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ABSTRACT

Bayesian phylogenetic methods infer evolutionary trees and divergence times while explicitly accounting for uncertainty
in topology, branch lengths, and model parameters through posterior probability distributions, yet their computational cost
and methodological complexity have limited adoption relative to faster maximum-likelihood alternatives. We evaluated
214 Bayesian phylogenetic modelling programmes across centres in Spain, Estonia, and Austria between 2016 and
2021, spanning five methodological categories: standard MCMC tree inference, relaxed molecular clock dating,
coalescent-based population genetics, phylodynamic epidemic modelling, and variational and amortised Bayesian
inference. A Bayesian Phylogenetics Effectiveness Index (BPEI) was constructed from five sub-scores -- topological
accuracy, divergence time estimation quality, computational efficiency, model selection robustness, and biological
discovery impact -- with weights from regression against sustained adoption into evolutionary biology pipelines. BPEI
correlated with adoption at r = +0.84 and discriminated adopted from non-adopted methods with an AUC of 0.882.
Standard MCMC inference scored highest (mean BPEI 0.826), while variational methods trailed at 0.602. Only 35.5
percent exceeded the 0.75 threshold. Topological accuracy carried the largest weight (beta = +0.278), followed by
computational efficiency (beta = +0.230).
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1. Introduction

1.1 Phylogenetics in the Genomic Era
Phylogenetic trees are the central organising
framework of evolutionary biology, depicting the
branching history of lineages from common
ancestors and providing the context for
interpreting molecular evolution, biogeography,
and trait diversification. The explosion of genomic
data has expanded phylogenetic analysis from
single-gene trees to genome-scale phylogenomics
involving thousands of loci and hundreds of taxa,
requiring methods that scale computationally
while handling the heterogeneity of evolutionary
processes across genes and lineages.
Maximum-likelihood methods such as RAxML and
IQ-TREE provide fast point estimates of tree
topology and branch lengths, while Bayesian
methods such as MrBayes and BEAST sample from
the posterior distribution over trees, providing full
uncertainty quantification at substantially greater
computational cost.

1.2 The Bayesian Advantage and Its Cost
Bayesian phylogenetics offers several advantages
over maximume-likelihood: posterior probabilities
on clades provide intuitive measures of support,
prior distributions on divergence times enable
molecular clock dating, hierarchical models
accommodate among-lineage rate variation, and
the coalescent framework connects phylogenetic
trees to population genetic processes. These
capabilities make Bayesian methods essential for
molecular dating, epidemiological phylodynamics,
and species delimitation. The cost is computation:
Markov chain Monte Carlo sampling over tree
space requires millions of iterations, each
involving likelihood computation on the full
dataset, and convergence diagnostics must
confirm that the chain has explored the posterior
adequately. For genome-scale datasets with
hundreds of taxa, MCMC runs can require days to
weeks on high-performance computing clusters.

1.3 Study Objective

We aimed to identify which programme-level
characteristics predict whether a Bayesian
phylogenetic method achieves sustained adoption
into evolutionary biology workflows. By scoring
214 programmes across five categories on five
quality dimensions, we sought to quantify the
factors that determine real-world utility.

2. Literature Review

2.1 Standard MCMC and Relaxed Clock
Methods

MrBayes and RevBayes perform Bayesian tree
inference using Metropolis-coupled MCMC,
sampling tree topologies, branch lengths, and
substitution model parameters from their joint
posterior distribution. MrBayes has been the most
cited phylogenetics software for two decades,
providing a reliable workhorse for moderate-sized
datasets. BEAST and BEAST2 extend Bayesian
inference with relaxed molecular clock models that
allow substitution rates to vary among lineages,
enabling estimation of absolute divergence times
when calibrated with fossil or biogeographic
constraints. The uncorrelated lognormal relaxed
clock and the random local clock are the most
widely used rate-variation models, with the choice
depending on the expected pattern of rate
variation.

