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Cladistic Analysis: Its Applications in Association Studies of Complex Diseases
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Abstract
Introduction: With the increase in genotype data generated by high throughput typing technologies, there is currently a lack of complexity-

oriented analytical methods that can maximise the information obtained from these raw data for the study of complex diseases. We introduce
the cladistic analysis that is traditionally applied in evolution studies and taxonomy, to specify relevant comparisons of traits associated with
each haplotype/genotype in a population sample. Methods: Haplotypes are determined from the genotype data and linked to each other by
their evolutionary relationships to form a cladogram. This is then used to specify relevant statistical comparisons. The central assumption
is that any functionally important genetic variation causing a phenotypic effect at any point in the course of evolution will be embedded in
the framework of haplotypes represented by the cladogram. Applications: There are various applications of cladistic analysis in the study
of complex diseases. Basically, it helps in the identification of haplotypes that are associated with a disease state or a significantly altered
level of quantitative trait. However, its limitations are that only polymorphic sites on the same DNA strand can be analysed and that
recombination events must be relatively rarer than mutational events. Conclusions: In the absence of methods that can recognise the
complexity of the genotype organization, and given its ability to exploit evolutionary information for optimising the analytical strategy,
cladistic analysis would be a method of choice for studying multi-loci effects on a quantitative trait or disease outcome.
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INTRODUCTION

An increasing number of diseases are now found to be
associated with one or more gene loci. Recent advances in
genome-wide scanning techniques have resulted in the
identification of susceptibility genes that are associated
with complex diseases such as diabetes mellitus,1,2 coronary
artery disease3-7 and various forms of cancers.8-11 Complex
diseases have multifactorial aetiology that include both
environmental and genetic factors. Once susceptibility
genes are identified, there is a wide range of mutation
detection strategies to screen for genetic variations that
contribute to the risk of the disease. Genotyping of a large
number of individuals can now be efficiently carried out
with high throughput typing technologies. The analysis of
genetic data gets correspondingly complicated with
increasing number of genetic markers studied. Investigators
of complex diseases are confronted with very different
research questions compared to those studying monogenic
disorders that conform to classical Mendelian mode of
inheritance. Besides being polygenic in aetiology, clinical
outcomes of complex diseases are also determined by
environmental factors and gene-environment interactions.

Recently, it is believed that common variants may contribute
significantly to genetic risk for common diseases.12-14 This
is called the common disease-common variant (CD-CV)
hypothesis.15

Studying the Effect of a Genetic Variant

At this point, it would be helpful to technically define
terms that are often confused. A genetic variant can either
be a mutation or a polymorphism. A mutation is a change
in the genetic material, either of a single gene or in the
number or structure of the chromosomes.16 Unlike mutation,
a genetic polymorphism is the occurrence in a population
of two or more genetically determined forms in such
frequencies that the rarest of them could not be maintained
by mutation alone.17 The cutoff point of 1% to 2% for the
rare allele is arbitrary and has no formal scientific basis. In
a large population, the existence of a genetic condition that
is not polygenic in nature at a frequency of more than, say
2%, must be the consequence of a selective advantage in
the heterozygous form. In such a situation therefore, it is
not realistic to attribute the high gene frequency of the
condition to maintenance by high mutation rates, but by

* Research Fellow
** Professor and Head

Department of Paediatrics
National University of Singapore

Address for Reprints: Dr Heng Chew Kiat, Department of Paediatrics, National University of Singapore, 5 Lower Kent Ridge Road, Singapore 119074.



314

Annals Academy of Medicine

Cladistic Analysis for Complex Diseases—C K Heng & P S Low

selective advantages.

“What is the effect of a genetic variation on its gene
product?” This is one of the fundamental research questions
that often arises when a genetic variant is detected. There
are many possible effects depending on whether the genetic
variation occurs at the regulatory sequences or the coding
sequences. Variation at the regulatory region may alter the
transcription/translation rate, which determines the quantity
of product synthesised. A variation at the structural sequence
may result in a change of the protein properties such as
catalytic rate if it is an enzyme, or binding affinity, if it is
a ligand or receptor. Recently, Shen et al18 demonstrated
that single nucleotide polymorphisms (SNPs) can cause
significant structural variations in allelic forms of mRNA
and therefore allele-specific biological consequences would
result from mRNA-structure-dependent processes. It is
also possible that the variation is silent, regardless of
whether it occurs at coding or non-coding region.

