to schedule communication on the multi-core system,

which greatly simplifies MrsRF’s implementation.

a. Cluster configurations

To test how much a factor architecture is to speedup, we used different system con-

figurations to measure performance. Let N denote the number of nodes used, and c

denote the number of cores used on each node. For any N×c configuration, there are

Nc total cores being utilized. Thus, for 8 total cores to be used, we run our algorithm

using 1× 8, 2× 4, 4× 2 and 8× 1 configurations. Each curve denotes the number of

cores utilized per node. Therefore, if c = 4 and the total number of cores is 8, then

this data point reflects a 2× 4 configuration. Likewise, if c = 1 and the total number

of cores is 32, then the data point reflects a 32× 1 configuration.

b. Establishing the fastest sequential algorithm

We evaluate the performance of MrsRF on our computational platform as we vary

the number of cores, the number of nodes, and the problem size of interest. First,
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Fig. 21. Sequential running time and speedup of HashRF, HashRF(p, q), and

MrsRF (1 core) algorithms on 20, 000 and 33, 306 trees on 150 and 567 taxa, re-

spectively.

we establish the fastest sequential algorithm in order to compute the speedup of our

approach. Speedup is defined as T1
TN×c

where, T1 is the time required by the fastest

sequential program and TN×c is the time required by MrsRF run on N nodes and

c cores. Previous experiments established HashRF and HashRF(p, q) as the fastest

sequential algorithms for computing the RF matrix [14, 77].

Figure 21 compares the sequential running time of HashRF, HashRF(p, q), and

MrsRF. Each data point represents the average of five runs of the algorithm for each

dataset. Surprisingly, our experiments showed that our MrsRF algorithm using 1

core is up to 2.8 times faster than HashRF on larger tree sets. This corresponds to

an average time of 680.9 seconds for MrsRF compared to a running time of 1913.22

seconds for HashRF, and a running time of 1657.75 seconds for HashRF(p, q). The dif-

ference in performance is due to language-specific implementation decisions. MrsRF

is written in C to match the implementation language of Phoenix. HashRF and

HashRF(p, q), on the other hand, are C++ implementations that employ the Stan-

dard Template Library (STL) and classes, which introduces extra overhead when
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Fig. 22. Speedup of MrsRF algorithm on various N × c multi-core cluster configura-

tion.

compared to MrsRF’s ANSI C implementation. Thus, all our speedup results are in

relation to MrsRF run on a single core.

c. Multi-core performance on freshwater trees

Figure 22 shows that as the number of bipartitions increase, so does the performance

of MrsRF. For our 150 taxa case, we attain perfect speedup on the 2 core case,

and near-linear speedup through the 8 core case. At this point, we begin observing

differences in the performance of MrsRF, given the base architecture. While the curves

for c = 2 and c = 4 performs the best, the c = 1 and c = 8 configurations performs the

poorest. Performance differences across various cluster configurations are underscored

as the total number of cores increases. This is due to overhead in partitioning the

data (c = 1) and inter-node resource contention for memory bandwidth (c = 8).

Despite this, an increase in total cores results in an increase in performance, and we

see our best performance when 16 total nodes is utilized, with a maximum speedup

of 7.25 for this dataset. This corresponds to an average running time of 8.73 seconds

for MrsRF on 32 cores.
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Fig. 23. Performance of Phase 1 and Phase 2 of MrsRF(p, q) on 567 taxa and 33, 306

trees.

d. Multi-core performance on angiosperms trees

We see a similar trend in architectural performance in the 567 taxa case, thus under-

scoring the importance of managing resource contention and communication overhead

in relation to performance. However, with the increased bipartitions present in the

567 taxa case, we see a markedly increased amount of speedup, with a maximum

amount of speedup of 18.4 attainable with 32 cores using a 16 × 2 cluster config-

uration. The maximum speedup corresponds to an average running time of 36.93

seconds. In comparison, it took the serial execution of MrsRF an average of 680.9

seconds to compute the RF matrix, while it took HashRF and HashRF(p, q) an av-

erage of 1913.22 and 1657.75 seconds respectively. Our results show that MrsRF is

a very scalable approach for computing the all-to-all RF Matrix, with performance

increasing with large problem sizes. Figure 23 shows that Phase 2 of the MrsRF(p, q)

approach exhibits linear speedup. Overall speedup of MrsRF increases (decreases)

when Phase 2 (Phase 1) of MrsRF(p, q) dominates the computation time. Once again,

the differences in speedup that we observe with different N × c configurations suggest
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that multiple cluster configurations should be run to achieve the maximum speedup.

C. Phlash: Advanced Topological Comparison

The Phylogenetic Hashing (or Phlash) algorithm is a fast serial algorithm for com-

paring large groups of phylogenetic trees. It is faster than MrsRF executed on one

core, and removes the need to allocate a t×t matrix in memory. This is accomplished

through the use of two novel data structures in tandem: the compact table and the

inverted index. By using these data structures together, we can (a) reduce the number

of comparisons needed to compare t trees, and (b) we can compute the t× t matrix

one row at a time, reducing the O(t2) memory footprint to O(t). This allows us to

compute matrices of arbitrary size.

Furthermore, we explore new methods for assessing the topological diversity in

a collection of trees by utilizing a feature-based bitstring representation of a phyloge-

netic tree. The presence or absence of these features (bipartitions) can be summarized

using four numeric quantities: a, b, c and d. Any number of distance and similarity

measures between trees can be written as a function of these four values. Phlash can

quickly compute a distance or similarity matrix of any coefficient that is a function

of a, b, c and d. In this section, we also explore the viability of 24 widely used coef-

ficients for quantifying the topological richness in a collection of trees. Our results

demonstrate the usefulness of these different coefficients, and suggest a motivation to

look beyond traditional distance measures for analyzing collections of phylogenetic

trees.
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1. The ABCs of Topological Comparisons

We develop a general framework for designing similarity and distance measures for

phylogenetic trees based on their bitstring representation. There is a vast liter-

ature of similarity and distance measures that are based on bitstring representa-

tions [85, 86, 87], which includes measures used in phylogenetics such as the Robinson-

Foulds distance. Our Phlash algorithm leverages these measures by representing trees

efficiently as bitstrings. Certainly, the idea of representing trees by their bitstring rep-

resentation is not new. Each edge of a tree separates a subtree from the root, and this

subtree contains a subset of the taxa. If we list all possible subsets of the n taxa and

order them, we can create a bitstring for a tree. We would put a 0 for the subset if tree

Ti contained that edge and a 1 if it did not contain that edge. Unfortunately, using

this representation, the size of a bitstring for any given tree would be O(2n−1−n−1),

where n is the number of taxa. For most trees with the number of taxa, n, of interest,

such a bitstring representation is infeasible.

Our Phlash algorithm uses an m-bit bitstring representation of the trees, where m

is equal to the number of unique bipartitions in a collection of interest. The intuition

behind this representation is to only have bipartitions that appear in the collection

of trees as features of the tree bitstrings. In practice, m << 2n−1 − n − 1 since the

trees from a phylogenetic analysis share many bipartitions. For example, the 6 trees

from Figure 10(a) contain 8 unique bipartitions and thus can be represented with a

8-bit bitstring.

a. Computing similarity and distance between bitstrings

Recent work [85, 86] provides us with over 75 similarity and distance measures (or

coefficients) used over the last century for determining similarity and difference of
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Table II. A contingency table showing the relationship of the variables a, b, c, d and

m for two objects X and Y .

Y
presence (or 1) absence (or 0) total

X
presence (or 1) a b a+ b
absence (or 0) c d c+ d

total a+ c b+ d m = a+ b+ c+ d

binary strings. These measures are each expressed as a function of five variables:

a, b, c, d, and m. Table II shows the relationship of these variables to each other.

In comparing any pair of bitstrings X and Y : a represents the number of features

present in both X and Y , b is the number of features in X but not Y , c is the number

of features in Y but not X, d is the number of features not present in either X or Y ,

and m is the total number of bits (i.e., m = a + b + c + d). Here, m represents the

number of unique bipartitions in the input collection of trees. The minimum value

that m can take on is the number of non-trivial bipartitions in an unrooted tree,

or n−3, where n is the number of taxa in that tree. This occurs if all the trees in the

collection are identical. If trivial bipartitions are of interest (as it is in the weighted

case), the total number of bipartitions in a tree (and thus the minimum value of m)

is 2(n− 1).

Table III shows a sample of 24 similarity and distance measures expressed in their

algebraic formulation. Consider the following bitstrings representations for trees T0

(10010100) and T1 (10000110). We observe here that a = 2, b = 1, c = 1, and d = 4.

In general, for binary trees, b = c. Thus, the Dice similarity (C3 in Table III) between

T0 and T1 is 0.67, and the RF distance (C24 in Table III) is 1. More specifically, in

terms of bipartitions as features of trees T0 and T1: a corresponds to the shared

bipartitions between trees T0 and T1, b represents the number of unique bipartitions

in tree T0 that are not in tree T1, c is the number of unique bipartitions in T1 that are
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not in T0, and d represents the number of unique bipartitions that are absent from

both trees T0 and T1.

b. Weighted similarity and distance

The binary formulation for our a, b, c, and d values assumes that all our unique

bipartitions are weighted equally. While this is a valid assumption for unweighted

phylogenies, it no longer holds for weighted phylogenies, in which bipartitions in each

tree can have a different weight associated with them. The formulation of a, b, c, and

d values can be extended to account for real values.

Suppose we have two trees, X and Y , over some larger collection of t trees, in

which there are m unique bipartitions. Each tree can be represented by an array

X = {x1 . . . xm} and Y = {y1 . . . ym}, where xi and yi denotes the weight of the

ith bipartition in trees X and Y respectively. Since each tree has at most 2n − 2

bipartitions, m ≥ 2n−2. Suppose bipartition j does not exist in tree X. In this case,

xj would be 0.0. Since a represents the number of bipartitions that are contained in

both X and Y , it follows that
∑m

i=1 xiyi is the weighted representation of a. Note that

if either xi or yi is 0.0, the product for the ith bipartition would be 0.0. b+ c, which

is thought of as the difference sum, is represented by the notation
∑m

i=1 |xi − yi|. It

also follows that
∑m

i=1 xi is the weighted version of a+ b and
∑m

i=1 yi can be though

of a + c. In certain measures, however, the weighted versions of (a + b) and (a + c)

become
∑m

i=1(xi)
2 and

∑m
i=1(yi)

2 respectively. However, when dealing with binary

presence or absence, then
∑m

i=1 xi =
∑m

i=(xi)
2.

Weighted coefficients can thus be derived by combining these values together.

Notably absent from this discussion is the handling of value d. Since d represents

the quantity of bipartitions that are not contained in either X or Y , and when a

bipartition is not contained in X or Y it has a value of 0.0, d in the weighted context
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Table III. A sampling of similarity and distance coefficients that appear in the lit-

erature [85, 86, 87]. D or S represents whether the coefficient measures distance

or similarity between two trees, respectively. Bipartition ranges are for non-trivial

bipartitions.

Coeff S/D Equation Range Year
General Bipartitions

C1 D Hamming = b+ c [0,m] [0, 2(n− 3)] 1950
C2 S Jaccard-Tanimoto = a

a+b+c
[0, 1] [0, 1] 1901

C3 S Dice = 2a
2a+b+c

[0, 1] [0, 1] 1945
C4 S Russel-Rao = a

m
[0, 1] [0, 1] 1940

C5 S Sokal-Sneath = a
a+2b+2c

[0, 1] [0, 1] 1963

C6 S Hamann = a+d−b−c
m

[−1, 1] [−1, 1] 1961
C7 S Yule = ad−bc

ad+bc
[−1, 1] [−1, 1] 1900

C8 S Ochai = a√
(a+b)(a+c)

[0, 1] [0, 1] 1957

C9 S Anderberg = α−β
2m

, where
α = max(a, b) + max(c, d) +
max(a, c) + max(b, d) β =
max(a + c, b + d) + max(a +
b, c+ d)

[0, 1
2
] [0, 1

2
] 1973

C10 S Forbes = am
(a+b)(a+c)

[0,∞) [0,∞) 1907

C11 S Mountford = a
1
2

(ab+ac)+bc
[0, 1] [0, 1] 1962

C12 S Sorgenfrei = a2

(a+b)(a+c)
[0, 1] [0, 1] 1959

C13 S Gilbert & Wells = log a −
logm− log(a+b

m
)− log(a+c

m
)

(−∞,∞) (−∞,∞) 1966

C14 S Tarwid = ma−(a+b)(a+c)
ma+(a+b)(a+c)

[−1, 1] [−1, 1] 1960

C15 S Johnson = a
a+b

+ a
a+c

[0, 2] [0, 2] 1967

C16 S Peirce = ab+bc
ab+2bc+cd

[0, 1] [0, 1] 1884

C17 S Driver-Kroeber = a
2
( 1
a+b

+
1
a+c

)

[0, 1] [0, 1] 1932

C18 S Fager-McGowan =
a√

(a+b)(a+c)
− max (a+b,a+c)

2

(−∞, 1
2
] (−∞, 1

2
] 1963

C19 D Euclidean =
√
b+ c [0,

√
m] [0,

√
2(n− 3)] 300

BC

C20 S Stiles = log
m(|ad−bc|−m

2
)2

(a+b)(a+c)(b+d)(c+d)
(−∞,∞) (−∞,∞) 1923

C21 S Rogers-Tanimoto = a+d
a+2(b+c)+d

[0, 1] [0, 1] 1960

C22 S Eyraud = m2(ma−(a+b)(a+c))
(a+b)(a+c)(b+d)(c+d)

(−∞,∞)
[ −m2

(m−(n−3))2
,

m2

(n−3)(m−(n−3))

] 1936

C23 D Lance-Williams = b+c
2a+b+c

[0, 1] [0, 1] 1967

C24 D Robinson-Foulds = b+c
2

[0, m
2

] [0, n− 3] 1981
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is always 0. For this reason, it is rare to find a weighted definition of for coefficients

involving the quantity d. Of our sample of 24 coefficients, we were able to identify

10 weighted forms in the literature [88], and propose a derivation of an additional 5.

