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ABSTRACT 

The c ho ices of experim enta l des ign as we ll as o f statistica l ana lys is are o f great importance in 

fi e ld experiments. To improve prod uction and productivit y of crop yield it is important to 

employ tested and proven exper imenta l des ign. The a im o f the stud y is to eva luate the prec is io n 

of co mmonly used exper imental des igns (randomi zed co mplete block des ign, lattice des ign and 

alpha- lattice des ign) in the Ethiopian agricultural research system. Bot h fixed and linear mixed 

effect mode ls were used to compare the effi ciency of experime ntal des igns. Different variety 

trials co nducted at different locations by the Nationa l and Regio na l Agricultural Research 

Organization in 2004/05-2008/09 years (seasons) were used in this study. The results indicate 

that on average the randomized complete block design (RCBD) was more effic ient than 

complete ly rando mized des ign (CRD). For large miss ing va lues in RCBD, the use inco mplete 

block approach is more e ffi c ie nt than us ing miss ing-estimated approach. A Iso use 0 I' covariance 

ana lys is for damaged yield in RCBD increased the re lati ve effic iency of RCB D co mpared to 

CRD than the ana lys is without cova riate . The lat tice des ign was more effic ient to increase the 

prec ision o f agr icultural fie ld experi ment s than RCB D. T he re lative e ffi c iency o f a lpha latt ice 

des ign co mpared to RCB D was 101.9% a nd 102.4% for both data sets respect ively. Th is 

indicates that researchers ha ve in gcneral correctl y co ntro lled the loca l va riabilit y during 

experimentat ion. However, the cases w here blocking was not s ignifica nt ca n be attr ibuted to 

technical issues such as orientation a nd di rectio n of blocking which should be improved by 

researches in s imilar experiments. Based o n the results we co nc lude that RCBD is more efficient 

than CRD and lattice and a lpha lattice des igns are more effic ie nt than RCBD. In order to 

increase the precision of agricultural field experiments researchers are advised to use RCBD for 

small number of treatments, lattice des ign and alpha lattice desig ns fo r large number of 

treatments. 
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CHAPTER ONE 

1. INTRODUCTION 

1.1. Background of the study 

The cho ices of experimenta l design as we ll as of statistical analysis are of great importance in 

field experiments. These are necessary to be done correctl y in ord er to obta in the best 

poss ible precis ion of resu lts. The experimental design co uld be considered as the golden state 

of any experi ment due to its aim to ensure that the experimenter is ab le to detect the treatment 

effects that are of interest by us ing the avai la ble resources to obtain the best poss ible 

precis ion. The choice of design as well as the choice of stati stical anal ys is can make a huge 

difference (Leonardo Journal of Sciences, 2009). Prec is ion is the abi li ty of an experiment to 

detect a true treatment effect. It can be impro ved by increased replication, treatment selection, 

improved technique to reduce the va ri ab ili ty amon g unit s treated a li ke. increas ing the s ize of 

experimental units (within limits), the use of covariance, and the empl oyme nt of a more 

e ffici ent experimental des ign and method of analys is (L ittle and Hills. 1978). 

Design o f experiments forms the backbone of any research endeavor in the disc ipline of 

agriculture and allied sciences. Dr. MS Swaminathan in hi s message to International 

Conference on Stati stics a nd Informatics in Agricultural Research said, " It is the effecti ve use 

of the tools of stati stical des ign of experiments that paved the way for the green revolution. " 

This statement spells out the impol1ance of the subject of Design of Experiments for 

improving the qual ity of agricultural research (Parsad and Gupta, 2000). 

The foundations of the statist ical approach to experimentation were laid by R.A. Fisher III 

the early 1930s. The subject evolved in agr icu lture but is now app licab le in a lmost all 

sciences, engineering and arts. The aim of an experiment is to compare a number of 

treatments on the basis of the respo nses produced in the experimental material. The 

confidence and accuracy with which treatment differences ca n be assessed wi ll depend to a 

large extent on the size of the ex periment and o n the inherent variab ility in the experimental 

materi al. 

D es ign of experiments is an esse ntial co mponent of research in agriculture. It is throu gh the 

data co ll ected from designed experim ents that va lid inferences are drawn. In o rd er to make 

research globall y competiti ve, it is essential that so und statistical methodologies be adopted 

in the collection and ana lysis (S harma, 2000). The subj ect of design of experiments deals 

with the stat ist ical methodology needed for making inferences about the treatments effects on 

the basis of responses (uni variab le or multivariabl e) co llected through planned experiments. 
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Experimenta l des ign is also the area of statist ics concerned with designing an investigation to 

meet the study objecti ves, as well as the assumptions for sta tist ica l in ferences. 

In genera l, experi menta l design encompasses the rules and procedures used III init iat ing, 

organiz ing, and a na lyzing experime nts. Several ex perim ental des igns are be ing used in the 

agr icultural research system. Randomized complete bloc k designs have been wid ely used in 

agr icu ltura l fi eld experime nts compared to other known des igns such as the Latin square and 

fami lies of incom plete block designs. The major reaso ns for the popularity of this design are 

its computational convenience. nex ibility and effi ciency given the required assumptions that 

are fulfilled. In the pre-co mputer era these prope l1ies were hi ghly required. A review done to 

assess the type o f design used in ea rl y days sho ws the importance o f rando mized complete 

block design (RC BD) in the histo ry o f fi e ld experimentation. Most o f these stud ies show that 

the layout of these fi e ld tria ls were RC BD with or witho ut sp lit-plot. These studi es in clud e 

Cox ( 1950), Panse ( 1958), a nd Parsad and Gupta (2000) 

The majority of research tria ls in Sub-Saharan Afr ica are also planned as RC BD regardless of 

the size of experiments. Based on a survey conducted on the type of design used in fi eld trials 

in Ethiop ia, it was fou nd that about 78 percent of the designs used in breeding and agronomy 

researc h programmes is RC BD with and without split-p lot. Such designs are ol1en appl ied at 

a ll levels o f research, includ ing nursery, regio na l variety t ria l, and na tiona l vari ety tr ials. This 

resulted in squeezing a large number oflreatment combinations into a complete block, which 

led to loss of homogene ity w it hi n the block. This inva lidated assumptions fo r tests of 

hypothesis affect the analys is resu lt (G irma, 2005). 

Desp ite the effo rts mad e to develop Ethiopian agric ultu re over the years the problem of 

hunger, fami ne, and malnut ri tio n and land degradation still linger and present the greatest 

threat to the surviva l of the nation. Furthermore, de forestatio n acce lerated so il eros ion, and 

land degradat ion are now se ri ous problems in Eth iopia. As a result crop and li vestock yie lds 

a re genera ll y very low and the recurrent drought has aggravated the s itu ation. To improve 

production and productivity of c rop yie ld it is impo rtant to employ tested and proven 

experi me ntal design. By se lecting appropriate experi me nta l des igns, one wo uld increase the 

prec isio n of agricul tu ra l experim ents enabl ing the generat ion a nd disseminat ion o f 

appropriate technology. 

The common experimenta l designs a nd treatment structures being used in Ethiopian 

agricultura l research system are ra ndomized complete bloc k des ign, latt ice des ign, alpha­

lattice design, factorial experi me nts, and split-p lo t treatment st ructure (G irma, 2002 and 

Mande fro, 2005). One may as k severa l questions: why all these experime nta l des igns are 
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used? Co uld there be any confusion in their use? Are their re lati ve importance studied and 

documen ted? Which one is more appropriate in agricu ltural experiments? To answer these 

questions. assessment of thei r performance in agricu ltural experiments is irnpo r1ant. In the 

Eth iopia sce nario, howeve r. the re is no known study that documented the re lative 

pe rfo rmance o f these designs. 

The aim of th is stud y is, therefo re, to identify commonly used designs, assess thei r 

performances in Et hiopian agricultural resea rch system and provide recommendations. The 

init ia l techniqu e in the ana lys is of most experimental data is the anal ys is of var iance. Initiall y 

thi s analys is of variance techniq ue was developed fo r cons idering d ifferences between means, 

but later it came to be adapted to esti mating var iance com ponents. 

1.2 General objective of the study 

The purpose of this study is to assess and docu ment commonly used experimental designs in 

the National Agricultural Research System (NA RS) seHing, a nd eva luate their re lative 

performance. 

Specific objectives of the study are: 

>- To assess the com monly used experimental designs in Ethiopian agr icultural 

experi ments. 

To compare the e ffi c iency o f the co mmo nl y used experimental designs by Ethiopian 

Agricultural Research Organizat ion and se lecting o f the e ffici e nt designs. 

To estimate miss ing va lues and anal yze the RCB design using these estimated miss in g 

values 

>- Recomm end sui table des ign(s) fo r use in the various research sce nar ios. 

1.3 Application of the results 

• T he result of the study wil l help to identi fy the appropriate experimenta l des igns for 

fi e ld experi ments. 

• T he resu lt w ill help to improve the prec is ion of agricultural fi e ld experiments thro ugh 

design and analys is. 

• The result wi ll a lso he lp as a bas is for further studies in thi s area. 

1.4 Limitation of the study 

.:. Lack of literature in our count ry re lated to the subjects under the study . 

• :. Lack of access to suffi c ie ntl y large data sets that cover diffe rent agro-eco logy and 

over several years. 
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CHAPTER TWO 

2. LITERATURE REVIEW 

The ma in purpose o f fi e ld experiments (Hatfield, 2000) is to compare effectiveness of 

different treatments. Precision and accu racy are paramount, but valid assessment of error is 

a lso important. Yie ld is influenced by non-treatment factors, such as pests and so il fert ility. If 

ignored, th is extraneous variation leads to erroneous comparisons. Proper fi e ld des ign and 

stati stical analysis wil l help m inim ize this problem. Classical methods for controll ing 

extra neous variat ion inc lude replication, blocking, and randomizatio n. Whereas the fi rst two 

help to increase preci sion in the experime nt, the last one is used to decrease bias. Most 

agronomi c field experiments are based on the co ncepts of replication, loca l co ntrol 

(b locking) and randomization (Atkinson and Bailey, 200 I) 

Replicat ion is used fo r the purpose of increasing precision by reducing standard error and 

increases representation si nce wider area is used. Without replicat ion no estimation or 
experimental erro r is possible (Blau and Han, 2007). Whatever the so urce of the experi mental 

error, replication of the experiment steadily dec reases the error associated with the difference 

between the average resuits for two treatments, provided that precautions (such as 

ra ndomizat ion) have been taken to ensu re that one treatment is no more likel y to be favoured 

in any replicate thall ano ther, so that the errors affecting any treatment tend to cancel out as 

the number of replication increased (Cochran and Cox, 1957). Randomization ensures that no 

treatment is cons istently favoured or discriminated being placed under best or unfavourab le 

condi tions, thereby avoiding bias. Randomization a lso ensures independence among 

observations, which is a necessary co ndition for valid ity of assum ption to provide 

s ignificance tests and confidence interva ls. The use of randomizat ion has been justified in 

many ways. Its basic purpose is to remove bias from the estimatio n of treatment effects, and 

to equali ze the error overall t reatment differences (Atkinson and Bailey, 200 1). 

Randomization is often co nsidered the best protect ion and assurance aga inst mali cious 

manipulation of plot layout. Random izat ion is also bel ieved to better justify the assumption 

of normal errors (Van ES and Sellman. 2007). 

Blocking is grouping of plots into blocks of more or less uniform plots. So. plot s withi n the 

same block are homogeneous. Blocking can be used to eliminate its effect on the comparison 

among treatments a nd witho ut blocking no blocking effects is taken into co nsideration (Blau 

and Han, 2007). Some reasons for blocki ng are: 
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i) Differences among blocks could be removed from the experimental error to 

increase the precis ion oran experim ent. 

ii) Treatments are compared most under the same conditions. 

iii) It increases information from an experiment as blocks co uld be placed at diffe rent 

locations. 

The obj ecti ve of experimental des ign is to select and group the experimental material so that 

the experimental clTor in the experiment is reduced. Thu s, the experimental units on which 

the treatments are to be co mp ared should be as much alike as poss ible so that a smaller 

significa nt differe nce between two treatme nts can be detected (Milliken and Johnso n, 1992). 

Design of experim ent s had its o rig in in suppl ying layo ut p lans of experiments for compa rison 

among a number of experimental treatments in regard to so me of their responses when these 

are appl ied to a set of experimental units under certain conditions. Co nsideration of precis ion 

of such comparison led to the necessi ty of suitabl y grouping the experi menta l units and then 

al lotting the treatments to these groups (Yigrem Tefera, 2007). 

The randomized complete block (RCB) des ign is the most frequentl y used method o f 

controlling variability. The principal advantages o f RC BD (Mand efro, 2005) are: it is more 

precise tha n comp letely randomized design (CRD) when block effect is s ignifica nt, any 

nu mber of treatments and replicat ions can be inc luded, the statisti cal ana lysis is easy, and it 

prov ides information on the uniformity ufexperimcntal un its. Thi s design is one of the most 

frequently used designs as it provides a required precis ion w ith li mited cost. In this design, if 

each treatment is applied to exact ly one uni t in the block and co mparisons are only drawn 

between treatment responses from the same block, extraneous variabilit y shoul d be red uced. 

However, the size of with in block error increases with the nu mber of treatm ents in the block. 

Th is has a direct influence on the preci s ion of treatment contrast. As the size of block 

increases, variance per unit for variety contrast increases and ultimately leads to inefficient 

estimat es of prec is ion. Effecti ve control of error variance usuall y requires re lati ve ly small 

blocks (Eskridge, 2008). Alternative des igns that increase efficienc y and precis ion o f field 

tria ls by acco unting for variation are familie s of incomp lete block designs (180) wh ich 

utilize small blocks. Efficiency is the rat io, in percent, of the error var iance of the randomized 

block design to the error variance of the design being compared (S nyder, 1962). Thus, if an 

incomplete block des ign had six rep li cat ions and an effi c iency of 150 percent, nine 

repl icat io ns of randomi zed block would be needed for equal accuracy. 

