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Application of principal component analysis toaccess
selected rice germplasm phenotypicdiversity

ABSTRACT

Without variability, it is not possible to conduct a plant breeding program. Germplasm is hence the criticalfirst
step in initiating a breeding program. Diversity inO. glaberrimaaccessions is enormous. It needs tobe
organized and characterized in order to facilitate its use by plant breeders. Two principal components (PRIN1)
and (PRIN2) accounted for most of the variability observed in characters studiedmeasured. PRIN 1 accounted for
56%

ofthephenotypicandmorphologicalvariation. ThePRIN 1 wasloadedonplantheight,numberofpanicle,

biomass wet weight, panicle wet weight and grain yield. PRIN 2 accounted for 23% of the variation. ~PRIN 2
wasloadedonbiomasswetweight,biomassdryweight,paniclewetweight,panicledryweight,andharvest

index. The test for univariate statistics described individual variable to explore pattern of response to variation

0t02.0. AlltheselectedOryzaglaberrimaaccessionsandtheOryzasativaweredistributedacrossthefive
clusters‘respectivelyl.

KEY WORDS: Principal Component Analysis, germplasm evaluation, genetic diversity,
multivariate.

INTRODUCTION
Ahugenumberofvariableareregularlymeasuredbyplantbreedersofwhichsomemaynot
beofsufficientdiscriminatorypowerforgermplasmevaluationandcharacterizationoftraits
(Shaibu and Ogburia, 2002). In such a situation, principal component analysis (PCA) may
offer a useful insight in data set to eliminate redundancy. In any crop, germplasm resource
notonlyservesasavaluablesourceofusefulgenesbutalsoprovidesscopeforbuildingupa
basicpopulationofwidegeneticvariability.Bringingimprovementoverexistingcrop
varietiesisacontinuousprocessinplantbreeding. Toachievethisobjective,thebreederhas
toidentifydiverseparentshavinghighgeneticvariabilityforcombiningdesirablecharacters.
Therefore, knowledge of sound genetic diversity is essential for undertakingany
measureofgeneticdiversitybutrecentlyitisobservedthatgeneticmaterialsfromsameeco
geographicoriginalsopossessdiversegeneticmakeupanditisnotuncommonthatthe

genetic materials of different eco geographic origin possess similar genetic architecturedue
to free and easy material transfer facilities. The usefulness of multivariate analysis for the

study of morphologically complex individual and fermeasuringthe degree of divergence

- {Comment [ar1]: Does not make any sense

- - — 7| Comment [ar2]: Traits and characters are
synonyms

h ‘[Comment [ar3]: Improve the sentence

F - ‘[Comment [ar4]: ?

o o

- {Comment [ar5]: ?




39
40

41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72

between biological populations has been shown in different fields of research.Multivariate

statistical techniques which simultaneously analyseanalyses multiple measurements
on each

individualunderinvestigationarewidelyusedinanalysisofgeneticdiversityirrespectiveof
whether it is morphological, biochemical or molecular marker-based and subsequently,
classification of germplasm collections. Among the multivariate techniques, principal
componentanalysis(PCA)andclusteranalysishadbeenshowntobeveryusefulinselecting
genotypesforbreedingprogramthatmeettheobjectiveofaplantbreeder(Mohammadiand
Prasanna,2003).PCAhasbeenreportedtorevealpatternsandeliminateredundancyindata
sets(Adams,1995)whilemorphologicalandphysiologicalvariationsroutinelyoccurincrop
species. Cluster analysis is commonly used to study genetic diversity and forforming
principal subclass for grouping accessions with similar characteristic into onehomogenous
category.Clusteringisalsousedtosummarizeinformationonrelationshipsbetweenobjects
bygroupingsimilarunitssothattherelationshipmaybeeasilyunderstoodforscientific
knowledgeandadvancement.
MajiandShaibu(2012)describedthatmultivariateanalysishasbeenusedfrequentlyfor
geneticdiversityanalysisinmanycropssuchasbarley(Hordeumvulgarel..)Ssorghum
(Sorgum bicolorL. Moench), wheat (Triticumspp.), peanut (Arachishypogaeal..)
(Upadhyayaetal.,2009).andvineyardpeach(Prunuspersical..Batsch)andinrice(Ganaet

al., 2013). |Multivariate analysis has been used frequently for genetic diversity analysis in

whicharesufficienttoelucidatethemaximumvariabilityinfieldcrop.Thisstudywas
undertakentorunaclassificationanalysisonselectedOryzaglaberrimaaccessionsand
Asianricevarietiesbymeansofdescriptivestatisticandtounderstandtheassociationof
variouscharacters,PCAandclusteranalysiswhichwouldenablebreederstoclassifythe
availablegermplasmintodistinctgroupsonthebasisoftheirgeneticdiversity.However,the
resultsobtainedwouldbevaluableindevelopinganeffectivebreeding.
MATERIALSANDMETHODS
Plantmaterials,datacollectionandexperimentaldesign
Thestudywasconductedtocharacterize30ricegermplasmaccessionsconsistedof22
selectedOryzaglaberrimaand8OryzasativalinesobtainedfromAfricaRicegenebank
were evaluated under lowland conditions at AfricaRice lowland breeding station, atthe
Internationallnstituteof Tropical Agriculture,Ibadan,Nigeria. Il T Aislocatedat(Latitude7°

