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Abstract: Despite the long history of using protein sequences to infer the tree of life the potential for 

different parts of protein structures to retain historical signal remains unclear. We propose that it 

might be possible to improve analyses of phylogenomic datasets by incorporating information 

about protein structure; we test this idea using the position of the root of Metazoa (animals) as a 

model system. We examined the distribution of “strongly decisive” sites (alignment positions that 

support a specific tree topology) in a dataset comprising >1,500 proteins and almost 100 taxa. The 

proportion of each class of strongly decisive sites in different structural environments was very sen-

sitive to the model used to analyze the data when a limited number of taxa were used but they were 

stable when taxa were added. As long as enough taxa were analyzed, sites in all structural environ-

ments supported the same topology (ctenophores sister to other animals) regardless of whether 

standard tree searches or decisive sites were used to select the optimal tree. However, the use of 

decisive sites revealed a difference between the support for minority topologies for sites in different 

structural environments; buried sites and sites in sheet and coil environments exhibited equal sup-

port for the minority topologies whereas solvent exposed and helix sites had unequal numbers of 

sites supporting the minority topologies. Given the plausible trees equal support for minority to-

pologies is consistent with discordance among gene trees, making it possible the relatively slowly 

evolving buried (and sheet and coil) sites are giving an accurate picture of the true species tree as 

well as the amount of conflict among gene trees. Alternatively, the apparent support could reflect 

currently uncharacterized processes of molecular evolution. Regardless, it is clear that analyses of 

the deepest branches in the animal tree of life using sites in different structural environments are 

associated with a subtle data type effect that results in distinct phylogenetic signals. 
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1. Introduction 

The relationship between protein structure and the patterns of sequence evolution 

has been a topic of interest since the very dawn of molecular evolution as a field [1,2] and, 

despite the very limited amount of data available at the time of those early studies, many 

of those early hypotheses have stood the test of time (reviewed by Alvarez-Ponce [3]). Our 

understanding of the factors that determines rates of amino acid change have certainly 

expanded since those pioneering studies [4,5] but two important constants have been the 

idea that the buried residues in globular proteins evolve more slowly [6–8] and are more 

hydrophobic than solvent exposed residues [8,9]. Likewise, relative amino acid exchange-

abilities also differ among structural environments [7,10,11]. However, the relationship 
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between protein structure and phylogenetic signal is less clear. Pandey and Braun [12] 

found that the position of the metazoan root differed in estimates of phylogeny generated 

by analyzing the buried vs. solvent exposed sites in a large (231 protein) data matrix. This 

is an example of a “data-type effect” [13,14], which are cases where different subsets of 

the genome yield different trees with relatively high support. In the case of Pandey and 

Braun [12] the data types are sites encoding amino acids in distinct protein structural en-

vironments and analyses of those sites yield different topologies for the metazoan tree. 

Data type effects can be explained in two different ways [13]. First, at least one data 

type has a poor fit to the model(s) used for phylogenetic analyses, with that poor fit re-

sulting in an incorrect estimate of phylogeny due to model misspecification. Second, the 

data types might be associated with different underlying tree(s). If the data types are sites 

located in different structural environments but selected from many genes they would be  

expected to reflect the same tree (more accurately, the data types would be expected to 

reflect the same mixture of gene trees, since the underlying gene trees for different loci are 

likely to differ due to processes like incomplete lineage sorting [ILS]; see Pamilo and Nei 

[15] and Edwards [16] for details). Thus, we can exclude the second possibility for protein 

structure data types and focus on the issue of model fit. Pandey and Braun [12] used early 

metazoan phylogeny, a phylogenetic question that has received extensive study in the 

phylogenomic era [17–32], as a model system to explore the relationship between phylo-

genetic signal and protein structure. The signal examined in that study was the position 

of the metazoan root, for which there are three plausible positions. First, the root could lie 

between the sponges (Porifera) and all other extant animals (T1 in Figure 1); this is the 

“traditional” position of the root [33]. Although some phylogenomic studies have sup-

ported T1, many other studies have placed the metazoan root between ctenophores (Cte-

nophora) (T2 in Figure 1). The third possible tree for these taxa (T3 in Figure 1) is arguably 

the least plausible, although it also been recovered in some phylogenetic analyses 

[22,24,31] (recovery of T3 is usually limited to a subset of analyses in the phylogenomic 

studies). Pandey and Braun [12] found that analyses of solvent exposed sites support T2 

and that most analyses of buried sites using “standard models” (e.g., the LG model [34] 

or the 20-state version of the Tavaré [35] general time reversible [GTR] model) yield T3. 

This result indicates that protein structure can have a direct influence on the results of 

phylogenetic analyses, at least for some parts of the tree of life. 

 

Figure 1. The three plausible topologies for basal Metazoa. The focal taxa are Porifera (sponges), 

Ctenophora (ctenophores or “comb jellies”), and all other Metazoa. “Other Metazoa” is a clade 

called Parahoxozoa [36] that comprises Cnidaria (jellyfish, corals, and sea anemones), Placozoa (a 

phylum of “flat animals” that comprises at least three genera [37]), and Bilateria (all other animal 

phyla). Animal silhouettes are from http://phylopic.org. 
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Analyses of sites in both structural environments conducted after recoding amino 

acids using several different methods yield T2 [12]. Amino acid recoding involves con-

verting the 20-state data into a reduced alphabet by lumping physicochemically-similar 

amino acids (e.g., into the six categories proposed by Dayhoff et al. [38]) or reverse trans-

lating into nucleotides and coding as purines or pyrimidines. Both approaches are in-

tended to reduce misleading signal due to variation among taxa in amino acid frequencies 

[39]; if compositional variation is the primary source of biased signal then it is reasonable 

to conclude that analyses of buried sites are misleading. However, the use of amino acid 

recoding is somewhat unsatisfying as an analytical approach; ideally, one would use a 

more “biologically-realistic” model of amino acid evolution.  