Incomplete block designs ( IBD) occur as balanced or partially balanced. In balanced 

incomplete block des igns a ll pairs of treatments occur together wi thin a block the same 
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number of t imes. S ince eac h block does not contain all treatme nts. block and variety effects 

are co nfounded (Pearce, 1983). 

Incomplete b lock designs such as latti ce designs provide more prec ise estimates whe n th e 

homogene it y condition does not ho ld. Lattice des igns ( Yates, 1936) are extens ively used in 

agricultura l fi e ld experiments especia ll y for varietals trials. T hese designs are resolvable, but 

the requi rement that the number o f treatments be a complete square is a limitation. A block 

des ign is resol vab le if th e blocks can be partitioned into replicates, defined as sets of bl ocks 

wit h the property that each treatment is assigned to one unit in eac h set. 

Van Es and Sellman (2007) reported that, RCBD is the popu lar des ign for fi e ld experiments. 

Of the 41 4 agronomic fie ld experiments in USA, the majority (72%) were implemented as 

RCB designs. Completely randomized , randomized incomplete block, spl it block a nd Latin 

square designs we re rarely used. They also descri bed that the vast majority (96. 7 %) of 

agronomi c fie ld experiments co nducted by agronomists are imp lemented through RC B 

designs fo r their s implic ity a nd intuiti ve layout. 

Yates ( 193 9, 1940) has po inted the advantages of reso lvable des igns . On page 325 of his 

1940 paper he noted that 

"cases will arise in which the use of ordinal:)! randomized blocks \IIill be more eificiem than 

Ihe use of incomp lele blocks, whereas la llice designs can never be less efficien! !han ordinOlY 

randomized blocks. " 

Thi s advantage of lattice des igns is shared by a ll o ther reso lvable inco mp lete block designs. 

Yates (1 940) further stated that 

"incomplele block des igns wh ich cannol be arranged in complele replica lions are likely 10 be 

less value in agricullure Ihan ordinalY lallice designs. T7,eir grealesluse is likely 10 befound 

in dealing wilh experimenlal malerial in which Ihe block size is definilely de!ermined by Ihe 

nalure oflhe malerial. " 

In the c lass of equally rep licated designs w ith v treatments, b b locks and a common block 

size k, a balanced incomplete block (BIB) des ign whenever existent, is the most e fficient 

des ign for making tests versus contro l comparisons accord ing to variolls e ffi ciency criteria. 

But in the unrestricted class o f a ll connected des igns, the limiting effic iency ofa BIB des ign 

with respect to most effic ie nt des ign is onl y 50% for tes ts versus co ntro l com pariso ns (Parsad 

and Gupta. 2000). 

Campbe ll and Bauer (2007) repol1ed on improvin g the prec is ion of callan perform ance tria ls 

conducted on hi ghly variable so ils of the so uth-easte rn USA coastal pla in. They provided 

that on average the re lati ve e ffi ciency o f the randomized co mplete block analys is relati ve to 
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the complete ly randomized des ign was for lint weight per boll ( 146 percent) and lint yie ld 

( 11 8 percent). The re lati ve effic iency of the randomi zed complete block design relati ve to the 

compl etely randomi zed design fo r lint weight per bo ll and lint yie ld ranged from 97 to 368 

percent and 98 to 140 percent, respective ly. 

Parsad and Gupta (2000) showed that the s implest and most co mmon ly used block design 

when the treatments are at several levels of a single fa ctor by the agricu ltu ral researcher is a 

randomized comp lete block des ign (RCBO). In a RCBO every treatment appears in every 

block precisely once. A RCBO is the most effici ent design beca use there is no loss o f 

information in estimating treatment co ntrasts as well as block contrasts. However, when the 

number of treatments in experiment s increases, the bl ocks for a RCBO become large and it is 

not poss ible to mai nta in homogeneity w ithi n the blocks. This may result in large intra-b lock 

variances and large coe fficients of va riation. T o ci rcumvent this problem, recourse is made to 

incomplete block designs. An incomplete blo ck des ign is one in whic h at least one block does 

not contain all the treatm e nts. Incom plete block des igns are non-ort hogonal and the ir 

e ffi ciency factor as compared to RC BO is less than I und er the assum pti on of eq ual intra­

block variances. But th is is offset by the redu ced intra-block va ri ance in the incomplete block 

designs. Co nsequentl y, the paired comparisons are estimated more precise ly in the case of 

incom plete block des igns and he nce the coefficient of variation a lso gets reduced. 

T he randomi zed block, Latin square, and other complete block (Masood , e/ al. 2008) types of 

experime nts are inefficient for large number of treatments, because of the ir failure to 

adequately minimi ze the etTect of soil heterogeneity. Generally, the greater the heterogeneity 

with in b locks, the poorer the precis ion of var iety etTect estimat es. Inco mplete block des igns 

a re arranged in relati vely sma ll blocks that cOlllain fewe r variet ies than the tota l nu mber o f 

variet ies to be compared. Conseq uent ly, there is a ga in in precision due to use of smal l 

blocks. As far as the layout o f the experiment is concerned the incomplete block designs are 

no more diffi cult than random ized blocks. Some extra planning is in volved in draw ing up and 

randomiz ing the experimental plan. Random ized complete block design (RCBO) is 

atTordable when the block s ize contai ns small vari eties/treatments. It is a lways useful to use 

incomplete block design when the nu mber of vari et ies increases . Because of large number of 

treatments, the homogeneity amo ng experimcntal units with in a large block can not be 

maintained. As a result, estimate of experimental error is inll ated and results are low in 

prec ision. 

The usual approach through local contro l by blockin g is inefficient and a lot of research has 

been ca rried out which suggest new methods of local contro l in fi e ld experiments (G leeso n 
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and Cullis ( 1987), Cull is and Gleeso n ( 199 1), Kempton el ai. ( 1994)). Alpha des igns 

introduced by Patterson and Will iams ( 1976) are now routi ne ly used for statutory fi eld tr ials 

in the United Kingdom (Patterson and Silvey, 1980) and are widely used for breeding and 

vari eta l tri a ls in Austra lia and elsewhere . They are more fl exible tha n lattice designs and can 

accommodate any number of variet ies. 

Addit ional improvement is possib le through mode ling fie ld variability using spatia l featu res 

o f the fi e ld layo ut. It has been advocated by Wu and Dutilleu l ( 1999) that use of incomplete 

blocking is generally more effective in reducing the unexplained structured variat ion in 

compariso n with complete blocking. The adva ntage of a lpha designs is that they are easy to 

construct, and can be constru cted in cases where bala nced inco mplete block des igns and 

lattice designs do not ex ist. The early a lpha designs were aimed prim aril y at co ntroll ing 

variatio n down the colum ns o f plots in the fi e ld . Thi s is o llen adequate when pl ots are long 

and narrow. Patterson and Hu nter ( 1983) have demonstrated the value of alpha des igns In 

slich circumstances in terms of gain in efficiency. 

Masoo n el ai. (2006) compared effi c iency of alpha latt ice des ign. The resul ls ind icated that 

a lpha latt ice design improved the effici ency 8 to 9 percent as compared to RCBD. Vau ( 1997) 

reported the use of alpha latt ice design in internat iona l yield trials of different crops and 

fo und average e ffici ency 18 percent higher than the RCBD. 

Lattice des igns are an important class of incomplete block designs. Lattice des igns fo r v = k' 

treatments are also PBIB designs based o n La ti n-square assoc iat ion sc heme, where k is the 

s ize o f the block. Ba lanced latt ice designs o rig inate from a grou p of latt ice designs and are 

availab le on ly when the square root of the number of treatments or varieties is either a 

prime number or a prime power. 

Gunjaca, el a t (2005) studied the e ffi c iency of alpha lattice des igns includ ed 152 data sets in 

Croat ian variety tr ials of cereal and non-cerea l variet:' tr ia ls. They found that the max imum 

relat ive effi ciency of alpha latt ice des ign co mpared to RCBD in cereal and non-cerea l 

variet ies were 1.37 and 1.55, respective ly. Raza and Masood (2009) compared the re lative 

e ffi c iency o f the latti ce design to the RCB D o n three data sets. They found tha t for the three 

data sets alpha lattice des ign increased the precis ion o f experiments by 26%, 17% and 55%, 

respectively. 

Masood el ai. (2008) repo rted that the e ffi ciency of alpha lattice des ign and rando mized 

complete block des ign (RCBD) was compared in two research tri als conducted at the 

National Agricul tural Research Centre, Is lamabad, Pakistan on two different crop s to assess 

the effic iency of each in minimiz ing experimental error, coeffic ient of variation and error 
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mean square for yield variab le. Alpha desi gns are used fo r field trials because they provide 

better contro l on experi me nta l variabi lity among the experimental units under field 

conditions. For this purpose, two research trials on wheat and potato crops using alpha lattice 

des ign were conducted at the National Agricult ural Research Centre, Is lamabad . The resul ts 

show improvements in the precision leve l ( in term s of decline in the error mean square 

(EMS), coeffic ie nt of variation (CV) and standard error of difference). The CV ca lcu lated fo r 

wheat and potato preliminary yie ld tr ial s are 7.70 and 13.6 for alpha lattice design and 8.54 

and 16. 39 for RCBD, respecti ve ly. The MSE calcu lated fo r these tri als are 0.95 and 2.07 for 

respective ly and 1.18 and 3.0 I fo r RCBD, respective ly. The standard error of differe nce for 

alpha lattice design is 218 and 0.83 12, and 343 and 1.41 fo r RCBD. The va lue of re lat ive 

efficiency 1.24 and 1.46 indicates that the use of alpha latt ice design instead of RC BD 

increased experimenta l precis ion by 24 and 46 percent respecti vely. In the study at three s ites 

(NARC, BARI and AA RI), Idrees and Khan (2009) showed that genera l lattice design (al pha 

latt ice design) was on average more e ffi c ient than co mp lete block ana lys is in reducing the 

error mean square. Max imum average efficienc ies obtained \vere 2.23 at NARC. 3.64 at 

BA RI a nd 2.33 at AA RI. 

Alves el al. (2009) compa red the efficiency of RCBD, a lpha-design, and row-colum n design 

in ge notypic mass selection. Their result indicated greater efficiency for alpha-design and 

row-co lumn design, enab ling more prt:cise estim ates of genotypic variance. greater precision 

in the prediction of genet ic gain and conseq uently greater efficiency in ge notypic mass 

selection. 

Spring Bread Wheat Gennp lasm Improvement for Increased Yield and Yie ld Stab ility in 

West Asia a nd No rth Africa (WANA) project (2000 ) reported that to dea l wi th the highly 

var iab le experimental and envi ronmenta l conditions in WANA, effo rts were made to identify 

a nd utilize efficient experimenta l des igns. In 1999/2000 season, incomplete design and alpha­

lattice des ign were used instead of randomized block design in a ll yie ld tria ls cond ucted at 

Te l Hadya, Breda, and Terbo l stations. Results obtained from yield trial s conducted at 

International Center for Agr icu ltu ra l Research in the Dry Areas ( ICA RDA) ma in researc h 

stations revea led that the use o f a lpha-lattice des ign exhibited relati ve efficiency of 120 - 206 

% over RCB D. In both international yield trials di stributed in 2000, the usuall y used RCB D 

was rep laced by a lpha- lattice design to improve the effic iency of identifyi ng superior 

cult ivars (http://www.ica rda.cgiar.o rgl). 

Patterson and Hunter ( 1983) reported the effic iency of alpha des igns re lative to other 

incomplete block des igns. The effic iency factor is used in the selection o f a design from a 
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group of incomp lete block designs. Des ign efficiency is computed as a ratio of average 

variance of pa ir-w ise variety difference of complete block des ign to the average variance o f 

pair-wise variety d ifference for an incomplete block des igns. If the resu iting valu e is greater 

than 1.0 the latter design is more precise than the for mer. Us ing a large col lect ion o f 

experiments Patterso n and Hunter have shown that alpha designs on the average produced a 

30 percent gain in effic iency over designs which did not use inco mplete block designs. They 

a lso repol1ed that the use of generali zed lattice designs (alpha lallice designs) instead of 

co mplete block des igns in 244 cerea l variety trial s grown in UK has resulted in average 

red uction o f 30% in variances of varieta l yie ld diffe rences. The lanice designs we re most 

effecti ve when the number of varieties was more than 50 but worthwhi le reduct ions 111 

variance, averaging about 240/0 were obtained in trials wi th fewer than 20 varieties. 

Shu nm ughasu ndaram el al. (1980) co mpared a s imple lattice des ign with an augmented 

design to select sugarcane c lo nes. They found that the two designs c losely agreed on the top 

10% of the 86 sugarcane ciones under selectio n. The relative effic iency of lattice design was 

much higher tha n that of the augmented design. 

Anal ys is of covari ance is an extension of the analysis of variance techniqu e which contro ls 

the experimental error by taki ng into consideration the dependence of response variable on 

the covariate var iab les (Gharde, 2000). He also added that use of analysis of covariance 

sho uld be considered in experiments in whic h blocki ng cannot adeq uately reduce the 

experimental error. 

Parsad and Gupta (2000) compared the ana lys is of variance without us ing covariate and with 

using the covariate in RCBD. They obtained that the analys is with covar iate highl y red uced 

the error mean square and coeffic ient of variati on than analys is without covariate. 

The analysis of variance imposes some restrictions on the experimental des ign toward 

increasing accuracy . The eq ual number of replicates pe r treatment is required if a ll facto r 

leve ls have equal impol1ance, maximizing the prec ision of mean comparisons (Neter el at. 

