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Amicho -

Bulla -

DEFINITION OF TERMS 

the fl eshy inner portion of the inset conn which may be cooked and eaten separate ly, 

testing similar to potato. 

the small amount of water insoluble starchy product that may be separated fro m kocho 

during processing by squeezing and decanting the liquid. It is eaten as porridge. 

Clone or vari ety - a di stinct type or grouping of plants within a spec ies separable from other types by 

some form of heritable trait, be it visual, chemical or other. New plants of clones are 

usuall y reproduced asexually, i. e., without utili zing flowering and seed production. 

Corm -

Kocho -

an enlarged fleshy structure at the base of the plant which is used to make Amicho, 

which can be added to the kocho or from which new shoots emerge follo wi ng 

destruction of the dominant shoot. 

the pulp of the ensel psusostem derived by scrapll1g the ind ividual pieces and 

excluding the fiberous remains. Bulla mayor may not be extracted and the Amicho 

mayor may not be included. The raw mash is chopped and fe rmented. The fl at- bread 

made from the stem is called Kocho. 
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ABSTRACT 

Repeated measures analyses have become the most interesting areas In psychological, health and 

agricu ltural researches. Repeated meaSU!'es data are measurements taken several times from the same 

subject. Such data tend to be serially correlated. Measurements taken close in time are potentially highly 

correlated than those taken far apart in time. Hence, they require special methods of analysis. In this paper, 

four major approaches are used to analyze repeated measurements taken from thirty three varieties of 

ensel plants each measured at four successive time points. The study provides summary statistics, results 

based on repeated measures analysis of variance (Spli t-plot in time ANOVA), multivariate analysis of 

variance (MAN OVA), and mixed model methods. Each method is described briefly. In order to apply the 

repeated measures ANOYA, compound symmetry assumptions of covariance structures should be met. 

Whether the data fulfils this structure is tested. For those data which do not satisfy thi s criterion, the 

degree of freedom is adjusted for F test statistics by Huynh-Feldt (H-F) or Oreenhouse-Oeisser (0-0) 

epsilons. The multi variate approach is less restricti ve but lacks power given that the repeated measures 

AN OVA assumptions are sati sfied and the sample size is sma ll. In all the methods considered, SAS was 

used to analyze the data. The results using uni vari ate, multivariate and mixed approaches of repeated 

measurements of ensel plants show that the main effects of variety and time as well as the interaction 

effect of veri ety by time were found to be significan t. It was found that mixed model approach provides a 

very fl ex ible environment in which the covariance structure can be modeled. Besides, the mixed model 

permits selection of the covariance structure that best fit s the data at hand and enables to compute efficient 

estimates of fixed effects and valid standard erro rs of the estimates. 
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1.1 About Ellset Plant 

CHAPTER ONE 

INTRODUCTION 

Ensel (Ensete ventricousum (welw.)) is a herbaceous perennial plant. Ensete is the name of 

the genus (Cheesman, 1947) whereas ensel is the vernacular used in the Amharic Language. 

Ensete belongs to the family Musaceae under which Musa, the genus of banana, belongs. 

Ensel resembles banana for both have underground stem (corm), a concentric bundle of leaf 

sheaths (pseudo stem) and large leaves. 

The lowland and mountain areas of Uganda, Tanzania, the Sudan (Smeds, 1955) and Asia 

(Purse glove, 1972) are amongst areas suggested as the centers of origin for Ensete. However, 

Vavilov (1957) and Kuls (cited by Westphal, 1975) repo!ied Ethiopia as the center of origin 

for Ensete, the country in the world where ensel cultivation as food crop is recorded. 

According to Taye et al. (1967), ensel is best adapted to altitudes between 1500 and 3000m. 

It was also reported that ensel performed well under irri gation at an altitude of 1200m. Its 

cu ltivation is concentrated in southern and southwestern parts of the country where it plays a 

significant econom ic and soc ial role. 

About IS million people of the Ethiopian population depend on ensel as their source of staple 

or co-staple food in the form of kocho, bulla and amicho (Spring, 1996). Over 180 thousand 

hectars were estimated to be al located to ensel planting by private holders in the country in 

1990191 crop season (Central Stat istical Authority (CSA), 1995). 

Although its food value is low in protein content (Agren and Gibsen, 1968), ensel appears to 

be a productive crop (progress report, ARC, 1995, unpubl.). Ensel is a good source of 

income, a measure of wealth, a cu ltural medicine and feed for li vestock. Moreover, it has 

environmental val ue as its system contributes to sustainable agriculture . The fiber, by-product 

when ensel is processed has also an economic value. 

Ensel is relatively tolerant to draught. It can be harvested at any time of the year and the 

processed product can be stored for a long time without spoilage. 



Because of these characteristics it is called a life saving crop. Thus, yield is sustainable and 

ensel undoubtedly can serve as a crop for food security against famine. This could be ·one of 

the reasons for ensel expansion to non-traditional areas nowadays. Even though, ensel is of 

significant importance to the Ethiopian economy, very little attention has been given to its 

improvement. Hence, more studies and researches should be done on this plant to improve its 

yields. 

In thi s thesis four stati stical methods are used to analyze repeated measurements of ensel 

plant. Summary statistics deal mainly with descriptive aspects of the data. In univariate 

analysis of variance (ANaYA), the underlying assumptions will be checked first and 

hypothesis tests of main and interaction effects will follow. Next, the multivariate analysis of 

variance (MANOY A) methods are used to test the within-subject effects. Finally, the mixed 

model is used to test the main and interaction effects after modeling the covariance structure 

of the data. 

1.2 Statement of the Problem 

There are severa l studies conducted on ensel plant. However, most of them focused on 

biological aspec ts and simple descriptive analyses only. The breeders and agronomists do not 

usually use well-founded and appropriate statistical methods to justify whether the different 

vari eti es of ensel give ri se to significant differences in yield and whether variety and time 

have significant interactions. Usuall y they collect repeated measurements from the various 

ensel clones over time but they often judge the difference among varieties based on 

observations, intuitive approach and descriptive stati stics for the purpose of evaluation , 

breeding and maintenance of varieties. The author of this work has not come across crop 

researches that use the classical methods of repeated measures analysis in Ethiopia. 

Therefore, this study demonstrates how the right statistical methodology can be applied in 

crop research, in thi s case a research on ensel. 
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1.3 Objectives of the Study 

Using the ensel pseudo stem circumference measurements collected from vanous variet ies 

repeatedly over four successive time points, thi s paper attempts to illustrate appropriate and 

sophisticated statistical methods to analyze repeated measurements. The specific objectives 

are to: 

v' show how the variety means are changing over time using the summary statistics 

(descriptive methods and graphical di splay of the different variety means on the same 

graph); 

v' test the mall1 effects and interaction effects of variety and time uSll1g Univariate, 

Multivariate and Mixed Model Approaches of repeated measures analysis on the ensel 

data; 

v' compare the various approaches and select the one which would provide better results. 

3 



CHAPTER TWO 

LITERATURE REVIEW 

2.1 Concepts of Summary Statistics 

Summary stati stics are single values that summarize some aspects of the subject's response profi le. 

The summary measure to be used needs to be chosen before the analysis of the data and should , of 

course be relevant to the particular questions of interest in the study. In clinical trial work, for 

example, Frison and Pockock (1992) argued that the average response to treatment over time is often 

likely to be the most relevant summary of the repeated measurements. 

Another approach of summary statistics is to plot means of each subj ect under diffe rent treatment 

conditions. A method often employed, particularly in medical publications, is to plot means by 

treatment group for every time point. When the number of individual curves is large, it may be more 

helpful to use a small number of representative curves. Jones and Rice ( 1992) suggested to use 

principa l components ana lysis to se lec t a small number of the growth curves wh ich can explain most 

of the variability. Specially, those curves corresponding to the uni ts with the minimum, maximum 

and median principal component scores on the firs t one or two principal components will genera lly 

give an adequate summary of a ll the curves. 

2.2 General Background on the Mixed Model Analysis of Val'iance (AN OVA) 

There are limitati ons to the uti lity of the mixed model ANOV A when the assu mptions abo ut the 

model are violated (e.g. Davidson , 1972; Morri son. 1976; Winer, 1971). One of the more lucid 

reviews o f the problem was published by McCall and Appelbaum ( 1973). They out lined the 

fundamental problems in the use of trad itional mixed model ANOYA for repeated-measures designs, 

and rev iewed the available alternati ves. Their rev iew emphasized the utili ty of multivariate ANOYA 

(MANOY A) for stati sti ca l hypothes is tests that are va lid even when the mixed model assumpt ions 

are violated. 

According to Hertzog and Rov ine ( 1985), a decision regarding whether to use mixed model ANOY A 

or MANOYA signi ficance tests represents just one aspect of a more complex process. In add ition to 

whether mixed model ass umptions are violated, the following additional questions need to be 

considered as well: (I ) Are there multiple dependent measures to be analyzed, so that a true 

multi vari ate repeated-measures analysis, not j ust a multivariate significance test fo r uni vari ate data, 
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is required? (2) Is it in general necessary or desirable to use omni bus hypothesis testi ng (i .e., testing 

a nu ll hypothesis that all effects associated with a given factor [independen t variable) are null), given 

the nature of the substanti ve hypotheses to be tes ted ~ (3) If omnibus testing is employed, what are 

the appropriate procedures for post-hoc analysis of signifi cant effects? 

The assumption of homogeneous variance and covariance rarely holds in many common applications 

of repeated measures designs. In longitudinal data, for example, covariances among the variables 

often decrease with increasing separation of measurement occasions. Validation of the assumption 

introduces a positive bias into the F-test. One is more li kely to commit a Type I error than is 

indicated by the nominal Type I error rate (McCall and Appelbaum, 1973). With several within­

subj ect levels and severe violation of the assumption, the magnitude of the positive bias introduced 

can be quite substantial (Box, 1954). 

2.3 General Background on Multivariate Analysis of Variance (MANOVA) 

For designs with two or more within -subject factors, their interactions are hand led by the gene rati on 

of orthogonal interaction contrasts (e .g. multipl yi ng the ma in effect contrasts fo r the two factors to 

create interacti on contrasts). Using these cont rast weights new li nea r combinat ions fo r interaction are 

created, and then calcul ating MAN OVA signifi cance tests in exactly the same manner as fo r the 

within-subjects main effects (McCall and Appelbaum, 1973). 

McCall and Appelbaum (1 973), among others, emphasized the utili ty of MANOVA signi ficance 

tests in repeated measures ANOV A. Their argument may be summari zed as follows: 

(a) the mixed model assumptions are rarely satisfi ed, hence mixed model ANOV A IS not 

justifiab le as a general data analytic technique; 

(b) adjustments for the degrees of freedom of mixed model omnibus test (as promoted by 

Greenhouse and Geisser, 1959) are unnecessaril y conservative; and therefore 

(c) the MANOVA approach could be recommender! as a general ana lysis strategy, since it makes 

less restrictive assumptions (with acceptable behavior of the significance tests if the 

assumptions are violated) and yet provided acceptable stati stical power. 

The MANOV A test provides more valid Type I error rates and better stati stical power given severe 

violations of the circularity assumption (e.g., Rogan et aI. , 1979; Scheifly and Schmidt, 1978). 
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2.4 Test for Serial Correlation in Univariate Repeated Measures Analysis 

Topics related to the analysis of repeated measures des igns have received a great deal of.attention in 

recent literature. Here, the works related to the effect of the invalidity of the variance assumptions on 

the repeated measures F-test is presented and the effect of a certain invalid structure on the anal ys is 

is emphasized (Hearne, et a!. , 1983). 

Confusion has existed regarding the implications these assumptions have for the original covariance 

matrices. Huynh and Mandeville (1979) pointed out that the assumptions do not require equality of 

the original matrices , but they do require same variance for Xi - Xj across groups, i.e. , the same 'Type 

H' structure (Huynh and Feldt, 1970). The situation of equal matrices across groups and compound 

symmetry of the common matrix is a special case satisfy ing the assumptions. Huynh and Feldt 

suggest that the form of the covariance matrices should always be examined when data from 

repeated measures designs are analyzed. Departures from the ' type H' assumption can produce 

significantly inflated probabi lity leve ls as demonstrated by the serial correlation pattern. The seri al 

corre lation pattern has a wide range of applicability, especially in situations where observations are 

recorded over time. The likelihood ratio test could be used to identify the covari ance structure. 

However. the se rial correlation pattern is not the on ly structure that might be cons idered. More 

complicated autoregressive model s might be more plausible in certain situat ions. It might be possible 

to extend these results to more general designs (Hearne, et a!. , 1983). 

2.5 Repeated Measures Analysis in Animal Science 

Gorgulu and Sahiler (200 1) di scussed the advantages of using repeated measu res analysis on animal 

experi ment. Few animals may be available (or few used because of complex technique applied on 

animals while taking measurements) in experiments with non-random repeated measurement (e.g. p 

animals in each of r treatment groups, each measured in p periods). In such cases , the use of 

summary statistics for each animal to e liminate the time factor, or ordinary uni variate split-plot tests 

of the treatment means or multivariate analysis is not advisable, because comparison of the 

treatments are not sufficientl y sensitive to any of those procedures. The problem is that main effects 

of treatments must be tested by the mean square for the animals with in treatments , which is inflated 

by positive correlations among repeated observations. Even condi tional tests (e.g. comparisons of 

treatments within periods) , as we ll as tests of means of summary statistics cannot be very sensitive, 

because, with low replication, the standard errors mean differences are not much smaller than the 

ordinary (error) standard deviation among an imals treated alike, without the influence of correlations 
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induced by repeated measurement. Too small number of animals leaves few degrees of freedom for 

error, either reducing stati sti cal power drastically or preventing multivariate analysis entirely. In such 

cases, the primary benefit of a repeated measures design is stati stical power relative to sample size , 

which is important in many real researches. Repeated measures des igns use the same subjects 

throughout different treatments and thus, require fewer subj ects overall. Because the subjects are the 

same, the variance due to subjects is partitioned into the error variance term, thereby making any 

statistical test more powerful. 

