
14 September 2026

Alma Mater Studiorum Università di Bologna
Archivio istituzionale della ricerca

Forni, G., Luchetti, A., Rota-Stabelli, O. (2025). Insect Phylogenomics: From Experiment Planning to Post-
phylogenetic Analyses. New York, NY : Humana [10.1007/978-1-0716-4583-3_9].

Published Version:

Insect Phylogenomics: From Experiment Planning to Post-phylogenetic Analyses

Published:
DOI: http://doi.org/10.1007/978-1-0716-4583-3_9

Terms of use:

(Article begins on next page)

Some rights reserved. The terms and conditions for the reuse of this version of the manuscript are
specified in the publishing policy. For all terms of use and more information see the publisher's website.

Availability:
This version is available at: https://hdl.handle.net/11585/1023912 since: 2025-09-25

This is the final peer-reviewed author’s accepted manuscript (postprint) of the following publication:

This item was downloaded from IRIS Università di Bologna (https://cris.unibo.it/).
When citing, please refer to the published version.

http://doi.org/10.1007/978-1-0716-4583-3_9
https://hdl.handle.net/11585/1023912


 

1 

Authors’ version. An edited version of this review is now Chapter 9 of book “Insect 

Genomics Methods and Protocols” from Springer Nature 

  

 

A review of insect phylogenomics: from experiment 

planning to post-phylogenetic analyses. 

Giobbe Forni1, Andrea Luchetti1, Omar Rota Stabelli2,@ 

 

1 BiGeA, University of Bologna, via Selmi 3, 40126 Bologna, Italy 

2 Center C3A, University of Trento, Via Mach 1, 38098 San Michele all'Adige (TN), Italy 

@ omar.rotastabelli@unitn.it 

 

 

Short abstract 

Phylogenomics is the inference of phylogenies using genome-scale data. In a broader sense, it is 

also the mapping of genomic patterns onto phylogenies. This process is inherently complex, 

requiring the concurrent use of genomic, bioinformatics, phylogenetics, and comparative methods 

expertise. Here, we provide an overview of how to plan and conduct a typical phylogenomic study 

of insects aimed at producing both a genome-scale phylogenetic tree and studying various genomic 

traits on that phylogeny. Drawing from our experience in insect phylogenomics, we offer practical 

recommendations to guide researchers through this effort. 
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1. Planning Phylogenomics 
 

1.1. Phylogenomics: “Sometimes words have two meanings”. 

The term phylogenomics was coined in 1997 [1] to indicate how to predict gene function using a 

comparative genomics approach. The term has also been used to indicate the inference of a 

phylogeny using genome-scale data [2]. Although the term is now typically used as genome-scale 

phylogeny [3, 4], in most cases, articles address a combination of the two meanings of 

phylogenomics by producing a genome-scale phylogeny and by mapping various evolutionary traits 

onto this phylogeny, such as gene families expansion/contraction [5, 6], variation in transposable 

elements occurrence [7], and divergence estimates [8]. In this review, we describe the methodology 

for planning and conducting a typical phylogenomic study of insects, with the objective of 

producing a genome-scale phylogenetic tree and studying various genomic traits on that phylogeny. 

In doing so, we provide some suggestions based on our experience of insect phylogenomics.   

  

1.2. Budget, Aims, and the Choice of Markers. 

Any classical insect phylogenomic study should start with careful planning based on the research 

goal and the available budget. In addition, the choice of markers and the type of sequencing 

depends on the scientific question we are addressing (upper part of Figure 1). For example, if we 

aim at inferring only a phylogeny, we may opt for using whole mitochondrial genomes that require 

only a very shallow (and relatively cheap) sequencing of DNA. If, instead, we want to study the 

evolution of gene families within a certain clade, we need a high coverage and a contiguous 

genome, whose cost will rise by at least one order of magnitude.  

Similarly, to study the phylogenetic relationships at the tribe/family/order level (a divergence in the 

order of a few to tens of millions of years) we may opt for a mitogenomic approach that targets only 

reads that cover the mitochondrial genome (hereafter mtDNA). If we need more phylogenetic signal 

and/or resolution (e.g.: deep divergences or species-level phylogenies) and if we want to contrast 

the mitochondrial phylogenetic signal against the nuclear one, we may on the other hand opt for 

classical phylogenomic approaches that target thousands of mostly nuclear coded genes. The 

gathering of these markers can be easily obtained from transcriptomes [9], target enrichment [10], 

or genome skimming data (i.e., shallow- or low coverage- genome sequencing) [11]. These 

sequencing procedures are relatively cheap with a cost (2024 estimate) ranging from 100 € (in case 
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of targeting only mtDNA) to about 1000 € (when nuclear DNA is needed as well) when opting for 

short-read technologies such as Illumina. This cost difference is because the ratio of mtDNA to 

nuclear DNA is approximately 50:1, and most of the reads from the sequencing of a whole insect 

DNA extract will mostly cover the mtDNA. Practically speaking, 2Gb of data may be enough to 

cover a mtDNA at a depth up to 100x, but the same data will not be enough to cover the nuclear 

genome at a reasonable coverage. The estimates to cover the nuclear genome depend on the size of 

the genome of interest: the shallow sequencing of small-sized insect genomes such as fruit flies 

(typically 0.15 Gb) would require 15Gb of data for a coverage of about 100 and will cost an order 

of magnitude less than that of a large sized genome such as for example Aedes mosquitoes 

(typically 1Gb). If we aim at further exploring the landscape of transposable elements [6], gene 

families evolution [5, 12], or adaptive events along the genome [13], we should then opt for a deep 

sequencing of the insect genome to ensure high confidence and high quality sequence data. This 

may then require at least a 50x coverage and high gene completeness to exclude the possibility of 

false negatives, and the use of long reads to obtain long contigs and therefore uninterrupted genes, 

full introns, and non-coding regions. The cost for such sequencing is typically one order of 

magnitude higher than for shallow genome sequencing.  

