CHAPTER SEVEN

Phylogenetic Inference
with Parsimony

Given the importance of phylogenetic
trees in modern biology, it is important to know enough about the reconstruc-
tion of phylogenetic trees, phylogenetic inference, to understand why we might
(or might not) wish to accept trees generated by evolutionary biologists. Addi-
tionally, phylogenetic inference serves as an excellent example of the general
principles that allow scientists to elucidate events that happened in the past.
As a result, even if you are never likely to do phylogenetic research, it is worth
knowing something about phylogenetic analysis so that you can appreciate the
rigor of historical sciences such as evolutionary biology, geology, paleoclima-
tology, and cosmology.

Nowadays there are several alternative methods for phylogenetic inference,
most of which proceed via the same basic steps: constructing a data matrix,
identifying trees that are most compatible with the data matrix, and then con-
ducting statistical analyses to evaluate how confident we should be in our phy-
logenetic conclusions. In this chapter we describe the first two steps in this
Process, focusing on the method of maximum parsimony and its historical pre-
decessor, Hennigian inference. Parsimony is just one of a variety of methods
- for phylogenetic inference. It provides a useful starting point for understand-
ing how phylogenetic trees are estimated and can serve as a foundation for the
introduction of model-based methods ( Chapter 8).

A BIOLOGICAL EXAMPLE: CARNIVORA

rovide a context for the discussion of methods of phylogenetic inference,
= use a simplified biological example, a study of the Carnivora. Carnivora
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A BIOLOGICAL EXAMPLE: CARNIVORA

degree of heritability has the potential to provide phylogenetic information.
Appendix 1 summarizes the main classes of data that may be used for phy-
logenetic analysis. Until the early 1990s, phylogenetic analyses were usually
based on morphological traits. With the advent of modern molecular methods,
almost all phylogenetic studies now employ DNA sequence data. However, it
will be instructive to begin with a consideration of morphological characters.

We will do this by extracting morphological data from a published study by
Wyss and Flynn (1993).

There is one final consideration before we can begin to collect data: we must
choose one or more outgroup taxa. Outgroups serve as a
son with the ingroup (here, the carnivora

determine the direction (polarity) of
member of Carnivora could theoreti
the best outgroups are reasonably clo
more easily compared between the i
morphological data we will use as an
of mammals. The reason that they ca
are extinct. Rather, it is because they
cated by the fact that they lack certai
morphies of Carnivora, such as the
ear. A living group that is known t
just as well provided that it had ch
those found in Carnivora,

point of compari-
ns), allowing us to root our trees and
character change. Any taxon that is not a
cally serve as a valid outgroup. However,
sely related to the ingroup so that traits are
ngroup and outgroup. For our analysis of
outgroup the creodonts, an extinct group
N1 serve as an outgroup is not because they
fall outside of the Carnivora clade as indi-
n shared derived characteristics or synapo-
bony auditory bulla that encloses the inner
o be outside the Carnivora clade would do
aracters that could readily be compared to

Now we can proceed to score the ingroup and outgroup taxa for the mor-
phological traits selected. Appendix 2 provides more information on the com-
plexities of building a data matrix based on morphological data. The species are

. scored for each trait by observing an individual or a few individuals from that

Species and recording the form of that trait, its character state. The 12 charac-
ters and the states for each character are given in Table
to all of the character states
7

uld be attached to this ¢
Id not affect the results.

oving through the tips, we record the character state for each character for
Species to build a character state matrix. For example, we observe that,
Tait 6 (the tail), creodonts have the “elongated” state. We have chosen to
esent this state with a 0, so creodonts are given a score of 0 for trait 6 in the

7.1. We have assigned 0
present in the outgroup. However, no significance
onvention: choosing different labels for the states
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reconstruction.

Hennigian inference makes two maj

or assumptions: (1) There is a strictly
treelike phylogenetic history,

and (2) there is no homoplasy—each character
evolved from an ancestral (plesiomorphic) to a derived (apomorphic) state
once, without subsequent reversal. In other words, Hennigian methods require
that there be no back mutations and no independent forward mutations. Given
these assumptions, a set of tips sharing an apomorphic state must be a clade,
Let us apply this principle to the morphological data for Carnivora. The
first problem is to determine which character states are ancestral and which
are derived. For example, did dewclaws evolve within the group, or were dew-
claws lost? While many methods have been proposed for determining charac-
ter polarity (Chapter 4), the most widely used is the outgroup method. If a state
is variable in the ingroup, the state that occurs in the outgroup is the ancestral
state for the ingroup. If no character states are shared between the ingroup and
the outgroup, the ancestral state for the ingroup cannot be determined. In this
case the outgroup creodonts have dewclaws (character 7, Tables 7.1 and 7.2), so
“dewclaws present” is the plesiomorphic or ancestral character state.
You may notice that creodonts are scored as uncertain (‘?") for the soft tissue
traits: kidneys, prostate gland, ears, and testes. By examining additional living
outgroups, we can determine that the ancestral state for these four characters
was probably also state 0. A modified data matrix with a hypothetical outgroup
having all ancestral states is shown in Table 7.4.

The Hennigian method of phylogenetic inference involves identifying sets
of taxa that share a derived character state and inferring that they form a clade.
For example, character 11 supports a seal + walrus clade, and character 4 sup-
Ports a cat + hyena clade. Applying this method we can now draw a tree that
contains all of the clades suggested by the 12 morphological characters (Figure

7.2). To make it easier to interpret, we have indicated the numbers of the char-
acters that support each clade.
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does happen. Some characters secondarily evolve to closely resemble an ances-
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. errors in the determination of character polarity.
If we examine additional carnivoran ¢

haracters from the larger morphologi-
cal matrix put together by Wyss and Flynn (1993), we can quickly find cases

that serve to prove that Hennig’s rules do not apply. Consider a thirteenth char-
acter: the presence/absence of lower premolar 1. This tooth occurs in the out-
group and all ingroups except cat, hyena, and otter. The absence of lower pre-
molar 1 in cat, hyena, and otter suggests that these three form a clade. However,
such a clade would require homoplasy in several other characters, for example,
character 1 (branching of the turbinal bones). A tree that is fully consistent with
character 13 would be inconsistent with character 1. Because there is no tree

that is consistent with both characters 1 and 13, we know that Hennig’s rules
were broken.