Genetic variations could be in the form of SNPs, insertion/
deletion polymorphism and variable number of repetitive
sequences (microsatellite, minisatellite, Alu repeats and
L1 etc). For a known genetic variation, one of the simpler
approaches to address the research question regarding its
genetic effect is to carry out a cross-sectional association
study in the population and determine if any of the genotypes
present are associated with a significantly altered
quantitative trait level. This approach works fine when
there is only one genetic variation on the gene. However,
this is usually not the case as the frequency of SNPs are
expected to be between 0.3 to 5 per 1000 bp.19 As such, a
large gene would theoretically have more polymorphic
sites. In such a situation, the results obtained from the
association study would not reveal a true effect of the
polymorphism in question. This is because polymorphic
sites elsewhere on the gene may have confounded its effect
if one or more of them are functional variations.

Limitations of Traditional Approaches—The
ApolipoproteinB Gene Example

We would like to draw from the example of the
apolipoprotein B (apoB) gene to illustrate the study of a
gene with many polymorphic sites. ApoB is a molecule
found mainly on low-density lipoprotein (LDL). It serves
as the ligand for LDL-receptor binding. Many polymorphic
sites are found on the 43 kb long gene. This gene is known
to influence lipid metabolism and therefore its genetic
variations and quantitative plasma level of the gene product,
the apoB molecule, are considered as risk factors for
coronary artery disease (CAD).

The effects of individual apoB DNA polymorphisms on
various plasma lipid traits in different ethnic groups of the
world have been extensively studied. Unfortunately, results

from the majority of single-site genotype-phenotype
association studies on apoB are inconsistent and therefore
no conclusive effect can be established.20 This may be due
to the variable frequencies of the rare alleles in different
ethnic groups.21 Other possible factors to account for the
inconsistent findings include non-representative sampling
criterion and small sampling size which inflates type I and
II errors, respectively.22 Even if sample sizes could be large
enough and representative of the population of interest, the
study populations may be genetically heterogeneous. The
situation may arise such that the functional DNA variation
may be present in some but not in other populations, or
linkage disequilibrium between polymorphic sites and
DNA variations may differ among populations.23,24

Although single-site genotype-phenotype studies have
proven helpful in studying the role of candidate genes in the
determination of lipid risk factors for CAD, conclusions
about genetic architecture from these studies cannot be
drawn precisely.25 When the individual sites of apoB gene
are studied in isolation, the overall effect of the gene cannot
be determined as each of these sites may have effects of
varying magnitude on plasma lipid and lipoprotein levels.
Furthermore, the alleles in one site might have interaction
with alleles at other sites, enhancing or limiting their effect.
Some of these polymorphic sites may not be functional or
could even be silent, but in linkage disequilibrium with
another functional polymorphism elsewhere in the gene or
chromosome. Linkage disequilibrium are prevalent between
sites in short DNA regions. As such, phenotypic associations
with polymorphic sites are not independent between sites.
The complications arising as a result of dependence between
sites can be avoided by studying simultaneously,
associations of quantitative traits with the haplotypes as
defined by all the available polymorphisms.

