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Abstract

Inference and interpretation of evolutionary processes, in particular of the types and targets of natural selection af-
fecting coding sequences, are critically influenced by the assumptions built into statistical models and tests. If certain
aspects of the substitution process (even when they are not of direct interest) are presumed absent or are modeled
with too crude of a simplification, estimates of key model parameters can become biased, often systematically, and
lead to poor statistical performance. Previous work established that failing to accommodate multinucleotide (or mul-
tihit, MH) substitutions strongly biases dN/dS-based inference towards false-positive inferences of diversifying episod-
ic selection, as does failing to model variation in the rate of synonymous substitution (SRV) among sites. Here, we
develop an integrated analytical framework and software tools to simultaneously incorporate these sources of evolu-
tionary complexity into selection analyses. We found that both MH and SRV are ubiquitous in empirical alignments,
and incorporating them has a strong effect on whether or not positive selection is detected (1.4-fold reduction) and on
the distributions of inferred evolutionary rates. With simulation studies, we show that this effect is not attributable to
reduced statistical power caused by using a more complex model. After a detailed examination of 21 benchmark align-
ments and a new high-resolution analysis showing which parts of the alignment provide support for positive selection,
we show that MH substitutions occurring along shorter branches in the tree explain a significant fraction of discrepant
results in selection detection. Our results add to the growing body of literature which examines decades-old modeling
assumptions (including MH) and finds them to be problematic for comparative genomic data analysis. Because multi-
nucleotide substitutions have a significant impact on natural selection detection even at the level of an entire gene, we
recommend that selection analyses of this type consider their inclusion as a matter of routine. To facilitate this pro-
cedure, we developed, implemented, and benchmarked a simple and well-performing model testing selection detec-
tion framework able to screen an alignment for positive selection with two biologically important confounding
processes: site-to-site synonymous rate variation, and multinucleotide instantaneous substitutions.

Key words: molecular evolution, evolutionary shortcuts, multinucleotide substitutions, codon-substitution models.

Introduction o . . . .
sites in a gene is nearly universally violated, and it has

been shown to inflate the rates of false-positive inferences
in selection tests (Pond and Muse 2005; Davydov et al.
2019; Wisotsky et al. 2020). This finding and its repeated
corroborations have led us to recently recommend that
synonymous rate variation (SRV) be incorporated into all
selection tests as a matter of routine (Wisotsky et al. 2020).

Reliable and robust detection of natural selection from
coding sequences continues to be of significant interest
in comparative genomics and evolutionary biology litera-
ture. Estimation of dN/dS using codon-substitution mod-
els (e.g, as implemented in Kosakovsky Pond et al. 2020) is
a workhorse of selection detection. Its seminal methods

were published several decades ago (Goldman and Yang
1994; Muse and Gaut 1994) and still enjoy widespread
use. Because computers have gotten faster and datasets
much larger, some of the simplifying assumptions in the
seminal dN/dS selection tests have been re-examined
and generally found to be wanting. For example, the as-
sumption that synonymous rates (dS) do not vary across

Another important modeling assumption is that codon
substitutions involving multiple nucleotides (e.g,
ACC — AGG) must be the result of several evolutionary
steps, each of which replaces a single nucleotide (e.g,
ACC — ACG — AGQG). This assumption is implemented
in classic (and still used in the vast majority of applications)
tests of selection by setting the instantaneous rates for all

© The Author(s) 2023. Published by Oxford University Press on behalf of Society for Molecular Biology and Evolution.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/

cited.

licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly O p e n A C C e S S

Mol. Biol. Evol. 40(7):msad150 https://doi.org/10.1093/molbev/msad150 Advance Access publication July 3, 2023 1

|w)
]
=
=
o
o}
o
@
Q
=
[}
3
=3
=3
©
7}
5
o
Q
O
a
[}
3.
o
o
c
©
Q
o
3
=
3
o
@
o
o
=1
o
@
2
~
o
=2
N
N
3
2]
o)
o

€20z ¥snbny gz


https://orcid.org/0000-0002-4896-6088
https://orcid.org/0000-0003-2099-4172
https://orcid.org/0000-0001-9589-6994
https://orcid.org/0000-0003-4817-4029
mailto:spond@temple.edu
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Lucaci et al. - https://doi.org/10.1093/molbev/msad150

MBE

multinucleotide substitutions to zero. Numerous genetic
and molecular studies (Matsuda et al. 2000; Arana et al.
2008; Loeb and Monnat 2008; Hodgkinson and
Eyre-Walker 2011; Schrider et al. 2011; Saribasak et al.
2012; Stone et al. 2012; Chen et al. 2014, 2015; Harris and
Nielsen 2014; Seplyarskiy et al. 2015; Besenbacher et al.
2016; Assaf et al. 2017; Prendergast et al. 2019) have estab-
lished that replication errors often occur at adjacent sites,
producing multinucleotide (or multihit, MH) mutations
that account for ~1-3% of all mutations through several
mechanisms, including polymerase {. Multiple studies
have shown that realistic levels of MH mutations of just a
few percent can produce uncontrolled rates of false-
positive inferences of episodic diversifying selection (EDS)
and impact selection inference with codon-based models,
for example, De Maio et al. (2013). This is because when
a standard model “crams” multiple nonsynonymous single-
nucleotide substitutions onto a short branch to explain a
nonsynonymous MH substitution, the dN/dS ratio esti-
mate will be artificially inflated to accommodate this.
Further, in two genome-wide datasets, MH substitutions
within the same codon have been found to account for vir-
tually all the support for episodic diversifying selection, and
re-analyzing the data with a model that incorporates MHs
as single substitution events dramatically reduces the num-
ber of positive inferences of diversifying selection (Venkat
et al. 2018). A subsequent study confirmed the high rate
of false-positive inferences that can be caused by MHs
(Dunn et al. 2019); another elaborated the MH model
and showed that it provides a significantly improved stat-
istical fit to most genes in a collection of >42,000 empirical
alignments (Lucaci et al. 2021).

The combined effect of SRV and MH on selection tests has
not been systematically investigated, however. Further, no
comprehensive approach has yet been developed that simul-
taneously incorporates both phenomena for testing hypoth-
eses of positive selection. Here, we present such a framework:
we modified the BUSTED method for EDS detection (Murrell
et al. 2015) to allow synonymous rate variation among co-
dons (+S) and multinucleotide substitutions (+MH, includ-
ing both double- and triple-nucleotide substitutions), and
developed model-selection and model-averaging approaches

Table 1. Substitution Models Considered in this Paper.

that allow either or both forms of heterogeneity to be incor-
porated according to their fit to the sequence data. We used
this method to re-evaluate the evidence for positive selection
in 21 diverse benchmark alignments that historically have
played an important role in the development of tests for de-
tecting selection. To understand the power and accuracy of
this approach, we applied our framework to both simulated
data and a large alignment of 9, 181 of proteins in orthologs
of 24 mammlian species, previously studied by Enard et al.
(2016) in the context selection as a result of interactions
with viral proteins. Our practical framework can be used to
balance the impetus to prevent false-positive inferences of se-
lection when S and/or MH effects are present but not incor-
porated, and the desire to prevent the loss of statistical
power, which can occur when models of greater parametric
complexity are used.

Results

High-level Model Description

We compared four different BUSTED class models (see
Methods for complete details), each of which tests for evi-
dence of a nonzero fraction of branch-site combinations
evolving with @ > 1, but makes different assumptions
about confounding evolutionary processes. We evaluate
four models:

1) the baseline model (BUSTED),

2) a model which adds site-to-site synonymous rate
variation (+S),

3) a model with support for instantaneous double- and
triple-nucleotide substitutions within a single codon
(+MH), and

4) a model with support for both (+5+MH),

(cf. table 1 for additional details). These models form a
nested hierarchy (BUSTED C +S C +S+MH and
BUSTED C +MH C +S + MH) and can be compared using
either information theoretic criteria or pairwise likeli-
hood ratio tests. We test for selection using the entire
alignment (all branches, all sites) because that’s the
most common application of EDS detection, and will

Model Reference Nonsynonymous Rates Synonymous Rates Multinucleotide Substitutions Number of Parameters
BUSTED Murrell Random effects branch-site None None B+13+2XK
et al. (2015) modeled by a K(=3)-bin
discrete distribution
+S Wisotsky Random branch-site effects  Random site effects modeled None B+11+2X(K+1L)
et al. (2020) modeled by a K(=3)-bin by an L(=3)-bin unit mean
general discrete distribution  general discrete distribution
+MH Lucaci et al. Random branch-site effects None Alignment-wide double- (J) B+15+2X%xK
(2021) modeled by a K(=3)-bin and triple-(¥) nucleotide
general discrete distribution substitution rates
+S+MH  This paper Random branch-site effects  Random site effects modeled  Alignment-wide double- () B+ 13 +2 X (K+1L)

modeled by a K(=3)-bin
general discrete distribution

by an L(=3)-bin unit mean
general discrete distribution

and triple-(¥) nucleotide
substitution rates

Note.—B, the number of branches in the phylogenetic tree. K and L are user-tunable parameters, set to 3 each by default.
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Table 2. Selection Analysis on Benchmark Alignments (Arranged by EDS Detection Class First and Further Sorted by Model-Averaged P-value).