2.6 Ellset Crop Assessment 

Shank and Ertiro (1996) reported that data from Wolaita Agricultural Development Unit indicated a 

positive relationship between measurements plant pseudostem girth and he ight wi th plant kocho 

yield. Choosing a 90% confidence interval for the standard error of an estimate, it was stati stically 

predicted that 67 plants, sampled over a range of sizes, would be sufficient to construct the model. 

Sixty-five samples were taken at random throughout the ensel growing areas by asking the 

household whether they had ensel under fer mentation from a single plant. The total ensel products 

were weighed and sampl ed fo r moisture content and the size of the plant from whi ch it came was 

measured. Indi vidual plant yields varied 114.7 kg (298cm circumference x 303 cm high plant) down 

to 3 kg (S8cm x 93 cm plant). Correlation of yield with circumference was 87% and with the 

pseudo stem height 83%. Both the analys is of vari ance fo r linear regression and the coeffic ients for 

ci rcumference and height were highl y signifi cant in predicti ng plant yield. The derived model 

PLANT YIELD (kg) = - 36.5 + 0.23 x CIRCUMFERENCE (cm) + 0. 19 x HEIGHT (cm) 

was suffic ient to account for 82% of the observed variation 111 plant yield. Hence, from the above 

results it can be concluded that the pseudostem circumference and the pseudo stem height can be used 

to determine the yield of ensel plant since both have strong correlation with the yield. 

The literature reviewed so far are some of the conditions under which repeated measures analyses are 

applied and their applications in various di sciplines. Furthermore, the deri ved model of the linear 

relationship between pseudostem circumference and height with ensel yield was reviewed. The 

primary purposes of experiments in which the same subject is observed under each of the treatments is 

to provide a control on di fferences between subjects. Each subject serves as its own control. Responses 

of individual subjects to the treatments are measured in terms of deviations about a point which 
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measures the average performance of that individual subject. Hence variability due to differences in 

the average responsiveness of the subj ects is eliminated from the experimental error (Winer, 1971). 

Therefore, using repeated measurements of the ensel plant to compare varieties gives better results 

than using different plants. However, the author couldn ' t find literatures using repeated measures 

analysis on crops locally. Hence, this thesis is concerned with applications of repeated measures 

analysis on the perennial plant ensel . Thus, we fo llow methods that will be di scussed in subsequent 

chapters. 
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3.1 The Data 

CHAPTER THREE 

MATERIALS AND METHODS 

The data used in thi s paper are collected at Areka Research Sub-Center (ARSC). The Sub­

Center is found in Southern Nations, Nationalities and Peoples ' Regional Government in North 

Omo Zone. Areka is the capital of Eoloso Sorie Woreda which is 30 krn away from the town of 

Wolaila Soddo, on the way to Hosaina. 

A plot of land is prepared so as to make it as homogeneous as possible. The four rep licates of 

each of the thirty three el1sel varieties are transplanted to the plot in a randomized fashion using 

completely randomized design. The plants are grown on the plot for one year. The repeated 

measurements of pseudostem circumference are then taken fo ur times every six mon ths from 

each ensel plant. 

Data Layout 

Data layout for two-factor repeated measurements design 

Time points 
Variety Plant 1 2 t 

I I Y"I Y"2 YIII 

1 2 Y/2/ Y/22 Yi lt 

I 11 / YIII11 ~ 1I12 ~ IIII 

S 1 ~dl Y ~~ I I .1 12 

S 2 Y Y,,, }~' 2( \-21 

S n, Y ~",,2 }~\-'I,I -\11, 1 

where / = 1, 2, ... , s van ety; } = I, 2, ... , n, plant III vanety / 
., 

k = 1, 2, ... , I time points (with n = I 11,) 

Yy, is the pseudostem circumference of the / " variety ofplantj at time k. 
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3.2 Limitations of the Stndy 

~ The repeated measurements takcn from each clone are not taken at exactl y the same 

time. i.e. , since it takes certain ' time to measure the pseudostem circumference of each 

ensel plant and there is limited number of manpower who takes the measurements, the 

time point at which one clone is measured varies from the other which makes difficult 

the absolute comparisons among the different ensel clones; 

~ The age of the ensel clones which were transplanted from different locations may also 

vary. 

3.3 Methodology 

When several measurements are taken on the same experimental unit (person, plant, machine, 

and so on) , the measurements tend to be correlated with each other. When the measurements 

represent qualitative ly different indicators such as weight, length, and width , this correlation 

is best taken into account by use of multi va riate methods, such as multivari ate analysis of 

var iance . When the measurements can be thought of as responses to levels of an experimental 

facto r of interest, such as time, treatment, or dose, the correlation can be taken into account 

by performing a repeated measures analysis of variance. 

Repeated measures data arise when time sequences of observations of the same dependent 

variable are made on each of a num ber of experimental units (usua ll y subjects) possibly 

allocated to one of several treatments . The investigator may also vary systemat ically the 

conditions under which the repeated measurements are made, thus introducing one or more 

within-subject factors into the design, 

Repeated measures analysis is a type of analysis of variance in which vari ati on between 

experimental units (often ca lled "between-subjects" variation) and vari at ion withi n units 

(called "within-subjects" variation) are examined. Between-units vari ation can be attributed 

to the facto rs that differ across the study groups (e.g., treatment, varieti es, spec ies and stock 

type). Within-units variation is any change, sllch as an increase in circumference, height, etc. 

that is observed in an individual experimental unit. 
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The methods used to analyze repeated measures data range from simple to complex with a 

particular approach often being specific to a particular discipline. 

There are a number of approaches that could be considered in order to analyze repeated 

measures data. The major ones are: 

I . Summary statistics; 

2. Univariate Analysis of Variance (Split-plot-in-time ANOVA); 

3. Multivariate Analysis ofVariance(MANOVA); and 

4. Mixed Model Approach . 

3.3.1. Summary Statistics 

A more relevant, but still relatively straightforward approach to the analysis of repeated 

measures data is that invo lving the use of summary measures, sometimes known as response 

feature analys is. Here , the responses for each plant are used to construct a single value that 

summarizes somc aspect of the plant' s response profile (i n some cases more than a single 

summary measure may be used). 

Another usefu l initial step in the analysis of repeated measures data is to graph the data . In 

most repeated measures analyses, the means are plotted against time for each vari ety, by 

diffe rentiating between vari eties using diffe rent co lors or labeli ng the varieties. 

By plotting the treatment mean profile against time, we can a lso see the treatment by ti me 

interaction effects. We plot the treatment means against time for each subject. In thi s way, 

we can examine the form that the interactions take. 
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3.3.2 Univariate Analysis of Variance (Split-plot in time ANOVA) Method for 

Analyzing Repeated Measures 

The uni va ri ate ANOYA for analyzing repeated measures invo lves modeling the data using 

the linear model. 

(3.1) 

Us ing thi s linear model, we are going to assume that the data for variety i, plant} at time k is 

equal to an overa ll mean 11 plus the variety effect a, , the effect of the plant in the varietyb", 

the effect of time r" the effect of the interaction between time and variety (ar) ", and the 

error e,jk . 

Here: 

i = 1, ... , s is an index for variety membership 

) = 1, ... ,n; is an index for plant} within variety i 

k = 1, ... , I is an index [or levels of time 

Yl)k is the response measurement at time k for plant} within variety i, 

!l is ove rall mean. 

a , is the added fixed effect for vari ety i. 

r, is the added fi xed effect tor time k, 

b'l is the random effect due to plantj within vari ety i,assumed to be Ud -N(O ,O";), 

(ar )" is the added effect for the variety i by ti me k interaction and e'I' is the random effect 

on time k for plant } within variety i. 

Also b" and e"k are assumed to be independent o f one another. In repeated measures 

analysis, the bu are often called the between-subject effects and e'I' are called the wi thi n­

subject effects. 

The errors e'I' are independentl y sampled from a normal di stribution with mean 0 and 

. 1 van ance 0" . 

The effect of time does not depend on the plant ; that is, there is no time by plant 

interaction. We need th is assumption so that the resul ts will not depend on which plant 

we are looking at. 
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Univariate analysis of variance (ANOVA) is the method most commonly applied to repeated 

measures data that makes comparisons of between and within-subject means. It treats the 

da~a as if they were a spl it-plot design with the between-subject variabi lity as main plot and 

time as sub-plot, hence the name sp lit-plot in time analysis. If measurements have equal 

variance at all times and if pairs of measurements on the same subject are equally correlated, 

regard less of the time lag between the measurements, the univariate ANOVA is valid from a 

statistical point of view, and, in fact, yields an optimal method of analysis . However, 

measurements close in time are often more highly correlated than measurements far apart in 

time, which will invalidate tests for effects involving time. The inherent dependence that is 

associated with repeated measures data introduces extra complications into the analysis. 

Unfortunately, the simplifying properties arising from data which are independently and 

identically distributed can no longer be relied up on. To yield conclusions which are valid, 

the analyst must take into account the possible dependence within subjects. 

Another problem of applying standard ANOVA ana lysis method in repeated measures data is 

that it would regard the groups as a factor on different levels, and more importantly, it would 

regard time as a factor on { levels. One of the difficulties with thi s approach is that the 

allocation of times to the { observations with in each subject carU10t be randomized. But 

randomi zation of the various levels of a factor is an essential requirement of ANOV A. 

Usually ANOVA assumes that group factors are randomized within blocks. However, the 

time points which we regarded as factor levels cannot be randomized, an essential 

requirement of ANOVA. They must follow their natural sequence . The first measurement is 

the first measurement, it cannot be taken third. In general , these extra complications mean 

that the simple univariate ANOVA F-tests will no longer be valid . 

In thi s section we discuss the use of univariate analyses that takes into account the 

multivariate nature of many repeated measures data sets fo llowing the assumptions 

regarding the properti es of these types of data . 
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3.3.2.1 Assumptions about Analysis of Variance in Repeated Measnres Designs 

The valid ity of the F-test rests upon a set of assumptions concerning the natureof the 

underlying sources of variation and covariation or, equi valentl y, variances and covariances . 

Those, in turn, follo w in part from assumptions made about the model, that is the underl ying 

distribution of the observations. 

3.3.2.2 Matrices to Summarize Assumptions about Variance - Covariances 

The theoretical variance-covariance within-subject matrix L x is defined as 

<Til <T 12 

<T" <T21 <T" 

L x= 
,,' 

<T" 0"/ 2 <T" 

The entries on the main diagonal are populat ion vanances, whi ch are sometimes written 

The sample variance - covariance matrix for a design with I treatment condit ions is 

SII S" 

S2I S" 
A 

L=Sx = 
X 

S" Sf1 S" 

The entri es on the main diagonal are the within-treatment sample vanances and may be 

written as 

The entri es off the main di ago nal of S, are the covariances and are someti mes written in the 

genera l form s . 
JJ 

Certain patterned covanance matrices are of interest in order to make explicit the 

assumptions underlying repeated measures designs. In particular, the anal ysis of vari ance 

makes certain assumptions about the variances and co variances in a repeated measures design 

and about the re lationships among those values. The most general matrix which best 
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represents the case when all of those assumptions are met is call ed a Hu ynh-Feldt (Type II) 

matrix. In general , a type H matri x will have the property that 

a +a ·· - 2a 
11 jJ JJ 

2 
A for j oF j (3.2) 

This relati onship defines what is call ed circularity. Thus, type H matri ces defi ne a general 

class of matrices which includes circular matrices. That is, circularity requires that the sum of 

any two group variances minus twice their covariances equals a constant (2/..) and that thi s is 

true for all pairs of groups on which there are repeated measures . The sca lar A depends upon 

the relationship between groups and the scale of measurement, as do the variances and 

covariances. 

To illustrate, suppose that a set of , vectors of matrix X (n X I) have a covanance matri x 

L x which has a pattern generated by 

'" 
where 

(/ , 

(/ , 

(3.3) 

A = , where a], a2, ... , a" and Aare any known arbitrary constants. ,,, 

A matrix L x having the pattern defin ed in equa(ion (3.3) will be call ed a type I-I matri x. 

The circularity relationship also implies that 

a =2A., al l j oF/, 
'( I -X I ' (34) 

In words, circularity implies that the variance of the difference between any Iwo vectors of X 

is a constant. Finall y, for any type H matrix, the average of the variance a" and the average 

covariance a in the J11atri x differ by a constant, 
1J 

a 1J - a ll = A, (3.5) 

where and 

1 

La 
. 1J 

j<j 
a ·-

1J 
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Since ~JI - ~ . = A. IS the difference between an average varIance and an average 
.11 

covariance, it expresses a residual error variance and since thi s di fference is a constant, the 

requirement of homogeneity of residual error variances for all pairs of groups is met. Recall 

computing MS",,,',,ol as a pooled residual error variance. That is, MS".""",,, = S' - Cov, where 

s' is average of variances in sample covariance matrix and 

COy is average of covariances in sample covariance matrix. 

A type H matrix which has the property of circularity, but in add ition has the property that 

both the variances (0' jj ) and covariances (0' jj' ) are constant, is called Compound Symmetry. 

Compound symmetry is a special case of circularity. 0' jj and 0' jj' are both constant but they 

need not be equal to each other. A matrix which has a compound symmetry will have 

circu larity, but a circu lar matrix need not have compound symmetry; the cond ition of 

compound symmetry is more restri ctive than circular ity . 

In order to check the assumptions of repeated measures designs, it is he lpful to define the 

matrix property of sphericity from the property of circulari ty. Thi s can be accomplished in 

terms of a normalized orthogonal transformation of the covari ance matrix which 

converts I ., to matrix I y . 

Let u and v be any two di stinct vectors of matrix M. Then M is said to be orthogonal if u v = 0 

A matrix is said to be orthonormal if its rows are both orthogonal and in normal form. That is, 

M is orthonormal when u 'u= I =v 'v and u 'v=O. One could construct an orthonormal matrix by 

using as rows the coefficients for orthogonal comparisons and then normalizing those 

coefficients. For example, with t = 3, the coefficients for two orthogonal comparisons would be 

CII = - I C13 = I 

C" =-2 

Since I CI 1 = Ic" = 0 andIcl)c21 = 0 , these two sets of coefficients can be used to 

define compari sons and the comparisons are orthogonal. They would be orthonormal if they 
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were al so normalized, i.e ., of unit length . A vector is normali zed by di viding each entry by 

the norm, or length , of the vector. If, for example, c; is the row vector 

c; =(- I 0 I) , 

the norm is Ilc,·II=c,·c, = (Ic~ )!1, =[(- I)'+ (O)' +(i)']>-i =.J2 

and the normalized vector is 

o _I) 
.J2 

Note that the normalized vector has unit length. That is 

The second vector, 

c; = (I - 2 1) 

has length 

hll = (I c ~ r-; = [(I)' + (- 2)' + (I)' ]" = 16 
and in normal ized form is 

.. ( 1 2 1) 
c, = 16 - 16 16 

Thus, we may define an orthonormal coeffic ient matrix as 

Each row in M' provides the coefficients for a normalized comparison which in general is an 

expression of the fo rm 
. . . 