These can be viewed in Table IV.

2. Algorithm Description

In this section, we discuss the intricacies of the Phlash algorithm. Phlash can handle

both weighted and unweighted topologies. While the algorithms for both are largely

the same, there are subtle differences that need to be discussed. In both cases, the

bipartitions from each individual tree are extracted and inserted into a hash table,

which is used to identify the set of unique bipartitions (see Chapter IV). The contents

of the hash table are then transformed into an intermediary structure on which all

critical operations are formed. We discuss this process in the subsections below, and

discuss how the unweighted and weighted cases relate to each other.

a. Step 1: Constructing the compact or shared table of interest

To construct the similarity or distance matrix of interest, we next take the contents of

our hash table and convert it to an intermediary structure which we then use for all

further computations. For the unweighted case, this intermediary structure is called

the compact table. For the weighted case, we use a different structure called the shared

table. We discuss these in turn in the paragraphs below.

The unweighted case: Constructing a compact table. After constructing the hash

table for a collection of t trees, we convert it to a compact table to attain better

running time and storage requirements. For every bipartition B, there is a set of

trees that contain it, and a set of trees that do not. Our new compact representation
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Table IV. Established and proposed weighted coefficients for our 24 distance measures.

Measures that were not found from the literature [88], but derived independently are

marked with the prefix P . Measures we were unable to derive or find in the literature

are marked with ‘n/a’.

Coeff S/D Name Weighted Equation Range
C1 D Hamming

∑m
i=1 |xi − yi| [0,∞)

C2 S Jaccard-Tanimoto
∑m

i=1 xiyi∑m
i=1(xi)2+

∑m
i=1(yi)2−

∑m
i=1 xiyi

[−1/3, 1]

C3 S Dice
2
∑m

i=1 xiyi∑m
i=1(xi)2+

∑m
i=1(yi)2

[0, 1]

C4 S Russel-Rao
∑m

i=1 xiyi
m

[0,∞)

C5 S Sokal-Sneath
∑m

i=1 xiyi
2
∑m

i=1(xi)2+2
∑m

i=1(yi)2−3
∑m

i=1 xiyi
[0, 1]

C6 S Hamann n/a n/a
C7 S Yule n/a n/a

C8 S Ochai
∑m

i=1 xiyi√∑m
i=1(xi)2×

∑m
i=1(yi)2

[0, 1]

C9 S Anderberg n/a n/a

C10 S Forbes
m

∑m
i=1 xiyi∑m

i=1(xi)2×
∑m

i=1(yi)2
[0,∞)

C11 S Mountford n/a n/a

C12 S Sorgenfrei P =
(
∑m

i=1 xiyi)
2∑m

i=1(xi)2×
∑m

i=1(yi)2
P = [0,∞)

C13 S Gilbert & Wells n/a n/a
C14 S Tarwid P =

m
∑m

i=1 xiyi−
∑m

i=1(xi)
2×

∑m
i=1(yi)

2

m
∑m

i=1 xiyi+
∑m

i=1(xi)2×
∑m

i=1(yi)2

P = [−1, 1]

C15 S Johnson P =
∑m

i=1 xiyi∑m
i=1(xi)2

+
∑m

i=1 xiyi∑m
i=1(yi)2

P = [0, 2]

C16 S Peirce n/a n/a

C17 S Driver-Kroeber P =
∑m

i=1 xiyi
2

× ( 1∑m
i=1(xi)2

+
1∑m

i=1(yi)2
)

P = [0, 1]

C18 S Fager-McGowan P =
∑m

i=1 xiyi√∑m
i=1(xi)2

∑m
i=1(yi)2

−
max(

∑m
i=1(xi)

2,
∑m

i=1(yi)
2)

2

P = (−∞,∞)

C19 D Euclidean
√∑m

i=1 |xi − yi|2 [0,∞)
C20 D Stiles n/a n/a
C21 S Rogers-Tanimoto n/a n/a
C22 S Eyraud n/a n/a

C23 D Lance-Williams
∑m

i=1 |xi−yi|∑m
i=1 xi+

∑m
i=1 yi

[0, 1]

C24 D Robinson-Foulds
∑m

i=1 |xi−yi|
2

[0,∞)
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Fig. 24. Data structures used in Phlash for the phylogenetic trees shown in Figure 10.

For the compact table (a), the global counter is 2 and local [0 . . . 5] is 0, 1, 1, 0, 0,

0. An ∗ denotes a compacted line. The inverted index in (b) is based directly on the

compact table in (a).

stores the smaller of these two sets. Let T represent the set of input trees, where

|T | = t. Let Bshare represents the set of trees that share bipartition B. Bnoshare ≡ T −

Bshare. If |Bshare| < |Bnoshare|, then bipartition B’s list of TIDs is Bshare. Otherwise,

it is Bnoshare. For example, the bipartition ABC|DEF located in H[12.98] in Fig-

ure 13 occurs in trees T0, T3, T4 and T5. Hence, there are four trees that share this

bipartition and two trees (T1, T2) that do not contain it. Thus, only T1 and T2 are

associated with this bipartition in our compact representation (row 2 in Figure 24(a)).

Let S(i, j) represent the number of bipartitions that are shared between trees

Ti and Tj. S(i, j) is a crucial quantity for computing the value of a. According to

the hash table(Figure 13), bipartition AB|CDEF is contained in all of the trees.

Normally, all t2 cells in the shared matrix S will be incremented by one. Instead of

incrementing every S(i, j) entry, Phlash instead increments a global counter to sym-

bolize updating each entry S(i, j) in the matrix. We note here that since |Bnoshare|

for the bipartition (AB|CDEF ) is zero, it does not need to be stored in the compact
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Fig. 25. An illustration of how to update the shared matrix S when trees T0, T3, T4,

and T4 share bipartition ABC|DEF , which is depicted in Figure 13. (a) How the

entries in the 6 × 6 matrix are normally updated using a hash table. (b) How the

matrix is updated using a compact table.

table. A single increment to the global counter is sufficient to account for this bi-

partition.

Consider bipartition ABC|DEF in Figure 13(a). Figure 25(a) shows how the

shared matrix is normally updated after processing this bipartition. Row 2 of the

compact table (see Figure 24(a)) stores the Bnoshare set of this bipartition, and the

global counter is incremented by one. However, cells S(1, i), S(2, i), S(i, 1)], and

S(i, 2), where 0 ≤ i ≤ 5, should not be updated (see Figure 25(b)), and are over-

valued by the global counter. To handle this situation, we correct the shared matrix

values by using a local vector, whose length is equal to t, the number of input trees.

Thus, for this bipartition, local[1] and local[2] are incremented by one.

The weighted case: Constructing a shared table. If the set of input trees contain

branch lengths, Phlash will calculate the weighted distance between them. For the

calculation of weighted coefficients, three main quantities come into play: (a + b),
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(a + c), and a. Since (a + b) and (a + c) equal the quantities
∑m

i xi and
∑m

i yi

respectively, it suffices to simply sum together all the branches in each tree and store

it in a array. In cases where the quantities
∑m

i (xi)
2 and

∑m
i (yi)

2 are needed, we

store the sum of the squares of all the branches instead. What remains is to compute

the value of a, which is
∑m

i xiyi in our similarity coefficients and
∑m

i |xi − yi| in

our distance coefficients. For calculating a for our similarity coefficients, we used a

shared table data structure in conjunction with a data structure called the shared

inverted index. A shared table is simply a linearized version of our hash table, where

each bipartition occupies single row. For each bipartition, we store the id of the

tree that contains it, and its associated weight. Note that a compact table does not

make sense here, since branch lengths are over an infinite domain, unlike our tree

ids. The shared inverted index contains t rows, one for each tree. For each row,

we note the bipartitions that the tree contains, along with the associated weights.

Figure 26 illustrates the corresponding shared table (Figure 26(a)) and the shared

inverted index (Figure 26(b)) for the weighted trees presented in Figure 10.

b. Step 2: Computing the a, b, c, and d values between trees

Once the appropriate intermediary data structures are populated, we perform oper-

ations on them directly to compute our a, b, c, and d values of interest. For the

unweighted case, these operations are performed on the compact table and inverted

index. For the weighted case, the shared table and shared inverted index are used for

the computation. Details for the unweighted and weighted computation follow below.

Using a compact table to compute the a, b, c, and d values for two trees. Consider

two trees Ti and Tj. Once the compact table is constructed and the global and
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Fig. 26. Data structures used in Phlash for the phylogenetic trees shown in Fig-

ure 10(b). Note that both the shared table (a) and the shared inverted index (b)

have branch lengths associated with each tree id.
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local vectors are updated, the value of a for Ti and Tj is:

a = S(i, j) + global − local[i]− local[j]. (5.1)

Given the value of a, it is easy to get the values of the other variables. The maximum

number of bipartitions in a binary tree is n− 3. Hence, for binary trees, b and c are

equal to (n − 3) − a. However, if during step 1, if we detected that our trees are

multifurcating, then we keep a separate vector that stores the number of bipartitions

that a tree contains. Let ui and uj, where 0 < ui, uj ≤ (n− 3), represent the number

of bipartitions in trees Ti and Tj, respectively. Then, b = ui − a and c = uj − a.

Once we have the values for a, b, c, and m, we can easily get the value for d, which

is m − (a + b + c). With these values, we can compute the distance between trees

Ti and Tj using any of the measures listed or more generally, any measure that is a

function of a, b, c, d and m.

Using a shared table to compute the a, b, and c values for two trees. Our shared

table alone is sufficient to calculate the value of
∑m

i=1 xiyi. To compute a =
∑m

i xiyi

for our similarity measures for a particular row in our matrix, we use the shared

inverted index to to guide us to which rows in the shared table we should visit,

and the associated branch length values that should be used in the calculation. For

example, to calculate the first row of our matrix, we will visit shared table locations

3, 5, 6, 7, 8, 10, 11, 12 and 13 (Figure 26(b)) according to our shared inverted index,

as those are the row locations that contain T0 in our shared table. In the first access

to our shared table, we visit row 3 in our shared table with value 0.14. The first

row of the matrix then gets the values of [(0.14× 0.14), (0.14× 0.12), (0.14× 0.63),

(0.14× 0.23), (0.14× 0.26), (0.14× 0.27)], or [0.0196, 0.0168, 0.0882, 0.0322, 0.0364,

0.0378]. The next access to our shared table, we visit row 5 with value 0.63. We
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add this new series of multiplications to the vector of values that already exist. For

example, we add (0.63 × 0.63) to 0.0196, the the current value residing in cell (0,0)

to yield a updated value of 0.4165. In this manner, all the corresponding cells in our

row of interest is updated, until we have all the weighted a values for the row.

For distance measures, we must account for both the presence and absence of

any bipartition for any pair of trees. However, since a shared table does not tell

our algorithm what bipartitions are not shared between two trees, we use the fully

inverted index to calculate our values. The fully inverted index (not shown) is a t×m

structure, where each row pertains to a tree, and each column to a unique bipartition

in our collection. If a tree contains a bipartition, its weight is used. If the tree does

not contain a bipartition, the corresponding value is 0.0. For any pair of trees X

and Y , we visit rows X and Y in our inverted index and calculate a =
∑m

i |xi − yi|

accordingly. Thus, to compute trees 1 and 2, we iterate over all the bipartitions in

rows 1 and 2 of our inverted index. Once these a quantities are established, it is easy

to compute any of our defined weighted coefficients.

A note about weighted measures for comparing trees in the literature. To the best

of our knowledge, Phlash is currently the only program in the literature that can

compute the weighted RF distance. We examined a number of phylogenetic soft-

ware programs, such as WHashRF (unreleased), RAxML, PhyloNet, and Felsenstein’s

treedist program. While RAxML and PhyloNet claim to calculate the weighted RF

distance, the value actually being calculated is the RF rate (or the normalized RF

distance), which does not require branch lengths to be computed correctly. The

treedist program does not implement weighted RF distance. However, it does im-

plement a version of Euclidean distance that is implemented in Phlash as well (C19).

Lastly, WHashRF is an unpublished program for calculating weighted RF dis-
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tances. While most of the code is correct, we found a few serious errors in the

implementation that cause the weighted RF distance between two trees to be com-

puted incorrectly. In addition to RF distance, we have also implemented the weighted

coefficients for the 15 coefficients that we were able to derive from available literature

and independently.

c. Step 3: Computing a t× t matrix of interest

Even with a reduction of the number of comparisons, memory requirements can prove

to be prohibitive. Since it is impossible to determine which trees will be associated

with what bipartition in a collection of trees, a t× t matrix is necessary allocated in

memory to allow for the near-random increment of cells. However, the allocation of

the t× t matrix quickly becomes a bottleneck for very large collections. Consider our

insects collection of 150, 000 trees over 525 taxa. The corresponding matrix requires

60 GB of space, which is not possible to allocate in main memory on commercially

available desktop machines.

To reduce memory requirements, Phlash updates the matrix S (and the corre-

sponding similarity or distance matrix X) one row at a time. We use an inverted

index to help us identify where each tree id is located in the compact table. Row i

of the inverted index corresponds to tree Ti and the contents at this row refer to the

locations in the compact table where Ti appears. For example, the inverted index

in Figure 24(b) shows that tree T1 is located at locations 2, 4 and 5 in the compact

table.

Unweighted computation. To compute the t × t similarity or distance matrix of

interest, we start with computing row 0 which corresponds to tree T0. For each j

in row 0 of the inverted index, we increment S[0, j] by 1. Afterwards, we compute
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the values of a, b, c, and d as described above to calculate X[0, l], where 0 ≤ l < t.

We continue the above process to compute each row i of the similarity or distance

matrix, X.