If we allow the possibility of homoplasy,
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to deduce the true tree. Once the mode]
logic cannot tell us which tree is correct,

rion, a metric that can be used to decide, given some data, which trees are better
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changes. Referring back to the consistency index (Chapter 4), parsimony selects
the tree that maximizes the average consistency index of the characters in the
matrix. The simplest implementation of parsimony proceeds in three steps:
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minimum number of character state changes, or steps,
to account for the distribution of states among tips (see Chapter 4).
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enERTLA fc m a clade. Nonetheless, unl?SS ttern, we expect diff
L the derived state osrto show the same homoplasious pa
: . ter
different charac

ifferent trees. : dat:
. lving characters to support C.hff data matrix is very high, the d?
ent rapidly evo Jution for all characters ina da nother: that is, all H&
If the rate of evoit t signal favoring one tree over a vailal
nsisten
should lack a co

H L v

tree is “signifi-
er. Although parsimony gives us valuab

le insights into
data, statistical methods must be applied to determine
cingly favor some topologies over others.

FINDING OPTIMAL TREES

In the example above, we dealt with a simple case involving just four taxa.
With three ingroup taxa and one outgroup, there are only three possible fully
resolved tree topologies. This made it

asy to determine the parsimony score of
each of these trees and to identify the

most parsimonious tree.
Suppose instead that we have four

» not three, ingroup taxa (five taxa in
all). Because the fourth taxon could be added to any of five branches on the
three possible trees for three ingroups, there are 15 possible rooted topolo-

- 8ies (Figure 7.7). In turn, each of these 15 trees has seven places to add yet
' ere are 7 x 15 = 105 possible rooted
the mathematically inclined, if we
SUme one outgroup and » Ingroup taxa, the number of rooted tree topol-
gies is (2n-3) x (2a-5) x (2n-7) x ... %3 % 1. This can also be writ-
(2n-3)! / [272 » (n-2)!]. Table 7.8 lists the numbers of tree topologies
. €35¢s with even more taxa. As you can see, the number of possible trees
fiCreases very rapidly as the number of taxa increases, When you get to 52
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TABLE 7.8 The rapid increase in the number of rooted tree topologies

with increasing numbers of taxa

Number of ingroup taxa
(with a single outgroup) N

umber of possible topologies
2

1

3 3
4 15
| 5 105
6 945
10 34,459,425
20 ~8,200,794,532,637,890,000,000
50 ~27,529,213,532,835,600,000,000,000,000,000,000,000,
OO0,000,000,000,000,000,000,000,000,000,000,000,000
100

~33,499,038,543,080,200,000,000,000,000,000,0(}0,000,
000,000,000,000,000,000,000,000,000,000,000,000,000,
OO0,000,000,000,000,000,000,000,000,000,000,000,000,
OO0,000,000,000,000,000,000,000,000,000,000,000,000,
000,000,000,000,000,000,000,000,000,000

taxa, the number of possible trees exc
in the entire universe!

Using a modern computer, it is possible to calculate the length of every pos-

sible tree for up to about 10 taxa. But when you consider that there are perhaps
2 million named species alive today, phylogenetics would be limited indeed if
We could never study more than 10 taxa at one time. How then, for larger num-
of taxa, can we find most parsimonious trees?

O up to about 20 taxa

eeds the estimated number of electrons

a can be added without introducing e
€ 1axa to a tree can never “undo” homoplasy that is already implied by the
Ltree, Asa result, ifa pruned tree is less parsimonious (longer) than the
ttree found so far (the “bound”), then we can be sure that all trees that

from the pruned tree (i.e., match the pruned tree with the missing taxa
n) are also worse than the current bound.

xtra homoplasy, because

L D—— |
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ave 12 taxa in a data set and have already found
length of a certain 10-taxon
know that any 12-taxon tree

For example, suppose We h
one 12-taxon tree of length 712. If we calculate the
tree and find that it had a length of 713, W€ would
that could be pruned to yield this 10-taxon tree must be less parsimonious

than the 12-taxon tree that we have already found. Therefore, all trees that are
derived from the pruned tree can be excluded without even calculating their
length. Depending on th d-bound can usually

¢ structure in the data, branch-an

find the most parsimonious tree while only calculating the length of 2 subset of
trees. However, even branch-and~bound becomes impractical with more than 1
20 taxa. So what can be done for yetlarger numbers of taxa? ‘
Computer scientists have developed heuristic search algorithms that allow

one to analyze indefinitely large data sets. These programs are not guaranteed
to find the optimal tree, do so and even when they do not, the

but they usually
optimal tree overall is expected t0 be quite similar to the best trees found. To
heuristic algorithms work, it will be helpful to introduce the con-

explain how
cept of tree space.

As discussed in Chapter 3,
gies is the number of rearrange
Among the several possible rear
tree pruning and regrafting (SPR).

Now imagine a space in which all possible trees ar

that each tree s placed adjacent to all
rangement away. This tree
distance of one specific tree
alization let us pretend that tree space could be

Now imagine an additional dimension: measu
simony framework, tree length is a measure of how well a tree explains 2
data. Each point in tree space corresponds to a tree with a definite tree |
for the data we aré analyzing. gomewhere on this space there must be o

more trees that are shorter than all the rest—the mo :
other trees are a certain number of steps less parsim
longet, some are tWo steps longer, and so on. The worse
“gltitude” (Figure 7.8). Thus, our objective is to search through tree S

find the highest peak, which corresponds t0 the set of most parsimonio 1
Tree space is not infinitely rugged. Two adjacent trees cannot be very
ecause a single rearrangement of a tree cannot

ent in altitude (length) b
change the length of all characters. This means that the best (shortest) e

one measure of the similarity of two tree topolo-
e tree into the other.

ments needed to convert on
rangement methods, we introduced one: sub-

e cleverly laid out such
those trees from which it is one SPR reat="
imension being the

space is multidimensional: eachd
to all the other trees. However, for the sake of vistt

flattened into tWO dimensions.
re of tree quality. InaP

F
INDING OPTIMAL TREES

Mo / g
. X ABCDEFGH
| Length =

parsimonious
(shorter)

