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Taxon sampling 

The phylogeny includes representatives of every higher taxonomic group to have a good 

representation of the higher diversity of brittle-stars. All families are represented in the 

phylogeny and have been systematically sampled, but deep-sea species are slightly 

underrepresented as species records have been gathered from specimens deposited in several 

scientific collections, and in which shallow-water samples are more abundant. Pie charts 

showing the distribution of bathomes across species for each family are given below (shelf-

break = 200m, Figure S1). 



 

Figure S1. Percentage of species distributed in each bathome grouped by family for the 

global dataset (left) and for the phylogeny (right). 

 

Phylogenetic structure of bathomes 

As bathomes were coded as a discrete character (S, B and D), using maximum parsimony 

(MP) we expected to find few changes if bathomes were highly conserved through the 

phylogeny. On the contrary, if there was no conservatism, we would expect to find the trait 

distributed randomly through the phylogeny, which would be reflected in a higher number of 

bathome shifts. Niche conservatism is not just a marine phenomenon, for example land plants 

more frequently colonise similar biomes even after dispersing long distances [1]. 



We calculated the number of steps required for the parsimony reconstruction of bathomes on 

the phylogeny using Mesquite 3.01 [2] and coding depth as an ordered character (no direct 

transitions between S and D were allowed in any direction). We generated two groups of 

10,000 datasets each by: (1) randomly choosing the depth distribution of 688 species from the 

global dataset for each new dataset (ALLrandom), and (2) reshuffling the tip states from the 

phylogeny for each new dataset (TREEreshuffle). We also calculated the number of 

parsimony steps for the observed data. Our null hypothesis of bathomes being randomly 

distributed for the phylogeny was rejected as the observed number of transitions was outside 

the 95% CI of both randomised and reshuffled datasets. 

 

 

Figure S2. Number of parsimony steps for the observed data (green, n = 170) and for the 

10,000 datasets randomly taken from the global dataset (pink, meanALL = 418.3) and 

reshuffling the tip states (blue, meanTREE = 420.4). Mean values are shown in dotted lines. 



Asymmetry in transition rates 

The asymmetry in transition rates was explored using eight different models were depth was 

coded as a continuous character, either ordered or unordered. Analyses were run using the 

fitDiscrete function in the R [3] package ‘Geiger’[4] and setting to ‘TRUE’ the Hessian 

element control in order to estimate 95% CI for each parameter (Table S1). For the ordered 

model ARD6, where shifts of bathome in different directions were estimated to be different 

and direct transitions between S and D were allowed, CI values were not estimated. 

 

Table S1. Fit of each of the eight models analysed under ML. Estimated rates for each 

direction of transition is shown, with 95% CI values. 

Aditionally, we explored the effect of the cut-off value to delimit bathomes in the estimated 

transition rates. We generated four more datasets using 100, 150, 250 and 300 m as the shelf-

break value, and analysed them using under the ARD model for comparison using fitDiscrete. 

The highest estimated rate of bathome shift in four datasets was BD, same as with the 

200m cut-off but there were differences in the other directions as shown in Figure S3.  



 

Figure S3. Estimated rates for bathome shifts for each pair, using different shelf-break 

values: (A.) 100 m, (B.) 150 m, (C.) 250 m and (D.) 300 m. Bathome shift is indicated with 

the arrows and the width is proportional to the shift rate value. 

 

Incomplete taxon sampling 

 In order to broadly understand the effect of incomplete taxon in parameter estimation, we 

assessed the accuracy of the model when sample size decreases. A phylogeny with 2,120 

extant taxa was simulated under a birth-death rate model (λ = 1.0 and µ= 0.5, as reported for 

ophiuroids [5]), and an origination time of 270 Mya (function sim.bd.taxa.age, package 

‘TreeSim’ [6]). The size of this phylogeny is the same as the total known species of 

ophiuroids considered for this study. Bathomes (S, B, D) for each tip from the large simulated 

phylogeny were simulated based on the Q matrix obtained for our dataset using fitDiscrete 

under the ARD (4 rates) model (function sim.char from R package ‘Geiger’ [4]). Smaller 

phylogenies were generated by randomly pruning 40 tips, until a phylogeny of only 40 taxa 



was obtained. Each of them was analysed under the ARD4 model and the estimated 

parameters are presented in the plot below. Figure S4 shows that, even when tips are pruned 

randomly and affect the proportion of character states at the tips, the model estimated similar 

parameters until the sampling is less than 20% of the original data was considered. 

 

Figure S4. Plot shows that estimated parameters under ARD model are congruent with the 

observed parameters in the complete dataset, even when only 20% of the data is considered. 

Dashed line indicates 688 tips, which is the size of our phylogeny. 

 

Heterotachy and ancestral reconstruction – Extended Methods 

All analyses were performed on a single 688 taxa ultrametric tree with fixed topology and 

branch lengths. Heterotachy, the heterogeneity in rates of evolution of bathymetric ranges 

across different lineages, was investigated by implementing Bayesian inference models in 



BEAST v 1.8.3 [7] using a ‘random local clock’ (RLC) [8]. Four different models, 

constraining shifts between bathomes and considering the depth stratum character as ordered 

(SB and BD) or unordered (also SD), were included using a ‘random local 

clock’ (RLC) [8] and a strict clock. The analyses were performed using a standard 

continuous-time Markov Chain (CTMC) with priors as in Ukuwela et al [9] and Lemey et al 

[10].  

All eight models were run using the same parameters. Population size was assumed to remain 

constant through time. A MCMC wide exponential prior (mean=0.1) was used for the overall 

transition rate, and scale operators were used to allow rate heterogeneity in specific models. 

Two independent runs were performed for each model to ensure convergence. The length of 

each chain was 120 million steps, sampled every 12,000 and yielding a total of 10,000 

samples. ESS (Effective Sample Size) was used to evaluate mixing behaviour of the chains. 

The MCMC, path sampling (PS) and stepping stone (SS) log files from the independent 

chains for each models were combined using LogCombiner [7], after removing burn-in 

(10%), and analysed in Tracer v1.6 [11]. Model selection was based on the log marginal 

likelihood for each model estimated by PS and SS method. 

Estimation of ancestral bathomes was carried out simultaneously using a stochastic mapping 

based on a MCMC approach (markovJumpsTreeLikelihoood [12]), which maps the bathome 

shifts on each sampled tree and records the number of shifts for each pair (Table S2). The 

number of bathome shifts per pair were logged independently for each sampled tree. Only 

9,000 trees from both runs (55% burn-in) were combined using LogCombiner [7] and used to 

estimate the state probability at nodes and the number of shift biomes from the stochastic 

mapping on the fixed tree in TreeAnnotator [7] (see Figure S5). 



 

Table S2. Estimated transition rates, 95%HPD and mean number of inferred events for every 

model using a ‘strict’ and RLC evaluated under BI. 
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