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ABSTRACT 

The objective of this study was to evaluate the efficiency of spatial stati stical ana lysis in field trial s 

and, particularly, we have demonstrated the benefits of the approach when experimental 

observations are spatia lly dependent. We have compared (i) cl assica l randomi zed complete block 

model with independent and identica lly distributed errors (RCBDiid); (ii) the most common spatial 

model s: Exponent ia l, Spherica l and Gaussian (with and without nugget effect) ; (i ii ) spatial models 

of (ii) with and without block effects ; (iv) complete random model (CR). The data used in thi s 

study were obtained from separate trials for Bread wheat and Durum wheat wh ich was coded as 

BW99RVTII (Regional Varity Trial Two of Bread Wheat cond ucted in the year 1999 Eth.C.) and 

DW99RVTII (Reg ional Varity Trial Two of Durum Wheat conducted in the year 1999 Eth.C.), 

respectively. The restricted maximum likelihood (REML) method was used for est imation of 

spatial covariance parameters. The denominator degree of freedom of F test for treatment e ffects 

were computed using the Kenward-Roger method for a ll model s (Kenward and Roger, 1997). 

Semivar iogram were used for the initial estimate of the parameters o f the spatial covari ance 

structure. Akaike's Information criterion (AIC) and Corrected Akaike's Information cri terion AICc 

and the Like lihood ratio test were used for model compari son. The result showed that in all of the 

four trial s, the estimated residual from RCBiid model were s ignifi cantly spat ially correlated, 

providing evidence of field heterogeneity within blocks that cou ld make the RCBiid method less 

powerful than a method that incorporated the spatial correlation. Furthermore, the finall y se lected 

spatial model for a ll data set showed that blocking seemed to be unnecessary if these se lected 

spatial model were used for each of the trial s. The results al so showed that the spatial model s 

provided a smaller p-value and standard error than the class ical analysis of variance mode ls. We 

have concluded that randomizat ion and blocking does not complete ly remove spatial variation. 

Hence, we recommended that researchers should take into account spatial variation in field 

experiment in s ituations were spat ial dependence among the observations is sign ificant. 

Key words: Spatial Model s; Semivariogram 
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CHAPTER ONE 

1. INTRODUCTION 
1.1. Background of the study 

Agricultura l fi e ld experiments are used to identi fy high y ield crop varieties, treatments with hi gh 

performance or improved technolog ies for recommendat ion to farmers. These experiments are 

conducted in plots of various sizes, for which the extent o f variab il ity in the soi l is not known a 

priori. Fie ld experiments in agronomy and re lated d isc iplines have trad itionall y been affected by 

soil heterogene ity. This is especiall y o f concern when treatment e ffects are small and so il 

variability is high, as thi s inflates the error term. Intrinsic so il var iab ility is the result of th e 

geologica l, hydro log ical , and biological mapped suggests that areas can be identified that are 

relative uniform, but more recent research suggests that soi ls genera ll y const itute a continuum 

with variab ility at di ffere nt sca les (Van Es, 2002). 

The structure of soi l var iab ility has important im plications for the design of experiments. Most 

agronom ic field experiments are based on the concepts of replicat ion, local control (B locking) 

and randomization (Atkinson and Bai ley, 200 I). 

Replication allows for estimat ion of the experimental error by apply ing treatments to di ffe rent 

plots under the same experimenta l cond itions. Suffic ient repl ication needed to distinguish 

treatment effects from background var iabil ity . Blocking is used in field experiments to control 

the adverse effects of soi l heterogeneity. The use of randomizati on has been justifi ed in many 

ways. Its basic purpose is to rem ove bias from the estimation of treatment effects (Atki nson and 

Bailey, 2001), and to equa lize the error over a ll treatment diffe rences (Yates, 1939; Fagroud and 

van Meirvenne, 2002). 

Randomization is often considered the best protection and assurance against mali cious 

manipulation of plot layout. Randomization is al so be li eved to better just ify the assumption of 

normal errors . A concern with randomization is the possib ili ty of undesirab le out comes such as 

treatments being repeated ly located in the same location in different blocks, and treatment pairs 

being repeatedly located in adjacent positions. This poses no concern when variab ili ty is tru ly 

random and stat ionary, but agricultural sc ienti sts often admit to minor adjustments to 

randomized designs when treatment a ll ocations appear undes irable. The qua lity of resul t from 



such experiments, however, depends on the strength of statistical methods used in accounting for 

field variab ili ty. 

The best strategy of increasing production o f crops is by increasing productiv ity per unit area 

us ing improved production technology. On the other hand, reliable improved techno logy can 

only be achieved if proper des igning and modeling is done by acco unting for spatial var iab ili ty. 

Spatial variability occurs when observations that are c lose together tend to be more a li ke than 

th ose that are far ther apart. It can result fro m phys ical character istics such as fi eld topography or 

temporal or temperature gradient in a greenhouse, or from process such as the spread of an 

infection . Failure to deal meaningfull y with spatial variabi li ty greatl y increases the ri sk of 

modeling or erroneous inference. A search for a method that account for field variabil ity has 

been go ing on since the early days. A review methods developed over time to account for field 

variability are presented to recognize the contributions, identify the gaps and indicate futu re 

direction. 

Selection of hi gh yield ing and di sease res istant cultivars is a typica l activity 111 variety tr ia l 

programs. Crop breed ing programs run at different stages, often from nursery to nationa l variety 

tr ia l w ith th e following major objectives: 

I . To generate new cu lti vars which are super ior to the standard ones 

2. To explore and adopt new techn olog ies to increase food producti on 

3. To study th e effect of different factors of production on y ie ld and quality and to identi fy 

the best combination of these factors which can optimize th e y ie lding ability of crops 

4. To generate information about basic understanding of the factors of production to be used 

by farmers and researchers 

5. To devel op recommendations regarding adaptab ility o f se lected varieties 111 different 

agro-ecologies 

To fu lfi ll these objectives research needs to cover several crops grown in a range of agro­

ecologies each under different conditi ons. In the light of scarce resources and high field 

variabili ty, therefore, effort should be exerted to achieve the above goa ls through improved 

design and modeling approaches that account for spatial var iation. 
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The selection of experimental material and ana lys is techniques shou ld be carefu lly considered in 

order to achieve optima l results. In crop improvement programs the major interest is in detectin g 

differences among varieties of treatments. T hi s is again governed by the amoun t of var iab ility 

ava ilable in the field experiments and by the method of mode ling employed. To optim ize the use 

of resources, the best method of describing and accounting for fi e ld variabil ity shou ld be used so 

that variety effects and difference between them are measured as prec ise ly as poss ible. This 

requires improvement in both design and modeling. 

In Eth iopia, with a population of nearly 70 million and a growth rate of 3.3%, agricu lture is the 

backbone of the economy employing 85% of the population . Agriculture accounts for 49% of the 

gross domestic product and 90% of the nationa l export earnings. Tota l crop area has increased 

from 7,689 ,400 ha in 1994 to 9,035 ,700 ha in 1995 and then dropped to 8,020, 900 ha in 1996. 

T hi s expansion of crop area has been achi eved at the expense of natural forest and grazing land 

and this affects the environ ment and producti on of livestock. Unfortunate ly, there will not be an 

increase in crops' a rea in the future due to the limited area of arable land. Therefore, the best 

strategy of increasing production of crops is by increasing productivity per unit area us ing 

improved production technology. On the other hand, reliable improved techno log ies can only be 

achieved ifproper designing and modeling is done by accounting fo r spat ial variat ion. Therefore, 

the main concern of thi s study is to fit different spatial model s (spatial linear fixed effect model 

and spatia l li near mi xed model) and compare them with conventional or traditional models such 

as linear fixed effect mode l and linear mixed effect model for four different data sets obtained 

from separate tr ials for Bread wheat and Durum wheat which was coded as BW99RVTII and 

DW99RVTII which were obtained from Ethi opian Agricultura l Research O rganizat ion (EARO). 

Specifically, the aim of thi s study is to fit and ana lyze each data set us ing the fo llowing model s: 

(i) RCBDiid; (i i) the most common spatial models: Exponential, Spherical and Gauss ian (with 

and without nugget effect); (i ii) spatial models of (i i) with and without block effects; (iv) 

complete random mode l (CR) . 

1.2. Statement of the problem 

The best strategy of increasing production of crops is by increas ing productivity per un it area 

usi ng improved producti on tech no logy. On the other hand, reliable improved techn ologies can 

only be achieved if proper designing and modeling is done by accounting for spatia l va riati on. In 
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case of our country, Ethiop ia, to our knowledge, little effort has been taken to use spatial model 

in fie ld experiments. Since spat ial model is a lso a new technique, it many researchers in our 

country Ethiopia are not familiar with it. Hence, the statements of the prob lems of this study are: 

./ Why is it needed to model and study the spatial model in the field trials? 

./ How do we include spatial dependence in th e model? 

./ What is the implication of observing s ign ificant spatial dependence in field experiment? 

./ Is th at rea lly fitting spatial model is benefi c iary for the researcher? 

./ What is the best variogram mode l for the data from fi eld experiment? 

./ How do we interpret the estimated parameters of the variogram mode l? 

./ How do we check the sign ifi cance of the fitted spatia l mode l? 

1.3. General objectives of the study 

The genera l obj ect ive of this study is to fit the spatial model (S patial linear mixed model and 

spatia l linear fi xed effect model) to the data under consideration and compare them with 

conventiona l or tradi tional linear model (linear mixed model and linear fixed effect model). 

The specific objectives are: 

./ To compare the fo llowing models: (i) RCBDiid; (ii) the most common spatial mode ls: 

Exponential, Spherica l and Gaussian (w ith and without nugget effect); (i ii ) spat ia l models 

of(i i) with and without block effects; (iv) complete random model (CR) . 

./ To examine the effect of spatial model on p values of the fi xed effect, 

./ To test the hypothes is about treatment effect based on the se lected mode l. 

./ To eva luate parameter est imates in the different models . 

./ To recommend effic ient model to be used by researchers. 
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CHAPTER TWO 

2. LITERATURE REVIEW 

2.1. Introduction 

The main objective of vari ety trials is to obta in prec ise yie ld est imates of variety means and 

variety differences that affect performan ce under farm conditi ons. Model in g approaches require 

fitt ing of several models and subsequent ly choos ing of the most su itab le model for a data set. 

However, e liminating spatia l trend and pattern physica lly through proper planning of 

experiments is effic ient, if accompli shed successfully. The randomization approach in complete 

block des ign is attract ive though it incurs bias and imprecis ion under fi eld s ituation. T his is 

because the so il characteristi cs are typically non-random and show fertility trend , spatial 

autocorre lation or periodi city . In the same way that spatial modeli ng is getting popular, robust 

designs wh ich utilize spatial infor mat ion are now common. Spatial variat ion in fertil ity, 

moi sture, intercepted light, and other environmenta l factors can bias var iety contrasts and inflate 

residua l variation . Therefore, it is important to control, either by des ign or by analys is, the 

res idual var iat ion not accounted for by vari ety effects. 

Fisher ( 1926) des igned fi eld experiments to account for spatia l structure by randomized complete 

block des ign. He was seeking ways of improv in g fi e ld experiments in agri culture. Block in g has 

been introd uced to consider the mi xed effects of inherent spatial dependence of the 

environmental vari ables and the spatia l dependence of the response var iable to it (Underwood , 

1997). Block designs (including complete and incomplete blocks and lattices) attempt an "a 

priori" reduction of residua l vari at ion by considering spatia l heterogeneity. The experimenter 

however is faced with th e problem of constructing blocks that are suffi cientl y homogeneous in 

the "expected" response of the var ieties. Block s ize, shape, and orientat ion can seldom be 

determined by studying the spatial variation of the response vari able . Management 

considerat ions freq uently determine the exper imental layout of a variety tr ial. As a result, most 

field experiments are laid out on a regular grid of, say, r rows and c columns and with groups of 

contiguous plots forming a rectangular block. Analysis o f uniformity trials have shown that thi s 

regular spatial arrangement of blocks seldom provides effic ient contro l of spatia l variat ion 

(Mendez, 1970; Lin el al. , 1993). 
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The c lassical approach based on the randomizat ion theory neutra lizes the spatia l corre lation but 

is usuall y less effic ient than spatia l mode ls. Simulat ion studi es and randomization studies of 

uniformity tr ia ls have shown that spatial approaches usuall y est imate variety contrasts more 

prec ise ly than the classica l analysis based on un corre lated observat ions (G rondona, el aI. , 1996). 

2.2. Development of Spatial model 

The bas is for the va lidi ty o f c lass ical designs IS randomizat ion (Fisher, 1926). Papadakis 

responded to Fisher's blocking methodo logy by suggesti ng a nearest-neighbor approach (NN). 

Papadakis introduced adjustment procedures to compensate for soi l variation and advocated the 

case of covariate adjustments for the neighbouring plots which was later eva luated by Bart lett 

(Bartlett, 1938; Papadakis, 1937). Accord ing to Bartlett, the method of adjustment suggested 

Papadakis was approximately valid and sometimes usefu l in experiments where the number of 

plots per block is large . However, Bartlett was cri ti ca l of the fact that a covariate was generated 

from the same set of data which represented the observed va lues. Will iams ( 1952) proposed a 

technique which used serial corre lat ions in one-d imension to obta in e ffi c ient est imate of 

treatment effects and their differences. In 1969 Atk inson compared the property o f the one­

dimensional Papadaki s technique with that of maximum likelihood est imation assum ing the 

autocorre lat ion model used by Wi lliams. Both procedures were found to be s imi lar in nature, but 

the Papadakis covariate was preferred because of its s impl ic ity. In 1978 Bart lett brought forth 

Papadak is' nearest ne ighbor approach for fie ld tria ls. Nearest ne ighbor approaches have been 

compared to standard blocki ng methods by Stroup, Tamura and their coll eagues ' (Stroup et aI. , 

1994; Tamura et aI., 1988) prov ide another alternative to Fi sher' s blocking scheme by inserting a 

po lynomial trend variable (Tij) into the famil iar ANOYA mode l Yij = ~ + Tij + £ij' Brownie el 

ai., (1993) a lso attempted to compare the NN approach to the po lynom ia l trend regression 

suggested by Tamura. 

Gleeson and Cull is ( 1987) proposed to sequentially fit a c lass of autoregressive- integrated­

moving average mode ls (ARIMA) to the plot errors in one direction (rows or co lumns) . They 

also extended the prev ious mode l to two d irect ions (rows and co lumns) assuming that, in the 

fie ld, rows and co lumns are regularly spaced. However, differenc ing in this two dim ensiona l 

analysis was prone to d iscard treatm ent information (Kempton et aI. , 1994). 
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Grondona el al. (1996). used two dimensional spatia l analysi s procedure based on separable 

ARlMA processes, proposed by Cu lli s and Gleeson to analyze 35 Cerea l yield trials wi th 

incomplete block designs. 

Zimmerman and Harville (1991) proposed a random field approach that can accou nt for spatially 

correlated errors (CE) among spatia lly geo referenced observati ons, and thus may prov ide a more 

efficient estim ation of treatment compari sons. 

Basu and Reinsel ( 1994) considered regression models fo r two-d imensiona l spatial data when the 

errors fo llow a spatia l unilateral first-order autoregress ive movin g average (ARMA) model in 

their study. The authors give detail s on the convenient computation of the genera lized least 

squares (GLS) estimator of the regress ion parameters in the presence of spatia ll y corre lated 

errors, and compare the GLS estimator to the ordinary least sq uares (OLS) estim ator in some 

spec ial cases. They a lso considered the restr icted max imum like lihood est imator of the spat ial 

correlation mode l parameters, which may be preferred over the maximum likelihood est imators. 

For the spec ia l case of the spatial unilateral first-order AR model, the authors also gave detai ls of 

the maximum li kel ihood as we ll as the restricted maximum likelihood estimation. 