The available computational capacities, both in terms of lab knowledge and computational 

resources, are another important aspect to be considered when planning phylogenomic studies. The 

competencies required for a thorough phylogenetic study are many, and very often they are not 

present in a single research group. For these reasons, many phylogenomics studies require the 

collaboration of different laboratories with different competencies and skills: we recommend 

planning the different subtasks carefully to optimize the personnel resources and avoid unexpected 

delays. 
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Figure 1 - Overview of workflows for different phylogenomic approaches, including genome, genome 

skimming, mitogenomics, transcriptomic, and targeting methods. Key steps include planning, sampling and 
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sequencing, data processing, phylogenetic inference, and post-phylogenetic analyses. The numbers on the 

left correspond to the sections of this chapter. 

2. Sampling and Sequencing 
 

2.1. Sampling, Identification, and Cataloging of Specimens. 

Although obvious, it is key to start phylogenomic experiments with the right specimens. For new 

samples, previous identification should be done (1) by a taxonomist with direct expertise of the 

clade under scrutiny and/or (2) by a barcoding identification approach using COI. A barcoding 

check is useful also for museum/collection specimens or for samples previously identified with 

morphology by experts, as in some cases morphology and location may mislead the correct 

identification [14]. Samples should be preserved in ethanol (95-100%) for DNA integrity or, usually 

better for high-coverage or long-read sequencing, should be snap frozen and stored in deep freezers 

before DNA isolation. In the case of transcriptomic analyses, RNA should be kept in RNA-later 

solution and frozen. 

DNA, and to a lesser extent RNA, should be extracted from a single individual to reduce genetic 

variability and ease downstream assemblies and orthology assignment. Because of the diploid 

nature of insect genomes, which results in heterozygous data, if the biology of the insect allows it 

(as in many hymenopterans and thrips with haplodiploid sex determination), it would be extremely 

beneficial to extract DNA from a haploid individual. Otherwise, it is also possible to select 

individuals that are known to be fully homozygous because of reproductive strategies, such as 

secondary queens in some Reticulitermes termites which are produced by automictic 

parthenogenesis with terminal fusion [6]. Alternatively, it is possible to attempt establishing in the 

laboratory an inbred line and extract DNA after at least 10 generations, when the homozygosity 

reaches plateau: however, this procedure may be complicated, or even impossible, due to the 

complex breeding conditions of many insects [11]. Each specimen should be recorded for its 

metadata: this includes location, date of collection, ecological information, type of tissue, sex, 

stages, number of individuals (in case of small insects that require extraction from multiple 

individuals; in this case the pooling will in most cases lead to high heterozygosity data), and type of 

identification. Furthermore, genomic and transcriptomic data available online can be included in 

analyses, fetched from databases such as NCBI (https://www.ncbi.nlm.nih.gov/) or ENA 

(https://www.ebi.ac.uk/ena/browser/home). These data can be implemented in phylogenomic 

pipelines at any stage, from raw reads to annotated genomes, depending on the approach used. 

Additionally, it is also possible to assess which genomes are planned, to avoid generating redundant 
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data, using the GoaT (Genome on a Tree; https://goat.genomehubs.org) portal developed by the 

Wellcome Sanger Institute [15]. 

 

2.2. DNA and RNA Extraction and Sequencing. 

DNA and RNA can be extracted using a standardized extraction protocol suitable for insects. For 

holometabolous insects it is convenient to extract from a late pupae stage, whose size (and 

DNA/RNA amount) is often higher than the adult. Total DNA/RNA should always be assessed for 

quality and quantity using spectrophotometry (e.g., Nanodrop) and fluorometry (e.g., Qubit) to test 

if the minimal quantity and quality requested by the NGS facilities are matched. If not, the 

extraction protocol may be modified by employing pools of individuals. Libraries are typically 

prepared by NGS facilities using a protocol appropriate for the sequencing platform. High-

throughput sequencing can be done using platforms like Illumina (for short reads) or PacBio (for 

long reads). The sequencing step is typically performed by NGS facilities using (typically in 2024) 

the NOVASEQ platform to obtain pair-end reads of 150 bp length each, with an average insert size 

of 650 bp. While short reads platforms provide a large amount of data and enough coverage to 

obtain orthologs for downstream analyses, long reads guarantee longer unfragmented genes, 

although often at a lower accuracy and higher cost than short reads: for this reason, hybrid 

sequencing that mixes the two types of reads has become popular in the early 2020s [16]. It is 

however likely that long reads technology will eventually reach the same accuracy as short reads 

one, as is the case for some long reads platforms, such as HiFi and the recently developed the Q20+ 

Kit V14 chemistry of Nanopore. 

 

2.3. Target Enrichment. 

Target enrichment stands out as the only approach with distinct wet-lab procedures when compared 

to traditional DNA or RNA sequencing[17]. This approach focuses on pre-identified genetic 

markers, which in certain contexts may be more advantageous than conducting ortholog searches 

after genome-wide sequence data collection (as reviewed in Anderman et al. 2020) [10]. Target 

enrichment mostly consists of the use of ultraconserved elements (UCEs). In this approach, custom-

designed or predefined RNA bait sequences bind to highly conserved regions in genomes that are 

shared across evolutionary distant taxa to capture genomic loci and sequence their flanking regions. 

These baits, which can be obtained from commercial companies (for a repository of sequences see 

https://www.ultraconserved.org/), are typically identified by aligning multiple genomes and 

scanning for highly conserved regions. Software tools like PHYLUCE facilitate using this approach 
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for UCEs detection and analysis [18]. The UCEs approach reduces the data volume per sample, 

lowering sequencing costs and enabling broader taxon sampling. However, data obtained through 

target enrichment tends to be less versatile for downstream analyses than genome or transcriptome 

data, which apply to a wider array of research questions. Despite a decline in its usage due to falling 

sequencing costs, target enrichment remains valuable for taxa with large genomes such as 

Orthopterans, whose genome skimming may pose coverage issues. Following sequence data 

extraction, the analysis workflow aligns closely with that of other sequencing approaches.  

Other targeted approaches do not rely on specific data types, such as targeted assembly from large-

scale sequencing runs. This method can greatly ease the computational burden of analyses [19]. 