Alignment N S L AIC, +S AAIC, vs. +S+MH P-value for EDS EDS Detection
+MH BUSTED +S +MH +S+MH BUSTED +S +MH Averaged

Mammalian 54 412 4.71 43,083.9 577.6 15 575.8 0.4939 0.4530 0.3321 0.5000 0.4427 All, no
RBP3

Mammalian 62 392 5.37 45,992.5 940.3 5.5 931.8 0.5000 0.0767 0.1513 0.4988 0.4786 All, no
VWF

Flavivirus NS5 18 342 9.42 18,488.0 3019 43.1 280.8 0.5000 0.4218 0.4999 0.5000 0.5000 All, no

Primate 19 130 0.25 2,149.8 16.0 —4.2 20.3 0.5000 0.3668 0.5000 0.3845 0.5000 All, no
Lysozyme

Primate COXI 21 510 11.25 24,292.0 101.2 -3.4 106.3 0.5000 0.5000 0.5000 0.5000 0.5000 All, no

Encephalitis env 23 500 0.89 13,703.1 423 —4.0 44.1 0.5000 0.5000 0.5000 0.5000 0.5000 All, no

ADORA3 67 107 4.61 12,612.2 251.0 -3.6 255.2 0.5000 0.5000 0.5000 0.5000 0.5000 All, no

Sperm lysin 25 134 4.46 8,765.3 1563 —4.2 158.8 0.0000 0.0000 0.0000 0.0000 0.0000 All, yes

IAV HIN1 HA 466 589 2.15 51,414.6 9120 -3.8 913.4 0.0000 0.0000 0.0000 0.0003 0.0000 All, yes

rbcL 483 466 11.88 152,988.8 4,341.6 76.5 4,315.7 0.0000 0.0000 0.0000 0.0000 0.0000 All, yes

SARS-CoV-2 S 180 1,284 0.13 17,817.4 6493 -—-3.7 624.7 0.0002 0.0000 0.0000 0.0002 0.0001 All, yes

HIV rt 476 335 7.19 52,033.6 1,717.5 1.4 1,721.4 0.0006 0.0000 0.0000 0.0000 0.0004 All, yes

Camelid VHH 212 96 15.87 33,665.6 1,474.4 28.5 1,424.7 0.0040 0.0000 0.0000 0.0000 0.0040 All, yes

Drosophila adh 23 254 1.76 9,357.8 141 -39 17.2  0.0255 0.0003 0.0016 0.0197 0.0046 All, yes

Hepatitis D Ag 33 196 2.23 10,416.1 281.1 8.0 259.9 0.0314 0.0000 0.0000 0.0019 0.0309 All, yes

IAV H3N2 HA 349 329 139 23,2282 637.2 144 630.8 0.5000 0.0000 0.1060 0.3637 0.4997  +S/+S+MH,

no
Streptococcus 16 639 1127 17,344.6 206.5 315 169.1 0.0000 0.0007 0.0000 0.0879  0.0000 +S/+S+MH,
PTS yes
Mam. B-globin 17 144  3.85 7,420.9 319 -5.2 364 02219 0.0000 0.0000 0.0485 0.0154 Discordant
Mammalian 20 3,331 10.09 179,797.7 1,6882 118 1,697.3 0.1713 0.0061 0.0346 0.0204 0.1710 Discordant
mtDNA
Rhodopsin 38 330 532 25,902.4 495.1 217 483.6 02279 0.0000 0.0000 0.0000 0.2279 Discordant
HIV vif 29 192 0.95 6,911.0 190.8 2.8 187.2 0.5000 0.0002 0.0239 0.0424 0.4052 Discordant

12 0 9 0 9 14 13 12 10

Note.—N, the number of sequences, S, the number of codons, L, total tree length in expected substitutions/nucleotide, measured under the BUSTED+S+MH model. AIC. S
+MH—small sample AIC score for the BUSTED+S+MH model (shown in boldface if this model is the best fit for the data, that is, has the lowest AIC, score) , AAIC.—differ-
ences between the AIC, score for the corresponding model and the BUSTED+S+MH. P-value for ESD: the likelihood ratio test P-value for EDS under the corresponding model
(4 digits of precision); shown in boldface if <0.05. The Averaged column shows model averaged P-values (see text). The last column indicates model agreement with respect
to detecting ESD at P < 0.05. The last row shows the number of times each model was preferred by AIC,, and the number of significant LRT tests for each model and the
model-averaged approach.

enable direct comparisons with published results. Our
implementation does allows for a priori selection of
branches to include for testing, treating the rest as a nuis-
ance background.

Analysis of Benchmark Alignments

It is informative to begin by examining how the four com-
peting models (table 2) perform on a collection of empir-
ical sequence alignments. We screened 21 alignments for
evidence of EDS. These alignments were chosen because
they have each been previously analyzed (many in multiple
papers) for evidence of natural selection using a variety of
models, and because they represent different alignment
sizes, diversity levels, and taxonomic groups, all of which
impact selection analyses.

The inclusion of site-to-site synonymous rate variation
is strongly supported for all 21 datasets (in agreement
with Wisotsky et al. 2020), and further addition of multi-
nucleotide substitution (MNS) support is preferred by
AIC, in 12/21 datasets (table 2). The addition of model
complexity reduces the rate at which EDS is detected,
with the simplest model (BUSTED) returning significant
test results for 14/21 datasets, and the most complex
model (+S+MH)—for 9/21. Because our primary

analytical endpoint is the detection of EDS, we can cat-
egorize the alignments into those where models agree,
and those where they disagree. We begin with the seven
datasets where all four models arrived at a negative re-
sult. Some of these examples confirm previous negative
findings, and some contradict previous positive (poten-
tially weak) findings.

Primate lysozyme (best model: +S). A version of this data-
set was originally used to show lineage specific variation in
dN/dS (or ®) in Yang (1998), where tests assuming no
site-to-site rate variation (SRV) also identified positive se-
lection (mean w > 1) on the hominoid lineage. This evi-
dence is no longer statistically significant if a suitable
multiple-testing correction is applied to the original re-
sults. Overall, this is a low divergence dataset with relative-
ly few substitutions (see tables 2 and 3).

Tick-borne flavivirus NS-5 gene (+S+MH). This dataset was
analyzed in Yang, Nielsen, et al. (2000) and originally
sourced from Kuno et al. (1998); no evidence of positive
selection was found in the original papers. This is a high-
divergence alignment, including 51 events when all three
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A Codon 6, HIV-1 vif
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0.02 0.04 0.06 0.08 0.10 012 0.10 0.20 0.30 0.40
1 1

B Codon 19, vertebrate rhodopsin C Codon 2555, mammalian mtDNA
E— | p———

0.95 1 1.05 11
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k...
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rTTT F

Fic. 1. Example sites from benchmark alignments with discordant selection signal. Only substitutions involving multiple nucleotides are labeled
(codon/amino acid). Coloring of the branches represents the ratio of empirical Bayes factors for w > 1 at this branch/site (see Methods) between
the +S+MH and +S models. Values <1 imply that the +S+MH model has less support for @ > 1 than the +S model. The scales are different for
each of the examples because they have dramatically different ranges. Multiple nucleotide substitutions can have impacts on a broad set of
biological protein-coding datasets including examples such as (A) virus, (B) vertebrate, and (C) mammalian.

nucleotides are inferred to have changed along a single
branch at a particular site (table 3).

ADORA3 (+S). This alignment of adenosin A3 receptor
(placental mammals) was analyzed using Bayesian muta-
tion selection models by Rodrigue et al. (2021), who re-
ported weak to no evidence of adaptive evolution.

COXI (+S). Primate cytochrome oxidase subunit | mito-
chondrial sequences were previously analyzed in Seo
et al. (2004) using Bayesian methods; they found signifi-
cant lineage-to-lineage variation in absolute synonymous
and nonsynonymous rates, but strong conservation
(w < 1) overall. We find no evidence of MNS, including
0 point estimates for ¢ and y, despite >100 events with
more than one nucleotide being substituted along a single
branch at a given site (table 3). As reported by Lucaci et al.
(2021), standard models are often able to properly account
for multiple nucleotide substitution events along long
branches.

Japanese encephalitis env gene (+S). This alignment was in-
cluded in Yang, Nielsen, et al. (2000), who found it to be
subject to strong purifying selection.

VWEF (+S+MH). The von Willbrand factor gene (placental
mammals) from Rodrigue et al. (2021), who found some
evidence of positive selection with mutation-selection
Bayesian models (none with standard site-heterogenous

codon models), although the authors caution that other
unmodeled evolutionary processes (e.g, CpG hyper-
mutability) could confound inference.

RBP3 (+S+MH). Retinol-binding protein 3 (placental
mammals) from Rodrigue et al. (2021); no evidence of
positive selection was found in this gene by the original
authors.

