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Abstract

Introduction: With theincreasein genotypedata generated by high throughput typingtechnologies, thereiscurrently alack of complexity-
oriented analytical methodsthat can maximisetheinformation obtained fromtheseraw datafor the study of complex diseases. Weintroduce
thecladisticanalysisthat istraditionally applied in evolution studiesand taxonomy, to specify relevant comparisonsof traitsassociated with
each haplotype/genotypein a population sample. Methods: Haplotypes are determined from the genotype data and linked to each other by
their evolutionary relationshipsto form a cladogram. Thisisthen used to specify relevant statistical comparisons. The central assumption
isthat 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 analysisin the study
of complex diseases. Basically, it helpsin the identification of haplotypesthat 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 advancesin
genome-wide scanning techniques have resulted in the
identification of susceptibility genes that are associated
withcompl ex diseasessuch asdiabetesmellitus,*? coronary
artery disease®’ and various forms of cancers.®* 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 alarge
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 markersstudied. I nvestigators
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, itisbelievedthat common variantsmay contribute
significantly to genetic risk for common diseases.’*** This
is called the common disease-common variant (CD-CV)
hypothesis.*®

Studying the Effect of a Genetic Variant

At this point, it would be helpful to technically define
termsthat are often confused. A genetic variant can either
be amutation or a polymorphism. A mutation is a change
in the genetic material, either of a single gene or in the
number or structureof thechromosomes.** Unlikemutation,
a genetic polymorphism is the occurrence in a population
of two or more genetically determined forms in such
frequenciesthat the rarest of them could not be maintained
by mutation alone.r” The cutoff point of 1% to 2% for the
rarealeleisarbitrary and hasno formal scientific basis. In
alarge population, the existence of agenetic condition that
isnot polygenic in nature at afrequency 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
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selective advantages.

“What is the effect of a genetic variation on its gene
product?’ Thisisoneof thefundamental research questions
that often arises when a genetic variant is detected. There
aremany possi bl eeffectsdepending onwhether thegenetic
variation occurs at the regulatory sequences or the coding
sequences. Variation at theregulatory region may alter the
transcription/trangl ation rate, which determinesthequantity
of product synthesised. A variationat thestructural sequence
may result in a change of the protein properties such as
catalytic rateif it isan enzyme, or binding affinity, if itis
aligand or receptor. Recently, Shen et al*® demonstrated
that single nucleotide polymorphisms (SNPs) can cause
significant structural variationsin allelic forms of mRNA
andthereforeallel e-specificbiol ogical consequenceswould
result from mRNA-structure-dependent processes. It is
also possible that the variation is silent, regardiess of
whether it occurs at coding or non-coding region.

Geneticvariationscould beintheformof SNPs, insertion/
deletion polymorphism and variable number of repetitive
sequences (microsatellite, minisatellite, Alu repeats and
L1 etc). For aknown genetic variation, one of the simpler
approaches to address the research question regarding its
genetic effect isto carry out a cross-sectional association
study inthepopul ationand determineif any of thegenotypes
present are associated with a significantly altered
guantitative trait level. This approach works fine when
thereis 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.*® As such, a
large gene would theoretically have more polymorphic
sites. In such a situation, the results obtained from the
association study would not revea a true effect of the
polymorphism in question. This is because polymorphic
sitesel sewhere on the gene may have confounded itseffect
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
astheligandfor L DL -receptor binding. Many polymorphic
sitesare found on the 43 kb long gene. Thisgeneisknown
to influence lipid metabolism and therefore its genetic
variationsand quantitativeplasmalevel of thegeneproduct,
the apoB molecule, are considered as risk factors for
coronary artery disease (CAD).

