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Abstract

Hypotheses of homology are the basis of phylogenetic analysis. All character data are considered to be equivalent regardless of the
source of those characters. Putative homology statements are designated based on observations of similarity. Pairwise sequence align-
ment using the Needleman–Wunsch algorithm is the basis for similarity maximization between molecular sequences. Multiple sequence
alignment uses this algorithm in a topologically hierarchical framework. The resulting hypotheses of homology are tested in conjunction
with character congruence through parsimony. This review introduces some underlying principles of phylogenetic analysis as they pertain
homology testing and DNA sequence alignment.
� 2005 Elsevier Inc. All rights reserved.
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1. Introduction

Systematics is based on the notion of homology.
Observed traits or characters from a set of species are
homologous if they were derived from the ‘‘same’’ trait in
the common ancestor of those species. A character is
defined as any feature from an assemblage of organisms
that can be evaluated as a variable with two or more mutu-
ally exclusive states. These characters may include but are
not limited to morphological, genetic, or behavioral data.
Analogy is the converse of homology in which characters
that appear similar have evolved convergently from ances-
tral characters that are unrelated. Phylogenetic analysis
orders species into internested sets based upon the patterns
of change among the characters. These internested sets are
represented as a bifurcating network called a cladogram
that is rooted at its most ancestral position (Fig. 1). The
principal methodological problem is how does one recog-
nize the ‘‘sameness’’ of the characters if they are apt to
change over evolutionary time?

There is an adage that the condition of homology is
like that of pregnancy. One can be pregnant but not
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appear so and one can appear pregnant yet not be.
Finally, one cannot be 50% pregnant. A phylogenetic
character may be similar but not homologous and a
character may be very dissimilar and yet be homologous.
Furthermore, a character either is or is not homologous;
there is no statistical element to homology. It is the
historical relationship that matters. Systematics is an
historical science with distinct epistemological constraints.
The data is acquired through observation and not
through experimental manipulation. The results of a
phylogenetic analysis are only provisionally accepted
pending the next new set of observations. The past can
never be truly known and we can only rely on our best
estimates. History has occurred only once and unique
serendipitous events are pivotal during the process of
evolution. If you could rewind the tape of time and replay
it, then you would observe a different series of events
every time you watch it. The results of a phylogenetic
analysis are explicitly uncertain; accuracy is a pipe dream
[1].

The concept of homology arose without regard to spe-
cies evolution and natural selection. Richard Owen intro-
duced the term in 1843 to express similarities in basic
structure found between organs of animals that he consid-
ered to be more fundamentally similar than others [2]. The
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Fig. 1. Hypothetical cladogram. Descriptive terms: ROOT—the most
ancestral point on the cladogram; Internal Node—the point on a
cladogram where three or more branches meet; OTU—operational
taxonomic unit.
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term homology is derived from the Greek homologia, which
means agreement. Owen’s concept of homology was
derived from Platonic and Aristotelian doctrine; there
was an abstract primeval archetype upon which groups
of similar animals were formed. Subsequent to Darwin,
the idea of descent with modification had little impact on
how homology was assessed. It did however change the
mode by which homologous characters were thought to
be generated, similarity due to common descent.

Other than a simple definition, what are the actual stan-
dards used to determine whether two divergent structures
are or are not homologous. Remane [3] provided a set of
homology criteria. Two structures are considered homolo-
gous if they fulfill one or more of the following conditions:

1. The structures are in equivalent positions within the gen-
eral ground plan or organization of the organism.

2. Equivalent special quality indicated by similar cellular
and tissue structure, greater complexity increases
confidence.

3. Connection of differing structures by intermediate form,
either developmental forms in the same organism or
intermediates in different organisms.

These conventions help summarize the process of decid-
ing whether or not a feature is comparable. Each criterion
is in essence a different account of similarity. We recognize
potential homologues through similarity. In practice, char-
acters and their states are postulated as homologous on the
basis of their structural, positional, ontogenetic, composi-
tional, and/or functional correspondences.

The primary act in systematics is character analysis.
Features are decomposed into their constituent parts and
they are compared in terms of their positional and connec-
tional relationships (i.e., topology) [4]. Deciding what rep-
resents a character can be problematic. Positional and
structural similarity of complex structures has been taken
as good evidence for homology [4]. Inevitably, there is an
arbitrary component to character selection [5]. Even so,
the delimitation of our empirical observations into charac-
ters with mutually exclusive character states has been effec-
tive in establishing phylogenetic relationships.

An hypothesis of character homology has been pro-
posed as a two-step process [6]. The first step is to demar-
cate the boundaries of the character; what is it that is being
compared? Postulates of homology through character cod-
ing are termed ‘‘primary’’ homologies. These postulates are
then subjected to phylogenetic analysis, if the ordered series
of character-state changes (transformation series) are in
accord with the most parsimonious topology, then the
homology assessment is accepted, this is termed ‘‘second-
ary’’ homology. If the character-state transformation series
is in conflict with the topology, then the character is reas-
sessed. Based on the judgment of the investigator, the char-
acter may or may not be recoded. Character-state
delimitation and phylogenetic analysis thus have a cyclical
association [7].

Brower and Schawaroch [8] prefer to reserve the term
homology for characters that have been submitted to a cla-
distic test. They divide DePinna’s primary homology into
two parts. Character identification is termed ‘‘topographi-
cal identity.’’ The second step is to assign ‘‘character-state
identity.’’ The character is defined and then discrete char-
acter states are erected.

Our concept of homology is not simply derived from our
ability to ascribe similarity. Homology is a process theory
necessitated by descent with modification. Phylogenetic
analysis via parsimony both requires and substantiates
our hypotheses of homology through mutual corrobora-
tion of the characters. In the absence of a phylogenetic
hypothesis, there is no test of homology. Consequently, it
is important to take into account how we execute our phy-
logenetic analysis and our justifications for doing so.

Homology as applied to nucleotide sequence data has
had to grapple with concepts previously unknown to mor-
phology such as gene duplication and loss, exon shuffling,
and horizontal gene transfer. Nevertheless, there is no fun-
damental difference between the homology of molecular
and non-molecular data and our analysis should reflect
that. The difference lies in the mode by which we identify
them as characters. For DNA sequence data, this means
that we algorithmically manipulate individual strings of
sequences. This review attempts to provide a brief back-
ground in phylogenetic analysis and homology of all char-
acter data as a precondition to DNA sequence alignment.
Furthermore, we present the Needleman–Wunsch (NW)
algorithm in the context of progressive sequence alignment
for the purpose of generating phylogenetic characters.

