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Abstract 
Phylogenetics is a potent and integrative method in contemporary biology that brings molecular information 
to the evolutionary theory to construct the tree of life. The construction of phylogenetic trees attempts to find 
answers to some of the most fundamental questions regarding ancestry, divergence, and the passage of genetic 
information across time—a metaphor originally set forth by Charles Darwin. They are not mere diagrams in 
the contemporary scientific landscape, but explanatory hypotheses of evolutionary pathways built upon 
molecular evidence, statistical models, and computational methods. Emerging technologies in DNA and RNA 
sequencing, computational biology, and high-performance computing have significantly enhanced the 
accuracy and reliability of evolutionary reconstructions. This review summarizes the fundamentals of 
phylogenetic tree construction, covering molecular data types, sequence alignment methods, and tree formats, 
which lay a foundation for comprehending the range of algorithms and optimization techniques available. The 
review further examines practical applications in medicine, ecology, and biotechnology, demonstrating how 
phylogenetics has been transformed from a descriptive into a quantitative discipline. Finally, the paper 
describes current challenges—including computational scalability, alignment error, and horizontal gene 
transfer—along with promising future directions in evolutionary biology. 
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1. Introduction 

1.1 Origins of the Tree of Life Concept 
The concept of phylogeny traces back to the 
nineteenth century, a period when evolutionary 
biology was emerging as a formal science. Charles 
Darwin, in the Origin of Species published in 1859, 
fundamentally altered the scientific understanding of 
biological diversity by proposing that all species 
share common origins through descent with 
modification. To illustrate this principle, Darwin 
drew a simple branching diagram, today regarded as 
the first published form of a phylogenetic tree, 
depicting the manner in which species diverge from 
common ancestors [1]. Building upon Darwin's 
foundation, Ernst Haeckel in the late nineteenth 
century developed detailed tree-of-life illustrations, 
organizing organisms into branching hierarchies on 
the basis of observable characteristics such as 
morphology and anatomy. Although these early 
diagrams incorporated no molecular evidence 
whatsoever, they were of considerable importance in 

establishing the tree metaphor as the principal 
scheme for understanding evolutionary history. 

1.2 The Rise of Molecular Phylogenetics 
The twentieth century witnessed developments of 
far-reaching consequence that transformed 
phylogenetics into a quantitative science. The 
determination of the structure of DNA's double helix 
by James Watson and Francis Crick in 1953, 
followed by the deciphering of the genetic code, 
provided a molecular basis for heredity and 
evolution, demonstrating that mutations in DNA and 
protein sequences serve as molecular records of 
evolutionary change [2]. The suggestion by Linus 
Pauling and Emile Zuckerkandl that sequence 
similarity and divergence among proteins could be 
used to establish relatedness and estimate separation 
times between taxa laid the groundwork for what 
later became known as molecular phylogenetics. The 
DNA sequencing techniques developed by Frederick 
Sanger in the 1970s and 1980s gave scientists the 
direct means to read and employ genetic material in 
phylogenetic analysis. Carl Woese's comparative 
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studies of ribosomal RNA sequences ultimately 
produced the three-domain system—Bacteria, 
Archaea, and Eukarya—demonstrating the power of 
molecular phylogenetics to reform biological 
classification. 

1.3 The Computational Revolution 
The necessity for computational approaches became 
evident as both DNA and protein sequences 
accumulated in increasing numbers. Early attempts 
at phylogenetic inference were manual and small in 
scale, but the emergence of computers in the late 
twentieth century transformed the field entirely. 
Algorithms such as UPGMA (Unweighted Pair 
Group Method with Arithmetic Mean), Neighbor 
Joining, and Maximum Parsimony enabled 
researchers to construct trees from large volumes of 
data in a systematic and reproducible fashion. By the 
1990s, Maximum Likelihood and Bayesian models 
had been developed, providing statistically rigorous 
means of testing evolutionary hypotheses [3]. The 
introduction of high-throughput sequencing, 
commonly referred to as next-generation sequencing 
(NGS), in the 2000s produced a volume of genomic 
data unprecedented in the history of biology. 
Whereas this opened the possibility of examining 
evolutionary processes at the level of whole 
genomes, it simultaneously demanded new 
optimization strategies and high-performance 
computing resources. The field has become 
increasingly interdisciplinary, with parallel 
computing, distributed cloud systems, and machine 
learning being progressively integrated into 
phylogenetic workflows. 

1.4 Applications and Significance 
Phylogenetics is now essential across a broad range 
of scientific and applied domains. In medicine, it is 
used to monitor viral epidemics including HIV and 
SARS-CoV-2. In ecology, it aids conservation 
efforts by identifying endangered lineages and 
quantifying biodiversity [4]. In biotechnology, it 
guides drug and enzyme design; in anthropology, it 
reveals patterns of human migration including 
evidence for the Out of Africa hypothesis. These 
applications collectively demonstrate the central role 
of phylogenetics in enabling molecular biology, 
computer science, and evolutionary theory to 
address questions of fundamental scientific and 
practical importance. 

2. Fundamentals of Phylogenetic Tree 
Construction 

2.1 Sources of Molecular Data 
Phylogenetic tree construction begins with the 
collection of appropriate molecular data. Different 
data types provide unique insights into evolutionary 
relationships, and the choice of data is itself a critical 
methodological decision. Nuclear DNA offers a 
comprehensive and biparentally inherited source but 
is complicated by recombination. Mitochondrial 
DNA, transmitted maternally and characterized by 
high mutation rates, has been extensively employed 
to trace human migrations. Chloroplast DNA is 
particularly valuable in plant studies owing to its 
slow rate of evolution. Ribosomal RNA, owing to its 
high degree of conservation across all domains of 
life, remains a universal phylogenetic marker. 
Protein sequences, which reflect selection pressures 
at the functional level, are especially informative for 
reconstructing distant evolutionary relationships. 
Whole-genome approaches, although 
computationally intensive, provide the most 
comprehensive reconstruction of evolutionary 
history. Table 1 summarizes the principal 
advantages and limitations of these molecular data 
types. 

 
Table 1. Advantages and Limitations of Molecular 
Data Types 

Data 
Type 

Advantage
s 

Limitation
s 

Example 
Use Case 

Nuclear 
DNA 

Comprehe
nsive, 
biparental 

Recombina
tion 
complicate
s analysis 

Human 
population 
genetics 

Mitochon
drial 
DNA 

High 
mutation 
rate, 
maternal 

Limited to 
maternal 
lineage 

Tracing 
human 
migrations 

Chloropla
st DNA 

Useful in 
plants, 
slow 
evolution 

Limited 
scope 

Plant 
phylogeni
es 

Ribosoma
l RNA 

Highly 
conserved, 
universal 

Poor 
resolution 
at shallow 
scales 

Three-
domain 
classificati
on 

Protein 
Sequence
s 

Conserved 
domains, 
functional 

Requires 
translation 
from DNA 

Distant 
relationshi
ps 

Whole 
Genome 

Most 
comprehen
sive 

Computatio
nally 
intensive 

Phylogeno
mics 

 



A Comprehensive Review on Phylogenetic Tree Construction: Algorithms, Optimization Techniques, and 
Applications 

IJDDT, Volume 16 Issue 40s, 2026 Page 967 
 

2.2 Sequence Alignment 
Before constructing a phylogenetic tree, sequences 
must be aligned to identify homologous positions. 
Proper alignment ensures that insertions, deletions, 
and substitutions are accounted for, enabling 
meaningful evolutionary comparisons. Three 
principal alignment approaches are employed in 
practice. 

Global alignment attempts to align entire sequences 
from end to end and is appropriate when sequences 
are similar in length and composition. Local 
alignment focuses on regions of high similarity and 
is suited to sequences that differ substantially in 
length. Multiple Sequence Alignment (MSA), which 
simultaneously aligns three or more sequences, 
represents the standard approach in phylogenetics, as 
it provides each sequence with its evolutionary 
context relative to the group. 

Among the principal tools available, CLUSTALW is 
one of the earliest and most widely used MSA 
programs; MUSCLE offers improved accuracy and 
speed for large datasets; MAFFT is notable for its 
capacity to handle very large alignments with high 
accuracy; and T-Coffee employs consistency-based 
approaches specifically designed to reduce 
alignment errors [5]. 

Alignment is susceptible to error, particularly in 
sequences that are highly divergent. Homologous 
positions become difficult to establish when 
insertions and deletions are frequent, and repetitive 
regions introduce ambiguities that propagate through 
subsequent tree inference. Accordingly, careful 
alignment and validation are indispensable steps in 
any rigorous phylogenetic analysis. 

2.3 Types of Phylogenetic Trees 
Several distinct types of phylogenetic trees are 
employed depending on the analytical objective. 
Rooted trees specify an ancestral node and indicate 
the direction of evolutionary change. Unrooted trees 
demarcate connections among taxa without implying 
a common ancestor. Phylograms represent branch 
lengths in proportion to the rate of evolutionary 
change, whereas cladograms depict topology only, 
without branch length information. Consensus trees 
summarize the information contained in a 
distribution of trees, as produced by bootstrap or 
Bayesian analyses, and are particularly useful when 
multiple plausible tree topologies have been 
identified [6]. Table 2 provides a comparative 
overview of these tree types. 