Next, we describe the eight datasets where all of our
models found statistical evidence for EDS (LRT P < 0.05).

adh (+S). Drosophila alcohol dehydrogenase (adh) gene
(originally from (Hudson et al. 1987)), studied in numerous
selection detection papers, including Yang, Nielsen, et al.
(2000) and Rodrigue et al. (2021). Most analyses failed to
detect evidence of diversifying selection, despite a long-
standing supposition that balancing selection is acting
on this gene. Rodrigue et al. (2021) reported that
mutation-selection models detected numerous sites sub-
ject to selection; our methods allocate 2.5% (of branch-
site pairs) to the positively selected regime.

Lysin (+S). This alignment of abalone sperm lysin from
Yang, Swanson, et al. (2000) is a canonical example of di-
versifying positive selection, for example, due to self-
incompatibility constraints. There is no support for MNS
in this alignment despite relatively high divergence and nu-
merous multinucleotide branch-site substitution events
(table 3).
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Hepatitis D Ag (+S+MH). Anisimova and Yang (2004) ana-
lyzed an alignment of Hepatitis Delta virus antigen gene
with site-heterogeneous methods, and reported extensive
positive selection. Our best-fitting model (+S+MH) esti-
mates 1.7% fraction of branch-site pairs to be subject to
EDS (w = 11.3). The MNS signal is entirely due to
double-nucleotide substitutions (6 =0.143). While all
models have P < 0.05 for EDS, the P-value is highest for
the +S+MH model, as we show later, this is a common pat-
tern, when the addition of MNS support reduces (or elim-
inates) statistical significance levels of tests for EDS.

Camelid VHH (+S+MH). Su et al. (2002) studied this vari-
able regions of immunoglobulin heavy chains in camelids
using relatively underpowered counting methods, and
found extensive evidence of positive selection. The best-
fitting model (+S+MH) allocates 2.5% of branch-site pairs
to the positively selected class (w =~ 9.2) and the MNS sig-
nal is driven by double-nucleotide substitutions
(6 =0.157).

HIV-1 rt (+S+MH). A HIV-1 reverse transcriptase align-
ment comprises pairs of sequences from individuals prior
to and following antiretroviral treatment, studied by
Seoighe et al. (2007) to examine selective pressures due
to the development of drug resistance. There is marginal
evidence of MNS based on AIC, and very strong
(w ~ 50) positive selection on a small (~0.1%) fraction
of branch-site pairs.

rbcl (+S+MH). Tamuri and Dos Reis (2022) examined this
alignment of plant RuBisCO with a penalized likelihood
mutation-selection model (no MNS), and identified nu-
merous sites subject to pervasive positive selection. We
find strong evidence of MNS based involving both two-
and three-nucleotide substitutions, and very strong
(w ~ 38) positive selection on a small (~0.14%) fraction
of branch-site pairs.

SARS-CoV-2 S (+5). A collection of full-length SARS-CoV-2
spike genes from variants of concern and other represen-
tative lineages, obtained from GISAID (Shu and
McCauley 2017). Numerous previous studies (e.g, Martin
et al. 2021, 2022; Viana et al. 2022) detected positive selec-
tion on this gene, driven primarily by immune selective
pressure and enhanced transmissibility. The best-fitting
model (+S) infers that a very large fraction of this gene
(~20%) is subject to positive selection (@ ~ 5.7).

IAV HINAT (+S). Tamuri and Dos Reis (2022) performed a
detailed analysis of this HIN1 Influenza A virus (human
hosts) hemagluttinin dataset and found 14-18 (depending
on model parameters) sites under selection. Our analysis
detects very strong (@ ~ 1, 000) positive selection on a
very small (~0.01%) fraction of branch—site pairs, and no
evidence of MNS.

Lastly, we discuss the six remaining datasets, where EDS de-
tection depends on the model. These are the most import-
ant to address, because they represent the cases where

6

selection inference is, in some sense, not robust to model-
ing assumptions.

B-globin (+S). Mammalian B-globin is one of the datasets
from Yang, Nielsen, et al. (2000) where positive selection
has been inferred, and confirmed using many other studies
and methods (e.g., Rodrigue et al. 2021). All of our models,
except for +S+MH, including the best-fitting model (+S),
also infer positive selection. However, the addition of
MNS (+S+MH) model results in the elimination of statis-
tical significance; this appears to be the case of overfitting,
because +S+MH is supported neither by AIC,, nor by direct
nested LRT between the two models (P ~ 0.5).

HIV-1 vif (+S+MH). HIV-1 viral infectivity factor (vif) was
inferred to be under positive selection in Yang, Nielsen,
et al. (2000), but not according to our best-fitting model
(+S+MH). The second best-fitting model (+S), whose
AIC, is only slightly higher, returns a significant P-value
for EDS. To better understand which features of the data-
set leads to discordant conclusions, we applied fit profiling
techniques (see Methods), and found that a single codon
in the alignment (codon 6) contributes the majority of the
cumulative likelihood ratio test signal supplementary
figure S2, Supplementary Material online for the +S model.
Furthermore, a single triple-nucleotide substitution along
a terminal tree branch at that site, CAG (Q) — GCA
(A), contributes the bulk of statistical support for EDS in
the +S model and the addition of MHS the model com-
pletely eliminates this support (fig. 1A). Multinucleotide
substitutions along short branches have been shown to re-
turn false-positive selection detection results in simula-
tions (Venkat et al. 2018; Lucaci et al. 2021). Masking a
single codon (GCA) with gaps in the alignment and rerun-
ning BUSTED+S yields a nonsignificant P-value for EDS.
The fact that a single codon can be responsible for the de-
tection of gene-wide positive selection does not inspire
confidence in the positive result with the +S model.
Using this dataset as a motivating example, we computed
two simple heuristic statistics: how many (branch, site)
pairs produce empirical Bayes factors >100 for selection,
and how many sites contribute the majority (>80%) of
the alignment-wide likelihood ratio test statistic. For this
dataset (see supplementary table S2, Supplementary
Material online) the entirety of EBF support for the +S
model is distributed across only 11 branch-site pairs and
a single site. We hypothesize that datasets where only a
few sites contribute to a significant EBF signal under the
+S model, and there is no evidence of EBD under the +S
+MH model could benefit from subsequent manual in-
spection for possible local alignment errors.

Streptococcus (+S+MH). Dunn et al. (2019) analyzed this
trehalose-specific PTS sugar transporter system alignment
(gene 2 in their study) using parameter-rich models includ-
ing MNS and found evidence of positive selection
(wy = 4.9, py =0.028). Our best-ficting model (+S+MH)
infers a 1.6% fraction of branch-site pairs to be subject
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Fic. 2. Model performance on null simulated data. Left column: false-positive detection rate for EDS (at P < 0.05) as a function of rate para-
meters and branch lengths, and the rate at which +S+MH is preferred to +S by a nested LRT test. Right column: w3 estimates (median,
IQR) for various simulation scenarios. One hundred replicates were generated using the four-taxon tree shown as inset in the top left plot
for each parameter combination. For the bottom row, we varies the lengths of branches leading to c and d in the tree.

to EDS (w =~ 9.5), and so does the second best-fitting
model (+S). The contrarian model (+MH) is a much
poorer fit to the data, and can be discounted.

Vertebrate Rhodopsin (+S+MH). This dim-light vision pro-
tein was exhaustively analyzed by Yokoyama et al. (2008)
with comparative methods and via experimental assays.
They found that amino acid substitutions at 12 sites al-
tered a key phenotype (absorption wavelength, . of
some sequences, but that traditional site-level methods
for diversifying selection detection found fewer sites with-
out significant phenotypic impact. Our best (+S+MH) and

second best (+5) fitting models return strongly discordant
results for EDS (P =0.23 and P < 0.0001, respectively).
Both double- (257 events) and triple-nucleotide (45
events) substitution rates have nonzero MLE (table 3).
Compared to the +S model, the +S+MH model infers a
smaller fraction of branch-site combinations (0.37% vs.
1.31%) with lower ® (5.5 vs. 6.4). We noticed a similar
trend with simpler rate variation models in Lucaci et al.
(2021)—the inclusion of MNS reduces ® estimates. Most
of the sites which contribute signal to EDS detection
with the +S model, contribute less (or no) signal under
the +S+MH model [fig. 1]), with strong reduction

7

€20z 1snBny 8z U0 1sonB Aq 8G1 /1 2./0G | PESW/./0/301E/GU/WO0" dNO"0IWapEede//:SARY WOy pepeojumoq



Lucaci et al. - https://doi.org/10.1093/molbev/msad 150 MBE

®+S @ +S+MH © Averaged @ Truth

+1.0 -
a.’ #15 £
0.5 + & 10 g
= »
= -5 o
¥ 3
y =T 2
»n (]
1 T 1 0-0 T T T T T T T T 0
10 14 2 4 6 8 10121416
+1.0
a‘.) ;_20 €
a 0.5 4+ [1°]
g = s 08
o - 3
o v o
e -! a
w
0-0 T T T T T T T T
2 4 6 8 10 121416
+1.0 40
a’, 30 €
= ~0.5 + 20 @
) = - »
2 T -10 2
o v & - D
= - -
H - o
0-0 T T T T T T T T 0
2 4 6 8 10 121416
*1.0 + _;-60 c
wn L
s 0.5 + 40 g
= % T - 20 =
o 3
+ - =
h = @
O-D T T T T T T T T 0
2 4 6 8 10121416
-1.0
~100
) €
f 0.5 + L
o s 50 3
: : } =
o v < - b E
+ - -
n == @
0-0 T T T T T T T T 0
2 4 6 8 10 121416
1.0
. A =100 g
— r0.5 + (13
g = < ~50 @
I —
o 3
o. v L s 2
. - L - =3
od W =- o ®
0.0 I T T T I — 0.0 T T T \ —r 110
2 6 10 14 2 4 6 8 10 121416
Simulated w Simulated w

Fic. 3. Model performance on data simulated with EDS. Left column: detection rate for EDS (at P < 0.05) as a function of rate w3 (effect size) and
0 (confounding parameter), and the rate at which +S+MH is preferred to +S by a nested LRT test. Right column: w3 estimates (median, IQR) for
various simulation scenarios. The 2H rate parameter (d) is varied in increments of 0.1, from 0 (top row) to 0.5 (bottom row).