2. Nucleotide sequence data

2.1. Orthology and paralogy

To classify different modes of homology with regard to
DNA sequence data, Fitch [9] introduced the terms ‘‘or-
thology’’ and ‘‘paralogy.’’ Orthologous sequences in two
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organisms are homologs that evolved from the same
sequence in their last common ancestor. Orthologs are gen-
erated as a result of speciation events. Paralogs are gener-
ated as a result of genomic duplication events; this
generates two copies of the same sequence in the same line-
age. This redundancy may allow one of the copies to
diverge under a different set of constraints. Over the course
of multiple speciation events, numerous duplications and
losses can create a confusing array of orthologs and para-
logs. The Hennigian auxiliary principle [7] applied to
molecular data posits that characters are orthologous in
the absence of any evidence indicating that they are paralo-
gous. Nevertheless, gene phylogenies that contain paralogs
do not necessarily have the same topology as the organis-
mal phylogeny (Fig. 2). Erroneous assignment of orthology
to a sequence can cause one to be misled about organismal
relationships. This is one reason why it is important to look
Fig. 2. An example of how gene phylogeny does not necessarily reflect the
organismal phylogeny. (A) Organismal phylogeny of four taxa, embedded
within the phylogeny is an example of a paralogous gene duplication in the
common ancestor. Subsequent to the gene duplication, there are three
gene extinction events represented as closed circles, one in the stippled
lineage and two in the solid lineage. (B) The resultant gene phylogeny
showing a topology that is not congruent with the organismal phylogeny.
at as many different genomic regions as possible when per-
forming phylogenetic analysis using sequence data, to
ensure orthologous suites of characters.

2.2. Gene phylogenies are not necessarily species phylogenies

Phylogenetic analysis of gene sequences can be con-
founded by several other genetic mechanisms such as hor-
izontal gene transfer, introgression, and ancestral
polymorphism. In these instances, the gene phylogeny will
not track the organismal phylogeny. Horizontal transfer is
the result of an introduction into the genome across species
barriers due to some vector such as a virus or transposable
element. Introgression is due to transfer of genes across a
reproductive barrier due to hybridization. The resultant
hybrids then backcross to the original population. These
alien genes can then become fixed.

The existence of polymorphisms in the ancestral popula-
tion compounded with the process of lineage extinction can
also yield a topology that is not representative of species
relationships. When cladogenesis splits an ancestral species
into two daughter species, each species can be polymorphic
for the same genes. One of these species may subsequently
undergo another speciation event with the result that all
three species retain shared polymorphisms. When the
extinction of genetic lineages occurs, the gene trees will
not necessarily be congruent with the species tree. Where
polymorphism occurs there is the potential for lineage sort-
ing [10–13].

Sequencing technologies have allowed us to generate
copious amounts of character data for phylogenetic analy-
sis. More data have not necessarily transformed the logic
behind which systematics is based or the way that system-
atic analysis is performed. An exception is parametric mod-
el-based methods such as maximum likelihood [14] and
Bayesian analysis [15]. The contentions between parametric
and non-parametric (parsimony) methods will not be elab-
orated upon here. We are generally concerned with parsi-
mony methods as it is founded upon the concept of
homology and it is the platform upon which all parametric
methods are based. Parametric methods do not have a dis-
creet homology concept. Until recently, parametric meth-
ods were only conducted with sequence data; however, all
that was required to implement parametric evolutionary
models upon discrete morphological data was a lack of
apprehension about one’s assumptions (see [16]). Parsimo-
ny is able to operate on all forms of character data with a
minimum of assumptions; all characters are free to vary
independently without a prerequisite of various generalized
mechanisms. As will be discussed later, this is advanta-
geous because it presents a more exacting test of homology
statements.

3. Phylogenetic analysis

The test of homology is ultimately arbitrated by
the character-state transformations on an hypothetical
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evolutionary topology. Congruence among patterns of
state change along the topology of the tree can corroborate
or contradict hypotheses of homology. To understand our
test of homology, it is necessary to examine the system of
phylogenetic analysis.

3.1. Parsimony, homoplasy, and the auxiliary principle

The methodology of parsimony analysis, also known as
cladistics, is based upon the work of Hennig [7]. He argued
that only shared derived character-state changes (synapo-
morphies) provide information about evolutionary rela-
tionships. Characters that do not change their state and
character-state changes that are uniquely derived (only
present in only one species) are not informative toward
phylogenetic associations. A bifurcating hierarchical net-
work called a cladogram (Fig. 1) is constructed indicating
relative relationships. The cladogram that maximizes the
degree of shared derived characters (synapomorphies)
among the species is the one that is chosen as the best.
The principle behind this approach is the rule of parsimo-
ny; an hypothesis that requires fewer assumptions is
favored over one that requires more. In this case, the
assumptions are character-state transformations on the
cladogram.

There is a principal supposition that there is hierarchy in
the data that is representative of historical association. This
hierarchy cannot be recovered without an optimality crite-
rion otherwise all hypotheses are equal. Character conflict
(homoplasy) is likely to be present to one degree or another
in all datasets. The principle of parsimony as an optimality
criterion minimizes this character conflict. Character-state
change does not operate by any one optimality criterion;
there are no universal evolutionary laws such as there are
in physics (i.e., the Gas Laws). The argument that evolu-
tion is not parsimonious by extension negates all justifica-
tions of any optimality criterion in phylogenetic analysis
and so is not a reasonable criticism.

Why is it necessary to minimize ad hoc arguments of
homoplasy when evaluating cladograms? Scientific theo-
ries are chosen for their ability to explain our observa-
tions. The choice among these hypotheses is decided by
evidence, the effect of an ad hoc explanation is to elim-
inate or reduce the role of an observation as evidence
against a theory. Otherwise a theory need not conform
to observation for it is immune to falsification [17].
When confronted with a set of theories that explain
the data equally well, the simplest theory is the one with
greatest explanatory power; it requires the least extrinsic
information. Pliable hypotheses simply reassert the evi-
dence; they have descriptive power but no explanatory
power. Simplicity is a non-evidential constraint of phylo-
genetic analysis, however, this does not imply that sim-
plicity is a characteristic of the phenomena. Hennig’s
(1966) system of analysis is thus underpinned by his aux-
iliary principle, which states that homology should be
presumed in the absence of evidence to the contrary.
Without the auxiliary principle all phylogenetic hypothe-
ses are equivalent.

The entities in an analysis are usually species but they
can also be higher-level groups such as genera. The general
term applied to the terminal elements in a cladogram are
operational taxonomic units (OTU). In reference to molec-
ular data, OTUs can also be regions of DNA such as genes
or exons especially when one is concerned with paralogous
events. Paralogous gene phylogenies provide the means for
studying the birth of new genes and gene functions from
preexisting genes. The origin of a new gene by genomic
duplication provides the raw material for molecular inno-
vation. Paralogous gene phylogenies that are not presented
in conjunction (embedded within) with organismal phylog-
enies are less informative because of the relative nodal
information provided by both phylogenies [18].