Weighted computation. For the weighted computation, we compute the row of a

values using the appropriate procedure described above, depending on whether or not

a similarity or distance coefficient is being calculated. Once our array of a values is

computed, we use the (a+b) and (a+c) as described above to calculate X[0, l], where

0 ≤ l < t. As before, this process is repeated until each row of the similarity matrix

is computed.

d. A note about comparing heterogeneous trees

Our hashing strategy in combination with the use of partial bitstrings allows Phlash

to compare heterogeneous trees with no extra overhead. Our a, b, c and d values

are calculated as per normal. Consider T0 and T1 from Figure 15. Both share rela-

tionship 11 (AB) and 111 (ABC). T0 has the unique relationships 000111 (DEF)

and 000011(EF). T1 has the unique relationship 00011 (DE). Therefore, a = 2,

b = 2 (4 − 2), and c = 1 (3 − 2). The RF distance, represented by b+c
2

, will be

1.5 for these two trees.

3. Algorithm Analysis

Like MrsRF, O(nt) time and storage is needed for computing our hash table. The

power of Phlash lies, however, in the reduction of comparisons and the memory foot-

print for the t× t matrix. We discuss each of these in turn. For unweighted trees, the

performance of Phlash improves with the level of bipartition sharing, due to the use

of the compact table. This guarantees that each line in our compact table has length
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O( t
2
), where t is the number of trees in our collection. Given that a tree has at most

O(n) bipartitions, in the worst case, each tree has each of its bipartitions on a line

that is shared by t
2

trees. Thus, to compute one row of the matrix, O(nt
2

) comparisons

will be needed in the worst case. In the best case, all the trees are identical. In this

case, no comparisons are necessary, as all the relevant values for computing a will be

stored in our global counter.

In contrast, our weighted similarity coefficients require a shared table, resulting

in O(nt) comparisons to compute a row of the matrix. For our weighted distance

approaches, O(mt) comparisons are needed on the inverted index, where m is the

number of unique bipartitions in the collection. Since m ≥ n, this explains why the

computation of our weighted distance coefficients takes much longer than those of

our weighted similarity coefficients. In all cases however, we can compute arbitrarily

large comparison matrices. This is due to the reduction of the memory footprint. In

MrsRF and previous approaches, a t × t matrix or sub-matrix must necessarily be

allocated in memory. In Phlash, we only allocate one row of the matrix. This reduces

the memory footprint from O(t2) to O(t), where t is the number of trees.

4. Experimental Analysis

a. Summary of Phlash performance

We tested the performed of Phlash over three biological datasets: angiosperms,

fish and insects. To measure performance, Phlash was run on each dataset and

coefficient. The run-times shown represent the average of three runs.

Unweighted performance. Phlash is very efficient on unweighted phylogenies. Fig-

ure 27 shows the performance of Phlash on the RF coefficient (Figure 27(a)) and on

our 24 implemented coefficients (Figure 27(b)). On our smallest dataset of angiosperms,
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Fig. 27. Analysis of Phlash performance. (a) shows the running time of Phlash-RF

compared to other RF algorithms. (b) shows the running time of Phlash on all our

coefficient methods. Results for each dataset are shown.

Phlash-RF is roughly 2.5 times faster than MrsRF, 6.5 times faster than HashRF,

and 160 times faster than Day’s algorithm. Due to memory restrictions, MrsRF and

HashRF were unable to calculate the RF matrices for the fish and insects datasets

serially on our platform. Since Day’s algorithm computes the RF distance between

every pair of trees, we were able to use it as a basis of comparison on these larger

datasets.

On the fish dataset, Phlash-RF is approximately 105 times faster than Day’s

algorithm. On our largest dataset (insects), Day’s took over 10 days to compute

the 60 GB RF matrix required for this dataset. Phlash-RF is 60 times faster by

comparison, taking approximately 4 hours to compute and print out the matrix. We

note that for each of our datasets, Phlash computes all the coefficients in significantly

less time than it takes Day’s algorithm to finish the computation of the RF matrix

for the dataset of interest.
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Fig. 28. Weighted run-time performance of our different coefficients on our weighted

datasets of interest. Due to their complexity, distance measures perform worse than

similarity measures.

Weighted performance. Due to additional complexity of branch lengths, the weighted

coefficient calculation in Phlash is significantly slower than than the unweighted co-

efficient calculation. The fact that we can no longer take advantage of a compact

table for our weighted similarity measures causes results in a slow-down of about

15. Figure 28 shows the performance of our weighted coefficients. Phlash computes

our weighted distance coefficients, which requires only the inverted index for calcula-

tion, up to 100 times slower than the unweighted distance calculation. The weighted

distance measures are also about 12 times slower to calculate than our weighted sim-

ilarity measures. In contrast, the unweighted similarity measures were up to 3 times

slower than the unweighted distance measures (namely RF), due to the extra overhead

involved in these computations over something simple like RF (which uses simply the

b or c value for binary trees). In the future, we plan on optimizing the performance

of our weighted coefficients.
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5. Identifying rogue taxa

Now that we have a number of ways to compare trees, our goal was to see if we

could use any of them to address the rogue taxa problem. Recall the two trees

shown in Figure 11. If taxon E were removed, both of these trees have the same

unrooted topology. However, given the placement of taxon E in both trees, they have

the maximum RF distance of 3. To test how robust the 24 coefficients are to the

rogue taxa problem, we compared the two trees using each of our 24 coefficients. We

found that all our distance coefficients yield the maximum distance for the respective

ranges for the two trees. For the similarity coefficients, all but 4 yielded the minimum

similarity value: Anderberg (returned 0.5, min is 0), Peirce (returned 0.5, min is 0),

Fager-McGowan (returned −1.5, min is −∞) and Stiles (returned 0.426, min is −∞).

This suggests that these four coefficients may be useful as alternatives for the rogue

taxa problem. While the test was on a small topology, the results will hold for larger

topologies where the RF distance is maximally distant, as the values of b, c, d, and

m will increase in constant proportion to the increase in n, the number of taxa. a

will continue to remain 0, so the relationships will not change.

6. Clustering of coefficients

Next, we wished to ascertain how our 24 coefficients compared to each other. By

comparing the trees with the 24 similarity and distance coefficients, we will be able

to analyze different perspectives of tree relationships across phylogenetic analyses.

We use Ward’s hierarchical clustering algorithm [89] to cluster the runs. Such a

clustering produces a rooted dendrogram, and such dendrograms are non-trivial when

clustering three or more objects. For us, this means that we need to consider datasets

consisting of three or more runs. Hence, our focus on the angiosperms and insects
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tree collections.

Next, we used the Mantel statistic [90] to compute the correlation between the

matrices. The Mantel test examines the relationship between two square matrices

(often distance matrices) X and Y . The values within each matrix (X(i, j) or

Y (i, j)) represent a relationship between points i and j. The basic Mantel statis-

tic is simply the sum of the products of the corresponding elements of the matrices

Z =
∑

i,j X(i, j)Y (i, j), where i 6= j. Because Z can take on any value depending

on the exact nature of X and Y, one usually uses a normalized Mantel coefficient,

calculated as the correlation between the pair wise elements of X and Y. Like any

product-moment coefficient, it ranges from -1 to 1.

The Mantel statistic as implemented in R requires all of the matrices to be dis-

similarity matrices. Since we have a combination of similarity and distance matrices,

we converted all of the matrices to Euclidean distance matrices, which is the default

option, using the dist function in R. Figure 29 shows the result.

a. angiosperms dataset

Figure 29(a) shows the relationships between the 24 different coefficients on the

angiosperms dataset. Clearly, the coefficients cluster in a distinct fashion. We ob-

serve two main clusters, with two large sub-clusters underneath. This suggests that

our different coefficients tell different stories about how the trees are related, with a

cluster representing a consensus on the types of stories being told. Of note is that

Anderberg (C9), Peirce (C16) and Stiles (C20) appear in a distinct cluster from all

the other coefficients. These are three of the four coefficients that were immune to the

rogue taxa example that we showed in Figure 11. Figure 29(b) shows what happens

when we adjust the data to include trivial bipartitions. Since all trees have the same

n taxa in common, this inflates the similarity between all the trees by n. The result
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Fig. 29. Heatmaps depicting the relationship of the 24 similarity and distance coeffi-

cients. In (a) and (b) we show the regular and adjusted correlation matrices for the

angiosperms dataset. In (c) we show the correlation matrix for the insects dataset.
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is that the heatmap in Figure 29(b) looks more uniform than the one in Figure 29(a).

However, it is still significant to note that all three coefficients still cluster separately

from the large, main block of coefficients, of which RF distance (C24) and RF Rate

(C23) belong to. This could be a possible reason why these three coefficients treat

rogue taxa differently than RF.

b. insects dataset

The insects dataset is composed of five runs using the maximum parsimony opti-

mization criterion. Each run contains 30, 000 trees. Figure 29(c) shows the same

information regarding the correlation of the coefficients to each other. This dataset

only has 573 unique bipartitions. Given that a binary tree for this dataset over 525

taxa would have 522 unique bipartitions, the fact that there are only 573 unique bi-

partitions across the 150, 000 trees implies high similarity across the tree collection.

As a result, 22 of the 24 measures agreed on their clustering of the data. However,

it is still interesting to note that Peirce and Fager-McGowan clustered together and

separately from the large main cluster. Once again, these are two coefficients that

were robust to our rogue taxa example.

What could be causing different coefficients to cluster together? We believe the

clustering patterns that we have observed have to do with the combination of values

used in the coefficient equations. For example, all the equations that are formed only

with a combination of the variables a, b and c cluster together. Those that use the

variable m in the numerator and denominator form other separate clusters. Finally,

coefficients calculated with a combination of a, b, c and d with d in the numerator

cluster together. As a result, we strongly believe that m and d can have a large impact

on how similar trees appear and offer insights on treating the rogue taxa problem,

as these coefficients incorporate broader aspects of the collection (i.e, the number of
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unique bipartitions in the collection, or the number of bipartitions in the collection

not shared between two trees).

D. Summary

To efficiently compare the topology between large groups of trees, fast algorithms

are needed. However, comparing large groups of trees is both difficult and slow, with

acting as the most common bottleneck and restriction for computing large topological

comparison matrices. To allow for the real-time comparison of trees, we created

MrsRF, the fastest parallel algorithm for computing the all-to-all RF matrix between

trees. To get around the memory bottleneck, MrsRF divides the global t× t matrix

into a series of sub-matrices which are then computed independently via MapReduce.

Furthermore our use of MapReduce is novel, as the output size (a t× t matrix) is

significantly larger than the input of t trees. On 32 cores, MrsRF can compare 20, 000

trees in roughly 8 seconds, and 33, 306 trees in roughly 36 seconds. When run on one

core, it is up to 2.8 times faster than HashRF, the previous fastest serial algorithm.

We then sought to look beyond Robinson-Foulds distance as a method for com-

paring trees. What other methods are there to compare trees? By representing trees

as bitstrings, our algorithm Phlash is capable of comparing trees using 24 novel co-

efficients. Our results for clustering show that these coefficients tell different stories

on how our trees are related to each other, thus motivating future study on the

usefulness of these methods for comparing trees. Furthermore, Phlash employs two

novel data structures that reduce the number of comparisons needed to compute a

t× t matrix, and reduces the memory footprint from quadratic to linear space. This

makes Phlash the fastest serial algorithm for comparing large groups of phylogenetic

trees. Furthermore, it is up to 160 times faster than traditional methods like Day’s
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algorithm.

For biologists, these algorithms represent the fastest and most powerful meth-

ods for studying large collections of trees. Phlash is capable of comparing weighted,

unweighted, rooted, unrooted, binary and multifurcating trees, making it the most

comprehensive package for exploring tree collections today. Since it implements nu-

merous methods for comparing trees, biologists can now look beyond Robinson-Foulds

in their quest of understanding the information content of their large collections of

trees. Furthermore, Phlash is capable of comparing heterogeneous trees, opening up

avenues of tree comparison that were not previously available. The ability to leverage

MapReduce to create topological distances matrices in parallel through MrsRF shows

the potential of using such techniques in the context of other applications, such as

phylogenetic search.

For computer scientists, the data structures and algorithms presented in this

work can be utilized for comparing other types of tree data, or feature-rich datasets.

Given that we are representing trees as bitstrings, it is feasible that other datasets

which utilize bitstrings to denote the presence or absence of features can benefit from

the high performance algorithms presented here, allowing for the fast construction of

large, dense distance and similarity matrices.
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CHAPTER VI

EFFICIENT COMPRESSION OF PHYLOGENETIC TREES

In order to study large collections of trees, efficient methods are needed to store

tree collections compactly on disk. Furthermore, successful version control systems

must effectively compress the information that is contained in its database of files

(or repository), Hence, compression also plays a critical role in its success. How do

we compress large collections of trees effectively? Our solution is TreeZip [15, 16], a

novel algorithm that compactly represents large tree collections. TreeZip is capable

of handling binary or multifurcating phylogenies, whether weighted or unweighted.

It is currently the most efficient method for compressing and storing large collections

of phylogenetic trees.

A. Motivation

Given that many of the evolutionary relationships in a collection of phylogenetic trees

are shared, the novelty of the TreeZip approach is storing such relationships only once

in the compressed representation. TreeZip compresses a Newick file based on the

semantic representation (i.e., tree bipartitions and unique topologies). The Newick

format [69] is the most widely used file format to represent phylogenetic trees. In this

format, matching pairs of parentheses symbolize internal nodes in the evolutionary

tree.

However, the Newick representation of a tree is not unique. For a particular

tree with n taxa, there are O(2n−1) different (but equivalent) Newick strings to rep-

resent its topology. For example, there are 32 different, but equivalent Newick string

representations for the phylogenetic tree shown in Figure 1. General-purpose data

compression techniques (e.g., gzip, bzip, and 7zip) cannot recognize (or leverage)
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domain-specific information regarding the Newick file. To continue our example, a

general purpose compressor identifies a file containing the 32 different, but equivalent

Newick representations as 32 distinct objects.

In contrast, semantic (or domain-based) compression approaches leverages knowl-

edge of the underlying data to achieve high compression quality. Popular examples

include the PNG format for images, H264 for video, and MP3 for audio files. Thus,

there is great potential for obtaining good compression by utilizing the semantic in-

formation in a Newick file describing large collections of evolutionary trees.