Brownie and Gumpertz ( 1997) in vestigated the val idity and robustness of CE analysis and 

concluded that the method cou ld achieve substantia l increases in prec ision compared with 

classica l RCBiid ana lysis when errors are spatially correlated while still maintaining type I error 

rates close to the desired significance level. 

Van Es and Van Es ( 1993) eva luated the spat ial nature of randomized arra ngement of plots in 

RCB designs, and determined its effect on the outcome of experiments. The authors have 

demonstrated that when spatia l dependence occurs, the statist ica l tests associated with 

contrasting treatments in plots nearer together have higher probabil iti es of type II error, which 

consists of di fferent treatments appearing to be identica l. 

Kinfemikael A lemu (2000) applied spatial statist ica l methods to test spatia l autocorre lation 

among ' neighbouring' plots over the experimental farm and compare row-sow ing method with 

scattered sowing methods for wheat yie ld and conc lude that there is an over a ll hi gh adjacent plot 

correlat ion throughout the experimental farm, aris ing from fertility pattern . 
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Duarte and Vencovsky (2005) eva luated the efficiency of spatia l stati sti cal analysis in the 

selection o f genotypes in a plant breeding program and, particularly, they demonstrate the 

benefits of the approach when experimental observations are not spatially independent by 

making use ofa yield tria l of soybean lines with five check varieti es (of fi xed effect) and 110 test 

lines (of random effects), in an augmented block des ign. Their resul ts showed that, a res idua l 

autocorrelation of significant magnitude and extension (ran ge), whi ch allowed a better 

discrimination among genotypes (increase of the power of stati stica l tests, reducti on in the 

standard errors of estimates and pred ictors, and a greater ampl itude of predictor va lues) when the 

spatial analys is was applied. Furthermore, the spatial analys is led to a different ranking of the 

geneti c material s, in compari son with the non-spatial analysis, and a se lection less infiuenced by 

loca l variation effects was obtained. 

Stroup (2002) in hi s study used mixed model methods to assess power and precision of 

different designs in the presence of spatial variabi li ty and to compare competing design and 

analysis strategies. He used Satterthwaite's method and Kenward-Roger meth ods for 

approximating degrees of freedom. 

Werneck and Maguire (2002) demonstrated a method fo r modelin g spatial autocorrel at ion within 

a mixed model framework us in g data on environmenta l and soc ioeconomi c determinants of the 

incidence of visceral leishman ias is (VL) in the c ity o fTeresina, Piaui, Braz il. The authors result 

indicates that, a model with a spherical covariance structu re indicated significant spatial 

autocorrelation in the data and y ie lded a better fit than one assuming independent observations. 

Their findings support the hypothesis of spatial depend ence of VL rates and indicate that it mi ght 

be use ful to model spatial corre lation in order to obtain more accurate point and standard error 

estimates. 

The recently developed REML approach (Cressie, 1993; Stroup el aI., 1994; Schabenberger and 

Pierce, 2002) include est imating empirica l semivariograms, and then using these paramete r 

estimates as priors in a regression model to identi fy spatia l error covariance structures. Lambert 

el al. (2002) used the REML-geostatistics approach to analyze yield monitor data. Patterson and 

Thompson ( 197 1) indicated that the score equation for the variance components could be so lved 

iteratively using the Fisher scorin g (FS) a lgorithm . For many applicat ions this method presents 

computational difficulties due to the large s ize of matri ces to be inverted and multiplied 
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(G il mour el ai., 1995). Thompson ( 1977) presented an overvi ew of the methodo logy w ith 

part icular reference to ani mal breed ing appl icat ions and showed how some o f the computational 

burdens of FS can be overcome and suggested th at the use of observed in formati on rather than 

the expected one is sometimes preferable. Gilmour el al. ( 1995) proposed average information 

REML (Al REML) as an a lternati ve to the FS REML method. They noted that although the 

AIREML a lgorithm is the same as the one proposed by Thompson in 1977, it avo ids eva luati on 

of the traces of large matrices which appea r in both observed and expected (REML) in fo rmati on 

matrices. Unlike Thompson and others who proposed similar so lutions fo r computationa l 

prob lems, the AlREML uses the average info rmation to simpl ify computations of matrices. 

Gilmour and his co lleagues ill ustrated the convergence performance of the AI algorithm re lative 

to FS algori thms us in g a number of real data set. The Genstat engine uses REML or average 

score (ASREML) algori thms and both FS and AI algori thms are avai lable as an option. The 

a lgori thm can be used for balanced as well as unba lanced data as models are fitted like 

regressions. REML (hence AlREML) algorithm enjoys a variety of appl icati ons and is 

particul arly useful when one has to extract info rmation on vari ance components from di ffe rent 

levels or strata of population . It has the property of providing efficient estimates of treatment 

effects in un ba lanced des igns with more than one source of error. 

Nan Hong el al. (2005) noted that failure to account for spatially correlated errors when present 

in the classical randomized complete block (RCB) analys is may cause ineffic ient estimation of 

treatment significance. They have discussed methods for se lecting a covariance model in RCB 

analyses in the presence of spat ia l corre lat ion. They have suggested the use of three types o f 

stati stica l too ls fo r Model Se lecti on (semivariogram of the resid uals from fi tting a mode l with 

just fi xed effects, the li kelihood ratio test, and Akaike Inform ati on Criteri on for mode l se lection). 

To illustrate the procedure, the authors have analyzed winter wheat (Triti cum aesti vum L.) 

forage and corn (Zea mays L.) grain yie ld in the prese nce of spati al heteroge ne ity within blocks 

from a site-specifi c N management study and com pared the se lected covari ance models to the 

RCB iid models and to other spatia l mode ls with respect to th e estimat ion o f treatm ent 

s ignificance . The authors a lso noted that, the procedure can be extended to any experim ent with 

fi xed effects, or with both fi xed and random effects, and which may potent ia ll y have spatia lly 

corre lated errors. They have warned that the ir proced ure is systematic and readily imp lemented ; 

however, it remains di fficult to eva luate whether an adequate covari ance model has been 
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selected. Girma T. (2005) a lso discussed various methods of spatial data ana lysis, methods of 

fitting variogram mode ls (prediction) and methods of modeling spat ial var iation. 

Gonyalves ef al. (2007) described a strategy to im prove the precision of stati stical data analysis 

of grapevine se lection tri als through the use of mixed spatial models. The authors compared the 

efficiency of mi xed spatia l mode ls with that of a c lass ica l randomized complete block model 

(with independent and identicall y distributed errors). The compari sons were based on y ield data 

from three large experimental popu lations of clones of the Arinto, Aragonez (Tempranillo) and 

Viosinho grapevine varieties. The fit of the spat ia l mixed models app lied to yie ld data was 

s ignifi cantl y better than that of the classical approach, resulti ng in a positive impact on se lect ion 

decisions and increas ing the accuracy of genetic ga in prediction. 

Hoeting ef at. (2006) considered the problem of mode l select ion for geostatistica l data. They 

considered AIC as applied to a geostatistical model and prov ided simulation resu lts that shows 

using AIC for a geostatistica l model is superior to the standard approach of ignoring spatial 

corre lation in the se lection of exp lanatory var iab les. 

Werneck and Maguire (2002) demonstrated a method for mode li ng spatia l autocorrelation within 

a mixed mode l framework, using data on environmenta l and soc ioeconomi c determinants of the 

incidence of visceral le ishmaniasis (VL) in the city of Teresina, Piau), Brazi l. A model with a 

spher ica l covariance structure indicated signifi cant spatial autocorrelation in the data and y ielded 

a better fit than the one assuming independent observations. The authors compared a model with 

spherica l covariance and the independent mode l (that ignored the presence of spatial correlation), 

us in g the Like lihood Rati o Test (based on -2REM L Log Likelihoods). The result of thei r finding 

indicates that, the model w ith a spherica l covari ance structure fit the data better than the 

independence model (p < 0.000 I, Likelihood Ratio Test) . 

Xiyuan and Joachmim (2009) investigated the conseq uences of mi xed linear models w ith vari ous 

spatial covariance structures on line stati stica l tests and selections of plant cultivar tri als by using 

the Satterthwaite and Kenward-Roger methods for approximat ing degrees of freedom. They have 

investi gated different covar iance structures such as: exponenti al, spheri ca l, Gauss ian, linear, 

linear- log, anisotropic power and an isotropic exponential, as we ll as first order autoregressive . 

They also fo und out that the spatia l mode ls prov ided a small er standard error than the class ica l 
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analys is of variance models . They have also noted that only the optima lly fitting spatial mode l 

could control spatial var iability more effecti ve ly with less loss of error degrees of freedom and a 

higher power for li ne tests than the c lass ica l ana lys is of variance of block design s. T hey a lso 

showed that the Kenward-Roger method effect ive ly provide a correction o f the standard error for 

line contrasts and a reasonable power o f spati al model analys is. T hey conc luded that, select ing 

the covariance structures and using the Kenward-Roger method for approximat ing degrees of 

freedom in the spat ial analys is of cu lti var fi e ld trials using mixed linear mode ls is necessary. 
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CHAPTER THREE 

3. DATA AND METHODOLOGY 

3.1. Data 

T he data used in thi s study were obta ined from separate tria ls for Bread wheat and Durum wheat 

which were coded as BW99RVTIl (Regional Vari ty Trial Two of Bread Wheat conducted in the 

year 1999 Eth .C.) and DW99RVTII (Regiona l Varity Tri al Two of Durum Wheat conducted in 

the year 1999 Eth. C.), respectively . Three data sets were taken from th e first type of wheat 

(BW99RVTII) which was grown at different locat ions (Locat ion: Four, Five and S ix) in the 

same year. In thi s case fo r the fourth locati on th e block effects were assumed to be random and 

for the last two locations (Five and Six) the block effect were assumed to be fi xed. Add itionally 

one data was taken from the second type of Wheat (DW99RVTIl ) which is from location one, 

according to the code of EARO. In this case the block effects were assumed to be random. Thus, 

for this study we have considered three data sets of Bread wheat yield and one data of Durum 

wheat y ield. For simplicity, the four data sets were coded as BW99RVTI1 4, BW99RVTIlS, 

BW99RVTIl6 and DW99RVTIlI for Bread wheat data from locat ion four, Bread wheat data 

from location five, Bread wheat data from lucation six and Durum wheat data fro m location one, 

respectively. The first three trials (BW99RVTII4, BW99RVTIl S and BW99RVTIl6) were 

carried out in a randomized comp lete block design (RCBD) with four repli cations (b locks) and 

20 bread wheat varieties. Each block consisted of twenty 2.S X 1.2 meter (m) plots with th e 

spacing between plot and block equa l to 0.40m and 1.00m, respect ively. The last trial 

(DW99 RVTII I) was also carried out in a randomized comp lete block design (RCBD) with four 

replications (blocks) but with nineteen Durum wheat varieties. Each block consisted of 19 2.S0m 

X 1.20m plots with the spac ing between plot and block equa l to 0.40m and 1.00m, respect ive ly 

(See Appendix I). Each data set from the tria ls was analyzed using the following mode ls: ( i) 

RCBDiid ; (ii) the most comm on spatial models: Exponentia l, Spherical and Gauss ian (w ith and 

without nugget effect) ; (i ii ) spat ial mode ls of (ii) wi th and without block effects; (iv) complete 

random mode l (CR). For the last two data sets the block effects were taken as rando m. All the 

analyses were conducted using SAS software of Vers ion 9.2. Randomized Complete Block 

Design (RCBD) is one in wh ich the number of experim enta l units per block is equal to the 
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number of treatments and every treatment occurs once and on ly once in each block, the order of 

treatments within a block being randomized. 

3.2. Methodology 

3.2.1 The Classical linear models 

L inear models are used to describe how a variabl e o f interest (outcome) depends on other 

variables (effects). Model components used in agricultural fi eld experiments include e ither fi xed 

or both fi xed effect and random effect. 

3.2.1.1. Fixed effect linear model 

Fixed effects are effects which are att ributab le to a limited set of leve ls of a factor whi ch are 

th ere because we are interested in them. A model that contains only fi xed effects and no random 

effects is known as a fixed effects model. 

Fixed effects assnmptions 

y' Inc ludes the entire population of studi es to be considered; do not want to generalize to 

other studies not included (including future studies). 

y' All of the variab il ity between effect sizes is du e to sampling error a lone. Thus, the effect 

sizes are on ly we ighted by the within-study variance. 

y' The co llected data represent random samples from the same population 

y' Effect s izes are independent 

In this study the data that were used are from the tri als which are carried out in a randomi zed 

complete block design. Hence, the suitab le fi xed effect RCBDiid model for the data under study 

is given by 

[1] 

where Yij the yield of /', vari ety in the /" block, a is the total number of var iety, b is the tota l 

number of block, /1 is an over a ll mean, Ti is the effect of the /" variety, {3j is the effect of j'h and 

block, Eif is independently and identica lly di stributed random error term with mean zero and 

variance (J 2 . Here both treatm ent and block effects were assumed to be fi xed. 
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In matrix form, the general linear fixed effect model can be expressed as: 

y = xp + E, [2] 

where Y stands fo r an nx l vector o f observations, X is an nxp matr ix o f constants assoc iated 

with the fi xed effects of the des ign, p is a pxl vecto r of unknown fi xed effects (p is a num ber of 

unknown parameter plus I), and E is a vector of ra ndom res idual errors with assu med 

di str ibution E - MVN(O, R) . 

Method of parameter estimation 

Under the assumption that R = a 2 [n , the OLS estimator is BLUE for p. T hus, given 

E - MVN(O, a 2 [n ), where In denotes the identi ty matrix of dimension n and a 2 represents the 

common error variance. The OLS estimate of p is obtained by 

p = (X'X)-lX'y, [3] 

The relationshi p represented by eq uati on [I] is ass umed to be uni versa l or constant across the 

geographic area. 

3.2.1.2. Random effect linea r model 

In a random effect model factor leve ls are rando ml y selected fro m the set of a ll possib le factor 

levels. The model includes only random effects and no fi xed effects are termed a random effects 

mode l. 

Random effects assumptions 

v' It contains only a sample from the enti re popu lation of stud ies to be considered. As a 

result, we do want to genera lize to other studies not included in the samp le (e.g ., future 

stud ies). 

v' Variabili ty between effect sizes is due to sampling error plus vari ab ility in the populat ion 

of effects. 

v' In contrast to fi xed effects models, there are two so urces of vari ance. 

v' The study consists o f random sampl es o f some popu lation in whi ch the underlying 

(infinite-sample) effect s izes have a di stribution rather than hav ing a single va lue. 
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,/ Effect sizes are independent. 

3.2.1.3. Linear Mixed Model 

A model that conta ins both fixed effects and random effects is known as a mixed effects model. 

T he mixed model equation can be regarded as a method of dealing with a complicated set of 

variances and covariances which we know affect the data . The suitable mi xed effect RCBDi id 

model for the data under study is given by 

R fi =1,2, ..... , a 
Yij = 11 + Ti + /-'j + <ij U = 1, 2, ..... , b [ 4] 

where Yij the yield of /' variety in the /' block, a is the total number of variety, b is the total 

number of block, 11 is an over a ll mean, Ti is the effect of the /" variety, Pj is the effect of /' 

random block w hi ch is normally and independently distributed w ith mean zero and variance of 

(J6, and <ij is independently and identical ly distr ibuted random error term with mean zero and 

variance (Jz In matrix form, the linear mixed mode l can be expressed as 

y = Xp +Zu+ E, [5] 

w here Y, X, P and E are as defined in eq uation [2], Z is an n x q matrix of constants associated 

w ith the random effects, and u is a q X 1 vector of unknown random effects parameters. It is 

assumed that: 

,/ E(u) = 0 and Var(u) = G 

,/ E(E) = 0 and Var(E) = R, 
,/ Cov(u, E) = 0, and 

,/ Both u and E are normally distributed. 

The variance of Y is 

v = ZGZ' + R, [6] 

and can be estimated by setting up the random-effects design matrix Z and by specifYing 

covariance structures fo r G (qxq) covariance matrix ofu and R (nxn) covariance matrix OfE. 