3.2. The matrix

Once observations are established as characters and
character states are assigned, the character data are repre-
sented as a rectangular matrix. The data matrix can be
viewed as a set of primary homology statements. The rows
usually correspond to the OTUs and the columns contain
the characters; each element in a column represents a char-
acter state. For molecular data sequence alignment per-
forms this task. Molecular data are usually encoded as an
unordered multistate character. This means that there are
more than two states and each state is permitted to directly
change into any other state (Fig. 4A 0), this is not always the
case in non-molecular data.

3.3. Tree search

Parsimony algorithms do not directly generate a tree
from the data. A preliminary unrooted topology (network)
is chosen and the data is fit onto the network in the most
parsimonious manner. Theoretically, all possible strictly
bifurcating networks are then enumerated and the one(s)
that require the fewest transformations to fit the data are
chosen as the best (i.e., the shortest tree). In other words,
the tree topology is the hypothesis that is tested by the opti-
mization of the data. The greater the number of characters
in the analysis the more stringent the test of the topology.
Since there is an astronomical number of different trees to
compare [32], it is computationally impossible to enumer-
ate them all and a heuristic solution is chosen. Most of
the recent advances in phylogenetic analysis involves
improvements to the heuristic methods of tree search that
allow a more efficient assessment of the topologies. The
final step is to root the network; this identifies the most
ancient node on the tree and acts to polarize the charac-
ter-state transformation series. The decision of where to
root the network is based on prior knowledge. The place-
ment of the root will effect your secondary homology state-
ments by establishing the ancestral states and determining
the direction of transformations.
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3.4. Congruence

A synapomorphy is a character state shared by two taxa
or lineages that is derived from a singular transformation
event in their common ancestor (Figs. 3A 0 and B 0). The
two taxa constitute sister taxa. All synapomorphies are
homologs. In a parsimony analysis, hypotheses of synapo-
morphy are tested against other hypotheses of synapomor-
phy. If two synapomorphy schemes suggest conflicting sets
of sister taxa (taxon A, taxon B) versus (taxon A, taxon C)
(Fig. 3) at least one of the schemes is wrong. At least one of
the synapomorphies must be reinterpreted as an ad hoc
homoplasy, i.e., a reversal or convergence (Fig. 3C 0). The
test of congruence is an agreement between synapomorphy
Fig. 3. An example of two characters that are incongruent with each other. (
transformation and is a synapomorphy for clade (A, B). (B 0) When character Y
synapomorphy defining clade (A, C). (C 0) When character X is optimized on
homoplasious for topology Y.
schemes. Since the topology determines the degree of con-
gruence, how we establish the topology inevitably arbi-
trates between what we consider to be homologous and
non-homologous characters.

3.5. Transformation series

In the past, some workers encoded their morphological
characters into constrained series of a priori transforma-
tions that may be linear or tree-like (Fig. 4B 0), they may
also have been polarized indicating the most ancestral
state. These were considered hypothetical and could be
recoded if they conflict with character-state transformation
in the resultant analysis. However, recoding data that are
A 0) When character X is optimized onto topology X, it requires a single
is optimized onto topology Y, it requires a single transformation and is a
to topology Y, it requires two separate transformations. Character X is



Fig. 4. Two different modes of multistate character transformation. (A 0)
Unordered—unordered characters can change from any state directly into
any other. This type of coding requires the fewest set of assumptions. (B 0)
Ordered—a multistate character that has a transformation topology;
transformation between non-adjacent states costs the sum of the
intervening transformations. This type of coding requires special
justification.
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incongruent until they are congruent without justification
is a dubious endeavor. Also, since the characters are
attached to organisms, these a priori transformation series
amount to mini-phylogenies. If these mini-phylogenies
were correct, then you would expect them to be congruent
with the rest of the phylogenetic signal in the absence of an
a priori constraint of character change. If they are incon-
gruent they add length (homoplasy) to the tree, which is
not desirable. Why constrain the data to change in a cer-
tain way? In the absence of knowing we can only trust
our data (auxiliary principle). This procedure is not com-
monly executed today and may be a holdover from the
time when computers were not used for phylogenetic anal-
ysis and such procedures were a computational necessity. It
is more parsimonious to let all the data, molecular or not,
be unordered and allow the overall phylogenetic signal dic-
tate the transformation series as a result of the analysis
[19]. A character-state transformation series should be the
end result of the phylogenetic analysis as it is your state-
ment of secondary homology. To impose a priori models
of character-state change obscures the test of congruence.

3.6. Homoplasy: multiple origins of the same state; is it noise

or data?

The term homoplasy is used equivocally in the literature.
Homoplasy is often equated with an erroneous assignment
of primary homology. The characters are not the ‘‘same’’
and so character-state changes on the tree are ahistorical.
Another explanation of homoplasy is multiple character-
state changes along the topology of the tree observed as
either multiple reversals or convergences; this is not neces-
sarily explained by false character homology. It may imply
incorrect character-state assignment or it may simply be
the way the characters evolved. Both concepts of homopla-
sy are only observed as extra steps in a character-state
transformation series, it is difficult to assess which type of
homoplasy is the basis of those extra steps. Reversals of
state may be a legitimate source of hierarchical informa-
tion, whereas false homologies are not. This bias of usage
may be due to the complexity of the characters that one
works with. People who analyze molecular data tend not
to question their primary homologies. Molecular data usu-
ally only has four states (A, T, G, and C) and so reversals
and convergences may be more anticipated. People who
analyze morphological data tend to expend more effort
looking at each individual character and each character
has a larger degree of complexity than nucleotides. Many
morphological characters are rejected a priori, these suites
of rejected characters are rarely considered for discussion.
Observations of reversal and convergences in non-molecu-
lar characters may be more readily explained by erroneous
primary homology. It is important to note that the distinc-
tion between these two kinds of homoplasy is not always
made explicit.

With sequence data, a reversal can be interpreted as the
creation of a non-homologous character state. In the trans-
formation series A fi T fi A*, the A’s are not homologous
states. They are chemically indistinguishable yet have dif-
ferent historical identities. If you recode these ‘‘A’’s as
two different character states, some problems can arise
because your justification for recoding is the previous phy-
logenetic topology and the character-state transformation
series on that topology. If you recode what you observe
as identical states and then reanalyze the data you abandon
your justification for recoding because the resultant topol-
ogy may be different and not necessarily imply a reversal.
Much of the homoplasy of a dataset can be eliminated in
this way. Operationally, recoding of this type of event is
not attempted in a cladistic analysis.

As parsimony trees minimize homoplasy, some assert
that parsimony will perform poorly if there is an abun-
dance of homoplasy. There is no assumption that homo-
plasy is uncommon [17]. It is not even necessary to
assume that the frequency of homoplastic events is less
than synapomorphic ones. Farris [17] exemplified this
point with an analogy to linear regression; although resid-
ual variance in a least-squares regression is minimized,
there is no assumption that the residual variance is small.
No amount of homoplasy is sufficient to discard the most
parsimonious tree, you may not have a lot of confidence
in it but it is the best you have with the evidence at hand.
Parsimony minimizes ad hoc assumptions of homoplasy
but it does not assume that homoplasy is minimal [17].

