Chapter 4
Graphical Methods for Visualizing
Comparative Data on Phylogenies

Liam J. Revell

Abstract Phylogenies have emerged as central in evolutionary biology over the
past three decades or more, and an extraordinary expansion in the breadth and
sophistication of phylogenetic comparative methods has played a large role in this
growth. In this chapter, I focus on a somewhat neglected area: the use of graphical
methods to simultaneously represent comparative data and trees. As this research
area is theoretically very broad, I have concentrated on new methods developed by
me, or techniques devised by others and implemented by me as part of my R
phylogenetics package, phytools. I describe a variety of methods in this chapter,
including approaches that can be used to map reconstructed discrete or continuous
character evolution on trees; techniques for projecting phylogenetic trees into
morphospace; and methods for visualizing phylogenies in the context of a global
or regional geographic map. In this chapter, my intention is not merely to show-
case new methods that I have developed. Rather, I have also dedicated consid-
erable attention to detailing the algorithms and computational techniques required
for these approaches with the hope that this chapter will become a resource or
jumping-off point for researchers interested in building new, more advanced
approaches and methods in this area.

4.1 Introduction

No one would seriously dispute the contention that a well-designed and infor-
mative figure can replace at least a thousand words, if not more, in a contemporary
scientific publication. Visualization can also play an integral role in the pre-
liminary analysis of new data and in generating new hypotheses which can be
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explored with more rigorous tests. However, effective graphical methods for new
types of data and analysis in phylogenetic comparative biology may also require
some creative new method development for visualization (e.g., Sidlauskas 2008;
Revell 2013). In this chapter, I'm going to describe and illustrate several new
approaches—devised by myself or others and implemented in my R package,
phytools (Revell 2012)—for visualizing comparative data on phylogenies. Spe-
cifically, I'll focus on visualization methods that can simultaneously show the
phylogenetic tree and a set of comparative data for discrete and continuously
valued phenotypic traits.

Large evolutionary changes take place over thousands of generations to mil-
lions of years. In many cases, phylogenetic comparative biology—the theory and
practice of drawing evolutionary inferences from phylogenies and comparative
data for phenotypic characters—represents our best or only recourse for studying
evolution on these vast timescales (Felsenstein 1985, 1988; Harvey and Pagel
1991; Mahler et al. 2010; Nunn 2011). Phylogenetic comparative methods have
advanced considerably in recent years (e.g., Butler and King 2004; O’Meara et al.
2006; Bokma 2008; Fitzjohn 2010; Eastman et al. 2011; Felsenstein 2012; Revell
et al. 2012; Beaulieu et al. 2013; Revell 2014; reviewed in Glor 2010; O’Meara
2012; Pennell and Harmon 2013). Many of the chapters of this book exemplify
these great strides. However, in some cases, these new methods and new types of
data for comparative biology also present us with new challenges in visualization.
Specifically, the most efficient, visually appealing, and informative way to
simultaneously represent phylogenetic and phenotypic information in a single plot
is not always clear.

Since a simple plot of the phylogeny forms the basis for several of the visu-
alization methods that I’ll describe in this chapter, I'm going to begin (in Sect. 4.2,
below) by detailing the general algorithm that can be used to draw two common
types of tree plots. In subsequent sections, I’ll focus my attention more specifically
on the challenges of simultaneously visualizing phylogenetic relationships and
trait data for phenotypic characters. In Sect. 4.3, I'll concentrate on discrete
character methods. I'll describe the comparative method called stochastic char-
acter mapping (Nielsen 2002; Huelsenbeck et al. 2003; Bollback 2006) and
illustrate how a single stochastic map can be plotted on the branches and nodes of
a phylogeny (Sect. 4.3.1). Next, I'll detail and illustrate two different approaches
for aggregating the results of many stochastic mappings (Sects. 4.3.2 and 4.3.3;
Revell 2013). Then, in Sect. 4.4, I’ll move on to several different methods that
have been developed for continuously valued phenotypic traits. The first and
second methods (described in Sects. 4.4.1 and 4.4.2) involve some kind of pro-
jection of the phylogeny into a space that is either fully or partially defined by our
phenotypic trait data in two or three dimensions (e.g., Sidlauskas 2008; Evans et al.
2009). The third method (described in Sect. 4.4.3) involves directly mapping the
reconstructed evolution of a continuous trait onto the branches of a plotted tree. I
also show how we can combine both types of plots to create a “phylogenetic
scatterplot matrix” suitable for multidimensional continuous trait data. In
Sect. 4.5, I'll describe a few additional new approaches, including the projection



4 Graphical Methods for Visualizing Comparative Data 79

of a tree onto a geographic map, and the combination of discrete and continuous
character methods into a single plot. In Sect. 4.6, I’'ll give a brief introduction to
the technical matter of programming phylogeny plotting methods in R (R Core
Team 2013). Finally, in Sect. 4.7, I’ll try to provide some concluding thoughts on
the challenges of visualizing phylogenetic and comparative data, the “paper par-
adigm” (Rosindell and Harmon 2012), and some possible future developments of
this field.

Before I begin, I should emphasize again that this chapter is not intended as a
comprehensive survey of phylogenetic visualization methods, nor even of visu-
alization methods for phylogenetic comparative biology. Rather, I have focused
specifically on methods that I have worked on in some way. By providing detail on
these methods, rather than a superficial survey of all approaches, I hope to inspire
readers of this chapter to think about novel techniques that are suitable for their
(idiosyncratic or general) problem or data. Hopefully, the content of this chapter
can become a starting point for additional methodological innovation and dis-
covery by other researchers.