C1 Xl + C 2X 2 + c3 x) , 

'\' ' '\' " where, L-c) = 0 and L- Cj = 1.0. 

In M', then the rows are orthogonal and of unit lengths; the matrix M ' is orthonormal. For an 

olthononnalmatrix, 
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since C;.c; = 0 (i. e .. rows are orthogonal) and c;'c; = 1 (i.e., rows are normalized). An 

orthonormal matrix need not be square; in applications to problems assoc iated with -repeated 

measures designs, M ' will not typically be square. If M ' is orthonormal and L , is circul ar, 

then 

(3.6) 

where 

A = .!.. (cr . + 0' " . - 20' . ) 
2 11 ;; ,il 

and 1 is an identity matrix. A matri x having the form AI is said to be spherical. There is 

nothing complicated about a spherical matri x; it is simply a matrix with A on the main 

diagonal and zero elsewhere. [n obtaining L )' = A.J, one has the covariance matrix of a set of 

variables which are orthogonal (all co variances are zero) with constant variance. [f I, is 

circular, L ) = M' I , M" = AI will have those simple properties. 

3 .3.2.3 Varia nce-C ova riance M atrix P roperti es a nd A nalys is of Va ri a nce 

Ass nmptions 

Huynh and Mandevi ll e (1979) have presented a succinct discussion of the assumptions 

regard ing variance-covariance matri ces with repeated measures designs. When summarized , 

the vali dity of the F-statistic is assured when the cova riance matri x of the observations is 

circular in fo rm. Equi valently. the covariance matrix of a var iable which is a normalized 

orthogonal transformati on of the observati ons is spheri cal in fo rm when the assumpti ons are 

met. The matri x M ' I , M" = AI IS important because when I x is circul ar, 

M' I ., M " = AI is spheri ca l. T he analys is of vari ance assumption of circularity of L , is 

tested by evaluating whether M ' I xM" = AI is spheri cal. To make what is being presented 

specific to the ana lys is of vari ance, the matrix M ' I .,M" = AI wi ll be considered as the 

covari ance matri x L )' of (I - I) vectors of matrix Y whose com ponents are normali zed 

orthogonal transformations of the o ri ginal I vecto rs o f data matri x X. That is, one may 

transform the analysis of vari ance of data matrix X into new matrix Y which is 

ol1hogonal. I )' is the variance-covari ance matrix of those (I-I) orthogonal vectors of Y. 
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When I x is circu lar, I y is spherical. That is, I y has a single vanance on the main 

diagonal and zero for all covanances. It is not necessary to transform X to Y or I ., to 

I y in order to evaluate the analysis of variance assumptions. The presentation here is for 

illustrative purposes on ly to help clarify the analys is of variance assumptions. 

The analysis of variance hypothesis 

H" : p, = p , = ... = P j = ... = p, = p (3.7) 

can always be recast in terms of a set of (1-1) mutually orthogonal comparisons. For example, 

if I = 3, then two orthogonal comparisons can be used to evaluate the hypothesis 

H:, = p, - p, = 0 

H,; = p, + p, - 2113 = 0 

The coefficients for these comparisons are 

CII = I ClI =-1 C3I = 0 

C Il = I C" =-2 

and M * as one poss ible coeffic ient matrix whose rows are a set of (I-I) mutual ly orthogonal 

normal ized compari sons is, then , 

-~l 
since the norm of the first row vector (compar ison I ) is .fi and for the second comparison it 

isJ6 . 

In the general case, there are I vectors of X; under a normalized orthogonal transformati on, 

the I vectors of X may be transformed into a set of (I - I) , vectors ofY , 

Y = X M 
IIx(l - I ) !I X / />:(/ - 1) 

where M'· = a matrix whose rows are a set of normalized orthogonal comparisons, i.e, 
,,,(I-I) 

M* is an orthonormal (M'M '· = 1,_,); 

x = a matrix of basic observations; 
/IX/ 

Y = a matrix of transformed scores. 
11 )(1 - 1) 

(3.8) 
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If S, is the observed covariance matrix for X, then Sy, the covariance matrix for Y is given by 

S" = M * S xM *' 
( I - J}x(/ - I ) (3.9) 

Since the set of (1-1) normalized orthogonal compari sons are not unique, the Y matri x wi ll 

not be un ique. However, many of the important properties of Y will be invariant for all 

possible choices of M*. In particular, any property of Sy which depends upon the 

characteristic roots will be invariant fo r all choices of M'. These include the trace and 

determinants of Sy 

S, estimates I x and Sy estimates I y . It is important to remember that if Lx is the type H 

matrix, I y will be spherical. To demonstrate thi s, 

And since I , is a type H matrix, one may rewrite 

.2:= M *(A + A' +lJ, )M*' 

= M * AM* '+M * A' M* '+JcM * M*' 

rrom the de finition of the matrix A, it follo ws that 

M*A'= [O] and AM* '=[O] 

since the sum of the entries in any row of M* is zero. Hence, 

L
y 
= AM * M* ' = 1..1,- 1. 

(3 .10) 

(3 11 ) 

Thus, the X matrix with a covariance matrix which is a type H matrix has been transformed 

into matrix Y, the covariance matrix of which is }J. That is, a ll of the Y matrix column 

vectors have a common variance A and all of the covariances are zero. A matrix wi th these 

properties is spherica l. Although a matrix X hav ing a multivari ate normal di stribution may 

always be transformed to a set of independently di stri buted vectors, the resulting vectors need 

not have the same variance. This applies to the special case in which L., is circular that 

L
y 

will be spherical. 
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From the point of view of the assumptions, 8,. is of interest. S,. estimates I y and the 

assumption underlying the distribution theory of the F-rat io on the treatment effects is that 

E (8y) =.4 = Ufo! (3 .1 2) 

That is, I y is spherical and Sy provides an estimate of that spheri cal matrix. S,. can be 

obtained directl y from the Y matrix. However, 8,. is usually obtained as M * Sx M*'. 

If S,. were exactly spherical, the variances would be equal and the covariance would be zero. 

Equivalently, the correlation between two vectors of matrix Y would be zero. However, Sy 

only estimates I y and can differ from a spheri cal matrix by chance even if I }, is, in fact, 

spherical and I , is therefore, circular. 
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ANOVA table used in univariate Repeated Measures analysis is given below: 

Table 3.1 ANOV A T able 

Source d .f SS MS F 

SS varwly MSvllrwlY 

Variety s-1 SSvaricty S - I MS plum (wI/11m var 11'1)' ) 

SStinll: MS'illl l: 
Time 1-1 SStirne 1- 1 MSc:/'ror 

Plant n-s SSplant (within variety) SS phml (wil/llll var iely) -

(within Variety) 

Variety x Time (s-I) (I-I) 

Error (n-s) (I-I) 

Total 111 -1 

S II , t 

SS""", = II2:>'~k - nly 2 
1=01 1=1 k =1 

S I 

S '\' '\' - 2 -2 
S Vari<'l), ,:jillll' = ~ L.,; n/Yt .k - }1ty 

1=1 k=1 

" 

where n = I 11, = total number of plants, 
/=1 

s= number of varieties in the study and 

n - s 

SSr'lIIt'/P</IIIH' IIlIS r'ClI'!('/r~lllII(, 

SSVarietyX timt: (s - I)(1 - 1) A;fS .:I'/"III 

SSl'rrIJr 

SSerror (n - s)(r -1) 

SS IOIal . 

SS I, I'" -, I" -, = n ;- ~ I n -
1'/(}nI { lIl1hlllv<lrle/}) ) " ,)'/ 

1=1 1=1 1=1 

.\" II, I 

SS"me = n IIIy', - nly , 2 

1=1 / =1 k=l 

{= number of times a single plant is measured, 

The sources of variation include vari ety, plant (within variety) which is the effect of the plant 

within variety, the effect of time, the interaction between variety and time; and error which is 

individual error in the model. All these add up to a total. 

22 



3.3.2.4 Departure from Assumptions 

A measure of the ex tent to which .L: departs from ci rcularity (and , therefore, L" departs from 

sphericity) has been proposed by Box ( 1954), and this is given by 

I ' ((f - (7) ' 
& = 11 .. 

(I - I) I I ((f 11 - {7J - {7 J + {7J' 
(3.13 ) 

The measure may also be expressed in terms on.; , the characteristic roots of the matrix L, as 

where 

{7 = mean for column} 
.J 

{7 . = mean for row} 
J 

{7 = mean for all entri es 

(7" = mean of main di agonal entri es 

(3. 14) 

When I ,. has max imum departure from circularity. I , will have max imum depa rture 

from spheri city. For 1= 4, for example, it becomes ~ L ,. 

where each element of C is a non-zero constant c. 

The characteri stic roots of this equation are 

Al = 3c, )'2 = 0, A) = ° 
For the general case [; will be given by the constant, 

9c ' I 
[;- ---

- (1- 1)(9c') - I - I 

C 
(I - I) ~(I - l) 

Thus, the range of the measure of departure from circularity is 

I 
-- = [;5, 1 
1 - 1 
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In general, L, is unknown but may be estimated by S" the sample covariance matrix of the 

. I vectors of matri x X . In terms of the latter one may estimate E (Greenhouse-Geisser; 1959) 

as 

I ' (S - S) ' 
A B .. 
Ei= 

[(/ - I)(IIs~ -2/ISJ +1 ' 8 ' )] ' 

where 

IS: = Sum of the squares of all entries of S, 

§ = (L Is 11 ) / I ' = Grand mean of all entries 

S. = " S .' / I = Row means 
J. L.J u 

Sj/ = IS iJ / I = Main diagonal mean 

(3.15) 

This estimate of E tends to be biased for larger values of E. Others (Huynh and Feldt, 1976; 

Huynh , 1978) recommend a less biased estimate of E, 

_ n(t - I)£-2 
s = (3.16) 

(i - l)[n - J - (I - 1)£ ] 

Th is latter measure, & may exceed 1. When this occurs, set Ei = I. It will be found 

that & ~ £; & will a lways be equal to £ when £ = _ 1_ . 
I - I 

Box (1954) has shown that the overall F-stati sti c In the repeated measures designs is 

di stributed as 

F [(t - I )s, (n - 1)(1 - 1)Ei] 

In terms of i' , F is approximately di stributed as 

F[(t - l)i',(n - 1)(1 - I)i']. 

That is, by adjusting the degrees of freedom to take into account the degree to which the 

circularity assumption has been violated, an F-distribution can be approximated with any 

arbitrary covariance matrix. If one assumes that £ = 1, then the degrees of freedom for the F­

di stribution are (I-i) and (n-l)(l-i).That is, the assumption of circu larity is met and no 

adjustment is required. If the assumption has not been met, this gives the F-test a positive 

bias and the real level of signi fi cance wi 11 exceed the nomina l level establ ished by the 
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experimenter. If one sets B at its mlnlnlUm value, the assumpt ion is that I ., deviates 

maximally from circularity and 6 = _ 1_ . At thi s extreme, one uses F [1 , (n-l )) since 
1- 1 

1 . c 1 
(I - 1)6 = (I - 1).- = 1 It follows that (n - 1)(1 - 1)6 = (n - 1)(1 - 1). - = (n - 1). 

1-1 1- 1 

In most instances, this adjustment is too extreme and the F-test will have a negative bias. 

However, it is reasonable to use this procedure, and if Ho is rejected no further steps are 

required since this test would have minimum statistical power and any other value for B 

would lead to rejection of the null hypothesis. The use of F ( 1, n-1) has been labeled the 

Geisser - Greenhouse conservative test (Geisser-Greenhouse, 1959; Krik, 1982). 

If one uses the unadjusted F and does not reject the null hypothes is, no further steps are 

necessary since that F-test has maximum power and the use of other values for B would lead 

to non-rejection of Ho. 

Uncertainty ari ses when the unadjusted F leads to rejecti on of the null hypothes is, and the 

max imum correction leads to non-rejecti on. It is under those circumstances that B should be 

esti mated and the adjusted degrees of freedom should be used. 

3.3.2.5 Test of Assumptions 

Mauchley (1940) introduced a procedure for testing the hypothes is that 

M * L ,M *= L ,=AI 

The test statistic is 

w = IM*8,M*1 
[lr(M * SxM*') I I - 1)'-1 

ISyl 

where 1M * 8 ,M*'1 = IS,. I is the determinant of Sy. and 

Ir(M * S,M *') = Ir~SY I ) is the trace ofS),. 

(3. 17) 

The range of W isO $ W $ 1, the lower limit occurring when there is maximum departure 

from sphericity and the upper limit W = I corresponding to Sy be ing spherical. The smaller 

the numerica l value of W, the greater is the departure of S)' from spheri city. Tables of the 
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exact sampling distribution of the statistic W (under the hypothesis that L y is spheri cal) 

have been prepared by Nargarsenker and Pillai (1973). 

A good approximation of the exact distribution of W may be obtained by the maximum­

likelihood statistic 

L = -d{n - IXlnW) , 

where 

d = (2p 2 + p+2) 

6p(n- l ) 

(3.18) 

p = t - I (3 .1 9) 

The stati stic L is approximately distributed as chi- square with degrees offreedom equal to 

The Mauchley test may be used to test the hypothesis that L" is circular by testing for 

sphericity in L , .. 
From tables of the exact di stri bution of W one can find W,,_a, (/ - I, /1) . 

At a level of significance, the decision is to reject the hypothesis of circularity_ i r 

W"a' < W,,_a, (i - 1,11). 