3.7. Character independence

It is a basic assumption in phylogenetic analysis that the
characters are independent of one another. For example, if
‘‘number of digits on the hand’’ is a character, the number
of digits on the left hand is not independent of the number



Fig. 5. A stepmatrix is a codification of the character transformation
model. Above the diagonal axis is an unordered stepmatrix, below the
diagonal is the stepmatrix defining the transformation series in Fig. 4B 0.
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of digits on the right hand. If one were to encode the state
of the right hand and left hand as separate characters they
would be non-independent. If these two characters were
congruent with the rest of the data, you would have a false
degree of support. Mutually dependent characters do not
reflect factual agreement and the apparent congruence is
fallacious. Moreover, if the characters were homoplasious,
then one would have to erect two ad hoc homoplasies to
explain the fit onto the tree. This adds length to the tree,
since the optimality criterion is tree length; non-indepen-
dence of characters is contrary to the method. Any charac-
ter-state transformation series must be logically
independent from every other transformation series.

It is difficult to know beforehand whether the characters
are independent or not. DePinna notes:

The decision whether any two or more attributes com-
prise a single transformation series or two or more inde-
pendent series is one of the most basic, albeit still
confusing, issues in systematics. It is a decision that is
made very early in any character analysis, and rarely
questioned subsequently [6].

It is reasonable to assume that many, if not most, data-
sets are contaminated with non-independent characters. If
the character evidence is not robust, then non-indepen-
dence will be problematic. A worst-case scenario is that a
homoplasious suite(s) of interdependent characters over-
ride the underlying phylogenetic signal. This form of
homoplasy is non-random and more problematic than sim-
ple noise [20]. Also, measures of support can be misleading
since they also assume independence. They will be inflated
if the non-independent characters are congruent with the
underlying signal or diminished, if they are homoplasious.
As one includes a greater scope of character types, there is
an implicit assumption that the characters are more likely
to be independent [19]. Responsible mechanisms for non-
independence include genetic linkage, pleiotropy, and
ontogenetic factors such allometry and peadomorphosis.

Nucleotides that are genetically linked along a chromo-
some are not necessarily independent. Any selection event
impinging upon a certain region of the chromosome will
impact the fixation or elimination of nucleotide variants
in neighboring regions. Only a crossover event inbetween
any two mutations will cause them to be uncorrelated. Var-
iation that is very far apart on the chromosome will behave
independently. The closer that two characters are along the
chromosome, the greater the likelihood that they will co-
occur. Nucleotides within a particular gene are not inde-
pendent since they comprise a functional unit; considering
the functional constraints of secondary, tertiary, and qua-
ternary structures of the resultant gene product. The nucle-
otides of the codon are interdependent in that they encode
an amino acid. As mentioned above, there can be strings of
genomic sequences that have historical topologies that are
not congruent with the organismal phylogeny. The homo-
plasy in these suites of characters is non-random due to
genetic linkage. Congruence between characters that are
not genetically linked is more compelling than congruence
between nucleotides that are genetically linked.

3.8. Weighting

Differential weighting of the character data is a response
to homoplasy in the dataset; in the absence of homoplasy it
would not be attempted. Weighting can be applied between
(character weighting) or within characters (character-state
weighting). Character weighting reduces the value of certain
characters to the promotion of others. The decision to
declare a character of weight (X) is to proceed as if the data
included X independent characters all showing the same
distribution of states. Character-state weighting can be rep-
resented by a stepmatrix (Fig. 5), which assigns a cost of
transition from one state to another. The justification of
all forms of weighting requires the burden of additional
background knowledge to be instituted. Generally, the data
are adjusted either before the analysis (a priori) or it is mod-
ified as a consequence of the analysis (a posteriori).

Character weighting presupposes that some characters
are phylogenetically more informative than others. Even
if this is true, it is difficult to know which characters are
the better ones. Homoplasy (a posteriori weighting) has
been used to determine a character’s worth [21, 22]. A char-
acter is down-weighted in direct relation to the number of
extra steps it shows on the topology. It does not necessarily
follow that more homoplasious characters are less reliable
as indicators of phylogeny [20,23]. Treating the frequency
of events both within and between characters as a criterion
to determine what is a ‘‘bad’’ character or to assign a rate
expectation is incompatible with the fact that independent-
ly evolved states are historically unique [1,24]. If the homo-
plasy is part of the character-state transformation pattern
due to reversals, then differential weighting is not justified
because reversals are historical events and are informative
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toward the hierarchy. Empirical analysis of homoplasious
characters in specific datasets shows that they contribute
to the resolution and robustness of the phylogenies
[23,25–30].

There is a spectrum of opinions about whether or to
what degree one should weight. At one extreme, all charac-
ters are treated as though they have an equal potential to
contribute. At the other extreme the data are compartmen-
talized a priori into process partitions and evolutionary
models are applied, the values of the parameters of the
model may be decided upon by the topology of the tree.
The underlying assumption is that the extant distribution
of the data may be misleading and may need to be correct-
ed. In other words, if certain data does not fit well with the
model, that data’s contribution to the hypothesis is modi-
fied. Parsimony analyses tend to consider larger matrices,
the underlying assumption being that more data are better
and that the underlying signal(s) should be permitted to
reveal themselves without undue influence from the investi-
gator. In effect, weighting is a quantitation of your confi-
dence in your homology assessment.

Weighting all characters equally has been said to be as
arbitrary and to make as many assumptions about process
as any other weighting scheme [31]. Swofford et al.’s justi-
fication for weighting is derived from a priori notions of
process. Contrary to their example, empirical observation
of the total percentages of different nucleotides in the
matrix does not inform one about the potential behavior
of any one single character. This position ignores homolo-
gy and the role of topology. Frequency weighting implies
that rate classes exist and that they are interdependent. If
characters are independent, then the behavior of other
characters should not influence them [17,24]. Equal weight-
ing is the least arbitrary weighting scheme; it has the least
assumptions of process and implies the minimum number
of evolutionary transformations. The most parsimonious
tree is chosen because it has the least burden of assump-
tions. To choose a longer tree would require the imposition
of ad hoc arguments. Equal weighting also has the least
burden of assumptions and so is the most parsimonious
weighting scheme. This is not to say that certain weighting
schemes are not valid. If one were to use codons as a char-
acter with 64 states instead of single nucleotides with only 4
states, a valid character-state weighting scheme would be to
use the edit distance between each codon. This represents
the minimum number of mutations required to convert
one codon into another. The background knowledge would
be the genetic code and the rules of translation. This exam-
ple may seem trivial but that is the point, less restrained
weighting schemes should not be trusted.