The effects of individual apoB DNA polymorphisms on
various plasmalipid traitsin different ethnic groups of the
worldhavebeenextensively 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.’ This may be due
to the variable frequencies of the rare alleles in different
ethnic groups.?! Other possible factors to account for the
inconsistent findings include non-representative sampling
criterion and small sampling sizewhich inflatestype | and
Il errors, respectively.?? Evenif samplesizescould belarge
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 anong populations.?2

Although single-site genotype-phenotype studies have
proven helpful instudying theroleof candidategenesinthe
determination of lipid risk factors for CAD, conclusions
about genetic architecture from these studies cannot be
drawn precisely.” When the individual sites of apoB gene
arestudiedinisolation, theoverall effect of thegene cannot
be determined as each of these sites may have effects of
varying magnitude on plasmalipid and lipoprotein levels.
Furthermore, the alleles in one site might have interaction
withallelesat 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 elsewhereinthe geneor
chromosome. Linkagedisequilibriumareprevalent between
sitesinshort DNA regions. Assuch, phenotypicassociations
with polymorphic sites are not independent between sites.
Thecomplicationsarising asaresult of dependencebetween
sites can be avoided by studying simultaneously,
associations of quantitative traits with the haplotypes as
defined by al the available polymorphisms.

Currently, there is no known method that can be
adequately applied to analyse the complex phenomenon of
interactions between all susceptibility geneloci. Studying
the effects of multiple loci of one gene like the apoB is
already complicated, a beit moremanageabl ethan genome-
wide variations. |deally, one could type all known
polymorphisms of the apoB gene and then work out an
algorithm to determine their combined effects on plasma
lipidtraitsand outcomeof CAD. Thisisamoreinformative
approach than carrying out a series of single locus
association studies as had been done in earlier studies.
Movinginthisdirection, investigatorshaverecently started
using multiple marker loci so that haplotypes can be
constructed for genotype-phenctype association studies.
However, asthe number of markersincreases, the problem
of decreasing sizefor each combined genotype classarises,
leadingtoadiminished statistical power todetect significant
phenotypicdifferencesbetween genotypesand hapl oty pes.
Undesirably low level of statistical power becomescritical
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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.?® As
the marker loci number increases, each individua will
correspondingly gain agreater potential to have their own
unique hapl otypesand 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
traitswill increasethe degrees of freedomfor 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 effectiveand efficient approach would haveto reduce
the number of irrelevant pair-wise comparisons but yet,
avoid thebiasesthat may beintroduced when investigators
preview the dataand choose those contraststhat seem most
likely to givesignificant results.?” Such an approach can be
satisfactorily carried out through cladistic analysis. This
was developed by Templeton et a,?-%! who specified the
procedures for investigating the association between
haplotype variations and its effect on phenotypic traitsin a
series of 5 papers.

M aking SenseOut of theM yriad Genotypes, Haplotypes
and their Quantitative Effectson Risk Factor Traits—
The Cladistic Approach

Cladistics had its origin with evolution biologists in
tracing the phylogenetic path of an organism of interest. It
aso contributes in the field of taxonomy. The three basic
assumptions in cladistics are: 1) any group of organisms
arerelated by descent from acommon ancestor, 2) thereis
a bifurcating pattern of cladogenesis, and 3) change in
characteristics occurs in lineages over time. These
assumptionscould besimilarly appliedtoaDNA sequence
instead of organisms. The use of cladistic anaysis in
studying complex diseasesistherefore not anovel method
but anovel application. Itisan exampleof using an old tool
for a new task. In this review, we introduce cladistic
analysisasatool 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 stepsthat interrel ate the observed haplotypesto
one another. The cladogram can be rooted or unrooted.
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Rooting requiresidentification of the ancestral haplotype.
Therefore arooted cladogram is basically a phylogenetic
tree of the gene in question. The root of the cladogram
constitutesthe O-step hapl oty pe. Therecan only beoneroot
or ancestral haplotype. Haplotypes that branch from the
root represent the 1-step haplotypes. Those arising from
the 1-step hapl oty pesform the 2-step hapl otypesand 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 giverise to amarked phenotypic effect. The central
assumption in cladistic analysis is that any functionally
important genetic variation causing a phenotypic effect
at any point inthe course of evolution will be embeddedin
theframework of hapl otypesrepresented by thecladogram.
Thus, a functional variation which occurs in a given
haplotypewill a so be present in the succeeding haplotype.