Models of sequence evolution that incorporate site-specific state frequencies, the de-

velopment of which can be traced to the framework proposed by Bruno [40] and Halpern 

and Bruno [41] used to calculate evolutionary distances, have been used to add such bio-

logical realism to models of sequence evolution. The Halpern-Bruno framework com-

bined patterns of selection on specific sites in proteins with population genetics to show 

that there is a direct relationship between the frequencies of amino acids at individual 

sites and the strength of selection on amino acids, making it possible to convert parameter 

estimates to estimates of scaled selection coefficients (at least under the special situation 

where mutation rates are sufficiently low for each new mutation be fixed or lost before 

the next mutation). Although that condition may not be met in real populations, labora-

tory deep mutagenesis studies have provided experimental evidence consistent with site 

specific fitness differences among sites [42–45]. The evidence that the basic Halpern-Bruno 

framework successfully reconciles protein structure and biophysics with population ge-

netics has led to the development of models suitable for phylogenetic analyses. Examples 

of these “Halpern-Bruno-type” models (if they are defined broadly) include the CAT [46] 

model, which can be used in the Bayesian framework, and the CAT-like model of Le et al. 

[47] (called “LGL mixtures” by Pandey and Braun [12] ), which can be used in either a 

Bayesian or a maximum likelihood (ML) framework. The CAT model appears to reduce 

phylogenetic artefacts such as long-branch attraction [48] and it seems reasonable to pos-

tulate that similar models (like the LGL mixtures) will exhibit similar behaviors.  

The biological realism of those models is desirable, but memory and compute time 

requirements can become prohibitive for the CAT model (and related models) as the num-

ber of mixture classes (sets of equilibrium amino acid frequencies) increases. This can 

make the CAT model intractable for analysis of phylogenomic data sets, even when par-

allel or multicore implementations are used [49,50]. In general, memory and compute time 

requirements increase as a multiple of k (the number of mixture classes) for CAT. Wang 

et al. [50] (2018) proposed the posterior mean site frequency (PMSF) method, improving 

this to a multiple of ~k/1.5 and using substantially less RAM. PMSF assigns a conditional 

mean amino acid frequency profile to each site using a preliminary guide tree; those pro-

files can then be used for in-depth tree searching and per site likelihood calculation in 

place of the full mixture model. Despite this improvement, PMSF is still computationally 

burdensome and therefore remains difficult to use in analyses of taxon-rich phylogenomic 

datasets. Nevertheless, the PMSF approach would appear to provide a way to add biolog-

ical realism and ameliorate data type effects due to protein structure. 

An alternative to the use of complex and realistic models of sequence evolution, with 

their associated computational burden, has been recognized for more than a decade: add-

ing taxa to phylogenetic analyses [51,52]. Including large numbers of taxa in phylogenetic 

analyses almost always improves the accuracy of those analyses [53–56], with only a small 

number of exceptions [57]. The positive effects of adding taxa to phylogenies have often 

been attributed to the breaking up of long branches; thus, one major impact of adding taxa 

is expected to be a reduced likelihood of long-branch attraction [58,59]. Adding taxa can 

also improve phylogenetic analyses by improving parameter estimates in model-based 

analyses [60,61]. However, it is important to recognize that the original taxon-sampling 

results [51,52] were obtained for analyses using the parsimony criterion, which has been 
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criticized as unrealistic [62,63]. However, when viewed another way, the ability of in-

creased taxon sampling to improve phylogenetic estimation using the “unrealistic” parsi-

mony criterion could be viewed as a positive: it suggests that analyses of a taxon-rich 

dataset might yield accurate estimates of phylogeny even if less “realistic” models (like 

the site-homogeneous LG model [34]) are used for analyses. It is now possible to collect 

large amounts of data from many different taxa, making it possible to generate taxon-rich 

phylogenomic trees. 

For this study we have used early metazoan phylogeny as a model system to examine 

which factor (taxon sampling or model realism) is more important to ameliorate the struc-

tural data type effect noted by Pandey and Braun [12]. Since phylogenetic estimation us-

ing complex models and datasets is a difficult computational problem, even when the 

relatively efficient PMSF method is used, we focused on a metric of phylogenetic signal 

that can be calculated in a rapid manner. Specifically, we used the numbers of strongly 

decisive sites supporting each of the three plausible topologies for the base of Metazoa (Fig-

ure 1). We define strongly decisive sites in a manner that generalizes the approaches used 

by Kimball et al. [64] and Francis and Canfield [31]; this definition allows us to identify 

sites that strongly favor one tree relative to all other trees in a set of candidate trees. By 

using the strongly decisive sites criterion it was possible to examine protein structure data 

type effects for a taxon-rich data matrix using simple site-homogeneous and complex site-

heterogeneous models. For these analyses we used the Simion et al. [28] dataset, which 

comprises more than 1,500 orthologous proteins sampled from 97 taxa and includes all 

major metazoan clades. We examined the number of strongly decisive sites in the two 

solvent exposure classes (surface residues and buried residues) and in three secondary 

structural classes (helix, sheet, and coil) given different models and numbers of taxa. 

These results allowed us to extend the examination of phylogenetic signal and protein 

structure data types reported by Pandey and Braun [12]. 