 

 

3. Data Processing 
 

3.1. Trimming and Cleaning Data. 

Raw data should be assessed for quality using dedicated tools such as FastQC, which provides a 

first overview of the expected “usable” amount of data for downstream analyses. If the raw data is 

of poor quality, it may be necessary to repeat the sequencing, possibly using the same genomic 

material to pull and then merge the reads of the two sequence runs. Low-quality bases should be 

trimmed and the adapters removed using software such as Trimmomatic [20], with typical options 

as PE.fa:2:30:10:1:TRUE LEADING:3 TRAILING:3 SLIDINGWINDOW:4:5 

MINLEN:25. If the raw data is characterized by an excess of low-quality reads, Trimmomatic can 

be set to trim only the adapters with the option PE.fa:2:30:10:1:TRUE. A further run of 

FastQC helps reevaluate the overall quality of the final data. 

 

3.2. Contaminant Removal and Metagenomic Profiling. 

A further important step includes the identification and removal of contaminants using tools like 

Kraken or BlobTools [21, 22]. Because insects are typically sequenced as whole-body, sequence 

data is likely to contain DNA fragments of microbes and viruses naturally harbored by the insect, 

such as gut microbiome, symbionts, but also external (environmental) microorganisms. Although 

this type of data is de facto contamination, its analysis can provide useful information about the 

biology and the ecology of the target insect. Cleaned reads (see above) can be used as input of 

MetaPhlAn-4.0, which is run using the newest available version of the CHOCOPhlAn database 
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with and without the option --add_viruses [23]. Relative abundance can then be plotted 

separately for bacteria and viruses using hclust2 [11]. 

 

3.3. Assembly and Quality Assessment. 

Genomes (or transcriptomes, if working with RNA) can be assembled using various assemblers, 

each suited to different types of sequencing data. For example, SPAdes [24] is commonly used for 

assembling short reads, while Canu [25] is optimized for long reads. Some assemblers, like 

MaSuRCA [26], can handle both short and long reads to create hybrid assemblies. New assemblers 

continue to be developed, expanding the options for researchers. For instance, Hifiasm [27] can 

generate haplotype-resolved assemblies when provided with Hi-C reads or short reads from parental 

samples. The selection of an assembler depends on factors like read type, coverage, whether single 

or multiple individuals have been pooled, and the need for haplotype resolution, making it possible 

to tailor assembly pipelines to specific project goals and data characteristics. For a detailed 

explanation of the steps and bioinformatic dependencies required for genome assembly, refer to the 

chapter 1. Transcriptome data can be assembled using the latest available Trinity 

(https://github.com/trinityrnaseq/trinityrnaseq/wiki) de novo transcriptome assembler. 

The quality of de novo assemblies can be assessed using BUSCO against the insect lineage datasets 

[28]. It is also useful to repeat BUSCO with a more specific lineage dataset (e.g., Diptera, 

Hymenoptera). At present (2024), these lineage datasets are only available for few insect orders, but 

this may be extended in the future.  

 

3.4. Transposable Elements. 

Annotation of transposable elements (TEs) is important for both gene annotation, as masking out 

TEs from genome sequences facilitates this step (see below), and for the mapping of TEs 

occurrence on the phylogeny. The most common tool for annotating TEs in a given genome is, 

undoubtedly, RepeatMasker [29], which runs a homology search to identify repeated elements that 

can be found in a genome (which, besides TEs, can include satellite DNA, ribosomal DNA,  simple 

sequence repeats - SSR, etc) based on a previously constructed TEs library. For this step to be as 

successful as possible, it is crucial to have a comprehensive and possibly species-specific TEs 

library. There could be both shared and lineage-specific element families that may be missing from 

public databases, such as DFAM [30] or Repbase Update [31]. It is therefore common to first run a 

“TEs discovery and annotation” pipeline every time a new genome is included in a given analysis. 

Unfortunately, though, there is not a single approach that can guarantee a comprehensive analysis. 
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Therefore, the most popular way to achieve the task is to build a dedicated workflow that includes 

several tools that implement different algorithms. Generally speaking, the two most commonly used 

methodologies are the de novo search and the homology search. The first includes a proper 

discovery stage based on repeat identification and classification, using well-known software such as 

RepeatModeler [32] or, more TE-specific tools such as LTRharvest [33], MITE Tracker [34], or 

SINE_Scan [35]. The second approach consists of running a homology search through a 

BLAST/BLAT search based on previously known TE from public repositories. It is always 

convenient to combine the resulting TE libraries to obtain a single comprehensive library for 

masking the genome. As a final remark, it is to be noted that often TEs discovery and annotation 

may require manual curation [36], although, in the context of genome annotation, it is likely not 

necessary. For a detailed analysis of TEs analysis, please refer to chapter 6. 

 

3.5. Genes Identification and Annotation.  

Genomes (and transcriptomes) can be annotated in two main ways: structural and functional 

annotation. Structural annotation identifies the genes in a genome, including their sequences, 

structures, and positions. Functional annotation, on the other hand, assigns names and functional 

descriptions to these genes, such as Gene Ontology (GO) terms or KEGG Orthology (KO) terms, 

often using tools like EggNOG-mapper [37] or InterProScan [38]. Structural annotation is sufficient 

to perform phylogenetic inferences, and typically requires only a few key resources: the genome 

sequence in FASTA format, RNA-Seq data in FASTQ format, and a set of high-quality protein 

sequences, such as those found in databases like UniProt/SwissProt. Various tools are available for 

genome annotation; for instance, Funannotate is a popular tool for structural and functional 

annotation [39]. For transcriptomes data, Transdecoder is commonly used to annotate coding 

sequences within transcripts (https://github.com/TransDecoder/TransDecoder). This software 

accepts as input a transcriptome assembly, such as the one that can be obtained using Trinity, and 

identifies coding sequences by combining the longest open reading frames (ORFs) with additional 

support from homology searches. For a detailed analysis of annotation pipelines, the reader can 

refer to chapter 4.  

