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Phylogenetic trees constructed from different genes frequently contradict each other, giving rise to incongruence
(Rokas et al. 2003; Rokas and Chatzimanolis 2008). For example, several recent studies examining hundreds of genes in
fungi (Hess and Goldman 2011; Salichos and Rokas 2013),
plants (Zhong et al. 2013), and mammals (Song et al. 2012)
found that the vast majority of gene trees are not topologically congruent either with each other or with the species
phylogeny. This incongruence can be due to analytical factors
stemming from either inadequate sample sizes (Bull et al.
1993; Cummings et al. 1995; Rokas et al. 2003) or the misfit
between data and evolutionary models (Swofford et al. 1996;
Kumar et al. 2012) or due to biological factors, such as horizontal gene transfer, lineage sorting, introgression, and hybridization (Pamilo and Nei 1988; Maddison 1997; Slowinski
and Page 1999; Degnan and Rosenberg 2009).
Although the challenge of detecting and appropriately
handling incongruence has vexed systematists for decades
(Bull et al. 1993; Huelsenbeck et al. 1996; Cunningham
1997), the recent realization that a large number of gene
trees will typically disagree with the species phylogeny has
highlighted the importance and value of measures that

capture and quantify incongruence (Salichos and Rokas
2013). Incongruence tests can be broadly classified (Planet
2006) into tests that assess incongruence between characters
(Wilson 1965; Le Quesne 1969; Templeton 1983; Kishino and
Hasegawa 1989; Faith 1991; Farris et al. 1994; Baker and
DeSalle 1997; Shimodaira and Hasegawa 1999; Goldman
et al. 2000) and tests that assess incongruence between
trees (Rodrigo et al. 1993; Thorley and Wilkinson 1999;
Thorley and Page 2000). Note that both character-based
and tree-based incongruence tests rely on phylogenetic
trees; however, in character-based tests, the assessment of
incongruence is focused on the differences between how
the distinct data sets fit the trees, whereas in tree-based
tests, the assessment of incongruence focuses on the difference between the trees (Planet 2006). For example, the character-based measure developed by Shimodaira and Hasegawa
(1999) relies on bootstrap resampling of characters to identify
whether any one or more of a set of trees best explains the
data, whereas Rodrigo’s topology-based measure relies on the
distribution of tree distances among bootstrap replicate trees
to examine the degree of incongruence between sets of characters (Rodrigo et al. 1993). Although several of these measures are extremely useful in practice, they frequently lack
generality because they depend on a particular optimality
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Phylogenies inferred from different data matrices often conflict with each other necessitating the development of
measures that quantify this incongruence. Here, we introduce novel measures that use information theory to quantify
the degree of conflict or incongruence among all nontrivial bipartitions present in a set of trees. The first measure,
internode certainty (IC), calculates the degree of certainty for a given internode by considering the frequency of the
bipartition defined by the internode (internal branch) in a given set of trees jointly with that of the most prevalent
conflicting bipartition in the same tree set. The second measure, IC All (ICA), calculates the degree of certainty for a given
internode by considering the frequency of the bipartition defined by the internode in a given set of trees in conjunction
with that of all conflicting bipartitions in the same underlying tree set. Finally, the tree certainty (TC) and TC All (TCA)
measures are the sum of IC and ICA values across all internodes of a phylogeny, respectively. IC, ICA, TC, and TCA can be
calculated from different types of data that contain nontrivial bipartitions, including from bootstrap replicate trees to
gene trees or individual characters. Given a set of phylogenetic trees, the IC and ICA values of a given internode reflect its
specific degree of incongruence, and the TC and TCA values describe the global degree of incongruence between trees in
the set. All four measures are implemented and freely available in version 8.0.0 and subsequent versions of the widely
used program RAxML.
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Four Novel Measures That Use Information
Theory to Quantify Incongruence
Phylogenetic trees that represent evolutionary relationships
among different genes or taxa are acyclic connected graphs
that consist of nodes connected by edges or branches. Each
internal branch (or internode) in a phylogenetic tree can also
be represented as a bipartition or split that divides the taxa
into two disjoint partitions (fig. 1). Therefore, any measure
that quantifies internode support will also represent the support for the given bipartition. By considering each internode
as a bipartition, any unrooted fully bifurcating phylogenetic
tree with k taxa will contain k  3 nontrivial bipartitions
f