 
Table 2. Comparison of Phylogenetic Tree Types 

Tree Type Root? Branch 
Lengths 

Use Case 
Example 

Rooted 
Tree 

Yes Optional Evolutionary 
lineage tracing 

Unrooted 
Tree 

No Optional Similarity 
without ancestor 
assumption 

Phylogram Yes/No Yes Estimating 
divergence times 

Cladogram Yes/No No Taxonomic 
classification 

Consensus 
Tree 

Varies Optional Summarizing 
multiple 
inferences 

 

2.4 General Workflow for Phylogenetic Tree 
Construction 
The construction of a phylogenetic tree follows a 
sequence of well-defined steps: (i) data collection, in 
which appropriate molecular sequences are selected; 
(ii) alignment, in which MSA tools are applied to 
identify homologous positions; (iii) model selection, 
in which an appropriate evolutionary model is 
chosen; (iv) tree construction, in which one or more 
algorithmic approaches—distance-based, 
parsimony, likelihood, or Bayesian—are applied; (v) 
optimization, in which tree topology and branch 
lengths are refined; (vi) validation, in which 
bootstrap resampling or posterior probability 
estimates are used to assess confidence; and (vii) 
visualization, in which tools such as MEGA, 
RAxML, or MrBayes are employed to render and 
interpret the resulting tree. 

2.5 Morphological versus Molecular 
Phylogenetics 
 
Table 3. Comparison of Morphological and Molecular 
Phylogenetic Approaches 

Aspect Morphological 
Data Molecular Data 

Availability Can be used even 
for fossils 

Requires 
preserved genetic 
material 

Resolution Limited at deeper 
levels 

High, across wide 
temporal scales 

Limitations Convergent 
evolution; 

Requires 
sequencing; 
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Aspect Morphological 
Data Molecular Data 

subjective 
scoring 

computationally 
demanding 

Example Dinosaur 
classification 

Human migration 
using mtDNA 

 

2.6 Case Studies: Fundamentals in Practice 
The principles described above are illustrated by 
several landmark studies. The identification of 
Mitochondrial Eve relied upon maximum likelihood 
analysis of mtDNA sequences to establish a common 
maternal ancestor in Africa. The reconstruction of 
the three domains of life by Carl Woese used 
distance-based methods applied to ribosomal RNA. 
During the West African Ebola outbreak, Bayesian 
inference of viral genomes revealed human-to-
human transmission patterns and cross-border 
spread. Most prominently, the COVID-19 pandemic 
placed phylogenetic analysis at the centre of global 
health response, with researchers sequencing SARS-
CoV-2 genomes worldwide and constructing trees 
that traced the virus to a likely zoonotic origin in 
bats, tracked the emergence of variants including 
Alpha, Delta, and Omicron, and informed public 
health decision-making in near real time [7]. These 
examples collectively demonstrate that the choice of 
molecular data, the quality of alignment, and the 
rigour of tree inference are not merely academic 
concerns—they have direct consequences for 
scientific understanding and public health action. 

 
Table 4. Examples of Phylogenetic Applications at the 
Fundamental Level 

Case Study Data Used Method Key 
Insight 

Mitochondri
al Eve 

mtDNA Maximu
m 
Likeliho
od 

Common 
maternal 
ancestor in 
Africa 

Y 
Chromosom
e Adam 

Y 
chromoso
me 

Parsimon
y + 
Bayesian 

Common 
paternal 
ancestor in 
Africa 

Three 
Domains of 
Life 

rRNA Distance 
+ ML 

Archaea 
distinct 
from 
Bacteria 

Ebola 
Outbreak 
2014 

Viral 
genomes 

Bayesian 
Inference 

Human-to-
human 
transmissi
on patterns 

Case Study Data Used Method Key 
Insight 

SARS-
CoV-2 

Whole 
viral 
genomes 

ML + 
Bayesian 

Zoonotic 
origin; 
real-time 
variant 
tracking 

 

3. Phylogenetic Algorithms 
Phylogenetic tree inference is not merely a drawing 
exercise but a serious computational problem 
situated at the intersection of biology, mathematics, 
and computer science. Molecular sequences of 
DNA, RNA, and proteins contain within them the 
record of evolutionary relationships; however, 
extracting those relationships demands principled 
algorithms capable of navigating a combinatorially 
explosive space of possible topologies [8]. Three 
broad methodological families are recognized: 
distance-based methods, which compute pairwise 
distances between sequences; character-based 
methods, which examine individual nucleotide or 
amino acid positions; and statistical methods, 
comprising Maximum Likelihood and Bayesian 
inference, which model the probabilistic process of 
sequence evolution. 

3.1 Distance-Based Methods 
Distance-based methods were among the first 
computational approaches to phylogenetic 
inference. By mapping sequence similarity onto a 
distance measure representing genetic dissimilarity 
between any two taxa, they use clustering 
procedures to construct a tree from the resulting 
matrix [9]. Their computational simplicity and speed 
made them the dominant approach before high-
performance computing became widely available. A 
recognized limitation, however, is that the reduction 
of sequence data to pairwise distances discards 
information on individual characters and may 
produce misleading trees when evolutionary rates 
differ substantially across lineages. 

3.1.1 UPGMA (Unweighted Pair Group Method 
with Arithmetic Mean) 
UPGMA is a hierarchical clustering technique 
developed in the 1950s. It operates under the 
assumption of a strict molecular clock—that is, that 
all lineages evolve at the same rate—and produces 
ultrametric trees in which the distance from the root 
to each tip is identical. The algorithm identifies the 
two sequences with the smallest pairwise distance, 
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merges them into a cluster, recalculates distances 
between the new cluster and all remaining taxa by 
arithmetic averaging, and repeats until a single tree 
is produced. If clusters i and j are merged into cluster 
u, the distance to any other cluster k is calculated as 
d(u,k) = (d(i,k) + d(j,k)) / 2. UPGMA is extremely 
fast and produces trees that are valuable in dating 
studies where the molecular clock assumption is 
tenable; however, its performance deteriorates 
markedly when evolutionary rates vary across taxa, 
a situation that is common in practice. 

3.1.2 Neighbor Joining (NJ) 
Neighbor Joining, introduced by Saitou and Nei in 
1987, remains one of the most widely used 
phylogenetic algorithms. Unlike UPGMA, it does 
not assume a molecular clock and therefore 
accommodates variable rates of evolution across 
lineages. Its principle is the minimization of total 
tree branch length: the algorithm identifies neighbor 
pairs whose joining minimizes a Q-matrix criterion, 
Q(i,j) = (n−2)d(i,j) − Σk d(i,k) − Σk d(j,k), and 
iteratively joins them until the tree is complete. 
Branch lengths are estimated directly from the 
distance matrix at each step. Neighbor Joining is 
computationally efficient even for large datasets and 
commonly produces trees whose accuracy 
approaches that of Maximum Likelihood, 
particularly when the data are not highly 
heterogeneous. A recognized limitation is its 
sensitivity to noise in distance estimates, and 
bootstrap support values must be separately 
computed to assess confidence in the inferred clades. 

3.2 Character-Based Methods 
Character-based approaches retain the full 
information carried in each column of the multiple 
sequence alignment rather than reducing data to 
pairwise distances [10]. They are generally more 
accurate than distance methods but impose 
substantially greater computational demands. 

3.2.1 Maximum Parsimony (MP) 
Maximum Parsimony selects the tree that requires 
the fewest total evolutionary changes across all 
characters of the alignment—an application of 
Occam's razor to phylogenetics. The procedure 
involves generating candidate tree topologies, 
computing the minimum number of substitutions 
required across all sites for each topology using the 
Fitch algorithm, and selecting the topology with the 
lowest total change count. Parsimony is intuitive and 
requires no explicit evolutionary model; however, it 

is computationally infeasible for large datasets 
owing to the super-exponential growth of tree space, 
and it is subject to long-branch attraction—the 
spurious grouping of rapidly evolving lineages 
irrespective of their true relationships. 

3.2.2 Maximum Likelihood (ML) 
Maximum Likelihood, introduced by Felsenstein in 
1981, is among the most statistically rigorous 
methods of phylogenetic inference. It selects the tree 
that maximizes the probability of observing the data 
under a specified substitution model. The likelihood 
function is L(T, M | Data) = Π_sites P(Data_site | T, 
M), where T is the tree topology, M is the 
substitution model, and the product is taken across 
all aligned sites. A range of substitution models is 
available: the Jukes-Cantor (JC69) model assumes 
equal rates for all substitutions; the Kimura two-
parameter (K2P) model distinguishes between 
transitions and transversions; and the General Time 
Reversible (GTR) model assigns unique rates to each 
type of substitution. Rate heterogeneity across sites 
is commonly modeled using a gamma distribution, 
which assigns different substitution rates to different 
site classes. ML is computationally demanding but 
provides statistically robust and biologically 
interpretable phylogenies, and it forms the basis for 
several widely used software implementations 
including RAxML, PhyML, and IQ-TREE. 