(Little et af. 1996). 
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Method of Parameter Estimatioll 

The ordinary max imum likel ihood estimator of vari ance component takes no account o f the 

degrees of freedom used in estimating fi xed effects and hence is biased. Thi s int roduces 

downward bias which increases as the nu mber of fi xed effects in the mode l increases. There fore, 

it is more intui tive to use variance components which take account of the degrees of freedom for 

estimating treatment effects. Hence, we will use restricted max imum likelihood (RE ML) 

estimation method in order to est imate the variance components. REML is the processes of 

app ly ing ML to the linearly transformed response data vector. The transformation is done in such 

a way that li nearly transformed data vector contains none o f the fi xed effects. 

Restr icted Maximum Like lihood (REML), developed by Patterson and T hompson ( 197 1), whi ch 

in contrast to ML accounts for the loss in the degrees of freedom due to fitting fixed effects . To 

account for the loss in the degrees of freedom due to fitting of fi xed e ffects, REM L, in contrast to 

ML, maximizes only part of the like lihood of the data vector Y whi ch is independent of the fixed 

e ffects. T hat is, rather than using Y (the data vector) directly, REML is based on the linear 

comb inati ons of elements ofY, chosen in such a way that those comb inat ions don' t conta in any 

fi xed effects, no matter what their va lue. 

Now suppose that we have an (n - p ) x n matrix K of rank n - p such that 

K'X = 0, [7] 

T hen 

K'Y = K'Xj3 + K' E = KE - N(O,K' VK), [8] 

T he distribution of K'Y doesn't have any Ws in it . To estim ate the parameters in V, we useK'Y. 

The REML Equations 

With Y- N(Xj3, V) we have, for K'X = 0 , K'Y- N(O, K'VK) . Then the logarithm of the 

likeli hood functi on of the REML pro fi le is 
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1 1 1 n-p 
I = --logIVI- -logIX'V- 1XI- - P 'V-1p - --log (2n) 
p 2 2 2 2 

[9] 

where 

[10] 

The next step is differentiat ing Ip with respect to V. Let <p be the arbitrary e lement of V which 

needs to be estimated. Mathematically, 

If <p E V [11] 

Iterative method must be used to find estimates for <p o The Newton-Raphson optimization method 

which requires first and second deri vatives were used. Hence, the parameters ~ and u were 

estimated using iterated procedure (Newton - Raphson) with the following set of model 

equations (Henderson, 1984): 

The followin g procedure cons isted of resolv ing the mixed model eq uations (Henderson, 1984): 

[
X'R-1 X X' R-1Z] [71] - [X'R-1y] 
Z'R- 1X Z'R- 1 Z + (,;-1 ii - Z'R- 1 y [12] 

where Ii and ('; are the estimate of Rand G, respecti ve ly. Hence the estimates of fi xed effects 

and the Best Linear Unbiased Predicti on (BLUP) are, respectively 

[13] 

and [14] 

3.2.2 The Spatial models 

A spatial experiment is a comparative experiment in wh ich the experimental units occupy fi xed 

locations di stributed throughout a reg ion in d dimensional space. A feature common of most 

spatial experiments is the presence of systematic heterogeneity among the exper imenta l units. 

Typically, the nature of this heterogeneity is such that there is appreciable corre lation among 

neighboring un its. The ana lys is of variance associated with the classical randomized des igns 

ignores this corre lat ion, rely ing on the randomi zati on to neutralize any di srupti on that th e 
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correlation may have on the est imation of treatment contrasts. In deed, the neutralization of 

spatia l corre lat ion was one of the early arguments used to support exper imenta l random ization 

(Yates, 1938). Recently, however, there has been much interest in methods for analyz ing spatial 

experiments that take spatia l correlation into account (Bartlett, 1978 ; Kempton and Howes, 1981 ; 

Wilkinson et aI. , 1983; G reen et aI. , 1985; Besag and Kempton, 1986; Willi ams, 1986a; Gleeson 

and Cull is, 1987; Curriero and Lele, 1999; Z immerman and Harv ill e, 1991 ; Stroup, 2002; Duarte 

and Vencovsky, 2005) . Spatial Statist ics differs from classica l stat istics in that the observati ons 

ana lyzed are not independent; thi s s ingle assumption vio lation is the crux of the difference. The 

other mosl im portant feature that distingui shes spatial stati stics from class ica l stati stics is that, 

spati al coordinates to model statistical dependence among data, rather than assuming the data are 

independent. The spat ial depend ence is often term ed as autocorrelation , if the data are of one 

type, (Jayet el al., 2004). Observations are corre lated strictly due to their re lative location 

position (referred to us spat ia l autocorrelation), resulting in redundant information to be present 

in data values. The redundancy increase as th e degree of locat ional dependence increases. Th is 

dup lication of information produces complications in the stati sti ca l analys is o f georeferenced 

data that remains dormant in stati stical ana lysis of trad itional data, composed of independent 

observations. 

3.2.2.1. Types of spatial Data 

The following discuss ions about spatia l data are taken from Cressie (199 1) book and lecture 

notes on spatia l model (F uentes, 2008; Mural i, 20 I 0). 

Spatial data may come in various ways, so that it is not easy to arrive at a system of c lassification 

that is simultaneously exc lusive, exhaustive, imaginative, and sat isfactory. Through advanced 

computer technology spat ia l statist ical theory practitioners have recently ga ined powerful new 

abi li ty to obtain, organi ze, and study complex relat ionships between farming and its natural 

recourse base, li ke soil fertility pattern and topography of the agri cultural field trial. Appl icati on 

of th is new capabi li ty is broad, rang ing from in vest igating the farm leve l benefits o f precision 

farm ing to assessing the impact of conservat ion practi ces over wide areal locat ions. 

Opportuniti es that arise from these deve lopments lead to num erous questions relat ing to the 

interpretat ion, manipulati on, analys is of spati a l data . There are three broad categories of spatia l 

data: Point pattern, latt ice data, and Geo-stat istics. 
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I. Geostatistics: Geostat istics began with mining type app lications and the prefix " geo" 

indicates that geostati stics dea lt initi ally with statist ics perta ining to the earth. Geostatistical 

data are measurements collected at di screte sample locations separated by some distance . 

Stud ies that rely on sample quadrates di stributed (random ly or however) across a stud y area 

generate thi s kind of data. While the location of the sample points is known and of interest, it 

is the va lues o f the measurement taken at each point that are of primary concern. 

Geostatistical data involve continuous vari ations of feature attribute . Here, the bas ic question 

is, "Are samples that are c lose together also similar with respect to the measured variab le?" 

By extension, the sca ling issue is to identi ty the di stan ce(s) over whi ch va lues tend to be 

s imilar. Geostatistics has appli cations in climatology, environmental monitorin g, and 

geology. Geostatist ica l app li cations have expanded original mining applications to include 

modeling so il properti es, ground water studies, ra in fa ll precipitation , public health, etc. Most 

of the literatures (Curriero and Le le, 1999; Z immerman and Harvill e, 199 1; Stroup, 2002; 

Duarte and Vencovsky, 2005) assumes that the data from agricu ltura l fi eld experiments are 

geostati stics. So, the data we have considered in thi s thes is are categorized as geostati stics. 

T herefore, all the methods and assumptions that are studied in th is thesis were limited to this 

category of spatial data. 

II. Lattice Data: Nontriv ial observations are taken at a finite number o f sites whose who le 

constitutes the entire study region. Unlike geostat istics, there is no poss ibil ity of a response 

"between" data locations. Data locations are regions. Latt ice data represent a reg ion of given 

area, and can be intuitively defined by the notion of "ne ighbors". The sca ling quest ion with 

lattice data tends to focus on the questi on, "At what sca le(s) do adjo ining regions tend to 

have similar values?" Lattice type data provide the c losest analogue to time seri es data. In 

time series data sets, observations are typically obtained at eq ually spaced time points. For 

lattice data, spatia l data is obtained over a regularly spaced set of po ints (i rregular lattice type 

data is a possibility as well). Lattice data rep resent di screte variation in space based on 

regular or irregul ar units such as di sease prevalence per farm. Often th is type o f data are 

based on information aggregated within areas de fined by administrative boundaries. Spatial 

dependence in this type of data is quantified by produ cing a cont igu ity or spati a l weight 

matrix. Th is matrix is the basis for analys is of spati a l correlation and multi vari ate spatial 
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correlation as we ll as for spatial principal components and regress ion ana lys is incorporatin g 

spatial effects 

III. Point Patterns: Data analys is of point patterns corresponds to studies where interest lies in 

where events of interest occur. A fundamental quest ion of interest in thi s context is whether 

or not the poi nts of interest are occurrin g at random, or do the po ints cluster in some manner, 

or perhaps the points of interest are occurring with some sort of regulari ty. A famili ar 

example is a map of all trees in a forest stand , where in the data consists of a I ist of trees 

referenced by th eir (x, y) locat ions. 

3.2.2.2. T he general spatial models 

Suppose that the data (Z(S1) , ... , z(Sll)} observed at known spatial locati ons (S1 ' ""Sll) are 

modeled as a rea lization of random process (Z(s): sED C Rd} . Here, th e spatial index set D 

could have positive Lebesgue measure, be a countab le set of points of Rd , or be a fin ite subset 

ofR d 

[1 5] 

Sometimes [16] is written as (Z(s; w): sED; w E .a}, w here (.a, 1", P) is a probabi lity space; 

the rea lization (Z(s ) : sED} would correspond to a particular va lue of w, say w = woo 

3.2.2.2.1. Test of spatial independence 

The application of a geostatistical model to the analys is of the dataset is justified if the 

observations are spatially re lated . In order to check whether there is a spatia l dependence with in 

a given data, we have used a semivariogram. Thus, if the semivariogram is not constant thi s 

implies th at there is spatial dependence in a given data (Cress ie, 199 1). 

3.2.2.2.2. Test for the assumption of Sta tiona ri ty of the spatial process 

The first step in the anal ysis of spatial model is checkin g for the assumption of Stati onarity and 

Isotropy. In most of the spatia l ana lysis the assumption of stationarity might not be fu l fi lled for 

th at matter only we will check for the second order stat ionarity assu mption. 
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Test for stationarity 

In statistics it is common to assume that a random variabl e is stationary, i.e. its di stribution is 

invariant under tran s lation. In the same way, a stationary random function is homogeneous, and 

its di stributi on is invariant under trans lation. In its strictest sense stationarity requ ires al l the 

moments to be in variant under trans lation but s ince this cannot be verified from the limited 

exper imental data, we usua ll y require that only the first two moments (the mean and the 

covari ance, whi ch is suffic ient for linear estimations) to be constant. Thi s is ca ll ed " Weak" or 

second order stati onarity. In other words we require: 

I. The expected va lue (or mean) of the function Z(s) is consta nt for a ll points s. That is, 

£(Z(s») = Jl (s) = Jl which is independent ors . 

ii. The covariance fun ct ion between any two points sand s + h is independent of the 

po int s. It depends on ly on the vector h. That is, 

£ [Z(s) - Jl ][Z(s + h) - Jl ] = E[Z(s)Z(s + h)]- Jl2 = C(h) [16] 

where sand s + h re fer to points in a d-d imensional space where d could be 1,2, or 3. 

In particu lar, when h = 0, the covar iance comes back to the ord inary vari ance of Z(s) which must 

also be constant. h, is a lag-d istance (rang in g from zero to the max imum lag = I + 3.2210g(/1), 

where /1 is the total number of observation) between two points. 

For the data under consideration stationarity is not an appropriate assumpti on to im pose on the 

(assumed) stochasti c mechani sm that generated the data. T hi s is because different treatments are 

being applied to different plots resulting in perhaps different means across the plo ts. Under such 

condition, one of the most common practices in geostati stica l app lications is to separately 

estimate the large scale structure (i.e. p and u by OLS or GLS or REML est imator which is 

based on the type of model under considerat ion, fo llowed by estimation of the variogram 

(i. e., 2y (-; 9» based on the resultin g res iduals. Thi s is s imp ly a two-step procedure . Thus, to 

estimate the spati a l dependence for the data, the mean structure wi ll be (tempora lly) removed. 

After the remova l of large sca le structure (treatment effect) the next step is to ana lyze the 

residua ls as if they are a sampl ing from a second order stationary random process. To check the 

stationari ty o f the fitted residuals we use the semivari ogram . Thus, for a mean-stati onary process 
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the semivariogram must level out and reach a s ill (0. Bereke, 1999). This means, semivariogram 

behavior at large d istances ind icates the degree of stati onarity of the process. 

3.2.2.2.3. Estimation of variogram from estimated residuals 

In geostati stics spat ial dependence is commonly mode led with the semi variogram or vari ogram. 

Variogram is also the primary too l in the geostati stica l ana lys is. The variogram measures the 

mean variabi lity between two point 's sand s + h as a fun ction of the ir di stance h. T hus the 

objective of variogram is estimating how spat ial dependence varies with di stance and also 

modelin g di stance decay. The variogram of an intrinsic random fun ction is defined by the 

equation: 

1 
y(h) = 2" Var [e(s+h) - e(s) ] [1 7) 

By assumption the mean of e(s+h) - e(s) is zero, then y(h) is just the mean sq uare va lue of the 

difference . That is, 

[18) 

where sand s + h refer to po ints in a d-dim ensional space where d could be I, 2, or 3, 

e(s+ h) and e(s) is an estimated resid ual at point s + hand s, respective ly. 

3.2.2.2.3.1. Method-of-Moments Estimator of Variogram 

The class ica l estimator of the variogram proposed by Matheron ( 1963) under the constant-mean 

assumption is given by: 

[19) 

where the sum is over N(h) == {(i,j) : Sj - Sj = h } and IN(h) 1 is the num ber of distin ct 

e lements of N(h). It is unbiased; however, it possesses very poor res istance properties . It is 

badly affected by a typica l observations due to the (.)2 term in the summed of Eq uation [ 19), and 

its cousin confounds skewness with atypica l behav ior. 
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3.2.2.2.3.2. Robust Estimatioll of tlte Variogram 

The word robust is used to describe inference procedures that are stab le when model assumptions 

depart from those ofa central model. Cress ie and Hawkins present a more robust approach to the 

estimation of variogram by transforming the problem to location estimation for approx imately 

symmetri c di stribution (Cress ie and Hawkin s, 1980). In order to use the ava ilable knowledge of 

robust est imation, Cress ie and Hawkins take fo urth roots of squared differences, yielding robust 

(to contamination by outliers; see Cressie and Hawk ins, 1980) estimators: 

{ }

4 

_ 1 " ""/, 0.494 
2y(h) = IN(h)1 L le (s;) - e(sj) 1 /( 0.457 + IN(h)l) 

N (h) 

[20] 

The robust estimator of va rio gram automatica lly down-weights outlying data . 

3.2.2.2.4. Isotropy 

Isotropic process assumes that the spatial co rrelation structure is the same in all directions, or 

isotropic, i.e. when y(h) depends only on the magnitude and not the direction of the vector h, 

the process is isotropic. In other word, suppose the process is second order stationary with 

semivariogram y(h), h E !Rd. If y(h ) = y(llhll) for some function, i.e. if the semivariogram 

depends on its argument h on ly through its length IIhll, then the process is isotrop ic. Some of 

isotrop ic semivariograms are Exponential, Spherica l, Gaussian, Linear, Rational quadratic, Wave 

and so on. 

3.2.2.2.4.1. Checkingfor Isotropy 

Prior to fitting a parametric model to the sample semivariogram, we need to determine how the 

semivariogram depends on the relati ve or ientation of data locations. We want to in vestigate 

whether isotropy wou ld be a reasonable assumption fo r the data. The most popu lar method is 

graphical diagnostic. Thus, semivariogram will be computed in different direct ions to ensure that 

the spatial variation is isotrop ic (Cress ie, 199 1). Clark also stated that, isotropy or direction 

invariance can be deduced if the semivariograms for several directions co incide (C lark , 1979). 
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3.2.2.2.4.2. Properties of va rio gram 

./' Vani shes at 0, i.e., y eO) = O . 