1990). Furthermore, the F-test is re lati vely insensitive to sma il depan ures from the 

assum ption of equal sample var iances if the sample sizes are equal (Montgo mery, 199 1). 

Ke rr (2003) compared three common designs using a mixed model ana lysis of variance. 

There are numerou s appl icat ions of mixed models in designed experiments. One o f the 

simplest app licat ions is a two-way mixed model, with a contin LioLis response variable and one 

rand om effect and one fixed e ffect. 

Severa l mult iple comparison tests are ava ilable and care is required in choosing the 

appropriate o ne. But multiple-compariso n methods give more detailed informatio n about the 
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differences among the means and enable to contro l error rates for a mu lti tude of compariso ns. 

Bower ( 1998) described multip le co mparison applied to experiments with CRD and RCBD. 

The tests invol ve calculation of a range value, or va lues, via the error mean sq uare, in wh ich 

the difference between a pair of means mu st exceed for significance. 

Gomez and Gomez (1984) also describcd that pair compariso n is the s implest and most 

commonl y used co mpariso n (pla nned and unplanned pair) in agricu lt ural research. The two 

1110St commonly used test proced ures fo r pair comparisons in agri cu ltural research are the 

lea st s ignifi cant difference (LS D) test which is su ited for a planned pair compariso n, and 

Duncan's multiple range test (DMRT) which is applicab le to an unplanned pair comparison. 

The procedure for applying the DMRT is s imil ar to that for the LSD test; DMRT in vo lves the 

computation of num erical boundaries that a ll ow for the classification of the difference 

between any two treatments mean as significant or non-significant. Ho wever, unlike the LSD 

test in whi ch only a s ingle va lue is required for any pair compa rison at a prescribed level of 

significa nce, the DM RT requires co mputation of a series of va lues, each con'esponding to a 

specific set of pair compariso ns. 
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CHAPTER THREE 

3. DATA AND METHODOLOGY 

3.1. Data 

The data were yield obtai ned from preliminary bread wheat, durum wheat, maize, and potato 

tria ls. The tria ls were conducted by different Nationa l and Regiona l Agriculture Research 

Centers us ing RC BD, lattice design, alpha latti ce des ign and sp li t-plot from 2004/05 -

2008/09 years (seasons). Bread wheat variety tria l data is collected using RC BD at six 

research centers (locatio ns) in 2005/06 and 2006/07 seasons was give n the name BW99RVII 

data set. The bread wheat variety trials were arranged in a RCBD wit h four repl icat ions 

(blocks) in each locatio n o f the two seasons. In each replication 20 entries were randoml y 

assigned . Durum wheat variety tria ls data set w ith the name DW99 RVTR was co llected at 

four locations in 2004/05 , 2005/06 and 2006/07 seasons. The du rum wheat variety trial in 

DW99 RVTR data set was arranged in a RCBD wit h fou r replicat ions in each season of the 

four locat ions. The experiment s on duru lll wheat crop was laid out w ith 19 entries, 4 

re plications (blocks) consisting of 19 entries in eac h repl ication (block). 

The maize variety trial was co nducted us ing 5x5 triple lattice design ( i.e., a partia ll y balanced 

lattice des ign w ith three replications) at Melkasa, Dhera, Z iway, M ieso and Kobo National 

Agricu ltural Research Centers in 2008 /09. The expf!riment on moize crop was laid out wit h 3 

replications, 25 entri es, 5 blocks and 5 plots per b lock. Another two maize variety tria ls, 

2A3099AW and 2A3499AW, were conducted using a lpha lattice design at Awasa in the year 

2006/07. 2A3099AW was laid out with 2 rep lications, 100 ent ries, 10 blocks and 10 plots 

per block, while 2A3499A W was laid out with 2 repl ications, 8 1 entri es, 9 blocks and 9 plots 

per block. In the year 2006, split-plot experiment used for integrated disease management 

(10M) using ma in plot as fungic ide and sub-plot as six potato variet ies/clones. Th ree 

replications were used with a plot size of 12. 15 meter squares (m' ) at Je ldu, Degem and 

Wol mera locatio ns. SAS software (2008) was used for stat istica l analysis (p roc glm and proc 

mixed). 
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3.2. Methodology 

3.2.1 Introduction 

In a des igned experiment, treatments are li ke ly to be administered o n experimental units 

under the same condition. However, a difference among experimental units is inevi table to 

occur and this is ca ll ed an experiment al error (residual). This e rror is primarily the bas is for 

deciding whether an observed differe nce is real or just due to chance. In other words 

responses from each treatment are obtained from diffe rent units called replications and they 

are essential for the est im at ion of experimental error. Rep lications also help to improve 

prec ision of an experim ent by red ucing the stand ard error of a mean or of a difference 

between means. Rep li cat ion is the repetition of experiments under identical co nditions; but in 

the context of experimental designs, it refers to the number of disti nct experimenta l units 

under the same treatment (Ak inde le, 2008). Rep li cati on, with random izatio n, will provide a 

bas is for est imating the erro r va ri ance. In the absence of randomizatio n, any amount of 

repl icat ion may not lead to a true estimate of e rror. The greater the number of replica tions, 

the greater is the prec ision in the experi me nt. 

The contro l of experimental error is another aspect of experiment that needs attention. 

Intu it ively one can anticipate a n increase in treatment difference produced if there is a 

sizeable reduction in experimental error. To rea lize this, one way of controlling error is by 

blocking or putting together s imilar experime ntal units in the same group and randomly 

assigning all treatments into each block separate ly and independ entl y. The purpose of 

randomizatio n is to prevent systematic and personal biases from being introduced into the 

experi ment by the experim enter (paJ·sad and Gupta, 2000). 

The main techni que adopted for the ana lys is and in terpretation of data co llected from an 

experi ment is the anal ys is of variance tec hniqu e that essenti ally co nsists of parti tioning the 

total varia tion in an experim ent into co mponents ascribable to di fferent so urces of variation 

due to the controlled factors and error. Analysis of variance (AN OVA) clea rl y indicates a 

difference among the treatment means. 

A design for agricultural trials must provid e va lid error terms and sufficient prec is ion for the 

effects o f interest. As Drane ( 1989) states the manner in which the experiment is designed 

and executed determines what constitutes the experimental unit, the proper error tcnns in the 

ana lys is of variance, and whether replication is e ither possible or desi rabl e. Thus it is usual in 

evaluating a design to identify its experimental units which slImmarizes the randomization 

that is to be e mployed in the experim ent. 
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The designed experim ents in thi s stud y are ana lyzed by anal ys is of variance (ANOVA) with 

the foll owing two purposes . 

1. To provide a subdivision of a total var iation between the experimental units into 

separate components, each component representing a different sources of variat ion, so 

that the relative importance of the different sources can be assessed. 

2. To give estimate of the underlying variat ion between units that provides the basis for 

inference about the effects of treatments. 

This is a measure of experimental error which provides the bas is for interval estimates and 

significance tests. T he variance or, more correct ly, the mean square associated with each of 

the other sources of variation Illay be compared with the experimental error mean square. 

Thi s comparison provides an F statistic for testing the s ignificance of the diffe rence among 

means for the particular variance source. In addition, the analys is of variance provides 

information from which standard errors of means and differences may be computed, and from 

which interval esti mates may be constructed. A fund amental assumption of ANOVA is that 

there exists a sca le on which the various effects are additive (Kerr and Churchill , 2001 ). 

Another method used in this study to co mpare the performance of one design over the other 

design is relat ive efficiency. Efficiency is measured by the variances of the estimated 

treatment differences wh ich depend on the design and the within-block variation, and it is 

estim ated by the res idual mean squ are. The enic iency of one des ign of expe riment ana lys is 

over another is usual ly measured in terms of reduced error variance, expected error mean 

square, or average standard error of the d ifference between treatments means (Edme, el al. 

2007). 

In this study, the effic iency of designs are compared in different research trials co nducted at 

National and Regiona l Agricultural Research Centers to assess the efficiency of each in 

mini mi z ing experi mental error, coeffi cient of variat ion (CV) and error mean square fo r yield. 

The coefficie nt of variat ion (CV) affects the degree of precis ion with which the treatments 

a re compared and is a good index of the reliability of the experiment. It is an express ion of 

the overa ll experimenta l error as percentage of the overa ll mean; thus, the higher the CV 

value, the lower is the reliability of the experiment. 
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3.2.2 The common experimental designs and treatment structures 

The common experin1ental designs and treatment structu res being used In Ethiopian 

agricultural research system are randomized complete block des ign, lattice design, alpha­

latt ice des ign, factoria l experi me nts, and spli t-p lot treatment structure (Ginna, 2002 and 

Mandefro, 2005). Due to lack of data on it, these factorial experime nts were not cons idered in 

this stud y. 

3.2.2.1 Randomized Complete Block Designs 

The most basic type of statisti ca l design for making inferences about treatment means is the 

completely randomized des ign (CRD), where a ll treat ments und er investi gation are randoml y 

allocated to the experim enta l units. The CRD is appropriate for testing the eq uality of 

treatment effects when the experimental units are relati ve by homo geneous with respect to 

the response variab le. When the experimental unit s are heterogeneous, the not ion of blocking 

is used to control the extraneous so urces of variabi lit y. 

Randomized comp lete block design (RCBD) is one of the most wid e ly used experimental 

designs in agricultural research. RCB D is the s imp lest and most commonly used block design 

when the treatments are the several leve ls of a factor and also it is the most efficient design 

because there is no loss of information in estimating treatment contrasts as well as bloc k 

contrasts (PaI'sad and Gu pta, 2000). A randomized comp lete block design is a restricted 

randomization design in which the experimental un its are first sorted into homogeneous 

groups, called blocks, and the treatments are then assigned at random within blocks. The 

major reason for grouping plots (experim ental units) into uniform blocks is to reduce plot-to­

plot var iat ion and to improve the precision of the experiment. Failu re to adeq uately b lock a 

field can result in unacceptably large error variance and/or biased estimates of treatment 

effects (Eskr idge, 2008). 

Blocking is an effective method for improving the efficiency of an experiment by el iminating 

systemat ic vari at ions due to non homoge neities of experime ntal units. The primary purpose 

of blocking is to reduce expe rimental error by elim inating the contribution of kno wn sources 

of vari ation among experi mental unit s. Thi s is done by grouping the experimental un its into 

blocks such that variability within block is minimized and variabilit y am ong blocks is 

maximized. At all stages during the experiment, th e techniques applied within a block shou ld 

be as unifo rll1 as poss ible, thus keeping experimental error within blocks as sma ll as possible. 

Differences between blocks are permitted to be large, but are not o f major conce rn in the 

ana lysis since the comparisons of treatments and the computation of experimental error is 
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done within blocks. Blocking will be effective on ly if the erro r variance among un its wi thin 

blocks is sma ller than the error variance over all uni ts. After the experimenta l units have been 

blocked, treatments are then ra ndomly assigned to the units withi n the blocks. The 

rand omization process for a RCB D is app lied separate ly a nd independently to each of the 

blocks. A separate rando mization is used in each block and every treatment appears in every 

block precisely once. In comp lete block design, each block consists of one complete 

replicatio n of the set of treatment. 

Blocki ng strat ifies experimental units into homogenous groups. and in rie ld trials, plots are 

normall y blocked according to thei r proxim ity to each other. Bl ocking will increase treatment 

prec ision only if plots are blocked according to one or more varying externa l factors . If an 

experime nta l area is homogenous, blocki ng may actua ll y decrease the prec ision of esti mating 

treatment effects. This resuits from a larger means square error (MSE) te rm in the ANOVA 

since error degrees of freedo m are reduced without a comparab le reduction in error sum of 

squares (SSE). In this situat ion, a completely randomized des ign (C RD) wou ld more 

prec ise ly estimate treatment e ffects than a RCBD (Karcher el ai, 2003). 

The statist ica l model for RCBD is 

Yj j = f1. + ai + (3j + <ii' i = 1,2, ... ,a; j = 1,2, ... ,b [1] 

I V' h ,," b .. I .,,, bl k W lcre Ilj IS tel 0 scrvatlon 111 t lC j oc , is an overall mean, ai is the effect of the 

i''' treatment, Pj is the effect of /11 block, and Eij is a random erro r component. 

Assum pt ions: 

• and a ,are fixed parameters 

• (3) may be is fixed or random effects. 

• Eij is distributed normally and independently with mean 0 and 0
2

; that is, Ei l' is 

d ist ributed iid NCO , "'). 

The RCBD ana lys is of va riance wit h 1 number of treatments, r replicatio ns and b number of 

bl ocks is given as fo llow: 

Tab le I : Analys is of Variance fo r a RCB D 

Source of Degree of Sum of Mean Square 
variat ion Freedo m (Df) Squ are(SS} I (MS)' 
Treatment t - I SSTrealmenl MSTrealmcm 

Block b- I SSOlo" MSBlock 

Error I (t- I)(b-I) SSError MS Error 

Total tb- I SSTOIal 
·1 he MS for each source 0 1 vanatlOn IS obtamed by dl vldmg each SS by Its corrcspondl11g DI. 
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In this study, treatment effects are assumed to be fi xed and block effects are assumed to be 

fixed or random accordingly. The interact ion betwee n treatment and block were found to be 

insignificant. Hence, in ollr anal ys is we haven't included the interaction effect. 

A meas ure of relat ive efficiency was computed by comparing the error mean square for the 

RCBD re lati ve to that of a CRD. To calculate the relative e ffi cie ncy of the RCB desion the o , 

RCB error mean sq uare was d ivided by the CRD error mean square. The error mean square 

was estimated fo r a CRD follow in g the model 

(b - 1)MSblock + r eb - 1)MSERCBD 
MSEcRD = b (2) 

t - 1 

where MSblock and MSE RCBD are the block and error mean squares of RCB D and t, b, and r 

are the number of treatments, blocks, and replicatio ns, respective ly. Karcher el at (2003) 

reported the re lative efficiency value less than I indicates that a CRD is a more efficient 

design, whil e values c lose to I suggest that the two des igns yield similar results. Va lu es 

greater than I suggest that the RCBD is more e fficient design than CRD. Each esti mated 

re lative effic iency va lu e represents the multiple of replications needed in a CRD to achieve 

the same leve l precis ion in estimating treatment effects as in the RCBD. 