 

3.6. Mitogenomics. 

Mitogenomes can be easily assembled from the raw reads generated for nuclear genome sequencing 

projects. Sometimes their use represents a practical path for phylogenetics, as the large number of 

mitogenomes available in public databases makes it possible to leverage an extremely broad taxon 
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sampling. In insects, mitochondrial phylogenomics is well exploited at several taxonomic scales 

(see for example: [40–43]. A plethora of tools have been developed for this purpose, such as 

NOVOPlasty [44], MitoZ [45], and GetOrganelle [46]. Some are used for annotation only, such as 

MitoS [47]. In general, the assembly of mitogenomes is easy also in the presence of low quality, 

low coverage nuclear genome as the mtDNA copies are circa one to two orders of magnitude more 

than the nuclear DNA [11]. Recently, approaches have been developed to reconstruct mitogenomes 

from more diverse sequencing data, including RNAseq (Trimitomics) [48], targeted enrichment 

(MitoFinder) [49], and long reads (MitoHiFi) [50]. The mitochondrial genome is largely inherited 

clonally, due to its haploid and uniparental mode of inheritance. This results in a lack of 

recombination and a smaller effective population size compared to nuclear genomes, causing 

mitochondrial genes within a population to coalesce more recently. Consequently, the 

mitochondrial genome exhibits a reduced likelihood of incomplete lineage sorting, leading it to 

retain a single, cohesive evolutionary history. 

 

3.7. Genome Data Sharing. 

To allow repetition of experiments, and to ease other scientists in building their alignments for 

phylogenomic analyses, both the raw data and the nuclear and mitochondrial assemblies (but also 

the alignments used for phylogenetics, see below) should be made available on public repositories 

such as SRA (for raw data) and Genbank or ENA (for assemblies). At the same time, one can 

leverage available online resources to broaden the taxonomic sampling of a phylogenomic dataset, 

or in some cases, to entirely construct a dataset from existing data. 

 

 

4. Phylogenetic analyses 

 

4.1. Orthologs Inference.  

While newly developed approaches can also incorporate paralogy information to build a species 

tree [51], orthology inference remains crucial for concatenation-based approaches. For this purpose, 

a plethora of tools have been developed, including tools such as Oma [52], Swift Ortho [53], 

Broccoli [54], SonicParanoid2 [55]. OrthoFinder 2 is one the most widely used tool for orthology 

inference [56]: like other methods, it identifies orthologous gene groups by conducting heuristic 
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analyses of pairwise sequence similarity scores. These values are obtained from an all-versus-all 

BLAST search, or from accelerated alternatives to BLAST, such as DIAMOND, which offers 

increased speed without compromising sensitivity. OrthoFinder 2 then applies a graph-based 

clustering algorithm that organizes genes into orthogroups. The tool also provides rooted gene trees, 

gene duplication events, the rooted species tree, and comparative genomics statistics, and can 

efficiently handle large datasets. Its use only necessitates a folder with the proteomes in fasta format 

and it is very straightforward; for example, orthofinder -f folder_with_fastas. 

Instead of running a specific orthology search, it may be extremely convenient to directly use the 

alignments provided by BUSCO to conduct downstream phylogenetic analyses.  

More accurate approaches to orthology inference are becoming feasible with the advent of 

chromosome-level genomes. TOGA (Tool to infer Orthologs from Genome Alignments) [57] is a 

computational tool developed for precise orthology inference using whole-genome alignments. 

Unlike traditional methods that depend solely on pairwise sequence similarity, TOGA leverages 

genome-wide alignments, combining synteny (the conserved gene order across species) with 

evolutionary conservation. This dual approach enables TOGA to effectively distinguish orthologs 

from paralogs, even in cases involving complex gene duplication events. 

Accurate ortholog identification is crucial in phylogenomics, as gene duplication can introduce 

errors in species tree inference. Methods like Decomposition Into Single-Copy gene trees (DISCO) 

improve orthology by decomposing multi-copy gene families, selectively retaining orthologs while 

discarding paralogs [58]. This approach increases the number of orthologous loci available for more 

precise speciation inference. 

A classical way to test for orthogroups quality is to analyze the single-copy gene trees after rooting 

with newick-tool (https://github.com/xflouris/newick-tools). For each tree it is possible to plot the 

distribution of branch lengths in the tree and list ‘problematic taxa’ for which the branch length is 

more than twice the standard deviation from the average length calculated on all other taxa. Genes 

with a certain % of taxa considered as ‘problematic’ should be removed. This procedure provides an 

accurate set of orthologs in the case of low-coverage genomes that may force orthology search 

software to sample a paralog in the absence of the (false negative) ortholog. 

4.2. Sequence alignment.  

Each set of orthologous gene sequences should be aligned individually using a multiple sequence 

alignment (MSA) tool. Aligning two or more sequences means building a set of residues, being 

either nucleotides or amino acids, to be interpreted as having a common evolutionary origin or, in a 

slightly different perspective, to have a shared “functionality”. The outcome of the alignment 

process is a matrix, where each row is represented by the sample (= the sequence, in our case) and 
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each column represents a character. The MSA columns, therefore, are residues corresponding to a 

given sequence position in each of the analyzed samples.  

Two of the most commonly used algorithms are MAFFT [59] and MUSCLE [60]. These are both 

so-called iterative methods, whereby an initial raw MSA is further refined at each iteration set by 

the user. MAFFT is particularly appreciated as it implements several parameter settings, such as 

FFT-NS, L-INS-i, G-INS-i, E-INS-i, and others, each fitting to different conditions, 

depending on the number of sequences, the presence of conserved domains or large 

insertions/deletions blocks, and balancing between a reasonable accuracy and speed of calculation. 

It is also possible to automatically set the best-fitting parameters through the -auto command. 

There are some aligners, such as T-Coffee [61], that further take the sequence secondary or tertiary 

structure into account. MSA may include poorly aligned regions: these may result from the tentative 

alignment of non-homologous regions within orthologs, highly divergent domains that changed 

much more than the remainder of the sequence they belong to, or regions in which 

insertions/deletions accumulate. To improve the phylogenetic inference, therefore, it is often 

desirable to trim them out of the MSA: the most common tools for this task are TrimAl [62] and 

Gblocks [63], which allow more or less stringent parameters to be used depending on the 

conditions. For example, Gblocks defines conserved and non-conserved blocks within the 

alignments and how much they stretch: if a non-conserved block length is over a certain threshold 

(indicated as “Maximum Number of Contiguous Nonconserved Positions”, or -b3 parameter in 

Gblocks jargon) then it is trimmed out. Moreover, it is also possible to set the level of “gappyness”, 

that is how many insertions/deletions should be kept or trimmed out (indicated as “Allowed Gap 

Positions”, or -b5 parameter in Gblocks jargon). Working on parameters defining conserved/non-

conserved blocks, their flanking regions, and the level of gappyness, one can get an MSA that 

should store, in principle, the highest level of honest phylogenetic information. 