a

c
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not appear in the MRC tree (Felsenstein 1993; Swofford 2002),
and several methods have been developed to visualize the
phylogenetic conflict on each internode (Lento et al. 1995;
Huson and Bryant 2006; Huson et al. 2010), measures that also
incorporate conflicting bipartitions to quantify incongruence
have so far been lacking.
We introduce four related measures that, given a set of
trees or characters defining bipartitions, can be used to quantify the degree of incongruence for a given internode, or for an
entire tree. The quantification of incongruence or conflict in
all four measures is based on Shannon’s entropy, a common
uncertainty measure for a random variable (Shannon 1948).
The first two measures, internode certainty (IC) and IC All
(ICA), quantify the degree of certainty for each individual
internode by considering the two most prevalent conflicting
bipartitions (IC) or all most prevalent conflicting bipartitions
(ICA), by providing the log magnitude of their difference. The
other two measures, tree certainty (TC) and TC All (TCA), are
the sums of IC and ICA values, respectively, over all internodes
in a phylogeny. In this study, we present the theory of the four
measures and illustrate by example how they can be applied
to different types of data and biological questions. Finally, we
describe how they have been implemented in the widely used
program RAxML.
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FIG. 1. Compatible and conflicting bipartitions. Bipartition A = {a, b, c, d, e j f, g, h, i, j} is composed of the partitions A1 = {a, b, c, d, e} and A2 = {f, g, h, i,
j}, where a, b, c, d, e, f, g, h, i, and j are taxa. Bipartition B = {a, b, c j d, e, f, g, h, i, j} is composed of the partitions B1 = {a, b, c} and B2 = {d, e, f, g, h, i, j}, and
bipartition C = {a, b, c, d, g j e, f, h, i, j} is composed of the partitions C1 = {a, b, c, d, g} and C2 = {e, f, h, i, j}. Bipartitions A and B are compatible because
one of the intersections of their bipartition pairs (A2 \ B1) is empty. Bipartitions B and C are compatible for the same reason (B1 \ C2 is empty). In
contrast, bipartition C conflicts or is incompatible with bipartition A because none of the four intersections (A1 \ C1, A1 \ C2, A2 \ C1, A2 \ C2) is
empty.
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criterion (Templeton 1983; Farris et al. 1994; Baker and
DeSalle 1997) or clade support measure (Rodrigo et al.
1993; Shimodaira and Hasegawa 1999).
A particularly interesting group of tree-based methods for
handling incongruence and summarizing conflict are consensus methods (Bryant 2003). Because each internode (or internal branch) in a phylogenetic tree represents a bipartition
that separates two sets of taxa (e.g., fig. 1 shows a bipartition
a, b, c, d, e j f, g, h, i, j that divides the internode between
nodes 1 and 5 into taxon sets {a, b, c, d, e} and {f, g, h, i, j}), a set
of trees can be effectively summarized into a consensus tree
that depicts only those bipartitions that are “representative”
of the set. For example, the majority-rule consensus (MRC)
approach (Bryant 2003) calculates the shared bipartitions
across all trees in a set and displays only those shared by
the majority of trees. Consequently, each internode in
the MRC tree has a value that corresponds to either the
number or percentage of individual phylogenetic trees that
contain the bipartitions created by splitting up the tree at this
internode.
Although consensus methods have been extremely useful
and very popular in summarizing agreement and incongruence, they do not provide information on the next most
prevalent conflicting bipartition, or more generally, on the
distribution of conflicting bipartitions. For example, when
an MRC tree reports that 51 out of 100 phylogenetic trees
contain a specific bipartition, whether the second most prevalent yet conflicting bipartition is supported by the remaining
49 phylogenetic trees or by only five of these is not known.
Information about the distribution of conflicting bipartitions,
however, can be informative because the first type of conflict
in the previous example (51% vs. 49%) shows that both bipartitions receive almost identical support, whereas the
second type (51% vs. 5%) suggests that the first bipartition
represents the sole strongly supported bipartition. Although
phylogenetic inference programs typically report the distribution of bipartitions from a set of trees, including those that do
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(i.e., k  3 bipartitions, each of which divides the k = m + n
taxa in the tree into two partitions of m and n taxa, respectively, where m  2 and n  2). If two phylogenetic trees with
the same number of taxa k are topologically identical, then
the total number of unique nontrivial bipartitions is still only
k  3 because the union of the set of bipartitions induced by
this second tree with the set of bipartitions induced by the
first shows that there are no unique nontrivial bipartitions
that are only present in one tree but absent from the other. In
contrast, if two phylogenetic trees are incongruent, then the
set of phylogenetic trees will contain more than k  3 bipartitions, where each of the additional bipartitions represent
bipartitions that conflict with one or more of the k  3
bipartitions.

the frequency of support for the bipartition that defines
the internode. For these two bipartitions X1 and X2, we
define H(X) as the internode uncertainty:
Internode uncertainty ¼ 

Shannon’s entropy measures the amount of uncertainty in
random variables (Shannon 1948). For two equally probable
events, for example, “head or tails” in a fair coin toss, the
amount of uncertainty is equal to 1. However, if the coin is
not fair, the uncertainty of the outcome decreases proportionally to the coin’s “unfairness.” In general, for a random
variable X with a set of n possible values {X1, X2, . . . , Xn},
Shannon’s entropy HðXÞ is defined as
Xn
PðXn Þ log½PðXn Þ,
Hð X Þ ¼ 
n¼1
where PðXn Þ is the probability of outcome Xn . In its simplest
form, if variable X consists of only two possible outcomes X1
and X2, Shannon’s entropy is equal to
X2
Hð X Þ ¼ 
PðXn Þ log2 ½PðXn Þ:
n¼1
In phylogenetics, let us consider variable H(X) as the entropy
that measures the amount of uncertainty of support for a
given internode with the set of possible values being the
values of the two most prevalent conflicting bipartitions
(n = 2) for that internode (i.e., X = {X1, X2}), with X1 being

PðXn Þ log2 ½PðXn Þ

where P(X1) = X1/(X1 + X2), P(X2) = X2/(X1 + X2), and
P(X1) + P(X2) = 1.
Because internode support measures typically quantify the
degree of support for a given internode, rather than the lack
thereof, we reverse the sign of the equation and add log2 ðnÞ
to it so that the measure corresponds to “certainty” rather
than “uncertainty.” Thus, we define IC as
IC ¼ log2 ðnÞ +