3.2.2.2 Missing observations in RCBD 

When using the ReBD. so metimes an observation in one of the blocks might be miss ing. 

Thi s Illay happen becau se of carelessness or error or for reaso ns beyond our control slich as 

unavo idabl e damage to experimental units by rodent, water losing, etc. A miss ing observation 

introduces a new problem into the analys is since treatments are no longer orthogonal to 

blocks; that is, every treatment does not occur in every block. In thi s case we consider two 

methods of analysis when some of the data are missing in RCBD. The first method is 

estimating the mi ss ing va lu e and the analysis of variance is then carri ed out as lIsual except 

that one degree of freedom is subtracted from the total sum square and the e rror sum square. 

Wit h a s ingle miss ing unit, the first step is to calculate a value for the unit as 

~ ryi. + tyj - Y. 
Yij = (r-1)(t-1) (3) 

w here Yij is estimate of the miss ing observation, Yi. is the Slim of the remaining va lu es in the 

block wi th the miss ing observation, Yj is the Slim of the remaining observations on the 

treatment with the mi ss ing val ue, and Y .. is the grand tota l of all avai lable observations; rand t 

are the numbe rs of replicates and treatment s respectivel y. 

Whe n there are several miss ing values. for unit s a, b, c, d, ... , we first ass ign initial va lues fo r 

b, c, d, . .. , and use formula [3 'j to find an approximation for a. The most commonly used 
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init ial value for each mi ss in g observation is the average of its marginal means (Go mez and 

Gomez, 1984): 

(4) 

where Yii is the initial va lue of the it" treatment and the jth replicat io n, t; is the mean of all 

observed va lues of ith treatment, and bj is the mean of all observed values of the jt" 

replicatio n. With this approximated va lue and the values previously assumed for C, d, ... , we 

aga in use formu la to insert an app roxim at ion for b. After a co mp lete cyc le of these 

operations, a second approximation is found for a and so on until the new approximat ions are 

not materially different from those fo und previously. The analysis of vari ance is the n 

comp leted fo r each missing unit; m degree of freedom is subtracted from the total and error 

sum of squa res. where m is the total number of miss ing va lues. The standard error o f the 

mean difference (sa) between non-missing var ieties. mi ss ing and non-missing variet ies. and 

miss ing var ieties estimated as (Go mez and Gomez, 1984): 

Sa J 2
r
S

2 
, between non-mi ss ing varieties [5] 

Sa 2 [2 + t ] 
S ;: r(r- l )(t- l ) 

between miss ing and non-mi ss ing varieties [6] 

Sa = S2 - +-( 
1 1 ) 

TfA rIa ' 
between missing varieties [7] 

where S2 is the error mean square, r is the number of rep lications, is the number of 

treatments, r'A and r' 8 are the effect numbers of rep lications ass igned to treatments A and B. 

For a treatment to be compared, say treatment A, a replicat ion is counted as 1 if it has data for 

both treatments, as ~ if it has data for treatment A but not treatment B, and as 0 if it does not 
2 

have data for treatment A. The second method is to assume incomplete block des ign and 

usi ng incomplete blocks analysi s. This is do ne by using uneq ual observatio ns in each block. 

3.2.2.3 Lattice Designs 

Latti ce des igns are an importanl class of inco mplete block designs, origina ll y introduced by 

Yates ( 1936). Latt ice des igns are the most co mmonl y used in agri cultural research. Lattice 

designs are frequently used in s ituations where there are a large number of treatment 

combinat ions . Latt ice designs facili tate the co mparison ofa large num ber of treatments which 

are assigned to incomplete blocks within repl ications. In lattice des igns the number of 
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treatments must be an exact square. The number of units in each block is the square root of 

the num ber treatments. Lattice designs used for single-factor experiments having a large 

number of treatments and reasonab ly small block size are maintained to ensure that each 

block does not lose its homogeneity due to the large size. And also each block does not 

cOlllain all treatments. The two most commo nly used lattice designs are: 

I. Balanced lall ice 

II. Partially ba lanced lattice 

3.2.2.3.1 Ba lanced Lattice 

In balanced lan ice des ign, the number o f treatm ents must be a perfect square and the block 

s ize is equal to the square root of the number of treatments. The number of replications in 

balanced lallice design is one more than the block size. Incomp lete blocks are co mbined in 

groups to form separate rep licat ion. The spec ial feature of the ba lanced lattice, as 

distingui shed from other lattices, is that every pair of treatments occurs once in the same 

incomplete block. Consequently, all pairs of treatments are compared with the same degree of 

freedom. However, if there are b blocks, there must be b+ I replications to achieve balance. 

This restriction in the nu mber of replications and treatments makes the design less practical in 

terms of resources. 

3.2.2.3.2 Partially Balanced Lattice 

The number of replications requ ired fo r balanced lattice becomes vcry large as the number of 

treatments increases. For this reason it is not usually practical to use balanced lattices for 

blocks with more than about seven units per block. In the interest of economy. then. the 

sc ientist is forced to accept a partially balanced design with fewer replicat ions than would be 

requ ired fo r full balance. 

In partia ll y balanced lan ice des igns. the number of replications is not restricted, but the 

nu mber o f treat ment must be a perfect square and the block size is equal to the sq uare root of 

the number of treatments. However, not all treatments occu r together in the same block. This 

leads to differences in precision w ith w hich some comparisons are made relative to other 

compariso ns. The names of the sub categories of partially bala nced lanice design fo llow the 

number of replications. For examp le, the ba lanced latt ice with two rep lications is ca lled 

simp le lall ice, w ith three replication triple lattice, with four rep lications quadruple latt ice and 

so on. The pattern of statistical analys is is the same for s im ple, triple, and quadrup le lanices. 

The partiall y ba lanced lattice is mo re efficient than RCBD in genera l, but is inflexible in the 

number of entries it can handle and has more restrictions on fi e ld layo ut; these aspects 
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prevent it from being used more wide ly (Yau, 1997). Lattice design analys is of variance with 

,. replicat ions, k block s ize and f = i! number o f treatments is given in Table 2. 

Tabl e 2: Ana lys is of Variance lo r a Lattice Design 

Source of Degree of Sum ofSquare(SS) Mean Square 
variation Freedo m (Df) (MS) 
Rep lication r-I Rep lication SS Replicat ion MS 
Block (adj.) r(k-I) Block (adj.) SS Block (adj.) MS 
Treatment k' -I Treatment (unadj.) SS Treatment 
(unadj.) (unadj .) MS 
Intrablock error (k-I )(rk-k- I) Intrablock error SS Intrab lock error 

MS 
Treatment (adj.) k' - I Treatment (adj.) SS Treatment (adj.) 

MS 
Total rk' -I Total SS , .. I he MS for each source ofVar1<itlOll IS obl,lIned by dlvldmg each S5 by Its corres ponding Dr. 

The intrablock error SS is estimated as : 
In trab lock e rror SS = Total SS - Replicatio n SS - Treatment (unadj.) SS - Block (adj.) 

The efficiency of the partiall y ba lanced latt ice design relative to a comparab le RC BD is 

com puted as (Gomez and Gomez, 1984): 

= [BIOCk(adj . )SS + l11 trab lock en'or SS] [ 100 1 
R. E. " (k -1) + (k - l)(rk - k - 1) EMS 

[8] 

where SS= Slim of square, EMS= Error mean square, r is number of repli cations and k is the 

block size. 

3.2.2.4 Alp ha-Lattice Designs 

The basic feat ure of alpha- lattice is the same as other lattice designs except that the number 

of blocks wi thin rep lication and the nu mber of treatments within block are not the same. That 

means it bridges the gap between RCB D and latt ice designs. That is it has an additional 

featu re in that the number of treatments shou ld not necessaril y be a perfect square. The 

development of alpha-lattice des igns removed the restrictions on the num ber of treat ments to 

be considered and its re lation with block s ize required for lanice des igns. An alpha-latt ice 

design analysi s of va riance with f num ber of treat ments, b number of blocks withi n 

rep lication, and,. number replications is g iven the following Table 3. 
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Tab le 3: Analys is of Variance fo r an Alpha- lattice Design 

Sou rce of Degree of Su m ofSquare(SS) Mean Square (MS) * 
variation Freedom (D f) 
Replicat ion r-I Rep lication SS Rep lication MS 
Block( repl ication) rb-r B lock( rep I ication) B lock( replication) 

SS MS 
Treatment (adj. ) t -I Treatment (adj .) SS Treatment (adi .) MS 
Error 11-rb-t + I Error SS Error MS 
Total rt-I Total SS 

• The MS for each source orv3n allOn IS obta1l1cd by dl vlchng each SS by lIs correspondi ng Of. 

The relative effic ie ncy (R.E .) of an alpha latt ice desi gn com pared with a RCBD is est imated 

(Masood el 01.,2008) as: 

Erro r Mean Square in ReBD 
R. E. = x 100 

Error MeaJ1 Square in Alpha lattice Des ign 
[9] 

3.2.2.5 Split-plot trelllm ent s tructure 

In two-facto r experiments where it is des ired to favor one factor over the other or where 

practica l s ituation dictates application o f one fac tor on larger plots, the split-p lot treatment 

stnlcture is used. Sp lit-plot treatment structure is an experime ntal design in whi c h the le vel of 

one facto r co uld be applied to larger plots whil e the leve ls of another factor are appl ied to 

smalier plots. The leve ls of a specified factor are ass igned to larger plots at random that are 

grouped into blocks. The larger plots are divided into smalier plots within the larger plots. 

The larger plots are called main-pl ots or who le-plo ts, while the smaller units are call ed sub­

plots. 

In split-plo t treatment structure with two factors, randomizat ion is done at two leve ls 

independentl y, one for the leve ls of the factor to be assigned in the main-p lots and the o ther 

one for the sub-p lo ts. The levels of the mai n-p lot factor are randomly assigned to the main­

plots wi thin the blocks using separate randomi zati on for each block. The leve ls of the split­

pl ot factor are randoml y ass igned to the sub-plots withi n the main-plots us in g a separate 

randomization in each main-plol. 

The main-p lot factor effects are estimated from the large units, whi le the sub-plot factor 

e ffects and the interaction of the sub-plot factor with the main-plot are estimated fro m the 

sub-plots. There are two experimenta l e rrors, one co ming fi'om the main-plot and the other 

one from the sub-plot, as they differ in size. 
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The anal ysis of variance for split-plot treatment structural invo lves two steps. The first step 

is mai n-p lot anal ys is and the seco nd step is the sub-plot analys is. In the anal ys is of variance 

the main plot factor has to be tested against the interaction main plot factor x repl ication (the 

ma in plot error), whereas the sub-plot factor is tested aga inst the residual. Because the main 

plot factor is tes ted with less preci s ion a nd with on ly a low number o f degrees of freedom for 

the e rro r term , usuall y only large differences become significant. Let A denote the main plot 

factor and B, the subplot factor with a as the nu mber of main pl ot treatm ents, b as the number 

of sub-plot treatments, and r as the number of rep lications. The ana lys is of variance for split­

plot treatment structure is given as follows: 

Table 4: Ana lys is of Variance fo r Spl it-p lot 

Source of Degree of Sum ofSquare(SS) Mean Sq uare (MS) * 
var iation Freedom (Of) 
Replication r-I Replication SS Rep lication MS 
Mainplot{ Al a- I Main plot (A) SS Mainp lotJ A) MS 
Error (main plot) (r-I )(a- I) Error (main plot) Error (main plot) 

SS MS 
Sub-p lot (B) b-I Sub-plot (B) SS Sub-plot (B) SS 
AxB (a- I )(b-I) AxB SS Ax B MS 
Error (sub-p lot) a(r-I )(b- I) Error (sub-p lot) SS Error (sub-plot) MS 
Total rab- I Total SS 

• rhe MS for each source of va natIOn IS obtamcd by dlv ld mg each SS by lI s corresponding IX 

3.2.3 Fixed Effects Linear Model 

Fi xed e ffects are those facto rs whose level s (or values) are selected by a non random process 

or whose leve ls consist of the entire popu lation of possible leve ls. That is. fi xed effects ar ise 

when the levels of effect constitute the entire population in vi hich researchers are interested. 

All le vel s o f interest are in the data sel. Thu s. a fixed effec ts linear model is a model 

conta ining only fixed e ffects. The fixed effects models inferences are not about any 

hypothes ized popu lation of stud ies, but abou t the particu lar collection of studies that is 

observed. 

The fixed e ffect linear model in matrix fo rm is written as 

(10) 

where y denotes the vector of observed data, X is a known matrix assoc iated with the fi xed 

effects, P is the unknown fi xed-effects parameter vector, and £ is the random error vecto r of 

independent and identicall y distributed w ith mean vector 0 and variance-covariance I11trix 

,, ' I ( I is the id ent ity matrix). As a resuit the variance of y is 

VarCy) = (1 ' [ . [11 ) 
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3.2.4 Linear Mixed Effects Model 

M ixed mode ls are mode ls in which so me factors are fi xed effects and other factors are 

random effects. Random effects are those factors whose leve ls consist of a rand om sample of 

level s from a popul ation of possib le leve ls. Linear m ixed effects model is an important 

method of statistica l analysis, whi ch can realize the fitting of linear mixed effects model for 

data that obey the normal distribution. This model can be app lied to balanced and unba lanced 

des igns. 