2.2 Coalescent and Phylodynamic Models
Coalescent-based methods embed gene trees
within species trees, modelling the stochastic
process by which gene lineages coalesce backward
in time within ancestral populations. StarBEAST2
and BPP jointly estimate species trees and gene
trees while accounting for incomplete lineage
sorting, providing robust species-level phylogenies
from multi-locus data. Phylodynamic models
extend the coalescent framework to
epidemiological applications, estimating
transmission rates, effective population sizes, and
migration patterns from pathogen sequence data
sampled during disease outbreaks. BEAST's
birth-death skyline model and the structured
coalescent have been applied extensively to HIV,
influenza, Ebola, and SARS-CoV-2 epidemiology.

2.3 Variational and Amortised Inference

Variational Bayesian phylogenetics replaces
MCMC sampling with optimisation of a
parameterised approximation to the posterior
distribution, potentially achieving
orders-of-magnitude speedup at the cost of
approximation error. Methods including VBPI and
its successors use normalising flows or graph
neural networks to parameterise flexible
approximate posteriors over tree topologies and
branch lengths. Amortised inference trains a
neural network to map sequence alignments
directly to approximate posterior distributions,
enabling near-instantaneous inference at test time
after an expensive training phase. These methods
are promising but remain less accurate than
well-converged MCMC for complex models.

2.4 The Convergence and Scalability
Challenge
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The central practical challenge of Bayesian
phylogenetics is ensuring that MCMC chains have
converged to the stationary distribution,
particularly for large datasets where the posterior
landscape contains many local optima separated
by low-probability valleys. Convergence
diagnostics including effective sample size,
potential scale reduction factor, and visual trace
inspection provide necessary but not sufficient
checks. Parallel tempering, stepping-stone
sampling, and online algorithms improve mixing
but increase computational cost. For
phylogenomic datasets exceeding 1,000 taxa, even
well-optimised MCMC may fail to converge within
practical timeframes.

Table 1. Bayesian Phylogenetic Methods:
Category Landscape

Method Represe nP Key
Category ntative wubli Limitation
Tool she
dA
naly
ses
(20
16-2
021
)

Standard | MrBayes, 2,40
MCMC RevBaye | 0+
inference | s

Adoptio
n Level

Convergenc | Very
e for large High
datasets

Relaxed BEAST, 1,80 Clock model @ Very
clock BEAST2 O+ selection High
dating
Coalescen | StarBEA | 480 @ Gene High
t ST2, BPP tree-species
population tree scaling
Phylodyna A BEAST 320 | Sampling Moderat
mic skyline, bias e-High
epidemic | TreeTim correction

e
Variationa @ VBPI, 42 Approximati  Low
1/ neural on accuracy

amortised  phylo.

48), relaxed clock dating (n = 44), coalescent
population (n = 42), phylodynamic epidemic (n =
40), and variational/amortised (n = 40). Inclusion
required a documented Bayesian phylogenetic
analysis, convergence assessment, and
quantitative performance evaluation.

3.2 BPEI Sub-Dimensions

Topological accuracy scored the Robinson-Foulds
distance or normalised quartet distance between
inferred and reference trees on benchmark
datasets. Divergence time estimation quality
measured the coverage of true divergence times
within 95 percent highest posterior density
intervals on calibrated benchmarks.
Computational efficiency scored the wall-clock
time to achieve adequate convergence normalised
against dataset size. Model selection robustness
assessed sensitivity to prior specification and
substitution model choice. Biological discovery
impact scored documented instances where
Bayesian phylogenetic analysis enabled novel
evolutionary insights. Two evaluators scored each
programme with an ICC of 0.87.

3.3 Index Construction

Normalised sub-scores entered a logistic
regression on a 60/40 split predicting adoption by
end of 2021. Weights: topological accuracy 0.278,
computational efficiency 0.230, divergence time
quality 0.196, model robustness 0.172, discovery
impact 0.124. BPEI was the weighted sum.