3 “N and Longitude 3° 45 “E in the forest-savannah agro ecology). These lines were
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evaluatedinreplicatedtrialsinalphalatticedesignduringthedryseasonof2014.The21day
oldseedlingsweretransplantedintoawelllevelledpuddledfieldof1.2mplotatspacingof
20cmbetweenrowsandhillsconsistingtworowplotsof3mlength. Tenmorphological
charactersweremeasuredincludingdaystoflowering,plantheight,numberoftiller,number
ofpanicle,biomasswetweight,biomassdryweight,paniclewetweight,panicledryweight,

harvestindexandgrainyield.

DATAANALYSIS
Univariatestatistics,standarddeviationandprobabilitylevelforeachoneofthe 1 Ocharacters

were calculated. Clustering of genotypes into similar groups was performed using Ward’s
hierarchicalalgorithmbasedonsquaredEuclideandistances.Forthetenagro-morphological
characters, the data were standardized to have a mean of zero and a variance of one priorto
squaredEuclideandistancecalculation. ThepseudoFstatisticandthepseudoT2statistic

(Jobson, 1992) were examined to establish the numbers of clusters using SAS version 9.2
software (SAS Institute, 1996, Cary, NC). In order to identify the patterns ofmorphological

variation,(PCA)wasconducted.

RESULTS ANDDISCUSSIONS
Ofthetenphenotypiccharactersmeasured,tenprincipalcomponentaxeswererevealedfrom
PCA analysis. Two principal components (PRIN1) and (PRIN2) accounted for most of the
variabilityobservedincharactersmeasured(Table1) .IPRIN laccountedfor56%ofthe
panicle,biomasswetweight,paniclewetweightandgrainyield. PRIN2accountedfor23%
ofthevariation. = PRIN 2 was loaded on biomass wet weight, biomass dry weight, panicle
wetweight,panicledryweight,andharvestindex.Themostimportantdescriptionswere

those associated with grain yield based on the analysis of natural variability in phenotypic
characters measured in rice (Table 1). The scree plot graphs showed the eigenvalue against
principalcomponentaxes.Fromthethirdcomponentessitshowedthatthatthelineisalmost

flat(Figurell

amounts of the total variance. In general, we are interested in keeping only those principal
components whose eigenvalues are greater than 1. lComponents with an eigenvalue of less
so are of little use. Hence, the point of principal components analysis is to redistribute the

variance in the correlation matrix (using the method of eigenvalue decomposition)to
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106  redistribute the variance to first components extracted (Table 1). The test for univariate

107  statisticsdescribedindividualvariabletoexplorepatternofresponsetovariationshowed
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108  strong [statistical significantly (P<0.001) on phenotypic differences in all the variables that .
109  weremeasured(Table2).Thisindicatesthatthequantitativetraitsmaybemodifiedvariously

110  bytheenvironmentalconditionsandeachcontributingsuchasmallamountofphenotypethat

111 theirindividualeffectscannotbedetectedbyMendelianmethodsbutbyonlystatistical

112 methods.Highvariabilityobservedformostofthecharactersindicatedthepossibilityof

113 improvementofthesecharactersbydirectselection. Thesetraitsshouldbegivenprominence

114  inrice improvemend. Days to flowering, number of tillers, biomass dry weight and harvest

115  indexnegativelycontributedtothefirstcomponentaxes(PRIN1),andonlydaystoflowering
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120 measuringdifferentcharactersaremostoroftenrequiredbyplantbreeders‘.AccordingtpNg L
121 andPadulosi(1992)and(PetersandWilliams,1984),breederscontinuallyworkingand

122 looking for variation in germplasm for use in crop improvement. Therefore,continuous
123 evaluationofgermplasmshouldbedonetobroadenthegeneticbaseofthespeciesand

124  identificationofadditionalgenesofinterestoralternativesourcethatcontrolaparticular

125  attributeertrait for use in crop improvement. As demonstrated in this study,genetic
126  variabilityincropspeciesshouldbeexploitedfurthertoidentifytraitsofinterestsoasto

127  develop new rice varieties with high stability to resist or tolerate adverse environmentsand
128  bioticconditionsdemonstratedbyGana,(2006). AwopetuandGana(1997)studiedthe

129  geneticrelationshipofsomericevarietiesandobservedthatorigin,habitatandbreeding

130  backgroundcontributedtovariationinthericepopulation. Thereforethisstudyisconducted

131  to explain variation among the selected Oryzaglaberrimaaccessions Oryza sativavarieties
132 andidentifytraitsthatcontributetovariabilityinthispopulationandfortheirpossible

133 exploitation in breeding programs. However, consistent effort is therefore required to
134  evaluatericegermplasmcollectionandbreedingriceadaptabletoharsh Africanenvironment

135  high grainyield.
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Tablel:Eigenvector(“Weight”)andEigenvalue(“Load”)ofthecorrelationmatrixandtheir
contributiontototalvariationinrice.