Once each ortholog group has been aligned, a common approach is to create the so-called 

supermatrix (or super-alignment), that is to concatenate all MSA into a single large MSA. Basically, 

each MSA is appended to every other MSA until they are all included; each individual MSA is 

preserved (i.e., it is not re-aligned) and its position within the supermatrix is recorded. This allows 

the simultaneous use of all ortholog alignments for a single phylogenetic inference, and it is of 

primary importance for the best partition scheme (see next section). Several tools are dedicated to 

this task, such as FastConcat [64] or the -concat function in Phyutility [65], resulting in the 

supermatrix file (usually file in either fasta, nexus, or phylip format) and the partition coordinates 

(typically a text file in which it is annotated the start and end residues of each single MSA within 

the supermatrix). Not all the defined single MSA may be used to produce the super-alignment, as 
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some genes may have unwanted properties, for example, they exhibit a poor degree of conservation 

to the point that their orthology is disputable. For this reason, it is possible to select which orthologs 

to concatenate using programs such as MARE [66]. 

As a final remark, it is recommended to also check MSAs by eye, if possible, as the use of 

automated processes alone, although essential when dealing with large amounts of data, can lead to 

overlooking possible misalignments due to poor assembly or partial orthology of annotated genes. 

 

4.3. Substitution Models. 

In Maximum Likelihood and Bayesian frameworks (see below) it is essential to define a 

substitution model, the set of parameters and rules that describes how the single positions of the 

alignment (our data) have been replaced over time to be in accordance with the inferred 

phylogenetic tree. Strictly speaking, the tree itself is one of the components of the model that 

describes the data: setting the best available (more fitting) substitution model allows us to retrieve 

the best possible tree model (i.e., with the highest likelihood). The most widely used substitution 

model for nucleotides is GTR, which is composed of a specular matrix of replacement rates (one 

per each of the possible 6 nucleotide substitutions: A-C, A-G, A-T, C-G, C-T, G-T) and the 

expected frequencies of the 4 nucleotides in the dataset.  The parameters of the GTR matrix and the 

frequencies are typically estimated during the phylogenetic inference (mechanistic GTR) to 

maximize the likelihood. A similar model exists for amino acids, where the GTR matrix can either 

be inferred from the dataset (mechanistic GTR) or is often precomputed based on the analyses of 

precomputed datasets. MtART is, for example, a specific GTR matrix defined on the mitogenomes 

of arthropods [67]; for the alignment of nuclear-encoded genes (for example, the alignment 

produced by pulling the BUSCO genes) we can use several general-purpose matrices, for example 

LG [68]. Because different sites of the alignment evolve at different rates over time, substitution 

models almost always include an estimate of the among-site rate heterogeneity. To make this 

calculation feasible, the number of possible rates is modeled by discretized categories of rates using 

for example the gamma distribution (parameter G in most phylogenetic programs) or the CAT 

approximation (not to be confused with the CAT mixture model, see below).  

Model selection can be easily carried out on the super-alignment (both as nucleotide and amino-

acid) using Modelfinder [69], as implemented for example in IQ-TREE [70] using the parameters -

T AUTO -m TESTONLY. This procedure automatically defines the most fitting (available) 

models using both Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC). 

An interesting feature of Modelfinder is that it allows defining different models for different 

partitions pre-defined by the user. A common way to partition the alignment is to partition by gene, 
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but in the case of nucleotides, it is further possible to partition by codon positions (or sub-partition 

only some of the genes). This is extremely relevant for mitogenomic datasets, which are typically 

affected by compositional bias in particular at the third codon position [71]. For details on how to 

set partitions in IQ-TREE we refer to http://www.iqtree.org/doc/Advanced-Tutorial. 

The substitution process is heterogeneous not only for in terms of the rate of sites (something that 

can be accounted for example using the Gamma distribution) but also in terms of the pattern (the 

type) of substitutions at sites. This is due to many reasons, including the different structural and 

compositional constraints at different sites. Among-site compositional heterogeneity has been 

indeed shown to strongly impact the phylogeny of insects [4] and can be modeled using category 

(CAT) models that couple different site categories with one or more replacement matrices (Lartillot 

and Philippe, 2004). Empirical (precompiled) variants of the CAT model include the C10–60 

models implemented in IQ-TREE. The mechanistic CAT-F81 and CAT-GTR models are 

implemented in Phylobayes [72], which further employs cross-validation for model comparison and 

posterior predictive analyses for model adequacy tests [73]. 

 

4.4. Tree Inference: Maximum Likelihood. 

There are several kinds of algorithms for inferring phylogenetic trees, mainly relying on distance-

based methods or tree-search methods (see Yang and Rannala 2012 for a comprehensive review) 

[74]. Nowadays, the most commonly used methods are the Maximum Likelihood (ML) and the 

Bayesian Inference (BI). The ML inference is used to estimate the phylogenetic model, as defined 

by variables like, among others, the tree topology, branch lengths and substitution model 

parameters, that maximize the likelihood L, that is the probability P of observing the data D given 

the model M or L = P(D|M). This likelihood is usually expressed as the natural logarithm of L, to 

give a manageable number that would be otherwise extremely small. The ML calculation takes 

quite a long time, as exploring all the phylogenetic models could be very time-consuming, with wall 

time increasing with the number of samples and the data (= number of genes) analyzed. With the 

advent of phylogenomics, several algorithms specifically devoted to finding ML trees dealing with 

big datasets have been developed. The most popular are, undoubtedly, FastTree 2 [75], RAxML v8 

[76], and IQ-TREE [70], which also includes the multi-thread option, allowing the parallelization of 

calculations and further speeding up the process of finding the most likely tree. 