Although all the methods of this chapter are implemented in my phytools R
package, plotting methods in phytools make extensive use of R base graphics
(R Core Team 2013), as well as some other packages such as scatterplot3d (Ligges
and Michler 2003), maps (Becker et al. 2013), plotrix (Lemon 2006), and rgl
(Adler and Murdoch 2013). In addition, phytools depends internally on ape
(Paradis et al. 2004) and phangorn (Schliep 2011) for their extensive suite of
functions for reading, writing, manipulating, and analyzing phylogenetic trees.

4.2 The General Problem of Drawing Trees

In this section, I’ll briefly describe the basic general algorithm for taking a tree
stored in computer memory (or, hypothetically, in your own memory) and drawing
that tree onto a piece of paper or a plotting object in R. Since there are already
many different tools for tree drawing available, this section will primarily appeal to
researchers interested in programming new visualization methods for phylogenies
(or understanding how existing methods are programmed). Readers that are not
interested in such things can probably skip this section. Here, I'm going to focus
on the general algorithms for tree plotting, which would apply equally to any
programming language or development environment; however, in Sect. 4.6,
toward the end of this chapter, I’'m going to go on to provide some specific code in
R to replicate one of these algorithms. Here, 'm going to concentrate on two
different types of trees that are also among the easiest to draw: square and circular
phylograms with intermediate node placement (Felsenstein 2004). Examples of
these two tree-plotting methods are illustrated in Fig. 4.1a and b, respectively. I
have to presume that these algorithms have previously been independently dis-
covered by anyone who has ever programmed a tree-plotting function; however,
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Fig. 4.1 a A square phylogram representing a simulated random tree. b A circular phylogram
showing the empirical phylogeny of Centrarchidae [from Near et al. (2005)]

I’m not aware (and I could be wrong, of course) of them having been written
down—at least not in the phylogeny literature.

Figure 4.1a shows a stochastic, pure-birth tree (i.e., a “Yule tree”) plotted as a
rightward square phylogram with intermediate node placement (Felsenstein 2004).
Rightward refers to the orientation of edges (when taken as vectors leading from
parent to daughter); phylogram just means that the plotted edges are proportional
in length to the branches of the tree; and intermediate node placement refers to the
(in this case) vertical position of ancestral nodes—in other words, we have posi-
tioned them vertically intermediately between the uppermost and lowermost
daughter nodes. Note that although the algorithm is described specifically for a
rightward orientation (in other words a phylogeny that “grows” from left to right
on our page; Felsenstein 2004), changing to a leftward orientation, or an upward or
downward orientation, simply requires that we change the sign of x, or flip x and y,
or do first one and then the other.

To create a graph in this style, the first step (step 1) is assigning vertical
positions to all of the tips in the tree. To do this, we first have to sort the tips into
what I’'m going to refer to as cladewise order (Paradis 2012). This just means that
tips in a clade are adjacent to each other in the ordering. In the case of Fig. 4.1, this
means that A, B,C,D,E, F,G,H,ILJ,K, L;B, C,D,E, F, G, H A I J K, L;orE,
F,G H B, C D, A IJ K Lare all valid cladewise orderings of the twelve taxa in
our tree. (There are also many other valid orderings.)

If this ordering seems like it could be complicated to obtain, then it might be
helpful to note that a left-to-right (or right-to-left) reading of the tip labels in a
Newick style tree is guaranteed to produce tip labels in cladewise order. For
example, the Newick strings below:
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((A:0.78,(((B:0.39,C:0.39):0.04,D:0.43):0.28,(((E:0.29,F:0.29):0.01,G:0.3):0.12,
H:0.42):0.29):0.08):0.22,(((1:0.42,J:0.42):0.12,K-0.54):0.39,1:0.92):0.08);,
((((B:0.39,C:0.39):0.04,D:0.43):0.28,(((E:0.29,F:0.29):0.01,G:0.3):0.12,H:0.42):
0.29):0.08,A:0.78):0.22,(((1:0.42,J:0.42):0.12,K:0.54):0.39,1.:0.92):0.08);, and
(((((E:0.29,F:0.29):0.01,G:0.3):0.12,H:0.42):0.29,((B:0.39,C:0.39):0.04,D:0.43):
0.28):0.08,A:0.78):0.22,(((1:0.42,J:0.42):0.12,K:0.54):0.39,1:0.92):0.08);

are all valid representations of the tree in Fig. 4.1a, and thus, all contain tip labels
(read left to right or right to left) in a cladewise ordering. Newick tree format is the
most widely used way to record phylogenies in plain text. Newick format uses
parentheses, commas, and colons to represent hierarchical and sister relationships,
and branch lengths, respectively (Archie et al. 1986). For more information about
the Newick format, readers should refer to Felsenstein (2004).

Having ordered the tips in this way, we can now go ahead and assign each tip a
vertical position evenly spaced from 1 through n for n tips (step 2). This step is
shown in Fig. 4.2a. (We could have just as well assigned values from n through 1,
—n/2 through n/2, 100 through 100 x n, or 0.1 through 0.1 X n, etc., so long as
we are prepared to resize the vertical axis of our plotting area accordingly.)

Now, we conduct a post-order traversal of the tree. This means we descend
from the tips to the root of the tree passing through each daughter node before its
parent. At each node, we can assign a vertical position to the node (and its
preceding edge) that is intermediate between the two daughters (step 3). This step
is illustrated in Fig. 4.2b, in which the horizontal dashed line indicating the ver-
tical position of each internal node is labeled with a list of the tips descended from
that node. If there are more than two daughters, in other words, if the node contains
a multifurcation, we compute the average of the lowermost and the uppermost
daughters (Felsenstein 2004). Having done this for all internal nodes, we are now
in possession of the vertical position of all plotted edges in the tree.