B. TreeZip Algorithm

TreeZip is an efficient compression algorithm that is robust to the multiple Newick

string representations a tree can have. The TreeZip algorithm is composed of two

main parts: compression and decompression. We discuss each of these in turn in

the subsections that follow. Section 1 discusses the process of compression, in which

an inputted Newick file is transformed into the TreeZip compressed format, or TRZ

file. Section 2 discusses decompression, in which a TRZ file is used to reconstruct the

desired set of phylogenetic trees in Newick format. We note here that since any phy-

logenetic tree with n taxa has O(2n−1) equivalent Newick string representations, any

one of these equivalent Newick string representations can be used as the decompressed

version.

Section 3 describes the algorithm behind the TreeZip set operations. Unlike the

compression and decompression functions, the TreeZip set operations take as input

two TRZ files, and outputs a single TRZ file. In this manner, set operations are per-

formed in the context of a TRZ file, without any loss of space savings. The latest im-

plementation of TreeZip can be downloaded from http://treezip.googlecode.com.
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As of March 2012, the software has been downloaded 74 times [91].

1. Compression

In the Newick input file, each string i, which represents tree Ti, is read and stored in

a tree data structure. Bipartitions are extracted via depth-first search traversal and

inserted into the hash table data structure using the h1 and h2 functions described

in Chapter IV. Taxa are ordered lexicographically, where b0 represents the first bit

and the first taxon name in the ordering, b1 is the second bit representing the second

taxon in the ordering, etc. The resulting hash table is then encoded to form the TRZ

file.

The first three lines of the compressed TRZ file represent the taxa names, the

number of trees in the file, and the number of unique bipartitions. Afterwards, we

process each hash table row which will represent a line in the compressed file. There

are three components (bitstrings, tree ids, branch lengths) to a TRZ line. We also note

here that bipartitions stored in the TRZ file are stored in sorted order according to the

number of ones they contain. Ties are broken lexicographically. This guarantees that

if two tree collections have equivalent one-to-one corresponding sets of trees, the TRZ

files of the two collections will be identical despite differences in the Newick string

representations. Below, we describe how TreeZip encodes each of these components.

a. Encoding bipartition bitstrings

Once all of the bipartitions are organized in the hash table, we begin the process of

writing the TRZ compressed file, which is a plain text file. We run-length encode

our bitstrings. Run-length encoding is a form of data compression in which runs of

data (i.e, sequences in which the same data value occurs in many consecutive data

elements) are stored as a single data value and count, rather than as the original run.
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For the bipartition AB|CDEF (bitstring: 110000) in Figure 13, we would have

a run-length encoding of 1:2 0:4, where each x : y element represents the data value

(x) and the number of repetitions (y). The character denotes a space. Since bit-

strings can either contain runs of 1s or 0s, we introduce two new symbols. 1: is

encoded as K, while 0: encoded as L (we use characters A through J for compress-

ing our list of tree ids described shortly). To maximize compression and to ensure

support of heterogeneous collections of trees, we use an encoded partial bitstring rep-

resentation, where the bitstring is only as long as its left-most 1. Hence, we encode

the bitstring 110000 as K2. In our experiments, we considered taking every group of

7 bits in our bitstring and translating it to an ASCII character. However, we were

able to get better compression by using run-length encoding, which showed significant

benefits on our biological tree collections consisting of hundreds of taxa.

b. Identifying and encoding the set of unique tree ids

Let T represent the set of evolutionary trees of interest, where |T | = t. For a biparti-

tion B, Bshare represents the set of the trees in T that share that bipartition. Bnoshare

is the set of trees that do not share bipartition B. Since these sets are complements,

their union comprises the set T . To minimize the amount of information present in

our TRZ output, we print out the contents of the smaller of these two sets. If |Bshare|

≤ |Bnoshare|, then we output Bshare. Otherwise, Bnoshare is outputted. In our TRZ file,

we denote Bshare and Bnoshare lines with the ‘+’and ‘-’ symbol, respectively. This is

essentially an encoded representation of the compact table discussed in Chapter V.

Even with use of the smaller of the Bshare or Bnoshare sets, the list of tree ids

can get very large. This is due to the fact that as t grows large, the number of

bytes necessary to store a single id also grows. We note first that a tree T can be

represented as a k-bit bitstring, where k is the number of bipartitions discovered
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in the collection. Feeding these k-bit bitstring representations into the h3 and h4

hash functions described in Chapter IV yields the set of unique trees, U , where

|U | = u. This set of unique trees is given the corresponding tree ids of 0 . . . u−1, and

will represent the total set of trees in consideration with any bipartition. Duplicate

information is encoded and stored at the end of the TRZ file.

Since the trees are inserted into the hash table in their order of appearance in

the Newick file, our lists of tree ids will be in increasing order. As a result, we store

the differences between adjacent elements in our tree id list. These differences are

then run-length encoded. To eliminate the need for spaces between the run-length

encoded differences, the first digit of every element is encoded as a character, with

0 . . . 9 represented by A . . . J. Consider bipartition ABE|CDF (bitstring 110010),

which is in row 5 (its h1 value) in our hash table shown in Figure 13 and has an h2

value of 90. Tree T2 is the only tree containing this bipartition. Thus, the Bshare

set will be used for this bipartition, and its run-length encoded differences will be

2, which will be encoded as C. Given the large number of shared bipartitions in a

collection of trees that result from a phylogenetic search, there will be many more

unique trees than unique bipartitions. Hence, encoding the differences in the tree

ids leverages the sharing among the trees—especially since 1 is the most common

difference between adjacent elements in the tree id lists.

c. Encoding branch lengths

The last item to process on a hash line are the branch lengths associated with a

unique bipartition. Branch lengths take the form x.y, where x is the integral and

y the mantissa. For this domain, branch lengths tend to be very small (x = 0).

Hence, we use this property to our advantage by only encoding the integral in special

cases (x > 0). For these special cases, we store the integral separately along with its
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related tree id. On the datasets studied here, at least 99.6% of the branch lengths

begin with 0. The mantissa corresponds to a fixed number, d, of digits. For our tree

collections, d = 6.

To encode the mantissa, we take two digits at a time (since we can guarantee

this value fits into a byte) and translate it into a readable ASCII character. For

example if we have a value of 99 as input, we add 33 to create the corresponding

Extended ASCII readable character ä. It is necessary to add 33 to any inputted value

since the first 32 characters in ASCII are non-printable, control characters. We tried

different universal integer encodings (e.g., variable byte encoding) [92], but given the

range of integers represented by d digits, the various integer encodings did not result

in a smaller compressed file. This is due to the fact that when d = 6, universal

codes become less effective than straight binary as the size of the integers themselves

increase [92]. Furthermore, we achieve better compression by feeding the resulting

TRZ file to a general-purpose compressor such as 7zip. However, when using variable

byte encoding for the branch lengths, 7zip’s algorithm could not reduce the file size

any further and resulted in a much larger compressed file.

Lastly, we note that branch lengths are not compacted like tree ids since the

branch lengths originate from an infinite set of real numbers. Tree ids, on the other

hand, are drawn from a finite set of t tree ids ranging from 0 to t− 1.

d. A note on compressing heterogeneous trees

For heterogeneous trees, every bipartition from the tree is collected via depth-first

search and hashed according to the procedure described in Chapter IV. Trivial bi-

partitions are also hashed, even in the case of unweighted trees. This is crucial for

the proper storage and retrieval of heterogeneous trees, since every tree can have a

unique set of taxa. Aside from this change, the rest of TreeZip compression works as
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described above.

2. Decompression

The two major steps of the decompression in TreeZip are decoding the contents in

the TRZ file and rebuilding the collection of t trees. Decoding reconstructs the

original hash table information which consists of bipartition bitstrings and the tree

ids that contain them. When the TRZ file is decoded, each line of the file is processed

sequentially. First, the taxa information is fed into TreeZip. Next, the number of

trees is read. Each bipartition is then read sequentially.

a. Decompression data structures

To assist in bipartition collection, we maintain two data structures M and N , both

which are t × u matrices, where u = 2n is the maximum number of bipartitions for

a phylogenetic tree. The length of each matrix corresponds to the number of trees

specified in the TRZ file. Each row i in matrix M corresponds to the bipartitions

required to rebuild tree Ti. The corresponding row in matrix N is the list of associated

branch lengths.

For example, in Figure 13(b), the bipartition AB|CDEF at location H[30.74] is

shared among all the trees. It is therefore added to every row in M . To N , we add

the value 0.32 to N [0], 0.42 to N [1], 0.31 to N [2], 0.35 to N [3], 0.14 to N [4] and 0.02

to N [5], signifying that these are the associated branch lengths for the corresponding

bipartition in M . On the other hand, the bipartitions ABE|CDF and ABCE|DF

are contained only in trees T2 and T5 respectively, and therefore will be added to M [2]

and M [5]. Thus, we also add branch lengths 0.43 and 0.19 to N [2] and N [5]. Since

each bipartition is processed in order in our TRZ file, we are able to guarantee a one

to one correspondence between the values in M and N . We also maintain a separate



103

data structure that stores duplicate tree information to assist in the construction of

M and N .

b. Flexible decompression

The decoded bitstrings are the basic units for building trees. Once the bitstrings,

associated tree ids and branch lengths are decoded, we can build the original trees

one by one. In order to build tree Ti, the tree building function receives as input

matrix row M [i] which contains the bipartitions encoded as bitstrings for tree Ti, and

matrix row N [i] which contain the associated branch lengths for each bipartition in

M [i]. Each of the t trees is built starting from tree T0 and ending with tree Tt−1,

whose bipartitions (branch lengths) are stored in M [0] (N [0]) and M [t−1] (N [t−1]),

respectively. The trees are reconstructed in the same order that they were in the

original Newick file. However, given O(2n−1) possible Newick strings for a tree Ti,

the Newick representation that TreeZip outputs for tree Ti will probably differ from

the Newick string in the original file. This is not a problem semantically since the

different strings represent the same tree.

To build tree Ti, it is initially represented as a star tree on n taxa. A star tree is

a bitstring representation consisting of all 1’s. In the TRZ file, bipartitions are stored

in decreasing order of their bitstrings. This means the when it is time to rebuild trees,

the bipartitions that group together the most taxa appear first. The bipartition that

groups together the fewest taxa appears last in the sorted list of ’1’ bit counts. For

each bipartition i, a new internal node in tree Ti is created using the bitstring in M [i],

and the associated weight is added using the value in N [i]. Hence, the taxa indicated

by the ’1’ bits become children of the new internal node. The above process repeats

until all bipartitions are added to tree Ti.

The decompresser can also output sub-collections of trees of interest to the user.
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For example, if the user was interested in the set of unique trees in the collection

(rather than the entire collection), TreeZip can return this set of trees of interest

to the user. In addition, TreeZip has built-in functionality to return the strict and

majority-rule consensus trees of an encoded collection of trees in a couple of seconds

to the user. The strict and majority-rule consensus trees are especially of interest

to biologists, since this is the summary tree structure that commonly appears in

publications.

Furthermore, these subcollections of trees can be produced directly from the TRZ

file, without a need to decompress the original collection. In other words, operations

can be performed directly on the TRZ file without requiring a loss of space savings.

This is not the case with standard compression approaches which produce unreadable

binary output. In these cases, the original file must always be fully decompressed in

order for any operations to be performed, resulting in zero space savings.

c. A note on decompressing heterogeneous trees

For heterogeneous trees, the star bipartition can be unique for each tree. This is not

an issue for homogeneous collections of trees, since the set of taxa are the same across

all the trees. Thus, the star bipartition for homogeneous is an n-bitstring consisting of

all 1s. For a heterogeneous trees with n′ taxa, where n′ ≤ n, the tree is represented by

a n-bitstring consisting of exactly n′ 1s, where a 1 denotes the presence of a particular

taxa in the tree, and a 0 denotes its absence. Thus, an addition initial step is needed

to ensure that the star bipartition for each tree is properly computed.

To do this, we initially populate an n-bitstring of all 0s for each tree. By per-

forming an OR operation over all the bipartitions contained in the tree of interest,

one gets the appropriate star bipartition associated with the tree. One pass over

the entire hash table is sufficient to generate the star bipartitions of all our trees in
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Table V. Two sample tree files of weighted trees.

File 1
1. (((A:0.1,B:0.1):0.1,C:0.1):0.1,(D:0.1,(E:0.1,F:0.1):0.2):0.2);
2. (((A:0.1,B:0.3):0.2,D:0.2):0.2,(C:0.2,(E:0.2,F:0.2):0.2):0.2);
3. (((A:0.2,B:0.1):0.3,E:0.3):0.1,(D:0.3,(C:0.3,F:0.3):0.3):0.3);

File 2
4. (((E:0.1,F:0.1):0.2,D:0.1):0.2,(C:0.1,(A:0.1,B:0.1):0.1):0.1);
5. (((A:0.3,B:0.2):0.2,C:0.5):0.2,(F:0.4,(E:0.1,D:0.5):0.2):0.3);
6. (((A:0.1,B;0.4):0.2,C:0.2):0.2,(E:0.1,(D:0.2,F:0.3):0.5):0.4);

our collection. Once the star bipartitions are properly computed, the decompression

procedure in TreeZip proceeds as described above.

3. Set Operations

One of our goals is to show that the TRZ file represents a viable alternative archive

format to the Newick file for representing large collections of trees. If the same set of

operations can be performed on a TRZ file that can be done on a Newick file, then

we can argue that the two file types are equivalent. In order to accomplish this goal,

we implemented a series of set operations that exploits the textual structure of the

TRZ file to produce sets of trees of semantic interest.

The set operation functions in TreeZip takes as input two TRZ files and outputs

a single TRZ file that represents the results of a particular set operation. Here, we

implement three set operations in total: union, intersection, and set difference. The

union between two collections of trees is defined as the set of unique trees that exist

over both collections. The intersection between two collections is defined as as the

set of unique trees that exist in the first collection and the second collection. The set

difference between two collections is defined as the set of unique trees that exist in

the first collection and not in the second.