2. Methods 

We used the globular proteins in the Simion et al. [28] dataset, subdividing those 

proteins using structural criteria, and conducting ML analyses of each structural compo-

nent individually. We began by identifying and eliminating transmembrane proteins; we 

did this by using the TopCons prediction server [65] to identify a total of 153 transmem-

brane proteins which we excluded to create the “filtered Simion et al. dataset” (hereafter, 

the “FSD”). The FSD comprised 1,566 globular proteins with 356,014 aligned sites and 39% 

missing data. The globular proteins were then subdivided using either relative solvent 

accessibility (RSA) or secondary structure (SS) as described by Pandey and Braun [11,12]. 

Briefly, the protein subdivision pipeline (available from (https://github.com/aakank-

sha12/Structural_class_assignment_pipeline) used SCRATCH-1D [66], a suite of neural 

network programs for protein structure prediction (ACCpro for RSA and SSpro for SS). A 

weighted consensus sequence for each protein was used as input for ACCpro and SSpro; 

the consensus amino acid at each position was the residue with the highest Henikoff and 

Henikoff [67] weight. This pipeline creates a nexus file [68] for each multiple sequence 

alignment with a sets block that has charsets for the two RSA classes (Exposed and Buried) 

and the three SS based classes (Helix, Sheet and Coil). These sets blocks allowed us to use 

PAUP* 4.0b10 [69] to extract each subset of the data. The annotated nexus files are availa-

ble in Supplementary File S1. 

The FSD included 97 taxa: 25 Choanozoa outgroups, 12 Ctenophora, 25 Porifera), and 

33 additional metazoans (23 Cnidaria, nine Bilateria, and the placozoan Trichoplax ad-

haerens). To examine the effects of taxon sampling on tree searches and proportions of 

strongly decisive sites, we randomly sampled 40 combinations of taxa that included one 

sponge, one ctenophore, one cnidarian, six outgroups, and all sampled bilateria (yielding 

data matrices with a total of 19 taxa). We then added taxa to these sparse taxon samples 

in a manner that is often used by systematists: by adding relatively distant relatives of the 

taxa that are already included in the data matrix. This strategy will subdivide long 
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branches as much as possible. Specifically, we took each 19-taxon dataset and added four 

sponges (one from each class), two ctenophores, and two cnidarians (one from each sub-

phylum), yielding 27-taxon datasets. This procedure was repeated three additional times, 

generating 35, 43, and 51 taxon extensions of each of the 40 19-taxon datasets. 

The number of decisive sites (sensu Kimball et al. [64]) favoring each topology is likely 

to provide a useful criterion to examine different topologies. Because this manuscript has 

an interdisciplinary target audience, we will provide a brief description of the likelihood 

calculations; interested readers are referred to reviews on the topic (e.g., chapter 8 of 

Warnow [70]) for additional details. Briefly, the likelihood is proportional to the probabil-

ity of the data (the site patterns in the alignment) given the tree with branch lengths. If we 

consider the simplest alignment (two sequences) we can use equation 1 to calculate the 

probability that a site will be occupied by amino acid j after time t given that the initial 

state is amino acid i: 

P(t) = exp(Qt), (1) 

Where P(t) is a matrix of probabilities that the site is occupied by amino acid j after time t 

given that the initial state is amino acid i, Q is the instantaneous rate matrix, and t is the 

time (the branch length in units in units of substitutions per site; other units would require 

information about the substitution rate). Most models of sequence evolution used in em-

pirical studies are time reversible; time reversibility makes it possible to write Q as the 

product of a symmetric matrix of amino acid exchangeabilities and diagonal matrix (Π) 

with the equilibrium frequencies of each amino acid [71,72]. The Felsenstein [73] pruning 

algorithm can be used to calculate the likelihood of the complete alignment is simply the 

product of the likelihoods of all sites (in practice, the sum of the log likelihoods is used). 

Since trees for multiple taxa will have unknown internal states (i.e., the ancestral states at 

each node) all possible states are used for each node and the marginal likelihood is calcu-

lated. The branch lengths (and any other free parameters in the model) are obtained by 

numerical optimization. Amino acids frequencies are part of the Q matrix, so it is possible 

to calculate likelihoods using the Halpern-Bruno framework either by using a mixture of 

Q matrices (each generated using a different Π matrix and having a specific weight) or by 

assigning a unique Π matrix to each site. In practice, these calculations are performed by 

efficient ML programs, such as RAxML [74] and IQ-TREE [75].  

This review of likelihood calculations makes two points: 1) each site has an associated 

site likelihood; and 2) there is no consideration of flanking sites in the site likelihood calcu-

lations. The first property allows us to define a decisive site as a site favoring a specific 

topology (Ta) relative to one or more other candidate topologies (Tb, Tc, ...) given the like-

lihood criterion. The degree to which site i supports a specific topology can be calculated 

using per site likelihoods (obtained from RAxML or IQ-TREE) using equation 2: 

Δln𝐿𝑖
𝑇a = max(ln𝐿𝑖

𝑇b, ln𝐿𝑖
𝑇c, … ) − ln𝐿𝑖

𝑇a, (1) 

Where ln𝐿𝑖
𝑇  is the likelihood for site i given topology T. Δln𝐿𝑖

𝑇a will be positive for sites 

that favor Ta and negative if one (or more) of the other candidate topologies is favored 

relative to Ta. We examined three candidate topologies for this study, but equation 1 can 

be used for any number of candidate topologies. We designated sites with ΔlnL ≥ 5 stand-

ard deviations from the mean ΔlnL value as strongly decisive sites. We note that the second 

property is undesirable because it discards information about protein structure. However, 

the fact that we separated the FSD into subsets defined by RSA and SS addresses this issue 

(at least to some degree). 