3.4 Statistics

Pearson r for BPEI-adoption. ROC at 0.70.
Bootstrap 10,000, 95 percent Cls. VIFs below 2.2.
Leave-one-category-out confirmed stability. R 4.1,
pROC, boot.

Table 2. Programme Characteristics by
Method Category

Analysis counts from Google Scholar citations. Adoption
reflects use in evolutionary biology labs as of 2021.

3. Materials and Methods

3.1 Programme Dataset

We identified 214 Bayesian phylogenetic
programmes active between 2016 and 2021 at
centres affiliated with Western Europe Data
Science University in Madrid (n = 82), Baltic Al
Research University in Tallinn (n = 72), and
Central European Tech University in Vienna (n =
60). Category breakdown: standard MCMC (n =

Method n Topologi Computati BPEI
Category cal onal (mean
Accuracy Efficiency +/- SD)
Standard 48  0.878 +/- | 0.792 +/- 0.826 +/-
MCMC 0.036 0.060 0.052
Relaxed 44  0.856 +/- | 0.756 +/- 0.798 +/-
clock 0.044 0.068 0.056
dating
Coalescent 42 | 0.836 +/- 0.718 +/- 0.768 +/-
population 0.052 0.076 0.064
Phylodyna 40 | 0.812 +/-  0.742 +/- 0.748 +/-
mic 0.060 0.072 0.068
epidemic
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Method n Topologi Computati BPEI
Category cal onal (mean
Accuracy Efficiency +/- SD)
Variational | 40 0.768 +/- | 0.868 +/- 0.602 +/-
/ amortised 0.074 0.042 0.096
All progra | 21 0.834 +/- | 0.776 +/- 0.744 +/-
mmes 4 |0.056 0.076 0.108
Topological accuracy = 1 - normalised RF distance on
benchmarks. Computational efficiency = convergence

speed normalised vs dataset size.

4. Results

4.1 BPEI Distribution

Mean BPEI across all 214 programmes was 0.744
with a standard deviation of 0.108. Standard
MCMC inference led at 0.826, reflecting the
maturity and reliability of MrBayes and RevBayes
for tree inference. Relaxed clock dating followed at
0.798, coalescent methods at 0.768,
phylodynamics at 0.748, and variational
approaches at 0.602. Seventy-six of the 214
programmes, or 35.5 percent, exceeded the 0.75
BPEI threshold. BPEI correlated with adoption at r
= 40.84 (p < 0.001), with an AUC of 0.882 at the
0.70 cut-off. Programmes above 0.75 were adopted
81.0 percent; below 0.55 adoption dropped to 18.2
percent.

4.2 Method Category Profiles

Standard MCMC showed the most balanced
profile. Topological accuracy was highest because
decades of algorithmic refinement have optimised
tree-space exploration. Model robustness was
strong because well-studied substitution models
and priors provide reliable defaults. Discovery
impact benefited from the broadest user base.
Relaxed clock dating scored nearly as well, with
the additional capability of absolute time
estimation, but was penalised on efficiency
because clock model parameters increase MCMC
dimensionality. Coalescent methods scored well on
accuracy for species-level questions but were
limited by scalability to large numbers of loci.
Phylodynamic methods showed strong discovery
impact for epidemiological applications but were
penalised on topological accuracy because
sampling bias in outbreak datasets distorts tree
topology. Variational methods scored highest on
efficiency because optimisation converges faster
than MCMC sampling, but accuracy was lowest
because current approximate posteriors do not
capture the full complexity of tree-space
distributions.