To use the Chi -square approximation to the sampling distribution of W, we can transform W 

to L as follows: 

d = 1- 2p ' + p + 2 
6(p -1) 

and r = pep + I) 
. 2 

I-!ence, L can be calculated as in equation (3.18) above. 

In this case, for a test havinga, the decision rul e is to reject the hypothesis of sphericity if 

L"" > Xi,-a) (f) 
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3.3.2.6 Hypothesis Testing 

I . The interaction between variety and time, or: 

H~: (aT)" = 0 against Hi :Not H~ at a level of significance. 

Fori=i, 2, ... , s; 

k=i, 2, ... , I. 

W . H"f F' MS",,,,y,,,,,,, F )( I)] ereJect 0 1 ,,' = > a[(s - I)(I - I),(n-s 1-
MScrrIJr 

2. Let us suppose we had not found a significant interaction . Consider testing the null 

hypothesis that there are no variety effects, or 

Hg: a, = a, = ... = a, = 0 against H,': Not Hg at a level of significance. 

We reject Hg ifF,:, = MSv,,,,,y > Fa[(s - I),(n-s)] . 
MS pIU/1/(wilhll1varlc/y) 

3. Consider testing the effect effects of time, or to test 

Hg: T, = T , = .. = r, = 0 against H,l: Not Hg at a level of s ignificance. 

We reject f-f; if 

F;~" = MS"" " > Fa [(I - I),(n - S)(I - I)]. 
MSc/"m,. 
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3.3.3 Multivariate Analysis of Variance (MANOVA) Approach to Repeated Measures 

Analysis Based on Contrasts 

3.3.3.1 General Multivariate Problem 

Multivariate model can be written as 

Y, = a;M +c;, i=J, ... , m, £;- N (O,I),.... .. .... . ...................... .... . ..... . .... (3.20) 

Where Y,' is the data vector of observations at the n time points from the i'h unit, 

a; is (I x q) indicator vector of group membership, 

M (q x n) matrix whose rows are the transposes of the mean vectors [or each group 

£; is the error vector. 

Multivariate analysis of variance (MAN OVA) is an alternative to repeated measures ANOV A in 

which responses to the levels of the within subject variables are regarded as separate vari ables. 

Here, the repeated measures MANOV A approach regards the observat ions at di fferent time points 

as separate variables. 

In order to appreciate the perspective behind the multi variate approach , we consider a general case 

of a multi variate problem. Consider the following situation; we use the notation with two 

subscripts for convenience. 

• Units are randomized into q groups. 

• Data vector Y h/ is observed for the h'h unit in the l'h group 

• Y", is assumed to satisfy Y"I - N (p" I), 

where P, is the mean response vector for group I and I IS an arbitrary covariance 

matrix assumed to be the same for each group. 

• There are ", units in each group, so for group I, h=J, ... ,1', 

• The components ofY", may not necessaril y all be measurement of the same response. 

Instead , each component of Y'd may represent the measurement of a different 

response. For example, suppose the uni ts are birds of two species. Measurements on 

n different features of the birds may be taken and collected into a vector Y"" e.g., Y"1/ 

may be tai l length, Y h/2 may be wing span, Y"13 may be body weight, and so on. That 

is, the elements Y"lj', j =J, 2, ... , n may consi st of measurements of different 

characteristics. 
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Of course, the longitudinal data situati on is a spec ial case of thi s set-up where the Yhlj happen 

to be measurements of the same response ( over time). 

Clearly, the main interest is focused on comparing the groups on the basis o f the responses that 

make up a data vector. Here, we compare all the differen t responses "simultaneously". In doing 

this, it would naturally be important to take into account that observations on the same unit are 

correlated. 

In our statistical model , f..1 , is the mean for data vectors (composed of the n different responses) 

observed on units in the I'll group. Thus, we may formally state our desire to compare the n 

responses ' simultaneously ' as the desi re to compare the q mean vectors f..1" /= 1, ... , q, on the 

basis of all their components. That is, we are interested in testing the null hypothesis 

H " : P, = .. . = P 'I versus the alternative H , : p , ~ P , for at least one pa ir i ~ j (3.2 1 ) 

As long as the n responses that make up a data vector are di ffe rent and hence not comparable 

(e.g. cannot be "averaged") , this is the best we can do to address our general questi on. 

3.3.3.2 Hotelling's T2 

The standard methods to test the null hypothesis (3 .2 1) are simply generalizations of standard 

methods in the ease where the data on each unit are just scalar observations Yh/, say. That is, 

Yh/ is a vector of length n= J. In thi s section, we give brief statements of these generali zati ons 

without much just ification. A more in-depth treatment of the general multivariate prob lem may 

be found in Jolmson and Wichern (2002). First, consider the case of just q=2 groups. If the 

observations are just scalars rather than vectors, then we would be interested in the compari son 

of two scalar means f..1, and Ho would reduce to 

H " : P I = f..1 2 or H " : f..1 , - P 2 = 0 (3.22) 

F11l1hennore, the unknown covariance matri x I would reduce to a single scalar vanance 

value, (Y2. Under our normality assumption, the standard test of Ho would be the two-sample t 

test. Because (Y' is unknown, it must be estimated. This is accompl ished by estimating 
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0-' based on the observations for each group and then "pooling" the result. That is, letting Y, 

denote the sample mean of the rl observations Yhi for group 1 find the sample variance. 

, 
S,' = (rl- lrII(y" I -Y,)' 

11=1 

and construct the estimate of 0-' from data in both group as the "weighted average" 

S' = (I'I + 1', - 2r' {(Ii -1)S,' + (I', - 1)Si } 

Now form the test statistic 

Y - Y 1 - .1 ., 

- ~( -I -I)S' rr +1'2 

(3.23) 

(3.24) 

(3 .25) 

The statistic t may be shown to have a student's t distribution with r1 + r2 - 2 degrees of freedom. 

In multivariate case, the hypothesis is now 

H " : Jil = Ji , or H " : Ji l - Ji, = 0 (3 .26) 

A natural approach is to seek a multi vari ate analogue to the t test. 

The analogue o f the assumed common variance 0-' is now the assumed common covariance 

matrix L which is of course unknown. We wou ld like to estimate this matrix for each group and 

then "pool" the results. 

I n particular, we may calculate the pooled sample covariance matrix. If we coll ect the sample 

means Ylj ,j= I, ... , n into a vector 

YII 

Y(n 

then the sample covariance matri x fo r group I is the (nxn) matrix. 

" T., = (Ii - I r l L (J~" - Y, )(J~" - Y,) (3.27) 
11 ::1 1 

We know that the sum in (3.27) is cal led a sum of squares and cross-products (SS & CP) matrix . 

The overall pooled sample covariance, an estimator for L is then the "weighted average" . 

T. = (rl + r, - 2r' le'i - I)T., + (r, - 1)T.,1 (3.28) 

The test statistics analogues to the (square of) the t statistic is known as Hotelling 's T2 stati stic 

and is given by 
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r' = (r,-' +r,-' t'(f,-Y,)i:-'(Y,-Y, ) 

It can be shown that 

r, +r, - n - I r'­
(r, + r, - 2)11 

(3.29) 

(3.30) 

Thus, the test of Ho may be carried out at a level by companng thi s versIOn of T2 to the 

appropriate a critical value. 

Note that ifn = I, the multipl icative factor is equal to I and the stati stic has an F di stribution with 

and r,+rr2 degrees of freedom , wh ich IS just the square of the 

I distribution. That is, the multi variate test reduces to the scalar t test if the dimension of 
' 1+ ' 1- 2 

a data vector n = 1. 

It is worth noting that the hypothesis in (3.26) may be expressed in matrix form. Specifically, if 

we define M as (2xn) matrix whose rows are the transposed mean vectors 1'; and /1;, 

M= (1'" /1' '' ) 
f.1 21 J..1 211 

It is clear that , defi ning C = ( 1,- 1), we have 

CM = (1'" - P'I' ''' ' 1', ,, - p,,,) = (p, - 1' , ), 

Thus, we may express the hypothesis in the fo rm 

Ho: eMU = 0, U = I". 

3.3.3.3 One-way MANOV A 

(3 .3 I) 

Just as the case of comparing 2 group means for sca lar response may be generalized to q>2 

groups using analysis of vari ance techniques, the multivariate analysis above al so may be 

generalized. 

Again , if the observations were just sca lars, we would be interested in the compari son of q scalar 

means p " I = I , ... , q, and Ho would reduce to 

H,, : 1', = ... = Pq 
(3.32) 

and again the unknown covariance matrix L would reduce to a single scalar variance va lue (J" ' . 

Under the normality assumption, the standard test of Ho via one-way ana lys is of variance is 
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based on the ratio of two estimators for 0-'. The follo~ing is the usual one-way analysis of 

'I 

variance; recall that m = :2>, is the total number of units. 
1,,01 

Table 3.2 ANOV A Table 

Source DF SS MS F 

q 

Among Units q-I 
SSG = Lr,(r>U 

MSG MSdMSE r,,,1 

" 
Among-Unit Error m-q 

SSt. = L (y" , - rJ 
MSE 11",1 

I(y,,, - F) 
, 

Total m-I /:1 

Note that the "error" sum of square SSE may be written as 

SSt. = (r, -I)S,' + 
Ii 2 

+ (';, - I }5,~ . and St' = (Ii -I)"' L ()~,' -V,) ( ' ") J .J) 

11",1 

where St' is the sample vari ance for the I'll group, so that MSE has the interpretation as the pooled 

sample variance estimator for 0- ' across all q groups. MSG is an estimator for 0- ' based on 

dev iations of the group means from the overall mean, and will overestimate 0- ' if the means are 

different. It may be shown that the rati o F has sampling di stribution that is F with (q-I) anci 

(m-q) degrees of freeciom, so that the test is conducted at level a by comparing the calculated 

va lue of F to F:,-I.m- I/ ,a . 

For the multivariate case, the hypothesis is now 

H" : p , = '" = Ji" (3.34 ) 

As in the case of q=2 groups above, the multivariate generalization invo lves the fact that is now 

an entire covariance matrix L to estimate rather than just a single variance. Consider the 

fo llowing analogue to the scalar one-way analysis o f vari ance above. Let Y , be the sample 

mean of all observati ons across all units and groups for the /1 element and define the overall 

mean vector 
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Y, 

y = 

y 
.. 11 

Table 3.3 MANOVA Table 

Source DF SS&CP 

Among Groups q-l - r Y - Y y - y I " ( -X- - )' QH - 1=11 .1 ... 1 .. 

Among Unit Error m-q Q I," l:' = 1=1 (Y" I - Y, XY,,, - Y, )' 

Total mol I,'I I" ()~'I - YX1~'1 - Y) QII + QI' = 1=1 h oo ] 

Comparing the entri es in thi s table to those in the scalar ANOV A table, we see that they appear 

to be multi variate general izations. In parti cul ar, the entri es are now matri ces. Each may be 

viewed as an attempt to estimate L . 

It can be verified that the among unit error sum of squares and cross products matrix QE may be 

written as 

(3.35) 

where :f:1 the estimate (3.27) of L is based on the data vectors from group I. Thus, just as in the 

scalar case, this quantity di vided by its degrees of freedom has the interpretation as a "pooled" 

estimate of L across groups. 

Unfortunately, because these entri es are matri ces, it is no longer straightforward to construct a 

unique generalization of the F ratio that may be used to test 1-1 0 , Clearly, one would like to 

compare the "magnitude" of the SS&CP matrices QH and QE somehow, but there is no one way 

to do this. There are a number o f statistics that have thi s interpretation. 
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a) Wilks' Lambda 

The most commonly di scussed stati sti c used and may be motivated formall y as follows. In the 

scalar case, the F ratio is 

SSu / 
) (q - I) 

SS! / 
j (rn - q) 

(3.36) 

Thus, in the scalar case, Ho is rejected when the ratio SSa/SSE is large. This is equivalent to 

rejecting for large values of I + (SSG J or small values of 
SSE 

For the multivari ate problem, the Wilks' lambda statistic is the analogue of thi s quantity, 

(3.37) 

Ilerc, the detcrm inant of each SS&CP matrix is taken. reduc ing the matri x \0 a single number. 

This number is often referred to as the generalized sample va riance (Johnson & Wichren. 2002). 

One rejects Ho for small values ofTw. 

b) Lawley-HotcHin g Trace 

This test stati sti c rejects Ho for large va lues of 

T/H = Ir(QHQ;') 

There are also another stati stics: Pilla's trace and Roy's greatest root. 

(3.38) 

None of these approaches is superior to the others in general. In addition , all are equiva lent to 

using the Hote lling's T2 statistic in the case q=2. 

It is possible in certain spec ial cases to work out the exact sampling distribution of these stat is ti cs. 

As mentioned above, when q=2 and we are testing whether the two means are the same, all of 

these stati stics may be shown to be the same and equ iva lent to conducting the test based on 

Hotelling's T2 statist ics. 

When 11=1, 2 and q 22 or when 11 2 1 and q=2, 3 it is poss ib le to show that certain functions of 

Til' have an F sampling di stribution and thi s may be used to conduct the test exactly. 
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3.3.4 Mixed Modcl Approach to Repeated Measures Analysis 

In the previous two sections, two sets of results were di scussed: Uni vari ate (ANOVA) and 

Multivari ate (MANOV p. ) results. These results are based on different assumptions about the 

structure of the covariance of the scores across time. The uni variate model uses a structure called 

compound symmetry. There is a single variance for all of the trial s, and there is a single covariance 

for each of the pairs of trials. The multivariate model uses a structure called unstructured. Each trial 

has its own variance and each pair of trial s has its own covariance. 

But these are not the only possible covariance structures and also they have serious drawbacks. The 

mixed model allows to select among a wide variety of covariance structures allowing us to choose 

the appropriate covariance structure for our data. 

This approach simplifies and unifies many common statistical analyses, including those involving 

repeated measures, repeated measures random effects and random coeffi cients. The basic assumption 

is that the data are linearly related to unobserved multivari ate normal random variables . 