X2
n¼1

PðXn Þ log2 ½PðXn Þ

¼ 1 + PðX1 Þ log2 ½PðX1 Þ + PðX2 Þ log2 ½PðX2 Þ,
where P(X1) = X1/(X1 + X2), P(X2) = X2/(X1 + X2), and
P(X1) + P(X2) = 1.
For a given internode, IC values correspond to the magnitude of conflict between the bipartition that defines the
internode and the most prevalent conflicting bipartition in
the given tree set. For example, IC values at or close to 1
indicate the absence of conflict for the bipartition defined
by a given internode, whereas IC values at or close to 0 indicate equal support for both bipartitions and hence maximum
conflict.
So far, we have assumed that the frequency of the bipartition that defines the internode is equal or higher than the
frequency of the most prevalent bipartition, that is,
P(X1)  P(X2). However, in some cases, it may happen that
we need to calculate the IC of an internode that was included
in the consensus tree (depending on the type of consensus
tree constructed, see below), whose bipartition frequency
is actually smaller than the frequency of a conflicting
bipartition, that is, P(X1)  P(X2). To distinguish between
cases where P(X1)  P(X2) from cases where P(X1)  P(X2),
we reverse the sign of the IC value for all cases where
P(X1)  P(X2). Thus, negative IC values indicate that the internode of interest conflicts with a bipartition that has a
higher frequency, and IC values at or close to 1 indicate
an almost complete absence of support for the bipartition
defined by the given internode and an almost absolute support for the conflicting bipartition. The behavior of the IC
measure for a range of different values of X1 and X2 is shown
in figure 2.
Examples. Let us consider a set of 100 gene trees from
which 62 gene trees support bipartition X1 (which appears
on the MRC tree), and 6 gene trees support the conflicting
bipartition X2 (which does not appear on the MRC tree). In
this case,
P(X1) = X1/(X1 + X2) = 62/(62 + 6) = 0.91, and
P(X2) = X2/(X1 + X2) = 6/(62 + 6) = 0.09.
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Shannon’s Entropy and IC

n¼1

¼ fPðX1 Þ log2 ½PðX1 Þ + PðX2 Þ log2 ½PðX2 Þg,

Compatible and Conflicting Bipartitions
Two bipartitions A = X1 j X2 and B = Y1 j Y2 from the same
taxon set are “compatible” if and only if at least one of the
intersections of the four bipartition pairs (X1 \ Y1, X1 \ Y2, X2
\ Y1, X2 \ Y2) is empty (Bryant 2003; Huson et al. 2010). If this
condition is not met, then the bipartitions are said to be
“incompatible or incongruent” or to “conflict” with one
another.
Example. Let us consider the bipartition A = {a, b, c, d, e j f,
g, h, i, j}, composed of the partitions A1 = {a, b, c, d, e} and
A2 = {f, g, h, i, j}, where a, b, c, d, e, f, g, h, i, and j are taxon
names. Let us also consider a second bipartition from the
same set of taxa B = {a, b, c j d, e, f, g, h, i, j}, composed of
the partitions B1 = {a, b, c} and B2 = {d, e, f, g, h, i, j} (fig. 1).
Bipartition B does not conflict with bipartition A because A2
\ B1 is empty. In contrast, bipartition C = {a, b, c, d, g j e, f, h, i,
j}, composed of the partitions C1 = {a, b, c, d, g} and C2 = {e, f, h,
i, j}, conflicts or is incompatible with bipartition A because
none of the four intersections (A1 \ C1, A1 \ C2, A2 \ C1, A2 \
C2) is empty (fig. 1).

X2
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FIG. 2. Visualizing IC for the two most prevalent conflicting bipartitions of a given internode. The default curve represents the case of only two
conflicting bipartitions for one internode (only two partitions: {X, 100–X}). Out of 100 total trees, when 60 trees recover the first bipartition, the
remaining 40 will support the second and conflicting bipartition. In the presence of three conflicting bipartitions for a given internode (e.g., {65, 30, 5}),
when the two most prevalent bipartitions are considered, the percentage of trees supporting the first bipartition is equal to 65/(65 + 30), whereas the
percentage of trees supporting the second conflicting bipartition is equal to 30/(65 + 30). The reason that we do not include the number of trees
containing the third bipartition is that we want IC to measure the magnitude of certainty conveyed by the two most prevalent bipartitions. This way, IC
will be zero when the two most prevalent conflicting bipartitions have equal frequencies.

Thus,
IC ¼ 1 + PðX1 Þ log2 ½PðX1 Þ + PðX2 Þ log2 ½PðX2 Þ
¼ 1 + 0:91  log2 ð0:91Þ + 0:09  log2 ð0:09Þ¼ 0:57:
If X1 = 52 gene trees and the conflicting bipartition X2 = 29
gene trees, then
P(X1) = X1/(X1 + X2) = 52/(52 + 29) = 0.64, and
P(X2) = X2/(X1 + X2) = 29/(52 + 29) = 0.36.
Thus,
IC ¼ 1 + PðX1 Þ log2 ½PðX1 Þ + PðX2 Þ log2 ½PðX2 Þ
¼ 1 + 0:64  log2 ð0:64Þ + 0:36  log2 ð0:36Þ¼ 0:06:
Finally, if an internode is defined by a bipartition X1 supported
by five gene trees and the conflicting bipartition X2 is support
by 55 gene trees, then
P(X1) = X1/(X1 + X2) = 5/(5 + 55) = 0.08, and
P(X2) = X2/(X1 + X2) = 55/(5 + 55) = 0.92.
1264

Thus,
IC ¼ 1 + PðX1 Þ log2 ½PðX1 Þ + PðX2 Þ log2 ½PðX2 Þ
¼ 1 + 0:08  log2 ð0:08Þ + 0:92  log2 ð0:92Þ¼ 0:59:
However, because P(X1)  P(X2), the sign of the IC value is set
to 0.59.