./' Evenness, i.e. y ( - h) = y (h) . 

./' The variogram 2y(h) must sati sfY a property ca lled conditiona l negat ive de fin iteness 

(M atheron, 197 1 b), namely, 

m m 

I I ai aj2Y(Si , Sj ) S 0, 
i=l )=1 

For any fin ite number of spatial locations (S( i = 1, 2, .. . , m} and a rea l numbers 

( ai : i = 1,2, .. . , m} sat isfY ing 2: :~1 ai = O. If this cond it ion is sat isfi ed, we are assured 

of getting non negative estimates of the mean sq uared predi ction erro rs. Th is condition is 

also correspond to the fact that the varian ce, variX), of X = 2: :;;1 aiZ(xil is g iven by the 

negative of th is double sum and must be nonnegati ve . 

./' lim ll h ll~ ", (y(h)/ l hI 2} = O. 

3.2.2.2.4.3. Va riog ra m termillology 

N ugget effect: If y(h) .... Co > 0, as h .... 0, th en Co has been ca lled nugget effect by Matheron 

( 1962). Th is is because it is believed that microscale variation (small nuggets) is caus in g a 

d iscontinu ity at the ori g in . 

S ill: Another important characterist ic of the semi variogram dea ls w ith the fact that, as the 

separation di stance h increases, th is function eventua lly approaches a constant va lue, known as 

th e sill and the difference between the s ill and the nu gget (s ill -nugget) is ca ll ed the 'partial sill' . 

Rallge: When a semi variogram has a s ill , it means that there is a d istance beyond w hich the 

correlation between variables is zero; this d istance is ca lled the range i.e. it is the va lue of h at 

which y(h) first attain s the sill. G raphica ll y it can be ill ustrated as fo llows: 
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Figure 1: Graphical illustration a/components o/Semivariogram 

3.2.2.2.5. Variogram model fitting 

The above meth ods (2y(h) and 2y(h)) of va rio gram estimation are invalid variograms, 

Why aren't we satisfied with just the sample sem ivariogram itself? 

./ The sample semivariogram may vio late the req uired property of cond itional negative 

defin iteness. i.e. they are not necessarily cond itiona ll y negative-defin ite . 

./ For various purposes (e.g. kr iging) we may req uire an est imate of the sem ivariogram at a 

lag not represented in the data . 

./ The sample semivariog ram may be quite bumpy. A smoothed vers ion may be helpfu l fo r 

understanding the nature of the spatia l dependence. 

T he idea then is to search for a valid variogram that, as a measure o f spati a l dependence, IS 

closest to the spati al depend ence present in the data. One poss ible approach to solve this 

problem is to approx imate the variogram by any parametric mode l which is known to be va lid. 

The idea is to search, among the fa milies of va lid vari ograms, for one that best approx imates the 

underlying spatia l dependence of the ava i lable sample data. Thus, the next step of th e 

geostati stica l method is to select and fi t a parametri c fa mily of mode ls to the sa mple 

semivariogram (Menezes et aI., 2005). 
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3.2.2.2.6. Selection of a valid semivariogram model y(h; 9) 

Once the sample semivariogram (yCh) and y(h)) is computed th e next step is to find a negat ive­

definite function which, as a measu re of spatial dependence, is in some sense closest to the 

sample data. At thi s stage we are concerned with questions such as the cho ice o f exponential 

versus spherical fam ilies of distributi ons. T he most common methods used to pick a va lid fami ly 

are based on graphi cal too ls, with model se lection reduced to approximat ing the estimated 

variogram curve by one di stribution from the va lid famil y. In thi s graphic representat ion, 

estimated values o f semivariance y(h) or yCh), are plotted against the ir respective di stances h, 

resu lt ing in a scatter plot (sample variogram). The estimated (empiri cal) variogram will be 

plotted on ly up to di stances equa l to about ha lf the dimensions of the observation region, because 

at regular distances the empiri cal variogram is very unreliable (Stein, 1999). For the vast 

majori ty of identifi ed approaches, this search is restricted to the space of parametric fami li es. 

Th is is the set of all ana lytic functions th at depend on parameters in such a way that two 

members of the same famil y can be d istingui shed by their parameters val ues, and a ll members 

are conditiona lly negat ive-defi nite . The most com monly utilized variogram functions are the so­

ca lled spheri cal, exponential and Ga ussian mode ls (Grondona & Cress ie, 1991; Z immerman & 

Harv ille, 199 1; Vie ira, 2000; Nan Hong e/ ai. , 2005) and are defined as fo ll ows: 

Gaussian mode l: 

[

0, 

y(h; 9) = Jl h l~2 
Co + cg(l - e 'g ) 

Sphe rical model (valid in IR\ IR2, and IR3
) : 

y(h; 9) = { co + C~ f m ('~:" ) -G) ('~:") 3}, 
Co + Cs 

h=O 

h > O 

h=O 

° < Ilhll ::; as 

Ilhll ::; as 

9 = (co, cs' as)" w he re Co :2: 0, Cs :2: 0, and as :2: 0. 

Exponentia l mode l (va lid in IRd , d :2: 1): 
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y(h; 6) = {O' + {l (lIhll)} 
Co ce - exp - -- , 

ae 

h =O 
[2 3] 

6 = (co, Ce' aeY, where Co 2: 0, ce 2: 0, and ae 2: 0. 

where: Co is a nugget effect, cg, Cs' Ce are partial sill s for Gauss ian , Spherical and Exponential 

model, respectively, and ag , as' ae are ranges for Gaussian, Spherica l and Exponential models, 

respectively. 

3.2.2.2.7. Method of Estimating Parameters of Variogram Model 

Let y(h; 8) denote the parametric model to be fitted to the sample semivariogram and let 0 

denote the parameter space for 8 under the two most important assumptions of the process, 

intrinsic stationarity and isotropy. Once the appropr iate variogram model has been se lected the 

next step is to estimate the parameter of the model. This can be done through different method. 

In this thesis we wi ll cons ider on ly the most applicable method of estimation in fie ld experiment 

that is a restricted maximum likelihood (REML) est imator (Littell el 01., 1996). 

3.2.2.3.Spatiallinear fixed effect model. 

Consider a linear fi xed effect model 

Y = Xj3 + E, [24] 

where Y is the vector of observations, X the design matrix, and E the vector of residual s, whose 

variance-covariance matri x is denoted as :E. The spatial dependence can be exp lained in the error 

term E. We need to estimate the components of j3 and R which, under the intrinsic stationarity 

hypothesis of the process, will depend on a vector of parameters 6, that is, R = :E(6). :E (6) is an 

nxn matrix whose elements are known funct ion of 6( Exponent ial, Gaussian and Spherical). 

The estimation of both sets of parameters, j3 and 6 , is carried out using an iterative procedure by 

means of restricted maximum likel ihood (REML) method, which has certa in advantages over 

other common methods like the maximum likelihood or we ighted least squares. Hence, the 
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estimate of the parameter P is given as: p = p(o) = (X'I:-1 (O)Xr 1X'I:-1 (O)Y and 0 is an 

estimator of 9. 

3.2.2.4. Spatial mixed linear model 

Consider a model under Eq uation [5]: 

Y =XP +ZU +E, [25] 

where Y, X, and p are as defined in equation [I], Z and U are as defined in equation [5], and 10 is 

a vector of unobserved random errors in which the spatial dependence can also be exp la ined in it. 

Here it is assumed that: 

./ feu) = 0 and Var(u) = G 

./ £(10) = 0 and Var(E) = R = I:(O), I:(O) is an nxn matrix whose e lements are known 

function of O( Exponential, Gauss ian and Spherical) . 

./ Cov(u,E)=O, and 

./ Both u and 10 are normally di str ibuted. Thus, 

The estimation of both sets of parameters, p and 0, is carried out using an iterative proced ure by 

means of restri cted maximum likelihood (REML) method, that has certain advantages over other 

common methods like th e maximum likel ihood or weighted least squares. 

3.2.3. Method of model compari son 

For the comparison of spat ial mode l with that of conventional mode ls, the in formation criterion 

(AlC or AlCc) and the likelihood ratio x 2 test will be used in thi s study. An overview of the two 

methods are discussed be low. 

3.2.3.2. Akaike's Information criterion (AIC) and Corrected Akaike's Information 

criterion (AlCc) 

The AIC va lues are computed as 

AlC = -2Log(I(§)) + 2q [26] 
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where I is the resid ual log li kel ihood of restri cted maxim um li ke lihood (REML) is implemented 

and q is the number of random effect parameters being estimated us ing REML. The A IC 

performs poorly if there are too many parameters in re lation to the size of the sample (S ugi ura, 

1978). Thus, a bias adjustment was included leading to the fo rmation of the mod ifi ed AIC 

criterion (Hurv ich and Tsai, 1989) defined as 

This s implifies to 

AICc = - 2Log(l( e)) + 2q ( n 1)' 
n-q-

AICc = AIC + 2q(q + 1) , 
n-q-1 

[27] 

where n is the sample size. The smaller AIC values indicate better fit. We chose to use both AIC 

and AICc in preference to the other information criteria ava ilab le in SAS Proc MIXED, 

Schwarz' Bayesian Information Criteri on (B IC) (Schwarz, 1978) . G uerin and Strou p (2000) 

compared the performance of A IC and BIC on covariance model se lection for repeated measures 

and stated that AIC tended to result in a more complex mode l but with better Type I error rate 

contro l than BIC. 

To compare two or more non-nested model s with di fferent global and loca l covariate, and with 

the same fi xed effect and same parameterization, an Al Cc wi II be used. A mode l that had Al Cc 

close to zero wil l be selected. 

3.2.3.3. Likelihood Ratio x2Test 

The other statisti cal tool used for mode l selection is the likelihood ratio l test (LRT). Thi s test, 

however, is only applicable when comparin g two nested covariance mode ls with the same X 

matrix (fixed effects) . Consequently, when test ing a hypothes is that in volves compari son of non­

nested covariance mode ls (still with the same X matrix), AICc is used (as described above). 

When models are nested, hypothes is testing may be poss ible with th e LRT stati stic (A) wh ich 

approaches a l distributi on w ith (dfl - df2) degrees of freedom, where dfl and df2 are the 

degrees of freedom of the fu ll model and the reduced mode l, respectively and which is defined 

as: 
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it = 2(lz - I,) - Xz(dfl - df2) [28] 

where I, and Iz denote the residual log likelihoods of the reduced model and the full mode l, 

respectively (Litte ll el aI., 1996). 

In practice, there is a cond ition that must be met to apply LRT. The hypothesized value of the 

parameter being tested must not be on the boundary of the parameter space. For example, by 

definiti on a variance component must be non negative, there fore the va lue zero is on the 

boundary of the parameter space. In thi s case, the asymptot ic di stribution of it does not fol low a 

XZ distributi on. When the mode ls being compared differ by such parameters, e.g., variance 

components or spatial ranges, the distr ibution of the test stati sti c consists of mi xtures of XZ 

distributions (Verbeke and Mo lenberghs, 2000). If th e models being compared differ by onl y one 

such parameter, the appropri ate p-value for the LRT is one-ha lf the reported p-value from the X2 

di stributi on with one degree of freedom (consistent with dropping one parameter from the fu ll 

model), hereafter referred to as LRTol (L itte ll et a i. , 1996). If the mode ls being com pared di ffer 

by more than one such parameter, then the actual di stribution of is unknown and we use AICc 

va lues (as described above) to determine which model has the better goodness of fit. T he use of 

AICc to determine wh ich model has a better fit is the same as an LRT but uses a critical va lue o f 

twice the difference in the number of random effect parameters between the two mode ls under 

consideration . Hence, if the two models have the same number of parameters, the AI Cc just 

selects the model with higher likelihood. If the two mode ls differ by one random effect 

parameter, the AICc uses a "criti cal val ue" of 2, which is less conservative th an an LRT, whi ch 

has a "critica l va lue" of3.84 (the 95th percentile of xl) or LRTo1, whi ch has a "critica l va lue" of 

2.71 (the 95 th percentiles of LRTo1) (Morgan and Gumpertz, 1996). Conseq uent ly, while the use 

of LRT or LRTol can be seen as add ing complex ity to model se lecti on compared with simply 

us in g AICc va lues, it a lso adds a degree of robustness and confidence in the selection process that 

are absent when using AI Cc val ues a lone (Nan Hong el aI., 2005). 

3.2.4. Statistical test of treatment effects 

Inference on treatment effects in vo lves either hypothes is testing or interva l estimat ion of 

estimable fun ctions of the form K'Il. When the vari ance and covari ance parameters (e.g., the 
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error variance 0 2 and, where applicab le, the block variance o~ or the spatial covariance range 

parameter, r) are known, the sampling di stribution of the estimate of K'P is 

K'p-MVN(K'p , (K'CK)), [29] 

where C = (X'V-1X) and V = ZG'Z + R. The Wald stati sti c for test in g Ho: K'P = 0, 

Wald(K'p = 0) = P'K(K' CK)-lK'P, [30] 

has an approximate X2 distribution with rank (K) as degrees of freedom and noncentra li ty 

parameter P'K(K'CK)-lK'p. In practical s ituations, the variance and covar iance parameters are 

not known and their est imates must be used. In such cases, an approximate F statistic 

P'K(K'CK)-lK'P 
F ( K' P = 0) = =------"------:--:'::::---'-­

rank(K) 
[31] 

is used, where C = (X'V-1X)- and V is the estimate of V us ing the estimated variance and 

covariance parameters. This has an approximate F distribution with rank(K) numerator degrees 

of freedom , v denominator degrees of freedom , and noncentrali ty parameter 

0= P'K(K'CK)-lK'P (S troup, 2002) . 

The denominator degrees of freedom depends on the estimate of K'CK. In a simple blocked 

design v is obvious from the form of the analysis of var iance, whereas in spatial mixed v wil l be 

approximated using two different methods: 

(I) Satterthwaite's method: this approximation was advocated by Giesbrecht and Burns 

(1985) and Fai and Cornel ius (1996) based on Satterthwa ite (1941), in which the degrees 

of freedom for the test of treatment effects are computed based on the estimated 

covariance structure rather than on the number of plots as in ANOVA (Verbeke and 

Molenberghs, 1997). 

(2) The Kellward-Roger method (Kellward ami Roger 1997): Th is approximation a lso uses 

the basic idea of Satterthwaite ( 194 1) . Its extension re lative to the Satterthwaite method 

of Giesbrecht and Burns ( 1985) and Fai and Corne lius (1996) is an asymptotic correct ion 

of the estimated standard error of fixed effects due to Kackar and Harville ( 1984) in sma ll 

and or unba lanced data structures. 
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In this study, only the Kenward-Roger method of est imating denominator degree of freedom was 

used. 

This approximation uses the equati on 

2E [(K' CK)F 
v = V[K' CK] 

For a single degree of freedom estimab le funct ion, that is, when K is a vector, thi s red uces to 

2E(K' CK)' 
v = -,-::V '"'[ K:-:-' C-=-K'""];-

[32] 

[33] 

The denominator of thi s express ion can be approximated using gradients and the asymptotic 

covariance matrix of the estimates of the var iance and covari ance components. 
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CHAPTER FOUR 

4. RESULT AND DISCUSSION 

4.1. Introduction 

The purpose of thi s chapter is to assess the presence of spatial dependence in the data sets 

considered in thi s study and fit d ifferent spatial models and RCBD iid models for each data sel. 