We used RAxML 8.2.10 for tree searches and site likelihood calculations using sim-

ple, site-homogeneous models. Specifically, we used the 20-state GTR model with Γ-dis-

tributed rates across sites (i.e., GTR20+Γ). The large number of sites in each dataset (larger 

than 160,000 sites for each RSA structural class) led us to estimate GTR20 model parameters 

from subsets of the data. Briefly, we generated 10 random datasets with all 97 taxa and 

10,000 sites from each structural class. Then we used RAxML to conduct a tree search and 
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parameter optimization using a random starting tree for each 10,000-site dataset. The 

GTR20 model parameters (equilibrium amino acid frequencies and the exchangeability 

matrix) estimated for each site subsample were then averaged; these averages were used 

as the GTR20 model parameters for each structural class. These rate matrices are available 

in Supplementary File S1. 

We used IQ-TREE 1.5.1 to estimate per site likelihoods for site-heterogeneous mod-

els. Specifically, we used the PMSF approach with five 25,000 site datasets (sites randomly 

sampled from the complete data matrix). PMSF requires a starting tree with branch length 

estimates to generate the site-specific frequency profiles; we used the RAxML GTR20+Γ 

tree for this. All PMSF analyses used the LG exchangeability matrix. We used six different 

numbers of site categories (i.e., we used LG+C10+PMSF+Γ, LG+C20+PMSF+Γ, and so forth 

up to C60). We chose this sample size based on preliminary tests with the exposed site 

data; those tests revealed that compute time and memory requirements (>150 GB per core) 

became prohibitive for 50,000 site datasets when we used the largest number of profile 

mixture categories (C50 and C60). We repeated the site likelihood calculations using the 

site-homogeneous GTR20+Γ model in IQ-TREE to determine whether the specific imple-

mentation of those models in each program had any impact on our inferences (as might 

occur, for example, if there are differences between RAxML and IQ-TREE in the details of 

the numerical optimization).  

We examined model fit using the sample-size corrected Akaike information criterion 

(AICc) [76]. In most cases, we simply used the AICc value from the ‘.iqtree’ output file. 

However, determining whether RSA or SS subdivision resulted in a better overall fit to 

the data required us to sum the likelihoods for each data subset and then calculate the 

AICc. The branch length estimates for each structural partition were unlinked so we in-

cluded all branch lengths as free parameters in the AICc calculation (i.e., we used two 

times the number of branches for RSA and three times the number of branches for SS). 

3. Results 

3.1. Tree searches and the use of strongly decisive sites lead to similar conclusions 

Because we used the strongly decisive site criterion (i.e., the view that the tree with 

the largest number of strongly decisive sites is the best-corroborated tree) we believed it 

was important to establish that it yields conclusions similar to those for standard tree 

searches. The proportion of strongly decisive sites supporting T2 was much larger than 

the proportions supporting either T1 or T3 when the complete FSD was examined (Table 

1). Tree searches using RAxML resulted in topology T2 with 100% bootstrap support in 

all cases, indicating that using the proportion of decisive sites yields conclusions that are 

similar to those of tree searches. However, some strongly decisive sites supporting T1 and 

T3 were present despite the strong support for T2 in the bootstrap analyses. 

Table 1. Percentages of strongly decisive (SD) sites in the complete FSD. 

Dataset T1 T2 T3 SD sites Total sites 

Exposed 19.3 70.8 9.9 1,420 161,897 

Buried 16.6 66.1 17.3 1,625 194,117 

Helix 19.2 69.3 11.5 1,290 161,117 

Sheet 12.5 71.6 16.9 514 60,563 

Coil 17.7 68 14.3 1,194 134,334 
1 Calculated using the GTR20+Γ model optimized on each subset of the data. 

In sharp contrast to analyses using all taxa, tree searches using the most reduced 

taxon set (40 replicates of 19 taxa subsampled from the FSD dataset; see Methods for de-

tails) resulted in all three topologies. In all cases, analyses using either tree searches or the 

strongly decisive sites criterion indicated T2 was the most common topology (Figure 2). 

However, the number of times each topology was recovered differed between the exposed 
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and buried sites; T3 was more common in the analyses of buried sites, as we expected 

based on Pandey and Braun [12]. These results corroborate the exposed vs buried site data 

type effects hypothesis for the root of Metazoa, although they also indicate that the effect 

is weak. Moreover, we found that the results based on strongly decisive sites were similar 

to those for tree searches, although they did not yield identical results (Figure 2). Specifi-

cally, the strongly decisive sites criterion revealed greater support for T3 than did tree 

searches when datasets with the small taxon samples were analyzed.  

 

Figure 2. The position of the metazoan root based on tree searches and the strongly decisive sites 

criterion. These histograms show the number of times each topology was recovered in tree searches 

using 19-taxon datasets. Each histogram column is subdivided into cases where the decisive sites 

criterion agrees (blue) or disagrees (salmon) with the result of the tree search. There was one exact 

tie in the number of strongly decisive sites supporting T2 and T3; this case is indicated in green. 

Most cases where the tree search and decisive sites differed reflect a shift from T2 to T3. 

The somewhat distinct behavior of using tree searches to identify the ML topology 

and examining the strongly decisive sites emphasizes a potential benefit of the latter 

method: it provides information about the relative support for multiple contradictory to-

pologies. For the 19-taxon datasets, there were more sites that supported T3 than T1, but 

this was obscured because most tree searches returned T2 as the optimal tree. Likewise, 

there were a few tree searches for both site classes that yielded T1 but there was no taxon 

sample for which T1 was optimal given the strongly decisive sites criterion (Figure 2). 