For example, consider the collections stored in files 1 and 2 in Table V. In this
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example, each file contains three trees. For simplicity, we label these 1 . . . 6. We note

that the first tree in both files (trees 1 and 4) are identical; they just have a different

Newick string representations. The rest of the trees are distinct from each other.

The union between files 1 and 2 consists of of 5 trees (trees 1, 2, 3, 5 and 6). The

intersection consists of 1 tree (tree 1), and the set difference consists of 2 trees (trees

2 and 3).

To perform set operations between files 1 and 2, TreeZip first computes a union

operation on the bipartitions contained in the two files to determine the set of unique

bipartitions contained over the two collections, or k′. Once k′ is determined, a k′-bit

bitstring representation can be created for each tree, based on a set permutation of

the k′ bipartitions. For a particular tree, its ith location will receive a value of ‘1’ if

it contains bipartition i Else, it receives the value ‘0’. These tree bitstrings are then

be fed through the h3 and h4 hashing functions, yielding a hash table representation

showing the relationships between trees in our two files. Thus, trees 1 and 4 in

Table V reside at the same H[h3.h4] position, while the other trees reside on different

positions. Set operations are computed directly on this structure.

TreeZip is able to perform these set operations (and other operations) quickly

since the set of unique bipartitions and trees are known and already encoded into

the TRZ file. Note that no special processing of heterogeneous trees are needed here.

TreeZip then uses this encoded information to create a new TRZ file with the set of

desired trees without needing to rebuild the tree structures. On the other hand, if

one were to attempt to perform these operations on a Newick file, the bipartitions

from each tree will have to be extracted and the relationships between the set of trees

will have to be discovered every single time. As tree collections grow large, this can

pose a significant overhead.

Lastly, we stress again that these set operations can all be performed on the input
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TRZ files without any loss of space savings. This is of critical interest, as it shows

the viability of using the TRZ file as an alternative format for storing trees. With

standard compression methods, the resulting binary file must always be decompressed

in order for any type of manipulation on the data to be performed. As a result, these

could not be considered as alternative formats to the Newick file. The TRZ file on

the other hand is a viable format because set operations can be performed on it.

Furthermore, since there is no loss of space savings, the TRZ file is a more efficient

way of storing collections of trees.

C. Experimental Analysis

We ran our experiments on fourteen sets of biological trees which are described in Ta-

ble VI. The type is indicated by a two-letter code, where U indicated “unweighted”,

W indicates “weighted”, B indicates “binary” andM indicates “multifurcating” trees,

respectively. Our tree collections are very diverse containing between 2, 505–150, 000

trees over 16–2, 594 taxa. The size of the Newick tree files range from 2.6 MB for

our smallest tree collection (mammals) to 434 MB on our largest collection (insects).

Experiments were conducted on a 2.5 Ghz Intel Core 2 quad-core machine with 4 GB

of RAM running Ubuntu Linux 8.10.Our implementation of TreeZip used in the fol-

lowing experiments can be found at http://treezip.googlecode.com.

1. Measuring Performance

We compare TreeZip to the gzip bzip and 7zip compression algorithms. We mea-

sure the performance of our TreeZip algorithm in two primary ways: space savings

and by using different, but equivalent Newick strings. Please note that 7zip here

represents a Newick file compressed with the 7zip compression scheme.
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Table VI. Characteristics of our biological tree files. The mammals, freshwater,

angiosperms, fish, and insects datasets were given to us by biologists. The re-

maining tree collections are the same ones used by Boyer et al. to evaluate their

TASPI approach. Size is shown in megabytes (MB).

Datasets Description Taxa Trees Size Bipartitions Type
1 mammals Mammalian

trees [93]
16 8,000 0.6 13 WB

2 freshwater Organisms
from fresh-
water,
marine,
and oil
habi-
tats [47]

150 20,000 67.0 1,168 WB

3 angiosperms Flowering
plants [37]

567 33,306 429.0 2,444 WB

4 fish Fish
trees (un-
published
collection
from M.
Glasner’s
lab at
Texas
A&M)

264 90,002 533.0 12,115 WB

5 insects Insect
trees [48]

525 150,000 434.0 574 UM

6 aster328 328 2,505 5.3 788 UB
7 eern476 476 2,505 7.7 3,019 UB
8 john921 921 2,505 16.0 15,448 UB
9 lipsc439 439 2,505 7.1 903 UB
10 mari2594 Tree Col-

lection 3
from Boyer
et al. [72]

2,594 2,505 47.0 8,628 UB

11 ocho854 854 2,505 15.0 3,232 UB
12 rbcl500 500 2,505 8.2

(8.1
in
[72])

1,579 UB

13 three567 567 2,505 9.3 1,588 UB
14 will2000 2,000 2,505 36.0 13,257 UB
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Space savings and running time. We use the space savings measure to evaluate the

performance of TreeZip in comparison to general-purpose compression algorithms.

The space savings S is calculated as S = 1 − compressed file size
original file size

× 100. A higher space

savings percentage denotes better compression of the original file. The goal is to get

the level of space savings as close to 100% as possible. A value of 0% indicates no

difference from the uncompressed, original Newick file. We also use running time to

calculate how long each algorithm requires to compress and decompress a file. Time

is shown in seconds.

Different, but equivalent Newick representations. As mentioned previously, for any

given tree of n taxa, there are O(2n−1) Newick string representations associated with

it. Since general purpose compression methods such as 7zip compress tree files by

looking for redundancy at the Newick string level, they are unable to efficiently com-

press trees when there is a lack of redundancy in the Newick string representations. To

illustrate this, we created a different, but equivalent Newick file for each dataset. For

a Newick file containing t trees, each tree receives a different, but equivalent Newick

representation. We note that using different, but equivalent Newick representations

does not change the size of the resulting Newick file. For example, our fish dataset

consisting of 90,002 trees over 264 taxa requires 533 MB of storage space. The Newick

file containing different, but equivalent Newick strings still occupies 533 MB of disk

space.

2. TreeZip vs. TASPI

To the best of our knowledge, The Texas Analysis of Symbolic Phylogenetic Informa-

tion (TASPI) [71, 72] is the only described approached for compressing evolutionary

trees. It is written in the ACL2 language. At a high-level, trees are represented
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Fig. 30. Space savings for various algorithms on Newick string representations of

evolutionary trees. TASPI and TASPI+bz2 numbers come from [71].

as Lisp [94] lists, similar in appearance to Newick, but without commas and semi-

colons. Since an implementation of TASPI is not publicly available, we were unable

to compare the running times of the algorithms.

The TASPI authors test the performance of their approach in two ways: (1)

as a stand-alone TASPI compressed file and (2) applying the bzip algorithm to the

TASPI file. We do the same for comparison. That is, we show results for TreeZip

and TreeZip+bzip. In Figure 30, TASPI and TASPI+bzip are shown in blue, and

TreeZip and TreeZip+bzip are shown in red. We compare the space savings achieved

by the TreeZip and the TASPI approaches on nine trees used in Collection 3 of [72].

Since an implementation of TASPI is not available publicly, the space savings numbers

for TASPI were calculated directly from [72].

When we compare TreeZip with TASPI in Figure 30(a), TreeZip achieves a bet-

ter (higher) space savings than TASPI across all the listed datasets. For example,

on the lipsc439 dataset, the plain text TRZ file is 98.4% smaller than the input

Newick file, while TASPI is only 94.4% smaller. This corresponds to file sizes of 116
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Fig. 31. Compression performance for our biological datasets. In this figure, (a)

shows running time of compression approaches, while (b) shows space savings.

kilobytes and 406 kilobytes respectively. However, when coupled with bzip, TASPI

achieves slightly better space savings than TreeZip+bzip on most of the datasets

(Figure 30(b)). Since the TRZ format is plain-text, tree operations can be performed

on it directly, without the need for decompression. This feature will help Noria per-

form real-time operations on compressed files.

3. TreeZip vs. Standard Compression Methods

a. Compression performance

Figure 31 shows the performance of TreeZip’s compression algorithm. Figure 31(a)

shows run-time information, and Figure 31(b) shows space savings results. On the

freshwater and angiosperms datasets, we note that TreeZip is actually faster than

7zip. However, as the number of trees under consideration increases in size, so does

the amount of time needed for compression. In terms of size, the TRZ file by itself is

larger than the 7zip file. However, we obtain an average of 75% space savings on our

weighted collections, and about 99% space savings on our unweighted collection. The
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Fig. 32. Compression performance for our biological datasets using different, but

equivalent Newick strings. (a) 7zip experiences an increase in compressed file size

when different, but equivalent Newick strings are introduced (100% commuted). (b)

A closer look at how the percent of different, but equivalent Newick strings affect the

increase in file size of 7zip (p% commuted).

discrepancy in space savings between the weighted and unweighted cases underlines

the complexity of compressing branch lengths. However, we note that when the TRZ

file is combined with 7zip, the TRZ+7zip file has space savings on average of about

96%. 7zip by itself, on the other hand, averages about 93% space savings. We

also note that the higher the level of redundancy in a dataset (e.g. high bipartition

sharing and duplicate trees), the better the compression. This is a key advantage,

as tree collections returned from a phylogenetic search tend to contain very similar

trees.

Effect of branch rotations on compression performance. How robust are the different

compression techniques under study to branch rotations? To measure the effects

of branch rotations on our datasets, we took each set of trees and gave them a

random, but equivalent Newick string representation. We refer to this process as

commuting the Newick representation. Figure 32 shows the performance of the various
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compression schemes on different, but equivalent Newick string representations. The

TRZ and TRZ+7zip files did not increase in file size. 7zip took up to 4.4 times

longer on this new file.

Figure 32(a) shows the change in space savings of the different compression

schemes between the equivalent Newick files and the original files. Here, 100% of

the Newick strings in the file have been commuted. A value of 1 signifies no change in

file size. The space savings achieved by TreeZip and TreeZip+7zip does not change,

despite the use of different, but equivalent Newick strings. This highlights TreeZip’s

robustness to branch rotations. This is not the case for 7zip. On our weighted sets,

the size of the 7zip compressed file became almost 4 times larger. On the unweighted

(insects) set, the 7zip compressed file becomes 61 times bigger. This is equivalent

of an increase of the size of the 7zip compressed Newick file from 696 KB to 38 MB.

Figure 32(b) highlights the effect of these different, but equivalent Newick string

representations on the efficacy of 7zip to compress the file. The x-axis indicates the

percent of the original file that received commuted Newick string representations. For

each percentile, p percent of the trees in the file contain a different, but equivalent

Newick string representation. The 0% mark is the original Newick file. All the

datasets have a universal value of 1 at this point, since there is no change in the

compression quality. The 100% mark is equivalent to the files that were used in

Figure 32(a).

As one can see, as an increasing amount of the file is “randomized” at the surface

with different, but equivalent Newick string representations, the performance of 7zip

becomes increasingly worse. Thus, while TreeZip’s compression approach is a little

slower than 7zip, its advantages in terms of robustness to branch rotations and great

levels of compression gives it serious advantages. This is especially true when con-

sidering the fact that operations can be performed directly on the TRZ file, without
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any loss of space savings.

b. Decompression performance

Figure 33 shows the decompression performance of 7zip and TreeZip-based decom-

pressors. 7zip is a faster decompresser than the TreeZip-based approaches. For our

two largest datasets (angiosperms and fish), 7zip is two orders of magnitude faster

than TreeZip and TreeZip+7zip at decompression. This is mainly due to the fact

that TreeZip decompresses trees in a serial manner.

That said, the TreeZip is capable of decompressing subsets of trees of semantic

interest to the user. The less the number of trees to be returned, the faster the

procedure. For example, we can return the set of unique trees in a particular file, the

strict consensus tree, or the majority consensus tree. Of particular interest is the fact

that the strict and majority consensus trees on our datasets can be produced in less

than second on average. This is something that no other algorithm has been able to

accomplish so far on these large datasets. TreeZip’s consensus operation is 150 times

faster than HashCS [78], the fastest algorithm for computing consensus trees. We note

that HashCS has been found to be 100 times faster than the consensus procedure in
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Fig. 34. Performance of set operations on our biological datasets. (a) The running

time of a random collection of set operations run on different file formats. (b) The

amount of disk space required by the result of the set operations.

MrBayes [78].

We would also like to note that none of these operations can easily be performed

on a 7zip file. Since the 7zip file is binary, all the trees would necessarily have

to be decompressed before trees of semantic interest can be extracted, which can

result in significant overhead. We explore this in greater detail in our set operations

experiments, shown in Subsection c.

c. Set operations performance

Figure 34 shows our performance results of set operations performed on Newick files,

Newick files compressed with 7zip, TRZ files, and TRZ+7zip files. Figure 34(a)

shows run-time results. On weighted trees, it is up to 3 times faster to perform set

operations on TRZ files over Newick files. On the unweighted case, it is about 55

times faster. While there is little overhead in combining the TRZ file with 7zip,

there is more significant overhead when combining Newick files with 7zip. While it

is only at most 10 seconds slower to combine 7zip with a TRZ file for set operations,
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the overhead of combining 7zip with a Newick file is as much as a minute. As a

result, the speedup results are more significant when comparing set operations on a

TRZ+7zip file versus a Newick+7zip file. On weighted trees, the speed up is at

most 5.25. On unweighted trees, the speedup is up to 62.4. We note that the vast

differences in speedup between the unweighted and weighted cases has to do with the

fact that TreeZip has to do a lot of extra processing in order to handle branch lengths.

Since 7zip does not view branch lengths as being any different from raw text, there

is no additional processing needed.

Figure 34(b) shows the average space savings of storing the results of set opera-

tions in a TRZ file versus a Newick file, TRZ+7zip file and a 7zip file. In terms of

size, the results of set operations are more efficiently stored in TRZ files than Newick

files. On weighted trees, the TRZ file storing the results of the set operations is 74.1%

smaller than the Newick file. On unweighted case, it is up to 99.7% smaller. This is

very consistent with the general space savings of using a TRZ file over a Newick file

on weighted and unweighted trees respectively. TRZ+7zip files have at most a 21%

improvement in space savings over Newick+7zip files in the weighted case. On the

unweighted case, the TRZ+7zip takes up 78.75% less space than the Newick+7zip

file.