3.3.4.1 Matrix Notation 

Suppose that we observe n data points YI , .. ,yn and that we want to ex plain them using n values for 

each of p explanatory variables x" , ... ,Xlp, X21, ... , xJp, ... ,Xnl , ... ,Xnp . The Xij values may be either 

regression type continuous variables or dumm y variables indicating class membership . The standard 

li near model for thi s set up is 

" 
) 1 = " x fJ +e I ~ 'I I I i=1.. .. n (3.39) 

J =- I 

where fJ" ... ,fJ" are unknown fixed effects parameters to be estimated and e" ... ,e" are unknown 

independent and identically distributed normal (Gaussian) random variables with mean 0 and 

variance 0" ' . The preceding equations can be written simultaneously using vectors and a matrix , as 

follows: 
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YI XII X I2 X l p 
/31 e l 

Y2 X 21 X 22 X 2p 
/32 e 2 

= + 

Y" X"P /3 p e" 

For convenience, simplicity and extendibility, thi s entire system is written as 

y x fJ + e (340) 

where Y denotes the vector of observed y;'s, X is the known matrix of x;j's, fJ is the unknown fi xed 

effects parameter vector, and e is the unobserved vector of independent and identi call y distri buted 

Gaussian random errors . 

3.3.4.2 Formulation of the Mixed Mode l 

The fo llowing discuss ion on mixed models is taken from SAS for Mixed Mode ls by Litlel et al. 

(2006) . 

The previous general li near mode l is certainly a useful one (Searle, 1971) , and it is the one filled by 

the GLM procedure. However, many times the di stributional assumption about & is too restri cti ve. 

The mixed model ex tends the general linear model by allowing a more flexible specificati on of the 

covariance matrix of e. In other words, it allows for both corre lation and heterogeneous variances. 

although we still assume normality. 

The mixed model is written as 

Y=Xj3+Zy+e (3.4 1 ) 

where everything is the same as in the general linear model except for the addition of the known 

design matrix , Z, and the vector of unknown random effects parameters, r. The matrix Z can contain 

e ither continuous or dumm y va riables, just like X. The name mixed model comes from the fact that 

the model contains both fixed effects parameters, fJ , and random effects parameters, r . 
A key assumption in the fo rego ing ana lysis is that rand e are normall y di stributed with 

E [: 1 [ ~ ] and va{:] = [ ~ ~ ] 
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The variance of Y is, therefore, V = ZGZ' + R. We can model V by setting up thc design matrix 

Z and by specify ing covariance structures for G and R. 

This is a general specification of the mixed model in contrast to many texts and articles that di scuss 

only simple random effects. Simple random effects are a special case of the general specification 

with Z containing dummy variables, G containing variance components in a diagonal structure, 

and R = (7 2 I", where In denotes the n x n identity matrix. The general linear model is a further special 

case with Z = 0 and R = (7 2 In 

Analys is of repeated measures data requires special attention to the covariance structures due to the 

sequential nature of the data on each subject. Ignoring the covariance issues may result in incorrect 

conclusions from the statistical analyses . Avoiding the issues may result in ineffi cient analysis which 

is tantamount to wasting data. The general linear mixed model allows the capability to address the 

issue directl y by modeling the covari ance structu re. 

There are two basic concepts in performing a repeated measures analys is using mixed model 

rn ethodology. The first step is to modcl the covariance structure. The second step is to test the main 

effects and interaction effects using the modeled covari ance structure. 

The following are the most commonly known covariance structures in repeated measures designs: 

Compound Symmetry Structure has two un known parameters and has the form 

2 
(7 , 

, 
(7 , 

, 
(7 , , 
(7 , 

, 2 
(7,. + (7 
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The Huynh-Feldt or type H has t+ I unknown parameters in the following form 

(J 2 , 
2 2 

(J, +(J2 

2 
(J2 

2 

2 2 
A (J, +(J, -A 

2 2 
(J, + (J, _, _ A 

2 2 

Autoregressive homogeneous variance structure has the form 

(J 2 p(J 2 p 2(J 2 I - I 2 P (J 

(J2 p(J 2 
/-2 2 

P (J 

(J 2 

, 
cr 

Autoregressive heterogeneous variance structure 

(J 2 , p(J 2 

2 
(J, 

The unstructured matrix is the most general form possible and has 

2 

, , 
0"1 _ 1 +0", 

2 , 
(J , 

-A 

t(l+I) 

2 
unknown 

parameters. Where t is number of levels of the within subject facto r. 

(J" 
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3.3.4.3 Estimating G and R in the Mixed Model 

Estimation is more difficult in the mixed model than in the general linear model. Not only do we 

have fJ as in the general linear mode l, but we have unknown parameters in r , G, and R as we ll. Least 

squares IS no longer the best method . Generalized least squares (GLS) is more appropriate, 
.... 

mllllmlZll1g 

(Y - XfJ)'V- I(y -XfJ) (3.42) 

However, it requires knowledge of V and , therefore, knowledge of G and R. Lacking such 

information, one approach is to use estimated GLS, in which you insert some reasonable estimate for 

V into the minimization problem. The goal thus becomes finding a reasonable estimate of G and R 

(Littel et aI. , 2006). 

In many situations, the best approach is to use likelihood-based methods, exploiting the assumption 

that r and e are normally distributed. The two likelihood:based methods are maximum li kelihood 

(ML) and restricted/residual maximum likelihood (REML). A favorable theoretical propel1y of ML 

and REML is that they accommodate data that are miss ing at random (Rubin, 1976). 

SAS mixed procedure constructs an objective funct ion assoc iated with ML or REM L and maxi mi zes 

it over all unknown parameters. Using cal culus, it is poss ible to reduce the maximization problem to 

one in the parameters of G and R. The correspond ing log-likelihood functions are as fo llows: 

REML: I" (G, R) = -~ 10g1VI- ~ 10g1 X' 1;-1 XI-~ r' V -I r _ 11 ; p log(27r) 

where r = Y - X(X' V -I X t X' V-I Y and p = ral1k(X) 

To max imize thi s objective function we use the mixed model equations 

Thus, the so lutions can be written as 

(3.43) 

(344) 

(3.45) 

Note that the mixed model equations are extended normal equations and that the preceding 

expression assumes that G is nonsingular. For the extreme case when the eigenvalues of G are very 
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large, 0-' contributes very little to the equations and 9 is close to what it wo uld be if y actually 

contained fixed effect~ parameters. On the other hand, when the eigenvalues of G are very small, 

0-' dominates the equations and 9 is close to O. For intermediate cases, 0-' can be viewed as 

shrinking the fixed effects estimates of r towards 0 (Littel et aI., 2006). 

If 0 is singular, then the mixed model equations are modified (Henderson, 1984) as follows: 

[
X'R-'X X'R-'zi 1/3] [x'R-'Y] 
i'ZR-'X i'zfc'zi+J 9 - i'Z' fe'Y 

Where i is the lower-triangular Cholesky root of 0 , sati sfying 0 = ii'. Both 9 and a generalized 

inverse of the left-hand-side coefficient matri x are then transformed using i to determine r. 

3.3.4.4 Model Selection 

The previous secti on on estimation assumes the spec ification of a mixed model in terms of X, Z, G 

and R. Even though X and Z have known e lements, their spec ifi c [orm and construction is nex ible, 

and several poss ibiliti es may present themselves for a pa rticu lar data set. Likewise. several different 

covariance structures for G and R mi ght be reasonable. 

Model selection can be done in two ways. First subject matter cons iderations and objectives are of 

great importance when se lecting a model (Diggle, 1988; Lindsey. 1993). Second. when the data 

themselves are used for guidance, many of the graph ical methods and diagnosti cs appropriate for the 

general linear model extend to the mixed model setting as well. Finall y, a likelihood-based approach 

to the mixed model provides several stati stical measures for model adequacy as well. The most 

common of these are the likelihood ratio test and Aka ike's and Schwarz's Bayesian Info rmati on 

Criteria (AlC and BIC) (Bozdogan, 1987; Wolfinger, 1993) 

3.3.4.5 Inference and Test Statistics 

For inferences concerning the covariance parameters in our model, one can use likelihood- based 

stati stics. One common likelihood-based stati stic is the Wald Z, which is computed as the parameter 

estimate divided by it s asymptotic standard error. The asymptotic standard errors are computed from 

the inverse of the second derivative matrix of the li kelihood with respect to each of the covariance 

parameters. The Wald Z is valid for large samples, but it can be unreliab le for small data sets and for 
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parameters such as variance components, which are known to have a skewed or bound sampling 

distribution. 

A better alternative is the likelihood ratio X 2 . This stati stic compares two covariance model s, one a 

special case of the other. The likelihood ratio X 2 - statistic is computed by subtracting the 

corresponding values of REML loglikelihood and multiplying by -2. Either ML or REML can be 

used to construct this stati sti c, which tests whether the full model is necessary beyond the reduced 

model. 
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4.1 Diagnostic Checking 

CHAPTER FOUR 

RES ULTS AND DISCUSSIONS 

The data used in the study are repeated measurements of the pseudostem circumference of ensel 

varieties. In order to apply the univariate analysis of variance, it is assumed that the error terms are 

identicall y, independently and normally distributed with mean zero and constant variance (0" ' ). 

Hence, whether the data fulfill these assumptions is checked. The residual analysis is carried out 

using SAS and the results are displayed in Appendix B (one output and two graphs). 

The assumption that the error terms are di stributed with zero mean is tested using the Student's t 

statistic and found not significantly di fferent from zero (p = 0.9995). The normality assumption is 

tested using Shapiro-Wilk Statistic. The null hypothesis is not rejected (p=0.3666). Hence, we 

conclude that normality is satisfi ed. Normality is also justified using the normal probability plot and 

hi stogram which are strai ght line and be ll shaped curves, respecti ve ly. The studenti zed res idual plot 

against ti me depicts the homogeneity of error variances (constant vari ance) since no pattern is 

observed and most of the points in the plot li e between -2 and 2 and no pattern is observed 

(Appendix B). Hence, the assumptions of normality, zero mean and homogeneity of va riance of the 

error term is met for the ensel data. 

4.2 Summary Statistics 

Summary stati stics is the fir st approach which is recommended for analys is of repeated measures 

data as a descripti ve approach for its simplici ty and possible indicator of the presence or absence of 

main and interaction effects. It is safe in the sense that the significance tests will tend to be 

conservative. The results of thi s method are used as indicators of significance tests using the most 

complicated stati stical techniques. All the information on each individual is reduced to just one 

single measure which is be li eved, in the context of the particular experiment, to he a useful summary 

of the responses. For example, it may be decided that for an individual subject, the mean of the 

responses at all the time points after the start of the treatment is a sensible representation of the 

ind ividual ' s overa ll response to treatment. In the ensel data, the summary measures are the mean of 

pseudo stem c ircumference of the four repl ications of varieties at each time of measurement. Table 

4.1 shows the mean of the ensel vari eties at each time of measurement. 
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Table 4.1 Least Squarcs Mcans ofthe I'seudostcm Circumference 

Mcan(cm) Mean(cm) Mean(cm) Mcan(cm) Ovc"all 

Variety at Time 1 at Time 2 at Time 3 at Time 4 Mean(cm) 

I 0.3100 0.4225 0.6700 0.7875 0.5475 

2 0.6175 0.5350 0.9825 0.7625 0.7244 

3 0.6175 0.6375 1.0750 0.7250 0.7638 

4 0.6350 0.6200 1.0600 0.7375 0.7631 

5 0.5400 0.4975 0.9875 0.7000 0.6813 

6 0.4100 0.6725 0.9225 0.7125 0.6794 

7 0.3650 0.2700 0.8625 0.7125 0.5525 

8 0.5150 0.4425 0.7600 0.7375 0.6138 

9 0.4900 0.4925 1.0500 1.1 250 0.7894 

10 0.6575 0.6325 1.1 250 1. 11 25 0.8819 

II 0.4925 0.5600 0.9250 1.1250 0.7756 

12 0.5475 0.5425 1.0075 0.9250 0.7556 

13 0.4225 0.5725 0.7675 0.7500 0.6281 

14 0. 5050 0.5825 1.1 500 1.1750 0.8531 

15 0. 5400 0.7125 1.0800 1.1500 0.8706 

16 0.3375 0.4900 0.6750 0.8000 0.5756 

17 0.6725 0.5900 1.1000 1.0200 0.8456 

18 0.6750 0.5775 1.0375 1. 0000 0.8225 

19 0.4525 0.8050 0.9000 0.8750 0.7581 

20 0.4 750 0.6700 0.6625 0.7325 0.6350 

21 0.4600 0.5900 0.7750 1.1000 0.7313 

22 0.4400 0.5500 0.5925 0.6500 0.5581 

23 0.5250 0.2675 0.6625 0.7425 0.5494 

24 0.5950 0.4 725 0.8150 0.8 100 0.6731 

25 0.5225 0.3175 0.7500 0.8250 0.6038 

26 0.4850 0.3900 0.6000 0.5500 0.5063 

Table 4.1 (Continued) 
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27 0.5350 0.5375 0.6875 0.7750 0.6338 

28 0.6375 0.3575 0.6750 0.6875 0.5894 . 

29 0.7875 0.5375 0.8525 0.7775 0.7388 

30 0.7325 0.4925 0.8425 1.0875 0.7888 

31 0.5250 0.5800 0.8000 1.1625 0.7669 

32 0.6300 0.6350 0.8375 1. 1800 0.8206 

33 0.6175 0.5350 0.8875 0.9825 0.7556 

From Table 4. 1, it can be seen that mean pseudostem circumference of some varieties shows an 

increase whi le others show a decrease in mean circumference as one goes from time I to time 2. 

Moreover, as we go from time 2 to time 3 mean pseudo stem ci rcumference of all varieties except 

variety 20 show an increase. We also observe a difference in mean pseudostem circumference among 

the various varieties (enset clones). The rate of increase or decrease in pseudostem circumference as 

one goes from left to right is also different among varieties. Thc standard ANOV A tests that will be 

considered in the next secti ons he lp whether these differences are statistica ll y significant or not. 

Another summary measure commonly used in repeated measurcments is to plot the mean of the 

response variable against time. Figure I shows the pseudostem circumference mean plot of the enset 

varieties against time. 
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Figure 1 Plot of mean of different pseudostem circumference varieties against time. 