An attempt has been made to identi ty the best fitting model for each of the data based on 

different model se lecti on too ls such as information criteri a. Furthermore, in this chapter, the 

effect of the spati al model s have been assessed by us in g p-va lues and standard errors. Of the four 

data sets considered in th is thesis, for the first two both block and treatment/variety effects are 

assumed to be fixed and for the second two block effect are assum ed to be random and treatment 

/variety effects were assu med to be fixed and for the second two data sets only the block effects 

were assumed to random. For all of the data sets the assumption of normality has been assessed 

using graph ica l method (QQ plots) and the formal test (Shapirio Wi lks test). We start our data 

analysis by checking the common assumptions for a ll of the data sets; we then proceed to mode l 

fitling and selection for each of the data sets; and thereafter we proceed to see the impact of the 

fitted model on p-values of the test and standard errors. The yie ld from a ll tr ials was taken as 

kg/plot and is be summarized in Table I . 

Table 1: Tota l variety number, plot shape, effects, spacing between block and plot, mean and 
range a/the yield data a/the trials. 

Design Yield 
Trials Totalv Plot Effects Spacing bin Mean Range 

ariety shape in Block Variety Block Plot (Kg/plot) (Kg/plo 

no. meter,m t) 

BW99RVTII5 20 2.5 X 1.2 Fixed Fixed LOOm O.4m 0.806 1.003 

BW99RVTII6 20 2.5 X 1.2 Fixed Fixed 1.00m OAm 0.590 0.8 19 

BW99RVTII4 20 2.5 X 1.2 Random Fixed 1.00m O.4m 1.292 1.023 

DW99RVTIJ1 19 2.5 X 1.2 Random Fixed 1.00m o Am 1.052 0.938 
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4.2. The common assumption for all data sets 

For a ll data sets, the RCBDiid were fitted and the assumption of nonnality for resid uals from the 

fitted model was assessed by graph ica l method (QQ plots) and the formal test (S hapirio Wi lks 

test). There was no strong evidence of non normality for the res iduals for a ll trial s, so the data 

were analyzed in the orig inal sca le (See Appendix 11). 

4.2.1. Diagnosis for the trend effect 

One of the fundamental assumptions underly in g variogram modeling is the absence o f a spatial 

trend . In other words, the mean va lue o f the process shou ld be constant throughout space. This is 

a crucia l step for remov ing any obv ious surface trend effect before check in g for spatial 

dependence (the semivariogram model). Since different varieties were applied to different plots 

in all data sets, we should first remove the effect of variet ies and also the block effect from all 

data sets. Thi s can be done by first fitt in g the RCBDiid model for all data sets and obtain the 

residuals for this fitted mode l. Hence, further the trend effect must be checked for the estimated 

residual from the RCBDiid model for each of the data sets. Thi s can be checked by a 3-

dimensional (3d) surface plot which is a three dimensional plot o f the measured variable of the 

estimated residuals for each of the four data sets with their respective locat ion. 

(a) 
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(b) 

(c) 
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'" ., 

(d) 

Figure 2: (a) Three dimensional scalier plot of measurement locations for the estimated 

residuals from RCBiid model of BW99RVTI15 data set, (b). Three dimensional scalier plot of 

measurement locations for the estimated residuals from RCBiid model of B W99RVTII6 data set. 

(c) Three dimensional scalier plot of measurement locations for {he estimated residuals ji-om 

RCBiid model of BW99RVTII4 data set, and (d) Three dimensional scalier plot of measurement 

locations for the estimated residualsji-om RCBiid model of DW99RVTIII data set. 

As it can be seen from Figure 2 above, there is no trend effect in the estimated res idual fo r a ll of 

the data sets under study. Hence, we can work with th e estimated res id uals without any doubt 

about trend e ffect. The reason for thi s result is that, at the begi nn in g since different plot are 

applied with different treatment we have removed the e ffect of vari ety and block. In other words 

the data were a lready detrended and we are working with only the estimated res idua ls. 

4.2.2 Estimation of Empirical and Robust Semivariogram 

The semi variogram is the main important too l in the ana lys is of spati al data. To estimate 

empirical (robust) variogram we should first divide the data into different lags based on the ir 

location. For plottin g and estimations purposes, it is desirable to have as many points as poss ible 

for the plot of semivar iogram aga inst lag di stance. Thi s corresponds to hav ing as many distance 

intervals as poss ibl e. If the lag di stance is set too small , there may be too few points in one or 
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more of the intervals. On the other hand, if the lag di stance is set too large va lue, the number o f 

point pairs in the distance interval s may be much greater than those needed for estimation 

precis ion, th ereby " wast ing" poi nt pairs at th e expense of variogram points. Hence, th ere is a 

tradeoff between the number of di stance intervals and the number of po int pairs within each 

interval. In SAS VERS ION 9.2. MANUAL, it is stated that, opti ona lly, one can use a ru le of 

thumb in order to determine the number o f lags. Hence, in our case for this study the number of 

lags was determined by the rule of thumb i.e. number of lags = I + 3.3210g (n), where n is the 

number sample observations. In th is case the number of lags that have been utilized for thi s study 

was about 7. Distributions of pairwise distance for a ll of the data sets are given in Appendix IV. 

The maximum lag for each of data sets were determined by the SAS version 9.2 software. For 

BW99RVTII4, BW99RVTIl5 and BW99RVTII 6 data sets, the estimated maximum lag was 

4.59m and for DW99RVTII I data set, the estimated lag di stance was 4.38m. In all data sets the 

lag distances were measured in meter. 

For all of the data sets considered in this study, both empirical (class ica l) and Robust 

semivariogram for the estim ated residua ls of the RCBi id mode l were fitted with thei r 

corresponding Wald confidence limits. If there is an outlier in th e data sets, the robu st 

s~mivariogram is preferred to the class ical semi var iogram. But in our case as it can be see n from 

the Figure 3 below, almost for a ll of the data sets both the empirical (c lass ica l) and th e Robust 

semivariogram are the same. This imp lies that, there are no as such extreme outliers in the 

estimated res idua ls of RCBDi id model for each of the fo ur data sets. By default the SAS version 

9.2. software computes the Wald confidence limits for the estimated res idual semivari ance (See 

Appendix V). Here also as it can be seen from Figure 3 both the Robust and the class ical 

semivariance values at each lag lies within a 95% Wald confidence limits. Thi s result also shows 

that the fitted semi variances for the est imated res iduals are significant at 5% leve l of 

significance. 
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Figure 3: (a). The Empirical (Classical) and rob1lst semivariogram for the estimated residuals of 

the RCBiid model for BW99RVTJl5 data set, (b). The Empirical (Classical) and robust 
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semivariogram for the estimated residuals of the RCBiid model fo r BW99RVTI16 data set. (c). 

The Empirical (Classical) and rob1lst semivariogram for the estimated residuals of the RCBiid 

model f or BW99R VTIJ4 data set and (d) . The Empirical (Classical) and robust selll ivariogram 

f or the estimated residuals of the RCBiid model f or DW99RVTfII data set. The histogram like 

graph under each of estimated semivariograms represents the distribution of pairwise distance 

for each of estimated residuals. 

4.2.3. Diagnosis for the assumption of stationarity 

For a second order stationary process, the semivariogram must leve l out and reach a s ill (0. 

Bereke, 1999). As it can be seen from the above Figure 3, for all of the data sets the 

sem ivariogram leve l out and reach sill. Hence, we conclude that the stationarity assumpti on has 

been met for all of the four data sets. 

4.2.4. Diagnos is for the presence of spatial dependence 

As it has been clearly stated in Chapter three in the methodo logy part, if the fitted empiri ca l or 

robust semi variogram for a given data set is constant, then there will be no spatia l dependence 

among the observati ons. C learly, as it can be seen from the Figure 3 above, the fitted empirica l 

and robu st semivariogram for a ll data sets indicate positive spat ial corrc lation am ong the 

observations th at is the observati ons that are closer together tend to be more s imilar than ones 

farther apart (semi vari ance increased as lag d istance increased). Thi s indicates that there IS a 

spatia l dependence in the estimated residua ls of the RCBiid model for both data sets. 

4.2.5. Diagnosis for the assumption of isotropy 

As it has been clearly expla ined in the methodology part of Chapter three, the empi rica l 

variogram is not a va lid variogram; hence, we shoul d search for the spatial model wh ich satisfies 

the assumption of variogram model. Parti cularly the assumption o f isotropy of the spati al data 

must be sati sfi ed so as to search for the best spati al mode l am ong the isotropi c variogram 

model s. The isotropic assumption of the spatia l data can be checked by fitting sem ivariog ram in 

different directions. In our case by arbitrary se lecting three direct ions (degrees 1200,600 and 450
) 

we have fitted a semivariogram. 
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Figure 4: (a). A three dimensional variogram for estimated residuals of the RCBiid model for 

BW99RVTIJ5 data set and (b). A three dimensional variogram for estimated residuals of the 

RCBiid model for BW99RVTII6 data set, (c) . A three dimensional variogram for estimated 
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residuals of the RCBiid model for BW99R VT!l4 data set, and (d). A three dimensional variogram 

for estimated residuals of the RCBiid model for DW99RVTIII data set. 

As it can be seen from Figure 4 above, the fitted semivar iogram for estimated residua ls of the 

RCBiid mode l for a ll of the data sets were fa irly sim ilar in all three direct ions, suggesti ng th at 

the assumption of isotropy holds for the estimated res idua l of the RCB iid mode l for a ll of the 

four data sets. 

4.3. Results 

For all of the four data sets, the semi variogram fitted were used to estimate the starting 

parameters for the candid ate models. It was also assumed (based on Figure 3) that the spatia l 

covariance of the errors wou Id be best mode led with either a Gauss ian, Exponentia l, or Spherica l 

function either with or without a nugget effect. These are the three most common spatial 

covariance structure fitted in fi eld tria ls (Z immerman and Harville, 1991). 

4.3.1. Model selection for the first two data sets (BW99RVTIIS and BW99RVTII6) 

For both of the data sets considered in thi s secti on, both block and variety effects were assumed 

to be fixed. Hence, those model s that wi ll be fitted for these data sets are called fixed effect 

models and particularly those models which take into account for spatial variati on are ca lled 

spatial fixed effect models. We have used only Ale and A ICc as a mode l se lection too l. Id ea ll y, 

the LRT were used to compare the CR model and spat ial candidate mode ls. 

4.3.1.1. Model ulectionfor BW99RVT1l5 data sel 

T he semivariogram for the estimated residua ls orthe RCBiid model for BW99RVTI1 5 data set 

(Figure 3 (a)) indicates pos itive spati al corre lation in that observations that were c loser together 

tended to be more similar than ones farther apart (semivariance increased as lag distance 

increased). The semivar iogram a lso ind icated that spatial cova ri ance structures with nugget 

effects would be appropriate, as the semi var iance rema ined qu ite high beca use the lag di stance 

approached zero. T he B W99R VT1l 5 data set candidate covari ance models and the ir re lated 

stat isti cs and covariance parameters are summ arized in Tab le 2. A nugget exponenti a l and a 
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nugget spherical (both with and without block effect) did not reach convergence in thi s data 

fitting. T his shows that th ese models are not suitable for th is data set. Apart from these mode ls, 

the other spatia l models (both wi th and without block effects) and the RCB model had markedl y 

smaller AIC and AICc va lues than the CR mode l. This result is also supported by the Like lihood 

ratio test. Thus, apart from the two models, Exponential with nugget and Spherical with nugget, 

the LRT indicates that the other spatia l mode ls (both with and without block effects) and the 

RCB model had a very s ignificant d ifference in compari son with the CR model. T hi s result 

suggested that spatial variability is sign ificant in thi s tr ial , and that the use of both blocking and 

spatial mode l ana lysis were useful for th is trial. But all of the candidate spatia l mode ls, both with 

and without blocking (apart from Exponential with nu gget and Spherica l with nugget mode ls) 

had markedly sma ller A IC and AICc val ues than the RCB model showing that spatia l models 

were more usefu l than the RCB model. Among a without block effect no-nugget spatial 

cand idate model s, the no-nugget exponential mode l was selected because it had the smallest A IC 

and AICc va lues compared with a without block effect no-nugget Gauss ian and spherical 

models. On the other hand among a no-nugget spat ial candidate models with block effect a no­

nugget Gaussian model was selected because it had the smallest A IC and AICc over the other 

models under thi s category. Between a w ithout block effect no-nugget exponential and no­

nugget Gauss ian model with block effect, a without block effect no-nugget exponent ia l mode l 

with smaller AIC and A ICc value was chosen. Up on the compari so n of without block and 

nugget spatia l candidate mode ls, a nugget Gaussian model was se lected according to AIC and 

AICc. In comparing with block effect nugget spatial candidate mode ls, a nugget Gaussian model 

was se lected according to AIC and AICc. Between without block effect nugget Gauss ian and 

with block effect nugget Gauss ian model s, with block effect nugget Gauss ian model with sma ll er 

AIC and AICc value was chosen. Finally, between without block effect no-nugget exponential 

and with block effect nugget Gaussian models, a without block effect nugget Ga uss ian mode l 

with smaller AIC and AICc was chosen to be the best model for BW99RVTII 5 data set (Table 

2). 
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Table 2. BW99RVTII5 data set spatial candidate covariance models and related statistics and covariance parameters including 

randomized complete block with iid errors (RCBiid). 

---
MODELS 

No nugget Nugget No 
BW99RVTIIS CRlRCB No nugget Nugget nugget Nugget 

D 
Exponenti Exponenti 

Spherical Spherical Gaussia Gaussian 
al al 

n 
q 1 2 2 2 0 

J -~ + 
:::- -2InLL 22.7 -1.5 1.7 0.7 -5 .7 
o~ t -=.:< AIC 24.7 2.5 5.7 4.7 0.3 V> - " v .- 0 i .- ~EO AICc 24.8 2.7 5.9 4.9 0.7 ... r V> 

·0 P value 0.0013 <0.0001 <0.000 1 0.0003 0.0004 
'" ... q I 2 2 2 3 Vl ~ 

Oll N t 
~ -2InLL 21.8 3.8 7.3 3.5 -1.1 .S .:< -

f 
" ~ ... 0 AIC 23.8 7.8 11 .3 7. 5 4.9 ... 

..: EO AICc 23.8 8.0 11.5 7.8 5.4 -= - P Block 0.0079 0.3565 0.8221 0.0908 0.2852 
~ value Trt 0.0003 0.0003 <0.0001 0.0003 0.0004 

V> -~ Range, m NA 3.4843m 19.3578m 1.9158 3.2793m 
Q) ... :::-

'" 
o~ 

Q) E .c':< Sill 0.05388 0.05854 0.1689 0.04761 0.054401 - '" v .- . - 0 
c: ~ ~EO 

Nugget NA NA NA NA 0.009721 .~ Q) .... .... 
'" Q) 1.8362m 3.084 1 J11 > ... 

~ Range, J11 NA 2.8473m 19.371 J11 o Q) 
-t!-u E ;:.:< Sill 0.04614 0.05146 0.1751 0.04318 0.049903 '" .- '" .... ~.£ '" Co c:: Nugget NA NA NA NA 0.009753 
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o III "0 ~ I o OJ 
~ ... 
:.: 0 OJ .~ 

..:.:"" :s '"" 

~~ 
::;-u 
~ 

~ ~ 
N'U 
~ 

- d.f.-·r-=-- I :--r I ~-r~ - I I r 
LRT .1--=--- r 24.2 : - 2 1 ,-+------ 22 r 

P value - - - <0.000 ~ ---:-:.- --=t-<0.000 I _ ~ <0.0001 
d.f. I I I + - I I -=- i l l 
LRT r 18.9 15.4 - - 19.2 

P va lue _I __ -_ <0.0001 0.0001 1 <0.0001 
df denotes difference of number q of covariance parameters between the two compared models 
LRT denotes difference of -2InLL between two compared models 
- denotes failure of model to converge and the optimally-fitting spatial model is in bold type 
NA = Not Applicable, the estimated value of residual variance for CRlRCBD model is in Italic. 
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This last for this data set showed that block ing seemed to be unnecessa ry if a Gaussian 

covariance structure with nugget effect were used for this trial. As it can a lso be seen from the 

above Table 2, except for no nugget Gauss ian model all spatial models without block effects had 

smaller AIC and A ICc than a spatial mode l with block effect. Th is result is a lso supported by the 

resul t of p-value for block effect (p > 0.05) when spatial models with block effect are modeled. 