Statistical analysisbased on the framework defined by a
cladogram increases both efficiency and power because
evolutionary informationisincorporated into the statistical
design and contrast between haplotypes/combined
genotypes could be made a priori.?” In some cladistic
studies, haplotypeswere used asunits of analysisto reduce
thenumber of potential comparisonsthat wouldberequired
if genotypeswere used.?232 | n general, n haplotypes define
n(n+1)/2genotypes. Thereforedividingdatasetinton(n+1)/
2 treatment groups can seriously erode statistical power
simply by making the sample size associated with each
group small.

METHODOLOGY

Three mgjor steps are involved in carrying out cladistic
anaysis. 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 relationshipsare used to specify the choice of
hapl otypesto make quantitativetrait comparisons. Wewiill
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 Polymor phisms

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 genein Singaporean Chinese
and Indians (Heng et al 1999).%® These include
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polymorphisms at the signal peptide (sp) region (insertion
of Leu-Ala-Leu at nuclectide -51), four antigenic (AQ)
sites: Ag(c/g) at nucleotide 421 (Thr to lle), Ag(a/d) at
nucleotide 1981 (Val to Ala), Ag(h/i) at nuclectide 11041
(Argto GlIn), Ag(t/z) at nucleotide 12669 (Gluto Lys) and
a Xbal restriction site at nucleotide 7673 which isasilent
mutation. In order to code for the combined genotypes of
thesix polymorphisms, asix-digit numericlabel isassigned
to each of the combined genotypes according to their
relative positions on the apoB gene, that is, sp24/27, Ag(c/
g),Ag(a/d), Xbal (X+/X-), Ag(h/i) and Ag(t/2). Thenumbers
“0", “1" and “2" were used to represent genotypes of
homozygotes for the common alleles, heterozygotes, and
homozygotesfor therareallelesrespectively. For example,
anindividual withthefollowing combined genotype (sp24/
24, a,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 al 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
aleles and “1” to represent the rare aleles 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 thesein 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
possi blebecauseseveral haplotypesarepossiblefor 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.3**” The EM
algorithmisaniterativeprocessthatisvery computationally
intensive. It begins with an arbitrary estimate of the
frequency of each haplotypeusingarandom seed generator.
These are then used to compute the expected genotype
proportions, assuming Hardy-Weinberg equilibrium. This
isknownasthe" E-step”. Therelativegenotypefrequencies
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
equilibriumwiththeir corresponding genotypeproportions.
The limit of change permitted for each iterative step (the

epsilon vaue) 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 hiological indications. In the example of apoB, the
ancestral haplotypeisassumed to be sp27gdX-it. Thereare
two supporting evidences for this assumption. Thefirst is
based onthefindingsof Rapacz et al,* who studied agroup
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
hapl otype from which all the others have evolved. Rapacz
et a*® also suggested that Homo sapiens had an African
originand subsequently migrated to Europeand the Pacific.
The second basis for the assumption of this ancestral
haplotype was the findings of Breguet et a# that Ag(g),
Ag(i) and Ag(t) weremost likely the earliest allelesasthey
were found to be the most frequent in al the 13 human
populationsthey studied. Ag (g, d, y, i, t) also represented
the most common haplotype among the Bantu (frequency
= 0.695) and the Senegal ese (frequency = 0.577) who are
both African populations. Subsequent studies have also
used the same ancestral haplotype.34°

In caseswhere no ancestral haplotype could beinferred,
the cladogram would be one with bi-directional arrows
linking haplotypes(Fig. 1), unlikephylogenetictreeswhich
have unidirectional arrows.