A linear mixed effects model can be expressed in matrix notat ion as 

y=XP+Zy + E [1 2] 

where, y represents an nxl vector of observed data, P is an unknown pXI vecto r of fi xed 

effects parameters with a known n xp design matrix X, Z is a known J1 xq design matrix, y is 

an unknown q x I vecto r of random-effects parameters that is no rma lly distributed with mean 

o and variance-covariance matrix G, and E is an 11 x I random error vector which normall y 

d istributed with mean 0 and variance-covariance matr ix R . The name mixed model comes 

from the fact that the model contains both fi xed-effects vector of parameters P, and random­

elfects vector of parameters y. It is generall y assumed that y and E have independent 

multivariate no rmal distributions with mean veclor 0 and covariance matrices G and R. 

Therefore, the variance ofy in the mixed effects model is 

V = ZGZ' +R 

3.2.4.1 Estimation Methods in Linear Mixed effects Model 

The common estimat ion methods in linear mixed model are Analys is of Variance (AN OVA), 

Maximum Likelihood (ML) and Restricted Maximum Likelihood ( REML). T he var iance 

components in the linear mi xed effects model may be estimated by ML or REML. ML 

esti mates do not take into account the est imation of fixed effects and so are biased downward. 

REML estimation corrects for the presence of these nuisance parameters by maxim izi ng the 

like lihood of li nearl y independent error contrasts to o btain unbiased es timates (Morrell , 

1998). 

3.2.4. 1.1 Analysis o f Varia nce 

ANOYA is a technique for ana lyz in g experimenta l data in whi c h one or more response 

variab les a re measured under various conditions identified by one or more classification 

variab les. The ana lys is of va riance has proved useful in the statis tical ana lysis of experiments 
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in the est imation of components of variation, in the estim ation of the variance of estimates of 

treatment co mparisons, and in mak ing tests of signi fi cance. 

The assumptions requ ired fo r ANOV A are 

.:. Norma ll y d istributed data ( i.e., experimental errors are normall y d istri buted) . 

• :. Independence of errors. 

3.2.4.1.2 Maximum Likelihood 

Maximum likelihood is an estimat io n procedure of findin g the va lue of the vector o f 

parameters which maxi mize the likel ihood fu nction fo r a give n data set. That is, the method 

is based on max imi zing the like lihood fu nction. 

The like lihood fu nction is 

[13] 

Maxim izing L wi th respect to e lements o f Il and the variance compo nents (t he ais that occ ur 

in V) leads to equations that have to be solved to yield M L est imators of Il and of a 2 . 

Max imi zin g L can be achieved by maximizing the logarithm of L of [1 3], which shall be 

denoted by: 

11 , 
I = log L = -- N log Zrr - -IVI - - (y - XIl),V- 1 (y - XP) 

2 2 2 
[1 4] 

To maximize ) with respect to Il and oi, d ifferentiate r 14] with respect to Il and ahhe n eq uate 

to zero and so lve the resulting equations for Il and the ais. 
These equations can be written in a variety of ways and can be so lved iterat ive ly. Despite the 

numeri ca l diffi culties invol ved in so lving these equations fo r obta ini ng M L est imators of 

var ia nce components, it is preferred over ANOVA method. 

3.2.4.1.3 Restricted Maximum Likelihood 

REML is a popular method of estim ation for variance parameters in linear mixed models 

( Kni ght, 2008). The REM L is a procedure appli es th e ML to the linearly transfo rm ed 

response data vector. The transformati on is done in such a way that li near ly trans fo rm ed data 

vector contai ns none of the fi xed e ffects . In REML: 

i) The variance compo nents are estimated without being affected by fixed effects. 

ii ) The degrees o f freedo m fo r fixed effects are taken into account impli citl y, 

whereas w ith ML they are not. 

ii i) R£M L does not fixed effects. 
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The REM L estimat io n procedure does not, however, include estimating p. On the other hand 

the REML estimat io ns wit h balanced data provide so lutions that are identical to ANOVA 

estimators w hich are unbiased and have attract ive minimum variance properties. In this sense 

REML is sa id to take account o f the degrees of freedom invol ved in est imating the fixed 

effects. whereas M L estimat ors do not. REM L is the preferred and most com mon method of 

estim ation fo r va riance parameters in linear mixed models as it corrects for the bias in M L 

estimatio n by acco unting for the loss of degrees of freedom attribu tab le to est imation of the 

fixed e ffects (Kn ight, 2008) . 

Genera ll y, the fi xed and mixed ANOVA mode ls have id enti ca l sums of squares, but they 

differ in the expected mean squares and the choice of the appropriate stati stica l tes t. Fo r the 

fixed model, the error mean square is an appropriate term fo r test ing hypotheses about any 

source of vari ati on, but for the mixed model the choi ce of a suitable error term is more 

d ifficul t pa.1i cu lar ly whe n main effects are tested. Random effects ANOVAs are 

di stingui shed from fi xed effects ANOVAs by w hic h erro r mean squares are used as the 

denominator for F-tests. Under a fixed effects model, there is o nl y o ne true error term in the 

model, and the correspondin g mean squ are is used as the denominator for all tests. 

3.2.5 Analysis of covariance 

It is we ll known that in des igned experimen ts the ab ility to detect ex isting differences among 

treatments increases as the size o f experiment al error decreases. A good experiment atte mpts 

to incorporate all poss ible means of minimiz ing the experimenta l e rror. Besides proper 

experi mentation, a proper data analysis also helps in controlling experimental error. In 

si tuat ions where blocking alone may not be ab le to achieve adequate control of experimental 

erro r, proper cho ice of data ana lys is may he lp a great dea l. By measuring one or more 

covari ates, the characters w hose functi ona l relationships to the character of primary interest 

are known and the analys is of covariance ca n reduce the variabilit y among experimental units 

by adj usting the ir va lues to a conunon valu e of the covariates. Experiments may be planned 

very we ll ini tia lly by taking all poss ib le local controls into co ns id eration. But, unfo reseen 

circumstances may occur afte r the trial , and some experimenta l units may be affected by 

rodents, water lodgi ng, pests, etc. Th us, experi ments can be modifi ed during data ana lys is 

without al tering the initial design so that envi ronmental influences are eliminated from the 

estimates of the treatment e ffects (Girma, 2002) . 

We have to recognize that an ini tial measurement x that cou ld be made on each experimental 

un it might be strongly co rrelated with the yie ld variable y. The accuracy of the experim ent 
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can thus be improved by adjusting the value of the y variable by the init ial variable x; often 

referred as a co ncomi tant vari ab le or covari ate. Covariance analysis should be co nsidered in 

experiments in whi ch blocking could not adequately reduce experimental error (Mandefro, 

2005). This is true because block ing is done before the start of the experiment; it ca n be used 

only to cope with sources of variatio n that are known or predi ctable. The ident ifi cation of 

covariates is an impOJ1ant task in the application of covari ance anal ys is. Ass igni ng the 

covariates is highl y determi ned by the pu rpose for wh ich the covari ance techniqu e is applied. 

Most of time analys is of covariance is used in CRD, RCBD and sp lit-plot experiment 

(Go mez and Gomez, 1984). In thi s study we co nsidered ana lys is of covariance for RCBD. 

The mode l for the analys is o f covaria nce fo r two-way class ified data with k treatments in r 

blocks of the randomized block design (Das and Giri, 1986) is 

[15] 

where y'J is the observation corresponding to the i'" treat ment in the jth block; i = 1,2, .... k. j 

= 1,2 ..... r; is the fixed effect of ge nera l mean; t, is the fixed effect of i'" treatment ; bJ is the 

fixed effect of /1 block; XIJ is the observation on the covari ate corresponding to YIJ; b is the 

regression coeffic ient of y on x; el/s are the e rror co mponent s which are assumed to be 

independently and identica ll y distributed with zero mean and a constant variance (J'. 

Covariance analys is is essentially an extension of the ana lys is of variance and hence, all the 
assumptions for a valid analys is of variance apply here as well. In additio n, covariance 
analysis req ui res that: 

./ The relationship between the primary character of interest y and the covariate x is 

linear 

./ The strength of the relation between y and x remains the same in each experimental 

group 

./ The treatment and covariate are independent. 

3.2,6 Testing of hypotheses 

The testi ng of hypotheses co ncerni ng the fixed and random effects in a genera l ba lanced 

mixed model is fai rly simple. Under the assum ptions of normality the Stllns of squares in the 

anal ys is of vari ance table are independentl y distributed as scalar mult iples of either central or 

non-central chi-squ ared variet ies. On thi s basis. tests of hypotheses are usuall y carri ed ou t by 

using appropriate ratios of mean squares as F-statistics. The hypothes is that the treatments 

ha ve equal effects is tested by F-test where F is the ratio of mean squ are treatm ent to mean 

square erro r (MST/MSE). 
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In testing of hypothesis we co ns ider treatment efTects and treatment var iat ions. In fixed 

efTects, our interest is to test whether all the treatment s have the same efTects o r not. 

The null hypothesis is, Ho: T = To 

Alternati ve hypothes is is, H, : T * To . 

The second one is, in random effects oll r interest is to test whether there are treatment 

variations or not. That is, 

Ho: ai2 = 0 

H, a;' * O. 

3.2.7 Model Diagnostics 

The interpretation of data based o n analysis of variance o f fixed and mixed efTects models is 

va lid on ly when the assumptions are sat isfied. As a resuit , it is necessary to detect the 

deviations and apply the appropriate remedial measures. 

3.2.7.1 The Norma li ty Assumption 

T he assum ption of normality implies that the distribution of the variab le to be analyzed by 

ANOYA is normal in the population from which units are sampled. Shapiro-Wilk test and 

Kolmogorov-Smirnov test are the forma l tests of normality. Since the Kolmogorov-Sm irnov 

test is appropriate for onl y large data (sample), Shap iro- Wilk test is used in this study. The 

Shapiro- Wi lk test has been adapted in SAS to test for normality in sample sizes up to 2000 

(Hettasc h, 2009). The null-hypothes is of the Shapi ro- Wilk test is that the residuals are 

normall y distributed, therefore p-values that are larger than 0.05 indicate that val ues are 

normall y distributed at the 5% level of significance. If the test is s ign ificant, the assumption 

of normality is violated. In this case, transfo rming the data will frequently correct the 

problem. 

Also, the s implest check for normality involves plott ing the empirical quantiles of the 

res idu als agai nst the expected quanti les. Thi s is known as the normal QQ- pl ot. Thu s, QQ­

plots are useful for d iagnos ing violations of the norma li ty assumption. In this met hod, 

observed value and expected va lue are plotted on a graph. If the scatter plots deviate from a 

straight line, then the data a re not normall y di stributed. 
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CHAPTER FOUR 

4. STATISTICAL DATA ANALYSIS AND RESULTS 

4. 1 Tes tin g for Normality assumption 

The normality of data was tested us ing the Shap iro- Wi Iks test and by QQ-p lots (Appendix I 

and If). Using the res ults in (Appendix!) Tab les 18 to 2 1, we perfo rm the test o f nonn ality to 

assess whether the Shapiro-W ilks test o f norm ality d istr ibution of crop variety was 

s igni fi ca nt o r not. We want to test the null hypothes is which states that the crop variety is 

normally d istributed agai nst the a lternat ive that the crop variety is not norma ll y d istribu ted at 

5% leve l of significance. If we were to reject the nu ll hypothes is based on the s ignifi cance of 

the Shapiro- Wilks statistic, we would co ncl ude that crop variety is not no rmall y di stri buted 

and we wou ld transform the data . If we fail to reject the nu ll hypothes is, we conclude that the 

assumptio n ho lds. 

For RCBD, the durum wheat variety of a ll locat ions of 2005 /06 and 2006/07 seasons, the 

computed va lues of the Shapiro- Wilks stat ist ic are not s ignificant (p>0 .05) and as a result the 

normality ass umption o f durul11 wheat var iety is satisfi ed (Tab le 18). Also, the com puted 

va lues of the Shapi ro-Wi lks stati stic of du rum wheat variety in a ll locations of DW99RVTR 

data set were not signifi ca nt at 0.05 signi fica nce level. These showed that durum wheat 

variety was no rmall y d ist ri buted (Tab le 19). Thlls for RC BD the no rmal ity assumpt io n in all 

data sets of durll m wheat varieties were sati sfied. The norma lity assumption o f the a na lys is of 

covariance was sati sfied (p>0.05). Also the covari ate and treatment effects we re independent 

and the regress io n s lope (b) is equal to -9 .572. 

Fro m Table 20 we can see that the computed va lues of the Shapiro-Wilk statistic of ma ize 

variety in all locations o f latti ce design are not significant (p>0 .05). As a result the maize 

variety tr ia l in the National Agricultural Research aenters of Me lkasa, Dhera, Z iway, Mieso 

and Kobo are no rma ll y d istributed. In alpha- latt ice design of the both data sets the no rma li ty 

assumption was satisfied (Table 20). In spl it-p lot ana lys is of the potato varieti es for Je ldu, 

Dege m and Wo lmer s ites the normal ity assumptions were a lso satis fi ed Crable 2 1). 

4.2 Analysis of the Linea r Fixed Effects Model 

In linear fixed effects mode l analysis both treatment and block (replicat ion) were fi xed and 

there is no in teraction between treatments and blocks. The C RD and RC BD e rro r variances 

(error mean squ ares), and latti ce des ign and alpha lattice design error e ffecti ve var iance were 

calculated lo r each location a nd seaso n of the da ta sets. To co mpare the perfo rmance of the 

des igns, re lati ve precision ra tios of the C RD to RC BD. RC BD to latt ice des ign and RC BD to 
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a lpha Ian ice design were determined . These were calculated by dividi ng CR D error variance 

by the RCBD erro r variance and RCBD erro r va riance by the alpha lattice effecti ve error 

variance . The re lati ve precis ion ratio of the lattice design to RCBD was calculated by Proc 

lattice using SAS sot1ware. 