Currently, there is no known method that can be
adequately applied to analyse the complex phenomenon of
interactions between all susceptibility gene loci. Studying
the effects of multiple loci of one gene like the apoB is
already complicated, albeit more manageable than genome-
wide variations. Ideally, one could type all known
polymorphisms of the apoB gene and then work out an
algorithm to determine their combined effects on plasma
lipid traits and outcome of CAD. This is a more informative
approach than carrying out a series of single locus
association studies as had been done in earlier studies.
Moving in this direction, investigators have recently started
using multiple marker loci so that haplotypes can be
constructed for genotype-phenotype association studies.
However, as the number of markers increases, the problem
of decreasing size for each combined genotype class arises,
leading to a diminished statistical power to detect significant
phenotypic differences between genotypes and haplotypes.
Undesirably low level of statistical power becomes critical
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in the study of quantitative lipid variables because it is
expected that the majority of the effects contributed by
genetic changes on the lipid variability will be small.26 As
the marker loci number increases, each individual will
correspondingly gain a greater potential to have their own
unique haplotypes and combined genotype. The number of
possible combinations could exceed the number of
individuals in the sample. Many possible genotypes will
then likely to be absent from even a large sample.
Consequently, even with modest numbers of marker loci,
the number of exhaustive pair-wise comparisons between
haplotypes or combined genotypes required to detect any
association with quantitative changes in phenotypic lipid
traits will increase the degrees of freedom for the statistical
test used. In statistical tests, a larger difference must be
present before a statistically significant level is attained
when the degree of freedom is large.

An effective and efficient approach would have to reduce
the number of irrelevant pair-wise comparisons but yet,
avoid the biases that may be introduced when investigators
preview the data and choose those contrasts that seem most
likely to give significant results.27 Such an approach can be
satisfactorily carried out through cladistic analysis. This
was developed by Templeton et al,27-31 who specified the
procedures for investigating the association between
haplotype variations and its effect on phenotypic traits in a
series of 5 papers.

Making Sense Out of the Myriad Genotypes, Haplotypes
and their Quantitative Effects on Risk Factor Traits—
The Cladistic Approach

Cladistics had its origin with evolution biologists in
tracing the phylogenetic path of an organism of interest. It
also contributes in the field of taxonomy. The three basic
assumptions in cladistics are: 1) any group of organisms
are related by descent from a common ancestor, 2) there is
a bifurcating pattern of cladogenesis, and 3) change in
characteristics occurs in lineages over time. These
assumptions could be similarly applied to a DNA sequence
instead of organisms. The use of cladistic analysis in
studying complex diseases is therefore not a novel method
but a novel application. It is an example of using an old tool
for a new task. In this review, we introduce cladistic
analysis as a tool for studying the effect of multiple genetic
variations on quantitative traits, as well as for tracing the
evolutionary path of a gene to shed some light on the
genetic susceptibility of some haplotypes to diseases.

In cladistic analysis, haplotypes that are defined by
multiple polymorphisms within a gene are used in
constructing a cladogram. A cladogram represents the
mutational steps that interrelate the observed haplotypes to
one another. The cladogram can be rooted or unrooted.

Rooting requires identification of the ancestral haplotype.
Therefore a rooted cladogram is basically a phylogenetic
tree of the gene in question. The root of the cladogram
constitutes the 0-step haplotype. There can only be one root
or ancestral haplotype. Haplotypes that branch from the
root represent the 1-step haplotypes. Those arising from
the 1-step haplotypes form the 2-step haplotypes and so on.
The highest step number occurs at the terminal tip and
indicates the likelihood that the terminal haplotype is the
most recently evolved.

The cladogram aids in analysis by defining a series of
statistical tests that can be used to identify haplotypes
which give rise to a marked phenotypic effect. The central
assumption in cladistic analysis is that any functionally
important genetic variation causing a phenotypic effect
at any point in the course of evolution will be embedded in
the framework of haplotypes represented by the cladogram.27

Thus, a functional variation which occurs in a given
haplotype will also be present in the succeeding haplotype.

Statistical analysis based on the framework defined by a
cladogram increases both efficiency and power because
evolutionary information is incorporated into the statistical
design and contrast between haplotypes/combined
genotypes could be made a priori.27 In some cladistic
studies, haplotypes were used as units of analysis to reduce
the number of potential comparisons that would be required
if genotypes were used.28,32 In general, n haplotypes define
n(n+1)/2 genotypes. Therefore dividing data set into n(n+1)/
2 treatment groups can seriously erode statistical power
simply by making the sample size associated with each
group small.

