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Abstract

The field of phylogenetic inference has undergone a profound transformation through the
integration of advanced information technology, evolving from traditional morphological
classification systems to sophisticated computational frameworks capable of processing
genomic-scale datasets. This comprehensive review examines the historical trajectory of
computational phylogenetics, tracing its development from Linnaeus's taxonomic
foundations through the molecular revolution to contemporary phylogenomic approaches.
We analyse the central methodological debates that have shaped the discipline, including
the tension between parsimony and likelihood-based methods, the challenges of model
selection in complex evolutionary scenarios, and the ongoing integration of machine
learning techniques. The article presents a systematic mathematical framework for
understanding key phylogenetic algorithms, accompanied by computational
implementations that demonstrate their practical applications. Current obstacles in the
field are critically evaluated, including the computational complexity of large-scale
analyses, systematic errors in phylogenomic inference, and the challenges of
accommodating complex evolutionary processes such as horizontal gene transfer and
hybridisation. Through examination of both historical developments and contemporary
challenges, this review provides insights into future directions for computational

phylogenetics, emphasising the potential of hybrid approaches that combine traditional
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statistical methods with emerging artificial intelligence techniques. The analysis reveals
that whilst significant progress has been achieved in computational efficiency and
methodological sophistication, fundamental challenges remain in accurately reconstructing

evolutionary relationships from increasingly complex datasets.
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1. Introduction

The reconstruction of evolutionary relationships amongst living organisms represents one
of the most fundamental challenges in biological sciences, requiring the integration of
observational data with sophisticated computational methodologies to infer patterns of
descent that occurred over millions of years. Phylogenetic inference, the scientific discipline
concerned with determining these evolutionary relationships, has undergone a remarkable
transformation since its inception, evolving from primarily descriptive endeavours based on
morphological characteristics to highly quantitative analyses employing cutting-edge
information technology and computational algorithms (Felsenstein, 2004). This
transformation has been particularly pronounced in the past several decades, as advances
in molecular biology, computer science, and statistical methodology have converged to
create unprecedented opportunities for understanding the tree of life.

The historical foundations of phylogenetic thinking can be traced to the taxonomic work of
Carl Linnaeus in the 18th century, who established the hierarchical classification system
that continues to underpin modern systematic biology (Brown, 2002). Linnaeus's Systema
Naturae, whilst originally conceived as a reflection of divine creation rather than
evolutionary relationships, inadvertently provided the structural framework that would
later be reinterpreted through Darwin's evolutionary lens. The publication of The Origin of
Speciesin 1859 fundamentally altered the conceptual landscape of biological classification,
transforming static taxonomic hierarchies into dynamic representations of evolutionary

history (Darwin, 1859). Darwin's metaphor of the "tree of life" became the central organising



principle for understanding biological diversity, establishing the theoretical foundation

upon which all subsequent phylogenetic methodology would be built.

The transition from purely morphological approaches to molecular phylogenetics marked a
pivotal moment in the discipline's development, beginning with the pioneering
immunological studies of Nuttall in 1904, who used cross-reactivity patterns between
proteins to infer evolutionary relationships amongst primates (Nuttall, 1904). This early
application of molecular data presaged the methodological revolution that would unfold
throughout the 20th century, as technological advances in protein chemistry and molecular
biology provided increasingly sophisticated tools for phylogenetic analysis. The
development of protein electrophoresis in the mid-20th century enabled researchers to
compare the biochemical properties of homologous proteins across species, whilst DNA-
DNA hybridisation techniques offered direct assessments of genomic similarity through

measurements of hybrid molecule stability (Hillis et al., 1996).

The emergence of computational phylogenetics as a distinct discipline coincided with the
development of rigorous mathematical frameworks for evolutionary inference, particularly
through the introduction of phenetics and cladistics in the 1950s and 1960s (Michener &
Sokal, 1957). These methodological innovations emphasised the importance of large
datasets and quantitative analytical approaches, creating a demand for molecular data that
could provide the necessary statistical power for robust phylogenetic inference. The
advantages of molecular data over morphological characters became increasingly
apparent: molecular sequences offered unambiguous character states, could be readily
converted to numerical form for mathematical analysis, and provided access to vast

numbers of potentially informative characters within single experiments (Avise, 2004).

The development of DNA sequencing technology in the 1970s and its subsequent
refinement throughout the 1980s and 1990s fundamentally transformed the landscape of
phylogenetic research, enabling direct access to the genetic information that underlies
evolutionary relationships (Sanger et al., 1977). The introduction of the polymerase chain
reaction (PCR) and automated sequencing platforms dramatically reduced the cost and
time required for molecular data generation, whilst simultaneously improving the quality
and reliability of sequence information. These technological advances facilitated the
transition from small-scale studies focusing on individual genes or proteins to
comprehensive analyses incorporating multiple molecular markers and eventually entire

genomes.



The computational challenges associated with phylogenetic inference have grown
exponentially with the scale and complexity of available datasets, necessitating the
development of increasingly sophisticated algorithms and statistical methods. Early
computational approaches, such as the UPGMA (Unweighted Pair Group Method with
Arithmetic Mean) and neighbour-joining algorithms, provided computationally efficient
solutions for distance-based phylogenetic reconstruction but were limited in their ability to
accommodate complex evolutionary models (Saitou & Nei, 1987). The introduction of
maximum likelihood and Bayesian approaches in the 1980s and 1990s represented a
fundamental shift towards probabilistic frameworks that could explicitly model
evolutionary processes whilst providing rigorous statistical assessments of phylogenetic

uncertainty (Yang, 2006).

The advent of next-generation sequencing technologies in the mid-2000s ushered in the era
of phylogenomics, characterised by the analysis of genome-scale datasets containing
hundreds or thousands of genes (Young & Gillung, 2020). This technological revolution has
generated unprecedented amounts of molecular data, enabling researchers to address
phylogenetic questions that were previously intractable due to insufficient statistical power.
However, the transition to phylogenomic approaches has also introduced new challenges
related to data management, computational scalability, and the accommodation of
complex evolutionary processes that may violate the assumptions of traditional
phylogenetic methods.

Contemporary phylogenetic research increasingly relies on high-performance computing
infrastructure and sophisticated software packages that can handle the computational
demands of large-scale analyses (Stamatakis, 2014). The development of parallel
algorithms and distributed computing approaches has enabled researchers to tackle
phylogenetic problems involving thousands of taxa and millions of molecular characters,
whilst advances in statistical methodology have improved the accuracy and reliability of
phylogenetic inference. Machine learning techniques are increasingly being integrated into
phylogenetic workflows, offering new approaches to model selection, tree search

optimisation, and the detection of complex evolutionary patterns (Mo et al., 2024).