4.2.1 Randomized Complete Block Design Analysis 

As can be seen in Tab le 5 below, the bread wheat variety and block effects are s ignificant (p 

<0 .05) in a ll locat ions (location one to s ix). The relative e ffici ency of RCBD to CRD in 

location 1,2,3,4,5 and 6 were 1.78, 1. 17, 1.26, 1.44, 1.17, and 1.53, respect ive ly Crable 5). 

Table 5: ANOVA ofR CB D for Bread Wheat Variety in 2005/06 ofBW99RVil data set 

Locat ion Sou rce Df SS MS F value Pr>F RE 

Block 3 605.578 201.859 20.570 0.000* 
I 1.78 

treatment 19 775 .587 40.820 4.160 0.000* 

Block 3 287.227 95.742 4.560 0.006* 
2 I. 17 

treatment 19 1203.787 63.35 7 3.010 0.000* 

Block 3 374.249 9 1.416 6.790 0.001 * 
3 1.26 

treatment 19 8 13.212 42 .801 3.180 0.000* 

Block 3 740.574 246.858 11.610 0.000* 
4 1.44 

treatment 19 1020.225 53.696 2.530 0.004* 

Block 3 669.703 223 .234 4. 350 0.008* 
5 1.1 7 

treatment 19 3 182.410 167.495 3.270 0.000* 

Block 3 749 .554 249.85 1 13.980 0.000* 
6 1. 53 

treatment 19 1465.307 77. 12 1 4.320 0.000* 

•. slgmlicant (p<O.OS) dr: Degree of freedom SS- sum of square MS- mean of square RE- relative efllCICnC) 

The results in Tab le 5 indicate that the use of the RCBD instead o f a CRD in the s ix locatio ns 

of B W99RVII data set increased experimental precision by 78 , 17,26, 44 , 17, and 53 percent, 

respect ive ly. Thi s means, in all of the six locat ions we would have required approximate ly 

about two times as many repli cates with CRD to obtain the same efficiency as is obta ined by 

RCBD. 

From Table 6 we can see that bread wheat variety e ffects were s ignificant in locations 1,3 , 4, 

and 5 and insignificant in locat ions 2 and 6. The block efTects was s ignifi cant (p<0.05) in 

locatio ns I and 5. In locations I and 5 the re lative effic iency of RCBD to CRD is 1.53 and 

1.12, respectivel y. Thi s sho ws that the use of RCBD increased experimenta l prec ision by 53 

and 12 percent (Table 6). Blocki ng e ffect of bread wheat variety in locat ions 2, 3,4, and 6 is 
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insignificant (p>0.05) and the re lat ive efficiency of these locations is nearly one. This 

indicates that, except for the first and the fifth locations, the relative efficiency for the rest of 

the locations are nearest to o ne the RCBD is a lmost as efficient as the CRD. Thus, for those 

locations blocking seems to be insign ificant and unnecessary. 

Table 6: ANOVA of RCBD for Bread Wheat Variety in 2006/07 of BW99 RVII data set 

Location Source Of SS MS F value Pr>F RE 

block 3 1033.1 02 344367 15.0 10 0.000' 
I 1.530 

treat ment 19 1986.950 104.576 4.560 0.000' 

block 3 11 4.227 38076 1.750 0.168 
2 1030 

treat ment 19 344099 18. 11 0 0.831 0.663 

block 3 16.835 5.611 OAIO 0.745 
3 0.980 

treatment 19 13 14A47 69.181 5.080 0.000' 

block 3 63.819 21.273 0.500 0.683 
4 0.980 

treat ment 19 2089.942 109.997 2.590 0.003' 

Block 3 275.736 9 1 9 12 4.180 0.010 ' 
5 1.120 

treatment 19 2438329 128333 5.840 0.000' 

Block 3 49.522 16.507 0.840 OA80 
6 0.990 

treatment 19 622321 32.754 1660 0.073 

. : signifi cant (p<0.05 dr "'D.!grcc of frccdom SS= sum of square MS= mean or sq uarc K1:."" relati vc cf"l:iclcncy 

From Tab le 7 we can see that durum wheat variety effects of location o ne were significant 

(p<0.05) in the three seasons (years). And also the block effects of the three were si gnifica nt 

at 0.05 of significance level. So , the re lati ve e rfi c iency of RCBD compared to CRD in 

2004/05 , 2005/06, and 2006/07 are 13 42. 1.072. and 1. 123 respectively (Table 7 ). This 

shows that the using of RCBD increased ex perim ental prec ision by 34.2 , 7.2, and 12.3 

percent in the three seaso ns. respectively. 

Table 7: ANOVA ofRCBD for Durum Wheat Variety ofDW99RVTR data set 

Location One 

Year(season) Source Of SS MS F value Pr> F R.E 

Block 3 634.144 211.381 9.560 0.000' 
2004/05 1342 

treatment 18 842.036 46.780 2.120 0.018' 

Block 3 226.968 75.656 2.800 0.049' 
2005/06 1072 

treatment 18 926.075 51 A49 1.900 0.036' 

2006/07 Block 3 149. 75 1 49.917 4.07 0 .0 112' 1123 
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treatment 18 440.914 24.495 2.000 0.026* 

Locat ion T wo 

2004/05 Block 3 140.224 46.74 1 1.780 0. 162 
1.031 

treatment 18 526.21 5 29.234 1.110 0.366 

2005106 Block 3 226.3 33 75.444 8.3 10 0.000 * 
1. 293 

treatment 18 3 12. 742 17.3 75 1.910 0.034 * 

2006/07 Block 3 230.3 19 76.773 3.410 0.024* 
1.097 

treatment 18 36 1. 575 20.088 0.890 0. 589 

Locatio n Three 

Block 3 13 1.33 5 43 778 1.240 0.306 
2004 /05 1.009 

treatment 18 1259.57 1 69.976 1.980 0.Q28 * 

Block 3 4 1.526 13.842 0.620 0.607 
2005 /06 0.985 

treatment 18 1169.185 64.955 2.900 0.001 * 

Block 3 5 1.187 17.062 0.660 0.582 
2006/07 0.986 

treatment 18 573.175 31.843 1.230 0. 275 

Location Foul' 

Block " 27 1.636 90.546 6.400 0.001 * y 

2004 /05 1.21 6 
treatment 18 396.479 22.027 1.560 0. 106 

-~-- ----=. - - - - --- -

Block 3 85.33 1 28.444 2.370 0.080 
2005/06 1.055 

treatment 18 395.08 2 1.949 1.830 0.045* 

Block 3 361. 773 120. 59 1 6.500 0.005* 
2006/07 1.220 

treatment 18 839.438 46.635 2.5 10 0.005* 
,. . . lIgI1lJiCUIII (p 0.05) tlj DCRfCC ojjlccdom SS .~!/II! oj .II/1Ial l: MS mllall Of.'il/l/{/fl' U/: fe/(l/nl: effiw!II() 

The results in Tab le 7 a lso indicate that there were significa nt d ifferences among dll rll m 

wheat va riety effects in the majority of seasons except location 2 (2004/05 and 2006107), 

locatio n 3 season 2006/07 and location 4 season 2005/04. In location I, location 2 (2005 /6, 

2006107) and location 4 (2004 /05 , 2006107 ) blockin g was si gnifi cant. RCBD is e ffi cient as 

CRD for 2004 /05 season and less effic ient fo r 2005 /06 and 2006/07 seasons o f location three . 

On average RCBD was more effic ient than CRD for dllrlllll wheat variety of DW99 RVTR 

data set. 
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4.2.2 Analysis of RCBD with missing observations 

In durum wheat variety trial o f 2004/05 year (season) observations in different bl ocks o f 

RCBD were mi ss ing. The analys is was performed by estimati ng a nd rep lacing the missing 

val ues and co nsidering the miss ing va lues as incomp lete block. 

From durtlm wheat variety of DW99 RVTR data set. unfortunately the observation in block 

(rep lication) one of treatment nine was m iss ing due to measu ring error. By us ing formu la 

(Eq uation [3]) the miss ing va lu e x= 39.405 was estimated. Then us ing of this valu e as a 

replacement for the miss ing va lu e, the analys is of variance was perfo rmed and the result 

g iven in Tab le 8. 

Table 8: ANOVA ofDurum Wheat for locatio n one year 2004/05 ofDW99RVTR data set 

with one mi ssing va lue 

Analysis of variance with estimated miss ing va lue 

Source Df SS MS S ign. CV 

Total 74 2686 .284 

Block 3 654.994 218.331 0.000 

Treatment 18 841.773 46.76 5 0.017 13.523 

Error 53 1189. 5 17 22.444 

Analysis of variance for Incomp lete Block 
-

Total 74 2667.409 

Block 3 633.035 2 11.01 2 0.000 

Treatment 18 841.703 46.76 1 0.020 13.523 

Error 53 1189.5 17 22.444 

From Tab le 8 we can see that the erro r mean square (EMS) and coefficient of variation (CV) 

of est imated miss ing va lue and the incomplete block analys is were the same. Also in both 

methods the block and treatme nt effects were significant. Thi s shows that a single mi ss ing 

va lue may not affect the results or anal ysis considerably. 

For more than one miss ing observations. the iterati ve procedure is Ll sed to estimate the 

miss ing values. Us in g thi s ite rati ve c procedure the miss ing va lues of RC BD with two . three, 

four, fi ve, six and e ight observatio ns were esti mated (Table 22 , Appendix {). Then the 

estimated val ues we re replaced and the ana lys is was preformed as usual except that the 

numbers of m issi ng observat ions were deducted from error and tota I sum squares of degree 0 f 

freedom. 
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Table 9 below shows that the treatment and block effects of RCBO with two missi ng 

observations replaced by their estimates were s ignificant at 5% of the s ignificance leve l for 

miss ing of different treatments from the same block, different treat ments from differe nt 

blocks a nd the same treatments from different blocks. Also, for the analysi s of the miss in g 

va lues as incomp lete block des ign ( IBO), the treatment and block effects were signifi cant. 

The error mean square (EM S) of RCBO with two missing observat ions which have been 

re placed by esti mates were equa l to the EMS of inco mplete block design (Tab le 9). once 

aga in show in g no considerab le enect. But the coeffic ient o f variation (CV) of RCBO with 

estimated mi ssin g values we re less than the CV of IBO. The position of missi ng values a ffect 

the standard error of mean difference. for example, standard erro r of the mea n difference 

between miss ing varieties is largest when mi ss ing observat ions of the same treatments from 

di fferent blocks and also, treatment mean square of anal ysis as incomplete block and with 

estimated missing observations are largest when mi ss in g of the same treatments from 

different blocks. The average standard error of the mean d ifference between unequal 

replication varieties which was analyzed by IBO was less than the standard error of the mean 

difference between missing varieties and larger than that between missing and non-missing 

varieties and miss ing varieties. 

33 



-------_. ---~-

Table 9: Analysis of variance of ReBD with two missing observations of durum wheat variety 

Analysis of variance with estimated missing values 

Missing of different treatments 
from the same block 

Source 
Block 
Treatment 
Error 

~ 
-" - ~ 
- u = C 
~ ~ 

t~ u ._ 

"C"C 
~ C 

~ " "C ~ = E 
.:1 
'" 

bin non-missing 
varieties 
bin missing & 
non-missing 
varieties 

bin missing 
varieties 

df MS Sign. 
3 198.920 0.000 
18 47.028 0.01l 
52 22.199 
3.332 

3.61l 

3.847 

Analysis of variance for the missed va lues as mD 
Block J 186.345 0.000 

Treatment 

Error 
Average Standard error of 
the mean difference bIn 
unequal replication 
bin::: between 

18 46.944 

52 22 .199 

0.019 

cv 
13,213 

13.500 

RE 
1.318 

1.296 

Missing of different treatments from 
different blocks 
df MS Sign. CV RE 
3 224.525 0,000 12,675 1.394 
18 49,667 0,005 
52 20.710 
3.218 

3.490 

4,070 

3 217.197 0.000 12.932 1.380 

18 48,903 

52 20,710 
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0.008 

3,514 

Missing of the same treatments from 
different blocks 
df MS Sign. CV RE 
3 222,795 0.000 12.63 1.392 
18 51.3 70 0,004 
52 20,613 
3,210 

4,145 

4.542 

3 220,819 0.000 

18 49,081 

52 20,613 

0.008 

12.91 1.389 
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As we see from Tab le 10 be low, the treatment effects and block effects were significant for 

three, four, fi ve, s ix and e ight mi ssi ng values. The analysis was performed by replacing the 

estimated values for the miss ing observations. In the anal ys is of variance considering the 

missing va lues as lBO, except for five mi ssing va lu es the treatm ent effects were not 

s ignifica nt. Thi s shows that as the number of missing observation increases, the diffe rence 

between estimated miss ing and considering the design as incomplete block is gett ing larger. 

Also as the number of miss ing observation increases the estimatio n method (of miss ing 

va lues) becomes impreci se leading to biased EMS. But since only available information is 

used in IBO the results are more acceptable. Natu ra lly as more observat ions are miss ing the 

system might lose integrity and the test stat istic becomes less sta ble. but in missing-estimated 

approach. as the number of mi ss ing observations increases the treatment effect level of 

significance gets smaller showi ng strong d ifTerence between va rieties. On the other hand , in 

the incomplete bl ock approach, as the number o f mi ss in g observation increases the leve l of 

s ignifica nce fo r variety difference was relati ve ly la rger, this co ntrad icts the former result. 