The fact that the lines do not coincide shows that the pseudostem ci rcumference means of the ensel 

varieties are different. When we look at the overall tendency of graph, it seems that it is increas ing as 

we go from left to ri ght. The lines on the graph are not para ll el and they cross one another showing 

that there is an interaction effect between variety and time. Looki ng c lose ly at particul ar variet ies , 

variety S increases rap idly from time I to time 2 and then decreases slowly from time 2 to time 3 and 

again from time 3 to time 4. This indicates that pseudostem circumference of vari ety S grows faster 

at yo unger stage and shrinks at maturity. But variety G decreases from time I to time 2, then 

increases from time 2 to time 3 and again decreases from ti me 3 10 ti me 4 which indicates fluctuati on 

o f pseudostem circumference of variety G at successive time points. 

It is always helpfu l, if poss ible, to plot the data to give a broad indication of what is happening. The 

raw data could be plotted agai nst time. All the information could be retained in one diagram, so that 

every response for all individuals is shown. However, if there are a large number of individuals, thi s 

can produce a confu sing diagram which fail s to achieve its aim of demonstrati ng trends and 

relationships. In such instances, a separate di agram can be produced fo r each treatment group . 

Alternatively, separate graphs of the responses against time for each individua l can be drawn; each 

should be drawn on the same scale, perhaps grouping the graphs for each treatment in a grid. Often 

there are so man y graphs that become unwield y to include them all in a paper. 
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Then, just representative ones which are believed to illustrate particular types of response structurcs 

may be included. The subj ectivity of thi s approac h may be open to criticism, so the choices should 

be justified. 

The descriptive methods considered in thi s section are used as a preliminary analysis since they only 

help as an indication for the presence of main and interaction effects. But they do not show whether 

these effects are stati stically significant or not. Hence, a more formal alternative approaches are 

presented in sections that follow. 

4.3 Univariate Analysis of Variance (ANOV A) 

The procedure known as Analysis of Variance or ANOVA is used to test the hypotheses concerning 

means when we have several populations. ANOV A is a general technique that can be used to test the 

hypothesis that the means among two or more groups are equal. Here, means of the various ensef 

varieties are compared. Assuming that all the ANOV A assumptions are satisfied, the standard 

anal ysis of vari ance is performed. The following is ANOV A tab le for the ensef data: 

Table 4.2: ANOVA Table of Elise! Data 

Source OF Sum of Squares Mean Squares F Value P-Value 

Variety 32 6.02992538 0.18843517 20.33 < 0.0001 

Plant(Variety) 99 1.1 2943125 0.01140840 1.23 0.0947 

Time " 15.27342936 5091143 12 549.29 < 0.0001 .) 

Variety x Time 96 5.63610189 0.05870939 6.33 < 00001 

Error 297 2.75279375 0.00926867 

Corrected Total 527 30.82168163 

The standard ANOVA (Table 4.2) shows that the variety means are significant ly different from one 

another (p < 0.000 1). Further more, the vari ability of plants within the same variety are not 

significantl y different (p = 0.0947). 

The ANOVA table also shows that the mean of pseudostem circumference is signi fi cantly different 

at different times. That is, time has significant effect on pseudostem circumferences (p < O.OOOI). ln 

fact , the significance is as expected since the plant is growing and hence the pseudostem 

circumference keeps increasing as time goes on until the plant reaches maturity. 
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As can be seen on the fourth row of Table 4.2 , there is also significant variety by time interaction 

(p < 0.000 I). Hence, the hypothesis of no variety by time interaction is rejected and concluded that 

there is signifi cant interaction between va ri ety and time. In other words, time affects the variet ies 

differently. 

However, all the above ANOV A tests are valid if and only if the underlying assumptions of the 

repeated measures ANOVA are sati sfied. Repeated measures ANOV A carri es the standard set of 

assumptions associated with an ordinary analysis of variance, extended to the matrix case: 

multivariate normality, homogeneity of covariance matrices, and independence. The assumptions of 

homogeneity of error variances and normality are checked and found to be satisfi ed in diagnostic 

checking section (Section 4.1) and the assumption of independence has not yet been checked. 

Responses measured on the same subject are correlated because they contain a common contribution 

from the subject. Moreover, measures on the same subject close in time tend to be more highly 

correlated than measures far apart in time. Repeated measures ANOV A is robust to violations of the 

fi rst two assum ptions. But vio lations of independence produce a non normal di stribution of the 

residuals which result in inva lid F ratios. Therefore, in addition to the assumptions al ready checked. 

the uni variate app roach for testing the within subject effects requires the assumption of spheric ity of 

the transformed vari ables (i.e., the circularity of the origina l variables). The assumption of sphe ri ci ty 

is tested using the transformed dependent variables. The original variables representing each trial are 

transformed accord ing to a set of orthogonal contrasts. The choice of transformation does not affect 

the outcome of the test, as long as the transformation matri x is orthonorma l. Tab le 4.3 presents test 

for spheri city. 

Table 403: Sphericity Tests 

Varoiables DF Mauchley's Chi - Square Pr > Chi - Square 

Criterion 

Transformed Variates 5 0.8742027 13.1 38068 00221 

Orthogonal Components 5 0.8742027 13.1 38068 0.0221 

Although the output shows two separate tests of sphericity, the one of interest is the orthogonal 

components test, which is the test of sphericity applied to the common covariance matrix of the 
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transformed within subject variables. Mauchley's spheri city test examines the form of the common 

covariance matri x. A spherical matri x has equal variances and has covariances equal to zero. The 

common covariance matrix of the transformed within-subject vari ables must be spheri cal; otherwi se 

the F tests and assoc iated p values for the univariate approach for testing with in-subject hypotheses 

are invalid. If the chi-square approximation has an associated p value less than the selected alpha 

level, the sphericity assumption has been violated. The chi-square approximation for thi s test is 

13.1 38068 with 5 df and an associated probability of 0 .022 1. Since thi s value is less than the 

tabulated chi-square value at 0.05, it seems that the data does not meet the assumption of sphericity 

but if we set our alpha to smaller level (0.01), the sphericity assumption will not be rejected . Hence, 

there is no strong evidence that the transformed variable deviates from sphericity assumption. This 

test wi ll help to decide which method to use and whether the results should be adjusted. The 

univairate method will have more power but it is appropriate only when the sphericity assumption is 

not violated. If the sphericity assumption is violated, then in most situations we are better off staying 

with the multivariate method. An alternati ve to using the multivariate approach is to adjust the F 

values involving a within-subject effect tests for degrees of freedom. The two correction factors for 

degrees of freedom are the Greenhousc-Geisse r Epsilon (G-G) and the Huynh-Feldt Epsilon (I-l-F). 

Generall y, the I-I-F corrcction fac tor is used because the G-G correcti on factor has becn shown to be 

too conservative (Huynh and Fein! , 1976). The following are the between and wi thi n subject effect 

tests for the ensel data. 

4.3.1 Between-Subject Effect Tests 

Between-subject effect tests test the variability among various groups. In the ensel data. these tests 

involve comparing the pseudostem circumference means of ensel plants which belong to different 

varieties. In other words, we test whether the various ensel varieties yield the same psudostem 

circumference. 

Table 4.4 Repeated Measures Analysis of Variance Tests of Hypothesis for Between-variety 

E ffects 

Source DF Sum of Squares Mean Squares F Value PI' >Value 

Variety 32 6.02992538 0.18843517 16.52 < 0.000 1 

Error 99 1.1 2943 125 0.0 11 40840 - -
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In Table 4.4 , the row labeled "Variety" reports the sum of squares, degrees of freedom, and mean 

square [or vari ety. The row also reports the F value and associated p value for the hypothes is test of 

the variety difference. With a p value less than 0.0001, there is a statistically significant variety 

effect. Therefore, thi s is an indication that a stati sticall y signifi cant difference ex ists between 

varieties on their overall pseudo stem circumference. From thi s result it is evident that different ensel 

varieties give rise to different pseudo stem circumference and hence different yields and this can help 

the researchers to select best yielding variety. 

The row labeled "Error" reports the within-cell sum of squares, degrees of freedom, and mean 

square, for the between-subject hypothesis. 

4.3.2 Within-Subject Effect Tests 

These tests are used to compare means belonging to the same group at different levels and test the 

presence of interaction between groups and levels of groups . In the problem of ensel data, the means 

of pseudostem circumference of ensel plant of the same vari ety at different time points are compared 

whether they yield the same mean and the presence of vari ety by time interaction are tested. 

When there is severe deviation from the spheri city assumption, the F and p va lues in the ANOYA 

table are subject tu adjustment. With non-spherical data, it is necessary to use adjusted results for the 

univariate tests. That is, the F results should be adj usted for their degrees of freedom. 

Table 4.5 Repeated Measures Analysis of Variance Univariate Tests of Hypotheses for Within­

Subject Effects 

Source DF Sum of Mean F Pr > F G-G H-F 

Squares Sq uares Value 

Time 3 15.27342936 5.09 114312 549.29 <.0001 < .000 1 < .000 1 

Time x Variety 96 5.63610 189 0.05870939 6.33 <.000 1 <.000 1 < .0001 

Error 297 2.75279375 0.00926867 

Greenhouse - Gelsser Epsilon: 0.9277, Huynh-Feldt Epsilon: 1.2658 

The within-subject test is shown in Table 4.5. The corrected univariate p values appear under the G­

G and H-F headers. Both the G-G and I-l -F p values indicate that there are sign ificant differences 
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among measurements at different times and also signifi cant interaction between variety and time. (G­

G and H-F adj . p val ues < 0.000 1 for ti me and vari ety x ti me interaction) . 

The spheri city test results using Mauchley's criteri on (Sect ion 4.3) confi rm that there is no strong 

ev idence to conclude that the data deviates fro m the sphericity assumption . Moreover, Greenhouse­

Geisser and Huynh-Feldt Epsilon estimates are 0.9277 and 1.265 8, respectively. Both epsilons are 

very close to I . Hence, no need of adjustment fo r degrees of freedom of the F stati sti c. These are the 

reasons why F values are not adjusted and hence the unadjusted p values are the same as the adjusted 

ones (Table 4.5) . 

4.4 Multivariate Approach to Within-Subject Tests 

An alternative method to the adjusted degrees of freedom when the sphericity assumption is violated 

in univari ate tests is using the multi variate approach. Unli ke the univari ate approach, it does not 

require the sphericity assumption. That is. the covariance structure can take any form. MANOY A 

analys is method regards the observations at diffe rent time po ints as separate variables. It gives 

reliabl e results fo r large sample size. Tab le 4. 6 provides the within-subject effec t tests of the ensel 

data using multivariate ana lys is . 

Ta ble 4.6 MANO V A Test C riteria and Exact F Statistics fOI' the Hypothesis of No T ime Effec t 

Statistic Value F value Nurn OF 

Wil ks' Lambda 0.05277364 580 .35 0 
~ 

Pillai' s Trace 0.94722636 580.35 0 
~ 

Hotel ling-Lawley Trace 17.9488 5308 580. 35 3 

Roy ' s Greatest Root 17.94885308 580.3 5 3 

H = SS & CP MatrIX, E = Error SSCP MatrI X, S = I, 

Num DF= Numerator degrees of freedom 

Den DF= Denomi nator degrees of freedom 

Den DF Pr >F 

97 < 0.000 1 

97 < 0.000 1 

97 < 0.000 1 

97 < 0.0001 

M=0.5, N = 47.5 

The first multi vari ate test of a with in-subj ect effect is the within-subj ect main effect test. It examines 

changes in pseudostem circumference as a function of time. The null hypothesis is that the mean 

pseudustem circumference does not change across different ti me po ints. The fo ur rows of Table 4.6 

report a separate multivariate test stati stic (Wi lks' , Pi llais' , Hotelling' s and Roy 's). The Wilks ' test is 

commonl y used. The three va lues S, M and N are the degrees of freedom for the multivari ate 
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statistics. For stati stics like Wilks ' Lambda, three degrees of freedom are required to determine a 

critical value. The values of these multivariate statistics are convcrted to F values. In some cases, the 

converted F and its degrees of freedom are approx;mations. 

Since the ratio for thi s hypothes is is very large [F (3, 97) = 580.35, p < 0.0001] , we can confidently 

conclude that the pseudo stem circumference changes with time. 

The second multivariate test of a within-subj ect effect is the variety by time interaction effect test. 

The MANOVA table for thi s test is di splayed in Table 4.7: 

Table 4.7 MANOVA Test Criteria and F Approximations for the Hypothesis of No 

Variety x T ime Effect. 

Sta tistic Value F value NumDF DenDF 

Wilk 's Lambda 0.0332 1493 6.43 96 29 1.27 

Pillai's Trace 200827699 6.26 96 297 

Hotelling-Lawley Trace 6.625 19 123 6.6 1 96 252 .7 

Roy's Greatest Root 3.36549486 10.41 96 99 

Pr>F 

<.000 1 

<.0001 

<.000 1 

<.000 1 

-H = SS & CP Matrix for ti me x vari ety, E = Erro r SS & CP Mat ri x, S = 3, M=14, N=47. 5 

Note: F stati sti c fo r Roy 's Greatest Root is an upper bound. 

In thi s case, using Wilks' Lambda stat istic, the F va lue associated with these mult ivariate tests of 

interaction is high; hence, the associated p value is low [F (96. 29 1.27) = 6.43, p < 0.000 1]. 

Hence, we can conclude that there is significant interaction effect between variety and time. In other 

words, the change in mean pseudo stem circumference across time depends upon variety. That is, 

different ensel varieties do not have the same growth rates and a variety has di fferent growth rates at 

di fferent stages of growth. 

4.5 Mixed Model Approach to Repeated Measures Analysis 

The methods followed to analyze the ensel data using the general linear model so far do not clea rl y 

give the form of variance-covariance structure of the data. In order to compare and select among the 

various variance-covariance structures, the mixed model would be used to fi nd out the possible 

structures that the data might have. The possible structures are: compound symmetry, Huynh-Feldt 
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(Type II), autoregressive process of order I [AR( 1)] and unstructured forms. The model is fitted 

using SAS mi xed procedures. The results are given in the foll owing Tables. 

Table 4.8: Levclization Results 

Class 

Variety 

Plant 

T ime 

The Mixed Procedure 

Class Level Information 

Levels 

33 

4 

4 

Values 

1 23456789 10111 213 

14 15 16 17 18 19 20 2 1 22 23 

2425 26 27 28 29 30 31 32 33 

1 234 

1 23 4 

Next, the REML Estimati on History and covariance parameter estimate tables are displayed in Tab le 

4.9 . 