FIGURE 7.8 Visualizati
ation
of tree space, where the best (shortest)
rees sit at the peak.

tend to be adjacen
t to trees that
will generally be adj at are almost as good
al and th
grams to SeaZch Ou?Jp& :ef:t tfl)] other bad trees. This fact ail‘g‘(:‘,rst (longest) trees
a . s
tree space. s (short trees) without having to surve}foﬁltl;mer i
The approach all the trees in
) that ph :
ing for the optimal tregs i}rloglf‘nem-: computer programs usuall
B . (chicre are clever s a hill-climbing algorithm. The progr};uSe Wﬁen s
: ; ways to st ) m grabs a start-
analysis) and cal E Waystostars searches on d start
\ culates its length % n decent trees to speed
g all the possible gth. It then “visits” all the adj pegaap e
; rearran e adjacent tre
el gements to the starti es by mak-
tes the length. If the i arting tree, and f ;
. If the initial ; ’ or each adja
s a peak and the s itial tree is short jacent
- earch stops. If it i er than all adja
B hortest of the adi ps. If it is not a peak, th jacent trees,
el e adjacent tree - S then the computer identi
Lthen looks at all of i . s and then “moves” t entifies
: its adjacent o that tree (Fi
,the algorithm i jacent trees, and so on. By rei gure 7.9)
m is guaranteed to i : n. By reiterating this
o = higher) th . et of related trees th
1‘:llfﬂll’lg the n 18 an their surroundi es that are
umber of s unding trees. Thus, i
teps on every possible tree, a heuristic I;S’ lnﬁtead o
’ earch moves

d the m
ost parsimonio
. us tr fl
essively shorter trees ce or trees by wandering through tree space t
; : ace to

C

) have a hi
gher probabilit -
y of finding the )
global optimum in
cases of

" tree spaces th
at have local optima (the shorter peaks in Fi
igure 7.9).
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FIGURE 7.9 Searching

of times initiatin
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TABLE 7 . 193
e -9 Morphological data for Carnivora
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¢ ! 1 0 A i gy
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3(4) (21)‘(32) (45)5(52)‘(54) 56 { 9,10 % G0 ’-14 ! I Ty
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The data matrix
shown in Tabl :
7 more characte e 7.9 includes the 13
rs from characters li :
to the original study. th:\];yss abnd Flynn (1993). In case ymﬂﬁfi earllcler plus
R e rs used in > umbers in parentheses corre o refer back
that study. Character 8, the presenc eSI;‘;DCll) to the character
absence of retrac-

Using the bran
ch-and-bound algori
gorithm implemented i
in the computer
pro-

gram PAUP* (Swoff
monious trees for thezzciizf o e ﬁnd that there are two equall

ata, requiring 30 character state chalc‘llgzl Z o

s to explain the

) morphological
- characters. Th )
Lofthe 20 ch . The trees’ consistency i
q aracters) i ncy index
€t only in the resoIS)t'lS 20/30, or 0.67. As shown in Fig(iqu;llm ttfllle et
‘ ution within the pinni re 7.10, the
trees can be n the pinnipeds. The i , these trees
ShOWn in a stri peds. e information ¢
nly those cl rict consensus tre ommon to
ade : e (Chapter
s present in all equally most Parsinlljonijli, Etl e S
s trees, as shown

re 7.11. The stri
5 trict consensu
i 2 s tre
, Parsimonious trees disagree, e hasa polytomy where the two equally

in
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(seal, walrus, sea lion).
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es for the ca‘
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the carnivoran morphc.:logy d..ata‘seetc.l
Iy in the resolution within the pinnip:
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PARSIMONY ANALYSIS OF DNA SEQUENCE DATA

PARSIMONY ANALYSIS OF DNA SEQUENCE DATA

Once molecular sequence data became
using these data for phylogenetic infe
outlined in Chapter 8, most modern
utilize maximum likelihood or Bayes
instead of maximum parsimony. No
describe parsimony analysis of DNA
summarizes the historical developm
doing so will allow us to introduce s
into play when we introduce maxim
The raw data used for phylogen
for each taxon. Two such sequenc

available in the 1980s, scientists began
rence using maximum parsimony. As
phylogenetic studies of molecular data
1an inference methods in addition to or
netheless, we believe it will be useful to
sequence data because (a) this accurately
ent of the field of phylogenetics and (b)

ome themes and concepts that will come

um likelihood approaches.

etic analysis are DNA sequences obtained

es are shown below. You will see that they
are slightly different in length, having different numbers of bases. In order to
proceed to use them for phylogenetic analysis, the first step is sequence align-
ment: aligning sequences to one another so that a nucleotide position in one is
matched with the homologous position in other sequences. -

Taxon 1:

. f\ACCTTGTTACTTATACA
'TTAACAAACCCAAAATGC

GACAGCTCCATTGGATCC

GGTGACCAAC C‘AAG'.T.‘CCTCAGATATGCTAAGAAGGCTGGGGCGAGC‘TAC

GCCACTATGTC
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is composed of characters that are shared by taxa

but potentially differ in state. For example, the character hair may adopt such
character states as white, brown, orf black. For DNA sequences, the character
is the nucleotide position (numbered 1,23, etc) and the character states are

the nucleotides (A, C,G,and T). Itis critical, therefore, that nucleotides in each
taxon be assigned to the correct positions. Sequence alignment involves sliding
i ded by the sequences

the sequences over One another and inserting gaps, gui
themselves. Sequence alignment, done properly, can pose major computational
challenges and has become a very technical subject. Here, we will just summa-

rize the underlying issues and point to some additional resources.
A DNA molecule is 2 physical structure with nucleotides in a specific lin-
car order. In the simple case i

1 which the only
stitutions, each nucleotide position in one taxon would be homologous to 2
nucleotide positio

1 at the same place in the sequence of another taxon: position
| in taxon A will be homologous to position 1 in taxon B, position 2 to posi-
tion 2, and so on. If we write out the two sequences, the homologous positions
are aligned above one ano

ther. In the example below, the sequences from two
closely related taxa are the same length but have some differences (shaded) due
to base substitutions.