The next step (step 4) is to compute the horizontal starting and ending points of
each branch in the tree. To do this, we start at the root and use a pre-order tree
traversal, which means that we traverse each parent node before its daughters. As
we traverse the tree up from the root, we compute the starting horizontal position
of an edge as the sum of all preceding branch lengths in the path from the root to
the parent (starting) node of that edge. The ending point of the same edge is merely
this value plus the branch length of the current edge. The points computed in this
step are shown in Fig. 4.2c. Now, we have the vertical positions (from step 3) and
the starting and ending points of each branch in the tree. When we plot the
horizontal lines that connect these points, we’ve plotted all the branches in our
phylogeny in their correct horizontal and vertical positions. This step is shown in
Fig. 4.2d.

To add the relationships between species and clades (step 5), in other words, the
vertical lines in our plot of Fig. 4.1a, we start by taking each internal node in the
tree including the root. We go to its height on the horizontal axis, and we draw a
vertical line connecting the uppermost and lowermost vertical positions of its two
or more daughters. This step is illustrated in Fig. 4.2e. Having ordered the tip taxa
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Fig. 4.2 An illustration of the algorithm for drawing a rightward square phylogram with
intermediate node placement using the simulated tree of Fig. 4.1a. a Order the tips of the tree in
“cladewise” order. b Conduct a post-order traversal of the tree and compute the vertical position
of internal edges as the average of the highest and lowest daughter edges. The vertical positions
of terminal and internal edges of the tree are shown as horizontal dashed lines in panels (a) and
(b). ¢ Conduct a pre-order tree traversal and record the height above the root of the starting and
ending points of each edge. d Draw edges. e Plot the relationships between edges by going to
each internal node and adding a vertical line connecting the highest and lowest daughter edges.
f Add tip labels at the end of each terminal edge
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by clade before assigning their vertical positions in step 2, we’ve guaranteed that
our tree is “untangled”; in other words, no vertical lines cross any of our hori-
zontally drawn edges. Finally, to include labels (step 6), we merely add text to our
plot for taxa 1 through n at each of the 1 through n vertical positions we assigned
in step 2, in this case using the horizontal positions of the end of each terminal
edge, computed in step 4. This final step is illustrated in Fig. 4.2f.

For circular phylograms, such as the phylogeny of centrarchid fishes from Near
et al. (2005) shown in Fig. 4.1b, we conduct steps 1 through 4, just as described
above for rightward square phylograms. Then, however, we translate our node
heights (above the root, two for each edge) and vertical edge positions to the
coordinate system of our circular plot using the formulae x; = r; - cos(Y;) and
y; = r; - sin(Y;), where r; (radius) is the set of heights above the root for edge i and
Y; is its vertical position in the square tree. We connect each parent and daughter
subtending edge i using a radial line from (x;;,y1;) to (x24,¥2;). Then, at each
internal node, j, we draw an arc of radius r; spanning the lowermost to the
uppermost daughter edges of j. Finally, we plot our 1 through » labels at the end of
each terminal edge. Normally, we would angle the labels using the same angle as
the terminal edge, but then flip the orientation of the label by 180° for labels
plotted between 90° and 270° from horizontal (e.g., see Fig. 4.1b). Circular or fan-
style plots provide the advantage of allowing larger phylogenies to be represented
in the same plotting area (e.g., Edwards et al. 2010), sometimes even with readable
tip labels; however, they create the disadvantage that because time since the root is
represented by radial distance from the origin (rather than horizontal distance),
contemporaneous nodes and tips are a little bit more difficult to identify.

4.3 Discrete Character Methods
4.3.1 Mapping a Single Discrete Character on the Tree

The first plotting method for comparative data that I am going to describe is the
relatively simple approach of visualizing the reconstructed history of a discretely
valued character trait obtained from a phylogenetic method called stochastic
character mapping (Nielsen 2002; Huelsenbeck et al. 2003). Stochastic mapping is
a procedure in which we randomly sample possible character histories for a dis-
crete trait such that the probability of sampling any specific history varies in direct
relation to its posterior probability under our model of trait evolution (generally, a
continuous-time discrete-state Markov chain), given our tree and data. Stochastic
character mapping is described in more detail by Nielsen (2002), Huelsenbeck
et al. (2003), and Bollback (2006).

Briefly, to generate a single stochastic character map on the tree, we first sample
a joint reconstruction of our discrete character across all the nodes of the tree
conditioned on an instantaneous transition matrix between states, @, and our
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discrete character data, x. (Where Q comes from we will leave aside for the
moment.) These states are sampled from their joint posterior probability distri-
bution following Bollback (2006). Next, we simulate changes along the edges of
the tree using a rejection procedure. We obtain the waiting times for changes
between states by drawing randomly from an exponential distribution with rate
—Qsi, given initial state i. If the time is shorter than the total branch length of the
current edge, we simulate another change, and then another, and so on, until we
reach the end of the branch. At each change, we determine the new state by

picking a state at random with probability Pr(j) = Qj; / Z;Zf’ Qjj, for any derived

state j. Here, n is the total number of different states for our discrete character. If
the starting and ending states for the branch match our stochastic joint sampled
node states, we have successfully simulated a stochastic history for that branch. If
not, then we reject our simulation and repeat it until we have sampled a history
with starting and ending states that agree with our stochastically sampled states for
the nodes subtending that branch. Stochastic mapping is implemented in phytools
(Revell 2012).