Despite these remarkable technological and methodological advances, significant
challenges remain in computational phylogenetics, particularly in the areas of model
adequacy, computational scalability, and the accommodation of biological complexity. The

assumption of tree-like evolution, which underlies most phylogenetic methods, is



frequently violated by processes such as horizontal gene transfer, hybridisation, and
incomplete lineage sorting, necessitating the development of more sophisticated analytical
frameworks (Degnan & Rosenberg, 2009). Additionally, the computational complexity of
phylogenetic inference scales exponentially with the number of taxa, creating practical

limitations for analyses involving large numbers of species or genes.

The integration of information technology into phylogenetic research has also raised
important questions about reproducibility, data management, and the standardisation of
analytical protocols. The complexity of modern phylogenetic pipelines, which may involve
dozens of software packages and hundreds of parameter settings, creates challenges for
ensuring that analyses can be replicated and validated by independent researchers
(Sanderson et al., 2008). Furthermore, the rapid pace of technological development means
that computational methods and software implementations are constantly evolving,
requiring researchers to continually update their analytical approaches and technical
expertise.

The mathematical foundations of computational phylogenetics have become increasingly
sophisticated, incorporating advances from diverse fields including probability theory,
optimisation algorithms, and statistical inference. Modern phylogenetic methods employ
complex likelihood functions that can accommodate heterogeneous evolutionary rates,
variable substitution patterns, and sophisticated models of molecular evolution
(Huelsenbeck & Ronquist, 2001). The development of Markov chain Monte Carlo (MCMC)
algorithms has enabled Bayesian phylogenetic inference to become computationally
tractable for large datasets, whilst providing rigorous frameworks for quantifying

phylogenetic uncertainty and incorporating prior biological knowledge.

As we advance further into the genomic era, the field of computational phylogenetics
continues to evolve rapidly, driven by ongoing technological innovations and
methodological developments. The integration of artificial intelligence and machine
learning approaches holds particular promise for addressing some of the field's most
persistent challenges, including the development of more accurate evolutionary models,
improved tree search algorithms, and automated approaches to data quality assessment
(Cranston et al., 2009). However, realising this potential will require careful attention to the
biological realism of computational models and the development of robust validation
frameworks that can ensure the reliability of phylogenetic inferences.



This comprehensive review examines the historical trajectory of computational
phylogenetics, analyses the central methodological debates that have shaped the
discipline, and evaluates the current state of the field with particular attention to
unresolved challenges and future directions. Through detailed examination of both
theoretical foundations and practical implementations, we aim to provide insights into how
advances in information technology have transformed our understanding of evolutionary

relationships and continue to shape the future of phylogenetic research.

2. Methodology

The mathematical foundations of computational phylogenetics encompass a diverse array
of algorithms and statistical frameworks designed to infer evolutionary relationships from
molecular sequence data. This section presents the core methodological approaches that
have shaped the field, with particular emphasis on the mathematical formulations that
underlie contemporary phylogenetic inference methods. The progression from distance-
based algorithms to sophisticated probabilistic models reflects the increasing mathematical
sophistication of the discipline and the growing computational power available to

researchers.

2.1 Distance-Based Methods

Distance-based phylogenetic methods represent the earliest computational approaches to
evolutionary inference, relying on pairwise measures of evolutionary divergence to
construct phylogenetic trees. These methods assume that the evolutionary distance
between any two sequences can be adequately summarised by a single numerical value,

which is then used as input for tree construction algorithms.

The fundamental distance measure in molecular phylogenetics is the Hamming distance,
which quantifies the number of positions at which two aligned sequences differ. For

sequences % and % of length £, the Hamming distance # (%, %) is defined as:
(S H) = Zial T(HAK] # HAK])

where 1( - ) denotes the indicator function that equals unity when the condition is satisfied

and zero otherwise, and A[k] represents the character at position k in sequence 4.



However, the Hamming distance fails to account for multiple substitutions at the same site,
leading to systematic underestimation of evolutionary distances for divergent sequences.
To address this limitation, various correction models have been developed, with the Jukes-
Cantor model providing the simplest approach for nucleotide sequences (Jukes & Cantor,
1969). Under the assumption of equal substitution rates among all nucleotides and uniform

base frequencies, the Jukes-Cantor distance #c is calculated as:
dC=-%1In(1-44/3)

where / represents the proportion of sites at which the two sequences differ. This correction
accounts for the possibility of multiple substitutions at the same site by assuming a

continuous-time Markov process with rate parameter A.

More sophisticated distance corrections incorporate additional parameters to model
heterogeneous substitution patterns. The Kimura two-parameter model distinguishes
between transitions (purine-purine or pyrimidine-pyrimidine changes) and transversions

(purine-pyrimidine changes), with the corrected distance given by:
diap = -2 IN[(1-2222)/ (1-22)]

where Zrepresents the proportion of transitional differences and 2 represents the

proportion of transversional differences between the sequences.

The UPGMA (Unweighted Pair Group Method with Arithmetic Mean) algorithm represents
one of the earliest computational approaches to tree construction from distance matrices.
The algorithm proceeds by iteratively clustering the two closest taxa, with the distance from

the new cluster to all other taxa calculated as the arithmetic mean of the constituent

distances. For clusters % and ¢ with cardinalities || and | 4|, the distance to a third cluster
Cx is:
d((gija %k) = (|(€' ° d(%la %k) + |(€J ° d(%ja %k))/(|(6'| + |%J|)

The UPGMA algorithm assumes a molecular clock, meaning that all lineages evolve at
constant rates, which is often violated in real biological systems. The neighbour-joining
algorithm addresses this limitation by relaxing the molecular clock assumption and
employing a more sophisticated clustering criterion based on the concept of evolutionary
neighbours (Studier & Keppler, 1988).



The neighbour-joining algorithm utilises the 2-matrix, where each element 2; represents a
transformed distance that accounts for the average divergence of taxa i and j from all other

taxa:
D= (20-2) iy - Z 1" i - X k1" el

where » is the number of taxa and «#; represents the distance between taxa i andj. The
algorithm iteratively joins the pair of taxa with the minimum 2; value, updating the distance

matrix after each clustering step.

2.2 Maximum Likelihood Methods

Maximum likelihood (ML) approaches represent a fundamental advancement in
phylogenetic methodology, providing a rigorous statistical framework for evaluating
alternative evolutionary hypotheses. Unlike distance-based methods, ML approaches
explicitly model the evolutionary process and can accommodate complex substitution
patterns, rate heterogeneity, and other biological realities.

The likelihood of a phylogenetic tree Zwith branch lengths v and substitution model

parameters 6, given an alignment of molecular sequences ¥, is expressed as:
g((z‘))e | @) = [Tis" IP(% | 'O/jv; 0)

where » represents the number of sites in the alignment and % represents the pattern of

characters observed at site i across all sequences.

For a given site i with character pattern x; = (xi, xi2, ..., xim) aCross » taxa, the site likelihood is
calculated by summing over all possible ancestral character states at internal nodes of the

tree:

P(Z

T, 0) = Ty e M EEF Pyupl4n)

where y represents a complete assignment of character states to all nodes in the tree, 1y, is
the equilibrium frequency of character state y: at the root, () denotes the set of edges in
tree 7, and Py, (%) represents the transition probability from character state y, to y, over
branch length 4..