Recall that a data matrix

kind of mutations are base sub-

Taxon A: GTATTGACCACTGACTAGCAT

HlHllHHHHHHH

Taxon B: GCATTAACCATTGTCTAGCAA
ase substitutions, having found the homol-

1f the only kind of mutations were b
ogous genes you would merely need to line up one homologous position and

the rest of the alignment would be trivial. However, sequences are subject to
additional kinds of mutation: deletions, insertions, inversions and transloca-

tions. Of these, insertions and deletions appear to be the most common.
A deletion involves the removal of one or multiple continuous bases. Dele=
tions may be due to errors during DNA replication, but can also happen du:
imperfect DNA repair following damage, unequal crossing-over during reco
bination, or the action of mobile genetic elements. Deletions can be as sho

one base pair or as long as thousands. When deletions happen, nucleotide P
tions in one sequence mMay S

Jack any homolog in another sequence. The
ing positions can be marked
sequence experienced 2 five base-pair deletion r

with a dash. For example, here isa case whe
elative to its ancestor.

Ancestor G i

TAGCA
ERRER
TAGCARR

vy — P
a—0

e
\
G

a0
a—0

\
Descendant G

PARSIMON
Y ANALYSIS OF DNA SEQUENC
E DATA

The Same m 3
echanisms that
recombination, DNA cause deletions (err ;
; ’ d . ors durin i
insertion of DNA saquer? s and mobile genetic elementgs)rephcatlon 2
ces into a strand . can cause th
emerge that have n and. When inserti e
. o homologs i ertions happen, new b
led frOm SOmeWh g5 1n the anCeStral s > NEW Dases
ere else in th equence (they may b
homologs in e genome, but w Y may be cop-
one taxon can be indi » e rarely know this). The lack
example, a sequenc indicated, again, with . 'The lack of
’ e ha ; > a dash. T,
ancestral sequence s experienced a three base-pair inserti;r? rﬂelle tf‘ouoWlng
. ative to the

Ancestor

GTAT
i RN
escendant cca T

H—4

e
|
A

B —
R—
== &3

a
F
a

H =iy
H—
G — a

Ac
|
# C

—iey
B —

G
|
G

3 —y
B —
e

L1
| ACC
n practice we generally d
¥ i agap o y do not have access to an
n . cestr
Wk cther therl:‘)e o ae sequence relative to another sequen?:l Sequznces, When
n insertion or deleti . e, we do not k
cesses that generat, eletion. In light of thi O o
€ gaps are - . is ambigui
(see also Chapter 4). F often called insertion/deletion evgnt?otrh? lzir(;—
The process > Or e
of sequen ; ;
11 true bistory gf " ce alignment aims to align homologous positi
as a problem of histori q}lenfc e evolution. Alignment s, thu oG,
: orical inference. F ; LS, propestyvi
and indels occurr & Fugthermote, b s
ed along the b » because base substituti
and tree inference ranches of the gene t Hutions
- ree, s -
R world, we WOulZ fanY two aspects of the same proble;lql"l[;nce ahgn.ment
sequences and search foa‘;e computer programs that could tai<e i = the
in the sequences and th 1". 1‘_‘368 that could simultaneously acc raw, unaligned
eir indels. A few programs do cond 0':1 o f}(;r T DA
uct such combined

3 18

tionally challengi
ging that most phyl i
ylogenetic analyses se
parate the two problems:

as the basis for
i phylogenetic inf:
is, however, li inference. Combined ali
 To getear ,f::lgefl 4 tE become more common over tﬁlégnnmtecrll : aIclrld tree inference
: or how sequence ali SRttt
, See : ignment
Y see if you can align the following pair o éigf;coﬂducted free of a phylog-
ces.

28T o B
""TG?@CTGGCGGCTTTA
e GATATGGCATTA

might conclud
e that thes

seven substituti e sequences are alr .
'hile thisbri?'tl;ltlo]il s affecting the shaded posit(iaziz well aligned, that there
b ight be % :
. alsogex 1aith1 best alignment, it is worth consideri

plain these data through the addition of inde rllng alterna-

el events. For
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two sequences by invoking five indels and
nd two indels, as shown below. Remem-
ber of bases, so whether it is one

example, you could align these same
no substitutions, or two substitutions a
ber that an indel event can involve any num
dash or four, it still counts as one indel.

Five indels:
ATGACCTGG-—V—CGGCT—TTA
ATG-——TGGATAT‘GGC—ATTA

Two substitutions and two indels:
ATGRACCTGG - - _BggogcecdTTA

ATG---TGGATARGGCRTTA
To choose between these alignments, we need to ask ourselves whether it is

more likely that there were five indels, or two substitutions and two indels. Data
1d say that base substitutions are generally more

from molecular biology wou
ly in coding genes). Thus, we would tend to reject

frequent than indels (especial
the first alignment because it ‘nvokes more indels than substitutions in addi-

tion to invoking more total events (five versus four).
This allows us to state a rule thatis applied in almost all sequence alignment

programs: invoke indels only when the number of base substitutions avoided is
greater than the number of indel events implied. Indeed it is normal to set the
gap penalty, the threshold for the number of base substitutions avoided before
an indel is inferred, higher still: gap penalties
ally, most computer programs impo

the ends to avoid useless alignments
base substitutions at the “cost” of two indels:

such as the following, which invokes no

ATGATCGATATGGCATTA---—

It is probably clear that alignment is easiest and most certain when b
base substitutions and indels are rare. This is because conserved parts of
sequence provide a framework for identifying the position and size of in
events. For example, below are two t
would be more likely to correctly infer?