Therefore, presence of missing values affect s the effici enc y of designs. The RCBD error 

mean square (EMS) and coefficient of variat ion (CY) for fi ve, s ix and eight missing va lu es 

which was analyzed by replacing the missing observations with estimated values were 

re latively greater than the error mean sq uare (E MS) and coefficie nt of variation (CY) of 

analys is performed as I BO but not for three and four miss ing va lu es Crable 10). This shows 

that as the number of missing o bservation increases the EMS and CY obtained from miss ing 

estimated approach is greater than the incomplete block approach. As the numbe r of missing 

va lu es increases, the relati ve effic iency of the analys is w ith est imated miss ing val ues 

relati vel y less than the relati ve effic ie ncy of anal ys is as IBO. Also , the standard error of the 

mean difference between complete and mi ss ing. and bet ween missi ng varieties of missing 

estimated approach was greater than that of incomplete block approach. This is shows des ign 

e fficiency is afrected by mi ss in g va lues. Therefore . when we compare these resul ts with the 

true condition va lues (i.e., where there are no miss ing va lues) such as EMS (22. 11 7), CY 

(13.416) and standard error of the mean difference (3.325), as the number of missing va lues 

increases in RC BD use of IBO approach is more efficient than that of miss ing-estimated 

approach (Table 10). 
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Table 10: Analysis of variance of ReBD with three, four, five, six and eight missing observations of durum wheat variety 

ANOV A for the missed values as IBD ANOVA with estimated missing vaJues 

~ Sign. EMS CV I R.E I Standard error of the 
mean difference 

Sign. EMS CV R. E 

~ 
OJ) 

= .~ 

:E 
Three 
Four 
Five 

Six 

Eight 

~ 
0 
0 
in 

0.000 

0.000 

0.000 

0.000 

0.000 

" I 
!-

0.027 21 .890 13.035 1.120 

0.025 21.958 12.950 1.120 

0.064 2S .6 25 13 .797 0.891 

0.036 2U40 13.929 0.924 

0.018 lU03 14.205 1.001 

.. 
~" e·a 

§ ~.~ "Vi 'rl '" "'.- ~ 's ~ "g J: "Il! ~ 
_ '" 'C -E 6 . ~ ...::: ' ;: ~ 
~ " > ~ ::: > 

3.308 3.587 

3.313 3.593 

3.579 3.882 

].531 3.829 

3.529 3.827 

~ 

" ... . . 
"s '"5 
-E "iii 
~ > 

4.185 

4.191 

4.133 1 

4.528 
4.079 1 

4.467 

4.016 1 

4 .463 

~ 
0 
0 
in 

0 ,000 

0.000 

0.000 

0 .001 

0.001 

[I} Standard error of/he mean difference between missing varieties in the same block 

0,063 

0.067 

0.047 

0.053 

0.078 

[2J Standard error of/he mean difference between missing varieties (incomplete varieNes) 
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21 .890 

21,958 

23.393 

23 ,844 

24 ,834 

13.406 

13,443 

13 .763 

13.578 

13.136 

1.101 

Ll10 

1.052 

1.036 

1.043 

S.E of the mean difference 
between 
~ 

0 ~ 
~ 

§ ~.~.-. " ;a"' '''c.o",,,, . .. 
::3 'fj .::: .J: 's .~ • 0 

ff:::; e Bi ~ ," 's '.g 
§@" ~ 'gg~ ~ .~ 

3.573 3.820 

3.579 3.826 

3.694 3.949 

3.729 3.987 

3.806 4.069 



4.2 .3 Ana lysis of Lattice Design 

The coeffici ent of variation (CV) and the error mean sq uare (E MS) o f la tt icc des ign 

calculated for maize variety trial in all research centers were comparative ly low as compared 

to RCBD (Table I I). 

Tab le II: Effi ciency of lattice design for Maize National Variety Trial of Melkasa, Dhera, 

Ziwa y, Mieso, and Kobo research centers in 2008/09 as co mpared to RCBD. 

Location Lan ice design RCBD Effic iency 

(Researc h relative 
CV EMS CV EMS 

centre) to RCBD 

Mel kasa 9.235 19. 153 10.39 1 24 .247 11 2. 140 

Dhera 25.679 71.296 26.5 05 75 .956 101.290 

Z iway 35.659 48.508 39.345 59.056 109.060 

Mieso 2 1.523 39.477 24.9 11 52.884 117. 100 

Kobo 22.596 38.405 23.028 39.887 100.500 

The e ffi c iency re lat ive to RCBD from Table I I indicates that the use of' latti ce design instead 

of RC BD increased experimenta l precision by 12. 1, 1.3.9. 1. 17. 1. and 0.5 percent in research 

centre Melkasa, Dhera, Z iway, M ieso. and Kobo respect ive ly. 

4.2.3 Analys is of Alpha la ttice Design 

Table 12: Effi cie ncy of Alpha lattice des ign as compared to RCBD in 2005 /06 Seaso n 

Data Set 

2A3099A W 2A3499AW 
Design 

P val ue P value for 
CV EMS CV EMS 

for b lock block 

Alpha lanice des ign 22 .636 182.729 0.0 18 15.638 137.924 0.01 1 

RCBD 24.627 2 16.285 0.047 17.505 172.823 0.D3 1 

Relati ve Effic iency 1.019 1.024 

The s ignificance o f blocking wi thin replicat ion (group) in both designs fo r the two data sets 

indicates that blocking was effective in reducing experime nta l error (Tab le 12 ). The re lat ive 

e ffici ency was 10 1.91 % fo r 2A3099AW data set impl ying that the use of alp ha lani ce design 

increased experime ntal precision by 1.91 % co mpared to RCBD Crabl e 13 ). The coefficie nt of 

variation (CV) and error mean sq uare (EMS) of alpha Ian ice des ign (22.64 and 182.73) are 
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comparatively low as compared to RCBD (24.63 and 216.29). The relative efficiency was 

102.22% implying that the use of alpha lattice design for 2A3499A W data set incrcased the 

precision of experiments by 2.44% compared to RCBD (Table 10). For 2A3499A W data set, 

the coefficient of variation (CV) and error mean square (EMS) of alpha lattice design (15.64 

and 137.92) comparatively low as co mpared to RCBD (17.51 and 172.82). The value of 

relative efficiency greater than one for both data sets shows that alpha lattice design was 

relatively more effic ient than RCBD. 

4.2.4. Ana lysis of Cova riance 

In the ana lysis of covariance the DW99RVTR data set of durum wheat variety trial for 

location one which was conducted using RCBD in 2004/05 season was used. In thi s trial 

some of the durum wheat varieties on so me orthe plots are assumed to be affected by rodents 

or water lodging or any other factor. As a result, lIsing covariance analysis as an adjustment 

for damaged varieties was required. So. we have to construct another variable known as a 

covariate which can be lIsed as an adjustment factor. To simulate situation of damage to the 

experimental va lues of se lected plots were purposely altered. The changes made to plots were 

made arbitrary but it was assumed that the damage takes place at different level. Therefore, 

when values were altered so me of them were left as they are originally some to be highly 

changed, some slight ly changed and others somewhere in between. In principle, a quick 

assessment of yield condition in the experimenta l field is necessary to coin covariates. The 

level of precision in adjustment depends on how well the covariate is created. If each value is 

taken into consideration so that several sca les are adopted, the covariate will be able to 

account for the systematic var iability taking p lace in the field. For this particular data, a four­

sca le rating of the yield condition was used. Sca le number I is given to the plots not damaged 

at all , scale number 2 for plots with slightly damaged, scale number 3 for intermediate 

damage of plots and 4 for severe ly-damaged plots. Numeric values I , 2, 3 and 4 were 

assigned to the scales, respectively. 

As can be seen from Table 13 below, in the analysis of RCBD. the treatment effect and 

blocking o f duruJ11 wheat variety with covariate was significant but in the analysis without 

covariate, both effects are non-significant. Use of covariate analysis dramaticall y reduced the 

error mean square (EMS) and coefficient of variation (CV). This is because the covariate 

effect is highly significant showing that the covariate created from the assessment of the field 

indeed has taken care of the pattern created by the damaged plots. Thus, the systemat ic 

variabi lity which was left in the error has now been removed reducing the error slim of sq uare 

considerably. The mean of adjustment for damaged yields by use of covariate was larger 
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than the mean of unadjusted (without covariate). Also, the standard error of mean yield with 

covariate (adjusted mean) and without covariate (unadjusted mean) was 2.511 and 4.108, 

respectively (Table 23, Appendix J). The relative efficiency of RCBD compared to CRD was 

1.211 and 1.052 for analysis with covariate and without covariate respectively. This shows 

that using of covariate improved the precision of RCBD. 

Table 13: Analysis of Covariance of RCBD on durum wheat variety trial 

Analysis with covariate Analysis without covariate 
source df MS Sign. CY RE source df MS Sign. CY 
Block 3 155.994 0.001 15. 154 1.2 11 Block 3 155.994 0.087 24.958 
Treatment 18 78.959 0.001 Treatme 18 78.959 0.3 18 

nt 
Covariate 1 2326.784 0.000 Error 54 67.5 18 
Error 53 24.890 

4.2.5. Split-plot Experiment Analysis 

Table 14 shows that there were no significant effects among fungicide (sprayed with 

fungicide and unsprayed) at the 0.05 significance level in Jeldu, Degem and Wolmer sites. 

We can also see from Table 14 that the Potato varieties/clones were highly significant 

(p<0.05) in all sites (Jeldu, Degem and Wolmer). 

The error mean squares of potato (subplot) in the three sites were less than the error mean 

squares of fungicide (main plot). This indicated that the subplot (potato) variety was more 

efficient than main plot (fungicide). 
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Table 14: AN OVA of Spl it-plot for Integrated Disease Management (10M) on potato variety of2006 in leldu, Degem and Walmer sites 

l eld u Degem Walmer 
Source 

df SS MS Sign. df SS MS Sign. Of SS MS Sign. 

Replication 2 375 .921 187.960 0.3718 2 107.844 53.922 0.546 2 68.310 34.155 0.898 

Fungicide(main 
I 1.960 1.960 0.907 I 375.060 375.060 0.138 I 898.173 898 .1 73 0.226 

plot) 

Error fung icide I 2 222.457 111.229 2 129.495 64.747 2 602.947 30 1.473 

I 15555.10 3239.63 
Potato(subplot) 5 15224.164 3044.833 0.000 5 311 1.020 0 000 5 16 198.149 0.000 

2 0 

Fungicide*potato 5 88.702 17.740 0.842 5 535 .800 107.160 0.0 18 5 621.3 56 124.271 0.022 

Error Potato I 56 2437.216 43.5 22 56 2000.755 35.728 56 2421.33 1 43 .238 

40 



4.3. Linear mixed effects model analysis 

In thi s section, the block effects are assumed to be random and treatment effects were 

considered to be fixed. Here so me of the data sets that ha ve been used in the fixed effects 

model were taken and ana lyzed as a linear mi xed e ffects model. Particul arl y we have take n 

BW99RVII, M il kasa, 2A3099AW and 2A3499AW for RCBD, Latti ce des ign a nd Alpha 

lattice des ign, respective ly. T he variance components from the mixed model are esti mated 

us ing the method of rest ricted maximu m likeli hood (REML). Here, unlike the fi xed effects 

model assess ing the performance o f experimental designs using re lative effi ciency is not 

poss ible. We have assessed the performance of experimenta l des ign under linear mixed 

e ffects model using the ir corresponding varia nce co mponents. 

4.3.1 Ana lysis of Ra ndomized Complete Block Design 

The var iance compone nts of treatment and res idual summari zed in Table 15 was estim ated by 

REML method . The estimated covariance parameters of residual (Tab le 15) of bread wheat 

variety in 2005/06 season of a ll the locations for RCBD were smal ler than the res idual 

varia nce of CR D. A lso. the rcsid ual variance of location one, two and fi ve in 2006 /07 season 

were less than that of C RD . Thi s indicates that RC BD is more effi cient than C RD in a 

s ituation where there is systematic variability. But in locati on three, fou r and six of 2006/07 

seaso n the res idual variance o f RCBD was the sa me as C RD impl ying that , fo r these three 

locations both RCB D and CRD are equally effic ient. The varia nce co mponent for block of 

2006/07 seaso n at locations three, four and six were approximated to zero. Thi s shows that 

blocking was ine ffecti ve in these trials. Hence, in future experime nts to be conducted in same 

locations, CRD may be used. 

Table 15: Covariance Parameter es timates of RCB D for BW99RVII data set 

Covariance Parameter Estimates 

Covariance 
Year(season) Location Estim ate 

Parameter 

CRD RCBD 

block 9.6023 
One ---- -- _. -

Res idual 19.41 55 9.8132 

block 3.7362 
2005106 Two 

Res idual 24 .7540 2 1.01 77 

block 3.8980 
Three 

Res idu al 17.3539 13.4559 
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block 11.2797 
Four 

Resid ual 32.5444 21.2647 

b lock 
Five 

8.5984 

Res idual 59.8655 5 1.2672 

b lock 11 .5990 
Six 

Res idual 29.4713 17.8724 

block 16.0713 
One 

Res id ual 39.01 19 22.9406 
--- --

0.8138 ~ block 
Two 

Res idu al 22.6134 21.7996 

b lock 0 
Three 

Res idual 13.2 16 13.2 16 
2006/07 

block 0 
Four 

Res idu al 4 1375 41.375 

block 3.4974 
Five 

Res id ual 25.46 19 2 1.9645 

b lock 0 
Six 

Res idual 19.6001 19.6001 

4.3.2 Lattice design analysis 

As it can be seen in Table 16 below. the covariance parameter estimates o f block within 

rep li cati on and residual of maize va riet y trial in Melkasa Research Centre was 1.910 and 

24.247; 6.113 and 19.153 for RC BD and lattice des ign, respectivel y. The res idua l covariance 

o f mai ze variety of RCBD was greater than the latt ice design res idual covariance. The 

variance compo ne nt of block for RCBD was less than the variance com ponent of block for 

lattice design. Thi s indicates there is sO l11e evidence that lattice design was more e ffici ent 

than RC BD. 
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Tabl e 16: Covariance Parameter estimates of latt ice design for Melkasa Researc h Cemre 

Covariance Parameter Est imates 

Covariance Estimate 

Parameter RCBD Lan ice design 

block( repl icatio n) 1.9104 6.1 13 

Residual 24.247 19. 153 

4.3.3 Alp ha la ttice desig n a lIa lysis 

Table 17 sho ws that the covariance parameter es timates of block within replicatio n and 

res idu al o f alpha latt ice des ign in 2A3099AW and 2A3499A W data sets were 20.68 1 and 

39.892 for blocks and 152.720 and 138.530 fo r res idua ls, respecti vely. The res idual variance 

estim ated for alpha latt ice des ign was comparatively low as compared to RCBD for both data 

sets. The variance compo nem of block for RCB D was less than the variance com ponent of 

block for al pha lattice design for both of data sets. This shows that a lpha lattice des ign is 

more efficie nt than RCBD for this data set. 