There are two different procedures that we can use to obtain our continuous-
time discrete-state Markov chain transition matrix, 0. We can sample Q using
Bayesian MCMC, which I'll refer to as the full hierarchical Bayesian approach; or
we can fix @ at its most likely value, which I'm going to call an empirical
Bayesian approach (e.g., Yang 2006). The latter is unbiased, but has the problem
that variables (such as the number of transitions between states) that are estimated
from a posterior sample of stochastically mapped trees in which @ is set to its most
likely value will tend to have variance that is slightly too low. Conversely,
parameter estimates that we obtain from the full hierarchical Bayesian approach, in
which @Q and the stochastic histories are sampled from their joint posterior prob-
ability distribution, should generally have the correct variance; however, this
approach depends on the somewhat difficult task of specifying a reasonable prior
probability density for Q.

When we’ve figured out the best approach for our tree and data, and then
generated one or multiple stochastic maps, we can easily plot the stochastic char-
acter maps on a tree using different colors to map different character states through
time. This is accomplished by computing the fraction of time spent in each state
along each plotted edge in the tree. Having done this, we can then plot each state
using a different colored line segment. For the lines connecting branches that share
a common ancestor (i.e., the vertical or curved lines in Figs. 4.1a and b, respec-
tively), we merely plot this line using the color of the last state on the preceding
edge. (We could equally well use the initial state for any daughter edge, since under
a continuous-time character evolution model, it is theoretically impossible that the
character changes state exactly at a node.) Figure 4.3 shows an example circular
tree for Greater Antillean anole species from Mahler et al. (2010) with a mapped
discrete character “ecomorph”—the famous convergent ecological and morpho-
logical habitat specialists found in the Anolis lizard fauna of the Caribbean (Losos
2009). (The pie charts at internal nodes are not part of the stochastic map and will be
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explained in Sect. 4.3.2, below.) To generate this stochastic map, I assumed a single
substitution rate between all pairs of states, and then I fixed this rate to its most
likely (i.e., maximum likelihood) value (Pagel 1994), making this an example of
empirical Bayesian stochastic mapping (outlined above).

4.3.2 Aggregating Stochastic Maps: Node Posterior
Probabilities

One of the difficulties that is inherent in visualizing the results of stochastic
mapping using a plot like that of Fig. 4.3 is that plotting only one stochastic
character map can create the misleading impression of certainty in the discrete
character history. In fact, this plotted history is just one stochastic realization of
many plausible histories, sampled in direct proportion to its Bayesian (or empirical
Bayesian) posterior probability. Stochastic character mapping needs to be per-
formed repeatedly (say, 100 or 1,000 times) to obtain a representative sample from
the posterior distribution of plausible histories for our character; however, this
creates the difficulty of having to somehow visualize in aggregate the results from
many maps. If the character has changed state only once or a few times in the
history of our tree, then the variability among stochastic reconstructions will
generally be relatively small. In this case, any single stochastic map will be quite
similar to the average map, and consequently, there may be no need to aggregate
our visualization across maps. However, in cases when the character changes state
more often, ancestral states at internal nodes and changes along branches will tend
to vary much more among stochastically sampled reconstructions. In this case, it
could be useful to employ a visualization technique that can incorporate infor-
mation about this uncertainty.

One way to aggregate the results of many stochastic character histories is to
simply compute the posterior probability that each node is in each state repre-
sented in our dataset. To do this, we just go through every branch of the tree and
find the end state of that branch. The relative frequency of each character state for
the ending state of each branch (except the root) is our estimate of the posterior
probability that the corresponding daughter node is in that state. For the root node,
we just pick one of the two daughter edges for each stochastic map simulation and
compute the relative frequency that the starting state for that edge is in each state.
It does not matter which one, because (again) it is theoretically impossible that the
character changes state exactly at the root node in a continuous-time model.

To map these states on the tree, we can first plot our tree (or our tree with a
representative stochastic character map) as normal. Then, having stored the hori-
zontal and vertical positions of all internal nodes in memory, we can overlay the
posterior probability that the node is in each state as a pie diagram plotted at each
internal node of the tree using the same colors as were used in the mapping. The pie
charts overlain on the graph of Fig. 4.3 show an example of this type of visualization.
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Fig. 4.3 Stochastic character mapping of the multistate discrete character “ecomorph” on the
tree of Greater Antillean Anolis lizard ecomorph species. Any single map is a stochastic history
sampled from the posterior distribution of histories in proportion to its probability. The pie charts
at internal nodes show the posterior probabilities aggregated across 100 stochastically mapped
character histories using the empirical Bayesian method and a single-rate (i.e., “equal rates”)
character evolution model. Ecomorphs are named for the microhabitat in which they are most
often found, as follows: CG crown-giant, GB grass-bush, TC trunk-crown, TG trunk-ground,
Tr trunk, Tw twig

4.3.3 Aggregating Stochastic Maps: Branch Posterior
Density Mapping

If our discrete character is a binary (i.e., two-state) character, then we have a
further option for plotting that does not completely dispose of the information in
our stochastic maps about where along branches our character changes state.
Instead, we can map the posterior probabilities of our binary discrete character
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continuously along the branches and nodes of our phylogeny (Revell 2013).
Figure 4.4a gives an illustration of the method using data for the feeding modes of
biting vs. suction feeding in elopomorph eels (Collar et al. in revision).