EGCcTTTAGGTA
A--€TAE-ER

ATGA---TGCH
ACAACAGTACG

ATGACCAGTACAG‘TTTAGTT
ACGACC—*TACGGCTTCAGTA

of 3 to 20 are common. Addition-
se an extra cost for longer gaps or gaps at

ATGACCAGTACGGCTTTA.J

e

PARSIM
ONY ANALYSIS OF DNA SEQUENCE
DATA

The answer is the second one. Whil t
extra base substitutions in the to 'e
true a‘lignment with confidence ree
. Pairwise alignment considers';
alignment includes sequences fr
matrix. A pairwise alignment is
even when a complex set of

;16 nulrnber of indels is similar, the man
would make it very hard to identify thz

u
; njt ntl\;rg siaq;lertlces at a time, whereas multiple
o mar ySimalo obtain an entire aligned data
i i); i pln e for a computer to determine
sl mplemented. Multiple ah‘gnment;
y more difficult. As the number of sequences

tially. Multiple al; umber of possible ali
y. Multiple alignment algorithms should a]lovi tlﬁggi:lcléingeois 1t{p i
nt of gaps in one

sequence to influence the
: placement of :
when gaps in tw. . ) gapsin other seque s
single indel occu(;rjiecleS are in the same position, thtgr c:rielféﬂ:tls'ls e
b s fs not alivar s ag sofmewhere on the gene tree. However, d E; TIPUted toa
alignment pro ¥s casy for a computer program. As a result ,1 v g s ared
b idea gOOdiiaTs (e.g., CLUSTAL, MAAFT, MUSCLE. E’IT téxgugh multiple
arting point, the ' > FFEE, FAS
eye. To i g i > they usually need to b i . )
ye. Toillustrate this, Figure 7.12 shows a Proble(r)naiiiX;(IE?Ed and adjusted by
ion o

that w;
asreturned by CLUSTAL and a manually edited versio
no

being aligned increases, the n

fan alignment
fthe same. You
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T a]? Ignment was generated by a commonl
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(“eyeball”) alignment of the same
y used multiple alignment program
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t not only does the second élignment imply a simpler muta-

might notice tha
tional history, but also the human editor could take account of the codon struc-

ture of this gene (something that few computer programs keep track of) so as to

keep both gaps in the same reading frame.
Given that sequence alignments will vary depending on how they were
generated (which algorithm, what penalties, and whether they were manu-
ally edited), you might worry that phylogenetic analysis of DNA sequences

is invalid. Actually, the problems are Jess than they may seem. Even if some
ns can often be

part of a sequence is hard to align unambiguously, many regio
aligned confidently. The regions that are aligned correctly will tend to be com-
posed of characters that provide consistent support for the same tree, whereas
that have been misaligned will tend to conflict with one
stitute phylogenetic noise, similar to very rapidly evolv-
ing traits. This means that reasonable phylogenetic conclusions can often

be obtained even when the alignment is imperfect. Nonetheless, it is wise to

obtain a sense of how one’s conclusions depend on the alignment. This is typi-
al different alignment

cally done by reconstructing the phylogeny using sever
schemes to see whether the major phylogenetic conclusions change. Finally,

it is worth considering the use of one of several computer programs that treat
problem.

sequence alignment and tree estimation asa single
Having aligned DNA sequences, it is straightforward to analyze them using

maximum parsimony (or with the methods described in Chapter 8). In its most
basic form, parsimony analysis of DNA sequences counts all character state
changes the same, regardless of which character is involved and what kinds of
substitutions are invoked. Gaps are usually treated as missing data, but some:
times the inferred indel events are treated as additional characters.

To provide a concrete examp
obtained for representatives of the Carnivora. Seque
a 1116 base-pair region of the transthyretin 2 gene (Flynn and Nedbal 19

characters in regions
another—they will con

98)

for the living species (Table 7.4). These sequences were aligned by eye i
uter program, PAUP* (Swofford 2002), which

were then entered into a comp

searched for the most parsimonious tree. A branch-and-bound search yield

two trees of length 790 steps, which differed only in the placement of hyend

(sister to civetor to cat). The strict consensus of the two is shown in Figure 7.
If you compare Figures 713 and 7.11, you will see (hat the trees obtain€®

from morphological and molecular data are similar. Both data sets suppo!

monophyletic pinniped group (seals, walruses, sea lions) and a division @
other living carnivores into two major subclades: feliforms (cats, hyenas <

le, let us consider some DNA sequences
nces are available for

e —

PARSIMO
NY
ANALYSIS OF DNA SEQU
ENCE DAT
A

Mole

=t

Hyena

—— Civet

Dog

Raccoon

— Otter

— Bear

[ Seal

—— Walrus

—— Sea li
F io
IGURE 7.13 Consensus of the two m n

data. o : .
Trees were rooted with th st parsimonious trees f
e outgrou s for the carnivoran molecul
cular

p, mole.

and caniforms (d
. 0gs, racco

B sister taxa ons, bears, otter A

n to ars, otters, and pinn :
ment is significant ;}fctllide comprising the remairll)ing ICP;Zd;), wiih dogs being
the probability that. the teSe data were not the result of ev 11 orms, This agree-
in 2000 (0.000375). The fact f}?ta o would yield trees this(;iumt%lo W along a tres,
vides concrete evi l ct that both kinds of data i ilar is less than 1

vid ata yield such simil

ar trees pro-

ence in su .

descent along the same evol tIfPOI’t of the claim that these data
ment among independ utionary tree. As discussed in Ch are the result of
B o ancestry ent phylogenetic data sets supports :Etell; 2, the agree-

Although the trees ; e hypothesis of

trees inferred
Temarkably simila ed from morphological
ter group of the piﬁ;}ile)fdalso have some differengces SE:;&’lecuIar data are
peds. The morphological data suggeslt t;rin;e iy
at the bear lin-

tter

§ are best und. otter, and raccoon is in thi
: erstood ; in this positi ;
i€ or the other or both tr as being due to imperfect phl:;r loltlon_.sl}ch differ-
mﬁ. conclusions, such ees are presumably incorrect in g genlic inference.
Niforms, are well o as the fact that pinnipeds are emk?rgzdetal]s. While

S onstrated b edded withi
EMain uncerta; y these anal within the

rtain : nalyses, oth
pending the collection of more daz r;Su;ts would have
. In fact, abundant
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additional data have been collected on carnivoran phylogeny. If you want to

Know more, you can gain access to the literature by consulting Agnarsson et

al. (2010).

