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Time-calibrated phylogenies are essential for a variety of down-
stream inferences, but their estimation is di�cultwhen thenum-
ber of tips is large. Existing approaches either do not scale well
(joint Bayesian inference of topology and divergence times),
do little to accommodate uncertainty (post hoc time-scaling
of maximum-likelihood phylograms), or rely on statistically in-
valid approximations and potentially problematicmonophyly as-
sumptions (the “backbone-and-patch” method). In the past, su-
pertreeswere often regarded as an attractive alternative to these
frameworks. However, most supertree techniques are poorly
suited to providing input for comparative methods, since they
usually yield topological point estimates without branch lengths
or anymeasure of uncertainty. Here, we present a new approach
to supertree inference, the Bayesian Least-Squares Supertrees
(BLeSS), which overcomes these obstacles.

Background

BLeSS combines elements of two previous supertree methods:
the average distance matrix (Lapointe & Levasseur 2004) and
the exponential error (Steel & Rodrigo 2008) frameworks.

Consider a profile of ultrametric time trees P = {T1, . . . , TK}
defined over a set of leaves L, where L(Tk) is the leaf set of tree
Tk such thatL(Tk) ⊆ L. First, each source tree inP is represented
as a path-length distance matrix:
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A 0 30 72 126 126 126 126

B 0 72 126 126 126 126

C 0 126 126 126 126

D 0 114 114 114

E 0 52 66

F 0 66

G 0

If we denote by πi,j(P) the (possibly empty) set of in-
dices of all trees in P that contain both i and j, that is,
πi,j(P) = {k ∈ {1, . . . , K} : i ∈ L(Tk) ∧ j ∈ L(Tk)}, the
average distance matrix D̄ can be calculated element-wise as
follows:

d̄(i, j) =





1

|πi,j(P)|
∑

k∈πi,j(P)

dk(i, j) if πi,j(P) 6= ∅

undefined if πi,j(P) = ∅
(1)

The undefined entries in D̄, corresponding to missing distances,
can either be treated as such and disregarded in subsequent
steps, or filled in using a variety of imputation schemes.

Once D̄has been calculated, the goal is to find a supertree T̂ with
the full leaf setL thatminimizes the least-squares di�erence be-
tween its own path-length matrix D̂ and D̄:

δ(D̂, D̄) =

|L|∑

i=1

|L|∑

j=1

[
d̂(i, j)− d̄(i, j)

]2
(2)

To this end, we use a modified version of the exponential error
model introduced by Steel & Rodrigo (2008) and parameterized
by a single penalty term λe:

f (D̄ | T̂ , λe) = λee
−λeδ(D̂,D̄)

= λe exp



−λe

|L|∑

i=1

|L|∑

j=1

[
d̂(i, j)− d̄(i, j)

]2





(3)

This likelihood function can be combined with an arbitrary tree
prior,monophyly constraints, or node calibrations. If the relevant
hyperparameters are jointly denoted as Φ and estimated along
with the supertree, the joint posterior distribution of (T ,Φ) is
given by:

P (T ,Φ | D̄, λe) =
f (D̄ |λe, T )P (T |Φ)P (Φ)∫

T
f (D̄ |λe, T )

[∫

Φ
P (T |Φ)P (Φ) dΦ

]
dT

(4)

Method description

BLeSS is implemented in RevBayes, an open source C++ program
built around probabilistic graphical models (Höhna et al. 2016).
A realistic caseofBLeSS inference canbe represented as follows:

min max λbirth λdeath

tor birth deathρ

T̂

D̂λe

D̄

Implementation

To evaluate BLeSS in a setting approaching a plausible supertree
analysis in terms of tree size, we used a hierarchical simulation
scheme involving trees of 200 tips:
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No error; subtrees of the
true tree used to calculate

the average distance matrix

Topological error introduced
by re-inferring source trees
from alignments simulated
on the true tree

Backbone and patch:
clade-specific “patch”

subtrees connected by
a higher-level “backbone”

Random selection: subtrees
drawn randomly until the
union of their leaf sets equals
the leaf set of the full tree

Average distance matrix
sparse; missing entries

ignored in likelihood
calculation

Average distance matrix
complete; missing entries
iteratively imputed using the
3-point ultrametric condition

�e = 0.1

�e = 0.33

�e = 1.0

200-tip birth-death trees simulated under � = 0.1, µ = 0.09

BLeSS analyses in RevBayes
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The backbone-and-patch vs. random selection schemes were
used to evaluate the sensitivity of the method to the distribution
of missing entries in the average distance matrix:
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The similarity in topology and/or branch lengths between each
resulting MCC tree and the corresponding generating tree was
assessed using a variety of metrics:
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λ = 0.1, imputed distances λ = 0.33, imputed distances λ = 1, imputed distances

Imputation outperforms treating missing data as such when
source trees are free of topological error, especially under the
backbone-and-patch sampling scheme. The relationship is re-
versed when topological error is present; detailed examination
confirms that overall topological error is driven by imputation
rather than misestimated source trees.

Evaluation: simulations

We further used BLeSS to estimate a time-calibrated supertree
for the order Carnivora based on previously published time trees
inferred from nuclear (n = 13) or mitochondrial (n = 20) data.
Mitogenome-based source trees were downweighted by a fac-
tor of 10 when constructing the average distance matrix.
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The MCC tree above contained 45 out of 53 benchmark clades
defined prior to the analysis, indicating good topological perfor-
mance. Node age precision increased toward the root, as deeper
divergences were informed by a greater number of distances.

y = 2.2 − 0.048 x
R2 = 0.15

0

1

2

3

4

0 10 20 30 40 50
Age (Ma)

95
%

 H
P

D
 w

id
th

 (
M

a)

Evaluation: empirical data
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