To create this plot, I first finely segmented each branch of the maximum clade
credibility tree from a Bayesian phylogeny inference posterior sample of 1,000
phylogenies. Then I went through all the stochastic character maps and asked
whether each corresponding segment was in state 0 or state /. I tallied the relative
frequency of each segment being entirely in state 0 or /, and for the instances in
which the state changed within a segment, I computed a weighted tally with the
weights being set equal to the fraction of time spent in each state for that segment.
Having computed the posterior probability as a (near) continuous function of
branch position, I then generated a color map and plotted the edges of the tree
colored by this map. This method is implemented in phytools (Revell 2012, 2013).

We can use a similar approach to visualize the sampling variance across sto-
chastic character maps in our posterior sample. For a binary character, this vari-
ance is equal to p(1 — p), where p is the computed posterior probability that the
character is in state / (vs. state 0). If the character changes frequently on the tree,
this will result in substantial variability in stochastic character histories. By con-
trast, if the character changes only once or a small number of times in the tree, then
all stochastic maps will tend to be similar, and there will be much less variability
among stochastic maps in the posterior sample. In Fig. 4.4b, I’ve created a plot
showing the same phylogeny as in Fig. 4.4a with variability among stochastic
reconstructions mapped along the branches in grayscale (from white being highly
uncertain to black being highly certain). Note that the general pattern is that nodes
and edges deep in the tree are uncertain, whereas nodes and edges close to the tips
have low variance among maps. Although nodes and edges at the tips of the tree
will always tend to have low variance, particularly as we get closer and closer to
the tip states (which are known), as a general rule, deeper nodes and edges will be
more uncertain if the character state changes frequently—and less so if it changes
rarely.

Discerning readers may notice that no additional information is contained in
Fig. 4.4b relative to Fig. 4.4a since any branch with a posterior probability of state
1 (biting) that is close to 0.0 or 1.0 will have low uncertainty (black), whereas any
branch with intermediate posterior probability of being in state / will have high
uncertainty (white). This is indeed correct. In fact, Figs. 4.4a and b are just dif-
ferent visualization of the same data, so it would be at the authors’ discretion
which is more appropriate to their study. It’s interesting to consider that the
conditions under which we can map the uncertainty of the posterior density from
stochastic mapping on a tree are broader than the conditions in which we can map
the posterior density itself. Specifically, it’s technically challenging to map the
posterior density for more than two (or perhaps three, see Revell 2013) stochas-
tically mapped character states on the tree, whereas the difficulty of mapping the
uncertainty among maps is not influenced by the number of states for our trait.
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Fig. 4.4 Phylogeny of elopomorph eels from Collar et al. (in revision). a Posterior density of
feeding mode “biting” versus “suction feeding” mapped on the tree from 100 stochastic
character maps. b Variance among maps for feeding mode. Black indicates low variance (high
certainty in the reconstructed trait value), whereas white indicates high variance

4.4 Continuous Character Methods

4.4.1 The Traitgram

One of the simplest approaches for visualizing continuous trait data on a tree is
projection of the tree into a two-dimensional space defined by time and the con-
tinuous trait of interest. This has been called a “traitgram” (e.g., Ackerly 2009;
Evans et al. 2009), and an example from simulated data is given in Fig. 4.5a.

The procedure to create a traitgram in this style is as follows. First, we estimate
the ancestral states for our phenotypic trait at all the nodes of the tree (Schluter
et al. 1997). Next, we compute for each node the height of the node above the root
of the tree using a pre-order tree traversal. Then, we plot all nodes and tips with a
vertical position determined by their known or estimated trait values and a hori-
zontal position determined by the height above the root for that node or tip.
Finally, we connect all parent and daughter nodes by edges. In this type of
visualization, it’s important to keep in mind only the horizontal dimension of edge
length contains information about branching times in the tree.
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Fig. 4.5 a Hypothetical “traitgram” (projection of the tree into a space defined by time and the
continuous trait) for a simulated, 26-taxon tree. b Simulated three-dimensional traitgram (two
phenotypic trait axes plus time). ¢ The traitgram from Fig. 4.5a, with 95 % confidence limits
around ancestral values shown by increasing transparency in the plotted lines

Usually, we label terminal nodes using the names of the corresponding tip
species in the tree. If a number of tips have similar values on the phenotypic trait
axis, then this can create a messy plot in which labels overlap and are unreadable.
In the example of Fig. 4.5a, I used numerical optimization to space the tip labels
using a cost function that penalizes both label overlap and distance from the
vertical position of the tip node. (We can specify arbitrary costs for each—
depending on whether we find label overlap or label vertical displacement more
undesirable.)

It is also possible create a three-dimensional traitgram. In this case, the vertical
dimension (for example) might be time, whereas the remaining two dimensions
show observed or reconstructed trait values for two continuously valued traits.
Figure 4.5b shows a static image of a three-dimensional traitgram plotted with
time on the vertical axis. Although this is a fixed plot, phytools can also create a
three-dimensional plotting object that can be spun or animated using the R
package rgl (Adler and Murdoch 2013).

Finally, the traitgram algorithm can be used to create a visualization capturing
uncertainty in ancestral character estimation. In this case, we can use the Hessian
matrix or the formulae of Rohlf (2001) to compute the standard error and 95 %
confidence interval around ancestral state estimates. Having done this, we can plot
95 % confidence limits around ancestral states (and edges in the traitgram) using a
continuous color or transparency gradient, such as that illustrated in Fig. 4.5c.