Table 4.9: REML Es timation Result s 

TYPE =CS: 

REML Iteration History 

Iterati on Evaluation Objective 

o - 524.71 2 11 03 1 

- 526.36838926 

Convergence criteri a met. 

Covari ance Parameter Estimates (REML) 

Covariance Parameter Estimate Standard ElTor 

CS 

Res idual 

0.000535 

0.009269 

0.000448 

0.000761 

Criterion 

0.00000000 

Z 

1. 19 

12.19 

PI' > /Z/ 

0.2322 

< 0.000 1 
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TYPE=HF: 

REML Iteration History 

Iteration 

o 

2 

3 

Evaluation 

2 

Convergence criteria met. 

Objective 

- 524.7121 103 I 

- 545.50855003 

- 546.02236303 

- 546.03 10388 1 

Criterion 

0.00078456 

0.00001343 

0.00000001 

Covariance Parameter Estimates (REML) 

Covariance Parameter Estimate Standard Error 

Var (I) 0.006350 0.000905 

Var (2) 0.01028 0.001150 

Var (3) 0.009922 0.00 11 69 

Var (4 ) 0.0 1306 0.001349 

HF 0.009269 0.000761 

TYPE = AR (I) : 

REML Iteration History 

Iteration Evaluati on Objective 

o - 524.7121 103 I 

2 - 524.89089557 

Convergence cri teria met. 

Covariance Parameter Estimates (REML) 

Covariance Parameter Estimate 

AR (I) 0.02455 

Residual 0.009804 

Standard Enor 

0.05804 

0.000697 

Z Pr > IZJ 

7.0 1 < 0.000 1 

8.93 < 0.0001 

8.49 < 0.000 1 

9.68 < 0.0001 

12. 19 < 0.0001 

Cri terion 

0.00000000 

Z 

0.42 

14 .06 

Pr > IZI 

< 0.6723 

< 0.0001 
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TYPE = UNS: 

REML Iteration History 

Iteration Evaluation Objective Criterion 

0 - 524.71 211031 

- 559.34089921 0.00000000 

Convergence criteria met. 

Covariance Parameter Estimates (REML) 

Covariance Parameter Estimate Standard En·or Z Pr > /Z/ 

UN(I, I) 0.004889 0.000695 7.04 < 0.000 1 

UN(2,1) - 0.0000 1 0.000720 - 0.02 0.9849 

UN(2,2) 0.0 I 050 0.00 1493 7.04 < 0.0001 

UN(3,1) 0.000223 0.000669 0.33 0.7393 

UN(3,2) - 0.00049 0.000982 - 0.50 0.6147 

UN(3 ,3) 0.009063 0.001288 7.04 < 0.0001 

UN(4,1 ) 0.001590 0.000869 1.83 0.0672 

UN(4,2) 0.000676 0.001253 0.54 0.5896 

UN(4 ,3 ) 0.001229 0.001169 1.05 0.2932 

UN(4,4) 0.01476 0002098 704 < 0.0001 

The restricted maximum likelihood (REML) is lIsed to estimate all ullknown variance-covariance 

parameters (Jennrich and Schluchter, 1986). Table 4.9 displays the REML estimates of the four 

covariance structures. 

The compound symmetry has two unknown parameters and has the fo llowing form: 

Here, the REML estimate of 0-, is 0.000535 and that for 0-' is 0.009269. (Table 4.9: Type=CS) 
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The Huynh-Feldt or Type H structure has five unknown parameters in the following form : 

0", 
0",+0" , -A 0"1+0-) 

- A 0" , + 0", 
A 

2 2 2 

0" , 
0" , + 0"] 

A 0" 2 + 0"4 
A 

2 2 

0"] 
0"] + 0", 

A 
2 

0", 

The REML estimates for 0", to 0", are labeled as var(1) to var(4) and that for A is labeled as HF. 

(Table 4.9: Type=HF) 

The autoregressive structure has two parameters in the fo llowing form: 

0" ' O" ' p O" 'p' O" 'p] 

0" ' O"'p O"'p' 

0" ' O"'p 
0" ' 

The REML estimates for 0" ' is 0.02455 and that for p is 0.009804. (Table 4 .9: Type=AR(l )) 

The unstructured matrix is the most genera l form poss ible and has ten unknown parameters. 

0"11 (i1 2 0"13 al~ 

(f22 Ci 23 CT 24 

0"33 0"34 

The REML estimates are indexed as UN (row, co lumn) where row and co lumn indicate the locat ion 

o f estimates in the covariance matri x. (Table 4.9: Typc=UNS). 

The standard errors for all of the REML estimates in Table 4.9 are asymptotically valid and are 

obtained from the inverse of the second derivative matrix of the restri cted li kelihood function. Such 

estimates of precision are another benefit of a likelihood-based approach, although the asymptotic 

Wald tests printed at the end of Table 4.9 can be unreliable for small samples. 

The variance-covariance structure that best fits the data is selected by comparing among these 

structures. The Model Fitting Information tables indicated in Table 4.10 present the li kelihood- based 

criteria which are particularly useful in comparing different covariance structure models. As one 

approach, the Akaike's Information Criteria (AIC) is compared and select the model with the largest 

value. 
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Table 4.10: REML Fitting Information 

TYPE =CS: 

TYPE=HF: 

Model Fitting Information 

Description 

Observations 

REML Log Likelihood 

Akaike's Information Criteri on 

Schwarz's Bayesian Information Criterion 

- 2 REML Log Likelihood 

Null Model LRT Chi-Square 

Null Model LRT DF 

Null Model LRT P-Value 

Model Filling Information 

Descripti on 

Observations 

REML Log Likeli hood 

Akaike's Information Criterion 

Schwarz's Bayesian Information Criterion 

-2 REML Log Li keli hood 

Null Model LRT Chi-Square 

Nu ll Model LRT DF 

Null Model LRT P-Value 

Va lue 

528 

263.20 

- 522.40 

- 516.60 

- 526.40 

1.66 

1.0000 

0.1981 

Value 

528 

273.0 

- 536.0 

- 52 1.6 

- 546.0 

21.32 

4.00 

0.198 1 
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TYPE =AR (I): 

TYPE=UNS: 

Description 

Observations 

Model Fitting Information 

REML Log Likelihood 

Akaike's Information Criterion 

Schwarz's Bayesian Information Criterion 

- 2 REML Log Likelihood 

Null Model LRT Chi-Square 

Null Model LRT DF 

Null Model LRT P-Value 

Model Fitting In formation 

Descript ion 

Observations 

REML Log Likelihood 

Akaike' s Information Cri terion 

Schwarz's Bayesian In formation Criteri on 

- 2 REML Log Likelihood 

Nul l Model LRT Chi -Square 

Null Model LRT Dr 

Null Model LRT P-Value 

Value 

528 

262 .45 

-520.90 

-515.10 

-524.90 

0.18 

1.00 

0.6724 

Va lue 

528 

279.65 

-539.30 

-5 10 .50 

-559.30 

34.63 

9.00 

< 0.000 1 

AIC favors autoregressive structure foll owed by the compound symmetry (Table 4.10) . Restricted 

likelihood ratio tests can also be constructed by subtracting the values of - 2 REML Log Likelihood 

and comparing the result with a tabu lated chi-square having degrees of freedom equal to the 

difference in the number of parameters. 

These tests are appropriate for structures which are nested with in each other, or in other words, one 

is a special case of the other. A restri cted ratio test between Type I-I and unrestri cted has a calculated 

chi-square equal to -546.0 - (-559.3) = 13.3. But thi s value is the Mauchley sphericity test statistic 
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17, Iogm shown in Table 4.3 of Univariate ANOYA. Using 5 (10-5) degrees of freedom, this test 

favors the Type H structure at a = 0.0 I (p = 0.0221). Compound symmetry is a special c~se of Type 

H, and the restri cted likelihood ratio test between these two structures has a chi-square value equal to 

-526.4 - (-546 .0) = 19.6 on 3 (5 - 2) degrees of freedom. This test favors compound symmetry. 

In univariate analysis of variance section (Section 4.3), it is observed that the data fit the compound 

symmetry structure since the chi-square calculated for sphericity test is not significant at smaller 

level of significance. However, one may suspect that the data might have deviations from the 

compound symmetry structure due to the fact that the chi-square test rejects sphericity assumption at 

0.05 level of significance (p = 0.0221). 

In the mixed model approach, the AIC value for autoregressive structure is found to be larger as 

compared to compound symmetry (-522.4 vs -520.90). Thus, by the AIC criterion, one may conclude 

that the data fo llows an autoregressive structure. 

However, the last three rows of the third sub-tab le in Tab le 4.1 0 are a restri cted likeli hood ratio tests 

of the autoregress ive covariance model versus the simple structure used in the standard ordinary least 

squares (0- ' times an identity matrix). This test ind icates that the autoregress ive model does not fit 

better than the simple null model (p=0.6724). Hence, we go back to the compound symmetry 

structure since it has the nex t largest AIC value. Compound symmetry structure is also compared 

with the ordinary least squares simple structure and the test result shows that compound symmetry 

structure fit s better than the simple null model as compared to auto regress ive structure (p=0.198 1). 

Hence, the compound symmetry is se lected as a best covariance model for the ensel data among the 

remaining structures considered. 

Using the compound symmetry structure, tests of mai n effects of variety and time as well as the 

interaction effects of variety by time will fo llow. Table 4.11 di splays the test of Fixed Effects. 
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Table 4.1 1: Tests of Fixed Effects 

Source Num OF Den OF F Value Pr> F 

Vari ety 32 99 16.52 < 0.000 1 

Time 3 297 549.29 < 0.000 1 

Variety x Time 96 297 6.33 < 0.0001 

As can be seen in Table 4 .11 , the F values are the same as the ones obtained in the univariate 

analysis of variance. That means variety, time and variety by time interaction are significant (p < 

0.0001). 

While comparing the methods used in this work, univariate analysis is preferable to its multivariate 

counterpm1 in several aspects. It is simpler to fit , it is more powerful, and the resu lts are generally 

easier to interpret than those of multi vari ate tests. However, univariate ANOV A method of repeated 

measures is very restrictive . That is, it requires the assumpti on of equal variance at all times and 

pai rs of measurements on the same subject to be equally corre lated, regardless of the time lag 

between the measurements, which is not the case in most repca ted measures data. When one uses a 

univariate approach but the requisite stati sti ca l assumptions are not met . the sign ifi cance levels for 

stati st ical tests (such as the F values in ANOV A) are no longer accurate, leading to fault y tests of 

hypothesis. 

The advantage of multivariate approach over the un ivariate is that it has less restrictive assumptions. 

i.e., MAN OVA imposes no restricti ve assu mptions on the form of the error covariance matrix. In 

fact it assumes that th is matri x is unstructured and sample size is large. But it is less powerful give n 

that the data fulfill type I-I covariance structure because there are more parameters to estimate and 

therefore fewer degrees of freedom. The choice between the multivariate approach and uni variate 

repeated measures ANOVA depends on sample size, power and whether stati sti cal assumptions o f 

un iva riate ANOV A are met. 

The advantage of the mixed model over the other models is that the former helps to se lect 

appropriate variance-covariance structure and est imate the parameters. The results such as estimated 

means and relevant tests made wou ld be adjusted for the possible correlati on between consecuti ve 

time po ints using the esti mated covari ance structure. Also the mixed model method is used to 

analyze data that have missing observations at random. 
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For the ensel data used in thi s analysis, the assumpt ion of repeated measures analysis of variance is 

fu lfi lled. Hence, the ANOYA test is valid without adjusting for degrees of freedom. In the 

mul tivari ate ap proach, since the sample size which is equal to 528 (i.e., 33 vari eties, within each 

variety there are four replications of ensel plants each measured 4 times) is large the MANOY A 

method also gives reliable results. When analyzing the ensel data using the multi vari ate methods, no 

assumption is made abou t the covariance structure. That is, the covariance form is unrestricted. In 

the mixed model analysis of the ensel data, the covariance structure itself is modeled rather than 

being tested which is the case in univariate ANOYA approach. Then using the se lected covariance 

structure of the data, main and interaction effect tests are performed. This is an advantage of the 

mixed model since it enab les us to know exactl y the covariance structure of the ensel data; hence, the 

conclusions drawn from the tests based on mixed mode ls are very precise. There are highl y 

signi ficant differences between the factor levels of interest and their interaction using the three 

models. This happened probably due to the fact that varieties showed extremely high variab ility 

among themselves . However, the advantages of the methods used would have been evident had 

differences between vari eti es (and thci r in teraction with ti me) been marginal. In fact there are no 

missi ng observations in the ensel data. But the mi xed models sti ll give better results for missing and 

unbalanced data. Hence it is preferable to use mixed mode ls to analyze the ensel data. 

The analyses results discussed in previous sections using univariate, multivariate and mixed model 

methods suggest that there are signifi cant main effects for vari ety and time as well as significant 

variety by time interact ion effects. 
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CHAPTER FIVE 

CONCLUSIONS AND RECOMMENDATIONS 

Repeated measures analys is was conducted on thirty three vari eties of ensel plants. The data are 

repeated measurements of pseudostem ci rcum ference of each plant measured at four success ive time 

points. Each variety has fo ur replications. 

The general objectives were to study the appl ications of various methods used in repeated measures 

analysis and the conditions under which each method is applied on repeated measurements of ensel 

pseudo stem circumference; specifically to test whether mean yield of one ensel variety varies from 

the other, to investigate whether time has effect on ensel yield and to examine whether there is 

interaction effect between variety and time. 

Four different methods were used to analyze the repeated measurements of ensel plants. These are: 

I) Summary statistics; 2) Univariate analysis of variance (split-plot in time ANOVA); 3) 

Multi variate analysis of Variance (MANOVA) and 4) Mixed model approach. 

In summary statist ics, the mean of each ensel variety is provided in a tab le as a descriptive approach 

to see how the varieties differ from one another. Moreover, the mean of each ensel variety is plotted 

against time on the same graph by connecting the mean of each variety at consecutive time points by 

straight line. This helps to observe the pattern each variety follows through time as well as the 

similarity and differences among the varieti es. The time at which the varieties attain maximum and 

minimum pseudostem circumference and the presence or absence of interaction effect of variety with 

time can also be seen. 