4.3.1.2. Model selection/or BW99RVTIl6 dala sel 

Like the BW99RVTII 5 data set, the semi variogram for the estimated res idua ls of the RCB iid 

model for BW99RVTlI6 data set (F igure 3 (b)) indicated pos itive spatia l corre lation, in that 

observations that which were closer together tended to be more similar than those farther apart 

(semivariance increased as lag distance increased). The semi var iogram a lso indicated that spat ial 

covariance structures with nugget effects wou ld be appropriate, but unlike for the above data set 

the semivariance for thi s data set is not quite high as lag di stance approached zero . The 

BW99RVTII6 data set cand idate covariance models and their related statistics and covariance 

parameters are summarized in Table 3. From the resu lt of Tab le 3, all the spatial models (with or 

w ithout block effect) and RCB models had a smaller AIC and AICc than C R model. The result 

of LRT also indicates that th e spatial model s (w ith or without block effects) had a significant 

difference in a comparison with the CR model. Like the result of BW99RVTII5 data set, this 

resu lt a lso suggested that a significant spatial variabi li ty existed in the est imated residuals of the 

RCBi id mode l for BW99RVT I1 6 data set, an d that the use of both blocking and spatial model 

analysis was useful fo r thi s trial. Un like fo r BW99RVTI1 5, all the spatial mode ls are not better 

than the RC B model. As it can be observed in Table 3, a without block no-nugget Spherica l 

model (with or without block effect) and w ithout block no nugget Gaussian mode l had a greater 

AIC and A ICc than the RCB model. Apart from these three models, all the other spati a l models 

(w ith or without b lock effects) had sma ller AIC and AICc va lues than the RCB model (Table 3). 
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Table 3. BW99RVTII6 data set spatial candidate covariance models and related statistics and covariance parameters including 

randomized complete block with iid errors (RCBiid) . 

MODELS 

No nugget Nugget 
No 

BW99RVTII6 CRlRCB No nugget Nugget nugget Nugget 
Exponcnti Exponenti 

D 
al al 

Spherical Spherical Gaussia Gaussian 
n 

q- I 2 3 2 3 2 0 
0 - ~ -2InLL -1 9.8 A5.8 A7.9 -39.9 A7.9 -34.0 A7.4 = .... o~ 

AIC -17.6 A1.8 -35 .9 .c':": -41.9 A1.7 -30.0 -41.4 
til - '" u .- 0 AICc -17.7 -41 .6 -41.7 -35.7 -41.4 -29.8 -40.9 ·0 ~ai 
.~ P value 0.0024 <0.000 1 <0.0001 <0.0001 <0.000 1 <0.0001 <0.0001 ~ 

os 
~ 

2 3 2 3 2 3 til 
~ q 

OJ) ..... 
c: ~ -2InLL -38.3 A5 .1 A5.8 -34.3 A5.4 A2.4 -45.9 .:..: ·0 '" AIC -36.3 -41.1 -39.8 -30.3 -39.4 -38.4 -39.9 ~ 0 
~ ai AICc -36.2 -40.9 -39.4 -30.0 -38.9 -38.2 -39.5 .c - P Block <0.0001 0.0071 0.0596 0.50 16 0.0482 0.0002 0.017 

~ value r Trt 
-

<0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 

til -~ Range, m NA 3.3681 m 11.730lm 9175.22M 16313 1.6632 5.0026 
~ = .... o~ ... ....:..: os 0.041801 39.8151 22.09549 0.024 0.026347 ~ E - '" Sill 0.02652 0.0274 .- 0 

u .- ~ai Nugget NA NA 0.006571 NA 22.0874 NA 0.009477 c: ... 
. ~ ~ 

Range, m NA 1.755m 3.384m 12256m 12.6082m 1.3625m 3.5541m .... .... 
os ~ ~ > ... ..... o ~ .c ~ 

Sill 0.01609 0.01734 0.01822 53.5488 0.020088 0.0161 0.017567 u E -.:..: .- '" os ~.S! .... 
os co 

Nugget NA NA 0.005964 NA 0.008978 NA 0.008741 Q, 
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d.f. Wo:: 
-g~ ;:u 
o '" ... 

. ---h 1 ~ 2 -1 - T-2 -
LRT__ _ -_ 26_12~ L 2.0.1 -t 28 .1 14.2 

.c ~ - P-value - <.0 . .0.0.0 1 <.0 . .0.0.0 1 <.0 . .0.0.0 1 <.0 . .0.0.0 1 .0 . .0.0.02 
~ 0 
J<l'l:l ._ OS 
....:l ... 

00:: -u 
d.f. I 2 2 1 1 

LRT 25.3 26 14.5 25.6 22.6 ~ 

C 
P-value .-L .J -:.0 . .0.0.01 <.0 . .0.0.01 .0 . .0.0.0 1 <.0 . .0.0.01 T <.0 . .0.0.01 J. 

df denoles difference of number q of covariance paramelers between Ihe two compared models 
LRT denoles difference of -2InLL between two compared models 
- denotesfailure of model to converge and the optimally-filling spalial model is in bold type 
NA =Nol Applicable, the eslimaled value of residual variance for CRlRCBD model is in Italic. 
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On the other hand, except for a with block effect no-nugget Gaussian model, all without block 

effect spatial candidate model had smaller Ale and Alec than with block effect spatial candidate 

models . But unli ke for BW99RVTII 5, this conclus ion is not strong ly supported by the p-va lues 

for block effect which for some of them it is less than 0.05 . Based on Table 3 above, among a 

without block effect no-nugget spatial candidate model s, the no-nugget exponent ial model was 

se lected because it had the smallest Ale and Alec va lue compared with a without block effect 

no-nugget spatial candidate models. Among a with block effect no-nugget spatia l candidate 

models, a no-nugget Exponential model was se lected because it had the smallest Ale and Alec 

values among others models under this category. Between a with or w ithout block effect no­

nugget exponential model , a without block effect no-nugget exponential model with smaller Ale 

and Alec values was chosen. Among a without block effect nugget spatial candidate model s, a 

nugget Exponential model was selected because of its smaller Ale and Alec va lues. Of those 

nugget spatial with block effect candidate mode ls, a nugget Gaussian model with smaller Ale 

and Alec values was chosen. Between without block effect nugget Exponential model and w ith 

block effect nugget Gauss ian model, a without block effect nugget Exponential model with 

smaller Ale and Alec values was chosen. Fina ll y, from a without block effect no-nugget or 

nugget exponential model, a without block effect nugget Exponenti al mode l with smaller va lu es 

of Ale and Alec was chosen to be the best model for BW99RVT1I6 data set. This last model for 

this data set showed that blocking seemed to be unnecessary if a nugget Exponent ial covariance 

structure were used for thi s tr ial. 

4.3.2. Model selection for the second two data sets (BW99RVTII4 and 

DW99RVTIIl) 

Unlike the first two data sets (BW99RVTI15 and BW99RVTII6) in which both block and variety 

effects are assumed to be fi xed, for both of data sets (BW99RVTII4 and DW99RVTII I) 

considered in th is section the block effects are assumed to be random and the variety effect is 

again fixed. Since there is a random and fixed effect components in the fitted model , those 

models that were fitted for the two data sets taken under thi s secti on are ca lled a mi xed effect 

models, and particularly those models wh ich took spatial variation into account are cal led spatia l 
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mixed effect models. The mode l selection procedures for each o f the data sets taken In thi s 

section are shown under the following sub section. 

4.3.2.1. Model selectioll/or BW99RVTlI4 data set 

As it can be seen in (Fig. 3 (c)), like the above two data sets the semivariogram of the estimated 

res idual s o f the RCBiid model for BW99RVTJJ4 data set ind icates pos itive spatia l correlat ion, in 

that observati ons that were closer together tended to be more s imilar than those farther apart 

(semi variance increased as lag di stance increased). The semi variogram a lso indicated that spatia l 

covariance structures with nu gget e ffects would like ly be appropriate, as the semivariance 

rema ined quite high as the lag di stance approached zero. The BW99RVTII 4 data set candidate 

covariance models and the ir re lated statistics and covariance parameters are summarized in Table 

4 . For this data set, a no-nugget Exponential (with or without block effect) mode ls did not reach 

convergence in th is data fi tt ing. This shows th ese mode ls are not su itable for thi s data set. Hence , 

a no-nugget exponent ial mode l was excluded. Apart from these models, the other spatial models 

(both with and without block effects) and the RCB model had marked ly smaller AIC and AICc 

va lues than the C R model. This resul t is a lso supported by the Likelihood ratio test. Thus, apart 

fro m the two models, no-nugget Exponenti al (with or w ithout block effect) mode ls, the LRT 

ind icates that the other spatia l mode ls (both with and without block e ffects) and RCB model had 

a very signi fica nt di fference in comparison with the CR model. Thi s resul t suggested that a 

s ignificant spatial vari ability ex isted in thi s trial , and that the use of both blockin g and spati al 

model analys is was useful for thi s tria l. But all of the candidate spatia l models, both with and 

without blocking (apart from no-nugget Exponential (w ith or without block effect) and nugget 

Spherical with block effect model s) had markedly smaller AI C and AI Cc values than the RCB 

model showing that spatial models are more useful than the RCB model. 
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Table 4. BW99RVTII4 data set spatial candidate covariance models and related statistics and covariance parameters including 

randomized complete block with iid errors (RCB iid). 

---
MODELS 

BW99RVTII4 CRlRCB ' No nugge~ Nugget 
No nugget Nugget 

No 
t Nugget 

D Expouent' Exponenti 
Spherical Spherical Gnugg~ I Gaussian 

I al al auss,an 
q 

t 
I 2 2 

, 
2 3 , -~ -

:::I - -2 In LL -13.8 -38.0 + j 
-33.3 -35.5 -32.3 -37.3 

'" 
o~ 
.c":': AIC -11.8 -34.0 -29.3 -29.5 -28.3 -31.3 .~ 
_ C,I 

~ .- 0 t 
'" ~ii3 AICc -I 1.8 -33.8 j. -29. I -29.1 -28.1 -30.9 ·z 
'" P value 0.0729 <0.000 1 <0.000 1 <0.000 1 0.0018 0.001 I ~ 

<n 
2 3 3 4 3 4 b.O q 

C ~ 

-2InLL -32.0 -38.8 -33.3 -32.0 -38.8 -39.6 "£ .c t!-
- ..:.: AIC -28.0 -32.8 -29.3 ~ .- C,I -26.0 -32.8 -31.6 
~s:: 
~ AICc -27.8 J -32.4 J -29.1 -25.6 -32.4 -30.9 

P value 0.0037 0.0010 <0.0001 0.0037 0.0028 0.00\3 

'" -~ Range, m NA 3.527m 53 I 8.33m 30.42m 1.9251 3.4495m ., :::1-
~ o~ , 
'" .c":': 

Sill 0.02929 0.03210 25.7692 0.075028 0.02760 0.029225 ., e 
_ C,I 

.- 0 
C.l .- ~ii3 0.007768 0.001 I c t: Nugget NA NA NA NA 
.~ ~ ... ... Range, m NA 2.0397 5318.3lm 160.0m 1.6813m 2.6076 '" ., > ~ ~ 

o ., .c t!- Block 0.01015 0.007482 I. I 2E- I 5 0.010 15 0.009292 0.008386 
u e - ..:.: 

.- C,I 

'" ~s:: Si ll 0.01914 0.02207 25.7691 0.01914 0.02039 0.021632 ... 
'" ~ 
Q, Nugget NA NA NA 0.0191 4 NA 0.006742 
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II 
II) 

II 
.!: ... 
os ... 

"0 o 
o 
:S 
Oi ..:.: 
::::l 

r ~~ ;::;-U ..... 

o 
~~ 
~U 

o -~ ~,...; ......... ..... 

d.f. ' --_- 1 

!:~ L -_ 1 24.2 
p-value t <0.0001 T -d. f 1 2 

-
LRT 18.2 25 

p-value r <0.0001 <0.000 1 

---- I I 2 

- i ~212 _.j 
L .~ _ . <O.~OOI i <O.~OO I i 

-- 1 19.5 - 18.2 

0.0001 0.0004 

d.f. 1 

LRTOI 18.2 -0 .8 o 3.5 

p-value <0.0001 0.50 0.0307 

2 

18.5 ~ <0.0001 <0.0001 

2 3 _. -
25 25.8 

<0.0001 <0.0001 

1 

-6.5 -2.3 

d.f denotes difference of number q of covariance parameters between the Iwo compared models 
LRT denotes difference of-2lnLL between two compared models 
- denotes failure of madelia converge and the optimally-jilling spalial model is in bold Iype 
NA ~ Not Applicable, Ihe eslimaledvalue of residual variance for CRlRCBD model is in Iialic. 
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Among a without block effect no-nugget spatia l candidate mode ls, the no-n ugget exponent ia l 

model was se lected because it had the sma ll est AIC and A ICc va lues. Among a no-nugget spat ia l 

with block effect candidate model s, both no-nugget Exponential and Gauss ian models were 

se lected because they had equa l smaller AIC and A ICc va lues than a no-nugget spher ica l mode l. 

S ince two models were se lected among the block effect no-nugget spati al model, a comparison 

between these models with a selected w ithout-block effect no-n ugget spatial model we wi ll use 

AIC and LRTol methods. To compare without block effect no nugget exponenti al model and 

with-block effect no-nugget Gauss ian model, A IC and AICc were used because they were based 

on di ffe rent spati a l covariance structures. In deed a no-nugget Exponential model was selected 

because it had smaller AIC and AICc values. To compare a with- and without-block effect no­

nu gget exponenti al model, the LRTol were used because these models were based on the same 

spatia l covariance structure, thus they were nested. The value of A for the compariso n of these 

mode ls was -0.8. C lear ly, the LRTol was not s ign ificant and aga in a without-block effect no 

nugget Exponential model was selected. Hence, among a no-nugget spat ial mode l (with- or 

without-b lock effect) a without-b lock effect no nugget Exponent ia l model was selected. On the 

other hand among a without-block effect nugget spatial cand id ate mode ls, a nugget Gauss ian 

model were selected because it had a small er AIC and AICc va lues than a nu gget Spher ical 

mode l. Among a w ith-block effect nugget spat ial candidate models, a nugget Gauss ian mode l 

was selected because it had a smal lest A IC and AlCc va lue than nugget spatia l candidate mode l. 

To compare a with and without block effect nugget Gauss ian model, aga in the LRTol cri terion 

was used because these models were based on the same spati a l covar iance structure, thus they 

were nested . The value of A for th e compari son o f these models was -2 .3 . Clearly, the LRTol was 

not significant and a without-block effect Gauss ian model was selected. Finally among the 

selected nugget spati al candidate model s and no-nugget spatial model, a without block effect no 

nugget Exponenti a l model was se lected as the best model fo r BW99 RVT II 4 data set. Like the 

fi rst two data sets, thi s fina lly se lected mode l for this data set showed th at blocking seemed to be 

unnecessary if a no-nugget Exponenti a l covariance structu re were used fo r thi s trial. 