The TRZ+7zip file produced up to 5 times faster than the Newick file compressed

with 7zip, takes up less space. There are no space savings using a Newick file, and we

reiterate that the files compressed with 7zip have to be decompressed entirely before

set operations can be performed on them. This is another reason why set operations

on files compressed with 7zip are slower than those compressed with TreeZip+7zip.

Together, these results underline the benefit of using the TRZ file for set operations

versus using a Newick file or a file compressed with 7zip.
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D. Summary

There is a critical need for phylogenetic compression techniques that reduce the space

requirements of large tree collections. Phylogenetic searches typically produce tens

to hundreds of thousands of candidate evolutionary trees. Furthermore, when these

techniques are used to reconstruct larger trees, even larger number of candidate trees

are produced. Our results strongly suggest that TreeZip has the potential for playing

a vital role in how biologists manage their phylogenetic tree collections.

The TreeZip algorithm is valuable for several reasons. First, allows for the com-

pression of binary and multifurcating trees, including those that contain (or do not

contain) branch lengths. Second, we offer an extensible decompresser which allows

for filtering and extraction of sets of trees of interest. Lastly, we offer functionality

that allows for extremely fast set operations directed on the TRZ file without a loss

of space savings.

By itself, TreeZip compresses a Newick file into a plain text compressed represen-

tation that is at least 73% smaller than the original file on the weighted case, and over

98% smaller on the unweighted case. When combined with 7zip, the TreeZip+7zip

file achieves an average space savings of 92% on the weighted case, and space savings

of over 99% on the unweighted case. Another key advantage is that the quality of

compression improves with the level of redundancy in the collection of trees. This

makes it the best method to compress large collections of phylogenetic trees.

Furthermore, in cases of high degrees of bipartition sharing, our TreeZip algo-

rithm is able to compress a collection of trees faster than 7zip. Lastly, TreeZip is

robust to different representations of a phylogenetic tree allowing the TreeZip and

TreeZip+7zip compressed formats to achieve consistently good space savings. The

space savings achieved by 7zip, on the other hand, decreases as the number of dif-
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ferent Newick representations for the same phylogenetic tree increases.

TreeZip’s most powerful advantage arises from the TRZ file’s textual format.

This allows the TRZ file to be used as input to phylogenetic applications with-

out a need to rebuild all the trees into Newick format. Given the flexibility of the

TRZ format, we can easily design extensible decompressers that extract the relevant

phylogenetic tree information of interest. Our results illustrate two decompresser

applications—removing duplicate trees and creating consensus trees—that can be

created to extract information from the TRZ file. We show that due to the textual

form of the TRZ file, set operations can be performed up to five times faster than on

a Newick file and store results in as much as 99% less space. This is not functional-

ity that standard compression methods such as 7zip can achieve since they cannot

leverage the phylogenetic information contained within the Newick representation of

a phylogenetic tree.

For the biological community, TreeZip and the TRZ format is an efficient way

to store trees. Since TRZ files can with little overhead be further compressed by

standard compression methods, large datasets can now be more easily shared. For

the large datasets studied in this section, the corresponding TreeZip+7zip files are

small enough to e-mail. For biologists interested in leveraging the most out of their

phylogenetic tree collections, the textual TRZ format allows operations to be per-

formed directly and quickly, allowing for rapid information gain. With Newick files,

bipartition information will have to be re-discovered every time the data is analyzed.

The 1 : 1 relationship between a collection of trees and its TRZ file also means that

it is now easy to compare collections of trees with each other.

The success of TreeZip and the TRZ compressed format also highlights the ability

of hashing to eliminate redundancy in tree-like data. A textual encoding of such a

representation allows for both efficient storage and fast retrieval of information of
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interest. Thus, we strongly believe that the work here will be of interest for storing

other tree-like data, such as HTML and XML files.

Lastly, since the TRZ format is a 1 : 1 representation that decomposes trees into

the smallest set of discrete units (unique trees and bipartitions) it can be thought of

as an object store for tree collections. In this context, the object store represents a

database of topological units that represents tree data. This makes the TRZ format

an ideal candidate for representing trees in the context of a version control system,

the speed and efficacy of which is partially dependent on its ability to maintain the

smallest set of objects needed to represent the data. In the chapter that follows, we

discuss how TreeZip and the TRZ format plays a vital role in the construction of

Noria, a version control system designed specifically for phylogenetic trees.
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CHAPTER VII

A NEW SYSTEM FOR ANALYZING AND STORING TREES

Throughout our work, we have demonstrated the power and versatility of the hash

table for accommodating the burgeoning growth of phylogenetic data. With MrsRF

and Phlash, we showed how universal hashing can be used to compare large collections

of evolutionary trees. Our work with TreeZip shows that a natural consequence for

hashing trees is removing redundancy in a collection of interest, thus allowing relevant

data to be encoded in a compressed manner. Our research question is, how can we

design new approaches that enable biologists to seamlessly manage their large tree

collections and share their results with the phylogenetic community in order to build

more robust evolutionary trees? In this chapter, we present Noria, a version control

system designed for phylogenetic data in which the TreeZip algorithm plays a major

role in the effectiveness of the system. A noria is a type of waterwheel used for

irrigation purposes. Like its physical counterpart, we hope that Noria becomes a

vital mechanism in the (biological) community, and helps nourish the field with new

knowledge about collections of trees.

A. Motivation

The ultimate goal of computational phylogenetics is the reconstruction of a phyloge-

netic tree of interest. To infer phylogenies, biologists use fast heuristics that tend to

return tens to hundreds of thousands of trees. In Chapter II, we demonstrated that

these collections are only growing larger. A version control system (VCS) allows users

to share their code with each other and track the evolution of a software project. A

version control system that tracks and manages changes to tree collections would be

very useful, since it would give scientists a record of how their tree collections evolved
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over time, and allow for greater reproducibility of results.

Central to a VCS is the repository, which is the database that retains and man-

ages the history of the project [95]. In recent years, decentralized distributed version

control systems (DVCSs) like Mercurial [17] and Git [19] have been gaining momen-

tum and popularity. In a DVCS, revisions can be made locally and independently

to a local repository without needing to be connected to a remote server. Users can

share their changes with others by placing them in a public repository. Since multiple

people have a copy of the public repository, a DVCS has natural protections against

data loss. We believe that a system designed to handle phylogenetic data that lever-

ages the features of existing distributed version control systems would be widely used

in the biological community.

B. Version Control and Source Control Management Systems

It is impossible to discuss Noria, a version control system for phylogenetic trees,

without discussing version control systems in general. Version control (or revision

control) systems offer a way to track and manage changes to files. In the software

engineering world, the use of version control systems are essential for tracking and

managing changes to source code, and provide a collaborative way for multiple users

to make changes to code.

Figure 35 shows the family history of several popular version control systems.

Source Code Control System (SCCS) [96], written in 1972, was one of the earliest ver-

sion control systems used on UNIX systems. Its use was largely replaced by Revision

Control System (RCS) [97] in the 1980s. However, RCS and SCCS only work on sin-

gle files. Along with one of RCS’s successors (PRCS) [98], these early version control

systems depended on a local repository on the user’s computer. All of these systems
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Fig. 35. A family history of popular version control systems. Local repository systems

are colored in red, centralized collaborative repository systems are colored blue, and

distributed, de-centralized collaborative repository systems are colored yellow. Patch-

based systems are a light shade. DAG-based systems are a dark shade. Lastly, systems

which use cryptographic hashing are square, while those that don’t are round.
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were designed for single users to maintain changes to their own projects. However,

most large projects require the involvement of multiple developers and multiple files.

In these cases, a local repository system is not a workable solution.

1. Collaborative Version Control Systems

Given the need for maintaining large projects in which files are maintained by multi-

ple users, it is not surprising that the natural progression in the evolution of software

version control systems was the creation of collaborative (distributed) repository sys-

tems. These fall into two categories: centralized and decentralized. We discuss each

of these in turn.

a. Centralized version control systems.

Centralized repository systems store the main repository on a server. Perhaps the

most famous of the central repository systems is the Concurrent Versions System

(CVS) [99]. These systems use a “client-server” model, in which the repository is

stored on a centralized server, which each developer (client) can access. To get the

latest version of the project, a developer connects to the server and “checks out” the

latest version. Once they are done with their changes, they re-connect to the server,

and “push” their changes.

Practically all modern centralized version control systems, such as Subversion [18]

and OpenCVS [100] are either derived from, or designed to replace the CVS system.

Concurrent Versions System is also notable for introducing the concept of branching

to version control systems, which appears in CVS documentation dating to 1990.

In short, branching allows for the duplication of revision objects, so that parallel

development can occur.

Today, Subversion is the dominant centralized version control system in use.
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Unlike CVS, commits in Subversion are atomic (small, quick, and guaranteed). Lastly,

instead of tracking entire files like CVS, Subversion tracks changes to the files, also

referred to as patches.

b. Decentralized version control systems.

The use of a centralized repository system is not without its faults. Perhaps the largest

risk to a centralized repository system is the existence of one “master” repository.

This represents a single point of failure. In other words, if the project goes off-line

for a few hours, no one can commit during that time. If the hard disk is corrupted,

all the data for the project would be lost. In a distributed decentralized repository

system, every developer has their own copy of the repository. Thus, if any particular

repository were to go off-line or be lost, the contents can be recreated from the other

repositories in existence. Also, since each user has his/her own copy of the repository,

they can continue making commits to their local repository while they are off-line.

These changes can then later be shared with everyone else when they push to their

public repository, which anyone can pull, or receive changes, from.

Gnu Arch [101] is one of the earliest open source distributed, decentralized version

control systems. Like Subversion, Gnu Arch makes use of atomic commits, and track

changes using patches. However, Gnu Arch also has some important features not

found in its centralized predecessors. Most notable is the use of cryptographic hashes

to safely index and store objects, preventing corruption. This feature is inherited by

some of Gnu Arch’s most notable successors, such as Monotone [102] and Git.

Monotone, developed in 2003, uses cryptographic hashing like Gnu Arch, but

differs fundamentally in the way it track changes. Instead of using a patch-based

model to track changes to a file, Monotone tracks changes to a file using a directed

acyclic graph (DAG). A DAG-based system of tracking changes essentially takes a
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snapshot of a file system as it changes from commit to commit and stores these

snapshots internally in a meaningful way that they can easily be accessed. Common

systems that used a DAG-based approach include the cp -r UNIX command and the

Time Machine application in OS X.

It is difficult to discuss the history of modern open source version control sys-

tems without mentioning BitKeeper [103]. BitKeeper is a proprietary version control

system designed by BitMover Inc. that, prior to 2005, used to host a series of open

source projects, most notably the Linux kernel. In 2005, however, BitMover changed

its pricing model and announced that it would no longer provide a free version to

open source project developers. This action spurred Linus Torvalds, the developer

of the Linux kernel, to develop Git. Today, Git is arguably the most popular open

source version control system in use. Unlike other version control systems, Git tracks

content, not files. We use Git as the basis for our Noria version control system for

phylogenetic data.

2. Customizing Version Control Systems For the Needs of a Community

The version control systems discussed so far were designed for managing text files and

source code. However, given the intricacies of different kinds of data, these version

control systems are not suitable for managing all kinds of data. The natural solution

is to customize revision control software to reflect the needs of different communities.

One of the most popular examples is the Microsoft Track Changes feature, which

is essentially is a revision control system Microsoft built into its popular Microsoft

Word program. The Track Changes option, when turned on, implicitly tracks changes

in a user’s document. Users can view or hide these changes by using different options

in the Track Changes menu. When a user shares his or her document with a collab-

orator, this collaborator can also view the changes made to the document. In this



126

manner, authors have implicit version control, allowing them to track changes to their

Word documents (which are binary), and revert their documents to previous states as

necessary. It is not possible to track changes in Microsoft Word documents in most

of the version control systems mentioned in Section B, as these systems were not

designed to track changes within binary files, or understand the proprietary format

of Microsoft Word.

Another example comes out of the designer community. Unlike coders and devel-

opers who deal primarily with text files that contain source code, designers care about

making and tracking changes to images, which are binary files. Again, the standard

version control systems mentioned in Section B are not directly applicable, due to

the need to track differences in binary files. However, version control systems such as

Git and Mercurial are helpful to designers — text files can be used for brainstorming,

and for a team of designers to share their ideas with each other. As a result, members

of the design community chose to extend the functionality of popular version control

systems to suit their needs.

Some prominent examples include Adobe Cue [104] and PixelNovel Timeline [105].

Adobe Cue has a GUI interface that guides users through the setup of a remote

repository, tracking changes, and viewing previous versions. PixelNovel Timeline is

a front-end to Subversion that is integrated into Photoshop. One major advantage

is that it comes with a hosted online repository on PixelNovel that a user can use

immediately, without any need of setting up their own. Kaleidoscope [106] is an OS

X tool for helping users spot the difference between text and image files. Using a

single screen interface for maximum readability, it uses colors to highlight changes

between different versions of text. It also allows users to spot differences between

images, making it ideal for designers.

These examples highlight the need of version control systems to adapt to the
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needs of a community, rather than the community adapt to a version control system.

Tracking the provenance of data is a fundamental part of most work-flows and a

fundamental right — there is no reason for users to change their work-flows in order

to gain access to these features. This is the primary motivation behind our creating

a customized version control system for managing phylogenetic analyses.

3. Focus on MrBayes

Our examples in this dissertation and our initial version of Noria focuses on Bayesian

phylogenetic analysis. We focus on the MrBayes implementation of Bayesian analysis

since (as we showed in Chapter II) Bayesian analysis produces the greatest number

of trees in a phylogenetic analysis, and MrBayes currently the most popular software

used for Bayesian analysis. As input, MrBayes takes in a NEXUS file that contains

input data (stored in a DATA) block and parameter data (stored in a MRBAYES) block,

such as the number of runs and type of model to use. It outputs a series of NEXUS

files, with trees (stored in TREES) blocks stored separately by run.