CHARACTER AND CHARACTER STATE WEIGHTING

When we do phylogenetic analysis using parsimony (or another method), each
character provides an independent piece of evidence of the actual evolution-
ary past. Drawing an analogy to forensics, another historical science, each char-
acter can be equated with 2 different piece of evidence collected at a murder
scene. For example, character 1 might be the position of the body, character
2 might be the location of a bullet hole in the wall, and character 3 might be a

scrap of paper in the victim’s hand.
Until now, we have made the assumption that all changes are counted

equally when deciding which trees are most parsimonious. This approach is
called equally weighted parsimony Ot Fitch parsimony, because it resembles a
model proposed by Walter Fitch (Fitch 1971). Fitch parsimony is analogous to

which all pieces of information are assigned equal
cence of a defendant. However, while many pieces
influence one’s belief in the guilt or innocence ofa
ce could be more compelling than others. For
a guilty verdict if the defendant’s finger-
hing the defendant’s was

a forensic investigation in
weight in testing the inno
of forensic evidence might
defendant, some pieces of eviden

example, we are more likely to return

prints were on the murder weapon than if a car matc

seen near the site of the crime.
Applying this reasoning to phylogenetic inference, some characters ought

to provide more reliable information about phylogeny. If some characters of
kinds of character state change are less likely to show homoplasy than others,
they are more likely to be consistent with the true tree and should provide more
reliable phylogenetic information. What we need to use is a more flexible ver:
sion of parsimony, called generalized (of weighted) parsimony, in which
give more weight to those characters that we expect to provide more rel
information on phylogeny. Generalized parsimony allows more detailed pr
knowledge of trait evolution to yield a more accurate assessment of the P!
logeny. It is worth exploring the basics of generalized parsimony as way
amiliar with the logic of phylogenetic analysis, andasat

become more f;
lead-in to phylogenetic analysis by maximum likelihood.

|

CHARACT
ER A
ND CHARACTER STATE WEIG
HTING

The main
reason why ch
homoplasy i Yy characters might differ i
y is because t Tught differ in thei
effective when rates of ?;YIE\[OlVe at different rates BeCau;Z It)ffnd.ency to show
o . olution are | e arsimony i
et " thls, chapter), traits evolvin THpeeilIus oot
gt?il%etlc evidence. Different kinds
ifterent rates. For
. . N (‘Z‘Xample e
ing regions (e.g., c » gene sequences often i
-8., conse . include
' e domains, coding regions) and n? ——" ik
ore rapidly evolv-

weak characters more weight
) Retur.ning to the small, h
that we judged character 4 t

than they deserve.

ypothetical data set shown in Table 7.5, 50
.5, suppose

. ' 0 be five ti i

St the matrix. To reflect thi times as informative as the oth

baivalentiio Ayedi 1s, we could count any ch il
changes of the other characters Y change of character 4 as

score of :
e buti tsree is no longer simply the number of
uct of the c};lm o ﬂfe cost of each character’s
aracter’s length (number of steps) b
S

In generalized i
parsimony, the
lche-mges needed to explain the
- ;tilon, V.vhere cost is the prod-
nd its weight. Table 7.10 shows
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PROBLEMS OF PARSIMONY

CHAPT

TABLE 7.11 Step matrix
corFesponding to Fitch parsimon
with all character state changes !
receiving the same weight

the length and cost for each of the three possible trees (see Figure 7.3). The
scores of all trees have gone up relative to Fitch (equally weighted) parsimony.
However, whereas the scores of trees 2 and 3 have increased by eight (because
two changes of character 4 are needed) the score of tree 1 has increased only by
1 is now the most parsimonious.

TABLE 7.12 Step matrix
for 2:1 upweighting of
transversions relative

to transitions

four. As a result, tree ‘

To provide a concrete example of generalized parsimony, let us §on51der two | T E B

weighting schemes that we might consider applying to 'Fhe carnivoran mot- ! " %w: T | To [

phological data. First, imagine that you believed that gaining Of losing iextt?maI | B | g { S
ears (pinnas) during evolution is rare and decided to reflect th_ls by assigning a | & 0l1/1]1 N ®
weight of 2 to character 11, while all other characters had a we1gh_t of 1: Rerun- KR ETEIR ; L* ] 01212
ning the parsimony analysis results in finding just one MOSt parsimonious tree . ! ol s T f — N cl2l0]z]1
with a length of 31. This tree resembles one of the two optimal trees from t.he ' ’ RARSRN 011 - [ =
flat-weighted analysis (Figure 7.10), the one :n which the seal and walrus, which LT i h _Ji 0 L 0l 2

- SENLIEARLEALE

both lack external ears, forma clade.
Now, let us consider an alternative weighting scheme where we double the

weight of all tooth characters (characters 1, 3,4,13, 14, 15, and 18). I.n this case
there is again a single most parsimonious tree with a length of 42. Thlft tree cors
responds to the other tree that was found in the flat-weighted analysis (Figure
7.10), the one in which seals and sea lions form a clade. This illustrates thgt
changing the weight of characters can change the conclusions, although in this
case the impact is relatively minor.

Generalized parsimony analysis is flexible enough t¢ accommodate another
kind of differential weighting, called character state weighting. Instead (.)f
assigning an elevated or Jowered cost to all evolutionary changes occurring in
2 character, one applies different weights 10 particular character state transiz

tions. Character state weighting is best represented with a step matrix, which
shows the cost of transt r of states. For example,

tions between each possible pai gelt
Table 7.11 shows a step ma Ity weighted (of Fitch).

trix that corresponds to equa
parsimony for DNA sequences. As you can seg, all state changes are assigne
the same cost. y

with DNA sequence data,

1C
1

3 ns
SC

PROBLEMS OF PARSIMONY

As one of the first and most wid
= 0 chet ely used methods for ici
T g) ! ;1;(;21}{) ?jj lﬁd tf) many phylogenetic dissg\?i(r)iinfichmfe'genc?,
B s tont o ES in the history of flowering plants, and coolution
- one b am rtlg umans and other primates. The meth ?flutmn
B it o atory by generating cultures of viruses wi (])1 o
ry (due to multiplying and periodically subdivi‘c\lrilrtlg i 1;'? OWf)l
ultures

and usi i i
SIng parsimony to infer that history from the viral DN

bases A and G are chemicals called purines,
etal. 1992)