IQ-TREE, which also has an online implementation (although with limited options), not only finds 

the ML tree, but also includes ModelFinder (see previous section), which allows model selection, 

partitioning scheme, and ML inference along with nodal support (see below), to be performed in a 

single run. For example, using the command iqtree -s dataset.fasta the program finds 
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the best ML tree using the alignment found in the dataset.fasta file, automatically estimating 

the best substitution model. Otherwise, it is possible to impose a given model by the -m command 

(for example: -m GTR+G), or to first run the model selection and partition scheme search, followed 

by the phylogenetic tree inference (-m MFP command). Parallelization of calculations could be 

enforced via the -T command, which can have as argument AUTO (which automatically determines 

the best number of processors) or can be set to a given number of processors (like -T 4, for use of 

four processors). An exhaustive list and explanation of IQ-TREE commands and options are 

reported on the online documentation of the program, which we suggest consulting to have a deeper 

insight into the use of the software. A typical command in RAxML (when using the sequential 

version of RAxML which runs in parallel cores, PTHREADS-SSE3) is raxmlHPC-PTHREADS-

SSE3 -p 1989 -s dataset.phy -m GTRGAMMA -T 20 which performs the ML search 

using the GTR+G model (specified via -m) on 20 different processors (command -T).  

A very important point, once we have our phylogenetic tree, is how much we can trust the inference 

resulting from the analysis. In other words, how dependent is the phylogenetic inference we got 

from the data we have used? Here it becomes necessary to use a measure of the reliability or 

credibility of the clustering. There are many different methods that help to define the confidence 

level of the clustering pattern, the most used is the bootstrap resampling [77]. This is a common 

statistical method that allows many simulated datasets to be generated from a single dataset, which 

can then be used to calculate confidence intervals or other statistical parameters. The 

implementation of bootstrap to molecular phylogenetic data works as follows: in an alignment of n 

columns (i.e., n residue positions), some columns are deleted and replaced with other existing ones 

producing a simulated dataset. This is done a number of times defined by the user, usually 1000 or 

more. For each of these replicates (i.e., the simulated datasets) a new phylogenetic tree is inferred, 

eventually storing 100 or more trees. The frequency at which each bipartition, and thus the 

underlying branch, occurs, is taken as a measure of support: the higher the frequency, the higher the 

support. These values are generally used to annotate the original phylogenetic tree, or a consensus 

tree can be built summarizing, for example, the most frequent (majority rules) bipartitions. As this 

is a time-consuming analysis (imagine just calculating ML trees 100 times!), in the phylogenomics 

era several rapid bootstrap methods have been implemented, which allow for proper computation of 

bipartition support in a reasonable timeframe [78, 79]. To use the rapid bootstrap analysis in an IQ-

TREE run, one can use the command -B: for example, the command iqtree -s 

dataset.fasta -B 1000 calls for finding the best ML tree with the support of 1000 bootstrap 

replicates. In RAxML, the rapid bootstrap is called by raxmlHPC-PTHREADS-SSE3 -p 1989 

-s dataset.phy -m GTRGAMMA -x 2483 -# 1000 -f a, where -x is a random 
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number seed which turns on the rapid bootstrap function and -# indicates the number of replicates, 

while -f a calls the rapid bootstrap analysis and the best-scoring ML tree in the same run. 

 

4.5. Tree Inference: Bayesian. 

Bayesian Inference (BI) is a method based on the ML function that implements the Bayes theorem 

of conditional probability, so that the probability of a given event is conditioned by an event that 

has already occurred, resulting in a final, so-called posterior probability. For this reason, Bayesian 

Inference has the advantage of incorporating a priori assumptions, called priors in BI jargon. In the 

phylogenetic perspective, the likelihood of a given tree is modified by the prior probability (i.e., any 

known event affecting one of the phylogenetic model parameters) so that the posterior probability 

of the phylogenetic model M is the product of the prior probability times the maximum likelihood 

probability for data D, that is P(M|D) = P(M)xP(D|M) [80]. Typical priors in BI are the many 

parameters of the replacement model as well as various tree priors, such as the existence of 

monophyletic clades or the expectation of observing a speciation event. BI uses Markov Chain 

Monte Carlo (MCMC) algorithms to sample the many (posterior) parameters within those defined 

by the priors. The BI method has become increasingly important in the field of phylogenetics over 

the last two decades, in particular for the handling of complex replacement models and for 

estimating divergence times on the phylogeny (molecular clocks). BI analysis is typically run twice 

in parallel, until each of the two runs converges on a random sampling of the parameters and until 

the two runs return similar results (for example, identical tree topologies).  

Phylobayes is a package for sampling MCMC for phylogenetic reconstruction that allows using 

heterogeneous CAT models [81]. A typical command for Phylobayes is pb -d data.phy -

cat -gtr -dgam 4 -s data.catgtrg1, which starts an analysis of the dataset 

data.phy using as a replacement model the heterogeneous CAT model for differentiating sites 

into categories coupled with a mechanistic GTR matrix (for both nucleotides and protein, the 

program automatically identifies the type of data) and a gamma distribution with 4 discrete 

categories; the output is stored in files initiating with data.catgrtg1. The second run is called 

as pb -d data.phy -cat -gtr -dgam 4 -s data.catgtrg2 and the convergence of 

the two runs is inspected using another program included in the Phylobayes package, i.e. as 

bpcomp –x 1000 10 data.catgtrg1 data.catgtrg2 –o cons.tre: in this case 

bpcomp evaluates the discrepancy observed across (the bipartitions within) the trees sampled 

starting from the 1000th generated tree (burn-in) and sampling every 10 trees. If the two runs 

converge in terms of their tree topology, we will obtain a “maxdiff” <0.1 and we can use the 
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cons.tre as our best Bayesian consensus tree from the pooling of the trees of the two chains. 

This tree will not have bootstrap supports at branches, but rather Posterior probabilities, which are a 

measure of confidence that the inferred branch is true. Phylobayes has a version that allows running 

the MCMCs in parallel, allowing the analysis of computationally intensive phylogenetic-scaled 

datasets (https://www.phylo.org/tools/pb_mpiManual1.4.pdf). In general, a BI analysis using a 

heterogeneous CAT+GTR model may require one order of magnitude more computational 

resources and time than a typical ML analysis using GTR models. 