3.2.3 Bayesian Inference (BI) 
Bayesian inference applies Bayes' theorem to 
phylogenetics by combining the data likelihood with 
prior probabilities over tree topologies, branch 
lengths, and substitution model parameters to 
produce a posterior distribution of trees rather than a 
single optimal tree. Because the posterior 
distribution cannot be computed analytically for any 
dataset of practical size, Markov Chain Monte Carlo 
(MCMC) sampling is used to explore tree space, 
accepting or rejecting proposed trees according to 
their posterior probability. After a sufficient number 
of generations, the sampled trees converge on a 
representative sample of the posterior distribution. A 
consensus tree with branch support values in the 
form of posterior probabilities is then produced. 
Bayesian methods are particularly powerful for 
divergence time estimation when molecular clock 
models are combined with fossil or biogeographic 
calibration data, and they have become 
indispensable in viral epidemiology and 
biogeographic reconstruction. 
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3.3 Substitution Models and Mathematical 
Foundations 
Substitution models describe the probabilistic 
process by which nucleotides or amino acids change 
over time and form the mathematical foundation of 
both likelihood and Bayesian phylogenetics. In the 
JC69 model, the simplest available, all base 
frequencies are assumed equal and all substitution 
rates identical; the probability that a nucleotide 
remains unchanged after time t is P_same(t) = ¼ + ¾ 
e^(−4αt), where α is the substitution rate. The K80 
model distinguishes between transitions and 
transversions, a biologically motivated refinement 
since transitions occur more frequently in most 
organisms. The GTR model assigns an independent 
rate to each of the six possible types of nucleotide 
substitution and represents the most general 
reversible model in common use. Rate heterogeneity 
across sites, a pervasive feature of real sequence 
data, is routinely accounted for by a gamma 
distribution in which the shape parameter α governs 
the degree of rate variation: low values of α indicate 
substantial heterogeneity, while high values indicate 
uniformity. This correction is critical for accurate 
inference, especially in protein-coding genes where 
some sites are highly conserved while others are 
highly variable. 

3.4 Algorithmic Search Strategies 
Tree inference requires not only the evaluation of 
likelihood or parsimony scores but also an efficient 
strategy for navigating the astronomically large 
space of possible tree topologies. For datasets with 
fewer than twelve taxa, exhaustive evaluation of all 
possible trees guarantees an optimal solution, but 
this approach becomes computationally impractical 
as dataset size increases. Heuristic approaches are 
therefore employed in practice. Stepwise addition 
builds an initial tree by adding one taxon at a time; 
subsequent branch-swapping moves—including 
nearest neighbor interchange (NNI), subtree pruning 
and regrafting (SPR), and tree bisection and 
reconnection (TBR)—explore the neighborhood of 
the current tree. Hill climbing iteratively improves 
tree scores but is prone to entrapment in local 
optima; simulated annealing addresses this 
limitation by permitting occasional acceptance of 
inferior solutions with a diminishing probability, 
allowing the search to escape local optima. Hybrid 
approaches combining these heuristics with 
metaheuristic strategies are increasingly employed 
in large-scale analyses. 

3.5 Comparative Overview of Algorithms and 
Software 
 
Table 5. Comparative Overview of Phylogenetic 
Algorithms 

Meth
od 

Assum
ptions 

Streng
ths 

Weaknes
ses 

Applica
tions 

UPG
MA 

Constan
t 
molecul
ar clock 

Very 
fast; 
ultram
etric 
trees 

Unrealisti
c equal-
rate 
assumptio
n 

Symbio
tic 
bacteria 

Neigh
bor 
Joinin
g 

Variabl
e rates 
allowed 

Efficie
nt; 
widely 
used 

Sensitive 
to noise 

COVID
-19 
early 
phyloge
nies 

Max. 
Parsi
mony 

Fewest 
changes 

Simple
; 
intuitiv
e 

Long-
branch 
attraction; 
slow 

Early 
human 
evolutio
n 

Max. 
Likeli
hood 

Model-
based 
probabil
ities 

Highly 
accurat
e; 
flexibl
e 

Computat
ionally 
expensive 

Bird 
10K 
genome
s 

Bayes
ian 
Infere
nce 

Priors + 
MCMC 
samplin
g 

Captur
es 
uncert
ainty; 
diverg
ence 
dating 

Extremel
y resource 
intensive 

SARS-
CoV-2 
epidemi
ology 

 
Table 6. Software Implementations for Phylogenetic 
Analysis 

Softw
are 

Algori
thm 

Strength
s 

Limitat
ions 

Best Use 
Case 

MEG
A 

Distan
ce, 
Parsim
ony, 
ML 

User-
friendly; 
educatio
nal 

Limited 
scalabil
ity 

Teaching
; small 
datasets 

PAU
P* 

Parsim
ony, 
ML 

Historica
lly 
importan
t 

Outdate
d for 
large 
data 

Morphol
ogical + 
molecula
r 

RAx
ML 

ML Speed; 
paralleliz
ation 

Require
s HPC 

Genomic 
datasets 
(1000+ 
taxa) 

PhyM
L 

ML Simple; 
moderate 
accuracy 

Slower 
than 
RAxM
L 

Medium 
datasets 
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Softw
are 

Algori
thm 

Strength
s 

Limitat
ions 

Best Use 
Case 

IQ-
TREE 

ML Auto 
model 
selection 

Memor
y 
intensiv
e 

Medium–
large 
datasets 

MrBa
yes 

Bayesi
an 

Flexible; 
widely 
adopted 

Long 
runtime
s 

Posterior 
probabilit
y 
inference 

BEA
ST 

Bayesi
an + 
clock 

Divergen
ce dating 

Extrem
ely 
expensi
ve 

Viral 
evolution
; 
biogeogr
aphy 

 

4. Optimization Techniques in Phylogenetic 
Tree Construction 
In phylogenetic inference, the central computational 
problem is one of optimization: searching an 
immense space of potential evolutionary trees, each 
representing a distinct hypothesis about the 
relationships among taxa, to identify those that best 
explain the observed sequence data. The space of 
possible tree topologies grows super-exponentially 
with dataset size, making exhaustive search 
impossible beyond small numbers of taxa. This 
challenge necessitates a range of heuristic and 
statistical optimization strategies, encompassing 
local tree-rearrangement heuristics, maximum 
likelihood parameter estimation, bootstrap 
resampling, Bayesian MCMC sampling, and 
metaheuristic approaches drawn from evolutionary 
computation and physics [11]. Optimization is also 
intimately connected with the quantification of 
uncertainty: bootstrap support values and Bayesian 
posterior probabilities provide the measures of 
confidence that allow phylogenetic conclusions to be 
stated with appropriate epistemic humility. 

4.1 Heuristic Search Strategies 
Because exhaustive evaluation of all possible tree 
topologies is computationally intractable for datasets 
of practical size, phylogenetic analyses rely on 
heuristic search strategies that systematically 
explore a subset of tree space. Most implementations 
begin with a starting tree constructed by stepwise 
taxon addition or a distance-based method, and then 
iteratively improve upon it through a series of 
rearrangement moves. 

Nearest Neighbor Interchange (NNI) is the simplest 
move type, exchanging two subtrees that share an 

internal branch; it is computationally efficient but 
explores only a small neighborhood around the 
current tree. Subtree Pruning and Regrafting (SPR) 
removes a subtree from its current position and 
reattaches it elsewhere, exploring a broader region of 
tree space. Tree Bisection and Reconnection (TBR) 
bisects the tree into two components and re-joins 
them in all possible ways, providing the most 
thorough local search at the greatest computational 
cost [12]. Hill-climbing algorithms evaluate 
candidate trees at each step and accept only 
improvements; they are fast but prone to entrapment 
in local optima. Simulated annealing addresses this 
limitation by permitting occasional acceptance of 
inferior solutions, with the probability of such 
acceptance decreasing as the search progresses, 
thereby enabling the algorithm to escape local 
optima and converge toward the global optimum. 

4.2 Likelihood Optimization 
Maximum Likelihood inference requires 
optimization at two related levels: the search over 
discrete tree topologies and the continuous 
optimization of branch lengths and substitution 
model parameters. Given a fixed topology, branch 
lengths are optimized iteratively using methods such 
as Newton-Raphson or Expectation-Maximization, 
which adjust branch length values to maximize the 
likelihood function. Substitution model 
parameters—including transition-transversion 
ratios, base frequencies, and the gamma shape 
parameter controlling rate heterogeneity—are 
simultaneously optimized through repeated 
likelihood evaluations [13]. These computations are 
computationally demanding but yield statistically 
robust and biologically meaningful trees. Modern 
implementations such as RAxML and IQ-TREE 
achieve substantial speed improvements through 
parallelization and algorithmic innovations such as 
the ultrafast bootstrap approximation. 

4.3 Bootstrapping and Resampling 
Confidence assessment is an integral component of 
phylogenetic optimization. The bootstrap procedure, 
adapted from classical statistics, evaluates the 
stability of inferred clades by repeatedly resampling 
alignment columns with replacement, reconstructing 
a tree from each replicate, and computing the 
proportion of replicates in which each clade of the 
original tree is recovered as a bootstrap support 
value [14]. Values above 70–75% are conventionally 
interpreted as indicating moderate to strong support. 
Jackknife resampling, in which a fixed proportion of 
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sites is randomly removed without replacement, 
provides a complementary assessment of data 
robustness. Bayesian posterior probabilities offer a 
distinct measure of branch support, representing the 
proportion of trees in the posterior sample that 
contain a given clade, and are generally interpreted 
as providing a more direct probabilistic statement 
about the evidence in favor of that clade. 

4.4 Bayesian Optimization and MCMC Sampling 
Bayesian phylogenetics departs from the classical 
optimization paradigm by estimating a posterior 
distribution over trees rather than identifying a single 
optimal tree. The posterior distribution combines the 
data likelihood with prior probabilities over tree 
topologies, branch lengths, and substitution model 
parameters. Since direct computation of this 
posterior is analytically intractable, Markov Chain 
Monte Carlo (MCMC) methods are used to draw a 
representative sample of trees from the posterior by 
proposing random moves through tree space and 
accepting or rejecting them according to the 
Metropolis-Hastings criterion [15]. 