In uni variate analysis of variance, first the underl ying assumptions of ANOV A are checked. Since 

the data are repeated measurements , the appropriate covariance structure of the within subject factor 

levels (i.e., measurements taken from the same plant at different times) should be justified in order to 

apply the repeated measures ANOV A. The normality of the errors, homogenei ty of error variance 

and zero mean of the error term are tested and fo und to be fulfil led for the ensel data. Moreover, by 

sphericity test of the transformed va riables using the Mauchley's Criterion, the data sat isfy the 

compound symmetry structure at 0.01 level of significance. Thus, it was possib le to apply the 

repeated measures ANOVA F tests without adjusting for degrees of freedom . From this test, it was 

concluded that there was significant variety and time main effects as we ll as signifi cant vari ety by 
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time interaction effccts. But thcrc was no significant mcan difference among plants within the same 

variety. 

Another method used to analyze the within-subject effect tests was the multivariate analys is of 

vari ance (MANOVA). Unlike, the univariate method, thi s test is not restricti ve because no 

assumption is made about the covari ance structure. Wilk 's Lambda statist ic was used to test the 

hypothesis of no time and no time x variety interaction effect and both tests were found to be 

significant. 

Finally, the mixed model was used. To make use of this method, first parameters of the various 

covariance structures were estimated and the one that best fitted the data was selected by the 

Akaike 's Information criterion (AIC). Using thi s selected structure, the main effects of variety and 

time; and the interaction effect of variety x time were tested. The conclusion was that all these tests 

were signifi cant. 

On the other hand. in the literatures rev iewed in Scction 2.4 , Shank and Ertiro ( 1996) conc luded that 

pseusostem circumference and pseudostem height have a positive linear re lationship and high 

correlation with ensel yield. Hence, using these authors' resu lts, the conclusions made for ensel 

pseudostem circumference can also hold for the ensel yield . 

Therefore , based on Shank and Ertiro (1996) and the results of the repeated measures analyses 

considered in thi s study . we concluded that the different ensel varieties yie ld signifi cantly different 

yields. That is, some varieties give hi gher yields while others give small er and medium yields. 

Hence, agronomists and breeders should se lect among the vari eties which give optimum yield . They 

should also dup licate these varieties and di stribute to the farmers. Time has al so significant effect on 

ensel yields. Thi s implies that if ensel is harvested at different times, its yield differs. It is clear that 

ensel that is harvested at maturity gives better yields than that at yo unger ages. Moreover, there is 

sign ificant vari ety by time interaction. That means, even though yield increases as the plant 

approaches to its maturity, the time at which the plant matures vari es from one variety to another and 

the rate of increase in yield also varies from variety to variety. Therefore, farmers and agricultural 

researchers should know whether a vari ety reaches to maturity before harvesti ng the plant in order to 

get better yields. Harvesting all varieties at one and the same time may result in minimal yield 

because according to the results of the study, the va ri eties mature at different times. 
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Finally, from the repeated measures analyses used in thi s study, the following are recommended: 

• It is found that the mixed model is the best method to analyze the repeated measurements of 

ensel data since it enables to model the covariance structure of the data before analysis, adjust 

means and improve tests on the main and interaction effects based on the selected structure. It 

would also be helpful in a situation where there are missing values in the data. Hence, it is 

recommendable to use mixed models to anal yze repeatedly measured data in order to get 

better results. 

• Using the findings in this study as preliminary results, post-hoc analyses like multiple 

comparison tests can be done to select high yielding vari ety among those considered in the 

analysis. 

• From the fact that variety and time have signi (j cant interaction e ffects, it can be further 

studied at what time whi ch variety yields better results and it is also possible to model the 

interaction type. 

• This study can be duplicated to other research centers to identify the variety which gives 

stable yields at all locat ions and which variety gives best results under which environment 

and di sseminating those vari eties throughout the ensel growing areas where they perform 

better. 
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APPENDIX A 

The statist ical analyses presented in this thesis were analyzed using SAS software (SAS, 1992). The 

SAS program statements are presented below. To mention some of the SAS procedures, PROC GLM 

was used to analyze the Univariate analysis of variance (ANOVA) and Multivariate analysis of 

variance (MANOVA). The Greenhouse-Geisser (G-G) and Huynh- Feldt (H-F) estimates were al so 

outputs of the PROC GLM. Pseudostem circumference means against time were plotted using PROC 

PLOT. In the Mixed Model Approach, PROC MIXED was lIsed to get the various covariance 

structures from which we selected the structure which fits best Ollr data. The Akaike 's Information 

Criterion (AIC) and the Likelihood Ratio Estimates were also obtained from the PROC MIXED. 

a) SAS Codes for ANOVA alld MANOVA 

Proc GLM Data = Enset; 
Class variety plant time ; 
Model stemcir = var iety plant (variety) time variety*time ; 
Test h=variety e=plant (variely) ; 
Lsmeans variety ; 
Output out=bell r~Luderlt =resl p=predl ; 
Run; 

Proc glm data=new ; 
Class variety ; 
Model sterncirl-stemcir4=variety/nouni ; 
Repeated time 4 polynomial/printe summary ; 
Lsmeans variety ; 

Proc glm data=new ; 
Class variety stemcirl stemcir2 stemcir3 stemcir4; 
Model stemcirl stemcir2 stemcir3 stemcir4=varietY i 
Repeated time 4 ; 
Lsmean s variet y / out=means ; 
Quit ; 

Run; 
Proc sort data =repeated_measures; 

By variety plant ; 
Data new (keep=stemcirl-stemcir4 variety); 

Array stemcirstemcir (4 ) stemcirl-stemcir4 ; 
Do time= l to 4: 

Set repeated_measures ; 
By variety plant ; 
Stemcirstemcir (time) =stemcir : 
If last . Plant then return ; 

End ; 
Run; 

Proe print; 
Run: 
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b) SAS Codes Jor Residual Analysis 

Proe print data=bell i 
Run; 

Proe univariate plot norma l data=bell ; 
Var resl ; 
Run; 
Proe plot data=bell; 
Plot resl*predl; 
Run; 

c) SAS CodesJor plotting pseudostem circumJerence against Time 

Goptions reset=all i 
Symboll e=blue v=a h=l i =j ; 
Symbo12 c=red v=b h =l i=j ; 
Symbol3 e=green v=c h=l i=j ; 
Symbo1 4 c=red v=d h=l i=j ; 
SymbolS c=black v=e h=l i=j ; 
Symbo16 c=yellow v =f h=l i=j ; 
Symbo17 c=purple v=g h=l i=j; 
Symbo18 e=magenta v=h h=l i=j ; 
Symbo19 c=gray v=i h=l i=j ; 
SymbollO c=b r own v=j h=l i=j ; 
Symbolll c=blue v=k h=l i=j ; 
Symbol12 c=blue v=l h=l i=j ; 
Symbol!1 r=blue v=m h = l i=j ; 
Symbol14 c=bl ue v=n h =l i=j ; 
SymbollS c=blue v =o h=l i=j ; 
Symbol16 c=blue v=p h=l i=j ; 
Symbol17 c=red v =q h=l i=j ; 
Symbol18 c=green v=r h=l i=j ; 
Symbol19 c=red v=s h= l i=j ; 
Symbo120 c=black v=t h=l i=j ; 
Symbo121 c=blue v=u h=l i=j ; 
Symbo122 c=blue v=v h=l i=j ; 
Symbo123 c=blue v=w h=l i=j ; 
Symbo124 c=blue v=x h= l i=j ; 
Symbo12S c=blue v =y h =l i=j ; 
Symbo126 c=blue v=z h=l i=j ; 
Symbo127 c=blue v= l h=l i=j ; 
S ymbo128 c=blue v=2 h=l i=j ; 
Symbo129 c=blue v=3 h =l i=j ; 
Symbo130 c=blue v=4 h=l i=j ; 
Symbo131 c=blue v= S h=l i=j ; 
Symbo132 c=blue v= 6 h=l i = j ; 
Symbo133 c=blue v=7 h=l i=j ; 
Axisl order= (0 to 1 . 5 by . 1) label = (a= 10 ' means ' ) ; 
Axis2 label = ( ' time ' ) value= ( ' I ' ' 2 ' ' 3 ' ' 4 ' 1 ; 
Pr oe Gplot data=means ; 
Pl ot lsmean* name =variety/vaxis=axisl haxis=axis2 ; 
Run ; 
Quit ; 
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d) SAS Codes for Mixed Model Analysis 

Proc ~xed Data = Repeated_Measures_ Mixed c ovtest ; 
Class variety plant time ; 
Mode l stemcir = variety time Variety*time ; 
Repe ated time! Sub~Plant (Variety) Type~CS r rcorr; 
Run; 

Proc ~xed Data = Repeated_Measures_Mixed covtest ; 
Class variety plant time ; 
Mode l s temc ir = va ri e ty tim e Va riety*time; 
Repeated time!Sub~Plant (Variety) Type~hf r rcorr ; 
Run i 

Proc ~xed Data = Repeated_Measures_Mixed covtest ; 
Clas s variet y plant time ; 
Model stemci r = va ri et y time Variety*time ; 
Repe ated time!Sub~ P lant (Variety) Type~ar (1 ) r rcorr ; 
Run; 

Proc ~xed Data = Repe ated_Measure s _ Mix e d cov te s t i 
Class va ri e ty pl ant time ; 
Model sternci r = va ri et y time Variety * time ; 
Repeated time /Sub~Plant (Vari e ty) Type~arh (1 ) r rcor r ; 
Run; 

Proc Mlxed Data = Repeated Measures_Mlxed covtest ; 
Class var i ety plant time ; 
Model stemcir = variety time Variely*time; 
Rep ea t ed time/S ub~P lant (Variety) Type~UN r rcorr ; 
Run ; 
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APPENDIXB 

In order to check whether our data ful fi ll the assumptions for Repeated Measures ANOVA, we 

conduct the Residual Analyses and get the following SAS outputs: 

aJ Residual Analysis for Zero Error Variance 

The UNIVARIATE Proc edure 
Variable: res1 

Moments 

N 528 Sum weights 
Mean 0 . 00002581 Sum Observations 
Std Deviation 1 . 00437754 Variance 
Skewness 0 . 01311193 Kurtosis 
Uncorrected 55 531. 624031 Corrected 55 

Coeff Variation 3890980.42 Std Error Mean 

Basic Statistica l Measures 

Location 

Mean 
Median 
Mode 

0 . 00003 
-0 .0-17 53 

-0 .51006 

variability 

Std Deviation 
Variance 
Range 
Interquartile Range 

528 
0.01362925 
1 .00877425 
0.05098931 

531.62403 
0.04370992 

1.00438 

1 .00877 

6.65838 
1 .28845 

NOTE: The mode displayed is the smallest of 14 modes with a count of 2. 

Te sts for Location: MuO =O 

Test ·Statistic- - - - - -p Value · - - - - -

Student's t 
Sign 
Signed Rank 

t 

M 
5 

0.000591 Pr 
- 10 Pr 

-789 Pr 

b) Residual AI/alysis for Normality of Er/"o/"s 

Test 

Shapiro-Wilk 
Kolmogorov-Smirnoy 
Cramer-yon Mises 
Anderson-Carling 

Te sts for Normality 

- -Statistic- -. 

W 0 . 99674 
0 0.037299 
W-Sq 0.101405 
A-Sq 0.595609 

> I t I 0.9995 
>= IMI 0.4083 
>= 151 0.8223 

- - - - -p Value - - - - --

Pr < W 0.3666 
Pr > 0 0 . 0743 
Pr > w-Sq 0.1096 
Pr > A-Sq 0.1247 
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Quantiles (Definition 5) 
Quantile 
100% Max 
99%, 
95% 
90% 
75% 03 

Estimate 
2.9547435 
2 . 204 1101 

1.7194962 
1. 3696408 
0.6398964 

The UNIVARIATE Procedure 
Variable: res1 

Quantiles (Definit ion 5) 

Quantile 

50% Median 
25% 01 
10% 
5% 
1% 
0% Min 

Estimate 

-0 .0475272 
-0.6485559 
- 1.2476109 

- 1.6230932 
- 2.2484063 

-3 .7036370 

Extreme Observations 

- - - - - -Lowest - - - -- - - - - -Highe s t - - - - -

Value Obs Value 

-3.70364 55 2 . 23954 

- 2.64916 272 2.27500 
- 2.61338 370 2.43494 

- 2.46166 400 2 . 66707 
-2 .25727 57 2.95474 

Histogram 
2.75+* 

**** 

********** 

**************** 

************************* 

****************************** . 

**-***************************.***** 

******************************-

************** 

******* 

**** 

-3.75+* 

- -- -+-- --+-- - -+- - --+- ---+-- - -+--- -+-

* may represent up to 3 counts 

# 
2 

11 
29 
46 
73 
93 

106 
93 
41 
21 
10 

2 

Obs 

63 
208 
138 
270 

56 

Boxplot 
o 
I 
I 
I 

+- - - --+ 

+ 

+- - - --+ 

o 

o 
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I" 
I 

-3 .75+* 

The SAS System 
The UNIVARIATE Procedure 

Variab l e: res 1 

Normal Probability Plot 
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** * **** 
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" 
****** 
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c) Residual Allalysis for Homogelleity of Error Variallce 

Residual 
3 

2 

o 

- 1 

-2 

-3 

- 4 

• 

0.2 

• 

•• 

• 

• ... ... ... 
• 

0 .4 

• 

• 
• 

• • 
•• • • • 

•• • • 
•• • •• • • 
• **** 

• • •• • • • 
•• • • •• • ... • ••• • •• • • •• .. ****** • • • •• • .... ,. .... •• • • • • . • .. .. **** . . · . 

.. .. "' .. ... •• •• ... • "''''.'''**'''''' .. • 
**** .. **"'" • 
· ........ ****"" .. " .. · ,. ,. .... 

.. 

•• 
,. ** ,. 

• • .. 

• 

0.6 0.8 

Predicted 

• 

• • • 
••• • 

• • • • 

•• • 
• . • 

• 

• 

1.0 1.2 1.4 
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