€202 1sNBny gz uo 1onB Aq 8G1/12//0G | PESW/./0/2191HE/GU/WO00"dNO"dlWapede//:sdny Woly papeojumoq



Evolution via Multinucleotide Substitutions - https://doi.org/10.1093/molbev/msad150

MBE

occurring at short branches which harbor multinucleotide
substitutions (fig. 1B). One obvious explanation for model
discordance is loss of power for the more parameter rich
+S+MH model, but it seems unlikely. When we simulate
under the +S model (using parameter fits from the data,
which includes EDS), the power to detect selection is com-
parable between the models (0.99 for +S+MH vs. 1.00 for
45, please see the Synthetic Data section for more details).

Mammalian mtDNA (+S+MH). This concatenated align-
ment of mammalian mitochondrial genomes ships as a
test dataset with the PAML package and has been recently
re-analyzed by Jones et al. (2018) using several models in-
cluding those supporting MNS, which were preferred. Our
analyses also indicate support for MNS (both double- and
triple-nucleotide), but the +S+MH model (best-fitting)
and +S model (second best fitting) disagree on the pres-
ence of EDS. The +S model (table 3) allocates 1.3% of
branch-site combinations to a weakly selected compo-
nent (w = 1.4), but the source of this support is diffuse
across many sites, with relatively little signal contributed
by individual sites (supplementary fig. S2, Supplementary
Material online). Similarly, the reduction is EDS support
under +S+MH is also diffuse and less pronounced for indi-
vidual sites. Because of longer branches, even sites with ex-
tensive MNS have a minor decrease in inferred local
support for EDS when comparing +S+MH and +S models
(fig. 1C). Analysis of 100 replicates generated under the +S
model shows that the lack of detection under S+MH is
probably not because of significant power loss (0.50 for
+S+MH vs. 0.65 for +S, please see the Simulated Data sec-
tion for more details).

IAV H3N2 (+5+MH). Yang (2000) examined an alignment
of human isolates of H3N2 Influenza A virus hemagluttinin
sequences, originally studied by Bush et al. (1999), for evi-
dence of EDS using site-level methods and found support
for it. With the exception of the poorly-fitting BUSTED
model, our analyses fail to find evidence of EDS, potentially
because of extensive synonymous rate variation (Wisotsky
et al. 2020), although the addition of MNS support with-
out SRV (+MH model), also removes the selection signal.

In summary, there is a good degree of agreement be-
tween models in detecting episodic diversifying selection
on 21 benchmark datasets, with 15/21 agreements among
all models and 17/21 for the best-fitting models (+S and
+S+MH), Cohen’s ¥ = 0.63 (substantial agreement). In all
four substantively discordant cases, +S+MH did not find
evidence for selection, while +S—did find such evidence.
This greater “conservatism” on the part of +S+MH is un-
likely to be due to significant loss of power relative to +S
(see Simulations), and manual examination of discordant
datasets points towards events which involve multinucleo-
tide changes along shorter tree branches as a main driver
of the differences. In nearly all of the datasets, +S+MH
model infers a smaller proportion of sites subject to weak-
er (smaller ®) selection, implying that the +S model, at
least for the datasets where +S+MH is preferred by AIC,

may be absorbing some of the unmodeled multinucleotide
substitutions into the ® distribution (Jones et al. 2018;
Lucaci et al. 2021).

Model-averaged P-values

As a simple and interpretable approach to synthesize the re-
sults different models fitted to the same dataset, and account
for different goodness-of-fit, we propose a model-averaged
P-value. It is defined as pua = Zﬂﬂ PmWm, where the
sum is taken over all models considered, p,, is the
P-value returned by model m and w, is the Akaike weight
for model m (Wagenmakers and Farrell 2004).
Wm = exp ([AIC'C’“‘ — AIC"])/2), where AIC'C’eSt is the score
of the best-fitting model normalized to sum to 1 over all M
models. The Akaike weight, w,,, can be interpreted as
~ P(model = m|data), when M models are being com-
pared. Consequently, if model m returns the likelihood ra-
tio test of LRT,,,, then pya ~ Y-M_. P(LRT > LRT,,|null =
m)P(model = m|data).

The model-averaged approach detects the same 9 data-
sets as the +S+MH model, and also the B-globin dataset,
where the +S model (with EDS signal) has a sufficiently sig-
nificant edge in goodness-of-fit to “outvote” the +S+MH
model (table 2). As our simulation results show (next sec-
tion), the model-averaged approach is a simple and auto-
mated way to control false positives, while maintaining
very good power.

Decomposing the Contribution of Double and Triple Hits
Because +S+MH model defines separate parameters for 2H
and 3H events, we can test which of the two processes con-
tributes to improved data fit. For example, by considering
an intermediate model (+S+2H), where ¢ is estimated, but
w:= 0, we can test (1) the hypothesis that J > 0, by com-
paring +S+2H to +S and (2) the hypothesis that > 0 by
comparing +S+2H to +S+MH. For example, among the se-
ven datasets where the maximum likelihood estimate yr >
0 in table 1.

Analysis of Simulated Alignments

Four Taxon Tree Null Simulations

We generated synthetic alignments of 4 sequences with
800 codons each, using the tree shown in figure 2,
subject to negative selection or neutral evolution
(w7 = 0.1(50%), m, = 0.5(25%), w3 = 1.0(25%)), under
the +S or +S+MH models. We varied the 2H rate (9),
and the 3H rate (y) as well as lengths of 2 of the 5
branches in the tree, generating 100 replicates for
each parameter combination considered. We then fit-
ted +S and +S+MH models to all of the replicates,
and tabulated false-positive rates (FPR).

False-positive Rates. As the 2H rate (J) increases (fig. 2),
the +S model shows progressively higher FPR (reaching
100%), coupled with increasingly biased estimates of
ws—the positive selection model component. On the
other hand, the +S+MH model shows nominal or conser-
vative FPR, and generally consistent estimates of ;.
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approaches failed to achieve significance.

Because the +S+MH model has increasingly better fit to
the data as 0 becomes larger, the model averaged
P-value (which gives progressively more weight to +S
+MH), also has controlled FPR, with the exception of
slightly elevated rates for 0.15 < § < 0.25. Therefore, the
+S model appears to “absorb” unmodeled multiple-hit
substitutions into biased ® estimates, which leads to cata-
strophically high rates of false positives. An identical pat-
tern is observed for a fixed J and increasing rates of 3H
substitutions (), seen in figure 2. Finally, FPR of the +S
model also depends on branch lengths of the tree. In these
simple simulations branch lengths ~0.05 show an eleva-
tion in +S FPR rates. The intuition is simple: very short
branches do not accumulate many substitutions (no sig-
nal), sufficiently long branches do not benefit as much
from access to instantaneous 2H substitutions, because
over longer branches it is nearly as easy to obtain a 2H sub-
stitution via two (or more) consecutive 1H substitutions
allowed in the standard models. Short branches with mul-
tinucleotide substitutions force the +S model to absorb
these unmodeled changes into the o rate, and have the
largest effect on FPR rates.

Power. On the same 4-taxon tree, we next simulated
alignments with a nonzero fraction of the alignment
subject to EDS, with the distribution of rates
(w7 = 0.1(50%), @, = 0.5(40%), w3 > 1(10%). We iter-
ated w; over the set {1.25, 1.5, 2, 4, 8, 16}, set =0, and
iterated o over the set {0, 0.1, 0.2, 0.3, 0.4, 0.5}, for a total
of 36 simulation scenarios. The three methods for EDS de-
tection (+S, +S+MH, and model averaged), all gained power
as the effect size (w3) increased, reaching 100% (fig. 3).
When no multiple hits are allowed (0 =0), +S+MH
shows a small loss of power compared to the +S model,
but because +S has better fit in nearly every dataset,
model-averaging rescues most of the power. Both +S and
+S+MH return consistent estimates of ws. For d > 0 and
for w; < 8 the +S model has progressively higher power,
but that power comes at the cost of progressively more
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and more biased estimates of ws. This behavior mirrors
what we saw for null data, except, for data simulated with
positive selection (low or moderate effect sizes), the bias re-
sults in a desirable outcome (higher power). Model aver-
aging becomes less effective as 0 grows, because the +S
model loses goodness-of-fit compared to the +S+MH mod-
el. Increasing the fraction of alignments subject to selection
o 25% (w; =0.1(50%), w, = 0.5(25%),w; > 1(25%))
shows the same qualitative behavior, except that all meth-
ods have higher power for a given value of 0 and w3 (fig. 3).
When the 3H rate is varied and the 2H rate is zero, the same
qualitative behavior is observed: power gains for the +S
model, but severe biases in ® parameter estimates
(supplementary fig. S6, Supplementary Material online).
When both 2H and 3H are positive, the 2H component
(0) produces the dominant effect with increasing 3H rates
only having a relatively minor additional influence, at least
for those parameter values that we considered here.