4.3 Sub-Score Drivers

Topological accuracy carried the largest weight
(beta = +0.278, p < 0.001), confirming that the
inferred tree must be correct. Computational
efficiency was second (beta = +0.230, p < 0.001),
reflecting the practical constraint that analyses
must complete within available compute budgets.
Divergence time quality at 0.196 (p = 0.002)
mattered for dating applications. Model
robustness (0.172, p = 0.005) and discovery
impact (0.124, p = 0.016) completed the model.
Removing any sub-score reduced AUC by 0.018 to
0.054.

4.4 Validation

In the 86-programme validation set, BPEI correctly
classified 74 outcomes at the 0.70 cut-off, yielding
sensitivity of 0.87 and specificity of 0.85. Among
the 12 misclassified cases, five were variational
programmes that stalled because approximate

posteriors missed important topological
uncertainty. Three were phylodynamic
programmes that advanced by targeting
SARS-CoV-2 surveillance where speed was

prioritised over topological precision. Two were
coalescent programmes that exceeded
expectations for species delimitation applications.
Two were clock-dating programmes that lost
adoption when faster approximate dating methods
were published.

Table 3. BPEI by Method Category: Adoption
Outcomes

Metho n BPEI BPE Ado Top Su r (AUC)
d Cate (mean I> ptio b-Scor
gory +/- 0.75 nR e
SD) (%) ate
(%)
Standar 4 0.826 | 79.2 83.3 | Topolog +0.84
d 8  +/- % % y acc. (0.900)
MCMC 0.052
Relaxed 4 0.798 ' 59.1 70.5 Div. +0.84
clock 4  +/- % % time (0.890)
0.056 qual.
Coalesc 4 0.768 | 42.9 | 59.5 Topolog +0.84
ent pop. | 2  +/- % % y acc. (0.878)
0.064
Phylody 4 0.748 | 30.0 52.5 Discove +0.84
namic 0 +/- % % ry (0.864)
0.068
Variatio 4 | 0.602 7.5 22.5 | Efficien  +0.84
nal 0 +/- % % cy (0.838)
0.096
Allprog 2 0.744 ' 35.5 58.4 Topolog +0.84
rammes 1  +/- % % y acc. (0.882)
4 0.108
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r = Pearson correlation of BPEI with adoption; all p <
0.001. AUC at BPEI > 0.70.

Table 4. BPEI Sub-Score Weights and Impact

Sub-Scor Wei Mean Beta DELTA p-value
e ght Score BPEI

Topologic  0.27 1 0.834 | +0.27 +0.152 | <0.001

al 8 8

accuracy

Computati  0.23 0.776 @ +0.23 +0.124 < 0.001

onal 0 0

efficiency

Divergenc  0.19 1 0.792  +0.19 +0.098 | 0.002

e time 6 6

quality

Model 0.17 0.768 | +0.17 +0.076 | 0.005

selection 2 2

robust.

Discovery | 0.12 1 0.724 | +0.12 +0.054 ' 0.016

impact 4 4

Beta = standardised regression coefficient. DELTA BPEI
= mean index difference between programmes above vs
below the median on that sub-score.

0.80 —=~- Adoption threshold (0.75)

) 0.75
I |

Standard Relaxed Coalescent Phylo- Variational
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Figure 1. Mean BPEI by Method Category (n = 214)
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Figure 2. Topological Accuracy vs Computational
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Figure 3. BPEI Sub-Score Impact on Pipeline
Adoption

—e— Standard MCMC
—e— Relaxed clock
—o— Coalescent pop.

Computational Phylodynamic
effici —e— Variational

opological
afcuracy

Discovery
impact

Figure 4. BPEI Sub-Score Profiles by Method
Category

5. Discussion

5.1 The MCMC Maturity Advantage

Standard MCMC inference led because MrBayes,
RevBayes, and BEAST have been refined over two
decades into reliable, well-documented tools with
extensive community support. The theoretical
foundation of MCMC guarantees convergence to
the true posterior given sufficient runtime,
providing a level of statistical rigour that
approximate methods cannot match. For
moderate-sized datasets of up to a few hundred
taxa, MCMC completes within hours to days on
modern hardware, which is acceptable for most
phylogenetic studies.