 

4.6. Beyond concatenation: Coalescence and Gene Families Approaches. 

The estimation of species phylogenies requires multiple loci, but gene trees, which represent the 

evolutionary history of individual genes, are often discordant from the species tree. One of the 

primary causes of these conflicting topologies is incomplete lineage sorting (ILS), a phenomenon 

that arises when ancestral genetic variation is retained during speciation and subsequently lost or 

sorted differently in descendant lineages [82, 83]. Coalescence theory provides a framework for 

understanding the genetic ancestry of populations and species. ASTRAL (Accurate Species TRee 

ALgorithm) is a popular coalescent-based tool designed to infer species trees while accounting for 

ILS [84, 85]. Starting from a set of unrooted gene trees, ASTRAL estimates the species tree 

topology by aggregating them into a tree that maximizes the number of shared quartets (four-taxon 

subtrees) across genes. This approach provides a statistically robust species tree that represents the 

consensus signal from numerous loci, even if individual gene trees differ due to evolutionary 

processes like ILS. The use of ASTRAL and other coalescent-based tools has revolutionized species 

tree inference, making it possible to resolve challenging relationships within rapid radiations. In 

practice, the input for ASTRAL consists of the trees inferred from each orthologous and single-

copy gene, inferred as previously detailed for the concatenation. The command line to run an 

ASTRAL analysis is then java -jar astral.X.Y.Z.jar -i input.trees -o 

output.tree. 

Phylogenomic analyses have traditionally focused on single-copy orthologous genes, often 

discarding large portions of the available data to ensure reliable species tree estimation [51]. 

However, recent advancements have made it possible to incorporate multi-copy gene trees into 

these analyses, leveraging also paralogy as an informative signal. Techniques such as ASTRAL-Pro 

(ASTRAL for PaRalogs and Orthologs) are now capable of inferring species trees from multi-copy 

gene families by maximizing the total similarity between the input gene trees and a computed 

single-copy tree representing the species tree [86, 87]. SpeciesRax and AleRax are methods that 

account for gene duplication, loss, and transfer events, directly modeling the processes by which 
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gene trees can deviate from the species tree [88–91]. These methods also consider transfers, which 

may be particularly important in the analysis of microbial genomes, but that may be extremely 

relevant for closely related insect species that may have experienced hybridization. These 

approaches greatly increase the number of loci available for species tree inference, eventually 

improving phylogenomic accuracy. Nonetheless, as more data are used, phylogenetic systematic 

biases are expected to become more pronounced, potentially challenging the robustness of the 

results. 

 

4.7. Additional Metrics of Support. 

While bootstrap support is the standard measure of confidence in ML phylogenetic analyses, and 

Posterior Probabilities (PP) are the primary metric for BI, other methods offer useful metrics for 

evaluating phylogenetic trees. Transfer Bootstrap Expectation (TBE) improves upon traditional 

bootstrap by using a "transfer" distance to measure support for phylogenetic branches. Unlike the 

binary presence/absence assessment of reference branches in bootstrap, TBE compares pseudo-trees 

to a reference tree by calculating the number of taxa that need to be transferred (or removed) to 

make two branches identical [92]. This approach provides a more nuanced evaluation of tree 

support, particularly for branches with low bootstrap values, and is especially useful in large, 

complex trees where traditional methods may struggle to capture subtle evolutionary relationships 

[93]. In ML phylogenetics, alternatives to the traditional bootstrap include the approximate 

Likelihood Ratio Test (aLRT), which builds on the classical Likelihood Ratio Test framework. The 

aLRT uses the test statistic 2(L1 − L0), where L0 (null hypothesis) is the log-likelihood of the 

current tree, and L1 (alternative hypothesis) is the log-likelihood of the second-best NNI (Nearest 

Neighbor Interchange) configuration around the branch of interest [94]. For this reason, the aLRT 

performs well with strong phylogenetic signals but is less reliable with weak signals. Concordance 

Factors (CFs) are support metrics used to quantify the level of agreement between gene (or site) 

trees and a species tree [95, 96]. Unlike traditional methods that rely on bootstrap or posterior 

probabilities, CFs focus on the concordance between different gene trees for each bipartition (or 

split) of the species tree. The concordance factor measures how often a particular bipartition 

appears across multiple gene trees, providing a more detailed view of the consistency of gene (or 

site) tree topologies. Coalescent-based approaches such as ASTRAL often leverage support metrics 

based on quartet scores, which provide a robust measure of tree confidence in the presence of gene 

tree discordance. Quartet scores evaluate agreement by breaking down the species tree and gene 

trees into quartets—small trees consisting of four taxa—and calculating the frequency with which 

each quartet topology matches between gene trees and the inferred species tree.  
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4.8. Sensitivity/Consilience Assessment. 

High bootstrap supports or posterior probabilities may not be enough to establish a robust 

phylogeny. The Bootstrap procedure, for example, identifies how widespread the signal is in the 

dataset, but does not indicate if that signal is actually phylogenetic. Indeed, seemingly robustly 

supported phylogenies that receive up to 100 as bootstrap support may be wrong because they are 

affected by systematic errors due to the incapacity of standard (e.g., GTR) replacement model to 

effectively capture the nature of the phylogenetic signal [71, 97]. In order to explore the 

phylogenetic signal, it is advisable to explore how the signal changes when varying experimental 

procedures, data treatments, and models employed.  The first step is to assess whether the obtained 

phylogenetic tree is robust to data treatment. In the case of an alignment of coding genes, it is a 

good norm to compare the tree from the analysis of the nucleotide alignment with the tree from the 

analysis of the corresponding translated amino acids. Because nucleotides are more prone to 

saturation than the corresponding amino acids (particularly in mitogenomic datasets [98]), this 

comparison can provide a good indication that our dataset suffers from compositional or rate biases. 

Another interesting analysis is to test whether the phylogenetic signal is conserved over analytical 

conditions. This can be done by comparing trees inferred from the analysis of the same alignment 

but under different statistical frameworks (e.g., ML vs. BI) and especially models of replacement 

(e.g., GTR vs. CAT-GTR models, see above) or by performing a subsequent removal of fast-

evolving sites [71]. For an extensive description of sensitivity experiments, we refer to the review 

of Lonzano [99]. 

 

5. Post-phylogenetic Analyses  
 

5.1. Essential Resources in Phylogenetic Comparative Methods. 

Phylogenies can be used as inputs for statistical approaches that analyze evolutionary traits across 

multiple species while accounting for their phylogenetic relationships [100]. This branch of 

phylogenetics, known as phylogenetic comparative methods, leverages data of two kinds: 

continuous (e.g., body length, number of genes in a gene family) or discrete (e.g., presence of 

wings, presence of a specific ortholog). Key resources in the field of phylogenetic comparative 

methods include "Phylogenetic Comparative Methods in R" by Revell and Harmon [101], and 

“Modern phylogenetic comparative methods and their application in evolutionary biology: concepts 
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and practice” edited by Garamszegi [102], as well as Luke Harmon's freely available book, 

“Phylogenetic Comparative Methods: Learning from Trees” [103], which can be found online at 

https://lukejharmon.github.io/pcm/. These texts provide comprehensive insights, from both a 

theoretical and practical point of view.  