The transition probabilities are derived from continuous-time Markov models of sequence

evolution. For the general time-reversible (GTR) model, the instantaneous rate matrix 2 for



nucleotide substitutions is parameterised as:

2=]
[[(a*mc+PBnG+y-nT), a-mc, B+ NG, y - nT],
[a+TA, -(a*TTA+8 s TG+ €+ TiT), & * G, € * TT],
BemA, 6-mc, -(B-mA+& s mc+ - mT), (- mT],
[y mA, e+mic, (* TG, -(y * TA+€ * Tic + ( * TIG)]

]

where A, Ttc, G, Tt T represent the equilibrium frequencies of the four nucleotides, and q,

B,v, d, €, Care the relative rates of the six possible substitution types.

The transition probability matrix A4 over time 7is obtained through matrix exponentiation:
A1) = exp(2))

This matrix exponentiation is typically computed using eigenvalue decomposition, where 2
=2\, yielding:

AN =wuexp(\) 2’

Rate heterogeneity among sites is commonly modelled using the gamma distribution,
which allows for variation in evolutionary rates across different positions in the sequence.
The probability density function of the gamma distribution with shape parameter a and

scale parameter B is:

A a, B) = (Be/T (@) =" exp(-Be)

In practice, the continuous gamma distribution is approximated using discrete rate

categories, typically four, with rates 41, +,, 43, 24 and equal probabilities V4 for each category.

2.3 Bayesian Phylogenetic Inference

Bayesian methods provide a comprehensive probabilistic framework for phylogenetic
inference, incorporating prior knowledge about evolutionary parameters and providing
explicit quantification of uncertainty in phylogenetic estimates. The fundamental principle
underlying Bayesian phylogenetics is Bayes' theorem, which relates the posterior

probability of a phylogenetic hypothesis to its prior probability and likelihood:



P(Zv,0| 2)=[P(2| Zv,0) - P(7,0)]/P(2)

where P(7, v, 0 | 9) represents the posterior probability of the phylogenetic tree Zwith
branch lengths v and model parameters 6 given the sequence data &, P(2| %, v, 6) is the
likelihood function, P(Z; v, 0) represents the prior probability, and P(%) is the marginal
likelihood or evidence.

The marginal likelihood involves integration over all possible parameter values:
P(@)= [ | ZTP(2|Fv,0) P(Fv,0)dvdo

This integral is typically intractable analytically, necessitating the use of Markov chain
Monte Carlo (MCMC) methods for sampling from the posterior distribution. The Metropolis-
Hastings algorithm forms the basis of most MCMC implementations in phylogenetics, with

the acceptance probability for a proposed state ¢' given the current state ¢ calculated as:
a(d = ¢') =min{L, [P('| Z) * ¢(d' = D)/ [P(D]| L) * «(d— )]}

where ¢(d — ¢') represents the proposal probability for transitioning from state ¢ to state
¢

Effective MCMC sampling requires careful design of proposal mechanisms for different
parameter types. Tree topology proposals typically employ local rearrangement operations
such as nearest neighbour interchange (NNI), subtree pruning and regrafting (SPR), or tree
bisection and reconnection (TBR). Branch length proposals often utilise multiplicative
updates with log-normal proposal distributions, whilst substitution model parameters may

be updated using sliding window or reflection proposals.

2.4 Parsimony Methods

Maximum parsimony represents one of the earliest computational approaches to
phylogenetic inference, based on the principle that the most likely evolutionary scenario is
the one requiring the fewest character state changes. Despite its conceptual simplicity,
parsimony methods involve complex combinatorial optimisation problems that have driven

significant developments in algorithmic phylogenetics.

For a given tree topology Zand character i, the parsimony score %(J) represents the

minimum number of character state changes required to explain the observed data. The



total parsimony score for the tree is:
AT = Zi" H(I)
where » is the number of characters in the dataset.

The calculation of parsimony scores employs dynamic programming algorithms, most
commonly Fitch's algorithm for unordered characters (Fitch, 1971). For each internal node «

with children » and «, the set of optimal character states %, is determined by:

Fu={

FuNF fFNT,+ O
FuUF fF.NF=0
}

The parsimony score for the character is incremented by one each time the intersection #,
N Z.is empty, indicating that a character state change is required along one of the
branches leading to node «.

For ordered characters, where certain state transitions are considered more likely than
others, Sankoff's algorithm provides a more general framework (Sankoff, 1975). The
algorithm assigns costs «(i,j) to transitions between character states i and j, with the optimal

cost %(i) for assigning state i to node « calculated as:
(i) = Z yEchildren(«) min_j [€.(j) + (i,j)]

The parsimony score for the character is then min_i €{(i), where » represents the root of the
tree.

2.5 Phylogenomic Approaches

The advent of high-throughput sequencing technologies has enabled phylogenomic
analyses that incorporate hundreds or thousands of genes, necessitating new

methodological approaches to handle the scale and complexity of genomic datasets.
Phylogenomic methods must address challenges related to gene tree heterogeneity,

incomplete lineage sorting, and computational scalability.

Species tree estimation in the presence of gene tree discordance represents a central

challenge in phylogenomics. The multispecies coalescent model provides a theoretical



framework for understanding how gene trees may differ from the underlying species tree
due to incomplete lineage sorting. Under this model, the probability of observing a

particular gene tree % given a species tree #with population parameters O is:
P(9]|%,0)= | P(9| 4 P(¢| % 0)ds

where srepresents the vector of coalescence times and P(/| 4, ©) is determined by the

coalescent process within the species tree.

Summary methods for species tree estimation, such as ASTRAL and MP-EST, operate by
finding the species tree that maximises agreement with a collection of estimated gene trees
(Mirarab & Warnow, 2015). The quartet-based approach employed by ASTRAL seeks to
maximise the number of quartet trees that are consistent between the species tree and the
input gene trees. For a species tree .#and a collection of gene trees 4={%, %, ..., %}, the

objective function is:
score(9) = X _{¢€2AN} Tictkwi * 1lg € 2(9))

where 2(.%) represents the set of quartet trees induced by species tree .%, 2(%) represents

the quartet trees in gene tree %, and « is the weight assigned to gene tree %.

Concatenation approaches, which combine multiple gene alignments into a single
supermatrix, remain popular despite their theoretical limitations. The total likelihood for a

concatenated analysis is:

¥ (%concat

e?,v, 0) = |-|i=1kg(@i | .:“/‘,vi, Oi)

where Zconcat represents the concatenated alignment, /4 is the number of gene partitions,

and each partition may have its own branch lengths v; and substitution model parameters 6.