4.3.2.2. Model selection/or DW99R VTIIJ data sel 

As it can be seen in (Figu re 3 (d)), like the above three data sets, th e semi va riogram fo r the 

estimated residua ls of the RCB iid model for DW99RVT III data set indicates positi ve spatia l 
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correlation. The DW99RVTIlI data set candidate cova riance models and re lated statistics and 

covariance parameters are summarized in Tab le 5. A with-block effect no-nugget Spherica l 

model did not reach convergence in th is data fitt ing. Th is shows that thi s mode l is not suitab le 

for the data set. Apart from thi s model, the other spatial models (both with - and without-block 

effects) and RCB model had marked ly smaller AI C and AICc va lues than the CR model. T he 

semivariogram (Figure 3 (d» for the estimated residuals of the RCBiid model for DW99RVTIII 

data set seemed to be nearly pure nugget effect. T his ind icates that if the semivariogram for the 

estimated res idual s of th e RCBiid model had been as the onl y criter ion used to se lect the 

covariance model for DW99RVTIlI data set analys is, one mi ght have se lected the RCB iid 

model. But using the same princ iple of se lection procedure for the above data sets, a without­

block effect no nugget Exponential model was the optima lly fitting mode l fo r the DW99RVTIII 

data set. Furthermore, as it can be see n from the result of LRTol that the spatial mode ls with 

block effects were not s ignificantly different from those spatial model s without block effects 

(LRT o f (2) to ( I) in Table 5) showi ng that the block ing seemed to be unnecessary if spat ial 

models were already used for these trials. 
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Table 5. DW99RVTIII data set spatial candidate covariance models and related statistics and covariance parameters including 

random ized complete block w ith iid errors (RCB iid). 

MODELS - 1"; DW99RVTII1 CRlRCB 
No nugget Nugget 

Nugget 
No 

Nugget . No uugget 
D 

Expoueuti Exponeuh S h . I Spherical 
nugget 

Gaussian 
al al p cnca Gaussian 

q 

j 
2 3 2 3 2 3 -~ -2InLL -1 8.9 -24.5 -25.4 -1 2.7 -24.5 -22.0 -25 .1 ,, -

III I o ::i' 
AIC -1 6.9 -20.5 -19.4 -8.7 -18.5 -18.0 -1 9. 1 .~ ~ '" .... . - 0 

III ~s:i AICc - 16.9 -20.3 -19.0 -8.5 -1 8.1 -17.8 - 18.6 ·z 
'" P value 0.0538 0.0075 0.0386 0.0002 0.0338 0.0446 0.0103 .... 
en 

2 3 4 4 3 4 b/) q 
c ~ 

-2In LL -20.9 -25.2 -27.3 -27.3 -22.7 -27.1 ·z .c ~ .... -..:.: A IC -16.9 -19.2 -19.3 -19.3 -16.7 -1 9. 1 ..: .- '" 
~.£ 
~ AICc -1 6.9 -1 8.8 -18.6 -18.6 - 16.2 -1 8.3 

P value 0.0343 0.0069 0.0015 0.0067 0.0460 0.0120 

... -~ Range, m NA 1.7224m 3.4197 6956.07m 18.8833m 1.3685m 3.8055m 

'" ,,-.... o~ 

'" .c":': Sill 0.02649 0.02782 0.02822 47.0448 0.03023 0.02643 0.02746 e - '" .- 0 

'" III ~s:i ... '" Nugget NA NA 0.01145 NA 0.0 1874 NA 0.01576 '" .... c.'" 
'" e Range, m NA 1.6719m 7.1466m 20.1628m 1.2969m 7.5206m u .-
c iii ~ 

.~ OJ .c ~ Block 0.002213 0.001892 0.002794 0.002933 0.001771 0.002914 ... -..:.: 
'" .- '" 
> ~ .£ Sill 0.02430 0.02643 0.02729 0.023 18 0.02484 0.02542 0 ~ u 

Nugget NA NA 0.01538 0.01734 NA 0.01856 
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- --
I T d.f. 2 2 2 i ~~ 

, 
T J ~ su 1 LRT 5.6 6.5 t--6_.

2 5.6 3.1 6.2 
III 

'" P value 0.0180 0.0388 0.0608 0.0783 0.0450 ... 
0 .;: I d.f. I 2 3 3 2 3 
" l- e LRT 2 6.3 8.4 8.4 3.8 8.2 't:I -0 ~~ 

1 0 ~U P value 0.1573 0.04290 0.0384 0.0384 0.1496 0.0421 
:5 
-.; d.f. I 
.:z: e 
:::i -~ LRTol 2 0.7 1.9 2.8 0.7 2 ~-N~ 

~ 

p-value 0.07865 0.2014 0.08405 0.047 15 0.2014 0.07865 

df denotes difference of number q of covariance parameters between the two compared models 
LRT denotes difference of-2lnLL between two compared models 
- denotes failure of model to converge and the optimally-filling spatial model is in bold type 
NA = Not Applicable, the estimated value of residual variance for CRJRCBD model is in llalic. 

57 



4.4. Semivariograms, Spatial Ranges, and Selected Covariance Models 

For BW99RVTII 5 and BW99RVTII6 data sets, the estimated ranges of spatial dependence of the 

errors from the se lected model (Without block effect nugget Gauss ian and without block effect 

nugget Exponentia l respective ly, Tab les 2 and 3) were approximate ly 3.28m and II. 73 m 

respectively, which was less than the maximum di stance within a block (- 3 1.8 m) but greater 

than the plot dimensions (- 2.8 m). This indicated that spatially correlated errors ex ist within and 

among blocks, probably due to the omiss ion of one or more unknown covariates from the mode l. 

In thi s case, the block effect would not be expected to be ful ly effective in exp laining the spat ia l 

structure. Additionally, semi variograms fo r the estimated res iduals of the RCB iid mode l for both 

of these data sets indicate that a spatial covariance structu re should include a nugget effect. 

These facts are consistent with the se lected mode l for these data sets, and indicated that the 

spatial corre lat ion should have been accounted for by ignor ing blocking and inc lud ing an 

estimation of the spatial covari ance structure of the errors in the model. 

For the BW99RVTII4 data set, the estimated range of spatial dependence of the errors from the 

se lected mode l (Without block effect no nugget Exponential, Tab le 4) was -3 .53 m, which was 

less than the maximum d istance within a block (-3 1.8 m) but greater than the plot dimensions 

(- 2.8 m) . This indicates that, li ke the first two data sets, spatially corre lated errors ex ist within 

and among blocks, probab ly due to th e omission of one or more unknown covar iates from the 

mode l. In thi s case, the random block effect would not be expected to be full y effecti ve in 

explaining the spatial structure. 

For the DW99RVTlli data set, the est imated range of spatial dependence o f the errors from the 

se lected model (Without block e ffect no nugget Exponenti al, Table 5) was - 1.72m, which is 

s lightly less than the plot s ize, indicati ng that spati ally co rrelated errors were present within the 

sca le of adjacent plots. In such a case, a random block is not expected to be effecti ve in 

accounting for spatial heterogeneity. In thi s case, a spatia l covariance function a lone would be 

better to account for the spatial correlation. 
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4.5. Model Impact on P-Values 

I n a ll o f the four trial s, the errors were spatia lly corre lated, the estimated range for the se lected 

spatia l model was less than the block size, and as it can be seen in Tab le 6 below, the RCB iid 

method tended to give hi gher estimates of the standard errors of estimated var iet ies than the 

other model. 

Table 6: Minimum, maximum and average standard error (SE) and the degrees of freedom 

(D.F.) of estimated varieties in a se lected mode l for each of data set and their corresponding 

RCBDiid model. 

Max. 
~ Mi n. '" 

Aver. 
Max. ...: Min. Q 
Aver. 

Selected model for the each of data sets and their corresponding RCBDiid 
model 

BW99RVTII5 BW99RVTII6 BW99RVTII4 DW99RVTIII 
RCBDiid WBNG RCBDi id WBNN E RCBDiid WBNNE RCBDiid 

0.1519 0.11 20 0.0897 0.0621 0.0978 0.0891 0. 1103 
0.15 19 0.0962 0.0897 0.0564 0.0978 0.0791 0.1103 
0.1519 0.1045 0.0897 0.0594 0.0978 0.0849 0.11 03 

57 43.8 57 54.3 57 5 1.5 54 
57 32.6 57 42.5 57 45.6 54 
57 37.61 57 49.0 57 48 .7 54 

WBNG denotes a without-block effect nugget Gausswn model 
WBNNE denotes a without-block effect no-nugget Exponential model 

WBNN E 
0.1082 
0.1006 
0.1040 

54.8 
44 .8 
49.1 

Consequently, for a ll of the data sets, the RCBiid and the selected covariance model resulted in 

different conclusions regarding treatment sign ifi cance. For instance, the se lected spat ial 

covariance model for DW99RVTII4 and DWRVTII I resulted in a small er s ignifi cance leve l fo r 

var iety comparison, p < 0.000 I and p ~ 0.0 11 2 compared with p ~ 0.0037 and p ~ 0.0356 for the 

RCB iid model, respectively. The data in Tables 3 to 5, indicate that the varieties p-value 

associated with any given candidate covariance model , except for BW99RVTII6 data set, is very 

sensitive to the form of that mode l. This shows that, arbitrary se lect ion of a covar iance model 

can result in dramatica lly d ifferent treatment conclusions. The inclusion or om iss ion o f block 

effect and nugget effect in the models, except fo r BW99RVTll6 data set, also affected the p­

value of the F-test of different varieties (Ta bles 3-5). For instance, for the DW99RVTIII data set, 

the p-values for models with-block effects and no-nugget spat ial mode l range from 0.0069 to 

0.0460. But for a nugget spatial candidate mode ls with -b lock effect, the p-va lues range from 
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0.00 15 to 0.0.0120. If no-nugget and no-block effects were included, the p-va lue dropped 

dramatically to 0.0002 for the no-nugget Spherical model without block effect. 

4.6. The impact of the selected spatial model on detecting differences among 

treatments or variety contrasts 

As can be seen in Table 7 below, again the superiority of spatial mode ls is clearly shown in 

detecting a difference among treatment contrasts. 

Table 7. Stat istical test for some of the treatment contrasts on the bases o r selected spatial model 

and RCBDiid model for each data set. 

RCBDiid Selected spatial model 
Trials Source! 

DDF2 FJ P value DDF F 

I vs 3 57 1.6245 0.2076 49.9 7. 1013 

BW99RVTII4 1 vs 4 57 2.329 0.1325 50.3 6.0821 

I vs 10 57 3.6759 0.0602 45.6 13.2736 

1 vs 2 57 0.0829 0.7744 38.7 4.9480 

BW99RVTII5 I vs 3 57 1.624 0.2076 42. 1 6.5230 

1 vs 5 57 0.6052 0.4398 41.7 5.9991 

I vs 8 57 8.8485 0.0042 5 1.9 11.446 1 

BW99RVTII6 I vs 15 57 3.6246 0.0619 51.3 7.7845 

2 vs 18 57 6.4444 0.0138 48.3 9.6277 

2 vs 12 54 4.7630 0.0334 43.4 7.5008 

DW99RVTII1 4 vs 18 54 4.2603 0.0438 49.9 12 .3267 

5 vs 12 54 8.4238 0.0053 43.9 9.2539 

[I] the selected trealmel1l contrasts/or the II/ustrallonjrom each Ino/s. 
f2} Denominolor degrees a/freedom 
[3J F calclliated 
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P value 

0.0103 

0.0171 

0.0006 

0.0320 

0.0 143 

0.0185 

0.0013 

0.0073 

0.0031 

0.0089 

0.0009 

0.0039 



4.7. Discussion 

We have used a semivariogram for the initi a l estimate o rthe parameters of the spatia l covariance 

structure for each o f the data sets in thi s study. Some of the spati a l candidate models d id not 

converge and these a ll are removed from the analysis with the assumpt ion that these models are 

not suitable for the given data sets. Exponentia l with nugget and Spherica l with nugget mode ls, a 

no-nugget Exponential (w ith or without block effec t) models and w ith block effect no-nugget 

Spherical model d id not reach convergence for BW99RVTlI 5, BW99RVTII 4 and DW99RVTII I 

data sets, respective ly. Some of the estimated parameters of the spatia l covariance are a lso 

unrea listic, thus, the estimated range for some of the spatia l cand idate models are unreali stic. For 

instance, for the BW99RVT1I6 data set, an estimated range for a nugget spherical and no-nugget 

spheri cal model both without-block effect were 163 13m and 9 175.22m, respectively. These are 

greater than the block dimension (Table 3) and a lso for the BW99RVT II4 data set, an estimated 

range for a without block effect no-nugget spherical mode l and a no-nugget spher ica l model with 

block effect were 53 18.33 m and 53 18.3 Im, respecti ve ly (Table 4). If we a lso consider the 

DW99RVT III data set, the estimated range for a without-b lock no-nugget sp herical model was 

6956.07m (Table 5). The correspond ing estimated s ill was also unrealistica lly large. The mode l 

selection tool a lso indicates that these moue Is have poor fit spatia l models among the cand idate 

spatial models. 

A without block effect nugget Gauss ian model and nugget Exponentia l mode l were selected for 

the first two data sets, BW99RVT II5 and BW99RVTlI 6, respect ive ly and the no nugget 

exponenti a l without block effect was selected for the second two data sets, BW99RVTII 4 and 

DW99RVTIII . It was found that in all of the four tri als, the estimated res idua l from RCBi id 

mode l were signi fi cantly spat ia lly corre lated , prov iding evidence of fi e ld heterogene ity within 

blocks that cou ld make the RC Biid method less powerfu l than a method that incorporated spatial 

corre lat ion. These fi nally selected models for the data sets showed that the blocking seemed to be 

unnecessary if these se lected spatia l model were used fo r each of the tri als. For instance, for the 

fi rst two data sets (BW99RVTl I5 and BW99RVTII 6) in which block effects are constant, the p­

va lue is s ignificant fo r block effect after spatia l variat ion were taken into acco unt. This a lso 

supports the above idea. For each of the data sets the est imated parameters of the se lected 

semivariogram model did match with the visual inspection of the semivari ograms. 
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We have a lso showed that the p-va lue for the fixed treatment effect was sma ller under se lected 

spatia l mode ls than the trad itional RCBD models for each o f the data sets except fo r 

BW99RVTII6 (Tab les 2 - 5). For instance, for the DW99RVTlII data set, the p-va lues for 

models with-block effects and no-nugget spatial model range from 0.0069 to 0.0460. But for a 

nugget spatial candidate model s with-block effect, the p-values ran ge from 0.0015 to 0.0.0 120. If 

no-nugget and no-block effects were include, the p-va lue dropped dramatically to 0.0002 for the 

no-nugget Spherica l model without-bl ock effect. 

The selected spatia l mode ls also have a smaller standard error than the RCBD iid model (Tab le 

6). The selected spatial model s for all of the four data sets under considerat ion also have higher 

power of detecting di ffere nce among treatment contrasts (Table 7). For in stance, for the 

BW99RVTI 14 data set, wh ile the analysis under RCBDiid model d id not detect any difference 

among the 1st and 3 rd , the 1st and 4th and the 1st and l oth varieti es (p va lue> 0.05), The selected 

spati al model analysis for th is data set showed that two of the three contrasts were significant (p­

va lue <0.025). In genera l, if data sets have a s ignificant spatial dependence, fitting the mode l by 

taking spatial variat ion into account is important. 
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CHAPTER FIVE 

5. CONCLUSIONS AND RECOMMENDATIONS 
5.1. Conclusions 

The importance of spatial variab ility to be expected from a log ical and subj ect-related 

perspective is confi rmed in a vari ety of experiments. As presented in much of the li terature, 

spat ia l ana lys is may lead to im provement in e ffi ciency with regard to standard error fo r the 

est imation o f fi xed effects th an non-spatial analys is provided that spatia l vari abi lity is present. 

Th is study foc used on compari sons of linear fi xed and mi xed models with various spatial 

covariances us ing Kenward-Roger methods for approximating denominator degrees of freedom. 

With th is fra mework of the fixed and mixed mode ls, spatia l ana lys is is conven ient in practice 

with regard to provid ing d ifferent covariance structures for a wide range of spatial variabil ity, 

model selection by li kelihood-based criteria, and the ava ilabili ty of programs for realization, e.g., 

SAS software. Semivariogram were used as a spec ia l tool for spatial analysis. Most of the 

investigated spatial models showed better fi t and sma ller standard error for treatment contrasts 

than the RCBDiid model. A suitable model can take spatial variability into account we ll , and 

effecti ve ly adj ust the location effect for treatment ,, [[toct estimation. Thcrcfore, the se lected use 

of an optimal model is important for ana lyzing plant cul tivar tria ls. In genera l, from this study we 

fo und that: 

? Randomization does not complete ly remove spatia l co rrelation. 