Extending IC to Include All Prevalent Conflicting
Bipartitions
The IC can be extended to consider all n prevalent conflicting
bipartitions for a given internode, that is (X = {X1, X2, . . . , Xn}).
This measure, which we name ICA, can be calculated using
ICA ¼ logn ðnÞ + PðX1 Þlogn ½PðX1 Þ + PðX1 Þlogn ½PðX1 Þ
+ . . . + PðXn Þlogn ½PðXn Þ,
where P(X1) = X1/(X1 + X2 + . . . + Xn), P(X2) = X2/(X1 +
X2 + . . . + Xn), . . . , P(Xn) = Xn/(X1 + X2 + . . . + Xn) and
P(X1) + P(X2) + . . . + P(Xn) = 1.
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Examples. Let us consider a set of 100 gene trees, from
which 80 gene trees support bipartition X1, 6 gene trees support the conflicting bipartition X2, and 5 gene trees support
the conflicting bipartition X3. In this case,
P(X1) = X1/(X1 + X2 + X3) = 80/(80 + 6 + 5) = 0.88,
P(X2) = X2/(X1 + X2 + X3) = 6/(80 + 6 + 5) = 0.07,
and
P(X3) = X3/(X1 + X2 + X3) = 5/(80 + 6 + 5) = 0.05.
Thus,
ICA ¼ 1 + PðX1 Þ log3 ½PðX1 Þ + PðX2 Þ log3 ½PðX2 Þ
+ PðX3 Þ log3 ½PðX3 Þ ¼ 1 + 0:88  log3 ð0:88Þ
+ 0:07  log3 ð0:07Þ + 0:05  log3 ð0:05Þ ¼ 0:59:
If X1 = 52 gene trees and the conflicting bipartitions X2 = 29
gene trees and X3 = 19 gene trees, then
P(X1) = X1/(X1 + X2 + X3) = 52/(52 + 29 + 19) = 0.52,
P(X2) = X2/(X1 + X2 + X3) = 29/(52 + 29 + 19) = 0.29,
and
P(X3) = X3/(X1 + X2 + X3) = 19/(52 + 29 + 19) = 0.19.
Thus,
ICA ¼ 1 + PðX1 Þ log3 ½PðX1 Þ + PðX2 Þ log3 ½PðX2 Þ
+ PðX3 Þ log3 ½PðX3 Þ ¼ 1 + 0:52  log3 ð0:52Þ
+ 0:29  log3 ð0:29Þ + 0:19  log3 ð0:19Þ ¼ 0:08
Finally, if X1 = 5 gene trees and the conflicting bipartitions
X2 = 15 gene trees and X3 = 11 gene trees, then
P(X1) = X1/(X1 + X2 + X3) = 5/(5 + 15 + 11) = 0.16,
P(X2) = X2/(X1 + X2 + X3) = 15/(5 + 15 + 11) = 0.48,
and
P(X3) = X3/(X1 + X2 + X3) = 11/(5 + 15 + 11) = 0.36.
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FIG. 3. Visualizing ICA for all the most prevalent conflicting bipartitions
of a given internode. For simplicity, calculations were performed using
a two-variable system (X : Y . . . Y) with the number of conflicting
bipartitions increasing. For example, the open triangle line on the
graph illustrates the behavior of ICA when the frequency of the most
strongly supported bipartition for a given internode is 80, with the
remaining 20% equally divided among all conflicting bipartitions (e.g.,
if there is one conflicting bipartition, it will have a frequency of 20%, and
if there are two conflicting bipartitions, each one will have a frequency
of 10%, etc.).

Thus,
ICA ¼ 1 + PðX1 Þ log3 ½PðX1 Þ + PðX2 Þ log3 ½PðX2 Þ
+ PðX3 Þ log3 ½PðX3 Þ ¼ 1 + 0:16  log3 ð0:16Þ
+ 0:48  log3 ð0:48Þ + 0:36  log3 ð0:36Þ ¼ 0:08:
However, because P(X1)  P(X2) and P(X1)  P(X3), the sign of
the ICA value is reversed to 0.08.

Tree Certainty
Given that empirical examinations of the support frequencies
of internodes in a phylogeny suggest that they are generally
independent from each other (Salichos and Rokas 2013), it is
reasonable to assume that the mutual information or dependence between internodes in a phylogenetic tree is very small.
Thus, the sum of all IC or ICA values across a phylogeny can
be used to quantify changes in the degree of incongruence
produced by the phylogenetic analysis of a given data set
when analyzed with a variety of protocols or methods.
Thus, for the complete set of k  3 internodes (internal
branches) in a phylogeny, where k is the number of taxa,
we define the TC as
TC ¼