Biological Interpretability of 2H and 3H Parameter Ranges

For these simulations, the wvalues of J wused
(0,0.1,0.2,..., 1.0) correspond to the range in the ex-
pected fraction of substitutions involving 2H changes of
0% through ~30%, when y =0 (see supplementary fig.
S3, Supplementary Material online). For example, when
0 =0.25 and w3 = 1.0, the expected fraction of 2H substi-
tutions is 8.5% which is at the high end of empirically de-
rived values, cf. (table 2). For the scenarios with nonzero
3H rates, and J = 0.25, the expected fraction of 3H ranges
from 0.5% to 5.2%, which is comparable with the range of
values inferred from the empirical alignments. The pur-
pose of these simplified simulations is to establish the
qualitative behavior of the tests, and some of the larger
2H and 3H (e.g, for 0 > 0.5 are unlikely to be seen in bio-
logical data. However, false-positive rates and parameter
estimation biases become significant for biologically com-
mon ranges of 2H and 3H rates (e.g, 0 < 0.3).
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Benchmark Datasets

We generated 9 null and 18 power simulations (100 repli-
cates each) based on empirical datasets (details shown in
supplementary table S1, Supplementary Material online).
These scenarios are more representative of biological
data because they use alignment sizes, tree topologies,
branch lengths, nucleotide substitution biases, and other
model parameters based on biological data. We fixed all
model parameters except ws, J, ¥, and p;. These data re-
capitulate the patterns found in the simple 4-taxon tree
simulations.

1) For null data, +S loses control of FPR as ¢ and/or
are increased. +S+MH and model averaging main-
tain FPR control regardless of the values of 2H and
3H rates.

2) For data with EDS but without 2H or 3H, +S has a
slight power edge over +S+MH, but model averaging
rescues the power because +S has a better
goodness-of-fit.

3) For data with EDS and with 2H and/or 3H, +S has a
power edge over +S+MH, and model averaging is
only partially able to rescue the power because +S
+MH has a much better goodness-of-fit. This gain
in power for +S comes at a cost of significant (often
dramatic) upward biases in w3 estimates.

Because in real biological data, the presence of selection
is the object of inference and it is not expected to be preva-
lent (e.g, a typical gene is more likely to not be subject to
EDS), therefore controlling FP rates should be the prevail-
ing concern. As our simulations demonstrate, unmodeled
multinucleotide substitutions dramatically inflate the esti-
mates of ® rates, and result in significant and often cata-
strophic FPR.

Large-scale Empirical Screen

We compared the inferences made by the four BUSTED
class models on a large-scale empirical dataset (Enard
et al. 2016) with 9,861 alignments and phylogenetic trees
of mammalian species (cf. Methods). This collection was
originally prepared to assess the influence of viruses on
mammalian protein evolution and includes sequences
from 24 species.

As with the benchmark datasets, only two out of four
model (+S and +S+MH) had the best goodness-of-fit
(AIC.) measures for most of the alignments (table 4).
BUSTED and +MH were the top model for 97 (<1%) of
the alignments which were either very short alignments
(<150 codons, e.g., SF3B6 in table 5) or with minimal diver-
gence (tree length <0.01 substitutions/site). Alignment
length and total tree length were not significantly asso-
ciated (Mann—-Whitney U test) with the predilection to-
wards the +S or +S+MH model.

Point estimates for 2H and 3H rate parameters were
positive (at least one of the two) for 5794 alignments,
and the means of fractions of substitutions attributable
to 2H and 3H were 0.3% and 0.07%, respectively.

Table 4. Model Goodness-of-Fit Ranking for the Enard Dataset.

Model Rank 1 Rank 2 Rank 3 Rank 4
BUSTED 93 60 7,436 2,272
+S 8,943 853 61 4
+MH 4 62 2,307 7,488
+S+MH 821 8,866 57 97

Note.—How each of the four models ranked for each of the 9,861 alignments.

Among the alignments where +S+ MH or +MH were
the best-fitting models, the means of these fractions
were 6.2% (2H) and 5.6% (3H). Among the alignments
where model-averaging detected the presence of EDS
(see below), the means of these fractions were 0.3%
(2H) and 0.09% (3H). Estimates on the order of a few per-
cent of all substitutions coming from 2H or 3H changes are
consistent with those derived from other empirical and
mechanistic models (Kosiol et al. 2007; De Maio et al.
2013; Dunn et al. 2019) (see supplementary fig. S7,
Supplementary Material online for the distribution of esti-
mated 2H and 3H substitution fractions).

We next considered whether an alignment was de-
tected subject to EDS, using LRT P < 0.05, under different
selection criteria: model fixed a priori, best-fitting model
selected by AIC,, and the model-averaged “P-value” (fig.
4). The simplest model (BUSTED) has the highest raw de-
tection rate of 2,805/9,861 alignments (28.4%), while the
models with MH support have much lower detection
rates: 984/9,861 (10%) for +S+MH and 826/9,861 for
+MH (8.4%). Detection of EDS is quite sensitive to which
model/approach is being used: there are only 515 align-
ments, where EDS is detected by all of the models (includ-
ing the best-fitting model), and by model averaging.
Requiring a complete model consensus does not strike
us as a sensible approach—why, for example, should we
give an equal vote to models that do not describe the
data well? Indeed, even for the 515 unanimous datasets,
the median difference in AIC, (AAIC.) scores between
the best and the worst fitting model was >200 points, im-
plying that the worst models had much worse fits to the
data than the best, and should be discounted. One solu-
tion, which has found common use in comparative ana-
lysis is to simply pick the best-fitting model (such as
ModelTest Posada and Buckley 2004), and call EDS based
on it. Here, the best-fitting model detects EDS on 2,425 da-
tasets. One danger with simply picking the best-fitting
model is that in cases when it detects EDS, but the
second-best model does not and the second-best model
is not dramatically worse fitting, we are discounting a dis-
cordant signal from a credible alternative model. The
model-averaging approach is a simple way to account
for this: if two models have similar goodness-of-fit, and
one has a low EDS P-value, but the other has a high EDS
P-value, averaging the two will result in a nonsignificant
(conservative) call. The “averaging” approach detects
EDS on 1,908 datasets. On 524 datasets when the best
model detects EDS, but model averaging does not, the
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Fic. 5. Simulations based on the Enard et al. dataset. False-positive rate of EDS selection for the four individual models and the model-averaged
approach, as a function of the 2H rate (6) and the 3H rate () used to generate the sequences (left top and bottom). Power for EDS detection as a
function of the strength of selection effect ® (top right), and the 2H rate () for the subset of alignments with weak selection effects (@ < 4).

median Akaike weight difference AIC, for the second best
fitting model (defined as w = e™4'*/2, normalized to sum
to 1 over all four models) was 0.18, hence a high P-value
from the second best-fitting model is sufficient to push
the averaged P-value above 0.05.

In table 5, we show examples of patterns for compara-
tive model fit and EDS inference, and discuss them (below)
in terms of the selective patterns:

No selection detected by any method, pattern (000000).
Nearly two-thirds (6,396, or 64.9%) of the datasets have
no evidence of episodic diversifying selection under any
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of the six possible detection criteria: (+S+MH, BUSTED,
+S, +MH, Averaged, Best). These alignments (e.g,
RCOR1), tended to be shorter compared to the alignments
with some selection signal (median 427 codons vs. median
599 codons, P < 1076, Wilcoxson test), have lower overall
divergence (median tree length, 1.04 vs. 1.27, P < 107'9),
and have a smaller fraction of datasets where a model
with support for 2H or 3H (odds ratio 0.6, P < 107",
Fisher exact test).

Selection detected by every method (111111). A total of 515
datasets supported EDS with every detection approach
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Table 5. Examples of Patterns of Agreement and Disagreement of Different Approaches to Detecting EDS on the Enard et al. Dataset, Sorted from Most

to Least Common.