We will also show how Noria alleviates some of the problems with running

and managing Bayesian analyses. For example, Bayesian analysis associates in-

put and output of files through file extensions. If an input data set was labeled

input.nex, and we ran two runs of Bayesian analysis, two tree files will be produced:

input.nex.run1.t and input.nex.run2.t. If a user forgets to save the contents

of the analysis before making changes to the model, data, or run parameters, the

proper associations can be lost. Thus, even if a standard version control system is

used to help a user manage their Bayesian analyses, the user must remember to com-

mit and save their analyses at every turn. For scientists who are typically unfamiliar

with version control, this can be a tall order. On the other hand, Noria performs

implicit saves, thus putting very little imposition on biologists. We also note that



128

John obtains a MSA of 
interest and places it in 

a  new folder

Runs a MrBayes job 
with GTR model

John/local

Gets a copy of 
John's analysis

Makes some edits 
to John's analysis

Annie/local

John/public

push

pull

push

Annie/public

pull
1

2

3

4

John makes some 
edits to his analysis

John/local

John incorporates 
Annie's changes

Time

Fig. 36. Two users sharing their phylogenetic analyses.

while MrBayes and Bayesian inference is our focus for this initial version of Noria,

the Noria system can easily be augmented to perform other types of phylogenetic

search applications, such as TNT and RAxML.

C. A Collaborative Scenario

In Figure 36 we show a scenario in which two biologists are sharing trees. In these

examples, John and Annie are two researchers who are collaborating on the same

project. Each researcher maintains their own repository on their computer (shown as

name/local). Thus, Annie’s local repository is referred to as Annie/local. In addition,

each person has access to a public repository in which other members can can access

(shown as name/public). Thus, Annie’s public repository is Annie/public. Public

repositories are placed in a shared, common location that all users can access. A push
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denotes a user sharing their analyses by placing it on the public repository. A pull

denotes a user receiving analyses from a repository. The arrows denote the direction

of movement of the phylogenetic data, which we label to denote the progression of

sharing. The direction of time flows from left to right in this example, with later

operations being shown on the right of earlier operations. Each collaborative step is

denoted with a number. For example, step 1 is referred to as “1” in Figure 36, and

denotes the act when John shares his analysis by pushing it to his public repository.

In this example, John is learning how to run a phylogenetic analysis. He runs a

MrBayes analysis on the data and saves the results of his analysis in the repository.

In step 1, he shares his results, by pushing them to his public repository. In step 2,

Annie obtains a copy of John’s analysis and takes a look at it. Realizing that he has

a number of sub-optimal trees, she removes a number of trees from the beginning

of his analysis (a process referred to as “accounting for ‘burn-in’”). After saving

her changes to her local repository, she pushes her changes (step 3) into her public

repository. Meanwhile, John continues to generate additional trees, and saves them to

his local repository. After doing a quick check on Annie’s repository, he realizes that

she has made some updates, and decides to pull and combine (merge) her changes

with the work that he had been doing (step 4).

1. Standard Version Control Systems

Why are existing version control systems unsuitable for tree collections and phyloge-

netic analyses? Version control systems such as CVS, Subversion, Mercurial and Git

were created to manage revisions to source code. As a result, they deal with data

in the system as uninterpreted text. Figure 37 shows John and Annie sharing their

phylogenetic analyses using a standard distributed version control system like Git.

For simplicity, we focus on a very small collection of trees. Additions to the file are
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marked with a ‘+’ and is shown in green. Deletions to the file are marked with ‘-’

and are shown in red. The trees affected by the merge are marked with ‘*’ and are

shown in purple.

After John generates a set of trees, he shares them with Annie by pushing the

contents of his local repository into his public repository. Next, Annie pulls the

contents of John’s public repository, and replaces the first tree with a different tree.

She then shares her results by pushing the contents of her local repository to her

public repository. At this point in time, there are only two trees in Annie’s public

repository: the tree that she replaced, and the tree that John originally produced.

Meanwhile, John has added a new tree to his collection. Unknown to him, however,

this new tree is equivalent to the tree Annie had added! Since John’s tree has a

different Newick string representation than Annie’s trees (and they are located in

different locations), a standard version control system would identify these trees as

being different and would store them both. This would result in duplicate trees being

added to the system when John pulls from Annie’s public repository.

2. Noria

Next, we demonstrate how Noria handles the same situation. In Figure 38, John and

Annie are collaboratively using Noria. Noria uses the TRZ file format as its base,

which stores trees uniquely as a set of bipartitions, not strings. The set of bipartitions

are shown as a list of (key, values) pairs. The key is the bipartition, while the values

are the set trees that contain that particular bipartition.

When John pushes his trees to his public repository using the Noria system, he is

sharing the bipartitions contained in the two trees he found, T0 and T1. When Annie

pulls from John’s public repository and replaces the first tree with a new one, this

affects a set of bipartitions. Notice that since bipartitions AB|CDEF is contained in
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both the old and new T0 it is not affected by Annie’s change. Annie then shares her

trees by pushing them to her public repository. Likewise, when John adds a new tree,

he is essentially adding new bipartition information. So what happens when John

pulls from Annie’s public repository? Unlike the situation in Figure 37, Noria is able

to correctly detect that only one new tree was added to the collection. As a result,

John’s repository contains only the bipartitions from Annie’s trees. Since the TRZ

file keeps track of unique trees as well as unique bipartitions, a pointer is added in

the file that indicate that trees T0 and T2 are identical. Since the TRZ file’s basic

unit is the bipartition, Noria is able to keep track of a smaller set of objects and make

statements about relationships between those objects. Again, this is not possible with

a standard version control system. John now shares the work he did with Annie by

pushing his changes to his public repository, which Annie can then access. In this

manner, these two scientists can always see the work that they and their research

partners have done, no matter where they are. This system also succeeds in giving

each biologist a record of how their analyses evolved.

Why can’t we just use Git or another standard version control system to track

TRZ files? Since the TRZ file forms the core of the Noria system, one may ask

why a standard version control system could not be used to simply track TRZ files.

The reason for this is two-fold. First, current phylogenetic applications deal largely

with Newick-formatted tree files. To ask biologists to operate entirely with a format

that they are unfamiliar with is unreasonable, and will prevent rapid adoption of the

system. While Noria depends on the TRZ format, it is hidden from the user’s view.

Second, Git and other standard version control systems will treat the TRZ file as

unstructured text. Thus, it will be impossible to properly perform a merge on two

TRZ files. One of the key features of Noria is the presence of a merge algorithm that

is designed to properly merge TRZ files. We discuss this in length in the next section.
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D. The Noria System in Depth

Given the success of version control systems to help source code developers manage

their large projects, we wish to apply the principles of revision control systems to help

scientists manage their phylogenetic analyses. Such a system will allow scientists to

record how their analyses evolved over time, and allow for greater reproducibility

of results. To this end, we’ve developed Noria, a customized DVCS built on top

of Git to help scientists manage their large tree collections. Since Noria uses the

TRZ file as its basis for objects, tree collections are stored more efficiently than in

a standard version control system. Furthermore, Noria allows the user to compare

their experiments, allowing biologists to fully leverage the knowledge contained in

their trees, and understand the ramifications of their experimental parameters. In

other words, Noria does not simply track the content: it actively aids in scientific

analysis.

1. Architecture of the Noria System

Noria was implemented in C++, and utilizes several of the functions in the TreeZip

program. Built on top of Git, Noria also utilizes LibGit2 [107], a novel library that al-

lows users to incorporate Git functionality directly into their code. Currently, LibGit2

is still in its early stages of development. As the library continues to mature, we plan

to further integrate the library’s functionalities with Noria. Our system also has

functionality to allow integration with the NEXUS Class Library (NCL) [108], which

was designed to simplify the process by which a piece of software would interpret a

NEXUS file. We had originally explored NCL as a way to normalize NEXUS files

that users would input — unfortunately, we found a couple of incompatibilities with

the normalized NEXUS files and the current version of MrBayes. NCL integration
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Fig. 39. Commands our two users use in the context of the Noria system to perform

the collaboration shown in Figure 36. Local commands are shown in yellow, while

distributed commands are shown in blue.

will be available in MrBayes 4.0, which is currently in development. Thus, we have

kept our code (albeit inactive) for NCL integration as part of Noria. By itself, Noria

contains over 7,000 lines of code. The prototype of the system is available as a virtual

machine from the author.

Figure 39 gives a glimpse of some of the internal commands used by Noria to

allow scientists to run their phylogenetic analyses in the context of the system, share

their results with each other, as well as compare and combine their analyses with

each other. While the commands shown in Figure 39 represent just a subset of the

currently implemented 18 commands one can perform in the system, it does show the

most important commands and how they interact with each other in the context of

our collaboration scenario shown in Figure 36. Commands that interact only within a
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local repository are shown in yellow. Commands that are used to transfer information

between repositories are shown in blue. Merge, which can be used both locally and

also to combine work done remotely, is shown in green.

To run his MrBayes analysis, John uses the mrbayes command in Noria. This

function acts as a wrapper around the MrBayes program. When John runs MrBayes

in the context of the Noria system, his results are automatically saved to his local

repository once the analysis is finished. This means, if John runs an analysis that

runs for several days, he does not need to remember to explicitly save his results, as

he would need to if he were using a standard version control system like Git. In this

manner, John does not need to modify his work-flow — Noria takes care of basics of

the version control component implicitly and in the background.

To share his analysis with Annie by pushing his his results to the public reposi-

tory, John uses the share command. Annie then clones a copy of John’s repository,

creating her local repository. The clone command essentially creates a Noria reposi-

tory, links it to the John’s public repository, and copies all the information contained

in the John’s public repository into Annie’s local repository. A Noria repository can

be created separately by running the noria command. Similarly, a user can host

their local repository as a public repository using the host command, or attach their

local repository to an existing public repository using the attach command.

After Annie modifies John’s analysis, she then uses the save command to ex-

plicitly capture the current state of her local repository. Since a biologist running a

Bayesian analysis often does a variety of other things aside from just running MrBayes

(such as creating figures), an explicit save command is very useful. Once Annie is

done with her adjustments, she shares her changes using the share command. John

then updates his repository with the update command. This essentially creates a

copy of Annie’s analysis and places it on a separate branch on John’s repository. To
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combine his work with Annie’s changes, he runs the merge command.

2. Augmenting the TRZ format

As we mentioned, the basis of the Noria system is the TRZ format, which we discuss

in length in Chapter VI. However, the TRZ file that forms the basis of TreeZip

was designed to compress tree collections. How do we augment the TRZ format from

simply compressing tree collections to compressing phylogenetic analyses? The answer

lies in extending the TRZ file format to handle NEXUS files.

As mentioned previously in Chapter III, NEXUS files store the information per-

tinent to a phylogenetic analysis in a series of blocks. MrBayes deals exclusively in

NEXUS files: they form the basis for both the input and the output of MrBayes

program. Thus, we augmented TreeZip and the TRZ format to support these blocks.

Tree collections are now stored in the context of a TREES block. In the updated

TRZ format, blocks appear in a normalized order. This helps ensure the one to one

correspondence between a NEXUS file and its corresponding TRZ file.

To ensure that the input of a phylogenetic analysis is always associated with its

output, we also associate every tree collection produced by a Bayesian analysis with

the input blocks used to generate it. Thus, every tree collection in Noria is guaranteed

to have model information and input data information associated with it. This is not

a guarantee that can be made with a standard version control system, as MrBayes

loosely associates input with output by using file names. If one of those files were

accidentally overwritten before a user were to perform an explicit commit, valuable

information would be lost, and the analysis may need to be rerun. When the mrbayes

command is run inside of Noria, every file containing trees is automatically associated

with the data, models, and parameters used to produce those trees. Thus, even if the

file is renamed, the associations are not lost.
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Eggs

Apples
Bananas
Chocolate
Eggs
Chicken

Apples
Spinach
Eggs
Chicken

O A

B

C

-Chocolate +Spinach
-Bananas
+Chicken

John

Annie

Fig. 40. Example of a three-way merge on a grocery list of items.

3. Merging Trees in Noria

One of the most challenging aspects of designing a version control system customized

for phylogenetic analyses is dealing with merges. A merge takes two versions A and B,

of a single file and tries to incorporate the changes made in both versions in a new file,

C. The goal of any merge procedure is to combine two versions of a file in a manner

that makes sense to the user, with as little manual intervention as possible. This can

be a very difficult problem, and different version control systems have attempted to

tackle file merging in a variety of ways. The most popular of these merge techniques

is the three-way merge, a sophisticated variation of which is implemented in Git.

a. The three-way merge

To illustrate how a three-way merge works, we start with a simple example of John

and Annie now working collaboratively on a grocery list (Figure 40), using a standard

version control system like Git. The three-way merge uses three versions of a file, A,

B, and O, in order to construct a new version of the file C. States A and B are two

different versions of the file located on different branches. O is the version of the file
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Fig. 41. Example of a three-way merge conflict on a grocery list of items.

that is the most recent common ancestor between A and B. To create C, the set of

changes between O and A are computed, and the set of changes between O and B

are computed. These changes are then applied to O to form file C.

In this example, O is the original list (and thus the most recent common ances-

tor), consisting of the four items of apples, bananas, chocolate and eggs. In step 1,

John takes his version of the list (A) and decides that since he doesn’t like chocolate,

he should replace it with spinach. John’s version of the list now contains apples,

bananas, spinach, and eggs. Meanwhile in step 2, Annie decides she doesn’t like ba-

nanas, and so she removes that item from the list. She also decides she wants to buy

chicken, and so she appends that item to the end of the list. Annie’s version of the

file (B) now contains apples, chocolate, eggs, and chicken.

When John merges Annie’s changes into his repository, Git computes the set

of differences between the original list and John’s version of the list (a deletion of

chocolate and an addition of spinach), and the set of differences between the original

list and Annie’s version of the list (a deletion of bananas and an addition of chicken).

The final version of the list (C) has replaced chocolate with spinach, deleted bananas

and added chicken, to yield a final list of apples, spinach, eggs and chicken.
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Sometimes a merge cannot be performed cleanly. In Figure 40 we were able to

combine John and Annie’s versions of the grocery list since changes were made to

independent parts of the file. Consider the modified example shown in Figure 41.