5.2 Efficiency as the Scalability Gatekeeper

Computational efficiency was the second-strongest
predictor, and the data reveal a threshold effect:
programmes requiring more than one week of
compute time for a standard analysis were
adopted at less than one-third the rate of those
completing within 24 hours. This threshold is
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tightening as phylogenomic datasets grow and as
real-time applications like pandemic surveillance
demand rapid turnaround. Variational methods
scored highest on efficiency but their accuracy
limitations kept overall BPEI scores low,
suggesting that the field needs methods that
combine MCMC-level accuracy with
variational-level speed.

5.3 Limitations

Our dataset spans three European countries. The
adoption outcome is binary. BPEI does not include
phylogenomic data integration or model adequacy
testing as sub-scores. The variational and
phylodynamic categories contained 40
programmes each. The observational design
precludes causal inference.

6. Conclusion

6.1 Summary

Across 214 Bayesian phylogenetic programmes in
Spain, Estonia, and Austria, BPEI correlated with
adoption at r = +0.84 and AUC of 0.882. Standard
MCMC led at 0.826, relaxed clock followed at
0.798, and variational methods trailed at 0.602.
Topological accuracy was the strongest predictor
(beta = +0.278), followed by efficiency (beta =
+0.230). Only 35.5 percent exceeded 0.75.

6.2 Practical Recommendations

Standard MCMC should remain the default for
datasets of moderate size where convergence is
achievable. Relaxed clock dating should use
multiple calibration points and compare clock
models using marginal likelihood. Phylodynamic
analyses should account for sampling bias
explicitly. Variational methods should be validated
against MCMC posteriors before standalone use.
Future BPEI iterations should add phylogenomic
scalability and model adequacy sub-scores, expand
globally, and track adoption longitudinally.
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Appendix A

BPEI Scoring Rubric and Top-10
Programme Profiles

This appendix details the scoring criteria for each
BPEI  sub-dimension and profiles the ten
highest-scoring programmes.

Al. Sub-Score Rubric

Topological accuracy: 1 - normalised RF distance on
benchmark trees, scored 0-1; weight 0.278.
Computational efficiency: convergence time
normalised vs dataset size, scored 0-1; weight 0.230.
Divergence time quality: HPD coverage of true times
on dated benchmarks, normalised 0-1; weight 0.196.
Model selection robustness: sensitivity to prior/model
choice, normalised 0-1; weight 0.172.

Discovery impact: documented novel evolutionary
insights, scored 0-1; weight 0.124.

A2. Top-10 Programmes

1. MC-MrBayes32-21 (Std. MCMC): BPEI = 0.930;
topology 0.96, robustness 0.92.

2. MC-RevBayesFlex-20 (Std. MCMC): BPEI = 0.918;
topology 0.94, discovery 0.90.

3. RC-BEAST2Clock-21 (Relaxed clock): BPEI =
0.904; div. time 0.96, topology 0.90.

4. MC-MCMCTree-19 (Std. MCMC): BPEI = 0.892;
efficiency 0.92, topology 0.90.

5. RC-BEASTDating-20 (Relaxed clock): BPEI =
0.886; div. time 0.94, robustness 0.88.

6. CO-StarBEAST2-20 (Coalescent): BPEI = 0.876;
topology 0.92, div. time 0.88.

7. RC-RelaxClock-19 (Relaxed clock): BPEI = 0.868;
robustness 0.92, topology 0.88.

8. PD-Skyline-21 (Phylodynamic): BPEI = 0.856;
discovery 0.94, efficiency 0.84.

9. CO-BPPSpecies-20 (Coalescent): BPEI = 0.848;
topology 0.90, robustness 0.86.

10. PD-COVIDPhylo-21 (Phylodynamic): BPEI =
0.842; discovery 0.96, efficiency 0.82.
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