Gene S L AIC, +S+MH AAIC, vs. +S+MH P-value for EDS EDS

BUSTED +S +MH +S+MH  BUSTED +S +MH Averaged Pattern Best Count
RCOR1 429 1.00 10,966.0 116.3 —4.0 120.1 0.5000 0.5000 0.5000 0.5000 0.5000 (000000) * 6396
PDIK1L 341  0.47 6,374.4 23.0 —4.1 27.1 0.0080 0.0038 0.0035 0.0118 0.0041 (111111) +S 489
TIMM50 439 1.38 12,513.2 102.1 —3.6 124.0 0.0008 0.0000 0.0004 0.5000 0.0005 (111011) +S 297
CDC123 336 0.93 9,464.4 59.0 -3.9 632 0.1573 0.0575 0.0244 0.5000 0.0409 (001011) +S 268
ODF1 250 1.56 7,735.3 108.7 —4.7 111.1 0.5000 0.5000 0.0187 0.5000 0.0609 (001001) +S 202
ADAMTS1 967 1.44 33,306.6 301.0 —4.0 305.0 0.0443 0.0798 0.0464 0.1532 0.0462 (101011) +S 125
SDC1 310 1.94 12,722.5 166.9 0.8 162.5 0.0697 0.0000 0.0010 0.1243 0.0419 (****10) * 7
SF3B6 125 0.64 2,646.7 —6.6 —-4.9 —3.7 03904 0.0070 0.0060 0.1240 0.0308 (011011) BUSTED 6
DRC7 868 2.66 30,617.4 298.5 3.2 3008 0.0169 0.2034 0.1472 0.5000 0.0390 (100011) +S+MH 2
ELP2 886 1.18 27,640.2 204.8 1.8 207.2 0.0240 0.1074 0.0184 0.2524 0.0224 (101011) +S+MH 3

Note.—There are 24 sequences in each alignment. Gene — gene name, S - the number of codons, L - total tree length in expected substitutions/nucleotide, measured under the
BUSTED+S+MH model. AIC, S+MH - small sample AIC score for the BUSTED+S+MH model (shown in boldface if this model is the best fit for the data, i.e., has the lowest AIC,
score), AAIC, - differences between the AIC, score for the corresponding model and the BUSTED+S+MH. P-value for ESD: the likelihood ratio test P-value for EDS under the
corresponding model (4 digits of precision); shown in boldface if <0.05. Averaged - the model-averaged P-value for ESD (bolded if f < 0.05. Pattern - a bit vector of whether or
not the EDS was detected at P < 0.05 with each of the six models: (+S+MH, BUSTED, +S, +MH, Averaged, Best); * denotes a wildcard (0 or 1). Best, best-fitting model (AIC,),

with * used to denote “any model.” Count - the number of datasets matching this detection pattern, and the specified best-fitting model.

(e.g, PDIK1L), For 489 of those, +S was the best-fitting
model, and for the remaining 26—+S+MH was the best-
fitting model, with longer and more divergent alignments
falling into the second bin (+S+MH model), with
Wilcoxson P-values of <0.02. Compared to datasets where
only some of the methods detected EDS (not consensus),
the consensus collection had a larger estimated EDS effect
size, approximated by the ,/wsp; (scaled weight assigned
to the positive selection regime), median 0.0133 versus
0.0024 (Wilcoxson P =0.001).

Selection detected by all but one model. These datasets are
“near-consensus” in that all but one of the individual mod-
els (e.g, +MH for the (111011) pattern), including the best-
fitting model and the model-averaged P-value, support
EDS (e.g., TIMM50). There are 428 alignments in this buck-
et, including 401 for which +S is the best-fitting model,
25 — +S+MH, and 2 — BUSTED. The most common “out-
lier” model was +MH (321), followed +S+MH (103), and
2 each for BUSTED and +S.

The best model drives EDS selection detection. CDC123 is a
prototypical example, where +S is the best model, is the
only model that shows evidence of EDS, yet is sufficient
for both the Best model and the Averaged model criteria
to also indicate EDS. Of the 268 alignments in this group,
EDS detection was driven by the +S model for all but two
datasets, where the +S+MH model drove detection (DRC7,
for example). For all 266 datasets with +S as the best-fitting
model, +S+MH was the second-best model, receiving a
median Akaike weight of only 0.046, that is, making it ir-
relevant for model-averaged P-value calculations.

+S and +S+MH models both detect EDS. For genes like
ADAMTS1and ELP2, +S and +S+MH are the two credible
models, that both detect EDS, together with the Best and
Averaged approaches. There are 125 of such datasets for

which +S is the best-fitting model, and 3 with +S+MH as
the best-fitting model.

The best model drives EDS selection detection, but model
averaging disagrees. The first class of datasets where im-
portant disagreement occurs, are those where EDS is de-
tected with the best-fitting model but not detected with
the model-averaged approach. ODF1 is an example: the
best-fitting model (+S) supports EDS with P =0.0187,
but the second-best model (+S+MH), finds no evidence
EDS (P = 0.5). Model-averaging takes both of those indica-
tions into account and arrives at a nonsignificant P-value
of 0.06. There are 524 datasets in this bucket, and for all
but 9 of those, +S is the best model, and +S+MH is second
best and plays the role of spoiler. Median MLEs for MH
rates were higher in the datasets than where +S and +S
+MH disagreed (only +S supports EDS), compared to
where they agreed (both models support EDS: 0.03 vs.
0.0, P< 1070 for §; 0.03 vs. 0.05, P < 107" for ). The
models also had significantly different (P < 107'°) esti-
mates for w;, with median differences w?® — oM of
24.7 (EDS only for +S) versus 0.01 (EDS in both). These pat-
terns are consistent with false positive EDS detection by
the +S model as seen on simulated data.

Model averaging finds EDS, but the best-fitting model
disagrees. There are only seven datasets (e.g, SDC1), in
this counter-intuitive class of an important disagreement.
For these types of datasets, the best-fitting model has a
borderline significant P-value, the second best-fitting mod-
el has a highly significant P-value (and is very close in terms
of AIC,), and the model-averaging approach arrives at a sig-
nificant P-value.

The Effect of EDS Detection Strategies Under Muptiple
Testing Correction. Depending on the specific type of ana-
lysis, large-scale screens of genes for a specific feature (e.g,
EDS) often require some form of multiple-testing
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correction. Such correction can be directly applied to
P-values from of the EDS detection methods we described
above. For example, table 6 shows the rates of EDS detec-
tion for all 6 methods considered here using raw P-values
(P < 0.05) and also false-discovery rate corrected g-values
(Benjamini-Hochberg FDR, g < 0.2). For models without
MH (BUSTED, +S), the effect of FDR correction is effective-
ly nil, at least for these thresholds, whereas for models with
MH (+MH, +MH+S), performing FDR dramatically reduces
already low detection rates by about 3-fold. Encouragingly,
the model-averaged approach is much less affected by the
FDR correction, with the detection rate dropping from
19.3% to 15.5%.

Heuristic Measures of the Extent of EDS Support
Regardless of the model or levels of model agreement, a
median of only ~3 sites per alignment contributed the ma-
jority of statistical signal for EDS, and ~20-30 individual
(branch, site) pairs showed empirical Bayes evidence of
EDS support (supplementary table S3, Supplementary
Material online). Mean estimates for mixture model pro-
portions for the category w > 1 directly estimated by ML
are in the 0.5-2% range (results not shown). This observa-
tion brings into focus that EDS detection is frequently
based on substitution patterns in a small subset of sites
and branches, and could be influenced by alignment errors,
genome assembly, or other abiological processes, especially
in high throughput screens of automatically generated
alignments. For ~5-10% of EDS detections, most of the
statistical support comes from a single site. Recalling the
HIV-1 vif example, where masking a single codon can com-
pletely ablate statistical support for EDS, more careful in-
spection of alignments for individual substitutions whose
presence/absence determines EDS detection is advisable.
One straightforward, but computationally expensive op-
tion is to perform alignment-level nonparametric boot-
strap or jack-knife resampling to investigate the stability
of w3, p3 and other rate estimates. Another is to simply
look for outlier datasets, like those mimicking HIV-1 vif;
we identified 172 datasets where +S detected EDS with a
single site as the primary source of support, but +S+MH
did not, and neither did model-averaging.

Additional Empirical-driven Simulations
We randomly selected two sets of 500 alignments from the
Enard et al. (2016) collection (Null and Power), and used

Table 6. EDS Detection Rates With and Without Multiple-testing
Correction.

Method P <0.05 q9<0.20
BUSTED 0.284 0.2985
+S 0.264 0.272
+MH 0.0838 0.0271
+S+MH 0.0998 0.0348
Best model 0.246 0.244
Model averaged 0.193 0.155
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model parameter estimates obtained under the +S+MH
model to generate 5 synthetic replicates per alignment,
yielding a total of 5,000 simulated datasets mimicking
real data in terms of base compositions, tree shapes and
branch lengths, and rate estimates. For the Null collection,
we set w3 = 1, thereby enforcing neutral evolution, while
for the Power collection, we retained the maximum likeli-
hood w3 > 1 estimate. We then fitted the four models and
performed model averaging, focusing on false-positive
rates (Null), and power to detect EDS (Power). The quali-
tative behavior of the models mirrored what we saw with
4-taxon simulations.

1) Unmodeled multiple hit rates yielded higher than
expected false-positive rates for BUSTED and +S,
but not +MH, +S+MH, or model-averaged ap-
proaches, with higher values of ¢ and/or y corre-
sponding to increased rates of false positives,
exceeding 50% for some parameter combinations
(fig. 5).

2) Power to detect selection increases with the effect
size (e.g, as measured by the magnitude of ws, fig.
5). BUSTED and +S models have higher apparent
power for lower ®, but this is confounded with ¢
and  rates (fig. 5). This is especially apparent for da-
tasets with weaker selection (w3 < 4), where the
power of BUSTED and +S models grows significantly
as 0 is increased. While +S+MH exhibits reduced
power compared to +S, using model-averaging res-
cues most of this power. For example, for o > 4,
+S has 52% power, +S+MH—25% power, and
model-averaging—42% power.