The mathematical complexity of phylogenomic inference has driven the development of
approximation algorithms and heuristic approaches that can handle large datasets whilst
maintaining reasonable computational requirements. These methodological advances
continue to evolve as the scale of available genomic data increases and computational

resources become more powerful.
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Figure 5. Phylogenomic analysis workflow illustrating the complete computational pipeline

from raw genomic data to validated phylogenetic trees. The workflow encompasses three
major phases: data preparation (blue boxes), including quality control, gene prediction, and
ortholog identification; phylogenetic inference (green boxes), involving sequence
alignment, model selection, and tree reconstruction; and validation (red boxes), comprising
tree evaluation and statistical assessment. The diagram highlights the integration of
multiple methodological approaches and the iterative nature of modern phylogenomic
analyses. Alternative inference methods include distance-based approaches, maximum
likelihood estimation, Bayesian MCMC sampling, and parsimony analysis. Validation
procedures encompass bootstrap resampling, posterior probability assessment, cross-

validation studies, and simulation-based evaluation of method performance.

3. Results



The computational analysis of phylogenetic relationships demonstrates the practical
implementation of the mathematical frameworks described in the methodology section.
Through the application of distance-based methods, substitution models, and tree
reconstruction algorithms to simulated sequence data, we illustrate the fundamental
principles underlying modern computational phylogenetics and highlight both the

capabilities and limitations of current approaches.

3.1 Distance Matrix Analysis and Evolutionary Relationships

The pairwise evolutionary distance matrix (Figure 1) reveals the pattern of sequence
divergence amongst the eight simulated taxa, with Jukes-Cantor corrected distances
ranging from 0.131 to 0.435 substitutions per site. The heatmap visualisation clearly
demonstrates the hierarchical structure of evolutionary relationships, with closely related
taxa exhibiting lower pairwise distances (indicated by darker colours) and more distantly
related taxa showing higher divergence values (indicated by lighter colours). Species A and
Species B represent the most closely related pair with a corrected distance of 0.131, whilst

Species G and Species H show the greatest divergence at 0.435 substitutions per site.



Pairwise Evolutionary Distance Matrix
(Jukes-Cantor Corrected)
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Figure 1. Pairwise evolutionary distance matrix showing Jukes-Cantor corrected distances
between eight simulated taxa. The heatmap employs a viridis colour scale where darker
colours (purple) indicate smaller evolutionary distances and lighter colours (yellow)
represent greater divergence. The matrix is symmetric with diagonal elements equal to zero,
reflecting the fundamental properties of distance metrics. The triangular presentation
eliminates redundancy whilst clearly displaying the hierarchical pattern of relationships.
Notable features include the close relationship between Species A and B (distance = 0.131),
the intermediate divergence of Species C through F, and the substantial evolutionary
distance separating Species G and H from the remaining taxa. The correction formula #c =
-3% In(1 - 44/3) accounts for multiple substitutions at individual sites, providing more

accurate estimates of evolutionary divergence than uncorrected Hamming distances.

The application of the Jukes-Cantor correction proves essential for accurate distance

estimation, particularly for the more divergent sequence pairs. Without this correction, the



raw Hamming distances would systematically underestimate the true evolutionary
distances due to the occurrence of multiple substitutions at the same site, a phenomenon
known as saturation. The correction formula #c =-3% In(1 - 4/3) effectively accounts for this
bias by modelling the substitution process as a continuous-time Markov chain, thereby

providing more accurate estimates of evolutionary divergence.

The distance matrix exhibits several notable patterns that reflect the underlying
evolutionary relationships. The gradual increase in pairwise distances from Species A
through Species H suggests a pattern of sequential divergence, with each successive taxon
representing an increasingly ancient lineage. This pattern is consistent with the simulation
parameters employed, where mutation rates were systematically increased for each taxon
to create a realistic gradient of evolutionary divergence. The symmetrical nature of the
matrix confirms the assumption of time-reversible evolution inherent in the Jukes-Cantor
model, where the probability of observing a particular substitution is independent of the

direction of evolutionary time.

3.2 Phylogenetic Tree Reconstruction and Topological Inference

The UPGMA phylogenetic tree (Figure 2) provides a hierarchical representation of the
evolutionary relationships inferred from the distance matrix data. The dendrogram clearly
illustrates the clustering pattern that emerges from the sequential application of the UPGMA
algorithm, with taxa being joined based on their average pairwise distances. The tree
topology reveals two major clades: a basal group consisting of Species F, G, and H, and a

more derived clade containing Species A through E.



UPGMA Phylogenetic Tree
Based on Jukes-Cantor Distances
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Figure 2. UPGMA phylogenetic tree reconstructed from Jukes-Cantor corrected distance
matrix. The dendrogram displays evolutionary relationships as a hierarchical clustering
structure with branch lengths proportional to evolutionary distances. The horizontal axis
represents evolutionary distance measured in substitutions per site, whilst the vertical axis
shows the taxonomic arrangement. Two major clades are evident: a derived group
comprising Species A through E (lower portion) and a more basal assemblage including
Species F, G, and H (upper portion). The ultrametric property of UPGMA trees is apparent
from the equal distances of all terminal taxa from the root, reflecting the method's
molecular clock assumption. Internal nodes represent hypothetical common ancestors,

with branching points indicating estimated divergence times under the constant-rate

- A€

evolutionary model. The clustering algorithm employed the formula A ¢, %) = (|
@)+ 4

« G, €))/(| €| +|€|) for calculating distances between merged clusters.

The branch lengths in the UPGMA tree are proportional to the evolutionary distances, with
longer branches indicating greater divergence from the common ancestor. Species H
occupies the most basal position in the tree, consistent with its status as the most divergent

taxon in the distance matrix. The clustering of Species A and B as sister taxa reflects their



minimal pairwise distance (0.131), whilst their subsequent grouping with Species C forms a

well-supported clade with moderate internal branch lengths.

However, the UPGMA method's assumption of a molecular clock introduces potential biases
in tree reconstruction, particularly when evolutionary rates vary significantly amongst
lineages. The ultrametric nature of the resulting tree, where all terminal taxa are equidistant
from the root, may not accurately reflect the true evolutionary history if rate heterogeneity
is present. This limitation highlights the importance of considering alternative tree
reconstruction methods, such as neighbour-joining or maximum likelihood approaches,

which can accommodate rate variation and provide more robust phylogenetic inferences.

3.3 Substitution Model Dynamics and Evolutionary Processes

The analysis of nucleotide substitution probabilities over evolutionary time (Figure 3)
provides crucial insights into the dynamics of molecular evolution under the General Time
Reversible (GTR) model. The four panels illustrate the transition probabilities from each of
the four nucleotides (A, T, G, C) to all possible target states as a function of evolutionary
time. The results demonstrate the fundamental principle that the probability of remaining
in the same state decreases exponentially with time, whilst the probabilities of transitioning

to alternative states increase correspondingly.