These results emphasize that, in contrast to tree searches, consideration of the strongly 

decisive sites can provide information about the relative support for topologies that are 

suboptimal given the ML criterion. 

In contrast to the results of analysis using the sparse taxon sets, analyses using all 97 

taxa the FSD consistently resulted in a large number of strongly decisive sites supporting 

T2 and nearly equal (but much lower) numbers of sites supporting T1 and T3. One possi-

ble interpretation of strongly decisive sites is that they reflect bipartitions in gene trees 

(for details see Discussion, section 4.1). If true, the simplest expectation is that the number 

of strongly decisive sites supporting the two minority topologies would be equal. We 

tested the null hypothesis of equality for the numbers of strongly decisive sites supporting 

T1 and T3 and we were unable to reject the null hypothesis for buried or sheet residues 

(χ2 for buried = 0.262, χ2 for sheet = 2.22; both P > 0.1). In contrast, the null hypothesis could 

be rejected for exposed and helix residues (χ2 for exposed = 42.6, χ2 for helix = 25.3; both P 

< 10-6); however, the number of strongly decisive sites favored T1 relative to T3 for both 

the exposed and helix sites. The remaining case (coil residues) was not significant after a 

multiple test correction (χ2 for coil = 4.19; P = 0.0407), but it also favored T1 relative to T3. 

Thus, taxon addition appears to cause support, as measured using strongly decisive sites, 

to shift away from T3 toward T2 (the best-supported tree overall) and T1. 
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3.2. Taxon addition leads to rapid convergence in the proportions of strongly decisive sites 

observed using the complete taxon sample 

When we gradually increased the number of taxa from 19, creating datasets that in-

cluded 27, 35, 43 and 51 taxa, the proportion of decisive sites supporting T2 increased for 

all structural subsets. The most dramatic increase in the number of decisive sites support-

ing T2 topology between 19-taxon and 27-taxon sets for all the structurally defined subsets 

of the data (Figure 3 and Supplementary Figure S1). Indeed, when we used the strongly 

decisive sites criterion to analyze the buried sites and sheet residues, we actually observed 

a shift in support from T3 (for the 19-taxon datasets) to T2 (for all other taxon sets). The 

exposed, helix, and coil subsets always supported T2, but the proportion of strongly deci-

sive sites supporting T2 was only slightly greater than the proportion supporting T3. The 

proportion of sites supporting T2 increased sharply as soon as taxa were added. For all 

structural classes, the increase in the number of strongly decisive sites favoring T2 largely 

saturated once we included 35 taxa and remained virtually constant until we reached the 

complete set of 97 taxa. 

 

Figure 3. Taxon addition results in rapid convergence of the numbers of strongly decisive sites on 

the values found using the complete taxon set. The mean percentage of strongly decisive sites sup-

porting each topology for the two subsets of site defined by RSA. Error bars indicate the standard 

deviation for the 40 taxon sampling replicates. We observed similar results for the SS subsets (Sup-

plementary Figure S1). 

3.3. Rich taxon sampling can compensate for low model complexity 

It is generally assumed that less-complex (and, presumably, less biologically realistic) 

models will be more prone to bias than parameter-rich models. This led us to examine the 

impact of increased taxon sampling on the relatively simple site-homogeneous models 

(GTR20) and the site-heterogeneous models (LG+PMSF), comparing 19-taxon datasets to 

those with 97 taxa (in all cases, we used random samples of 25,000 sites). We reduced 

dataset heterogeneity before conducting any analyses by dividing our data into structur-

ally defined subsets. It is possible to determine the best way to subdivide the data by cal-

culating the AICc using the overall dataset likelihoods (i.e., the sums of the likelihoods for 

the two RSA subsets and the three SS subsets). The overall likelihood for subdivision using 

RSA was much better than that for subdivision based on SS (ΔlnL favoring subdivision 

by RSA = 84,985.12); since RSA subdivision actually introduces fewer free parameters the 

RSA subdivision was also favored by the AICc (Supplementary File S2). The better fit of 

the RSA model could reflect the relatively large difference in mean substitution rates for 

the two RSA categories (the substitution rate for exposed sites is 1.67x the buried site rate). 

In contrast, the difference between the SS category with the highest mean rate (helix resi-

dues) and the slowest SS rate category (sheet residues) is only 1.21x. We note, however, 

that the equilibrium amino acid frequencies for each subset of the data also exhibited sub-

stantial differences (Supplementary File S2). The amino acid frequencies conformed to our 

expectations; for example, polar amino acids dominated the solvent exposed positions 
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whereas hydrophobic amino acids were more common in the buried environment. Like-

wise, the rate matrix exchangeabilities for the exposed and buried sites were similar to 

those observed by Pandey and Braun [11] (Supplementary File S2). 

Adding among-sites heterogeneity in amino acid frequencies using the PMSF ap-

proach improved model fit relative to site-homogeneous models for all data subsets. In 

fact, based on AICc scores, the model with the largest number of mixture classes (i.e., 

LG+C60+PMSF+Γ) was always the best fitting model for both the 19- and 97-taxon datasets 

(Supplementary File S3). However, the relationship between model complexity and pro-

portions of strongly decisive sites supporting each topology differed substantially for the 

19- and 97-taxon datasets. For the 19-taxon dataset the proportions of strongly decisive 

sites supporting each topology were highly unstable as the complexity of the model in-

creased from LG to C60 (Figure 4 and Supplementary Figure S2). Moreover, the topology 

with the largest number of strongly decisive sites in the 19-taxon dataset was T3 when the 

site-homogeneous (i.e., the LG and GTR20 models) were used but the support generally 

shifted to T2 when site-heterogeneous models were used. However, the situation was 

even more complex, since the support actually underwent another shift (to T1) when the 

19-taxon buried site dataset was analyzed using the C50 and C60 mixtures. In sharp con-

trast to the case for the 19-taxon datasets, all analyses using the 97-taxon dataset supported 

T2 and the proportions of strongly decisive sites was remarkably stable across models. 