Convergence of the MCMC chain to the true 
posterior is assessed through diagnostics including 
the effective sample size and the agreement between 
multiple independent chains. After convergence, a 
consensus tree is produced with posterior probability 
support values on each branch. When combined with 
molecular clock models and calibration data from 
fossils or biogeography, Bayesian methods can 
simultaneously estimate phylogenetic relationships 
and divergence times, a capability that has proven 
especially valuable in viral epidemiology and 
historical biogeography. 

4.5 Metaheuristic Approaches 
For very large or highly complex datasets, 
conventional heuristic searches may prove 
insufficient to locate near-optimal trees within a 
reasonable time, and metaheuristic methods inspired 
by natural and physical processes offer powerful 
alternatives. Genetic algorithms evolve populations 
of trees through mutation, crossover, and selection, 
progressively favoring high-likelihood solutions 
while maintaining diversity to avoid premature 
convergence [16]. Particle Swarm Optimization 
models trees as particles that navigate the solution 
space guided by their own best-known position and 
the globally best-known position, providing an 
efficient collective search strategy. Simulated 
annealing, as noted above, allows temporary 
acceptance of sub-optimal solutions and is widely 

employed in conjunction with ML optimization in 
programs such as RAxML. Although these 
metaheuristics are computationally intensive, they 
have demonstrated the capacity to discover trees of 
superior quality in analyses involving hundreds or 
thousands of taxa where conventional hill-climbing 
would be insufficient. 

4.6 Comparative Overview of Optimization 
Strategies 
 
Table 7. Comparison of Optimization Strategies in 
Phylogenetic Inference 

Method Search 
Strategy 

Param
eter 
Focus 

Outp
ut 

Typical 
Applic
ations 

Heuristi
c (NNI, 
SPR, 
TBR) 

Local 
tree 
rearrang
ements 

Topolo
gy 
improv
ement 

Single 
impro
ved 
tree 

Mediu
m 
datasets
; initial 
searche
s 

Likeliho
od 
optimiza
tion 

Iterative 
paramete
r 
refineme
nt 

Branch 
lengths; 
substitu
tion 
rates 

Optim
ized 
single 
tree 

Genomi
c 
datasets 

Bootstra
pping 

Data 
perturbat
ion; 
resampli
ng 

Alignm
ent 
column
s 

Branc
h 
suppor
t 
values 

Assessi
ng clade 
reliabili
ty 

Bayesia
n 
MCMC 

Posterior 
sampling 

Topolo
gy; 
branch 
lengths; 
diverge
nce 
times 

Tree 
distrib
ution 
with 
posteri
ors 

Diverge
nce 
dating; 
epidemi
ology 

Metaheu
ristics 
(GA, 
PSO, 
SA) 

Evolutio
nary or 
swarm-
inspired 

Combi
ned 
topolog
y and 
parame
ters 

High-
scorin
g 
tree(s) 

Large-
scale or 
comple
x 
datasets 

 

5. Literature Review 
Half a century of sustained research in evolutionary 
biology has placed phylogenetic tree construction at 
the centre of the discipline, providing a framework 
through which the relationships among organisms 
can be visualized and the processes underlying 
biological diversity can be examined. Although 
morphological characters dominated the early 
methods, the molecular revolution of the late 
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twentieth century redirected attention to DNA, 
RNA, and protein sequences as the primary source 
of phylogenetic information [17]. The subsequent 
proliferation of sequencing technologies and the 
continuing growth of genomics have radically 
expanded both the scope and the difficulty of 
phylogenetic inference. Optimization has 
accordingly become a defining element of modern 
phylogenetics, as researchers must evaluate 
enormous numbers of candidate trees and parameter 
combinations to identify the most probable 
evolutionary hypothesis. 

Table 8 presents a structured and categorized 
summary of significant recent research works in 
phylogenetic tree construction, organized by 
methodological theme. The table covers distance and 
parsimony foundations, maximum likelihood 
optimization, Bayesian inference, scalability 
advances, machine learning and deep learning 
approaches, alignment methodology, and applied 
studies. It is intended to provide a consolidated 
reference map of the field for researchers 
approaching phylogenetic methods. 

 
Table 8. Structured Literature Summary: 
Phylogenetic Tree Construction — Algorithms, 
Optimization, and Applications 
A. Distance-Based and Parsimony Methods 

Refe
renc
e 

Y
ea
r 

Metho
d / 
Tool 

Key 
Contri
bution 

Limit
ations 
Noted 

Datas
et / 
Doma
in 

Saito
u & 
Nei 
[9] 

19
87 

Neighb
or 
Joining 
(NJ) 

Minimi
zes 
total 
branch 
length 
without 
assumi
ng 
molecu
lar 
clock; 
fast and 
widely 
applica
ble 

Sensiti
ve to 
noise 
in 
distanc
e 
estima
tes; no 
built-
in 
suppor
t 
values 

Protei
n and 
DNA 
sequen
ce 
matric
es 

Felse
nstei
n [8] 

20
04 

Parsim
ony 
(Fitch/
Sankof
f) 

Compr
ehensiv
e 
synthes
is of 
parsim
ony, 
ML, 
and 
distanc

Long-
branch 
attracti
on 
under 
parsim
ony 
formal
ly 

Theor
etical 
and 
empiri
cal 
phylog
enetics 

Refe
renc
e 

Y
ea
r 

Metho
d / 
Tool 

Key 
Contri
bution 

Limit
ations 
Noted 

Datas
et / 
Doma
in 

e 
theory; 
foundat
ional 
textboo
k for 
the 
field 

demon
strated 

Zou 
et al. 
[17] 

20
24 

NJ, 
MP, 
ML, 
Bayesi
an, 
Super
matrix 
in R 

System
atic 
review 
and R-
based 
implem
entatio
n of all 
major 
method
s; 
bench
marks 
perfor
mance 
on 
simulat
ed and 
empiric
al gene 
family 
data 

Does 
not 
addres
s 
GPU-
acceler
ated or 
cloud 
workfl
ows 

Gene 
famili
es; 
simula
ted 
nucleo
tide 
alignm
ents 

Villa
lobos
-Cid 
et al. 
[11] 

20
23 

Evoluti
onary 
algorit
hm 
(parsim
ony-
based) 

Metahe
uristic 
evoluti
onary 
algorith
m for 
rooted 
phylog
enetic 
networ
k 
inferen
ce; 
outperf
orms 
greedy 
parsim
ony-
based 
search 
on 
reticula
te data 

High 
compu
tationa
l cost 
relativ
e to 
standa
rd 
parsim
ony 
heurist
ics 

Simul
ated 
reticul
ate 
evoluti
on 
dataset
s 

 
B. Maximum Likelihood Optimization 
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Refer
ence 

Y
ea
r 

Meth
od / 
Tool 

Key 
Contri
bution 

Limitat
ions 
Noted 

Datase
t / 
Domai
n 

Felse
nstein 
[3] 

19
81 

Maxi
mum 
Likeli
hood 
(origi
nal 
formu
lation) 

Establi
shed 
statisti
cal 
frame
work 
for 
phylog
enetic 
inferen
ce; 
introdu
ced 
prunin
g 
algorit
hm for 
compu
ting 
tree 
likelih
ood 
efficie
ntly 

Comput
ationall
y 
prohibit
ive for 
large 
datasets 
at the 
time 

Small 
nucleot
ide 
alignm
ents 

Stam
atakis 
[12] 

20
14 

RAx
ML 
v8 

Highly 
optimi
zed 
ML 
inferen
ce with 
paralle
lizatio
n; 
becam
e 
standar
d tool 
for 
large 
genom
ic 
dataset
s 
throug
h the 
2010s 

Superse
ded by 
RAxM
L-NG 
for 
accurac
y and 
model 
flexibili
ty 

Large 
empiri
cal 
alignm
ents; 
phylog
enomic
s 

Kozl
ov et 
al. 
[29] 

20
19 

RAx
ML-
NG 

Rewrit
e of 
RAxM
L with 
improv
ed 
heurist
ics, 
full 
GTR-
derive
d 
model 
suppor

Slightly 
lower 
stability 
than 
IQ-
TREE 
on 
some 
datasets 

Large 
empiri
cal and 
simulat
ed 
alignm
ents 

Refer
ence 

Y
ea
r 

Meth
od / 
Tool 

Key 
Contri
bution 

Limitat
ions 
Noted 

Datase
t / 
Domai
n 

t, 
FreeRa
te 
hetero
geneit
y, 
terrace 
detecti
on 

Minh 
et al. 
[28] 

20
20 

IQ-
TREE 
2 

Partiti
on 
models
, 
concor
dance 
factors
, 
mixtur
e 
models
, 
ultrafa
st 
bootstr
ap; 
compr
ehensi
ve 
platfor
m for 
genom
ic-era 
ML 
inferen
ce 

Memor
y-
intensiv
e for 
very 
large 
datasets 

Genom
ic 
dataset
s 
across 
all 
domai
ns of 
life 

Togk
ousid
is et 
al. 
[14] 

20
25 

RAx
ML-
NG 
(early
-
stoppi
ng) 

Early-
stoppi
ng 
criterio
n halts 
optimi
zation 
before 
over-
fitting 
noisy 
likelih
ood 
surface
s; 
reduce
s 
runtim
e 
withou
t 
accura
cy cost 

Benefit 
depend
s on 
dataset 
difficult
y; less 
effectiv
e on 
easy 
datasets 

Empiri
cal 
genom
ic 
alignm
ents 
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Refer
ence 