Nucleotide Substitution Probabilities Over Time
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Figure 3. Nucleotide substitution probabilities over evolutionary time under the GTR
model. Four panels display transition probabilities from each starting nucleotide (A, T, G, C)
to all possible target states as functions of evolutionary time. Solid lines represent the
probability of no change (diagonal elements of the transition matrix), whilst dashed lines
show probabilities of specific substitutions (off-diagonal elements). The exponential decay
of no-change probabilities follows the relationship Pi(4) = exp(-«4), where + represents the
total substitution rate from state i. Transition probabilities to alternative nucleotides
increase monotonically, approaching equilibrium values determined by the stationary
distribution 1t = (0.25, 0.25, 0.25, 0.25). The mathematical framework underlying these
curves derives from matrix exponentiation A4 = exp(24), where 2 represents the
instantaneous rate matrix. The convergence towards equal transition probabilities reflects
the assumption of equal equilibrium frequencies in the simplified GTR parameterisation
employed for this analysis.

For each starting nucleotide, the probability of no change (represented by the solid lines)
follows a characteristic exponential decay pattern, beginning at 1.0 at time zero and

declining to approximately 0.85-0.87 after five time units. This decay reflects the cumulative



effect of substitution events over evolutionary time and demonstrates the time-dependent
nature of molecular evolution. The rate of decay is consistent across all four nucleotides,
reflecting the symmetrical substitution rates employed in the simplified GTR model used for

this analysis.

The transition probabilities to alternative nucleotides (represented by dashed lines) show
complementary patterns, with each transition type approaching an equilibrium probability
of approximately 0.04-0.05 after extended evolutionary time. This convergence towards
equal transition probabilities reflects the assumption of equal equilibrium frequencies (0.25
for each nucleotide) in the model parameterisation. The gradual increase in transition
probabilities over time illustrates how molecular sequences become increasingly
randomised as evolutionary distance increases, eventually approaching a state where

phylogenetic signal becomes saturated.

The mathematical elegance of the GTR model is evident in the smooth, predictable curves
generated by the matrix exponentiation process A7) = exp(24). The eigenvalue
decomposition underlying this calculation ensures that the transition probabilities maintain
their stochastic properties (summing to 1.0 for each row) whilst accurately modelling the
continuous-time Markov process of sequence evolution. These results demonstrate the
theoretical foundation upon which maximum likelihood and Bayesian phylogenetic
methods are built, providing the probabilistic framework necessary for rigorous statistical

inference.

3.4 Maximum Likelihood Surface Analysis

The three-dimensional likelihood surface (Figure 4) illustrates the relationship between
branch length parameters and the likelihood function in phylogenetic inference. This
visualisation demonstrates the complex optimisation landscape that maximum likelihood
algorithms must navigate to identify optimal parameter estimates, highlighting both the

challenges and opportunities inherent in likelihood-based phylogenetic methods.
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Figure 4. Maximum likelihood surface for branch length estimation in phylogenetic
inference. The three-dimensional plot displays the log-likelihood function (%, v, 0| %) as a
function of two branch length parameters, illustrating the optimisation landscape
encountered in maximum likelihood phylogenetic analysis. The surface exhibits multiple
local maxima, reflecting the complex parameter space characteristic of phylogenetic
likelihood functions. The global maximum (highest peak) represents the optimal branch
length combination that maximises the probability of observing the sequence data given
the tree topology and substitution model. Contour lines projected onto the base plane
facilitate interpretation of the likelihood gradients and identification of confidence regions.
The multimodal nature of the surface demonstrates why sophisticated optimisation
algorithms are required for reliable parameter estimation, as simple hill-climbing methods
may become trapped in local optima. The mathematical foundation underlying this surface



derives from the product likelihood (%, v, 0 | ) = Mi-1" P(Z: | 7, v, 0), where each site
contributes to the overall likelihood through complex matrix calculations involving

transition probabilities.

The surface exhibits multiple local maxima, demonstrating the complex optimisation
challenges inherent in maximum likelihood phylogenetic inference. The global maximum
represents the optimal combination of branch lengths that maximises the probability of
observing the sequence data given the tree topology and substitution model. The presence
of multiple peaks illustrates why sophisticated optimisation algorithms are necessary for
reliable parameter estimation, as simple gradient-based methods may become trapped in

local optima and fail to identify the global maximum.

The contour lines projected onto the base plane provide additional insight into the
likelihood landscape, revealing regions of parameter space that yield similar likelihood
values. These contour lines are particularly useful for defining confidence intervals and
assessing parameter uncertainty, as they delineate regions within which parameter

estimates remain statistically indistinguishable from the maximum likelihood estimate.

3.5 Computational Performance and Scalability Considerations

The computational analysis reveals important insights regarding the scalability and
performance characteristics of different phylogenetic methods. The distance-based
approach employed for the UPGMA analysis demonstrates excellent computational
efficiency, with the entire analysis completing in milliseconds for the eight-taxon dataset.
The ¢{..*) complexity of distance matrix calculation and the ¢{».*) complexity of the UPGMA
clustering algorithm ensure that this approach remains computationally tractable even for

moderately large datasets.

However, the computational requirements increase dramatically when considering more
sophisticated phylogenetic methods. Maximum likelihood analysis of the same dataset
would require evaluation of the likelihood function across multiple tree topologies, with
each likelihood calculation involving complex matrix operations and numerical
optimisation procedures. For eight taxa, the number of possible unrooted tree topologies is
(2,.-5)!! =945, making exhaustive search computationally demanding but still feasible. As
the number of taxa increases, the exponential growth in tree space renders exhaustive

search impossible, necessitating heuristic search strategies and approximation algorithms.



The Bayesian MCMC approach presents additional computational challenges related to
convergence assessment and mixing properties of the Markov chain. Effective sampling
from the posterior distribution requires careful tuning of proposal mechanisms and
sufficient chain length to ensure adequate exploration of parameter space. For the current
dataset, a typical Bayesian analysis might require hundreds of thousands to millions of
MCMC iterations, representing a substantial computational investment compared to the
distance-based approach.

4. Discussion

The evolution of computational phylogenetics from its humble beginnings in morphological
taxonomy to the sophisticated genomic analyses of today represents one of the most
remarkable transformations in biological sciences. This transformation has been driven by
the convergence of advances in molecular biology, computer science, and statistical
methodology, creating unprecedented opportunities for understanding evolutionary
relationships whilst simultaneously introducing new challenges and complexities that

continue to shape the field's development.

4.1 Advantages and Achievements of Computational Approaches

The integration of information technology into phylogenetic research has yielded numerous
significant advantages that have fundamentally transformed our understanding of
evolutionary relationships. Perhaps most importantly, computational methods have
enabled the analysis of vastly larger datasets than were previously feasible, moving from
studies involving dozens of morphological characters to analyses incorporating millions of
molecular characters from complete genomes (Eisen, 1998). This dramatic increase in data
availability has provided the statistical power necessary to resolve previously intractable
phylogenetic questions and has enabled researchers to address evolutionary problems at
unprecedented scales.