  

 

 

Figure 4. Proportions of strongly decisive sites supporting each topology are stable with respect to model complexity 

when a rich taxon sample is analyzed. A pair of 25,000 site datasets was chosen to explore the impact of increasing model 

complexity and adding taxa. The results of analyses using sparse taxon samples (left) were unstable to increasing model 

complexity, shifting from T3 to T2 for exposed sites and from T3 to T2 and finally to T1 in the case of the buried site sample. 

The results of analyses using the 97-taxon dataset were robust to changes in model complexity. We observed similar results 

for the SS subsets (Supplementary Figure S2). 

4. Discussion 
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These analyses showed the protein structure data type effect found by Pandey and 

Braun [12] could be replicated using another dataset, although the data type effect ap-

peared to be relatively weak. This was not especially surprising since Pandey and Braun 

[12] noted that conducting analyses after reducing the set of outgroups to choanoflagel-

lates yielded T2 regardless of whether exposed or buried sites were analyzed. The FSD 

only included choanoflagellate outgroups so it might be reasonable to expect the signal 

supporting T3 to be especially weak; however, there was a clear difference between ex-

posed and buried sites for small taxon samples (Figure 2). However, there were also con-

flicting signals in the data and adding taxa rapidly eliminated the weak tendency for anal-

yses of buried sites to support T3 (Figure 3). Our taxon sampling results also provide ev-

idence against T3; after all, it has long been appreciated that adding taxa improves the 

performance of phylogenetic analyses (reviewed by Heath et al. [59]). The proportion of 

strongly decisive sites supporting T3 decreased as taxa were added and the proportion of 

sites supporting T2 (ctenophores sister to other Metazoa) increased (Figure 2); the propor-

tion of strongly decisive sites supporting T1 was always smaller than the proportion sup-

porting T2 and it was relatively stable to taxon addition. It was only necessary to add a 

small number of taxa for the proportions of strongly decisive sites that support each to-

pology to converge on the values for the complete 97-taxon dataset. We also found that 

the proportions of decisive sites identified using simple homogeneous models is virtually 

identical to that proportions found using complex models when taxon-rich datasets were 

analyzed. The latter finding is highly significant, since the relatively simple site-homoge-

neous models of sequence evolution impose a limited computational burden relative to 

analyses using more complex models.  

Given the programs currently available for phylogenetic analyses, the strongly deci-

sive sites criterion cannot replace standard tree searches using the ML criterion or com-

monly used support metrics, like the bootstrap. However, it is useful for several reasons. 

First, as we have already emphasized, it is a computationally efficient approach that can 

provide information about support for multiple alternative trees. Examining support for 

alternative trees is especially straightforward when the plausible tree space is small, as it 

was for this study (Figure 1), but it would also be possible to perform a tree search and 

then focus on poorly supported nodes (e.g., by identifying strongly decisive sites for the 

optimal tree and the two trees produced by nearest-neighbor interchanges for each poorly 

supported node). Second, focusing on decisive sites highlight unusual genes [64]; genes 

with anomalously large numbers of strongly decisive sites might reflect very poor model 

fit or hidden paralogs. No individual genes with an unusually large number of decisive 

sites were identified in this study (Supplementary File S4). Finally, using strongly decisive 

sites might limit the impact of model misspecification. Models of sequence evolution are 

useful tools for inference [62,77] but they never capture “full reality” and there may be 

cases where no model within a set of candidates is an adequate approximation of the true 

model [78,79]. Assuming the models used for analyses meet a certain minimum level of 

“realism” dividing sites into two categories, only one of which is then viewed as informa-

tive, could be useful. Overall, we believe that this approach was useful for analyses fo-

cused on the metazoan root. 

4.1. Taxon sampling has a larger impact than model complexity 

To examine the impact of taxon sampling we adopted a taxon addition strategy con-

sistent with the approach that has long been used by practicing systematists [80]. Specifi-

cally, we attempted to maximize the subdivision of long branches instead of adding taxa 

randomly. We began with a set of randomly chosen 19-taxon datasets and then added 

taxa likely to be relatively divergent from the taxa that were already present. This taxon 

addition strategy has a sound theoretical basis [81] and empirical systematists typically 

add taxa in this manner [59,82–84]. The rapid convergence on the proportions of strongly 

decisive sites that emerges when all 97 taxa are analyzed suggests that extremely dense 

taxon sampling (e.g., thousands or tens of thousands of taxa) is unlikely to be necessary 
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to make inferences regarding phylogenetic questions similar to the problem we examined. 

In fact, the recent publication of whole genome assemblies for hundreds of vertebrate taxa 

[85,86] indicate that the necessary sequencing capacity is available at the time. Addressing 

questions about the earliest metazoan divergences will present additional challenges, in-

cluding sample availability and issues of DNA quality [87], but it seems reasonable to 

assert that the biggest challenges are unlikely to relate to data collection; instead, the most 

challenging issue is likely to be the analyses,  

The positive effects of adding taxa in this study are likely to be a direct outcome of 

breaking up long branches and reducing the number of unobserved substitutions that 

need to be inferred as part of the analysis. Breaking up long branches is likely to be espe-

cially important for analyses using relatively simple, site-homogeneous models, like 