Y
ea
r 

Meth
od / 
Tool 

Key 
Contri
bution 

Limitat
ions 
Noted 

Datase
t / 
Domai
n 

Haag 
et al. 
[33] 

20
22 

Pythia 
+ 
adapti
ve 
RAx
ML-
NG 

Gradie
nt-
booste
d tree 
predict
s 
dataset 
difficu
lty 
from 
alignm
ent 
feature
s 
before 
inferen
ce; 
adapti
ve 
resour
ce 
allocat
ion 
improv
es 
efficie
ncy 

Require
s prior 
training 
on 
diverse 
dataset 
types 
for 
generali
zation 

Multi-
gene 
empiri
cal 
alignm
ents 

De 
Maio 
et al. 
[34] 

20
23 

MAP
LE 
(pand
emic-
scale 
ML) 

Parsim
ony-
approx
imated 
likelih
ood for 
closely 
related 
genom
es; 
infers 
SARS-
CoV-2 
phylog
enies 
up to 
1000x 
faster 
and 
with 
100x 
less 
memor
y than 
RAxM
L/IQ-
TREE 

Optimi
zed for 
epidemi
ological 
datasets
; not 
general
-
purpose 
for 
diverge
nt taxa 

500,00
0+ 
SARS-
CoV-2 
genom
es 

Piñeir
o et 
al. 
[24] 

20
24 

VeryF
astTre
e 4 

Highly 
paralle
lized 
FastTr
ee 
extensi

Lower 
accurac
y than 
RAxM
L-NG 
or IQ-

Global 
SARS-
CoV-2 
surveil
lance 

Refer
ence 

Y
ea
r 

Meth
od / 
Tool 

Key 
Contri
bution 

Limitat
ions 
Noted 

Datase
t / 
Domai
n 

on; 
enable
s ML 
inferen
ce on 
million
s of 
sequen
ces in 
hours 
rather 
than 
days 

TREE 
on 
diverge
nt 
datasets 

dataset
s 

 
C. Bayesian Inference and MCMC / Variational 
Methods 

Refer
ence 

Y
ea
r 

Meth
od / 
Tool 

Key 
Contr
ibutio
n 

Limitat
ions 
Noted 

Datase
t / 
Domai
n 

Ronq
uist & 
Huels
enbec
k [21] 

20
03 

MrBa
yes 3 

First 
widely 
adopte
d 
MCM
C-
based 
Bayesi
an 
phylog
enetics 
softwa
re; 
mixed 
model
s and 
posteri
or 
probab
ility 
branch 
suppor
t 

Long 
MCMC 
runtime
s; 
converg
ence 
assessm
ent 
challen
ging 

Molecu
lar 
system
atics; 
mixed 
morph
ologica
l-
molecu
lar data 

Drum
mond 
& 
Ramb
aut 
[19] 

20
07 

BEA
ST 

Integr
ated 
Bayesi
an 
phylog
enetics 
and 
molec
ular 
clock 
analys
is; 
enable
s time-
calibra
ted 

Extrem
ely 
comput
ationall
y 
expensi
ve; 
requires 
careful 
prior 
specific
ation 

Viral 
evoluti
on; 
biogeo
graphy 
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Refer
ence 

Y
ea
r 

Meth
od / 
Tool 

Key 
Contr
ibutio
n 

Limitat
ions 
Noted 

Datase
t / 
Domai
n 

phylog
enies 
and 
demog
raphic 
infere
nce 

Barid
o-
Sottan
i et al. 
[20] 

20
24 

BEA
ST2 
(guid
elines
) 

Syste
matic 
practic
al 
guideli
nes for 
BEAS
T-
based 
infere
nce; 
addres
ses 
prior 
choice
, clock 
model
s, 
conver
gence 
diagno
stics, 
and 
result 
interpr
etation 

Primari
ly 
didactic
; 
introdu
ces no 
new 
algorith
mic 
advanc
es 

Viral 
dataset
s; 
species 
diversif
ication 

Zhang 
& 
Matse
n [22] 

20
24 

Varia
tional 
Baye
sian 
(SBN
) 

Subspl
it 
Bayesi
an 
networ
ks 
provid
e 
expres
sive 
variati
onal 
family
; 
stocha
stic 
gradie
nt 
ascent 
replac
es 
MCM
C; 
compe
titive 
accura
cy at 

Variati
onal 
approxi
mation 
may 
underes
timate 
posterio
r 
varianc
e in 
comple
x 
models 

Bench
mark 
biologi
cal 
phylog
enetic 
dataset
s 

Refer
ence 

Y
ea
r 

Meth
od / 
Tool 

Key 
Contr
ibutio
n 

Limitat
ions 
Noted 

Datase
t / 
Domai
n 

lower 
cost 

Karch
er et 
al. 
[32] 

20
24 

Varia
tional 
super
trees 

Divide
-and-
conqu
er 
variati
onal 
Bayesi
an 
supertr
ees; 
scalabl
e 
uncert
ainty 
quanti
ficatio
n for 
large 
taxon 
sets 
withou
t full 
MCM
C 

Accura
cy 
depend
s on 
quality 
of 
subtree 
decomp
osition 
strategy 

Large-
scale 
phylog
enomic
s 

 
D. Machine Learning and Deep Learning Applications 

Refe
renc
e 

Y
ea
r 

Metho
d / Tool 

Key 
Contri
bution 

Limit
ations 
Noted 

Datas
et / 
Doma
in 

Azo
uri et 
al. 
[16] 

20
21 

ML-
guided 
heuristi
c 
search 
(RAxM
L) 

Machin
e 
learning 
classifie
r trained 
on 
simulat
ed data 
guides 
NNI/SP
R 
moves; 
substant
ially 
accelera
tes 
converg
ence to 
optimal 
tree 

Requir
es pre-
trainin
g; 
perfor
mance 
depen
ds on 
simila
rity 
betwe
en 
trainin
g and 
target 
datase
ts 

Simul
ated 
and 
empiri
cal 
alignm
ents 

Wan
g et 
al. 
[23] 

20
23 

Deep 
autoreg
ressive 
model 

End-to-
end 
neural 
network 
for 
phyloge

Evalu
ated 
on 
simula
ted 
data; 

Simul
ated 
nucleo
tide 
alignm
ents 
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Refe
renc
e 

Y
ea
r 

Metho
d / Tool 

Key 
Contri
bution 

Limit
ations 
Noted 

Datas
et / 
Doma
in 

netic 
tree 
topolog
y 
predicti
on from 
MSA; 
competi
tive 
accurac
y at 
fraction 
of ML 
runtime 

genera
lizatio
n to 
diverg
ent 
empiri
cal 
data 
not 
fully 
establi
shed 

Lam
bert 
et al. 
[31] 

20
23 

Neural 
networ
k 
(birth-
death 
models
) 

Deep 
learning 
from 
phyloge
nies for 
diversif
ication 
analysis
; infers 
rates 
without 
explicit 
likeliho
od; 
generali
zable to 
analytic
ally 
intracta
ble 
models 

Accur
acy 
sensiti
ve to 
the 
realis
m of 
simula
tion-
based 
trainin
g data 

Bird 
and 
primat
e 
diversi
ficatio
n 
phylog
enies 

Tho
mps
on et 
al. 
[30] 

20
24 

CNN 
viral 
phylog
eograp
hy 

Convol
utional 
neural 
network
s match 
likeliho
od 
method
s for 
migrati
on rate 
and 
reprodu
ction 
number 
estimati
on in 
viral 
phyloge
ography
; orders 
of 
magnitu
de 
faster 

Perfor
mance 
conver
ges 
with 
likelih
ood 
metho
ds 
only 
under 
well-
specifi
ed 
model
s 

Influe
nza 
and 
SARS
-CoV-
2 
genom
ic 
surveil
lance 

 
E. Sequence Alignment Methods and Alignment-Free 
Inference 

Refe
renc
e 

Y
ea
r 

Meth
od / 
Tool 

Key 
Contribu
tion 

Limit
ations 
Noted 

Data
set / 
Dom
ain 

Edga
r [5] 

20
04 

MUS
CLE 

High-
accuracy 
progressi
ve MSA; 
substantia
lly 
outperfor
ms 
CLUSTA
LW on 
benchmar
k 
alignment
s while 
maintaini
ng 
comparab
le speed 

Perfor
mance 
declin
es for 
highly 
diverg
ent 
seque
nces 

Prote
in 
and 
DNA 
sequ
ence 
datab
ases 

Nute 
et al. 
[35] 

20
22 

MAF
FT + 
RAx
ML-
NG / 
IQ-
TREE 
comp
arativ
e 
evalua
tion 

Systemati
c 
evaluatio
n of 
alignment 
tools and 
ML 
programs 
for viral 
epidemiol
ogy; 
MAFFT+
RAxML-
NG 
produces 
most 
accurate 
branch 
lengths 
for 
epidemiol
ogical 
distance 
calculatio
ns 

Findin
gs 
specifi
c to 
closel
y 
related 
viral 
datase
ts; 
may 
not 
genera
lize to 
diverg
ent 
taxa 

HIV, 
HCV
, 
Ebol
a 
simul
ated 
datas
ets 

Dylu
s et 
al. 
[27] 

20
24 

Read2
Tree 

Infers 
phylogeni
es directly 
from raw 
sequencin
g reads 
without 
explicit 
alignment
; 
demonstr
ated 
accuracy 