3.9. Simultaneous versus separate analysis

There has been a debate in systematics over how to con-
sider datasets derived from multiple sources. The question
is whether or not to analyze the data simultaneously in one
grand matrix or to treat each dataset as a separate entity.
Kluge [19] argues that whenever a character is defined from
a group of organisms that character is assumed to contain
information about the historical relationship between those
organisms, regardless of the form of the character data.
The organism has a unique history and the characters asso-
ciated with that organism should generally reflect that. He
argues that there are no discreet boundaries between differ-
ent classes of character information [33]. Therefore, there is
no justification for dataset separation. The total evidence
analysis relies on the tenets of data independence and on
the auxiliary principle. An analysis that minimizes
character incongruence both within and between datasets
generates the best hypothesis. Elimination or even
down-weighting of data requires severe justification.

On the other side of the argument is the method termed
taxonomic congruence [34,35]. This method generates a
separate phylogenetic tree for each dataset and then com-
bines the trees into a single consensus that shares the topo-
logical features of the separate trees [36]. This summary of
agreement between topologies purportedly represents a
conservative estimate of the phylogeny. The belief in this
case is that the hypothesis is less resolved but the correct
tree is embedded somewhere in the consensus. This is an
attempt to minimize the effects of misleading data parti-
tions. Parsimony is used to resolve data conflict within each
dataset but there is no attempt to resolve any conflict
between datasets. The attraction of taxonomic congruence
is that agreement between different datasets is very unlikely
due to chance, so when it is observed it instills confidence.

A more conciliatory approach is termed prior agreement
[37]. In this method, it is acknowledged that simultaneous
analysis of the data is desirable. However, it is asserted that
datasets with a specific degree of incongruence are not
combinable [38] and combinability is determined with a
statistical test for heterogeneity. This incongruence is
assumed to be the result of the data violating the assump-
tions of the method due to processes such as horizontal
gene transfer; ancestral polymorphism and paralogy or
the signal may also be lost due to a preponderance of
homoplasy. Prior agreement does not discern what the
source of the problem might be, it only rejects data combi-
nation based on heterogeneity.

Kluge’s unconditional claim that there are no real
boundaries between data partitions is not generally held
[39]. No doubt there are a host of arbitrary partitions such
as separate codon positions and the distinction between
transversions and transitions, however, contiguous nucleo-
tide sequence data such as the gene are generally accepted
as a legitimate linkage partition [18]. It is at the level of the
gene that most evaluations are made.

It has been claimed [40] that total evidence ignores the
behavior of characters in the sense that pathological viola-
tions of assumptions are not considered. This is not exactly
the case. Violations to assumptions can only be observed
with reference to a phylogeny. In the absence of a phylog-
eny, there is no observable pattern of behavior. The asser-
tion that patterns of character-state change are overlooked
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ignores cladistic character analysis. In cladistic character
analysis, characters that disagree with the bulk of the evi-
dence are flagged as suspect; this disconfirming evidence
is reexamined with regard to its primary homology. If this
homoplasy is distributed non-randomly between gene
regions, then a specific gene or gene region would be sus-
pect. If the majority of the data is misleading, it is difficult
to know how one would know how to correct the data and
if you did try to correct the data how would you know you
were right?

Consensus trees of data partitions do not directly evalu-
ate character incongruence. Taxonomic congruence instead
considers topological disagreement as a measure of charac-
ter conflict. This indirect approach to character data has
some drawbacks. Barrett et al. [41] found that the consen-
sus tree from partitioned data could completely contradict
the tree derived from simultaneously analyzed data. In this
sense, taxonomic congruence is not conservative. Also,
since the topologies are treated as equivalent in nature, if
one data matrix is a different size than another, a consensus
of the two trees imparts more weight to the characters of
the smaller matrix. An unresolved tree requires more char-
acter-state change than a fully resolved tree. This can be
misleading with respect to character evolution. In phyloge-
netic analysis, a less resolved tree is not the goal. Molecular
sequence data are not necessarily stochastic and the distri-
bution of both homoplasy and synapomorphy between any
partitions is not necessarily heterogeneous. Also, however
you choose to define a partition, there is no recourse
toward internal heterogeneity of any one data partition.

The interaction of different datasets in simultaneous
analysis often implies hidden character support [37,41,42].
Datasets may carry weak phylogenetic signal that is addi-
tive between partitions that overcome noise when the data
are combined. Hidden support refers to the support across
data partitions for relationships that are not evident in the
most parsimonious tree for the partitions analyzed sepa-
rately. Baker and DeSalle [26] described an index, parti-
tioned Bremer support, to directly measure the character
support from each data partition for each node of the tree
from the combined data matrix. For a particular set of data
partitions and for a particular group, hidden support can
be defined as increased character support for the group
of interest in the simultaneous analysis of all data parti-
tions relative to the sum of support for that group in the
separate analyses of each partition. The method provides
a means to detect both hidden support and hidden conflict
that are not apparent from separate analyses of the data.
Gatesy et al. [43] have recently developed an expanded rep-
ertoire of character support indices.

Separate analysis of data partitions can only be justified
as a heuristic for data exploration. The fact that hidden
support exists is justification for simultaneous analysis of
all data. Taxonomic congruence and prior agreement are
flawed in that they both make assumptions of process prior
to analysis and obscure the character evidence and so
weaken the test of congruence. They substitute homoplasy
with speculation of incompatible histories. No amount of
homoplasy is sufficient to discard the most parsimonious
solution [17]. Advocacy for a specific kind of data is not
warranted. All character data have the potential to be
informative toward the phylogenetic hierarchy. Sometimes
when more data are added to the analysis support for the
topology increases, sometimes it decreases and sometimes
the topology is overturned. There is no way to predict
the behavior of any character or set of characters before
the phylogenetic analysis. Simultaneous analysis of all rel-
evant data is the most justified approach because it has the
fewest burden of assumptions, it is the most stringent test
of homology, and it is the most informative toward the
behavior of the characters and toward the phylogenetic
hypothesis.

4. Multiple sequence alignment: assignment of homology to

DNA sequence data

Multiple sequence alignment can have many motives.
Structure prediction, motif detection, and database search-
ing all benefit from advances in algorithmic implementa-
tion. The primary goal of these operations is to maximize
some mode of similarity as rapidly as possible. However,
they do not operate within an historical paradigm. Outside
of the historical paradigm is not relevant whether two pro-
tein structures are the same due to common descent or
through convergence. What are important are their physi-
cal properties. Most bioinformatic questions are
ahistorical.

Multiple sequence alignment with the goal of phyloge-
netic analysis operates within an historical framework.
The corresponding characters are delimited with the expec-
tation that they contain information pertaining to the hier-
archy generated through descent with modification. The
alignment that is the best is not necessarily the one that
maintains some physical structure or allows one to predict
essential attributes. In a phylogenetic context, the best
alignment is not merely the one with the shortest edit dis-
tance given specific scoring functions but also the one that
implies a topology with the least internal data conflict, i.e.,
homoplasy. An alignment procedure embedded within cla-
distic parsimony can best test alternative putative homolo-
gy schemes [44].