The development of rigorous statistical frameworks for phylogenetic inference represents
another major achievement of the computational era. Maximum likelihood and Bayesian
methods provide explicit probabilistic models of evolutionary processes, enabling
researchers to quantify uncertainty in phylogenetic estimates and to compare alternative

evolutionary hypotheses using formal statistical criteria (Goldman, 1993). These approaches



have moved the field beyond purely algorithmic methods towards a more mature statistical
discipline that can accommodate complex evolutionary scenarios and provide robust

measures of confidence in phylogenetic conclusions.

The automation and standardisation of phylogenetic workflows have dramatically
improved the reproducibility and accessibility of phylogenetic research. Software packages
such as RAXML, MrBayes, and BEAST have made sophisticated phylogenetic methods
available to researchers without extensive computational expertise, whilst standardised file
formats and analysis protocols have facilitated data sharing and collaborative research
efforts (Drummond & Rambaut, 2007). This democratisation of phylogenetic analysis has
accelerated scientific progress and has enabled researchers from diverse backgrounds to

contribute to our understanding of evolutionary relationships.

The computational revolution has also enabled the development of novel analytical
approaches that would have been impossible using traditional methods. Phylogenomic
analyses can now accommodate complex evolutionary scenarios such as incomplete
lineage sorting, horizontal gene transfer, and hybridisation, providing more realistic models
of evolutionary processes (Huson & Bryant, 2006). The integration of temporal information
through molecular clock analyses has enabled researchers to estimate divergence times
and to correlate evolutionary events with geological and climatic changes, providing

insights into the drivers of biological diversification.

4.2 Limitations and Persistent Challenges

Despite these remarkable achievements, computational phylogenetics continues to face
significant limitations and challenges that constrain its effectiveness and reliability. One of
the most fundamental issues concerns the adequacy of evolutionary models used in
phylogenetic inference. Even the most sophisticated substitution models make simplifying
assumptions about the evolutionary process that may be violated in real biological systems
(Sullivan & Joyce, 2005). The assumption of independence amongst sites, for example,
ignores the effects of selection on linked sites and the constraints imposed by protein
structure and function. Similarly, the assumption of homogeneous evolutionary processes
across lineages fails to account for the substantial variation in mutation rates, generation

times, and selective pressures that characterise real evolutionary systems.



The computational complexity of phylogenetic inference represents another persistent
challenge that limits the scope and scale of analyses that can be performed. The number of
possible tree topologies grows exponentially with the number of taxa, making exhaustive
search impossible for all but the smallest datasets (Felsenstein, 1978). Heuristic search
strategies, whilst computationally tractable, may fail to identify optimal solutions and can
become trapped in local optima, leading to suboptimal phylogenetic estimates. The
development of more efficient algorithms and the application of high-performance
computing resources have partially addressed these limitations, but computational
constraints continue to impose practical limits on the size and complexity of phylogenetic

analyses.

The challenge of accommodating biological complexity represents perhaps the most
significant obstacle facing contemporary phylogenetics. Real evolutionary histories are
characterised by processes such as horizontal gene transfer, hybridisation, incomplete
lineage sorting, and gene duplication and loss, all of which violate the assumptions of
traditional tree-based models (Doolittle, 1999). Whilst methods have been developed to
address some of these complexities, such as species tree approaches for incomplete lineage
sorting and network methods for reticulate evolution, these approaches often require
additional assumptions and may be computationally intensive or statistically

underpowered.

The issue of systematic error in phylogenetic inference has emerged as a particularly
troubling concern, as it can lead to strongly supported but incorrect phylogenetic
conclusions. Systematic errors can arise from model misspecification, inadequate taxon
sampling, compositional biases in sequence data, and other factors that are not easily
detected through standard validation procedures (Philippe et al., 2011). The phenomenon
of long-branch attraction, where rapidly evolving lineages are incorrectly grouped together,
exemplifies how systematic biases can overwhelm phylogenetic signal and lead to

erroneous conclusions despite high statistical support.

4.3 Central Debates and Methodological Controversies

The field of computational phylogenetics has been shaped by several central debates that
reflect fundamental disagreements about the most appropriate approaches to evolutionary
inference. The tension between parsimony and likelihood-based methods represents one of

the most enduring controversies in the field. Proponents of parsimony argue that it provides



a simple, assumption-free approach to phylogenetic inference that is robust to model
misspecification (Goloboff et al., 2008). Critics counter that parsimony lacks a coherent
statistical framework and can be inconsistent under certain evolutionary scenarios,

particularly when evolutionary rates vary significantly amongst lineages.

The debate over concatenation versus species tree approaches in phylogenomics reflects
deeper disagreements about how to handle gene tree heterogeneity and the relative
importance of different sources of phylogenetic information. Concatenation methods
assume that all genes share the same evolutionary history and can provide strong statistical
support for phylogenetic conclusions, but they may be misleading when gene tree
discordance is prevalent (Edwards, 2009). Species tree methods explicitly model the sources
of gene tree discordance but may be statistically underpowered and computationally

intensive, particularly for large datasets.

The integration of machine learning approaches into phylogenetics has sparked
considerable debate about the relative merits of traditional statistical methods versus data-
driven approaches. Advocates of machine learning argue that these methods can capture
complex evolutionary patterns that are difficult to model using conventional approaches
and can provide computational efficiencies that enable analysis of larger datasets (Suvorov
et al., 2020). Sceptics worry about the interpretability of machine learning models, their
dependence on training data that may not represent the full diversity of evolutionary

scenarios, and their potential to perpetuate biases present in training datasets.

4.4 Future Directions and Emerging Opportunities

The future of computational phylogenetics will likely be shaped by several emerging trends
and technological developments that promise to address current limitations whilst
introducing new opportunities and challenges. The continued growth in genomic data
availability, driven by advances in sequencing technology and decreasing costs, will enable
phylogenomic analyses of unprecedented scale and taxonomic breadth. The development
of portable sequencing technologies and field-deployable genomic approaches may
democratise access to genomic data and enable real-time phylogenetic analysis in diverse

settings.

The integration of artificial intelligence and machine learning approaches represents one of

the most promising avenues for advancing phylogenetic methodology. Deep learning



approaches have shown particular promise for handling large, complex datasets and for
identifying patterns that may be missed by traditional statistical methods (Voznica et al.,
2022). The development of hybrid approaches that combine the interpretability of
traditional statistical methods with the pattern recognition capabilities of machine learning

may provide optimal solutions for many phylogenetic problems.

The incorporation of additional types of biological data, such as epigenetic modifications,
gene expression patterns, and phenotypic information, may provide new sources of
phylogenetic information that can complement traditional sequence-based approaches.
The development of integrative methods that can simultaneously analyse multiple data
types whilst accounting for their different evolutionary properties represents an important

frontier for methodological development.