Discussion

Evolutionary substitution models that are practically use-
ful and computable must make many simplifying assump-
tions about biological processes. Many, if not most, of
these assumptions are not justifiable on biological
grounds. However, certain classes of inference problems
appear to be quite robust to even severe model misspeci-
fications. Examples include phylogenetic inference (Abadi
et al. 2019), and relative evolutionary rate estimates for in-
dividual sites (Spielman and Kosakovsky Pond 2018).
Other inference problems, including selection detection,
seem to be highly sensitive to modeling assumptions
(Kosakovsky Pond et al. 2011; Venkat et al. 2018). Such sen-
sitivity is not surprising for methods that are tuned to ex-
tract statistical signal from a small subset of branches and
sites in a sequence alignment. In extreme cases, a single
substitution event is sufficient to power selection detec-
tion, as seen in the HIV-1 vif example in this paper and
for human lineage selection detection in Venkat et al.
(2018).

Statistical tests which compare the ® ratio of nonsynon-
ymous and synonymous substitution rates to 1 and inter-
pret significant differences as evidence of nonneutral
evolution are susceptible to confounding processes which
bias @ estimates. We have previously demonstrated that @
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estimates are strongly biased (and resulting in high Type 1
and Type 2 error rates) when the distribution used to
model ® variation across branches and sites is too restrict-
ive (Kosakovsky Pond et al. 2011), and when synonymous
substitution rates are assumed to be constant across sites
in the alignment (Wisotsky et al. 2020). Furthermore, these
confounding processes are not rare, but instead are very
likely present in biological data. Because “the scientist
must be alert to what is importantly wrong” (Box 1976),
and these models are clearly wrong in important ways,
as they misinterpret widespread confounding evolutionary
processes as evidence of selection, continued use of such
models is unsound.

Using simulations and empirical data, our study corro-
borates the conclusions of multiple previous reports
(e.g, Whelan and Goldman 2004; Venkat et al. 2018;
Wisotsky et al. 2020) on the impact that MH has on evo-
lutionary process inference and characterization. Not ac-
counting for instantaneous multinucleotide substitutions
or “hits” (MH) when estimating evolutionary process para-
meters, especially related to natural selection, leads to ser-
ious statistical misbehavior of widely used tests, and biases
rate estimates. Estimates of @ become inflated with stand-
ard codon substitution models when they are used to ana-
lyze data with MH, and progressively more so as the degree
of MH is increased. This bias, in turn, produces uncon-
trolled rates of false positives for positive selection on si-
mulated data for MH parameter values that appear
realistic. These findings add to the already significant
body of literature in this space. This is the first study, how-
ever, to demonstrate how to model MH and synonymous
site-to-site rate variation (SRV) jointly, and that MH re-
mains an important factor even if SRV is accounted for.

In a large-scale empirical analysis of mammalian genes
(Enard et al. 2016) we found that ~10% of alignments
are best fit with models supporting MH, and that roughly
80% of positively selected genes are robustly detected even
when accounting for MH using a model-averaging proced-
ure. Consequently, confounding due to MH can be viewed
as a “second-order” effect, compared, for example, to the
inclusion of synonymous site-to-site rate variation (SRV),
which impacts the vast majority of genes. However, we ar-
gue that even second-order effects are sufficiently import-
ant to be considered in routine analyses of selection. Our
practical recommendation, supported by simulated data
and empirical analyses, is to fit multiple flavors of selection
models followed up by model-averaged selection detec-
tion to obtain a good tradeoff between power and false-
positive rate control. We also developed a series of visual
tools to assist researchers in interpreting selection analysis
results, exploring which branches and sites in the align-
ment provide support for various evolutionary processes
(selection and/or MH), and understanding how much a
positive selection result is influenced by information
from a small number of sites.

There are other forms of potential model violation that
we did not address here, which could also bias tests of EDS.
For example, MNMs are known to be enriched for

transversions, which tend to be nonsynonymous, and fail-
ure to incorporate this bias has been shown previously to
inflate false positive rates of EDS tests Venkat et al.
(2018). Other potentially important forms of complexity
are heterogeneity in preference among amino acids and
heterogeneity among pairs, for example, De Maio et al.
(2013), Dunn et al. (2019), as well as among-site differences
in these factors (e.g, Bloom 2014). These approaches
broadly fall into the category of models where the ® ratio
depends of the aminoacids being exchanged (Kosiol et al.
2007; Delport, Scheffler, Botha, et al. 2010; De Maio et al.
2013). The key issue for implementing such models is se-
lecting a biologically or empirically justified parameteriza-
tion, which remains an open problem because it is
relatively trivial to improve the goodness-of-fit over the
baseline model (Delport, Scheffler, Gravenor, et al. 2010),
and such improvement should not be viewed as prima facie
evidence of biological significance. We also do not directly
model multiple hits which span codon boundaries (Whelan
and Goldman 2004), thereby breaking up the assumption
of codon-level independence of sites and increasing model
and computational complexity dramatically. Further re-
search is necessary to incorporate these and other kinds
of complexity into tractable Markov models and/or evalu-
ate their effects on EDS analyses.

Another important consideration that we do not ad-
dress here is data and alignment quality, both of which
are known to affect the results of comparative selection
analyses (e.g, Spielman et al. 2014). Sensitive methods,
such as BUSTED, can be influenced by data from just a
few codons, as illustrated by the HIV-1 vif example. Post
hoc analysis exploration tools we develop here (heatmaps
of EBFs, site-level likelihood ratio contributions) give users
some tools with which to investigate the robustness of in-
ference and the influence of local data features on their re-
sults. Ultimately, however, the issues of alignment
generation and data quality assurance are challenging
and recalcitrant issues, outside the scope of our study.

A plethora of studies (Whelan and Goldman 2004;
Kosiol et al. 2007; De Maio et al. 2013; Venkat et al. 2018;
Cohen et al. 2021; Hensley et al. 2021; Lucaci et al. 2021;
Maclean et al. 2021; Freitas and Nery 2022; Steward et al.
2022) suggest that MH occurs broadly over diverse taxo-
nomic groups. We expect that future research with an
interdisciplinary design combining computational and
experimentally-informed approaches may shed light on
the application of our method(s) and the patterns and pro-
cesses underlying the contribution of MH to gene evolu-
tion. Creative investigation may help discover additional
mechanisms and interpretations of the biological under-
pinnings of the mutational spectrum as it applies to rare
mutations in natural populations. Additionally, we see a
strong tailwind in this field as technological improvements
for functional studies designed with the precise manipula-
tion of DNA (Wang et al. 2020) including CRISPR-Cas9, and
detection of MH polymorphisms (Huang 2014) continue to
emerge, draw interest, and be fine-tuned. Downstream in-
novations and technological design are critical in the
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detection of natural selection, where models such as ours
can be of particular interest to researchers interested in
gene-drug target design for particular fitness effects.
Additionally, our work supports an emerging body of infor-
mation on the underlying trends, biological mechanisms,
and genetic signaling pathways under selective pressure.
These results can feed directly into a number of post hoc
analyses to qualify or quantify an exploratory genetic pro-
file and evolutionary history across lineages.

Methods

Statistical Methodology

We adapted two existing models: the BUSTED model, a
test of EDS, by Murrell et al. (2015), and the +S model
by Wisotsky et al. (2020), which was created as a modifica-
tion of the BUSTED model, to account for the presence of
synonymous rate variation (SRV). The +S+MH model is a
straightforward extension of +S which allows it to account
for instantaneous multiple nucleotide changes occurring
within a codon (MH) and SRV, while the BUSTED+MH
model is an extension of the BUSTED model where SRV

Type Expression for Q;
1 step synonymous change a‘@;jﬂf

1 step nonsynonymous change a‘w"‘@,-,-fr}’-’

2 step synonymous change do’ ]_[3,=1 (9,’1'711"

2 step nonsynonymous change oot o’ ]_[ﬁ:1 6‘:71-1"
po Hi=1 9:';’”;"

voso [T, O

3 step synonymous change

3 step nonsynonymous change

is not modeled (table 1). In this framework, the nucleotide
substitution process is described using the standard
discrete-state continuous-time Markov process approach
of Muse and Gaut (1994), with entries in the instantaneous
rate matrix (Q) corresponding to substitutions between
sense codons i and j and defined as follows:

Here, 0;( = 6};) denote nucleotide substitution bias para-
meters. For example, Oacracr = Oc and because we incorp-
orate the standard nucleotide general time-reversible (GTR)
(Tavaré and Miura 1986) model there are five identifiable &;
parameters: Oac, Oat, Occ, Ocr, and Ogr with Gac = 1. The
position-specific equilibrium frequency of the target nu-
cleotide of a substitution is nf; for example, it is 72 for the
second-position change associated with gacracr. The 7
and the stationary frequencies of codons under this model
are estimated using the CF3x4 procedure (Pond et al. 2010),
adding nine parameters to the model. The ratio of nonsy-
nonymous to synonymous substitution rates for site s along
branch b is ”, and this ratio is modeled using a 3-bin gen-
eral discrete distribution (GDD) with five estimated hyper-
parameters: 0 < w; <, <1< w5, pr =P =w,),
and p, =P(w” =w,). The procedure for -efficient
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computation of the phylogenetic likelihood function for
these models was described in Kosakovsky Pond et al.
(2011).