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 haplotypesto construct acladogram.
The haplotypes are linked according to their inferred
evolutionary relationship. One of the methods for
determining the evolutionary pathways is the maximum
parsimony method.**® The cladograms are constructed
such that the fewest number of mutations are predicted to
have occurred during the evolution of the observed
haplotypearray. Thisistheparsimony criterionof minimum
net evolution. Theassumptionsunderlying theconstruction
of a cladogram are given in Sing et al.* In addition, the
coalescent theory as proposed by Kingman*4¢ could be
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applied. Several pointsasdiscussed by Crandall et a*” are
very useful for rooting and resolving ambiguities in a
cladogram. Weprovidehereasummary of theassumptions
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.*

2. Theageof ahaplotypeisproportional toitsfrequency.*®
The older amutation is, the greater isthe chance that a
second mutation had occurred. Assuch, thosehapl otypes
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.*®

4. Common haplotypesusually occur intheinterior of the
cladogram whereas rare ones usually occur at the
terminal ends.*®

5. Recombination and gene conversion are rare events.?’
Thisassumption wasreasonablein 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
islower than that of the variationsin the marker loci.#

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

The above process of constructing the cladogram can be
aided by availablesoftwaressuchasFelsenstein’ sPHY LIP
or Swofford’s PAUP (Phylogenetic Analysis Using
Parsimony). A web-based version of PHYLIP called
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WebPHYLIP is also available (http://sdmc.krdl.org.sg:
8080/~Ixzhang/phylip). An example of a cladogram for
apoB using genotype information from Singaporean
Chineseis 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 haplotypesweremost recently evolved relativeto therest
of the haplotypes.®

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 (n>n)/2. Consider a
simple example consisting of 5 haplotypes named A to E.
In aconventional statistical approach, one would have to
make (5%-5)/2 or 10 independent pair-wise multiple
comparisons of their associated quantitative trait levelsin
order to determine if there is any significant difference
between them. A cladogram could be constructed based on
theevolutionary rel ationship of the5 hapl oty pesasdepicted
in Figure 3.

Withthecladisticstrategy, theonly pair-wisecomparisons
onewouldrequireto makeareA-B, A-C,A-D and A-E. As

N

Fig. 3. A cladogram linking haplotypes A, B, C, D and E based on the evolutionary
relationship with maximum parsimony.
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Fig. 2. Cladogram for Chinese (Squares = haplotypes present in healthy and CAD, Elipse = Unique haplotypesin CAD patients, clear arrow indicates an unlikely path for derivation
of H11). Frequencies of the haplotypesin are given as per centages. Frequency per centages of CAD haplotypes refer to their occurrence within the CAD sub-population. 0= common
alleles (sp27ga,X-it), 1 = rare alleles (sp24cdX+hz) (Reproduced with permission from Ann Hum Genet™®).
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apparent, the 10 comparisons (9 degrees of freedom or df)
involvedintheconventional strategy would greatly corrode
thestatistical power to detect atruedifferencein associated
quantitativetraitlevel shetweenthehapl otypes. Thecladistic
approach, however, could drastically reducethe number of
comparisonsto 4 (df = 3) and thusincreases 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 givesriseto anested algorithm for making
comparisons. For explanation, wewill useasimpleexample
of acladogram that requires nesting as shown in Figure 4.

Comparisonof quantitativetraitsbeginswiththeterminal
haplotype E and theinternal haplotypeB. If any significant
differencescoul d bedetected between them, themutational
step associated with such achangein the quantitative level
isalready identified. Similar comparisonsare subsequently
carried out between F and B, H and G, aswell asD and A.
If no significant differences in trait levels are found, the
terminal O-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 thereis
still no difference, the next union of one more mutational
step backwardswould 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 a’s
series of 5 papers,?-3t which we will briefly review here.