METHODOLOGY

Three major steps are involved in carrying out cladistic
analysis. Firstly, haplotypes of each subject have to be
determined. In the second step, evolutionary relationships
among haplotypes have to be worked out using
polymorphisms at multiple sites of the gene. Thirdly, the
evolutionary relationships are used to specify the choice of
haplotypes to make quantitative trait comparisons. We will
use the example of apoB once again to illustrate the
procedures of haplotype determination and cladogram
construction.

Coding Procedures of Combined Genotypes and
Haplotypes of the ApoB Polymorphisms

Numeric Coding of Combined Genotypes

In one of our studies, we used genotype data on six
polymorphic sites of the apoB gene to construct the
evolutionary pathways of the gene in Singaporean Chinese
and Indians (Heng et al 1999).33 These include
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polymorphisms at the signal peptide (sp) region (insertion
of Leu-Ala-Leu at nucleotide -51), four antigenic (Ag)
sites: Ag(c/g) at nucleotide 421 (Thr to Ile), Ag(a

1
/d) at

nucleotide 1981 (Val to Ala), Ag(h/i) at nucleotide 11041
(Arg to Gln), Ag(t/z) at nucleotide 12669 (Glu to Lys) and
a XbaI restriction site at nucleotide 7673 which is a silent
mutation. In order to code for the combined genotypes of
the six polymorphisms, a six-digit numeric label is assigned
to each of the combined genotypes according to their
relative positions on the apoB gene, that is, sp24/27, Ag(c/
g), Ag(a

1
/d), XbaI(X+/X-), Ag(h/i) and Ag(t/z). The numbers

“0”, “1” and “2” were used to represent genotypes of
homozygotes for the common alleles, heterozygotes, and
homozygotes for the rare alleles respectively. For example,
an individual with the following combined genotype (sp24/
24, a

1
d, cg, X-X-, ii, tt) would have a genotype code of

“211000”.

Binary Coding of Unambiguous Haplotypes

From the list of combined genotypes, those that were
homozygous at all loci or those not having more than one
heterozygous site were manually selected as they were
made up of unambiguous haplotypes. A binary coding
system comprising the digit “0” to represent the common
alleles and “1” to represent the rare alleles was used,
retaining the relative position of the loci on the apoB gene
as in the combined genotype codes. Estimation of the
haplotype was not carried out for individuals who were
heterozygous at two or more loci as haplotypes could not
be determined unambiguously from these in the absence of
family data.

Determining Ambiguous Haplotype and Their Frequen-
cies by the Expectation-Maximisation (EM) Algorithm

In the presence of ambiguous haplotypes, which will
usually be the case, a simple gene counting method is not
possible because several haplotypes are possible for subjects
who are heterozygous at more than one site. In such a
situation, the maximum-likelihood haplotype frequencies
can be computed using an EM algorithm.34-37 The EM
algorithm is an iterative process that is very computationally
intensive. It begins with an arbitrary estimate of the
frequency of each haplotype using a random seed generator.
These are then used to compute the expected genotype
proportions, assuming Hardy-Weinberg equilibrium. This
is known as the “E-step”. The relative genotype frequencies
are used as weights for their two constituent haplotypes
similar to the gene counting procedure. This leads to new
estimates of haplotype frequencies. This is known as the
“M-step”. The “E-” and the “M-“ steps are repeated in a
looped manner until the haplotype frequencies attain
equilibrium with their corresponding genotype proportions.
The limit of change permitted for each iterative step (the

epsilon value) is predefined by the investigator.