Multiple sequence alignment is the process by which one
generates a phylogenetic data matrix for molecular
sequence data. The columns in the matrix constitute the
aligned positions in the sequences. Each aligned position
is a character and the corresponding nucleotides are the
states. There are three sources of ambiguity in sequence
alignment, different alignment orders, parameter variation,
and multiple equally costly alignments [45].

4.1. Progressive multiple sequence alignment

Hogweg and Hesper [46] and Feng and Doolittle [47]
introduced the strategy of progressive alignment. Multiple
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sequences are aligned sequentially in a pairwise manner.
An alignment topology or guide tree is generated that
directs the order by which the sequences are aligned. Typ-
ically, only one guide tree is generated. There is an order
dependency by which sequences are accreted to the multi-
ple sequence alignment [48]. If you change the topology
of the guide tree, you can alter the resultant multiple align-
ment. Each node in the guide tree represents an alignment.
As one proceeds down the tree, these nodal subalignments
are combined using various criteria. Some methods use
consensus sequences and so the deeper nodes in the guide
tree are aligning ambiguous sequences. Other programs
use profile alignments [49]. This can change the cost regime
of the alignments at the internal nodes of the alignment
topology. Any gaps inserted higher up in the tree are main-
tained through any subsequent subalignment. Programs
based on this method have become very popular, chief
among these is the ClustalW program [50,51].

Congruence tests your homology scheme and so it tests
your alignment. If a single parameter set yields several
alignments, the best alignment is the one that has the min-
imal amount of incongruence on the tree. That is to say,
the alignment that generates the shortest tree is the best
alignment given that specific parameter set [44]. If you were
to take the same data matrix and weight the characters
according to two different schemes, the lengths of the trees
are not comparable. Each tree minimizes incongruence
within its own weighting scheme. In essence your homolo-
gy schemes have changed, the dataset is treated differently.
It is difficult to state which of the trees is a better result.
With DNA sequence alignment, the alignment parameters
are tantamount to a weighting scheme. Your alignment
parameters establish the homology. Therefore, the greatest
test of homology for a given alignment is one that uses the
alignment parameters as its weighting scheme. Otherwise,
we are generating our hypotheses under one set of assump-
tions and testing those hypotheses under a different set of
assumptions. This weakens our test of congruence. Phylo-
genetic analyses that have inconsistent alignment/weight-
ing schemes and alignment programs with internally
inconsistent cost schedules obscure homology assessment.

The ClustalW packages do what they do well, however,
the alignment parameters change dynamically during align-
ment both within and between sequences. It is difficult to
recover what the cost regimes were after an alignment is
finished. If one wants to find the best-supported phyloge-
netic alignment through character congruence, the trans-
formation costs are not easily recoverable. Even though
the ClustalW algorithm is used widely in phylogenetic anal-
yses, it is not based on a protocol that maximizes similarity
in a historical framework. Alignments that maximize his-
torical information do not necessarily maintain aesthetical-
ly pleasing structural blocks. Benchmarking alignments to
conserved motifs are not justified in this case. If one states
that a motif is ‘‘conserved,’’ that statement should be in a
context of a phylogeny. The characters and hence the align-
ment have passed the test of congruence. Constraining an
alignment to maintain specific structures disregards the
potential for these structures to evolve. A priori the charac-
ter states are ancestral; there is no test of congruence. Any
historical evidence to the contrary has been removed before
the phylogenetic analysis. Many ‘‘conserved’’ structures are
prevalent because of some kind of constraint. We have no
knowledge of whether these constraints have been persis-
tent over evolutionary time; we do not even know what
the constraints are in most cases. Constraint can maintain
a structure and hence it is ancestral or it can cause conver-
gence. Only within a phylogeny can one discern between
the two scenarios.

Almost all multiple sequence alignment procedures are a
series of progressive pairwise alignments. It is possible to
perform simultaneous alignments of many sequences in a
multidimensional matrix [52] although this is computation-
ally intractable. Theoretically, simultaneous alignment may
be a more efficient description of overall similarity, howev-
er, progressive alignment utilizes a strictly bifurcating
scheme that may be considered analogous to cladogenesis.
A simultaneous multiple alignment would imply a star phy-
logeny with no hierarchy. Since we test our primary homol-
ogy through character congruence [19], our assumption
sets should remain static during phylogenetic analysis. I
see this as logical justification for progressive sequence
alignment to establish primary homology in a hierarchical
framework.

What is the correct progressive alignment topology?
Given that the true phylogeny is unknowable, a true align-
ment topology is also not feasible. Consider that different
multiple alignment topologies can yield the same alignment
and so even though our alignment topology connotes the
phylogeny it is not representative of it. It is possible that
an alignment topology will be congruent with its resultant
phylogeny but this cannot be seen as a goodness-of-fit cri-
terion. A suboptimal tree that is congruent with its align-
ment topology cannot be chosen over an optimal tree
that is incongruent with its alignment topology. As such,
given two equally parsimonious trees, one cannot favor
the tree that is most congruent with its alignment topology.
That is a criterion outside the realm of homology and char-
acter congruence. The best alignment topologies are the
ones that generate the alignments that yield the shortest
trees.

4.2. Pairwise alignment: the Needleman–Wunsch algorithm

The primary procedure to perform pairwise sequence
alignment is the NW algorithm [53]. Since this is the dis-
tinct process whereby positional primary homology is
assigned it will be discussed in detail.

The NW algorithm calculates a minimum edit distance
between two strings of characters. This is the minimum
number of transformation operations required to convert
one sequence into another. The two basic operations are
gap placement and mismatches. Each operation is associat-
ed with a penalty; the sum total of these operations is the



Fig. 6. An initialized matrix of a pairwise nucleotide sequence comparison
with an assigned mismatch cost of 1.

Fig. 7. The kernel of the Needleman–Wunsch dynamic programming
subproblem. Every cell in the matrix must not only arbitrate the cheapest
path to itself but must also contribute to the arbitration of its three
potential neighbors toward the terminal cell.
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edit distance. The penalty structure or parameter set can
range from simple to very complicated. The simplest
scheme is a cost of 1 for any mismatch and a cost of 1
for any gap placement. Mismatches can be separated into
categories and independent costs assigned to each type of
transformation. For instance, transitions can be weighted
differently from transversions. In the case of amino acids,
log odds matrices such as PAM [54] or Blossum [55] are
often used.

The unitary or simple gap cost treats each gap place-
ment as independent of every other gap regardless of its
location. A more complicated gapping protocol is to apply
affine gap costs [56–59]. Affine gap cost is determined by
whether the gap characters are contiguous or not. These
gapping methods treat each contiguous string of gaps as
a single event. The penalties are composed of two parts,
the initiation cost and the length-dependent extension cost.
The extension cost is often not a linear function. Concave
gapping decreases the cost of each incremental inclusion
of a gap character, often as a log function [59–61]. As with
any other weighting scheme, there is no one correct set of
gap parameters.