Less 
accura
te than 
align
ment-
based 
ML on 
highly 
diverg
ent 
seque
nces 

Bact
erial 
geno
mes; 
eukar
yotic 
datas
ets 
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Refe
renc
e 

Y
ea
r 

Meth
od / 
Tool 

Key 
Contribu
tion 

Limit
ations 
Noted 

Data
set / 
Dom
ain 

for 
bacterial 
and 
eukaryoti
c 
genomes 

 
F. Applications — Epidemiology, Conservation, and 
Evolution 

Refe
renc
e 

Y
ea
r 

Focus 
Area 

Metho
d 
Applie
d 

Key 
Finding 

Domai
n 

Wor
obey 
et al. 
[7] 

2
0
2
2 

SARS-
CoV-2 
origin 

ML + 
molec
ular 
clock 
(BEA
ST) 

Phyloge
netic 
and 
geograp
hic 
analysis 
establis
hed 
Huanan 
Seafood 
Market 
as early 
epicente
r of 
COVID
-19; 
zoonotic 
spillove
r 
confirm
ed 

Pande
mic 
genom
ic 
epide
miolog
y 

De 
Mai
o et 
al. 
[34] 

2
0
2
3 

Pande
mic 
surveill
ance 

MAPL
E (ML 
parsim
ony 
approx
imatio
n) 

Inferred 
phyloge
nies for 
500,000 
SARS-
CoV-2 
genome
s; 
enabled 
real-
time 
variant 
tracking 
at 
unprece
dented 
scale 

Geno
mic 
epide
miolog
y; 
public 
health 

Bari
do-
Sott
ani 
et al. 
[20] 

2
0
2
4 

Viral 
and 
diversi
ficatio
n 
phylog
enies 

BEAS
T2 
Bayesi
an 
inferen
ce 

Demons
trated 
best 
practice
s for 
time-
calibrate

Virolo
gy; 
macro
evoluti
on 

Refe
renc
e 

Y
ea
r 

Focus 
Area 

Metho
d 
Applie
d 

Key 
Finding 

Domai
n 

d 
phyloge
netic 
analysis
; 
directly 
applicab
le to 
pandemi
c and 
macroev
olutiona
ry 
contexts 

Tho
mps
on et 
al. 
[30] 

2
0
2
4 

Viral 
phylog
eograp
hy 

CNN 
deep 
learnin
g 

Deep 
learning 
provides 
accurate
, rapid 
estimati
on of 
migratio
n 
dynamic
s for 
rapidly 
evolvin
g 
viruses; 
suitable 
for real-
time 
outbrea
k 
respons
e 

Influen
za; 
SARS-
CoV-2 
surveil
lance 

Lam
bert 
et al. 
[31] 

2
0
2
3 

Diversi
ficatio
n rate 
inferen
ce 

DL 
from 
phylog
enies 
(BD 
model
s) 

DL 
enables 
diversifi
cation 
inferenc
e under 
models 
previous
ly 
inaccess
ible due 
to 
likeliho
od 
intracta
bility; 
broaden
s 
macroev
olutiona
ry 
analysis 

Avian 
and 
primat
e 
evoluti
onary 
biolog
y 
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5.1 Classical Foundations: Distance-Based and 
Parsimony Methods 
The systematic application of computational 
methods to phylogenetic inference began in earnest 
during the latter half of the twentieth century, when 
the accumulation of protein and, subsequently, 
nucleotide sequence data created the need for 
algorithms capable of processing large volumes of 
molecular information. Distance-based approaches 
were among the first to be formalized. The UPGMA 
algorithm, rooted in hierarchical agglomerative 
clustering, was among the earliest methods applied 
to molecular data [9]. Although conceptually 
straightforward, UPGMA operates under the 
assumption of a strict molecular clock—that all 
lineages evolve at a constant rate—a condition that 
is rarely met in practice and that compromises the 
method's reliability when rate heterogeneity exists 
across branches. 

The introduction of Neighbor Joining by Saitou and 
Nei in 1987 represented a significant practical 
improvement, producing trees that minimize total 
branch length without assuming rate constancy [9]. 
NJ proved fast enough to analyze the datasets 
available at the time, and its accuracy proved 
acceptable for a wide range of applications. The 
method continues to be employed today for rapid 
preliminary analyses and for datasets where 
computational efficiency is paramount. Subsequent 
evaluations have confirmed that NJ trees, when 
distances are corrected for multiple substitutions 
using models such as Jukes-Cantor or Kimura two-
parameter, perform comparably to more elaborate 
methods for closely related taxa, although 
performance deteriorates in datasets characterized 
by long branches or substantial rate variation [17]. 

Parsimony-based methods, which seek the tree 
requiring the fewest evolutionary changes, were 
developed and championed primarily in the context 
of morphological systematics before being adapted 
to molecular data. The application of parsimony to 
nucleotide sequences is grounded in algorithms such 
as the Fitch and Sankoff methods for computing 
minimum substitution counts at each site. Parsimony 
has the conceptual appeal of Occam's razor and 
requires no explicit model of sequence evolution; 
however, Felsenstein's landmark 1978 
demonstration of long-branch attraction—the 
spurious clustering of rapidly evolving lineages 
irrespective of their true relationships—identified a 
systematic bias that limits the method's reliability in 
the presence of rate heterogeneity [8]. Despite this 

limitation, parsimony-based heuristics including 
NNI, SPR, and TBR continue to provide the core 
search logic for many likelihood-based programs, 
reflecting the continued practical relevance of the 
underlying algorithmic approaches. 

5.2 The Maximum Likelihood Framework and Its 
Optimization 
The introduction of Maximum Likelihood as a 
principled framework for phylogenetic inference by 
Felsenstein in 1981 transformed the field by 
providing a coherent statistical basis for comparing 
competing evolutionary hypotheses [8]. The ML 
approach evaluates candidate trees according to the 
probability of the observed sequence data given a 
specified substitution model and tree, selecting the 
tree that maximizes this probability. This criterion is 
statistically well-founded and, in contrast to 
parsimony, explicitly accounts for the stochastic 
nature of sequence evolution. The computational 
challenge is formidable: for any dataset of practical 
size, the exact optimization of the likelihood surface 
over all possible tree topologies, branch lengths, and 
model parameters is computationally intractable, 
necessitating heuristic search strategies. 

A critical component of the ML framework is the 
selection of an appropriate substitution model. 
Kalyaanamoorthy et al. developed ModelFinder, a 
fast model-selection method implemented in IQ-
TREE that evaluates a large space of substitution 
models using information criteria such as BIC to 
identify the best-fitting model for a given alignment 
[28]. ModelFinder is reported to be ten to one 
hundred times faster than earlier programs such as 
jModelTest and ProtTest, while achieving superior 
or comparable accuracy. The importance of model 
selection has been further underscored by studies 
demonstrating that model misspecification—the use 
of an overly simplified model—leads to consistently 
biased parameter estimates and incorrect tree 
topologies, particularly for datasets characterized by 
substantial among-site rate heterogeneity [13]. 

The development of computationally efficient ML 
software has been a sustained focus of the field. 
RAxML, originally developed by Stamatakis, 
established a benchmark for speed in large-scale ML 
analysis and has undergone successive 
improvements [12]. Kozlov et al. presented 
RAxML-NG, a re-implementation that incorporates 
improved heuristic search algorithms, support for all 
GTR-derived substitution models, the FreeRate 
model of rate heterogeneity, and scalable 
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parallelization [29]. Benchmark comparisons 
demonstrated that RAxML-NG consistently 
recovers higher-scoring trees than its predecessor on 
taxon-rich datasets. IQ-TREE 2, developed by Minh 
et al., introduced additional innovations including 
partition models that assign distinct substitution 
models to different genes or genomic regions, 
concordance factors that quantify the proportion of 
loci supporting each branch, and mixture models for 
capturing heterogeneous evolutionary processes 
[28]. The ultrafast bootstrap approximation 
implemented in IQ-TREE provides branch support 
values at speeds approximately one hundred times 
faster than standard bootstrap resampling, making 
rigorous support assessment feasible for large 
genomic datasets. 

A notable recent contribution to scalable ML 
inference is MAPLE, presented by De Maio et al. 
(2023), which reworks Felsenstein's pruning 
algorithm specifically for epidemiological genomic 
datasets [34]. MAPLE was demonstrated to infer 
SARS-CoV-2 phylogenies more accurately than 
existing ML approaches while operating up to 
thousands of times faster and requiring at least one 
hundred times less memory on large datasets 
comprising millions of genomes. This development 
addressed a critical bottleneck in pandemic 
surveillance, where the use of conventional tools 
such as RAxML or IQ-TREE on global SARS-CoV-
2 datasets would require years of computation per 
tree update. 

5.3 Bayesian Phylogenetics: From MCMC to 
Variational Inference 
Bayesian inference entered phylogenetics in the late 
1990s and rapidly gained widespread adoption 
owing to its capacity to quantify uncertainty across 
the full posterior distribution of trees rather than 
identifying a single optimal topology. The 
implementation of MCMC for Bayesian 
phylogenetics, first realized in programs such as 
MrBayes, allowed researchers to sample the 
posterior distribution over tree topologies, branch 
lengths, and substitution model parameters 
simultaneously, with posterior probability values on 
branches providing a direct probabilistic measure of 
clade support [21]. BEAST, developed by 
Drummond and Rambaut, extended the Bayesian 
framework to include molecular clock models and 
fossil or biogeographic calibration priors, enabling 
the estimation of divergence times alongside 
phylogenetic relationships and making time-

calibrated phylogenies a standard tool in 
evolutionary biology [19]. 