The growing recognition of the importance of uncertainty quantification in phylogenetic
inference is driving the development of more sophisticated approaches to error assessment
and propagation. Bayesian methods provide natural frameworks for uncertainty
quantification, but the development of computationally efficient approaches for large
datasets remains challenging. The integration of uncertainty quantification into
downstream analyses, such as comparative phylogenetic studies and biogeographic

inference, represents an important area for future development.

4.5 Implications for Broader Scientific Understanding

The advances in computational phylogenetics have implications that extend far beyond the
immediate goals of reconstructing evolutionary relationships. Phylogenetic methods are
increasingly being applied to diverse problems in epidemiology, conservation biology, drug
discovery, and other fields where understanding evolutionary relationships is crucial for
addressing practical challenges (Montgomery, 2025a). The development of real-time
phylogenetic analysis capabilities has proven particularly valuable for tracking the
evolution and spread of infectious diseases, as demonstrated during the COVID-19
pandemic.

The integration of phylogenetic thinking into other areas of biology has been facilitated by
advances in computational methods that make phylogenetic analysis more accessible and
reliable. Comparative phylogenetic methods enable researchers to test evolutionary

hypotheses and to control for phylogenetic relationships when studying trait evolution,



whilst phylogenetic diversity measures provide important tools for conservation planning

and biodiversity assessment.

The philosophical implications of computational phylogenetics also deserve consideration,
as these methods shape our understanding of the nature of evolutionary relationships and
the appropriate ways to represent and interpret evolutionary history. The tension between
tree-based and network-based representations of evolutionary relationships reflects deeper
questions about the nature of evolutionary processes and the most appropriate ways to

model biological complexity.

4.6 Recommendations for Future Research

Based on the analysis presented in this review, several recommendations emerge for future
research directions in computational phylogenetics. First, there is a critical need for the
development of more realistic evolutionary models that can accommodate the biological
complexity observed in real systems whilst remaining computationally tractable. This will
require closer integration between empirical studies of molecular evolution and theoretical

developments in phylogenetic methodology.

Second, the development of robust methods for detecting and correcting systematic errors
in phylogenetic inference should be prioritised, as these errors can have profound
implications for biological understanding. This includes the development of better
diagnostic tools for identifying problematic datasets and analytical approaches, as well as

methods for mitigating the effects of systematic biases.

Third, the integration of machine learning approaches with traditional statistical methods
represents a promising avenue for advancing phylogenetic methodology, but this
integration must be pursued carefully with attention to biological realism and
interpretability. The development of hybrid approaches that leverage the strengths of both
paradigms whilst minimising their respective weaknesses should be a priority.

Finally, the development of standardised benchmarking datasets and evaluation protocols
would facilitate more rigorous comparison of phylogenetic methods and would accelerate
methodological development. The establishment of community standards for data sharing,
analysis protocols, and result reporting would enhance the reproducibility and reliability of
phylogenetic research and would facilitate collaborative efforts to address the field's most
challenging problems.



5. Conclusion

The implementation of advances in information technology in the treatment of
phylogenetic problems has fundamentally transformed our understanding of evolutionary
relationships and has established computational phylogenetics as one of the most dynamic
and rapidly evolving fields in biological sciences. This comprehensive review has traced the
historical trajectory of the discipline from its origins in Linnean taxonomy through the
molecular revolution to the contemporary era of phylogenomics and machine learning
integration, revealing a consistent pattern of technological innovation driving

methodological advancement and expanding the scope of evolutionary inquiry.

The mathematical frameworks that underpin modern phylogenetic inference represent
remarkable achievements in the integration of biological understanding with
computational methodology. The progression from simple distance-based algorithms to
sophisticated probabilistic models demonstrates the field's increasing mathematical
sophistication and its ability to accommodate biological complexity whilst maintaining
computational tractability. The development of maximum likelihood and Bayesian
approaches has provided rigorous statistical foundations for phylogenetic inference,
enabling researchers to quantify uncertainty and to compare alternative evolutionary

hypotheses using formal statistical criteria.

The computational implementations presented in this study illustrate both the power and
the limitations of current phylogenetic methods. The analysis of simulated sequence data
demonstrates the effectiveness of established algorithms such as UPGMA clustering and
Jukes-Cantor distance correction, whilst also highlighting the assumptions and constraints
that limit their applicability to real biological systems. The visualisation of substitution
probabilities over evolutionary time provides insights into the fundamental processes that
drive molecular evolution and underscores the importance of appropriate model selection

in phylogenetic analysis.

The central debates that have shaped computational phylogenetics reflect deeper tensions
between simplicity and biological realism, between computational efficiency and statistical
rigour, and between traditional statistical approaches and emerging machine learning

methodologies. These debates are far from resolved and continue to drive innovation in the
field, as researchers seek to develop methods that can accommodate the full complexity of

evolutionary processes whilst remaining computationally feasible and statistically robust.



The persistent challenges facing computational phylogenetics, including systematic error,
model inadequacy, and computational complexity, represent fundamental obstacles that
will require sustained research effort to overcome. The exponential growth in tree space
with increasing numbers of taxa ensures that heuristic search strategies will remain
necessary for large-scale analyses, whilst the complexity of real evolutionary processes
continues to challenge the assumptions of even the most sophisticated models. The
integration of machine learning approaches offers promising avenues for addressing some
of these challenges, but also introduces new concerns about interpretability and biological

realism.

The future of computational phylogenetics will likely be characterised by continued
technological innovation, methodological sophistication, and expanding applications to
diverse biological problems. The ongoing revolution in genomic sequencing technology
promises to provide unprecedented amounts of data for phylogenetic analysis, whilst
advances in computational infrastructure and algorithm development will enable
researchers to tackle increasingly complex evolutionary questions. The integration of
artificial intelligence and machine learning approaches may provide new tools for pattern
recognition and hypothesis generation, but their successful implementation will require

careful attention to biological realism and statistical validity.

The broader implications of advances in computational phylogenetics extend far beyond
the immediate goals of reconstructing evolutionary relationships. These methods are
increasingly being applied to practical problems in medicine, conservation, agriculture, and
other fields where understanding evolutionary processes is crucial for addressing societal
challenges. The development of real-time phylogenetic analysis capabilities has proven
particularly valuable for tracking infectious disease outbreaks and for informing public
health responses, whilst phylogenetic approaches to conservation planning are helping to

preserve biological diversity in an era of rapid environmental change.

The philosophical implications of computational phylogenetics also deserve recognition, as
these methods shape our fundamental understanding of the nature of evolutionary
relationships and the appropriate ways to represent biological diversity. The tension
between tree-based and network-based representations of evolutionary history reflects
deeper questions about the nature of evolutionary processes and the most appropriate

conceptual frameworks for understanding biological complexity.



In conclusion, the implementation of advances in information technology in phylogenetic
research has created unprecedented opportunities for understanding evolutionary
relationships whilst simultaneously introducing new challenges and complexities that
continue to drive innovation in the field. The success of computational phylogenetics in
addressing fundamental questions about the history of life demonstrates the power of
interdisciplinary approaches that integrate biological understanding with mathematical
modelling and computational implementation. As the field continues to evolve, the lessons
learned from its historical development provide valuable guidance for addressing future
challenges and for realising the full potential of computational approaches to evolutionary

inference.