 

5.2. Estimating the Evolutionary Correlation Between Characters. 

Phylogenetic Independent Contrasts (PIC) approach [104] addresses the non-independence of 

species due to shared evolutionary history. This approach computes contrasts between species pairs 

on a phylogenetic tree by assessing differences in trait values and standardizing these contrasts 

based on branch lengths, ensuring that longer branches weigh less. By accounting for phylogenetic 

relationships, this method enables standard statistical analyses without violating the assumption of 

independence. To perform PIC it is possible to use the ape R package [105], leveraging a 

continuous trait and a phylogeny of the corresponding species and using the subsequent command: 

ape::pic(trait, phy). Phylogenetic Generalized Least Squares (PGLS) [106] further 

addresses the non-independence of species data in comparative studies. PGLS incorporates 

evolutionary relationships directly into regression models by using a phylogenetic covariance 

matrix based on the branch lengths of a phylogenetic tree: this enables more flexible model forms, 

such as regressions of any type Y∼X. To perform a PGLS analysis, the first step is to estimate the 

phylogenetic covariance matrix, often based on a Brownian motion model (random and independent 

changes). This can be done using the ape function corBrownian function in R: cor <- 

corBrownian(phy). After defining the covariance structure, we can use the gls function from 

the nlme package with the command:  

 pgls_model <- nlme::gls(body_length ~ wings, correlation = cor, 

data = trait) and then recall details on model coefficients and statistical significance by 

summary(pgls_model) 

 

5.3. Ancestral State Reconstruction. 

Discrete traits have distinct states, such as the presence or absence of an organ. Common models for 

analyzing discrete traits include Markov models (Mk models), which estimate the likelihood of state 

changes along branches of the phylogenetic tree. Initially formulated for trait data by Pagel in 1994 

[106], they are similar conceptually to the models utilized in sequence evolution (e.g., HKY, GTR). 

Similarly to what has been performed for genetic data, a model selection step is required. Three 

models are usually tested: the Equal Rates (ER) model, the Symmetrical (SYM) model, and the All 
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Rates Different (ARD) model. The ER model assumes that all transitions between character states 

occur at equal rates; the SYM model allows transitions to vary, but the rate of change from one state 

to another is the same in both directions; the ARD model is the most flexible, allowing unique rates 

for each transition. We can start by fitting each model to the data, consisting of a Newick formatted 

tree (subsequentl tree) and a dataframe containing the trait states (trait) with the 

fitDiscrete function of R package geiger [107]. Subsequently, it is possible to evaluate each 

model performance by comparing corrected Akaike Information Criterion (AICc) values. Here’s the 

full code to run model fitting:   

ER <- fitDiscrete(tree, trait, model="ER") 

SYM <- fitDiscrete(tree, trait, model="SYM") 

ARD <- fitDiscrete(tree, trait, model="ARD") 

To extract AIC values for model comparison:  

aicc <- setNames(c(ER$opt$aicc, SYM$opt$aicc, ARD$opt$aicc) 

c("Equal Rates", "Symmetrical", "All Rates Different")) 

To compare models using Akaike weights:  

aic_weights <- aicw(aicc) 

print(aic_weights) 

The output of aic_weights will provide the Akaike weights for each model, indicating their 

relative support by the data; the model with the highest weight is generally preferred. Once the best 

model is identified, we can proceed to ancestral state reconstruction using stochastic character 

mapping and visualize the trait’s evolution across the phylogeny. In this approach, sample character 

histories are sampled from their posterior probability distribution, and it can be recalled within the 

phytools R package [108] with:  

mtrees<- make.simmap(tree, x, model="model", nsim=100) 

and subsequently visualized with:  

describe.simmap(mtrees) 

 

5.4. Comparative genomics: Phylogenetic Comparative Methods in the 
Phylogenomic Age. 

With access to expansive molecular datasets and more accurate phylogenetic trees, PCMs are now 

applied across a wide array of transcriptomics and genomic traits. Furthermore, they are 

increasingly leveraging phylogenomics by considering instances of discordance between species 

and gene trees. On the one hand, the use of phylogenomic datasets as input can improve the 

characterization of trait evolution, particularly in the presence of discordance. Species trees reflect 
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the combined signals from multiple genomic loci, but do not necessarily capture the evolutionary 

history of each locus [109, 110]. Individual genes or loci can have different phylogenetic 

relationships from species' ones, mainly due to incomplete lineage sorting (i.e., the retention of 

ancestral polymorphisms through speciation events) or introgression (i.e., gene flow from hybrids to 

parental lineages through backcrossing). When a trait evolves along a gene tree that is discordant 

from the species tree, it may mislead evolutionary inferences; this phenomenon is known as 

hemiplasy [111]. HeIST (Hemiplasy Inference Simulation Tool) [112] is used to perform statistical 

inferences about the probability of hemiplasy and homoplasy. This tool requires a species tree with 

annotated gene concordance factors (gCFs), a trait annotation, and a mutation rate as inputs. On the 

other hand, recent studies have adopted similar methodologies to investigate the evolution of 

"omics" traits. CAFE (Computational Analysis of Gene Family Evolution) [113] is a tool designed 

to analyze the evolution of gene family sizes across phylogenies by modeling gene gain and loss 

events as stochastic birth-death processes. CAFE estimates rates of gene family expansion and 

contraction, enabling the detection of significant shifts in gene family size across lineages, which 

can ultimately be linked to adaptive traits. Similarly, the CAGEE approach can be useful for 

studying the evolution of gene expression across the phylogeny [114]. This method enables the 

calculation of genome-wide gene expression rates and the reconstruction of ancestral states for each 

gene, along with the identification of increases and decreases in expression levels in specific 

branches of a phylogeny. For a thorough example of comparative methods applied to whole genome 

traits, we refer to the chapter 5. 
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