Barido-Sottani et al. (2024) provided a systematic 
guide to Bayesian phylogenetic inference using 
BEAST, addressing the selection of priors, the 
specification of clock models, the assessment of 
MCMC convergence through diagnostics including 
the effective sample size and Gelman-Rubin 
statistic, and the interpretation of posterior 
distributions [20]. This work emphasized that the 
reliability of Bayesian phylogenetic conclusions 
depends critically on the adequacy of MCMC 
convergence, a point that is frequently 
underappreciated in applied studies. Bouckaert et al. 
documented the advances incorporated in BEAST 2, 
which introduced a modular package architecture 
enabling users to combine diverse evolutionary 
models and facilitating the rapid development and 
testing of new methodological innovations [19]. 

A fundamental limitation of MCMC-based Bayesian 
inference is its computational cost: analyses of large 
genomic datasets may require weeks or months on 
high-performance computing clusters, and the 
sequential nature of the MCMC chain places 
practical limits on the datasets that can be analyzed. 
Zhang and Matsen IV addressed this limitation by 
developing a variational approach to Bayesian 
phylogenetic inference, in which subsplit Bayesian 
networks serve as an expressive family of variational 
distributions over tree topologies, and structured 
amortization is applied to branch lengths [22]. The 
variational approximation is trained by stochastic 
gradient ascent, and the resulting approach was 
demonstrated to provide competitive performance 
relative to MCMC while requiring substantially 
fewer iterations. Karcher et al. extended this 
framework to the supertree setting, developing 
variational supertrees that enable scalable Bayesian 
phylogenetic inference for large taxon sets by 
combining a divide-and-conquer decomposition 
with variational optimization [32]. These 
developments represent a significant step toward 
making Bayesian uncertainty quantification 
computationally accessible for phylogenomic 
datasets. 

5.4 Sequence Alignment as a Prerequisite and Its 
Effect on Tree Accuracy 
Sequence alignment is a prerequisite for the vast 
majority of phylogenetic analyses, and it is well 
established that alignment error propagates into tree 
inference, potentially biasing both topology and 
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branch length estimates. The performance of 
multiple sequence alignment programs has been 
extensively benchmarked, with MAFFT and SATé 
consistently achieving the lowest alignment error 
rates across diverse test sets, while CLUSTALW and 
related programs have been shown to produce 
substantially higher error rates, particularly for 
divergent sequences [17]. Nute et al. demonstrated 
in an evaluation of phylogenetic workflows for viral 
molecular epidemiology that MAFFT consistently 
outperformed MUSCLE and Clustal Omega in both 
accuracy and runtime across simulations of HIV, 
HCV, and Ebola datasets [35]. The study further 
established that while FastTree 2, IQ-TREE, 
RAxML-NG, and PhyML achieve similar 
topological accuracy given a correct alignment, 
RAxML-NG produces the most accurate branch 
lengths and pairwise distances—a finding with 
direct relevance to applications where branch 
lengths carry biological meaning, such as divergence 
time estimation and epidemiological distance 
calculations. 

The recognition that alignment uncertainty itself 
constitutes a source of phylogenetic error has 
motivated the development of methods that co-
estimate alignment and tree simultaneously, most 
notably the SATé algorithm, which iterates between 
alignment and tree refinement. More recent work has 
taken an alignment-free approach: Dylus et al. 
(2024) introduced Read2Tree, a method that infers 
phylogenies directly from raw sequencing reads 
without performing explicit multiple sequence 
alignment [27]. Read2Tree was shown to produce 
accurate phylogenies for both bacterial and 
eukaryotic genomes, providing a practical pathway 
for rapid phylogenetic inference when alignment is 
computationally prohibitive or technically 
challenging. 

5.5 Coalescent Models and Gene Tree-Species 
Tree Reconciliation 
The recognition that individual gene trees may differ 
from the species tree owing to biological processes 
including incomplete lineage sorting, hybridization, 
and horizontal gene transfer has motivated the 
development of phylogenetic methods that explicitly 
model this discordance. ASTRAL, introduced by 
Mirarab et al. and subsequently improved in a series 
of versions, estimates species trees by maximizing 
the number of shared quartet topologies across a set 
of estimated gene trees, a criterion that is statistically 
consistent under the multispecies coalescent model 
[34]. ASTRAL has been shown to outperform 

concatenation-based ML methods in datasets 
characterized by high levels of incomplete lineage 
sorting, while remaining efficient enough to handle 
datasets with thousands of genes and hundreds of 
taxa. 

The challenge of gene tree-species tree discordance 
is particularly acute in phylogenomics, where the 
availability of genome-scale data provides both the 
opportunity and the obligation to account for 
variation in evolutionary histories across loci. Zou et 
al. (2024) described and benchmarked supermatrix 
and supertree approaches within the R 
computational environment, providing practical 
guidance on the choice between concatenation and 
coalescent-based methods and illustrating the 
circumstances under which each is appropriate [17]. 
Their analysis confirmed that concatenation 
frequently outperforms summary coalescent 
methods when ILS levels are low or gene trees are 
estimated from short alignments with high 
uncertainty, while coalescent methods provide 
superior accuracy when discordance is extensive. 
This interaction between data properties and 
methodological performance underscores the 
importance of informed method selection in 
phylogenomic studies. 

5.6 Scalability and Adaptive Optimization 
Strategies 
As datasets in molecular systematics, epidemiology, 
and phylogenomics have grown to encompass 
thousands of taxa and millions of aligned sites, the 
computational demands of phylogenetic inference 
have become a central concern. Piñeiro et al. (2024) 
developed VeryFastTree 4, a highly parallelized 
implementation of the approximate ML algorithm 
that extends the original FastTree 2 to handle 
datasets comprising millions of sequences [24]. 
VeryFastTree 4 was applied to global SARS-CoV-2 
datasets and demonstrated the capacity to construct 
phylogenies in hours that would require days or 
weeks with conventional tools, directly enabling 
real-time genomic surveillance of the evolving 
pandemic. 

Haag et al. (2022) introduced Pythia, a gradient-
boosted tree classifier trained to predict the difficulty 
of a phylogenetic analysis from properties of the 
multiple sequence alignment before inference begins 
[33]. Pythia's difficulty predictions were used to 
design an adaptive RAxML-NG strategy that 
allocates computational resources in proportion to 
the complexity of the search landscape, reducing 
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total runtime without compromising accuracy on 
easy datasets while investing additional effort in 
difficult ones. This work represented a conceptual 
advance in that it treats the allocation of 
computational resources as an optimization problem 
in its own right, one that can be addressed using 
machine learning applied to dataset characteristics. 
Togkousidis et al. (2025) proposed an early-stopping 
criterion for ML tree inference that detects when 
further optimization is unlikely to improve the tree 
score and terminates the search, avoiding the over-
optimization of noisy likelihood surfaces that can 
actually reduce accuracy on empirical datasets [14]. 

5.7 Machine Learning and Deep Learning for 
Phylogenetic Inference 
The application of machine learning to 
phylogenetics has progressed rapidly from proof-of-
concept studies to practical tools with demonstrated 
advantages over classical methods in specific 
contexts. Azouri et al. (2021) showed that guidance 
from a machine learning classifier trained on 
simulated data could substantially accelerate the 
heuristic tree search in RAxML, reducing the 
number of NNI and SPR moves required to reach a 
tree of given quality [16]. This approach exploited 
the observation that not all topological moves are 
equally likely to improve the tree score, and that this 
likelihood can be estimated from local features of the 
tree using a machine learning model. 

Wang et al. (2023) developed a deep learning 
framework for phylogenetic tree inference that 
processes multiple sequence alignments through a 
neural network architecture to directly predict tree 
topologies, demonstrating competitive accuracy 
with ML methods on simulated datasets while 
operating at substantially reduced computational 
cost [23]. Lambert et al. (2023) extended deep 
learning approaches to the problem of diversification 
analysis, training neural networks on phylogenetic 
trees generated under birth-death models and using 
them to infer diversification rates without the need 
for an explicit likelihood formula [31]. This 
approach is particularly valuable for diversification 
models whose likelihood is analytically intractable 
or computationally prohibitive to evaluate. 
Thompson et al. (2024) applied convolutional neural 
networks to the problem of viral phylogeography, 
demonstrating that deep learning estimates of 
migration rates and reproduction numbers converge 
on the same values as likelihood-based methods in 
well-specified models while being orders of 

magnitude faster, with direct implications for real-
time outbreak response [30]. 

5.8 Applications in Pandemic Surveillance and 
Viral Evolution 
The COVID-19 pandemic provided an 
unprecedented test of phylogenetic methods at scale, 
with millions of SARS-CoV-2 genomes sequenced 
within two years of the virus's emergence. The rapid 
accumulation of genomic data created both 
opportunities and computational challenges: while 
the data provided an extraordinarily detailed view of 
viral evolution, the volume exceeded the capacity of 
conventional ML and Bayesian tools to analyze 
without subsampling, which reduced resolution and 
statistical power [34]. De Maio et al. addressed this 
through MAPLE, while tools such as Nextstrain, 
which combines ML phylogenetics with geospatial 
visualization, were adapted for continuous real-time 
analysis, tracking the emergence and spread of 
variants of concern including Alpha, Delta, and 
Omicron as they arose [34]. 