4.4.2 Projection of a Tree Into Morphospace

Another common visualization method is a complete projection of the tree into a
two- or three-dimensional morphospace. This visualization is commonly referred
to as a “phylomorphospace” plot (e.g., Rohlf 2002; Sidlauskas 2008).
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Fig. 4.6 Phylomorphospace (projection of the tree into morphospace) for two principal
component axes from 82 species of Greater Antillean Anolis lizards. “Ecomorph” class (i.e.,
ecomorphological habitat specialist) from one stochastic map is projected onto the phylomor-
phospace. Ecomorphs are as in Fig. 4.3

To create a phylomorphospace visualization, we first need to estimate the
ancestral states for all internal nodes in the tree including the root (Schluter et al.
1997). Then, we plot all the estimated states at nodes and the observed states at the
tips into our bivariate space. Finally, we connect all parent to daughter nodes with
edges and add labels if desired. A visualization of a phylomorphospace plot in two
dimensions is given in Fig. 4.6. This figure shows a projection of the phylogeny of
greater Antillean ecomorph species of anoles into a two-dimensional principal
component morphospace defined by relative limb lengths on the horizontal (PC1)
and overall size on the vertical (PC2). Overlain on the projection is a single
stochastic map of the evolution of ecomorph on the tree of anoles—the same
stochastic map, in fact, as in Fig. 4.3. (See Sect. 4.3.1 for more detail on stochastic
character mapping.) The phylogeny and data are from Mahler et al. (2010).

One unfortunate attribute of phylomorphospace visualizations of this type is that
all information about time since the root is thrown away during plotting. Recently,
some authors (Miller et al. 2013) developed an approach to try and show this
information on a phylomorphospace plot using a color gradient that changes con-
tinuously from the root to the tips of the tree. Figure 4.7 shows a tree (in panel a)
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Fig. 4.7 a Stochastic phylogeny with time since the root overlain as a color gradient.
b Simulated phylomorphospace with the color gradient retained (following Miller et al. 2013)

and an example phylomorphospace plotted in this style (Fig. 4.7b), with the tem-
poral dimension retained via a continuous color gradient from the root of the tree
(red) toward the tips (blue).

4.4.3 Continuous Character Mapping on the Tree

A final method for continuous character visualization uses the same technique as
was described for a posterior density plot from a set of stochastic map trees;
however, in this case, we estimate the ancestral states for internal nodes using ML
and then interpolate the states along the branches of the tree using Eq. (2) from
Felsenstein (1985). Having done this, we are prepared to map our continuous trait
on the tree using a continuous color gradient. This method is implemented in
phytools (Revell 2012, 2013; also see Verbruggen 2008). An example of this
continuous trait mapping is given in Fig. 4.8 using log-transformed body size
(snout-to-vent length, or SVL) in Greater Antillean Anolis lizards (Mahler et al.
2010). Using the phytools package, it is also possible to combine methods a and b
of this section to visualize trait evolution for more than two characters in a single
graph. For instance, Fig. 4.9 shows a four-trait multivariate phylogenetic scatter-
plot matrix for simulated data. The diagonal consists of continuous character maps
for each ith trait, whereas the i, jth off-diagonal cell shows a bivariate projection of
the tree into morphospace for traits i and j. For both Figs. 4.8 and 4.9, the specific
color scheme is arbitrary, and a different color palette can easily be specified by
the user (if, for instance, a more color-blind-sensitive color scheme is desired).
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Fig. 4.8 Body size mapped using a continuous color gradient on a phylogeny of 82 Caribbean
anole species from Mahler et al. (2010)

4.5 Additional Methods

In Sects. 4.3 and 4.4, 1 illustrated some different visualization techniques for
discrete and continuous character data; however, it is also relatively straightfor-
ward to combine some of these techniques into a single plot. I already showed an
example of this in Fig. 4.6, which gives a phylomorphospace with an overlain
discrete character stochastic mapping.

As these approaches thus far only extend in minor ways the visualizations
already shown, I won’t dwell extensively on specific methodology; however, by
way of illustration, Fig. 4.10a shows a stochastically mapped discrete character
overlain on a continuous character traitgram, while Fig. 4.10b shows a bivariate
projection of the tree into morphospace with a posterior density from stochastic
mapping overlain. This type of plotting method is especially useful in exploratory
data analysis for datasets in which (for instance) the state of discrete character is
hypothesized to influence the rate of evolution in a continuous character (e.g., in
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the simulated data of Fig. 4.10a), or in which the state of a discrete character
influences the evolutionary correlation between traits (e.g., Fig. 4.10b).

Finally, trees can also be projected onto a geographic map. For instance,
Fig. 4.11a shows a simulated phylogenetic tree in which the tips of the tree point
to different geographic localities (perhaps the center of a hypothetical species
range or the type locality for the species) on a world map. All the nodes on the tree
have been rotated using a “greedy” optimization method to minimize line
crossing. The method merely climbs up the tree using a pre-order (root-to-tip)
traversal, rotates each node, and accepts the rotation if it reduces the objective
function—which is the difference in rank order between the left-to-right order of
the tip labels and the west-to-east ordering on the map. Figure 4.12b shows a
different type of direct projection of the tree onto a map; however, in this case, it is
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Fig. 4.10 a Traitgram on a simulated tree with a stochastic character map overlain. The
continuous character data were simulated with a high rate of evolution on the red branches of the
tree and a low rate on the blue branches. b Phylomorphospace with a posterior density map from
100 stochastic character maps overlain. Data were simulated with a high evolutionary correlation
on the blue branches of the tree

important to keep in mind that the locations of the internal nodes in this projection
are not equivalent to ancestral range reconstructions (which may be possible to
obtain using different methods outside the scope of this chapter, e.g., Ree and
Smith 2008).