C and T are pyrimidines. This matters because mutations within base—typié
called transitions, happen more frequently than do mutations between ba
types, called transversions. because transversions occur Jess frequently;

should be less prone 0 homoplasy and should be assigned 2 highe}f wel
Table 7.12 shows a step matrix that assigns twice the cost to transversions &
transitions. This means that homoplastic transversions exerta greater ¢

. Nonethless, whi A sequenc illi
» while we know that parsimony works itqposseeszg{ o
> sev-

disadvant
ages i
First, becausge pzi]:l' e to the st useoFaliertte
imony does not take account of branch le etlri1 chods
ngths, it can be

astray when the r v

i ate of evolution is hi

ave ion is high and the tru has b

: different lengths (Felsenstein 1978) and the true tree has branches that

ch
¢s (e.g., due to rapid molecular evol

If the true tree has some very long
ution) and some very short branches
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i find an incor-
. simony will tend to
(gD Sloues molecular evom'l[;i;ll)”ifaﬁy yield a tree that clusters the long
e.g.s

5t - . h
i s e v alled long-branc
rect tree. Speaﬁcall?h P:rsroblem with parsimony is usu;lz Zupport {
Bpanchcs togeﬂlef-k rLafters worse, parsimony will tfln cted
i axKe e e .
attraction. Tom re strongly as additional data arefcg_ ure 7.14 were true, the
fucemalé:Elis mo‘f the tree in the upper panel o 1dgto yield a tree like that
For example, 1 lvzed with parsimony would. tend | e stons
resulting data analyz el. Long-branch attraction arise
; anel.
shown in the lower p

True tree

Unrooted tree estimated by parsimony

_branch atira O { e to tree i y])ical data set ev ‘
h tt: ction I th p ree is true, thena

- er tree.
FIGURE 7.14 Long jected to parsimony analysis, yield the low

along that tree would, if sub

Hennigian inference: Hennig

Parsimony/generalized pars
-~ Justification of parsimony:
- Tree searching: Maddison
- Sequence alignment: Whe
Long-branch attraction:

inferred to change on a particular branch, then we ought to allow an increased
probability of mapping additional homoplasy to those long branches. How-

€ver, parsimony assigns changes based only on tree topology, making it unable
to detect unusually long or short branches.

Second, parsimony requires us to select a weij

scheme is equal weighting), and different weight
conclusions. The problem is

ghting scheme (even if that

resolved estimates of phylogenetic history.
Most scientific journals accept anal
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CHAPTER 7 QUIZ

i on H is the outgroup.
1-4. Refer to this data matrix. Assume that tax
Questions 1-4.

te?
hare the same sta
of the scored characters dotaxaAandEs

1. For how many

a0 b2 c4 A5 7

?
e same state¢
cored characters dotaxaC and E share th
es

2. For how many of th 5 e7
a0 b.2 c.4 d.

in isolation (i.e.,
ioian i to characters 1n 180
L Hennigian inference : would suggest
3. Applying the Prlnﬁl;ll:s;;ﬂx) which of the following characters
3 i to >
ignoring the res

A?
that C is more closely related to E than to

al b3 Z

i laim that C and E are
£ the following characters directly contradicts the cla
4. Which of the 1o

i is to A?
h other than either is
| related to eac
ey ed 45 o6

i <
ENEYEIEN J_kJm_MLE_LS;LQ:;E?’EZE%:[%ffé;[§_Lf‘ rlefelr
Gfﬂﬁ!d;#ﬁAf.w
slalefala]
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Questions 5-7. Here is a small molecular data matrix. Assume that taxon A is the out-
group.,
E-—w—mfmvm“%mlujmr f g e —r— —
tMFJiLif;hﬁw78 > [0 [12]1s Tva 15 i 17 re 15
A a=

-
20 21
- - ittt BT e . L
AT}GEC;GEGTGETEC' -FfATMrAiG—TATCCA
| | S | | | | |
.m.m.ﬂ(mﬁni_,f..u s s a . H !

| et e
|

G s g ot et et Bl Bl A B 3
gAlGéA AETH{G[Ameic‘A‘

-i-lajT|al lelelcla
_}:‘x -;I' ! A / GJ A | A f T A

l-d-l-lajr|le|clalalclc|a
Ll Bt o o Bl Lok
|

oo d
gj—i—-JAEG;A GiAiTgcgc‘T

5. What do the dashes in columns 10-12 most likely represent?
a. Positions occupied by a nonconv

entional base (neither A, C, G, nor T)
b. Bases deleted during sequence evolution

¢ Positions where bases were inserted in other sequences
d. Parsimony-uninformative character states
e. Sequencing errors

6. Which of the following positions is parsimony-informative?

a.3 b.5 c. 13 d.15 e. Two of the other answers are correct

7. How would a parsimon

from the data matrix?

a. The optimal tree to
three steps longer.

b. The optimal tree to
three steps shorter,

Y analysis be affected by removing the first three positions

pology will definitely not change; the optimal tree will be

pology will definitely not change; the optimal tree will be

ology will definitely not change,

opology might or might not cha
could be longer or shorter.

e. The optimal tree topology will certainly change;

and neither will its length.
nge; the optimal tree length

the optimal tree will be shorter.
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Questions 8-10. Below is a subset of the molecular data that Nedbal and Flynn col-
lected for a phylogenetic study of Carnivora. The sequences come from the transthyre-
tin Intron L The mole is included as the outgroup-