GTR20 (as well as the Braun [72] models and empirical models such as LG [34] and Day-

hoff/PAM [38]). Lakner et al. [88] showed that the potential for protein function (more 

specifically, sequence-to-structure fit assessed using protein threading) decays rapidly 

when evolution proceeds according to simple models. However, when Lakner et al. [88] 

examined the paths between empirical sequences (i.e., cases where both ends of the evo-

lutionary path are known to be functional) they found that the sequences along the paths 

between real sequences were typically consistent with functional tertiary structures. Add-

ing taxa will reduce the lengths of the paths between sequences and should therefore have 

a positive impact on inference. The fact that the more complex PMSF model did not per-

form differently from simpler models (based on the proportions of strongly decisive sites) 

suggests that rich taxon sampling did not have substantial indirect effects (we define in-

direct effects as cases where the estimate of phylogeny is improved by the more accurate 

parameter estimates that are possible when many taxa are analyzed). It is possible that 

adding taxa did provide better information about the expected amino acid frequencies at 

each site, but even if that is true the better information about amino acid frequencies does 

not result in an increased proportion of strongly decisive sites that support a specific to-

pology. One indirect effect that is possible would involve improved estimates of site-spe-

cific evolutionary rates [61]; since the simple and the complex models that we used both 

included among-sites rate heterogeneity parameters all models are likely to exhibit similar 

behaviors. Overall, it seems most likely that breaking up long branches was responsible 

for the observed amelioration of the protein structure data type effect and that improved 

estimates of site-specific residue frequencies were not involved. 

4.2. Strongly decisive sites, phylogenetic signal, and protein structure 

The use of strongly decisive sites as a metric for phylogenetic signal raises an im-

portant question: what exactly do they indicate? A simple possibility is that strongly de-

cisive sites are associated with specific bipartitions in individual gene trees. If true, con-

flicting decisive sites would reflect genuine discordance among gene trees due to ILS (or 

other mechanisms that lead to disagreements among true gene trees). Of course, it is nec-

essary to invoke a reasonable amount of intragenic recombination since 60% of genes with 

at least two strongly decisive sites have sites that support more than one topology (Sup-

plementary File S4). However, intragenic recombination is plausible for deep-branching 

Metazoa given the large number of introns in the common ancestor of all Metazoa [89]; 

large numbers of introns lengthen genes and therefore increase the potential for intragenic 

recombination. The central question is whether ILS provides a plausible explanation for 

discordance among gene trees at the base of Metazoa. The important variables are the 

number of generations separating cladogenic events at the base of Metazoa, which is far 

from clear, and the effective population sizes for the ancestral lineages. Small-bodied or-

ganisms (as the metazoan ancestor is likely to have been) often have extremely large ef-

fective population sizes [90]. Indeed, Ewing et al. [91] invoked the possibility of gene tree 

discordance ILS has led to discordance among gene trees for deep metazoan relationships 

(albeit for the relationships at the base of Bilateria). Likewise, Arcila et al. [92] implicitly 

assumed ILS was possible for in their analysis of the metazoan root. We say this because 
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they analyzed gene trees using ASTRAL-II [93], a program that addresses the issue of ILS 

phylogenetic estimation (we also note that Arcila et al. [92] concluded that ctenophores 

are sister to other Metazoa, just as we did in this study). Regardless of whether or not 

strongly decisive sites are reliable indicators of gene tree bipartitions it seems reasonable 

to assert that analyses of deep metazoan relationships should consider the possibility of 

gene tree-species tree discordance. 

Given a rooted three taxon species tree (e.g., the plausible trees in Figure 1) it is pos-

sible to make a fundamental prediction about  the expected patterns of discordance 

among gene trees if that discordance reflects ILS: the majority gene tree topology will 

match the species tree and the two minority gene tree topologies will be equiprobable [15]. 

We were unable to reject the null hypothesis of equality for the two minority topologies 

when we analyzed buried sites (or, if we consider SS rather than RSA, coil and sheet sites). 

However, we were able to reject that null hypothesis of equality for exposed residues (and 

for helix residues when SS was used to subdivide alignments). The observation that dif-

ferent structural environments have different proportions of strongly decisive sites would 

seem to falsify any explanation that for the conflicting strongly decisive sites that rely on 

true discordance among gene trees. For example, a straightforward explanation for asym-

metry in the numbers of strongly decisive sites by invoking a model with substantial gene 

flow among the earliest stem ctenophores, sponges, and Parahoxozoa (e.g., via horizontal 

gene transfer) while also hypothesizing that exchanges between stem ctenophores and 

sponges (which would yield T3) is suppressed. The idea that basal metazoan lineages have 

experienced horizontal gene transfers from divergent lineages is strongly corroborated 

[94–96] so the notion that there might have been gene transfers among the stem cteno-

phores, sponges, and Parahoxozoa (and other related lineages [89,97] like choanoflagel-

lates and Filasterea). However, if the gene transfer hypothesis represents the correct ex-

planation for the observed conflicts, there is no clear mechanism to explain the more lim-

ited number of gene transfers between stem ctenophores and sponges then between the 

other stem lineages. Likewise, there is no mechanism to explain the differential asym-

metry for different structural environments. 