Descriptor variables PRIN1 PRIN2
Days to flowering (days) -0.39 -0.01
Plant height (cm) 0.23 0.01
Number of tiller (#) -0.41 0.04
Number of panicle (m? 0.40 0.03
Biomass wet weight (gm‘z) 0.28 0.27
Biomass dry weight (gm™) -0.28 0.43
Panicle wet weight (gm’z) 0.18 0.53
Panicle dry weight (gm>) 0.01 0.60
harvest index (m™) -0.35 0.30
Grain yield (gm‘z) 0.39 0.11
Eigen value 5.65 231
Proportion 0.56 0.23

Table2:Univariateteststatisticsofsomephenotypiccharactersidentifiedbyprincipal
componentanalysisclusters.

144

Total Pooled Between

standard  standard standard  R-
Variable deviation  deviation deviation Square F Value Pr>F
Days toflowering(days) 347.8 124.3 370.4 0.99 1743.2  <.0001
Plantheight(cm) 14.1 11.9 8.5 0.32 10.1 <.0001
Number oftillers(#) 44.2 8.4 46.3 0.96 598.4 <.0001
Number ofpanicle(#) 121.9 28.9 126.4 0.94 373.0 <.0001
Biomass wetweight(em?) 114.8 91.6 76.5 0.39 13.7 <.0001
Biomass dryweight(gm™) 188.8 139.0 139.6 0.48 19.8 <.0001
Panicle wetweight(zm™) 60.89 52.8 34.4 0.28 8.35 <.0001
Panicle dryweight(gm™ 57.3 54.4 229 0.14 3.5 <.0001
Harvestindex(%) 63.3 359 56.0 0.69 47.6 <.0001

195.3 79.2 191.1 0.84 114.1 <.0001

Grain yield(tha™)
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FigurelScreeplotandvarianceexplainedbytheprincipalcomponentanalysis

Diversityanalysis

Similarity indices and pattern of relationships among the O. glaberrimaand O. sativa from
clustersandprincipalcomponentanalysisareusefulinevaluatingthepotentialbreeding
valueofboththechecksandO.glaberrimalines. Thechecks-FARO52,TOX4004,
NERICA-L25, NERCA-U4, 1IR77298-14.1-2-B-10, IR74371-1-1, CG 14 and Apowere
distributedacrossthreeclusters.Thedendogramproducedgroupingthatdefinedfivedistinct
clustersandminimumgeneticdistancebetweenclustersvariesfrom0to2.0Cluster1

composed of 14 Oryzaglaberrimaand one O. sativa check (NERICA L-25) diverged 0.1,
0.3.,0.8,1and2.0.Cluster2groupingcomprisedof30.glaberrimalines(TOG6520,TOG
6311andA2-123)and30.sativachecksnamely; TOX4004,IR74371-54-1-1,IR77298-14-
1-2-B-10 including O. glaberrimacheck (CG 14) diverged at 0.5 and 1.0 level. RAM 133,
TOMY ANGOBandFAROS2weregroupedintocluster3at0.6and0.91levelswhilecluster

4 comprised of 3 checks and one O. glaberrimaline — TOG 5534 while cluster Scomprised
of TOG 5396 which stands out from other clusters. The standalone of one of the selectedO.
glaberrimaaccession may have some underlying unique features not found in othergroups
(Figure2).Thisworkhasdemonstratedthelevelofsimilaritybetweenandwithinthe
selectedlines.Geneticdiversityassociationgeneratedbyunweighetedpair-groupmethodof
mathematical averages (UPGMA) clustering of amplified fragment length polymorphism

(AFLP) method have been reported in Musa species (Shaibu, 2012). However, this workon
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phenotypic diversity and similarity will help create segregation in breeding population that

maybeusefulindiversitystudyandcropimprovement.

CONCLUSION
Wariationinplantphenotypictraitsamongriceaccessionsisacommonphenomenon.
Withoutvariability,itisnotpossibletoconductaplantbreedingprogram.Germplasmis
hencethecriticalfirststepininitiatingabreedingprogram.DiversityinO. glaberrima
accessionsisenormous.Itneedstobeorganizedandcharacterizedinordertofacilitateitsuse

by plant breeders. There is need to understand how this tremendous variation originatesand
the manner in which it is organized or classified. We therefore need to know the sources to
whichbreedersmaygotofindO.glaberrimagermplasmwithenormousvariationtoinitiate

theirbreedingprograms,andtherationaleforselectingmaterialsforbreedingandimproving
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Figure2.ClusteringpatternanddendrogramofselecetedO. glaberrimaandO.sativalines.
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