The use of gaps as characters in phylogenetic analysis
has been shown to be of great value [62–64]. The applica-
tion of affine gap costs in phylogenetic analysis is problem-
atic. The gap may be perceived as a single event but it is
still encoded as separate gap characters in the data matrix.
This will cause non-independence between gap characters
[65]. It is possible to manually recode multiple residue gaps
as single characters with the different character states deter-
mined by length differences and corresponding nucleotide
variation [66–68]. For consistency the transformation cost
between the manually recoded states should be their edit
distance based on the alignment parameters.

The NW algorithm belongs to a class of algorithms
called dynamic programming. The idea is to break a large
problem down into incremental steps or subproblems so
that, at any given stage, optimal solutions to the subprob-
lems are known. This condition can be extended incremen-
tally without having to alter previously computed optimal
solutions to subproblems. The best solution to the global
problem is found by using an optimal combination of the
smaller subproblem solutions through a retroactive formu-
la that connects the solutions. The NW algorithm proceeds
as follows:
Step 1 Initialize the matrix. A pairwise matrix is con-
structed of (M + 1) · (N + 1) cells, M is the length
of one sequence and N is length of the other. The
first cell in the matrix (0,0) is the null cell. Each
cell is filled with a mismatch penalty, in this case
either 1 for a mismatch and 0 for a match
(Fig. 6).

Step 2 The wavefront update of the matrix. Starting at the
null cell (0,0) and proceeding toward the terminal
cell [8,10], each cell in the matrix is evaluated with-
in the context of a recursive set of overlapping sub-
problems. The results of which are stored in
memory and are used to determine the solution
of the next subproblem. Each cell calculates the
least costly path or paths from each of three previ-
ous adjacent cells in the matrix (Fig. 7). The paths
represent a separate edit operation. The optimal
pathway or pathways are saved in memory, the
sum total of the cost of the edit operations up to
that point are stored in the cell (Fig. 8). This local
edit distance is then used to evaluate the edit path
to its adjacent cells, to the right, on the diagonal,
and below. Once a cell has contributed to a sub-
problem, its edit distance is no longer of any value
since that path through the matrix has either termi-
nated or has been incorporated into the next edit
distance operation.

Step 3 Traceback. The traceback begins at the terminal
element of the matrix [8,10]. Any previously



Fig. 9. The traceback. Beginning at the terminal cell, all paths into that
cell are followed. All possible contiguous paths through the matrix are
followed back to the null cell (0,0). These paths represent the edit graphs.
In this example, there are four equally costly edit graphs. These represent
four equivalent primary homology hypotheses.

Fig. 8. The wavefront update of the matrix. The arrows indicate the
optimal paths to the next cell. The highlighted cells represent the
wavefront, they contain the local edit distance used in the calculation of
the next round of optimal paths. These edit distances are saved in memory
until a cell can no longer contribute to the optimal path calculation. The
cells below the wavefront contain the mismatch cost that will be used in
the calculation of the optimal path. The arbitration is as follows, a
diagonal path to a cell represents a match/mismatch, if the cell contains a
mismatch value of 1, then a cost of 1 is added to the edit distance of the
previous cell and that new value is applied to the current cell. If a cell
contains a mismatch value of 0, then a match is implied and there is no
cost added to the edit distance, the current cell will be assigned the same
value as the previous cell. Gaps are implied through edit paths that are not
on the diagonal, in this case, they are always assigned a cost of 1. Since
gaps are neither matches nor mismatches, the mismatch cost is not
applied. The current cell obtains the edit distance of the previous cell plus
the gap cost. The kernel is applied recursively until the terminal cell is
reached.
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retained optimal path to the terminal element is
followed to the cell that is the source of that path.
This process is repeated recursively and a contigu-
ous path of optimal subproblem solutions is traced
through the matrix toward the null cell (0,0). If two
paths were retained in memory, this spawns a
branchpoint in the traceback creating multiple
paths through the matrix. This path or paths repre-
sents the edit graph between the two sequences.
This alignment represents the primary homology
assignment of the sequence data. In our example,
there are four different alignments (Fig. 9) each
of which is an equally likely homology hypothesis.

The optimal path through the pairwise alignment matrix
is sensitive to variations in the cost functions. Thus, our
hypothesis of primary homology is determined by the cost
functions in the alignment. In essence the cost functions are
an a priori weighting scheme. Any alignment generated by
a different set of parameters yields a different set of homol-
ogy statements; it is a different phylogenetic dataset. The
choice of the alignment parameters is largely arbitrary
although it is logically bounded by the triangle inequality
[69]. A gap cost of 0 yields an alignment with no mismatch-
es with an edit distance of 0; this is not a valid parameter
choice.
As shown above, there can be more than one optimal
pairwise alignment for any one set of alignment parame-
ters. Most of the common alignment programs will only
report one of many possible alignments. Typically, when
confronted with a branchpoint a program will have an
embedded decision process. It may consistently choose
the diagonal path (a mismatch) over the horizontal or ver-
tical paths (gaps) or when given a choice between gaps, it
will take only the horizontal path or only the vertical path.
This in essence biases all gaps either to the 5 0 end of the
sequences or the 3 0 end. If you repeat the alignment you
will get the same result, this may give a false sense of con-
sistency to the uninitiated user. It also surreptitiously
obscures homology statements. The alignment is the data;
it is not advisable to systematically bias the data by occlud-
ing alternate alignments. Equivocal hypotheses of homolo-
gy should be arbitrated through congruence. Scrutiny of
the above procedure will show that each column in the
aligned data matrix has an algorithmic dependency based
on a distance metric to every other column in the matrix.
This indicates another degree of non-independence of
linked nucleotide sequence data [65,70].

4.3. Malign

Most multiple alignment packages use a distance-based
method to generate a single guide tree topology. The justi-
fication is that the two most similar sequences are from sis-
ter taxa. This is wrong [17]. Malign is an alignment
program [71] that considers all possible multiple alignments
topologies (or a heuristic thereof) and chooses the align-
ment topology that provides the most parsimonious tree.
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The alignment parameters are maintained as character-
state weighting schemes in the phylogenetic analysis. If sev-
eral guide trees are found to be equally optimal, Malign
can output all resultant matrices. Malign is also capable
of reporting all equally optimal alignments of each pairwise
alignment. In this, Malign is unique among multiple
sequence alignment programs.

Malign will also institute a protocol called elision [72].
Elision is a method that concatenates the results of align-
ments generated with different cost regimes. The grand
alignment is then analyzed. The desired effect is that con-
gruent alignment variable positions will contribute addi-
tively to the phylogenetic signal, whereas homoplasious
alignment variable positions will be non-additive noise.
This method can also be used to explore multiple alignment
paths. Malign produces multiple sequence alignments sole-
ly in the context of a phylogeny.