i¼k3
X

ICi

i¼1
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Because the number of bipartitions that conflict with a
given internode in large phylogenetic tree sets can be high, as
well as because conflicting bipartitions whose frequency is
very low have little impact on the certainty value of a given
internode, we restrict the ICA to consider only bipartitions
whose frequency is  5% because this represents a reasonable
trade-off between speed and accuracy. To distinguish between cases where P(X1) is greater than or equal to each
single one of the frequencies for all conflicting bipartitions
from cases where P(X1) is lower than one or more conflicting
bipartitions, we reverse the sign of the ICA for all cases
where P(X1) is lower. Thus, ICA values at or near 1 indicate
the absence of any conflict for the bipartition defined by
a given internode, whereas ICA values at or near 0 indicate
that one or more conflicting bipartitions have almost equal
support. Negative ICA values indicate that the internode
of interest conflicts with one or more bipartitions that
exhibit a higher frequency, and ICA values at or near 1
indicate the absence of support for the bipartition defined by a given internode. The behavior of the ICA measure
for a range of different values of X1, X2, . . . , Xn is shown in
figure 3.

Salichos et al. . doi:10.1093/molbev/msu061

and TCA as
TCA ¼

i¼k3
X

ICAi :

i¼1

The maximum TC or TCA value is equal to k  3 and
indicates a comprehensive absence of conflict in the phylogeny. When comparing phylogenies with different taxon numbers, a normalized value of TC or TCA can also be obtained by
dividing the TC value by k  3, the number of internodes in
the phylogeny.

Applications of IC, ICA, TC, and TCA

IC, ICA, TC, and TCA Can Quantify Incongruence in
Sets of Trees
The most straightforward use of the four measures is for
quantifying incongruence on a set of trees (fig. 4); often,
this set is composed of the gene trees obtained from analysis
of several different genes collected from the same set of taxa.
In this case, calculation of the four measures will be based on
the frequency values of the bipartitions present in the entire
set of gene trees; note that the frequency value of a bipartition
known as gene support frequency (GSF) reflects the percentage of gene trees that contain the bipartition (Gadagkar et al.
2005). When quantifying incongruence in a set of gene trees,
the IC and ICA values of a given internode will reflect the
degree of incongruence for that internode in the set of gene
trees, and the TC and TCA values will reflect the degree of
incongruence between the individual gene trees across the
entire phylogeny. When applied to a data set of 1,070 gene
trees from 23 taxa, the IC and ICA values revealed high levels
of incongruence in several internodes of the extended MRC
phylogeny and enabled us to distinguish between internodes
that have similar GSF values but very different degrees of conflict (fig. 4D). Specifically, the placement of Saccharomyces
bayanus and of Zygosaccharomyces rouxii received 52% and
62% GSF, whereas their IC values were 0.05 and 0.59 and their
ICA values were 0.14 and 0.47, respectively (fig. 4D). This
marked difference between the GSF and the IC/ICA values
of the two internodes is a result of the absence of wellsupported bipartitions that conflict with the placement of
Z. rouxii and the presence of well-supported bipartitions that
conflict with the placement of S. bayanus (Yu et al. 2012;
Salichos and Rokas 2013).
When analyzing phylogenetic trees from a single gene or
set of genes (multiple genes in supermatrix), it is standard
practice to calculate the robustness of support for each internode of the gene tree via bootstrapping (Felsenstein 1985;
1266

Soltis and Soltis 2003). One can thus use the set of bootstrap
replicate trees for a given gene to calculate IC, ICA, TC, and
TCA. In this case, calculation of the measures will be based on
the frequency values of the bipartitions present in the entire
set of bootstrap replicate trees, which are better known as
bootstrap support (BS) values. When quantifying incongruence in a set of bootstrap replicate trees from a single gene,
the IC and ICA values of a given internode will reflect the
degree of incongruence for that internode in the set of bootstrap replicate trees, and the TC and TCA values will reflect
the degree of incongruence between the individual bootstrap
replicate trees across the entire gene phylogeny. For example,
in our recent study (Salichos and Rokas 2013), we ranked
1,070 genes from 23 yeast species based on their TC value
as calculated from each gene’s bootstrap trees. Interestingly,
concatenation analysis of the 131 genes with the highest TC
placed Candida glabrata in a position that is also supported
by several distinct rare genomic changes (Scannell et al. 2006),
a result that contradicts both the analysis of all 1,070 genes as
well as previously published phylogenomic analyses (Hittinger
et al. 2004; Rokas and Carroll 2005; Fitzpatrick et al. 2006;
Jeffroy et al. 2006; Hess and Goldman 2011).

IC, ICA, TC, and TCA Can Quantify Incongruence in
Sets of Bipartitions
The four measures can also be calculated from a set of partially resolved trees or even directly from bipartitions (fig. 4B
and C). For example, the bipartitions present in each gene tree
rarely receive equal support; the bootstrap consensus tree of
virtually every gene shows that certain internodes receive
higher BS or IC/ICA values, indicating that the degree of congruence of phylogenetic signals as well as the degree of “noise”
from a given gene differs widely across internodes. Thus, it
may frequently be desirable to use only genes’ highly supported bipartitions in the inference of consensus phylogenies
(one can easily select the highly supported bipartitions in the
bootstrap consensus tree of a given gene by “collapsing” all
internodes with BS values below a certain threshold using
software such as the CONSENSE program in the PHYLIP package—[Felsenstein 1993]). In this case, calculation of the four
measures will be exclusively based on the frequency values of
those bipartitions that received high support (e.g., high BS) or
present low conflict in the entire set of gene bootstrap consensus trees. Thus, the IC and ICA values of a given internode
in the consensus tree will reflect the degree of incongruence
for that internode among only the group of highly supported
bipartitions present in the set of gene trees, whereas the TC
and TCA values will reflect the degree of incongruence between highly supported bipartitions across the entire phylogeny. Note that the use of IC or ICA overcomes potential issues
when only a small number of highly supported bipartitions
are associated with a given internode by measuring the degree
of incongruence independently of the number of bipartitions
taken into consideration. For example, both the IC and the
ICA value for the sister group S. cerevisiae and S. paradoxus
calculated from an analysis of 1,070 gene trees from 23 yeast
taxa is 0.56 (fig. 4D). In contrast, both the IC and ICA values