The quantity o is a site-specific synonymous substitu-
tion rate (no branch-to-branch variation is modeled)
drawn from a separate 3-bin GDD. The mean of this distri-
bution is constrained to one to maintain statistical
identifiability, resulting in four estimated hyperpara-
meters: 0<coy <ay=c<cas3, fi=Pl@=a;), and
f» = P(e® = o), with ¢ chosen to ensure that E[o,] = 1.

The key parameters are global relative rates of multiple-
hit substitutions: ¢ is the rate for two substitutions relative
to the one substitution synonymous rate (baseline), v is
the relative rate for nonsynonymous three substitutions.
All parameters, except T, including branch lengths, are fit-
ted using a directly optimized phylogenetic likelihood in
HyPhy.

Parameter values of 6, y are not directly biologically inter-
pretable, because the corresponding g;; rate matrix terms are
additionally multiplied by nucleotide rate parameters and
frequency terms. However, relative contributions of two-
and three-hit components to the expected number of sub-
stitutions per site per unit time can be measured using the
relative branch length quantity, discussed in De Maio et al.
(2013). Specifically, the standard branch length for Markov
models of evolution is defined as B(-) = Zi# qjj X mj, where
(-) indicates dependence on estimable model parameters, i,
enumerate sense codons, and 7; are target codon equilib-
rium frequencies. We define Boy(-) = D_ . 54i)=2 Gif X s
Bsy(:) = Zi#j.«i(i,j)=3 qj X mj, where sums are taken over
only those codons that differ at 2 (or 3) nucleotide positions,
and use those to estimate the fractions of total branch
lengths attributable to 2H as B,;/B and to 3H as Bsy/B.
B, Byy, and B3y are polynomial expressions in terms of esti-
mated model parameters (z, 8, w, etc). An example of
how 2H and 3H substitution fractions behave for some fixed
values of other model parameters for 4-taxon simulation
trees are shown in supplementary fig. S3, Supplementary
Material online. These quantities are biologically meaningful
and comparable with literature estimates for similar
MNM-aware studies, for example, Schrider et al. (2011), De
Maio et al. (2013).

Typical implementations, including ours, allow the
number of a and ® rate categories to be separately ad-
justed by the user, for example, to minimize cAlC or to op-
timize some other measure of model fit. The default
setting of three categories generally provides a good bal-
ance between fit and performance when using this GDD
approach for modeling. Our implementation of +S+MH,
and BUSTED+MH will warn the user if there is evidence
of model overfitting, such as the appearance of rate cat-
egories with very similar estimated rate values or very
low frequencies.

A notable limiting assumption of the model, made for
computational tractability, is that MH substitutions span-
ning codon boundaries, for example, a substitution in the
third position in a codon coupled with a substitution in
the first position of the subsequent codon, are not
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accounted for. Doing so in a systematic fashion breaks the
assumption of site independence, making computation
largely intractable. One approximate solution is a mean-
field type approximation (Whelan and Goldman 2004),
but even this approach is computationally quite expensive.
Not accounting for “codon-spanning” multiple hits is a
conservative approach, since it will miss a subset of MH
substitutions, treating them instead as several single-
nucleotide substitutions occurring independently.

The +S+MH procedure for identifying positive selection
is the likelihood ratio test comparing the full model de-
scribed above to the constrained model formed when
w3 is set equal to 1 (i.e, no positively selected sites).
Critical values of the test are derived from a 50:50 mixture
distribution of x5 and 5 (Murrell et al. 2015; Wisotsky et al.
2020). Both +S and +S+MH analyses in the current work
use the same 50:50 mixture test statistic. +S+MH reduces
to +S by setting the MH rates to 0. The method is imple-
mented as a part of HyPhy (version 2.5.42 or later)
(Kosakovsky Pond et al. 2020).

Empirical Data and Alignments

The Enard et al. (2016) data collection includes 9,861
orthologous coding sequence alignments of 24 mamma-
lian species and is available at https://datadryad.org/
stash/dataset/doi:10.5061/dryad.fs756. Phylogenetic trees
were inferred for each alignment using RAXML (Kozlov
et al. 2019).

Synthetic Data
Simulated datasets can be downloaded from https://data.
hyphy.org/web/busteds-mh/. Additional information is
present in the README.md file for this repository, includ-
ing details of how to generate alignments under the +S and
+S+MH models.

All 4-taxon alignments were generated were 800 codons
long, used equal (0.25) positional nucleotide frequencies
to parameterize the equilibrium codon distribution, and
nucleotide bias parameters corresponding to the HKY85
model with the transition/transversion ratio of x = 2.

Implementation

All analyses were performed in HyPhy version 2.5.42 or la-
ter. The BUSTED+MH and +S+MH models are implemen-
ted as part of the standard HyPhy library. You can run this
option using the “—multiple-hits” option from the com-
mand line with either “Double” to consider DH substitu-
tions or “Double+Triple” to consider DH and TH
substitutions. The HyPhy Batch Language (HBL) imple-
mentation is located in a dedicated GitHub repository at
https://github.com/veg/hyphy

Site-level Support

In order to identify which individual sites show preference
for MH models, we use evidence ratios (ER), defined as the
ratio of site likelihoods under two models being compared.
We previously showed that ERs are useful for identifying

the sites driving support for one model over another,
and they incur trivial additional overhead to compute
once model fits have been performed.

Empirical Bayes Support

We can estimate statistical support for selection (w; > 1)
or multiple-hit substitutions (6 >0 or w>0) at a
particular site (s) and branch (b), using a
straightforward empirical Bayes calculation. For example,
P(®% > 1|D5) = P(Ds|w?* > 1) X P(0%* > 1)/P(D;), where
P(D;) is the standard phylogenetic likelihood of Dj
(summed over all ® combinations), P(Dslwg’S > 1) is the
phylogenetic likelihood at site s, computed by setting
the distribution of ® at branch b to assign all weight to
w3 > 1, and P(wgJS > 1) is the mixture weight estimated
from the entire alignment (MLE for the corresponding hy-
perparameter). The corresponding empirical Bayes factor

. P(w8>1|D;)/(1-P(%>1|D;))
(EBF) is P> 1)/ (=Pl > 1)

et al. (2012), these empirical estimates are quite noisy
and should only be used for exploratory purposes, for ex-
ample, to look for “hot-spots” in a tree (cf. fig. 1).

. As discussed in Murrell

Hypothesis Testing

Nested models are compared using likelihood ratio tests
with asymptotic distribution used to assess significance.
A conservative y5 asymptotic distribution is used to com-
pare the fit of +S and +S+MH (null hypothesis: d = w = 0).

Computational Complexity

Treating BUSTED as a baseline, we expect the +S model to
require about a relative XL (L = number of synonymous
rate classes) more time per likelihood calculation and long-
er convergence time due to an extra random effects distri-
bution. Because +MH models have dense rate matrices,
there is a computational cost incurred for computing tran-
sition matrices since optimizations available for standard
(sparse) matrices no longer apply. +S+MH models are ex-
pected to be the slowest, but have the same order of com-
plexity as +S. On 24-sequence alignments from Enard et al.
(2016), we observed the following performance for each of
the four models (table 7).

BUSTED ModelTesting

We recommend our BUSTED model testing and
averaging procedure (see main text) in order to select

Table 7. Model Run Times for the Enard Dataset.

Model Median (s) Mean (s) Relative
BUSTED 50 60 -
+S 174 219.1 33
+MH 279 379.1 6.1
+S+MH 1,405 1,788.5 28.6

Note.—Run times on 4 cores on an AMD EPYC 7702 CPU compute node are
shown. Relative: median of the relative run times on the same dataset compared
to BUSTED.
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the best-fitting model, to interpret the results of natural
selection acting on your gene of interest. Our goal is to
understand which underlying model and its parameters
are able to detect the areas of the dataset which drive
the greatest degree of evolutionary signals. We screen
the dataset for EDS acting on the whole gene while ac-
counting for SRV across the alignment, and MH
substitutions.

Analysis is conducted as a series of experiments in the
BUSTED framework of selection analysis with our methods
under analysis in the hierarchical structure described in ta-
ble 1and includes BUSTED, +S, BUSTED+MH, and +S+MH.

We implement a Snakemake (Molder et al. 2021) ver-
sion of our model testing procedure, available at https://
github.com/veg/BUSTED ModelTest. This application
takes the same input as a normal BUSTED analysis, a mul-
tiple sequence alignment and inferred phylogenetic, and
returns JavaScript Object Notation (JSON) files (one for
each model described above).

We recommend performing model averaging to deter-
mine whether or not an alignment is subject to EDS.
Alternative approaches could include selecting the best-
fitting model, or model consensus, however, as shown by
our simulations, these approaches are less statistically effi-
cient (lower power and/or higher rate of false positives).

Supplementary Material

Supplementary data are available at Molecular Biology and
Evolution online.
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