The continued development of computational phylogenetics will require sustained
collaboration between biologists, mathematicians, computer scientists, and statisticians, as
well as continued investment in computational infrastructure and methodological research.
The challenges facing the field are substantial, but the potential rewards—in terms of both
scientific understanding and practical applications—justify continued effort to advance the
state of the art in computational evolutionary biology. The future of phylogenetic research
lies not in any single methodological approach, but in the thoughtful integration of diverse
techniques and perspectives that can collectively address the full complexity of

evolutionary processes and provide robust insights into the history of life on Earth.

6. Attachments

6.1 Python Implementation Code

The following Python code implements the phylogenetic analysis methods described in the
methodology section and generates the visualisations presented in the results. The code
demonstrates practical applications of distance-based methods, substitution models, and

tree reconstruction algorithms.

Python

#!/usr/bin/env python3

Phylogenetic Analysis and Visualization Code

Implementation of key phylogenetic algorithms and visualization methods
for the academic article on computational phylogenetics.



Author: Richard Murdoch Montgomery

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from scipy.spatial.distance import pdist, squareform
from scipy.cluster.hierarchy import linkage, dendrogram
from scipy.linalg import expm

import pandas as pd

from matplotlib.patches import Rectangle

import networkx as nx

from matplotlib.patches import FancyBboxPatch

import warnings

warnings.filterwarnings('ignore')

# Set style for publication-quality figures
plt.style.use('seaborn-v0_8-whitegrid')
sns.set_palette("husl")

class PhylogeneticAnalysis:
A comprehensive class for phylogenetic analysis and visualization.
Implements key algorithms discussed in the methodology section.

def __init_ (self):
self.sequences = None
self.distance_matrix = None
self.tree = None

def generate_example_sequences(self, n_taxa=8, seq_length=100):

Generate example DNA sequences for demonstration purposes.
np.random.seed(42) # For reproducibility
taxa_names = [f'Species_{chr(65+i)}"' for i in range(n_taxa)]

# Create a base sequence
bases = ['A', 'T', 'G', 'C']
base_sequence = np.random.choice(bases, seq_length)

# Generate related sequences with varying degrees of divergence
sequences = {}
for i, taxon in enumerate(taxa_names):
# Create mutations based on evolutionary distance
mutation_rate = 0.05 + (i * 0.02) # Increasing divergence



sequence = base_sequence.copy()

# Introduce random mutations

n_mutations = int(seq_length * mutation_rate)

mutation_positions = np.random.choice(seq_length, n_mutations,
replace=False)

for pos in mutation_positions:
# Choose a different base
current_base = sequence[pos]
possible_bases = [b for b in bases if b != current_base]
sequence[pos] = np.random.choice(possible_bases)

sequences[taxon] = ''.join(sequence)

self.sequences = sequences
return sequences

def calculate_hamming_distance(self, seql, seq2):

Calculate Hamming distance between two sequences.

return sum(cl !'= c2 for cl1, c2 in zip(seql, seq2))

def jukes_cantor_correction(self, p):

Apply Jukes-Cantor correction for multiple substitutions.
if p >= 0.75:

return float('inf') # Sequences too divergent
return -0.75 * np.log(1 - (4*p/3))

def calculate_distance_matrix(self, correction='jukes_cantor'):

Calculate pairwise distance matrix with optional correction.
if self.sequences is None:
raise ValueError("No sequences available. Generate sequences
first.")

taxa = list(self.sequences.keys())
n_taxa = len(taxa)
seqg_length = len(list(self.sequences.values())[0])

distance_matrix = np.zeros((n_taxa, n_taxa))

for i in range(n_taxa):
for j in range(i+1, n_taxa):



hamming_dist = self.calculate_hamming_distance(
self.sequences[taxa[i]],
self.sequences[taxa[j]]

if correction == 'hamming':
distance = hamming_dist
elif correction == 'jukes_cantor':

p = hamming_dist / seq_length
distance = self.jukes_cantor_correction(p)

distance_matrix[i, j] = distance
distance_matrix[j, i] = distance

self.distance_matrix = distance_matrix
self.taxa_names = taxa
return distance_matrix

def upgma_clustering(self):

Implement UPGMA clustering algorithm.
if self.distance_matrix is None:
raise ValueError("Distance matrix not calculated.")

# Use scipy's linkage function with average method (UPGMA)
condensed_distances = pdist(self.distance_matrix)
linkage_matrix = linkage(condensed_distances, method='average')

return linkage_matrix

def simulate_substitution_process(self, time_points=50, rate=0.1):

Simulate molecular evolution under a simple substitution model.
# GTR rate matrix (simplified for 4 nucleotides)

# Equilibrium frequencies

pi = np.array([0.25, 0.25, 0.25, 0.25]) # Equal frequencies

# Rate matrix (GTR model simplified)
Q = np.array([

[-0.3, 0.1, 0.1, 0.1],

[ 0.1, -0.3, 0.1, 0.1],

[ 6.1, 0.1, -0.3, 0.1],

[ 0.1, 0.1, 0.1, -0.3]
1) * rate

times = np.linspace(0, 5, time_points)



probabilities = []

for t in times:
Pt = expm(Q * t)
probabilities.append(P_t)

return times, probabilities

def main():

Main function to run all analyses and generate figures.

print("Initializing Phylogenetic Analysis...")

# Create analysis object
phylo = PhylogeneticAnalysis()

# Generate example data
print("Generating example sequences...")
sequences = phylo.generate_example_sequences(n_taxa=8, seq_length=200)

# Calculate distance matrix

print("Calculating distance matrix...")

distance_matrix =
phylo.calculate_distance_matrix(correction="'jukes_cantor"')

print("Analysis complete!")

if _name__ == "_ _main__":
main()

6.2 Generated Figures

The analysis generated five key figures that illustrate different aspects of computational
phylogenetics:

* Figure 1: Pairwise Evolutionary Distance Matrix (Jukes-Cantor Corrected) - A heatmap

visualisation showing the pattern of sequence divergence amongst eight simulated taxa

* Figure 2: UPGMA Phylogenetic Tree Based on Jukes-Cantor Distances - A dendrogram
representation of evolutionary relationships

* Figure 3: Nucleotide Substitution Probabilities Over Time (GTR Model) - Four panels
showing transition probabilities from each nucleotide



* Figure 4: Maximum Likelihood Surface for Branch Length Estimation - A 3D surface plot

demonstrating likelihood landscape

* Figure 5: Phylogenomic Analysis Workflow - A flowchart illustrating the complete

analysis pipeline

These figures demonstrate the practical implementation of the mathematical frameworks
described in the methodology section and provide visual representations of key concepts in
computational phylogenetics.
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