[ Mole & c]z[c[» alclale[r[cle alc]z BEE ETH??H%}TITEE?‘T e|c]|
[Sealion [(BA|T|T|C] CEG clelclelelr r|c||ale clc|a|ajr|T|T NEREEEE
Walrus 'iglzq?fr cle CiAiCTCT:_g?I‘— ECTGGGCGATT[TAGIEGC'GI—;
Seal ‘j;é:;‘iATTCCC'QGiCTCCC? TC!TGGGCAATTETAGAGCGT
Bear ACTAAcinTATcTGTLT,TGTCCTGACGATTTCCGGCGC
Raccoon "A—T‘kT celrlelelT|njTic T_z—xr{?_ﬁmg?c zir|clc|clelalT]c Tic|c|e 5“1?1@ c
Weasel  [B|A HEIE A!L-C clelriale CFE;EFEEEHE:EJIG alr|ale|r|clc|claje|eic|e|a
Dog ‘ﬂATTA}AlT GiGTGTAEC t|T|a|T|C|T TiTTCGCTTﬁ\ch’ATCGc
Civet g:_CCTAA‘CAiGGATATAC EAITGITTTTCAAATCAGCTCAC
!E‘/'ena :T‘CCT;ACGGGATTLA?_TAC !AQT_{@_TTTCA].EATCAGC’E‘-CAC
EEE T (g C.I.Elﬂi.?ifm(; AlTj—Aj_T AlC EJIEEJ_.GWJE—%_T e Tic AiAiA T,T‘,AJG_G TiC|Gi{C

8. Which of the following five random trees is most compatible with the first nucleo-
tide position (shaded), considered in isolation?

Mole Mole
Sea lion ———— Sealion
Hyena Seal
Cat ] Civet
] Bear ] Weasel
Weasel Bear
Seal Cat
Raccoon Dog
Walrus Walrus
Civet : Raccoon
Hyena

Dog

]

|
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Mole |
Sea lion el |
|
Civet Sealion I
H
Weasel ] ——E yena
— Cat
Seal
s Walrus
Baus 1 Raccoon
Dog Weasel
Gi
Elyen ivet
Seal
Cat
B
Raccoon =
Dog
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9. The matrix yields a single most parsimonious tree of length 72. What does the

number 72 refer to?
a. Tt is the number of character
b. It is the number of character states
c. It is the number of character state C
tree.
d. 1t is the number of clad
e. It is the number of trees that were considere

dure before the optimal tree was found.
Mole

s that were analyzed.
that were analyzed.
hanges needed to explain all the data on this

es in the most parsimonious tree.
d during the heuristic search proce-

10. Under the assumption of parsi-
mony, how many changes/steps
does one need to explain the first
nucleotide position (shaded) in
the matrix on this tree?

a.l b.2 i3 _
d.4 e >4

—— Sealion

—— Walrus

L—— Seal

L —————— Bear

— Raccoon

L—— Weasel

Dog

—— Civet

L— Hyena

Cat

11. Here is a small data matrix. Taxa are labeled A-D in column 1, and the other col-
umns show bases present at five positions in the aligned DNA sequences. Given

these data, which of the five trees is most parsimonious?

G
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12. Below is
a small data matri
atrix and four alternative treeg For each ch
: character, calcu-

late the n
umber of steps
trees. Sum ps needed to account for it i
across the characters to § evolution on each of the four |

|

fo . determi
urtrees is the most parsimonious? mine the overall tree length. Which of the

——— e
| ™
sl Character 3
Taxon I P P D B e o |
~ 12 ls e s 67 s |5 |
A BT b
;;*_ﬁ"“m?w—im Tlsia|ajcialal
}__wﬁm_ \i T, G f T Py | %“""“;

SRM——— | N, SR | G AjcC ! i

Ic e o ~fm—ifw%i A |
F— jfpciele | i_c l'ela|
}w__%m_mf aleicle|ag ! & | ™ I
'E I*Wﬁl—%a_.k,{__wﬂlr_w‘_ g G ; T A |
B [a{alciz|alalalslal
E e e

e il el TalaTs o=

| Stepsontreel | | | ‘wl [ 1 77| ¢ ]| TotalLength —?

!_"-“ﬁ e § S i ihv%m;_mw_ ]

| iteps ontree? | } | m'é—&“a_*“;“*ﬂ%-—” - . L ?

—————reee L ? | | ! ]
Elaiiesnit S0 TN (NN | l i .
St T S . |
[stepsontweea | | | [ [ | || m_,f.ﬁ%uw__w%j
N *JMMWMLH__!.M,_WW__%_ j

Tree 1 i
ree 2

A B & D E F

<

Tree 3

D B & F E A
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a DNA sequence matrix comprising 10 charac-

Generate (from your imagination)
ix to have the following features:

ters and seven taxa. Design the matr
a. All four bases A, C, G, T should be used.
b. Two characters should include gaps.

c. Eight characters should have one or two states, two should have three or four

states.
d. Eight of the characters should be parsimony-informative, two should be unin-

formative.
e. Six informative characters sho
should conflict with one or more 0

uld be consistent with one another. The other two
f the other six characters.

P
O\}tgroup 1

uld be the most parsimonious tree for the data

Draw two rooted trees: one sho
ndicate its

matrix and the other should be a
length (treating indels as missing data).

r state weightin
ow it will change the topology of the most parsi-

less parsimonious tree. For each tree i

14. Impose a character or characte
preceding question and predict h
monious tree.

g scheme to the data matrix in the

S —--—-—r"————
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15. Below is a small data matrix. Ass
logeny using either Hennigijan i
Based on this tree, is taxon C
n?atrix, does C share more trait
discrepancy?

nl;:;(i;ﬁ that taan A is the outgroup, infer the phy-
inicrenc SS(;;' f?;flflgny (they yield the same resuls
! ated to B or D? B .
§ In common with B or D? How doa)srf)i S)Iclpiili;i;‘%a
is

16. What attributes must characters have

. . 0 .
phylogenies using e r not have in order to be useful for inferr ng

17. The Hennigian method allows one to

. . concl
nitely false. Why is this not the case wi nclude that some tree topologies are defi-

1 th parsimony?
. Suppose you are studying a 100-taxo

ing the length of ev .
ous tree? ery possible tree,

nd i i
" ata s;t. Given the impossibility of calculat-
you hope to ever find the most parsimoni

I9 ii ]laS ])ee]l ar tll t l wel llted arsimony is l‘efet able tO gen61 allZEd

parsimony because th
e former doe
Salve. 3 : s not make assumpti
e. What is wrong with this argument? umptions about how characters

20. Is it true that i
parsimony assumes that few i
ew if any characters sh
ow homoplasy?
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