Tab le 17: Covariance Parameter esti mates of alpha la ttice design for 2A3099A Wand 

2A3499A W data sets 

Covariance Parameter Est imates 

2A3499AW 
2A3099A W data set 

data set 

Cov Parameter Estimate Estimate 

Alpha 
RCBD Alpha latti ce RCBD 

latt ice 

b lock( replicatio n) 8.6582 20.6 81 4 8.20 19 39.892 1 

Residual 170.90 152.72 172.82 138.53 
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4.4 Discussion 

From the fixed effects mode l ana lys is of RCBO on bread wheat var iety trial, in 2005/06 

seaso n the block effe ct was hi gh and the re lat ive e ffi ciency of all the locations of th is season 

were greater than one. The majo ri ty of block effects in 2006/07 of bread wheat va ri ety trial 

were low in all locations. As a result, the estimated re lati ve effic iency of RCBO co mpared 

with C RO was less than or near 1.0, except at locations one and fi ve for this season. On 

average for the two seaso ns of bread wheat vari ety trial, the relat ive efficiency of RCBO 

compared to CRD is greater than one. Thi s resu lt agrees wi th that of Karcher el a l (2003). 

Therefo re, RCBO is more effic ie nt than C RO for the bread wheat var iety trial co nsidered in 

this st ud y. In the durum wheat vari ety tria l, about 55% the block effects were not sign ificant. 

For the three seasons of locat io n one, the block effects were significant and the relati ve 

effic iency was greater than one. For this location-b locki ng has e ffecti ve ly increased the 

precis ion of the durul11 whea t variety experim ent. Due to techni ca l or cultural practices. the 

blocking effect was low (not significa nt) in certa in tria ls and the tec hnica l prob lem results 

fro m wrong block o rientation and d irection whic h render b lock ing ineffective (G irma. 2005 ). 

We have also shown that in RC BD whe n the number of miss ing value increases the error 

mean sq uare, standard error of the mean difference and the coeffic ient of variation of 

estimated missi ng approach were greater in the a nalys is performed as IBO. As a resul t using 

IBO is more effic ient than the estimated missing approach of RC BD. 

Resu lts from the latt ice design analysis indicate that the coefficient variation (CV) a nd the 

error mean square (EMS) of national ma ize var iety tr ial was calculated for Melkasa, Ohera, 

Ziway, Mieso, and Kobo research centers. The coefficient of variat ion and error mean 

squares of the randomized compl ete block des ign was greater than that of latt ice des ign. The 

latt ice des ign effic iency relat ive to RCBO (Table II ) show that in al l tria ls considered, latti ce 

design was more efficient than RCBO. 

The res ults of experiments in the 2A3099A Wand 2A3499A W data sets show that there are 

smaller erro r mean squares (E MS) under alpha design than RC BO. The coefficient of 

variation (CV) of alpha lanice design is com parati ve ly low as compared to RCBD. Low va lue 

of CV indicates a good index o f re liabi lity. The relative effic ie ncy indicates how much more 

e ffic ient the alpha lattice des ign is as compared to RC BO: if the val ue of re lat ive effic iency is 

greater tha n one then the a lpha lattice design resu lts in smaller erro r variance. The va lue of 

re lati ve effi c iency greater than one for both the data sets o f the experiments show that alpha 

latt ice design was re lati vely more effici ent than RCBO (Tab le 12). Alpha lattice des ign 
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prov ided better co ntro l of within repl icate variat ion and also to experimenta l error than 

RCBO. Thi s stud y showed that alp ha lattice des ign is more e ffi c ient tha n RCB O. Th is was 

sim ilar with the result of Patterso n and l-I uI1Ie r ( 1983), Yau ( 1997), and Masood et al. (2008 ). 

The ana lys is of covariance for RCBO on durum wheat variety tr ia l shows that the error mean 

squares and coefficient of variat ion of analys is wit h covari ate, that was lI sed to adj ust the 

dam aged yie ld, were sma ller tha n the ana lysis of variance (without covariate). Also, the 

adjusted mean of yie ld by covariate \~I a s greater tha n the mean of wit hou t cova riate while the 

standard erro r o f adju sted mean yield by covariate was sma ller than the standard error of 

unadjusted mean yie ld. Use o f cova ria nce ana lys is increased the re lati ve effic iency o f RCBO 

compared to CRO than the analys is of variance (without covariate) for damaged yie ld (Tab le 

13). 

From the linear mixed e ffects model ana lys is o f RCBO on bread wheat var iety tria l, the 

res idual var iance of RC BO were less than the res idual var iance ofCRO in 2005/06 season for 

the six locatio ns. A lso for locatio ns one, two, and fl ve the res idual varia nces of RCBO were 

less than the res idua l var iance of CRD in 2006/07 season. But fo r locat ions three, four, and 

s ix the res id ua l vari ances o f RC BO were the same as the res id ual var iance o f C RO (Table 

15). Th is shows that RCBO is as efficient as the C RO in increasing the precis ion of the bread 

wheat variety experime nts. The res id ual variance of lattice design was comparatively low as 

compared to RCBO, and the vari ation among b lock for RCI~ [) was less than the variation 

among block with in rep lication fo r Ian ice des ign in Melkasa research centre. This indicates 

that, the latt ice design was more efficie m than RC BO to improve the precision of maize 

variety experiment s. The res idu al varia nces of alpha Ian ice design for 2A3099A Wand 

2A3499A W data sets were sma iler than the resi du al vari ances of RC BO. And a lso, fo r the 

two da ta sets of the alpha Ian ice des ign, the variation among block w ithin re pl ication were 

greater than the variatio n among block o f RCB O. This shows that a lpha Ian ice design was 

more effic ient than RC BO. 
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CHAPTER FIVE 

5. CONCLUSIONS AND RECOMMENDATIONS 

5.1. Conclusions 

Our prime concern is identificati on of the mo re e ffi cient experimental des ign for fie ld 

experime nts. We conclude the findin gs of this study as follows. 

On average RCBD was more effic ient than CRD for bread wheat and durum wheat variety 

trials. Due to technical or cu ltural practices, the blocking effect was low or ins ignifi cant in 

some locations of the bread wheat and durum wheat var iet y trial s. It is there fore important to 

consider suitable of RCBD, but block orientation and d irection should be care full y se lected. 

For miss ing val ues in RC BD, analys is as IBD is more effi c ie nt than miss ing-estimated 

approach. Also for damaged yield in RCBD, use o f covari ance analys is increases the 

precis ion ofRCBD than anal ys is of variance without covariate. 

For Nationa l ma ize variety tria l, lattice design was more efficient than RCBD to increase the 

precisio n o f the fi e ld expe riments. Also. al pha latti ce des ign was more e ffi c ient tha n RC BD 

to improve the precision of field experiments. Under land heterogenei ty and in a situation 

where a large number of entries are tested . the chance that fam ili es o f IBD are more 

appropriate in qu ite high and researches are e ncouraged to use one of these des igns under 

slich l:unditions. 

In conc lu sion, RCBD, latti ce des ign and a lpha lattice design were the more e ffici ent designs 

than the CRD for agri cu ltural fi e ld experim ents. Thus, researches must be caution in us ing 

C RD in field experiments. 

5.2. Recommendations 

• To increases the precis ion of agricult ural field experi ments, RCBD, latt ice des ign 

and a lpha latt ice design should be used based on availabl e land resource and s ize 

of experiments. 

• For a large number of miss ing va lu es in RCBD, we recommend that the 

agronomist uses inco mpl ete block approach instead of usin g miss ing-estimated 

approach. 

• For some locati ons used in this st udy. block effects were ins igni fi ca nt. Th is can 

be due to technical issues such as o rientation and direction o f bl oc king. So. we 

recommend that further studies should be done in thi s area. 
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APPENDICES 

Appendix I 

Table 18: Tests for Normality of RC BD in DW99RVTRJI data set 

Year 

2006/05 2007106 

Location 
Shap iro-Wilk Test Shapiro- Wi lk Test 

W-statisti c Sign. W-statistic Sign. 

I 0.98 1372 0.295 0.977 0.170 

2 0.981372 0.295 0.985 0.467 

3 0.992694 0.935 0.986 0.527 

4 0.982415 0.340 0.875 0.106 

5 0.987 121 0.606 0.991 0.86 1 

6 0.988063 0.669 0.982 0.33 1 

Tab le 19: Tests for Normality of RCBD in DW99RVTR data set 

DW99RVTR data set 

Season 
Location 

Shapiro-Wilk Test 

(Year) Stati st ic Sign. 

200 5/04 0.973 0. 102 

One 2006/05 0.978 0. 22 1 

2007/06 0.987 0.646 

2005/04 0.990 0.818 

Two 2006/05 0.976 0. 158 

2007/06 0.995 0.990 

Three 2005/04 0.985 0.49 1 

2006/05 0.982 0.377 

2007/06 0.995 0.990 

2005/04 0.991 0.879 

Four 2006/05 0.982 0.356 

2007/06 0.984807 0.500 
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Tab le 20: Tests for No rmalit y of latti ce design, alp ha lattice design and Covariance analysis 

Shapiro- Wilk Test 

W-stat istic 
Sign. 

Lattice des ign 

Melkasa 0.98 1 0.303 

Dhera 0.988 0.702 

Z iway 0.984 0.486 

M ieso 0.985 0.54 1 

Kobo 0.976 0.161 

Alp ha latti ce des ig n 

2A3 099AW 0.982 0.099 

2A3499AW 0.989 0.266 

Covari ance anal ysis 

0.993 0.944 

Table 2 1: Tests of Normalit y for Spl it-p lot 

Shapiro-W ilk Test 

Location S ign. 
W-statisti c 

Jeldu 0. 992 0.944 

Degem 0.964 0.365 

Wolmer 0.966 0.455 

Tab le 22: Missin g va lues and their est imates using est imation approach in RCB D 

No of mi ss ing 
Treatment Block Estimated value 

values 
Two (from the 9 1 39.005 
same block) 19 1 37.574 

Two (fTom clJt 5 2 40 .670 
I-- -

block clJt 
I 3 32.775 

treatment) 
Two (from clJt 5 2 4 1.530 

block but th e same 
5 3 37.903 treatment) 
2 I 40.876 

Three 
8 2 29.676 
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6 4 32.720 
2 I 41.022 

Four 8 2 29.768 
4 3 32.820 
6 4 32.8 10 
I I 36.348 
3 2 39.671 

Five 9 3 33.366 
10 4 36.546 
I I 4 27.87 1 
I I 36.529 
3 2 39.290 

Six 5 3 33.609 
9 3 33.426 
10 4 36 .447 
II 4 28.045 
I I 36.456 
7 I 38.148 
3 2 39.671 

Eight 15 2 34.6 19 
5 3 33.371 
9 3 33. 123 
10 4 36. 138 
II 4 27.733 

Table 23: Mean and Standard error (SE) of Durum wheat variety with and wi thout covariate 

Variety Wi,h covariate Without covariate Actual va lue of yield 
(undamaged yield) 

Adjusted Standard Unadj usted Standard Mean Standard 
mean Error mean Error Error 

I 29.510 2.511 26.739 4.108 34.526 2.35 1 
2 36.930 2.5 11 38.945 4. 108 38.945 2.351 
3 34.908 2.511 32.137 4.108 38.380 2.35 1 
4 33.872 2.51 I 35.887 4 .108 35.887 2.35 1 
5 33. 12 1 2.511 30 .350 4.108 35.591 2.35 1 
6 36.319 2.5 1 I 38.335 4 .1 08 38.335 2.35 1 
7 28.3 12 2.5 11 27 .934 4. 108 32.2 15 2.35 1 
8 28.072 2.511 27 .694 4.108 27.694 2.35 1 
9 3 1.274 2.51 1 30.897 4. 108 34.696 2.35 1 
10 35.789 2.511 35 .4 11 4.108 39.460 2.351 
II 32. 100 2.511 26.936 4. 108 30.152 2.35 1 
12 32.372 2.511 34.387 4.108 34.387 2.351 
13 35.745 2.5 11 37.760 4.108 37.760 2.351 
14 30.587 2.5 11 32.602 4.108 32.602 2.351 
15 32. 132 2.511 26 .968 4.108 32.869 2.351 
16 31. 1 10 2.511 33. 125 4. 108 33. 125 2.351 
17 30.6 13 2.511 32.628 4.108 32.628 2.351 
18 39.206 2.511 41.222 4. 108 41.222 2.351 
19 33.556 2.511 35.57 1 4. 108 35.57 1 2.35 1 

53 



Appendix II 
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Figure 1: QQ-Plot of Residuals from ReBD in 2006/05 of BW99RVII data set 
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Figure 2: QQ-Plot of Residuals from RCBD in 2007/06 of BW99RVII data set 
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Figure 5: QQ-Plot of Residuals for Split plot of data set from Jeldu s ite 
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