In their first paper, Templeton et a? described the
fundamental principles underlying the construction of the
cladogram and its application in analysing the alcohol
dehydrogenase gene of aninbred popul ation of drosophila.
However, the method is only applicable for ahomozygous
or haploid population. In their second paper in the series,
Templeton et a8 applied the cladistic analysison anatural
diploid human population with heterozygotes. Since the
human popul ationisdiploid, the concept of average excess
that Templeton introduced earlier had to be used.® Next,
they evaluated the limits of parsimony in estimating
cladogram and addressed the issue of confidence that one
could place on them.?® In paper 1V,* they extended the
analytical strategy to handle categorical phenotypes in
addition to quantitative phenotypes. Further application of
cladisticanalysisfor acase/control designwasdiscussedin
Templeton's final paper in the series.® 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 inmultifactorial phenotypesover procedures
that do not.>

@I<—O - 0O

Fig. 4. A hypothetical cladogram that requires nesting.

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 arewaysof assigning aphenotypiceffecttoahaploid
genotype athough 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, asin
experimentswith drosophilain which homozygotescan be
inbred,*? the problem of assigning haplotype effects is
eliminated and the average excesses can be analysed with
standard nested analysis of variance (ANOVA)
procedures.” For a genetic epidemiological study, the
subjectsareoutbred popul ationsinwhichasinglehapl otype
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
likeANOV A and nested ANOV A .22 Oneof thealternatives
tocircumvent thisproblemistouseasamplereuseprocedure
called the random permutation test developed by
Edgington.* There are potential problemsinherent in this
procedurethough. Itiscomputation-intensiveanditspower
is not adequately known. Ancther alternative used by
Haviland et al> could be adopted. It involvesonly asubset
of unambiguous haplotypes of which the one which is
homozygous and n-1 step away isused to contrast with all
the haplotypes of the n-step clades. All the individuals
involved have one common copy of the haplotype, leaving
theother variablehapl otypefor 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
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less complex parametric analyses like the ANOVA.
However, this approach only allows a subset of genotypes
that has one hapl otypesin common with othersto be used.

EXAMPLES OF CLADISTICS APPLICATION

Despite its usefulness, cladistic analysis has not been
popularly appliedinthe study of complex diseases. One of
theearlier workswasthat of Dunninget al.* They postul ated
a phylogenetic tree for the human apoB gene in both
healthy and myocardia infarction patients. Two of the
haplotypes were found to be associated with elevated
plasma apoB levels. Working also with the apoB gene,
Hallman et a* found association between some apoB
haplotypes with HDL -cholesterol, triglycerides and total
cholesterol levels. With the cladistic analysis, Friedlander
et al> found apoB haplotypes that respond significantly to
dietary challenge of total cholesterol and LDL-Cinyoung
people. Using similar approach, Haviland et al> identified
haplotypes of the apoAl-CIlI-AlV gene cluster and the
LDL receptor gene® 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 al®” used cladograms to localise the polymorphic sites
that significantly influence angiotensin converting enzyme
levels. From another group, Lobos et al%® found significant
association of thetyrosinehydroxylasegenepolymorphisms
with alcoholism but not in the case of the dopamine D2
receptor gene® by using the nested statistical analysis
strategy derived from cladograms. Theresults of Kittleset
al® also demonstrated the influence of eight loci inthe Y
chromosomes on the risk of alcoholism in Finnish males
using cladistic analysis.

EVALUATION OF CLADISTIC ANALYSIS—
CAVEATS

Likeall methodology, cladistic analysisisnot 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 isonly 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, haplotypesinthe cladogram arelinked 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
constituentsof the cladogram. When recombination events
aremore frequent in theregion of DNA being investigated
but lessfrequent than mutational changes, thefrequency 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 iscommon rel ative to mutational
events, then cladistic analysis would not be appropriate.

Thirdly, thetask of constructingacladogramisrelatively
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 analysisis still by far a useful tool for
identifying haplotypes that either contribute to a
significantly atered quantitative trait or associated with
clinical manifestations of acomplex disease. Currently, no
method is yet able to recognise the complexity of the
genotype organization and exploit the coherency provided
by evol utionary pathwaysto optimiseananalytical strategy.
Assuch, cladistic analysiswould beamethod of choicefor
studying multi-loci effects despite its many limitations.
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