Downloaded from http://mbe.oxfordjournals.org/ at Jean and Alexander Heard Library on May 1, 2014

All four measures can be used to quantify incongruence on
any data set that contains bipartitions, including from bootstrap replicate trees, gene trees, or individual characters (e.g.,
from morphology, from large-scale and rare genomic changes,
or from individual sites in a sequence alignment). To demonstrate the utility of the four measures, we discuss three commonly used data types here, where one can deploy IC, ICA,
TC, and TCA to quantify incongruence.
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A

Trees
((a,b),c,(d,e));
((a,b),e,(c,d));
((a,b),c,(d,e));
((a,b),c,(d,e));
((a,b),e,(c,d));
((a,b),d,(c,e));
((a,d),c,(b,e));
((a,b),c,(d,e));
((a,d),e,(b,c));
((a,b),c,(d,e));

B

Bipartition: GSF
{a,b | c,d,e}: 8/10
{a,b,c | d,e}: 5/10
{a,d | c,b,e}: 2/10
{a,b,e | c,d}: 2/10
{a,b,d | c,e}: 1/10
{a,d,e | b,c}: 1/10
{b,e | a,c,d}: 1/10

C
Consensus bipartition: {a,b

| c,d,e}
| b,c,e}
{a,d,e | b,c}
{b,e | a,c,d}
c

Conflicting bipartitions: {a,d
IC = 0.28, ICA = 0.28

a

d

TC = 0.41
TCA = 0.48

b

IC = 0.14, ICA = 0.09

D

Kluyveromyces waltii (Kwal)
Kluyveromyces thermotolerans (Kthe)
31/0.04/0.10
Saccharomyces kluyveri (Sklu)
Kluyveromyces lactis (Klac)
36/0.08/0.08
Eremothecium gossypii (Egos)
Zygosacharomyces rouxii (Zrou)
Kluyveromyces polysporus (Kpol)
63/0.59/0.47
Candida glabrata (Cgla)
24/0.02/0.02
Saccharomyces castellii (Scas)
29/0.12/0.11
Saccharomyces bayanus (Sbay)
29/0.02/0.02
98/0.97/0.97
99/0.97/0.97
Saccharomyces kudriavzevii (Skud)
Saccharomyces mikatae (Smik)
52/0.05/0.14
Saccharomyces paradoxus (Spar)
0.2
60/0.31/0.27
77/0.56/0.56
Saccharomyces cerevisiae (Scer)
Candida lusitaniae (Clus)
TC = 8.40
Candida dubliniensis (Cdub)
98/0.95/0.95
TCA = 8.40
90/0.77/0.77
Candida albicans (Calb)
Candida tropicalis (Ctro)
87/0.75/0.75
Candida parapsilosis (Cpar)
48/0.11/0.11
89/0.76/0.76
Lodderomyces elongisporus (Lelo)
GSF/IC/ICA
Pichia stipitis (Psti)
31/0.02/0.08
Candida guilliermondii (Cgui)
28/0.02/0.07
Debaryomyces hansenii (Dhan)
42/0.32/0.23

99/0.97/0.97

FIG. 4. IC, ICA, TC, and TCA can quantify incongruence in any set of trees or bipartitions. Given a set of trees (A) that defines a set of bipartitions (B),
one can use the four measures to quantify incongruence (C). For example, examination of 1,070 gene trees revealed the presence of extensive
incongruence in a phylogeny of 23 yeast taxa (D) (values near internodes correspond to GSF/IC/ICA values).

calculated using only those bipartitions that received 80%
BS in individual gene analyses of the same 1,070 genes are 0.85,
suggesting that most of the observed incongruence in the
resolution of this internode stems from conflict among
weakly supported bipartitions.

IC, ICA, TC, and TCA Can Quantify Incongruence in
Sets of Individual Characters
Because the four measures can be applied to any data set that
contains taxon bipartitions, one can extend their use to quantifying the level of phylogenetic conflict on any character in
which the distribution of character states is such that it splits
the taxon set into two nontrivial bipartitions (fig. 5).