Construction of a Rooted Cladogram (Phylogenetic
tree)

Establishment of the Ancestral Haplotype

The ancestral haplotype is usually inferred based on
some biological indications. In the example of apoB, the
ancestral haplotype is assumed to be sp27gdX-it. There are
two supporting evidences for this assumption. The first is
based on the findings of Rapacz et al,38 who studied a group
of unrelated chimpanzees as well as gorillas, and found
only one apoB antigen group haplotype Ag(g,d,y,i,t) in
them. From this, it was inferred that this is the ancestral
haplotype from which all the others have evolved. Rapacz
et al38 also suggested that Homo sapiens had an African
origin and subsequently migrated to Europe and the Pacific.
The second basis for the assumption of this ancestral
haplotype was the findings of Breguet et al21 that Ag(g),
Ag(i) and Ag(t) were most likely the earliest alleles as they
were found to be the most frequent in all the 13 human
populations they studied. Ag (g, d, y, i, t) also represented
the most common haplotype among the Bantu (frequency
= 0.695) and the Senegalese (frequency = 0.577) who are
both African populations. Subsequent studies have also
used the same ancestral haplotype.39,40

In cases where no ancestral haplotype could be inferred,
the cladogram would be one with bi-directional arrows
linking haplotypes (Fig. 1), unlike phylogenetic trees which
have unidirectional arrows.

A B C

D

Fig. 1. A hypothetical unrooted cladogram.

Elucidating the Evolutionary Pathways

Regardless of whether the ancestral haplotype could be
established, the next step involves using the marker
information from the haplotypes to construct a cladogram.
The haplotypes are linked according to their inferred
evolutionary relationship. One of the methods for
determining the evolutionary pathways is the maximum
parsimony method.41-43 The cladograms are constructed
such that the fewest number of mutations are predicted to
have occurred during the evolution of the observed
haplotype array. This is the parsimony criterion of minimum
net evolution. The assumptions underlying the construction
of a cladogram are given in Sing et al.44 In addition, the
coalescent theory as proposed by Kingman45,46 could be
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applied. Several points as discussed by Crandall et al47 are
very useful for rooting and resolving ambiguities in a
cladogram. We provide here a summary of the assumptions
and considerations from the aforementioned references as
well as from other authors. These are:

1. Parsimony reflects evolutionary history and that all
haplotypes present in the sample may be traced to a
common ancestor.44

2. The age of a haplotype is proportional to its frequency.48

The older a mutation is, the greater is the chance that a
second mutation had occurred. As such, those haplotypes
differing by many mutations diverged from their
common ancestor earlier than those differing by only a
few.

3. Younger haplotypes that are recently evolved occur
preferentially as terminal haplotypes.49

4. Common haplotypes usually occur in the interior of the
cladogram whereas rare ones usually occur at the
terminal ends.49

5. Recombination and gene conversion are rare events.27

This assumption was reasonable in the case of the apoB
gene because there were strong linkage disequilibrium
among the apoB loci.

6. The rate of generation of functional genetic variations
is lower than that of the variations in the marker loci.27

7. Functional genetic variations can be traced through the
same evolutionary history that is defined by the
cladogram.27

The above process of constructing the cladogram can be
aided by available softwares such as Felsenstein’s PHYLIP
or Swofford’s PAUP (Phylogenetic Analysis Using
Parsimony). A web-based version of PHYLIP called

WebPHYLIP is also available (http://sdmc.krdl.org.sg:
8080/~lxzhang/phylip). An example of a cladogram for
apoB using genotype information from Singaporean
Chinese is given in Figure 2. This approach has led us to
identify 3 haplotypes that were exclusively found in the
Chinese coronary artery disease population and that these
3 haplotypes were most recently evolved relative to the rest
of the haplotypes.33

Using Cladogram to Define Quantitative Contrast of
Phenotypic Differences

Given n number of group, the number of pair-wise
comparisons is given by the equation (n2-n)/2. Consider a
simple example consisting of 5 haplotypes named A to E.
In a conventional statistical approach, one would have to
make (52-5)/2 or 10 independent pair-wise multiple
comparisons of their associated quantitative trait levels in
order to determine if there is any significant difference
between them. A cladogram could be constructed based on
the evolutionary relationship of the 5 haplotypes as depicted
in Figure 3.