? Blocking also does not complete ly control the spatia l variat ion. 

? Spat ial-modeling approach can give more precise inference . 

? The se lected model fo r all data set showed that the block ing woul d be unnecessary if 

these se lected spatial model were used fo r each of the trials. 

? In the presence o f spatia l dependence among observations of variety tria ls, the spat ial 

modeling prov ides an increased power in stat ist ical tests, reducing standard errors of 

treatment/variety estimates. 
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5.2. Recommendations 

~ Since the spat ia l models have greater efficiency than the convent io nal analys is of variance, 

researchers should take into account spati al variation in fie ld experiment in situati ons were 

spati a l dependence among the observations is s igni ficant. 

~ Since the arbitrary se lecti on of a covariance mode l can result in dramati ca lly di ffe rent 

treatment conclusions, agronomist is adv ised to use the proced ure of mode l se lection that 

have been used in thi s study . Thus, first, use the semi variogram to check the presence of 

spati al dependence in the data and identi fY the poss ible covari ance stru cture of the data; 

second , use thi s semi vari ogram as an initial estimate of the covari ance parameter for the 

selected possible covari ance structure in the firs t step; fi na lly, use the informat ion criterion 

and LRT to select an optima lly fitting spat ial mode l. 

~ For all data sets used in this study, block effects become ins ignificant after the inc lus ion of 

spatia l covari ance structure in the mode l, th is result raises the qu estion " Does rea lly the 

des ign matters?" . Hence, we recommend that fu rther study be undertaken to better 

understand the effect of spatial model tak ing different designs other than RCBD iid. 

~ We have on ly used in formation criterion and Like lihood rat io test criterion for mode l 

se lect ion. But there are a lso some other criteria used to se lect a va lid variogram mode l such 

as cross va lidation, so, we recommend that further stud ies should be done in th is area. 
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APPENDICES 

APPENDIX I 

Table 8. The list ofBW99RVTl I4 data taken from Ethiopian Agricultural Research 
Organization (EARO). 

Loc' Entry' Rep' North' East' Trnyldkg' 

----±- 1 1 2.5 1.2 1.19223 
4 2 1 2.5 2.8 1.25214 
4 3 1 2.5 4.4 1.10406 
4 4 1 2.5 6 1.24683 
4 5 1 2.5 7.6 1.1163 
4 6 1 2.5 9.2 1.31448 
4 7 1 2.5 10.8 1.38618 
4 8 1 2.5 124 0.96372 
4 9 1 2.5 14 1.05519 
4 10 1 2.5 15.6 0.93897 
4 11 1 2.5 17.2 1.24407 
4 12 1 2.5 18.8 108006 
4 13 1 2.5 20.4 0.87837 
4 14 1 2.5 22 0.95181 
4 15 I 1 2.5 23.6 1.12923 
4 16 I 1 2.5 25.2 1.19439 
4 17 1 2.5 26.8 1.37079 1 

4 18 1 2.5 28.4 1.11795 I 
4 19 1 2.5 30 1.06083 
4 20 1 2.5 31 .6 0.5982 , 

4 17 2 6 1.2 0.96315 
4 18 I 2 6 2.8 1.22655 
4 2 I 2 6 44 1.33428 
4 1 I 2 6 6 1.21092 
4 11 2 6 7.6 0.9933 I 
4 20 I 2 6 9.2 0.834 
4 15 2 6 10.8 1.16139 
4 10 2 6 12.4 0.96909 
4 6 2 6 14 1.26492 
4 13 2 6 15.6 1.26306 
4 3 2 6 17.2 1.19709 
4 9 2 6 18.8 1.00335 
4 7 2 6 20.4 1.16799 
4 14 2 6 22 1.11702 i 
4 4 2 6 23 .6 1.45665 I 
4 16 2 6 25.2 1.24578 I 
4 8 2 6 26.8 1.1958 I 
4 19 2 6 28.4 140355 ! 
4 12 2 6 30 1.15674 
4 5 2 6 31 .6 1.18893 
4 7 3 9.5 1.2 1508fl......, 
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4 18 I 3 
4 20 3 
4 17 I 3 
4 13 3 
4 5 3 
4 12 3 
4 8 3 
4 10 3 
4 2 3 
4 6 3 
4 19 3 
4 16 3 
4 14 3 
4 9 3 
4 3 3 
4 15 3 
4 11 3 
4 1 3 
4 4 3 
4 8 4 
4 11 4 
4 6 4 
4 20 I 4 
4 14 4 
4 3 i 4 
4 5 4 
4 10 4 
4 1 4 
4 12 4 
4 7 4 
4 19 4 
4 17 4 
4 9 I 4 
4 13 4 
4 4 4 
4 16 4 
4 15 4 
4 18 4 
4 2 4 
[I] Local/on of lhe experimental sue 

[1] 71,e variety . 

[3] ReplicationlBlock 

9.5 2.8 
9.5 4.4 
9.5 6 
9.5 7.6 
9.5 9.2 
9.5 10.8 
9.5 12.4 
9.5 14 
9.5 15.6 
9.5 17.2 
9.5 18.8 
9.5 20.4 
9.5 22 
9.5 23.6 
9.5 25.2 
9.5 26.8 
9.5 28.4 
9.5 30 
9. 5 31 .6 
13 1.2 
13 2.8 
13 4.4 
13 6 
13 7.6 
13 9.2 
13 10.8 
13 12.4 
13 14 
13 15.6 
13 17.2 
13 18.8 
13 20.4 
13 22 
13 23.6 
13 25.2 
13 26.8 
13 28.4 
13 30 
13 31.6 

[ 4} Spalial position of each plOl in rhe North directioll 
[5J SpOlia! position of each plol in the £a5/ directioll 
{6] Yield 0/ varieties withill each plols in kg. 
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1.30551 
0.96009 i 
1.1931 3 
1.24824 
1.27143 
1.2984 

1.28733 I 
1.28445 
1.42425 
1.46925 
1.62 126 
1.53294 
1.39626 
1.43559 
1.27431 
1.14534 

1.158 
1.44753 
0.86952 
1.1 2695 
1.27158 
1.43334 
1.13727 
1.28595 
1.27863 
1.47174 I 
1.41 009 i 
1.50213 
1.32705 
1.24656 
1.38981 
1.40769 
1.36182 
1.45791 
1.18266 
1.19025 
1.26933 
1.30791 
1.45482 



APPENDIX II 

Diagnosis for the assumption of normality for each data sets. 

(A) QQ Plots 
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Q -Q Plot for Resld 
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Figure S. QQ plot for a ll of data sets 
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(8) 

Table 9. The Shapirio Wilks test for the assumption ofnonnal ity for each data set. 

Data Test Statistics P-Value 
BW99RVTII4 Shapiro-Wilk 0.983667 0.4011 

BW99RVTII5 Shapiro-Wilk 0.987121 0 . 6064 

BW99RVTII6 Shapiro-Wilk 0.988063 0.6688 

DW99RVTIIl Shapiro-Wilk 0.971242 0.0817 
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APPENDIX III. 
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Figure 6. Spatial distri bution of the data sets considered in thi s study 
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APPENDIX IV 

Lag Distance 4 .59 
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Figure 7. Distribution of pa ir wise distance for fitted residual s fro m the RCBDi id model for each 

data sets. 
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APPENDIX V 

Table 10. Lag class, Pair count, Average di stance, Semi vari nce for fitted residu als from the 
RCBDiid model for each data sets. 

(a) BW99RVTII4 

Pair 
Semivariance 

Lag Class 
Average 

count distance Robust Classical 
95% Confidence Limits 

S.E. 
LCL UCL 

0 76 1.6 0.00982 0.0104 0.001682 0.0071 0.0l37 

1 588 4.65 0.0l349 0.0l38 0.000807 0.0123 0.0154 

2 912 8.94 0.01298 0.0l38 0.000647 0.0125 0.0151 

3 698 l3 .57 0.0l33 2 0.0l34 0.000718 0.012 0.0148 

4 422 18.27 0.0l397 0.0l37 0.000945 0.0119 0.0156 

5 294 22 .72 0.01 259 0.0146 0.001208 0.01 23 0.017 

6 150 27.24 0.01083 0.0164 0.001897 0.0127 0.0201 

7 20 30.85 0.01672 0.0194 0.006128 0.0074 0.0314 

(b) BW99RVTII 5 

Semivariance 

Lag Class 
Pair Average 

95% Confidence Limits 
count distance Robust Classical S.E. 

LCL UCL 

0 76 1.6 0.0157 0.0159 0.00258 0.Ql08 0.0209 

1 588 4.65 0.0359 0.0365 0.00213 0.03 24 0.0407 

2 912 8.94 0.0288 0.0288 0.00l35 0.0262 0.0315 

3 698 13.57 0.0348 0.0342 0.00183 0.0307 0.0378 

4 422 18.27 0.0328 0.03 14 0.00216 0.0272 0.0356 

5 294 22. 72 0.0424 0.0393 0.00324 0.033 0.0457 

6 150 27.24 0.0449 0.0458 0.00529 0.0354 0.0562 

7 20 30.85 0.0288 0.0321 0.01014 0.012 2 0.0519 

(c) BW99RVTII6 

Semivariance 

Lag Class 
Pair Average 

95% Confid ence Limits 
count distance Robust Class ica l S.E. 

LCL UCL 

0 76 1.6 0.00778 0.00923 0.001497 0.0063 0.0122 

1 588 4.65 0.01075 0.01034 0.000603 0.0092 0.0115 

2 912 8.94 0.01127 0.01119 0.000524 0.0102 0.0122 

3 698 13.57 0.01255 0.01284 0.000687 0.0115 0.0142 
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4 422 

5 294 

6 150 

7 20 

Lag Class 
Pair 

count 

0 72 

1 555 

2 773 

3 624 

4 432 

5 240 

6 134 

7 20 

18.27 0.01229 0.01219 

22.72 0.01252 0.01186 

27.24 0.01324 0.01254 

30.85 0.D1005 0.01043 

Cd) DW99RVTlI I 

Average 
distance Robust Classical 

1.6 0.0124 0.0148 

4.64 0.0169 0.0174 

8.71 0.0167 0.0178 

12.87 0.0162 0.0186 

17.48 0.0156 0.0183 

21.89 0.0145 0.0171 

25.87 0.0131 0.0167 

29 .29 0.D18 0.0296 
[Ii Uppef class 11I1111s/OI semivallonce. 
(2) Lower class limits/or semivariance. 
[3] Standard error of semivarionce. 
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0.000839 0.0106 0.0138 

0.000978 0.0099 0.0138 

0.001448 0.0097 0.0154 

0.0033 0.004 0.0169 

Semivariance 

5.E.' 
95% Confidence Limits 

LCL' UCL' 

0.002473 0.01 0.0197 

0.001047 0.0154 0.0195 

0.000904 0.016 0.0195 

0.001051 0.0165 0.0206 

0.001242 0.0158 0.0207 

0.001563 0.0141 0.0202 

0.002034 0.0127 0.0206 

0.009346 0.0112 0.0479 



APPENDIX VI 

The SAS codes for spatia l data analys is. 

A. SAS code for RCBD iid model fitti ng and Q-Q plots 

1* RCB Di id model fitt ing----------------------------------------* 1 
PROC MIXED DA T A=; 
C LASS entry rep; 
MODEL trnyldkg = entry rep loutp=expvar; 
RUN; 

I* QQ plot for checking normal ity----------------------------------* 1 
PROC UN IVARIATE DATA=expvar NO RMAL plot; 
VAR Resid ; 
TITLE I 'QQ-PLOT OF RESlOUALS'; 
QQPLOT ResidlNORMAL (L=I MU=EST SIGMA=EST); 
RUN; 

B. SAS code for surface (3D) plot of the residua ls 

PROC G3D DA TA=expvar; 
TITLE 'Su rface Plot of estimated residual'; 
SCA TTER East*No rth=Resid 1 XT ICKNUM=5 YTTCKNUM=5 
GRlO ZMIN=-2 ZMAX=2; 
SYMBO L I V=dot COLOR=red; 
R UN; 

C. SAS code for semivariance estimation and variogram plot 

1* computing lag distance---------------------------------------------------* 1 

PROC VARTOGRAM DATA=expvar OUTDlSTANCE=outd; 
COMPUTE NHC=7 NOVARJOGRAM; 
COORDINAT ES XC=East YC=North; 
VAR Resid; 
RUN ; 

1* computing semi variance and plot of semivariance--------------------*I 

PROC VARIOGRAM DATA=expvar OUTVAR=outv; 
COMPUTE LAGD=4.59 MAXLAG=7 c l ROBUST ATOL=-l5; 
COORDlNATES XC=East YC=North; 
VAR Resid; 
RUN; 

1* plot of semivariance through different direction (teast for isotropy) -------*1 
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PROC VARIOGRAM DATA=expvar OUTVAR=outv ; 
COMPUTE LAGD=4.59 MAXLAG=7 cl ROBUST ATO L=45: 
COORDlNATES XC=East YC=North; 
DIRECTIONS 60, 45 , 120; 
VAR Res id ; 
RUN; 

D. SAS code for fitting spatia l mode ls 

I'Fi tting a without block effect no nugget exponential model *1; 
PROC MIXED METHOD =REML; 
CLASS entry; 
MODEL tyld = entry Iddfm=kr outp=predicted s ; 
REPEATED/SUBJECT= INTERCEPT; 
TY PE =SP(exp) (east north) ; 
RUN; 

1* Fitting a nugget exponential model with block (fixed) effect* l; 
PROC MIXED METHOD = REML; 
CLASS entry rep; 
MODEL ty ld = entry rep/DDFM = KR; 
REPEATED/SUBJECT = INTERCEPT LOCAL TYPE = SP(exp) (east north); 
1* Insert starting parameter values 1'01' PARTIAL SIL L. RANGE and NUGGET 
PARMS (0.045) (3) (0.006); 
RUN; 

1* Fitting a nugget Spherical model with block (fixed) effect*l; 
PROC MIXED METHOD = REML; 
CLASS entry rep; 
MODEL trnyldkg = entry rep/DDFM = KR; 
REPEATED/SUBJECT = INTERCEPT LOCAL TYPE = SP(sph) (east north); 
RUN; 

1* Fitting a nugget Gaussian mode l with block erfect' l; 
PROC MI XED METHOD = REML; 
CLASS entry rep; 
MODEL trnyldkg = entry rep/D DFM = KR; 
REPEATED/SUBJECT = INTERCEPT LOCAL TYPE = SP(gau) (east north); 
RUN; 

1* Fitting a no nugget Gaussian model with block Uixed) effect*l; 
PROC MI XE D METHO D = REML; 
CLASS entry rep; 
MODEL trnyldkg = entry rep/DD FM = KR; 
REPEA TED/SUBJ ECT = INTERCEPT TY PE = SP(gau) (east north) ; 
RUN; 

1* Fitting a no nugget Gaussian model without block etTect*l; 
PROC MIXED METHO D = REML; 
CLASS entry; 
MODEL trnyldkg = entry/ DDFM = KR; 
REPEATED/SUBJECT = INTERCEPT TYPE = SP(gau) (east north); 
RUN; 
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1* Fitling a no nugget Gauss ian model with block (random) e ffect' l; 
PROC MIXED METHOD = REML; 
CLASS entry rep; 
MODEL trnyldkg = entry rep/DDFM = KR; 
Random rep; 
REPEATEDISUBJ ECT = INTERCEPT TYPE = SP(gau) (east north) ; 
RUN; 

E. Computing chi -square p va lue 

DATA p_v_chisquare; 
p_ value =( I-probchi( I I , I )); 
RUN; 
PROC PRINT DATA= p_v_chisquare; 
FORMA T p_ value 10.4; 
RUN; 
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