Assuming a character with two states 0 and 1 from a set of
k = m + n taxa, where m  2 and n  2, any site with a character state distribution of (01 . . . 0m, 11 . . . 1n) corresponds to
the bipartition {m taxa}/{n taxa}. Thus, one can use IC or ICA
to quantify the degree of incongruence for a given bipartition
defined by a character across a set of characters by considering the number of characters supporting that bipartition
jointly with the number of characters supporting the most
prevalent bipartition that conflicts with it (IC) or jointly with
the numbers of characters supporting all most prevalent bipartitions that conflict with it (ICA). Note that, much like GSF
reflects the frequency of bipartitions in a set of trees, the
frequency value of a bipartition defined by a character reflects
the percentage of characters that support the bipartition,
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e
Consensus bipartition: {a,b,c | d,e}
Conflicting bipartitions: {a,d | b,c,e}
{a,b,e | c,d}
{a,b,d | c,e}
{b,e | a,c,d}
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A
Taxon
Taxon
Taxon
Taxon
Taxon

B
a
b
c
d
e

Characters
abcdefghij
1010011101
1010011110
0111110110
0111110100
1111110111

C
Bipartition: CSF
{a,b | c,d,e}: 4/10
{b,c,d | a,e}: 1/10
{c,d | a,b,e}: 1/10
{a,d | b,c,e}: 1/10

Consensus bipartition: {a,b

| c,d,e}
| a,e}
{a,d | b,c,e}

Conflicting bipartitions: {b,c,d
IC = 0.28, ICA = 0.21

e
TC = 0.28
TCA = 0.21

a

c

b

d

Consensus bipartition: {c,d
Conflicting bipartitions: {a,d

| a,b,e}
| b,c,e}

IC = 0.00, ICA = 0.00

D

0.85/0.85
-0.05/-0.05
0.01/0.01

0.05/0.05
-0.20/-0.20
-0.07/-0.07
0.00/0.00
0.92/0.92
0.98/0.98
-1.00/-1.00
-1.00/-1.00
-0.74/-0.74

IC/ICA

0.86/0.86
0.64/0.64
0.46/0.46
0.43/0.43

0.00/0.00
0.00/0.00

0.00/0.00

Kluyveromyces waltii (Kwal)
Kluyveromyces thermotolerans (Kthe)
Saccharomyces kluyveri (Sklu)
Kluyveromyces lactis (Klac)
Eremothecium gossypii (Egos)
Zygosaccharomyces rouxii (Zrou)
Kluyveromyces polysporus (Kpol)
Candida glabrata (Cgla)
Saccharomyces castellii (Scas)
Saccharomyces bayanus (Sbay)
Saccharomyces kudriavzevii (Skud)
Saccharomyces mikatae (Smik)
Saccharomyces paradoxus (Spar)
Saccharomyces cerevisiae (Scer)
Candida lusitaniae (Clus)
Candida dubliniensis (Cdub)
Candida albicans (Calb)
Candida tropicalis (Ctro)
Candida parapsilosis (Cpar)
Lodderomyces elongisporus (Lelo)
Pichia stipitis (Psti)
Candida guilliermondii (Cgui)
Debaryomyces hansenii (Dhan)

FIG. 5. IC, ICA, TC, and TCA can quantify incongruence in any set of characters that define bipartitions. Given a set of characters (A) that defines a set of
bipartitions (B), one can use the four measures to quantify incongruence (C). For example, examination of 20,289 sites that contain single radical
substitutions (defined as substitutions with a blosum62 matrix score –3) from the data set of 1,070 genes from 23 yeast taxa showed that the
bipartitions defined by such sites not only lacked information about several internodes of the yeast phylogeny but also displayed considerable levels of
incongruence (D).

which we denote as character support frequency. Examples of
characters that can be used to define bipartitions include rare
genomic changes (Rokas and Holland 2000), indels (Belinky
et al. 2010), sites that contain a single substitution between
amino acids that differ radically in their physicochemical
properties (Rogozin et al. 2007), binary morphological characters, as well as any other binary characters. For example,
analysis of 20,289 sites that contain single radical substitutions
(defined as substitutions with a blosum62 matrix score 3),
from the data set of 1,070 genes from 23 yeast taxa, also
known as RGC_CAMs (Rogozin et al. 2007), showed that
the bipartitions defined by such sites were more incongruent
than the bipartitions present in the 1,070 gene trees.

Using TC and TCA to Evaluate the Impact of
Different Practices in Data Analysis
Summing the IC or ICA values across all internodes of a phylogeny amounts to the phylogeny’s TC or TCA, respectively.
One useful application of the TC and TCA measures is for
comparing the relative impact of different analytical practices
on incongruence. For example, one could calculate the TC
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and TCA values of the extended MRC phylogeny constructed
from the gene trees estimated from analysis of 100 genes with
only those sites that do not contain missing data and compare it with the TC/TCA measured from the eMRC phylogeny
constructed from analysis of the same 100 genes in which
only sites with more than 50% data missing are excluded. In
this case, the practice with the highest TC/TCA value will be
that one that displays the lowest degree of incongruence
among the 100 gene trees. In contrast, a high decrease in
TC/TCA may indicate that a particular data-filtering approach increases incongruence across the phylogeny. For example, examination of the TC of the trees from the 100
slowest evolving genes in a data matrix composed of 1,070
genes from 23 yeast taxa showed that they had a substantially
lower TC than the TC calculated by considering all 1,070 gene
trees (Salichos and Rokas 2013).