4.6 Programming Phylogeny Visualization Methods in R
4.6.1 The Structure of a “phylo” Object

The first and most useful thing to understand when developing a plotting method
for phylogenies in R is the basic structure of a phylogeny in memory. Phylogenies
are stored in R as an object of type list with the class attribute set to “phylo”.
Thus, we say that a phylogeny is stored as an object of class “phylo”. A list in R
consists of a set of objects that can be the same or different in type. For instance, a
list could consist of a matrix, a vector of real numbers, and a character string. In
this case, the “phylo” object, tree, consists of the following four elements and one
or more attributes. We can denote the elements of a list using double square
brackets (i.e., [[]]) or the dollar sign ($):

tree$edge: edge is a matrix of dimensions e x 2 in which e is the number of edges
in the tree. For a fully bifurcating tree, e = 2n — 2, for n total taxa in the tree. This is
just the number of tips (n) plus the number of internal nodes (n — 1) minus 1, since
every tip or internal node (except for the root) is preceded by an edge. The matrix
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Fig. 4.11 Two different projections of a phylogeny onto a geographic map. a A projection in
which the tips of the tree are connected to locations on the map via dotted lines. The nodes of the
tree were rotated using a “greedy” optimization method to minimize line crossing. b A “direct”
projection of the phylogeny onto the tree. Note that nodes should not be interpreted as
reconstructed ancestral areas in this visualization

tree$edge contains the starting and ending indices (i.e., node number) of every edge
in the tree. These indices are given in the boxed numbers of the example five-taxon
tree of Fig. 4.12. By convention, indices 1 through n are assigned to the tip nodes in
the tree, whereas indices n + 1 through m +n+ 1 (for m internal nodes) are
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assigned to the internal nodes of the tree. For the tree in Fig. 4.12, an example
ordering of tree$edge is as follows:

> tree$edge

[,11 [,2]
[, 6 7
[2,1 7 1
[3,1 7 8
[4,] 8 9
[5,1 9 2
[6,] 9 3
[7,1 8 4
[8,] 6 5

tree$Nnode: Nnode is an integer giving the total number of internal nodes in the
tree, including the root.

> tree$Nnode
[1] 4

tree$tip.label: tip.label is a vector containing all the tip labels for the tips of the
tree. The order of free$tip.label is the index order for the nodes. For instance, for
the tree in Fig. 4.12, this is merely as follows:

> treeS$tip.label
[1] "a" wB" nwgw wpe wgw

tree$edge.length: edge.length is a vector containing the lengths of all the edges of
the tree in the order of the rows of tree$edge. In Fig. 4.12, this vector is as follows:

> treeSedge.length
[1] 4 8 5 1 2 2 312

Finally, the “phylo” object has at least one attribute, its class. This is just a
string which tells R how to treat the object in certain custom functions built to deal
with objects of this type. In this case, the attribute is simply:
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> attr(tree,"class")
[1] "phylo"

Special types of “phylo” objects can have additional elements or attributes.

4.6.2 Plotting a Simple Phylogram

The next thing that I'll illustrate is how to use the algorithm of Sect. 4.2 to plot a
simple, right-facing phylogram. Whereas in Sect. 4.2 I focused on a general algo-
rithm that applies theoretically to any programming language or development
environment, here I'll give specific R code. Obviously, packages like the R phy-
logenetics libraries ape and phytools already contain numerous functions for drawing
trees; however, a basic understanding of how trees are plotted in R may be useful to
investigators interested in developing totally new approaches for visualization.

The code 1 give below depends on the R packages ape and phytools. That
means that it uses functions internally that belong to those R function libraries. To
start, we should load those packages:

library (ape)
library (phytools)

The first step is to figure out how many tips we have in the tree and then reorder
the tree so that the edges of tree$edge are “cladewise”—that is, edges in the same
clade are next to each other in the matrix:

n <- length(tree$tip.label)
cw <- reorder (tree,"cladewise")

Next, we want to compute the vertical position of all the edges in our rightward-
facing tree. To do this, we assign our cladewise-ordered tip heights 1 through n and
then compute the heights for all internal edges via one post-order tree traversal:

## create vector

y <- vector (length=n+cw$Nnode)

## assign heights for tips

ylcw$edge [cwSedge[,2]<=n,2]] <- 1l:n

pw <- reorder (tree, "pruningwise")

nn <- unique (pw$edgel[,1])

## assign heights for internal nodes

for(i in l:length(nn)) {
yy <- ylpwS$Sedge[which (pwSedge[,1]==nn[i]),2]]
y[nn[i]] <- mean(range (yy))

}

Then, we compute the starting and ending points of each edge on the tree. This
can be done for a tree in cladewise order using the phytools function nodeHeights:
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X <- nodeHeights (cw)

The matrix X has dimensions equal to tree$edge, and every element of X cor-
responds to the height above the root of the corresponding element of tree$edge.

Now, we are ready to open a new plotting object. Here, we crudely size the
horizontal (x) dimension of our plotting area to be 10 % larger than the total length
of our tree—to allow space for labels. In “real” tree-plotting functions, we would
use a more sophisticated algorithm for this to ensure that enough (but not too
much) space was allocated for plotting labels:

plot.new ()
par (mar=rep(0.1,4))
plot.window (xlim=c (0,1.1*max (X)), ylim=c(0,max(y)+1))

Next, we can plot all the horizontal lines in our tree. This is easy because for
each edge, the x-axis coordinates correspond to a row of X. The single y-coordinate
can be found by matching the endpoint of the edge (i.e., cw$edge[i,2] for the ith
edge) with the vector y:

for(i in l:nrow (X)) lines(X[i,],rep(ylcw$Sedge[i,2]],2),1lwd=2,lend=2)

Then, we add the vertical lines that show the relationships between taxa. Only
internal nodes have vertical lines, so we just go through the indices used for
internal nodes. Each time, we find the element of X and the coordinates from y that
correspond with the target edge, and plot the following:

for(i in 1l:tree$Nnode+n)
lines (X[which (cw$edge[,1]==1i),1], range (y[cw$Sedge [which (cwSedge[,1]==1i),2]]),1lwd=2,
lend=2)

Finally, we can plot tip labels. This is easy. The vertical position is the position
we assigned at the beginning of the exercise; the horizontal position is the cor-
responding node height of the terminal node for that tip:

for(i in 1:n) text(X[which(cw$edge[,2]==1),2],y[i],treestip.label[i],pos=4,0ffset=0.1)
Try it!