4.4. Suboptimal alignments

All paths through the pairwise matrix represent an
alignment. Most of these are suboptimal edit paths. All
possible paths can be enumerated and ranked according
to edit distance. If the best alignment is that which provides
the most parsimonious solution, then why not also explore
a set of suboptimal alignments? There is no a priori reason
to assume that the shortest edit distance is the best hypoth-
esis of homology. The edit distance is a similarity metric
and not a test of homology. One issue with using subopti-
mal alignments is that there is no good stopping rule. How
many extra steps in the edit distance do we explore? Includ-
ing more sequences compounds an already intractable
computational problem. But is that a justification not to
explore more ground for enhanced homology assessments?
One predicament is that as the alignment process becomes
less constrained it can generate datasets with fewer phylo-
genetically informative sites. These data may generate phy-
logenies that are less costly and have very little internal
data conflict. If suboptimal alignments are used as data,
the phylogenetic tree length can no longer be used to arbi-
trate between alignments. What is the criterion for deciding
when a suboptimal alignment has become a poor estima-
tion of homology? It is a slippery slope to abandon the sim-
plest alignment solution.

4.5. Dynamic sequence homology

In traditional systematic analysis, the data matrix is stat-
ic during the tree search. If tree search and sequence align-
ment are performed simultaneously, this need not be the
case. Optimization alignment [73] as implemented in the
program POY [74] optimizes the total character transfor-
mation cost of a set of sequences over a topology but with-
out establishing conventional multiple alignment matrices.
Only pairwise comparisons are considered at the nodes of
the network. Gaps in an alignment are not observations;
they are constructs [73]. In optimization alignment as in
real sequences, there are no gaps only insertion deletion
events. Primary homology schemes are in flux because
the phylogenetic topology and the alignment topology
are the same. As the topology changes so too can the pri-
mary homologies. This method is able to simultaneously
consider static matrices such as those used in morphology.
In a simultaneous analysis framework, the morphology
(including fossil data) matrix will influence the dynamic
alignment and the dynamic alignment will influence the
character-state transformation series of the static matrix.
This may seem absurd from the perspective of ahistorical
similarity maximization but in the context of global con-
gruence between all the phylogenetic characters it is sound.
If the data is independent, then there is no justification to
exclude one type of data from the analysis, this includes
multiple gene regions and non-molecular data. The opti-
mality criterion is the shortest length tree. This is the tree
with the most congruence among all the data points. This
is the tree that has undergone the most stringent test of
homology. The best phylogenetic alignment is the one that
agrees with all of the relevant data, this includes other
alignments and non-molecular data.

4.6. Genomic strings as characters

The ideal unit of phylogenetic analysis is one that
evolves independently of other units. They represent sepa-
rate pieces of evidence. This is not necessarily a sound
assumption for molecular sequence data. The effect of
genetic linkage, being a component of a larger functional
unit i.e., the gene, and the algorithmic artifact of pairwise
alignment render the assumption of independence among
nucleotide sequence data suspect. There is no a priori jus-
tification for single nucleotides being the fundamental phy-
logenetic unit character other than that they are
irreducible. The notion of strings of sequence data being
the comparable homologous units and not the individual
nucleotides or amino acids is not novel [13,75,76]. Albert
et al. [75] have argued for strings as characters from the
perspective that highly complex characters are less apt to
be effected by reversals of state. An advantage to strings
as characters approach is that it decreases the probability
of independent gains of the same character state. Genes
as characters have a greater character-state space and have
a much-reduced likelihood of reversals of state, whereas
single nucleotides have a much greater likelihood of rever-
sal of state. Genes that do not track the phylogeny of the
organism due to violations of assumptions would be
observed as single homoplasious characters. Semple and
Steel [77] suggest that it may be possible to reconstruct
large trees with only a small number of these complex char-
acters perhaps on the order of five as opposed to thousands
of characters as required for nucleotides.

Strings as complex characters may ameliorate many of
the above-mentioned problems with non-independence of
linked characters. In the fixed states optimization method
of analysis [78] implemented in POY [70], each sequence
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is treated as a character state in a step matrix (Fig. 5). The
transformation cost between states is determined by its edit
distance. In a scheme such as this, the alignment parame-
ters determine the transformation cost. So, again the pair-
wise alignment parameters affect your homology schemes,
but in this case, it is transformation cost and not the assign-
ment of aligned positions. The most parsimonious tree is
essentially the least costly set of character-state transforma-
tion series. Complex gapping protocols are unambiguously
accommodated in this paradigm. Instead of a string of non-
independent gap characters in a static matrix the gap cost is
incorporated into the overall transformation cost. By
extension, this mode of analysis can be applied to entire
genomes. Sequence transformations would not only
include mismatches and gaps but also translocations,
duplications, and inversions. The entire genome could be
a single character.

5. Conclusions

Homologous characters retain evidence of phylogenetic
history. We erect theories of homology based on observa-
tions of similarity. Which form that similarity takes, struc-
tural, ultrastructural, positional, developmental, even
functional, is not relevant. One cannot know beforehand
whether sets of similar characters are in fact homologous.
A phylogenetic character may be similar but not homolo-
gous and a character may be very dissimilar and yet be
homologous. The phylogenetic tree will illustrate whether
the characters arose independent of history.

Character delimitation is fundamental to phylogenetic
analysis. Sequence alignment is the process by which we
assign putative homology to molecular data. The NW algo-
rithm simply maximizes similarity within a specific cost
regime, but this is the recognition criterion of homology.
Too often the process of alignment is considered incidental
even though it is the operation that generates the dataset.
Since there is no difference between homology of molecular
and non-molecular data, all relevant characters should be
tested against one another simultaneously, this is the most
severe test of congruence. In a phylogenetic context, the
best alignment is the one that generates the most parsimo-
nious tree when analyzed in conjunction with all relevant
data.

Phylogenetic history is an unknowable entity. If we
accept character data as evidence of the past, then the qual-
ity of our character data is also by extension unknowable
because they are the products of these past events. We con-
strain our hypotheses of homology through parsimony.
Thus we submit to the weight of the character evidence.
We should be agnostic toward ideas about mechanisms pri-
or to phylogenetic analysis. The confounding degree of
organismal complexity and the role of contingency in evo-
lution cannot be rescued by the overriding simplifications
of arbitrary process models. If a phylogenetic hypothesis
is inconclusive, it is far more defensible to get more data
than it is to squelch the data that you do have. Upon
inspection, simplistic notions of process generally fall
apart. Classes of data are artificial constructs. Linkage par-
titions are non-independent suites of characters. Much of
the observation of ‘‘process’’ is the result of violations of
the underlying assumption of independence.

Recovery of conserved motifs is an ahistorical criterion
for alignment quality. Constraining alignments to fit these
motifs disregards potentially informative events for phy-
logeny. A priori ideas about structure create forbidden
alignment space. This precludes numerous possible histor-
ical scenarios; many states in evolution are not necessarily
optimal. Constraining alignment space in this way suffers
from the same setbacks as a priori process models.
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