Calculating IC, ICA, TC, and TCA Using the
RAxML Software
We implemented the score calculations of the four measures in RAxML (Stamatakis 2006; version 8.0.0, available via
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Discussion
To tackle gene incongruence, phylogeneticists often resort to
creating concatenated data matrices composed of tens or

hundreds of genes (Rokas et al. 2003; Rokas et al. 2005;
Dunn et al. 2008; Philippe et al. 2009; Regier et al. 2010).
Because the vast majority of concatenation studies assesses
robustness in inference using bootstrapping, an extremely
useful measure of robustness of inference when data are limited (Felsenstein 1985) but one that in the presence of large
amounts of data will nearly always result in 100% support
(Rokas and Carroll 2006; Kumar et al. 2012; Salichos and Rokas
2013), numerous concatenation studies purport to have resolved long-standing phylogenetic problems. However, different phylogenomic studies focused on the same internodes
sometimes provide contradicting, but equally robustly supported, answers (Dunn et al. 2008; Philippe et al. 2009; Kocot
et al. 2011; Smith et al. 2011), suggesting that incongruence is
not ameliorated, but rather masked, by these practices.
Consequently, accurate phylogenetic inference requires not
only large amounts of data and absolute BS but also demonstration that the data do not contain substantial amounts of
conflicting phylogenetic signal (Salichos and Rokas 2013).
Thus, accurate inference requires methods that identify and
quantify conflicts in phylogenetic signal.
To quantify the degree of incongruence present in phylogenomic data matrices, we developed two novel measures, IC
and ICA, which quantify the degree of conflict on each specific internode of a phylogeny and two novel measures, TC
and TCA, which quantify the degree of conflict for the whole
tree. All four measures can be used for a wide variety of
different phylogenetic markers, from individual characters
to gene trees to genomic characters (figs. 4 and 5), and are
meant to provide simple, fast, and intuitive measurements
that identify the presence of incongruence in a phylogenomic
data matrix rather than to elucidate the root cause(s) of the
observed incongruence. Even though the absolute values of
our measures are not aimed to provide statistical significance,
the degree of certainty calculated derives from the amount of
information on each internode. For example, in the case of
IC, the degree of certainty corresponds to the ratio between the most prevalent and the next most prevalent,
but conflicting, bipartition (fig. 2). If the most prevalent
bipartition is supported by 95% of the data and the next
most prevalent conflicting bipartition is supported by the
remaining 5%, then the value of the IC measure will be approximately 0.71, whereas if the two most prevalent conflicting bipartitions have the same frequency of support, then IC
will equal zero.
Compared with the very popular incongruence length difference test (Farris et al. 1994), our measures can easily be
applied to the study of a single internode or the whole tree, to
study one or many data partitions, and are not dependent on
a particular optimality criterion. Compared with topology
constraint tests, such as the Kishino–Hasegawa (KH) test
(Kishino and Hasegawa 1989), the Shimodaira–Hasegawa
(SH) test (Shimodaira and Hasegawa 1999), and the approximately unbiased (AU) test (Shimodaira and Hasegawa 2001),
there is no need for a priori tree selection, and multiple internodes can be examined simultaneously very quickly. The
price of this speed and flexibility, however, is that our tests are
not designed to test specific phylogenetic hypotheses or
1269
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https://github.com/stamatak/standard-RAxML, last accessed
January 31, 2014), taking advantage of already available efficient data structures for performing calculations on bipartitions (Aberer et al. 2010). For a full description of the
commands for calculation of the four measures and an example, please see the dedicated manual (supplementary text
file S1, Supplementary Material online), the new RAxML
manual
(http://sco.h-its.org/exelixis/resource/download/
NewManual.pdf, last accessed January 31, 2014) and test
data set (supplementary data files S1 and S2,
Supplementary Material online). Given a set of gene trees,
RAxML can directly calculate an MRC as well as an eMRC
tree on this set that is annotated by the respective IC and ICA
values. The particularly compute-intensive inference of eMRC
trees (finding the optimal eMRC tree is, in fact, nondeterministic polynomial-time hard [NP-hard; Phillips and Warnow
1996]) relies on the fast parallel implementation presented in
Aberer et al. (2010). It can also compute stricter MRC trees
with arbitrary threshold settings that range between 51% and
99%. Furthermore, we have implemented an option that
allows for drawing IC scores onto a given, strictly bifurcating
reference tree (e.g., the best-known ML tree).
Note that the IC and ICA values are represented as branch
labels, because, as is the case for BS values, information associated to bipartitions of a tree always refers to its internodes
(internal branches) and not its nodes. Each tree viewer
(e.g., Dendroscope [Huson and Scornavacca 2012]) that
can properly parse the Newick tree format is able to
display these branch labels. The rationale for not providing
IC values as node labels is that some tree viewers may not
properly rotate the node labels when the user reroots the tree,
leading to an erroneous internal branch-to-IC-value
association.
When calculating the IC and ICA values on extended MRC
trees or onto a given reference tree, it may occur that the
bipartition that has been included in the tree has lower support than one or more conflicting bipartitions (see also
above). In this case, RAxML will display a warning to the
user and annotate the internode with a negative IC value.
Note that this is not only a theoretical possibility when using
extended MRC trees but a frequent observation for bipartitions that have low frequency in a gene tree set or that have
low BS in a set of bootstrap replicate trees.
RAxML also calculates the TC and TCA values as well as
their relative values that are normalized by the maximum
possible TC/TCA values for a given phylogeny. Finally, we
have implemented a verbose output option that allows
users to further scrutinize particularly interesting conflicting
bipartitions. In verbose mode, RAxML will generate two types
of output files: one set of files containing the bipartition included in the MRC tree and its corresponding conflicting
bipartitions in Newick format and an output file listing all
bipartitions (included and conflicting) with their IC and ICA
values in a PHYLIP-like format.
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Supplementary Material
Supplementary text file S1 and data files S1 and S2 are available at Molecular Biology and Evolution online (http://www.
mbe.oxfordjournals.org/).
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