Phylogenetic analyses played a central role in 
establishing the zoonotic origin of SARS-CoV-2, 
identifying bat coronaviruses as the closest known 
relatives of the pandemic virus and evaluating the 
roles of various intermediate hosts. Time-calibrated 
Bayesian analyses using BEAST estimated the date 
of the most recent common ancestor of sampled 
SARS-CoV-2 sequences, providing evidence 
consistent with emergence in late 2019 and 
informing public health policy regarding the timing 
and extent of early transmission. The practical 
importance of these analyses established 
phylogenetics as an essential component of 
pandemic preparedness infrastructure, with 
investment in scalable and real-time phylogenetic 
methods now recognized as a public health priority. 

5.9 Applications in Conservation Biology, 
Agriculture, and Human Diversity 
Optimized phylogenetic trees provide the foundation 
for phylogenetic diversity metrics that are 
increasingly employed by conservation planners to 
guide the prioritization of species for protection. By 
estimating the evolutionary history represented by 
different assemblages of species, these metrics 
quantify the evolutionary heritage that would be lost 
through extinction and allow conservation priorities 
to be set in a manner that maximizes the preservation 
of unique evolutionary lineages. Studies of 
amphibians, mammals, and plants have 
demonstrated that phylogenetic diversity-based 
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priorities frequently diverge substantially from those 
based on species richness alone, making the 
accuracy of the underlying phylogenetic 
optimization directly relevant to conservation 
decision-making [26]. 

In agriculture, phylogenetic optimization has been 
applied to resolve the domestication histories of 
major crops including maize, rice, wheat, and 
soybean. These analyses have documented complex 
domestication events involving multiple 
independent origins, hybridization, and 
introgression from wild relatives, providing insights 
that guide plant breeding programs and the 
identification of wild germplasm as a source of 
agriculturally valuable traits. In human evolutionary 
biology, phylogenetic analyses of ancient DNA—
including the landmark sequencing and analysis of 
Neanderthal and Denisovan genomes—have 
revealed the timing and extent of archaic admixture 
into modern human populations, establishing that a 
small but detectable proportion of the genomes of 
non-African individuals today traces to archaic 
human lineages [25]. These analyses required the 
development of specialized substitution models that 
account for the DNA damage patterns characteristic 
of ancient specimens, illustrating the continued need 
for methodological innovation in response to new 
data types. 

5.10 Cancer Phylogenetics and Emerging 
Applications 
An active and growing application of phylogenetic 
inference is the reconstruction of clonal evolutionary 
histories within tumors. Sequencing of multiple 
spatially or temporally separated samples from a 
single tumor allows the construction of a 
phylogenetic tree representing the clonal 
diversification of the cancer cell population over the 
course of disease progression. These analyses have 
revealed the heterogeneity of tumor evolution, the 
timing and order of driver mutation acquisition, and 
the mechanisms by which resistant subclones 
emerge and expand under the selective pressure of 
treatment [26]. Likelihood and Bayesian methods 
adapted from classical phylogenetics have been 
successfully applied to tumor phylogeny inference, 
with modifications to accommodate the high 
mutation rates, copy number variation, and mixed-
ancestry sequencing reads characteristic of cancer 
genomic data. 

Beyond cancer, phylogenetic methods are finding 
application in an expanding range of fields. In 

microbiology, phylogenomic analyses of thousands 
of bacterial and archaeal genomes have resolved the 
deep relationships among prokaryotic lineages and 
placed horizontal gene transfer within a quantitative 
evolutionary framework. In linguistics and cultural 
evolution, phylogenetic approaches have been 
applied to reconstruct the history of language 
families, the diffusion of technologies, and the 
transmission of cultural practices across human 
populations. These diverse applications share the 
fundamental computational and statistical 
challenges of phylogenetic inference, and 
methodological advances in one domain frequently 
prove transferable to others. 

6. Emerging Themes and Future Directions 

6.1 Reticulate Evolution and Network-Based 
Optimization 
Conventional phylogenetic inference assumes 
strictly bifurcating trees, but real evolutionary 
histories are frequently more network-like due to 
horizontal gene transfer, hybridization, 
introgression, and recombination. Horizontal gene 
transfer, common in bacteria and archaea, breaks 
vertical inheritance patterns and can mislead tree-
based optimization, necessitating phylogenetic 
network models that incorporate reticulation nodes, 
albeit at substantially increased computational cost. 
In plants—where polyploid lineages arising from 
hybridization are common—optimization must 
account for multiple ancestral contributions and 
estimate the timing of hybridization events. Viral 
and bacterial recombination generates genomic 
regions with distinct evolutionary histories; 
recombination-aware optimization methods, which 
identify mosaic regions and apply separate models to 
each, are increasingly employed to avoid artifact-
ridden inferences. 

6.2 The Multi-Species Coalescent 
A major theoretical advance in phylogenomics has 
been the incorporation of the multi-species 
coalescent (MSC) model into optimization 
frameworks. The MSC accounts for the expectation 
that individual gene trees will differ from the species 
tree owing to incomplete lineage sorting, which is 
particularly pronounced during rapid diversification 
events. Under this model, phylogenetic inference 
simultaneously estimates a species-level tree and a 
set of embedded gene trees, a hierarchical 
optimization problem of considerable complexity. 
Tools such as ASTRAL summarize concordance 
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among gene trees to produce a species tree estimate, 
while BEAST jointly estimates gene trees, species 
tree topology, and divergence times under a fully 
Bayesian framework. These approaches have proven 
essential for resolving shallow radiations in plants 
and vertebrates where gene tree discordance is 
pervasive. 

6.3 Artificial Intelligence and Deep Learning 
The application of deep learning to phylogenetic 
optimization represents one of the most actively 
developing frontiers in the field. Neural networks 
trained on simulated evolutionary data have 
demonstrated the capacity to rapidly approximate 
near-optimal tree topologies, providing starting 
points that substantially reduce the computational 
burden of subsequent likelihood refinement. 
Reinforcement learning agents that learn effective 
strategies for navigating tree space combine the 
adaptability of machine learning with the statistical 
power of stochastic optimization. Variational 
inference approaches—including variational 
Bayesian phylogenetics and differentiable tree 
inference methods—offer the prospect of 
performing Bayesian phylogenetic analysis at scales 
that are inaccessible to MCMC-based methods, 
opening new possibilities for phylogenomic analyses 
of very large datasets. 

6.4 Structural and Functional Constraints in 
Optimization 
Classical phylogenetic optimization relies 
exclusively on nucleotide or amino acid sequences, 
but structural and functional constraints on 
molecular evolution carry phylogenetically relevant 
information that can improve inference. For 
ribosomal RNA, conserved secondary structures 
impose correlated substitution patterns; structure-
aware likelihood models that preserve base-pairing 
constraints have been shown to reduce both 
alignment error and the incidence of incorrect tree 
topologies. In protein phylogenetics, substitution 
models that incorporate structural and functional 
constraints assign biologically motivated weights to 
amino acid changes, improving accuracy 
particularly for enzymes and immune proteins that 
are under strong functional selection. 

6.5 Future Research Directions 
Several directions appear particularly promising for 
the advancement of phylogenetic optimization. First, 
the development of scalable Bayesian methods—
through variational inference and approximate 

computation—will be essential to extend the 
statistical rigour of Bayesian inference to 
phylogenomic datasets comprising thousands of 
taxa. Second, the integration of machine learning 
with conventional optimization offers substantial 
potential for improving both speed and accuracy, 
particularly in real-time surveillance applications 
where rapid inference is critical. Third, the explicit 
modeling of reticulate evolution in optimization 
frameworks will be necessary to accurately 
reconstruct the evolutionary histories of groups—
including bacteria, archaea, and many plant 
lineages—for which tree-like inheritance is an 
inadequate approximation. Fourth, improved tools 
for the visualization and interpretation of optimized 
phylogenies, including interactive platforms that 
communicate uncertainty in statistically appropriate 
terms, will be required to make the outputs of 
phylogenetic analysis accessible to the broad 
scientific and medical communities that increasingly 
depend upon them. 

7. Conclusion 
The construction of phylogenetic trees has been 
transformed from a descriptive diagrammatic 
exercise into a sophisticated computational 
discipline at the intersection of molecular biology, 
statistics, and computer science. Contemporary 
methods—spanning distance-based clustering, 
maximum parsimony, maximum likelihood, 
Bayesian inference, coalescent modeling, and 
emerging metaheuristic and AI-guided 
approaches—extract evolutionary information from 
complex molecular data while simultaneously 
estimating branch lengths, substitution parameters, 
and their associated uncertainties. The applications 
of optimized phylogenetic inference are far-
reaching, encompassing pandemic surveillance, 
conservation genomics, cancer evolution, 
paleogenomics, agriculture, and cultural evolution, 
and continue to expand as new biological systems 
and questions are addressed through the lens of 
evolutionary history. 

Significant challenges remain. Model 
misspecification, alignment error, reticulate 
evolution, and computational scalability continue to 
impose limits on the accuracy and accessibility of 
phylogenetic inference, particularly as dataset sizes 
grow. The integration of artificial intelligence and 
machine learning with conventional statistical 
optimization offers a promising route toward 
analyses that are simultaneously faster, more 
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accurate, and better calibrated. As sequencing 
technology continues to reduce costs and high-
performance computing becomes more widely 
accessible, the capacity to apply phylogenetic 
optimization to the full breadth of biological 
diversity appears within reach, promising continued 
fundamental contributions to evolutionary biology 
and its applications. 
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