With the cladistic strategy, the only pair-wise comparisons
one would require to make are A-B, A-C, A-D and A-E. As

Fig. 2. Cladogram for Chinese (Squares = haplotypes present in healthy and CAD, Elipse = Unique haplotypes in CAD patients, clear arrow indicates an unlikely path for derivation
of H11). Frequencies of the haplotypes in are given as percentages. Frequency percentages of CAD haplotypes refer to their occurrence within the CAD sub-population. 0 = common
alleles (sp27ga

1
X-it), 1 = rare alleles (sp24cdX+hz) (Reproduced with permission from Ann Hum Genet33).

A

B C D E

Fig. 3. A cladogram linking haplotypes A, B, C, D and E based on the evolutionary
relationship with maximum parsimony.
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apparent, the 10 comparisons (9 degrees of freedom or df)
involved in the conventional strategy would greatly corrode
the statistical power to detect a true difference in associated
quantitative trait levels between the haplotypes. The cladistic
approach, however, could drastically reduce the number of
comparisons to 4 (df = 3) and thus increases the likelihood
of detecting a small difference that would otherwise be
missed by the conventional method.

In a more complex cladogram, the strategy could be
extended. This gives rise to a nested algorithm for making
comparisons. For explanation, we will use a simple example
of a cladogram that requires nesting as shown in Figure 4.

Comparison of quantitative traits begins with the terminal
haplotype E and the internal haplotype B. If any significant
differences could be detected between them, the mutational
step associated with such a change in the quantitative level
is already identified. Similar comparisons are subsequently
carried out between F and B, H and G, as well as D and A.
If no significant differences in trait levels are found, the
terminal 0-step clades can be combined by moving back
one mutational step. This union would form three 1-step
clades consisting of BEF, GH and AD. Pair-wise testing
for significant differences of quantitative traits could then
be carried out for BEF with AD, and GH with C. If there is
still no difference, the next union of one more mutational
step backwards would leave only one comparison between
ADBEF with CGH.

Details of the algorithm and various applications of the
cladistic analysis can be obtained from Templeton et al’s
series of 5 papers,27-31 which we will briefly review here.

In their first paper, Templeton et al27 described the
fundamental principles underlying the construction of the
cladogram and its application in analysing the alcohol
dehydrogenase gene of an inbred population of drosophila.
However, the method is only applicable for a homozygous
or haploid population. In their second paper in the series,
Templeton et al28 applied the cladistic analysis on a natural
diploid human population with heterozygotes. Since the
human population is diploid, the concept of average excess
that Templeton introduced earlier had to be used.50 Next,
they evaluated the limits of parsimony in estimating
cladogram and addressed the issue of confidence that one
could place on them.29 In paper IV,30 they extended the
analytical strategy to handle categorical phenotypes in
addition to quantitative phenotypes. Further application of
cladistic analysis for a case/control design was discussed in
Templeton’s final paper in the series.31 Following
that, Templeton had another review paper on cladistics
that put forth the merits of procedures which
incorporate evolutionary history to identify determinants
of variability in multifactorial phenotypes over procedures
that do not.51

Haplotypes as Units of Analysis

The use of haplotypes necessitates the calculation of
average excess or average effect of each haplotype for
statistical comparisons. Both average excess and average
effect are ways of assigning a phenotypic effect to a haploid
genotype although the phenotype is expressed only in
diploid individuals. The equations for calculating these
two quantities can be found in reference 50.

In instances where all genotypes are homozygous, as in
experiments with drosophila in which homozygotes can be
inbred,52 the problem of assigning haplotype effects is
eliminated and the average excesses can be analysed with
standard nested analysis of variance (ANOVA)
procedures.27 For a genetic epidemiological study, the
subjects are outbred populations in which a single haplotype
could exist in a variety of different genotypes without a
one-to-one correspondence between haplotypes and the
genotypes expressing the phenotype. When confounded
by heterozygosity, haplotype effects cut across the sample
of individual phenotypic measurements in a complex
manner, disabling the use of conventional statistical tests
like ANOVA and nested ANOVA.28 One of the alternatives
to circumvent this problem is to use a sample reuse procedure
called the random permutation test developed by
Edgington.53 There are potential problems inherent in this
procedure though. It is computation-intensive and its power
is not adequately known. Another alternative used by
Haviland et al54 could be adopted. It involves only a subset
of unambiguous haplotypes of which the one which is
homozygous and n-1 step away is used to contrast with all
the haplotypes of the n-step clades. All the individuals
involved have one common copy of the haplotype, leaving
the other variable haplotype for contrast. Diploid phenotypic
variations can therefore be used directly without having to
calculate average excesses of the haplotypes and more
importantly, the data can be made amenable to relatively