The observed asymmetry in the minority types of strongly decisive sites ultimately 

requires some mechanism that can break symmetry for different structurallydefined sub-

sets of the data. The fact that we were only able to reject symmetry of the minority topol-

ogies in the more rapidly evolving exposed sites could be an important observation; per-

haps the more slowly evolving buried sites are giving the best picture of the true spectrum 

gene trees. In this context, it is important to note that there is also an apparent correlation 

between the average rate of evolution and asymmetry for sites categorized by SS: we re-

jected symmetry for the relatively rapidly evolving helix sites, observed nearly significant 

asymmetry for the intermediated rate coil sites, and were unable to reject symmetry for 

the low-rate sites in the sheet environment. The failure to reject symmetry does not reflect 

power; after all, there more than 1,000 strongly decisive sites for almost all of the structur-

ally defined sets of sites (the only exception was the sheet sites, where there were 514 

strongly decisive sites; see Table 1). The evidence for a relationship between the mean rate 

of evolution in each structural environment does suggest that strongly decisive sites could 

have more to do with patterns of molecular evolution than with true discordance among 

gene trees. Regardless of the impact of gene tree-species tree conflicts on phylogenetic 

estimation at the base of Metazoa one thing is clear: the proportions of strongly decisive 

sites differ among structural environments and those differences are observed for site-

homogeneous and site-heterogeneous models. 

As stated in the introduction, the position of the metazoan root has been the subject 

of many studies; those studies that have recovered T1 have typically invoked the long-

branch attraction artefact [98] to explain studies that have recovered T2, typically arguing 

that site-heterogeneous models are less susceptible to long-branch attraction. However, 

many of the studies focused on the root of Metazoa - including those that have recovered 

T2 - have used site-heterogeneous models. This suggests that the use of site-heterogene-
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ous models are not necessarily the critical variable. Nevertheless, it is important to con-

sider the hypothesis that T1 is the true tree and T2 is a long-branch artefact. The simula-

tions reported by Kapli and Telford [32] arguably provide some of the most compelling 

support for that hypothesis because they found an asymmetry in the result of tree searches 

conducted using simulated data. More specifically, analyses of data simulated assuming 

T2 yielded T2 whereas analyses of data simulated assuming T1 yielded both T1 and T2. 

Kapli and Telford [32] used site-heterogeneous models but their simulations did not in-

corporate discordance among gene trees due to ILS. It would be interesting to determine 

whether that represents an important variable. Indeed, it would be desirable to improve 

the simulation models in other ways; structurally-constrained models (as in Arenas et al. 

[99]) would clearly be desirable, as would other ways to integrate protein structure (e.g., 

long-range constraints [100,101]). The broader point of this discussion of  simulation 

models is to emphasize the challenges of interpreting simulations; it is difficult to interpret 

simulations unless the models used for those simulations are realistic but it is also difficult 

to determine whether models are realistic. Strongly decisive sites may be useful for model 

evaluation - data simulated using a biologically-realistic model should yield alignments 

with numbers of strongly decisive sites similar to those observed for the empirical data. 

5. Conclusions 

This study has three fundamental conclusions. The first is specific to the phylogenetic 

question that we explored, and it is relatively straightforward: T2 is the best-corroborated 

hypothesis for the position of the metazoan root based on the results of this study (i.e., the 

best-supported tree places ctenophores sister to all other extant animals). However, we 

urge readers to view our phylogenetic conclusion with a certain degree of caution; the 

position of the metazoan root has varied among studies despite the extensive work fo-

cused on this question [17–32], making it is difficult to view any position as particularly 

strongly supported at this point. The second conclusion is methodological: we found evi-

dence that focusing on strongly decisive sites can provide a useful way to examine phy-

logenetic questions, especially when many taxa and sites are analyzed. We conclude that 

the decisive sites criterion is useful and that it provided evidence that denser taxon sam-

pling can compensate, at least partially, for model complexity and permit the use of sim-

pler models for analyses. However, we note that conventional tree searches were also con-

sistent with the idea that rich taxon samples are beneficial, as expected based on many 

previous studies (reviewed by Heath et al. [59]). However, the fact that the strongly deci-

sive sites criterion provides direct evidence for conflicting signals provides a good reason 

to view them as a tool that can be complementary to standard tree searches. 

The third and final conclusion of this study relates to the intersection of phylogenetics 

and protein structure: different topological signals can be associated with sites in different 

protein structural environments. Given the extensive evidence that patterns of protein 

evolution are structure dependent [6–8,10–12] it might not be surprising that structure can 

have an impact on estimates of phylogeny, especially for studies focused on difficult parts 

of the tree of life, like the position of the metazoan root, are examined. Wilke [102] la-

mented that a negative aspect of the efforts to improve models of sequence evolu-

tion  “...has been that the underlying biophysical objects represented by the sequences, 

DNA molecules, RNA molecules, and proteins, have taken a back-seat in much computa-

tional molecular-evolution work.” The Halpern-Bruno model framework is appealing, 

but it is ultimately a statement regarding variation among alignment positions in the un-

derlying frequencies of amino acids; it does not consider the physicochemical properties 

of those amino acids or protein structure. The long-standing controversy regarding the 

position of the root of Metazoa raises a fundamental question: is it possible to conceive of 

any specific information that would resolve the question in a “satisfying” manner? We 

believe that our strongly decisive site results can be interpreted in two ways:  

1) There gene tree-species tree discordance at the base of Metazoa, possibly re-

flecting ILS, and a structure dependent bias. The bias leads to the observed 
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asymmetry in the proportions of minority decisive site types in the relatively 

rapidly evolving solvent exposed and helix sites. 

2) There are processes of sequence evolution that generate conflicting strongly 

decisive sites without discordance among gene trees. Those process result in 

equal proportions of minority decisive site types in low-rate structural envi-

ronments and unequal proportions of minority decisive site types in higher 

rate structural environments.  

We also believe that distinguishing between those hypotheses will require a more detailed 

understanding of the roles of protein structure and biophysics in models of sequence evo-

lution rather than the continued use of models that fit into the Halpern-Bruno framework. 

We believe that such an integrative approach will be necessary to obtain convincing reso-

lutions for difficult nodes in the tree of life, like the root of Metazoa. 
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