4.6.3 Plotting a Simple Projection of the Tree Into
Morphospace (Phylomorphospace)

In Sect. 4.4.2, T described a method to project a phylogenetic tree into a two-
dimensional morphospace (i.e., a phylomorphospace plot). What follows is a bit
more detail on how to program this visualization method in R, which, as the reader
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will see, is even simpler than plotting a phylogram. This function again uses ape
and phytools. Since phytools is dependent on ape, simply loading phytools should
be sufficient:

library (phytools)

First, let’s calculate how many tips we have and then estimate ancestral states
for all internal nodes. The latter is accomplished using the phytools function
fastAnc:

n <- length(tree$tip.label)
x <- c(x[treeS$Stip.label], fastAnc (tree,x))
y <- c(yltree$tip.label], fastAnc (tree,y)

Now, let us plot the tips and nodes of our tree. For better ease of visualization,
let’s plot internal nodes with a slightly smaller symbol than tips:

plot(x[1l:n],y[l:n],cex=1.25,pch=21,bg="black",xlab="x",ylab="y")
points (x[1l:tree$Nnode+n],y[l:treeSNnode+n],cex=1,pch=21,bg="black")

Then, add the lines connecting parent and daughter nodes in morphospace.

apply (tree$Sedge, 1, function (edge, x,y) lines (x[edge],yledge]), x=x,y=y)

Finally, let’s label all terminal nodes:

text(x[1l:n],y[l:n],tree$tip.label,pos=2)

4.7 Conclusions and Future Directions

Phylogenetic comparative methods have become central to evolutionary biology
over the past thirty or so years (Miles and Dunham 1993; Freckleton et al. 2002;
Losos 2011; Baum and Smith 2013) and have even begun to infiltrate other bio-
logical and non-biological disciplines, such as genomics, biological anthropology,
and linguistics (e.g., Thornton and Desalle 2000; Atkinson and Gray 2005; Nunn
2011). Many chapters of this book discuss innovative new approaches for data
analysis in comparative biology. However, an important—but sometimes over-
looked—first and last step in data analysis is often visualization. First, because
plotting trees and comparative data can alert us to deviations or errors in our data
and perhaps suggest methods of study that might be useful for our data or question.
For instance, in a continuous character mapping on the tree, a color gradient along
an edge of the tree that suggested that a lineage changed from the highest observed
value of the trait to the lowest (or vice versa) might inspire us to cross-check the
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phenotypic trait value in our dataset, or the position of a potentially “rogue”
lineage in the tree. Last, because presenting persuasive and informative figures can
be an important tool in conveying relevant information about our study system,
question, and results.

Potential methods for visualizing phylogenies and comparative data are limited
only by the scope of our imaginations (e.g., Rosindell and Harmon 2012). In this
article, I have concentrated on relatively simple methods implemented in one way
or another in the phytools R package (Revell 2012). Some of these were originally
devised by me, but others were devised by others and implemented by me (e.g.,
Rohlf 2002; Sidlauskas 2008; Evans et al. 2009; Miller et al. 2013). Other methods
still were devised in a slightly different form by others and adapted by me for R and
the phytools package (e.g., Verbruggen 2008). The list of methods described in this
chapter is not comprehensive; however, it does sample from a broad swath of
approaches for visualization in phylogenetic comparative biology across discrete
and continuous character data types. I have not discussed visualization methods that
use the tree but no phenotypic trait data for comparative analysis (for instance,
lineage-through-time plots; Pybus and Harvey 2000; Harmon et al. 2003). A review
of these methods could be the topic of a separate article or book chapter.

One major limitation of the approaches described in this chapter is that they are
constrained to the “paper paradigm” (Rosindell and Harmon 2012). That is, they
are designed to be printed on a piece of paper. The printed page (or at least an
electronic version thereof) continues to be the primary mode of communication in
the sciences. However, this medium imposes severe limits on the size and scope of
visualizations of comparative data and phylogenies. Phylogenetic datasets can now
contain thousands or perhaps even tens of thousands of tips (e.g., Bininda-Emonds
et al. 2007; Smith et al. 2009). Most of the methods of this chapter would be
ineffective at conveying useful information about phylogenetic comparative data
for phylogenies of this size. Future method development in phylogenetic com-
parative biology should look to move beyond the paper paradigm for solutions in
visualizing large phylogenies and multivariable phenotypic datasets.

Phylogenetic comparative biology has grown over the past thirty or so years to
assume a central position in evolutionary study (Miles and Dunham 1993; Losos
2011). Along with it have come new challenges in visualizing comparative data on
trees. In this chapter, I have discussed a number of novel or newly implemented
visualization methods for comparative data and phylogenies. In the future, new
approaches must address the challenge of very large phylogenies (e.g., Rosindell
and Harmon 2012) and increasingly multivariate phenotypic trait data of modern
phylogenetic studies.
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