Fig. 4. A hypothetical cladogram that requires nesting.
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less complex parametric analyses like the ANOVA.
However, this approach only allows a subset of genotypes
that has one haplotypes in common with others to be used.

EXAMPLES OF CLADISTICS APPLICATION

Despite its usefulness, cladistic analysis has not been
popularly applied in the study of complex diseases. One of
the earlier works was that of Dunning et al.39 They postulated
a phylogenetic tree for the human apoB gene in both
healthy and myocardial infarction patients. Two of the
haplotypes were found to be associated with elevated
plasma apoB levels. Working also with the apoB gene,
Hallman et al32 found association between some apoB
haplotypes with HDL-cholesterol, triglycerides and total
cholesterol levels. With the cladistic analysis, Friedlander
et al55 found apoB haplotypes that respond significantly to
dietary challenge of total cholesterol and LDL-C in young
people. Using similar approach, Haviland et al54 identified
haplotypes of the apoAI-CIII-AIV gene cluster and the
LDL receptor gene56 that were associated with small
pleiotropic effects on plasma lipid traits. In a study of 10
polymorphisms spanning 26 kb of the ACE gene, Keavney
et al57 used cladograms to localise the polymorphic sites
that significantly influence angiotensin converting enzyme
levels. From another group, Lobos et al58 found significant
association of the tyrosine hydroxylase gene polymorphisms
with alcoholism but not in the case of the dopamine D2
receptor gene59 by using the nested statistical analysis
strategy derived from cladograms. The results of Kittles et
al60 also demonstrated the influence of eight loci in the Y
chromosomes on the risk of alcoholism in Finnish males
using cladistic analysis.

EVALUATION OF CLADISTIC ANALYSIS—
CAVEATS

Like all methodology, cladistic analysis is not without its
limitations. Firstly, cladistic analysis can only analyse
genetic information from sites that are on the same strand
of DNA. Although this may span many genes, complex
diseases usually have candidate genes that are located on
various chromosomes. As such, it is only useful when the
candidate gene or genes on the same cluster have multiple
polymorphic sites. When candidate genes are spread over
different chromosomes, cladistic analysis would not be
applicable.

Secondly, haplotypes in the cladogram are linked to each
other based on the mutational steps over time. However,
some of the haplotypes may have been derived from
recombination events and hence are not legitimate
constituents of the cladogram. When recombination events
are more frequent in the region of DNA being investigated
but less frequent than mutational changes, the frequency of
recombination events can be reduced to very rare or non-
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existent by subdividing the region of study to smaller
segments. Separate cladograms for each segment could be
constructed to identify functional variations. If
recombination frequency is common relative to mutational
events, then cladistic analysis would not be appropriate.

Thirdly, the task of constructing a cladogram is relatively
easier with genetic variations being single nucleotide
substitution or simple insertion/deletion polymorphisms.
When micro- or minisatellite repetitive sequences are
present, the large number of alleles would result in the
absence of many theoretically possible haplotypes. Even
those that are present would only be carried by very few
individuals. As such, the problem of large number of
comparisons would still persist despite the cladogram-
specified strategy.

CONCLUSIONS

In the absence of complexity-oriented analytical
strategies, cladistic analysis is still by far a useful tool for
identifying haplotypes that either contribute to a
significantly altered quantitative trait or associated with
clinical manifestations of a complex disease. Currently, no
method is yet able to recognise the complexity of the
genotype organization and exploit the coherency provided
by evolutionary pathways to optimise an analytical strategy.
As such, cladistic analysis would be a method of choice for
studying multi-loci effects despite its many limitations.
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