In this example, Annie also decides to delete chocolate from the grocery list and

replace it with cupcakes. When Git computes the change set between O and A, it

gets a deletion of chocolate followed immediately by an addition of spinach. When

it computes the change set between O and B it sees a deletion of chocolate and

an addition of cupcakes. Since both John and Annie made a change to the same

item in the list, the 3-way merge algorithm will not be able to merge these two sets

of changes. What should the second item be? Spinach or cupcakes? Since both

choices are equally valid, this results in a merge conflict. Merge conflicts occur when

independent changes occur to the same line in a file. When a merge conflict occurs,

it is up to the user to manually resolve, or choose the version of the file that is correct

and save the changes. For every version control system, the goal is to reduce conflicts,

and thus manual intervention, whenever possible.

b. Merging trees

How does merging work in the context of trees? To perform a merge on a collection of

trees, we can think of our trees as items in a list, where each tree is on a separate line.

This is the structure of the PHYLIP tree format, and how trees are stored in NEXUS

files. Let’s revisit the merge scenario from Figure 38. John decides to merge the

results of the analysis he received from Annie. In this case, John’s original version of

the trees serves as the most recent common ancestor (O), upon which John’s version

of the file (A) is used to merge in the changes from Annie’s version of the file (B).

To merge Annie’s changes into his repository, the differences need to be computed

between versions O and A and O and B. It is pretty clear that T0 was replaced and
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that the same topology was added to the end of the file by John. Thus, version C

contains two topologies, with a pointer to the first. But, how does this exactly work?

c. Noria’s merge algorithm

As previously mentioned, tree collections are stored internally in Noria as sets of TRZ

files. It is not sufficient to use a standard version control system to track TRZ files,

as a single change to a tree can affect multiple lines in the TRZ file. If the TRZ

is interpreted purely as text, the standard merge drivers in standard version control

systems will not be able to properly merge TRZ files. Thus, a custom merge driver

is needed to ensure the proper merge of TRZ files.

Our custom merge driver for trees follows two rules that were largely inspired by

those set for text in standard version control systems, and a third that accounts for

robustness against Newick strings:

1. If two different sets of trees are independently modified in A and B, then those

modifications should be reflected without conflict in C.

2. If the the same tree is modified differently by both A and B, then this would

produce a conflict in C.

3. If a tree is modified in a way does that does not change its semantic meaning,

then no change is recorded for this tree.

In order to apply these rules to TRZ files, it is necessary to be able to represent

trees from the TRZ file uniquely and on a single line. We accomplish this by using our

set operations and representing trees as bitstrings. In contrast to the set operations

performed within TreeZip and discussed in Chapter VI, the Noria merge algorithm

performs a set operation between three TRZ files (TreeZip performs set operations
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between two TRZ files). To accomplish this, our custom merge driver first takes the

union of all the bipartitions in O, A and B. This set of k bipartitions is then sorted,

and a bitstring representation for each tree is created, where the ith bit represents the

ith bipartition. We use the inverted index to assist in this process. For a particular

tree, a bit will receive the value of ‘1’ if the tree contains the bipartition, and ‘0’ if

it does not. This is almost identical to the process used by TreeZip’s set operations.

In the context of Noria, we run-length encode the bitstrings to yield unique string

representations for the trees in O, A and B. In the last step, the three-way merge

algorithm is applied to this set of unique representations to create file C. The TRZ

file can then be easily rebuilt by transforming the unique string representations back

into the encoded hash table form.

For the example in Figure 38, the set of seven unique bipartitions in the union

of O, A, and B is {AB|CDEF , ABE|CDF , ABD|CEF , ABEF |CD, ABF |CDE,

ABDF |CE, ABCD|EF}. Let each bipartition in this set be represented as by a

number Bi, where Bi is the ith bipartition in this set for i = 0 . . . 6. Thus, B1 is

ABE|CDF . We can then represent our trees as follows in Figure 42. The trees that

were modified in John’s repository is shown first, followed by the trees modified in An-

nie’s repository. The right-most column shows the unique, run-length encoded (RLE)

string representation for each tree.

For example, since T0 in John’s repository contains bipartitions AB|CDEF ,

ABE|CDF and ABEF |CD, the locations associated with these bipartitions get a

value of 1, and the run-length encoded unique string for this tree is K2AB. By looking

at the trees in RLE form, we can easily see that the trees John and Annie added

are identical. This transformation allows us to easily utilize the three-way merge

algorithm on trees (shown in Figure 43). The set of differences computed between

O and A is the addition of the tree represented by BABL3B. The set of differences
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computed between O and B is the deletion of the tree represented by K2AB and the

addition of the tree represented by BABL3B. Since these changes do not conflict, we

can produce a set of trees that do not conflict, and the hashing step we took prevents

the storage of duplicates.

E. Implications of Noria

In addition to helping biologists manage and share their tree collections with each

other, Noria allows them to directly analyze their data in the context of the system.

Leveraging the algorithms described in previous chapters, users can compare tree

collections and compute consensus trees. Since the underlying format of Noria is the

TRZ file, these operations can be performed at speeds much quicker than if they were

run on Newick-based input files.

The ramifications of such a system is huge. Through Noria, all the electronic data

involved in a phylogenetic analysis are now accessible in one place. Since the Noria

system leverages Git to be a fully distributed version control system, scientists can

now share their analyses with other members of the biological community. As a result,

Noria increases the experimental reproducibility of phylogenetic analysis. Users who

have access to a biologist’s Noria repository can now independently verify and explore

the results of a phylogenetic analysis. While this is useful for error detection within

the biological community, it also useful for helping novices familiarize themselves with

a experimental process of a fellow scientist. This is especially useful in research labs,

where a significant amount of time is usually needed to familiarize new students and

researchers with the work being conducted. By allowing all the data and environment

to be at the user’s fingertips, Noria expedites this process.

Biologists also now have the opportunity to ask themselves questions about their
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data and how it originated. For example, suppose an analysis produced several runs

of trees. Did those runs actually coverage, topologically speaking? Noria allows

scientist to compare their trees to each other, allowing for answers to these questions.

Based on their results, a biologist may consider rerunning their analysis. Another

potential application of comparing trees under Noria is to understand the impact a

particular parameter has on the trees produced. For a particular dataset, what degree

of difference does the model choice make? How does performing a small correction on

the multiple sequence alignment impact the quality (or structure) of trees produced?

By gaining a greater understanding of their data and the algorithms used to analyze

them, biologists can fine tune how they perform phylogenetic analysis, potentially

saving time in the process and producing more robust phylogenies.

For computer scientists, Noria illustrates the ability to create domain-specific

version control systems for specific scientific communities. Noria’s strength lies in

its ability to leverage tree-like data. By utilizing TreeZip, Noria eliminates the re-

dundancy that is contained in phylogenetic tree collections, and creates a smaller,

queryable form that is tracked using version control. Noria then shows how a custom

three-way merge algorithm can be created to uniquely identify each tree in our collec-

tion and combine the results appropriately. In a broader sense, these algorithms and

concepts can be extended to other tree-like data beyond the realm of phylogenetics.

For example, we believe that this work can be used to help create approaches for bet-

ter managing Web 2.0 data such as XML files. Since we believe that version control

is a fundamental right (especially for researchers), we hope Noria inspires others to

create domain-specific systems that can take advantage of the knowledge unique to

their particular communities.
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F. Summary

In this section, we presented Noria, a new version control system that is designed for

phylogenetic analysis. Noria allows users to keep track of their phylogenetic analyses

locally on their system, and also share the results of their analyses with others. The

novelty of Noria centers on how we use a modified version of the TRZ file to uniquely

track trees and their bipartitions. Unlike standard version control systems, Noria is

able to differentiate tree collections from unstructured text, and store trees uniquely.

This reduces the potential for storing duplicate information, and removes un-necessary

conflicts. A custom merge driver specifically for TRZ files allows users to perform

merges. Noria also goes beyond a standard version control system, as it allows users

to actively mine new knowledge from their data in the context of the system. This

allows users to learn more about their data and the algorithms that produced them.

For biologists, Noria is a system that allows them to seamlessly manage and share

their phylogenetic analyses with each other without interrupting their main workflow.

Next, since Noria allows scientists to easily save their tree collections, there will be

a significant impact on the ability of other biologists to verify the results of a phy-

logenetic analyses. Noria contains all the information for conducting a phylogenetic

analysis — the data, the model, the trees, and all post-analysis work.

The fast algorithms implemented in the context of Noria allow biologists who

have access to an author’s public repository to quickly verify computational results,

and explore the experimental process of the author. This will help lend greater

credence to certain analyses over others, and quicken the detection of errors. As a

positive side effect for computational biologists, the greater availability of large tree

collections will allow for the generation of better algorithms to process large collections

of trees, thus perpetuating the aims of this work.
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For computer scientists, Noria highlights the need and potential to create custom

version control systems tailored to the need of specific scientific communities. Fur-

thermore, since analysis is a central part of computational science, systems should be

created that allow scientist to study their data in the context of the system. Repro-

ducible research is a hot-button issue today [109, 110, 111, 112], and the creation of

systems like Noria will help increase the level of reproducibility within computational

science.

Future versions of Noria will be more feature-rich, and interact with a central

repository hub (similar to GitHub) that will allow scientists to open their analyses

up to the general public, discuss results, and collaborate with greater ease. The

code for Noria will be open sourced, to expedite the process of development and

help make the system more robust. We strongly believe that Noria will help increase

the reproducibility of modern phylogenetic analysis, increase the level of collaboration

among biologists, shed light on the behavior of the algorithms involved in the process,

and ultimately help in the construction of more robust phylogenies.
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CHAPTER VIII

CONCLUSION AND FUTURE WORK

The goal of this research is to design new approaches that enable biologists to seam-

lessly manage their large tree collections and share their results with the phylogenetic

community. Currently, these large collections are often discarded and are rarely

shared, making it difficult to reproduce results. The central assumption is that the

information discarded has less value than the information contained in a single con-

sensus tree, which is the most popular approach to summarize large tree collections.

We have shown this assumption to be false. We illustrate how a Robinson-Foulds

(RF) distance matrix is capable of detecting underlying diversity in a set of equally

scoring trees[10, 11]. This suggests that score alone is not sufficient to evaluate a

collection, and that topological methods should be used. Diversity in a collection of

trees also imply greater heuristic value, as a slower heuristic may be able to detect

different, but equally valuable trees in the process of search. In two case studies [12],

we also show how RF matrices can be used for convergence detection. This suggests

there is great value in retaining tree collections. Through an extensive literature

search, we also demonstrated that the number of trees produced by a phylogenetic

analysis is rapidly increasing, thus leading to massive information loss. Thus, novel

methods are needed to allow biologists to easily retain and leverage their large tree

collections.

We developed four novel algorithms that utilize universal hashing to efficiently

compare, store, and share large collections of trees. Universal hashing enables us to

capture the set of unique bipartitions contained in a collection of trees in O(nt) time.

We augmented a previously established Monte Carlo hashing algorithm to be a Las

Vegas approach. Next, we introduced a new data structure, the compact table, to
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efficiently represent tree information and allow for fast operations. We also presented

an efficient way to represent trees as bitstrings, allowing trees to be identified uniquely

and compared in novel ways. Lastly, we demonstrate how hashing can be applied to

detect relationships in heterogeneous collections of trees. This opens up a whole new

range of possibilities for exploring heterogeneous data.

Our algorithms for comparing large collections of evolutionary trees are the

fastest approaches available today. MrsRF highlights how we can leverage the MapRe-

duce paradigm to create large RF matrices in real-time [12]. When run in parallel,

MrsRF is capable of comparing 33, 306 trees in approximately 35 seconds. Our Phlash

algorithm allows us to look beyond Robinson-Foulds distance and compare trees in a

multitude of ways.

Our TreeZip algorithm [15, 16] leverages universal hashing to yield the most

efficient representation for a collection of phylogenetic trees. The TreeZip compressed

(TRZ) file occupies at least 94% (74%) less space than a Newick file for unweighted

(weighted) collections of trees. The TRZ file’s textual format allow for tree operations

to be performed directly, while retaining very high space savings. We have extended

our TreeZip algorithm to compress heterogeneous collections of trees, allowing for

universal applicability to tree collections.

Motivated by our our fast hash-based algorithms, we designed Noria to help life

scientists manage their large phylogenetic analyses. Unlike standard version control

system like Subversion [18] and Git [19], Noria is designed specifically for phylogenetic

trees. Standard version control systems will not detect when a tree has changed

leading to greater storage requirements. The TRZ file forms the basis of Noria, and

allows us to store our tree collections uniquely and efficiently. A central part of the

Noria system is the presence of a novel three-way merge algorithm that allows users

to merge TRZ files.
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Our work allows biologists to share large their tree collections, and to produce a

record of the scientific progress. This in turn promotes a greater degree of collabo-

ration in the scientific community, allows for greater reproducibility, and ultimately

helps scientist create more robust phylogenies. Our work makes tree collections valu-

able and easy to analyze and share. Furthermore, all of our work is open-source and

free to download by the community, allowing for rapid adoption.

Our work also makes numerous contributions to the computer science commu-

nity. The fast and efficient algorithms presented in this work represent the state of

the art for computational phylogenetics. Furthermore, our algorithms illustrate how

universal hashing can be used for domain-based compression of scientific datasets.

We also show how universal hashing can be used for set operations, and the con-

struction of three-way merge algorithms for distributed version control systems. Our

work spans several domains, from parallel computing and experimental algorithmics,

to compression and distributed version control. Lastly, our work can be leveraged to

exploit other tree-like data, and can be used for the creation of collaborative systems

in other scientific domains.

Future work will concentrate on developing Noria into a more feature-rich system

that can be released for general use in the biological community. Key to this is further

improving the time to operate on weighted phylogenetic trees. We also plan on

exploring new ways to improve the quality of branch length compression in TreeZip.

Lastly, we want to explore how the data structures and algorithms described in this

work can be leveraged to compare, store and share other types of tree-like data, such

as XML files.
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